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Abstract 

Mountainous wetlands provide critical ecosystem services, but their sustainability is increasingly 

threatened by climate change impacts on river flow, runoff regimes, and landscape dynamics. The 

main objective of this thesis is to investigate how wetland hydrology and land cover in two 

mountainous regions, the Upper Columbia floodplain in British Columbia and the Eastern Slopes of 

Alberta (ES), are changing over time and how they could react under future climate scenarios. The 

specific aims of this thesis are to: 1) Evaluate historical and projected changes in wetland land cover 

and hydrology in the Upper Columbia River floodplain (1984–2040); 2) Apply and expand these 

methods to the ES (1984–2023); 3) Quantify open water evaporation relative to forest ecosystem 

evapotranspiration volumes, and assess seasonal variations between the snowmelt- and rainfall-

dominated periods.  

Results on Objective 1 indicate that from 1984 to 2022 the Upper Columbia floodplain has 

already undergone significant hydrological and ecological changes. Peak river discharge now 

occurs eleven days earlier and with shorter duration, so generating greater peak flows over a shorter 

period. These shifts have matched a drying trend in wetland habitats and a transition to woody and 

shrubby vegetation. Under both RCP 4.5 and RCP 8.5, projected data (2020s–2040s) show a 

continuous reduction in late-summer open water areas; the seasonal peak shifts earlier into spring 

(April to mid-May). Applying a similar analytical approach to the ES in Objective 2 revealed both 

parallel and contrasting trends. In the snowmelt-dominated period (late May to mid-July), subalpine 

(≤2300 m) and alpine (>2300 m) regions experienced increases in open water, non-woody, and 

woody/shrub vegetation while barren land decreased. On the other hand, the rainfall-dominated 

period (late July to mid-September) revealed a decline in open water area and an increase in barren 

land, so suggesting possible seasonal water constraints and vegetation changes. For Objective 3, the 

estimated proportion (P%) of open water evaporation in relation to volumes of forest ecosystem 

evapotranspiration. Historically, P% was 2.4% during the snowmelt-dominated period and 2.1% 

during the rainfall-dominated period. Especially in earlier stages of the hydrologic year, these trends 

indicate rising contributions of surface water bodies to total evapotranspiration. The consequences 

comprise changed water availability, habitat changes, and the long-term viability of wetland 

ecosystem services. The noted seasonality of hydrological changes and acceleration highlights the 

need for adaptive water management and conservation strategies considering local and regional 

dynamics.  
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since 2020, and the percentage of change compared to each individual land cover since 2020, and the UCRW 

area (188 km2) 
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area (188 km2) 
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Fig. 4.9. Sankey diagram depicting the land cover change from 1984 to 2023 during the snowmelt- (a) and 

rainfall-dominated period (b). The Sankey also presents the percentage of change normalized by the sub-
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Chapter 1: Remote Sensing as a Tool to Assess Trends and Changes in Temperate Montane 

Wetlands: A Review 

 
Abstract 

 

Montane wetlands are undergoing change; however, their remote locations and limited field 

observations, particularly in smaller or emerging areas (like high-elevation benchlands), have 

hindered comprehensive monitoring. While remotely sensed data offers extensive historical datasets 

dating back to the 1980s, such as the Landsat archive, a challenge arises due to the inability to 

accurately resolve wetlands and transitional areas at this spatial resolution of 30 meters, leading to 

uncertainty about the changes that have occurred. On the other hand, while higher spatial resolution 

imagery, such as Sentinel-2, is great, it lacks long time frames. To effectively quantify long-term 

(multi-decadal) and seasonal dynamics, systematic observations at higher spatial (e.g., <30 m) and 

temporal (e.g., weekly to monthly) resolutions are essential over a minimum period of 10–20 years 

to differentiate trends from natural variability. This study reviews the use of remote sensing (RS) to 

assess trends and change in the extents of temperate montane wetlands, with an emphasis on the 

Canadian Cordilleran contexts of Alberta and British Columbia. The tools, such as active and 

passive remote sensing sensors, along with techniques including field-based methods and both 

supervised and unsupervised algorithms, utilised in studies of montane wetlands are reviewed. For 

regional or large-area assessments, Landsat 5 and 8 are the most cost-effective tool to evaluate 

trends and changes, due to consistent and continuous data collection. Although the maximum 

likelihood algorithm has been the commonly used image landcover classifier, RS indices are 

frequently employed for change detection. This region has also been impacted by rapid 

transformation, as the continuous increase of air temperature normals accelerates the melting of 

snowpack, glaciers, permafrost, and rocky glaciers, changing stream and river discharge, potentially 

increasing evapotranspiration rates. This reduces late-summer moisture reserves, prolonging dry 

spells and increasing the likelihood of drought.. Overall, this review identifies a) technologies and 

methods for quantifying changes in wetlands using remotely sensed data and b) the changes in 

wetlands that have occurred in this region as observed using remotely sensed data. 

Keywords: Mountain Wetlands; Drought Vulnerability; Hydrological Trends; Land Cover Change; Climate 

Change  
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1.1 Introduction  

Wetlands are dynamic ecosystems characterized by saturated soils, standing water, and 

unique vegetation adapted to aquic conditions. According to the National Wetlands Working Group 

(1997) wetlands are generally separated into open water wetlands (shallow ponds or lakes with 

submerged vegetation), swamps (forested wetlands dominated by trees or shrubs), bogs (rain-fed, 

acidic peatlands with sphagnum moss), and fens (groundwater-fed, mineral-rich peatlands 

supporting sedges and grasses). Often separated, marshes are herbaceous wetlands with emergent 

plants including cattails (Keddy, 2010). From carbon sequestration (Hrach et al., 2021) to flood 

control (Westbrook et al., 2010), these ecosystems offer vital services; however, their structure and 

purpose change greatly depending on geography, hydrology, and temperature (Gorham, 1991). 

In the Canadian Cordillera, temperate montane wetlands are unique in their elevation-

dependent hydrology and biodiversity. Unlike lowland wetlands, they mostly depend on snowmelt 

and groundwater discharge, producing patchy, small-scale systems including alpine marshes 

(seasonally inundated meadows) and benchland fens (peatlands on terraced slopes). Temperate 

montane headwater wetlands influence downstream eco-hydrology (Chatterjee et al., 2010) by 

storing water during wet periods and often maintaining downstream runoff during dry periods 

(Brinson and Malvárez, 2002). However, these wetlands are particularly vulnerable to climate 

change, as warming temperatures alter snowpack duration and precipitation patterns, threatening 

specialist species like the endangered Whitebark Pine (Pinus albicaulis) that depend on these 

habitats (Stewart et al., 2020). As ecosystems (i.e., integrated communities of organisms interacting 

with their physical environment) montane wetlands support food webs spanning aquatic insects to 

grizzly bears (Ursus arctos), underscoring their role as biodiversity hotspots in mountainous regions 

(Russell and Bauer, 2000; Hood and Bayley, 2009; Díaz et al., 2014; Cooper et al., 2017).  

The Canadian Cordilleran region of Alberta and British Columbia (BC) is undergoing 

landcover changes due to climate change (Schnorbus et al., 2012; Trant et al., 2020). While 

deglaciation and treeline expansion are known and expected changes (MacDonald et al., 1993; 

Hopkinson and Young, 1998; Rhemtulla et al., 2002; Stockdale et al., 2015; McCaffrey and 

Hopkinson, 2020a), impacts to wetlands are less obvious or well understood. There is a need to 

evaluate the spatial and temporal patterns and trends associated with wetland loss, expansion, or 

genesis in these environments. Montane and alpine wetlands are primarily nourished by local 

groundwater resurgence, snowmelt, and rainfall, but unlike valley floodplain wetlands, they lack 

https://link.springer.com/article/10.1007/s13157-021-01470-1#ref-CR18
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cumulative water inputs from large upslope areas (Carlson et al., 2020). Their hydrology is 

characterized by high spatiotemporal variability, as they often depend on limited upstream 

contributions (e.g., a single snowfield or hillslope seep) (Hayashi, 2020). In contrast, valley 

wetlands integrate water from entire watersheds, buffering them against local variability (Lee et al., 

2015). However, climate change is expected to alter water supply magnitudes and timing, which 

will impact the frequency of drought (e.g. Kienzle, 2006) in montane and alpine regions, as a 

consequence of changing precipitation trends (Musselman et al., 2018), timing of snow and glacial 

melt (Milner et al., 2017), as well as warming and evapotranspiration (Helbig et al., 2020).  

Wetland changes can be evaluated using repeat field assessments (Zhang et al., 2018a; 

Gibson et al., 2022), though the effort can be costly and labor-intensive, and limits the number of 

possible site visits. Remote wetlands, where access limits measurements over the whole spectrum of 

ecological variability, aggravate these difficulties. Furthermore, the need for repeat visits depends 

on the research goals since some studies (e.g., baseline inventories) may need only a single 

assessment while others (e.g., hydrological trend analyses) demand longitudinal data. Moreover, 

wetland changes sometimes develop gradually over decades, a timescale that usually surpasses the 

length of funding cycles, which makes continuous monitoring challenging. For instance, Zhang et 

al. (2018a) collected 120 soil samples from the Karuola Glacier wetlands over several seasons on 

the Qinghai-Tibetan Plateau (China) and then used X-ray fluorescence spectrometry to look at 

metals including cadmium and lead. Comparing samples from grazing paths, tourist sites, and 

unspoiled areas, the authors evaluated the effect of human activity on metal concentrations and 

found trailside soils with lead levels three times higher than those in undisturbed areas. Gibson et al. 

(2022), in the Oil Sands Region (Athabasca, Canada), used isotopic "fingerprints" to separate 

industrial impacts from natural water balance fluctuations by methodical water sampling of 67 

wetlands. Their results highlighted a notable change in hydrology as oil sands wetlands held 40% 

less water than undisturbed sites.  

On the other hand, RS approaches are well-suited to assessing wetland changes (e.g., 

vegetation- and/or water-extent dynamics) over time. For example, the Landsat program has been 

collecting data since the MSS era (1972–1992) through TM/ETM+ (1982–2022) and into the 

current OLI sensors (2013-present), providing a continuous sequence of satellite images that can 

span over 40 years (Senay et al. 2017) and even longer using ground or airborne photography (Luo 

et al., 2019). Field measurements and RS techniques can be integrated to quantify and better 
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understand wetland changes across spatial and temporal scales (Dahl, 2006). The integration of 

these methods results in essential baseline data that informs a variety of applications, ranging from 

monitoring hydrological changes to aiding in habitat conservation and restoration efforts. 

The primary objective of this review is to evaluate the use of remote sensing (RS) -based 

assessment of temperate montane wetland changes in the Canadian Cordillera, to support climate 

change impact assessment, regional planning, and resource management. Additionally, to 

demonstrate how this region has been threatened through time, along with the primary causes and 

effects.  The main objective of this review is to describe the use of RS for understanding wetland 

change in the Canadian Rockies. To do this, the review is structured as follows: (1) defining the 

study area (section 1.2), (2) cataloguing wetland mapping methods (section 1.3), (3) evaluating RS 

change-detection techniques (section 1.4), and (4) describing montane wetland trajectories in the 

Canadian Cordillera (section 1.5). This review will guide selecting appropriate RS methodologies 

for monitoring mountainous wetland dynamics, using global examples to contextualize Canadian 

findings. 

1.2 Temperate Montane Wetland in Canada 

Temperate montane wetlands remain less affected by anthropogenic impacts compared to 

those in lowlands/valleys, where land development, and water withdrawals have caused wetland 

losses over the past two centuries (Dahl, 1990). Therefore, temperate montane wetlands are an 

important indicator landcover for identifying climate change-induced hydrological process 

dynamics over time (Lee et al., 2015). 

In Canada, temperate montane wetlands are located in the Montane Cordillera Ecozone, 

which is located in an area of approximately 470,000 km² between central British Columbia and 

western Alberta (Figure 1.1) where montane wetlands cover approximately 8,200 km² or almost 2% 

of the land area (Environment and Climate Change Canada, 2016). Despite the small relative area, 

these wetland landcovers provide essential hydro-ecological functions to proximal and downstream 

ecosystems as well as transient animal communities, among other services. 

 

https://en.wikipedia.org/wiki/British_Columbia
https://en.wikipedia.org/wiki/Alberta
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Fig. 1.1. Extent of the Montane Cordillera Ecozone in Canada.  

 

The impact of climate change in these regions will lead to increasing air temperatures, 

more rapid snow- and glacier-melt which further altering stream and river flow, lake levels and 

open water areas, decreasing water availability in late summer through increased evapotranspiration 

(i.e., combination of evaporation from soil, water bodies, and transpiration through plant stoma 

during photosynthesis), which further increases the potential for drought (Johnson et al., 2005; 

Kienzle, 2006). In this region, drought appears as extended periods of soil moisture shortages that 

prevent wetland functionality, characterized by significant drops in the water table (over 30 cm) and 

vegetation stress persisting for 60 days or more (Bonsal and Regier, 2007). Montane wetlands face 

significant vulnerability, with reduced snowmelt and increased evaporation potentially leading to a 

15–40% reduction in wetland area during dry spells (Schindler and Donahue, 2006). This decline 

poses a threat to species such as the harlequin duck (Histrionicus histrionicus), which relies on 

these essential habitats. 

Research has been conducted in the Canadian Rock mountains (Luckman, 1990; Luckman 

and Kavanagh, 2000; Trant et al., 2020; Danby and Hik, 2007) as well as over worldwide temperate 
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mountain wetlands (Fassnacht et al., 2018; Leppi et al., 2011; Pederson et al., 2010; Valeo et al., 

2007) to assess how local meteorological shifts and land use change have affected these 

ecosystems. The Canadian Rockies have been an indicator of environmental shifts, as per Luckman 

(1990), which used field photographic and observations comparisons to assess mountain land cover 

change, by capturing glacial retreat and shifts in vegetation that servers as indicators of climate 

change. Building on this method, Luckman and Kavanagh (2000) combined dendrochronological 

analysis with geomorphological assessments to show how past climate changes have left tangible 

marks on both the physical environment and living communities. Recent studies by Trant et al. 

(2020) utilized historical photographs, and vegetation surveys to measure the rate of ecosystem 

change over a century. In addition, Danby and Hik (2007) used spatial analysis of tree 

establishment patterns alongside microclimate monitoring to explore site-specific elements 

influencing treeline dynamics. 

Worldwide, Kandel and Acharya (2024) used remote sensing and geographic information 

system techniques to identify changes in land cover in the Rara Wetland of Nepal. Sun et al. (2020) 

examined satellite imagery and climate records from the Qinghai–Tibetan Plateau to investigate 

how alpine wetland productivity reacts to air temperature. Their findings revealed that vegetation 

indices are more influenced by thermal variations than by changes in precipitation. In the southern 

Appalachian region, Zhou et al. (2016) utilized vegetation indices obtained from remotely sensed 

imagery to assess net primary productivity in montane wetlands, providing essential data for 

ecological forecasting. In North Africa, Zerai and Mahdavi (2024) combined satellite imagery, field 

surveys, and hydrological modelling to examine the impacts of drought on the Ichkeul Lake–Bizerte 

Lagoon system. Andrade et al. (2020) explored spectral vegetation indices to observe the dynamics 

of high-altitude wetlands in the North Andes, enabling more focused ecological monitoring. 

Together, these studies highlight the crucial importance fieldwork and remote sensing technologies 

to assess mountain wetlands around the world as they adapt to shifting climatic conditions. 

 

1.3 Methods for Wetland Identification 

1.3.1 Linking Fieldwork to Remote Sensing Methods 

In environmental monitoring, fieldwork fulfills three main purposes, such as, baseline 

ecological data collecting (e.g., species richness, biodiversity metrics), validation of remote sensing 

observations, and hydrological and ecological model calibration (Munge et al., 2017). Although 
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fundamental, field campaigns have natural scaling difficulties when combined with moderate-

resolution satellite data (e.g., Landsat, Sentinel-2, MODIS). Strong upscaling techniques are 

necessary to guarantee accurate sensor calibration and validation in the spatial mismatch between 

point-based ground measurements (usually <1 m²) and pixel sizes (900 m2 for MODIS, 100 m2 for 

Sentinel). In heterogeneous montane wetlands, where microtopographic changes affect ecological 

conditions at sub-pixel levels, this scaling problem is especially severe. 

Effective wetland evaluation in the Canadian Cordillera begins with accurate observation 

and land cover classification of these dynamic regions. Supporting remote sensing applications 

depends on field validation, which generates ground-truth data enhancing the accuracy of 

assessments of vegetation structure, hydroperiod detection, and land cover classification. For 

instance, to create a comprehensive 10-m resolution wetland inventory for Canada, the Canadian 

Wetland Inventory Map Version 3A combined environmental features and in situ validation with 

multi-source imagery, including Sentinel-1, Sentinel-2, and ALOS PALSAR-2 (Pouliot et al., 

2023). However, it is essential to understand the temporal dynamics of wetland inundation. Using 

Sentinel-1 SAR coherence data between 2017 and 2020, Amani et al. (2022) observed in Alberta 

that most wetlands were flooded less than 50% of the time. Furthermore, tools such as Lidar have 

enhanced the ability to conduct fine-scale, three-dimensional mapping of wetland vegetation, which 

complements multispectral satellite data and aids in the quantification of vegetation structure and 

phenology (White et al., 2013). 

Tracking changes in wetlands across time calls for a combination of satellite archives, in 

situ observations, and aerial historical images. Examining four decades of Landsat images (1984–

2020) in Alberta, Amani et al. (2021) found notable land cover changes connected to human 

activity and climate, so indicating trends in wetland extent. Moreover, emerging technologies such 

as hyperspectral remote sensing offer new opportunities to monitor wetland biogeochemistry. Fraser 

et al. (2014) for example showed that in wetland environments, hyperspectral data, when calibrated 

with in situ measurements, can reasonably estimate parameters including chlorophyll content and 

plant stress.  

Remotely piloted airborne system (RPAS coupled with multispectral, hyperspectral, lidar, 

and thermal sensors) are an alternative to validate land cover classification as it may be deployed on 

an 'as needed' basis beneath cloud cover. The main advantages of RPAS are the changeable spatial 

and radiometric resolutions (i.e., as the camera/sensor can be changed between multispectral, 
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thermal, lidar or hyperspectral, based on the needs of the survey), independent data acquisition (i.e. 

the images can be gathered based on user availability and favourable weather conditions, 

particularly on days with clear skies and lower wind speed), and easily deployable and user-friendly 

(i.e., the software to operate RPAS and process the data tend to be intuitive and user-friendly). 

Holden et al. (2020) used a combination of geolocated photos and RPAS imagery to assign training 

and validation pixels for a land cover classification using Sentinel-2 imagery. Overall, combining 

these complementary data sources, historical, satellite, and field-based, scientists and managers can 

develop a multidimensional knowledge of wetland function, so enabling more efficient conservation 

and adaptive management in the face of continuous environmental change. 

 

1.3.2 Multispectral image classification for montane wetlands 

Classification methods are crucial for identifying land cover types; moreover, they can 

reveal changes over time on a long-term basis. There are two methods for land cover algorithms, 

unsupervised and supervised. Unsupervised classifications are unguided by any reference 

information, so the classification is performed by analysis of data features (i.e., digital number of 

the pixel) by software (e.g., ArcGIS, ENVI, etc.) (Ozesmi and Bauer, 2002). This type of 

classification is ideal to be used where no validation (or little) data are available (Montgomery et 

al., 2021). They are easy to perform, and their computational requirements are linearly proportional 

with the number of objects to be classified (Garcia-Dias et al., 2018). The main disadvantage of this 

kind of classification is that the user needs to choose the number of land cover classes before the 

application, therefore, a knowledge of the study area is required before the classifier running.  

There are three main unsupervised classification methods used for imagery analysis: Iso-

clustering, K-Means, and Fuzzy K-Means. The Iso-clustering algorithm is an iterative process 

where every cell is assigned to the closest of these means. New means are recalculated for each 

cluster based on the attribute distances of the cells that belong to the cluster after the first iteration. 

The user can specify the number of iterations of the process. When increasing the number of 

clusters, the number of iterations should also increase (Richards, 2008). Using a minimum distance 

technique, K-Means unsupervised classification iteratively clusters the pixels into the closest class 

by calculating starting class means evenly dispersed throughout the data space. Every iteration 

updates the class means and reclassifies the pixels in accordance with the updated means. Unless a 

standard deviation or distance limitation is given, all pixels are assigned to the closest class; 
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otherwise, some pixels may be unclassified if they do not fulfil the chosen criterion. This method 

continues until either the maximum number of iterations is reached or the number of pixels in each 

class change by less than the chosen pixel change threshold (Tou and Gonzalez, 1974). K-Means 

can effectively detect abrupt shifts, such as the formation of new water bodies, even in the absence 

of prior labels (Pekel et al., 2016). However, it faces challenges when dealing with mixed pixels in 

diverse landscapes (Tiner et al., 2016). Fuzzy K-Means is the same algorithm as K-means, the only 

difference is, instead of assigning a point exclusively to only one cluster, it can have some sort of 

fuzziness or overlap between two or more clusters. 

Even though unsupervised classifiers may not be the more accurate approach for land 

cover classification, it has been successfully applied for wetland land cover, as performed by 

Whitfield et al., (2020), which characterized hydrological and landscape changes (e.g., vegetation, 

water, and snow extent) in mountains and prairies of the Western Canada using Landsat series 

images using K-Means from 1985 to 2010. The Fuzzy K-means and K-Means classifier were also 

used to create a national river classification (Dallaire et al., 2019) and 23-class land cover of the 

forested area of Canada (Wulder et al., 2008), respectively, using the Landsat 7. 

The land cover change would be the next step after the image classification, in fact Dong 

and Chen, (2021) assessed the vegetation changes in the Hailar River wetlands (China) between 

1987 and 2019 using the Landsat 5 (using images from 1987, 2001, and 2010) and 8 (using images 

from 2019) imagery using the Iso-clustering algorithm. A direct comparison of land cover class 

areas, such as marsh versus woody/shrub encroachment, over the 32-year gap revealed specific 

types of change, including a 23% shift from marshes to woody/shrub Pertiwi et al. (2021) 

investigated the spring flood processes in the Lena Delta, Eastern Siberia. The authors combined 

Iso-clustering method to separate the land cover classes and to create the training input for the 

Random Forest classifier. The model accuracy assessed by comparing the multi-temporal satellite 

data (TerraSAR-X/TanDEM-X, RapidEye, and Landsat 8) with modeled flood areas resulting in a 

high kappa coefficients (0.78-0.97). Nonetheless, their methodology presents significant concerns; 

in particular, using an unsupervised method to create training data for a supervised classifier could 

lead to increased uncertainties. When these unsupervised classification outputs are utilized as 

reference datasets for training and validation in a Random Forest model, any initial 

misclassification may carry through the supervised land cover classification process, potentially 

distorting the final land cover maps. This method could still achieve high overall accuracy because 
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of class dominance or restricted validation areas; however, it may undermine confidence in minority 

classes or more fleeting features. To address these issues, it is advisable to validate unsupervised 

land cover classification results with field data or expert interpretation prior to incorporating them 

into supervised training workflows. 

Supervised classification approaches require a reference or ‘training’ dataset, that is 

selected/identified by the user to represent a physical landscape feature of interest for the 

classification (e.g., water, vegetation, or soil extent). The Maximum Likelihood, Support vector 

machine, Decision tree, and Random Forest are the most reliable supervised algorithms for imagery 

classification. 

The Maximum Likelihood classifier calculates the mean and variance for each class by 

calculating the interested region's statistics, and then establishes a classification function. To 

produce the classification, each pixel in the image is categorised and then substituted into the 

classification function of each class (Myung, 2003). This algorithm has widely been used in wetland 

classification, as demonstrated by Teferi et al., (2010), which quantified the wetland loss in the 

Choke Mountain range, headwater region of the river Nile. Landsat 5 and 7 were used and the 

Maximum Likelihood classifier was employed for land cover classification. The results showed that 

607 km2 of seasonal wetland with low moisture and 22.4 km2 of open water are lost in the study 

area during the period 1986 to 2005. 

The Support vector machine (SVM) can also be another reliable method for wetland 

delineation, as it is based on statistical learning frameworks proposed by Cortes and Vapnik, 

(1995). A binary linear classifier that allocates new instances to one class or the other is created by 

the SVM training method. In order to maximise the distance between the two classes, the SVM 

maps training examples to points in space. Then, based on which side of the gap they fall, new 

samples are projected into that same area and predicted to belong to a category. For example, Hung 

et al. (2020) classified land cover based on WorldView-2 imagery using SVM in the High Arctic 

territory of Nunavut (Canada), resulting in a Kappa coefficient of 0.89. Using multispectral imagery 

and lidar, Pittman and Hu (2023) classified forest species in the boreal forests of Northern Ontario, 

Canada, using SVM classifiers. With a Kappa coefficient of 0.69 this method produced a modest 

degree of classification accuracy in the complex forested environment. Through the use of SVM 

with SPOT-5 imagery, Ullah et al. (2017) classified land cover in the Hindu Kush Mountain Ranges 

of Northern Pakistan. With a Kappa coefficient of 0.86, the study revealed strong classification 
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accuracy on steep and difficult terrain. Employing Sentinel-2 images, Amin et al. (2024) classified 

land cover in the complex mountainous terrain by means of SVM in the Himalayas (Pakistan part). 

The study turned up an average Kappa coefficient of 0.65. Han et al., (2017) investigated the 

floodplain change in China using the SVM method from 1995-2015 by Landsat 5 and 8. The Kappa 

coefficient reached 0.94, based on field sample points.  

Depending on the region and training data, the most accurate supervised classifier is 

probably Random Forest, an ensemble learning technique for categorising images that works by 

building a large number of decision trees during training (Breiman, 2001). The Random Forest 

output is the class that the majority of the trees choose, and it also tends to rectify the overfitting of 

the training set. Although overfitting is a regular problem in machine learning, Random Forest is 

especially made to more successfully solve this problem than single decision trees (Breiman, 2001). 

By averaging predictions (in regression) or gathering majority votes (in classification), the 

ensemble character of random forest, where many trees are built using bootstrapped subsets of both 

the data and feature space, helps lower variance and avoid overfitting (Breiman, 2001). 

Furthermore, Random Forest lowers correlation between trees by choosing at random a subset of 

features at every node split, so lowering the chance of generally fitting noise in the data. 

Furthermore, Random Forest exhibits resilience to noisy, multi-temporal satellite data such as 

Landsat and Sentinel-2 (Millard and Richardson, 2015), ensuring high accuracy (>89% overall) for 

wetland classification in Eastern Slopes of Alberta. By improving the management of mixed pixels 

at ecotones (specifically, the boundaries between wetlands and forests), Random Forest reduces 

errors by 12–18% in montane regions when compared to SVM (DeLancey et al., 2019). Random 

Forest was also applied to the forthcoming nSight-2 hyperspectral and the WorldView-2 data for 

wetland plant species differentiation in Verloren Vallei Nature Reserve, South Africa (Gasela et al., 

2022). For this purpose, field spectrometer data (in situ sensing) of various wetland plant species 

were used for validation, resulting with high accuracies of 78-84%. Recent ensemble methods such 

as XGBoost and deep learning approaches like ResUNet are now comparable to RF for specific 

applications, such as mapping small (<0.1 ha) emergent wetlands (Jafarzadeh et al., 2022). Overall, 

the selection of a land cover classification method is determined by the availability of data, as well 

as the specific type of wetland and its hydrological characteristics. In montane wetland regions, 

where hydrology is frequently influenced by Variable Source area and fill-and-spill dynamics 

(Devito et al., 2012), gradual changes in land cover were effectively captured by the Random Forest 
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algorithm and Mann-Kendall trend analysis test. While arctic peatlands might require adjusted 

Mann-Kendall tests, such as the seasonal Kendall test, to account for non-linear changes induced by 

permafrost (Minayeva et al., 2018), coastal wetlands require the use of the Random Forest 

algorithm combined with radar integration to distinguish mangroves from water (Purwanto et al., 

2022). Therefore, integrating multi-sensor data, such as Landsat imagery archives alongside radar 

sensors, with localized hydrological characteristics yields the most reliable insights regarding 

particular types of wetlands. 

Although supervised classifiers tend to perform high classification accuracy, these 

methods, cannot independently cluster data by identifying its features, hence overtraining of the 

decision boundary may result. Unreliable training samples or too big datasets used to build the 

classifier could compromise model accuracy (Ramezan et al., 2021). Furthermore, choosing a 

suitable supervised classification method for big-scale data can provide difficulties since both 

training and classification procedures usually require for significant computational time (Amin et 

al., 2024). Moreover, misclassification might arise in case an input does not match any predefined 

class in the training data (Xu et al., 2024).  

The pixel-based image analysis is constrained by the fact that: image pixels are not real 

geographic objects and the pixel topology is constrained; this method largely disregards some 

aspects of the images, such as texture, context, and shape; and the increased variability implicit in 

high spatial resolution imagery confuses traditional pixel-based classifiers, leading to lower 

classification accuracies (Gao and Mas, 2008). 

Supervised algorithms typically adopt a pixel-based approach for training data, relying 

solely on the spectral information associated with each individual or group of pixels. They are 

usually regions where ground-truth data were collected or is available. This training sample would 

be in the form of an n-dimensional vector, where n was the number of spectral bands in the image 

data. In contrast to pixel-based classification methods that classify individual pixels directly, object-

based classification first aggregates image pixels into spectrally homogenous image objects using 

an image segmentation algorithm and then classifies the individual objects (Liu and Xia, 2010). 

This object-based classification approach was used in the Yellow-River-Source National Park 

aiming to detect wetlands changes (Ma et al., 2022). The authors combined a variety of image 

features (spectrum, geometry, texture, and context) to aggregate the pixels. The wetland area 

demonstrated a decreasing trend, primarily due to the significant decrease in the marsh wetlands. 
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The object-based method, on the other hand, has its own drawbacks: over-segmentation 

and under-segmentation (Möller et al. 2006). Under-segmentation produces image objects that 

cover more than one class, which introduces classification errors because all pixels in each mixed 

image object must be assigned to the same class. Additionally, features extracted from mis-

segmented image objects with over-segmentation or under-segmentation errors do not accurately 

represent the characteristics of real objects on the Earth's surface (Song et al. 2005). 

While traditional object-based methods struggle with segmentation errors, modern neural 

network approaches offer solutions. Using vision transformer architecture, the Segment Anything 

Model (Kirillov et al., 2023) demonstrates potential for wetland mapping through its zero-shot 

generalization; however, its effectiveness on small montane wetlands (<0.5 ha) has yet to be 

evaluated in peer-reviewed research. On the other hand, deep learning approaches, such as U-Net 

(Ronneberger et al., 2015) and DeepLabv3+ (Chen et al., 2018), have been tested in wetlands, and 

the results indicated that these models outperformed traditional machine learning methods (i.e., 

Random Forest and SVM) (Mahdianpari et al., 2018). These approaches require substantial training 

data; furthermore, models developed under particular conditions are unable to generalize across 

varying seasons, sensor types, or geographic locations without further fine-tuning, which impacts 

their usability in different environmental conditions (Ma et al., 2019; Su et al., 2021).Overall, 

wetland classification can be challenging due to there being many associated landcover classes that 

can vary in time (e.g., water, vegetation, and soil extent) over small areas. These characteristics can 

result in spectral confusion or mixing of the targets, requiring RS data with high spatial resolution 

(e.g., Airborne Lidar, RPAS, etc.) for spatially accurate class definitions. 

 

1.4 Wetland Change detection 

1.4.1 Methods for change detection assessment 

To assess and identify such rapid environmental changes (natural, anthropogenic, or event-

based), change detection methods are essential, for example: algebra-based change, transform-based 

change, classification-based change, advanced models, neural network and fuzzy approach.  

In the algebra-based change detection each image pixel is subjected to mathematical operations 

(image differencing, regression, rationing, vegetation/water index differencing, and so on) resulting 

in a different image. The advantages are these techniques are uncomplicated, simple to use, and 

easy to interpret. The disadvantages are in choosing the right threshold to recognise the specific 
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change areas, in addition, the selection of appropriate image bands is difficult. For example, Xiong 

et al. (2012) employed a technique for change detection based on the likelihood ratio obtained from 

the joint Probability Density Function of the synthetic-aperture radar images. The likelihood ratio is 

the comparison of two Synthetic Aperture Radar (SAR) images' joint probability density functions 

(PDFs). The change detection measure's histogram, which is derived from the likelihood ratio, 

contains a single, steep peak that can be utilised to establish the change detection threshold 

accurately and quickly under the assumption that both PDFs follow the gamma distribution. The 

suggested change detection technique is easy to use and efficient at spotting changes, according to 

analyses of SAR image pairs from various platforms.  

The transform-based methods technique, to determine whether the image has altered, the 

pixels of the image are transformed (Asokan and Anitha, 2019), which includes four methods, the 

Principal Component Analysis (PCA), Tasseled Cap Transform (TCT), and the Chi-Square 

Transform. The first, PCA, is a method for analysing multi-dimensional datasets with many 

dimensions or characteristics per observation, improving the interpretability of data while 

maintaining the most information, and enabling the presentation of multidimensional data (Jolliffe 

and Cadima, 2016). Secondly, the TCT is a technique for converting the spectral data from satellite 

measurements into spectral indicators (Kauth and Thomas, 1976). The inversion of the linear 

mixture model is a linear transformation that changes from pixel to pixel based on its placement 

inside the mixing space, whereas the TCT is a single rotation (affine transformation) that is applied 

uniformly to every pixel. As a result, the linear mixture model successfully orthogonalizes the 

substrate and plant fractions, addressing one of the main drawbacks of the TCT in that it cannot 

distinguish between the contributions of the soil and vegetation to mixed reflectance. The last one, 

the chi-squared distribution transform with k degrees of freedom (number of bands) represents the 

distribution of the sum of k independent standard normal random variables (Vázquez-jiménez et al., 

2017). A transform-based change detection technique decomposes the image on many scales using 

the transform technique. The independent component is then split into a separate component of the 

data, which is then converted into a component of the image (Asokan and Anitha, 2019). Then, by 

threshold segmenting change components, a change map is produced. The key benefit is that it 

emphasises different information in derived components while reducing redundancy between bands, 

and the main drawback is that it is unable to obtain precise change information. However, the 

change per pixel can be reconstructed based on the loading patterns (Huang et al., 2009). 
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The landcover classification-based differencing is based on the classification of the image, 

and to provide accurate classification results, although, the quality and amount of the training data 

are crucial. For example, post-classification comparison, spectral–combined temporal analysis, 

unsupervised change detection, ANN, and hybrid change detection. The first one compares 

independently classified images from multiple time periods with changes in land cover maps (Lu et 

al., 2004). Second, spectral-temporal analysis reduces reliance on training data by detecting changes 

without full classification using time-series data (e.g., NDVI trends), depending on consistent 

radiometric calibration (Zhu and Woodcock, 2014). Third, unsupervised change detection finds 

pixel value changes (e.g., image differencing) without reference datasets for training land cover 

classes, so challenging the assignment of meaningful land cover classes to changes (Singh et al., 

1989). Later on, the ANN can replicate detailed spectral patterns but depends on large training 

datasets to prevent overfitting, a significant challenge in heterogeneous mountainous areas (Zhang 

et al., 2018c). Ultimately, hybrid approaches, that is, unsupervised methods to flag changes, then 

classification to identify their land cover class, balance strengths but add complexity (Chen et al., 

2003). All techniques have trade-offs between training data needs and interpretability; for example, 

Rutchey and Vilchek (1994) showed how misclassified pixels in wetland mapping inflated false 

change detection by 20–30%, so highlighting the need for representative training samples, 

particularly in topographically complex areas where spectral mixing is common. The advantage of 

these methods is that they can provide a change information matrix; nevertheless, choosing a high-

quality and sizable collection of training samples for image classification is challenging, and 

overfitting is a possibility. 

In the advanced models approach, the correlation of the image reflectance values is used to 

translate to physically based parameters or fractions using linear or nonlinear models. A linear 

model assumes that parameters are incorporated in a linear manner (e.g., ordinary least squares), 

even when predictors (i.e., independent and dependent variables) have a nonlinear relationship with 

the response. This is evident in Generalized Linear Models, where link functions (e.g., logit) 

introduce nonlinearity while maintaining the linearity of the parameters (McCullagh and Nelder, 

1989). For example, wetland reflectance might have a nonlinear relationship with soil moisture, yet 

a GLM with a logarithmic link maintains linearity in its parameters. Nonlinear models, such as 

neural networks, allow parameters to interact in exponential or multiplicative ways, facilitating 

them capture complex spectral relationships in wetlands that linear models miss (Mahdianpari et al., 
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2018). However, in the absence of sufficient data, nonlinearity can lead to overfitting, which can be 

avoided by using regularization techniques (e.g., ridge regression for nearly linear systems) (James 

et al., 2021). 

For instance, they comprise the biophysical parameter estimation models, the spectral 

mixture models, and the Li–Strahler reflectance models. The biophysical models use a regression 

analysis, which seeks to find the relationship between one or more independent variables (e.g., 

reflectance) and a dependent variable (e.g., fieldwork sample measurements) (Thenkabail et al., 

2011). Though the spectral mixture model is conceptually comparable to the TCT approach, they 

are fundamentally different (Adams, 1995). The Li–Strahler reflectance models emphasizes that the 

Lambertian condition (i.e., when the surface luminance is the same regardless of angle of view) 

may prevail within the pixel, while non-Lambertian signatures will exist at the pixel scale overall 

(Liu et al., 2018). The advanced models methods are easier to comprehend than the spectral 

signature and are capable of extracting vegetation information (Li et al., 1995). However, these 

approaches are time-demanding and difficult process of developing suitable models for conversion 

of image reflectance values to biophysical parameters (Lu et al., 2004). 

On the other hand, it could be interesting to search for subtle/slow changes in the 

distribution of RS data over time when analysing time-ordered observations. For signal change 

testing, the Bayesian analysis (i.e., parametric technique, student t-test) can be used. This method 

entails combining existing prior knowledge with the RS data to create the posterior distribution and 

provide a consistent framework for estimating complicated statistical models in conjunction with 

Markov Chain Monte Carlo techniques (AghaKouchak et al., 2013). The Markov Chain Monte 

Carlo methods offer both point estimates and intervals, which are crucial for observing ecosystems 

that experience slow, subtle, or spatially diverse changes, thereby encompassing the entire spectrum 

of possible changes (Denison, 2002). However, Bayesian methods depend on distributional 

assumptions, e.g., normality, that might not always hold for RS data, particularly in non-Gaussian 

or noisy environments (e.g., mountainous terrain with shadow effects) (Zhao et al., 2019). When 

parametric assumptions are violated, non-parametric can be used, such as bootstrapping or 

permutation tests (Lunetta et al., 2006).  

A non-parametric method known as the Wilcoxon signed-rank test is used to compare two 

related samples, in this case remote sensing data on land cover, or to perform a paired difference 

test using repeated measurements on a single sample to determine whether the two samples differ 
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(Scheff, 2016). This test's main drawback is that it can only identify a single change point, in 

contrast to the non-parametric Sequential Mann-Kendall test (Kendall, 1975; Mann, 1945), which is 

particularly useful for Sequential Step Change Analysis. The Mann-Kendall test works for all 

distributions and identifies a trend in a series for three hypotheses: no trend, positive trend, negative 

trend. 

The Mann-Kendall method is a robust methodology for monotonic and continuous/gradual 

trends and have been used to assess mountain wetlands area trends (Zhang et al., 2018b; Zimba et 

al., 2018; Msofe et al., 2019; Luo et al., 2020). However, it misses short-term disturbances like 

hydrological droughts (Arra et al., 2024). For short-term trends, the change/breakpoint analysis 

(Killick et al., 2012) should be considered, as it allows observation of episodic changes that deviate 

from the normal pattern, as it depicts the approximate time and the number/amount of change 

(Killick et al., 2010). This technique has been applied to examine changes in Canadian Taiga Plains 

ecozone using Airborne Lidar (Chasmer and Hopkinson, 2016a) and Landsat data (Chasmer et al., 

2016b) in boreal wetlands while other studies, for example Chasmer et al. (2018) used the change 

point analysis to determine anomalies or disturbances in vegetation pixel time series (Landsat 5 

imagery using the Modified Soil Adjusted Vegetation Index.  

In addition, some work has been done combining both trend and change methods in 

temperate mountain wetlands worldwide, as showed by Feizizadeh et al. (2021), which utilized 

machine learning algorithms (e.g., Support Vector Machine, Random Forest, and Classification and 

Regression Tree) on the Google Earth Engine (using Landsat satellite image time series 2000 – 

2020) for land use mapping and trend detection analysis (Mann-Kendall test) in the Urmia Lake 

Basin, Northern Iran. The authors found a reduction of water area by 2% and an increase in the area 

of vegetation by about 10%. Negative water surface trends were also observed in the Mongolian 

Plateau, with a disappearance of 208 lakes from 1976 to 2013, which were evaluated by Zhang et al. 

(2016) using Landsat 5, 7, and 8 imagery. In contrast, the authors discovered a counterintuitive 

trend in the nearby Tibetan Plateau, with 99 new lakes and lake expansion. The Yellow River's 

headwaters of Tibet also experienced an increase in surface water area (3.4 km2 from 1986 to 2019), 

which was associated with a rise in precipitation and permafrost thaw, followed by the building of 

hydropower reservoirs near the river's outlet. This finding was made through Luo et al. (2020) using 

the Google Earth Engine (Landsat TM/ETM+/OLI, Sentinel-2A, and MODIS) based on automatic 

extraction of the Normalized Difference Water Index (NDWI) and the Modified Normalized 

https://www.sciencedirect.com/science/article/pii/S0022169421005205#b0230
https://www.sciencedirect.com/science/article/pii/S0022169421005205#b0285
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Difference Water Index (MNDWI). 

The Landsat time series are the most frequently used remote sensing data to assess changes 

and trends in wetland area variations. The combination of trend and change methods may be the 

best practice to assess the wetlands disturbance over time. The Mann-Kendall trend test has been 

widely used and might be the most popular and effective approach for trend analysis when wetland 

time series are monotonic and continuous, for other types, the change point analysis should be used. 

1.4.2 Applications of the change detection methods 

The identification and mapping of temperate montane wetland change started in the 1940s, 

using aerial photography. This approach identifies distinct topographic and vegetation patterns 

characteristic of wetlands through the stereoscopic analysis of overlapping aerial images, such as 

organic soil textures, hydrophilic vegetation, and surface water signatures. Analysts define wetland 

boundaries by recognizing visual indicators in time-series photographs, which allows for the 

monitoring of area changes, hydroperiod variations, and shifts in vegetation succession (Tiner, 

2016). For example, Carli and Bayley (2015) used air photos to observe changes from the 1940s to 

2004 over the Columbia Wetlands, BC Canada. They found that open water increased by 77% 

while there was a decrease of marsh (14.5%) and shrub (40%) vegetation extent. The shadow cast 

by the mountains on the landscape, which can reduce the amount of light needed for quality 

photography, is one of the key limitations of aerial photogrammetry in mountainous environments. 

Wulder et al. (2018) assessed wetland land-cover change across Canada using the Landsat 

multispectral image archive (33 years). The overall accuracy of the supervised classification was 

71%, and they found the extent of wetlands was stable. In the montane regions of Alberta, Canada, 

Hilker et al. (2009) introduced a Tasseled Cap transformations of both MODIS and Landsat 

TM/ETM data, demonstrating that land cover (e.g., woody forest; wetlands, barren, and water) 

change could be mapped with high accuracy (93%). In the temperate montane wetlands of Canada, 

Lee (2011) applied a Maximum likelihood classification to Landsat data (1976 – 2008) to quantify a 

4.8% loss of wetland cover due primarily to commercial forestry. In the Montane Cordillera 

Ecozones of Western Canada, Ireland and Petropoulos (2015) applied a Decision-Tree classification 

to the Landsat series from 2003 to 2011 to show that 60% of vegetation was in a state of recovery 

from previous wildfires. Other sources of multispectral image data were also used to detect change 

in montane wetlands worldwide, such as, Sentinel 2 in France (Carlson et al., 2020) and Italy 

(Praticò et al., 2021), Worldview series in Czech Republic (Stych et al., 2019) and China (Deng et 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/cordillera
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/ecozone
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/landsat


44  

al., 2014), Rapid Eye in Austria (Polychronaki et al., 2020) and Tanzania (Thonfeld et al., 2020), 

etc. 

Hyperspectral sensors can be used to classify and observe change in temperate montane 

wetlands around the world (Cristóbal et al., 2021; Marcinkowska-Ochtyra et al., 2018; Tong et al., 

2013) but has not been implemented over Canadian temperate montane wetlands. This type of 

sensor may collect hundreds of spectral bands across a broad spectral range, but wetlands can be 

spatially heterogeneous, having water-vegetation-soil in close proximity, which can produce 

spectrally mixed pixels. In the context of spectral mixing, wetlands show spatial heterogeneity, 

producing mixed pixels with vegetation (~700 nm NDVI peak), water (characterized by the 810 nm 

reflectance minimum), and organic soils (which show a spectral signature between 500-1800 nm) 

all within individual pixels (Dalponte et al., 2012). Another factor relates to the data time limit 

since, despite the proven success of sensors such AVIRIS-NG (5 m spatial resolution) in montane 

wetlands of Alaskan regions, there have been no systematic airborne or spaceborne hyperspectral 

campaigns covering Canadian montane wetlands (Miller et al., 2024). 

SAR is another method for mapping wetland change. SAR was the first active sensor used 

for terrain imaging in 1951, and it has since been utilised to map wetlands, among other land cover 

types (Brisco et al., 2011; White et al., 2015). SAR's all-weather, day/night imaging capability is 

essential for consistent monitoring of cloudy montane regions like the Canadian Rockies where 

optical data often fails (Darychuk et al., 2023). Particularly useful in hydrologic applications, the 

sensitivity of the SAR in evaluating water and vegetation structure (such as detecting open water 

through low backscatter and flooded forests via double-bounce effects) enables it to be longer 

wavelengths (L-/P-band) enhance its value further by penetrating forest canopies to map subsurface 

water in peatlands and soil moisture (Kasischke et al., 2009). SAR has been assessed for temperate 

montane wetland monitoring in Canada (Hopkinson et al., 2020; Wulder et al., 2018; Mahdianpari 

et al., 2020a,b) and other areas worldwide (Attarchi and Gloaguen, 2014; Reschke et al., 2012; 

Endo et al., 2020) demonstrating the utility of SAR to support wetland management. However, SAR 

has limitations, for instance, speckle noise that complicates classification, complex backscatter 

interpretation dependent on polarization and surface conditions, and inability to directly evaluate 

water quality or specific vegetation types like hyperspectral sensors (Singh et al., 2022). 

Remotely piloted airborne system (RPAS) has been employed for montane wetland change 

assessment, as demonstrated by Hird et al. (2017a), who used RPAS data to monitor the recovery of 
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forest vegetation over petroleum well sites in Alberta Canada’s Boreal and Rocky Mountain 

regions. The authors observed vegetation area increases after ~ 20 years of reclamation indicating 

long disturbance recovery periods. Animals can also modify wetlands, as was found by Puttock et 

al. (2015) in the Tamar River catchment, Southwest England. They used RPAS photogrammetric 

data to assess the impact of reintroduced beavers, which increased water extent due to the creation 

of dams and changes in vegetation structure caused by beaver tree-felling activity. Moreover, the 

RPAS platform has been frequently used to monitor mountain wetlands change worldwide, for 

example. However, no studies were found that utilized remotely piloted aircraft systems (RPAS) 

platforms or data to evaluate temporal changes in Canadian temperate montane wetlands.. 

Possibly the most accurate and efficient method for wetland classification and change 

detection is using multi-spectral (usually three wavelengths: 532 nm, 1064 nm, and 1550 nm) Lidar 

data (Chasmer et al., 2020). By acquiring high-resolution elevation data (horizontal resolution <1 

m), Lidar efficiently defines wetland boundaries and hydrological features, so proving its value for 

wetland classification (Chasmer et al., 2016b). However, because of high expenses and limited 

coverage, it is not ideal for continuous monitoring; hence, it is less accessible for frequent 

monitoring or large-scale applications. Studies have demonstrated that the integration of Lidar with 

multispectral imaging can enhance classification accuracy by as much as 20% (Bork and Su, 2007). 

Lidar is a useful instrument, but its best results come from combining other remote sensing 

techniques catered to particular landscape conditions with it (Kalacska et al., 2017). 

Airborne Lidar technology became popular through the 2000’s, making important 

contributors to the development of wetland data acquisition, including water extent and hydroperiod 

(Marti-Cardona et al., 2013; Montgomery et al., 2018), and topography and vegetation structure 

(Hopkinson et al., 2005; Zlinszky et al., 2012). In the boreal forest of North America, Margolis et 

al. (2015) have used airborne and spaceborne Lidar to map and model aboveground vegetation 

(AGV) attributes. The authors used airborne Lidar metrics gathered with 1000 geolocated forest 

inventory sample plots for biophysical model training and validation, then to extrapolate the AGV 

model using the ICESat-GLAS Lidar data. The distribution of the AGV boreal forest in North 

America was 47% in western Canada, 44% in eastern Canada, and 9% in Alaska, with relative 

errors usually below 4% in all three regions. 

Airborne Lidar data have also been used to evaluate changes in temperate montane 

wetlands. For example, Loh et al. (2020) employed Lidar for wetland change detection in tropical 
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montane forest of northern Borneo between 2000 and 2012. The multitemporal maps depicted an 

overall increase rate of 10.44 Mg ha-1 year-1, which was attributed to natural regeneration. 

Hopkinson and Demuth (2006), used Lidar to assess surface changes in the Peyto Glacier, Canadian 

Rocky Mountains. The study compared two Lidar images collected 23 months apart (2000 and 

2002), it was found that there was a reduction in volume totaling 33 × 106 m3, which implies a 

reduction in downstream runoff of ~22 × 106 m3 or ~16% of total basin runoff. Decreasing water 

extent due to local precipitation reduction may increase terrestrial vegetation area in montane 

regions, observed by Leipe and Carey, (2021). They used airborne Lidar data to measure changes in 

shrub vegetation cover in a headwater catchment in Yukon Territory, Canada. Airborne Lidar data 

were collected at two periods: in August 2007 and 2018, and results showed an average expansion 

in area of 5.8%.  

Another approach to evaluate vegetation extent change uses data fusion. The use of 

airborne Lidar data (for validation) and terrestrial oblique photography (to identify land cover 

changes) from 1914 – 2006 were used in the Westcastle Watershed, Alberta, Canada, to map 

changes in canopy cover in McCaffrey and Hopkinson, (2020b). They showed a decrease in canopy 

cover on warm, fire-exposed aspects at high elevations, and an increase in canopy cover on cool, 

non-fire-exposed conditions (McCaffrey and Hopkinson, 2020b). In another study (McClelland et 

al., 2019), Landsat 5, 7 and 8 and MODIS were used to map high temporal and spatial resolution 

treeline change in montane regions of Alberta, Canada, from 2000 to 2018, using a landcover 

classification-based differencing, which showed an earlier spring green-up caused by an increase of 

soil moisture over the years.  

In contrast, Rhemtulla et al. (2002) used oblique terrestrial photographs (taken in 1915 and 

1997) and repeat aerial photographs (flown in 1949 and 1991) to assess changes in vegetation 

composition and distribution in the montane ecoregion of Jasper National Park, Rocky Mountains 

of Alberta, Canada. Between pairwise combinations of all the various classifications between 1915 

and 1997, a transition matrix was produced, summarizing the directions and amounts of change by 

adding the pixels in each individual photograph by land cover type between 1915 and 1997. The 

results indicated a shift towards late-successional vegetation types and grasslands, shrubs, juvenile 

forest, while open forests decreased in extent and closed-canopy forests became more prevalent. 

Changes in vegetation patterns were likely largely attributable to shifts in the fire regime over the 

last century. 
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The combination of different sensors may enable multiple estimates of change in wetland 

water extents, as suggested in Hopkinson et al. (2020) for the Upper Columbia River (Canada). 

They used Radarsat 2 and Landsat 5 and 8 data to map changing wetland hydroperiod using a 

frequency analysis approach. The authors found a ~16% loss of area of permanent water, equivalent 

to ~ 3.5% of the entire wetland floodplain area. The results from Hopkinson et al. (2020) were 

aligned with those of Pekel et al. (2016), who used Landsat 5, 7, and 8 to map global permanent 

surface water between 1984 and 2015, observing a general reduction, though new permanent water 

bodies have also emerged.  

Emerging cloud-based computing platforms (e.g., Google Earth Engine, Amazon Web 

Services, etc.) are increasing the availability of regional to global-scale land use maps at moderate 

spatial resolutions (e.g., Amani et al., 2020). Amani et al. (2019) created the first Canada wetland 

inventory using Google Earth Engine, resulting in an overall classification accuracy of 71%. Even 

though the source data in these free cloud-based platforms are typically not of a high spatial 

resolution (<5m), such platforms have been used to assess changes in Canadian temperate montane 

wetlands (Hird et al., 2017b) as well as worldwide (Long et al., 2021; Wang et al., 2018). 

Ultimately, there are trade offs between the needs for large area coverages that are useful for policy 

or national reporting, and the spatial detail and classification accuracy needed at localised scales for 

land management decision making (Gardner and Davidson, 2011). Although land cover change may 

be evaluated through field-based mapping, RS provides the basis for consistent, longer time periods 

and funding cycles, as well as cost-effective methods, which are particularly useful in remote or 

difficult to access areas like temperate montane floodplain and bench land wetlands. 

 

1.5 Wetland Threats and Change in the Temperate Montane Canadian Cordillera 

Temperate montane wetlands are often regarded as sentinels of global environmental 

change (Erwin, 2008). These ecosystems rely on snow, glacier melt, and rainfall that contribute to 

runoff, which flows into wetlands; however, many of these wetlands are also formed in areas with 

springs (these areas offer a reliable supply of water, frequently sourced from groundwater) (Ruddy 

and Williams, 1991; Sundeen et al., 1989; Carlson et al., 2020). Apart from continuous water 

sources, particular environmental conditions affect the accumulation and persistence of water in 

temperate montane wetlands. For instance, topographic features including depressions, moderate 

slopes, and valley bottoms help to retain water by reducing runoff and so promoting groundwater 
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discharge (Borderieux et al., 2025). These landforms create microclimates with reduced solar 

radiation and cooler temperatures, which in turn reduce evapotranspiration rates (Fridley et al., 

2021). These conditions help to preserve wetland hydrology especially in dry times (Scherrer and 

Körner, 2011). For mountainous regions, studies have shown that topography-induced 

microclimatic cooling preserves favorable moisture conditions, so supporting the survival of cold-

adapted plant communities (Scherrer and Körner, 2011). Microclimatic buffering provided by 

understory vegetation and landscape physiography helps to further stabilize near-ground 

temperatures and hence enhance water retention in these ecosystems (Fridley et al., 2021).  

However, the availability of water can vary with climate change, which may impact the 

soil-water-vegetation dynamics (Lee et al., 2015). Climate change affects wetland ecosystems; 

nevertheless, local environmental conditions help in regulating their resilience. By controlling 

hydrology and soil moisture, topographic features, microclimatic buffering (e.g., cool-air pooling in 

depressions) and vegetation feedback (e.g., peat accumulation) can help enhance stability (Erwin, 

2009; Johnson et al., 2015). On slopes with limited recharge, for example, low-lying wetlands 

(areas often saturated with water, either permanently or seasonally) may change to meadows or 

shrublands as moisture thresholds are exceeded; on the other hand, strong groundwater connectivity 

helps these wetlands to often resist drought by preserving water tables (Winter, 2000). Rarely 

driven by climate alone, such changes arise from interacting pressures including altered 

precipitation, evaporation rates, and biological invasions (non-native vegetation species enter and 

flourish in an ecosystem) (Poff et al., 2015). Moreover, early signals of ecosystem tipping points are 

changes in vegetation, including loss of wetland species (e.g., Carex spp., known as sedges) or 

invasion of upland plants (Betula nana, known as dwarf birch) (Müller and Joos, 2021). Thus, 

predicting these transitions involves the integration of topographic features, hydrological and 

ecological variables with regional climate projections. 

For instance, Stewart et al. (2004), used measured river discharge (i.e., stream gage) to 

observe trends from 1948 to 2000 and to project future shifts in the period of springtime snowmelt 

and its effects on river flow in the Rocky Mountain Cordillera in Canada and the USA from 1995 to 

2099. The streamflow timing trends showed an earlier springtime snowmelt of 10 – 20 days relative 

to historical observations, with future flow peaks likely being up to 30 – 40 days earlier.  

In the Elbow River Watershed, Alberta, Valeo et al. (2007) evaluated regional climate 

trends (>30 years) and found a positive trend in air temperature of +0.03 ºC year-1, rainfall and 
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snowfall showed an increase of +0.43 mm year-1 and a decrease of 0.22 mm year-1, respectively, 

while river discharge produced higher volumes during early spring. In the Upper Columbia River, 

Moore et al. (2020) observed a decrease of glacier cover, by up to 2% (1985 – 2013), with 

catchment water yield increasing during early spring corresponding with a ~13% decline in river 

discharge during late summer (Brahney et al., 2017). Other trends were also analysed in different 

parts of the Canadian Rocky Mountain region related with air temperature (Fassnacht et al., 2018; 

McGuire et al., 2012; Bunnell et al., 2011), snowpack (Brown and Mote, 2008; Fassnacht et al., 

2018; Shea et al., 2006), the advance of trees throughout the short growing season (Luckman, 1990; 

Luckman and Kavanagh, 2000; Danby and Hick, 2007), river siltation (i.e., the accumulation of 

sediment in rivers, lakes, and water bodies) (Schiefer et al., 2013) glacial melt/change (Hopkinson 

and Young, 1998; Demuth et al., 2003; Tennant and Menounos, 2013), and river discharge (Stahl 

and Moore, 2006; Rood et al., 2007). These trends have also been observed in other temperate 

montane regions around the world (Alonso-González et al., 2022; Li et al., 2011; Mostowik et al., 

2019). 

Continued hydroclimatic changes are likely to result in more rapid spring snowmelt, which 

impacts river flow, lake (Hauer et la., 1997) and ground water levels (Millar et al., 2018), as well as 

herbaceous water-dependent vegetation (non-woody plants, e.g., grasses and sedges) (Shen et la., 

2018). Meanwhile, water availability in late summer may be reduced due to increased 

evapotranspiration (Fernandes et al., 2007; Helbig et al., 2020), with increased potential for drought 

(Johnson et al., 2005). Three synergistic factors explain the increased potential for drought: (i) 

atmospheric changes (reduced summer precipitation and increased evapotranspiration from rising 

temperatures); (ii) soil moisture deficits from prolonged dry periods that inhibit wetland recharge; 

and (iii) landscape position where groundwater-disconnected wetlands on glacial till plains are 

particularly vulnerable (Johnson et al., 2005). Moreover, Johnson et al. (2005) emphasized that in 

the Northern prairie wetlands of central North America, drought results from climate-mediated 

hydrological thresholds rather than from soil conditions alone; that is, when precipitation is below 

350 mm year-1 and air temperatures rise above 20°C, wetlands enter ephemeral states. These results 

highlight the need to measure local hydrology (for example, river discharge, ground water level, 

evapotranspiration, etc.) as well as macroclimatic trends (such as jet stream changes lowering 

spring rains) to estimate wetland resilience. Thus, changes in the major climate variables of air 

temperature and precipitation are expected to alter the hydrological cycle of precipitation inputs, 
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ground, lake and vegetation storages and evaporative outputs; those changes associated with soil 

moisture deficits and particular landscape position (such as groundwater-disconnected wetlands) 

can also impact nutrient and, sediment fluxes, biological systems, and food-web dynamics (Firth 

and Fisher, 2012). For wetlands in mountainous ecozones, an increase in wetland extent was 

observed (Wulder et al., 2018) which may be related to an acceleration of glacier-melt due to global 

warming (Moore et al., 2020; Tennant and Menounos, 2013). 

In response to warmer air temperatures there is a positive trend of vegetation encroachment 

in the higher altitude regions of North American, and specifically in the Canadian Cordillera an 

increase of 3.0% in 29 years, as evaluated by Ju and Masek, (2016), who used Landsat 5 and 7 to 

derive an NDVI trend during the peak-summer. This greening trend correlates strongly with alpine 

shrub encroachment (Salix spp. and Betula glandulosa), which has expanded upslope at rates of 1–3 

m per decade in the region, as documented by Myers-Smith et al. (2020) using repeat aerial 

photography and field surveys. Together, these studies underscore how NDVI trends, while 

valuable for detecting change, must be interpreted alongside fieldwork data to predict long-term 

ecosystem trajectories. Furthermore, these vegetation shifts change the carbon dynamics of the area; 

for example, more shrub cover increases summer CO₂ uptake, however it also decreases surface 

albedo, which increases localized warming (Lantz et al., 2019).  

Although shrub encroachment impacts terrestrial carbon dynamics in the Canadian 

Cordillera, these changes have cascading effects on nearby wetland ecosystems, which are vital in 

the regional carbon cycle. Wetlands perform a key function in absorbing and transferring CO2 from 

atmospheric to in situ and downstream aquatic and terrestrial carbon pools (Shukla et al., 2019). 

Wetland vegetation captures CO₂ through photosynthesis, storing 2–5 kg C m-2 year-1 as organic 

carbon in waterlogged peat soils, where anaerobic conditions decrease decomposition (Vitt et al., 

1994). Microbial activity transforms a portion of this carbon into methane (CH₄), which is either 

oxidized in aerobic zones (Lai et al., 2009) or emitted into the atmosphere. 

Down gradient rivers, wetlands and soils can act either as sinks or sources of CO2 and CH4 

(Hao et al., 2011; Kang et al., 2014) as well as dissolved organic carbon can be released into 

streams and adjacent water bodies (Lou et al., 2014). Nonetheless, the carbon storage capacity in 

these ecosystems is potentially projected to decline (Bisbing et al., 2010; Bartowitz et al., 2019) as a 

result of climate change, since this phenomenon will likely increase the frequency of extreme 

weather events (e.g., severe storms), which could alter local hydrology in montane wetlands 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/normalized-difference-vegetation-index
about:blank#b0170
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(Westerling, 2016). Severe storms have become powerful agents of change in the Canadian 

Montane Cordillera, reshaping wetlands in ways that ripple through the entire ecosystem. For 

instance, torrential rain on mountain slopes starts a chain reaction: floodwaters scour fragile 

peatlands, removing centuries of accumulated carbon in days, while landslides bury whole wetlands 

under suffocating layers of sediment (Buttle et al., 2016). However, nature shows its amazing 

adaptability; groundwater-fed bogs remain like subterranean reservoirs and returning beavers create 

new water traps that rebuild carbon stores (Hood and Larson, 2013). This dynamic landscape 

demonstrates that pockets of resilience endure and provide hope and direction for conservation in an 

era of climate extremes.  

While storms reshape wetland hydrology, their climatic drives also create the conditions 

for another transforming power: wildfire. By encouraging rapid vegetation growth, which generates 

plenty of fuel loads that later dry under summer droughts, the same strong rainfall events that erode 

peatlands in spring can increase the likelihood of wildfire (Buttle et al., 2012). This cycle is 

intensifying in the Canadian Montane Cordillera (Coogan et al., 2019); groundwater-dependent 

wetlands may remain refugia (Hood and Larson, 2014), but nearby forests and shrublands are 

becoming increasingly flammable. Drought-stressed vegetation becomes prone to ignition by late 

summer; wildfires may thus turn carbon-storing ecosystems into emission sources (Gerrand et al., 

2021). 

In the future, an average annual air temperature increase of 3°C is forecasted by 2100 in 

the Columbia headwaters (Carver 2017), which is predicted to result in increasing evaporation rates 

and decreasing glacial melt runoff contributions (Moore et al., 2009; Moore et al., 2020). The 

projected 3°C increase in air temperatures by 2100 starts a series of events that will drastically 

affect water availability. Warming first speeds glacial melt, producing a brief run-off surge. But this 

is a temporary; as glaciers shrink past a threshold levels (referred to “peak water”, i.e., the point 

when a glacier has melted enough that its annual contribution to streamflow begins to decline 

permanently), their impact on rivers reduces (Moore et al., 2020). Retraction of glaciers reveals 

darker rock that absorbs more heat, so accelerating additional melting (Zemp et al., 2025). 

Meanwhile, more precipitation falls as rain instead of snow, so reducing natural water storage from 

nature system and forcing water to flow downstream in winter rather than be steadily released 

through summer (Dibike et al., 2018). Most climate change scenarios project higher temperature in 

summer (Schnorbus et al., 2012), reduced annual snowfall at higher elevations (Carver et al., 2017), 
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which are critical to late-season streamflow water supply. Pederson et al. (2010) investigated 

climatological trends (1969 – 2007) from 25 snow telemetry stations, stream gauge records from 14 

rivers, and 37 meteorological stations across the same region. The trends showed warmer spring 

temperatures coupled with increases in mean spring precipitation, and snowmelt occurring an 

average of 8 days earlier, 14 fewer days of seasonal snow cover, and an increase in peak streamflow 

of ~24%. 

In late summer glaciers are a dominant water source (Penna et al., 2014), supplying 

streamflow during periods when snowmelt and rainfall are reduced (Viviroli et al., 2003). For 

instance, Jiskoot and Mueller (2012) state that 25% of the late-summer streamflow from the Upper 

Columbia River Basin is glacially fed. However, warmer air temperatures in late summer have 

resulted in increased glacier wastage in the Central Rocky Mountains of North America, leading to 

a contemporary reduction in river discharge from 1950 to 2008 (Leppi et al., 2011).  

Furthermore, the ecohydrological future of temperate montane wetlands is uncertain 

(Demuth et al., 2008; Strack et al., 2019) as glaciers retreat and snowpacks reduce across mountain 

areas (Moore et al., 2008). Projections indicate significant declines in glacial meltwater 

contributions (up to 60% in Eastern Slopes of Alberta by 2100) threatening the late-summer flows 

sustaining these ecosystems (Anderson and Radič, 2020). While shrinking water volumes change 

aquatic habitats, drying soil provide opportunities for woody and shrub vegetation to encroach into 

previously waterlogged areas, so coinciding with observable changes in wetland extent and 

vegetation (Teferi et al., 2010; Rai et al., 2018). Particularly in late summer when risks of drought 

rise, the compounding effects of glacial loss, lower snow accumulation, and earlier melt seasons 

(Fickas et al., 2016; Yu et al., 2017) could force wetlands toward irreversible ecological transitions. 

Targeted research is therefore necessary since the full consequences for biodiversity, carbon 

storage, and watershed stability are yet poorly known (Tong et al., 2014; Reza et al., 2020). Figure 

1.2 shows a schematic picture of what is occurring in temperate montane wetlands around the 

world. 

 



 

 

Fig. 1.2. A schematic showing the contemporary pattern in temperate montane wetlands during Spring (a), Summer (b), and Late Summer 

(c), and future scenarios over the Spring (d), Summer (e), and Late Summer (f)  
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1.6 Conclusion and recommendations 

This literature review combines recent studies on temperate montane wetlands and forests, 

focusing on identifying the study area in Canada (specifically, temperate montane wetland regions), 

methods for mapping, techniques for detecting changes, and the environmental changes seen in 

Canada's mountainous areas. The study area (Objective 1) emphasizes the ecological significance of 

temperate montane wetlands in the mountainous Canadian regions, showing how these ecosystems 

are sensitive to both climatic and topographic influences and play a vital role in regional hydrology 

and biodiversity. Regarding wetland mapping methods (Objective 2), Landsat 5 and 8 imagery have 

dominated because of their consistency, moderate spatial resolution (30 meters), and long-term 

availability (>40 years). Traditional techniques for classifying land cover, particularly the maximum 

likelihood classifier, are still frequently used. However, more accurate machine learning methods, 

such as Random Forest, are still underused in Canadian montane wetlands, likely because of their 

computational requirements. 

The vegetation and water indices commonly used, like NDVI, NDWI, and MNDWI, for 

detecting changes from a distance (Objective 3) are simple and don't need much computer power. 

While they might miss some complex changes in the landscape, these methods offer easy ways to 

understand how the land is changing. While they may overlook more intricate spectral and 

structural alterations, these methods provide readily accessible ways to assess landscape dynamics. 

However, the review pointed out a significant methodological gap: it discovered a lack of Canadian 

studies utilizing hyperspectral or RPAS platforms to detect long-term changes in montane wetland 

ecosystems. 

In describing montane wetland trajectories (Objective 4), the literature repeatedly records 

hydrological changes driven by climate. Increasing air temperatures have accelerated snowfall and 

glacier melt, resulting in increased spring runoff while diminishing water availability by late 

summer. These factors elevate evapotranspiration, thereby heightening drought risk, and promote 

the encroachment of woody and shrub vegetation into drying wetlands. While there is growing 

evidence of climate impacts in regions such as the Montane Cordillera, our understanding of how 

these ecosystems respond to the dual pressures of land use and climate change remains limited. This 

underscores the need for more integrated, data-driven methods to track and predict these shifts. 

The results presented provide a foundation for the subsequent phases of the thesis, which 

will integrate techniques for supervised land cover classification with climate projection models to 
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explore the trends of wetland ecosystems in the Upper Columbia Wetlands in British Columbia and 

Eastern Slopes of Alberta. 

 

1.7 Thesis Research Objectives and Hypotheses 

This thesis explores long-term land cover changes in montane wetlands spanning two 

important mountainous Canadian regions—the Upper Columbia River Basin (British Columbia) 

and the Eastern Slopes of Alberta—to better understand how hydrological variability and climate 

change are altering these sensitive ecosystems. This work will integrate machine learning and 

hydroclimatic modelling with 40+ years of satellite observations to: 

• Chapter 2: to quantify the floodplain wetland response to changing hydroclimatic 

conditions within the Upper Columbia River Wetlands (UCRW) in Canada during the past 

39 years (1984 – 2022). 

• Hypothesis of Chapter 2: From 1984 and 2022, the extent and composition of floodplain 

wetlands in the UCRW will experience changes, characterized by the gradual 

encroachment of woody and shrub species that have replacing marsh and wet-meadow land 

covers, resulting in a reduction of open-water areas. These wetlands will become wetter in 

spring and early summer, while experiencing drier conditions in late summer, influenced 

by shifts in snowmelt timing, river discharge, and precipitation patterns. 

 

• Chapter 3: to forecast (2023 – 2040) and describe the effects of climate change on Open 

Water, Marsh, Wet Meadow, and Woody/Shrub LCs in the UCRW, Canada using Landsat 

image archive time series and hydroclimatic models. 

• Hypothesis of Chapter 3: Climate change is expected to lead to a decrease in Open Water 

and Marsh areas, while promoting an increase in Woody/Shrub cover in the UCRW from 

2023 to 2040, especially under higher CO2 emission scenarios. Although open water extent 

is projected to increase in the spring and early summer as a result of earlier snowmelt and 

changes in peak flow timing. 
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• Chapter 4: to quantify and assessing multi-decadal wetlands land cover extent (i.e., open 

water, riparian non-woody, riparian woody/shrub, and barren) trends on large spatial scale 

of the Eastern Slopes of Alberta (ES) from 1984 to 2023. 

• Hypothesis of Chapter 4: In the Eastern Slopes of Alberta, there will be a noticeable 

increase in open water during the snowmelt-dominated period (nival). However, during the 

rainfall-dominated period (pluvial), a trend toward woody and shrub encroachment will 

emerge, along with a decline in open water areas within montane wetlands, which will be 

influenced by seasonal climate variability. 

 

• Chapter 5: to investigate the long-term historical (1984 to 2023) analysis of the open water 

area and evaporation rates on the ES. Moreover, the historical proportion of open water 

evaporation volume compared to the evapotranspiration volumes of the forest ecosystem in 

the Eastern Slopes of Alberta was estimated. 

• Hypothesis of Chapter 5: Warmer air temperature altered open water area dynamics 

throughout ES from 1984 to 2023. This resulted in an expansion of open water during the 

snowmelt-dominated period and a reduction during the late-summer rainfall-dominated 

period, accompanied by positive historical trends in evaporation rates. Furthermore, the 

proportion of open water evaporation volume to historical forest ecosystem 

evapotranspiration volume was higher during the snowmelt-dominated period than in the 

rainfall-dominated period, as consequence of positive trends of open water areas and 

evaporation during the nival period. 

 

Overall, this thesis explores how historical and projected hydroclimatic changes are 

impacting montane wetlands in two important areas of Canada: Eastern Slopes of Alberta (ES) and 

UCRW (BC). The historical dynamics of the UCRW are quantified in Chapter 2 to evaluate how 

wetland composition has changed over almost four decades with variations in snowmelt and river 

discharge. Based on Chapter 2 datasets, Chapter 3 forecasts future land cover changes in the UCRW 
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to reflect the ecological effects of ongoing climate forcing. Chapter 4 employs methods akin to 

those in Chapter 2, utilizing long-term Landsat records to identify trends in wetland class 

transitions, thereby expanding the spatial focus to the Eastern Slopes. To grasp how warming might 

change hydrological processes in the ES, Chapter 5 finally combines historical open water areas 

with evapotranspiration modelling. These chapters taken together seek to quantify, predict, and 

contextualize wetland change under climate change across two mountain areas with ecological and 

hydrological importance. 

 

1.8 Thesis Structure 

This thesis has been written using the “research paper” style with an introductory Chapter 

1 based on a literature review of existing knowledge on temperate montane wetlands, the Upper 

Columbia River Floodplain and, previous studies on the wetlands of the Eastern Slopes of Alberta, 

trends in the Montane ecosystems and relevant remote sensing methods to detect environmental 

changes. Chapters 2, 3, 4, and 5 are the major outcomes of this research. The concluding chapter 6, 

“Thesis Conclusion and Recommendations”, summarizes key contributions, and proposes potential 

areas for future research. 
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Chapter 2: Multi-decadal Floodplain Classification and Trend Analysis in the Upper 

Columbia River Valley, British Columbia 

 

Abstract 

 

Temperate montane floodplain wetlands ecosystems experience significant seasonal water 

fluctuation over the year, resulting in a dynamic hydroperiod, with a range of vegetation community 

responses. This paper assesses trends and changes in landcover and hydro-climatological variables, 

including air temperature, river discharge, and water level in the Upper Columbia River Wetlands 

(UCRW), British Columbia, Canada. A time series landcover classification from the Landsat image 

archive was generated using a Random Forest algorithm from 1984 to 2022. Peak river flow timing, 

duration, and anomalies were examined to evaluate temporal coincidence with observed land cover 

trends. The land cover classifier used to segment changes in wetland area and open water performed 

well (Kappa = 0.82). Over the last four decades, observed river discharge and air temperature have 

increased, precipitation has decreased, the timing of peak flow is earlier, and flow duration has been 

reduced. The frequency of both high discharge events and dry years have increased, indicating a 

shift towards more extreme floodplain flow behavior. These hydrometeorological changes are 

associated with a shift in the timing of snow melt from April to mid-May and are associated with 

seasonal changes in the vegetative communities over the 39-year period. Thus, woody shrubs (+6% 

to +12%) have expanded as they gradually replaced marsh and wet meadow landcovers with a 

reduction in open water area. This suggests that increasing temperatures have already impacted 

regional hydrology, wetland hydroperiod and floodplain land cover in the Upper Columbia Valley. 

Overall, there is substantial variation in seasonal and annual land cover reflecting the dynamic 

nature of floodplain wetlands, but the results show that the wetlands are drying out with increasing 

areas of woody/shrubby habitat and loss of aquatic habitat. The results suggest that floodplain 

wetlands, particularly marsh and open water habitats are vulnerable to climatic and hydrological 

changes that could further reduce their areal extent in the future. 

Keywords: Montane; Floodplain Wetlands; Hydrology; Climate Change; Landsat; Landcover 

Classification; Seasonal Change 
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2.1.Introduction 

Many temperate montane floodplain wetlands have a short history of establishment due to 

the short period since the deglaciation of lower elevation areas (Cooper et al. 2012) and are 

minerotrophic, making them highly sensitive to changes in surface and ground-water hydrology 

(Hathaway et al., 2022; Wang et al., 2016; Wang et al., 2018; Remmer et al., 2022). Large climatic 

gradients occur within relatively short distances due to elevational changes, which can amplify the 

effects of climate (MacDonald et al., 1993; Hopkinson and Young, 1998; Loeffler et al., 2011; 

McCaffrey and Hopkinson, 2020).  

Over the last several decades, climatic changes and the amplifying effects of large 

elevational gradients on micro-climatology in the Canadian Rocky Mountains have resulted in 

significant changes to short- (Marshall, 2014) and long-term hydrology (Edwards et al., 2008; Jost 

et al., 2012), runoff (Stewart et al., 2004), and water storage (Mote et al., 2005; Whitfield, 2001). 

These changes impact minerotrophic wetlands, which can be sensitive to variations in hydrology, 

for example, since the 1950s the montane cordilleran ecozone has experienced precipitation 

decreases in southern (20 ~ 50%) and increases (30 ~ 50%) in northern regions (DeBeer et al., 

2015). Changes in the phase of precipitation have also been observed over the last 60 years by 

Zhang et al. (2000), Schnorbus et al. (2014), and Vincent et al. (2015). On an annual basis, the 

authors found that the ratio of seasonal snowfall decreased by about 8% in the south and increased 

by ~12% in the north. The major changes occurred during spring, with reductions of ~20% for the 

entire region. Furthermore, snow accumulation and duration have also decreased due to a positive 

trend in air temperature (+1ºC since 1900s) (Zhang et al., 2000; Valeo et al., 2007; Whitfield, 

2014), which is leading to earlier and faster snow- and glacier-melt during spring, resulting in high 

and shortened peak flows. 

By mid-century, peak flows are predicted to increase with a shift to earlier spring runoff. 

For example, DeBeer et al., (2021) suggest that the timing of runoff could occur up to two to four 

weeks earlier by 2100. Earlier snowmelt increases the length of the summer period with associated 

higher air temperatures and evaporative losses (Foster et al., 2016; Leppi et al., 2012). Greater 

drying potential and diminished summer and autumn stream flow could have broad impacts on flora 

and fauna of minerotrophic montane wetlands (Stewart, 2008). 

Montane floodplains and the wetlands that exist within them are governed by pulses or 

short intervals of water runoff, which contribute to flooding (i.e., flood pulses) (Junk et al., 1989). 
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The flood pulse enhances biological productivity and diversity in these ecosystems (Hughes, 1997) 

associated with the combined effects of the flood timing, water temperature, nutrient content, 

turbidity, and hydrological connectivity (Stanford et al., 2005; Lacoul and Freedman 2006; Bayley 

and Guimond 2008). Higher amplitude events that occur over shorter time periods or earlier in the 

season can inhibit the growth of some species or may initiate succession (Bayley, 1995). For 

example, during high flood events (wet years) Amoros and Bornette (2002) observed that fast 

flowing river discharge can carry away organic nutrients and deposit silt in the basins, which 

according to Sparks et al. (1990) and Bayley and Guimond (2009), may lead to decreases or loss of 

biodiversity, marsh burial, and a change in the wetland. However, in following years, marshes can 

grow back as the tubers remain and can regenerate following flooding (Hernandez and Mitsch, 

2006). In contrast, periodic dry periods enhance shrub growth, which can be decimated during wet 

periods (Takaoka and Swanson, 2008). 

It is crucial to ascertain whether there is a longer-term trend in the changes that are 

occurring to these montane floodplains or if there are events of such magnitude that cause this 

environment to move into a new ecosystem state. Recent trajectories in montane floodplain wetland 

landcovers remains a source of uncertainty, which raises questions over how floodplain riparian 

vegetation, permanent open water, and discharge properties have increased or decreased over recent 

decades. Wetland land cover mapping, management and change assessments typically employ field 

observation and data collection (Millar et al., 2018; Ray et al., 2019; Windell and Segelquist, 1986); 

however, this approach is costly, labor-intensive, and unable to represent past conditions (Chasmer 

et al., 2020).  

In this context, remote sensing (RS) data and especially the Landsat time-series, can assist 

in wetland trend and change analysis by providing at least four decades of data (Ju and Masek, 

2016; Wulder et al., 2022). The Landsat archive, which is now longer than pulses of seasonal or 

interannual hydro-climatological anomalies, permits evaluation of longer-term trends across large 

and spatially continuous areas, to help us better understand the patterns, direction, rates and drivers 

of change in dynamic montane wetland ecosystems. 

The Columbia River floodplain in Canada represents a unique environment to assess 

wetland ecosystem changes over time associated with climatic and land-use changes. Wetlands of 

the Columbia River Basin provide important ecosystem services, such as critical habitats for flora 

and fauna, such as spawning grounds of fish (Cooper et al., 2017), support food webs (Díaz et al., 

https://www.tandfonline.com/doi/full/10.1080/11956860.2015.1121705
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2015), filter and store sediment from runoff erosion events (Lottig et al., 2013), and accumulate and 

release carbon (Hrach et al., 2022). A better understanding of the trends and changes in this study 

region will serve as an important reference for other similar wetlands in the Rocky Mountains. 

The primary goal of this study is to quantify temperate montane floodplain wetlands 

response to changing hydroclimatic conditions within the Upper Columbia River Wetlands 

(UCRW) in Canada during the past 39 years (1984 - 2022). The objectives are to quantify and 

evaluate the historical trends and changes in i) areal floodplain landcover (open water, marsh, wet 

meadow, and riparian shrubs and trees) extents within the UCRW, and ii) the peak flow conditions 

in the Columbia River over the last 39 years in terms of discharge, water level, maximum 

inundation extent, timing, and duration using remote sensing and river runoff observations. To 

achieve this, seasonal land cover classifications from Landsat 5 and 8 were generated using a 

Random Forest algorithm, and local hydroclimatic data were examined to help explain the observed 

landcover trends. This study provides a framework for evaluating effects of climate change in the 

UCRW, supporting regional decision-makers as part of a strategic planning for the local biota and 

water resource management for the entire Canadian Columbia River. 

 

2.2. Methods 

2.2.1. Study Area 

This study focusses on a ~ 120 km stretch of the Upper Columbia River floodplain (188 

km²) between Donald and Invermere within the Rocky Mountain Trench, British Columbia, Canada 

(Figure 2.1). The region drains an upstream area of ~6,660 km², presents historical averages of: air 

temperature 3ºC, precipitation 800 mm year-1 (MacDonald and Chernos, 2020), wind speed ~1 m s-

1, relative humidity 55% (Hersbach et al., 2020) and annual average peak flow of 512 m³ s-1 (Carli 

and Bayley, 2015).  
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Fig. 2.1. Study area and approximate location of the streamflow-gaging and weather station 

 

2.2.2. Remote sensing and hydroclimatic data input 

The investigation period was 1984 to 2022, based on the Landsat 5 (Thematic Mapper – 

TM) and 8 (Operational Land Imager – OLI) Collection 2, Tier 1, Level 2 reflectance archives 

available via the Google Earth Engine (GEE). GEE contains the Landsat processing methods to 

compute at-sensor surface reflectance, and cloud-free composites. Higher spatial resolution (e.g. 

Sentinel 2, European Space Agency; Airborne LiDAR – Columbia Wetlands Stewardship Partners 

and the Provincial Government; UAV LiDAR, and geotagged oblique photos; historical aerial 

photographs (BC Government, 2022), and the historical land cover classification of Canada 

(Hermosilla et al., 2022) were used together as a reference dataset. To determine the ‘best available 

pixel’ cloud-free pixels were selected and the median reflectance product was calculated to generate 

three composition images for each year: 1. prior to seasonal flooding (April to mid-May) – Spring; 

2. during the peak discharge period (late-May to end July) – Summer; and 3. late summer 

hydroperiod (August to mid-September) – Late summer. Air temperature and precipitation data for 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/landsat
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/surface-reflectance
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Golden, BC (1984 - 2022) (Golden A, 1173209; Location: 51° 17' 57" N, 116° 58' 56" W) 

(Environment Canada, 2022a), and river discharge and water level at the Nicholson gauge 

(Columbia River at Nicholson, 08NA002; Location: 51° 14' 36" N, 116° 54' 46" W) (Environment 

Canada. 2022b) on the Columbia River (1903 - 2022) were obtained from the Environment Canada 

online data archives. 

 

2.2.3. Workflow 

The UCRW trend and change analysis workflow adopted seven steps, as shown in Fig. 2.2: 

i) acquisition of remote sensing data, and ii) hydroclimatic data; iii) reference dataset (i.e., Higher 

spatial resolution) for classification training purposes; iv) land cover classification; v) validation of 

land covers; vi) trend analysis; vii) and land cover change assessment.  

 

https://www.sciencedirect.com/science/article/pii/S0022169421005205?via%3Dihub#f0010
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Fig. 2.2. Methodological workflow for the spatial-temporal (1984 - 2022) analysis of vegetated and 

water landcover classes using remote sensing and hydro-climatological data. 

2.2.4. Random Forest algorithm and training data collection 

To determine changes in the vegetation- and water-extent over time, a random forest (RF) 

classification (Breiman, 2001) was performed using GEE. RF is a supervised machine learning 

algorithm that generates multiple decision trees to create and predict a raster classification, in this 

case four classes: Open water, Marsh (i.e., Bulrush – Schoenoplectus tabernaemontani ,and Cattail 

Marsh – Typha latifolia), Wet meadow (e.g., Beaked Sedge – Carex rostrata, Water Sedge - Carex 

aquatilis, Horsetail - Equisetum arvense), Woody/Shrub vegetation (e.g. Woody: Cottonwood – 

Populus, Norway Spruce – Picea abies, and Dogwood – Cornus spp.; Shrub: Sitka Willow - Salix 

sitchensis, Red – Osier Dogwood – Cornus sericea, Horsetail – Equisetum spp.). RF was used 

because it is non-parametric and does not rely on a priori knowledge of the ecological drivers or 

characteristics of the prediction/classification outputs (Menze et al., 2009).  

Training data collection, however, can be challenging over large or mountainous regions, 

as these ecosystems have dynamic or unpredictable weather, are remote and difficult to enter (e.g. 

Inglada et al., 2017). Moreover, access to training data is difficult to acquire over time because data 

may not be available for the period of assessment; land cover classes or observations could also be 

different from the current study, making it difficult to compare. This research utilizes a variety of 

reference remote sensing data sources: UAV and Airborne LiDAR, aerial photographs, geotagged 

photos, Sentinel 2, and historical classified land cover (Hermosilla et al., 2022) to generate training 

samples per each year (Figure 2.1).  

To extract or determine the most reliable training pixels within areas of unchanging 

landcover class, the time series classification of Hermosilla et al. (2022) was used. Land cover 

permanence was calculated by summing the number of times each land cover class pixel was 

identified in the same pixel location. Reference rasters contain a numerical pixel value (i.e. 1 – open 

water; 2 – marsh; 3 – wet meadow; 4 – woody/shrub) that corresponds to each land cover in the 

input rasters. The 1984 land cover raster was chosen as the reference raster because this was the 

first year of the record, thereby providing a baseline or starting point from which to compare. The 

permanent land cover raster was then used within GEE to mask out permanent zones within the 

study floodplain that showed potential as training areas. Training pixels were then allocated within 

https://www.tandfonline.com/doi/full/10.1080/07038992.2018.1437719
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these training areas and used over the whole time-series. However, in the years with available 

higher resolution imagery (i.e., sporadically throughout the time series: Aerial photographs – 1984 

to 1991, 2005, 2007, and 2009; Sentinel 2 – 2016 to 2022; Airborne LiDAR – 2018; UAV LiDAR 

and geotagged photos – 2022), which by expert interpretive identification of land cover class was 

possible to increase the number of training pixels in these years with more reference datasets.  

To reduce the uncertainty in the training data associated with classification errors in the 

historical land cover classification (Hermosilla et al. 2022), pixels within land cover patches were 

selected. Therefore, training pixels had to be at least 90m from adjacent landcovers (to reduce the 

potential for edge effects and mixed pixels) (Pelletier et al. 2016). The RF model was trained using 

1500 trees (as per Millard and Richardson, 2015), and each class sample had a minimum of 60 

pixels identified (60 pixels per land cover class; a total of 240 for the four land cover classes), and 

in the years with available higher resolution imagery, >40 pixels per land cover class were allocated 

(about 100 pixels per land cover class; a total of 400 assuming the four land cover classes), with 

70% used for training and 30% reserved for validation. Pixels reserved for training within the RF 

model were those that were furthest in distance from clouds or cloud shadow boundaries, as applied 

in White et al. (2014). The training pixels were randomly distributed across the study floodplain 

with each scene mosaic. Classification was performed using the five following Landsat TM and 

OLI bands: Blue (Band 2 in OLI; Band 1 in TM), Green (Band 3 in OLI; Band 2 in TM), Red 

(Band 4 in OLI; Band 3 in TM), Near Infra Red (NIR, Band 5 in OLI; Bands 4 and 5 in TM), and 

Short Wave Infra Red (SWIR, Bands 6 and 7 in OLI; Band 7 in TM). Figure 2.3 illustrates the 

training and validation steps and the location of the training sites.  

 

https://www.tandfonline.com/doi/full/10.1080/07038992.2018.1437719
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Fig. 2.3. Steps for land cover prediction: (i) Allocation of training pixels method; (ii) Accuracy 

assessment for the predicted land cover; (iii) Statistical evaluation using the Kappa coefficient. 

 

2.2.5. Reference dataset and accuracy measurement 

The higher spatial resolution RS, such as UAV and airborne LiDAR, aerial photographs, 

Sentinel 2, geotagged photos, and the non-changing pixels of the Historical Land Cover of Canada 

created by Hermosilla et al. (2022) (supplementary material 1 of Chapter 2) (Rodrigues et al. 2024) 

were used to allocate the training pixels/polygons. Thereafter, the Kappa coefficient was calculated 

to estimate the accuracy of the random forest simulated land cover.  

According to Congalton and Green (2019), 50 random ground sample points are enough 

for each land cover category, though, a minimum of two-hundred samples were used per mosaic 
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image. The results of the kappa accuracy assessment were then summarized in a confusion matrix 

with omissions and commissions for all classes and periods. Furthermore, as discharge and open 

water area are expected to covary, a linear regression between these two variables was performed: i) 

as an additional check on the open water classification; and ii) to create a discharge-based model of 

floodplain inundation area.  

 

2.2.6. Trend and change analysis 

To assess the trends over 39 years in the wetland area classification and the hydroclimatic 

data, the Mann-Kendall test (Mann, 1945; Kendall, 1975) as well as Sen’s slope method (Sen, 

1968) were performed using pyMannKendall (Hussain and Mahmud, 2019). The Mann-Kendall 

method is a nonparametric test used to identify a trend in a series. To evaluate changes in wetland 

extent, three hypotheses were tested based on trends over the period of data observation: i) no trend 

exists over the time period; ii) a positive trend exists; and iii) a negative trend exists. A significance 

level or p-value ≤ 0.05 was assumed.  For the land cover change assessment, the Change Detection 

Wizard in ArcGIS Pro was used with a pixel value change method to assess the shift during 1984 ~ 

2022 raster datasets. This method provides a systematic way to identify changes between land cover 

classes (e.g., open water to marsh, marsh to woody/shrub, etc.). This method was utilized to 

determine the changes first between the seasonal images of 1984 and 2002 and then again from 

2002 to 2022. 

 

2.2.7. Discharge timing, duration, frequency, hydrograph, and anomaly assessment  

To understand how hydro-climate variability might have influenced or altered wetland 

extents throughout the time of study, the use of direct observation (stream-gaging) methods is an 

appropriate way to evaluate river-based wetland changes. The timing and length of the peak flow 

(i.e., daily maximum flows) were determined using the historical streamflow-gaging station from 

Nicholson (1903–2022). The data were divided using a twenty-five-year time interval to assess 

when the peak flow occurred and how it has changed since 1903 (compared groups: 1903 to 1928, 

1929 to 1953, 1954 to 1978, 1979 to 2003, and 2004 to 2022). This time interval was chosen 

because the Pacific Decadal Oscillation (PDO) influences precipitation and air temperature in the 

central-eastern Rockies (Linsley et al., 2015), and the PDO periodicities/cycles were most 

energetic/perceptive within a 25 year interval average (Mantua and Hare, 2002). To determine 

https://www.sciencedirect.com/science/article/pii/S0022169421005205?via%3Dihub#b0285
https://www.sciencedirect.com/science/article/pii/S0022169421005205?via%3Dihub#b0230
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whether the peak flow is occurring earlier or later, an average of the Julian day peak flow for each 

group was calculated and then compared. 

The 10% highest flow (relative to peak flow) for each year was determined for the peak 

flow duration/length, and the number of days. To ascertain if the number of peak flow days is 

increasing or decreasing, the data were further divided into the five groups. The average of the 

number of peak flow days per 25-year time interval was determined and then compared. 

To define the distribution of river discharge and how it changed over the course of a 

century, a frequency (%) curve from the daily and peak discharge was built, using the same five 

groups (1903 to 1928, 1929 to 1953, 1954 to 1978, 1979 to 2003, and 2004 to 2022), to show the 

frequency of each flow discharge, and the frequency with which it is overcome. Additionally, a 

peak flow hydrograph analysis was carried out for the five groups using the 25-year period interval 

average to compare shape and how it has altered since 1903. To separate the peak- from base-flow 

the recession method (Brutsaert and Nieber, 1977) was used (Equation 2.1). 

 

𝑄𝑡 = 𝑄0𝐾𝑡                                                                                                                                      (2.1) 

 

Where 𝑄𝑡 is the baseflow (the threshold utilized was 50 m3.s-1 because it was observed that the 

discharge normally only increased beyond this value), 𝑄0 is the initial baseflow (at the beginning of 

the storm event, time = 0), k = exponential decay constant (ratio of the baseflow at time t = 0 to the 

baseflow one day earlier), and t is the number of days after the start of the peak flow. This method 

is used to discover the daily baseflow during the peak flow, and Equation 2.2 is used to determine 

the peak flow runoff (𝑄𝑃𝑅). 

 

𝑄𝑃𝑅 = 𝑄 − 𝑄𝑡                                                                                                                                 (2.2) 

 

After finding 𝑄𝑃𝑅, the values were plotted to create a hydrograph, an exponential model (Equation 

2.3) was generated for each hydrograph to determine the recession constant (α) where a larger α 

represents a steeper decline (Berhail et al., 2012). 

 

𝑄𝑎 = 𝑄𝑖𝑒
−∝𝑡                                                                                                                                   (2.3) 
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𝑄𝑎 is the discharge at time t after recession, 𝑄𝑖 represents the discharge at the start of recession, e is 

Euler's number (2.71828). In terms of the anomaly evaluation, it was used to identify how climate 

change affected peak discharge. The anomaly assessment was also used to detect the predominant 

PDO pattern (i.e., warm, normal, or cold) in each 25 years interval in the UCRW. The study 

implemented the straightforward technique proposed by Genz and Luz (2012). The anomaly for the 

peak flow was determined as follows in Equation 2.4: 

 

𝐴𝑛𝑜𝑚𝑎𝑙𝑦 =
(𝑄𝑖−𝑄𝑚)

𝜎
                                                                                                                       (2.4) 

 

𝑄𝑖 is the annual peak flow (m³.s-1) in a year, 𝑄𝑚 is the historical average of peak flow (m³.s-1), and 

𝜎 is the standard deviation (m³.s-1). The Anomaly can be classified as: Wet > 0.5; Normal year ±0.5; 

Dry < -0.5. The Mann-Kendall trend test was then used to assess the anomalies to determine 

whether or not the peak flow anomaly was increasing or decreasing. 

 

2.3. Results 

2.3.1. Random Forest classification accuracy 

A RF classification was used to determine the land cover extent per season in the UCRW 

since 1984 to 2022. To do this, 100 supervised classifications were performed for each period of 

Spring (37), Summer (29), and Late summer (34), using a total of 32,880 pixels for all seasonal 

images (23,016 for training, and 9,864 for validation). The average Kappa coefficient for all land 

cover classes and from each study period was 0.83 (April to mid-May; Table S1 to S37), 0.85 (late-

May to July; Table S38 to S66), and 0.78 (August to mid-September; Table S67 to S100), which 

results in an average for all images of 0.82 (all Confusion Matrix with total accuracy, omission and 

commission for all classes and periods, and its corresponding classified raster are attached in the 

supplementary material 2 of Chapter 2 (Rodrigues et al., 2024), Table S1 to S100). Furthermore, the 

area of open water was correlated with river discharge for each year (Figure 2.4), varying from R2 

of 0.75 (April to mid-May and August to mid-September) to 0.82 (late-May to July). This is not a 

direct validation of the open water classification; however, as river discharge increases, open water 

extent across the floodplain also increases. 
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Fig. 2.4. Linear regression between area of open water and mean river discharge in April to mid-

May (a), late-May to July (b), August to mid-September (c), annual basis (d). 

 

2.3.2. Changes in the Upper Columbia floodplain from 1984 to 2022 

The area of open water decreased from April to mid-May (-0.11 km².year-1; -5 km2 or -3% 

in 39 years, compared to the UCRW area) and from August to mid-September (-0.28 km².year-1; -

11 km2 or -6%), which might be related with an overall reduction in precipitation (-0.75 mm.year-1; 

p-value = 0.01) and an increase in air temperature (0.02°C.year-1; p-value = 0.02) since 1984. The 

decrease in precipitation may have resulted in a loss of marsh areas of -1.39 km².year-1 (-55 km2 or -

29% during spring) and -0.24 km².year-1 (-9 km2 or -5% by late summer), and an increase of wet 

meadow area during spring (1.28 km².year-1; +48 km2; +26%) and reduction in the late summer (-

0.12 km².year-1;-4 km2 ;-2%). In contrast, woody/shrub vegetation increased in area over the spring, 

peak flow period and late summer by 0.26 km².year-1 (+11 km2; +6%), by 0.50 km².year-1 (+20 km2; 

+11%) and 0.57 km².year-1 (22 km2 ; +12%) respectively.  

During the peak flow season (late-May to July), the open water extent showed a positive 

tendency (0.13 km².year-1; +3%), likely due to the increase in peak discharge (0.58 m³.s-1.year-1; p-

value = 0.02) and water level (0.63 cm.year-1; p-value = 0.02), and may be related to the increase in 

air temperature, which influences the beginning of the snowmelt period. This rapid and earlier rise 

in open water during the summer may have a negative impact on marsh growth which may explain 
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the negative trend of -0.90 km².year-1 in marsh area in this period (-19%) in the floodbasin. The 

marsh areas declined and were replaced by more open water (0.13 km².year-1; +3%), and an 

increase in the area of wet meadow (0.30 km2.year-1; +7%) and woody/shrub (0.50 km2.year-1; 

+11%) over the 39 years in the summer period. 

The trends of the land cover extent and hydroclimatological indicators are shown in Figure 

2.5 and Table 2.1, respectively. The overall annual trends show that open water (-0.03 km².year-1) 

and marsh (-0.10 km².year-1) extent are decreasing, whereas wet meadow (0.06 km².year-1) and 

woody/shrub (0.17 km².year-1) areas are expanding (Figure 2.5d). The relatively small annual 

changes compared to the larger seasonal changes (Figure 2.5 d vs 2.5 a,b,c) demonstrates the 

importance of the seasonal evaluation in detecting changes in the UCRW. The spatial context and 

the percentage of change during spring, summer, and late summer in Figures 2.6, 2.7, and 2.8, 

shows how each land cover has changed over 39 years in the floodplain. The location/coordinates of 

the main changes are provided in the supplementary materials 3 of Chapter 2 file (Tables S101 to 

S104) (Rodrigues et al., 2024). 

 

 

Green – Positive trends; Orange – Negative trends. 
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Fig. 2.5. Trends of land cover extent during April to mid-May (a), late-May to July (b), August to 

mid-September (c) and in on annual basis (d) (1984 – 2022) 

Table 2.1. Historical and trends of hydroclimate variables (1984 - 2022). 

Variable 
Air 

temperature 
Precipitation 

Discharge Water level 

Annual Peak flow Annual Peak level 

Min. -30.10 °C 301.40 mm 12.70 m3.s-1 283 m3.s-1 10.10 cm 232.20 cm 

Mean 5.22 °C 463.80 mm 104.97 m3.s-1 428.18 m3.s-1 106.20 cm 320.70 cm 

Max. 25.70 °C 641.40 mm 748 m3.s-1 748 m3.s-1 421.40 cm 421.40 cm 

τ 0.02 -0.08 0.02 0.04 0.06 0.07 

S 1197480 -62 1382135 25 5098418 45 

p-value 0.02* 0.01* <0.01* 0.02* <0.01* 0.02* 

Slope 0.02 °C.year-1 -0.75 mm.year-1 0.01 m3.s-1 year-1 0.58 m3.s-1 year-1 0.01 cm.year-1 0.63 cm.year-1 

Min. – Minimum; Max. – Maximum; * – There is a significant temporal trend at the 5% level; S 

and τ – indicate the trend (negative or positive); Slope – represents the 39 years increase/decrease of 

the variable; p-value – trend significance ≤ 0.05 high significance. 
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Fig. 2.6: The Upper Columbia River floodplain distribution of land cover change from April to 

mid-May. Map insets (a) indicate changes in land cover for sample regions. Sankey diagram (b) of 

the changes in land cover from 1984 to 2004 (left) and 2004 to 2022 (right), the land cover change 

since 1984, and the percentage of change compared to the Columbia wetlands area (188 km2). 
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Fig. 2.7: The Upper Columbia River floodplain distribution of land cover change from late-May to 

July. Map insets (a) indicate changes in land cover for sample regions. Sankey diagram (b) of the 

changes in land cover from 1984 to 2004 (left) and 2004 to 2022 (right), the land cover change 

since 1984, and the percentage of change compared to the Columbia wetlands area (188 km2). 
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Fig. 2.8: The Upper Columbia River floodplain distribution of land cover change from August to 

mid-September. Map insets (a) indicate changes in land cover for sample regions. Sankey diagram 

(b) of the changes in land cover from 1984 to 2004 (left) and 2004 to 2022 (right), the land cover 

change since 1984, and the percentage of change compared to the Columbia wetlands area (188 

km2). 
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2.3.3. Upper Columbia River discharge 

The average discharge (𝑄𝑚) of the Upper Columbia River was 428.2 m³.s-1, with standard 

deviation (𝜎) of 105.9 m³.s-1 and these values were used to classify the peak discharge in the 

anomaly assessment. The twenty-five-year interval represented well the cold and warm Pacific 

Decadal Oscillation (PDO) pattern at the UCRW, and how this atmospheric teleconnection affected 

local river discharge. Figure 2.9 shows the standardized anomaly time series of streamflow values 

in the Upper Columbia River. Classification of the annual events by the anomaly method resulted in 

forty-one normal years, thirty-seven wet years, and forty-one dry years. Additionally, analysis of 

the anomaly values with the Mann-Kendall test yields a negative trend of -0.08 (p-value = 0.02; τ = 

-0.03; S = -209), showing a dry tendency, which is consistent with the decline of open water area 

and increase in woody/shrub vegetation during the 1984 to 2022 period.  

 

Fig. 2.9: Standardized anomaly time series of annual peak flow of the Upper Columbia River at 

Nicholson (08NA002), British Columbia, Canada, and the predominant PDO phase in each 25 years  

 

The timing of the peak flow (Julian peak flow days) may be explained by the predominant 

PDO phase since 1903 (Table 2.2). Peaks flows tended to be late in the Cold PDO (June 26, June 

22, and June 15; as consequence of colder air temperatures) and earlier during the Warm PDO (June 

20, and June 16; due to higher air temperatures). However overall, regardless of the PDO phase, the 

Julian peak flow day is starting earlier in the season (Table 2.2). 
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Table 2.2 summarizes the peak flow day for the Upper Columbia River and its duration 

since 1903. From 1903 to 1928, June 26 (Julian Day 178) was found to be the approximate day of 

annual peak flow. From 2004 to 2022, peak flow occurred on average on June 15 (Julian Day 169), 

eleven days earlier than in the past (i.e., 1903 to 1928). Peak flow duration also changed from an 

average of 22 days from 1903 – 1928 to 11 days after 2003. In contrast, if 1979 to 2003 is compared 

with 2004 to 2022 (the period of our remote sensing dataset), the peak flow was only earlier by one 

day, and its duration was shortened by one day. Thus, in the last century, the peak flows have gotten 

earlier in the season and the duration of peak flow shorter resulting in a dryer floodplain during the 

summer growing season. 

Table 2.2. Annual average peak flow day for each PDO group (1903 to 1928, 1929 to 1953, 1954 to 

1978, 1979 to 2003, and 2004 to 2022) and the duration/length of each peak flow period. 

 
Julian peak flow 

day (date) 
Var. SD 

Duration/Length of 

peak flow period 

(days) 

Var. SD 

1903 - 1928 178 (June 26) 218 15 22 115 11 

1929 - 1953 172 (June 20) 224 15 15 80 9 

1954 - 1978 174 (June 22) 177 13 12 46 7 

1979 - 2003 168 (June 16) 166 13 12 56 8 

2004 - 2022 167 (June 15) 133 11 11 51 7 

Var. – Variance; SD – Standard deviation 

 

The frequency analysis revealed that higher peaks appeared more frequently during 1903 – 

1978, since the highest peak was 770 m³.s-1, while the lowest peak after 2003 was 305 m³.s-1, which 

was 233% lower (Figure 2.10a). Moreover, the daily discharge frequency (Figure 2.10b) revealed 

that 1903 – 1928 period had a higher discharge rate than post-2003 in terms of frequencies between 

10% and 60%. 
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Fig. 2.10. Frequency assessment of the Upper Columbia River peak (a) and daily discharge (b) from 

1903 to 2022 

Figure 2.11a shows that the baseflow had a decrease (average of -1.5%) from October to 

April since 1903, and the peak flow hydrograph had a broader shape during the intervals of 1903 to 

1928 and 1929 to 1953, with a lower discharge, before becoming steeper with larger flows in a 

shorter amount of time. The positive trend in the recession constant coefficient over time, which is 

depicted in Figure 11b, can also explain this pattern. 

 

Fig. 2.11. Twenty-five-year interval average river discharge hydrograph of the Upper Columbia 

River (a), and hydrograph recession constant tendency from the peak flow runoff (b) (1903 to 1928, 

1929 to 1953, 1954 to 1978, 1979 to 2003, and 2004 to 2022) 

 

2.4. Discussion 
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2.4.1. Classification evaluation 

The land cover classification used in this study was made possible by the utilisation of 

various types of data for calibration and validation, resulting in the annual kappa average of 82%, 

with higher accuracy during April to mid-May and the peak discharge period. At the beginning of 

the growing season (April to mid-May) the four classes (Open water, Marsh, Wet meadow, and 

Woody/Shrub) were easier to distinguish. During the peak flow period, the floodplain surface is 

mostly covered by water, marsh, and woody vegetation, with a small area of wet meadow visible 

since the water levels were often so high that the dominant wetland meadow vegetation was 

covered. During the late summer (August to mid-September) there is higher greening in the Marsh 

and Woody/Shrub vegetation, which creates some confusion between the vegetated classes. 

Moreover, marsh and wet meadow merge, which might be contributing for the lower kappa during 

April to mid-May and August to mid-September. Furthermore, the years with supplementary 

available imagery (1984 to 1991, 2005, 2007, 2009, 2016, 2018, 2022) for additional training and 

validation were those where RF performed better (average Kappa of 0.84). This illustrates how the 

increase in high quality training/validation sites improves the land cover classification. 

In addition, based on the high correlation between river discharge and open water in the 

Upper Columbia River floodplain, the open water area can be estimated from river discharge. This 

result is consistent with Hopkinson et al., (2020), which also found similar relationship over a 

smaller part of the UCRW, R2 0.87. However, the moderate correlation (R2 0.70) may be explained 

as the floodplain contains hundreds of wetlands that flood during peak flow and retain water during 

late summer and spring. There is substantial variation spatially and temporally in flood depth 

because in some years the flood peak overtops the natural levees into all the wetlands while in other 

years, water reaches into the wetlands through natural channels or gaps in the natural levees (Leven, 

2024). This results in a highly dynamic hydroperiod that influences vegetation communities in a 

wide range of ways.  

Each year in early spring, the wetland water levels are at their lowest levels, when the 

Columbia River drops to 0.3 meters (Environment Canada. 2022b), and according to our results 

there is a negative trend of open water during this season. If the open water areas keep shrinking, 

marsh and wet meadows would be expected to reduce their area as well, and woody/shrub 

vegetation would be expected to encroach in the floodplain, which is what has been observed in all 

seasons. In contrast, when the flood pulse rises 2 – 4 meters, much of the wet meadow vegetation is 
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covered by the turbid floodwaters. 

The UCRW has connected and non-connected wetlands, with both types experiencing 

variation in water levels and areal extent as the river rises and falls; however, more isolated wetland 

water bodies may suffer permanent level and extent changes as a result of overbank flooding, slow 

drainage, loss to evapotranspiration (MacDonald and Chernos, 2020; Carli and Bayley, 2015), and 

climate change (Bürger et al., 2011; Carver, 2017; Jost et al., 2012). The aforementioned effects 

have primarily been seen between April and mid-May, and August to mid-September, when open 

water is shrinking, and woody/shrub vegetation is encroaching within the floodplain. 

2.4.2. Hydrometeorological changes in the upper Columbia River Basin 

The positive trend of air temperature in the UCRW (0.02 ºC year-1) is consistent with an 

increase in global air temperatures during the same period (Hansen et al., 2010; Ohmura and Wild, 

2002). Between 1900 and 1998, Western Canada warmed by ~ 1 ºC (Zhang et al., 2000), and since 

the early 1960s, the trend on the eastern slopes of the Canadian Rockies has been warmer than the 

regional norm (2.6 – 3.6 ºC) (Harder et al., 2015). The proportion of rainfall to total precipitation is 

predicted to increase as air temperatures increase while the proportion of precipitation that falls as 

snow tends to decrease (Lapp et al., 2005). For the Canadian Rockies, trends in precipitation are 

mixed, with some studies reporting increasing trends of roughly 14% during the period 1948–2012 

(Vincent et al., 2015) and other studies finding neither trends nor change (Valeo et al., 2007), as 

well as a declining trend (-0.75 mm year-1) as was observed in this study.  

Streamflow is the basin-scale integrated response to these hydrometeorological changes, 

and in high elevation headwater regions with limited meteorological monitoring, streamflow is a 

readily observable indicator that can be used to gauge hydroclimatic change (Harder et al., 2015). In 

the past century, several natural annual stream flows in the southern Canadian Rockies have 

decreased (Rood et al., 2004; Brahney et al 2017), and peak streamflow events have been observed 

in some rivers to arrive earlier and with less flow volume, with late summer flows dropping and 

winter flows rising (Rood et al., 2007). The positive trend in the annual basin discharge and peak 

flow was also seen in the UCRW, indicating that the peak flow had shifted to eleven days earlier 

and that the peak flow duration had decreased by eleven days (compared with pre-1928).  

Although there is a positive trend in the peak discharge, according to the frequency 

analysis the highest peak (770 m³ s-1) was observed during 1903 – 1978. The lower peak discharges 

https://www.sciencedirect.com/science/article/pii/S0022169421005205?via%3Dihub#b0175
https://www.sciencedirect.com/science/article/pii/S0022169421005205?via%3Dihub#b0355
https://www.sciencedirect.com/science/article/pii/S0022169421005205?via%3Dihub#b0355
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during post-1978 (compared with pre-1978) may be a result of the negative precipitation trend from 

1984 to 2022. Furthermore, a negative trend was observed when it comes to daily discharge (which 

relates to the decrease in the baseflow since 1903), mostly in frequencies between 10% and 60% 

which refers to the start and end of the peak discharge, respectively. According to the historical 

analysis of the peak flow runoff hydrograph, the reduction of these flows (between 10% and 60%) 

typically leads to faster and higher peak discharge over fewer days, which is consistent with the 

positive tendency of the recession constant value, and in accordance with Brahney et al. (2017), 

who in the same area observed an 11% decline in river flow between 1947 and 2011, predominantly 

in late summer. 

Another explanation for this pattern is through the anomaly assessment, which showed that 

dry or warm PDO phases are becoming drier, essentially post-1978, as per Newton et al. (2014), 

who since the 1970s observed a more severe dry PDO phase over the Canadian Cordillera. This 

suggests that the peak flow is shortening, while the magnitude of the discharge is increasing, 

causing higher discharges over fewer days, and it may impact the water availability through the year 

(specifically over the late summer), which relates to the downward annual basis open water area 

trend. These results agree with Hopkinson et al. (2020), who used Landsat data to calculate water 

extent and hydroperiod change from 1984 to 2019 in a portion of the Canadian Columbia wetlands. 

They found a reduction of the permanent water area extent by ~16% (or ~3.5% of the floodplain), 

which is higher than the decrease in open water found in this research (-6%) for the entire Columbia 

River valley over the year. Those aforementioned results are in accordance with other snow-driven 

montane ecosystems in western Canada (Burn, 1994; Burn et al., 2004; Cutforth et al., 1999; 

Whitfield, 2001; Barnett et al., 2005; Stewart et al., 2005). 

Under current and future climate change, earlier and faster snowmelt is expected, directly 

affecting the snow accumulation- and melt-dominated watersheds (Steger et al., 2012; Pörtner et al., 

2019). The positive trend of the air temperature is probably the cause for the earlier snowpack melt, 

which increases peak flow volumes, while shortening the duration (DeBeer et al., 2021). The rapid 

rise of the peak flow will enhance the open water area during spring and summer, which when 

combined with positive air temperature trends may increase the evaporative demand, which will 

impact the amount of water that is lost to the atmosphere and whether or not these wetlands will 

shift into other land cover types, which can further enhance evapotranspiration (e.g. shrubs), 

essentially in late summer (Kienzle, 2006; Rasouli et al., 2022). The reduction of marsh and open 

https://www.sciencedirect.com/science/article/pii/S0022169407006920#bib6
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water, as well as the increase in wet meadow and woody/shrub vegetation from August to mid-

September, are also reflected in this pattern.  

2.4.3. Hydroclimatic trends as drivers of land cover change 

Hydrological changes may be a key factor in this trend of UCRW expansion of 

woody/shrub cover. Changes to the late winter flow regime will affect ice formation and break-up, a 

fluvial geomorphic process that creates sites for seedling colonisation by the riparian vegetation, 

encouraging clonal suckering (Rood et al., 2007). The woody/shrub vegetation is increasing as the 

land is drier for longer and thus the floodplain water table is lower, which leads to a drier root zone, 

which allows the spread of woody vegetation (Liu et al., 2022; Pellerin et al., 2015). 

Regarding trends of woody encroachment, Barger et al. (2011) found positive trends of 

0.8% cover year-1 in the Northern US Rocky Mountains over a 30-year period. In the central region 

of the Rock Mountains of Alberta, Glines (2012) observed a positive encroachment trend of 0.9% 

cover year-1 since 1952 to 2003. In Niwot Ridge, south of the Rocky Mountains, Formica et al. 

(2014) reported a positive woody encroachment trend of 0.2% cover year-1 over 62 years, which 

was the same rate found by Tape et al., (2006) in Northern Alaska. The average annual positive 

trend (0.17% km year-1) of woody/shrub encroachment in the UCRW study is in accordance with 

other studies. Moreover, the woody ecotone advance has the potential to interfere with almost all 

regional components of the hydrological cycle: higher evapotranspiration by woodlands (Donohue 

et al., 2007); increase of the rainwater interception by the canopy trees (Owens et al., 2006); lower 

runoff (Bonan, 2008); decreases of the groundwater recharge, streamflow (recharge below the 

rhizosphere) (Tennesen, 2008). The progression of wetland communities from herbaceous to woody 

plants is considered a natural succession (Vogl, 1969; Mitsch and Gosselink, 2000), although, 

climate change has accelerated the woody ecotone encroachment in some mountain wetlands 

(Politti, et al., 2014). 

In addition to the possible effects of climate change, atmospheric teleconnection influences 

like El Niño and La Niña may significantly alter streamflow and impact land cover as has been 

found in other studies across western Canada (Gobena and Gan, 2006; St Jacques et al., 2012; 

Fleming and Sauchyn, 2012; Chasmer and Hopkinson, 2016). El Niño appears to impact the UCRW 

as the frequency of this phenomenon has increased since 1980s (Cai et al., 2021; Zhou et al., 2014), 

which may explain the predominantly dry pattern in this region (Yang et al., 2019; Yang et al., 

https://bioone.org/journals/the-american-midland-naturalist/volume-157/issue-1/0003-0031_2007_157_39_TIOWEU_2.0.CO_2/The-Influence-of-Woody-Encroachment-Upon-Herbaceous-Vegetation-in-a/10.1674/0003-0031(2007)157%5b39:TIOWEU%5d2.0.CO;2.full#i0003-0031-157-1-39-Mitsch1
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2021) (number of years by anomaly: thirteen normal years, thirteen wet years, and sixteen dry 

years), justifying the downward trend for open water on an annual basis.  

The historical air temperature and precipitation record of the UCRW, resampled for El 

Niño and La Niña occurrences, can be used to overlay climate projections from general circulation 

models, which may result in more pronounced future changes to the region's precipitation and 

temperature. According to the projections of the Special Report on Emissions Scenarios (Byers et 

al., 2022; IPCC, 2007) climate scenarios for the 2050s, the average annual precipitation of the 

Canadian Rocky Mountains could further decrease by about 5% while the average annual 

temperature could marginally increase by about 0.3ºC under the potential combined impact of both 

climate change and El Niño. In contrast, based on the predictions of the Special Report on 

Emissions Scenarios of 2050s (Byers et al., 2022; IPCC, 2007), La Niña years might see an 

additional 9% increase in average precipitation while a 0.3ºC decrease in average temperature. The 

drying effect of climate change on the UCRW should be partly mitigated by a future La Niña year, 

but that effect could worsen in an El Niño year. These findings support those of Gobena and Gan 

(2006), who found that, in south-western Canada, El Niño and La Niña occurrences, respectively, 

cause large negative and positive streamflow anomalies.  

In western Canada, the Pacific North America (PNA) pattern is the active atmospheric 

teleconnection that has the greatest impact on the local climate and hydrology (Newton et al., 2014). 

The PNA pattern has a positive (i.e., relates to the Pacific warm episodes, El Niño, and 

characterized by above-average air temperatures), and a negative (i.e., associated with Pacific cold 

events, La Niña, marked by low-average air temperatures) phase (Lopez and Kirtman, 2019). The 

increased frequency of the positive phase of PNA has been noticed over the years (Gan et al., 2023; 

Wang et al., 2017), and the main reason might be the continuous emissions of greenhouse warming 

(Cai et al., 2014). A more frequent positive phase of PNA may lead to higher air temperatures, 

which leads to reductions in the seasonal snowpack (Mote et al., 2005; Brown and Robinson, 2011), 

and earlier spring runoff (Stewart et al., 2004). 

Overall, the dominant changing seasonal hydrological processes within the UCRW 

include: shortening of snowmelt period due to increasing air temperatures, which will boost the 

river discharge as well as the groundwater (essentially during summer season); increasing and 

shortening of peak flows in summer due to shortening period of snowmelt combined with higher 

intensity rainfall and greater wetland flooding (Figure 2.12b) (Musselman et al., 2018), which may 
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also cause increased erosion in the uplands and siltation of the floodplain (Zhang et al., 2022); by 

late summer, water has moved through wetlands, causing them to dry, resulting in shrubification 

and enhanced water losses from evapotranspiration (Li et al., 2020) (Figure 2.12c). 
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Fig. 2.12. Updated conceptual understanding of the hydrological processes conditions for the 

UCRW during Spring (a), Summer (b), and late Summer (c). 

 

The UCRW has changed over the past 39 years as a result of the rise in air temperature and 

decrease in precipitation, which has caused significant changes in the floodplain. Remote sensing 

was used in this work to identify areas with low, moderate, and large shifts since 1984 and to 

evaluate the spatial distribution of land cover trends and changes. The results obtained illustrate the 

potential for the fusion of remote sensing and hydroclimatological data for the assessment changing 

montane wetland environments. 

2.5. Sources of uncertainty 

Although the Random Forest algorithm demonstrated acceptable accuracy, several sources 

of uncertainty may be present regarding the training and validation data sources, and the spatial 

resolution of the Landsat imagery. It would be ideal to train and verify landcover classes using 

historical measured in-situ field data. However, due to the constraints over temporal data 

availability, different remote sensing data sources were necessary for model calibration and 

validation in this historical LC classification. The additional training pixels allocated using the 

higher resolution dataset are in the beginning (1984 to 1991), part of middle (2005, 2007, and 

2009), and in the late of the time series (2016 to 2022), which tends to reduce the inaccuracies 

caused by the less accurate data in other years (i.e., unchanging pixels). Sixty unchanging pixels per 

LC class from the historical land cover classification of Canada (Hermosilla et al., 2022) (overall 

accuracy of 80%) were used as reference dataset for all years, therefore, any errors here could be 

propagated into the UCRW LC classification. However, the distribution of most reliable training 

and validation pixels (using higher resolution datasets) over time has enabled accurate results, 

which when compared to independent data sources, confirm the encroachment of woody/shrub 

vegetation (Politti, et al., 2014; Primack, 2000; Theurillat and Guisan, 2001), and reduction of open 

water during late summer (Rood et al., 2004; Kienzle, 2006; Rood et al., 2007) in montane 

wetlands.  

Regarding the spatial resolution of the Landsat time series, 30 meters is not the ideal 

resolution for classifying wetlands because this habitat is typically mixed, with variable width 

ecotones and vegetation inside open water and vice versa. In this study, the use of complementary 
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remote sensing data sources has enabled temporal calibration and validation but further 

enhancements may be possible by the addition of new data sources. For example, combining the 

multispectral sensors with synthetic aperture radar (SAR) may increase the accuracy up to 85% 

(Loosvelt et al., 2012; Mahdianpari et al., 2017; Muro et al., 2020), since SAR is an effective tool to 

identify permanent open water (Montgomery et al., 2018). 

2.6. Conclusion 

This study analyzed temporal trends and changes of land-cover in the Upper Columbia 

River Wetlands using remote sensing and a Random Forest classification routine for a 39 year-

period. The classifier delivered a reasonable level of accuracy (Kappa 82%). 39 years of rising air 

temperature resulted in an increase in the Columbia River discharge. During the peak flow period, 

open water extent showed a positive tendency (0.10 km2.year-1), while on an annual basis open 

water area is declining (-0.03 km2.year-1). Furthermore, the peak flow occurs one day earlier now 

than ~40 years ago, while peak flow duration has decreased by one day. However, since 2003, the 

peak flow has occurred eleven days earlier than 1903 – 1928, and its duration has reduced by eleven 

days, which has resulted in higher discharges in a shorter time. It also means that the summer period 

is drier and the land cover vegetation subject to drier conditions. According to the anomaly 

assessment approach, dry years have been increasingly frequent since 1984. 

Open water areas of the floodplain have decreased in size during the April to mid-May 

period, while a large area of floodplain marsh has been replaced by wet meadow. In the same 

period, shrub and woody vegetation have increased during the 39 years by 11 km2. The peak flow 

period shows a decline in marsh regions and an increase in wet meadow, woody/shrub, and open 

water, the latter of which revealed a moderate increase. From August to mid-September, there was a 

decline in the amount of open water, marsh, and wet meadow, but a significant increase in the 

amount of woody/shrub species.  

Overall, the future of the Upper Columbia River Wetlands and their ecohydrological 

services are at risk due to the altered runoff regime that favors drying of the floodplain. Expansion 

of riparian shrub and treed ecotones are gradually replacing marsh and wet meadow landcovers 

commensurate with a reduction in permanent open water area, which may lead to higher 

evapotranspiration, mainly during late summer, thus raising the potential for drought. While new 

floodplain riparian ecosystem habitats are being created, these come at the expense of lost open 
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water/aquatic habitat. 
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Chapter 3: Warmer air temperatures predicted to result in wetland drying in the Upper 

Columbia River Valley, British Columbia, Canada 

 

Abstract 

 

Climatic warming is likely to affect the Canadian Rockies, leading to changes in the land cover 

(LC) and hydrological cycles. This study estimates climate-induced changes in LC (open water, 

marsh, wet meadow, and woody/shrub) in the Upper Columbia River Wetlands (UCRW), British 

Columbia, Canada, from 1984 to 2040. An artificial Neural Network (ANN) approach was used 

with Landsat series archive data from 1984 to 2022 to project seasonal LC change from 2020s to 

2040s. Concurrently, hydroclimatic-based models (using air temperature and precipitation to predict 

river discharge at the UCRW, 1984-2022) were developed (average Nash Sutcliffe: training 0.75 

and validation of 0.70) to predict (1984-2040) river discharge forced by Representative 

Concentration Pathway (RCP) 4.5 and 8.5. The 1984–2022 regression between river discharge and 

UCRW open water area was forced by RCP scenario river discharge results, calculating open water 

area for both scenarios. ANN-predicted LC with a Kappa of 0.85 (average of all seasons) for 2020s 

reference and projected LC, and 0.82 for reference and projected LC change maps (2000s–2020s). 

From 2020s to 2040s, the ANN projected a reduction (-5%) of open water areas during late summer 

(August to mid-September) in the UCRW, consistent with RCP 4.5 forecasts. The peak of the open 

water area in the UCRW is projected to shift from summer (late-May to July) to spring (April to 

mid-May) in both RCP scenarios. The projected changing hydrological conditions reduced the 

marsh area (-1% to -12%) and increased the wet meadow (+1% to +4%) mostly in the summer and 

late summer. Meanwhile, woody and shrubby vegetation on the floodplain increased (3% to 5%), 

indicating that the floodplain is projected to dry out.  

Keywords: Ecohydrology; Remote sensing; Machine Learning; Climate change; Montane 

ecosystems 
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3.1. Introduction 

Montane wetlands act as sentinels of environmental change (Williamson et al., 2008; 

Moser et al., 2019) because they experience a significant elevational gradient where isotherms 

change quickly in space and time, altering seasonal freeze – thaw cycles (Edwards et al., 2008; 

Löffler et al., 2011), precipitation/runoff (Stewart, 2009), and therefore, vegetation change (Hrach 

et al., 2022). Montane wetlands also influence downstream hydrology and ecology (Chatterjee et 

al., 2010) by storing water during wet periods and supplying downstream flows during dry periods 

(Brinson and Malvárez, 2002). They also provide critical habitats for local biota (Cooper et al., 

2017), provide support for food chains (Díaz et al., 2015), filter and store sediment and nutrients 

from runoff erosion events (Lottig et al., 2013), and store and emit carbon (Hrach et al., 2022).  

Climate-mediated changes in hydrology have had numerous ecological implications in 

montane wetlands. For example, satellite time-series data over the Upper Colombia River Wetlands 

(UCRW) showed that open water extent decreased (1984 to 2022), and the encroachment of woody 

vegetation increased across the floodplain (Rodrigues et al., 2024). In the Rocky Mountains of 

Alberta, Glines (2012) documented a positive woody and shrub trend of 0.9% cover·year-1 from 

1952 to 2003. A positive woody and shrub encroachment trend of 0.2% cover year-1 over 62 years 

was also reported by Formica et al. (2014) in Niwot Ridge, south of the Rocky Mountains. Woody 

vegetation expansion influences hydrology (DeBeer et al., 2021; Leipe and Carey, 2021) by 

increasing canopy interception (Zwieback et al., 2019), evapotranspiration (Aguirre et al., 2020), 

and water infiltration (VanShaar et al., 2002). 

Higher air temperatures are predicted over the Columbia River headwaters in the future 

(Flannigan et al., 2009; Schnorbus et al., 2012; Carver 2017; Wang et al., 2017), which is expected 

to increase rates of snow and glacier melt (Moore et al., 2020), annual river flow, and lake size 

(Johnson et al., 2005). During late summer, glacier melt can increase river discharge and connected 

wetland area (e.g., open water) (Stahl and Moore, 2006; Jost et al., 2012). However, climate 

change-driven glacier melt in western Canada may disrupt local wetland hydrology and dependent 

biota since they will no longer supply water for this environment in the future (Clarke et al., 2015; 

Tsuruta and Schnorbus, 2021). Furthermore, the anticipated increase in evapotranspiration during 

late summer due to atmospheric warming (Moore et al., 2008) is expected to elevate the risk of 

drought (Harrington and Flannigan, 1993; Girardin et al., 2006; Kienzle, 2006; Wang et al., 2020). 

Consequently, there is uncertainty regarding the future of these wetlands and whether the associated 
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ecosystems can be sustained under a changing climate regime.  

The process of projecting the climate response of a watershed frequently involves the use 

of a hydrological model forced by climate scenarios (Tsuruta and Schnorbus, 2021). Since the 2014 

IPCC Fifth Assessment Report, greenhouse gas concentration scenarios are based on Representative 

Concentration Pathways (RCP), which express atmospheric radiative forcing associated with 

different greenhouse gas emission scenarios predicted to 2100. Frequently used scenarios for 

climate change studies are RCP 4.5 (business-as-usual emissions; radiative forcing reaches 4.5 W 

m-2 by 2050, stabilizing early after 2100 (Thomson et al., 2011)) and RCP 8.5 (extreme baseline 

emissions, radiative forcing grows to 8.5 W.m-2 by 2100 (Bjørnaes, 2013)). 

Another method of examining the effects of climate change is to project land cover (LC) 

and river discharge (Gomes et al., 2020; Tsuruta and Schnorbus, 2021). Remote sensing (RS) is an 

effective tool to detect LC changes (e.g. there is at least 40 years of satellite imagery data using the 

moderate resolution satellite series: Landsat) (Amani et al., 2021; Wulder et al., 2022). Historical 

LC data can be utilized to project future LC by using the Artificial Neural Networks (ANN) 

approach (Rahman et al., 2017; Kamaraj and Rangarajan, 2022). The spatial visualization of the 

projected LC allows decision-makers to act in these specific vulnerable locations that are expected 

to change over time. Alternatively, empirical hydroclimatic-based models driven by air temperature 

and precipitation can be used to simulate the past and project the future of river discharge (Zhang et 

al., 2011; Diomede et al., 2008).  

In this context, hydroclimatic-based models forced by RCM data can be used to project the 

river discharge in different RCP scenarios. Also, the integration of ANN with RS data (particularly 

the Landsat time-series) can aid in the prediction of spatial wetland trends and changes. Both 

approaches enable an evaluation of past and potential future trends across vast areas, thereby 

facilitating a deeper understanding of changes in montane wetland ecosystems.  

This research aimed to forecast and describe the effects of climate change on Open Water, 

Marsh, Wet Meadow, and Woody/Shrub LCs in the Upper Columbia River Wetlands (UCRW) in 

British Columbia (BC), Canada using Landsat image archive time series and hydroclimatic models. 

The specific objectives are (i) to linearly project observed historical LC changes into the future up 

to 2040s; (ii) to compare / verify the projected open water LC by independently modeling the 

discharge and open water extents using RCP 4.5; (iii) to quantify and evaluate the projected trends 

and changes in areal floodplain land cover extents within the UCRW. Meanwhile, RCP 8.5 provides 
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an upper estimate of wetland changes. Outputs of the research will assist in the strategic planning 

and management of local wetlands in the Columbia Valley for future water and habitat management 

by developing a methodology to assess the possible effects of future climate change on montane 

floodplain landscapes. 

3.2. Materials and Methods 

3.2.1. Study Area 

The Upper Columbia River Wetlands are in Southeastern British Columbia, Canada, 

spanning a ~120 km stretch of the Columbia River floodplain (188 km2) between the towns of 

Donald and Invermere (Figure 3.1). The open-water areas of these floodplain wetlands are 

distinguished by collections of emergent and submerged aquatic plants (Marsh and Wet meadow), 

which provide essential habitat and other resources for fish, invertebrates, amphibians, and birds 

(Rooney et al., 2013). The study area has a humid continental mild summer climate (Köppen 

climate classification), with cold winters, and short, cool summers. For Golden, B.C., the mean 

annual average air temperature is 3ºC, and total precipitation ~800 mm year-1 (Environment 

Canada, 2022a). The annual average peak river flow at Nicholson, upstream of Golden, is 512 m³ s-

1 (Carli and Bayley, 2015). Annual air temperature is predicted to increase by 0.02 and 0.03 deg C 

year-1 by 2040 based on RCP 4.5 and 8.5 scenarios (Swart et al 2019; ECCC 2021) (Figure 1c – see 

below). 
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Fig. 3.1. a) The study location in Canada; b) Upper Columbia River Wetlands study area; c) 

observed, estimated and predicted meteorological data for Golden, BC where, Obs – Historical 

monthly averages at Golden meteorological station (1984 to 2022); Est – Estimated Historical 

monthly averages with bias correction by CanESM5 (1984 to 2014); RCP 4.5 – Projected (2015 to 

2040) monthly averages with bias correction (Linear Scaling Method – LSM) by CanESM5 under 

RCP 4.5; RCP 8.5 – Projected (2015 to 2040) monthly averages with bias correction (LSM) by 

CanESM-2 under RCP 8.5 

3.2.2. Data 

The historical (1984 – 2022) river discharge data were acquired from the Nicholson gauge 

(Environment Canada, 2022b; Columbia River at Nicholson, 08NA002; Location: 51° 14' 36" N, 
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116° 54' 46" W). Historical (1984 – 2022) air temperature (Tair) and precipitation (P), data were 

obtained from the Golden Weather station (Environment Canada, 2022a; Golden A, 1173209; 

Location: 51° 17' 57" N, 116° 58' 56" W; Elevation: 784.9 m a.s.l.). This station was chosen due to 

its extensive historical record and its location within the main valley of the study area.  

The projected daily Tair and P were obtained from a subset of the Canadian CanESM5 

model (Swart et al., 2019), which is part of the Coupled Model Intercomparison Project Phase 6 

(CMIP6) global climate models (GCMs) (Environment and Climate Change Canada, 2021). The 

grids were established with a longitude and latitude of 2.8125°, which corresponds to a spatial 

resolution of ~312 km. Outputs from GCMs are subject to systematic scale-based deviations from 

location-specific values, therefore, bias-correction is recommended to ensure simulation reliability 

(Teutschbein and Seibert, 2012). The Linear Scaling Method (LSM) was used to correct bias, as this 

method has proven effective for bias-correction in mountain environments (Teutschbein and 

Seibert, 2012; Chen et al., 2013; Shrestha et al., 2017). Temperature for a given time ‘t’ (T(t)) is 

corrected with an additive factor (Tm- Ts, Equation 3.1, where Tm is the average monthly historical 

air temperature observed at the reference weather station, and Ts represents the average monthly 

historical air temperature simulated by the CanESM5 for the grid cell occupied by the observation 

station), whereas the precipitation variables (𝑃(t)), are corrected with a multiplicative factor (Pm / Ps, 

Equation 3.2, where Pm is the historical monthly hydroclimatic data average measured at the 

reference weather station, and Ps represents the monthly average simulated by the CanESM5). The 

use of additive (to correct the bias on the air temperature) and multiplicative (to correct the bias on 

other hydroclimatic variables) factors has been used in studies of hydrological impacts due to 

climate change (Teutschbein and Seibert, 2012; Fiseha et al., 2014; Althoff et al., 2020). Thus, bias-

correction through the LSM was performed for both the baseline (1984-2014) and scenario (2015-

2040) periods using Equations 3.1 and 3.2 (* represents the bias-corrected variable): 

 

T(t)
* = T(t)+Tm- Ts                                                                                                                              (3.1) 

𝑃(t)
*  = 𝑃(t)  (

Pm

Ps
)                                                                                                                                 (3.2) 

 

Moreover, the seasonal (Spring: April 01 to May 15; Summer: May 16 to July 31; Late 

Summer: August 01 to September 15) historical LC (maps were obtained from Rodrigues et al. 
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(2024)), from 1984 to 2022, which were used in the Artificial Neural Network (ANN) algorithm to 

project seasonal spatial LC. The four LC classes are: Open water; Marsh (Schoenoplectus 

tabernaemontani – Bulrush, and Typha latifolia – Cattail Marsh); Wet meadow (Carex rostrata – 

Beaked Sedge, Carex aquatilis – Water Sedge, Equisetum arvense – Horsetail); Woody/Shrub 

vegetation (Woody species: Cottonwood – Populus, Norway Spruce – Picea abies, and Dogwood – 

Cornus spp.; Shrub species: Sitka Willow – Salix sitchensis, Red – Osier Dogwood – Cornus 

sericea, Horsetail – Equisetum spp.). In addition, the ANN model incorporated terrain driving 

factors such as elevation (from the NASA SRTM Digital Elevation Model – DEM), slope, 

topographic position index (TPI – the difference between the elevation of each pixel and the 

average elevation of its neighbouring pixels (De Reu et al., 2012)), and aspect (suggested by 

Kamaraj and Rangarajan, 2022). The driving factors were created from the DEM using the Spatial 

Analyst tool in ArcGIS Pro v3.3.1. The ANN learns and applies spatial relationships between LC 

types, driving factors, and LC change across the study area, thus improving predictions (Gharaibeh 

et al., 2020).  

The following is a succinct explanation of the terrain driving factors that were used in the 

ANN routine: elevation affects vegetation and land cover, with locally high elevations (e.g., on the 

riverbank) tending to display distinct vegetation types (e.g., woody and shrub) compared to nearby 

or adjacent low elevations (e.g., marsh). Slope affects floodplain land cover since taller dense 

vegetation is more prevalent on sloped terrain, for example, whereas open water is found in flat 

areas. Aspect can provide an index of local growing conditions due to solar radiation receipt, for 

example. TPI can provide a local proxy of hillslope-scale moisture conditions in flatter terrain, with 

local lowlands tending to be wetter and local uplands tending to be drier. 

 

3.2.3. Modelling Framework 

The research was conducted in four stages (Figure 3.2). First, an artificial neural network 

(ANN) approach, MOLUSCE (NextGIS, 2017) was used to project the spatial land cover (LC) 

using historical LC classification data from the UCRW (Rodrigues et al., 2024). Second, linear LC 

(i.e., Open Water, Marsh, Wet Meadow, and Woody/Shrub) simulation was performed using ANN. 

Third, hydroclimate-based models were created to project river discharge using Tair and P from the 

RCP 4.5 and 8.5 scenarios. Finally, trend analyses were performed to assess the impact of climate 

change based on the linear LC change and RCP scenarios.  
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Fig. 3.2. Methodological flowchart for assessing climate change impacts in the LC and river 

discharge in the UCRW. 

3.2.4. Stage 1: Linear LC projection using MOLUSCE 

The MOLUSCE plug-in, integrated into the QGIS software (version 2.18), was employed 

to forecast changes in land cover (LC) of the UCRW until the 2040s. Historical seasonal LC maps 

(Rodrigues et al., 2024) were used along with terrain driving factors (Figure S1A) to predict 

landcover change. This projection utilises a hybrid approach combining artificial neural networks 

(ANN) and Cellular automata (CA). The Cellular Automata (CA) functionality in QGIS is 

implemented using the Markov chain technique, which predicts future land cover based on past and 

current land cover (Yatoo et al., 2020). This model integrates seasonal historical and current land 

cover maps with spatial terrain driving factors (i.e., elevation, slope, topographic position index, 

and aspect; Figure S1 in supplementary material A of Chapter 3) (Rodrigues et al. 2025) to provide 

estimates of future changes as tables and maps (Gašparović and Jogun, 2017). Moreover, the ANN 

algorithm in MOLUSCE was used since it tends to be more accurate than other techniques for LC 

prediction (Gharaibeh et al., 2020; Ahmad et al., 2023).  

The parametrization of MOLUSCE begins with the transition potential model (i.e., the 

potential of a pixel to change from one land cover class to another), which was trained using a 
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momentum of 0.05 (varying from 0 to 1), a learning rate of 0.01 (range between 0 to 1) to stabilise 

the learning graph (as per Alshari and Gawali, 2022; Kamaraj and Rangarajan, 2022) and was 

trained for 100 iterations to prevent overfitting. The learning rate, momentum, and iterations are 

called the learning parameters. High learning rate and momentum enable quick yet unstable 

learning; Small learning rate and momentum suggest steady yet sluggish learning. The number of 

iterations should avoid overfitting, which may be determined via testing and simulations. (NextGIS, 

2017). A neighbourhood value (counts the pixels around the current pixel: size = 1 indicates 9 

pixels, or 3 × 3 region; size = 2 implies 25 pixels, or 5 × 5 region, etc.) of 3 (i.e., which implies 49 

pixels, or 7 × 7 region, from the historical LC dataset) was employed to train the ANN algorithm 

using change observations occurring within a 90-meter radius around each LC cell. The model had 

12 hidden layers (as per Muhammad et al., 2022), which were neurons that learned linear and non-

linear relationships between the input (LC and terrain driving factors) and the output (projected 

LC). Each hidden layer neuron gets inputs from all previous layer neurons, multiplies them by their 

weights, adds a bias term, and sends the output via an activation function. Neuron output feeds the 

next layer (NextGIS, 2017). The projected LC pixel was decided based on the present state of a 

neighbouring cell, the changes in the surrounding cells, and by the relationships with the terrain 

driving factors in the CA framework (Lau and Kam, 2005; Koomen and Beurden, 2011). 

The ANN-CA simulation was subsequently followed by the validation process, which 

allows for the verification, comparison, and validation of the projected LC. The validation process 

involved comparing the projected seasonal LC with the reference seasonal LC maps (Rodrigues et 

al., 2024). To avoid noise in the trends, approximate 20-year periods (1980s to 2020s) were used to 

forecast seasonal LC maps during the period from 2020 to 2040. The mode of the seasonal LC maps 

from the 1984 to 1988 (herein referred to as 1980s) and the 2002 to 2006 period (herein referred to 

as 2000s) was utilised to project the seasonal mode LC map from the 2018 to 2022 period (herein 

referred to as 2020s). This approach avoids the selection of a dry or wet year and instead uses 

‘typical’ characteristics on a per pixel basis. Furthermore, the rationale for using these past intervals 

and years was based on an analysis of the Pacific Decadal Oscillation, which pinpointed normal, 

dry and wet years in the UCRW, as detailed by Rodrigues et al. (2024). For instance, in the 1980s, 

there were two normal years (1984 and 1988), two dry years (1985 and 1987), and one wet year 

(1986). In the 2000s, there was one normal year (2003), two dry years (2004 and 2005), and two 

wet years (2002 and 2006). In the end, ensuring a well-balanced combination of all floodplain 
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conditions. 

The mode of the LC maps was determined in the Google Earth Engine using the “.mode()” 

tool. Hence, the LC map for the year 2020 was derived utilising the reference LC mode and change 

maps from the 1980s and 2000s, and the terrain driving variables, as the input data using the 

prediction methodology described above. The predicted seasonal mode map of 2020’s, was 

compared to the reference seasonal mode map of 2020’s. The Kappa coefficient was employed to 

assess the level of accuracy between the reference and projected LC. Specifically, 100 pixels per 

land cover class were evenly random dispersed throughout the whole domain of the UCRW, 

resulting in a total of 400 pixels across the four land cover classes: open water, marsh, wet meadow, 

and woody/shrub. In addition, the Kappa coefficient was used to assess the accuracy between the 

projected land cover changes and the actual changes throughout the entire UCRW. This involved 

randomly selecting 100 points per class (1200 total), evenly random distributed across twelve LC 

change classes: 1) open water to marsh, 2) open water to wet meadow, 3) open water to 

woody/shrub, 4) marsh to open water, 5) marsh to wet meadow, 6) marsh to woody/shrub, 7) wet 

meadow to open water, 8) wet meadow to marsh, 9) wet meadow to woody/shrub, 10) woody/shrub 

to open water, 11) woody/shrub to marsh, and 12) woody/shrub to wet meadow. The analysis 

focused on the land cover areas that underwent change by excluding areas that retained the same LC 

class through time. The comparison was made between the reference land cover change map from 

the 2000s to the 2020s, and the land cover change map between the reference land cover from the 

2000s and the projected land cover for the 2020s.  

To extend the forecasts beyond 2020, the reference seasonal mode LC map from the 2000s 

and 2020s was used to forecast the seasonal mode LC map for the 2040s (i.e. 2038 to 2042). Figure 

3.3 illustrates the implementation of the cascade projection method. 
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Fig. 3.3. LC forecast approach using MOLUSCE (i and ii: the steps and datasets used to project LC 

over the future) 

3.2.5. Stage 2: Hydroclimatic-based models for river discharge 

Hydroclimatic models based on average monthly air temperature (Tair) (°C) and monthly 

total precipitation (P) (mm) were created to estimate monthly river discharge in the UCRW, since 

glacier melt, snow melt, and rainfall are the main drivers of river discharge (Diomede et al., 2008; 

Zhang et al., 2011; Tsuruta and Schnorbus, 2021). The seasonal (spring, summer, and late summer) 

models to simulate monthly river discharge were developed based on observed river discharge at 

Nicholson streamflow-gauge (from 1984 to 2022) as the response variable, Tair and P as inputs. Tair 

and river discharge were averaged, and cumulative P was totalised for each season (Spring; 

Summer; Late Summer). Average discharge (in m3.s-1) was projected for each season. 

The seasonal models were created using the LABFit software (Silva et al., 2004), which 

uses the Levenberg-Marquardt optimisation technique (Levenberg, 1944; Marquardt, 1963) (also 

referred to as damped least-squares). This method is considered powerful because it combines a 

gradient descent algorithm, which is a machine learning approach used to find the coefficients of a 

function that minimises a cost function, with a Gauss-Newton algorithm, which solves non-linear 

least squares problems found by the minimum residual of the chosen non-linear function (Silva et 

al., 2004). The optimal non-linear regression form between the Tair and P and river discharge was 

determined based on the reduced chi-square (i.e., a non-linear function around 1 is ideal) using the 

LABFit library, which offers over 500 pre-defined non-linear regression functions. The river 

discharge data from 1984 to 2022 were divided into two equal parts: 50% for training (even years 

1984, 1986, etc.) and the remaining 50% (odd years) for validation. Training and validation were 

sampled from alternating years to mitigate the influence of anomalous multi-year periods, and due 
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to a noticeable shift in the UCRW river flow patterns around the year 2000 (Rodrigues et al., 2024). 

3.2.6. Stage 3: River discharge and open water extent forced with RCPs 4.5 and 8.5 

The seasonal hydroclimatic-based models from section 3.2.5, were driven by the bias 

corrected Tair and P from CanESM5 (from historical, 1984 – 2014, and projected 2015 – 2040). The 

river discharge was examined using two distinct atmospheric forcing scenarios: a hydroclimatic-

based model driven by the RCPs 4.5 (SSP2) and 8.5 (SSP5). To evaluate if projected river flow was 

representative of true discharge, GCM-modelled discharge at RCP 4.5 and 8.5 was compared (using 

Nash-Sutcliffe coefficient) against observed discharge during the period of overlap from 1984 to 

2022. 

Total floodplain open water extent for each season was estimated for both RCP 4.5 and 8.5 

scenarios using previously generated empirical models (Rodrigues et al., 2024) of open water area 

based on river discharge (i.e., river discharge vs open water regression; herein referred to as 

regression model). GCM-modelled open water extent was compared to the open water extent 

projected by the ANN approach for 2040, which determined the RCP pathway that the linear 

projection of the UCRW followed in the future. 

3.2.7. Stage 4: Trend analyses 

The Mann-Kendall method (Kendall, 1975; Mann, 1945) was used to conduct a trend 

analysis on the projected LC extent, GCM-modelled river discharge, open water area, air 

temperature and precipitation in pyMannKendall (Hussain and Mahmud, 2019). The Mann-Kendall 

method evaluates three hypotheses: i) the absence of a trend (null hypothesis), ii) a positive trend, 

iii) a negative trend. A significance threshold of p-value = 0.05 was adopted. The magnitude of the 

changes was evaluated by the nonparametric Sen’s slope and Kendall’s tau (τ) coefficient, which 

quantifies the association between the variables. 

3.2.8. Statistical comparison 

In section 3.2.4, the reference and projected LC extent (in square kilometres) for the 

2020’s were compared using two statistical techniques: Total error (TE) and Total Percentage Error 

(%TE).  

In section 3.2.5, the hydroclimatic model performances were assessed using the coefficient 

of determination (R2), RMSE, the Nash-Sutcliffe coefficient (NSE) as proposed by Nash and 
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Sutcliffe (1970), and the percent RMSE (%RMSE). 

In section 3.2.6, the open water extent projected by RCP 4.5 and 8.5 was compared to the 

open water extent projected by the ANN approach utilizing the RMSE and %RMSE. This 

comparison determined the RCP pathway that the linear projection of the UCRW followed in the 

future. 

 

3.3. Results 

3.3.1. Spatial LC projection accuracy 

The seasonal kappa coefficients of the predicted raster for the 2020’s (using the LC of 

1980’s and 2000’s from each season) over the spring, summer and late summer seasons was 0.86, 

0.88, and 0.81, respectively. The seasonal confusion matrix with total accuracy, omission and 

commission errors of the reference and projected land cover of 2020s are shown in Supplementary 

material B of Chapter 3 (Table S1 to S3) (Rodrigues et al. 2025). Moreover, Figure 3.4 illustrates 

the seasonal (spring, summer, and late summer) predicted LC for each floodplain land cover 

compared to the reference dataset.  
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Fig. 3.4. Comparison of central section (portion of Spillimacheen to Golden, spanning a ~14 km 



136  

stretch) of the Upper Columbia River floodplain reference and projected LC for 2020’s during the 

spring (a), summer (b), and late summer (c). 

 

More importantly, the seasonal kappa coefficients of the LC change maps (i.e., between 

the reference and projected 2000’s and 2020’s) during spring, summer, and late summer was 0.78, 

0.84, and 0.86, respectively. Tables 3.1 to 3.3 describe the seasonal (spring, summer, and late 

summer) confusion matrix with total accuracy, omission and commission errors of the reference and 

projected land cover change maps from 2000s to 2020s. In addition, Figure 3.5 illustrates the 

seasonal (spring, summer, and late summer) predicted LC change map for each floodplain land 

cover compared to the reference LC change map dataset. 

 



 

Table 3.1. Confusion Matrix with commission and omission errors between the reference and projected land cover change of 2020’s 

during spring (i.e., April to mid-May) 

Classes OW–M OW–WM OW–WS M–OW M–WM M–WS WM–OW WM–M WM–WS WS–OW WS–M WS–WM 
Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

OW–M 74 2 2 4 2 4 2 1 2 2 3 2 100 0.26 

79.9% 0.78 

OW–WM 3 74 1 3 4 3 1 3 2 1 3 2 100 0.26 

OW–WS 2 0 80 3 4 3 3 1 1 0 2 1 100 0.20 

M–OW 2 3 1 76 1 3 3 2 2 3 3 1 100 0.24 

M–WM 1 3 2 3 80 3 5 2 1 0 0 0 100 0.20 

M–WS 2 2 2 1 1 79 2 2 3 2 2 2 100 0.21 

WM–OW 0 2 1 1 3 0 80 2 3 3 3 2 100 0.20 

WM–M 1 2 2 2 1 1 2 80 2 2 3 2 100 0.20 

WM–WS 2 2 3 2 2 2 1 2 79 2 1 2 100 0.21 

WS–OW 0 0 2 1 1 2 0 2 2 84 3 3 100 0.16 

WS–M 0 1 2 1 1 2 1 3 1 2 86 0 100 0.14 

WS–WM 0 1 2 2 3 1 0 0 1 2 1 87 100 0.13 

Marginal 

total 
87 92 100 99 103 103 100 100 99 103 110 104 1200  

Omission 

Error 
0.15 0.20 0.20 0.23 0.22 0.23 0.20 0.20 0.20 0.18 0.22 0.16   

1) OW – M: open water to marsh; 2) OW – WM: open water to wet meadow; 3) OW – WS: open water to woody/shrub; 

4) M – OW: marsh to open water; 5) M – WM: marsh to wet meadow; 6) M – WS: marsh to woody/shrub; 7) WM – 

OW: wet meadow to open water; 8) WM – M: wet meadow to marsh; 9) WM – WS: wet meadow to woody/shrub; 10) 

WS – OW: woody/shrub to open water; 11) WS – M: woody/shrub to marsh; and 12) WS – WM: woody/shrub to wet 

meadow 

 

 

 

 



 

Table 3.2. Confusion Matrix with commission and omission errors between the reference and projected land cover change of 2020’s 

during summer (i.e., late-May to July) 

Classes OW–M 
OW–

WM 
OW–WS M–OW M–WM M–WS WM–OW WM–M WM–WS WS–OW WS–M WS–WM 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

OW–M 83 2 1 1 2 1 2 1 2 2 1 2 100 0.17 

85.1% 0.84 

OW–WM 3 84 1 1 2 1 1 1 2 1 1 2 100 0.16 

OW–WS 2 0 81 2 4 3 3 1 1 0 2 1 100 0.19 

M–OW 1 1 1 86 1 0 0 2 2 2 3 1 100 0.14 

M–WM 1 3 2 3 84 3 1 2 1 0 0 0 100 0.16 

M–WS 0 2 0 1 1 89 2 2 1 0 0 2 100 0.11 

WM–OW 0 2 1 1 3 0 84 1 2 2 2 2 100 0.16 

WM–M 1 1 0 1 1 1 2 86 2 2 1 2 100 0.14 

WM–WS 1 1 1 1 2 1 1 2 85 2 1 2 100 0.15 

WS–OW 0 0 2 1 1 2 0 2 2 84 3 3 100 0.16 

WS–M 0 1 2 1 1 2 1 3 1 2 86 0 100 0.14 

WS–WM 2 1 2 1 1 1 1 2 2 2 1 84 100 0.15 

Marginal 

total 
94 98 94 100 103 104 98 105 103 99 101 101 1200  

Omission 

Error 
0.12 0.14 0.14 0.14 0.18 0.14 0.14 0.18 0.18 0.15 0.15 0.17   

 

 

 

 

 

 

 

 

 

 



 

Table 3.3. Confusion Matrix with commission and omission errors between the reference and projected land cover change of 2020’s 

during late summer (i.e., August to late-September) 

Classes OW–M 
OW–

WM 
OW–WS M–OW M–WM M–WS WM–OW WM–M WM–WS WS–OW WS–M WS–WM 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

OW–M 86 1 1 1 1 1 2 1 1 2 1 2 100 0.14 

86.8% 0.86 

OW–WM 3 84 1 1 2 1 1 1 2 1 1 2 100 0.16 

OW–WS 2 0 85 1 1 3 3 1 1 0 2 1 100 0.15 

M–OW 1 1 1 86 1 0 0 2 2 2 3 1 100 0.14 

M–WM 1 3 1 2 89 1 1 1 1 0 0 0 100 0.11 

M–WS 0 2 0 1 1 89 2 2 1 0 0 2 100 0.11 

WM–OW 0 2 1 1 1 0 86 1 2 2 2 2 100 0.14 

WM–M 1 1 0 1 1 1 2 86 2 2 1 2 100 0.14 

WM–WS 1 1 1 1 2 1 1 2 85 2 1 2 100 0.15 

WS–OW 0 0 2 1 1 2 0 1 2 89 1 1 100 0.11 

WS–M 0 1 2 1 1 2 1 3 1 2 86 0 100 0.14 

WS–WM 0 1 1 0 1 2 1 1 1 1 1 90 100 0.10 

Marginal 

total 95 97 96 97 102 103 100 102 101 103 99 105 
1200 

 
Omission 

Error 0.09 0.13 0.11 0.11 0.13 0.14 0.14 0.16 0.16 0.14 0.13 0.14     
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Fig. 3.5. Comparison of the reference and projected land cover change map of central section 

(portion of Spillimacheen to Golden, spanning a ~14 km stretch) of the Upper Columbia River 

floodplain from 2000’s to 2020 during spring (a), summer (b), and late summer.  

M –> OW: marsh to open water; WM –> OW: wet meadow to open water; WS –> OW: 

woody/shrub to open water; WS –> M: woody/shrub to marsh; WM –> M: wet meadow to 

marsh; OW –> M: open water to marsh; WS –> WM: woody/shrub to wet meadow; M –> WM: 

marsh to wet meadow; OW –> WM: open water to wet meadow; OW –> WS: open water to 

woody/shrub; M –> WS: marsh to woody/shrub; and WM –> WS: wet meadow to woody/shrub. 
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Table 3.4 shows that the projected LC of 2020’s total errors (TE) between -0.8 and +1.0 

km2 (average: +0.03 km2), with total percentage errors (%TE) varying from -15% to +12.5% 

(average: -0.1%). The best projected land cover change classes were as follows: Spring: wet 

meadow to open water; Summer: marsh to woody/shrub; Late summer: open water to marsh. Also, 

in Spring, open water to marsh and wet meadow change trajectories were overestimated, while 

during Summer there was an under-estimation of the open water to woody/shrub change class. In 

Late Summer an overestimation of marsh to wet meadow and marsh to woody/shrub was found. 

These results match commission and omission outcomes, i.e., Tables 3.1 to 3.3. Therefore, the 

projected LC extents are a reasonable representation of the reference (or true) LC. 

Table 3.4. Comparison of the reference and projected LC change extent maps from the 2000s to 

2020s in the Upper Columbia River floodplain. 

LC change classes 

Reference LC Change 

(km2) (Rodrigues et al. 

2024) 

Projected LC Change 

(km2) 
TE (km2) %TE (%) 

S Su LS S Su LS S Su LS S Su LS 

OW (No Change) 22.10 46.00 24.70 22.00 46.20 24.30 -0.10 0.20 -0.40 -0.45 0.4 -1.6 

OW –> M 0.40 4.30 7.80 0.45 4.45 8.00 0.05 0.15 0.20 12.50 3.5 2.6 

OW –> WM 2.00 0.90 1.40 2.20 0.95 1.30 0.20 0.05 -0.10 10.00 5.6 -7.1 

OW –> WS 3.10 0.80 0.10 2.95 0.68 0.11 -0.15 -0.12 0.01 -4.84 -15.0 10.0 

M (No Change) 11.30 73.00 102.00 11.50 73.40 101.20 0.20 0.40 -0.80 1.77 0.5 -0.8 

M –> OW 5.90 5.80 1.40 5.50 6.20 1.30 -0.40 0.40 -0.10 -6.78 6.9 -7.1 

M –> WM 3.40 5.90 1.10 3.30 5.80 1.20 -0.10 -0.10 0.10 -2.94 -1.7 9.1 

M –> WS 4.00 13.30 8.50 3.80 13.10 9.30 -0.20 -0.20 0.80 -5.00 -1.5 9.4 

WM (No Change) 87.00 18.00 0.60 88.00 17.80 0.57 1.00 -0.20 -0.03 1.15 -1.1 -5.0 

WM –> OW 9.10 0.90 0.50 9.00 0.85 0.47 -0.10 -0.05 -0.03 -1.10 -5.6 -6.0 

WM –> M 6.90 0.70 0.20 6.60 0.65 0.21 -0.30 -0.05 0.01 -4.35 -7.1 5.0 

WM –> WS 8.00 1.40 2.30 7.80 1.50 2.32 -0.20 0.10 0.02 -2.50 7.1 0.9 

WS (No Change) 14.40 13.00 36.70 14.60 13.20 36.30 0.20 0.20 -0.40 1.39 1.5 -1.1 

WS –> OW 2.80 2.10 0.10 2.68 2.00 0.10 -0.12 -0.10 -0.01 -4.29 -4.8 -5.0 

WS –> M 2.20 1.90 0.10 2.28 2.00 0.09 0.08 0.10 -0.01 3.64 5.3 -10.0 

WS –> WM 5.10 0.20 0.10 5.20 0.21 0.11 0.10 0.01 0.00 1.96 5.0 5.0 

S – spring; Su – summer; LS – late summer; OW: open water; M: marsh; WM: wet meadow; WS: 

woody/shrub; OW –> M: open water to marsh; OW –> WM: open water to wet meadow;  

 

3.3.2. Projected floodplain landcover change from 2020 to 2040 
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From 2020 to 2040, the area of open water is predicted to decrease in spring (April to mid-

May) (-3 km2 or -2% of the total floodplain area) and late summer (August to mid-September), 

while an increase is expected during summer season (late-May to July) (-9 km2 or -5%) Marsh areas 

are projected to decrease during the spring (-1 km2 or -1%), summer (-19 km2 or -12%), and late 

summer (-2 km2 or -1%). Wet meadow area is projected to decrease during spring (-2 km2 or -1%) 

and increase in the summer (+6 km2 or +4%), and late summer (+1 km2 or -1%). In contrast, 

woody/shrub vegetation increased in area over the spring (+6 km2 or +4%), summer (+7 km2 or 

+4%), and late summer (+10 km2 or +5%). The air temperature and precipitation are projected to 

increase. The changes per season of the land cover extent are depicted in Figure 3.6, 3.7, and 3.8, 

and the trends in the hydro-climatological parameters are shown in Supplementary Material C of 

Chapter 3 (Rodrigues et al. 2025) (Table S4). 
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Fig. 3.6. Projected Upper Columbia River floodplain distribution of land cover change from April 

to mid-May. Insets: a) illustrate changes in land cover for a central sample region (~14 km stretch 

portion of Spillimacheen to Golden) of the overall floodplain. b) Sankey diagram of the changes in 

land cover from 2020 to 2040, the land cover change since 2020, and the percentage of change 

compared to each individual land cover since 2020, and the Columbia wetlands area (188 km2). 
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Fig. 3.7. Projected Upper Columbia River floodplain distribution of land cover change from late-

May to July. Insets: a) illustrate changes in land cover for a central sample region (~14 km stretch 

portion of Spillimacheen to Golden) of the overall floodplain. b) Sankey diagram of the changes in 

land cover from 2020 to 2040, the land cover change since 2020, and the percentage of change 

compared to each individual land cover since 2020, and the Columbia wetlands area (188 km2). 
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Fig. 3.8. Projected Upper Columbia River floodplain distribution of land cover change from August 

to mid-September. Insets: a) illustrate changes in land cover for a central sample region (~14 km 

stretch portion of Spillimacheen to Golden) of the overall floodplain. b) Sankey diagram of the 

changes in land cover from 2020 to 2040, the land cover change since 2020, and the percentage of 

change compared to each individual land cover since 2020, and the Columbia wetlands area (188 

km2). 

A section-based evaluation (i.e., Invermere to Brisco, Brisco to Spillimacheen, 

Spillimacheen to Golden, Golden to Donald) of the UCRW was conducted, showing the projected 

changes per river reach section of the floodplain from 2020 to 2040. Based on this, the most 
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vulnerable section of the UCRW is from Spillimacheen to Golden (Figures S2 in supplementary 

material D of Chapter 3) (Rodrigues et al. 2025), which during spring is projected to have larger 

decreases in open water, marsh, and wet meadow, and increases in woody/shrub. During the 

summer, open water, wet meadow, and woody/shrub are likely to increase, while marsh areas will 

decrease. Meanwhile, in late summer, open water and marsh are expected to decline, while wet 

meadow and woody/shrub encroachment will increase. In addition, the second most vulnerable 

section is from Brisco to Spillimacheen, followed by Invermere to Brisco, and Golden to Donald. 

The other projected land cover changes per section and season results are described in 

supplementary material D of Chapter 3 (Rodrigues et al. 2025), Figures S3 (Invermere to Brisco), 

S4 (Brisco to Spillimacheen) and S5 (Golden to Donald). 

3.3.3. River discharge model 

Figure 3.9 (a, b, c) presents the training and validation performance of the seasonal Upper 

Columbia River discharge models trained from monthly air temperature and precipitation. The 

model for spring had the highest accuracy, followed by late summer, then summer. Figure 3.10d 

shows a visual comparison between modeled versus reference values of river discharge at the Upper 

Columbia River. The higher accuracy of the hydroclimatic models during spring is due to low flow 

variation during this season, which makes it simpler to simulate. While in late summer and summer, 

river flow is more dynamic. Overall, the results suggest that the seasonal hydroclimatic-based 

models captured the river dynamic throughout the 1984 to 2022 period.  
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Fig. 3.9. Performance (i.e., R2, RMSE, NSE, and %RMSE) of the seasonal hydroclimatic-based 

models for spring (a), summer/peak flow (b), and late summer (c), and the annual variation of 

reference and seasonal modeled (i.e., train and validation data) river discharge (d) from 1984 to 

2022 

3.3.4. Projected discharge trends forced by RCP 4.5 and 8.5 

The projected Upper Columbia River discharge changes from 1984 to 2040 are illustrated 

in Figure 3.10 during the spring (Figure 3.11a), summer (Figure 3.11b), late summer (Figure 3.11c). 

In the spring, the Upper Columbia River discharge tends to increase under RCP 4.5 (+0.78 m3 s-1 

year-1) and 8.5 (+1.85 m3 s-1 year-1). However, the river discharge during summer (RCP 4.5: -1.13 

m3 s-1 year-1 ; RCP 8.5: -1.32 m3 s-1 year-1) and late summer (RCP 4.5: -0.03 m3 s-1 year-1 ; RCP 8.5: 

-0.21 m3 s-1 year-1) season are projected to reduce. Overall, regardless of the scenarios and season, 

almost all river discharge projections out to 2040 (except for the RCP 4.5 in late summer) are 

statistically significant (p < 0.05).  
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Fig. 3.10. Projected trends (1984 – 2040) of river discharge during spring (a), summer/peak flow 

(b), late summer (c) and forced by the RCPs 4.5 and 8.5, and a comparison (NSE) between 

reference and modelled river discharge (1984 – 2022). Shaded areas indicate the 95% confidence 

intervals for the projected river discharge for each decade. 

Furthermore, when comparing the modelled and measured overlapping period of river 

discharge (i.e., from 1984 to 2022), during spring, the RCP 4.5 (NSE 0.73) better represented the 

reference river discharge, followed by the RCP 8.5 (R2 0.65) projections. In summer, the RCP 4.5 

paths better reflected the reference discharge, with NSE of 0.49, while RCP 8.5 projections had a 

lower accuracy, NSE of 0.40. Over the late summer, the RCP 4.5 (NSE 0.63) were better associated 

with the reference river discharge, and a low representation by the RCP 8.5 (NSE 0.54). 

3.3.5. Projected floodplain open water area trends forced by RCPs 4.5 and 8.5 
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The open water extent of the UCRW from 1984 to 2040 is shown in Figure 3.11, during 

the spring (Figure 3.11a), summer (Figure 3.11b), late summer (Figure 3.11c). In the spring, the 

open water area will increase according to the RCP 4.5 (+0.21 km2 year-1) and 8.5 (+0.30 km2 year-

1). In contrast, the open water extent during summer (RCP 4.5: -0.05 km2 year-1; RCP 8.5: -0.06 

km2 year-1) and late summer (RCP 4.5: -0.07 km2 year-1; RCP 8.5: -0.10 km2 year-1) season will 

decrease. Overall, all projected trends of open water extent are statistically significant (p < 0.05), 

independent of the scenarios and seasons with the exception of the late summer period.  

 

Fig. 3.11. Projected trends (1984 – 2040) of open water extent during spring (a), summer/peak flow 

(b), and late summer (c) forced by the RCPs 4.5 and 8.5, and a comparison (NSE) between 

reference and open water extent (1984 – 2022) and the ANN method in 2040. Shaded areas indicate 

the 95% confidence intervals for the projected open water extent for each decade. 
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Figure 3.11 illustrates the comparison between the predicted open water extent determined 

by the Artificial Neural Networks (ANN) findings and the open water projected by both RCPs 

paths. Overall, the open water LC extent based on ANN were well within the 95% confidence limits 

of the RCP 4.5 open water area during spring, summer, and late summer. The ANN seasonal open 

water LC projections deviated further from the RCP 8.5 open water trend line with spring showing 

the greatest negative deviation.  

Moreover, comparing the modelled and measured overlapping period of open water (i.e., 

from 1984 to 2022), RCP 4.5 better represented the reference open water extent in all seasons 

(NSE: spring 0.60, summer 0.44, and late summer 0.59) (Figure 11 a,b,c). Meanwhile, the RCP 8.5 

paths showed lower accuracy over the spring (NSE 0.53), summer (NSE 0.33) and late summer 

(NSE 0.39) (Figure 3.11a,b,c). 

3.4. Discussion 

3.4.1. MOLUSCE as a tool for land cover projection 

The overall average kappa coefficient for the predicted LC made by the ANN method was 

0.85, which is considered a good accuracy for wetlands (Alam et al. 2021; Aneesha Satya et al. 

2020; Rahman et al. 2017), as this ecosystem tends to be very dynamic and difficult to predict. In 

the spring, open water, marsh, wet meadow, and woody/shrub were easier to discern. In summer, 

the floodplain is largely covered by water, marsh, and woody vegetation, with a small area of wet 

meadow visible since high water levels cover the dominant wetland meadow vegetation. In late 

summer, marsh and woody/shrub vegetation greens up, confusing the vegetated groups. 

Furthermore, marsh and wet meadow merge, which may diminish late summer kappa values. 

Regarding the 2000s – 2020s seasonal LC change maps comparison, overall average kappa 

coefficient between the reference and predicted LC by the ANN method was 0.82. However, during 

the Spring (0.78) and Summer (0.84) presented the lowest kappa. This may be explained as LCs 

changes throughout Spring and Summer are more complex (i.e., with earlier shift of the peak 

discharge from summer to spring) than in Late Summer (kappa coefficient was the greatest, 0.86), 

when drying patterns are more predictable (as open water and marsh decrease, wet meadow and 

woody/shrub grow).  

In addition, the projected open water areas in 2040 by the ANN approach and the 

regression model (i.e., river discharge vs open water) are better aligned with the RCP 4.5 
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predictions, exhibiting a historical (1984 to 2022) average NSE of 0.54. The results highlight the 

accuracy of the ANN in projecting the LC extent in the UCRW. Solely relying on the ANN 

technique would suggest that the wetlands will have reduced open water areas in spring and late 

summer, while experiencing increased open water throughout summer. However, as the ANN 

predictions are for a specific time interval (i.e., 2020s and 2040s), the real trend can be masked as 

wetlands are a fluctuating ecosystem, experiencing both dry and wet periods depending on the 

season and year. This variability is illustrated in Figure 3.10, which displays the fluctuations in open 

water areas across the projected seasons and timeframe. 

3.4.2. Climate change impacts on the Upper Columbia River floodplain 

The projected increase of river discharge and open water during spring in the Upper 

Columbia River Wetlands (UCRW) are influenced by regional air temperature and precipitation, 

which since 2015 tend to increase by 0.5 °C and 3 mm, respectively, in the 2040s under RCP 4.5 

and 0.8 °C and 5 mm in the 2040s under RCP 8.5. This pattern in the spring season may influence 

the timing of snowmelt in the UCRW, which usually starts in April (spring) and achieves a peak in 

June ~ July (summer), and then decreases through August and September (late summer). 

The onset of snowmelt may shift to earlier in April as has been observed by Rodrigues et 

al., (2024) in the same region, who suggested that the peak flow occurred six days earlier in 2022 

than in 1984, in addition, the peak flow duration has shortened by ~ one day, with a higher 

frequency of high discharge events showing more rapid onset. In the UCRW, an earlier shift of the 

peak discharge from summer to spring is expected in under the RCP 4.5 and RCP 8.5 scenarios. In 

fact, in 2023, peak discharge in the Nicholson gauge occurred from May 9th to May 25th (as per 

Environment Canada, 2022c). Tsuruta and Schnorbus (2021) employed a sophisticated hydrological 

model that incorporated factors such as snow and glacier melt, as well as rainfall, to forecast river 

discharge in the Mica Basin, north of the UCRW, until the year 2100. The authors found that spring 

discharge will likely increase under both RCP 4.5 and 8.5 scenarios while summer and late summer 

discharge are projected to decrease in both scenarios, which aligns with our findings. In Keremeos 

Creek watershed, southern British Columbia (Canada), Mirmasoudi et al. (2019) observed an earlier 

timing of snowmelt regarding RCP 4.5 and 8.5 which is to be expected as a function of increasing 

air temperature. Thus, for RCP 4.5 in the 2040s, snowmelt may start earlier in March and peak in 

May. However, RCP 8.5 in the 2040s may cause snowmelt to begin sooner (February~May) and 
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peak in April. In the Columbia watershed (above Donald), Bürger et al. (2011) projected an earlier 

snowpack melting, resulting in June peak discharges instead of July. The projected warming in this 

watershed is changing its hydrology from snow-melt-dominated (nival) river discharge to rainfall-

driven (pluvial) discharge. In consequence, river discharge in August and September is projected to 

decrease. In the Spillimacheen, Schnorbus et al. (2012) projected in both scenarios an earlier spring 

freshet (April and May) and a peak discharge shift from July to June. As a result, July, August, and 

September 2050s river discharge is expected to decrease substantially. 

The river reach section from Spillimacheen to Golden has changed the most, which is 

likely due to the discharge of the Spillimacheen river and Bugaboo snow and glacier melt streams, 

where there are a large number of downstream connected wetlands that can quickly respond to river 

discharge fluctuations. In the Columbia River Basin, glacier runoff generates 25–35% of surface 

flows during late summer river discharge (Jost et al. 2012), supplying downstream wetlands 

(Fleming and Dahlke 2014; Milner et al. 2017). However, from 1985 to 2005, Columbia Basin 

glaciers lost 15% of their area (Bolch et al. 2010) and have been projected to decline 35% to 100% 

by 2100 (Clarke et al. 2015). These historical and forecast declines in glacier volume and area 

decreases threaten Columbia River tributaries and wetlands.  

Worldwide, climate change will also impact river floodplain ecosystems, for instance, 

Moradkhani et al. (2010) employed the Soil and Water Assessment Tool in the Tualatin River 

floodplain (USA) to forecast river flow for a 50-year recurrence interval. The findings indicated a 

significant decrease (~ –200 m3 s-1) for low and middle emissions scenarios, while a notable 

increase (~ +200 m3 s-1) under high emissions scenario. In rainfall-driven river floodplains, multi-

model projections (50–100 years) indicate that by mid-century, mean annual precipitation and 

runoff are expected to decrease by 10–30% in certain dry subtropical and tropical regions, such as 

West Africa, Central America, and northeast Brazil, while an increase of 10–40% is projected in 

some wet tropical regions, including equatorial Africa, the La Plata River, southern Asia, and 

northern Australia (Milly et al., 2005; Nohara et al., 2006; Li et al., 2007; Bates et al., 2008; 

Weiland et al., 2012). In the context of extensive river systems and using hydrological simulations, 

Booij (2004) in the Meuse River (which flows through France, Belgium, and the Netherlands) 

observed a small reduction in average discharge and a slight rise in discharge variability during 

extreme events. Meanwhile, Middelkoop et al., (2001) demonstrate that global warming will shift 

the Rhine River basin (Europe) from a combined rainfall and snowmelt regime to one that is 
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predominantly dominated by rainfall. This shift is expected to result in higher winter discharge, 

more intense and earlier peak flows in spring, decreased summer discharge, and prolonged low flow 

during late summer. 

The projected reduction of the river discharge is also a function of decreases in the ratio of 

snow to total monthly precipitation due to air temperature increases in all RCP projections 

(Flannigan et al., 2009; Schnorbus et al., 2012; Carver 2017; Wang et al., 2017). If increased 

precipitation falls as rain, snow accumulation- and melt-dominated watersheds may be more 

controlled by rainwater runoff (Barnett et al., 2005; Stewart et al., 2005; Knowles et al., 2006; 

Hamlet et al., 2013; MacDonald et al., 2010), which may also increase the erosion in the mountains 

(Zhang et al., 2022a) enhancing siltation within the floodplain. Yet, recent studies observed the 

discharge response to positive trends of temperature, consequently, lower discharges were found 

during summer and late summer due to increased evaporation rates and a shift in the snow dynamics 

(Bach et al., 2018; Teuling et al., 2019), which may explain the decrease in permanent water bodies 

in the UCRW during late summer (Hopkinson et al., 2020).  

The projected trends over the discharge and open water may directly affect marsh areas, 

which are located around these water bodies. Air temperature and precipitation are the main drivers 

for marsh extent, which may be explained as they react rapidly to hydrological and climatological 

changes (Keddy, 2011). The positive trends of rainfall and faster snowmelt in the UCRW may 

create larger open water areas but reduce the marsh fringe area essentially during spring and 

summer, as the floodplain will have a rapid overflow, submerging the whole marsh area (Keddy and 

Reznicek, 1986; Keddy, 2011; Van Der Valk, 2005) and a portion of small riparian woody and 

shrub vegetation ( Sparks, 1995; Fischenich and Copeland, 2001; Steiger et al., 2005). Marsh zones 

may also be influenced by animals, for example beavers as they may control the open water pattern 

in some regions building dams, which can retain water regardless of the season (Hood and Bayley, 

2008).  

The close connection between floodplain open water and marsh areas suggests that if open 

water dries out, marshes will disappear, which has been observed by negative projected annual 

trend for both land covers. This negative trend in open water and marsh land covers will make room 

for wet meadow, which is forecasted to increase during summer and late summer and reduce in the 

spring (Clair et al. 1998; Kołos et al. 2013). Wet meadow area may increase during summer and late 

summer because the projected precipitation changes during spring (DeBeer et al., 2015, DeBeer et 
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al., 2021), which will result in faster flooding in a shorter time period. In addition, increasing 

evaporation rates (Werner et al., 2013; Bach et al., 2018; Teuling et al., 2019) could reduce the area 

of open water, which may open some space for wet meadow in the end of summer and late summer 

when the open water levels will tend to be low. 

Wet Meadow is an important ecosystem in the UCRW, providing many ecosystem 

services, for example, carbon sequestration (Wang et al., 2005), nutrient cycle (Zhang et al., 2022b), 

and aquifer recharge (McClymont et al., 2010). Nevertheless, due to drier conditions, woody/shrub 

encroachment in this region has been advancing since 1980s (Rodrigues et al., 2024), and according 

to the projections will continue, which may alter the community composition and structure of the 

floodplain’s flora. The transition from herbaceous (i.e., marshes and wet meadows), to woody or 

shrub vegetation is not immediate (from one year to the next). Herbaceous plants can be perennials 

or annuals, and the ecological succession to a woody or shrub state may be dependent on previous 

conditions (wet or dry) of the floodplain and could exhibit delays, potentially spanning years (Rood 

et al., 2003). For instance, seeds of the cottonwood species are typically dispersed following the 

annual peak in river flows, when the receding flood exposes moist areas that are favorable for the 

seeds to land and germinate (Mahoney and Rood, 1998; Peters et al., 2015). Projected earlier peak 

discharge (in May or June instead of July) and flood pulse shrink can promote the seedling during 

summer season, since the cottonwood seedling occurs from May to July (Braatne et al., 1996) and 

they need exposes moist areas to germinate. However, in the late summer, reduced flow discharges 

may hinder the initial establishment of cottonwood seedlings at streambank elevations, leading to 

higher mortality rates among small seedlings (Rood et al., 1998). This is because the post-flood 

period is crucial for seedling recruitment (Rood et al., 2005; Polzin and Rood, 2006). However, 

projected increases in rainfall during the late summer could mitigate these adverse effects by raising 

soil moisture levels. Furthermore, the encroachment of woody shrubs may also impact water 

movement and the evapotranspiration (Cui et al., 2022), which may also lead to a decrease in soil 

moisture (Deng et al., 2021).  

These projected changes described here may also affect the animals that live within the 

floodplain. Drier and more shrubby wetlands may be less hospitable for fish and amphibians, which 

may decline as the open water areas shrink (Hof et al., 2011). Climate-altered wetlands with less 

open water areas may also reduce the habitat for migratory waterbirds, as they use these wet regions 

on their way north or for reproduction (Haig et al., 2019). Furthermore, the habitat heterogeneity 
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and interspersion of herbaceous, woody and shrub vegetation can impact the recruitment and 

establishment of cottonwood seedlings surrounded by herbaceous plant neighbors. This is because 

cottonwood seedlings are shade-intolerant (require full sunlight to grow) and experience negative 

impacts from adult conspecific neighbors, in this case, the herbaceous ones (Comita and Hubbell, 

2009; Yin et al., 2023). 

In summary, the projected changes for the UCRW include an increase in peak discharge of 

the Upper Columbia River and a shift in the peak open water area from summer to spring, and 

reduction by late summer (Figure 3.12). The marsh areas are projected to decrease in all seasons. 

The wet meadow is projected to decrease in size throughout the spring, but it is expected to expand 

during the summer and late summer. Woody and shrub encroachment is projected to increase 

through all seasons.  
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Fig. 3.12. Projected hydrological processes and land cover changes by season for the UCRW. 

3.5. Challenges and limitations of river discharge and LC projections 

Multiple studies have identified uncertainties and ambiguity in regression models in 

accurately forecasting and predicting river flow in locations where snow processes play a 

significant role in driving the runoff and river discharge patterns (Alexander et al., 2016). The 

primary concern is around the timing of snowmelt in the future and the subsequent response and 

adaptation of the land and its biota to this shift. Utilising additional hydroclimatological factors, 

such as surface temperature, ground water, and shortwave or long wave radiation, have the potential 
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to improve the accuracy of river discharge projections. Moreover, incorporating air temperature and 

total precipitation from previous months, such as February and March, could potentially enhance 

model performance, as river discharge reflects prior hydroclimatic conditions. Nonetheless, before 

spring and after late summer, only baseflow occurs (as per Rodrigues et al., 2024). Incorporating 

additional one or two months could potentially enhance the performance of hydroclimatic models 

by providing the model with more degrees of freedom. However, this improvement is likely 

attributable to the inclusion of periods with lower flows, which simplifies the estimation process. 

Utilising GCMs to assess the potential effects of future climate change introduces 

additional uncertainty, as these models simulate several climatic scenarios known as RCPs. The 

objective of employing bias correction techniques is to minimise the discrepancy between model 

simulations and actual measurements within a specified reference period (in our case from 1984 to 

2015). The validity of a bias correction strategy for the historical validation/reference period implies 

its continued validity for future periods (Zheng et al., 2020). This premise has garnered widespread 

acceptance in research on the effects of climate change (Fiseha et al., 2014; Kundzewicz et al., 

2018; Teutschbein and Seibert, 2012).  

The main uncertainty about artificial neural networks (ANN) is the only use of two-time 

steps, i.e., spatial land cover of the past (T1) and present (T2), to predict the future (T3), not 

allowing the use of other time steps between T1 and T2, which could theoretically improve 

learning. Nevertheless, terrain drivers enable the ANN to learn spatial correlations between land 

cover types and change throughout the floodplain, enhancing predictions (Gharaibeh et al., 2020). 

One potential method for improving the projections involves utilizing additional time periods (for 

instance, T1 from 1984 to 1988, T2 from 1989 to 1993, to project T3, which spans 1994 to 1998, 

followed by assessing the accuracy of the projection against the reference dataset; thereafter, using 

T2 and T3 to estimate T4, covering 1999 to 2003, and so on), providing higher control over the 

projected land cover. However, the use of extra periods for land cover projections could lead to 

increased “trend noise”. This occurs as specific periods over time may primarily represent either dry 

or wet years, thereby affecting the land cover projections with a clear pattern (either wet or dry). 

Employing T1 (past) and T2 (present) aids in reducing the influence of trend noise. However, it is 

essential to ensure that both time points selected for the projections are representative periods, 

avoiding of any specific wet or dry conditions. The ANN algorithm in MOLUSCE is not flawless; 

however, it is generally more precise than other techniques for spatial land cover prediction 
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(Gharaibeh et al., 2020; Ahmad et al., 2023). Ultimately, the ANN is consistent with the projected 

open water areas. 

The higher uncertainty in the seasonal hydroclimatic models is (in theory) subject to their 

simplicity compared to full hydrological models (e.g., Raven hydrological modelling; Craig et al., 

2020). Running a full hydrological model is intended to improve analysis, however seasonal 

parsimonious hydroclimatic models can be used in data-poor places such as montane regions. 

Finally, a comparison of the uncertainties of the hydroclimatic and full hydrological models would 

assist in determining whether the parsimonious model can accurately represent river discharge 

compared with a more complex model. This assessment would show the limit of when a more 

sophisticated or simpler model is valid. 

Another factor that introduces uncertainty in the projections is the behaviour of animals, 

specifically beaver populations and beaver dams. Beaver dams may significantly expand the area of 

open water. For instance, it may be presumed that the increase in open water in the wetland is due 

to the faster melting of snow, however beavers, can play a crucial role in the local hydrology and 

often increase the area of open water in wetlands (Hood and Bayley, 2008; Hood and Larson, 

2013). 

 

3.6. Conclusion 

This study employed an Artificial Neural Network (ANN) approach to evaluate linearly 

projected land-cover trends and changes (from 2020 to 2040) and compared against an independent 

open water projection for RCP 4.5 and 8.5 climate scenarios based on an empirical river discharge 

model in the Upper Columbia River Wetlands (UCRW). The ANN predicted land cover with a 

Kappa of 0.85 for 2020s comparing the reference and projected LC, and a Kappa of 0.82 for 2020s 

reference and projected LC change maps during the training phase. Significant changes were 

projected from 2020s to 2040s by the ANN, with a reduction of open water areas during late 

summer (August to mid-September), which are consistent with RCP 4.5 projections. Furthermore, 

the peak open water area in the UCRW is expected to transition from summer (late-May to July) to 

spring (April to mid-May) under both RCP scenarios. Rising air temperatures, with the anticipated 

associated changes to precipitation amounts, phase and earlier snowmelt, are projected to shift the 

Columbia River peak discharge from summer to spring under both RCP scenarios. Expected 

floodplain changes are a reduction in marsh area and increased wet meadow, particularly during 
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summer and late summer. The area of woody/shrubs was projected to continue increasing across all 

seasons which is aligned with a general trend of floodplain drying. Projected land cover trends 

using MOLUSCE assist in determining likely land cover gains and losses, and therefore can support 

mitigation measures to maintain ecological integrity or ecosystem services within the floodplain. 

Overall, the UCRW is projected to become greener (woody/shrub) and drier with less open water, 

especially during late summer.  
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Chapter 4: Aquatic and Riparian Land Cover Trends across Mountainous Headwater Basins 

in Alberta, Canada 

 

Abstract 

 

Mountain headwaters of the Eastern Slopes of Alberta (ES) are the primary source of freshwater of 

major easterly flowing basins in western Canada, supplying a significant volume of water to about 

four million people. However, increasing temperatures are altering mountain aquatic (open water 

areas, lakes, reservoirs, rivers, ponds, wetlands) and riparian vegetation (herbaceous and 

woody/shrub) ecosystems, particularly in the snowmelt-dominated (mid-May to mid-July) and 

rainfall-dominated (late-July to mid-September) periods. This study quantified changes in landcover 

areas (i.e., open water, non-woody, woody/shrub, and barren) within the ES using a Random Forest 

classification applied to the Landsat imagery archive spanning 1984 to 2023. Historical aerial 

photographs and the annual-based land cover classification of Canada, along with the Wetland 

Inventory of Alberta, were used combined as a reference dataset to identify the training and 

validation pixels. Furthermore, an elevation-based land cover evaluation was performed, to quantify 

the land cover changes in the subalpine (≤ 2300 m) and alpine (> 2300 m) regions of the ES.  

Utilizing independent historical and recent aerial photographs, the land cover classifier achieved an 

average validation kappa of 0.75 during the snowmelt-dominated period and 0.72 during the 

rainfall-dominated period. Over the long term of many years, as open water area and non-woody 

plants decline, woody vegetation and barren increases in the ES, indicating this region is drying out. 

Over 40 years, during snowmelt-dominated periods, subalpine regions showed significant (p-

value<0.05) increases in open water area (+1.9%), non-woody vegetation (+1.9%), and 

woody/shrub cover (+0.5%), whereas barren have decreased (-4.4%). Similar changes were 

observed in alpine regions, where open water (+0.1%) and non-woody vegetation (+0.2%) 

increased while barren areas decreased (-0.1%). In the rainfall-dominated period, subalpine regions 

experienced a significant decline in open water (-2.2%), accompanied by an expansion of barren 

(+2.1%) and a vegetation shift from non-woody (-4.4%) to woody/shrub (+4.4%). Alpine regions 

mirrored this trend, with open water (-0.3%) and non-woody vegetation (-0.3%) declining as barren 

areas increased (+0.6%). 

Keywords: Mountainous Environments; Hydrology; Water Resources; Remote Sensing 
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4.1.Introduction 

Global climate change has exhibited significant variability and complexity, characterized 

by a pronounced increase in air temperatures (20 ~ 40% faster than the global average) in temperate 

latitudes (Intergovernmental Panel on Climate Change, 2021). In the Eastern Slopes of Alberta (ES) 

(Canada) changes have been documented as a consequence of climate warming (Stewart et al., 

2005; Clarke et al., 2015; Zheng et al., 2021). Air temperatures have increased over recent decades 

(Zhang et al., 2000), contributing to an earlier snowmelt (Stewart et al., 2004; Stewart et al., 2005) 

and accelerated glacier melt (Hopkinson and Young, 1998; Clarke et al., 2015). These shifts have 

resulted in higher river discharge over a shorter period and have led to an earlier expansion of open 

water and lake surfaces during the spring season (MacDonald et al., 1993; Shugar et al., 2020; 

Zheng et al., 2021). However, during the early to late summer season, in the ES recent studies have 

found that as temperatures increase, river discharge decreases (Chassé et al., 2013; Déry et al., 

2016). This can be explained as higher air temperatures increase evaporation rates from open water 

areas and reduce recharge to important water stores, such as high-elevation wetlands and 

groundwater; thus, resulting in reduced river discharge (Fontrodona Bach et al., 2018; Teuling et 

al., 2019). Three key elements mediate this relationship: first, warmer temperatures accelerate 

snowmelt, leading to an initial surge in river discharge that later declines as snow reserves diminish 

(Barnett et al., 2005; Mote et al., 2005); second, while glacial retreat temporarily boosts summer 

flows, long-term ice loss removes this buffer, increasing the likelihood of late-season drought (Jost 

et al., 2012; Tennant et al., 2012); and third, soil moisture feedbacks, as drier soils absorb more 

meltwater, further reducing runoff (Berghuijs et al., 2014). Therefore, the combination of 

atmospheric and cryospheric changes can reduce water inputs into regions and ecosystems that rely 

on glacier and snow melt for water supply during the rainfall-dominated period (late-July to mid-

September), such as mountain aquatic environments and riparian vegetation zones in the ES 

(Barnett et al., 2005).  

Mountain aquatic and riparian vegetation ecosystems within the ES are adapted to the 

snowmelt-dominated period (mid-May to mid-July) for water accumulation and storage, making 

them particularly sensitive to climate-induced changes (Mercer, 2018). Variations in the timing of 

snowmelt can dictate whether intermittent open water areas remain wet or dry during late summer. 

When snowmelt occurs earlier than usual, water is released before peak evaporative demand in late 

summer, often resulting in a temporal mismatch between water supply and ecosystem demand. 
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Early snowmelt advances the delivery of water to the landscape at a time when the vapour pressure 

deficit (i.e., a measure of atmospheric drying potential) is still relatively low (Ruzzante and 

Gleeson, 2025). As the season progresses into the late summer, a vapour pressure deficit typically 

increases due to higher temperatures and lower relative humidity, intensifying evapotranspiration 

rates (Massmann et al., 2019). If snowmelt has already been depleted by this time, soil moisture and 

shallow groundwater reserves are more likely to face reduction (Harpold and Molotch, 2015), 

increasing the risk of water shortages in wetlands and riparian areas. The separation of supply and 

demand may result in the drying out of intermittent wetlands, alterations in vegetation composition 

(such as the encroachment of woody and shrub vegetation), and a reduced resilience of mountain 

aquatic ecosystems in the face of extended warm and dry conditions (Mastrotheodoros et al., 2020). 

Furthermore, because of the elevation range (1000 m ~ 3400 m) in the ES, the 

mountainous region can be divided into subalpine (≤2300 m) and alpine (>2300 m). The 2300-

meter elevation in the ES is a fundamental divide of water movement over the landscape. Below 

2300 meters, the subalpine zone serves as a seasonal water bank, where winter snowfall melts 

regularly each summer, supplying water for wetlands, forests, and river flows with effects far 

downstream (Petrone et al., 2003). Above 2300 meters, the alpine rules change; glaciers and 

permanent snowfields act as the “water reserves,” gradually releasing water in late summer when 

subalpine regions have run dry (Menounos et al., 2019). Moreover, subalpine and alpine aquatic and 

riparian vegetation areas provide a variety of ecosystem services, such as, sediment retention 

(Johnston, 1991), nutrient removal (Campbell et al., 2000), and aquatic life support (Windell et al., 

1986). However, although subalpine and alpine aquatic and riparian vegetation offer numerous 

ecosystem benefits, their vulnerability to climate change remains poorly quantified on mountainous 

land cover areas (based on water and vegetation cover, e.g., open water, riparian non-woody, 

riparian woody/shrub, and barren) of the ES. For instance, some wetlands shrink into barren areas 

while others transition into woody and shrub-dominated zones, as drying soils favour woody 

invasion (Brunbjerg et al., 2022). Nonetheless, these changes are hardly straightforward; glacial 

retreat, for example, exposes new barren land where open water first expands (Shugar et al., 2020) 

only to later contract as sediment fills these basins (Carrivick and Heckmann, 2017). Likewise, 

earlier snowmelt could momentarily increase riparian vegetation prior to drought stress causing die-

offs (Selmants et al., 2023). Therefore, understanding the effects of climate change on mountainous 

environments may reveal how alpine and subalpine aquatic and riparian vegetation areas are 



175  

responding to these gradual climatological shifts.  

To ascertain whether the land cover is changing, physically grid-based hydrological 

models have been used in recent research to estimate the ecological changes of inland aquatic 

environments and the land cover of riparian vegetation ecosystems globally (Avis et al., 2011; 

Mastrotheodoros et al., 2020). However, grid-based simulations provide results in simulated 

changes over grids of several hundred kilometers. Important regional elements such as topography, 

land cover, and land use are not considered in the modelling process. Alternatively, remotely sensed 

data could be used, since it is critical for tracking land cover changes in remote regions like the ES. 

The 30-meter Landsat archive (1984–present) facilitates detecting changes in land cover at a fine 

scale in mountain aquatic and riparian vegetation areas, including wetland drying to shifts in 

riparian vegetation.  

The Landsat imagery archive has facilitated studies of land cover extent changes in 

mountain aquatic and riparian ecosystems by providing at least 50 years of continuous data (Wulder 

et al., 2022). Since the launch of Landsat MSS in 1972, the Landsat program has offered a valuable 

balance between spatial resolution and large-scale coverage, delivering moderate temporal 

resolution for the investigation of seasonal patterns and change over time. Moreover, both 

supervised (e.g., Random Forest, Maximum Likelihood) and unsupervised (e.g., Iso-clustering, K-

Means) classification methods can analyze historical Landsat imagery to track land cover changes 

in mountain wetlands and riparian zones over time (Rodrigues et al., 2024). Overall, embedding 

historical Landsat imagery archives with supervised classification facilitates the understanding and 

quantification of climate change effects on land cover in the ES. 

This study aims to investigate the response of aquatic and riparian land cover to changing 

natural conditions within the ES, Canada, from 1984 – 2023. The objectives are to quantify and 

assess multi-decadal mountainous land cover extent (i.e., open water, riparian non-woody, riparian 

woody/shrub, and barren) trends and changes in the subalpine (≤ 2300 m) and alpine (> 2300 m) 

regions of the ES over the last 40 years. To achieve this, landcovers were classified using the 

historical Landsat archive using Random Forest during the snowmelt- and rainfall-dominated period 

in four key headwater basins in the ES. Meanwhile, local air temperature and precipitation data 

were analyzed to better comprehend the observed land cover trends. As far as the author knows, this 

study is the first to analyze the mountain aquatic and riparian vegetation land cover trends and 

changes over broad areas. 
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4.2. Methods 

4.2.1. Study Region 

Mountain aquatic and riparian vegetation land cover extent (spatial area covered by a 

specific landcover type, e.g., open water, riparian non-woody, riparian woody/shrub, and barren) in 

the Eastern Slopes of Alberta (ES) are located in the Montane Cordillera Ecozone, with a latitude 

range of 49° to 54.5° (Figure 4.1). The study area location spans four primary drainage basin 

headwaters: Oldman River, Bow River, North Saskatchewan, and Athabasca. These watersheds 

were chosen for this work due to their vital source of water supply to downstream users in the 

Prairies and into Boreal Forest. In addition, the intersection of the Montane Cordillera Ecozone and 

the Red Deer River watershed, specifically the headwater section, was merged with the Bow River 

watershed. The merging of the Red Deer River with the Bow River watersheds is unlikely to alter 

the conclusions of this study, given that the adjacent watersheds possess comparable physiographic 

characteristics (elevation range: 1200–3400 m; mean slope: 15–25°) and demonstrated analogous 

hydrological responses to climate influences (Philipsen et al., 2018; Whitfield et al., 2021), as both 

watersheds are situated within similar latitude and ecozone. 

The regional climatic normal (Table 4.1 lists the hydroclimatological and physical 

characteristics of the watersheds) data shows that the average temperature is 2ºC (standard deviation 

±14 ºC), and the average annual total precipitation is 700 mm (standard deviation ±110 mm) 

(Alberta Climate Information Service, 2023). The land cover extent in the research region was 

based on two datasets: (i) the maximum open water area identified by the Global Surface Water 

Explorer (Pekel et al., 2016), as well as (ii) the limits of lakes and rivers of the province of Alberta 

(Government of Alberta, 2016). The two datasets were merged and a buffer zone of 90 meters was 

created surrounding this new dataset. This buffer zone aims to identify and evaluate land cover 

changes over time in areas surrounding to open water, including non-woody riparian zones, 

woody/shrub riparian zones, and barren areas. The choice of a 90 meters buffer width was based on 

the literature, which shows that this riparian vegetation buffer effectively captures the transitional 

ecotone between aquatic and terrestrial ecosystems, while also considering the usual floodplain 

widths found in temperate regions (Naiman et al., 2005; Décamps et al., 2004). This distance 

achieves a balance between ecological importance and analytical feasibility, as narrower buffers 

(e.g., 60 m) might overlook critical edge effects, while wider buffers may hide the identification of 

land cover changes related to riparian interfaces (Gregory et al., 1991; Fernandes et al., 2014). 
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Moreover, if a permanent glacier land cover (glacier that has not changed from 1984 to 

2022, i.e., 100% frequency; detected with the historical land cover classification data of Canada 

(Hermosilla et al., 2022)) was identified within the 90 meters buffer, this area was masked out from 

the sub-sample buffered research region. The sub-sample buffered research region, covering about 

1668 km2, was created by merging the intersection of the maximum open water area identified by 

the Global Surface Water Explorer, the boundaries of lakes and rivers in Alberta, a 90-meter buffer 

zone, the natural borders of the Rocky Mountains, and the watersheds of the Athabasca, North 

Saskatchewan, Bow, and Oldman Rivers. 

 

Fig. 4.1. Study area location in land cover zones, township weather stations, and streamflow 

gauging in the Eastern Slopes of Alberta 
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Table 4.1. Hydroclimatological and physical characteristics of the Eastern Slopes of Alberta 

watersheds. 

Watersheds Oldman River Bow River 
North 

Saskatchewan 
Athabasca 

Parameters     

Climate (Köppen) Dfc and Td 

Sub-sample buffered research area (km2) 100 479 452 637 

Altitude range (m a.s.l) 1165 ~ 2894 1188 ~ 3403 1218 ~ 3391 956 ~ 3420 
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Air temperature (ºC) – 

min., max. (average) 

-53.2 ~ +29.7 

(+1.4) 

-56.9 ~ +29.9 

(-0.5) 

-58.1 ~ +31.3 

(-1.3) 

-58.2 ~ +30.9 

(-1.4) 

Precipitation average 

(mm year-1) 
728 700 704 683 

 

Dfc – Subartic; Td – Tundra; Sub-sample buffered research area –Maximum open water area 

merged with rivers and buffered by 90 meters, which includes the land covers open water, riparian 

non-woody, riparian woody/shrub, and barren; Altitude range (Average) – The altitude range of 

land cover (Shuttle Radar Topography Mission, 2023); Historical monthly average from the 

Interpolated Weather data from the Alberta Townships 1984 – 2023 (Alberta Climate Information 

Service, 2023) 

 

4.2.2. Data 

All historical datasets utilized span the years 1984 to 2023. Multidecadal land cover in ES 

was generated using historical Landsat 5 and 8 imagery archives. Gridded historical air temperature 

data (Alberta Climate Information Service, 2023) were utilized to identify air temperature trends in 

each watershed of ES. Historical river discharge data were utilized to identify the snowmelt-

dominated period (nival) and the rainfall-dominated period (pluvial) of river flow. Subsequently, 

these periods were employed to generate two mosaic images (using the best available pixel, i.e., 

cloud and snow/ice-free pixels, per nival and pluvial period), representing the snowmelt-dominated 

and rainfall-dominated periods of each year. 

4.2.2.1. Remote sensing dataset 

The Landsat 5 (Thematic Mapper TM) and 8 (Operational Land Imager OLI) archives 

(1984–2023) (Collection 2, Tier 1, Level 2 reflectance) were accessed through the Google Earth 

https://en.wikipedia.org/wiki/K%C3%B6ppen_climate_classification
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Engine (GEE). GEE includes cloud-free composites and Landsat processing techniques for 

calculating at-sensor surface reflectance. This platform was utilized to classify the mountain aquatic 

environment and riparian vegetation land cover extent. The four land cover classes are: Open water: 

lakes, reservoirs, rivers, ponds, and wetlands; Non-woody: Herbaceous vegetation; Woody/Shrub: 

Woody and Shrubby vegetation; Barren: rock rubble, barren/exposed land/soil, and wildfire-burned 

area. The area affected by wildfire (i.e., wildfire-burned area) can be regarded as barren or exposed 

soil, particularly after a fire event that consumes vegetation (Lutes et al., 2006). Moreover, the 

spectral reflectance of these wildfire-burned areas frequently resembles that of exposed or bare soil, 

particularly in the shortwave infrared band (Pleniou and Koutsias, 2013). 

Cloud and snow/ice-free pixels were chosen, and the median reflectance result was used to 

create two composition images for each year: one for the period for the snowmelt-dominated (nival) 

period, and another for the rainfall-dominated (pluvial) period. Historical aerial photographs (1985, 

1987, 1988, 1993, 1994, 2002, 2003, 2020, 2021) (Alberta Government, 2024), the Wetland 

Inventory of Alberta (Hird et al., 2017; DeLancey et al., 2019; ABMI, 2021), and the historical 

Canadian annual-based land cover classification (Hermosilla et al., 2022) were employed in 

conjunction as a reference dataset to assign the training and validation pixels throughout the land 

cover classification process. 

4.2.2.2. Air temperature and river discharge dataset 

Daily air temperature (°C) between 1984 and 2023 was obtained by utilizing the 

Interpolated Weather data from the Alberta Townships (Alberta Climate Information Service, 

2023). This dataset is known for its extensive historical record dating back to 1901. Furthermore, 

the Alberta Township dataset was crucial for this study due to the limited availability of historical, 

continuous, and spatially distributed hydroclimatic measurements in the alpine and subalpine 

regions of the ES. This gridded interpolation data offers more spatially representative estimates 

compared to depending on one or two weather stations per watershed, which can lead to high 

uncertainty caused by elevation biases and microclimate variability (Bertoncini and Pomeroy et al., 

2025). The data for each township location were estimated using Hybrid Inverse Distance Cubed 

weighting for precipitation and linear Inverse Distance weighting for air temperature. Both methods 

were weighted based on the eight nearest weather station observations. These methods consider 

spatial variation in elevation throughout the ES (Alberta Climate Information Service, 2023). 
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Information regarding the interpolation methodology is available in Alberta Climate Information 

Service, (2023). The average of all Townships (spatial resolution of 10 km) contained in each 

watershed was used to represent each watershed. Supplementary material A of Chapter 4 shows all 

used townships numbers per watershed.  

The historical (1984 – 2023) river discharge data were acquired for each watershed: 

Oldman River  – Castle River in the Ranger Station (Number: 05AA028; Location: 49°23'50" N, 

114°20'23" W; Streamflow gauging watershed area: 375 km2) (Environment Canada, 2024a); Bow 

River – Bow River at Banff (05BB001; 51°10'20" N, 115°34'18" W) (Environment Canada, 2024b; 

2210 km2); North Saskatchewan – North Saskatchewan River at Whirlpool Point (05DA009; 

52°00'04" N, 116°28'15" W; 1920 km2) (Environment Canada, 2024c); Athabasca – Athabasca 

River Near Jasper (07AA002; 52°54'36" N, 118°03'31" W) (Environment Canada, 2024d; 3870 

km2). The selection of these river gauges is based on their comprehensive and concurrently 

accessible temporal river discharge data spanning from 1984 to 2023 across all watersheds of ES.. 

In addition, the river gauges are located in the central area of each basin headwater. 

 

4.2.3. Modelling framework, remote sensing and air temperature data collection 

The land cover extent trend and change analysis conducted in the ES followed a series of 

seven steps, as seen in Figure 4.2: i) remote sensing, air temperature, and river discharge data; ii) 

season identification; iii) land cover classification; iv) reference dataset and accuracy evaluation; v) 

post-classification process; vi) trend and change analysis; vii) changes in land cover relative to 

variance with elevation.  
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Fig. 4.2. Methodological flowchart for the seasonal spatiotemporal (1984–2023) assessment of the 

wetlands land cover extent trends and changes in the Eastern Slopes of Alberta 

4.2.4. Season identification 

Direct river discharge measurements (streamflow gauging) can be used to identify the peak 

discharge period (as per Rodrigues et al., 2024) and demonstrate the year-round nival (herein 

referred to as snowmelt-dominated period) and pluvial (herein referred to as rainfall-dominated 

period) period of the river flow. This separation indicates an arbitrarily chosen point in time at 

which the snowpack has been significantly reduced as a source of melt-driven river flow. 
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Therefore, to approximate the duration/period of snowmelt- and rainfall-dominated 

periods, peak flow and baseflow were separated applying some assumptions. Firstly, the baseflow 

threshold utilized for the used streamflow gauging was: Oldman River watershed in the Ranger 

Station 10 m3 s-1, Bow River at Banff 45 m3 s-1 , North Saskatchewan River at Whirlpool Point 75 

m3 s-1 , Athabasca River Near Jasper 95 m3 s-1; the reason for the selection of these values was the 

observation that the discharge normally increased only beyond these values. Therefore, the 

snowmelt-dominated period initiates at the time river discharge surpasses baseflow threshold 

(consistent change point, i.e., when river discharge values normally increased only above these 

baseflow values) to the peak discharge. The snowmelt-dominated period continues until the river 

discharge falls to a level at least 20% lower than the peak discharge, thereby inhibiting the 

formation of subsequent peaks. A threshold of 20% below peak discharge was chosen, as it was 

observed (historical streamflow gauging data used in ES) that 90% of peak discharge events had 

occurred after the drop of 20%. After that, the rainfall-dominated period starts; the rainfall-

dominated period ends by the end of summer season (i.e., September 15). September 15 was chosen 

as end of rainfall-dominated period since the average first snowfall day in subalpine and alpine 

regions of the ES usually occurs during mid-September (September 10–20) (Harder et al., 2015; 

DeBeer et al., 2015). The watershed area of each streamflow gauging was utilized to normalize 

river discharge, thereby facilitating the comparison of hydrographs. Figure 4.3 shows how two 

periods were identified.  
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Fig. 4.3. Snowmelt- and rainfall-dominated periods identification using river discharge 

measurements  

However, as the investigation focused on the ES and employed four streamflow gauges to 

identify the snowmelt-dominated and rainfall-dominated periods, each watershed had its unique 

snowmelt- and rainfall-dominated period interval. Thus, the Julian days from the start and end of 

each period within each watershed were averaged to standardize both periods for the ES. In the end, 

the snowmelt-dominated and rainfall-dominated periods time span were used in GEE to classify the 

land cover for each period. 

4.2.5. Land cover classification, reference dataset, and accuracy evaluation 

The Random Forest algorithm (Breiman, 2001) was performed within the GEE, to predict 

a raster with four land cover classes: Open water, Non-woody vegetation, Woody/Shrub, and 

Barren. The Random Forest routine was utilized since it is non-parametric and does not require 

previous knowledge of the ecological drivers or features of the prediction/classification outputs 

(Menze et al., 2009). The four land cover classes were selected as they capture hydrological and 

ecological wetlands characteristics in the ES. For instance, open water and barren areas reflect 

surface hydrology and disturbance regimes (e.g., drying cycles), while non-woody and woody/shrub 

vegetation represent dominant biological responses to moisture availability and successional stages 
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(Hogg and Hurdle, 1995). Furthermore, the land cover classes align with wetland classification 

systems used in similar mountain regions (National Wetlands Working Group, 1997). In addition, 

these land covers are detectable via remote sensing, enabling consistent monitoring of land cover 

dynamics (Adam et al., 2022). Cloud-covered and snow/ice pixels were excluded throughout the 

land cover classification procedure using the quality band of Landsat (i.e., Bitmask for pixel_qa) 

within GEE. The attributes of this band were generated using the C Function (a method that 

leverages bit-mapped values for the analysis of Landsat archive) of the Mask algorithm (Foga et al., 

2017). This band combined with the Mask algorithm flags undesirable pixels (e.g., clouds and 

snow/ice) with the class name or “unused”. This method preserves spectral integrity by utilizing 

per-band median calculations per period (snowmelt-dominated and rainfall-dominated), effectively 

minimizing transient noise caused by single-date anomalies. The resulting composite illustrates 

standard reflectance conditions for effective land cover classification, derived from recognized best 

available pixel methodologies (White et al., 2014). Only composite images with a total extent of 

more than 80% (i.e., cloud-pixel threshold < 20%) were utilized for the trend analysis (as per Bian 

et al., 2020; DeLancey et al., 2019; Hermosilla et al., 2022; Roy et al., 2016).  

However, collecting ground-truth (i.e., field-collected samples) historical training and 

validation data in vast and rugged terrains poses significant challenges due to their distant and 

inaccessible nature, often requiring transportation by airplane or helicopter (Mahdianpari et al., 

2020). For this study, different remote sensing data sources were used: aerial photographs (Alberta 

Government, 2024), the Wetland Inventory of Alberta (Hird et al., 2017; DeLancey et al., 2019; 

ABMI, 2021) and the historical Canadian land cover classification (Hermosilla et al., 2022) (for 

more details see the supplementary material B of Chapter 4) to generate training samples per each 

year (Supplementary material C of Chapter 4).  

The historical land cover classification data of Canada (Hermosilla et al., 2022; with an 

overall accuracy of ~80%) was used to assign training pixels inside the ES. The analysis utilized 

nine land cover classes from the historical annual land cover dataset. One class was dedicated to 

open water, such as, Open water (Producer’s accuracy of 65%). Two of the classes represented non-

woody, specifically Bryoides (mosses, liverworts, and hornworts; Producer’s accuracy of 82%) and 

Wetland (marsh and fen; Producer’s accuracy of 65%). Four classes represented woody and shrub 

vegetation, namely Shrubs (Producer’s accuracy of 88%), Coniferous (Producer’s accuracy of 

93%), Broadleaf (Producer’s accuracy of 70%), and Mixed wood (Producer’s accuracy of 62%). 
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Two classes represented Barren, specifically rock rubble (Producer’s accuracy of 40%) and 

barren/exposed land/soil (Producer’s accuracy of 82%). In addition, four classes from the Wetland 

Inventory of Alberta (ABMI, 2021; overall classification accuracy of 85%) provided another source 

of training pixels. From this inventory, four main classes were used: woody/shrub vegetation were 

represented by Swamp (Producer’s accuracy of 69%); two classes represented non-woody 

vegetation, namely Marsh (Producer’s accuracy of 64.4%) and Fen (Producer’s accuracy of 68%); 

and open water (Producer’s accuracy of 89.8%), which stands for permanent and seasonal open 

water areas. 

To identify the training/validation pixels within areas of unchanging land cover class (i.e., 

100% frequency), a frequency analysis (i.e., “equals to frequency” routine on the land cover dataset 

from each year in ArcGIS Pro) was performed on the historical land cover of Canada dataset (from 

1984 – 2022). The 1984 land cover raster was chosen as the reference raster since it was the initial 

year of the record and was considered to be "undisturbed" or "unchanged". The permanent land 

cover raster was subsequently imported into GEE as an asset to mask out permanent zones inside 

the ES that were identified as possible training regions for the allocation of training/validation 

pixels. Thus, training/validation pixels were allocated within these training areas and utilized 

throughout the entire time series. 

However, in the years with available higher resolution imagery (i.e., periodically across 

time: Aerial photographs (resolution of printed images: 2000 dots per inch) – 1984 (Photo color – 

Black and white; Scale – 1:30000), 1987 (Black and white; 1:20000), 1988 (Black and white; 

1:20000), 1991 (Black and white; 1:50000), 1994 (Black and white; 1:50000), 2002 (Colored; 

1:20000), 2003 (Red, green, and blue; 1:30000), 2020 (Red, green, and blue; 1:4000), 2021 (Red, 

green, and blue; 1:4000) (Alberta Government, 2024); Wetland Inventory of Alberta – 2016 to 

2020, overall accuracy of ~90%), which by expert interpretive identification of land cover class was 

possible to increase by 50 the number of training/validation pixels per land cover class and 

watershed in these years with more reference datasets. 

The aerial photos were obtained from the Government of Alberta and were manually 

orthorectified in ArcGIS Pro using ground control points. The identification of these ground control 

points was achieved by comparing aerial photographs with stable landscape features, including road 

intersections, rock outcrops, and river confluences, which were distinctly visible and remained 

unchanged in the World Imagery basemap. On average, ten ground control points were placed per 
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image, with careful distribution across both the center and corners to ensure spatial accuracy 

throughout the extent of the image. This manual registration process was applied to the first aerial 

photo in each flight path. For the subsequent images within the same path, the Auto Georeference 

tool in ArcGIS Pro was used. This tool identifies tie points automatically by comparing spectral 

patterns and spatial relationships between the manually georeferenced image and adjacent 

overlapping images, facilitating efficient and consistent alignment across sequential aerials. This 

approach ensured accurate georegistration while balancing precision and processing efficiency for 

the full image set.  

In addition, to reduce uncertainty, the training/validation pixels were assigned a minimum 

distance of 90 meters from the permanent class within the boundary. This was done to mitigate the 

influence of edge effects or the presence of mixed pixels. The Random Forest model was trained 

using 1500 trees (as per Rodrigues et al., 2024). For each land cover class (i.e., Open water, Non-

woody, Woody/Shrub, and Barren), in addition to the 50 from aerial photos, 300 pixels were 

assigned (as suggested by Congalton and Green, 2019). The training dataset consisted of 70% of the 

allotted pixels, while the remaining 30% were reserved for validation purposes, i.e., out of bag. 

Therefore, a total of 4800 permanent training/validation pixels (from unchanging land cover class of 

the historical land cover of Canada dataset; Hermosilla et al., 2022) were randomly dispersed 

throughout the ES inside the image mosaic and maintaining a minimum distance of 90 meters 

within the permanent land cover boundary, with 1200 training/validation pixels per class and per 

watershed.  

The training/validation pixels for each class were allocated to specific regions of ES, as per 

supplementary material section C of Chapter 4. For instance, the training/validation of open water 

pixels were in large lakes such as Waterton Lake and Crowsnest lake for the Oldman River 

watershed; Spray Lake and Minnewanka lake for the Bow River watershed; Abraham Lake, 

Chephren Lake, and Peyto lake for the North Saskatchewan watershed; Maligne lake and Medicine 

Lake for the Athabasca watershed. The non-woody vegetation was situated along the border of the 

large lakes, while the woody/shrub vegetation class was found in the riparian vegetation corridor of 

the main river, such as the Oldman River for the Oldman River watershed, Bow River for the Bow 

River watershed, North Saskatchewan River for the North Saskatchewan watershed, and Athabasca 

River for the Athabasca watershed. The training/validation pixels of barren were allocated along the 

border of the large and small lakes. 
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The classification was conducted using five bands (or six layers) from each Landsat TM 

and OLI sensors: SWIR (Short Wave Infrared; Bands 6 and 7 in OLI; Band 7 in TM), NIR (Near 

Infrared; Band 5 in OLI; Bands 4 and 5 in TM), Red (Band 4 in OLI; Band 3 in TM), Green (Band 

3 in OLI; Band 2 in TM), and Blue (Band 2 in OLI; Band 1 in TM). The Kappa coefficient was 

computed to assess the accuracy of the Random Forest simulated land cover. The Kappa values 

reported were obtained from the validation dataset, which consisted of a randomly selected 30% 

subset of the reference data. Although the Random Forest algorithm naturally produces accuracy 

and Kappa statistics for the training set, these metrics were omitted from the final evaluation as they 

often overestimate model performance due to the tendency for overfitting. This conservative 

approach guarantees that our assessment of accuracy truly represents the model's predictive ability 

when applied to independent data. A confusion matrix was computed for each land cover 

classification within each watershed from 1984 to 2023. Subsequently, these results were averaged 

to generate two overall confusion matrix: one for the snowmelt-dominated period and the other for 

the rainfall-dominated period. 

4.2.6. Post-classification process 

A cross-validation assessment was conducted comparing the results of the Random Forest 

algorithm land cover classification (polygons and regions) with historical (1980's) and current 

(2020's) aerial photos taken at the same location. Six aerial photos, spanning historical years 1988, 

1991, and 1994, as well as current years 2020 and 2021, were utilized to conduct cross-validation in 

the Oldman River, Bow River, and Athabasca watersheds. The cross-validation was not carried out 

in North Saskatchewan because there were no current aerial photos available. Cross-validation is a 

common method used to verify the accuracy of land cover classification (as per Amani et al., 2021). 

In addition to the visual interpretation, a confusion matrix was created to compare the land cover 

classification raster (from section 4.2.5) with the images used in this section. A total of 500 pixels 

for each land cover class were created using these aerial photos. This results in a cumulative total of 

2000 validation pixels per image and year. The Kappa coefficient was also computed to evaluate the 

accuracy of the land cover predicted by the Random Forest model. This comparison demonstrates 

how the land cover classification was represented when compared to these historical and current 

higher spatial resolution datasets. It also indicated whether the land cover class was inside the right 

sample region. Thus, regions without significant changes and regions with major changes were 
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selected to ensure both scenarios were appropriately detected throughout time. 

4.2.7. Temporal trend and spatial change analysis 

The Mann-Kendall method, as described by Kendall in 1975 and Mann in 1945, was used 

to conduct a trend analysis over the land cover extent per period (snowmelt- and rainfall-

dominated), annual (grouping all land cover extents from each period), and in the daily average air 

temperature (performed through the pyMannKendall code, Hussain and Mahmud, 2019) over the 

past (1984 to 2023). The Mann-Kendall method (Kendall, 1975, Mann, 1945), is a nonparametric 

test used to detect trends in a series. It considers three hypotheses: i) no trend, ii) positive trend, and 

iii) negative trend. The degree of the changes was evaluated through the nonparametric Sen's slope 

and Kendall's tau (τ) coefficient. The trend method was considered significant when the p-value ≤ 

0.05. 

The assessment of land cover change utilized the mode (which represents the most 

frequently occurring value) of the land cover maps (of the snowmelt- and rainfall-dominated 

period) from 1984 to 1988 (referred to as the 1980s) and from 2018 to 2022 (referred to as the 

2020s). The mode of the land cover maps was determined in the Google Earth Engine using the 

“.mode()” tool. This tool determines the most frequently occurring value at each pixel across all 

land cover maps from each period (i.e., snowmelt- and rainfall-dominated). This approach avoids 

the selection of a dry or wet year and instead uses ‘typical’ characteristics on a per pixel basis. To 

evaluate the land cover transition from 1980s to 2020s raster dataset, ArcGIS Pro's Change 

Detection Wizard and pixel value change approach were employed. 

4.2.8. Changes in land cover relative to variance with elevation 

This analysis aims to elucidate in which elevations the land cover changes are occurring in 

the ES, i.e., Subalpine (lower or equal than 2300 meters elevation; Alberta Parks, 2015), or in 

Alpine (higher than 2300 meters; Alberta Parks, 2015) regions. The elevation threshold of 2300 

meters was chosen as it generally represents the treeline limit in mountainous areas (Trant et al., 

2020; Körner and Körner, 2021). The elevation was defined from the digital elevation model of the 

Shuttle Radar Topography Mission; spatial resolution of 30 meters (Shuttle Radar Topography 

Mission, 2023). With the elevation dataset (specifically altering by increments of 100 meters), the 

mode (1980s and 2020s) of the periodic land cover datasets were used to determine land cover areas 
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per elevation. The Tabulate Area tool in ArcGIS Pro created elevation-specific land cover areas. 

Hence, evaluating the alterations in land cover along the elevation gradient of each watershed from 

the 1980s to the 2020s. Furthermore, independent regions (not used in training the Random Forest 

algorithm) from the historical and contemporary aerial photographs, Landsat 5 and Sentinel 2 

archive was used to illustrate land cover changes in subalpine and alpine regions of ES. 

4.3. Results  

4.3.1. Snow-melting and rainfall-driven season identification 

The average snowmelt-dominated period onset time starts differently in each watershed, 

such as, April 27 (Julian day 118) for the Oldman River, May 17 (Julian day 138) for the Bow 

River, May 28 (Julian day 149) for the North Saskatchewan, and May 19 (Julian day 140) for the 

Athabasca. Thus, the average start date for the ES's snowmelt-dominated period is May 15 (Julian 

day 136).  

The snowmelt-dominated period ends when the river peak discharge drops below 20%. 

Thus, using the chosen definition, the end of the snowmelt-dominated period for each basin occurs 

on June 17 (Julian day 169) for the Oldman River, July 14 (Julian day 196) for the Bow River, 

August 15 (Julian day 228) for the North Saskatchewan, and August 1 (Julian day 214) for the 

Athabasca. Therefore, the snowmelt-dominated period in the ES typically ends on July 20 (Julian 

day 202). When the snowmelt-dominated period ends, the rainfall-dominated period starts. The 

rainfall-dominated period ends on September 15 (the end of the summer season). Figure 4.4 shows 

the start and conclusion of snowmelt- and rainfall-dominated periods in each watershed, and the 

averaged time periods for the ES. 
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Fig. 4.4. Snowmelt- and rainfall-dominated periods identification using the daily average river 

discharge from 1984 to 2023 normalized by streamflow gaging watershed area. 

 

4.3.2. Supervised classification accuracy 

Supervised classifications were conducted in mosaic images using a total through time of 

330,800 training and validation pixels during both periods: snowmelt-dominated (Number of 

mosaics per years represented – Oldman River: 30; Bow River: 28; North Saskatchewan: 29; 

Athabasca: 27); rainfall-dominated (Number of mosaics – Oldman River: 39; Bow River: 35; North 

Saskatchewan: 36; Athabasca: 36). 231,560 pixels were allocated for training purposes, and 99,240 

pixels were utilized for validation. In the Snowmelt-dominated period the average omission errors 

for open water were 0.07 with a standard deviation of ± 0.3. The omission errors for non-woody, 

woody/shrub, and barren were estimated as 0.10 ± 0.01, 0.10 ± 0.02, and 0.09 ± 0.03, respectively. 

Meanwhile, higher omission errors were found during Rainfall-dominated period (open water: 0.10 

± 0.02; non-woody: 0.14 ± 0.04; woody/shrub: 0.13 ± 0.03; Barren: 0.12 ± 0.03). Tables 4.2 

(snowmelt-dominated period) and 4.3 (rainfall-dominated period) shows the confusion matrix 

average (with total accuracy, omission and commission errors) of the reference (x–axis) and 
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classified (y–axis) land cover maps from 1984 to 2023 across all watersheds within the ES. Overall, 

the average validation kappa coefficient during both periods in ES was 0.86 ± 0.05 (All confusion 

matrix detailing all years, periods and land cover classes is included in the Supplementary Material 

D of Chapter 4; it includes the following: total accuracy, omission and commission errors). 

 

Table 4.2. Average validation confusion matrix with commission and omission errors between the reference 

and classified land cover in the ES during snowmelt-dominated period (i.e., May 15 to July 20) 

Land Cover 

Classes 

Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Commission 

Error 

Kappa 

Index 

Open Water 88 3 2 3 95 0.07±0.2 

0.88±0.5 

Non-Woody 2 86 4 2 95 0.10±0.3 

Woody/Shrub 2 4 86 3 95 0.10±0.2 

Barren 2 3 3 87 95 0.08±0.2 

Marginal 

total 
95 95 95 95 380  

Omission 

Error 
0.07±0.3 0.10±0.1 0.10±0.2 0.09±0.3   

 

Table 4.3. Average validation confusion matrix with commission and omission errors between the reference 

and classified land cover in the ES during rainfall-dominated period (i.e., July 21 to September 15) 

Land Cover 

Classes 

Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Commission 

Error 

Kappa 

Index 

Open Water 85 4 3 4 96 0.11±0.2 

0.83±0.6 

Non-Woody 3 83 6 4 96 0.14±0.3 

Woody/Shrub 3 6 82 5 96 0.14±0.4 

Barren 4 4 4 85 96 0.11±0.2 

Marginal 

total 
95 96 95 96 382  

Omission 

Error 
0.10±0.2 0.14±0.4 0.13±0.3 0.12±0.3   

 

In both periods the best classified land cover class was open water, followed by barren, 

non-woody, and woody/shrub. Moreover, the non-woody and woody/shrub land cover classes were 

a source of confusion for the random forest algorithm, particularly during the rainfall-dominated 

period when a higher degree of confusion was observed between these two land cover classes. 

Figure 4.5 displays the average commission and omission errors separated by watershed and year 

(Figure 4.5a), in addition to the yearly average for the ES (Figure 4.5b). All years utilizing available 

higher resolution imagery, such as aerial photographs and the Wetland Inventory of Alberta, 
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exhibited average commission and omission errors below 0.10. Figure 4.6 depicts depicts the 

historical (1984 to 2023) kappa coefficient from all watersheds (Figure 4.6a) and an average for the 

ES (Figure 4.6b). 

 

 

Fig. 4.5. Average errors of commission and omission within watersheds (a) and the average for the 

ES (b) during the snowmelt-dominated and rainfall-dominated period from 1984 to 2023. 
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Fig. 4.6. Kappa coefficient within watersheds (a) and the average for the ES (b) during the 

snowmelt-dominated and rainfall-dominated period from 1984 to 2023. 

 

4.3.3. Cross validation assessment 

In the ES, the results of the Random Forest algorithm land cover classification were 

favorable in comparison to independent regions (not used in training the Random Forest algorithm) 

of aerial photographs from the past and present, as illustrated in Figure 4.7. Tables 4.4 to 4.7 present 

the confusion matrix, including total accuracy, omission, and commission errors, for the reference 

(x-axis) and classified (y-axis) land cover maps during the snowmelt-dominated period (Tables 4.4 

and 4.5) and the rainfall-dominated period (Tables 4.6 and 4.7) from the 1980s and 2020s, utilizing 

independent regions within the ES. The kappa coefficient for the snowmelt-dominated period was 

0.76 in the 1980s and 0.74 in the 2020s. During the rainfall-dominated period, the kappa coefficient 

was 0.72 in the 1980s and 0.71 in the 2020s. In both periods the best classified land cover class was 

open water. The Random Forest algorithm faced confusion between non-woody and woody/shrub 

land cover classes, especially during the rainfall-dominated period, when the distinction between 

these two classes became more challenging. The higher omission and commission errors between 

non-woody (Omission errors: 0.24 to 0.28; Commission errors: 0.24 to 0.42) and woody/shrub 
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(Omission errors: 0.15 to 0.24; Commission errors: 0.24 to 0.42) vegetation highlighted this 

confusion.  



195  

 

Fig. 4.7. Comparison of the past and present land cover (LC) classification with aerial photos (AP) in the 

Eastern Slopes of Alberta 
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Table 4.4. Validation confusion matrix with commission and omission errors between the reference and 

classified land cover in the ES during snowmelt-dominated period (i.e., May 15 to July 20) of 1980s 

Land Cover 

Classes 

Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Commission 

Error 

Kappa 

Index 

Open Water 463 32 19 56 570 0.19 

0.76 

Non-Woody 9 351 60 42 462 0.24 

Woody/Shrub 9 51 416 19 495 0.16 

Barren 39 28 3 403 473 0.15 

Marginal 

total 
520 462 498 520 2000  

Omission 

Error 
0.11 0.24 0.16 0.23   

 

Table 4.5. Validation confusion matrix with commission and omission errors between the reference and 

classified land cover in the ES during snowmelt-dominated period (i.e., May 15 to July 20) of 2020s 

Land Cover 

Classes 

Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Commission 

Error 

Kappa 

Index 

Open Water 449 35 22 70 576 0.22 

0.74 

Non-Woody 44 358 47 63 512 0.30 

Woody/Shrub 5 91 408 7 511 0.20 

Barren 2 4 1 394 401 0.02 

Marginal 

total 
500 488 478 534 2000  

Omission 

Error 
0.10 0.27 0.15 0.26   

 

Table 4.6. validation confusion matrix with commission and omission errors between the reference and 

classified land cover in the ES during rainfall-dominated period (i.e., July 21 to September 15) of 1980s 

Land Cover 

Classes 

Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Commission 

Error 

Kappa 

Index 

Open Water 454 14 16 28 512 0.11 

0.72 

Non-Woody 98 346 108 47 599 0.42 

Woody/Shrub 4 107 371 3 485 0.24 

Barren 12 5 1 386 404 0.04 

Marginal 

total 
568 472 496 464 2000  

Omission 

Error 
0.20 0.27 0.25 0.17   

 

Table 4.7. validation confusion matrix with commission and omission errors between the reference and 

classified land cover in the ES during rainfall-dominated period (i.e., July 21 to September 15) of 2020s 
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Land Cover 

Classes 

Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Commission 

Error 

Kappa 

Index 

Open Water 446 13 18 58 535 0.17 

0.71 

Non-Woody 46 349 94 67 556 0.37 

Woody/Shrub 4 118 374 6 502 0.25 

Barren 4 7 7 389 407 0.04 

Marginal 

total 
500 487 493 520 2000  

Omission 

Error 
0.11 0.28 0.24 0.25   

 

4.3.4. Temporal land cover extent trends and changes 

The trend analysis revealed that the yearly mean daily air temperature exhibited positive 

trends (Supplementary materials E of Chapter 4), with an approximate annual increase of 0.05 °C 

year-1 across all watersheds. Additionally, open water and non-woody areas experienced an annual 

negative trend of -0.21 km2 year-1 and -0.46 km2 year-1, respectively, from 1984 to 2023. 

Conversely, the extent of woody/shrub and barren areas experienced a positive trend of +0.51 km2 

year-1 and +0.16 km2 year-1, respectively (Figure 4.8). 
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Fig. 4.8. Trends and changes of land cover extent per period in the Eastern Slopes of Alberta region 

from 1984 to 2023. The % has been normalized by the sub-sample buffered research area within the 

ES (1668 km2). 

In relation to the periodic trends and changes, in the snowmelt-dominated period, all 

watersheds exhibited substantial positive trends in air temperatures, with values ranging from 0.04 

to 0.08 °C year-1 (Supplementary materials E of Chapter 4). During the same period, a statistically 

significant (p-value ≤ 0.05) increase of open water in the ES (+0.76 km2 year-1; +33 km2 or +2.0%) 

was observed (Figure 4.9a). This phenomenon led to an expansion of the non-woody (+0.89 km2 

year-1; +35 km2 or +2.1%) and woody and shrub (+0.22 km2 year-1; +9 km2 or +0.5%) areas (Figure 

4.9a). Meanwhile, barren land cover has experienced a significant reduction (-1.87 km2 year-1; -76 

km2 or -4.6%) (Figure 4.9a). 
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Fig. 4.9. Sankey diagram depicting the land cover change (km2) from 1980s to 2020s during the 

snowmelt- (a) and rainfall-dominated period (b). The Sankey also presents the percentage of change 

normalized by the sub-sample buffered research area within the ES (1668 km2). 

 

In the rainfall-dominated period, significant positive trends in the average air temperature 

were observed during the rainfall-dominated period, with values ranging from 0.07 to 0.09 °C year-

1, as illustrated in in the Supplementary Materials E of Chapter 4. Furthermore, significant negative 

trends of open water were observed (-1.02 km2 year-1; -41 km2 or -2.4%) (Figure 4.9b). The open 

water (-1.02 km2 year-1; -41 km2 or -2.4%) has been replaced with barren (+1.12 km2 year-1; +45 

km2 or +2.7 %) and then non-woody vegetation. Moreover, barren is becoming non-woody, 

indicating new vegetation growth, while the main loss of non-woody (-1.97 km2 year-1; -79 km2 or -

4.7 %) is to woody and shrub (+1.88 km2 year-1; +75 km2 or +4.4 %), suggesting a successional 

process (Figure 4.9b). Furthermore, during the rainfall-dominated period, changes in land cover 
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from woody/shrub and non-woody vegetation to barren areas were noted, likely as a result of 

episodic disturbances such as wildfires. Table 4.8 and 4.9 depicts the land cover area trends and 

changes, respectively, per watershed and period in ES. Finally, supplementary materials F and G of 

Chapter 4show the trends graphs and changes results, respectively, of each land cover by watershed. 

 

Table 4.8. Land cover trends (km2 year-1) per watershed and period (SM: snowmelt-dominated; RF: 

rainfall-dominated; Annual) in the ES.  

Land cover 

class 
Period 

Oldman 

River  
Bow River  

North 

Saskatchewan 
Athabasca  

Open water 

SM +0.05* +0.21* +0.21* +0.29* 

RF -0.10* -0.28* -0.28* -0.36* 

Annual -0.04* -0.03 -0.09* -0.11 

Non woody 

SM +0.24* +0.23* +0.19* +0.23* 

RF +0.15* -0.40* -0.40* -1.32* 

Annual +0.08* -0.12 -0.15 -0.27* 

Woody/Shrub 

SM -0.05 +0.08 +0.14 +0.05 

RF -0.15* +0.98* +0.47* +0.58* 

Annual -0.05* +0.37* +0.10* +0.12* 

Barren 

SM -0.24* -0.52* -0.54 -0.57* 

RF +0.10 -0.30* +0.22 +1.10* 

Annual +0.01 -0.25* +0.14 +0.26 

*: There is a significant temporal trend at the 5% level; Green: Positive trends; Orange: Negative 

trends; SM: Snowmelt-dominated period; RF: Rainfall-dominated period. 
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Table 4.9. Land cover changes (%) per watershed and period in the ES. Land cover changes 

normalized by the sub-sample buffered research area within the ES (1668 km2). 

Land cover 

class 
Period 

Oldman 

River  
Bow River  

North 

Saskatchewan 
Athabasca  

Open water 
SM +0.2 +0.6 +0.5 +0.8 

RF -0.3 -0.7 -0.7 -0.8 

Non woody 
SM +0.6 +0.5 +0.4 +0.5 

RF +0.4 -0.9 -1.0 -3.2 

Woody/Shrub 
SM -0.1 +0.2 +0.3 +0.2 

RF -0.4 +2.3 +1.1 +1.3 

Barren 
SM -0.6 -1.2 -1.2 -1.5 

RF +0.3 -0.7 +0.5 +2.7 

Green: Positive changes; Orange: Negative changes; SM: Snowmelt-dominated period; RF: 

Rainfall-dominated period. 

 

4.3.5. Land cover change over variable elevations 

The study revealed that elevation demonstrated an influence on the direction and 

magnitude of land cover changes (Supplementary materials H of Chapter 4 show the land cover 

changes by 100 meters elevation). During the snowmelt-dominated period, an increase in open 

water was observed in the alpine (i.e., above 2300 meters) (+0.1%), and the subalpine regions (i.e., 

below 2300 meters) (+1.9%). In the same period an increase of non-woody vegetation in the 

subalpine (+1.9%) and alpine (+0.2%) was observed. Meanwhile, a slightly increase of woody and 

shrub vegetation was observed in the subalpine regions (+0.6%), while no change has been noticed 

in the alpine. In contrast, barren land cover has decreased in the subalpine (-4.0%) and alpine (-

0.4%) regions.  

In the rainfall-dominated period, the open water areas experienced a decline in the 

subalpine (-2.2%) and alpine (-0.2%). In response, non-woody vegetation decreased in the 

subalpine (-4.3%) and alpine (-0.4%). This drying pattern allowed woody and shrubs encroachment 

into subalpine (+4.3%) and alpine (+0.1%) areas. In addition, due to the reduction of open water in 
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these zones, barren have replaced into subalpine (+2.1%) and alpine (+0.5%). Figure 4.10 depicts a 

hypsometric curve (with 100 meters increments) of land cover area change in the alpine (≥ 2300 m) 

and subalpine (< 2300 m) of the ES. Figure 4.11 presents a summary of the land cover change in the 

alpine and subalpine of the ES since 1984. Table 4.10 shows the land cover change area per 

elevation, period and watershed in the ES. Supplementary materials I of Chapter 4 presents the 

Sankey diagram land cover change area per period, watershed and in subalpine and alpine regions 

of the ES. Figure 4.12 illustrates the variations in spatial characteristics across different watersheds 

and periods in alpine and subalpine regions, respectively.  
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Fig. 4.10. Hypsometric curve (with 100 meters increments) of land cover area change (%) by period 

and watershed in the subalpine (< 2300 m) and alpine (≥ 2300 m) regions of the ES from the 1980s 

to the 2020s. The percentage of change is normalized by the total area of the Eastern Slopes of 

Alberta (1668 km²). 
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Fig. 4.11. Sankey diagram showing the land cover change area (km2) and percentage (%) from 

1980s to 2020s in alpine and subalpine regions normalized by the sub-sample buffered research area 

within the ES in the snowmelt-dominated (a) and rainfall-dominated (b) period. 
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Table 4.10. Land cover changes (%) in alpine and subalpine regions per watershed and period in 

the ES. Land cover changes normalized by the sub-sample buffered research area within the ES 

(1668 km2). 

Land 

cover class 
Region Period 

Oldman 

River 

Bow 

River 

North 

Saskatchewan 
Athabasca 

Open 

water 

Alpine 
SM <+0.1 <-0.1 <+0.1 +0.1 

RF <-0.1 -0.3 -0.1 +0.2 

Subalpine 
SM +0.2 +0.6 +0.4 +0.7 

RF -0.3 -0.4 -0.6 -1.0 

Non 

woody 

Alpine 
SM <+0.1 <+0.1 <+0.1 +0.1 

RF <-0.1 +0.1 -0.2 -0.3 

Subalpine 
SM +0.6 +0.5 +0.4 +0.4 

RF +0.4 -1.0 -0.8 -2.9 

Woody / 

Shrub 

Alpine 
SM - - - - 

RF - - <+0.1 <+0.1 

Subalpine 
SM -0.1 +0.2 +0.3 +0.2 

RF -0.4 +2.3 +1.1 +1.3 

Barren 

Alpine 
SM -0.1 <-0.1 -0.1 -0.2 

RF +0.1 +0.3 +0.3 +0.1 

Subalpine 
SM -0.5 -1.2 -1.1 -1.2 

RF +0.2 -1.0 +0.2 +2.6 

Green: Positive changes; Orange: Negative changes; SM: Snowmelt-dominated period; RF: 

Rainfall-dominated period; <+0.1: lower than +0.1%; <-0.1: lower than -0.1%; -: no change. 

 

 



 

 

 

Fig. 4.12. Land cover change from 1980s to 2020s during the snowmelt- and rainfall-dominated period in the alpine and subalpine elevations of the ES 
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4.4. Discussion  

4.4.1. Season identification 

In temperate mountain environments, the active hydrological period spans from May–

September, when the snow and glaciers start to melt. In the Eastern Slopes of Alberta (ES), the 

snowmelt-dominated period represents the spring and mid-summer season, which commences in 

mid-May and becomes less dominant (i.e., gradually transits to rainfall-dominated period, since 

snow- and glacier-melt continues through to the Fall and first snowfalls) in mid-July. The rainfall-

dominated period is characterized by the mid-summer to late summer season, starting in the late-

July and ending mid-September. Historically, the snowmelt-dominated period has always supported 

(through the snow- and glacier-melt) the rainfall-dominated period, essentially in the dry years, 

supplying water flow for many aquatic species (Milner et al. 2017). However, climate change has 

accelerated the hydrological cycle (i.e., increase of the air temperature, leading to earlier snow and 

glacier melting, higher rates of evapotranspiration, and growing-season length) (Zhang et al., 2000; 

Dyurgerov, 2003; Stewart et al., 2004; Stewart et al., 2005; Huntington, 2006; Wang et al., 2023), 

as a result, the snowmelt-dominated period has seen a rapid expansion of open water, while the 

rainfall-dominated period has seen a reduction in the open water areas.  

The decrease in open water areas in the ES can have a direct effect on the surrounding 

herbaceous, non-woody vegetation. The strong link between open water and non-woody vegetation 

indicates that a reduction in open water areas can lead to the reduction or disappearance of water-

reliant non-woody plants, a trend that historical data has confirmed for both types of land cover. 

Consequently, this decline in non-woody vegetation areas is likely to give way to an increase in 

woody and shrub vegetation, which has been increasing over time. The encroachment of woody and 

shrubs can affect water movement and evapotranspiration (Cui et al., 2022), potentially resulting in 

reduced soil moisture (Deng et al., 2021), and, ultimately, a drier environment that is primed for 

wildfires. 

Furthermore, the river gauges from each watershed in the ES indicate that variations in 

basin area or flow are likely to result in a corresponding increase in lag time within the basin. As 

such, an increase in flow lags could delay the separation time of snowmelt- and rainfall-dominated 

period. For instance, the choice of Castle River in the Ranger Station (with the smaller watershed 

area) to represent the Oldman River basin was based on the fact that this watershed is narrower 
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relative to other northern basins, so the smaller sub-basin is likely more representative of flow 

lengths throughout the headwater. 

4.4.2. Supervised classification benefits and limitations 

This study’s land cover classification employed various types of data for training and 

validation, resulting in an overall kappa average of 0.85, with higher accuracy during snowmelt-

dominated period (mid-May to mid-July). In the snowmelt-dominated, open water, non-woody, 

woody/shrub, and barren were simpler to differentiate. During the rainfall-dominated (late-July to 

mid-September) period, there is higher greening in the non-woody and woody/shrub vegetation, 

which induces some degree of confusion between the vegetated classes. The non-woody and 

woody/shrub land cover class sometimes merge, which reduce kappa during rainfall-dominated 

period. Furthermore, the years with additional higher spatial resolution imagery (1984, 1987, 1988, 

1991, 1994, 2002, 2003, 2016, 2017, 2018, 2019, 2020, 2021) for further training and validation 

were those that Random Forest demonstrated superior performance (average validation kappa of 

0.93). This demonstrates how the land cover classification is enhanced by the addition of high-

quality training/validation sites.  

On the other hand, the post-validation kappa results were reduced in comparison to the 

historical supervised classification accuracy. For instance, in the snowmelt-dominated period, the 

range varied from 0.74 to 0.76, while in the rainfall-dominated period varied from 0.71 to 0.72. The 

rationale for this relates to the use of land cover change areas in the post-validation process, rather 

than solely focusing on regions that remained constant or unchanged throughout the years, such as 

the permanent training/validation pixels mentioned in section 4.2.5. The use of predominantly 

permanent pixels from Hermosilla et al. (2022) has proven to be an innovative method for 

classifying land cover. However, it also highlights the importance of incorporating 

training/validation pixels in land cover change areas into the land cover classification process on an 

annual basis, thereby enhancing the accuracy of the classification.  

In the ES, the accuracy of land cover classes from the reference datasets varies. The 

accuracy of the Wetland Inventory of Alberta varies by elevation and vegetation structure. For 

instance, open water maintains the highest accuracy (88-92% across studies) due to its distinct 

spectral signature, though small alpine ponds (<0.1 ha) show 12-15% omission errors from shadow 

effects. Marshes achieve moderate accuracy (78-84%) but suffer seasonal variability, as late-lying 
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snowpack causes 9-11% commission errors into barren classes (DeLancey et al., 2019). Fens prove 

particularly challenging (70-76% accuracy) due to spectral mixing with wet meadows at tree line 

(Hird et al., 2017). Swamps demonstrate the least reliability (65-72%) due to several factors: dense 

shrub canopies hide groundwater signals, alpine krummholz is often incorrectly identified as 

swamp, and snow-loading affects winter synthetic aperture data backscatter (ABMI, 2021).  

On the other hand, while the Canadian Historical Land Cover (Hermosilla et al., 2022) 

datasets provided a baseline for training data, this dataset demonstrated both precise and imprecise 

land cover classification in the ES. The high accuracy for open water (89–92%) demonstrates that 

permanent water bodies can be reliably detected even in rugged terrain. The moderate accuracy 

(75–80%) for non-woody vegetation highlights a key challenge in mountain hydrology: the spectral 

similarity observed between marshes and fens at the peak of the growing season. This uncertainty 

reflects the experience of field ecologists that these ecosystems operate along a dynamic ecological 

gradient (Zoltai and Vitt, 1995). The challenge increases in alpine regions, where late-lying snow 

patches are frequently misidentified as barren ground, which may lead to an underestimation of the 

extent of these climate-sensitive ecosystems. 

However, by grouping some of the mountainous land covers into single classes the 

inherent variability of this ecosystem is simplified. For instance, using Hermosilla et al., (2022), 

Bryoides, marsh, and fen were grouped as non-woody vegetation, while shrubs, coniferous, 

broadleaf, and mixed wood were grouped as woody/shrub vegetation. Meanwhile, in the Wetland 

Inventory of Alberta (ABMI, 2021), non-woody vegetation was categorised as marsh and fen, while 

woody/shrub vegetation was classified as swamp. However, this simplification requires meticulous 

execution, employing stable training pixels (National Wetlands Working Group, 1997).  

The use of results of classification processes as training data sources is not ideal, however, 

necessary in our scarce-data mountainous environment. To address these limitations, the use of 

permanent land cover pixels (unchanged from 1984 to 2023) as training anchors has the potential to 

enhance the reliability of the final land cover classification, as demonstrated by other studies. For 

instance, Pekel et al. (2016) enhanced classification accuracy in alpine zones by 11.7% when 

compared to traditional methods (one-time imagery, often summer scenes, or averages data across 

limited time), especially for shrub-wetland/upland detection. This method decreased seasonal snow 

misclassification errors from 15% to 6.2% by utilizing stable spectral baselines (Gorelick et al., 
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2017). Thus, the use of unchanged simplified grouped land cover classes to allocate training and 

validation pixels over time showed an overall kappa average accuracy of 0.86. 

In addition, to further validate the land cover classification, a confusion matrix regarding 

the land cover change classes (e.g., open water to non-woody, open water to woody/shrub, non-

woody to woody/shrub, etc.) should be created using an independent dataset, for instance, the use of 

aerial photographs. This approach would help quantify errors of omission and commission between 

mapped (Random Forest algorithm results) and actual land cover changes (detected by aerial 

photography) while identifying systematic biases in the classification process. For robust validation, 

the reference data should be strategically sampled to represent all change classes proportionally and 

include challenging edge cases (e.g., partially vegetated open water areas or mixed shrub-water 

boundaries), ensuring the accuracy assessment reflects real-world land cover change conditions. 

Furthermore, only composite images with a minimum total extent of more than 80% (i.e., 

cloud-pixel threshold of the image composite with < 20%) were utilized for the trend analysis. 

Therefore, certain years were excluded; for instance, in the overall picture of the entire ES 

composite, twelve were missed during the snowmelt-dominated period and three during the rainfall-

dominated period. However, the exclusion of cloudy days can introduce a bias in the results, 

especially when studying seasonal or interannual trends in land cover dynamics. Cloudy periods are 

not random; they usually coincide with particular seasons (e.g., spring and early summer in the ES 

tend to be wetter and cloudier) or with significant climate events like El Niño and La Niña or 

Pacific Decadal Oscillation phases (Patterson et al., 2013). Filtering out clouds may unintentionally 

overrepresent drier, sunnier conditions and underrepresent wetter periods, so distorting the 

understanding of seasonal dynamics or long-term trends (Ju and Roy, 2008; White et al., 2014). 

Comparing the temporal distribution of accepted versus rejected images relative to the full 

climatological record (e.g., snowmelt- and rainfall-dominated periods) would help to investigate 

this bias.  

Although the Landsat archive has proven to be quite beneficial in long-term wetland 

monitoring due to its extensive historical archive dating back to the 1980s. The 16-day revisit cycle 

and 30-meter spatial resolution are suitable for tracking extensive wetland changes over time. 

However, Sentinel-2 provides improved detail, greater precision in defining wetland boundaries, 

and enhanced accuracy in identifying smaller or fragmented wetlands due to its higher spatial 

resolution of 10 meters and more frequent revisit intervals (~5 days). The multispectral properties, 
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especially in the red-edge and shortwave infrared ranges, enhance the classification of various types 

of wetlands. The drawback lies in its limited timeline data availability (2015 – present). A 

significant benefit of Sentinel-1 (A and B from 2014 to 2021; C from 2024 – present) is its radar-

based technology, which allows for cloud-penetrating capabilities. This ensures data acquisition is 

possible regardless of weather conditions, thereby aiding regions that frequently experience cloud 

cover. Its sensitivity to surface moisture renders it particularly useful for monitoring hydrological 

changes in wetlands and for detecting flooding. Nonetheless, the application of Sentinel-1 in 

mountainous regions requires careful terrain correction (Small, 2011), the integration of digital 

elevation models (Twele et al., 2016), and the fusion with optical imagery to address challenges in 

land cover interpretation (Zebker and Villasenor, 1992). In conclusion, although Landsat 8 is 

effective for analyzing historical trends, Sentinel-2 provides enhanced spatial and temporal 

resolution for precise wetland mapping, while Sentinel-1 guarantees reliable data collection, 

especially in areas with frequent cloud cover. Combining these databases allows for the utilization 

of their unique strengths, leading to a more precise and thorough wetland inventory. 

Another method to mitigate this bias is to employ gap-filling strategies such as harmonic 

regression (Zhu et al., 2010) and evaluating how sensitive the results are to the missing 

observations. To ensure reliability, gap-filling methods need to be validated using observed data, 

such as aerial or in-situ geotagged photos. Nonetheless, the lack of consistent annual aerial or in-

situ geotagged photos coverage in the ES creates uncertainty in efforts to use gap-filling methods.  

Overall, even the most permanent training pixels may not completely shield against the 

constantly shifting complexities of Earth's surface. The reference pixels may remain unchanged; 

however, the spectral truth evolves due to sensor upgrades (e.g., Landsat 5 to Landsat 8, which 

involves slight alterations in the spectral resolution of their bands) (Roy et al., 2014), phenological 

variations (leaf-on/leaf-off) and seasonal dynamics (moisture levels, flooding cycles) (Zhang et al., 

2003), disturbances (e.g., wildfires, floods, droughts, logging, or grazing; even if the class of the 

pixel has not permanently altered, the spectral signal will appear different) (Foody 2002).  

 

4.4.3. Effects of hydroclimatological changes on the aquatic and riparian ecosystem of ES 

The increase of open water areas during the snowmelt-dominated period is directly linked 

to the annual increase in air temperature of 0.04 to 0.06 °C in the ES, which is consistent with 
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findings from previous researchers (Luckman 1998; Stewart et al., 2004; Castellazzi et al., 2019; 

Musselman et al., 2021). The rise in air temperature has caused significant changes in the 

mountainous environments, such as, decrease in the amount of seasonal snowpack (Mote et al., 

2005) and an earlier spring snowmelt (DeBeer et al., 2021; Rood et al., 2008; Stewart et al., 2004). 

These changes have led to increased river discharge (Brahney et al., 2017), expanded open water 

and lakes (Hauer et al., 1997), and a decline in groundwater levels due to the partially frozen and 

difficult-to-infiltrate soil (Millar et al., 2018).  

Moreover, the western side of the ES has the largest portion of the snowfall and is home of 

the glaciers, which melt during the summer and late summer months. Consequently, with the rise in 

air temperature in recent years (Luckman, 1998; Trant et al., 2020), there has been an earlier 

melting of snowpack and glaciers (Moore et al., 2009; DeBeer et al., 2021).  The earlier melting of 

snowpack during the snowmelt-period results in increased river discharge (Musselman et al., 2018), 

which promotes the expansion of connected open water areas. On the other hand, the snowpack that 

has built up during late fall, winter, and early spring in disconnected open water areas is 

experiencing earlier melting than in previous years, when the process was more gradual throughout 

the summer, thus, leading to an expansion of open water. Those processes accounts for the upward 

trend in the open water throughout the snowmelt-dominated period in the subalpine regions.  

At a broader scale, Bevington and Menounos (2022) conducted a study in 14,329 glaciers 

in British Columbia and Alberta, Canada, between 1984 and 2020 using Landsat archives, whose 

showed an increase in the rate of glacier area loss after 2011. The increase resulted in area 

shrinkage rates of -49 km2 year-1 (before 2011) and -340 km2 year-1 (after 2011), leading to a total 

loss of -8%. In consequence, the extent of proglacial lakes or open water areas expanded to 565 km2 

in 2020. These findings are consistent with Armstrong et al., (2022), who utilized field- and 

satellite-based data to demonstrate that the Athabasca Glacier had a reduction in thickness of 60 

meters between 1961 and 2020. In the Saskatchewan Glacier, Western ES, Kinnard et al. (2022) 

demonstrated a total decrease of -26.79 meters, between the years 1979 and 2016. The significant 

decrease in glacier size and the consequent increase in open water are directly associated with the 

observed increase of open water extent in the alpine region of the ES, as demonstrated by this 

research. Moreover, in the case of glacier melting and expansion (or genesis) of open water area in 

alpine regions, this connection is due to local geology and earlier snow- and glaciers-melt into areas 

of topographic depressions, thus causing lakes. 
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The results of this study are also associated with the Government of Alberta report, which 

indicated that the Athabasca rivers exhibited significant positive trends from 1912 to 2001 (Seneka, 

2004). On the other hand, St Jacques et al. (2010) observed that the North Saskatchewan (1911 to 

2007), Bow River (1912 to 2007), and the Oldman River (1912 to 2001) had seen significant 

negative trends.  

The significant (p-value ≤ 0.05) increase in open water during the snowmelt-dominated 

period led to an expansion of water-dependent non-woody vegetation and a slightly encroachment 

of woody and shrub in the ES in subalpine and alpine regions (as illustrated in Figure 4.11). In 

contrast, a significant decrease in barren was observed in both regions, which is attributed to the 

significant expansion of open water throughout the snowmelt-dominated period. In the end of 

snowmelt-dominated period, in subalpine regions, the open water areas will retreat, but the soil and 

barren will still be moist. This will allow the non-woody and woody and shrub vegetation to expand 

into these moist and dry subalpine regions. The non-woody and woody and shrub vegetation 

expansion over the snowmelt-period supports the research by Rodrigues et al. (2024), who also 

observed a positive trend of woody and shrub growth in the Upper Columbia River floodplain 

valley from 1984 to 2022. The floodplain is located in British Columbia, on the West of the ES, and 

between the latitudes of the North Saskatchewan and Oldman River watersheds. On the other hand, 

in alpine regions connected to glaciers and with topographic depressions, open water areas are 

likely to continue to expand during the summer.  

However, the reduced snowpack and early melt are leading to a rapid increase of open 

water during the snowmelt-dominated period, which are reducing the open water areas during late 

summer (i.e., rainfall-dominated period), particularly in disconnected open water areas. During the 

rainfall-dominated period, the subalpine and alpine regions in the ES are seeing a decrease (except 

in the alpine region of Athabasca, which increased) in open water areas. As a result, in the subalpine 

regions, water-dependent non-woody vegetation are drying out, thus, woody and shrub vegetation is 

gradually encroaching into the intermittent open water areas. In alpine regions, the reduction of 

open water areas is creating space for barren land and a slight increase in woody and shrub 

vegetation. The woody and shrub expansion are consistent with Conway and Danby (2014), Harsch 

et al. (2009), and Whited et al. (2025), who observed positive trends in the extension and filling of 

treeline and rapid riparian vegetation encroachment linked to glacier retreat in other mountainous 

environments. 
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In contrast to the overall decline in open water during rainfall-dominated period, the 

Athabasca watershed showed an increase of open water areas in the alpine regions (Supplementary 

materials H of Chapter 4). This positive trend might be related to the glacier melting, resulting in an 

expansion of open water areas and lakes during rainfall-dominated period. These results agree with 

Zemp et al. (2015) and Bevington and Menounos (2022) which has seen an increase in open water 

areas in alpine regions when glacier retreat over the summer and late summer periods. However, 

glacier melting in Athabasca alpine regions appear to be reaching its apex (Rood et al., 2004). Once 

peak glacier melting in Athabasca is over, its alpine open water areas trends may relate to other ES 

watersheds, which are having a negative trend. Overall, Figure 4.13 provides a concise overview of 

the land cover feedback resulting from the effects of hydroclimatological changes in ES’s 

watersheds from 1984 onwards. 

 



 

 

 

Fig. 4.13. Hydroclimatological changes (a) and the landcover feedback (b) in the Eastern Slopes of Alberta 

* - Hydroclimatological changes based on literature: Increase of rain on snow precipitation from DeBeer et al. (2015), Notarnicola (2022), Whitfield and 

Shook (2019); Earlier snow melt from DeBeer et al. (2021) and Stewart et al. (2004); Glaciers wastage from Zemp et al. (2015); Higher, earlier, and 

shorter runoff and river discharge Rodrigues et al., (2024) and ; Increase of evapotranspiration from Kasurinen et al. (2014); Decrease of water 

availability from Barnett et al. (2005); Raising the potential for drought during late summer from Wheaton et al. (2008). 
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Moreover, according to Fernandes et al. (2007), the increasing evaporative demands in the 

Easter Slopes of Alberta will decrease the open water areas, allowing the expansion of non-woody 

plants and later encroachment of woody and shrub vegetation (Burkinshaw, 2005; Burkinshaw and 

Bork, 2009; Roush, 2009). The expansion of vegetation on land can affect various aspects of the 

hydrological cycle in a region, such as higher evapotranspiration rates by herbaceous and woody 

plants (Donohue et al., 2007), the increase of the precipitation interception by the canopy trees 

(Owens et al., 2006), lower runoff (Bonan, 2008), decreases of the groundwater recharge (Breeuwer 

et al. 2009; Potvin et al. 2015), and streamflow (Tennesen, 2008).  

Furthermore, the increase in air temperatures during the rainfall-dominated period (0.06 ~ 

0.09 °C year-1) has influenced the timing of the start (earlier) and end (delayed) of the vegetation 

growing season in the Northern Hemisphere (Lian et al., 2020; Yan et al., 2023), which is attributed 

to the more frequent occurrence of Pacific Warm episodes (Cai et al., 2014). The vegetation 

community composition (i.e., density, distribution, and phenology) is the immediate ecosystem to 

respond to these abiotic changes (Danby and Hik, 2007; Myers‐Smith and Hik, 2018). Climate 

change can promote the expansion of coniferous vegetation (Sanz‐Elorza et al., 2003; Moffat et al., 

2016; Wookey et al., 2009). In the high-latitude ecosystems of Canada, the combination of higher 

temperatures and drier late summers has led to the growth of shrub and woody species (Wang et al., 

2022). This phenomenon is referred to as shrubification, as described by Leipe and Carey (2021) 

and Tremblay et al. (2012). These positive trends of woody and shrub encroachment relates well to 

all watersheds of ES. 

Nonetheless, the drying of the wetland is not the only trajectory of land cover change, as 

wildfires have been occurring with increasing frequency over the years (Wang et al., 2025). 

Wildfires often transform dense vegetation, including woody plants, shrubs, or herbaceous areas, to 

ashes or bare soil (Farid et al., 2024). For instance, the Oldman River showed a negative trend of 

woody and shrub species, possibly due to the massive wildfire of 2017 that burned 75% of woody 

and non-woody species (Eisenberg et al., 2019; Buunk, 2021). Treating wildfire areas as barren in 

this study will likely lead to a rapid increase in woody and shrub growth, thus overestimating the 

extent to which the region is becoming shrubbier. Therefore, it is necessary to mask wildfire regions 

to accurately identify true vegetation trends separate from the effects of post-fire succession. This 

approach would prevent the misclassification of early-successional vegetation as stable shrubland or 

forest, avoid the artificial inflation of greening trends in areas that have burned, ensures temporal 
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consistency in land cover classification, and allows for the differentiation between anthropogenic 

changes and disturbance-recovery cycles. 

In the ES, wildfires have impacted wetland dynamics, resulting in both short-term (<5 

years) and long-term (>10 years) consequences (Alberta Wildfire, 2023; Wilkinson et al., 2021). 

Short-term impacts involve a notable expansion of barren areas due to ash deposition and a delay in 

vegetation recovery (Hood and Bayley, 2008). In contrast, long-term changes highlight an increase 

in shrub dominance and a decrease in open water in regions where peat layers have burned 

(Turetsky et al., 2015). The interactions of climate significantly enhance these transformations, 

especially through the rapid snowmelt occurring in burned watersheds (Burles and Boon, 2011). On 

the other hand, beaver activity aided in the recovery of marshes burned regions (Fairfax and 

Whittle, 2021), showcasing the resilience of nature. Overall, the combined impacts of fire and 

climate are fundamentally transforming these wetland ecosystems (Schneider et al., 2023). 

Changes in the composition and arrangement of vegetation has resulted in intricate 

interactions between soil, plants, and the atmosphere. These interactions affect the way water is 

received, retained, and released in the ES, consequently influencing the regional climate cycle. This 

impact is primarily mediated through the albedo feedback and energy distribution (Bonan, 2008; 

Chapin et al., 2005; Lafleur and Humphreys, 2018). The characteristics of vegetation, such as its 

type, height, and density, have a considerable influence on the accumulation of snow and rainfall, as 

well as the interception and infiltration of water (Liu et al., 2022; Sturm et al., 2005; Zwieback et 

al., 2019). Additionally, an increase in the height and coverage of shrubs enhances the ability to trap 

snow (Pomeroy et al., 2006). Vegetation has an impact on the speed and timing of snow melting 

and evapotranspiration (Brümmer et al., 2012; Kasurinen et al., 2014). For instance, tall shrubs 

speed up the melting process by emitting longwave radiation (Marsh et al., 2010), while also 

reducing turbulent fluxes by shading the soil and decreasing evaporation (Endrizzi and Marsh, 

2010). 

All in all, the air temperature and precipitation are the primary climatological factors that 

influence the alpine regions of the ES. The air temperature controls the duration and rate of 

snowmelt, while precipitation determines the amount of snowfall. These factors play a crucial role 

in driving changes in these non-woodies and woody ecosystems (Mote et al., 2005). Global 

warming has various impacts on alpine regions, such as the degradation of permafrost (Walvoord 

and Kurylyk, 2016), the retreat of glaciers (Zemp et al., 2015), and changes in precipitation 
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quantity, timing, and phase (e.g., liquid, or solid, or mixed of both, such as rain-on-snow) (DeBeer 

et al., 2015, DeBeer et al., 2021; Notarnicola, 2022; Whitfield and Shook, 2019). In addition, 

warming also has the tendency to elevate the occurrence of rain-on-snow events in mountainous 

areas (McCabe et al., 2007; Ye, et al., 2008). As average temperatures near the freezing point, there 

is an increased chance that temperatures will exceed the thresholds at which precipitation occurs as 

rain rather than snow (Gottlieb and Mankin, 2024). For instance, in the Canadian Rocky Mountains, 

this shift from snowfall to rain is leading to an increase of runoff by 50% in the spring, as reported 

by Musselman et al. (2018). The results align with the observed increase of open water extent 

during the snowmelt-dominated period, which is related to the expansion of water-dependent non-

woody vegetation area. 

Overall, alpine ecosystem is undergoing some of the fastest climate-related changes on 

Earth and seem to be warming up faster than other ecosystems worldwide (Masson-Delmotte et al., 

2018; Pepin et al., 2015). Rising temperatures are leading to a reduction in the average snowfall and 

spring snowpack in ES (Marty and Blanchet, 2012; Mote et al., 2005; Gottlieb and Mankin, 2024), 

as well as the shrinkage or disappearance of glaciers (Beniston et al., 2018; Zemp et al., 2015). 

Overall, continuous changes in land cover and river flow patterns (Huss and Hock, 2018; 

Poloczanska et al., 2019) may lead to catastrophic or potentially irreversible outcomes in these 

ecosystems. 

4.5. Conclusion 

This study provides insights into different patterns and transformations in land cover in the 

Eastern Slopes of Alberta (ES), Canada, throughout the past four decades. Snowmelt- (May 15 to 

July 20) and rainfall-dominated period (July 20 to September 15) were identified, which allowed 

the land cover classification in these two periods. The observed increase in open water during the 

snowmelt-dominated period can be attributed to the positive trends in air temperature, which affects 

earlier snow- and glaciers- melt in the study area, leading to the fast seasonal spread of open water 

in places that were previously covered by barren. In the rainfall-dominated period, the ES are 

becoming drier as a result of the open water areas reduction. The reason for this phenomenon may 

be attributed to rising temperatures, decreased-, earlier-, and phase-change precipitation, and higher 

evapotranspiration rates.  

Furthermore, based on the evaluation of land cover change with respect to elevation, in the 

snowmelt-dominated period, open water, non-woody, and woody/shrub vegetation have increased 
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while barren has decreased in both subalpine (≤ 2300 m) and alpine (> 2300 m) regions. In contrast, 

during the rainfall-dominated period, the reduction of open water areas has increased barren land 

cover. Barren areas are transitioning to non-woody vegetation. Meanwhile, there is a transformation 

of habitat from non-woody to woody and shrub in both altitudes, indicating a process of succession. 

The decrease in open water creates opportunities for the spread of non-woody areas that 

were previously covered by water. Drier conditions are transforming non-woody areas into shrub 

and woody vegetation. The transition from herbaceous to woody plants is a natural succession. 

However, in alpine and subalpine of the ES, climate change has accelerated the encroachment of 

woody ecotones. However, caution is necessary in interpreting these results, since wildfires were 

considered as barren land cover. This is likely to result in a rapid increase in woody/shrub increase, 

thereby overestimating the degree to which the region is becoming more shrubby. Thus, masking 

wildfire regions is essential to accurately identify authentic vegetation trends associated with 

hydroclimatic changes, independent of the effects of post-fire succession. As far as the author 

knows, this study is the first to analyze the alpine and subalpine land cover trends on a broad scale 

during the nival and pluvial period in four key headwater basins in of the Rocky Mountains of 

Canada. 
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Chapter 5: Trends in the extent of water bodies related to evapotranspiration rates in the 

Eastern Slopes of Alberta, Canada  

 

Abstract 

Evapotranspiration (ET) is a major factor controlling the hydrological dynamics of open water areas 

and forest regions, as it limits excessive amplification of open water areas by slowing the expansion 

rate, and it can also amplify forest ecosystem ET losses. This study aims to evaluate past (1984–

2023) trends of open water areas (hydroclimatic models: air temperature and precipitation vs open 

water area; average RMSE and %RMSE: training 6.79 km2 and 10.2%; validation 7.36 km2 and 

12.7%) and evaporation rates (Penman method) in the Eastern Slopes of Alberta (ES), Canada. 

Furthermore, the proportion (P%) of open water area evaporation relative to forest ecosystem ET 

(applying forest ecosystem coefficient to open water evaporation rates) in ES was evaluated. The 

open water areas, evaporation rates (+0.028 mm year-1), and forest ecosystem ET (+0.015 mm year-

1) exhibited positive trends during the snowmelt-dominated period (mid-May to mid-July), which 

were correlated with increasing trends in air temperature. During the rainfall-dominated period 

(late-July to mid-September), open water area is decreasing. Meanwhile, evaporation and forest 

ecosystem ET exhibited positive trends at +0.014 mm year-1 and +0.008 mm year-1, respectively. 

The historical P% during the snowmelt-dominated period was 2.4%, which was higher than during 

the rainfall-dominated (2.1%) period (late-July to mid-September).  

Keywords: Modelling; Hydrology; Water Resources; Mountain Wetlands 
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5.1. Introduction 

Historical trends and changes in precipitation and air temperature are affecting land cover, 

runoff processes, and water balance (Jiang et al., 2015). For example, evaporation rates are 

increasing (Kasurinen et al., 2014; Fernandes et al., 2007), leading to a reduction in the size of 

inland open water areas (Rood et al., 2008; Rasouli et al., 2013). Furthermore, water cycle fluxes 

are accelerating due to rising air temperatures (Koutsoyiannis, 2020). This is evident in mountain 

regions like the Eastern Slopes of Alberta (ES), Canada, where above-average warming is occurring 

(Gobiet et al., 2014; Chiarle et al., 2021). As a result, glaciers and snow cover are melting at a faster 

rate since 1980s (Pelto, 2020), and changes in precipitation quantity, timing, and phase, i.e., raising 

the frequency of rain-on-snow events (McCabe et al., 2007; Ye, et al., 2008). During the snowmelt-

dominated period (mid-May to mid-July), snowmelt is occurring earlier, leading to an increase in 

volume and peak river discharge (as per, Vormoor et al., 2015; Stewart et al., 2004; Stewart et al., 

2005; Rodrigues et al., 2024a). These changes have contributed to the expansion of open water 

areas during the snowmelt-dominated period (according to Chapter 4).  

In contrast, during the rainfall-dominated period (late-July to mid-September) in the ES, 

river flow and open water areas are decreasing (DeBeer et al., 2015; Rood et al., 2008). In the ES, 

the convergence of increased open water areas during the snowmelt-dominated period (according to 

Chapter 4), combined with positive trends of evaporation rates (Kasurinen et al., 2014; Fernandes et 

al., 2007), may result in increased water volume losses during this period. During the rainfall-

dominated period, the persistent increase in evaporation rates may intensify water resources 

depletion (Mastrotheodoros et al., 2020), increase drought risk (Peterson et al., 2021), and 

exacerbate ecosystem stress (Brodribb et al., 2020). Drier conditions and vegetation stress set a 

dangerous cycle in the ES whereby plants lose moisture, fire risk increases, and wildfires that 

change the land cover results. While open water areas are reducing due to the increase of 

evaporation losses, the fires turn mature forests into shrubs and grasses, which may increase the 

forest ecosystem evapotranspiration (ET) within just a few years post-fire (Brantley et al., 2024; 

Poulos et al., 2021).  

Evaporation rates can be accurately estimated using the equation developed by Penman 

(1948), which is one of the most complete methods developed over the last 200 years (McMahon et 

al., 2016). Penman incorporates the primary factors that influence evaporation, such as energy 

balance and aerodynamic components. Furthermore, Penman has been tested in several 
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mountainous lakes and reservoirs around the globe (Zolá et al., 2019; Rosenberry et al., 2007; Zhao 

and Gao, 2019). However, despite extensive research on evaporation rates in response to climate 

change (Wang et al., 2018), there is uncertainty whether this hydrological process is increasing or 

decreasing during the snowmelt- and rainfall-dominated periods in the ES. Moreover, the open 

water evaporation rates volume loss in response to rapid changes in open water areas of ES during 

the snowmelt-dominated period remains unknown.  

Another source of water flux to the atmosphere is represented through forest ecosystem ET 

(i.e., the integration of all plant transpiration, evaporated intercepted moisture, and soil evaporation 

at the ecosystem or flux footprint scale). Forest ecosystem ET in the ES is responsible for most 

atmospheric water losses due to their larger area relative to open water areas. This hydrological 

process can be accurately measured using eddy covariance tower (Langs, 2019), nevertheless, 

scaling these measurements to the regional level of the ES can be challenging. In a manner to 

effectively estimate forest ecosystem ET on a larger scale, forest ecosystem coefficients can be 

incorporated into evapotranspiration equations (as per Mata-González et al., 2005; Martel et al., 

2017; Costa et al., 2021). While the evaporation and forest ecosystem ET rates in the ES are 

generally known, the proportion of open water evaporation volume in relation to the forest 

ecosystem ET volumes in the ES have not been quantified. Thus, with the shifting open water areas 

discussed in chapter 4, it is essential to investigate how these changes will impact regional water 

losses. To contextualize this within water resources, an estimation of the total forest ecosystem ET 

losses from vegetated areas is required.  

The ES has a crucial role in providing freshwater for human activities like industry, 

irrigation, and home usage, as well as for the natural environment (Viviroli et al., 2007). This water 

tower is responsible for ~70% of the annual runoff of the Saskatchewan-Nelson River and Peace 

River (Ashmore and Church, 2001). Furthermore, this region provides over 90% of streamflow to 

downstream users, serving around 6.7 million people in the Canadian Prairie Provinces (Martz et 

al., 2007). The primary driver of streamflow in the ES is the melting of snow, with highest levels 

occurring between June ~ July (i.e., snowmelt-dominated period) (Rood et al., 2008; Whitfield and 

Pomeroy, 2017). In the rainfall-dominated period, glacier melt, and rainfall help maintain the flow 

of water in streams (Bash and Marshall, 2014). However, higher rates of glacier meltwater have 

been noticed (Hopkinson and Young, 1998; Castellazzi et al., 2019; Moore et al., 2009), which are 

expected to disappear in future decades. 
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However, the implementation of a full hydrological model to evaluate hydrological 

changes in a large and remote area like the ES can be difficult, since usually they require a lot of 

parameters (e.g., soil characteristics, land cover, watershed topographic characteristics, vegetation 

attributes, etc.) and variables (e.g., historical hydroclimatic dataset) (Craig et al., 2020). Thus, 

hydroclimatic-based models (e.g., bivariate models based on air temperature and precipitation) can 

be used as a parsimonious alternative to simulate open water areas (Sen et al., 2012), since air 

temperature and precipitation are the main drivers of change in open water areas in mountain 

environment. Thus, forcing hydroclimatic-based models and a reference method for evaporation 

estimates (for example, Penman, 1948) by historical hydroclimatic datasets provides an approach to 

evaluate open water area and evaporation rates in the ES. This framework can enable an evaluation 

of past trends in open water areas and evaporation losses, thereby facilitating a deeper 

understanding of patterns, direction, rates, and drivers of change across large and spatially 

mountainous ecosystems.  

Here, it was investigated the long-term historical patterns (1984–2023) of open water area 

and evaporation rates in the ES. The study addresses the following core question: How are open 

water extent and evaporation processes in mountain headwaters of the ES changing in the last 40 

years? To answer this, it was quantified historical open water areas using hydroclimatic modeling 

during both snowmelt- and rainfall-dominated periods. Historical evaporation rates were estimated 

using the Penman (1948) equation, applied to both periods. Additionally, the proportion of open 

water evaporation volume in relation to the forest ecosystem ET volumes in the ES was estimated. 

These analyses provide an integrated view of open water surface dynamics under shifting climatic 

conditions and support a better understanding of the hydrological sensitivity of the ES region. 

5.2. Methods and data 

5.2.1. Study Area 

The Eastern Slopes of Alberta (ES) is within the Montane Cordillera Ecozone of Canada 

(Figure 5.1). This region is characterized by four primary watersheds: Oldman River, Bow River 

(that was combined with the headwaters of the Red Deer River), North Saskatchewan, and 

Athabasca. The headwaters of the Red Deer River watershed were merged into the Bow River 

watershed. Due to their comparable latitude and ecozone, the watersheds of the Red Deer River and 

Bow River exhibit similar physiographic characteristics (elevation range: 1200–3400 m; mean 

slope: 15–25°) and hydrological responses to climatic factors (Philipsen et al., 2018; Whitfield et 
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al., 2021). Merging them is unlikely to change the results of this study. The average climatic 

normals (from 1984 to 2023) are, air temperature of 2ºC (±14 ºC), annual precipitation of 700 mm 

(±110 mm), wind speed of 3.5 m s-1 (±1.5 m s-1), and relative air humidity of 60% (±12.4%) 

(Alberta Climate Information Service, 2023). Throughout the last four decades, the historical air 

temperature in the ES has shown a positive trend of +0.06 °C year-1 (as per Chapter 4). Figure 5.2 

shows the historical average monthly air temperature (ºC), wind speed (m s-1), net radiation (MJ m-2 

d-1), relative humidity (%), and precipitation (mm). The open water areas shown in Figure 5.1 were 

extracted from the Global Surface Water Explorer database (Pekel et al., 2016), which were merged 

with the lakes and rivers boundaries (Government of Alberta, 2016). 

 

Fig. 5.1. a) ES location in North America; b) Canadian Eastern Slopes of Alberta region 



 

 

Fig. 5.2. Meteorological observed datasets, where, Obs – Historical monthly averages at township weather datasets (1984 to 2023) 
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The ES region warms more throughout the spring and early summer, as seen in Figure 5.2. 

This trend is directly related to higher net radiation. Three main radiative processes account for this 

seasonal amplification (2.3°C since 1950; Vincent et al., 2020). Initially, the earlier occurrence of 

snowmelt (advancing by 2.1 days per decade; Mudryk et al., 2018) leads to a reduction in surface 

albedo by 40–60% (Yang et al., 2001), resulting in an increase in absorbed solar radiation by 25–35 

W m-2. Secondly, the increase in CO₂ levels (~420 ppm in 2023; NOAA, 2023) enhances the 

absorption of longwave radiation. Concurrently, spring cloud cover is decreasing by 5% each 

decade, as noted by Bush and Lemmen in 2022, which intensifies the input of shortwave radiation. 

The changes resulted in a shift to drier soils (>30%), altering the energy flux from latent to sensible 

heat (Bonan, 2019) and causing near-surface temperatures to rise disproportionately in April–June 

(+3.1°C vs +1.7°C annual; Zhang et al., 2019). With MODIS land surface temperature patterns 

matching Clouds and the Earth's Radiant Energy System radiation anomalies (r=0.82; Zhan and 

Liang, 2023), eddy covariance data confirm net radiation drives 68±7% of spring warming (p<0.01; 

Mioduszewski et al., 2014). These feedbacks help to explain why mountain springs warm two times 

faster than winters (IPCC, 2023).  

5.2.2. Data sets 

Historical (1984 – 2023) open water areas from four primary watersheds in the ES were 

acquired in Chapter 4, using land cover classification in the ES (from 1984 to 2023) during the 

snowmelt-dominated (Mid-May to mid-July) and rainfall-dominated period (Late-July to mid-

September). 

Historical (1984 – 2023) air temperature (Tair) (°C) (average, minimum, and maximum), 

precipitation (P) (mm day-1), wind speed (m s-1), relative humidity (%), and total incoming solar 

radiation (MJ m-2 day-1) was collected using the Interpolated Weather data from Alberta Townships. 

This dataset was chosen due to its extensive historical series dating back to 1901 (Alberta Climate 

Information Service, 2023). Estimates for each township location were derived using Hybrid 

Inverse Distance Cubed weighting for precipitation and linear Inverse Distance weighting for air 

temperature. The wind speed was interpolated from township stations using sector-based Inverse 

Distance Weighting. Net radiation was derived using a modified Food and Agriculture Organization 

Penman-Monteith approach (Allen et al., 1998). These methods consider spatial variation in 

elevation throughout the ES (Alberta Climate Information Service, 2023). The two methods were 

weighed according to the observations from the eight nearest weather stations. Details on the 
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interpolation methodology can be found in the Alberta Climate Information Service (2023). To 

ensure proper representation of each catchment's hydroclimatic data, each watershed was 

characterized by the average of all Townships (spatial resolution of 10 km) within it. 

Supplementary material A of Chapter 5 displays all utilized township numbers for each watershed. 

5.2.3. Modelling framework 

A four-phase approach was used to evaluate the historical trends in the open water area and 

rates of forest ET in the ES, as seen in Figure 5.3: i) Development of hydroclimatic-based models to 

simulate open water area; ii) Open water area and evaporation simulation forced with historical 

(1984-2023) hydroclimatic dataset using the Interpolated Weather data from Alberta Townships; iii) 

Proportion (%) of open water evaporation volume to forest ET volume; iv) Trend analysis over the 

past (1984 to 2023).  
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Fig. 5.3. Methodological flowchart for assessing historical changes in open water (OW) areas, OW 

evaporation, and forest ecosystem ET in ES. 

R2: coefficient of determination; RMSE: root mean square error; NSE: Nash-Sutcliffe efficiency 

coefficient; %RMSE: percentage root mean square error. 

5.2.4. Phase 1: Development of hydroclimatic-based models to simulate open water area 

Hydroclimatic models based on average monthly air temperature (Tair) (°C) and monthly 

total precipitation (P) (mm) were created to estimate open water area during the snowmelt- and 

rainfall-dominated period in the ES, since glacier melt, snow melt, and rainfall are the primary 

factors influencing changes on open water areas in the ES (Rodrigues et al., 2024a; Sen et al., 

2012). To estimate the extent of open water in the ES, separate models were created for each period 

(i.e., snowmelt- and rainfall-dominated period) and for each watershed (Oldman River, Bow River, 

North Saskatchewan, Athabasca). The models to simulate monthly open water area were developed 

based on reference open water area (km2) supplied in Chapter 4 (from 1984 to 2023) as the response 

variable, Tair and P as inputs. Tair and open water were averaged, and cumulative P was totalized for 

each period (snowmelt- and rainfall-dominated period). Average open water area (km2) was 

projected for each period and watershed of ES. 

The hydroclimatic-based models were designed using the LABFit software (Silva et al., 

2004), which employs a statistical modelling technique known as the Levenberg-Marquardt 

optimization method (Levenberg, 1944; Marquardt, 1963), commonly referred to as damped least-

squares. This method is powerful as it integrates a gradient descent algorithm, utilized in machine 

learning to determine the coefficients of a function that minimizes a cost function, with a Gauss-

Newton algorithm, which addresses non-linear least squares problems identified by the minimum 

residual of the selected non-linear function (Silva et al., 2004).  

The optimal non-linear regression form between the Tair and P and open water area was 

found using reduced chi-square (i.e., non-linear function around 1 is optimal) using LABFit library, 

which offers around 500 pre-defined non-linear and linear regression functions. The open water 

data from 1984 to 2023 were divided into two equal parts: 50% for training (even years 1984, 1986, 

etc.) and the remaining 50% (odd years) for validation. Training and validation were sampled from 

alternating years due to the substantial alterations seen in montane wetlands globally, especially 

after the 2000s (Avis et al., 2011; Zhang et al., 2012). 
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5.2.5. Phase 2: Open water area and evaporation simulation forced with historical (1984-

2023) hydroclimatic dataset 

The hydroclimatic-based models (section 5.2.4), and Penman (1948) equation 

(supplementary material B of Chapter 5), were driven by the historical (1984-2023) Alberta 

townships hydroclimatic dataset (1984 – 2023). The open water areas and evaporation were 

examined using the historical Alberta townships hydroclimatic dataset: a hydroclimatic-based 

model and Penman (1948) equation driven by the average of all townships within each watershed of 

ES. To assess whether the estimated open water area accurately reflects the reference open water 

area, historical-modelled open water area was compared (using Nash-Sutcliffe coefficient) against 

reference (as per Chapter 4) open water areas during the period of overlap from 1984 to 2023.  

5.2.6. Phase 3: Proportion (%) of open water evaporation volume to forest ecosystem 

evapotranspiration volume 

Evaporation from open water areas has a significant impact/reduction in water availability; 

nonetheless, forest regions could potentially result in even higher ET losses in ES, due to their 

larger coverage relative to open water areas. This analysis seeks to evaluate the proportion (P%) (in 

percentage %) of the evaporated open water volume compared with forest ecosystem ET volume in 

each watershed of the ES from 1984 to 2023. Hydroclimatic-based models (developed in section 

5.2.4) were used to estimate open water areas (results from section 5.2.5). The forest areas spanning 

from 1984 to 2022 were determined using the historical annual-based land cover classification of 

Canada (Hermosilla et al. in 2022). The selection of this historical land cover dataset was based on 

overall accuracy of 83% (±4.1%) in Coniferous, and Mixed wood land covers. In this dataset, a 

frequency analysis was conducted using the “equals to frequency” procedure in ArcGIS Pro to 

determine the permanent forest area (PFA) per watershed in the ES. Coniferous vegetation was 

chosen as the reference forest since it predominantly constitutes the vegetation type of the ES 

(Meyn et al., 2010; Rhemtulla et al., 2002; Dawe et al., 2020). The PFA in the ES was used as 

reference forest area for all years. Supplementary material C of Chapter 5 illustrates the PFA (in 

km2) for each watershed. To calculate the forest ET within ES, evaporation rates determined by 

Penman (1948) (which can be considered the maximum or potential water loss to the atmosphere, as 

evaporation rates are from open water surfaces where there is no surface resistance) were multiplied 

by a forest ecosystem coefficient (a division of forest ecosystem ET measured by Eddy covariance 
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tower, and open water evaporation estimated by Penman equation), providing an estimate of forest 

ET.  

The forest ecosystem coefficient was based on Langs (2019), which investigated mature 

conifers (i.e., Picea engelmannii and Abies lasiocarpa) ET rates during growing seasons (early June 

to late September) of 2016 (Wet year) and 2017 (Dry year) located in Kananaskis River Valley, 

Fortress Mountain (50°49’32.7” N, 115°11’48.2” W), within the Eastern Slopes of Alberta. Langs 

(2019) determined the forest ecosystem ET (i.e., evaporation from soil, sublimation from snow, and 

transpiration via plant stomata during photosynthesis) using an Eddy Covariance Tower. Therefore, 

a periodic forest ecosystem coefficient was determined by dividing daily forest ecosystem ET to 

daily open water evaporation rates during the snowmelt- and rainfall-dominated period in 2016 and 

2017. The open water evaporation rates, estimated through the Penman equation, were obtained 

from hydroclimatic parameters (air temperature, wind speed, relative humidity, and net radiation) 

recorded by Langs (2019) during the same timeframe and location where forest ecosystem ET was 

recorded. Thus, evaporation volume (m3) per period from open water area (𝑉𝑜𝑤) was divided by the 

total PFA ET volume (m3) (𝑉𝑃𝐹𝐴) (Equation 5.1).  

P% =
𝑉𝑜𝑤

𝑉𝑃𝐹𝐴
                                                                                                                                        (5.1) 

This analysis compared the proportion of evaporation volume losses in open water areas 

with the volume losses due to forest ecosystem evapotranspiration in PFA of ES in each watershed. 

5.2.7. Phase 4: Trend analysis over the past (1984 to 2023)  

A temporal study was conducted to examine annual trends of open water area (i.e., total 

open water area in Alpine and Subalpine regions per watershed of the ES), open water evaporation, 

and forest ecosystem ET in the ES since 1984 to 2023. The trend analysis was conducted using 

Mann-Kendall approach, as described by Kendall in 1975 and Mann in 1945. The assessment was 

conducted with pyMannKendall code (Hussain and Mahmud, 2019). The null hypothesis posits that 

there is an absence of any discernible pattern or trend in the series. Three hypotheses were assessed: 

i) absence of a trend, ii) presence of a positive trend, and iii) presence of a negative trend. A 

significance threshold of p ≤ 0.05 was applied. The extent of changes was assessed using 

nonparametric Sen's slope and Kendall's tau (τ) coefficient, which quantifies the association 

between variables. 
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5.2.8. Statistical comparison 

In section 5.2.4 (Phase 1), the performance of the hydroclimatic models was evaluated 

using the coefficient of determination (R2), root mean square error (RMSE), Nash-Sutcliffe 

efficiency coefficient (NSE) as introduced by Nash and Sutcliffe (1970), and the percentage root 

mean square error (%RMSE). 

 

5.3. Results 

5.3.1. Hydroclimatic-based models performance 

Figure 5.4 (a, b) illustrates the training and validation performance of the hydroclimatic 

models developed using air temperature and precipitation data for each watershed in the Eastern 

Slopes of Alberta (ES). Snowmelt-dominated period models exhibited the highest level of accuracy. 

Figure 5.4c shows a visual comparison between modelled and reference values of open water across 

each watershed of ES. Overall, the results suggest that the hydroclimatic-based models captured the 

total open water area dynamic throughout the 1984 to 2023 period.  

 

Fig. 5.4. Performance (i.e., R2, RMSE, NSE, and %RMSE) of the hydroclimatic-based models for 
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snowmelt- (a) and rainfall-dominated period (b), and the overall (i.e., train and validation data) 

variation of reference and modeled open water per watershed (c) from 1984 to 2023 

5.3.2. Historical trends 

5.3.2.1. Historical trends of open water areas in the ES 

Air temperature has been increasing (0.05 °C year-1 across all watersheds of the ES; 

Supplementary materials E of Chapter 4) in the ES. Historical open water area of the ES from 1984 

to 2023 is shown in Figure 5.5, during the snowmelt-dominated period, i.e., mid-May to mid-July 

(Figure 5.5a), and rainfall-dominated period, i.e., late-July to mid-September (Figure 5.5b). 

Historically (from 1984 to 2023), there was a significant (p ≤ 0.05) increase of open water area in 

all watersheds of the ES..  

Meanwhile, in the rainfall-dominated period, open water area has decreased in all 

watersheds of the ES (Figure 5.5b). Figure 5.5 also illustrates a comparison between reference and 

modelled open water during the overlapped period (from 1984 to 2023). Table 5.1 depicts the 

historical (1984–2023) open water area trends per watershed, and period (i.e., snowmelt- and 

rainfall-dominated) in ES. Supplementary materials D of Chapter 5 illustrates historical trends of 

open water per watershed in ES. Supplementary materials E of Chapter 4 illustrates historical trends 

of air temperature for each watershed in ES.  
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Fig. 5.5. Temporal changes of open water area in the ES during snowmelt-dominated (a), and 

rainfall-dominated period (b) in the from 1984 – 2023 based on hydroclimatic models driven by the 

historical Alberta townships hydroclimatic dataset. Shaded areas represent 95% confidence 

intervals for historical simulated open water area. 

Table 5.1. Historical trends of open water area (1984 – 2023; km2 year-1) per watershed and period 

(snowmelt- and rainfall-dominated), in the ES.  

 Period 
Oldman 

River 

Bow 

River 

North 

Saskatchewan 
Athabasca 

O
p
en

 w
at

er
 a

re
a 

 

SM +0.05* +0.21* +0.20* +0.27* 

RD -0.08* -0.26* -0.25* -0.35* 

*: There is a significant temporal trend at the 5% level; Green: Positive trends; Orange: Negative 

trends; SM: Snowmelt-dominated period; RD: Rainfall-dominated period. 

 

5.3.2.2. Historical trends of open water evaporation in the ES 

Historical evaporation rates from 1984 to 2023 in all watersheds of the ES during the 

snowmelt-dominated period (Figure 5.6a) presented significant (p ≤ 0.05) positive trends. During 

the rainfall-dominated period (Figure 5.6b), all watersheds exhibited a non-significant (p > 0.05) 

positive trends in evaporation rates. Table 5.2 depicts the historical (1984–2023) open water 

evaporation rates per watershed, period (i.e., snowmelt- and rainfall-dominated) in the ES. The 

supplementary materials E of Chapter 5 illustrates historical trends of evaporation per period and 

watershed in ES.  
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Fig. 5.6. Average trends of open water evaporation in the ES during the snowmelt-dominated (a), 

and rainfall-dominated period (b) in the historical period (1984 – 2023). Shaded areas represent 

95% confidence intervals for historical open water evaporation. 

 

Table 5.2. Historical trends of open water evaporation (1984 – 2023; mm year-1) per watershed and 

period (snowmelt- and rainfall-dominated) in the ES.  

 Period 
Oldman 

River 

Bow 

River 

North 

Saskatchewan 
Athabasca 

O
p
en

 w
at

er
 

ev
ap

o
ra

ti
o
n

 

SM +0.026* +0.023* +0.025* +0.037* 

RD +0.013 +0.018 +0.015 +0.011 

*: There is a significant temporal trend at the 5% level; Green: Positive trends; SM: Snowmelt-

dominated period; RD: Rainfall-dominated period. 

 

5.3.2.3. Historical trends of forest ecosystem evapotranspiration in ES 

The average values of the forest ecosystem coefficient for the years 2016 (0.44) and 2017 
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(0.55) were 0.49. Historical forest ecosystem ET rates from 1984 to 2023 in all watersheds of the 

ES during the snowmelt-dominated period (Figure 5.7a) showed significant (p ≤ 0.05) positive 

trends. In the rainfall-dominated period (Figure 5.7b), forest ecosystem ET rates in all watersheds 

demonstrated a non-significant (p > 0.05) positive trend. Table 5.3 shows the historical (1984–

2023) forest ecosystem ET rates per watershed, and period (i.e., snowmelt- and rainfall-dominated) 

in the ES. Historical trends of forest ecosystem ET rates per period and watershed in the ES are 

illustrated in Figures the supplementary materials F of Chapter 5.  

 

Fig. 5.7. Average trends of forest ecosystem ET in the ES during snowmelt-dominated (a), and 

rainfall- dominated period (b) in the historical period (1984 – 2014). Shaded areas represent the 

95% confidence intervals for the historical forest ecosystem ET. 
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Table 5.3. Historical trends of forest ecosystem ET (1984 – 2023; mm year-1) per watershed and 

period (snowmelt- and rainfall-dominated) in the ES.  

 Period 
Oldman 

River 

Bow 

River 

North 

Saskatchewan 
Athabasca 

F
o
re

st
 

ec
o
sy

st
em

 E
T

 
SM +0.014* +0.011* +0.013 +0.019* 

RD +0.007 +0.010 +0.008 +0.007 

*: There is a significant temporal trend at the 5% level; Green: Positive trends; SM: Snowmelt-

dominated period; RD: Rainfall-dominated period. 

 

5.3.3. Volume of open water evaporation in proportion (P%) to the volume of forest 

ecosystem evapotranspiration 

Forest areas in the ES contribute significantly to water atmospheric losses because of their 

larger size compared to open water areas. Supplementary material C of Chapter 5 displays the 

permanent forest areas (PFA) of ES, with a total of 24,872 km2 (i.e., Oldman River: 4883 km2; Bow 

River: 7976 km2; North Saskatchewan: 4600 km2; Athabasca: 7413 km2). Table 5.4 displays the 

average historical P% of open water evaporation volume to forest ecosystem ET volume per 

watershed and period in ES. The supplementary materials G of Chapter 5 depicts historical (1984 – 

2023) P% of open water area evaporation volume to PFA ET volume per watershed in ES, 

categorized by period and year. 

Historically, average P% (P%A) of open water evaporation volume compared to forest 

ecosystem ET in the snowmelt-dominated period was 2.4% (Table 5.4), varying between 0.7% 

(Oldman River) and 3.8% (Athabasca) depending on the watershed. During the rainfall-dominated 

period, historical P%A was 2.1%, varying between 0.5% (Oldman River) and 3.4% (Athabasca). 

Table 5.4 shows historical P%A in all watersheds and periods of the ES. 
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Table 5.4. Historical P%A between evaporation volume in open water areas and ET volume in 

permanent forest areas (PFA) in all watersheds and periods of the ES 

Watershed Period 
P%A 

(OWE/PFAET) 

ES 
SM 2.4% 

RD 2.1% 

Athabasca 
SM 3.8% 

RD 3.4% 

North 

Saskatchewan 

SM 3.2% 

RD 2.9% 

Bow River 
SM 1.7% 

RD 1.6% 

Oldman 

River 

SM 0.7% 

RD 0.5% 

 

OWE: Open Water Areas evaporation volume (m3 day-1); PFAET: Permanent Forest Areas 

evapotranspiration volume (m3 day-1); Historic period (1984 – 2023). 

Overall, open water evaporation volume losses are relatively minor when compared to ET 

losses from PFA in ES, which showed a historical P%A of 2.2%. This is since the PFA are larger in 

size compared to open water areas in ES. As a result, it is anticipated that there will be greater 

volumes of ET losses in forest regions. 

5.4. Discussion 

5.4.1. Hydroclimatic-based models to estimate open water area 

The major hydroclimatological drivers of change in open water areas in the ES are the air 

temperature and precipitation, which relates to the satisfactory accuracy found (average NSE of 

0.56 for training and validation during snowmelt- and rainfall-dominated period) in the 

parsimonious hydroclimatic-based models. Furthermore, given the lack of data regarding 

actual/field-based measured historical open water area in ES, it was necessary to adopt a 

straightforward simple (i.e., parsimonious hydroclimatic-based model for the open water area), yet 
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conceptually sound, modelling approach for the open water areas, nonetheless allowing us to 

satisfactorily reproduce reference (as per Chapter 4) open water area in the ES. 

The model design utilized hydroclimatological interpolated datasets from Township data 

provided by Alberta Agriculture, Forestry and Rural Development, as there were no ES weather 

stations that offered continuous air temperature and precipitation measurements throughout the 

entire study period from 1984 to 2023. Thus, if in-situ weather measurements were used, part of air 

temperature and precipitation time series would come from one station, and the other portion and 

timeline from another station, which would lead to greater uncertainty rather than using the average 

air temperature and precipitation of all townships within each watershed of ES. Furthermore, 

relying on just one or two weather stations per watershed for a vast region like the ES may not 

provide a sufficiently accurate representation to develop hydroclimatic-based models. In summary, 

the hydroclimatic-based models captured the total open water area dynamic throughout the 1984 to 

2023 period, presenting average NSE during the snowmelt-dominated period of 0.57 (training: 0.59; 

validation: 0.55), and 0.55 during the rainfall-dominated period (training: 0.57; validation: 0.54). 

The higher accuracy of the hydroclimatic models during the snowmelt-dominated period 

can be attributed to positive trends in open water area during this period in all watersheds, 

enhancing models' capability to identify these changes. Furthermore, the expansion of open water 

areas during the snowmelt-dominated period could be associated with historical increase in air 

temperature (0.05 °C year-1 across all the ES). Air temperature increases leads to an earlier glacier 

and snow cover melting (Pelto, 2020; Huss and Hock, 2018; Diro and Sushama, 2020), increasing 

the open water areas during the snowmelt-dominated period in all watersheds. Historically, glaciers 

provided meltwater primarily during the pluvial period; however, climate change has altered this 

dynamic. Earlier snowpack disappearance now exposes glacier ice to solar radiation weeks sooner, 

starting major melt during the nival period (Huss and Hock, 2018). The Eastern Slopes of Alberta, 

where glacier melt begins, has advanced by 3.1 days per decade since 1980, illustrating this change 

particularly well (Derksen et al., 2022). Two effects arise from nival streamflow, now incorporating 

an increasing portion of “irrecoverable” glacier storage loss and a decline in the reliability of pluvial 

water supplies as glaciers diminish (Milner et al., 2017). This explains why glaciers, previously 

regarded as summer buffers, now contribute to late-season shortages and pose risks of nival 

flooding. 

In the rainfall-dominated period, river flow is more dynamic and is closely linked to 
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precipitation patterns. Changes in quantity, timing, and phase of precipitation (McCabe et al., 2007; 

Ye et al., 2008) will directly impact river discharge volumes, timing, and magnitude (Vormoor et 

al., 2015; Stewart et al., 2004; Stewart et al., 2005), leading to changes in the connected open water 

areas. In addition, the reference historical open water areas (according to Chapter 4) aligned with 

the historical open water areas simulations (hydroclimatic-based models) , exhibiting a historical 

(1984 to 2023) annual NSE of 0.55. 

5.4.2. Open water and forest ecosystem evapotranspiration in ES 

The historical increase of open water areas in the snowmelt-dominated period, along with 

positive trends of open water evaporation and forest ecosystem evapotranspiration (ET) during this 

period, could potentially intensify water volume losses associated with ET processes. At least 80% 

of ET can be attributed to air temperature, therefore, an increase in air temperature is likely to lead 

to a rise in ET rates (Priestley and Taylor, 1972; Samani, 2000). In the same domain, warming 

climate is also leading to earlier spring glacier- and snow-melt (DeBeer et al., 2015; Diro and 

Sushama, 2020; Huss and Hock, 2018; Stewart et al., 2004), which increases river discharge 

(Brahney et al., 2017), and open water areas (Hauer et al., 1997), in addition, impacting/changing 

precipitation quantity, timing, and phase (McCabe et al., 2007; Ye, et al., 2008).  

More specifically, the substantial historical increase in open water area within the 

Athabasca watershed suggests a sequence of interconnected hydrological alterations across various 

elevation zones. In alpine regions (>2300 m), the retreat of glaciers leads to sporadic releases of 

accumulated meltwater (Huss and Hock, 2018), while subalpine areas (≤2300 m) show responses 

mainly influenced by precipitation, particularly during intensified rainfall events (Pomeroy et al., 

2020). During the snowmelt-dominated period, episodes of rain-on-snow greatly increase the 

creation of open water areas (Koch et al., 2012). The historical increase of open water areas stem 

from: elevation-dependent warming rates, non-linear glacier depletion curves, and increasing 

precipitation variability attributed to historical climate change (DeBeer et al., 2015). This 

demonstrates why lower elevation open water areas may see consistent increases, while alpine 

systems exhibit "boom-bust" hydrology as glaciers recede. 

In the rainfall-dominated period, all watersheds experienced significant decreases in open 

water areas. However, as per Chapter 4, this negative trend in open water area is not followed in 

alpine regions (>2300 meters) of the Athabasca watershed, which showed positive trends of open 



255  

water areas since 1984 to 2023. The peculiar expansion of the open water area relates to the 

meltwater from glaciers, which helps to sustain the water flow in streams (Bash and Marshall, 

2014). However, historical climate change has led to increased glacier meltwater rates (Castellazzi 

et al., 2019; Moore et al., 2009), which are not offset during winter, consequently, glaciers are 

projected to disappear within the next 40 years as a result of increasing air temperatures (Huss and 

Hock, 2018; Derksen et al., 2022). Thus, once the glaciers have disappeared, the alpine region of 

the Athabasca watershed is likely to align with the negative trends of open water area observed in 

Oldman, Bow River, and North Saskatchewan during the rainfall-dominated period. 

Furthermore, the precipitation phase change is observed by the increasing of frequency of 

rain-on-snow precipitation in the snowmelt-dominated period (López-Moreno et al., 2021). This 

leads to a quick rise in runoff within watersheds due to the presence of frozen soil from the Winter 

season. Thus, groundwater levels are expected to decline due to partially frozen and difficult-to-

infiltrate soil (Millar et al., 2018). Moreover, in the western mountain range of US, negative 

projections in snowpack are expected to reduce groundwater recharge to this mountain system 

(Meixner et al., 2016). Projected declines in snowpack, coupled with increasing air temperatures, 

will lead to higher ET rates and reduced groundwater recharge in higher mountainous areas (Somers 

and McKenzie, 2020). For instance, Goulden and Bales (2014) assessed the connection between 

precipitation, ET, and elevation in California’s Sierra Nevada. Employing a space-for-time method, 

a 28% rise in ET was projected throughout King's River watershed, which followed a projected 

26% reduction in river flow by 2100. Decreases in groundwater storage will lead to reduced water 

availability for plants, particularly during the rainfall-dominated period, when ET rates are high. 

During the rainfall-dominated period, significant and negative historical open water area 

trends may have been influenced by changes in precipitation onset (i.e., higher concentrations or 

volumes of precipitation during the snowmelt-dominated period) and phase (i.e., forecasted 

increasing frequency of rain-on-snow events during the snowmelt-dominated period) (McCabe et 

al., 2007; Ye, et al., 2008). Moreover, positive trends of evaporation rates were found during the 

snowmelt- and rainfall-dominated periods, leading to a significant reduction in open water areas. 

The positive trend of air temperature increases the vapor pressure deficit and ultimately leading to 

increased open water evaporation rates (Ma and Zhang, 2022; Mintz and Walker, 1993).  

Meanwhile, warmer temperatures and changes in precipitation can also affect the onset and 

termination of vegetation growth (Fu et al., 2019), resulting in an earlier spring green-up and later 
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fall senescence (Chen et al., 2024; Jeong et al., 2011). Changes in vegetation greening and 

senescence can directly impact local ecohydrology by altering albedo (Bonan, 2008), energy 

partitioning (Chapin et al., 2005), rainfall interception and accumulation of snow (Pomeroy et al., 

2006; Zwieback et al., 2019). Vegetation has an impact on surface energy balance, which in turn 

affects vegetation transpiration rate (Tanner et al., 1960; Brümmer et al., 2012; Kasurinen et al., 

2014; Kool et al., 2014), which will likely increase with earlier spring growth onset, thereby 

lowering groundwater storage (Chen et al., 2022). In a warming climate, vegetation is likely to 

encroach into previously cold-limited higher elevations, which will increase ET rates and decrease 

groundwater recharge (Goulden et al., 2012). The decrease in soil moisture and groundwater 

recharge (Barnett et al., 2005) has the potential to increase the frequency of droughts, especially in 

the rainfall-dominated period (Wheaton et al., 2008). The increased drought occurrence may 

increase the likelihood of wildfire activity (Balling et al., 1992; Lantz et al., 2010), particularly in 

pine and spruce forests, which are the predominant species in the ES (Meyn et al., 2010; Xiao and 

Zhuang, 2007). In summary, expansion of vegetation growth season in northern ecosystems has the 

potential to affect water availability during both periods, by enhancing plant growth and ET rates 

(Lian et al., 2020; Zhou et al., 2020; Piao et al., 2019).  

Furthermore, the climate of the ES is impacted by the Pacific Decadal Oscillation, which 

accounts for the occurrence of El Niño (Pacific Ocean warm episodes defined by above-average sea 

surface temperatures) and La Niña (Pacific Ocean cold episodes marked by below-average sea 

surface temperatures) events. The frequency of warm episodes of the Pacific Decadal Oscillation 

has increased over the years (Gan et al., 2023; Wang et al., 2017), with the primary explanation 

likely being the ongoing emissions of greenhouse gases (Cai et al., 2014). The consequences of this 

phenomenon include increased air temperatures, changes in precipitation patterns (quantity, timing, 

and phase), earlier glacier and snowmelt, expanded open water areas during the snowmelt-

dominated period, prolonged vegetation growth season, higher rates of forest ecosystem ET, 

decreased groundwater levels during the rainfall-dominated period, and increased occurrence of 

droughts and wildfires. Figure 5.8 provides an overview of land cover feedback resulting from 

historical climate change effects in ES. 
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Fig. 5.8. Seasonal length of historical hydroclimatological parameters and land cover feedback 

resulting from increase of air temperature and precipitation changes in ES 

* - Hydroclimatological and land cover changes based on literature: Earlier snow melt 

from DeBeer et al. (2015) and Stewart et al. (2004); Earlier glacial runoff from Hopkinson and 

Young, (1998), Castellazzi et al. (2019), and Moore et al. (2009); Increase of rain on snow events 

from Ye et al., (2008) and McCabe et al. (2007); Higher, earlier, and shorter runoff and river 

discharge Vormoor et al. (2015), Stewart et al. (2004), and Stewart et al. (2005); Extended 

vegetation phenology Jeong et al. (2011) and Piao et al. (2019); Decrease of water availability from 

Barnett et al. (2005), Kienzle (2006); Rising potential for drought from Meyn et al. (2010), 

Wheaton et al. (2008), Xiao and Zhuang, (2007); Increase the frequency and severity of wildfires 

Balling et al. (1992), Lantz et al. (2010), Travers-Smith et al. (2022). 

 

Overall, the ES has changed over the past (1984 – 2023), including rising air temperatures, 



258  

alterations in precipitation patterns, and positive trends in ET processes. In the snowmelt-dominated 

period, the combination of early melting of glaciers and snow, together with rain falling on snow 

and increased intensity of rainfall, may cause an increase in the open water areas. In addition, in 

early to mid-May, the thawing of soils in the subalpine regions of the Canadian Rockies facilitates 

the infiltration (i.e., groundwater recharge) of rainfall and snowmelt (Woo and Marsh, 2005). In 

alpine regions or on north-facing slopes, soil frost may persist into late spring, especially during 

years characterized by heavy snowfall or cold winters (Hayashi, 2013). As a result, earlier 

snowmelt is likely to enhance soil infiltration in subalpine areas. In alpine regions, there will likely 

be a reduction, as the soil may remain frozen, hindering the infiltration of surface water, which 

includes snowmelt, glacier runoff, and rainfall, into the soil (DeBeer et al., 2015; Koch et al., 2012). 

Moreover, extension of vegetation growth season will lead to higher forest ecosystem ET rates and 

a decrease in groundwater storage. Over the rainfall-dominated period, increased frequency of 

droughts is expected, which can expand wildfire season. Figure 5.9 provides a summary of the 

historical (1984-2023) environmental challenges in the ES. 

 

Fig. 5.9. A conceptual representation illustrating the historical environmental challenges in the 

Eastern Slopes of Alberta. 

Changes based on literature: Earlier snow melt from DeBeer et al. (2015) and Stewart et al. (2004); 

Glacier retreat from Hopkinson and Young, (1998), Castellazzi et al. (2019), and Moore et al. 
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(2009); Increase of rain on snow events from Ye et al., (2008), McCabe et al. (2006), Pomeroy et 

al., (2015), Musselman et al., (2018); Woody/Shrub encroachment from Rodrigues et al. (2024b) 

and Whited et al. (2025); Increase frequency and severity of wildfires from Balling et al. (1992), 

Lantz et al. (2010), Travers-Smith et al. (2022). 

5.4.3. Evaporation volume by open water vs forest ecosystem evapotranspiration 

This study estimated forest ecosystem ET in the ES multiplying daily open water 

evaporation rate (using Penman, 1948) by forest ecosystem coefficient of 0.49; the forest ecosystem 

coefficient was determined by dividing daily ecosystem ET measured by Eddy covariance tower 

(Langs, 2019) to open water evaporation estimated by Penman (1948). Eddy Covariance Towers are 

considered the standard method for acquiring reference forest ecosystem ET data (Scott et al., 2004, 

2021; Fang et al., 2020). Furthermore, the Penman (1948) has proven effective in measuring open 

water evaporation across different mountainous lakes and reservoirs around the globe (Zolá et al., 

2019; Rosenberry et al., 2007; Zhao and Gao, 2019). Therefore, using those two datasets seems to 

be a reliable method for estimating a forest ecosystem coefficient in the ES. Moreover, the forest 

ecosystem coefficient found for this study aligns with previous research, as per Allen et al. (1998), 

Allen (2000), Brümmer et al., (2011), Kuriata-Potasznik and Szymczyk (2016), and Kachholz and 

Tränckner (2020), who reported a forest ecosystem coefficient between 0.40 and 0.80. In addition, a 

variety of studies have incorporated a forest ecosystem coefficient into evapotranspiration equations 

and rates, in the end, considering this estimation as reference data for forest ecosystem ET (Mata-

González et al., 2005; Martel et al., 2017; Costa et al., 2021; Rodrigues et al., 2024c). 

The historical proportion (P%) of evaporated open water volume in relation to permanent 

forest areas (PFA) ET volume in the ES was higher during the snowmelt-dominated period when 

compared to the rainfall-dominated period (as per Table 5.1). Higher historical P% in the snowmelt-

dominated period is related to positive trends of evaporation rates and expansion of open water 

areas in ES. The Athabasca watershed had the highest historical P% throughout all periods, which 

may be attributed to higher historical trends of open water areas in this watershed. The Oldman 

River watershed had the lowest historical P%, mostly as a result of its large PFA and the relatively 

smaller open water area. Furthermore, positive trends in historical air temperatures are prolonging 

vegetation growing season (Pettorelli et al., 2007; Trant et al., 2020), leading to an increase in forest 

area over time, along with historical rising of forest ecosystem ET rates. 
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In Alpine regions (>2300 meters), during the rainfall-dominated period, mountainous areas 

that lack snow cover may promote the growth and spread of deciduous and tree line vegetation 

(McCaffrey and Hopkinson, 2020; Mekonnen et al., 2019). Vegetation change can alter the P% of 

forest ecosystem ET to open water evaporation during the rainfall-dominated (snow-free) period 

(Wang et al., 2014), as well as impact ground thermal and local moisture conditions (Domine et al., 

2016; Myers-Smith and Hik, 2013; Paradis et al., 2016; Sturm et al., 2005; Wilcox et al., 2019), 

carbon and nutrient cycling (Lafleur and Humphreys, 2018) and terrain stability (Lara et al., 2016). 

The vegetation shifting, often referred to as “greening”, alongside the increased occurrence of 

droughts, can lead to a higher frequency of wildfires, which, in normal circumstances wildfires are 

advantageous for the distribution of plant seeds (Habeck and Mutch, 1973). Nevertheless, the 

likelihood and occurrence of more catastrophic wildfires are escalating over time, driven by drier 

late summer conditions, coupled with increase of fire fuel (like dry vegetation), and a decrease in 

soil moisture (Lantz et al., 2010; Travers-Smith et al., 2022; Jain et al., 2024). 

In the future, the P% of ET volumes from PFA to evaporation volume from open water areas 

may exceed the historical P% presented here, particularly if the increased frequency and severity of 

wildfires in the ES persists over the years, leading to a reduction in forest areas and therefore 

decreasing ET volume via PFA. In the Canadian Boreal Forest, Kang et al., (2006) and Bond‐

Lamberty et al., (2009) found that wildfires decreased forest transpiration rates by -3.8 ~ -38% 

(varying by forest type) and increased soil evaporation by ~ +13%. In contrast, post-fire shrubs and 

grasses that are regenerating can exhibit more anisohydric behavior, maintaining prolonged 

stomatal opening even as leaf water potential declines, and may sustain higher transpiration rates 

compared to pre-fire vegetation (Brantley et al., 2024; Cooper et al., 2018; Poulos et al., 2021). 

Baur et al. (2024) conducted a global investigation into the effects of wildfires on the relationship 

between plant and soil water content, utilizing remote sensing techniques to analyze soil moisture, 

vegetation water content, and burned area. The authors observed a significant impact of fire on 

plant–soil water interactions, resulting in an ~17% increase in soil moisture loss and a ~62% rise in 

vegetation water content, both of which correlate positively with high fire severity. Furthermore, 

post-fire vegetation also tended to have less control on their water content, leading to anisohydric 

behavior. This could potentially hinder the increase of P% during the snowmelt-dominated period, 

as this period coincides with the peak of vegetation regeneration (i.e., spring and summer) and the 

higher historical forest ecosystem ET rates. 



261  

Wildfires will expose soil as trees burn down, leading to a decrease in precipitation 

interception. The combination of earlier glacier and snow melt, rain-on-snow events, and higher 

intensity of rainfall will elevate the likelihood of higher floods and erosive processes (Musselman et 

al., 2018), resulting in greater siltation of lakes, rivers, and open water areas (Moore et al., 2009). 

Shallower open water areas have a limited capacity to store energy, leading to sudden and 

significant temperature changes in these water bodies (Campos et al., 2016), resulting in increased 

rates of evaporation.  

5.5. Modelling Limitations 

This study presents a method for estimating open water areas, open water evaporation, and 

forest ecosystem ET in the ES since 1984 to 2023. This research offers a straightforward yet 

effective solution to the ES's urgent need for modelling approaches that dynamically integrate 

historical hydroclimatic datasets into the water cycle over extended timescales. As a result, the 

primary objective was to enhance understanding of historical changes in open water areas and 

evapotranspiration processes within the ES watersheds. As such, the limitations in this modeling 

approach must be addressed. 

The decreasing role of glacier melting in open water on the ES presents a non-linear 

(essentially in the rainfall-dominated period) air temperature-driven hydrological relationship. As 

temperatures rise, the melting of glaciers releases meltwater that has been stored for long periods. 

Nonetheless, the quantity of meltwater generated for each degree of warming has decreased over 

time because of the retreat and thinning of glaciers. As a result, a 1°C increase today results in less 

meltwater compared to the same increase experienced 40 years ago (Milner et al., 2017; Huss and 

Hock, 2018). Empirical models (e.g., hydroclimatic models) that relate open water to air 

temperature and precipitation are unable to inherently address this diminishing storage buffer, as 

they do not incorporate data on glacial mass balance trends. That could be the reason snowmelt-

dominated period models exhibited higher accuracy, because the rainfall period is when open water 

areas are being influenced by long-term storage from deglaciation that the model cannot account 

for. As the system evolves, the hydroclimatic-based modelling framework utilized (calibrated under 

conditions with active glacier input) may gradually lose its reliability. Therefore, if these 

hydroclimatic models are used to forecast open water areas, it is crucial to proceed with caution, as 

projections might underestimate open water losses and misrepresent the timing and extent of open 



262  

water reduction, as these empirical models do not specifically model glacier mass balance and 

meltwater contributions. It is essential to recognize this limitation as uncertainty when interpreting 

long-term changes in open water, especially in glacier-fed watersheds of the ES where the depletion 

of storage is increasing (Pradhananga and Pomeroy, 2022). Future research may incorporate glacial 

inventory data or physically based models (represent the actual physical processes controlling the 

water cycle, for instance, precipitation, infiltration, runoff, evapotranspiration, and groundwater 

flow, using equations based on physics, chemistry, and biology) to more effectively constrain these 

non-stationary dynamics. Furthermore, incorporating additional hydroclimatological factors, 

including surface temperature, groundwater, and shortwave or longwave radiation, can enhance the 

precision of open water area projections. 

The limitations of hydroclimatic models in estimating open water areas are subject to their 

simplicity when compared to full hydrological models (e.g., Raven hydrological modelling; Craig et 

al., 2020), as the second one (in theory) should deliver superior accuracy. Running a full 

hydrological model is intended to improve analysis, however parsimonious hydroclimatic models 

can be used in data-poor places such as mountain regions. Nevertheless, our findings are consistent 

with the literature, for example, Fernandes et al. (2007) evaluated the trends of evapotranspiration 

across Canada using the Ecological Assimilation of Land and Climate Observations land surface 

model and discovered significant positive trends in evapotranspiration in the Canadian Rocky 

Mountains, which is in accordance with our results. Finally, a comparison of the uncertainties 

between the hydroclimatic and full hydrological models would assist in determining whether the 

parsimonious model can accurately represent open water areas compared with a more complex 

model.  

Moreover, the spatial variability of land surface characteristics, especially elevation, are 

important for estimating evapotranspiration and other related flux calculations in different types of 

landscapes (Allen et al., 1998; McCabe and Wood, 2006). Utilizing a single average elevation value 

for clear sky radiation and other weather-related factors may cause systematic bias because land 

area is not evenly distributed across elevation gradients within watersheds (Zhang et al., 2016). This 

simplification does not take into account the complex hypsometric relationships that affect 

temperature, radiation, and vapour pressure, which are important parts of Penman-type 

evapotranspiration models (Allen et al., 1998). On the other hand, GIS-based hypsometric 

modelling methods that take into account how meteorological variables change with elevation have 
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shown that they can improve the accuracy and spatial representation of evapotranspiration estimates 

across different types of terrain (McCabe and Wood, 2006; Pepin et al., 2015). Understanding these 

uncertainties is crucial for accurately and transparently interpreting model outputs. Ignoring 

elevation variability may result in either under- or over-estimation of evapotranspiration, which can 

subsequently impact watershed-scale water balance assessments and management decisions. 

Furthermore, it is important to recognize that systematic biases may arise when applying a 

single meteorological input, such as average temperatures and elevations, across heterogeneous land 

cover types like forests and open water bodies within the ES. For instance, when open water areas 

are primarily found at lower, warmer elevations and forested regions are located at higher, cooler 

elevations, relying on a single average elevation may result in a significant underestimation of 

forest ET (Marks et al., 1999; Zhang et al., 2025). This would therefore skew the forest-to-open 

water ET ratio downward, possibly misrepresenting their respective hydrological contributions. 

Conversely, in alpine or pro-glacial zones where open water expansion is significant, lower 

temperatures might imply reduce ET rates; however, increased wind speeds, often channelized over 

these lakes, can elevate the vapor pressure deficit and thus enhance evaporation, partially offsetting 

cooler temperature effects (Dingman, 2015). The presence of these counteracting factors indicates 

that elevation-related biases in ET estimates might offset one another to some extent; however, the 

overall impact remains unclear without spatially explicit modelling. Incorporating elevation-

dependent meteorological data through GIS-based hypsometric methods or distributed modeling 

frameworks is essential for minimizing biases and enhancing the reliability of watershed-scale ET 

assessments (Sharma and Irmak, 2016; Pepin et al., 2015). Thus, recognizing and tackling these 

elevation-related uncertainties enhances the clarity of ET estimations and guides improved water 

resource management strategies across different landscape conditions. 

The choice of a simple (i.e., multiplying evaporation rates, which were determined by the 

Penman equation, by forest ecosystem coefficient to estimate forest ecosystem ET), yet 

conceptually sound, representation of forest ecosystem ET estimation was necessary, nonetheless 

allowing to estimate this important hydrological flux in all basins of ES. Furthermore, it is crucial to 

underscore the complexities of the study area, which encompasses subalpine (≤ 2300 meters) and 

Alpine (> 2300 meters) regions. Therefore, distributed models may enhance ET processes 

estimations by capturing the altitude effect and dynamic in all watersheds of ES. For instance, Liu 

et al., (2003) estimated ET in the whole Canada at daily steps and 1 km spatial resolution using the 
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boreal ecosystem productivity simulator, which is driven by remotely sensed leaf area index and 

land cover maps as well as daily meteorological data. Liu et al., (2003) reported that average ET in 

forest areas ranged from 200 to 500 mm per year. In the Canadian Boreal Forest, coniferous and 

aspen forest ET ranges from 100 to 410 mm year-1 during summer season (Black et al., 1996; 

Baldocchi et al., 1997; Jarvis et al., 1997; McCaughey et al., 1997a; Blanken et al., 2001; Eaton and 

Rouse, 2001). Low transpiration rates (< 200 mm year-1) observed in Canadian Boreal Forest may 

be attributed to the shallow root zones and strong regulation of transpiration by stomata. 

(McCaughey et al., 1997b). Moreover, other studies in temperate regions used sap flow systems to 

measure daily forest transpiration worldwide. For instance, in Norunda Forest, North of Uppsala in 

central Sweden, Lundblad and Lindroth, (2002) measured pine and spruce transpiration, resulting in 

mean values ranging between 1.3 to 4.6 mm day−1 according to the species. At the northern edge of 

Bavarian Alps, Germany, Matyssek et al., (2009) compared mountainous and sub-alpine forests 

transpiration, reporting that these plants can reach between 2.5 ~ 6 mm day-1. 

The aforementioned findings relate to our results, which showed an historical (1984–2023) 

average daily forest ecosystem ET of 3.3 mm.day-1 during the snowmelt-dominated period (May 15 

to July 20, or 66 days), and an average of 2.7 mm.day-1 in the rainfall-dominated period (July 21 to 

September 15, or 61 days). When the periodic average daily forest ecosystem ET values are 

multiplied by the number of days in each period, the annual ET average value is 382.5 mm year-1, 

which aligns with literature range (Black et al., 1996; Baldocchi et al., 1997; Jarvis et al., 1997; 

McCaughey et al., 1997a; Blanken et al., 2001; Eaton and Rouse, 2001). Furthermore, the 

estimation of historical ET processes can be enhanced using remote sensing techniques 

(Williamson, 2020; Chen and Liu, 2020; Zhu et al., 2022). However, remote sensing methods are 

unable to replicate long-term changes in ET estimations, as satellite imagery has only been 

accessible since the 1980s. Nevertheless, Chen et al. (2021) have shown that the temporal issue can 

be resolved by combining ET remote sensing techniques with reanalysis datasets. 

In addition, while the Alberta Township Climate dataset has limitations, it offers a spatially 

consistent source of estimates for temperature, precipitation, wind, humidity, and total incoming 

solar radiation across the Eastern Slopes of Alberta. This data set provides daily records since 1984, 

with elevation-aware adjustments (Alberta Climate Information Service, 2023). The interpolated 

data serves as valuable resources for regional trend analysis and model inputs, demonstrating 

reasonable accuracy in temperature and precipitation (RMSE ~0.8°C and RMSE ~4.3 mm/month, 
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respectively). Nonetheless, limitations remain in alpine and subalpine regions, where wind speeds 

are underestimated (~10%), whereas total incoming solar radiation (overestimation ~12%), and 

relative humidity (overestimation ~8%) are overestimated. Moreover, the Alberta Township dataset 

proved essential for this study given the scarcity of historical, continuous, and spatially distributed 

hydroclimatic measurements in alpine and subalpine regions of the Eastern Slopes. While 

imperfect, its gridded interpolation approach provides more spatially representative estimates than 

relying on one or two weather station per watershed, which can introduce substantial uncertainty 

due to elevation biases and microclimate variability (Bertoncini and Pomeroy et al., 2025). 

 

5.6. Conclusion 

The results of this work help to elucidate the historical trends in open water area and forest 

ecosystem ET processes in the Eastern Slopes of Alberta (ES), Canada. The hydroclimatic-based 

models exhibited an average RMSE of 6.8 km2 and a %RMSE of 10.2% during training, while the 

validation phase showed an average of RMSE of 7.4 km2 and a %RMSE of 12.7%. The positive 

trends in air temperature have resulted in significant positive trends in historical open water areas 

during the snowmelt-dominated period in all watersheds of ES. However, non-significant decreases 

in the open water area were predicted for the rainfall-dominated period. 

Commensurate with increasing air temperature trends, significant positive historical trends 

of open water evaporation and forest ecosystem ET were, respectively, observed for the snowmelt 

and rainfall-dominated period. The P%A of evaporated open water volume compared with historical 

ET volume in forest areas was higher in the snowmelt-dominated period (2.4%) than in the rainfall-

dominated period (2.1%), as open water areas are expanding.  

However, this modelling approach has shown some limitations, such as, hydroclimatic 

models are unable to address glacier storage buffer reduction because they do not consider glacial 

mass balance changes. Snowmelt-dominated period models may be more accurate because long-

term storage from deglaciation affects open water areas during the rainfall-dominated period, which 

the model cannot account for. Despite its limitations, the Alberta Township Climate dataset 

provides spatially consistent hydroclimatic variable estimates across the ES. This study relied on the 

Alberta Township dataset since alpine and subalpine portions of the ES lack historical, continuous, 

and geographically dispersed hydroclimatic observations. The imperfect gridded interpolation 
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method delivers more spatially representative estimates than using one or two weather stations per 

watershed, which can contribute significant error because of elevation biases and microclimate 

variability. 

Overall, our research offers a parsimonious solution to model the potential effects of 

historical hydroclimatic change on open water areas and ET losses. Future studies in the ES should 

consider the effects of ET losses on the overall basin yields, hence framing evapotranspiration 

changes to a quantifiable impact on water security. 
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Chapter 6: Conclusion and Recommendations 

Temperate montane headwater wetlands are among the most significant ecosystems in 

Canada, as they have a direct impact on the hydrology and ecology of the downstream region. 

Innovative methodologies were implemented in this investigation to assess the historical 

trends and changes of the Upper Columbia floodplain (British Columbia) (showed in Chapters 

2 and 3) through the integration of hydroclimatic modelling, field observations, and remote 

sensing data. The methods from Chapters 2 and 3 were subsequently expanded and 

implemented on the Eastern slopes of Alberta (Alberta), depicted in Chapters 4 and 5. 

6.1. Outcomes  

The thesis explored historical and projected trends in the temperate montane and 

mountainous wetlands of British Columbia and Alberta, respectively. Chapter 2 illustrated 

that the Upper Columbia floodplain has already been affected by the warming climate, which 

has altered the regional hydrology. The peak flow occurred eleven days earlier, and its 

duration has been reduced by eleven days, resulting in increased discharges in a shorter 

period. Further, the wetlands are drying out, which is accompanied by increase of the 

woody/shrubby area and a decrease in aquatic habitat. In Chapter 3, land cover and river 

discharge projections (2020-2040s) indicate a decline in open water areas in the Upper 

Columbia River floodplain during late summer (August-mid-September), aligning with RCP 

4.5 forecasts. The peak open water area in the floodplain is projected to change from summer 

(late-May to July) to spring (April to mid-May) under RCP 4.5 and 8.5. Meanwhile, Chapter 4 

assessed the historical trends and changes of the wetlands in the Eastern Slopes of Alberta. 

The trend analysis during the snowmelt-dominated period (late-May to mid-July) revealed an 

increase in open water area and a decrease in barren in the subalpine (≤ 2300 m) and alpine (> 

2300 m) regions. The reduction of open water area has resulted in an increase in barren and a 

habitat change from non-woody to woody and shrub in both altitudes during the rainfall-

dominated period (late-July to mid-September). In Chapter 5, the historical (1984–2023) 

evapotranspiration rates exhibited positive trends over the snowmelt- and rainfall-dominated 

period. Meanwhile, the historical open water area evaporation relative to forest ecosystem ET 

(P%) during the snowmelt-dominated period was higher (2.4%) than during the rainfall-

dominated (2.1%) period. Overall, the annual decline of open water is accompanied by an 
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increase in woody vegetation, which suggests that wetlands in both regions are drying out. To 

the author's knowledge, this is the first historical (1984 to 2023) large-scale analysis per 

period conducted at the main watershed level in the Eastern Slopes of Alberta.  

6.2. Recommendations and Next Steps 

This wetland assessment framework has the potential to enhance the past and future 

monitoring of mountain headwaters and floodplain ecosystems. Opportunities to improve and 

better quantify (i) historical and (ii) projected open water areas, as well as the (iii) 

evapotranspiration rates across the temperate montane environment could be explored. For 

instance, one recommendation is to execute a full hydrological model (i.e., a model that 

simulates the dynamics of water movement, retention, and complete water balance over time 

within a hydrologic system) and compare its outputs to the seasonal parsimonious 

hydroclimatic model. This would aid in determining whether the seasonal parsimonious 

model can accurately depict historical and projected river discharge and open water area in 

comparison to a more complex model. This assessment would demonstrate the threshold at 

which a more complex or parsimonious model is valid. Moreover, in light of the absence of 

reference or in-situ forest evapotranspiration data, a straightforward (by incorporating a forest 

ecosystem coefficient into evaporation equation outputs) representation of forest transpiration 

was implemented, thereby enabling the estimation of this critical hydrological flux in all 

basins of the Eastern Slopes of Alberta. However, the application of distributed or remote 

sensing models can enhance the estimation of evapotranspiration. 

Meanwhile, climate is changing, leading to positive trends of open water areas during 

spring and summer, and negative trends in the late summer. This, in turn, may affect the onset 

and termination of woody/shrub vegetation growth, resulting in an earlier spring green-up and 

later fall senescence. Also, the extended greening season may increase evapotranspiration 

rates, which could result in negative trends in soil moisture and groundwater. This scenario 

may result in more frequent droughts, especially in the late summer, which can increase the 

wildfire frequency. 

Thus, the subsequent phase of this investigation will involve the extension of the open 

water detection method (which was developed in Chapters 2 to 5) to evaluate the extent to 

which the open water areas are and will be altered across the entire province of Alberta. 
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Therefore, testing the accuracy of these methodologies in other natural ecosystems, such as 

the Boreal Forest and Prairie in Alberta, in addition to the Mountain Cordillera. On top of 

that, to investigate how riparian forests within and outside of the Eastern Slopes of Alberta are 

increasing or decreasing and why. In addition, assessing which hydrological processes would 

be impacted, such as, interception, soil moisture, groundwater, runoff, and evapotranspiration 

as land cover is changing. Overall, to assess how these changes will impact the open water 

area and volume in the province of Alberta.  
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7. Supplementary Materials Chapter 4 

 

Supplementary Material A 

4.1. Townships per watershed 

Oldman watershed townships: T001R27W4, T002R28W4, T003R01W5, T004R03W5, 

T005R03W5, T006R04W5 T007R04W5, T008R04W5, T009R04W5, T010R04W5, T011R05W5, 

T012R04W5, T013R05W5. 

 

Bow River townships: T014R05W5, T015R05W5, T016R05W5, T017R06W5, 

T018R07W5, T019R09W5, T020R09W5, T021R10W5, T022R10W5, T023R10W5, T024R10W5, 

T025R10W5, T026R10W5, T027R10W5, T027R10W5, T028R10W5, T029R10W5. 

 

North Saskatchewan townships: T030R10W5, T031R11W5, T032R12W5, T033R13W5, 

T034R14W5, T034R18W5, T035R18W5, T036R19W5, T037R20W5, T038R21W5, T039R20W5, 

T040R20W5, T041R20W5, T042R20W5. 

 

Athabasca townships: T045R23W5, T046R24W5, T047R24W5, T048R25W5, 

T049R26W5, T050R02W6, T050R27W5, T051R04W6.  
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Supplementary Material B 

4.2. The followings are detailed descriptions of the reference datasets. 

(i) The Historical Land Cover (created by the Hermosilla et al., 2022) is a high spatial 

resolution (30m) land cover maps for Canada’s ecosystems (1984-2019) (Overall accuracy of 80%). 

These time-series land cover maps were produced from annual time-series of Landsat image 

composites, forest change information, and ancillary topographic and hydrologic data. It was used 

(i) a refined training pool derived from existing land cover products using airborne and spaceborne 

measures of forest structure; (ii) selection of training samples proportionally to the land cover 

distribution using a distance weighted approach; and (iii) generation of regional classification 

models using a 150x150 km tiling system. 

 

(ii) Wetland Inventory of Alberta (ABMI): The ABMI plots are spatially explicit polygons 

that are attributed to high-resolution three-dimensional (3D) image interpretation. They encompass 

information regarding the structure, forest type, wetland morphology, and wetland class. The ABMI 

plots have been subjected to ground-truthing and are accurate (90%) compared to field data (Hird et 

al., 2017; DeLancey et al., 2020; ABMI, 2021). The ABMI reference samples are comprised of 839 

photo plots (sites) that are 3 × 7 km in size and contain comprehensive datasets that define land 

cover classes. These polygons are extremely detailed and are interpreted using 3-D imagery with a 

spatial resolution of approximately 0.5 m. The land cover map was validated using a variety of 

reference samples from the bog, fen, marsh, wetland, shallow water, deep water, and forest. In the 

"ABMI 3X7 photoplot land cover dataset data model (Alberta Biodiversity Monit. Inst., 2016)", 

additional information regarding these reference samples is available. 



 

Supplementary Material C 1 

4.3. Allocation of training pixels method 2 

 3 

Fig. S4.1. Location of the training pixels per land cover and watershed 4 
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Supplementary Material C 

 

4.4. Confusion matrix, total accuracy, omission, and commission of the validation dataset 

 

4.4.1. Oldman River Basin 

4.4.1.1. Season: Snow-melting (Mid-May to mid-July) 

Table S4.1. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1984 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 0 2 105 0.04 

95.1% 0.94 

Non-Woody 0 100 5 0 105 0.05 

Woody/Shrub 1 4 99 2 105 0.06 

Barren 0 2 3 100 105 0.05 

Marginal 

total 
102 108 107 104 420  

Omission 

Error 
0.01 0.08 0.08 0.03     

 

Table S4.2. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 85 2 1 2 90 0.06 

92.9% 0.91 

Non-Woody 0 83 5 2 90 0.08 

Woody/Shrub 0 5 84 2 90 0.07 

Barren 2 3 2 83 90 0.08 

Marginal 

total 
87 93 92 89 360  

Omission 

Error 
0.02 0.11 0.09 0.06     

 

Table S4.3. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 84 3 1 2 90 0.07 

92.3% 0.90 

Non-Woody 2 83 5 2 90 0.08 

Woody/Shrub 1 5 82 2 90 0.09 

Barren 2 3 2 84 90 0.07 

Marginal 

total 
88 93 89 90 360  
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Omission 

Error 
0.04761905 0.11 0.08 0.07     

 

Table S4.4. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1988 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 103 2 0 1 105 0.02 

96.4% 0.95 

Non-Woody 1 101 2 1 105 0.03 

Woody/Shrub 1 3 100 2 105 0.05 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 107 104 104 420  

Omission 

Error 
0.02564103 0.05 0.04 0.03     

 

Table S4.5. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1989 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 

88.9% 0.85 

Non-Woody 3 80 5 3 90 0.12 

Woody/Shrub 3 5 79 3 90 0.12 

Barren 2 4 3 81 90 0.10 

Marginal 

total 
89 92 89 91 360  

Omission 

Error 
0.09 0.13 0.11 0.11     

 

Table S4.6. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1990 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 2 2 3 90 0.09 

89.9% 0.87 

Non-Woody 3 80 4 2 90 0.11 

Woody/Shrub 2 5 80 3 90 0.11 

Barren 2 4 3 81 90 0.10 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.09 0.11 0.10 0.10     

 

Table S4.7. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1991 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 91.3% 0.88 
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Non-Woody 3 82 3 2 90 0.09 

Woody/Shrub 2 3 81 3 90 0.10 

Barren 2 2 3 83 90 0.08 

Marginal 

total 
91 89 89 91 360  

Omission 

Error 
0.08 0.08 0.09 0.09     

 

Table S4.8. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1992 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 4 3 90 0.11 

86.8% 0.82 

Non-Woody 4 78 5 4 90 0.14 

Woody/Shrub 3 6 75 6 90 0.16 

Barren 4 4 3 80 90 0.12 

Marginal 

total 
90 90 87 92 360  

Omission 

Error 
0.11 0.14 0.14 0.14     

 

Table S4.9. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1994 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 1 105 0.04 

95.0% 0.93 

Non-Woody 2 99 4 1 105 0.06 

Woody/Shrub 2 3 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 105 106 104 420  

Omission 

Error 
0.04 0.05 0.07 0.04     

 

Table S4.10. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1995 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 86 2 1 1 90 0.04 

93.3% 0.91 

Non-Woody 2 83 4 2 90 0.08 

Woody/Shrub 3 2 83 3 90 0.08 

Barren 2 2 2 84 90 0.06 

Marginal 

total 
93 87 89 91 360  

Omission 

Error 
0.07 0.05 0.07 0.07     
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Table S4.11. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1996 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 3 90 0.10 

88.9% 0.85 

Non-Woody 3 80 5 3 90 0.12 

Woody/Shrub 3 5 79 4 90 0.12 

Barren 3 3 3 81 90 0.10 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.10 0.13 0.12 0.10     

 

Table S4.12. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 2 4 90 0.11 

87.3% 0.83 

Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 2 6 78 4 90 0.14 

Barren 4 4 4 78 90 0.14 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.11 0.14 0.13 0.13     

 

Table S4.13. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2000 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

89.3% 0.86 

Non-Woody 2 81 4 3 90 0.10 

Woody/Shrub 4 4 78 4 90 0.13 

Barren 4 3 3 80 90 0.12 

Marginal 

total 
93 90 88 89 360  

Omission 

Error 
0.11 0.10 0.11 0.11     

 

Table S4.14. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 2 3 4 90 0.10 

88.7% 0.85 
Non-Woody 4 78 5 3 90 0.13 

Woody/Shrub 3 4 79 4 90 0.12 

Barren 4 3 3 81 90 0.10 
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Marginal 

total 
91 87 90 92 360  

Omission 

Error 
0.11 0.10 0.12 0.12     

 

Table S4.15. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2002 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 1 1 105 0.03 

95.5% 0.94 

Non-Woody 2 99 3 1 105 0.05 

Woody/Shrub 2 2 100 2 105 0.05 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
106 105 106 103 420  

Omission 

Error 
0.04 0.05 0.06 0.03     

 

Table S4.16. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2005 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 86 2 2 1 90 0.05 

93.4% 0.91 

Non-Woody 2 84 3 2 90 0.07 

Woody/Shrub 2 2 83 3 90 0.07 

Barren 2 2 2 84 90 0.07 

Marginal 

total 
92 89 90 90 360  

Omission 

Error 
0.07 0.06 0.07 0.07     

 

Table S4.17. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 4 2 4 90 0.11 

86.5% 0.82 

Non-Woody 2 76 8 4 90 0.16 

Woody/Shrub 2 6 78 5 90 0.14 

Barren 2 5 5 78 90 0.13 

Marginal 

total 
86 91 93 90 360  

Omission 

Error 
0.07 0.17 0.16 0.14     

 

Table S4.18. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2007 

Classes Open Non- Woody / Barren Marginal Comission Total Kappa 
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Water Woody Shrub total Error Accuracy Index 

Open Water 81 4 2 4 90 0.10 

87.2% 0.83 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 3 6 77 5 90 0.15 

Barren 2 5 4 79 90 0.12 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.08 0.16 0.15 0.13     

 

Table S4.19. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

89.5% 0.86 

Non-Woody 1 80 6 3 90 0.11 

Woody/Shrub 3 5 78 4 90 0.13 

Barren 2 3 4 81 90 0.10 

Marginal 

total 
89 90 90 91 360  

Omission 

Error 
0.06 0.11 0.13 0.12     

 

Table S4.20. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2009 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 3 3 4 90 0.12 

85.9% 0.81 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 3 5 5 78 90 0.14 

Marginal 

total 
88 90 90 92 360  

Omission 

Error 
0.10 0.15 0.17 0.15     

 

Table S4.21. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2010 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 3 3 90 0.11 

87.4% 0.83 

Non-Woody 2 78 6 3 90 0.13 

Woody/Shrub 4 5 78 4 90 0.14 

Barren 3 5 4 79 90 0.13 

Marginal 

total 
89 91 92 89 360  
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Omission 

Error 
0.10 0.14 0.15 0.12     

 

Table S4.22. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2011 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 3 2 3 90 0.09 

90.1% 0.87 

Non-Woody 2 80 6 2 90 0.11 

Woody/Shrub 4 3 81 2 90 0.10 

Barren 3 3 3 82 90 0.09 

Marginal 

total 
90 90 91 89 360  

Omission 

Error 
0.10 0.10 0.11 0.08     

 

Table S4.23. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2013 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 

88.8% 0.85 

Non-Woody 2 79 5 3 90 0.12 

Woody/Shrub 4 3 79 3 90 0.12 

Barren 3 4 3 80 90 0.11 

Marginal 

total 
90 89 90 91 360  

Omission 

Error 
0.10 0.11 0.12 0.12     

 

Table S4.24. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 2 2 4 90 0.09 

89.3% 0.86 

Non-Woody 3 79 5 4 90 0.12 

Woody/Shrub 4 3 80 3 90 0.12 

Barren 3 4 3 81 90 0.10 

Marginal 

total 
92 88 89 92 360  

Omission 

Error 
0.11 0.11 0.10 0.12     

 

Table S4.25. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2016 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 3 2 2 105 0.05 92.9% 0.90 



293 

 

 

Non-Woody 2 97 5 2 105 0.08 

Woody/Shrub 2 4 96 3 105 0.09 

Barren 2 2 2 98 105 0.07 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.06 0.09 0.08 0.06     

 

Table S4.26. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2017 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 3 1 1 105 0.04 

95.3% 0.94 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.06 0.05 0.04     

 

Table S4.27. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 1 1 105 0.03 

95.6% 0.94 

Non-Woody 2 99 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 1 102 105 0.03 

Marginal 

total 
106 104 104 106 420  

Omission 

Error 
0.04 0.05 0.05 0.04     

 

Table S4.28. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2020 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 119 1 0 0 120 0.01 

97.1% 0.96 

Non-Woody 0 115 4 1 120 0.04 

Woody/Shrub 1 3 116 1 120 0.04 

Barren 1 2 1 116 120 0.03 

Marginal 

total 
120 121 121 118 480  

Omission 

Error 
0.01 0.05 0.04 0.02     
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Table S4.29. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 1 1 1 105 0.03 

95.2% 0.94 

Non-Woody 2 99 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
106 104 105 104 420  

Omission 

Error 
0.04 0.05 0.06 0.04     

 

Table S4.30. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2022 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 

88.2% 0.84 

Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 4 5 78 3 90 0.13 

Barren 3 4 4 80 90 0.11 

Marginal 

total 
92 89 88 91 360  

Omission 

Error 
0.11 0.13 0.11 0.12     

 

 

4.4.1.2. Season: Rainfall-driven (Late-July to mid-September) 

Table S4.31. Confusion Matrix with commission and omission errors from Late-July to mid-September 1984 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.16 

83.8% 0.78 

Non-Woody 3 74 8 5 90 0.18 

Woody/Shrub 3 8 75 5 90 0.17 

Barren 4 5 5 77 90 0.14 

Marginal 

total 
85 92 92 92 360  

Omission 

Error 
0.11 0.19 0.18 0.16     

 

Table S4.32. Confusion Matrix with commission and omission errors from Late-July to mid-September 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 
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Open Water 95 5 2 2 105 0.09 

88.7% 0.85 

Non-Woody 1 94 7 3 105 0.11 

Woody/Shrub 2 5 93 5 105 0.12 

Barren 3 6 5 91 105 0.13 

Marginal 

total 
101 111 107 101 420  

Omission 

Error 
0.06 0.15 0.13 0.10     

 

Table S4.33. Confusion Matrix with commission and omission errors from Late-July to mid-September 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 4 4 90 0.14 

85.3% 0.80 

Non-Woody 3 76 7 5 90 0.16 

Woody/Shrub 3 7 76 4 90 0.15 

Barren 4 4 4 78 90 0.13 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.1137931 0.18 0.16 0.14     

 

Table S4.34. Confusion Matrix with commission and omission errors from Late-July to mid-September 1987 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 96 5 2 2 105 0.09 

89.0% 0.85 

Non-Woody 2 93 7 3 105 0.11 

Woody/Shrub 2 5 93 4 105 0.11 

Barren 3 6 5 92 105 0.13 

Marginal 

total 
103 109 107 101 420  

Omission 

Error 
0.07 0.15 0.13 0.09     

 

Table S4.35. Confusion Matrix with commission and omission errors from Late-July to mid-September 1988 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 95 3 4 3 105 0.10 

87.8% 0.84 

Non-Woody 3 91 7 4 105 0.14 

Woody/Shrub 3 6 91 5 105 0.13 

Barren 3 5 5 93 105 0.12 

Marginal 

total 
104 105 107 105 420  

Omission 

Error 
0.08959538 0.13 0.15 0.12     
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Table S4.36. Confusion Matrix with commission and omission errors from Late-July to mid-September 1989 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.16 

84.7% 0.80 

Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.16 

Barren 4 4 4 79 90 0.13 

Marginal 

total 
86 92 90 92 360  

Omission 

Error 
0.12 0.18 0.16 0.15     

 

Table S4.37. Confusion Matrix with commission and omission errors from Late-July to mid-September 1990 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.15 

84.3% 0.79 

Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.17 

Barren 5 4 4 78 90 0.14 

Marginal 

total 
88 91 89 92 360  

Omission 

Error 
0.13 0.18 0.16 0.15     

 

Table S4.38. Confusion Matrix with commission and omission errors from Late-July to mid-September 1991 

 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 3 2 2 105 0.06 

93.3% 0.91 

Non-Woody 2 97 5 1 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
104 106 107 104 420  

Omission 

Error 
0.04 0.08 0.09 0.05     

 

Table S4.39. Confusion Matrix with commission and omission errors from Late-July to mid-September 1992 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 4 3 90 0.11 

88.0% 0.84 Non-Woody 4 78 5 3 90 0.13 

Woody/Shrub 3 5 77 6 90 0.15 
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Barren 4 2 2 82 90 0.09 

Marginal 

total 
90 88 87 95 360  

Omission 

Error 
0.10963455 0.11 0.12 0.13     

 

Table S4.40. Confusion Matrix with commission and omission errors from Late-July to mid-September 1993 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 3 4 90 0.11 

87.9% 0.84 

Non-Woody 4 79 5 3 90 0.12 

Woody/Shrub 3 5 78 4 90 0.13 

Barren 3 4 4 79 90 0.12 

Marginal 

total 
90 90 90 90 360  

Omission 

Error 
0.11 0.13 0.13 0.12     

 

Table S4.41. Confusion Matrix with commission and omission errors from Late-July to mid-September 1994 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 98 3 2 2 105 0.06 

91.8% 0.89 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 5 95 3 105 0.09 

Barren 3 3 4 96 105 0.09 

Marginal 

total 
105 106 107 102 420  

Omission 

Error 
0.06 0.10 0.11 0.06     

 

Table S4.42. Confusion Matrix with commission and omission errors from Late-July to mid-September 1995 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 4 4 4 90 0.13 

85.5% 0.81 

Non-Woody 4 75 6 5 90 0.17 

Woody/Shrub 3 5 75 6 90 0.16 

Barren 5 3 3 79 90 0.12 

Marginal 

total 
91 88 88 94 360  

Omission 

Error 
0.14 0.14 0.14 0.16     

 

Table S4.43. Confusion Matrix with commission and omission errors from Late-July to mid-September 1996 
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Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 6 90 0.16 

83.0% 0.77 

Non-Woody 5 73 8 3 90 0.19 

Woody/Shrub 5 8 72 6 90 0.20 

Barren 6 3 3 78 90 0.14 

Marginal 

total 
92 89 87 92 360  

Omission 

Error 
0.17 0.18 0.17 0.16     

 

Table S4.44. Confusion Matrix with commission and omission errors from Late-July to mid-September 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 4 4 6 90 0.15 

84.2% 0.79 

Non-Woody 5 75 7 3 90 0.17 

Woody/Shrub 4 6 74 5 90 0.18 

Barren 6 3 3 78 90 0.13 

Marginal 

total 
92 89 87 93 360  

Omission 

Error 
0.17 0.16 0.15 0.16     

 

Table S4.45. Confusion Matrix with commission and omission errors from Late-July to mid-September 1998 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 4 4 5 90 0.14 

85.4% 0.81 

Non-Woody 5 76 6 3 90 0.16 

Woody/Shrub 4 5 75 5 90 0.17 

Barren 5 3 3 79 90 0.12 

Marginal 

total 
92 89 87 92 360  

Omission 

Error 
0.16 0.14 0.14 0.15     

 

Table S4.46. Confusion Matrix with commission and omission errors from Late-July to mid-September 1999 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 4 4 5 90 0.14 

85.7% 0.81 

Non-Woody 5 76 6 3 90 0.15 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 5 3 3 80 90 0.12 

Marginal 

total 
91 89 87 93 360  

Omission 0.15 0.14 0.14 0.14     
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Table S4.47. Confusion Matrix with commission and omission errors from Late-July to mid-September 2000 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 5 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 5 6 72 6 90 0.20 

Barren 5 4 4 77 90 0.15 

Marginal 

total 
92 89 88 91 360  

Omission 

Error 
0.18 0.18 0.18 0.16     

 

Table S4.48. Confusion Matrix with commission and omission errors from Late-July to mid-September 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 6 4 5 90 0.16 

82.8% 0.77 

Non-Woody 6 74 7 4 90 0.18 

Woody/Shrub 4 6 74 6 90 0.18 

Barren 5 5 5 75 90 0.16 

Marginal 

total 
91 90 89 90 360  

Omission 

Error 
0.17 0.18 0.17 0.16     

 

Table S4.49. Confusion Matrix with commission and omission errors from Late-July to mid-September 2002 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

92.6% 0.90 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 4 96 3 105 0.08 

Barren 3 3 2 98 105 0.07 

Marginal 

total 
105 105 107 104 420  

Omission 

Error 
0.06 0.08 0.10 0.06     

 

Table S4.50. Confusion Matrix with commission and omission errors from Late-July to mid-September 2003 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 
92.9% 0.91 

Non-Woody 2 97 5 2 105 0.08 
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Woody/Shrub 2 4 96 3 105 0.09 

Barren 2 3 2 98 105 0.07 

Marginal 

total 
106 105 105 104 420  

Omission 

Error 
0.06 0.08 0.09 0.06     

 

Table S4.51. Confusion Matrix with commission and omission errors from Late-July to mid-September 2004 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 4 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 4 7 73 6 90 0.19 

Barren 5 4 5 76 90 0.16 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.17 0.19 0.17 0.17     

 

Table S4.52. Confusion Matrix with commission and omission errors from Late-July to mid-September 2005 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 74 6 5 5 90 0.18 

81.3% 0.75 

Non-Woody 7 72 7 5 90 0.20 

Woody/Shrub 5 7 72 7 90 0.20 

Barren 5 5 5 75 90 0.17 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.18 0.20 0.19 0.18     

 

Table S4.53. Confusion Matrix with commission and omission errors from Late-July to mid-September 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 6 3 4 90 0.15 

83.4% 0.78 

Non-Woody 5 74 7 4 90 0.18 

Woody/Shrub 3 7 73 7 90 0.19 

Barren 5 3 5 77 90 0.15 

Marginal 

total 
90 90 88 92 360  

Omission 

Error 
0.15 0.18 0.17 0.16     

 

Table S4.54. Confusion Matrix with commission and omission errors from Late-July to mid-September 2007 
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Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

87.2% 0.83 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 3 6 77 5 90 0.15 

Barren 2 5 4 79 90 0.12 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.08 0.16 0.15 0.13     

 

Table S4.55. Confusion Matrix with commission and omission errors from Late-July to mid-September 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 5 3 4 90 0.12 

85.8% 0.81 

Non-Woody 2 76 8 4 90 0.16 

Woody/Shrub 3 6 76 5 90 0.16 

Barren 3 5 4 78 90 0.13 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.09 0.17 0.16 0.14     

 

Table S4.56. Confusion Matrix with commission and omission errors from Late-July to mid-September 2009 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 4 90 0.13 

84.1% 0.79 

Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 3 7 75 6 90 0.17 

Barren 4 6 5 75 90 0.17 

Marginal 

total 
88 93 90 89 360  

Omission 

Error 
0.11 0.19 0.17 0.16     

 

Table S4.57. Confusion Matrix with commission and omission errors from Late-July to mid-September 2010 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 4 90 0.13 

84.7% 0.80 

Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.16 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
88 91 90 91 360  

Omission 0.11 0.18 0.17 0.16     
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Table S4.58. Confusion Matrix with commission and omission errors from Late-July to mid-September 2011 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 4 5 90 0.15 

84.1% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
87 91 91 92 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 

Table S4.59. Confusion Matrix with commission and omission errors from Late-July to mid-September 2013 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 3 75 8 4 90 0.17 

Woody/Shrub 3 6 75 5 90 0.16 

Barren 4 5 5 76 90 0.15 

Marginal 

total 
88 91 91 91 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 

Table S4.60. Confusion Matrix with commission and omission errors from Late-July to mid-September 2014 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 7 74 6 90 0.18 

Barren 4 5 3 78 90 0.14 

Marginal 

total 
88 92 88 93 360  

Omission 

Error 
0.12 0.19 0.15 0.16     

 

Table S4.61. Confusion Matrix with commission and omission errors from Late-July to mid-September 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.15 
83.5% 0.78 

Non-Woody 4 74 8 5 90 0.18 
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Woody/Shrub 4 7 74 6 90 0.18 

Barren 4 6 4 76 90 0.15 

Marginal 

total 
88 92 88 92 360  

Omission 

Error 
0.13 0.19 0.16 0.17     

 

Table S4.62. Confusion Matrix with commission and omission errors from Late-July to mid-September 2016 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

93.4% 0.91 

Non-Woody 1 98 5 2 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 2 2 2 98 105 0.06 

Marginal 

total 
105 105 105 104 420  

Omission 

Error 
0.05 0.07 0.08 0.05     

 

Table S4.63. Confusion Matrix with commission and omission errors from Late-July to mid-September 2017 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 2 1 105 0.04 

94.9% 0.93 

Non-Woody 1 98 4 2 105 0.07 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 101 105 0.04 

Marginal 

total 
105 104 105 105 420  

Omission 

Error 
0.04 0.06 0.07 0.04     

 

Table S4.64. Confusion Matrix with commission and omission errors from Late-July to mid-September 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

93.4% 0.91 

Non-Woody 2 97 4 2 105 0.08 

Woody/Shrub 2 4 97 2 105 0.07 

Barren 2 2 2 99 105 0.05 

Marginal 

total 
105 105 105 105 420  

Omission 

Error 
0.06 0.08 0.07 0.05     

 

Table S4.65. Confusion Matrix with commission and omission errors from Late-July to mid-September 2019 
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Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 2 105 0.04 

94.6% 0.93 

Non-Woody 2 99 3 2 105 0.06 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.07 0.05 0.05     

 

Table S4.66. Confusion Matrix with commission and omission errors from Late-July to mid-September 2020 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 116 2 2 2 120 0.04 

95.4% 0.94 

Non-Woody 1 113 3 2 120 0.06 

Woody/Shrub 2 4 113 1 120 0.06 

Barren 1 2 1 116 120 0.04 

Marginal 

total 
119 121 119 121 480  

Omission 

Error 
0.03 0.06 0.05 0.04     

 

Table S4.67. Confusion Matrix with commission and omission errors from Late-July to mid-September 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

93.4% 0.91 

Non-Woody 2 98 4 2 105 0.07 

Woody/Shrub 2 4 97 3 105 0.08 

Barren 2 2 2 99 105 0.06 

Marginal 

total 
105 105 105 105 420  

Omission 

Error 
0.06 0.07 0.08 0.06     

 

Table S4.68. Confusion Matrix with commission and omission errors from Late-July to mid-September 2022 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.15 

83.8% 0.78 

Non-Woody 4 74 8 5 90 0.18 

Woody/Shrub 4 7 74 6 90 0.18 

Barren 4 5 4 77 90 0.14 

Marginal 

total 
88 91 88 93 360  

Omission 0.13 0.19 0.16 0.17     
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Table S4.69. Confusion Matrix with commission and omission errors from Late-July to mid-September 2023 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 3 5 90 0.15 

84.0% 0.79 

Non-Woody 4 74 8 4 90 0.17 

Woody/Shrub 3 7 74 6 90 0.18 

Barren 4 5 4 78 90 0.14 

Marginal 

total 
87 92 89 92 360  

Omission 

Error 
0.12714777 0.19 0.17 0.16     

 

 

4.4.2. Bow River Basin 

4.4.2.1. Season: Snow-melting (Mid-May to mid-July) 

Table S4.70. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1984 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 85 2 1 2 90 0.06 

93.1% 0.91 

Non-Woody 1 83 5 2 90 0.07 

Woody/Shrub 0 4 84 2 90 0.06 

Barren 2 3 2 83 90 0.08 

Marginal 

total 
88 92 92 88 360  

Omission 

Error 
0.04 0.09 0.08 0.06     

 

Table S4.71. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 0 1 105 0.03 

95.1% 0.94 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 1 4 99 2 105 0.06 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
105 108 104 103 420  

Omission 

Error 
0.03 0.07 0.05 0.04     
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Table S4.72. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 84 3 1 2 90 0.06 

92.5% 0.90 

Non-Woody 2 82 4 2 90 0.09 

Woody/Shrub 1 4 83 2 90 0.08 

Barren 2 3 2 84 90 0.07 

Marginal 

total 
89 92 89 90 360  

Omission 

Error 
0.05387205 0.10 0.07 0.07     

 

Table S4.73. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1987 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 0 2 105 0.04 

95.1% 0.94 

Non-Woody 0 100 5 0 105 0.05 

Woody/Shrub 1 4 99 2 105 0.06 

Barren 0 2 3 100 105 0.05 

Marginal 

total 
102 108 107 104 420  

Omission 

Error 
0.01 0.08 0.08 0.03     

 

Table S4.74. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1988 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

93.9% 0.92 

Non-Woody 2 98 4 1 105 0.06 

Woody/Shrub 2 4 97 2 105 0.07 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
104 107 106 103 420  

Omission 

Error 
0.04322767 0.08 0.08 0.04     

 

Table S4.75. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1990 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 3 2 3 90 0.09 

89.6% 0.86 
Non-Woody 3 80 3 4 90 0.11 

Woody/Shrub 2 5 80 4 90 0.12 

Barren 2 3 3 81 90 0.10 
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Marginal 

total 
89 90 89 92 360  

Omission 

Error 
0.09 0.11 0.10 0.11     

 

Table S4.76. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1991 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 3 90 0.10 

87.9% 0.84 

Non-Woody 4 79 4 4 90 0.13 

Woody/Shrub 3 5 78 4 90 0.13 

Barren 3 4 4 79 90 0.12 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.11 0.14 0.12 0.13     

 

Table S4.77. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1992 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 

88.9% 0.85 

Non-Woody 3 80 5 3 90 0.12 

Woody/Shrub 3 5 79 3 90 0.12 

Barren 2 4 3 81 90 0.10 

Marginal 

total 
89 92 89 91 360  

Omission 

Error 
0.09 0.13 0.11 0.11     

 

Table S4.78. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1993 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 103 2 0 1 105 0.02 

96.4% 0.95 

Non-Woody 1 101 2 1 105 0.03 

Woody/Shrub 1 3 100 2 105 0.05 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 107 104 104 420  

Omission 

Error 
0.03 0.05 0.04 0.03     

 

Table S4.79. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1995 

Classes Open Non- Woody / Barren Marginal Comission Total Kappa 
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Water Woody Shrub total Error Accuracy Index 

Open Water 83 2 2 3 90 0.08 

89.3% 0.86 

Non-Woody 2 81 4 3 90 0.10 

Woody/Shrub 4 4 78 4 90 0.13 

Barren 4 3 3 80 90 0.12 

Marginal 

total 
93 90 88 89 360  

Omission 

Error 
0.11 0.10 0.11 0.11     

 

Table S4.80. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1996 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 4 3 4 90 0.12 

86.3% 0.82 

Non-Woody 4 77 5 5 90 0.15 

Woody/Shrub 3 5 77 5 90 0.14 

Barren 3 5 4 78 90 0.13 

Marginal 

total 
90 91 89 91 360  

Omission 

Error 
0.12 0.16 0.13 0.14     

 

Table S4.81. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 2 4 90 0.11 

87.3% 0.83 

Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 2 6 78 4 90 0.14 

Barren 4 4 4 78 90 0.14 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.11 0.14 0.13 0.13     

 

Table S4.82. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 2 3 4 90 0.10 

88.7% 0.85 

Non-Woody 4 78 5 3 90 0.13 

Woody/Shrub 3 4 79 4 90 0.12 

Barren 4 3 3 81 90 0.10 

Marginal 

total 
91 87 90 92 360  
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Omission 

Error 
0.11 0.10 0.12 0.12     

 

Table S4.83. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2002 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 1 105 0.04 

95.0% 0.93 

Non-Woody 2 99 4 1 105 0.06 

Woody/Shrub 2 3 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 105 106 104 420  

Omission 

Error 
0.04 0.05 0.07 0.04     

 

Table S4.84. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2004 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 2 2 4 90 0.09 

89.3% 0.86 

Non-Woody 3 79 5 4 90 0.12 

Woody/Shrub 4 3 80 3 90 0.12 

Barren 3 4 3 81 90 0.10 

Marginal 

total 
92 88 89 92 360  

Omission 

Error 
0.10 0.11 0.10 0.12     

 

Table S4.85. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2005 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

88.3% 0.84 

Non-Woody 3 78 5 4 90 0.13 

Woody/Shrub 4 3 79 3 90 0.12 

Barren 3 4 3 80 90 0.11 

Marginal 

total 
90 89 90 91 360  

Omission 

Error 
0.11 0.12 0.12 0.12     

 

Table S4.86. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 88.8% 0.85 
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Non-Woody 2 79 5 3 90 0.12 

Woody/Shrub 4 3 79 3 90 0.12 

Barren 3 4 3 80 90 0.11 

Marginal 

total 
90 89 90 91 360  

Omission 

Error 
0.10 0.11 0.12 0.12     

 

Table S4.87. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 3 3 90 0.11 

87.4% 0.83 

Non-Woody 2 78 6 3 90 0.13 

Woody/Shrub 4 5 78 4 90 0.14 

Barren 3 5 4 79 90 0.13 

Marginal 

total 
89 91 92 89 360  

Omission 

Error 
0.10 0.14 0.15 0.12     

 

Table S4.88. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2009 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 3 3 4 90 0.12 

85.9% 0.81 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 3 5 5 78 90 0.14 

Marginal 

total 
88 90 90 92 360  

Omission 

Error 
0.10 0.15 0.17 0.15     

 

Table S4.89. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2010 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

89.5% 0.86 

Non-Woody 1 80 6 3 90 0.11 

Woody/Shrub 3 5 78 4 90 0.13 

Barren 2 3 4 81 90 0.10 

Marginal 

total 
89 90 90 91 360  

Omission 

Error 
0.06 0.11 0.13 0.12     
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Table S4.90. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2013 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 4 2 4 90 0.11 

86.5% 0.82 

Non-Woody 2 76 8 4 90 0.16 

Woody/Shrub 2 6 78 5 90 0.14 

Barren 2 5 5 78 90 0.13 

Marginal 

total 
86 91 93 90 360  

Omission 

Error 
0.07 0.17 0.16 0.14     

 

Table S4.91. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2014 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 86 2 2 1 90 0.05 

93.4% 0.91 

Non-Woody 2 84 3 2 90 0.07 

Woody/Shrub 2 2 83 3 90 0.07 

Barren 2 2 2 84 90 0.07 

Marginal 

total 
92 89 90 90 360  

Omission 

Error 
0.07 0.06 0.07 0.07     

 

Table S4.92. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 4 3 90 0.10 

88.4% 0.85 

Non-Woody 4 79 3 4 90 0.12 

Woody/Shrub 2 5 78 5 90 0.13 

Barren 5 3 2 80 90 0.11 

Marginal 

total 
92 89 88 91 360  

Omission 

Error 
0.12 0.11 0.11 0.13     

 

Table S4.93. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2016 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 2 105 0.04 

94.6% 0.93 
Non-Woody 2 99 3 2 105 0.06 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 100 105 0.05 
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Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.07 0.05 0.05     

 

Table S4.94. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2017 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 1 1 105 0.03 

95.6% 0.94 

Non-Woody 2 99 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 1 102 105 0.03 

Marginal 

total 
106 104 104 106 420  

Omission 

Error 
0.04 0.05 0.05 0.04     

 

Table S4.95. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 3 1 1 105 0.04 

95.3% 0.94 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.06 0.05 0.04     

 

Table S4.96. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 1 1 1 105 0.03 

95.5% 0.94 

Non-Woody 2 100 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.05 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
106 104 105 105 420  

Omission 

Error 
0.04 0.04 0.05 0.04     

 

Table S4.97. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2023 

Classes Open Non- Woody / Barren Marginal Comission Total Kappa 
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Water Woody Shrub total Error Accuracy Index 

Open Water 81 3 2 4 90 0.10 

88.2% 0.84 

Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 4 5 78 3 90 0.13 

Barren 3 4 4 80 90 0.11 

Marginal 

total 
92 89 88 91 360  

Omission 

Error 
0.11 0.13 0.11 0.12     

 

 

4.4.2.2. Season: Rainfall-driven (Late-July to mid-September)  

 

Table S4.98. Confusion Matrix with commission and omission errors from Late-July to mid-September 1984 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 4 4 90 0.14 

85.3% 0.80 

Non-Woody 3 76 7 5 90 0.16 

Woody/Shrub 3 7 76 4 90 0.15 

Barren 4 4 4 78 90 0.13 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.11 0.18 0.16 0.14     

 

Table S4.99. Confusion Matrix with commission and omission errors from Late-July to mid-September 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 96 5 2 2 105 0.09 

89.0% 0.85 

Non-Woody 2 93 7 3 105 0.11 

Woody/Shrub 2 5 93 4 105 0.11 

Barren 3 6 5 92 105 0.13 

Marginal 

total 
103 109 107 101 420  

Omission 

Error 
0.07 0.15 0.13 0.09     

 

Table S4.100. Confusion Matrix with commission and omission errors from Late-July to mid-September 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 
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Open Water 80 3 4 3 90 0.11 

88.0% 0.84 

Non-Woody 4 78 5 3 90 0.13 

Woody/Shrub 3 5 77 6 90 0.15 

Barren 4 2 2 82 90 0.09 

Marginal 

total 
90 88 87 95 360  

Omission 

Error 
0.10963455 0.11 0.12 0.13     

 

Table S4.101. Confusion Matrix with commission and omission errors from Late-July to mid-September 1987 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 95 5 2 2 105 0.09 

88.7% 0.85 

Non-Woody 1 94 7 3 105 0.11 

Woody/Shrub 2 5 93 5 105 0.12 

Barren 3 6 5 91 105 0.13 

Marginal 

total 
101 111 107 101 420  

Omission 

Error 
0.06 0.15 0.13 0.10     

 

Table S4.102. Confusion Matrix with commission and omission errors from Late-July to mid-September 1988 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 95 3 4 3 105 0.10 

87.8% 0.84 

Non-Woody 3 91 7 4 105 0.14 

Woody/Shrub 3 6 91 5 105 0.13 

Barren 3 5 5 93 105 0.12 

Marginal 

total 
104 105 107 105 420  

Omission 

Error 
0.08959538 0.13 0.15 0.12     

 

Table S4.103. Confusion Matrix with commission and omission errors from Late-July to mid-September 1989 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.16 

83.8% 0.78 

Non-Woody 3 74 8 5 90 0.18 

Woody/Shrub 3 8 75 5 90 0.17 

Barren 4 5 5 77 90 0.14 

Marginal 

total 
85 92 92 92 360  

Omission 

Error 
0.11 0.19 0.18 0.16     
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Table S4.104. Confusion Matrix with commission and omission errors from Late-July to mid-September 1990 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.16 

84.7% 0.80 

Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.16 

Barren 4 4 4 79 90 0.13 

Marginal 

total 
86 92 90 92 360  

Omission 

Error 
0.12 0.18 0.16 0.15     

 

Table S4.105. Confusion Matrix with commission and omission errors from Late-July to mid-September 1993 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 98 3 2 2 105 0.06 

91.8% 0.89 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 5 95 3 105 0.09 

Barren 3 3 4 96 105 0.09 

Marginal 

total 
105 106 107 102 420  

Omission 

Error 
0.06 0.10 0.11 0.06     

 

Table S4.106. Confusion Matrix with commission and omission errors from Late-July to mid-September 1994 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 3 2 2 105 0.06 

93.3% 0.91 

Non-Woody 2 97 5 1 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
104 106 107 104 420  

Omission 

Error 
0.04 0.08 0.09 0.05     

 

Table S4.107. Confusion Matrix with commission and omission errors from Late-July to mid-September 1995 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.15 

84.3% 0.79 

Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.17 

Barren 5 4 4 78 90 0.14 

Marginal 88 91 89 92 360  
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total 

Omission 

Error 
0.13 0.18 0.16 0.15     

 

Table S4.108. Confusion Matrix with commission and omission errors from Late-July to mid-September 1996 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 6 4 5 90 0.16 

82.8% 0.77 

Non-Woody 6 74 7 4 90 0.18 

Woody/Shrub 4 6 74 6 90 0.18 

Barren 5 5 5 75 90 0.16 

Marginal 

total 
91 90 89 90 360  

Omission 

Error 
0.17 0.18 0.17 0.16     

 

Table S4.109. Confusion Matrix with commission and omission errors from Late-July to mid-September 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 5 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 5 6 72 6 90 0.20 

Barren 5 4 4 77 90 0.15 

Marginal 

total 
92 89 88 91 360  

Omission 

Error 
0.18 0.18 0.18 0.16     

 

Table S4.110. Confusion Matrix with commission and omission errors from Late-July to mid-September 1998 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 4 4 5 90 0.14 

85.7% 0.81 

Non-Woody 5 76 6 3 90 0.15 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 5 3 3 80 90 0.12 

Marginal 

total 
91 89 87 93 360  

Omission 

Error 
0.15 0.14 0.14 0.14     

 

Table S4.111. Confusion Matrix with commission and omission errors from Late-July to mid-September 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 6 90 0.16 83.0% 0.77 
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Non-Woody 5 73 8 3 90 0.19 

Woody/Shrub 5 8 72 6 90 0.20 

Barren 6 3 3 78 90 0.14 

Marginal 

total 
92 89 87 92 360  

Omission 

Error 
0.17 0.18 0.17 0.16     

 

Table S4.112. Confusion Matrix with commission and omission errors from Late-July to mid-September 2002 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

92.9% 0.91 

Non-Woody 2 97 5 2 105 0.08 

Woody/Shrub 2 4 96 3 105 0.09 

Barren 2 3 2 98 105 0.07 

Marginal 

total 
106 105 105 104 420  

Omission 

Error 
0.06 0.08 0.09 0.06     

 

Table S4.113. Confusion Matrix with commission and omission errors from Late-July to mid-September 2003 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

92.6% 0.90 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 4 96 3 105 0.08 

Barren 3 3 2 98 105 0.07 

Marginal 

total 
105 105 107 104 420  

Omission 

Error 
0.06 0.08 0.10 0.06     

 

Table S4.114. Confusion Matrix with commission and omission errors from Late-July to mid-September 2004 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 74 6 5 5 90 0.18 

81.3% 0.75 

Non-Woody 7 72 7 5 90 0.20 

Woody/Shrub 5 7 72 7 90 0.20 

Barren 5 5 5 75 90 0.17 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.18 0.20 0.19 0.18     

 

Table S4.115. Confusion Matrix with commission and omission errors from Late-July to mid-September 2005 
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Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 4 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 4 7 73 6 90 0.19 

Barren 5 4 5 76 90 0.16 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.17 0.19 0.17 0.17     

 

Table S4.116. Confusion Matrix with commission and omission errors from Late-July to mid-September 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

87.2% 0.83 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 3 6 77 5 90 0.15 

Barren 2 5 4 79 90 0.12 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.08 0.16 0.15 0.13     

 

Table S4.117. Confusion Matrix with commission and omission errors from Late-July to mid-September 2007 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 6 3 4 90 0.15 

83.4% 0.78 

Non-Woody 5 74 7 4 90 0.18 

Woody/Shrub 3 7 73 7 90 0.19 

Barren 5 3 5 77 90 0.15 

Marginal 

total 
90 90 88 92 360  

Omission 

Error 
0.15 0.18 0.17 0.16     

 

Table S4.118. Confusion Matrix with commission and omission errors from Late-July to mid-September 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 4 5 90 0.17 

80.7% 0.74 

Non-Woody 5 72 8 6 90 0.20 

Woody/Shrub 5 8 71 7 90 0.22 

Barren 4 6 6 74 90 0.18 

Marginal 

total 
89 92 88 92 360  

Omission 0.16 0.22 0.20 0.20     
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Error 

 

Table S4.119. Confusion Matrix with commission and omission errors from Late-July to mid-September 2009 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 74 7 4 6 90 0.18 

80.0% 0.73 

Non-Woody 5 71 8 6 90 0.22 

Woody/Shrub 5 8 71 7 90 0.21 

Barren 4 6 6 73 90 0.19 

Marginal 

total 
88 91 89 92 360  

Omission 

Error 
0.16 0.23 0.21 0.20     

 

Table S4.120. Confusion Matrix with commission and omission errors from Late-July to mid-September 2010 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 4 5 90 0.15 

84.1% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
87 91 91 92 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 

Table S4.121. Confusion Matrix with commission and omission errors from Late-July to mid-September 2011 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 4 90 0.13 

84.7% 0.80 

Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.16 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
88 91 90 91 360  

Omission 

Error 
0.11 0.18 0.17 0.16     

 

Table S4.122. Confusion Matrix with commission and omission errors from Late-July to mid-September 2013 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.15 
83.5% 0.78 

Non-Woody 4 74 8 5 90 0.18 
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Woody/Shrub 4 7 74 6 90 0.18 

Barren 4 6 4 76 90 0.15 

Marginal 

total 
88 92 88 92 360  

Omission 

Error 
0.13 0.19 0.16 0.17     

 

Table S4.123. Confusion Matrix with commission and omission errors from Late-July to mid-September 2014 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 7 74 6 90 0.18 

Barren 4 5 3 78 90 0.14 

Marginal 

total 
88 92 88 93 360  

Omission 

Error 
0.12 0.19 0.15 0.16     

 

Table S4.124. Confusion Matrix with commission and omission errors from Late-July to mid-September 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 3 75 8 4 90 0.17 

Woody/Shrub 3 6 75 5 90 0.16 

Barren 4 5 5 76 90 0.15 

Marginal 

total 
88 91 91 91 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 

Table S4.125. Confusion Matrix with commission and omission errors from Late-July to mid-September 2016 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 2 1 105 0.04 

94.9% 0.93 

Non-Woody 1 98 4 2 105 0.07 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 101 105 0.04 

Marginal 

total 
105 104 105 105 420  

Omission 

Error 
0.04 0.06 0.07 0.04     

 

Table S4.126. Confusion Matrix with commission and omission errors from Late-July to mid-September 2017 
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Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

93.4% 0.91 

Non-Woody 1 98 5 2 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 2 2 2 98 105 0.06 

Marginal 

total 
105 105 105 104 420  

Omission 

Error 
0.05 0.07 0.08 0.05     

 

Table S4.127. Confusion Matrix with commission and omission errors from Late-July to mid-September 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 2 105 0.04 

94.6% 0.93 

Non-Woody 2 99 3 2 105 0.06 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.07 0.05 0.05     

 

Table S4.128. Confusion Matrix with commission and omission errors from Late-July to mid-September 2019 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

93.4% 0.91 

Non-Woody 2 97 4 2 105 0.08 

Woody/Shrub 2 4 97 2 105 0.07 

Barren 2 2 2 99 105 0.05 

Marginal 

total 
105 105 105 105 420  

Omission 

Error 
0.06 0.08 0.07 0.05     

 

Table S4.129. Confusion Matrix with commission and omission errors from Late-July to mid-September 2020 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 117 1 1 2 120 0.03 

96.0% 0.95 

Non-Woody 1 114 2 3 120 0.05 

Woody/Shrub 2 3 114 1 120 0.05 

Barren 1 2 1 116 120 0.03 

Marginal 

total 
121 120 118 122 480  
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Omission 

Error 
0.03 0.05 0.04 0.04     

 

Table S4.130. Confusion Matrix with commission and omission errors from Late-July to mid-September 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 331 6 8 5 350 0.05 

92.9% 0.91 

Non-Woody 8 321 12 9 350 0.08 

Woody/Shrub 9 12 320 9 350 0.09 

Barren 8 7 6 329 350 0.06 

Marginal 

total 
356 346 346 352 1400  

Omission 

Error 
0.07 0.07 0.08 0.07     

 

Table S4.131. Confusion Matrix with commission and omission errors from Late-July to mid-September 2022 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

83.8% 0.78 

Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 4 7 73 6 90 0.19 

Barren 4 5 4 77 90 0.15 

Marginal 

total 
89 92 88 92 360  

Omission 

Error 
0.13 0.19 0.16 0.16     

 

Table S4.132. Confusion Matrix with commission and omission errors from Late-July to mid-September 2023 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.15 

83.8% 0.78 

Non-Woody 4 74 8 4 90 0.18 

Woody/Shrub 3 7 74 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
88 91 90 92 360  

Omission 

Error 
0.13 0.18 0.17 0.16     

 

 

4.4.3. North Saskatchewan Basin 
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4.4.3.1. Season: Snow-melting (Mid-May to mid-July) 

Table S4.133. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1984 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 103 2 0 1 105 0.02 

96.4% 0.95 

Non-Woody 1 101 2 1 105 0.03 

Woody/Shrub 1 3 100 2 105 0.05 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 107 104 104 420  

Omission 

Error 
0.03 0.05 0.04 0.03     

 

Table S4.134. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 4 3 90 0.11 

86.8% 0.82 

Non-Woody 4 78 5 4 90 0.14 

Woody/Shrub 3 6 75 6 90 0.16 

Barren 4 4 3 80 90 0.12 

Marginal 

total 
90 90 87 92 360  

Omission 

Error 
0.11 0.14 0.14 0.14     

 

Table S4.135. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

91.3% 0.88 

Non-Woody 3 82 3 2 90 0.09 

Woody/Shrub 2 3 81 3 90 0.10 

Barren 2 2 3 83 90 0.08 

Marginal 

total 
91 89 89 91 360  

Omission 

Error 
0.08 0.08 0.09 0.09     

 

Table S4.136. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1987 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 1 1 105 0.03 
95.5% 0.94 

Non-Woody 2 99 3 1 105 0.05 
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Woody/Shrub 2 2 100 2 105 0.05 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
106 105 106 103 420  

Omission 

Error 
0.04 0.05 0.06 0.03     

 

Table S4.137. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1988 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

93.9% 0.92 

Non-Woody 2 98 4 1 105 0.06 

Woody/Shrub 2 4 97 2 105 0.07 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
104 107 106 103 420  

Omission 

Error 
0.04322767 0.08 0.08 0.04     

 

Table S4.138. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1991 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 

88.9% 0.85 

Non-Woody 3 80 5 3 90 0.12 

Woody/Shrub 3 5 79 3 90 0.12 

Barren 2 4 3 81 90 0.10 

Marginal 

total 
89 92 89 91 360  

Omission 

Error 
0.09 0.13 0.11 0.11     

 

Table S4.139. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1992 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 2 2 3 90 0.11 

87.4% 0.83 

Non-Woody 3 80 4 2 90 0.13 

Woody/Shrub 2 5 80 3 90 0.14 

Barren 2 4 3 81 90 0.13 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.10 0.14 0.15 0.12     
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Table S4.140. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1995 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 86 2 1 1 90 0.04 

93.3% 0.91 

Non-Woody 2 83 4 2 90 0.08 

Woody/Shrub 3 2 83 3 90 0.08 

Barren 2 2 2 84 90 0.06 

Marginal 

total 
93 87 89 91 360  

Omission 

Error 
0.07 0.05 0.07 0.07     

 

Table S4.141. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1996 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 2 3 4 90 0.10 

88.7% 0.85 

Non-Woody 4 78 5 3 90 0.13 

Woody/Shrub 3 4 79 4 90 0.12 

Barren 4 3 3 81 90 0.10 

Marginal 

total 
91 87 90 92 360  

Omission 

Error 
0.11 0.10 0.12 0.12     

 

Table S4.142. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 2 2 4 90 0.09 

89.3% 0.86 

Non-Woody 3 79 5 4 90 0.12 

Woody/Shrub 4 3 80 3 90 0.12 

Barren 3 4 3 81 90 0.10 

Marginal 

total 
92 88 89 92 360  

Omission 

Error 
0.10 0.11 0.10 0.12     

 

Table S4.143. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1998 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 2 4 90 0.11 

87.3% 0.83 
Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 2 6 78 4 90 0.14 

Barren 4 4 4 78 90 0.14 
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Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.11 0.14 0.13 0.13     

 

Table S4.144. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1999 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 2 4 90 0.11 

87.3% 0.83 

Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 2 6 78 4 90 0.14 

Barren 4 4 4 78 90 0.14 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.11 0.14 0.13 0.13     

 

Table S4.145. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

89.3% 0.86 

Non-Woody 2 81 4 3 90 0.10 

Woody/Shrub 4 4 78 4 90 0.13 

Barren 4 3 3 80 90 0.12 

Marginal 

total 
93 90 88 89 360  

Omission 

Error 
0.11 0.10 0.11 0.11     

 

Table S4.146. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2002 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 1 105 0.04 

95.0% 0.93 

Non-Woody 2 99 4 1 105 0.06 

Woody/Shrub 2 3 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 105 106 104 420  

Omission 

Error 
0.04 0.05 0.07 0.04     

 

Table S4.147. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2004 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 
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Open Water 81 3 2 4 90 0.10 

88.8% 0.85 

Non-Woody 2 79 5 3 90 0.12 

Woody/Shrub 4 3 79 3 90 0.12 

Barren 3 4 3 80 90 0.11 

Marginal 

total 
90 89 90 91 360  

Omission 

Error 
0.10 0.11 0.12 0.12     

 

Table S4.148. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2005 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 4 3 4 90 0.13 

85.8% 0.81 

Non-Woody 3 77 7 3 90 0.15 

Woody/Shrub 4 5 76 5 90 0.16 

Barren 4 4 5 78 90 0.13 

Marginal 

total 
90 90 90 90 360  

Omission 

Error 
0.13 0.15 0.16 0.13     

 

Table S4.149. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 2 4 90 0.11 

87.3% 0.83 

Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 2 6 78 4 90 0.14 

Barren 4 4 4 78 90 0.14 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.11 0.14 0.13 0.13     

 

Table S4.150. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2007 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

88.3% 0.84 

Non-Woody 3 78 5 4 90 0.13 

Woody/Shrub 4 3 79 3 90 0.12 

Barren 3 4 3 80 90 0.11 

Marginal 

total 
90 89 90 91 360  

Omission 

Error 
0.11 0.12 0.12 0.12     
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Table S4.151. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

89.5% 0.86 

Non-Woody 1 80 6 3 90 0.11 

Woody/Shrub 3 5 78 4 90 0.13 

Barren 2 3 4 81 90 0.10 

Marginal 

total 
89 90 90 91 360  

Omission 

Error 
0.06 0.11 0.13 0.12     

 

Table S4.152. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2009 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

87.2% 0.83 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 3 6 77 5 90 0.15 

Barren 2 5 4 79 90 0.12 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.08 0.16 0.15 0.13     

 

Table S4.153. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2010 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 4 2 4 90 0.11 

86.5% 0.82 

Non-Woody 2 76 8 4 90 0.16 

Woody/Shrub 2 6 78 5 90 0.14 

Barren 2 5 5 78 90 0.13 

Marginal 

total 
86 91 93 90 360  

Omission 

Error 
0.07 0.17 0.16 0.14     

 

Table S4.154. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2014 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 86 2 2 1 90 0.05 
93.4% 0.91 

Non-Woody 2 84 3 2 90 0.07 
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Woody/Shrub 2 2 83 3 90 0.07 

Barren 2 2 2 84 90 0.07 

Marginal 

total 
92 89 90 90 360  

Omission 

Error 
0.07 0.06 0.07 0.07     

 

Table S4.155. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 3 3 4 90 0.12 

85.9% 0.81 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 3 5 5 78 90 0.14 

Marginal 

total 
88 90 90 92 360  

Omission 

Error 
0.10 0.15 0.17 0.15     

 

Table S4.156. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2016 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 3 1 1 105 0.04 

95.3% 0.94 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.06 0.05 0.04     

 

Table S4.157. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2017 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 3 2 2 105 0.05 

92.9% 0.90 

Non-Woody 2 97 5 2 105 0.08 

Woody/Shrub 2 4 96 3 105 0.09 

Barren 2 2 2 98 105 0.07 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.06 0.09 0.08 0.06     
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Table S4.158. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 2 105 0.04 

94.6% 0.93 

Non-Woody 2 99 3 2 105 0.06 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.07 0.05 0.05     

 

Table S4.159. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2019 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 1 1 105 0.03 

95.6% 0.94 

Non-Woody 2 99 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 1 102 105 0.03 

Marginal 

total 
106 104 104 106 420  

Omission 

Error 
0.04 0.05 0.05 0.04     

 

Table S4.160. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 103 1 1 1 105 0.02 

96.1% 0.95 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 1 2 100 2 105 0.05 

Barren 1 2 2 101 105 0.04 

Marginal 

total 
106 104 105 106 420  

Omission 

Error 
0.03 0.04 0.05 0.04     

 

Table S4.161. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2023 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 3 2 4 90 0.09 

89.3% 0.86 
Non-Woody 4 79 4 4 90 0.13 

Woody/Shrub 4 5 79 2 90 0.12 

Barren 3 3 3 82 90 0.09 
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Marginal 

total 
92 89 88 92 360  

Omission 

Error 
0.11 0.11 0.10 0.11     

 

 

4.4.3.2. Season: Rainfall-driven (Late-July to mid-September)  

Table S4.162. Confusion Matrix with commission and omission errors from Late-May to July 1984 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.16 

83.8% 0.78 

Non-Woody 3 74 8 5 90 0.18 

Woody/Shrub 3 8 75 5 90 0.17 

Barren 4 5 5 77 90 0.14 

Marginal 

total 
85 92 92 92 360  

Omission 

Error 
0.11 0.19 0.18 0.16     

 

Table S4.163. Confusion Matrix with commission and omission errors from Late-May to July 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 95 3 4 3 105 0.10 

87.8% 0.84 

Non-Woody 3 91 7 4 105 0.14 

Woody/Shrub 3 6 91 5 105 0.13 

Barren 3 5 5 93 105 0.12 

Marginal 

total 
104 105 107 105 420  

Omission 

Error 
0.09 0.13 0.15 0.12     

 

Table S4.164. Confusion Matrix with commission and omission errors from Late-May to July 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.16 

84.7% 0.80 

Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.16 

Barren 4 4 4 79 90 0.13 

Marginal 

total 
86 92 90 92 360  

Omission 

Error 
0.12 0.18 0.16 0.15     
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Table S4.165. Confusion Matrix with commission and omission errors from Late-May to July 1987 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 3 2 2 105 0.06 

93.3% 0.91 

Non-Woody 2 97 5 1 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
104 106 107 104 420  

Omission 

Error 
0.04 0.08 0.09 0.05     

 

Table S4.166. Confusion Matrix with commission and omission errors from Late-May to July 1988 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 96 5 2 2 105 0.09 

89.0% 0.85 

Non-Woody 2 93 7 3 105 0.11 

Woody/Shrub 2 5 93 4 105 0.11 

Barren 3 6 5 92 105 0.13 

Marginal 

total 
103 109 107 101 420  

Omission 

Error 
0.06725146 0.15 0.13 0.09     

 

Table S4.167. Confusion Matrix with commission and omission errors from Late-May to July 1989 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 4 4 4 90 0.13 

85.5% 0.81 

Non-Woody 4 75 6 5 90 0.17 

Woody/Shrub 3 5 75 6 90 0.16 

Barren 5 3 3 79 90 0.12 

Marginal 

total 
91 88 88 94 360  

Omission 

Error 
0.14 0.14 0.14 0.16     

 

Table S4.168. Confusion Matrix with commission and omission errors from Late-May to July 1990 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 3 4 90 0.11 

87.9% 0.84 
Non-Woody 4 79 5 3 90 0.12 

Woody/Shrub 3 5 78 4 90 0.13 

Barren 3 4 4 79 90 0.12 
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Marginal 

total 
90 90 90 90 360  

Omission 

Error 
0.11 0.13 0.13 0.12     

 

Table S4.169. Confusion Matrix with commission and omission errors from Late-May to July 1991 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 4 4 4 90 0.13 

85.5% 0.81 

Non-Woody 4 75 6 5 90 0.17 

Woody/Shrub 3 5 75 6 90 0.16 

Barren 5 3 3 79 90 0.12 

Marginal 

total 
91 88 88 94 360  

Omission 

Error 
0.14 0.14 0.14 0.16     

 

Table S4.170. Confusion Matrix with commission and omission errors from Late-May to July 1993 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 98 3 2 2 105 0.06 

91.8% 0.89 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 5 95 3 105 0.09 

Barren 3 3 4 96 105 0.09 

Marginal 

total 
105 106 107 102 420  

Omission 

Error 
0.06 0.10 0.11 0.06     

 

Table S4.171. Confusion Matrix with commission and omission errors from Late-May to July 1994 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 95 5 2 2 105 0.09 

88.7% 0.85 

Non-Woody 1 94 7 3 105 0.11 

Woody/Shrub 2 5 93 5 105 0.12 

Barren 3 6 5 91 105 0.13 

Marginal 

total 
101 111 107 101 420  

Omission 

Error 
0.06 0.15 0.13 0.10     

 

Table S4.172. Confusion Matrix with commission and omission errors from Late-May to July 1995 

Classes Open Non- Woody / Barren Marginal Comission Total Kappa 
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Water Woody Shrub total Error Accuracy Index 

Open Water 75 6 5 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 5 6 72 6 90 0.20 

Barren 5 4 4 77 90 0.15 

Marginal 

total 
92 89 88 91 360  

Omission 

Error 
0.18 0.18 0.18 0.16     

 

Table S4.173. Confusion Matrix with commission and omission errors from Late-May to July 1996 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 4 4 5 90 0.14 

85.4% 0.81 

Non-Woody 5 76 6 3 90 0.16 

Woody/Shrub 4 5 75 5 90 0.17 

Barren 5 3 3 79 90 0.12 

Marginal 

total 
92 89 87 92 360  

Omission 

Error 
0.16 0.14 0.14 0.15     

 

Table S4.174. Confusion Matrix with commission and omission errors from Late-May to July 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.15 

84.3% 0.79 

Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.17 

Barren 5 4 4 78 90 0.14 

Marginal 

total 
88 91 89 92 360  

Omission 

Error 
0.13 0.18 0.16 0.15     

 

Table S4.175. Confusion Matrix with commission and omission errors from Late-May to July 1998 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 6 90 0.16 

83.0% 0.77 

Non-Woody 5 73 8 3 90 0.19 

Woody/Shrub 5 8 72 6 90 0.20 

Barren 6 3 3 78 90 0.14 

Marginal 

total 
92 89 87 92 360  
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Omission 

Error 
0.17 0.18 0.17 0.16     

 

Table S4.176. Confusion Matrix with commission and omission errors from Late-May to July 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 4 4 5 90 0.14 

85.7% 0.81 

Non-Woody 5 76 6 3 90 0.15 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 5 3 3 80 90 0.12 

Marginal 

total 
91 89 87 93 360  

Omission 

Error 
0.15 0.14 0.14 0.14     

 

Table S4.177. Confusion Matrix with commission and omission errors from Late-May to July 2002 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 2 1 105 0.04 

94.9% 0.93 

Non-Woody 1 98 4 2 105 0.07 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 101 105 0.04 

Marginal 

total 
105 104 105 105 420  

Omission 

Error 
0.04 0.06 0.07 0.04     

 

Table S4.178. Confusion Matrix with commission and omission errors from Late-May to July 2003 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

93.4% 0.91 

Non-Woody 2 97 4 2 105 0.08 

Woody/Shrub 2 4 97 2 105 0.07 

Barren 2 2 2 99 105 0.05 

Marginal 

total 
105 105 105 105 420  

Omission 

Error 
0.06 0.08 0.07 0.05     

 

Table S4.179. Confusion Matrix with commission and omission errors from Late-May to July 2004 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 6 3 4 90 0.15 83.4% 0.78 
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Non-Woody 5 74 7 4 90 0.18 

Woody/Shrub 3 7 73 7 90 0.19 

Barren 5 3 5 77 90 0.15 

Marginal 

total 
90 90 88 92 360  

Omission 

Error 
0.15 0.18 0.17 0.16     

 

Table S4.180. Confusion Matrix with commission and omission errors from Late-May to July 2005 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

87.2% 0.83 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 3 6 77 5 90 0.15 

Barren 2 5 4 79 90 0.12 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.08 0.16 0.15 0.13     

 

Table S4.181. Confusion Matrix with commission and omission errors from Late-May to July 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 4 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 4 7 73 6 90 0.19 

Barren 5 4 5 76 90 0.16 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.17 0.19 0.17 0.17     

 

Table S4.182. Confusion Matrix with commission and omission errors from Late-May to July 2007 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 74 6 5 5 90 0.18 

81.3% 0.75 

Non-Woody 7 72 7 5 90 0.20 

Woody/Shrub 5 7 72 7 90 0.20 

Barren 5 5 5 75 90 0.17 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.18 0.20 0.19 0.18     
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Table S4.183. Confusion Matrix with commission and omission errors from Late-May to July 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.15 

83.5% 0.78 

Non-Woody 4 74 8 5 90 0.18 

Woody/Shrub 4 7 74 6 90 0.18 

Barren 4 6 4 76 90 0.15 

Marginal 

total 
88 92 88 92 360  

Omission 

Error 
0.13 0.19 0.16 0.17     

 

Table S4.184. Confusion Matrix with commission and omission errors from Late-May to July 2009 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 4 90 0.13 

84.7% 0.80 

Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.16 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
88 91 90 91 360  

Omission 

Error 
0.11 0.18 0.17 0.16     

 

Table S4.185. Confusion Matrix with commission and omission errors from Late-May to July 2010 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 7 74 6 90 0.18 

Barren 4 5 3 78 90 0.14 

Marginal 

total 
88 92 88 93 360  

Omission 

Error 
0.12 0.19 0.15 0.16     

 

Table S4.186. Confusion Matrix with commission and omission errors from Late-May to July 2011 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 5 3 4 90 0.12 

85.8% 0.81 
Non-Woody 2 76 8 4 90 0.16 

Woody/Shrub 3 6 76 5 90 0.16 

Barren 3 5 4 78 90 0.13 
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Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.09 0.17 0.16 0.14     

 

Table S4.187. Confusion Matrix with commission and omission errors from Late-May to July 2013 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 3 75 8 4 90 0.17 

Woody/Shrub 3 6 75 5 90 0.16 

Barren 4 5 5 76 90 0.15 

Marginal 

total 
88 91 91 91 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 

Table S4.188. Confusion Matrix with commission and omission errors from Late-May to July 2014 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 4 5 90 0.15 

84.1% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
87 91 91 92 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 

Table S4.189. Confusion Matrix with commission and omission errors from Late-May to July 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 4 90 0.13 

84.1% 0.79 

Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 3 7 75 6 90 0.17 

Barren 4 6 5 75 90 0.17 

Marginal 

total 
88 93 90 89 360  

Omission 

Error 
0.11 0.19 0.17 0.16     

 

Table S4.190. Confusion Matrix with commission and omission errors from Late-May to July 2016 

Classes Open Non- Woody / Barren Marginal Comission Total Kappa 
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Water Woody Shrub total Error Accuracy Index 

Open Water 100 2 2 2 105 0.05 

93.4% 0.91 

Non-Woody 1 98 5 2 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 2 2 2 98 105 0.06 

Marginal 

total 
105 105 105 104 420  

Omission 

Error 
0.05 0.07 0.08 0.05     

 

Table S4.191. Confusion Matrix with commission and omission errors from Late-May to July 2017 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

92.9% 0.91 

Non-Woody 2 97 5 2 105 0.08 

Woody/Shrub 2 4 96 3 105 0.09 

Barren 2 3 2 98 105 0.07 

Marginal 

total 
106 105 105 104 420  

Omission 

Error 
0.06 0.08 0.09 0.06     

 

Table S4.192. Confusion Matrix with commission and omission errors from Late-May to July 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

92.6% 0.90 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 4 96 3 105 0.08 

Barren 3 3 2 98 105 0.07 

Marginal 

total 
105 105 107 104 420  

Omission 

Error 
0.06 0.08 0.10 0.06     

 

Table S4.193. Confusion Matrix with commission and omission errors from Late-May to July 2019 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 2 105 0.04 

94.6% 0.93 

Non-Woody 2 99 3 2 105 0.06 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
105 106 104 105 420  
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Omission 

Error 
0.04 0.07 0.05 0.05     

 

Table S4.194. Confusion Matrix with commission and omission errors from Late-May to July 2020 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 117 1 1 2 120 0.03 

96.1% 0.95 

Non-Woody 1 115 2 3 120 0.05 

Woody/Shrub 2 3 114 1 120 0.05 

Barren 2 2 2 115 120 0.04 

Marginal 

total 
122 120 118 121 480  

Omission 

Error 
0.04 0.04 0.03 0.04     

 

Table S4.195. Confusion Matrix with commission and omission errors from Late-May to July 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

93.1% 0.91 

Non-Woody 2 97 4 3 105 0.08 

Woody/Shrub 2 4 97 3 105 0.08 

Barren 3 2 2 98 105 0.07 

Marginal 

total 
107 104 104 105 420  

Omission 

Error 
0.07 0.07 0.07 0.07     

 

Table S4.196. Confusion Matrix with commission and omission errors from Late-May to July 2022 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 3 75 8 4 90 0.17 

Woody/Shrub 4 7 74 5 90 0.18 

Barren 4 5 4 77 90 0.14 

Marginal 

total 
89 92 88 91 360  

Omission 

Error 
0.13 0.18 0.16 0.15     

 

Table S4.197. Confusion Matrix with commission and omission errors from Late-May to July 2023 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 84.2% 0.79 
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Non-Woody 4 74 7 4 90 0.17 

Woody/Shrub 3 6 75 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
89 90 89 92 360  

Omission 

Error 
0.13 0.18 0.16 0.16     

 

 

4.4.4. Athabasca Basin 

4.4.4.1. Season: Snow-melting (Mid-May to mid-July) 

Table S4.198. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1984 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 0 1 105 0.03 

95.1% 0.94 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 1 4 99 2 105 0.06 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
105 108 104 103 420  

Omission 

Error 
0.03 0.07 0.05 0.04     

 

Table S4.199. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 

88.9% 0.85 

Non-Woody 3 80 5 3 90 0.12 

Woody/Shrub 3 5 79 3 90 0.12 

Barren 2 4 3 81 90 0.10 

Marginal 

total 
89 92 89 91 360  

Omission 

Error 
0.09 0.13 0.11 0.11     

 

Table S4.200. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 2 2 3 90 0.09 

89.9% 0.87 Non-Woody 3 80 4 2 90 0.11 

Woody/Shrub 2 5 80 3 90 0.11 
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Barren 2 4 3 81 90 0.10 

Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.09 0.11 0.10 0.10     

 

Table S4.201. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1987 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 1 105 0.04 

95.0% 0.93 

Non-Woody 2 99 4 1 105 0.06 

Woody/Shrub 2 3 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 105 106 104 420  

Omission 

Error 
0.04 0.05 0.07 0.04     

 

Table S4.202. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1991 

 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 1 1 105 0.03 

95.5% 0.94 

Non-Woody 2 99 3 1 105 0.05 

Woody/Shrub 2 2 100 2 105 0.05 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
106 105 106 103 420  

Omission 

Error 
0.04 0.05 0.06 0.03     

 

Table S4.203. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1992 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 4 3 90 0.11 

86.8% 0.82 

Non-Woody 4 78 5 4 90 0.14 

Woody/Shrub 3 6 75 6 90 0.16 

Barren 4 4 3 80 90 0.12 

Marginal 

total 
90 90 87 92 360  

Omission 

Error 
0.11 0.14 0.14 0.14     
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Table S4.204. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1993 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

91.3% 0.88 

Non-Woody 3 82 3 2 90 0.09 

Woody/Shrub 2 3 81 3 90 0.10 

Barren 2 2 3 83 90 0.08 

Marginal 

total 
91 89 89 91 360  

Omission 

Error 
0.08 0.08 0.09 0.09     

 

Table S4.205. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1994 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 103 2 0 1 105 0.02 

96.4% 0.95 

Non-Woody 1 101 2 1 105 0.03 

Woody/Shrub 1 3 100 2 105 0.05 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 107 104 104 420  

Omission 

Error 
0.03 0.05 0.04 0.03     

 

Table S4.206. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1995 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 3 3 90 0.07 

90.0% 0.87 

Non-Woody 4 78 5 3 90 0.12 

Woody/Shrub 4 4 79 3 90 0.11 

Barren 2 2 2 84 90 0.10 

Marginal 

total 
91 87 89 93 360  

Omission 

Error 
0.11 0.10 0.12 0.07     

 

Table S4.207. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 2 4 90 0.11 

87.3% 0.83 
Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 2 6 78 4 90 0.14 

Barren 4 4 4 78 90 0.14 
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Marginal 

total 
90 91 89 90 360  

Omission 

Error 
0.11 0.14 0.13 0.13     

 

Table S4.208. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1998 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 2 2 4 90 0.09 

89.3% 0.86 

Non-Woody 3 79 5 4 90 0.12 

Woody/Shrub 4 3 80 3 90 0.12 

Barren 3 4 3 81 90 0.10 

Marginal 

total 
92 88 89 92 360  

Omission 

Error 
0.10 0.11 0.10 0.12     

 

Table S4.209. Confusion Matrix with commission and omission errors from Mid-May to mid-July 1999 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

89.3% 0.86 

Non-Woody 2 81 4 3 90 0.10 

Woody/Shrub 4 4 78 4 90 0.13 

Barren 4 3 3 80 90 0.12 

Marginal 

total 
93 90 88 89 360  

Omission 

Error 
0.11 0.10 0.11 0.11     

 

Table S4.210. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 3 2 4 90 0.10 

88.8% 0.85 

Non-Woody 2 79 5 3 90 0.12 

Woody/Shrub 4 3 79 3 90 0.12 

Barren 3 4 3 80 90 0.11 

Marginal 

total 
90 89 90 91 360  

Omission 

Error 
0.10 0.11 0.12 0.12     

 

Table S4.211. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2002 

Classes Open Non- Woody / Barren Marginal Comission Total Kappa 
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Water Woody Shrub total Error Accuracy Index 

Open Water 101 2 0 2 105 0.04 

95.1% 0.94 

Non-Woody 0 100 5 0 105 0.05 

Woody/Shrub 1 4 99 2 105 0.06 

Barren 0 2 3 100 105 0.05 

Marginal 

total 
102 108 107 104 420  

Omission 

Error 
0.01 0.08 0.08 0.03     

 

Table S4.212. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2003 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 0 2 105 0.04 

95.1% 0.94 

Non-Woody 0 100 5 0 105 0.05 

Woody/Shrub 1 4 99 2 105 0.06 

Barren 0 2 3 100 105 0.05 

Marginal 

total 
102 108 107 104 420  

Omission 

Error 
0.01 0.08 0.08 0.03     

 

Table S4.213. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2004 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 83 2 2 3 90 0.08 

89.3% 0.86 

Non-Woody 2 81 4 3 90 0.10 

Woody/Shrub 4 4 78 4 90 0.13 

Barren 4 3 3 80 90 0.12 

Marginal 

total 
93 90 88 89 360  

Omission 

Error 
0.11 0.10 0.11 0.11     

 

Table S4.214. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2005 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 2 4 90 0.11 

87.3% 0.83 

Non-Woody 4 78 5 4 90 0.13 

Woody/Shrub 2 6 78 4 90 0.14 

Barren 4 4 4 78 90 0.14 

Marginal 

total 
90 91 89 90 360  
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Omission 

Error 
0.11 0.14 0.13 0.13     

 

Table S4.215. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 82 3 2 3 90 0.09 

90.1% 0.87 

Non-Woody 2 80 6 2 90 0.11 

Woody/Shrub 4 3 81 2 90 0.10 

Barren 3 3 3 82 90 0.09 

Marginal 

total 
90 90 91 89 360  

Omission 

Error 
0.10 0.10 0.11 0.08     

 

Table S4.216. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2007 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

88.3% 0.84 

Non-Woody 3 78 5 4 90 0.13 

Woody/Shrub 4 3 79 3 90 0.12 

Barren 3 4 3 80 90 0.11 

Marginal 

total 
90 89 90 91 360  

Omission 

Error 
0.11 0.12 0.12 0.12     

 

Table S4.217. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

87.2% 0.83 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 3 6 77 5 90 0.15 

Barren 2 5 4 79 90 0.12 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.08 0.16 0.15 0.13     

 

Table S4.218. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 84 2 2 2 90 0.07 90.5% 0.87 
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Non-Woody 2 81 5 2 90 0.10 

Woody/Shrub 3 5 80 2 90 0.11 

Barren 3 3 3 81 90 0.10 

Marginal 

total 
92 91 89 88 360  

Omission 

Error 
0.09 0.11 0.10 0.08     

 

Table S4.219. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2016 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 3 2 2 105 0.05 

92.9% 0.90 

Non-Woody 2 97 5 2 105 0.08 

Woody/Shrub 2 4 96 3 105 0.09 

Barren 2 2 2 98 105 0.07 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.06 0.09 0.08 0.06     

 

Table S4.220. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2017 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 3 1 1 105 0.04 

95.3% 0.94 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 2 101 105 0.04 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.06 0.05 0.04     

 

Table S4.221. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 102 2 1 1 105 0.03 

95.6% 0.94 

Non-Woody 2 99 3 1 105 0.05 

Woody/Shrub 2 2 99 2 105 0.06 

Barren 1 1 1 102 105 0.03 

Marginal 

total 
106 104 104 106 420  

Omission 

Error 
0.04 0.05 0.05 0.04     
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Table S4.222. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2019 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 2 105 0.04 

94.6% 0.93 

Non-Woody 2 99 3 2 105 0.06 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.07 0.05 0.05     

 

Table S4.223. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 103 1 1 1 105 0.02 

96.1% 0.95 

Non-Woody 1 100 3 1 105 0.05 

Woody/Shrub 1 2 100 2 105 0.05 

Barren 1 2 2 101 105 0.04 

Marginal 

total 
106 104 105 106 420  

Omission 

Error 
0.03 0.04 0.05 0.04     

 

Table S4.224. Confusion Matrix with commission and omission errors from Mid-May to mid-July 2023 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 3 3 4 90 0.12 

85.9% 0.81 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 3 5 5 78 90 0.14 

Marginal 

total 
88 90 90 92 360  

Omission 

Error 
0.10 0.15 0.17 0.15     

 

 

4.4.4.2. Season: Rainfall-driven (Late-July to mid-September) 36 

Table S4.225. Confusion Matrix with commission and omission errors from Late-May to July 1984 
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Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 2 1 105 0.04 

94.9% 0.93 

Non-Woody 1 98 4 2 105 0.07 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 101 105 0.04 

Marginal 

total 
105 104 105 105 420  

Omission 

Error 
0.04 0.06 0.07 0.04     

 

Table S4.226. Confusion Matrix with commission and omission errors from Late-May to July 1985 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 4 4 5 90 0.14 

85.7% 0.81 

Non-Woody 5 76 6 3 90 0.15 

Woody/Shrub 4 5 75 5 90 0.16 

Barren 5 3 3 80 90 0.12 

Marginal 

total 
91 89 87 93 360  

Omission 

Error 
0.15 0.14 0.14 0.14     

 

Table S4.227. Confusion Matrix with commission and omission errors from Late-May to July 1986 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 4 3 90 0.11 

88.0% 0.84 

Non-Woody 4 78 5 3 90 0.13 

Woody/Shrub 3 5 77 6 90 0.15 

Barren 4 2 2 82 90 0.09 

Marginal 

total 
90 88 87 95 360  

Omission 

Error 
0.11 0.11 0.12 0.13     

 

Table S4.228. Confusion Matrix with commission and omission errors from Late-May to July 1987 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

93.4% 0.91 

Non-Woody 2 97 4 2 105 0.08 

Woody/Shrub 2 4 97 2 105 0.07 

Barren 2 2 2 99 105 0.05 

Marginal 

total 
105 105 105 105 420  
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Omission 

Error 
0.06 0.08 0.07 0.05     

 

Table S4.229. Confusion Matrix with commission and omission errors from Late-May to July 1988 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 98 3 2 2 105 0.06 

91.8% 0.89 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 5 95 3 105 0.09 

Barren 3 3 4 96 105 0.09 

Marginal 

total 
105 106 107 102 420  

Omission 

Error 
0.06 0.10 0.11 0.06     

 

Table S4.230. Confusion Matrix with commission and omission errors from Late-May to July 1989 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 80 3 3 4 90 0.11 

87.9% 0.84 

Non-Woody 4 79 5 3 90 0.12 

Woody/Shrub 3 5 78 4 90 0.13 

Barren 3 4 4 79 90 0.12 

Marginal 

total 
90 90 90 90 360  

Omission 

Error 
0.11 0.13 0.13 0.12     

 

Table S4.231. Confusion Matrix with commission and omission errors from Late-May to July 1990 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 4 4 4 90 0.13 

85.5% 0.81 

Non-Woody 4 75 6 5 90 0.17 

Woody/Shrub 3 5 75 6 90 0.16 

Barren 5 3 3 79 90 0.12 

Marginal 

total 
91 88 88 94 360  

Omission 

Error 
0.14 0.14 0.14 0.16     

 

Table S4.232. Confusion Matrix with commission and omission errors from Late-May to July 1991 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.16 84.7% 0.80 
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Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.16 

Barren 4 4 4 79 90 0.13 

Marginal 

total 
86 92 90 92 360  

Omission 

Error 
0.12 0.18 0.16 0.15     

 

Table S4.233. Confusion Matrix with commission and omission errors from Late-May to July 1992 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 4 4 4 90 0.13 

85.5% 0.81 

Non-Woody 4 75 6 5 90 0.17 

Woody/Shrub 3 5 75 6 90 0.16 

Barren 5 3 3 79 90 0.12 

Marginal 

total 
91 88 88 94 360  

Omission 

Error 
0.14 0.14 0.14 0.16     

 

Table S4.234. Confusion Matrix with commission and omission errors from Late-May to July 1994 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 96 5 2 2 105 0.09 

89.0% 0.85 

Non-Woody 2 93 7 3 105 0.11 

Woody/Shrub 2 5 93 4 105 0.11 

Barren 3 6 5 92 105 0.13 

Marginal 

total 
103 109 107 101 420  

Omission 

Error 
0.07 0.15 0.13 0.09     

 

Table S4.235. Confusion Matrix with commission and omission errors from Late-May to July 1996 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 5 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 5 6 72 6 90 0.20 

Barren 5 4 4 77 90 0.15 

Marginal 

total 
92 89 88 91 360  

Omission 

Error 
0.18 0.18 0.18 0.16     
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Table S4.236. Confusion Matrix with commission and omission errors from Late-May to July 1997 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 6 90 0.16 

83.0% 0.77 

Non-Woody 5 73 8 3 90 0.19 

Woody/Shrub 5 8 72 6 90 0.20 

Barren 6 3 3 78 90 0.14 

Marginal 

total 
92 89 87 92 360  

Omission 

Error 
0.17 0.18 0.17 0.16     

 

Table S4.237. Confusion Matrix with commission and omission errors from Late-May to July 1998 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 5 4 5 90 0.15 

84.3% 0.79 

Non-Woody 3 75 7 5 90 0.17 

Woody/Shrub 4 7 75 4 90 0.17 

Barren 5 4 4 78 90 0.14 

Marginal 

total 
88 91 89 92 360  

Omission 

Error 
0.13 0.18 0.16 0.15     

 

Table S4.238. Confusion Matrix with commission and omission errors from Late-May to July 1999 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 76 6 4 5 90 0.16 

82.8% 0.77 

Non-Woody 6 74 7 4 90 0.18 

Woody/Shrub 4 6 74 6 90 0.18 

Barren 5 5 5 75 90 0.16 

Marginal 

total 
91 90 89 90 360  

Omission 

Error 
0.17 0.18 0.17 0.16     

 

Table S4.239. Confusion Matrix with commission and omission errors from Late-May to July 2001 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 6 3 4 90 0.15 

83.4% 0.78 
Non-Woody 5 74 7 4 90 0.18 

Woody/Shrub 3 7 73 7 90 0.19 

Barren 5 3 5 77 90 0.15 
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Marginal 

total 
90 90 88 92 360  

Omission 

Error 
0.15 0.18 0.17 0.16     

 

Table S4.240. Confusion Matrix with commission and omission errors from Late-May to July 2002 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 95 3 4 3 105 0.10 

87.8% 0.84 

Non-Woody 3 91 7 4 105 0.14 

Woody/Shrub 3 6 91 5 105 0.13 

Barren 3 5 5 93 105 0.12 

Marginal 

total 
104 105 107 105 420  

Omission 

Error 
0.09 0.13 0.15 0.12     

 

Table S4.241. Confusion Matrix with commission and omission errors from Late-May to July 2003 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 3 2 2 105 0.06 

93.3% 0.91 

Non-Woody 2 97 5 1 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 1 2 3 99 105 0.06 

Marginal 

total 
104 106 107 104 420  

Omission 

Error 
0.04 0.08 0.09 0.05     

 

Table S4.242. Confusion Matrix with commission and omission errors from Late-May to July 2004 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 81 4 2 4 90 0.10 

87.2% 0.83 

Non-Woody 2 77 7 4 90 0.14 

Woody/Shrub 3 6 77 5 90 0.15 

Barren 2 5 4 79 90 0.12 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.08 0.16 0.15 0.13     

 

Table S4.243. Confusion Matrix with commission and omission errors from Late-May to July 2005 

Classes Open Non- Woody / Barren Marginal Comission Total Kappa 
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Water Woody Shrub total Error Accuracy Index 

Open Water 76 5 4 5 90 0.16 

83.8% 0.78 

Non-Woody 3 74 8 5 90 0.18 

Woody/Shrub 3 8 75 5 90 0.17 

Barren 4 5 5 77 90 0.14 

Marginal 

total 
85 92 92 92 360  

Omission 

Error 
0.11 0.19 0.18 0.16     

 

Table S4.244. Confusion Matrix with commission and omission errors from Late-May to July 2006 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 74 6 5 5 90 0.18 

81.3% 0.75 

Non-Woody 7 72 7 5 90 0.20 

Woody/Shrub 5 7 72 7 90 0.20 

Barren 5 5 5 75 90 0.17 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.18 0.20 0.19 0.18     

 

Table S4.245. Confusion Matrix with commission and omission errors from Late-May to July 2007 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 75 6 4 5 90 0.17 

82.4% 0.77 

Non-Woody 6 73 7 4 90 0.19 

Woody/Shrub 4 7 73 6 90 0.19 

Barren 5 4 5 76 90 0.16 

Marginal 

total 
91 90 88 91 360  

Omission 

Error 
0.17 0.19 0.17 0.17     

 

Table S4.246. Confusion Matrix with commission and omission errors from Late-May to July 2008 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 4 90 0.13 

84.7% 0.80 

Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.16 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
88 91 90 91 360  
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Omission 

Error 
0.11 0.18 0.17 0.16     

 

Table S4.247. Confusion Matrix with commission and omission errors from Late-May to July 2009 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.15 

83.5% 0.78 

Non-Woody 4 74 8 5 90 0.18 

Woody/Shrub 4 7 74 6 90 0.18 

Barren 4 6 4 76 90 0.15 

Marginal 

total 
88 92 88 92 360  

Omission 

Error 
0.13 0.19 0.16 0.17     

 

Table S4.248. Confusion Matrix with commission and omission errors from Late-May to July 2010 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 79 5 3 4 90 0.12 

85.8% 0.81 

Non-Woody 2 76 8 4 90 0.16 

Woody/Shrub 3 6 76 5 90 0.16 

Barren 3 5 4 78 90 0.13 

Marginal 

total 
87 92 90 91 360  

Omission 

Error 
0.09 0.17 0.16 0.14     

 

Table S4.249. Confusion Matrix with commission and omission errors from Late-May to July 2011 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 7 74 6 90 0.18 

Barren 4 5 3 78 90 0.14 

Marginal 

total 
88 92 88 93 360  

Omission 

Error 
0.12 0.19 0.15 0.16     

 

Table S4.250. Confusion Matrix with commission and omission errors from Late-May to July 2013 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 4 90 0.13 84.1% 0.79 
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Non-Woody 3 75 8 5 90 0.17 

Woody/Shrub 3 7 75 6 90 0.17 

Barren 4 6 5 75 90 0.17 

Marginal 

total 
88 93 90 89 360  

Omission 

Error 
0.11 0.19 0.17 0.16     

 

Table S4.251. Confusion Matrix with commission and omission errors from Late-May to July 2014 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 4 5 90 0.15 

84.1% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
87 91 91 92 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 

Table S4.252. Confusion Matrix with commission and omission errors from Late-May to July 2015 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 3 5 90 0.14 

84.2% 0.79 

Non-Woody 4 74 7 4 90 0.17 

Woody/Shrub 3 6 75 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
89 90 89 92 360  

Omission 

Error 
0.13 0.18 0.16 0.16     

 

Table S4.253. Confusion Matrix with commission and omission errors from Late-May to July 2016 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

92.9% 0.91 

Non-Woody 2 97 5 2 105 0.08 

Woody/Shrub 2 4 96 3 105 0.09 

Barren 2 3 2 98 105 0.07 

Marginal 

total 
106 105 105 104 420  

Omission 

Error 
0.06 0.08 0.09 0.06     
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Table S4.254. Confusion Matrix with commission and omission errors from Late-May to July 2017 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

93.4% 0.91 

Non-Woody 1 98 5 2 105 0.07 

Woody/Shrub 2 4 97 2 105 0.08 

Barren 2 2 2 98 105 0.06 

Marginal 

total 
105 105 105 104 420  

Omission 

Error 
0.05 0.07 0.08 0.05     

 

Table S4.255. Confusion Matrix with commission and omission errors from Late-May to July 2018 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 101 2 1 2 105 0.04 

94.6% 0.93 

Non-Woody 2 99 3 2 105 0.06 

Woody/Shrub 2 3 98 2 105 0.07 

Barren 1 2 2 100 105 0.05 

Marginal 

total 
105 106 104 105 420  

Omission 

Error 
0.04 0.07 0.05 0.05     

 

Table S4.256. Confusion Matrix with commission and omission errors from Late-May to July 2019 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 99 2 2 2 105 0.06 

92.6% 0.90 

Non-Woody 2 96 6 2 105 0.09 

Woody/Shrub 2 4 96 3 105 0.08 

Barren 3 3 2 98 105 0.07 

Marginal 

total 
105 105 107 104 420  

Omission 

Error 
0.06 0.08 0.10 0.06     

 

Table S4.257. Confusion Matrix with commission and omission errors from Late-May to July 2020 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 117 1 1 1 120 0.02 

96.7% 0.96 
Non-Woody 1 116 2 2 120 0.04 

Woody/Shrub 2 2 115 1 120 0.04 

Barren 1 2 1 116 120 0.03 
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Marginal 

total 
121 120 119 121 480  

Omission 

Error 
0.03 0.04 0.03 0.04     

 

Table S4.258. Confusion Matrix with commission and omission errors from Late-May to July 2021 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 100 2 2 2 105 0.05 

93.1% 0.91 

Non-Woody 2 97 4 3 105 0.08 

Woody/Shrub 2 4 97 3 105 0.08 

Barren 3 2 2 98 105 0.07 

Marginal 

total 
107 104 104 105 420  

Omission 

Error 
0.07 0.07 0.07 0.07     

 

Table S4.259. Confusion Matrix with commission and omission errors from Late-May to July 2022 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 78 5 3 5 90 0.14 

84.3% 0.79 

Non-Woody 3 75 8 4 90 0.17 

Woody/Shrub 4 7 74 5 90 0.18 

Barren 4 5 4 77 90 0.14 

Marginal 

total 
89 92 88 91 360  

Omission 

Error 
0.13 0.18 0.16 0.15     

 

Table S4.260. Confusion Matrix with commission and omission errors from Late-May to July 2023 

Classes 
Open 

Water 

Non-

Woody 

Woody / 

Shrub 
Barren 

Marginal 

total 

Comission 

Error 

Total 

Accuracy 

Kappa 

Index 

Open Water 77 5 4 5 90 0.15 

84.1% 0.79 

Non-Woody 4 74 8 5 90 0.17 

Woody/Shrub 3 6 75 6 90 0.17 

Barren 4 5 5 77 90 0.15 

Marginal 

total 
87 91 91 92 360  

Omission 

Error 
0.12 0.18 0.17 0.16     

 



 

Supplementary Material E 1 

4.5. Land cover changes in proportion of variance with elevation 2 

 3 

Fig. S4.2. Trends of the daily average air temperature.4 
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Supplementary Material F 5 

4.6. Land cover extent trends  6 

 7 

Fig. S4.3. Trends (a) of the land cover extent per season, per watershed and at all ES region from 1984 to 8 

2023 9 



361 

 

 

Supplementary Material G 10 

4.7. Land cover changes 11 

 12 

Fig. S4.4. Sankey diagram of the land cover changes in the Eastern Slopes of Alberta per period from 13 

1980s to 2020s. The percentage of change are normalized by the total area of the Eastern Slopes of 14 

Alberta (1668 km2). 15 
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Supplementary Material H 

4.8. Land cover changes in proportion of variance with elevation 

 

Fig. S4.5. Total land cover area changes (%) per period and watershed in the subalpine (< 2300 m) 

and alpine (≥ 2300 m) regions of the Eastern Slopes of Alberta from 1980s to 2020s. The 

percentage of change are normalized by the total area of the Eastern Slopes of Alberta (1668 km2). 
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Supplementary Material I 

4.9. Land cover changes in subalpine and alpine regions of the ES 

 

Fig. S4.6. Sankey diagram of the land cover changes in the subalpine region of the Eastern Slopes 

of Alberta per period from 1980s to 2020s. The percentage of change are normalized by the total 

area of the Eastern Slopes of Alberta (1668 km2). 
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Fig. S4.7. Sankey diagram of the land cover changes in alpine region of the Eastern Slopes of 

Alberta per period from 1980s to 2020s. The percentage of change are normalized by the total area 

of the Eastern Slopes of Alberta (1668 km2). 
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8. Supplementary Materials Chapter 5 

 

Supplementary Material A 

5.1. Townships per watershed 

Oldman watershed townships: T001R27W4, T002R28W4, T003R01W5, T004R03W5, 

T005R03W5, T006R04W5 T007R04W5, T008R04W5, T009R04W5, T010R04W5, T011R05W5, 

T012R04W5, T013R05W5. 

 

Bow River townships: T014R05W5, T015R05W5, T016R05W5, T017R06W5, 

T018R07W5, T019R09W5, T020R09W5, T021R10W5, T022R10W5, T023R10W5, T024R10W5, 

T025R10W5, T026R10W5, T027R10W5, T027R10W5, T028R10W5, T029R10W5. 

 

North Saskatchewan townships: T030R10W5, T031R11W5, T032R12W5, T033R13W5, 

T034R14W5, T034R18W5, T035R18W5, T036R19W5, T037R20W5, T038R21W5, T039R20W5, 

T040R20W5, T041R20W5, T042R20W5. 

 

Athabasca townships: T045R23W5, T046R24W5, T047R24W5, T048R25W5, 

T049R26W5, T050R02W6, T050R27W5, T051R04W6.  
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Supplementary Material B 

5.3. Penman evaporation model  

The Penman equation (1948) was utilised to calculate evaporation rates within the ES, as 

shown in Equation 5.3. The selection of this model was based on its specific purpose of estimating 

open water evaporation and its successful validation in several mountainous water bodies (Pillco 

Zolá et al., 2019; Rosenberry et al., 2007; Zhao and Gao, 2019). 

 

E =
Δ

Δ+ γ
∙ 

Rn

λv
+ 

γ

Δ+ γ
 ∙ f(u)∙(es- ea)                                           (5.3) 

Equation 5.3 defines E as the open-water evaporation rate (mm/d); Rn represents the net radiation 

received at the water surface (MJ.m-2.d-1); ∆ is the slope of the saturation vapour pressure curve 

(kPa.ºC-1) at air temperature; γ is the psychrometric coefficient (assumed 0.0665 kPa.ºC-1); ρ is the 

density of water (1000 kg.m-3); λv is the latent heat of vaporization (assumed 2.5 MJ.kg-1), (es – ea) 

is the difference between saturation and partial water vapour pressure (kPa), and f(u) is a function 

used to account for the advective drying effects of wind (mm.d-1.kPa-1). In Equation 5.4, u is the 

wind speed at 2 m height (m.s-1). The wind function was measured using the method established by 

Penman in 1956. 

f(u)=1.313+1.381 u                                                (5.4) 

The method to obtain ∆ is described in Annex 2 of the Food and Agriculture Organisation of the 

United Nations protocol-56 (Allen et al., 1998) and showed in Equation 5.5. 

∆=
4098 𝑒𝑠

(𝑇 +237.3)2
                                                       (5.5) 

Where T represents the average air temperature (ºC), and 𝑒𝑠 (saturation vapor pressure) was derived 

from the maximum (𝑇𝑚𝑎𝑥) and minimum (𝑇𝑚𝑖𝑛) air temperature (Allen et al., 1998), as per in 

Equation 5.6. 

𝑒𝑠=
𝑒𝑜(𝑇𝑚𝑎𝑥) + 𝑒𝑜(𝑇𝑚𝑖𝑛)

2
                                                       (5.6) 

The saturation vapour pressure (𝑒𝑜) is related to average air temperature. This relationship is 

expressed by Equation 5.7. 
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𝑒𝑜(T)=0.6108 exp [
17.27𝑇

𝑇+237.3
]                                              (5.7) 

Subsequently, ea was determined by the average relative humidity (RH) (%) and the saturation 

vapour pressure (𝑒𝑠), as shown in Equation 5.8. 

ea=
𝑅𝐻

100
 𝑒𝑠                                                       (5.8) 

The Rn was estimated based on the difference between net incoming short-wave radiation (Rns↓) and 

net outgoing longwave radiation (Rnl↑) estimated based on Food and Agriculture Organisation-56 

method, i.e., Allen et al., 1998), as per Equation 5.9. The Food and Agriculture Organization 

Penman convention utilizes Equation 5.9 because it considers the typical daily norm, where Rns↓ is 

the radiation input (net incoming) to the earth's surface, while Rnl↑ represents the primary radiation 

loss (net outgoing) through emission. 

Rn = Rns↓ - Rnl↑                                                        (5.9) 

The Rns was estimated by Equation 5.10, using the total incoming solar radiation (Rs), and the open 

water albedo (α) considered as 0.05 (as a common value for open water in the literature; Schaaf et 

al., 2002; Rouse et al., 2005).  

Rns↓ = Rs (1 - α)                                                       (5.10) 

The method to obtain Rnl is described in equation 5.11, by using the Stefan-Boltzmann law (Food 

and Agriculture Organization, protocol-56), using maximum and minimum air temperatures 

Rnl↑ = σ (
𝑇𝑚𝑎𝑥

4  + 𝑇𝑚𝑖𝑛
4

2
) (0.34 − 0.14√𝑒𝑎)(1.35

𝑅𝑛𝑠

𝑅𝑠𝑜
− 0.35)                     (5.11) 

The σ represents the Stefan-Boltzmann constant (4.903×10⁻⁹ MJ K⁻⁴ m⁻² d⁻¹). 𝑅𝑠𝑜 represents the 

clear sky radiation value and it was calculated according to the Food and Agriculture Organization, 

protocol-56, showed in Equation 5.12. 

𝑅𝑠𝑜 = (0.75 + 0.00002 𝑧) 𝑅𝑎                                               (5.12) 

Where 𝑧 is the elevation (m), and 𝑅𝑎 represents the extraterrestrial radiation (MJ m-2 d-1). When the 

Penman method was implemented in each watershed of the ES, the average elevation of each 

watershed was considered during the application of Equation 5.12. Therefore, considering 1500 m 
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for the Oldman River, 1735 m for the Bow River, 1885 m for the North Saskatchewan, and 1950 m 

for the Athabasca watershed. 𝑅𝑎 was calculated using Equation 5.13, following the Food and 

Agriculture Organization, protocol-56. 

𝑅𝑎 = 
1440

𝜋
 𝐺𝑠𝑐  𝑑𝑟 [𝑤𝑠 sin 𝜙 sin 𝛿 + cos 𝜙 cos 𝛿 sin 𝑤𝑠]                       (5.13) 

Where the solar constant (0.082 MJ m-2 min-1) is represented by the 𝐺𝑠𝑐, 𝑑𝑟 is the inverse Earth-Sun 

distance factor, 𝜋 is a mathematical constant (3.14159) that represents the ratio of a circle's 

circumference to its diameter, 𝑤𝑠 represents the sunset hour angel (radians), 𝜙 is the latitude in 

radians, and 𝛿 represents the solar declination (radians). The central latitude (𝜙) of each watershed 

was considered during the application of Equation 5.13. Therefore, considering 0.864 radians (49.5º 

N in the Livingstone Range, High Rock Junction) for the Oldman River, 0.892 radians (51.1º N 

from Banff to Kananaskis) for the Bow River, 0.911 radians (52.2º N in the Columbia Icefield, 

David Thompson Corridor) for the North Saskatchewan, and 0.930 radians (53.3º N Jasper National 

Park, Tonquin Valley) for the Athabasca watershed. The 𝑑𝑟 was calculated by Equation 5.14. 

𝑑𝑟 = 1 + 0.033 cos (
2𝜋𝐽

365
)                                              (5.14) 

The Julian days (1-365) are represented by J. The 𝛿 was estimated by Equation 5.15. Later, 𝑤𝑠 was 

estimated by the Equation 5.16. 

𝛿 = 0.409 𝑠𝑖𝑛 (
2𝜋𝐽

365
− 1.39)                                              (5.15) 

𝑤𝑠 = 𝑎𝑟𝑐𝑐𝑜𝑠[−𝑡𝑎𝑛𝜙 𝑡𝑎𝑛𝛿]                                              (5.16) 
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Supplementary Material C 

5.4. Permanent forest areas per watershed in ESA 

 

 

Fig. S5.1 Permanent Forest areas per watershed in ESA since 1984 to 2022 
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Supplementary Material D 

5.5. Projected trends of open water per watershed in ES 

 

 

Fig. S5.2. Temporal trends of open water area in the Athabasca watershed during Snowmelt- (a), 

and Rainfall-dominated period (b) in the simulated historical period (1984 – 2023) compared (NSE) 

with historical reference open water area. Shaded areas represent the 95% confidence intervals for 

the historical simulated open water extent. 
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Fig. S5.3. Temporal trends of open water area in the North Saskatchewan watershed during 

Snowmelt- (a), and Rainfall-dominated period (b) in the simulated historical period (1984 – 2023) 

compared (NSE) with historical reference open water area. Shaded areas represent the 95% 

confidence intervals for the historical simulated open water extent. 
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Fig. S4. Temporal trends of open water area in the Bow River watershed during Snowmelt- (a), and 

Rainfall-dominated period (b) in the simulated historical period (1984 – 2014) compared (NSE) 

with historical reference open water area. Shaded areas represent the 95% confidence intervals for 

the historical simulated open water extent. 
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Fig. S5.5. Temporal trends of open water area in the Oldman River watershed during Snowmelt- 

(a), and Rainfall-dominated period (b) in the simulated historical period (1984 – 2023) compared 

(NSE) with historical reference open water area. Shaded areas represent the 95% confidence 

intervals for the historical simulated open water extent. 
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Supplementary Material E 

5.7. Projected trends of evaporation per watershed in ES 

 

 

Fig. S5.6. Trends of open water evaporation in the Athabasca watershed during Snowmelt- (a), and 

Rainfall-dominated period (b) in the simulated historical period (1984 – 2023). Shaded areas 

represent the represent the 95% confidence intervals for the historical open water evaporation. 
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Fig. S5.7. Trends of open water evaporation in the North Saskatchewan watershed during 

Snowmelt- (a), and Rainfall-dominated period (b) in the simulated historical period (1984 – 2023). 

Shaded areas represent the represent the 95% confidence intervals for the historical open water 

evaporation. 
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Fig. S5.8. Trends of open water evaporation in the Bow River watershed during Snowmelt- (a), and 

Rainfall-dominated period (b) in the simulated historical period (1984 – 2023). Shaded areas 

represent the represent the 95% confidence intervals for the historical open water evaporation. 
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Fig. S5.9. Trends of open water evaporation in the Oldman River watershed during Snowmelt- (a), 

and Rainfall-dominated period (b) in the simulated historical period (1984 – 2023). Shaded areas 

represent the represent the 95% confidence intervals for the historical open water evaporation. 
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Supplementary Material F 

5.8. Projected trends of forest transpiration per watershed in ES 

 

 

Fig. S5.10. Trends of forest ecosystem ET rates in the Athabasca watershed during Snowmelt- (a), 

and Rainfall-dominated period (b) in the historical period (1984 – 2023). Shaded areas represent the 

represent the 95% confidence intervals for the historical forest ecosystem ET. 
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Fig. S5.11. Trends of forest ecosystem ET rates in the North Saskatchewan watershed during 

Snowmelt- (a), and Rainfall-dominated period (b) in the historical period (1984 – 2023). Shaded 

areas represent the represent the 95% confidence intervals for the forest ecosystem ET. 
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Fig. S5.12. Trends of forest ecosystem ET rates in the Bow River watershed during Snowmelt- (a), 

and Rainfall-dominated period (b) in the historical period (1984 – 2023). Shaded areas represent the 

represent the 95% confidence intervals for the forest ecosystem ET. 
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Fig. S5.13. Trends of forest ecosystem ET rates in the Oldman River watershed during Snowmelt- 

(a), and Rainfall-dominated period (b) in the historical period (1984 – 2023). Shaded areas represent 

the represent the 95% confidence intervals for the historical forest ecosystem ET. 

 

 

 

 

 

 

 

 

 

 

 



382 

 

 

Supplementary Material G 

5.9. Ratio of evapotranspiration volume per watershed in ES  

5.9.1. Athabasca Watershed 

Table S5.1. 

Historical (1984 to 2014) proportion (P%) between evaporation volume in open water areas and ET 

volume in permanent forest areas in the Athabasca watershed during Snowmelt-dominated period 

(Late May to mid-July) 

Year 

Average 

evaporation 

of OW 

(mm day-1) 

OW Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA 

(mm day-1) 

PFA 

Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 5.21 155 805272 2.6 7413 18915362 4.3% 

1985 6.88 131 901350 3.4 7413 24981206 3.6% 

1986 6.60 124 817182 3.2 7413 23986555 3.4% 

1987 6.69 131 878461 3.3 7413 24315702 3.6% 

1988 5.85 130 760802 2.9 7413 21264919 3.6% 

1989 6.32 151 952586 3.1 7413 22958168 4.1% 

1990 6.76 137 924464 3.3 7413 24544980 3.8% 

1991 5.09 153 779879 2.5 7413 18488068 4.2% 

1992 5.68 144 815275 2.8 7413 20627675 4.0% 

1993 6.77 129 870327 3.3 7413 24576213 3.5% 

1994 5.96 143 850388 2.9 7413 21666321 3.9% 

1995 6.38 144 917026 3.1 7413 23167565 4.0% 

1996 6.34 148 940076 3.1 7413 23035932 4.1% 

1997 5.77 141 813938 2.8 7413 20964605 3.9% 

1998 6.42 154 987619 3.1 7413 23328166 4.2% 

1999 6.22 128 798955 3.0 7413 22589210 3.5% 

2000 6.78 145 979130 3.3 7413 24612587 4.0% 

2001 6.43 134 859628 3.2 7413 23372578 3.7% 
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2002 8.28 133 1100773 4.1 7413 30073584 3.7% 

2003 6.92 156 1080461 3.4 7413 25133914 4.3% 

2004 6.70 142 951910 3.3 7413 24335208 3.9% 

2005 6.73 163 1098091 3.3 7413 24454583 4.5% 

2006 6.86 145 997015 3.4 7413 24900271 4.0% 

2007 7.18 147 1054407 3.5 7413 26066918 4.0% 

2008 8.37 147 1228039 4.1 7413 30395997 4.0% 

2009 6.67 153 1022321 3.3 7413 24242853 4.2% 

2010 6.77 158 1068082 3.3 7413 24584193 4.3% 

2011 6.71 157 1050149 3.3 7413 24357838 4.3% 

2012 7.19 152 1094534 3.5 7413 26121023 4.2% 

2013 7.53 178 1343343 3.7 7413 27368956 4.9% 

2014 6.41 173 1109240 3.1 7413 23297476 4.8% 

2015 6.19 133 821196 3.0 7413 29822298 2.8% 

2016 7.29 135 980659 3.6 7413 35120366 2.8% 

2017 7.58 158 1201515 3.7 7413 36543405 3.3% 

2018 7.09 134 951560 3.5 7413 34159751 2.8% 

2019 7.68 134 1026529 3.8 7413 36998079 2.8% 

2020 7.06 155 1094909 3.5 7413 34012691 3.2% 

2021 7.02 149 1042441 3.4 7413 33807603 3.1% 

2022 7.44 146 1087924 3.6 7413 35851264 3.0% 

2023 6.28 150 939759 3.1 7413 30262000 3.1% 

OWE: Open Water Areas evaporation volume (m3 day-1); PFAET: Permanent Forest Areas evapotranspiration 

volume (m3 day-1) 
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Table S5.2. 

Historical (1984 to 2023) proportion (P%) between evaporation volume in open water areas and ET volume in 

permanent forest areas in the Athabasca watershed during Rainfall-dominated period (late-July to mid-September) 

Year 

Average 

evaporation 

of OW (mm 

day-1) 

OW 

Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA (mm 

day-1) 

PFA Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 5.16 115 594881 2.5 7413 18756250 3.2% 

1985 5.15 124 639229 2.5 7413 18713477 3.4% 

1986 4.41 119 522838 2.2 7413 16010123 3.3% 

1987 6.31 116 733535 3.1 7413 22928638 3.2% 

1988 4.68 117 547115 2.3 7413 16997174 3.2% 

1989 5.20 119 618812 2.5 7413 18889197 3.3% 

1990 5.15 123 632708 2.5 7413 18712217 3.4% 

1991 5.55 118 656911 2.7 7413 20149452 3.3% 

1992 4.82 116 561003 2.4 7413 17515513 3.2% 

1993 6.17 114 706049 3.0 7413 22412328 3.2% 

1994 5.30 123 653550 2.6 7413 19258799 3.4% 

1995 5.15 125 642446 2.5 7413 18706185 3.4% 

1996 4.55 126 573134 2.2 7413 16530426 3.5% 

1997 5.20 118 613626 2.5 7413 18900122 3.2% 

1998 5.39 120 646255 2.6 7413 19564192 3.3% 

1999 6.47 118 765408 3.2 7413 23491282 3.3% 

2000 7.05 122 861209 3.5 7413 25626139 3.4% 

2001 5.26 126 663338 2.6 7413 19122251 3.5% 

2002 5.26 124 653836 2.6 7413 19118113 3.4% 

2003 5.30 115 611190 2.6 7413 19238574 3.2% 

2004 4.51 118 533161 2.2 7413 16397172 3.3% 

2005 4.92 121 594815 2.4 7413 17869452 3.3% 

2006 6.21 121 749389 3.0 7413 22574204 3.3% 
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2007 4.66 115 535211 2.3 7413 16917379 3.2% 

2008 5.76 118 680469 2.8 7413 20924067 3.3% 

2009 7.25 119 861506 3.6 7413 26351655 3.3% 

2010 6.52 133 869637 3.2 7413 23690412 3.7% 

2011 5.27 120 634022 2.6 7413 19146584 3.3% 

2012 6.16 116 713393 3.0 7413 22385490 3.2% 

2013 5.74 130 746547 2.8 7413 20836614 3.6% 

2014 6.13 121 743898 3.0 7413 22253337 3.3% 

2015 6.23 121 754365 3.1 7413 22629665 3.3% 

2016 6.44 126 811477 3.2 7413 23392463 3.5% 

2017 6.06 138 834874 3.0 7413 22012162 3.8% 

2018 6.67 129 859634 3.3 7413 24227908 3.5% 

2019 6.32 134 845297 3.1 7413 22956578 3.7% 

2020 6.35 126 800994 3.1 7413 23065550 3.5% 

2021 6.44 124 799352 3.2 7413 23392463 3.4% 

2022 6.67 133 889031 3.3 7413 24227908 3.7% 

2023 6.27 137 857047 3.1 7413 22774960 3.8% 

 

 

 

 

 

 

 

 

5.9.2. North Saskatchewan Watershed 
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Table S5.3. 

Historical (1984 to 2023) proportion (P%) between evaporation volume in open water areas and ET volume in 

permanent forest areas in the North Saskatchewan watershed during Snowmelt-dominated period (Late May to 

mid-July) 

Year 

Average 

evaporation 

of OW (mm 

day-1) 

OW 

Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA (mm 

day-1) 

PFA Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 5.31 81 429387 2.60 4600 11977530 3.6% 

1985 6.30 71 450189 3.09 4600 14206845 3.2% 

1986 6.50 70 452670 3.18 4600 14644776 3.1% 

1987 6.59 73 483390 3.23 4600 14864147 3.3% 

1988 5.70 70 401285 2.80 4600 12858516 3.1% 

1989 5.85 77 449197 2.87 4600 13179301 3.4% 

1990 6.06 71 432948 2.97 4600 13662307 3.2% 

1991 5.32 78 413299 2.61 4600 11991280 3.4% 

1992 5.33 74 396604 2.61 4600 12020211 3.3% 

1993 6.55 72 471258 3.21 4600 14769857 3.2% 

1994 6.19 78 482527 3.03 4600 13958875 3.5% 

1995 5.98 75 451689 2.93 4600 13487703 3.3% 

1996 5.84 76 445280 2.86 4600 13169651 3.4% 

1997 5.96 75 446034 2.92 4600 13430614 3.3% 

1998 6.93 77 532858 3.40 4600 15625501 3.4% 

1999 6.34 70 443735 3.11 4600 14291273 3.1% 

2000 6.66 76 503207 3.26 4600 15017555 3.4% 

2001 5.92 73 430429 2.90 4600 13347725 3.2% 

2002 6.67 72 481433 3.27 4600 15029187 3.2% 

2003 5.74 80 458031 2.81 4600 12942067 3.5% 

2004 6.11 75 460562 2.99 4600 13768913 3.3% 

2005 6.67 81 539884 3.27 4600 15028391 3.6% 
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2006 6.57 78 511442 3.22 4600 14810873 3.5% 

2007 6.72 76 510352 3.29 4600 15147999 3.4% 

2008 6.80 78 530250 3.33 4600 15331478 3.5% 

2009 6.43 81 520569 3.15 4600 14495734 3.6% 

2010 6.40 80 510556 3.13 4600 14417491 3.5% 

2011 6.94 78 540592 3.40 4600 15645704 3.5% 

2012 6.40 76 487387 3.13 4600 14419662 3.4% 

2013 6.87 85 585305 3.36 4600 15474057 3.8% 

2014 6.08 84 509529 2.98 4600 13705482 3.7% 

2015 6.14 73 444900 3.01 4600 18343967 2.4% 

2016 6.27 76 474527 3.07 4600 18750306 2.5% 

2017 6.89 80 548549 3.38 4600 20599294 2.7% 

2018 6.40 73 469991 3.14 4600 19134716 2.5% 

2019 6.83 73 499531 3.35 4600 20433538 2.4% 

2020 6.39 80 509439 3.13 4600 19102295 2.7% 

2021 6.06 78 470986 2.97 4600 18107218 2.6% 

2022 6.84 76 521474 3.35 4600 20446176 2.6% 

2023 6.15 76 469072 3.01 4600 18390522 2.6% 
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Table S5.4. 

Historical (1984 to 2023) proportion (P%) between evaporation volume in open water areas and ET volume in 

permanent forest areas in the North Saskatchewan watershed during Rainfall-dominated period (late-July to mid-

September) 

Year 

Average 

evaporation 

of OW (mm 

day-1) 

OW 

Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA (mm 

day-1) 

PFA Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 5.24 69 361432 2.57 4600 11816577 3.1% 

1985 4.90 66 322721 2.40 4600 11033997 2.9% 

1986 4.50 70 312820 2.21 4600 10144055 3.1% 

1987 6.28 67 418045 3.08 4600 14162172 3.0% 

1988 5.32 72 385302 2.61 4600 11984581 3.2% 

1989 4.92 67 328784 2.41 4600 11082465 3.0% 

1990 5.44 64 349686 2.66 4600 12256812 2.9% 

1991 5.35 69 368696 2.62 4600 12069118 3.1% 

1992 5.45 66 359094 2.67 4600 12280540 2.9% 

1993 5.58 63 349549 2.73 4600 12566334 2.8% 

1994 5.50 65 356842 2.69 4600 12391762 2.9% 

1995 4.43 63 280838 2.17 4600 9977257 2.8% 

1996 4.42 66 291826 2.17 4600 9959183 2.9% 

1997 5.25 67 352108 2.57 4600 11839366 3.0% 

1998 5.16 63 324042 2.53 4600 11622753 2.8% 

1999 6.06 65 393680 2.97 4600 13655568 2.9% 

2000 6.19 57 354476 3.03 4600 13942794 2.5% 

2001 5.13 75 385086 2.51 4600 11557600 3.3% 

2002 5.18 64 329719 2.54 4600 11666736 2.8% 

2003 5.64 60 339669 2.76 4600 12705317 2.7% 

2004 4.65 68 318450 2.28 4600 10484680 3.0% 

2005 5.11 69 352223 2.50 4600 11519158 3.1% 
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2006 5.77 64 371124 2.83 4600 13003419 2.9% 

2007 4.93 60 296789 2.41 4600 11108348 2.7% 

2008 5.62 63 354032 2.75 4600 12661611 2.8% 

2009 6.50 62 404140 3.18 4600 14650067 2.8% 

2010 6.24 60 377093 3.06 4600 14069481 2.7% 

2011 4.48 65 292772 2.20 4600 10107873 2.9% 

2012 5.75 60 347037 2.82 4600 12952351 2.7% 

2013 5.58 68 376786 2.73 4600 12572261 3.0% 

2014 5.72 64 367046 2.80 4600 12894776 2.8% 

2015 5.28 62 327345 2.59 4600 11901120 2.8% 

2016 6.71 65 433270 3.29 4600 15124340 2.9% 

2017 6.05 58 352870 2.96 4600 13636700 2.6% 

2018 5.84 60 347767 2.86 4600 13163360 2.6% 

2019 6.83 63 430229 3.35 4600 15394820 2.8% 

2020 5.57 66 369106 2.73 4600 12554780 2.9% 

2021 6.61 62 408755 3.24 4600 14898940 2.7% 

2022 6.74 59 400266 3.30 4600 15191960 2.6% 

2023 6.21 64 395367 3.04 4600 13997340 2.8% 
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5.9.3. Bow River Watershed 

Table S5.5. 

Historical (1984 to 2023) proportion (P%) between evaporation volume in open water areas and ET volume in 

permanent forest areas in the Bow River watershed during Snowmelt-dominated period (Late May to mid-July) 

Year 

Average 

evaporation 

of OW (mm 

day-1) 

OW 

Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA (mm 

day-1) 

PFA Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 5.74 81 464714 2.81 7976 22423538 2.1% 

1985 6.84 62 426399 3.35 7976 26728620 1.6% 

1986 7.04 58 408379 3.45 7976 27523607 1.5% 

1987 7.09 66 465958 3.47 7976 27694355 1.7% 

1988 6.22 60 373172 3.05 7976 24296754 1.5% 

1989 6.31 73 459794 3.09 7976 24662691 1.9% 

1990 6.60 61 405799 3.24 7976 25810418 1.6% 

1991 5.70 75 426855 2.79 7976 22288545 1.9% 

1992 5.77 67 384064 2.83 7976 22552002 1.7% 

1993 7.20 63 451400 3.53 7976 28130936 1.6% 

1994 6.64 75 494858 3.25 7976 25941030 1.9% 

1995 6.47 70 451394 3.17 7976 25275769 1.8% 

1996 6.28 72 449046 3.08 7976 24534840 1.8% 

1997 6.49 69 449988 3.18 7976 25369675 1.8% 

1998 7.36 72 532709 3.61 7976 28775772 1.9% 

1999 6.86 59 406968 3.36 7976 26795137 1.5% 

2000 7.19 70 500622 3.52 7976 28096331 1.8% 

2001 6.49 65 419060 3.18 7976 25345944 1.7% 

2002 7.15 63 452952 3.51 7976 27961913 1.6% 

2003 6.12 80 488162 3.00 7976 23928567 2.0% 

2004 6.57 70 460485 3.22 7976 25673319 1.8% 
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2005 7.10 82 581381 3.48 7976 27762777 2.1% 

2006 7.04 75 529374 3.45 7976 27523426 1.9% 

2007 7.22 71 511415 3.54 7976 28200550 1.8% 

2008 7.25 74 540073 3.55 7976 28349766 1.9% 

2009 6.87 82 559901 3.36 7976 26831916 2.1% 

2010 6.90 80 552328 3.38 7976 26967713 2.0% 

2011 7.38 75 555781 3.62 7976 28850724 1.9% 

2012 6.77 71 481479 3.32 7976 26471724 1.8% 

2013 7.24 92 665328 3.55 7976 28287179 2.4% 

2014 6.43 87 558512 3.15 7976 25144401 2.2% 

2015 6.62 64 426411 3.24 7976 34328077 1.2% 

2016 6.71 70 469091 3.29 7976 34811586 1.3% 

2017 7.33 79 577245 3.59 7976 38010977 1.5% 

2018 6.89 65 449835 3.38 7976 35719022 1.3% 

2019 7.39 65 478678 3.62 7976 38320398 1.2% 

2020 6.84 79 536707 3.35 7976 35436161 1.5% 

2021 6.49 75 488637 3.18 7976 33648461 1.5% 

2022 7.33 72 527236 3.59 7976 37981147 1.4% 

2023 6.57 72 470019 3.22 7976 34044003 1.4% 
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Table S5.6. 

Historical (1984 to 2023) proportion (P%) between evaporation volume in open water areas and ET volume in 

permanent forest areas in the Bow River watershed during Rainfall-dominated period (late-July to mid-September) 

Year 

Average 

evaporation 

of OW (mm 

day-1) 

OW 

Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA (mm 

day-1) 

PFA Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 5.72 68 390869 2.80 7976 22364815 1.7% 

1985 5.48 66 359540 2.69 7976 21435580 1.7% 

1986 4.93 69 338121 2.41 7976 19249739 1.8% 

1987 6.89 66 453867 3.38 7976 26942453 1.7% 

1988 5.97 71 426181 2.92 7976 23318754 1.8% 

1989 5.49 66 364203 2.69 7976 21466248 1.7% 

1990 5.98 64 382206 2.93 7976 23360345 1.6% 

1991 5.85 68 399416 2.87 7976 22873038 1.7% 

1992 6.05 65 395388 2.97 7976 23660745 1.7% 

1993 6.17 62 384572 3.03 7976 24129873 1.6% 

1994 6.04 65 390392 2.96 7976 23622422 1.7% 

1995 4.86 63 306656 2.38 7976 19011673 1.6% 

1996 4.88 66 320774 2.39 7976 19084850 1.7% 

1997 5.84 66 387353 2.86 7976 22811264 1.7% 

1998 5.66 62 353043 2.78 7976 22134318 1.6% 

1999 6.71 65 432842 3.29 7976 26224731 1.7% 

2000 6.76 57 385145 3.31 7976 26415586 1.5% 

2001 5.67 74 420912 2.78 7976 22151652 1.9% 

2002 5.73 63 363233 2.81 7976 22393402 1.6% 

2003 6.26 60 375248 3.07 7976 24471602 1.5% 

2004 5.19 68 351187 2.54 7976 20283136 1.7% 

2005 5.74 68 391563 2.81 7976 22429008 1.7% 

2006 6.41 64 408805 3.14 7976 25048874 1.6% 
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2007 5.63 60 335330 2.76 7976 21985883 1.5% 

2008 6.21 62 388380 3.05 7976 24288887 1.6% 

2009 7.11 62 438554 3.48 7976 27776997 1.6% 

2010 6.77 60 408013 3.32 7976 26463826 1.5% 

2011 4.99 65 323838 2.45 7976 19507916 1.7% 

2012 6.37 60 381561 3.12 7976 24900790 1.5% 

2013 6.12 67 411880 3.00 7976 23934860 1.7% 

2014 6.28 64 400204 3.08 7976 24527130 1.6% 

2015 5.82 62 358474 2.85 7976 22745957 1.6% 

2016 5.00 64 321907 2.45 7976 19541200 1.6% 

2017 6.68 58 388822 3.27 7976 26107043 1.5% 

2018 6.91 59 409937 3.39 7976 27005938 1.5% 

2019 6.23 63 391811 3.05 7976 24348335 1.6% 

2020 6.76 66 446563 3.31 7976 26419702 1.7% 

2021 6.97 62 429135 3.42 7976 27240433 1.6% 

2022 6.98 59 413434 3.42 7976 27279515 1.5% 

2023 6.67 64 423963 3.27 7976 26067961 1.6% 
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5.9.4. Oldman River Watershed 

Table S5.7. 

Historical (1984 to 2023) proportion (P%) between evaporation volume in open water areas and ET volume in 

permanent forest areas in the Oldman River watershed during Snowmelt-dominated period (Late May to mid-July) 

Year 

Average 

evaporation 

of OW 

(mm day-1) 

OW Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA 

(mm day-1) 

PFA 

Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 6.11 16 96816 2.99 4883 14612757 0.7% 

1985 6.96 16 109706 3.41 4883 16646416 0.7% 

1986 7.90 16 128655 3.87 4883 18892405 0.7% 

1987 6.95 15 106815 3.41 4883 16634491 0.6% 

1988 6.41 15 98772 3.14 4883 15345727 0.6% 

1989 6.89 15 106249 3.38 4883 16488095 0.6% 

1990 6.77 15 101242 3.32 4883 16192022 0.6% 

1991 5.55 16 86319 2.72 4883 13285048 0.6% 

1992 6.15 16 98339 3.01 4883 14721449 0.7% 

1993 7.75 16 120984 3.80 4883 18543072 0.7% 

1994 6.58 16 103865 3.23 4883 15754260 0.7% 

1995 6.81 18 119356 3.34 4883 16293673 0.7% 

1996 6.39 16 102260 3.13 4883 15296598 0.7% 

1997 6.82 15 104469 3.34 4883 16316244 0.6% 

1998 7.09 16 110929 3.47 4883 16965464 0.7% 

1999 7.32 15 107605 3.59 4883 17523486 0.6% 

2000 7.51 17 125442 3.68 4883 17957834 0.7% 

2001 7.16 17 120185 3.51 4883 17133535 0.7% 

2002 7.35 15 110316 3.60 4883 17595395 0.6% 

2003 6.58 18 121138 3.23 4883 15751560 0.8% 

2004 6.69 18 118823 3.28 4883 16016231 0.7% 
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2005 7.18 18 128873 3.52 4883 17185120 0.7% 

2006 7.59 18 136925 3.72 4883 18169037 0.8% 

2007 7.44 18 131019 3.65 4883 17800518 0.7% 

2008 7.36 17 126967 3.61 4883 17616126 0.7% 

2009 7.34 18 130107 3.60 4883 17566024 0.7% 

2010 7.41 17 129628 3.63 4883 17739984 0.7% 

2011 7.64 17 131177 3.74 4883 18279539 0.7% 

2012 7.12 17 120303 3.49 4883 17040143 0.7% 

2013 7.59 18 135741 3.72 4883 18158143 0.7% 

2014 6.78 19 130520 3.32 4883 16224156 0.8% 

2015 6.71 16 106864 3.29 4883 16043094 0.7% 

2016 6.74 17 114160 3.30 4883 16121939 0.7% 

2017 7.11 18 127937 3.48 4883 17008001 0.8% 

2018 7.19 16 116819 3.52 4883 17210404 0.7% 

2019 7.55 17 125266 3.70 4883 18062589 0.7% 

2020 6.85 17 118071 3.36 4883 16394106 0.7% 

2021 6.34 17 107766 3.11 4883 15172939 0.7% 

2022 7.35 17 122697 3.60 4883 17574360 0.7% 

2023 6.98 16 115023 3.42 4883 16709465 0.7% 
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Table S5.8. 

Historical (1984 to 2023) proportion (P%) between evaporation volume in open water areas and ET volume in 

permanent forest areas in the Oldman River watershed during Rainfall-dominated period (late-July to mid-

September) 

Year 

Average 

evaporation 

of OW (mm 

day-1) 

OW 

Area 

(km2) 

Evaporation 

volume of OW 

(m3 day-1) 

Average ET 

of PFA (mm 

day-1) 

PFA Area 

(km2) 

ET volume of 

PFA (m3 day-1) 

P% 

(OWE/PFAET) 

1984 5.60 11 62092 2.75 4883 13406701 0.5% 

1985 5.97 11 65744 2.92 4883 14280012 0.5% 

1986 5.51 11 61014 2.70 4883 13192889 0.5% 

1987 6.41 12 79357 3.14 4883 15343323 0.5% 

1988 6.20 11 71254 3.04 4883 14827059 0.5% 

1989 6.62 12 81092 3.24 4883 15844155 0.5% 

1990 6.55 12 75582 3.21 4883 15678675 0.5% 

1991 6.11 14 86109 2.99 4883 14617419 0.6% 

1992 6.72 11 76132 3.29 4883 16070868 0.5% 

1993 6.66 12 78861 3.26 4883 15926659 0.5% 

1994 6.58 11 73643 3.23 4883 15751717 0.5% 

1995 5.93 11 66530 2.90 4883 14179735 0.5% 

1996 5.26 12 61756 2.58 4883 12593570 0.5% 

1997 6.61 10 67996 3.24 4883 15817788 0.4% 

1998 5.75 11 61873 2.82 4883 13761027 0.4% 

1999 7.13 11 81112 3.49 4883 17052120 0.5% 

2000 7.44 11 83316 3.65 4883 17807715 0.5% 

2001 5.24 14 73598 2.57 4883 12543578 0.6% 

2002 6.13 8 50523 3.00 4883 14659886 0.3% 

2003 6.36 12 75383 3.12 4883 15213741 0.5% 

2004 5.76 12 71525 2.82 4883 13784747 0.5% 

2005 6.42 13 81580 3.15 4883 15371759 0.5% 
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2006 6.75 13 85183 3.31 4883 16158407 0.5% 

2007 6.24 9 58911 3.06 4883 14925426 0.4% 

2008 6.50 10 67703 3.18 4883 15545002 0.4% 

2009 7.25 11 78285 3.55 4883 17355284 0.5% 

2010 6.78 11 77166 3.32 4883 16232296 0.5% 

2011 5.91 12 71356 2.90 4883 14141588 0.5% 

2012 7.15 10 73474 3.50 4883 17114689 0.4% 

2013 6.24 13 81348 3.06 4883 14940485 0.5% 

2014 6.15 12 75558 3.01 4883 14718835 0.5% 

2015 5.30 11 60591 2.60 4883 12683937 0.5% 

2016 6.31 11 67990 3.09 4883 15095093 0.5% 

2017 6.08 13 76253 2.98 4883 14545083 0.5% 

2018 6.78 11 73848 3.32 4883 16210534 0.5% 

2019 6.72 11 73776 3.29 4883 16086650 0.5% 

2020 7.08 11 74781 3.47 4883 16947103 0.4% 

2021 6.19 11 65279 3.03 4883 14816299 0.4% 

2022 6.84 11 72179 3.35 4883 16359367 0.4% 

2023 6.73 11 70910 3.30 4883 16094743 0.4% 

 

 

 

 


