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ARTICLE INFO ABSTRACT

Editor: Gwenaél Imfeld Climatic warming is likely to affect the Canadian Rockies, leading to changes in the land cover (LC) and hy-
drological cycles. This study estimates climate-induced changes in LC (open water, marsh, wet meadow, and

Keywords: woody/shrub) in the Upper Columbia River Wetlands (UCRW), British Columbia, Canada, from 1984 to 2040. An

Ecohydrology artificial Neural Network (ANN) approach was used with Landsat series archive data from 1984 to 2022 to

Remote sensing
Machine learning
Climate change
Montane ecosystems

project seasonal LC change from 2020s to 2040s. Concurrently, hydroclimatic-based models (using air temper-
ature 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)
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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.

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;
Loffler 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 Malvérez, 2002). They also provide critical habi-
tats for local biota (Cooper et al., 2017), provide support for food chains
(Diaz et al., 2014), 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 ! from 1952 to 2003. A positive woody and shrub encroachment
trend of 0.2 % cover year ! 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 in-
crease 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 hy-
drology and dependent biota since they will no longer supply water for
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Fig. 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.
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(i)
r_!_1—+

L.LC 1980s L.C2000s LC 2020s
Reference LC: A
. dataset (i)

reference

Fig. 3. LC forecast approach using MOLUSCE (i and ii: the steps and datasets
used to project LC over the future).

this environment in the future (Clarke et al., 2015; Tsuruta and
Schnorbus, 2021). Furthermore, the anticipated increase in evapo-
transpiration 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 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 at-
mospheric 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; radi-
ative 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 (Bjgrnzes, 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
etal., 2017; Kamaraj and Rangarajan, 2022). The spatial visualization of
the projected LC allows decision-makers to act in these specific vulner-
able 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 his-
torical LC changes into the future up to 2040s; (ii) to compare/verify the
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Fig. 4. Comparison of central section (portion of Spillimacheen to Golden, spanning an ~14 km stretch) of the UCRW reference and projected LC for 2020’s during
the spring (a), summer (b), and late summer (c).

projected open water LC by independently modelling the discharge and future water and habitat management by developing a methodology to
open water extents using RCP 4.5; (iii) to quantify and evaluate the assess the possible effects of future climate change on montane flood-
projected trends and changes in areal floodplain land cover extents plain landscapes.

within the UCRW. Meanwhile, RCP 8.5 provides 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
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Table 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- OW- OW- M- M- M- WM- WM- WM- WS- WS- WS- Marginal Comission Total Kappa
M WM WS oW WM Ws oW M WS oW M WM total error accuracy 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 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 94 98 94 100 103 104 98 105 103 99 101 101 1200
total
Omission 0.12 0.14 0.14 0.14 0.18 0.14 0.14 0.18 0.18 0.15 0.15 0.17

error

to July 31; Late Summer: August 01 to September 15) historical LC
(maps were obtained from Rodrigues et al. (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 ap-
plies 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.

2.3. Modelling framework

The research was conducted in four stages (Fig. 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 T,y 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.

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 (Fig. S1A) to predict land-
cover 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 sea-
sonal historical and current land cover maps with spatial terrain driving
factors (i.e., elevation, slope, topographic position index, and aspect;
Supplementary material A) to provide estimates of future changes as
tables and maps (Gasparovi¢ 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 poten-
tial model (i.e., the potential of a pixel to change from one land cover
class to another), which was trained using a momentum of 0.05 (varying
from O to 1), a learning rate of 0.01 (range between 0 and 1) to stabilise
the learning graph (as per Alshari and Gawali, 2022; Kamaraj and
Rangarajan, 2022) and was trained for 100 iterations to prevent over-
fitting. 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 x 3 region; size = 2 implies 25 pixels, or 5 x 5
region, etc.) of 3 (i.e., which implies 49 pixels, or 7 x 7 region, from the
historical LC dataset) was employed to train the ANN algorithm using
change observations occurring within a 90-m 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 re-
lationships 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
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Table 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).

Kappa index

Comission error Total accuracy

Marginal total
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the projected LC. The validation process involved comparing the pro-
jected 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 utilized 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 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 sea-
sonal 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 valley, 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 be-
tween the projected land cover changes and the actual changes. 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). Fig. 3 illustrates the imple-
mentation of the cascade projection method.

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 Nich-
olson streamflow-gauge (from 1984 to 2022) as the response variable,
Tair and P as inputs. Ty and river discharge were averaged, and cu-
mulative P was totalised for each season (Spring; Summer; Late Sum-
mer). Average discharge (in m®s™!) was projected for each season.

The seasonal models were created using the LABFit software (Silva
et al., 2004), which uses the Levenberg-Marquardt optimisation tech-
nique (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
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Fig. 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
UCRW 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.

Table 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 (km?) (Rodrigues et al., 2024) Projected LC change (km?) TE (km?) %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.

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 Ty;; 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 to a noticeable shift in the
UCRW river flow patterns around the year 2000 (Rodrigues et al., 2024).

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 2.4, were
driven by the bias corrected Tp;, and P from CanESM5 (from historical,
1984-2014, and projected 2015-2040). The river discharge was exam-
ined using two distinct atmospheric forcing scenarios: a hydroclimatic-
based model driven by the RCPs 4.5 (SSP2) and 8.5 (SSP5). To deter-
mine 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,
which determined the RCP pathway that the linear projection of the
UCRW followed in the future.

2.7. Stage 4: trend analyses

The Mann-Kendall method (Kendall, 1957; 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 hy-
pothesis), ii) a positive trend, and 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 (t)
coefficient, which quantifies the association between the variables.

2.8. Statistical comparisons

In Section 2.4, the reference and projected LC extent (in square kil-
ometres) for the 2020’s were compared using two statistical techniques:
Total error (TE) and Total Percentage Error (%TE).

In Section 2.5, the hydroclimatic model performances were assessed
using the coefficient of determination (Rz), RMSE, the Nash-Sutcliffe
coefficient (NSE) as proposed by Nash and Sutcliffe (1970), and the
percent RMSE (%RMSE).

In Section 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
utilising the RMSE and %RMSE. This comparison determined the RCP
pathway that the linear projection of the UCRW followed in the future.

3. Results
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 com-
mission errors of the reference and projected land cover of 2020s are
shown in Supplementary material B. Moreover, Fig. 4 illustrates the
seasonal (spring, summer, and late summer) predicted LC for each
floodplain land cover compared to the reference dataset.

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,
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Fig. 6. Projected UCRW 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 depicting the land cover change 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 UCRW area (188 km?).

respectively. Tables 1 to 3 describe the seasonal (spring, summer, and
late summer) confusion matrix with total accuracy, omission and com-
mission errors of the reference and projected land cover change maps
from 2000s to 2020s. In addition, Fig. 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 4 shows that the projected LC of 2020°s total errors (TE) be-
tween —0.8 and +1.0 km? (average: +0.03 km?), 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 1 to 3. Therefore, the projected LC
extents are a reasonable representation of the reference (or true) LC.
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3.2. Projected floodplain landcover change from 2020 to 2040

From 2020 to 2040, the area of open water is predicted to decrease in
spring (April to mid-May) (—3 km? or —2 % of the total floodplain area)
and late summer (August to mid-September), while an increase is ex-
pected during summer season (late-May to July) (—9 km? or -5 %).
Marsh areas are projected to decrease during the spring (—1 km? or —1
%), summer (—19 km? or —12 %), and late summer (—2 km?or —1 %).
Wet meadow area is projected to decrease during spring (—2 km? or —1
%) and increase in the summer (+6 km? or +4 %), and late summer (+1
km? or —1 %). On the other hand, the area of woody/shrub vegetation
increased during the spring (+6 km? or +4 %), summer (+7 km? or +4
%), and late summer (410 km? or +5 %). The air temperature and
precipitation are projected to increase. The changes per season of the
land cover extent are depicted in Figs. 6, 7, and 8, and the trends in the
hydro-climatological parameters are shown in Table S4 (Supplementary
Material C).

A section-based evaluation (i.e., Invermere to Brisco, Brisco to
Spillimacheen, Spillimacheen to Golden, Golden to Donald) of the
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UCRW was conducted, showing the projected changes per river reach
section of the floodplain from 2020 to 2040. Based on this, the most
vulnerable section of the UCRW is from Spillimacheen to Golden (sup-
plementary material D in Fig. S2), which during spring is projected to
have larger decreases in open water, marsh, and wet meadow, and in-
creases 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 in-
crease. 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, Figs. S3 (Invermere to
Brisco), S4 (Brisco to Spillimacheen) and S5 (Golden to Donald).

3.3. River discharge model

Fig. 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. Fig. 10d shows a vi-
sual comparison between modelled versus reference values of river
discharge at the Upper Columbia River. The higher precision of the
hydroclimatic models during spring is due to low flow variation during
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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 dy-
namic throughout the 1984 to 2022 period.

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 Fig. 10 during the spring (Fig. 10a), summer
(Fig. 10b), late summer (Fig. 10c). In the spring, the Upper Columbia
River discharge tends to increase under RCP 4.5 (+0.78 m3s7! year‘l)
and 8.5 (+1.85 m3 st year_l). However, the river discharge during
summer (RCP 4.5: —1.13 m3s7! year‘l; RCP8.5: —1.32m3s™ ! year‘l)
and late summer (RCP 4.5: —0.03 m®s~! year }; RCP 8.5: —0.21 m®s™!
year™!) season are projected to reduce. Overall, regardless of the sce-
narios 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).

Furthermore, when comparing the modelled and measured over-
lapping 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 (R? 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 precision, NSE of 0.40. Over the
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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).

3.5. Projected floodplain open water area trends forced by RCPs 4.5 and
85

The open water extent of the UCRW from 1984 to 2040 is shown in
Fig. 11, during the spring (Fig. 11a), summer (Fig. 11b), late summer
(Fig. 11c). In the spring, the open water area will increase according to
the RCP 4.5 (+0.21 km? year‘l) and 8.5 (+0.30 km? year‘l). In
contrast, the open water extent during summer (RCP 4.5: —0.05 km?
year’lg RCP 8.5: —0.06 km? year’l) and late summer (RCP 4.5: —0.07
km? year™!; RCP 8.5: —0.10 km? year ') 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. 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
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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 repre-
sented the reference open water extent in all seasons (NSE: spring 0.60,
summer 0.44, and late summer 0.59) (Fig. 11a, b, ¢). Meanwhile, the
RCP 8.5 paths showed lower precision over the spring (NSE 0.53),
summer (NSE 0.33) and late summer (NSE 0.39) (Fig. 11a, b, c).

4. Discussion
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; Rahman et al., 2017), as this ecosystem
tends to be very dynamic and difficult to predict. In the spring, open
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Fig. 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 modelled (i.e., train and validation data) river discharge (d) from 1984 to 2022.

water, marsh, wet meadow, and woody/shrub were easier to discern. In
summer, the wetlands are largely covered by open water, marsh, and
woody/shrub 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 pat-
terns 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 predictions, exhibiting a historical
(1984 to 2022) average NSE of 0.54. The results highlight the precision
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 pre-
dictions are for a specific time interval (i.e., 2020s and 2040s), the real
trend can be masked as wetlands are a fluctuating ecosystem, experi-
encing both dry and wet periods depending on the season and year. This
variability is illustrated in Fig. 10, which displays the fluctuations in
open water areas across the projected seasons and timeframe.

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
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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 (sum-
mer), 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 peak
in April. In the Columbia watershed (above Donald), Biirger 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
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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 eco-
systems, 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 m?3 s71) for low and middle emissions
scenarios, while a notable increase (~+200 m3 s_l) under high emis-
sions scenario. In rainfall-driven river floodplains, multi-model pro-
jections (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
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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 simula-
tions, 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 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 posi-
tive 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),
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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;
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Kotos 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 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
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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 dis-
charges 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 and inter-
spersion 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
(Fig. 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.

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 subse-
quent response and adaptation of the land and its biota to this shift.
Utilising additional hydroclimatological factors, such as surface tem-
perature, ground water, and shortwave or long wave radiation, have the
potential to improve the accuracy of river discharge projections. More-
over, incorporating air temperature and total precipitation from previ-
ous 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 in-
clusion 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 cli-
matic 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., 2019). This premise

17

Science of the Total Environment 959 (2025) 178261

has garnered widespread acceptance in research on the effects of climate
change (Fiseha et al., 2014; Kundzewicz et al., 2017; 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 poten-
tial method for improving the projections involves utilising 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 ac-
curacy 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 represen-
tative 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
(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).

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 precipita-
tion 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 summer and late sum-
mer. The area of woody/shrubs was projected to continue increasing
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across all seasons which is aligned with a general trend of floodplain
drying. Projected land cover trends using MOLUSCE assist in deter-
mining likely land cover gains and losses, and therefore can support
mitigation measures to maintain ecological integrity or ecosystem ser-
vices 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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