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Abstract: Wetland ecosystems are sensitive to climate variation, yet tracking vegetation
type and structure changes through time remains a challenge. This study examines how
Landsat-derived vegetation indices (NDVI and EVI) correspond with lidar-derived canopy
height model (CHM) changes from 2000 to 2018 across the wetland landscape of the Peace-
Athabasca Delta (PAD), Canada. By comparing CHM change and NDVI and EVI trends
across woody and herbaceous land covers, this study fills a gap in understanding long-term
vegetation responses in northern wetlands. Findings show that ~35% of the study area
experienced canopy growth, while 2% saw a reduction in height. CHM change revealed
11% ecotonal expansion, where shrub and treed swamps encroached on meadow and
marsh areas. NDVI and EVI correlated significantly (p < 0.001) with CHM, particularly in
shrub swamps (r? = 0.40, 0.35) and upland forests (NDVI r? = 0.37). However, EVI trends
aligned more strongly with canopy expansion, while NDVI captured mature tree height
growth and wetland drying, indicated by rising land surface temperatures (LST). These
results highlight the contrasting responses of NDVI and EVI—NDVI being more sensitive
to moisture-related changes such as wetland drying, and EVI aligning more closely with
canopy structural changes—emphasizing the value of combining lidar and satellite indices
to monitor wetland ecosystems in a warming climate.

Keywords: lidar; canopy height model; enhanced vegetation index; normalized difference
vegetation index; trend analysis; boreal; Peace-Athabasca Delta

1. Introduction

In northern deltaic minerotrophic wetland ecosystems, ecotones represent important
hydro-ecological transition zones where vegetation height and cover vary from open water
to marsh to wet meadow and/or water-tolerant shrub species along local elevation gra-
dients [1-4]. Local upland areas (e.g., levees) that surround river channels have deeper
aerated soils where less water-tolerant conifer (e.g., Picea mariana, Larix laricina, etc.) and
deciduous (Acer spp., Populus tremuloides Michx., etc.) trees establish taller canopy wood-
land ecosystems [5-10]. Local terrain and groundwater gradients are a determining factor
in establishing the spatial patterns of vegetation type, cover and height zonation across
such environments, with seasonal and long-term variations influenced by hydro-climatic
conditions [8,9]. Aquatic-, herbaceous-, and shrub-dominated ecotones at the margins of
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wetlands are also susceptible to interannual climate variability and therefore also alter
their extent relative to local limiting [11]. Meanwhile, the slower growth associated with
dryland forest ecosystems means that changes in woodland ecotones tend to be associated
either with episodic mortality events (ecotone contraction or forest cover loss, e.g., Carpino
et al. [12] and Birch et al. [13]) or longer-term successional growth processes (ecotone
expansion, e.g., Tremblay et al. [14], Frost and Epstein [15], Jackson et al. [16]).

Quantification of ecotone change requires long-term monitoring. However, field data
necessary for understanding the characteristics of northern ecosystem changes [17] have
largely been limited due to the broad spatial extent and high deployment costs associated
with these remote and in many instances inaccessible northern wetlands [18]. To address
these issues, remote sensing approaches, particularly through the multi-decade Landsat
program, have become necessary for studying trends in vegetation indices (VIs) as they
prove consistent coverage multiple times per year over large areas.

Two indices, the Normalized Difference Vegetation Index (NDVI) [19] and the En-
hanced Vegetation Index (EVI) [20,21] have been used to quantify trends in northern
ecosystem change [22-25]. Higher positive VI values are typically interpreted as health-
ier or denser vegetation cover [26,27], thus providing a means to track wetland ecotone
structure or extent change trajectories. NDVI, an indicator of photosynthetic activity [19],
has been widely applied in northern, low-biomass environments impacted by climate
change [28,29], though it is also influenced by factors such as soil exposure, topography
and atmospheric conditions, which can alter, offset or mask the vegetation signal [30,31].
NDVI tends to saturate in dense or multi-layered vegetated canopies with a leaf area index
(LAI) greater than 3 [32,33], and its performance varies by land cover and growth stage [31].
EVI is widely used instead of NDVI in many scenarios due to its reduced potential for
saturation and adjustment for non-linear soil influences on pixel spectral characteristics and
the inclusion of a blue band to counteract the effects of the atmosphere [34,35]. These make
the index particularly resilient in areas with high soil visibility or dense canopy cover [34],
though it remains sensitive to the same geometric and surface reflection variations that
influence NDVI [36].

Characterization and quantification of how VI values relate to properties of vegetation
height and cover, and over time, and how VI trends relate to canopy growth, ecotone
expansion or dieback within boreal wetland complexes have not been systematically
examined. Understanding these VIs and their relationship with vegetation height and
cover (indicators of productivity) for a range of wetland and adjacent landcover classes
is important as this will aid in the interpretation of NDVI and EVI trends across deltaic
wetland environments and other similar northern landscapes, where global landcovers are
undergoing dramatic rates of change [37,38].

To explore the influence of changing ground surface moisture conditions on observed
VI changes, Land Surface Temperature (LST) trends have been used as a proxy for changing
soil saturation (comparatively cool) or dryness (comparatively warm) [39-45]. While
radar-based remote sensing techniques are capable of estimating soil moisture [46], their
applicability is often limited by inconsistent spatial and temporal coverage, particularly in
large-scale or long-term studies [47].

The over-arching goal of this study is to identify any landcovers and associated
ecotonal changes where canopy characteristics and VI patterns systematically converge or
diverge in space or through time over a remote and dynamic northern wetland complex: the
Peace-Athabasca Delta (PAD), found in north-eastern Alberta, Canada. To address the need
for spatially extensive field observations of vegetation structure, bi-temporal lidar-derived
canopy height, cover and change (2000 and 2016/2018) were compared to Landsat-derived
NDVI and EVI trends across a range of wetland landcover classes. The availability of
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lidar measurements provides three-dimensional canopy structure and elevation of the
landscape including canopy height [48,49], wetland and riparian environments [48,50,51]
and if temporal data exist, change in these structures over time [9,50-56]. Understanding
vegetation responses to hydroclimatic change in the PAD provides insight applicable
to similar wetland ecosystems globally, many of which are undergoing rapid ecological
transitions [57-60].

More specifically, this study will address three objectives:

1. To evaluate the hypothesis that Landsat-derived VIs are correlated with spatio-
temporally coincident lidar-derived Canopy Height Models (CHMs) for at least some
landcovers—specifically woody wetlands (e.g., shrub swamp, treed swamps) and
upland forest areas—where VI values are expected to better reflect vertical vegetation
structure, given that VIs are proxies for green leafy foliage cover and biomass tends to
increase with mean canopy height [61]. This is evaluated through two sub-hypotheses:

(a) Based on the assumption that EVI is more sensitive to variations in canopy
structure and density, and typically yields higher values in areas of taller
canopy [62], the first sub-hypothesis tests for a stronger positive correlation
between CHM and EVI than for NDVI;

(b)  Given that foliage cover and vegetation height are not the same quan-
tity, the second sub-hypothesis tests for significant differences in the rela-
tionships between CHM and VI (and their changes/trends) across distinct
landcover classes [63].

2. To examine how trends in NDVI and EVI correspond with changes in canopy height
over time and characterize spatial correspondences between regions of contiguous
ecosystem or landcover expansion (or shrinkage) and regions of VI trend increase
(or decrease). It is not expected that NDVI or EVI increasing (greening) or decreas-
ing (browning) trends will consistently or strongly correlate with increases or de-
creases in lidar-derived CHM magnitudes at the grid cell level. Specifically, it is
expected that any spatial correspondence between aggregate regions of VI trend-
and CHM-based change will be most apparent where ecosystem height growth and
foliage infilling are most pronounced, i.e., those associated with woody (shrub or tree)
ecotonal expansion.

3. To explore differences in the EVI and NDVI trend response to changing wetland con-
ditions that are associated with long term changes in soil surface saturation inferred
from trends in LST, particularly in non-woody wetland types.

2. Materials and Methods
2.1. Study Area

The Peace—Athabasca Delta (PAD), located near 58.5° N and 112.0° W (Figure 1a,b), lies
within Wood Buffalo National Park in northwestern Canada. While the Park is recognized
as a UNESCO World Heritage site, the PAD itself is a Ramsar designated wetland site of
global significance [64]. Local relief ranges from ~209 to 220 m asl, with limited ground-
level visibility due to dense willow shrubs and trees [8]. Lakes and wetlands receive water
from precipitation and overbank flooding, with evapotranspiration as the primary loss
mechanism [65,66]. Since the mid-1970s, rising mean annual temperatures and slightly
reduced precipitation have led to increased wildfire frequency, reduced open water and
marsh areas, and expansion of woody vegetation—signs of overall landscape drying [67].
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Figure 1. (a) The Peace—Athabasca Delta (PAD) location in Alberta, Canada (inset); (b) lidar survey
areas; (c¢) landcover classes Ducks Unlimited Canada (DUC) (Ducks Unlimited Canada, 2020) over
survey areas [Survey areas A, B and C are in the Peace Delta, and survey area D is located in the
Athabasca Delta], (d) area of DUC landcover classes.

The area of interest in this study was limited to regions where bi-temporal lidar cov-
erages were available (175 km?—including open water and all other landcovers), from
the years 2000 and 2016/2018 (Figure 1b). According to Ducks Unlimited Canada [68]
landcover classification, the majority of the surveyed areas comprised shrub and hardwood
swamps, emergent and meadow marshes and upland conifer and deciduous (Figure 1c,d).
Swamps in this area are mineral wetlands, featuring fluctuating water tables and sea-
sonal flooding [8]. The most common type of swamp class is shrub swamp, and these
are prevalent in successional and meadow areas of the PAD, where groundwater levels
fluctuate [8,68]. Extensive areas of marsh were situated around large lakes and flooded
river valleys. The vegetation in marshes primarily includes emergent species: cattail (Ty-
phaceae), bulrush (Scirpus), horsetail (Equisetum fluviatile), and wet graminoids including
bluejoint (Calamagrostis canadensis). Drier woody upland areas of the PAD typically consist
of a combination of white spruce (Picea glauca) and black spruce (Picea mariana) conifers, as
well as some deciduous species, which are dominated by aspen (Populus tremuloides) [8,68].
A detailed breakdown of landcover classes and their areas is provided in Section 2.2.1.

2.2. Data Sources
2.2.1. Land Cover Data

The Wood Buffalo National Park Enhanced Wetland Classification (EWC) [68] circa
2017/2018 used in this study has a reported overall accuracy of ~75%. Dominant landcovers
exceeding 3% of total area across the four lidar surveyed polygons were examined. Given
that the current study explicitly examined open water variations through time, the static
open water landcover class (including mudflat/salt flats and aquatic bed) was ignored
(18.1 km? in total). The dominant classes included in the analysis are: (i) marsh (26.7% of
the study area), (ii) shrub swamp (36.5%), (iii) treed swamp (11.2%), and (iv) upland forest
(12.3%). Here, the “marsh” class was an amalgamation of ‘emergent’ and ‘meadow’ marsh
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classes, as these are temporally variable and interchangeable due to subtle variations in
water level and, therefore, cannot be assumed to be static throughout the period of analysis
or even a single year. All upland vegetation (Figure 1) was considered one class, “upland
forest”. However, two swamp classes were maintained, “shrub swamp” and all other
swamp classes (Figure 1) as “treed swamp”.

2.2.2. Landsat Imagery

Landsat Collection 2 Level 2 [69-75] atmospherically corrected Surface Reflectance
image products (2000 to 2018) were accessed via Google Earth Engine for VI generation.
Scan line corrector (SLC)-off issues associated with ETM+ data were mitigated by constrain-
ing all images for a given year’s composite to a single sensor, i.e., all available Collection
2 Landsat 7 imagery from 2000 to 2002, Landsat 5 from 2004 to 2011 and Landsat 8 from
2013 to 2018 (no cloud free data available in 2003 or 2012). Summer imagery (1 June to 31
August) were used to minimize the effect of vegetation phenology on Vls.

2.2.3. Airborne Lidar and Photography

Lidar data were collected using a dual-return Optech Inc. ALTM 1225 sensor (Optech
Inc., Vaughan, ON, Canada) on 17 June 2000 [76] and a multi-return multi-channel Teledyne
Optech Titan sensor on 4 August 2016 and 24 July 2018 (summer growing season), each
operating at approximately 1000 m above ground. The pulse repetition frequencies were
25 kHz for the ALTM and 75 kHz per channel for the Titan, with fixed scan angles of 20°
and 24-25°, respectively. The surveyed transects achieved returned point densities ranging
from 0.6 to 6.8 returns per square meter. Variations in data acquisition parameters and
point density outputs across the lidar datasets are due to the advances in technology over
the last two decades [77].

Given sensor settings and survey configuration can impact laser pulse interactions
with vegetation and, therefore, the distribution of returns within vegetation canopies [78],
only upper canopy surfaces were compared over time using first and single returns. As
explained in Section 2.3.2, lidar-derived CHM were generated at a 5 m grid cell resolution,
which was less than the lowest point density dataset to mitigate density variations in the
data (e.g., Lim et al. [79]). Figure 1b shows the spatial coverage of the lidar campaigns of
2000, 2016 and 2018 (A, B, C and D).

2.3. Analysis
2.3.1. Landsat Time Series

The methodological workflow is summarized in Figure 2. Processing began by apply-
ing scaling factors to convert pixel values to reflectance, ensuring consistency across imag-
ing sessions and sensors [75]. Saturated pixels were then identified and removed [80,81],
followed by masking and removing clouds and cloud shadows using the Quality Assess-
ment bands [81]. Landsat imagery was then reprojected to match the lidar coordinate
system (NAD83 CSRS, UTM Zone 12 North) for spatial alignment.

To mitigate cloud and shadow influences within the Landsat image time series, median
image compositing was applied to create annual summertime composites [82-85]. To
remove the short-term influence of lowering or increasing water levels (i.e., drying and/or
flooding) from the VI trend analyses, all open water lakes and channels were masked out of
the study polygons (e.g., Ju and Masek [86]) using Modified Normalized Difference Water
Index (MNDWI), which is the ratio of the (green—SWIR) and (green + SWIR) [87]. Based
on visual assessments, pixel MNDWI values > 0.1 were selected to define a binary water
mask, and all such areas were excluded from further analysis.
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Figure 2. The analytical workflow. L2 (Level 2); MNDWI (Modified Normalized Difference Water
Index); NDVI (Normalized Difference Vegetation Index); EVI (Enhanced Vegetation Index); LST (Land
Surface Temperature); DEM (Digital Elevation Model); DSM (Digital Surface Model); CHM (Canopy
Height Model); DUC (Ducks Unlimited Canada). Bi-temporal CHM changes refer to observed
differences in canopy height (>1 m) between 2000 and 2016/18, while ecotonal change refers to spatial
extent variations in the 90th percentile CHM change for the same period (see text).

NDVI and EVI were used as proxies for vegetation greenness and canopy structure.
NDVI, calculated as (NIR — Red)/(NIR + Red), is sensitive to chlorophyll content [19], while
EVI=25 x (NIR — Red)/(NIR + 6 x Red — 7.5 x Blue + 1) adjusts for atmospheric and
background effects using the blue band, improving performance in dense vegetation [20,21].
NDVI and EVI were created for each annual composite in Google Earth Engine [88].
VI trends were assessed using Theil-Sen median trend analysis [89,90], a robust non-
parametric method that is minimally affected by outliers [91-95]. The procedure calculates
the slope of the line connecting medians for each pair of points in the dataset [93,96].
The direction of the Theil-Sen slope indicates vegetation changes where positive when
“greening” (increase in vegetation) and negative when signifying “browning” (decline
in vegetation), and it can be interpreted as the rate of change trend over time [90]. Only
Theil-Sen slopes with p-values below 0.05 and Z-scores exceeding 1.96 were considered
significant, ensuring a minimum 95% confidence level [93,97,98] (Figure 2).

Summertime LST (°C) was obtained from Landsat thermal bands (Band 6 for Land-
sat 5 and 7, and Band 10 for Landsat 8) [99,100], and Theil-Sen slopes of the LST time
series were extracted for all land pixels. These trends were assumed to be proxies for
changing proportions of sensible and latent heat exchange following change in soil surface
saturation or the underlying shallow groundwater table, as areas of nearby open water
fluctuate [101,102]. In general, an increasing LST trend is assumed to show a drying soil
surface as more of the available energy goes into sensible heating of the ground surface
instead of the latent heat of water evaporation.

2.3.2. Lidar-Derived Canopy Structure

To ensure alignment of bi-temporal lidar data, point cloud elevations for the
2000 dataset were block-adjusted to the corresponding 2016 and 2018 datasets by com-
paring point clouds over unchanging open terrain features. This corrected minor elevation
biases (0.3-0.7 m) likely caused by GNSS trajectory error in the earlier generation lidar
sensor (typically included in most lidar data processing steps, e.g., Nelson et al. [103]),
assuming higher vertical accuracy in the newer datasets. Last and single return points
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were then classified into ground and non-ground in TerraScan, with first and intermediate
returns assigned to the non-ground class.

Ground points were interpolated to a 5 m digital elevation model (DEM) using Tri-
angulation with Linear Interpolation. All remaining data points were used to create a
5 m digital surface model (DSM) using a local maximum height filter in Surfer (Golden
Software Inc., Golden, CO, USA). A 5 m resolution CHM was constructed by subtracting
the DEM from the DSM and then compared through time, hereafter referred to as CHMS5.
Low CHM heights (<1 m) were ignored in subsequent analyses to mitigate influences of
seasonal vegetation phenology variations.

To compare with 30 m Landsat VIs, CHM5 was aggregated to 30 m resolution (CHM30)
using a block mean in ArcGIS, where each 30 m pixel represents the average of the underly-
ing 36 (5 m) pixels. This provides an index of both height and canopy cover. Changes in
canopy heights >1 m were then calculated by subtracting the year 2000 CHM30 from 2016
and 2018 CHM30.

To investigate spatial correspondence between ecotone expansion or contraction and
any associated VI trends over the study period, tall canopy height grid cells were targeted
and smoothed to emphasize locally contiguous regions of shrub and tree, or woody biomass
change. Specifically, the 90th percentile of canopy height (P90CHM) was derived from the
CHMS using a9 x 9 (45 m x 45 m) grid cell moving window. To determine the optimal
window size, four window sizes from 5 x 5to 11 x 11 were tested and 9 x 9 was chosen
based on visual patterns of canopy continuity and similarity compared with the 30 m
resolution Landsat VIs (Figure 3). P90 was used as this correlates well with field-measured
tree height at the plot-level [78].

Sm

CHM

<5m to >5m : Expansion
>5m to <5m : Contraction
Figure 3. Schematic of ecotonal expansion and contraction using 90th percentile canopy height

(P9OCHM). Change detection shows forest expansion (non-forest to forest) and contraction (forest to
non-forest) between 2000 and 2016/18.
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To define mature forest ecotone boundaries for each time period, a height threshold
approach was adopted to differentiate between taller forest vegetation and all other classes
of herbs, shrubs or juvenile trees. According to Wang et al. [104] and Timoney [8], willow
shrubs—the tallest non-forest landcover type in the PAD—can reach up to 5 m tall, while
mature forest species tend to be many meters taller. Therefore, POOCHM values were classified
into short (<5 m) and tall (>5 m) vegetation. For the purpose of our analysis, the shared
tall/short class boundary was assumed to be a proxy for the forest ecotone boundary. A
categorical change detection analysis was then performed to illustrate the changes occurring
in the forest and non-forest class either side of the boundary, as well as allowing a spatial
assessment of the change in the ecotone boundary position through time (Figure 3).

To compute rates of spatial change in forest canopy extent, a series of transects were
established in ESRI Inc (CA) ArcGIS Pro at equal intervals of 1.5 km and running parallel
to each other. Transects were overlaid onto the observed expansion (and greening in
VIs) and contraction (and browning in VIs) regions to calculate average ecotonal change
rate in meters per year (m/yr) in both data products. The vertical rate of growth within
zones of ecotone boundary expansion were also calculated by dividing CHM5 change over
expansion class by 16 for survey areas A and B and by 18 years for survey areas C and D.

2.3.3. Statistics

The 2017 DUC’s landcover map was used to stratify the 2016 and 2018 CHM and VI
results using a random sampling approach. As major landcover classes had different spatial
coverage, and to avoid bias we used 2000 random points proportionally distributed over
the four main landcover classes after filtering the area by CHM1618 <1 m: 385 points over
marsh (22.8 km?), 970 points over shrub swamp (58.6 km?), 315 points over tree swamp
(19.1 km?), 330 points over upland forest (20 km?). Given the non-parametric nature
of the data (Shapiro-Wilk normality test [105]) the Spearman correlation coefficient was
used to determine the strength and direction of and monotonic relationships. To evaluate
the difference between the spatial /horizontal rates of changes in both products, a t-test
(independent samples) was performed.

3. Results
3.1. Correspondence Between Canopy Height and Vs

Figure 4 illustrates CHMS5 for years 2000, 2016 and 2018 classified into four canopy
height classes. Trees associated with CHM > 10 m tend to be upland forest classes and are
located on terraces or elevated levees. This figure also shows the areal coverage of each
canopy height class within surveyed areas A, B, C and D. From 2000 to 2018, there was a
general increase in all categories of canopy height exceeding 1 m, with 52.8% of total land
surface cover in 2000 compared to 66.2% for 2016-18.

Based on the distribution of random points (excluding marsh areas with vegetation
<1 m) illustrated in Table 1, both NDVI and EVI demonstrated a statistically significant
correlation with CHM30, with greater correspondence to NDVI. Highest correlations be-
tween canopy height and vegetation indices were found in shrub swamp and upland forest,
whereas treed swamp and marsh had much lower correspondence (Table 1, Figure 5).
Confidence intervals (Figure 5) also demonstrate higher confidence and lower variability,
especially in shrub swamps relative to other landcovers. The corresponding linear regres-
sion relationships show similar results and are presented in Figure 5. In shrub swamps, the
95% confidence intervals (CI) in this figure are the narrowest among the landcover classes
for both NDVI and EVI, suggesting higher confidence in the trends.
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Figure 4. Canopy Height Models (CHM5) (5 m pixel size). “White” areas within each sample
region, represent either CHM <1 m or non-dominant landcover classes. (A-D) label each of the lidar
surveyed areas.

Table 1. Spearman correlation results between CHM30 and Landsat VIs for 2016/18 over the main
landcover classes.

Correlation with CHM30 p-Value
Landcover Class N
NDVI EVI NDVI EVI

Marsh 261 0.05 0.11 0.425 0.090
Shrub swamp 881 0.65 ** 0.59 ** <0.001 <0.001
Treed swamp 292 0.13* —-0.14* 0.023 0.014
Upland forest 293 0.58 ** 0.22 ** <0.001 <0.001
All 1727 0.63 ** 0.31 ** <0.001 <0.001

** Correlation is significant at the 0.01 level (2-tailed). * Correlation is significant at the 0.05 level (2-tailed).
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Figure 5. Regression results (including 95% CI and coefficient of determination) for CHM30 with
NDVI and EVI for 2016/18 over the main landcover classes.

3.2. Changes in Canopy Height and Cover Using Bi-Temporal Lidar Data

Figure 6 presents the change in CHM30 (ACHM30) from 2000 to 2016/18 over the four
survey areas across five height change classes: large decrease (<—5 m), moderate decrease
(=1 to =5 m), no appreciable change (—1 to 1 m), moderate increase (1 to 5 m), and large
increase (>5 m). The landscape exhibited moderate canopy height growth over 55.8 km?
(52.0% of land area after removing permanent open water and CHM < 1 m), and large
increases in height over 4.9 km? (4.6% land area) indicating that the growth of taller (>1 m)
vegetation has been the dominant trend, overall. In contrast, areas showing decreases in
canopy height were comparatively small with large height decreases of 0.39 km? (0.4% land
area) and moderate decrease of 3.7 km? (3.4% land area).

3.3. Changes in Ecotone Extent Inferred from CHM Change and VI Trend

Figure 7 shows the POOCHM change (AP90CHM), EVI and NDVI trends (indicated
by the Theil-Sen slope (p < 0.05). The analysis of significant VI trends indicated similar
greening patterns to the AP90OCHM expansion of woody ecotones, though the extents were
variable. As illustrated in this figure across all four survey areas, the significant slopes for
EVI display similar patterns to the observed height-based ecotonal expansions. Conversely,
while NDVI also displays similar greening trends, the index overestimates the extent of
greening relative to observed ecotonal expansions (Figure 7).
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Figure 6. Bi-temporal ACHM30. Changes of less than +/—1 m (gray) are referred to as “no change”
to mitigate influences of data noise and vegetation phenology. White regions represent areas of CHM
<1 m or nondominant landcover classes, which are primarily regions of open water or short seasonal
vegetation. (A-D) label each of the lidar surveyed areas.
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Figure 7. CHM-derived ecotonal change compared with significant (p < 0.05) Theil-Sen trend slopes
for EVI and NDVI, calculated from Landsat observations between 2000 and 2016/18. Water (in blue)
is from the DUC landcover class [68]. (A-D) label each of the lidar surveyed areas.

Stratifying AP9OCHM by dominant landcover classes [68] (Figure 1) revealed that
~70% of ecotonal expansion (8.5 km?), equivalent to ~7% of the total survey area, occurred
in shrub swamps (Figure 8). Meanwhile, treed swamps accounted for ~1.5% of the total
expansion in the area. EVI exhibited negative slopes or browning predominantly in upland
forest and shrub swamp (zoomed in example in Figure 9B), where no trend was present
in the NDVI. This observed browning in the EVI trend, which encompasses a larger
area (Figure 8), occasionally corresponds to the contraction of CHM in survey polygon
B (Figure 7B), though the extent of the CHM-derived contraction is reduced. Most CHM
expansion (Figure 8) occurred along the edge of shrub swamps (zoomed in examples in
Figure 9A,C,D). In some cases, shrubs also extended into the marsh land class from adjacent
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swamps (Figure 9A,D). Moreover, comparing the observed ecotonal expansions with the
most accurate landcover map provided by Wang, Pavelsky, Kyzivat, Garcia-Tigreros, Yao,
Yang, Zhang, Song, Langhorst and Dolan [104] confirms that the expansions observed in
our study predominantly occur over the dry shrub class identified in their study, which
encompasses three of our four polygons (A, B and C).

AP9O0CHM
20 .
= Expansion
- 15 m Contraction
g 10
S 5
< 0 [ [ —
-5
EVI trend
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®>0.010
15 0.001 —-0.010
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< I
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< ]
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Marsh Shrub Treed Upland
swamp swamp forest

Figure 8. Comparison of AP9OCHM, EVI and NDVI Theil-Sen significant slope trends (p < 0.05) by
landcover class (VIs slopes are unitless).
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Figure 9. Zoomed-in examples comparing AP90OCHM and significant VI trends (p < 0.05) alongside
the DUC landcover classes [68] for reference. (A-D) label each of the lidar surveyed areas.

Figure 9 shows zoomed-in examples of similarities and differences between products
alongside the DUC landcover classes. In Figure 9A, although AP90CHM expansions were
observed on the edges of treed swamp into shrub swamp and marsh, neither EVI nor
NDVI reflected those exact expansions. Both NDVI and EVI positive slopes were observed
over the inner parts of lowlands. However, when considering only larger positive EVI
slope, more similarities with expansions in AP9OCHM can be seen. NDVI here also showed
small positive slopes over uplands. Some of the narrow contractions were reflected in EVI
trends as small negatives. In Figure 9B, larger positive slopes of EVI were coordinated
with the expansions in AP9OCHM, over the treed swamp and shrub swamp on the levees.
The larger positive NDVI slopes also showed the same pattern; however, the smaller
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positive NDVI slopes were seen over upland forest. In Figure 9C, AP9OCHM expansions
are limited to shrub swamps into marsh on the southern part of the stream. EVI positive
slopes closely followed the same patterns observed in AP9OCHM expansions. Similarly,
these expansions were reflected as larger positive slopes in NDVI trend. Smaller positive
slopes in NDVI covers almost all landcovers without any specific patterns. In Figure 9D,
AP90CHM expansions were on the treed swamp into the shrub swamp around the marsh,
with no sign of large contraction in this example. EVI positive slopes closely aligned with
this expansion. Larger positive slopes in NDVI are more coordinated with the observed
expansions. EVI also showed a small negative slope over some of the treed swamps in
this example.

Comparing the AP9OCHM through time suggests that >11% of the study area exhibited
a change in forest ecotone extent, with ~11% showing expansion and ~0.3% contraction
(Figure 8). The three Peace Delta polygons (A, B and C) demonstrated higher rates of
forest ecotone change between 2.4 and 3.2 m/yr. Meanwhile, the more southerly Athabasca
Delta polygon (D) displayed a slightly lower expansion rate of ~1.5 m/yr (Table 2). In
all surveyed polygons, the regions of ecotonal expansion inferred from NDVI greening
trends were greater than for areas of CHM increase (p < 0.05). The mean difference
between AP90OCHM and NDVI slope ranged from —2.2 to —4.9 units, indicating that NDVI
consistently exhibited larger changes. In contrast, no significant difference was found
between AP90CHM and EVI significant slope in most areas (A, B, D and overall), except
for area C, where EVI changes were significantly greater than CHM (p = 0.040). Overall, the
results show that NDVI greening rate was notably larger compared to AP9OCHM, while
AP90CHM and EVI significant slope exhibit similar expansion/greening rates in most areas.
The average vertical rate of growth over the four survey areas is 0.1 m/yr.

Table 2. t-test (independent samples, 2-tailed) between AP9OCHM and VI trends per survey areas
and overall rate of ecotonal expansion (m/yr).

AP90OCHM NDVI Trend EVI Trend AP90CHM vs. NDVI Trend AP90CHM vs. EVI Trend
Survey Area

y Mean Rate of Expansion m/yr (SD) Difference p Value Difference p Value

A 3.3(3.1) 55(3.2) 2.4(3.3) -22 0.00 0.9 0.24

B 2.6 (3.0) 5.5(5.0) 1.9 (3.0) -29 0.00 0.7 0.39

C 2.4(0.3) 7.2(4.7) 3.6 (3.8) —4.38 <0.001 -12 0.04

D 15(1.2) 4.1(2.7) 1.7 (3.3) —2.6 <0.001 -02 0.62

All 2.2(2.3) 5.4 (4.1) 2.3(3.8) -32 <0.001 —0.1 0.79

SD: Standard Deviation.

3.4. Changes in LST with Vs

Summertime Landsat-derived LST (°C) for all non-permanent water (all land) provided
a baseline for comparison to (a) areas of significant (p < 0.05) TS greening for EVI (EVI+) and
(b) areas of no EVI greening but significant NDVI greening (NDVI+ minus EVI+) (Figure 10).
Only positive trends were considered here, as browning trends constituted a negligible
proportion of the study area. All three trendlines (p < 0.001) show increasing LST. The “all
land” (red) baseline condition exhibits the warmest temperatures throughout, with a slight
warming trend of 1.67 °C per 18 yrs (slope: 0.093 °C/yr). In comparison, the EVI+ (blue)
trendline lies slightly below the baseline condition but follows a similar warming pattern
with a slightly non-significant trend difference of 1.74 °C per 18 yrs (slope: 0.097/yr). Areas
showing only NDVI greening (NDVI+ minus EVI+ green line) were ~1 °C colder than either
the baseline or EVI greening areas, but the rate of warming over exclusively NDVI greening
areas was significantly greater at 2.02 °C per 18 yrs (slope: 0.11 °C/yr).
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Figure 10. Landsat-derived LST changes and trend lines (through all raw data points) from 2000 to
2018. “All land” = all no-permanent water areas; “EVI+” = all areas of TS greening trend; “NDVI+ mi-
nus EVI+” = NDVI greening after masking areas of EVI greening. The box represents the interquartile
range of LST for each year and the center line is the median.

4. Discussion
4.1. Do EVI and NDVI Correlate with Canopy Height?

In this section, we explore the first objective that EVI, due to its assumed sensitivity
to canopy structure and density, would demonstrate stronger positive correlations with
CHM compared to NDVI—an expectation challenged by our findings. Of the two VIs,
NDVI exhibited higher static correlations with CHM30 (a joint measure of height and cover)
(Table 1) across all classes. This corroborates the findings from Taddeo et al. [106] where
several VIs were compared over wetland sites in the US.

To address the second sub objective—supported by the different performance of NDVI
and EVI across the examined classes—we found that the most notable divergent response
between the VIs was in the upland forest class (Table 1) where NDVI showed a significantly
stronger correlation with mean canopy height (r 0.58, p < 0.01) than EVI (r 0.22, p > 0.05).
This finding indicates NDVI increases either as woody biomass grows taller, or when the
gaps between taller woody vegetation fill in.

Of the landcovers examined, EVI only showed a highly significant correlation with
shrubs (r = 0.59, p < 0.01), which was almost as high as NDVI (r = 0.63, p < 0.01), indicating
that EVI was less responsive to canopy structure variations in tall tree (primarily conifer)
environments. Shadow effects are expected to influence the spectral response of NDVI and
EVIin taller vegetation areas, with inclusion of the blue band making EVI more susceptible
to visible light variations caused by shadows (as reported by Moura et al. [107]). While
inclusion of the blue band in EVI helps mitigate against saturation [34,35], the vegetation
canopy cover in the PAD rarely approaches saturation in either VI, suggesting that for total
foliage variations within northern environment tall woody vegetation classes, the benefits
of EVI do not exceed NDVL
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Furthermore, woody vegetation generally exhibits lower reflectance in visible bands
compared to herbaceous species [108], which could contribute to the lower EVI sensitivity
to height and cover variations observed in taller forest vegetation classes. Chen et al. [109]
reported a negative correlation between IKONOS-derived EVI and forest cover measures of
effective LAIL High susceptibility of EVI to the effects of shadows, viewing and illumination
geometry were also reported by Galvao et al. [110], Morton et al. [111], Galvao et al. [112],
Taddeo, Dronova and Depsky [106] and Mo et al. [113].

This contrast in shadow sensitivity between NDVI and EVI underscores the impor-
tance of selecting appropriate indices based on specific environmental conditions and the
physical characteristics of the vegetation. However, both NDVI and EVI demonstrated
their strongest correlations with canopy cover in shrub swamps (Table 1, r = 0.65 and
r = 0.59, respectively). The high correlation between canopy cover and VI likely reflects the
dense and uniform vegetation typical of shrub swamps, where both indices are effective
in capturing the biomass and structure due to limited soil and water interference that
influence spectral response.

4.2. Do Temporal Trends in EVI and NDVI Correlate with Canopy Growth?

This section focuses on the second objective, which explores the spatial relationships
between changes in CHM and VI trends, particularly in ecotonal areas where increases
or decreases in height and foliage are most pronounced, such as those linked to woody
vegetation expansion. Pervasive growth across the four study polygons from 2000 to
2016/18 is clear in the ACHM30 data presented in Figure 6. The range in canopy growth
or loss dynamics is captured in five distinct canopy height change classes showing that,
overall, >50% of the study area (55.9 km?) had undergone an average canopy height increase
of >1 m, suggesting growth through mechanisms of either (a) in situ vertical stem extension,
(b) in-filling of canopy gaps by crown expansion and new growth, (c) succession or lateral
expansion of taller canopy cover outwards from woody ecotones or (d) some combination
of all.

In areas of pre-existing woody cover classes, processes of in situ growth and in-filling of
canopy gaps were likely the main mechanisms contributing to increases in overall CHM30.
However, lateral expansion of primarily shrub and juvenile tree ecotones, observed using
AP90CHM (Figure 7), indicated that >11% of the study area had undergone a change in
vegetation cover because of ecotonal expansion. While almost 90% of the study area showed
no discernible expansion or contraction of ecotones, the northern Peace Delta sector (areas
A, B and C) exhibited higher rates of woody vegetation ecotone expansion between 2.4 and
3.2 m/yr (Table 2). This rapid expansion highlights a dynamic ecological response, driven
by local environmental factors [114]. In contrast, the more southerly Athabasca Delta sector
(area D) demonstrated a lower ecotone expansion rate closer to half that of the Peace Delta
sites at ~1.5 m/yr, suggesting some differentiation in the underlying processes driving the
expansion of woody ecotones across these two regions. From the limited spatial extent
of the survey polygons, it cannot be concluded that the driving mechanisms for ecotone
expansion are distinct. However, it is noteworthy that the three northern polygons lie along
channels that have historically reversed in flow direction [115], while the southern polygon
is along a channel that naturally drains in one direction. Consequently, local channel and
floodplain physiography and hydrology play a role in the patterns and rates of vegetation
encroachment [8,65]. For example, surveyed area C, situated at a higher elevation above the
main waterways, likely depends on ice-jam floodwater input, which has been less frequent
in the Peace Delta compared to the Athabasca Delta between 2000 and 2018. In contrast,
surveyed area B is located within a low-lying floodplain that expands with water during
periods of elevated Lake Athabasca levels [116].
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As expected from the positive correlations of VI with canopy height, and as reported in
other northern studies [23,53,117] greening (or increasingly positive) trends were observed
in both EVI and NDVI across the study sites. Unlike in the direct correlation between VI
and canopy height, the spatial correspondence between VI greening and increasing canopy
height was most pronounced in the EVI signal. Notably, the most significant areas of EVI
greening tend to visually align with and show a similar rate of spatial extent variations in
woody ecotones defined using AP9OCHM (the change in upper canopy height percentile)
(Figures 8 and 9, Table 2). Meanwhile, NDVI greening shows less direct correspondence and
suggests a higher rate of woody ecotone expansion, while being more sensitive to a wider
range of vegetation changes. These observations indicate that NDVI captures a spatially
broader range of vegetation response, including shorter stature vegetation, compared to
that in the CHM-based analyses.

Greater areas of observed NDVI greening may be influenced by the sensitivity of the
NDVI to changes in vegetation type or differences in spatial resolution between Landsat
and lidar-derived products. Other studies have reported an overestimation in NDVI
greening trends, which could be unrelated to in situ vegetation structural properties. Over
different land covers within a semi-arid to arid region of northwest China, Gao et al. [118]
attributed NDVI overestimation or underestimation to spatial resolution (250 m MODIS
and 8 km GIMMS). Vicente-Serrano et al. [119] also found an overestimation of greening
trends when using NDVI to detect vegetation change at 1 km resolution. Given some
potential for overestimation, it is important to consider the magnitude and extent of the
observed NDVI greening. NDVI is derived through a non-linear transformation, which
can lead to the overestimation of NDVI values in areas with low vegetation coverage
and underestimation in areas with high vegetation coverage [20]. It can be assumed that
any systematic overestimation in NDVI would persist throughout the entire study period,
suggesting that temporal variations in NDVI should be minimally impacted [120].

EVI also demonstrated some areas of negative slope (browning), in some upland forest
landcover areas, while the NDVI trends showed greening throughout the survey polygons.
The observation of loss or contraction in the EVI slope signal is encouraging because it
matches the observation for AP9OCHM woody ecotone contraction. However, there was
limited direct spatial correspondence between the two losses (e.g., Figure 9), indicating
that both the EVI and AP90CHM observations, while synergistic, are responding to subtly
distinct in situ ground-level processes. Several studies have overlooked the classification of
EVI browning in northern latitudes, attributing its exclusion to its occurrence over relatively
small areas (e.g., Chen, Lantz, Hermosilla and Wulder [22]; Seider, Lantz, Hermosilla,
Wulder and Wang [23]). Other researchers have documented EVI browning in boreal
forests (e.g., Guay, Beck, Berner, Goetz, Baccini and Buermann [24]; Lebre [25]) with a
suggestion that increases in surface water presence is a likely cause [121].

4.3. How Do Trends in LST Differ Between EVI and NDVI Trends?

In Figure 10, all three LST trendlines (p < 0.001) show increasing LST, which is consis-
tent with a gradual reduction in evaporative latent heat exchanges as areas of open water
and surface soil saturation decrease, ground water tables deepen, and conditions become
drier overall [101,102]. Among the three trendlines (Figure 10), areas showing only NDVI
greening (NDVI+ minus EVI+ green line) exhibited the lowest and fastest warming rate.
The lower temperatures suggest that these areas of exclusive NDVI greening are associated
with increased wetness, while the more rapid increase in warming suggests a drying trend,
where regions of high moisture content (e.g., wetlands or areas of high water table) have
undergone more rapid warming as they dry out. The NDVI response to this drying out
of wetland and wetland-adjacent areas is likely a function of both the changes in surface
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moisture content having some influence on the NIR signal [122], as well as the ground
cover vegetation response as saturation-tolerant vegetation in marsh areas is replaced with
more dryland vegetation [8].

In this northern deltaic wetland study area, positive EVI trends tend to primarily
illustrate ecotonal expansions in areas of shrub and juvenile tree cover, while negative EVI
trends may correctly indicate the potential for canopy losses, if not the precise locations.
Meanwhile, spatial variations in NDVI trends appear sensitive to both changes in tall
vegetation canopy height (Figure 5) and as has been found in other studies, temporal
changes in ground surface moisture [123-126].

To synthesize these findings, Figure 11 presents a conceptual framework illustrat-
ing the complementary insights provided by VIs, LST and MNDWI. As surface moisture
content decreases due to drying (e.g., reduced soil saturation), less energy is allocated to
latent heat processes (evaporation), and land surface sensible heat content rises, leading
to localized increases in LST. This warming is pronounced in areas undergoing transition
from saturated or near-saturated conditions to dry, such as over short vegetation zones,
where surface moisture content directly influences LST. Conversely, areas with consistent
tree canopy cover are less affected, as the canopy masks variations in surface temperature.
The conceptual model emphasizes that positive LST trends are primarily observable in
open or short vegetation areas, where drying and warming processes are not obscured by
dense canopy cover. NDVI and EVI are complimentary in this model, with NDVI indicat-
ing general vegetation greening (both short and tall vegetation) as well as an increased
sensitivity to changing surface saturation, while EVI better represents ecosystem structural
changes associated with woody ecotonal expansion, such as shrubification. Meanwhile,
MNDWTI tracks reductions in surface water extent, thus completing a conceptual remote
sensing-based narrative of land surface and cover changes through time across northern
wetland complexes, like the PAD.

i Pgnd " i ! Channel
e ¥ T | .
R “wa“ﬁgm

My 4T
1
'
'
'
'
1
1
'
1
'

Figure 11. Conceptual framework illustrating the interconnected remote sensing-based land cover
surface moisture changes represented by NDVI and EVI, LST, and MNDWI trends from time T1 to T2.
As riparian surface saturation decreases, MNDWI presents negative trend slope at “a”. LST increases
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5. Conclusions

The findings from this study underscore the importance of selecting appropriate vege-
tation indices tailored to specific environmental conditions and vegetation characteristics
in wetland ecosystems—an issue of growing global relevance as wetland monitoring be-
comes increasingly critical in the context of climate change and biodiversity loss. Both
NDVI and EVI showed the highest correlation with canopy height and cover (CHM30)
over shrub swamps, with NDVI being more sensitive to canopy height variation in all
woody vegetation classes. However, the strength and direction of CHM-VI relationships
varied across landcover types, reflecting the differing sensitivity of each index to vege-
tation structure and moisture conditions in each class. While NDVI tends to capture a
broader range of vegetation responses, including shorter stature vegetation, its potential
for over-estimating the time-variant greening response of a landscape due to the sensitiv-
ity to changes in canopy structure or surface moisture cannot be ignored. EVI exhibited
more spatially consistent trends in areas of taller woody canopy, making it more suitable
for detecting ecotonal expansion and succession in structurally complex wetland zones.
In contrast, NDVI trends were more responsive to vegetation changes in lower-stature,
moisture-sensitive areas, particularly where wetland drying was observed. These findings
highlight the complementary strengths of NDVI and EVI in capturing different aspects of
wetland vegetation change, offering insight into both structural canopy shifts and surface
moisture responses. In particular, the as yet inconclusive evidence we present here for
comparatively increased rates of woody ecotonal expansion in the historically reversible
flow areas of the Peace Delta warrants dedicated investigation. The conceptual framework
presented in Figure 11 provides a basis for a multi-decadal assessment of wetland open
water, surface moisture and vegetation canopy change. While developed for the PAD, it of-
fers a transferable approach that can inform similar assessments in other northern wetland
complexes worldwide, contributing to international efforts in wetland conservation and
climate adaptation.
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