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I 1 AN == W A1 PP ESSERRRRR 17
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radar spring medians for VerticalVertical polarization (S1PVV, left) and VerticeHorizontal (S1PVH,
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(ST L PP PPR 26
Figure 17 shows the overall proposed wetland mapping procedure. Each of the input datasets were
resampled to a consistent 10meter resolution and formed a total of 38 generated feature layers.
These layers then form the basis for training an ensemble clagigation model. The model is
predicted on polygon features formed from segmenting a composite of layers highly sensitive to
wetland delineation (TWI, CHROME, NDVI)........cooiiiiiiiiiiiies et ccciirrrnrees eeeeeaeeaneaans 27
Figure 18 shows a graphical summary of all included explanatory rasters uséatr the wetland
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wide segmentation, producing 10 million + segments. Theseegments are assigned the average of
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Figure 24 shows the overall results of the AutoML prediction applied to each of the ~10 million
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CHROME value, here showssathe average CHROME value per segment, sampled from the 10m
(2151 (<] G0 10 [ o] TR 36
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the scope of this report. Note that while the delineation of fens (green) and bogs (red) do conform
well to the NSE welands, swamps present a systematic increase. This increase is generally tied to
tree covered areasr though the accuracy of this in real world terms generally unknown............ 38
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presented in the existing Nova Scotia wetlands Inventory (NSE wetlands). This discrepancy is
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distribution of predicted swamps (purple) which are not included in the existing Nova Scotia
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Figure 30 shows the Halifax regional municipality and area. Here we can see some success in
detecting key wetland areas bounding various rivers and lakes, whereas urbanized locations such
as the Halifax peninsula shows little existing wetland areas. Our pdiction suggests much of the
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Nova Scotiawetlands inventory. These results have not been independently verified................ 42
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Figure 32 shows the southern portion of Cape Breton. Comparing our results to the existing
wetland inventory and ecological land classification wetland polygons, we see generally a strong
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and A3; Our results. As shown in the above table, the cape Breton highland is the only Ecodistrict
where we detect an overall lower abundance of wetlands. This is likely due to the unique
characteristics of the highlands which are not adequately captured in thenodel. Perhaps
additional training or values may help correct this perceived diSCrepancy...........cccceveeevrivrnnes o 49
Figure 37 shows Ecodistrict 760 (Sable), directly to the south of Lake Rossignol, NS. This area
presents the largest systematic discrepancy in terms of our greater abundance of swamp type
wetlands. Considering all wetlands, we see that the wetland extentpresented in the NS ELCH1)
are in support of our results B3) in that there are similarly more overall wetlands depicted than
currently in the Nova Scotia wetland INVeNtOryB2). ......cccovvvvieiiiiiiiiiiiiit e e 50
Figure 38 shows the same area Ecodistrict 760 (Sable) south of Lake Rossignol. Here our results
are filtered to segments where the mean canopy height value (CHM) is less than 1.5 meters. This
indicates wetlands which do not have significant vegetation. Na that with this restriction, our
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EXECUTIVEUMMARY

This report presents ecomprehensive machine learning basedapproach to wetland identification
within Nova Scotia This workis in supportofthe G| Y 2 Rddrahhitseént under the Climate
Change Plan for Clean Growth to leverage natusieased solutions for mitigating coastal and inland
flood risks (Action 12). Recognizing the pivotal role of wetlands in flood regulation alongside their
myriads of ecosystem services, this initiative seeks to enhance provincial resilience through
enablingimproved environmental stewardship.

The inadequacy of the current Nova Scotia Wetland Inventory in accurately representing forested
wetland ecosystems underscores the necessity for a refined inventory to better gauge climate
change impactsand opportunities, notably with respect to flooding. Consequently, this report
outlines the development of a desktop methodology employindgidar and advanced remote
sensing/classification techniques at the provincial scale.

Although this reportis focused on methods andpresents a preliminary wetland assessment, our
classification results do suggesta significantly higheroverall proportion of wetland areas(27.5%
not including water), specifically swamp type wetlands, whencompared to existing provincial
wetland inventories (6.8%). When restrictingour results to areas to low vegetation heightve get a
more similar 7.2%. Though these results are not intended as an updateithout further refinement
and validation, this increase isin line with the perceived bias in the current inventory against tree
covered swampsdue to limitations in the collection methods.

This report details the effectiveness of our approach and suggests a potential for future expansion

to include climate change projections.Overall, it presents an adaptableclassification method at

the provincial scalewhich can be applied more generally Thisproposed method is intended for the

Nova Scotia Department of Environment and Climate Changet WHY Ut RT 31 ¢ qRYUWe G YUNt
assist in various effortsto facilitate a more automated classification approach to ecosystem

monitoring.

KEY ELEMENTS OF THE PROPOSED APPROACH INCLUDE

1 An analysis of available provincial scale, remotely sensed datasets and various derived
indexes in a context of wetland mappingncluding lidar and Sentinet1/2 satellite data.
Abrief review ofvarious machine learning tools available in ESRI ArcGIS software.
Development of 38 selected 10m resolution provincewide explanatory rasters
Supervisedwetland AutoML classification model trained on 2,041sample locations
Specialized approach producing 10+ million polygon segments spanning the province
Wetland type prediction calculated for each polygon segment

A comparison against existing wetland inventories

A suite of pythorrbased tools encompassing the entire workflow

= =4 4 -4 -4 -4 4
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1 INTRODUCTION

1.1 BACKGROUND

Wetlands are a highly valuable ecosystem fageveralreasons, including water purification through
runoff buffering, carbon sequestration, flood control, and pollution mitigation (Gallant et al., 2020;
Reis et al, 2017; Tozer et al. 2018). They are typically highly productive and biodiverse, creating
critical hotspots for biodiversity conservation.

It is estimated that over 3 million kni, or over20%, of global wetlands have been lost since 1700,
primarily due tohuman land usage (FluetChouinard et al. 2023) Negative effects of wetland loss
are numerous, including habitat loss, flooding, andincreased greenhouse gasemissions from land
reclamation (Li et al.2018).

Canadacontains over 1 million kn? of wetlands, which cover¢c GGl Y+ RG ¢ qJd! WNOE WY n Waqé6
terrestrial area. Canadian wetlandsaccount for almost one quarter of theremaining global

wetlands (ECCC 2016)Almost 4,000 knt of these wetlands are found in the province of Nova

Scotia (NSECC2024). Chignecto, Musquodoboit Harbour, and Southern BighiMinas Basin are

three wetlands in Nova Scotia which are considered of International Importance by the Ramsar
9YU2W3U0qRYUWYOWI Wgqac¢UT+ wWeOT Wel yweryYUt RT I JT Wt RNURN
Wetlands Secretariat, 2024) As wetland loss continues globally, it will be increasingly important to

monitor changesto wetlands in Canada at the federal and provincidevel.

Wetland delineation and classification is traditionally done in-situ, which can be labour intensive,
time-consuming, and inaccessible (Amani et al 2017).For large scale classification,remote
sensing offers the ability tocollect high resolution datasets quickly and cost effectivelyMahdavi et
al. 2017; Amani et al. 2019) Remotely sensedwetland data can be used fobaseline
establishment, short and longterm changedetection, and mapping at high resolutions (Ballanti &
al. 2017).

The Nova Scotia Department of Natural Resources and Renewables (NRBhducted a
comprehensive provincial wetland inventory in 2004, utilizing aerial photographs captured between
1985 and 1997. This inventory was later updated by the reclassificatiarf LANDSAT imagery from
2000 to 2002 (Government of Nova Scotia, 2019). Wetlands smaller than 0.5 hectares were
excluded from this inventory, which poses a limitation on our ability to fully understand the
abundance of smaller isolated or headwater wetlandspotentially crucial for hydrological and
ecological functions.

As per the current inventory, freshwater wetlands cover approximately 360,462 hectares,
constituting roughly 6.8% of the total land area, while salt marshes span 17,060 hectares,

representing 0.3% of the total land area in Nova Scotia (Government of Noveoia, 2019). Despite
|
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these findings, there remains a significant challenge in accurately identifying and quantifying
forested wetlands, particularly swamps. The existing dataset falls short in adequately capturing the
extent of forested wetlands due to limitationsin aerial interpretation techniques, compounded by
similar spectral signatures exhibited by forested uplands and wetlands (Jahncke et al., 2018).

The underrepresentation of wetlands, notably swamps, highlights a wetlocumented challenge
inherent in the current invertory and photo-interpretation methodologies at large (Jahncke et al.,
2018). These limitations hinder our ability to effectively manage and conserve wetland resources
across the province, highlighting the need for more advanced and precise mapping technigsito
address these shortcomings.

1.2 DEANITIONS

Wetlands are definedfederallyRULI9 ¢ U¢ T ¢ Wet Wwe ! PWet WYnWael + 6 AWN 1IN0 AWG
natural or artificial, permanent or temporary, with water that is static or flowing, fresh, brackish or

b ¢ U q w Wbl E IBeTHhAJAN Wetld@dClassification System also provideshe definition of

malll 1 ¢ RU Iikatartatdddat Rebrlbithbove the land surface and which is saturated for

sufficient time to promote wetland or aquatic processess Nhtional Wetlands Working Group

1997).

The following table is adapted fromNational Wetlands Working Group (1997) andontains
information on wetland classification:

Tablel. Wetland classification.

Wetlands
Peatland Mineral Wetland

Bog Peatland receiving water Marsh Periodic or persistent standing
exclusively from precipitation water orslow-movingsurface
and not influenced by water which is circumneutral
groundwater; Sphagnum to alkaline and generally
dominated vegetation nutrient-rich. Vegetation is

dominated by graminoids,
shrubs, forbs, or emergent
plants.

Fen Peatland receiving water rich in | Shallow | Wetlands with free surface
dissolved minerals; vegetation | Water water up to 2 m deep, present
cover composeddominantly of for all or most of the year, with
graminoid species and brown less than 25% of the surface
mosses. water area occluded by

standing emergent or woody
plants. Submerged or floating
aquatic plants usually
dominate the vegetation.
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Swamp | Peatland dominated by trees, Swamp Periodically standing surface
shrubs, and forbs; waters are water and gently moving,

rich in dissolved minerals nutrient-rich groundwater,
with vegetation dominated by
woody plants often more than
1 m high

A mBogsare peatcovered wetlands (peatlandg, inwhich the vegetation shows the effects of
CW6RNGEWs ¢ qll Wage HAHaWWwe OT We WNWUWI ¢aWaerHt WYnwle ql R

A rEens are peatlands characterized by a high water table, but with very slow internal

T1TeRUENWWA! W WIWGE NIOWmD

A rMarshes are wetlands that are periodically inundated by standing or slowly moving water
cUT WUy Wwe! yw RESWRUWO:2 ql RIJUqt Ow

A nSwamps are wetlands where standing or gently moving waters occur seasonally or persist
nY!l WEaYUNWGUWI RYTHAWINWE2RUNWq6IW 2Ht 21l ne HIWHAYUQqR

A mshallowwater s Jqd ¢ UT + Allas e We Wal ¢ Ut RqRYULW q¢ DWWA a3 1J1

YaqUWagécqlWagdé Rt WG Wq6 VYT We Ul W WGY!I quwl YUt WOYqWRUHG2 T
5 ¢ a WHick are mixed with marshes in the provided training data. These features are typically
more complex to map adequately due to their inherent association with neighboring wetlands.

1.3 TECHNIQUES FOWETLANOMAPPING

Traditional techniques for wetland mapping have primarily relied on manual expert delineation and
Random Forest algorithms for classification and analysisRandom Forest is a versatile and robust
machine learning algorithm that constructs a multitude of decision trees during training and
outputs the class that is the mode of the classes (classification), offering high accuracy without
overfitting the data(Breiman 2001) Recently, there has been a growing interest in exploring the
potential of fully convolutional methods for environmental mapping, indicating a significant shift
towards more automated and sophisticated approachesLong 2015 Mainali 2023). Even still,

many recent successful wetland studies rely on randonforest-based classification (LaRocque
2020, Amani 2019,DeLancey2021).

Previous similar work to this study has been undertaken in the region, specifically surrounding HRM
which employed a random forest classifier of wetland using satellite observations including radar,
high resolution lidar, and several lidar derived metrics such al®cal texture and roughness

(Jahncke 2018) Federally, the Canadian government has an ongoing program to amalgamate
such wetland mapping data intothe Canadian National Wetlands Inventory (CNWI)This dataset
follows a standard classification schema andis sourced from various levels of government though
no standard methodology for deriving these dat& known to the authors of this report.

. _____________________________________________________________________________________________|
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In this study, we focusfirst on experimenting with several methods available in ArcGIBro3.1.1,
leveraging its comprehensive suite of tools for spatial analysis andeveloping a final repeatable
workflow. Concurrently, a parallel project is investigating the capabilities of tools available directly
in Google Earth Engine, aiming to compare the effectiveness and applicability of different platforms
in enhancing wetland inventory accuracy and efficiency. Tik dual approach allows us to assess a
broad spectrum of methodologies and identify the most promising strategies for modernizing
wetland mapping n Nova Scotia.

In the context of mapping spatial extents of features such as wetlands, there existssaite of tools
and functions available in ArcGIS as described below.

1.3.1 Detect Objects Using Deep Learning

This tool leverages deep learning algorithms within ArcGIS to automatically identify and delineate
wetland features from highresolution imagery, facilitating efficient and scalable mapping efforts
by learning from labeled examples to improve accuracy overaditional manual methods. Though
deep learning approaches have been showing increasing utility, their added complexity proved an
impediment to pursuing these tools for province wide results at this time.

1.3.2 Forest-Based Classification and Regression (FBCR)

The ForestBased Classification and Regression tool in ArcGIS employs an ensemble of decision
trees (Random Forests) to analyze spatial data, providing a robust means for classifying wetland
areas by incorporating a variety of input features, includintidar and satellite imagery, to predict
wetland presence with high accuracy Extensive testing indicated very poor and erroneous results
from this tool specifically and ultimately it was abandoned in favor of other options.

1.3.3 Presenceonly Prediction (MaxEnt)

Utilizing the MaxEnt (Maximum Entropy) model within ArcGIS, this approach focuses on presence
only location data, making it particularly useful for areas with limited informationTesfamariam,
2022). It estimates the distribution of wetland types by maximizing entropy to predict the likelihood
of wetland presence across the landscape, based on environmental and spatial variableknitial

test with this technique showed very promising results and should be considerefiirther.

Figure 1 shows the basic workflow of a maxEnt type presence only model. Top right, it accepts point location presence
inputs. Bottom right and middle- the model can be provided a selection of prepared rasters such as satellite images, lidar

NOVA SCOTIA COMMUNITY COLLEGEPPLIED GEOMATICS RESEARCH GROUP 4



IMPROVED METHODS FOR WETLAND IDENTIFICATION

elevations, or other special indexes (middle). The resulting model (leftmost) can produce al00% probability estimation
of occurrence when provided with additional data similar in nature to the inputs.

1.3.4 AutoMLin ArcGIS

AutoMLin ArcGIS streamlines the application of machine learning algorithms to spatial data,
automating the process of model selection, training, and optimization. It allows for the efficient
identification of the most effective algorithm and parameter settinggor specific wetland mapping
tasks, significantly reducing the expertise and time required to deploy advanced analytics for
environmental monitoring and assessment.

AutoML can performin multiple modes, including BASIC, and ADVANCEWhereby the overall
complexity and amount of automated parameter tuning may increase. This can provide a more
robust cross-validated model where accuracy is most important.

The training process within theAutoML framework automatically tests, tunes, and incorporates
various supervised machine learning algorithms to construct the best performing ensemble model.
The selection includesLinear regression, primarily for smaller datasets, as well as series of
various implementations of decision treebased classification models includingRandom Trees,
Decision Trees, XGBoost, Light GBM, and Extra Treealgorithms, each offering distinct
advantages in terms of speed, interpretability, and handling complex data structure\n additional
tree-based model, CatBoost is particularly versatile, effectively processing mixed data types.
AutoMLseamlessly integrates these algorithms, evaluating and optimizing them to collectively
form an ensemble model that delivers optimal performance for specific analytical tasks. This
automated ensemble approach ensures that the final model leverages the combed strengths of
each algorithm, maximizing accuracy and efficiency.

When tested, in general, against each of the previously indicated options available in ArcGIS,
AutoMLwas determined to be the best available option both in terms of sophistication and
reliability. The AutoML classification tool is therefore central to our proposed wetland mapping
approach.

1.4 FEATURES FORETLANOMAPPING

All machine learning type classifiers rely omsuitable input datasets for optimal results. This is
especially true with classifiers such as random forestwhich perform no alterations to input data
directly. As such, thesuccess in rendering a higbquality province wide wetland inventorydepends
upon sourcing andpreparing specialized map feature layers which specifically aid in differentiating
both wetlands from nonwetlands (uplands), as well as individual wetland typesA selection out of
the following metrics was compiled for the complete extent of Nova Scotia and included in our
prototype wetland mapping process of the provinceA complete list is included in the methods
section.

1.4.1 Lidar Derived Metrics
The province wide lidar inventory provides a significant and unique advantaf@ upgradingthe
provincial wetland inventory. The occurrence of wetlandss naturally related to elevation and

. _____________________________________________________________________________________________|
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elevation derivatives such as local slope and metrics which can be derived from lidar elevation
including various wet area indexes

1.4.1.1 Digital Elevation Model (DEM)
Thedigital elevation model (DEM), also known as thdigital terrain model (DTM) is a foundational
form of lidar data in whichthe lidar point cloud has been classified as valid ground returns and
rasterized (Aguilar et al. 2010). hDEM has bea reported as the highest performing classification
feature for detecting wetlands in some casesl(@aRocque2020). This dataset is the basis for many
additional lidar derived metrics used in wetland mapping.

Figure2 shows a lidar derived DEM of central soutlivestern Nova Scotia (Springfield). Drumlin glacial till mounds are
seen as topographic highs, whereas flat, possible wetland and water areas are visible as well. Lidar DEMs are typically
shaded to accentuate surfice features as is presented here.

1.4.1.2 Canopy Height Model (CHM)
Canopy height model (CHM) s critical for providingaccurate tree canopy characteristics, such as
growth andvolume estimations (Khosravipour et al. 2015)These data are typically computed as
the vertical difference between the DEM and the Digital Surface Model (DSM). The resulting value
represents the normalized height from the ground to the, typically, highest valid lidar return. For a
CHM to be considered arue canopy model, typically the analysis is limited to vegetation by
masking or removing structures such as buildingsCHMs are valuable for further characterizing
wetland structures such astreed swamp forest canopy and vegetationcharacteristics. Wang et al
(2017) have demonstrated, for example,that CHM values can have a high correlation with certain
short standing wetland vegetation species.

. _____________________________________________________________________________________________|
NOVA SCOTIA COMMUNITY COLLEGEPPLIED GEOMATICS RESEARCH GROUP 6



IMPROVED METHODS FOR WETLAND IDENTIFICATION

1.4.1.3 Slope
Slope servesas a critical factor in wetland identification. Areas with lower slope angles are
typically more conducive to wetland formation, as they facilitate water accumulation and reduced
drainage, compared to regions with steeper slopes (Uuemaa et al., 2018).

nscc

Applied Roscarch

Figure3 shows a direct computation of the previous lidar DEM extent showing slope. Slope is displayed in, for example
here, 0-90 degree (Springfield Area, NS).

The slope is calculated as the rate of change in elevatigiz)over a distance(x), which can be
directly computed from the lidar DEMwhere:

1.4.1.4 Depth To Water (DTW)
Depth to Water (DTW) is an analytical derivative of the lidatevation modelwhich estimates an
elevation difference between a given raster location andhydraulically least-cost connected water
or drainagelocation elevation. Water locations can be definedas lakes, streams, orrivers (Murphy
et al., 2007) Functionally this metric highlights areaswhich exhibit greaterlevels of water
saturation and less drainage and are thus a vegowerful metric for determiningthe presence of
wetlands.

1.4.1.5 Geomorphon
Geomorphonsare a form ofpattern-based classification which describes each cell of a DEM
according to one of the followingflat, peak, ridge, shoulder, convex slope, slope, concave slope,
foot slope, valley, pit/depression Gtepinski, 2011; Gioia et al. 2021) Geomorphons have been
shown to successfully detect wetlands when paired with deeplearning methods Mainali 2023).
|
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Figure4 shows (top) the category output for the geomoprhon tool in ArcGIS. Geomprhon categories include flat (1), Peak
(2), Ridge (3), Shoulder (4), Spur (5), Slope (6), Hollow (7), Foot slope (8), Valley (9), Pit (10). Below shows the scalar
output. Note that flat and low features become highly apparent (Springfield Area, NS).

1.4.1.6 Deviation of the Mean Elevation (DEV)
Deviation of the Mean ElevatiofDEV) isa variation of the Topographic Position Index (TPWhich
refines the analysis by focusing on the elevation deviation of a specific pixel from the mean

elevation within a specified window, normalized by the standard deviation of that window. This
-
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approach enhances the model's ability to highlight flat areas in regions of low topographical relief,
making it particularly effective over the conventional TPI for delineating wetland areaBEV is
highly useful when analyzing heterogeneous landscapes, as it is scaled by local ruggedness
(Lindsay et al. 2015).

Figure5 shows DEV calculations of various kernel sizes. Shows here are a more higisolution DEM of 100m kernel (left)
and DEV processed with 1000m kernel (righthltering the DEV kernel highlights differing landform featureéTusket Lake
Area, NS)

Where:

T D =window size
1 z,= elevation of the window centre cell
1 A= window mean elevation

1.4.1.7 Topographic Wetness Index (TWI)
The Topographic Wetness Index (TWI) is a quantitative measure that assesses the potential for soil
saturation and water accumulation in each area, based on topographfKopecky et al., 2021).
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Figure6 shows an example Topographic Wetness Index (TWI). Note that water bodies and low laying (poor draining areas)
are preferentially highlighted. This analysis is done by computing the drainage across lidar data. (Springfield Area, NS)

TWI is calculated as the natural logarithm of the ratio of the total catchment area to the flow width,
divided by the tangent of the slope. This index is pivotal for identifying areas with higher moisture
levels, which are indicative of wetland presence.
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1.4.1.8 Hydrological Fill Difference

The Hydrological Fill process is essential in preparing elevation models for accurate computation
of topographic wetness indices (TWI) and depth to water (DTW). It involves simulating the filling of
depressions in the terrain to ensure hydraulic pathwaysr@ appropriately represented in the
elevation model. The Hydrological Fill Difference metric specifically identifies areas that may not
be adequately drained or do not drain well in the DEM. This identification is crucial for accurately

analyzing areas proe to wetland conditions by highlighting potential discrepancies in hydraulic
connectivity, thus ensuring more accurate wetland mapping.

. _____________________________________________________________________________________________|
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Figure7 shows how the fill difference (FILLD) analysis can help indicate specific discrete water and low depressions. This
technique is computed as a requirement for the TWI data and is included due to its convenience. (Springfield Area, NS)

1.4.1.9 Chrome DEM
In this study, we introduce the novel Chrome DEM metric, which employs a distinctive approach by
calculating the maximum of the mean slope across an increasing scale which effectively
normalizes and scales the index appropriately. In effecthis balances the detection of both micro
habitat variations and broader landscape featuresln practice this analytical layer performs only
marginally better than slope directly in high slope areas, whereas it tends to differentiate flat
h6 RNDGIJI &k WE | 1J ekt Llgnl | 1VeG LilhetUE Rynil2hI TdY! sHOWIN 6 Rt WG ¢! 131 W6 ¢t We dt Y
inspecting low laying areas to highlight possible forested wetlands, for example, through
inspection directly.
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Figure8 show the results of the CHROME analysis, which is computed from lidar slope. Note that low lying flat features
are highly visible and differentiated generally from higher lying flat areas. (Springfield Area, NS)

This technique seems to ensure a comprehensive and comparably uniform metric that significantly
enhances the accuracy of wetland mapping across diverse geographical landscapes.

EQ £ aQ0MNT Gt ., GOHE GO HE
Where:
1 T =average
1 U= standard deviation
1 S =slope

1.4.2 Satellite Derived Metrics

Satellite-derived metrics, particularly from Sentinet2 bands, provide essential spectral

information for wetland mapping. This data, capturing a range of wavelengths, enables the precise
identification and classification of wetland areas through the analysis of vegetation health and
moisture content.

Sentinel-2 bands and their associated wavelengths can be found in the following table from Kaplan
& Avdan (2017):

Table2. Sentinel2 bands (from Kaplan & Avdan 2017).

Sentinel-2 Bands Central Wavelength (um) Resolution (m)
Band 1- Coastal aerosol 0.443 60
Band 2- Blue 0.490 10
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Band 3- Green 0.560 10
Band 4- Red 0.665 10
Band 5- Vegetation Red Edge 0.705 20
Band 6- Vegetation Red Edge 0.740 20
Band 7- Vegetation Red Edge 0.783 20
Band 8- NIR 0.842 10
Band 8A- Vegetation Red Edge 0.865 20
Band 9- Water vapor 0.945 60
Band 10- SWIR- Cirrus 1.375 60
Band 11- SWIR 1.610 20
Band 121 SWIR 2.190 20

1.4.2.1 Sentinel2 Cloud Free Mosaics
Satellite data can be, and typically is, incorporated into a classification model directly as bands
(Jahncke 2018; Amani 2019;aRocque2020; DeLancey2021). However, special care must be
made to ensure that clouds are removed from such data. This can be done by carefully selecting
and compositing cloud free scenes though this proves to be a challenge over large geographies,
while maintaining consistent conditions such as lighting and ground changes. A popular approach
to facilitate this conveniently is to integrate a large number of satellite images over time suchat
the individual changes scene to scene can be averaged out in some way. Typically, this technique
is employed on externally hostedsatellite processing systems such as Google Earth Engine (GEE,
Gorelick et al 2017). These scenes can be composited using the average (mean) or perhaps median
observed value, and clouds can be further suppressed with special compensation or masking. A
particularly robust method of cloud masking is specifically available on th GEE platform namely,
the Cloud Score Plus featureRasquarella2023). This specialized masking value, derived from
deep learning of cloud occurrences, can be specifically applied tehe Harmonized Sentinet2 MSI
Level2Accatalog of satellite images to very competently suppress cloud occurrences to produce
very highquality cloud-free mosaics. For the methods of this paper, we produce, using GEE
platform, 10m resolution Nova Scotia scale SentineR mosaics which contain the median cloud
filtered observations of Red, Green, Blue, and NIR bands for each season (spring, summer, and fall)
across the entire available Sentinel2 catalog (approximately March 2017 t®ec. 2023). We further
generate resampled 10m resolution for all additional bands (see above table) specifically for the
fall season.

This data collectively provides a remarkably robust analytical tool for ecological mapping across
Nova Scotia. Although compilinghese types of dataare made much more feasible and high quality
in systems such as GEE, a similar procedure could be undertaken to compile the data from free
sources. Whereas GEE is only available for free to academic and research purpos#éss worth
considering other similar options which maybe more readily available to the provincial
government.

. _____________________________________________________________________________________________|
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Figure9 shows an example a location for a cloudree median RGB composite of all available Sentief fall time images
¢2¢R0¢ AT VIOY U BhrEdBiret SeathdRFivBRevdl2@m 4 09 G Ya Tt 06| WOnal q6 131 On RO q Il 13T 0z |
deep learning feature. Near Infrared is available but not shown. (Springfield Area, NS)

Figure10 shows the same as previous but filtered to summertime images. This is done by filtering scenes to an
appropriate range of Julian days before computing the median observed pixel values. (Springfield Area, NS)
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Figure1ll again shows an example Sentine?2 median mosaic of the springtime. This is computed in a similar way to both
fall and summer by adjusting Julian day ranges. (Springfield Area, NS)

1.4.2.2 Normalized Digital Vegetation Index (NDVI)
To further increase the signal of vegetation, specifically health and wetness, the Normalized Digital
Vegetation Index (NDVI) is perhaps the most popular index to be computed directly from satellite
bands. TodayNDVI is a commonly used index, which was first describeby Deering(1978).

. _____________________________________________________________________________________________|
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Figure12 shows an example of a standard NDVI calculation derived from Near Infrared and Red satellite bands. Note that
vegetation becomes highly differentiable fronwater and roads. Subtle variations are also important across vegetated
areaswgenerally indicating variations in health, growth state, or species. (Springfield Area, NS)

The following equation is from Deering (1978):

Ye QiYl QQ
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1.4.2.3 Normalized Anthocyanin Reflectance Index (NARI)

The Normalized Anthocyanin Reflectance Index (NARI) effectively quantifies the autumnal
anthocyanin accumulation in canopies of Ericaceae, a family of flowering plants in acidic and
nutrient-poor environments. NARI outperforms the Normalized Difference Veggation Index (NDVI)
for mappingspecific wetland species, significantly improving the estimated area of Ericaceae
dominated shrublands, for example NARI's sensitivity to anthocyanin, a pigment that can be
prevalent in Ericaceae species during the autumpallows for the detection of these shrubs when
they are most distinct from other vegetation. This is particularly useful in peatlands where these
species might indicate more acidic conditions (bogs) or less acidic, nutrientich conditions (fens)

(Bayle et al2019). Note that NARI is dependent on coarser resolution Sentier bands, and this is
not natively 10m in resolution as RGBNIR, or NDVI.

U Ow™O
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Figure13 shows that the NARI index is capable of further differentiating vegetated environments. Note for example the
prevalence of bight areas bounding some low laying lake perimeter. (Tusket Lake Area, NS)

The following equation for NARI iprovided byBayle et al. (2019):

p P
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1.4.2.4 Red Edge Inflection Point (REIP)
The RedEdge Inflection Point (REIP) is particularly valuable for wetland classification because it
captures the precise transition between the red (R) and neanfrared (NIR) parts of the spectrum
where chlorophyll absorption featurescan suddenlychange. This shift not only reflects changes in
chlorophyll content but also indicates various plant conditions such as Leaf Area Index (LAI),
nutrient levels, and water content These areall crucial for analyzing the health andimportantly,
composition of wetland ecosystems. As chlorophyll content increases, the reeedge shifts to
longer wavelengths, and vice versa, allowing detailed monitoring of vegetation dynamics within
these environments (Herrmann et al. 2010) Similar to NARI, this in@x relies on coarser resolution
Setntinel-2 bands (B5, red edge, 20m) and this produces a coarser index than RGBN or NDVI.
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The following equation for REIP is provided by Herrmann et al. (2019):
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1.4.2.5 Sentinell VV and HV
Sentinel-1, a European Space Agency satellite equipped with-Band Synthetic Aperture Radar
(SAR), utilizes VV (verticaltertical) and VH (verticalhorizontal) polarizations to distinguish surface
features in wetland areas.TheseSentinel-1 images are similarly available on GEE and can be made
into seasonal median composites much the same wayws was done with Sentinel2 data, though
without complication due to clouds which are generally not visible it-band radar.VV polarization
is particularly sensitiveto variations in soil moisture and surface roughness, making it highly
effective for detailed soil moisture mapping. VH polarization, on the other hand, is responsive to
vegetation structure and water content, whichis understood to be valuablefor the classification
and monitoring of wetland vegetation(Ma et al 2020).

To compensate for the systematic bias of terrain angle common to active radar system such as
Sentinel-1, various ratios of observations (such as VV, VH) may be computdd.addition to VV and
VH directly, we include a normalized difference ratio value calculated as such:
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1.4.3 FeaturesNot Implemented
The following additional metrics have been identified to bealuable buthave not been included in
this study to date. They are provided here as a future reference for continued analysiSenerally,
these layers are not included due tosarious processing constraints and/or prioritization, but each

should be considered for future work.
|
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1.4.3.1 Normalized Difference Water Index (NDWI
TheNormalized Difference Water IndexNDWI) is effective for enhancing water features and
assessing water clarity but is less suitable than NDVI for differentiating vegetation types in
wetlands (McFeeters, 1996). This isomputed by replacing the red band of NDVI with the green
band, which has greater penetration in water. While it otherwise may not have significant
improvement versus NDVI for terrestrial land types, it mape worth integrating forshallow water-
type wetlands.

NDWI is described inMcFeeters(1996) as such:
0o Oy
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1.4.3.2 Moisture Stress Index (MSI)
The Moisture Stress Index (MSI), calculated as the ratio of neimfrared (NIR) to shortwaveinfrared
(SWIR) reflectance, is effective for identifying moisture content in vegetation and has been shown
to improve the accuracy of peatland identification (Pag et al., 2020). While not incorporated into

our study, MSI is noted for its potential to distinguish peatlands from marshespecifically and
could be valuablefor refinements tomapping wetland types (Hunt & Rock, 1989).
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YeE Qi
1.4.3.3 Normalized Difference Infrared Index (NDII)
Normalized Difference Infrared Index (NDII) is recognized for its robust performance in detecting
moisture content in wetland vegetation (Hardisky et al., 1983; Pang et al., 2020). NDII's application
in differentiating marsh and peatland areas has been vilated in studies and practical

implementations in Nova Scotia, as noted by J. Gallop, NSECC (pers. comm., 2028he following
adapted equation is described by Hardisky et a(1983):
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1.4.3.4 Enhanced Vegetation Index (EVI)
Enhanced Vegetation IndexEV) is a variation of NDVI where the green vegetation signal is
enhanced (Huete et al. 1997) and the atmospheric conditions and canopy background are
reduced (Wardlow et al.2007). EVI is used to monitor vegetation growth and coverage (Pang et al.
2020). The following EVI formula is taken from Wardlow et al. (2007):
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Where:

1 G=gain factor (2.5)
1 ~ #@&tmospherically corrected surface reflectance
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1 C.=aerosol resistance coefficient (6)
1 C.=aerosol resistance coefficient (7.5)
9 L= canopy background adjustment (1)

1.4.3.5 dual-pol Radar Vegetation Index (DpRVI)
The effectiveness of the dualpol RadarVegetation Index (DpRVI) in quantifying vegetation
biophysical parameters, as demonstrated by Mandal et al. (2020), indicates its potential in
ecological monitoring applications. This represents one of manpossible variants on methods to
normalize Sentinell to compensate for terrain angle and other biass. Mandal et al (2020)
describe DpRVI as:
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1.4.3.6 Significant WaterDepth Increases SWDI)
Zhang et al (2022) present a framework to detect Significant WateiDepth increases(SWDI)
directly observable from Sentientl (S1) SAR backscatteThismay beof specific use when
considering the role of wetland feature with respect to flood water abatement.The SWDI is
calculated in part using Normalized Difference Backscatter Index (NDBWhich considers SL
observations before and after a flood eveng, with the equation:

$") AO ADT3I$D
Where:

1 . " igthe target image pixel backscatter
1 .~ GUWR} LWaq 6avdhitbatksthtied | 1J
1 and SDp is the standard deviation of the prevent backscatter values.

1.4.3.7 Topographic Position Index (TPI)
The Topographic Position Index (TPI) is a measure calculated by dividing the elevation of a specific
cell in a Digital Elevation Model (DEM) by the mean elevation of a designated neighborhood around
that cell in various ways This metric is used to identify the relative position of landformsyhile not
distinguishing between ridges, valleys, and flat areas. TPI values can indicate areas likely to
accumulate water, thus aiding in the identification of potential wetland locations De Reu et al.,
2013; Vinod, 2017). For our study, thedesired effect of TPI is captured with various DEV
calculations as described. Generally though variants exist
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1.4.3.8 Curvature
Halabisky et al. (2023) demonstrate the effectiveness of integrating mukscale topographic
indices, including curvature, for identifying wetland formation areas. The study utilized curvature to
|
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highlight landscape depressions where watemay accumulate, which is valuable for inferring
wetlands obscured by forest canopy othat are ephemeral in nature. Thignay allow for the
enhancement of wetland mapping accuracy by delineating areas prone to water accumulation and
retention. Curvature at a point on a surfacegenerally,can be calculated using partial derivatives of
the elevation (2) with respect to the horizontal coordinates in variougnethods (such asa plan or
profile curvature). In practice, curvature metrics tend to be highly sensitive to subtle errors in lidar
and may appear complex over otherwise subtle terrain variations.

1.4.3.9 Valley Bottom Flatness
Gallant and Dowling (2003) describe multiresolution index of valley bottom flathess (MRVBF) which
leverages the DEM to delineate depositional areaghis index may have significant correlation to
the described geomorphon scalar valugbut likely may still warrant further exploration.

1.4.3.10 SAGA Topographic Wetness Index
While our methodology utilizes a streamlined calculation of the wetness indeas outlined, Mattivi
et al. (2019) present an extensive comparison of more complex algorithms, like the SAGA GIS toaols,
to derive more nuanced water accumulation metrics.These approaches were not examined in
detail for this study.

1.4.4 Existing Wetland Map Products dflova Scotia

1.4.4.1 Nova Scotia Wetland Inventory
As noted previously, Nova Scotia Department of Natural Resources has an existing inventory of
wetlands which does span the entire province. This assessment watigitized based on largescale
photography and updated with satellite imagery. The schema of wetland classifications used
conform to the the Canadian Wetland Classification System, and as such, it does appear this this
dataset has been integrated into the large€anadian National Wetlands Inventory (CNWI)These
data can be most easily accessedhrough theProvincial Landscape Viewer
(https://nsgi.novascotia.ca/plv/ ). Modified versions of this layer are available in various forms
though the Nova Scotia department of Environment and Climate Change directly.

1.4.4.2 Ecological Land Classification for Nova Scotia
An alternative to the official Nova Scotia Wetland Inventory exists as part of the wider Ecological
Land Classification (ELC) for Nova ScotiaNeily 2003 and 2017). This analysis was conducted
across Nova Scotia whereby the province is divided into 9 distinécoregiors, and further divided
RUqYUWODWERYT Rt q! RAqt WOWNSRY WY+ qlUt R2 1JLphysiGeGRUND WII # 1J 1
Land Classification (BLC) whereby the province was segmented insmall distinct topographical
base unitswhere topographic position, soil drainage, and soil texture attributes were considered.
This was refined with extensive expéknowledge, forest inventory data, and field validation to
provide a meaningful and comprehensive ecological categorization across the province. The
smallest ecological unit, Ecosections, coversthe province at approximately 1:10,000 scale. This
product includes wetland classifications which arenoted as poorly drainedEcosections of smooth
topography (Neily 2017).

. _____________________________________________________________________________________________|
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2 METHODOLOGY

2.1 DATASOURCE®NDINPUTS
The following is a precise list of all data utilized in the methods of this report. Additional information
related to each can be found in the previous section. The coverage of each listed data includes the
entirety of Nova Scotia.

Name Description Details Source Resolution Period
DEM| Lidar Elevation Model CGVD2013 m GeoNova/AGRG 1m 20162020
CHM | Lidar Canopy Height Model Height in m GeoNova/AGRG 1m 20162020

S1P| Sentinel 1 Spring Mosaic ~ Bands 2,3,4,8 GEE 10m 2014-2023
SP | Sentinel 2Spring Mosaic Bands 2,3,4,8 GEE 10m 2017-2023
SZ | Sentinel 2 Fall Mosaic Bands 2,3,4,8 GEE 10m 2017-2023

SZF20 | Sentinel 2 Fall MSI Mosaic Bands 5,6,7,8A,11,1z GEE 20m 2017-2023

DTW/| Depth to Water Height in cm NSECC 5m 20162020
PTS| Wetland Class ID Expert Identified NSECC 2,041 points

2.1.1 Provincial LidarData

DEM
meters (CGVD2013)

532012

103513

CHM

Figure14 shows the overview of both the lidar derived elevation model (left) and the canopy height model (right). These
data are the culmination of many individual aerial lidar scans across the province conducted between 2016 and 2020.

TheApplied Geomatics Research Group (AGRGhas access to lidar DEM and CHM tiles provided

by GeoNOVA Through various research activitiesthe AGRG routinelyefines aspects of the

combined DEM product, which is utilized here. Both this and the CHM model (which has been
mosaiced directly from GeoNova tiles) are native 1m resolutiorasters in vertical meters.

. _____________________________________________________________________________________________|
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2'1'2 Satellite Data

T

Figure 15 shows province wide satellite mosaics built using GEE. Each data are compiled in using seasonal median
across all scenes as described, and advanced cloud filtering is applied where appropriate. First are sentifRGB NIR
products at a native 10 mincluding (S2P,top left) springtime, §2S,top right) summer, §2Fmid-left) fall [NIR bands not
shown]. Mid-right shows 20m native fall season SentineMSI composite §2F2Q bands5,6,7 shown). Bottom shows
Sentinel-1 radar spring medians for VerticaMertical polarization (S1PVV, left) and VerticaHorizontal (S1PVH, right).
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Satellite data (indicated in the figure and table above) were processed with the considerations
described in the previous section. This includes advanced cloud filtering, and median pixel
calculation of all available scenes, per band, for each satellite. @ud filtering was not required for
Sentienl-1 radar data. Seasonal mosaics were computed by filtering collections by Julian day.
Overall, satellite datasets are generated from Google Earth Engine where:

Sentinel -2 Median Cloud-Filtered Composite s spanning 2017-03-28 to 202312-08:

Derived from Sentinet2 imagery within the 'COPERNICUS/S2_SR_HARMONIZED' datas&EE
representingthe median, cloud-filtered value using a cloud maskrom
'GOOGLE/CLOUD_SCORE_PLUS/V1/S2_HARMONIZED' with a threshold of 0.7.

i 611 JWht GI RUNK WR Untatcke dstifol Malt 3d st (Gulisin ¢hgsBOSR) drinually,

ht 20001 Kk WRUAG2T 13t Ws 2 UNWNY eEUToOYGLA Li2clel + LighLIMGE N Gak LbESIeAigRIAUF
November 30th (Julian days 244834). Each seasonal mosaic includeSentinel-2 bands 2,3,4 and 8

(R,G,B,NIR) at a native 10m resolutiowhereas only a fall mosaic was generated fdBands 5, 6, 7,

8A, 11, 12 (Reekdge, SWIR etc) at a native 20m resolution.

Sentinel -1 Median Composite s spanning 2014-10-03to 2023-12-08:

Derived from Sentinetl imagery within the COPERNICUS/S1_GRMataset in GEE, representing

the medianh t G| RUNKk WRUAG 2T It W ¢ q¢ W G¢ UURUIBIanualyé WNt q g Y
including both Vertical-Vertical (VV) and VerticaHorizontal (VH) polarization image bands at a

native 10m resolution.

All satellite data are exported from GEE to be utilized in ArcGIS with the extent basedtba GEE
dataset 'FAO/GAUL_SIMPLIFIED 500m/2015/levell’ to represent full coverage of Nova Scotia,
expanded by a 10km buffer.

2.1.3 Training/Validation Data

Wetland identifying training points were provided by the Nova Scotia Department of Environment
and Climate Change NSECC).Thesedata, totaling 2,041 data geographic points, constitutechigh-
guality expert derived wetland locations.Thesedata were used for both training and validation of
the classification model.

. _____________________________________________________________________________________________|
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Table3 shows the total count of training/validation data provided by NSECC
WetlandCategory Count
Bog 342
Fen 218
Marsh 196
Salt Marsh 179
Swamp 303
Upland 630
Water 173

High quality training data such as this with @onsistent source from an expertinterpretation are
critical to the success of such classification routines. That these datapoints are extensiveand
cover the entirety of the province and span each of the Nova Scoti&coregions- provides our
model with the foundation for general applicability across the province in variouscological
contexts when trained.

2.1.4 Ancillary Data

Published locations for wetlands in Nova Scotia were preided by the NSECC in the form of the
official Nova Scotia Wetland Invetory. This data proved useful as aoverall benchmark and
spatial comparison to our results. Additionaly, the wetlands identified in the Nova Scotia
Ecological LandClassification (2017) provel to be avariable referenceto compare against our
results in a lroad sense.
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NSE Wetlands I 165 ELC Wetlans
Inventory
[ 6o (172)
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ot (552) p

Figure16 show the Nova Scotia Wetlandinventory consisting of 101,579 total wetland polygong/hich closely adheres to
the Canadianwetland classification schema (NSE Wetland3. Wetland extents found in thefinest ecological units of the
Nova Scotia Eological Classification of 2017, provide additional contexiand information which proved useful for a wide
consideration of our results.

2.2 OVERVIEW OF THHROPOSEIMETHODOLOGY

For ourapproach, we constructed 38 key wetlandclassification rasters chosenbased on expert
discussion and literature review.The overall procesghen relies on the AutoMLtools found in the
GeoAl suite of tools in ArcGIS8.1.1. Utilizingthe bestavailable source for lidarground and canopy
elevations, as well as optical and radar satellite information, a complete provinial wide suite of
image composites was constructed at 10 meer spatial resolution. N 6 raithUsing AutoMLK LU
ArcGIStool is then used to compute a best ensemble classification model based owetland
classification points provided by NSECC A segmentation methodwas then conducted on selected
layerswherein a fullprediction and classification was performed on each segment based on the
average value ofor each of the 38ayers.

. _____________________________________________________________________________________________|
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Figure17 shows the overall proposed wetland mapping procedure. Each of the input datasets were resampled to a
consistent 10-meter resolution andformed a total of 38 generated feature layers. These layetisen form the basis for
training an ensemble classification model The model ispredicted on polygon features formed from segmenting a
composite of layers highly sensitive to wetland delineation (TWI, CHROMYDVI).

2.3 DATACOLLECTIOMETHODS

While thereis a large list of elevation and satellite data types and sources, this project attempted

to consolidate these to a minimum set forsimplicity while also maintaining high quality and

province wide applicability. As such thisstudy relies heavily on the existing province wide lidar
raster data, made available by GeNOVA,and sources all satellite information from Google Earth
Engine (GEE). While this access t6EE was conducted under a research license and therefore data
is not directly shareable in all casesthis source was selected for rapid and highguality generation

of province wide seasonal cloud free mosaics.

2.3.1 Lidar Data

Lidar data, specifically Digital Elevation Model (DEM) and Canopy Height Model (CHM) tiles, were
acquired from GeoNOVAfor the years 2016 to 202@t a spatial resolution of 1 meter The lidar DEM
is referenced to the Canadian standard vertical datum CGVD2013 whereas the CHM was
referenced as relative height. Buildings ad some artifacts such as tile and water boundaries were
present in the CHM data and significant cleaning of these data were outside the scope of this
|

NOVA SCOTIA COMMUNITY COLLEGEPPLIED GEOMATICS RESEARCH GROUP 27



IMPROVED METHODS FOR WETLAND IDENTIFICATION

analysis. These tiles were then mosaiced together using ArcGIS to create comprehensive province
wide datasetsfor each. Special attention was paid to ensure best available data was preferentially
mosaiced into the final dataset.

2.3.2 Satellite Data

ENCt YUcCOWAYt ¢RHAL WYnW Y2¢WEHYqRCE Ws 1J1 1JWkRIddlddtios q 1JT LWe t
for the years 2017 to 2023employing the Cloud Score+ filter on harmonized imagery for cloud

free, median pixel value composites:

9 Spring: March 1st to May 31st annually

T Summer: June 1st to August 31st annually.

1 Fall: September 1st to November 30th annually.

1 Winter: December 1st to February 28th/29th annually.

This process was applied to all 10m resolution bands of Sentiné. Additionally, a separate mosaic
for the fall season was created for all 20m resolution bands, ensuring comprehensive coverage and
detail of the landscape across all available spectral band for each season.These data consist of
16-bit top of atmospherereflectance values. Additional information including a total list of

Sentinel-2 bands is available in the reference¢Google Developers 2024).Sentinel-2 data was the
basis for additional computed metrics as described including NARREIP, and NDVIAdditionally,
each Sentient2 band for each mosaic is included directly in the analysis.

Sentinel-1 data was also acquired in a similar mannefas the median 10 m pixeljor the described
spring timeframe and otherwise covering the entire timespanTwo radar polarization options were
included, vertical-vertical (VV), and crosspolarized vertical-horizontal (VH) which each provide a
differing noise and reflectance profile While C-band radar such as Sentinell is generally not
sensitive to clouds, reflectance can be heavily impacted by incident angle such as terrain angl€o
attempt to compensate these effects, a normalized difference was also computed between VV and
VH.

2.4 DATAANALYSI$’ROCEDURES

2.4.1 Compilation of desiredFeature Layers

A series ofPython scripts were constructed to generate each of thedesired rasters, selected from

the list of desirable features for wetland mapping. Each layer was resampled to 10 meteusing

bilinear or nearest neighbor as appropriate. A complete list of the included layers is as follovasid

nYl GWag6 DWRUGe qt WnWeqgel Wt WYl Whl*EGadcecUecaqVYIl ! W ¢t qJl kLW
steps:

Table4 complete list of feature layerswhich are directlyresampled orcomputed from input datasets. A full description

for each can be found in the previous sectiorDetails for the computation can be found in theaccompanying python
script.

Number ID Name Full Name

1 ‘ DEM Digital Elevation Model

. _____________________________________________________________________________________________|
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2 | CHM Canopy Height Model
3 | SIOPE Lidar Derived TerrainSlope
4 A CHROME Chrome DEM (Custom Metric)
5 | DEM150 Deviation of Mean Elevation (150 meter)
6 | DEV500 Deviation of Mean Elevation (500 meter)
7 | DEV1000 Deviation of Mean Elevation (1000 meter)
8 | FILLD Hydrological Sinks, Filled Depth
9| TWI Topographic Wetness Index
10 | LAND Geomorphon Land CoverIndex
11 | GEOM Geomorphon Scalar Value
12 | FILLD Hydrological Sinks, Filled Depth
13| S1IPVV Sentinel-1 Spring Vertical-Vertical Polarization
14 | S1PVH Sentinel-1 Spring Vertical-Horizontal Polarization
15| S1IPND Sentinel-1 Spring VV/VH Normalized Difference
16 | S2P2 Sentinel-2 Spring, Band 2 (Blue)
17 | S2P3 Sentinel-2 Spring, Band 3 (Green)
18 | S2P4 Sentinel-2 Spring, Band 4 (Red)
19 | S2P8 Sentinel-2 Spring, Band 8 (NIR)
20 s2s2 Sentinel-2 Summer, Band 2 (Blue)
21  S2Ss3 Sentinel-2 Summer, Band 3 (Green)
22 | S254 Sentinel-2 Summer, Band 4 (Red)
23 | Ss2s8 Sentinel-2 Summer, Band 8 (NIR)
24 | S2F2 Sentinel-2 Fall, Band 2 (Blue)
25 | S2F3 Sentinel-2 Fall, Band 3 (Green)
26 | S2F4 Sentinel-2 Fall, Band 4 (Red)
27 | S2F8 Sentinel-2 Fall, Band 8 (NIR)
28 | S2PNDVI  Sentinel-2 Spring, NDVI Composite
29 | S2SNDVI  Sentinel-2 Summer, NDVI Composite
30 | S2FNDVI  Sentinel-2 Fall, NDVI Composite
31 | S2F5 Sentinel-2 Fall Band 5
32 | S2F6 Sentinel-2 Fall Band 6
33 | S2F7 Sentinel-2 Fall, Band 7
34 | S2F8A Sentinel-2 Fall, Band 8A
35| S2F11 Sentinel-2 Fall Band 11
36 | S2F12 Sentinel-2 Fall Band 12
37 | NARI Normalized Anthocyanin Reflectance Index
38 | REIP Red Edge Inflection Point

. _____________________________________________________________________________________________|
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Figure18 shows a graphicalsummary of all includedexplanatoryrasters usedfor the wetland classfication model. All
rasters arederivedlidar or satellite seasonal mosaics generatedusing google earth engine (GEE). Depth to water (DTW)
was provided by NSEC@t a native 5mresolution and resampled10 m to be consistent with all other raster layers.

2.4.2 TrainingAutoMLensemble Model

Using the ArcGISGeoAl Train Using AutoML tool, we extract point values for each of the training
data points provided byNSECCfor all explanatoryfeatures. A random sample of 106 of the
provided wetland identification points were withheld from the training to validate the modelwhich
is the defaultvalidation percentagefor the AutoML tool This validation step is critical for assessing
the model's accuracy and generalizability to unseen datalThe performance of each classifier is
tested using a standardLog loss function which tests both accuracy and confidenceThe resulting
model forms the bestensemble classifier based on a suite of attempted classification routines.
Higher performing classifiers are weighted into the final ensemble classification model including
LightGBM, CatBoost, and Linear classifiers.

Table5 shows the total scope of models utilized by théAutoML classifier in ArcGIS pro. Top performing classifiers are
used to generate a single Ensemble model

Model name Model type  Metric type  Metric Training

value time

(Seconds)
1 DecisionTree Decision Tree  logloss 1.23063 0.64
2_DecisionTree Decision Tree  logloss 0.991596 0.65
3_DecisionTree Decision Tree  logloss 0.991596 0.66
4 Linear Linear logloss 0.325585 0.91
5_Default_LightGBI LightGBM logloss 0.276918 3.61
6_Default_Xgboost Xgboost logloss 0.24405 4.68
7_Default_CatBoos CatBoost logloss 0.207643 31.53
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https://www.ramsar.org/our-work/wetlands-international-importance/ramsar-list
https://hdl.handle.net/1969.1/DISSERTATIONS-253780



https://novascotia.ca/nse/wetland/
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https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_HARMONIZED#bands
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