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ABSTRACT

Keywords:

Surface water mapping

Remote sensing classification

AWEI

NDWI

Sentinel-2 multispectral satellite imagery
Earth observation

Surface water maps are useful in a variety of disciplines from climate change analysis to water
resource management. Multispectral satellite imagery can be used to derive such surface water
maps using a variety of image processing methods. The medium resolution Sentinel-2 multi-
spectral satellite imagery catalogue is currently used extensively for surface water mapping. The
quality and accuracy of these maps produced from Sentinel-2 imagery can vary greatly depending
on the method applied to classify the image pixels into land or water. Thus far, there has not been
a consensus on which method produces the highest accuracy surface water maps, warranting a
direct comparison to assess these methods in a wide range of geographic settings. Here we show
that among some of the most commonly applied surface water mapping methods (NDWI,
MNDWI, AWEI SH, AWEI_NSH, AWEI_BOTH, SVM, RT, MLC, and KNN) that no single method
produced the most accurate maps across the four locations studied, but AWEI_NSH performed the
best overall across the four locations, and SVM was the best performing machine learning tech-
nique. Rather, each method’s performance was shown to depend on the objects present in the
image (e.g., built-up, shadows, vegetated shorelines, narrow waterbodies, etc.) and how suc-
cessfully the method was able to classify those objects properly. This is in-line with current un-
derstanding of spectral index methods’ performance, and we provide recommendations to aid
remote sensing data users in choosing a suitable method based on their image’s characteristics.
Using these recommendations, we hope that the quality of surface water maps derived from
multispectral satellite imagery will be improved for all disciplines that utilize such data by
allowing users to choose the method that is best fit to the application.

Nomenclature

AWEI Automated water extraction index
KNN K-nearest neighbour

LWIC Land water image classification
MLC Maximum likelihood classifier

MNDWI Modified normalized difference water index
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NDWI  Normalized difference water index
RT Random trees

SVM Support vector machine

S2/MSI  Sentinel-2 Multispectral Instrument

1. Background and research need

Remotely sensed satellite imagery is a valuable source of data to understand the impact of humans on the environment and the
impact of the environmental processes on humans at a moment or over a period of time. Satellite imagery can be used to investigate a
variety of anthropogenic activities and their consequences as well as environmental phenomena, including deforestation, agricultural
intensification, urbanization, flooding, droughts, natural fires, and volcanic activity. Remotely sensed satellite data are generally
processed via classification methods into Land Cover and Land Use (LCLU) data and are valuable resource to produce large Earth
Observation (EO) datasets and Satellite Image Time Series (E. D. Chaves et al., 2020). A subcategory of LCLU data are remotely sensed
satellite data that are classified into just two categories: land and water pixels. This is done to closely analyze the relationship between
humans and the Earth’s surface water. Surface water mapping or land-water image classification (LWIC) of satellite imagery is a
popular research topic and has included detection of dam surface water (Yilmaz et al., 2023), floods (Ireland et al., 2015), rice crops
(Boschetti et al., 2014), coastal lagoons (Senel et al., 2020), wetlands (Pena-Regueiro et al., 2020), and lakes (Roach et al., 2012; Thati
et al., 2021). Additionally, land-water classified satellite data have been used to track changes in surface water extent (Ksenak et al.,
2022) or shoreline deviation (Alcaras et al., 2022; Manaf et al., 2016) for climate change purposes. However, successful classification
of remotely sensed satellite data into land and water pixels is a process that can be impacted by numerous factors (Khatami et al.,
2016), and many methods to perform LWIC exist with varying levels of accuracy. Thus, it is the goal of this study to test commonly used
LWIC methods to identify which method performs best overall and to identify what characteristics or objects within the image impact
the quality of the surface water maps produced by each method.

Most applications of remote sensing satellite data classification have been developed for moderate spatial resolution instruments (e.
g., the Moderate Resolution Imaging Spectroradiometer or MODIS at 250 x 250 m) (Bolton et al., 2020; E. D. Chaves et al., 2020). More
recently, there has been heavy emphasis on utilizing the medium-resolution (e.g., 30 x 30 m) Landsat image series, specifically
Landsat-5 Thematic Mapper (L5/TM), Landsat-7 Enhanced Thematic Mapper (L7/ETM), and Landsat-8 Operational Land Imager
(L8/0LI), for EO applications, as medium-resolution data are more suitable to detect changes in human-environment systems at
regional scales (Chen et al., 2015; Huang et al., 2020). The Landsat resources cover a timespan from 1984 to present and have a repeat
cycle of 16 days. In contrast, similar products from the Sentinel-2 MultiSpectral Instrument (S2/MSI) cover a timespan from 2015 to
present and have a repeat cycle of 5 days. This shorter time span of available imagery may explain why, comparatively, less image
classification research and application has been conducted using S2/MSI, despite the fact that several S2/MSI bands have a finer spatial
resolution than the Landsat resources. For example, S2/MSI bands 2, 3, 4, and 8 have a spatial resolution of 10m compared to L8/OLI
which has a spatial resolution of 30m (Department of the Interior and U.S. Geological Department of the Interior, U.S. Geological
Survey, 2021; ESA, 2023).Table. 1

LWIC relies on the principle that water pixels and non-water pixels will have different reflectance values. For multispectral imagery
(L8/0LI and S2/MSI), each band of the imagery represents a different wavelength of light (see Table 2 for S2/MSI bands and com-
parable L8/0OLI bands), and water more readily absorbs certain wavelengths of light than others. In particular, light in the near infrared
(NIR) and shortwave infrared (SWIR) wavelengths are more readily absorbed by water than land. This difference in absorption can be
enhanced through spectral indexes or classical machine learning methods, to name a few. The simplest LWIC method is Density Slicing
where a single band of the imagery is used, and a pixel value threshold is selected to classify image pixels into the land category or the
water category (Bijeesh and Narasimhamurthy, 2020). Multiple slices or intervals can be applied to classify the image pixels into

Table 1
Study locations and characteristics.
Location Area Date of high- Source and resolution Date of River flow Mean river  Surficial Geology "
[km?] resolution of high-resolution S2/MSI rate” [m%/ width [m]
image image image s]
Red River 33 2019/06/30 PLEIADES 1 2019/06/ 171 80 Silt and clay, locally containing stone
(RedR) 50 cm 30
Sylvia Grinnell 39 2018/07/21 WorldView-2 2018/07/ 178 120 Till blanket; diamicton; thick and
River 50 cm 21 continuous
(SGR)
Riviere-Rouge 25 2019/09/29 TripleSat 2019/09/ 61 50 Sand and gravel; variable thickness
(RougeR) 80 cm 21
Fraser River 30 2020/09/08 KOMPSAT-3 2020/09/ 2110 75 Colluvial deposits, undifferentiated;
(FR) 70 cm 07 blocks, rubble with sand and silt with
minor clay

@ River flow information from Water Survey of Canada (Government of Canada, 2023).
b Surficial Geology from the Gridded Soil Landscapes of Canada (Agriculture and Agri-Food Canada; Science and Technology Branch; Government of Canada, 2016)
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Table 2
S2/MSI imagery resolutions, wavelengths, and comparable L8/OLI bands (Department of the Interior and U.S. Geological Department of the Interior, U.S. Geological
Survey, 2021; ESA, 2023).

Band Resolution [m] Central wavelength [pm] Description L8/0LI equivalent band (central wavelength)
1 60 0.443 Coastal & aerosol -

2 10 0.490 Blue 1(0.482)
3 10 0.560 Green 2 (0.561)
4 10 0.665 Red 3 (0.656)
5 20 0.705 Visible and NIR -

6 20 0.740 Visible and NIR -

7 20 0.783 Visible and NIR -

8 10 0.842 Visible and NIR 4 (0.865)
8a 20 0.865 Visible and NIR -

9 60 0.940 SWIR -

10 60 1.375 SWIR -

11 20 1.610 SWIR 5 (1.609)
12 20 2.190 SWIR 7 (2.201)

categories corresponding to the likelihood of the pixel representing water or land (Bijeesh and Narasimhamurthy, 2020). Instead of
using a single band of imagery, a spectral index can be used to make use of multiple bands of imagery to better differentiate between
land and water. Common spectral index-based LWIC methods include the Water Ratio Index (WRI) (Shen and Li, 2010), the
Normalized Difference Water Index (NDWI) (McFeeters, 1996), the Normalized Difference Vegetation Index (NDVI) (Goward et al.,
1991), the Modified Normalized Difference Water Index (MNDWI) (Xu, 2006), and the Automated Water Extraction Index Shadow
(AWEI_SH) and No Shadow (AWEI_NSH) (Feyisa et al., 2014). Spectral index-based methods can only be applied to multispectral
imagery. The general categories of common classical machine learning based methods include Support Vector Machine (SVM) (Cortes
and Vapnik, 1995), Random Trees (RT) or Random Forest (RF) (Breiman, 2001), Maximum Likelihood Classifier (MLC), K-nearest
Neighbour (KNN) (Cover and Hart, 1967), K-means Clustering Algorithm (Hartigan and Wong, 1979), Artificial Neural Network (ANN)
(Schalkoff, 1997), and Iterative Self-Organizing Data Analysis Technique (ISODATA) (Ball and Hall, 1965). Many more LWIC methods
exist beyond those stated (Bijeesh and Narasimhamurthy, 2020), and countless more exist when considering the combination of
spectral index-based methods and machine learning based methods (e.g., applying machine learning methods to an image that has had
a spectral index applied to it). Studies that have compared the success of these methods at LWIC have produced diverging results. Many
studies have found that NDWI produced superior results in their study location compared to other indexing methods (Alcaras et al.,
2022; Aroma and Raimond, 2021; Dona et al., 2016; Mukherjee and Samuel, 2016; Pena-Regueiro et al., 2020; Zhang et al., 2022),
while some studies specify NDWI only performed best under specific conditions (e.g., it performs best in high mountains (Wajiha
Khalid et al., 2021) or shallow waters (Yilmaz et al., 2023)) or even that NDWI performed poorly overall compared to other methods
(Gudelj et al., 2018; Ireland et al., 2015; Senel et al., 2020). Other studies have demonstrated that AWEI ((Feyisa et al., 2014; Senel
etal., 2020)), SVM ((Feizizadeh et al., 2023; Li et al., 2022; Manaf et al., 2016)), or RF ((Gudelj et al., 2018; Otukei and Blaschke, 2010;
Singh and Pandey, 2021; Yilmaz et al., 2023)) produced the most accurate LWIC data in their study location. Additional observations
include that MNDWI performed best in clear water (Sun et al., 2012), that MLC performed best in scene with built up environment (i.e.,
urban infrastructure) (Sun et al., 2012), that AWEI, SVM, and RF performed best in hilly, flat regions (Wajiha Khalid et al., 2021), and
that ISODATA was the best performing method in the study area (Thati et al., 2021). These examples illustrate the range and
inconsistency of findings from previous research focused on assessing suitability of LWIC methods. These inconsistencies may be linked
to site- or condition-specific factors that influence the performance and suitability of various LWIC methods.

Some research gaps are present that have not been fully addressed by existing literature comparing the performance of various
LWIC methods. First, it is uncommon for the LWIC methods to be compared in multiple locations with different objects and charac-
teristics present in the imagery. Therefore, sensitivity to various site- and condition-specific factors such as vegetation cover, soil types,
built-up, and the presence of shadows is not well understood. In addition, the spectral index-based methods that have been evaluated in
past studies were often applied using a single threshold, often selected using fundamental thresholding algorithms such as Otsu’s
method. In some studies, a threshold of zero was chosen (Sun et al., 2012; Wei et al., 2020), and, rather than testing the success of the
method at detecting water, this tested the stability of the spectral based-index’s threshold around the number zero. Most often, the Otsu
global threshold selection algorithm was applied (Ireland et al., 2015; Ksenak et al., 2022; Li et al., 2022; Thati et al., 2021), or it was
not explicitly stated how thresholding was conducted. Therefore, the degree to which individual LWIC methods were optimized prior
to comparison with other LWIC methods is often unclear or not fully considered in past research. Threshold selection sensitivity across
multiple spectral indices and across multiple image locations, in the interest of optimizing the accuracy of classified land and water
pixels, has been a rarely studied subject. However, the comparison of the performance of various automated thresholding algorithms
has been explored thoroughly in past research at a single waterbody location (Karaman, 2021; Sekertekin, 2021). This research found
that the minimum thresholding method produced the most accurate classification at their study site (Karaman, 2021; Sekertekin,
2021), although Otsu’s method is generally the most widely applied automated threshold selection algorithm. Additionally, error
analysis of LWIC methods has sometimes been performed with medium resolution imagery (Boschetti et al., 2014; Sekertekin, 2021;
Wei et al., 2020), so small differences in classification results caused by the different LWIC methods compared could not be observed at
a fine resolution. Finally, image classification results have often been assessed by evaluating the classification accuracy at randomly
selected points in the image (i.e., the kappa coefficient approach) (Dona et al., 2016; Wajiha Khalid et al., 2021; Mansaray et al., 2020;
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Pena-Regueiro et al., 2020; Yilmaz et al., 2023; Zhang et al., 2022) or in-situ measured shoreline points (Karaman, 2021). However,
these approaches can limit the observations that are able to be made regarding the image characteristics that cause misclassifications
(e.g., wet sand, certain types of infrastructure or vegetation, etc.) compared to when performing validation using high resolution
imagery.

Due to these aforementioned research gaps, this study attempts to.

1. Determine if there is an ideal method to perform LWIC of satellite imagery across multiple locations and to
2. Identify the characteristics of images that can cause misclassifications among these commonly applied LWIC methods.

This is the first study that this degree of comparison was performed for surface water mapping, as nine methods were compared
across four diverse images with varied image characteristics across Canada. To ensure fair comparison, each image was prepared to the
same level of pre-processing (Section 3.1), and each method was optimized by testing the stability of the thresholds for spectral index-
based classifiers (Section 3.2). The optimized thresholds were also tested against the thresholds selected via Otsu’s method, to un-
derstand the ability of Otsu’s method at selecting a suitable threshold. Additionally, the effects of resampling the 20 m multispectral
bands of S2/MSI imagery to 10 m were evaluated. The success of each method was tested using two baselines: the critical success index
(CSI, Section 3.3) and the root mean squared error of river widths (Section 3.4). It is hoped that this work will be used to guide in-
dividuals to use the LWIC methods and optimization techniques best suited for their image of interest in order to create high quality
surface water maps.

2. Study location and data acquisition

The S2/MSI imagery evaluated in this paper was open-source and downloaded through Copernicus Open Access Hub. S2/MSI
imagery was chosen for analysis in this paper as it is used extensively in surface water mapping applications. It provides a higher
resolution than the Landsat series, although the Landsat series has greater temporal coverage. Because of the similarities between these
two multispectral imagery catalogues (see Table 2 for similar band wavelengths between the two products), the findings in this paper
are expected to also be useful for the Landsat series. The S2/MSI imagery is available in two levels of processing: top of atmosphere

97°21'W _97°20'W  97°19'W .
/ = | | 68°37'W 68°35'W O8°33'W

2 Kilometers A )
0 1 2 Kilometers

(©) @

Fig. 1. Study locations and water polygons derived from high resolution imagery for validation purposes: (a) Red River (RedR), (b) Sylvia Grinnell River (SGR), (c)
Riviere-Rouge (RougeR), and (d) Fraser River (FR). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of
this article.)
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(TOA) in Level 1C and bottom of atmosphere (BOA) in Level 2A. Level 2A products are only available for dates 2019 to present and
Level 1C is available for 2015 to present.

Four locations in Canada were chosen for analysis based on the following considerations in an attempt to diversify the image
characteristics as much as possible: soil, vegetation, built-up, depth and turbidity of water, high albedo surfaces, presence of shadow,
presence of snow, and seasonality of imagery. The four locations are shown in Fig. 1 and are the Red River (RedR) near Morris,
Manitoba, in UTM zone 14N, the Sylvia Grinnell River (SGR) near Iqaluit, Nunavut, in UTM Zone 19N, the Riviere-Rouge (RougeR) and
Ottawa River near L’Orignal, Ontario, in UTM Zone 18N, and the Fraser River (FR) near Xaxli’p First Nation, British Columbia, in UTM
Zone 10N. The image for the RedR location was taken during a high flow event (50th percentile flow is 66), the image for the SGR
location was taken during a high flow event (50th percentile flow is 58), the image for the RougeR location was taken during a mid-
flow event (50th percentile flow is 71), and the image for the FR location was taken during a high flow event (50th percentile flow is
1010). Because all study locations were selected within Canada, there may be a lack of generalizability to the study. However, the
RougeR and FR locations are situated approximately 3500 km apart in the longitudinal direction, and the RougeR and SGR locations
are situated approximately 2100 km apart in the latitudinal direction. Thus, the breadth of image landcover, vegetation, and climates
are varied between the four image areas. Table A1 in the supplementary material lists all landcover classes included in the image areas.
Additionally, the effects of seasonal variation (e.g., additional hydrological conditions at each location) were not explored in this work
as a single hydrological condition was analyzed for each image area.

The Landcover of Canada dataset (Canada Centre for Remote Sensing; Natural Resources Canada; Government of Canada, 2015)
(Table A1 in supplementary material) was used to ensure the locations were varied enough to draw conclusions about the influence of
image characteristics on the success of LWIC. Snow and ice are included in the SGR image as the river is located in the Arctic, and
shadows are present in the FR image as the river is located in a canyon. Snow/ice and shadows are often difficult to discern from liquid
water in satellite imagery. Some other characteristics that were captured in the various locations were: different turbidity in water-
bodies (all four locations), many small bodies of water (SGR), uniform river size (RedR), narrow river size and rapids (RougeR and
SGR), built-up (all four locations), and river confluences (RedR, RougeR, FR). Table A1 summarizes the landcover classes that are
represented in each of the four locations. Although detailed quantitative data related to the turbidity and water quality (e.g., salinity,
sediment concentration, chl-a) for each of the waterbodies in the four locations was not available, quantitative observations and
generalized qualitative data were available from personal experience, field data collection at these locations (Kirby et al., 2023;

S2/MSI S2/MSI Validation
Level 2A Level 1C data
“True” waterbody extents

from high resolution
satellite imagery

Riviere-Rouge
Fraser River

Multispectral imagery L—{ Atmosprerlc
g correction

Red River ’ [ Sylvia Grinnell River ]

Training & classification:
1. SVM

Spectral indices:
NDWI

MNDWI 2. RT
AWEI NSH 3. MLC
AWEI_SH 4. KNN

A 5= B[ =

ArcGIS Pro

AWEI_BOTH @

ArcGIS Pro

Optimization test of
thresholds & resampling

|

[ Thresholding

Performance comparison:
Multispectral-based CSI of waterbody
extracted waterbodies area

1
‘ I 2.  RMSE of river widths

Fig. 2. Methodology framework. Grey boxes represent processing inputs, yellow boxes represent intermediate processing products, orange boxes represent image pre-
processing steps, and blue boxes represent main processing steps. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web
version of this article.)
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Venditti et al., 2014), and historical measurements from the Water Survey of Canada (Government of Canada, 2024). The Red River in
the RedR image location has high turbidity and low salinity. The average suspended sediment concentration across 1956 to 1961 in the
Red River was 303 mg/L. The Sylvia Grinnell River in the SGR image location has very low turbidity (nearly clear) and low salinity.
Suspended sediment data was not available for the Sylvia Grinnell River. The Riviére-Rouge and Ottawa River in the RougeR image
location have medium turbidity and low salinity. The average suspended sediment concentration across 1977 to 1979 in the Ottawa
River was 37 mg/L. The Fraser River in the FR image location has high turbidity and low salinity. The average suspended sediment
concentration across 1965 to 1979 in the Fraser River was 125 mg/L.

To perform comparison analysis, validation data were generated from high resolution imagery (shown in Fig. 1). Water polygons
were manually drawn from the high-resolution images, and it is assumed that there are negligible errors associated with these water
extents. The S2/MSI images were chosen to be as close to the high-resolution imagery date as possible with cloud-free conditions. The
dates of all the images are presented in Table 1, as well as the high-resolution imagery sources and resolutions. Level 2A S2/MSI
imagery was used for the RedR, RougeR, and FR sites. For the SGR site, only Level 1C S2/MSI imagery was available for the date of
interest.

3. Methods

3.1. Image preparation

No pre-processing was required for the Level 2A S2/MSI images which are already corrected to BOA reflectance. The Level 1C S2/
MSI image for the SGR site was converted from TOA to BOA reflectance using the Sen2Cor tool (Main-Knorn et al., 2017) in the
SeNtinel Application Platform (SNAP). The Sen2cor algorithm begins by applying a series of threshold tests to identify clouds, snow,
and other image features. The algorithm then uses these features’ reflective properties to calculate atmospheric and surface parameters
for future processing steps. Then atmospheric correction is completed based on aerosol and ozone values related to the image’s
geographic location. The pre-processing and main processing steps for the S2/MSI images are shown in Fig. 2.

3.2. Image processing and optimized thresholding

3.2.1. Spectral indices

For multispectral imagery, LWIC was conducted using both spectral index-based and classical machine learning-based methods, as
illustrated in Fig. 2. The spectral indices applied were NDWI, MNDWI, AWEI_NSH, and AWEI_SH. The equations for these indices are
shown below where the subscripts of each wavelength correspond to the bands presented in Table 2. These indices are also applicable
for use with bands of similar wavelengths for Landsat 8 imagery, and thus it is likely that this study’s findings are also applicable to the
Landsat imagery catalogue. The processing was completed using ArcGIS Pro Version 3.03.

P green PNIR
P green + PNIR

NDWI = (€9)]

MNDWI — Pgreen — Pswir1 @

Pgreen T Pswir1

Validation
data

S2/MSI
Level 2A
Indexed Imagery

)

“True” waterbody extents
from high resolution

—b[ Apply threshold (start at 0) ] ( satellite imagery

Multispectral-based
extracted waterbody

| Adjust threshold =0.1
(repeat until +0.4)

Fig. 3. Methodology of manual threshold adjustment procedure. Grey boxes represent processing inputs, yellow boxes represent intermediate processing products,

and blue boxes represent main processing steps. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of
this article.)

Performance comparison
via CSI
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AWEILNSH =4 X (Pyreen — Pswir1) — (0-25 X pypg +2.75 X psyyra) 3
AWEILSH = pgropn + 2.5 X Pyiye = 1.5 X (Pnig + Pswir1) — 0-25 X Pgwims C)

where py,, is the reflectance of the blue band (band 2 in S2/MSD), p,.., is reflectance of the green band (band 3 in S2/MSI), pyyy is the
reflectance of the NIR band (band 8 in S2/MSI), pgyz, is the reflectance of the first SWIR band (band 11 in S2/MSI), and pgyz, is the
reflectance of the second SWIR band (band 12 in S2/MSI). An additional parameter, AWEI BOTH, was generated by merging the
waterbody areas detected by both AWEI_ NSH and AWEI_SH.

3.2.2. Resampling

As shown in Table 2, bands 2, 3, 4, and 8 (blue, green, red, NIR) have a pixel resolution of 10m, but the two SWIR bands (11 and 12)
have pixel resolution 20m. The indices MNDWI, AWEI NSH, and AWEL SH include one or more SWIR band. Thus, the impact of
resampling the SWIR band from 20m to 10m on the LWIC results was also studied for each location. The resampling algorithm used in
this study was the cubic resampling algorithm. It resamples by performing a cubic convolution, and the updated cell value is calculated
by fitting a curve through the 16 nearest cell centres. This approach was suitable as the raster data used in the study was continuous.

3.2.3. Thresholding procedure

For each image and each spectral index-based classifier, the threshold selected to distinguish water from land was optimized
manually to: (1) be able to compare the results of each method while optimized in order to diminish the influence of the threshold
selection on the success of the methods and (2) to compare against the threshold selected by Otsu’s method. The methodology of the
manual threshold adjustment is present in Fig. 3.

By comparing the manually determined optimized threshold against the Otsu threshold, the reliability of Otsu’s method was tested.
Otsu’s method of determining an optimal threshold consists of minimizing the intra-class variance between the background and
foreground classes by utilizing the zeroth and the first order cumulative moments of the grey-level histogram (Otsu, 1979). To
manually determine the optimal threshold for NDWI, MNDWI, AWEI SH, AWEI NSH, and AWEI_ BOTH, a sensitivity test for the
optimal threshold was performed by varying the threshold by 0.1 intervals from +0.4 to —0.4. As such, the following thresholds were
tested for each spectral index: 0.4, 0.3, 0.2, 0.1, 0, —0.1, —0.2, —0.3, and —0.4. The success of the resulting classified image produced
by each threshold was then tested using the CSI (see Equation (5)). The threshold with the highest CSI was the optimized threshold and
was used in future comparisons.

3.2.4. Machine learning algorithms

The classical machine learning-based LWIC methods compared in this paper are SVM, RT (or RF), MLC, and KNN. The classical
machine learning tools were tested using the default user settings within the ArcGIS Pro environment, as described herein. This
enabled comparison of machine learning tools that are readily available for processing multiple images over large domains to identify
waterbodies. SVM is based on statistical learning theory (Smola and Scholkopf, 2004) which is used to locate boundaries of different
classes. The SVM algorithm applied in this study used nonlinear radial basis function with a 2S grid and optimal parameter pairs (C,
gamma) for the kernels used (Li et al., 2022). Additionally, it does not assume that the samples follow a normal distribution. The
default value of 1000 training samples per class was used for the SVM technique. RT (or RF) first uses training samples to generate a
discriminant function and then builds branches according to differing values. The process is repeated between lower nodes and
branches in each subset until the classification tree is formed (Li et al., 2022). The random forest algorithm developed by Leo Breiman
and Adele Cutler (Breiman, 2001) was used, and the function is resistant to overfitting. Default numbers of 50 maximum trees, 30
maximum tree depth, and 1000 samples per class were used for the RT function. MLC is a parametric classifier based on the Gaussian
probability density function model, which essentially calculates the possibility that each pixel can be included into a particular class
(Paola and Schowengerdt, 1995). KNN classification, the input for the training is the “k” closest examples in the samples. The training
samples are assigned to their respective classes via the training process (Cover and Hart, 1967). Default values of 1 neighbour and 1000
samples per class were used for the KNN technique.

For each study location, the high-resolution imagery was divided into two halves. One half was used to train each machine learning
method. The remaining half was used to evaluate the results of the LWIC. Therefore, the training/validation split for each location was
50/50. The spatial split of each of the four high-resolution images between training and validation was performed in an attempt to
include the unique image characteristics (e.g., built up, high albedo surfaces, shadows, snow/ice, etc.) in both the training and
validation samples.

3.3. Accuracy analysis

3.3.1. Comparison on the basis of waterbody area

Error analysis was performed by comparing the predicted waterbody area to the actual waterbody area (i.e., the waterbody area
manually delineated from high-resolution satellite imagery), rather than comparison based on randomly selected points. The
advantage of this comparison over randomly selected points is that many observations across the entire image’s extent can be made
regarding the characteristics in the images that cause misclassification, rather than observations that could be made only at the lo-
cations of the randomly selected points. Additionally, this method ensures that small differences between the results of the LWIC
methods are captured. Error analysis was performed using the CSI, shown below:
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where A are the correct predictions made by the model (in km2), or hits, B are the overpredictions by the model (in km2), or false
alarms, and C are the underpredictions by the model (in km2), or misses (Lim and Brandt, 2019). The CSI is commonly used as a
verification statistic for flood modelling accuracy (Sreekumar et al., 2022). Supplementary to these definitions for flood modelling, A,
B, and C will be defined as the matching area (MA), the omission error (OE), and the commission error (CE) for the purposes of satellite
imagery classification herein. In short, OE is where water was predicted at locations where there is no water in reality, and CE is where
land was predicted and where there was no land in reality.

3.3.2. Comparison on the basis of waterbody boundary

In addition to evaluating the success of LWIC methods at detecting the correct waterbody area, analysis of the widths of the rivers
extracted was performed to evaluate the success of the LWIC methods at detecting the waterbody boundaries. This method has been
used in floodplain modelling accuracy assessment as well (Lim and Brandt, 2019; Sreekumar et al., 2022). River centerlines were
generated using the true river extents and any flow split (caused by islands, sandbars, etc.) had an associated centerline. Perpendicular
transects were generated along the river centerlines at 100m intervals. The transects were clipped to the true waterbody extent for the
measured river width. The transects were also clipped to the extracted waterbody extent for the estimated river width. The two widths
(measured and estimated) were compared using root mean squared error (RMSE) and mean absolute error (MAE), shown below:

N ~\2
RMSE = Ei:l (M;\l,_ Wl) (6)
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where N is the number of transects or widths, w; is the width measured from the water polygons derived from S2/MSI imagery, and w;
is the width measured from the water polygons derived from the high-resolution satellite imagery.

4. Results

4.1. Threshold optimization, assessment of Otsu’s method, and effect of resampling

The manually determined optimized thresholds (MT) used to distinguish water from land using each index method on S2/MSI data
are illustrated in Table 3. Across the four study locations, the methods that produced the smallest range in optimal thresholds were
AWEI SH and AWEI_BOTH. Both had a range of 0.2. The other methods’ threshold ranges were not much higher at 0.3. A smaller range
in optimal threshold is desirable when processing many tiles of imagery, as the optimal threshold would be less likely to vary from
image to image. The optimal thresholds for AWEI_SH, AWEI_NSH, and AWEI_BOTH trended negative, while the optimal thresholds for
NDWI and MNDWI were closer to zero.

The reliability of Otsu’s method in selecting the most optimal threshold varied across the images and LWIC methods. Fig. 4 shows
the thresholds computed using Otsu’s method (Otsu’s threshold or OT), the manually determined optimized thresholds (MT), and the
histogram of pixel values for each LWIC method at each study location. The hollow points along the histogram curves indicate the
thresholds determined via Otsu’s method, and the solid points indicate the thresholds determined manually through optimization. The
legends at the top right of each graph show the difference between the OT and MT. The OT was the closest to the MT when using the
MNDWI spectral index, where the mean absolute difference (represented by MAE) between the OT and MT across the four images was
the smallest. The OT was consistently lower than the MT when using both the AWEI_NSH and AWEI SH spectral indices. The OT had
largest difference from the MT when using the AWEI_NSH spectral index.

When grouping the comparison of OT to MT by location rather than by LWIC method, the following average differences between

Table 3
Optimized (manually determined) thresholds for each spectral index method and each of the four locations, and the impact of resampling on the success of LWIC.
Location (Water area) Metric NDWI MNDWI AWEI_SH AWEI_ NSH AWEI_ BOTH
Red River (2.34 km?) MT -0.1 -0.1 -0.2 —-0.4 -0.2"
Resample” - Yes Yes Yes Yes
Sylvia Grinnell River (2.11 km?) MT 0 -0.1 -0.1 -0.4 -0.1°
Resample” - No Yes Yes Yes
Riviere-Rouge (5.18 km?) MT -0.2 —0.2 -0.1 -0.2 -0.1"
Resample” - No No No No
Fraser River (1.15 km?) MT 0.1 0.1 0 -0.1 0°
Resample” - Yes Yes Yes Yes
Threshold Range - —0.21t0 0.1 —0.2t0 0.1 —0.2to 0 —0.4to —0.1 —0.2t0 0

@ Resample indicates the impact of resampling on CSI. “Yes” indicates that a higher CSI was achieved when the image was resampled to a finer resolution.
b These values represent the selected threshold for both AWEI_ SH and AWEI_NSH.
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Fig. 4. Manually determined optimal threshold between land and water classes compared to the threshold determined via Otsu’s method.

OT and MT were calculated. For the RedR location, the average difference was —0.08 (—0.10, 0.10, —0.20, and —0.10 for NDWI,
MNDWI, AWEI_NSH, and AWEI_SH, respectively). For the SGR location, the average difference was —0.21 (0.15, —0.25, —0.50, and
—0.25), which was the second highest difference by location. For the RougeR location, the average difference was —0.06 (—0.05, 0.20,
—0.20, and —0.20), which was the lowest difference by location. For the FR location, the average difference was —0.41 (—0.55, —0.05,
—0.80, and —0.25), which was the highest difference by location and the difference between the OT and MT was consistently negative
(i.e., OT was consistently higher than MT). Of the four locations, the FR location contained the most shadow due to the canyon walls.
Additionally, the FR image’s histogram had some of the largest separation of water and non-water pixels peaks (see the black dashed
histograms in Fig. 4). This large separation in histogram peaks, with the water peak (i.e., the peak in the positive pixel value range)
amplitude being relatively small, may have created difficulties with Otsu’s method selecting a suitable threshold. The threshold
optimization results for all four locations are presented in Tables A2-A6 in the supplementary material.

Resampling improved the results in the RedR, SGR, and FR images, but not in the RougeR image, as shown in Table 3. Resampling
did not improve classification when the resulting extracted waterbody shorelines were not smoothed by this process. Rather, the
densification of the pixels at the shorelines created unorganized, scattered, and misclassified water and non-water pixels that did not

accurately represent the physical shoreline. The results of testing the effects of resampling at all four locations are presented in
Tables A3-A6 in the supplementary material.

4.2. Land water image classification of S2/MSI imagery — waterbody area basis

The best performing method of LWIC across the four sites was not consistent. Upon using the CSI metric to perform the comparison
based on total waterbody area, MLC produced the best results for both the RedR and SGR locations. AWEI_SH produced the best results
for the RougeR location. NDWI produced the best results for the FR location. Overall, SVM performed well at all four sites. MNDWI was
not the best performing method at any of the four sites. The OE, CE, MA, and CSI results are presented in Fig. 5, and the order of the
methods’ success in each image location are presented in Table 4. Upon summing all four CSI values resultant from each method and
listing the methods from highest summed CSI to lowest summed CSI, the order of most successful to least successful method was as
follows: AWEI_NSH (325.3%), AWEI_ BOTH (319.4%), AWEI_SH and NDWI (318.2%), SVM (298.1%), MNDWI (297.2%), RT (280.9%),
MLC (243.7%), and KNN (177.4%).

The best performing index for the RedR area (shown in Fig. 6) was AWEI_ BOTH, and all AWEI indices produced a CSI at least 5%
higher than MNDWI or NDWI. The best performing classical machine learning based method was MLC, and MLC slightly outperformed
AWEI BOTH. KNN performed the worst overall with a large amount of scatter, creating a high CE. Following the organization of Fig. 6,
the results of each method are as follows. NDWI performed worst of the index methods due to high OE. In the threshold optimization
exercise, NDWI was not able to capture the oxbow lakes as water without misclassifying the built up as water and thus increasing the
CE and decreasing the CSI. MNDWI had similar issues, but with misclassifying the shoreline pixels along the river as land, leading to
higher OE. AWEI_SH was able to detect most pixels correctly as water without misclassifying the built up as water, as indicated by the
small OE and CE. AWEI_NSH produced a slightly higher CE than AWEI_SH because some land shoreline pixels were misclassified as
water. The AWEI_BOTH result was very similar to AWEI_SH with similar OE and CE. Overall, MLC, SVM, and RT produced good results.
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Fig. 5. Classification accuracy of LWIC methods on S2/MSI imagery based on (a) OE [%], (b) CE [%], (c) MA [%], and (d) CSI [%]. The OE, CE, and MA are
normalized with the total waterbody area, and the values of the OE and CE outside of the 0%-50% range are shown.

Table 4

Order of classification success for each method in each image location with 1 being best and 9 being worst.
Image Location 1 2 3 4 5 6 7 8 9
RedR MLC AWEI_ BOTH AWEI_SH SVM RT AWEI_NSH MNDWI NDWI KNN
SGR MLC AWEI_NSH NDWI SVM RT AWEI_ BOTH AWEI_SH KNN MNDWI
RougeR AWEIL_SH AWEI_BOTH SVM AWEI_NSH MNDWI RT NDWI MLC KNN
FR NDWI AWEI_ BOTH AWEI_SH MNDWI AWEI_NSH SVM RT KNN MLC

The best performing index for the SGR image area (Fig. 7) was AWEI_NSH because it produced a lower CE compared to other
indices, due to the correct classification of the runway. The best performing classical machine learning based method was MLC which
produced the highest CSI by 10% compared to the other classical machine learning based methods. MLC also outperformed AWEI_NSH.
The worst performing method was MNDWI. Following the organization of Fig. 7, the results of each method are as follows. NDWI was a
close second to the best index method because it produced the lowest CE. MNDWI produced the lowest CSI because of high OE and low
MA while also misclassifying the built-up as water, resulting in high CE. The CE from the AWEI SH method was also high. The
AWEI_NSH method produced much better results than AWEI_SH or AWEI NSH because it properly classified the runway. The AWE-
I_BOTH results were affected by the inclusion of AWEI_SH, which increased the CE and CSI. For the classical machine learning based
methods, all methods except MLC had high CE. Additionally, KNN produced a lot of speckle, resulting in further increased CE.

The best performing index method for the RougeR image area (Fig. 8) was AWEI SH. The best performing classical machine
learning based method was SVM, but AWEI_SH performed best overall. The method that performed the most poorly was KNN, as it
produced speckle. Following the organization of Fig. 8, the results of each method are as follows. NDWI was the worst performing
index method, due to high OE and CE. MNDWI also produced some CE, reducing the success of this method. AWEI_SH, AWEI_NSH, and
AWEI_BOTH all performed well with varying success at extracting the location of the shoreline. SVM performed well at extracting the
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Fig. 6. Red River S2/MSI imagery classification results. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of
this article.)

shoreline of both the Ottawa River and Riviere-Rouge in the validation area. RT performed well both at shoreline extraction and at
producing a low CE. MLC shoreline extraction was acceptable, but SVM and RT produced better results. Additionally, MLC produced
some misclassifications of the highway pixels. KNN performed the worst of all methods because of the speckle that was produced.

The best performing index method for the FR image area (Fig. 9) was NDWI, but all spectral index-based methods were similarly
successful. The best performing classical machine learning based method was SVM, but the indices performed better overall for this
image. The worst performing method was MLC, which did not detect the river pixels as water, creating a high OE, and misclassified the
shadows as water, also creating a high CE. SVM and RT produced classifications with high CE due to the shadows, and KNN produced
high CE due to shadows as well as speckle.

4.3. Land water classification of S2/MSI imagery — waterbody boundary basis

River widths at 100m intervals extracted from the high-resolution validation data and extracted from the LWIC imagery were
compared to quantify the success of each method at extracting the waterbody shorelines. The results are presented in Fig. 10.

In this analysis, AWEI_SH and AWEI_NSH were not tested separately and AWEI_ BOTH was used instead to represent the success of
the AWEI indices. The results between the most optimal method in terms of total waterbody area and in terms of waterbody boundary
were not consistent across the four study locations. For the RedR area, the best performing method in terms of total waterbody area was
MLC, whereas on a boundary-basis, the best performing method was AWEI BOTH. AWEI BOTH produced more CE in the RedR image,
due to misclassifying buildings as water. This built-up was not included in the MLC validation area. AWEI_BOTH overall extracted the
shoreline more accurately. Because of the uniformity of the river, all methods performed well using this metric. For the SGR area, the
best performing method for both area- and boundary-based performance assessments was MLC; however, as shown with the CSI in-
dicator in the waterbody area analysis, AWEI_NSH may have outperformed AWEI_BOTH in the SGR image. Thus, AWEI_NSH may have
outperformed MLC on the waterbody boundary-basis if it had been tested separately from AWEI BOTH. MLC had the lowest OE and
second lowest CE, because the method captured most small waterbodies and did not misclassify the runway as water. Both the
shorelines of the small waterbodies and the river were well defined by the MLC method. For the RougeR area, the best performing
method based on waterbody area was AWEI_SH, but the best performing method based on the waterbody boundary was RT. RT had

11
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Fig. 7. Sylvia Grinnell River S2/MSI imagery classification results.
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Fig. 8. Riviere-Rouge S2/MSI imagery classification results.

less OE and CE at the shorelines, and all classical machine learning-based methods performed better than the spectral index-based
methods using the waterbody boundary basis. This may be due to the training area including more narrow areas of the Riviere
Rouge and more wet sand and shallow vegetated shorelines on the Ottawa River in the training section of the image than the validation
section. For the FR area, the best performing method for the waterbody area basis was NDWI while the best performing method for the
waterbody boundary basis was AWEI BOTH. All index methods extracted more accurate shorelines than the classical machine

learning-based methods in the FR image, which had trouble with differentiating the shadows from water in the high relief areas along
the river.
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Fig. 9. Fraser River S2/MSI imagery classification results.
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Fig. 10. Classification accuracy of multispectral imagery based on (a) RMSE of river width [m] and (b) MAE of river width [m].

It is shown that the purpose of the LWIC can influence the best performing method. The best performing method of extracting the
most accurate waterbody area in an image can be different than the best performing method of extracting the waterbody boundary.
This will be the case if one method is more successful at minimizing the CE by correctly classifying non-water objects as water. This is
because the CSI metric represents all of the CE and OE in the entire image, whereas the RMSE of the river width represents the CE and
OE at the shoreline. The second metric would not include shadows, snow/ice, or any other difficult-to-classify non-water objects
outside of the river area. Thus, the RMSE of river width gives a better measure of which method extracts the shoreline most accurately.

5. Discussion
5.1. Impacts of method optimization

When comparing the threshold derived from Otsu’s method (OT) and the threshold derived from manual optimization (MT), it was
found that the MAE was smallest for MNDWI between the four images. This suggests that Otsu’s method generally produces a close-to-
optimized threshold for MNDWI-based LWIC. For AWEI NSH and AWEI SH, the difference between OT and MT was consistently
negative (i.e., OT was lower than MT). Thus, if OT was used with AWEI_NSH or AWEI_SH in previous work, it is more likely that the
threshold was not optimized. This may have skewed previous results to indicate that the AWEI indices performed more poorly than
other indices, such as MNDWI, if thresholds were estimated using Otsu’s method. Likewise, previous studies have illustrated that the
success of LWIC methods is dependent on suitable threshold selection, and automated threshold selection algorithms vary in their
success to select a suitable threshold (Karaman, 2021; Sekertekin, 2021). The analysis of manually optimized thresholds and auto-
mated threshold selection algorithms could be further refined by iteratively evaluating other threshold values within the range of
tested values at smaller intervals (e.g., iteratively adjust and evaluate threshold values in increments of 0.05 or 0.01, as opposed to
0.1). Previous literature had found that resolution increase by fusing imagery from 10m to 5m improved classification accuracy (Manaf
etal., 2016), but this is likely image and location dependent. The result of resampling the resolution of the 20m bands (SWIR1 or band
11 and SWIR2 or band 12) to 10m to match bands 2, 3, 4, and 8 was inconsistent between images. Adjustment of the training and
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validation ratio for the machine learning-based LWIC methods may improve the quality of the surface water maps produced if more
training data is available. A sensitivity test was performed with SVM by varying the training/validation ratio from 50/50 to 75/25.
Additionally, the images included in the training data were adjusted such that the RedR, SGR, and FR images were used to train the
model and the model was validated on the RougeR image. The resulting surface water map produced a slightly lower CSI (93.6%-—
91.2%), and thus a slightly lower quality surface water map. The total percentage of MA increased, but both the OE and CE also
increased. From this test, it cannot be understood if the change in the CSI is due to the change in the training/validation ratio or the
change in the content of the training data. This example illustrates the need for further evaluation of training and validation ratios and
improved understanding about the relationship between the quantity and content of training data and the resulting quality of surface
water maps.

5.2. Influence of imagery characteristics on surface water maps

Because of the method used to quantify the error of each LWIC method (i.e., CSI and RMSE of widths instead of the kappa coefficient
approach), the characteristics and objects in the images that caused difficulties for successful LWIC could be observed. A summary of
these findings is illustrated in Table 5.

The effect of built-up being present in an image was inconsistent across the LWIC methods tested. Overall, the method that per-
formed best at differentiating built-up from water across the images was AWEI_NSH, which was able to successfully classify the runway
as land in the SGR image as shown in Fig. 11, the town in the SGR image also shown in Fig. 11, the highway in the RougeR image, and
the town in the RedR image.

AWEI SH could not differentiate the runway in the SGR image from water but did not struggle with the highway in RougeR or town
in RedR. NDWI struggled with town buildings in the RedR image and the SGR image, and the highway in the RougeR image, but not the
runway in the SGR image. The effect of town buildings in the RedR image could not be studied for the classical machine learning-based
methods. In the SGR image, the MLC had the least amount of error caused by built up but, conversely, had the most amount of the
highway in the RougeR image misclassified as water.

Shallow shorelines with vegetation caused issues for all methods, but could be minimized most with AWEI_SH, which performed
well in the RougeR image with both the Ottawa River and Riviere-Rouge and the oxbow lakes in the RedR image, as shown in Fig. 12.
The effect of shallow shores with vegetation was not consistent across the indices: NDWI and MNDWI produced increased OE while
AWEI_NSH produced increased CE in areas where shallow, vegetated shores were present. MLC produced the least amount of error
caused by shallow vegetated shores in the RedR image, while the other classical machine learning-based methods had increased OE
caused by the vegetated shorelines. None of the classical machine learning-based methods had difficulty extracting the vegetated
shoreline in the RougeR image, likely because the methods were adequately trained on areas that had shallow vegetation.

Wet sand was able to be differentiated from water with all spectral index-based methods, except for NDWI, which misclassified
areas with wet sand as water, increasing the CE. Wet sand was not present in any other image than the RougeR image on the Ottawa
River shoreline. Thus, the findings could not be compared across imagery to understand if NDWI consistently misclassifies areas with
wet sand. Additionally, the wet sand area was not included in the validation area for the classical machine learning-based methods.

Table 5
Summary of objects and characteristics present in the four images and the recommended (/") or not recommended (%) methods to
support accurate LWIC when these objects and characteristics are present.

Image AWEI_ AWEL_
Characteristic NDWI' MNDWI SH NSH

SVM MLC RT KNN

Built-up v

Shallow
Vegetated v v
Shorelines

Wet Sand x

High Albedo
Surfaces

Mountain or
Cliff Shadows

Shadows on
Water

Narrow
Waterbodies

14



K. Kirby et al. Remote Sensing Applications: Society and Environment 36 (2024) 101367

KNN

True Colour

2 Q|

- Matching Area EI Omission Error D Commission Error

Fig. 11. Built-up classification results from the SGR image area.

High albedo surfaces, especially snow and ice shown in Fig. 13, caused issues for all LWIC methods tested. Snow was present in only
the SGR image, so it could not be compared across sites for consistency. NDWI had the least amount of error caused by snow/ice
surfaces in the SGR image compared to the other spectral index-based methods, but still was not able to completely differentiate snow
and ice from open surface water. The MLC method was able to reduce the amount of error caused by snow and ice surfaces, which is
consistent with the MLC results of other high albedo surfaces in the image (town buildings).

Dark shadow, caused by cliffsides, caused errors for all methods where the shadows were covering the water surface. In these
instances, the water was misclassified as land. This finding indicates that shadows on water surfaces caused by dense clouds will cause
misclassification by OE as well. AWEI_NSH produced the least amount of OE when cliff shadows were present on the waterbody, but it
was also the only spectral index-based method that had a portion of mountain shadow that caused CE in the same FR image. No other
images included significant shadowed areas, so this could not be compared across images. All classical machine learning-based
methods produced some CE due to mountain and cliff shadows in the FR images as shown in Fig. 14, even though the methods
were trained on the opposite side of the image that also included shadows, though fewer shadows were present on the training side of
the image. The MLC method was not able to detect the waterbody in the FR image. This is likely because the MLC tool in ArcGIS Pro
may only consider the class means of the “primary” band of imagery (i.e., NIR in this study). When a second band of imagery (i.e., green
in this study) is added, the class means do not appear to be adjusted. Thus, if the second band of imagery changes the class means
significantly, wide-spread misclassification occurs, as illustrated in Fig. 14.

Narrow waterbodies, particularly in the RougeR image illustrated in Fig. 15, are inherently difficult for LWIC of S2/MSI imagery
due to pixel resolution constraints. AWEI_SH comparatively was able to detect more of the narrow locations of the Riviere-Rouge in the
RougeR image than the other spectral index-based methods, though all methods created disjointed river water polygons at locations
with river widths smaller than 40m.

This is also the case for the Sylvia Grinnell River in the SGR image, although NDWI also performed adequately to detect the narrow
areas (sub-40m width) of the river. MNDWI performed poorly at extracting the narrow waterbodies in both the RougeR and SGR
images, as illustrated by the RMSE and MAE. MLC produced disjointed waterbody polygons at narrow locations of rivers in the SGR
image, as well as misclassification of rapids as non-water pixels, but the other classical machine learning-based methods did not have
these issues. This was also the case for the RougeR image in which the MLC struggled the most to produce continuous water polygons at
the narrow locations, but all classical machine learning-based methods did struggle with this in the RougeR image.

The different types of soil and vegetation across the four images did not seem to influence the success of the LWIC methods. The
different types of water colour and turbidity also did not seem to influence the LWIC results across the images. When the thresholds
were optimized for the spectral index-based methods, the methods were just as successful at LWIC for high turbidity waters (in the
RedR image, averaging 303 mg/L) as they were for low turbidity waters (in the RougeR image, averaging 37 mg/L). Turbid waters
differ from green and clear water with a higher spectral reflectance in the NIR band. Bare soil also has its highest spectral reflectance in
the NIR band; however, the reflectance of bare soil is much higher than turbid water (Sun et al., 2012). Thus, turbid water is not
difficult to differentiate between other image characteristics, such as bare soil, when the NIR band is included in the classification.
Additionally, green water, or water containing chlorophyll, differs from clear water with its highest spectral reflectance in the NIR
band. Green water and terrestrial vegetation have low red reflectance and high NIR reflectance, but green water has much lower
reflectance of the NIR band compared to vegetation (Sun et al., 2012). Thus, green water is also not difficult to distinguish from other
image characteristics, such as vegetation, if the NIR bands is included in the classification.

A limitation of this study consisted of the fact that temporal changes at each study location, and potential impacts on the quality of
surface water maps produced, were not evaluated in this study. Future research focused on assessing LWIC methods under different
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Fig. 12. Shallow vegetated shoreline classification results in the RedR (top and middle) and RougeR (bottom) image areas.
seasonal conditions would provide valuable context to further inform LWIC strategy.

5.3. Comparison to other studies’ findings

To understand how this study’s findings align with the current understanding of LWIC methods’ success, the order of most to least
successful LWIC method for this study and others is compared in Table 6. A general trend exists for the machine learning LWIC methods
where SVM is the most successful with RT, or random forest (RF) or decision tree (DT), second and MLC third. This trend is also
illustrated in our study findings when considering the mean CSI across the four image areas. Similar comparison-based studies did not
evaluate and compare the KNN algorithm. When comparing spectral index methods to machine learning methods, our study found the
spectral index methods to outperform the machine learning methods. However, it has been shown that an increased number of training
samples may improve the output of machine learning models beyond that of spectral index methods, specifically NDWI (Ireland et al.,
2015). However, at a lower number of training samples, NDWI was shown to outperform SVM (Ireland et al., 2015). This highlights the
fact that machine learning techniques are only useful if a good amount of training data is available, and successful global application of
one trained model to other imagery may vary.

The trend for most successful to least successful spectral index-based methods is less clear than it is for machine learning LWIC
methods. NDWI out-performed MNDWI in three studies, and NDWI was outperformed by MNDWTI in a different three studies. Fewer

16



K. Kirby et al. Remote Sensing Applications: Society and Environment 36 (2024) 101367

- Matching Area [: Omission Error I:I Commission Error

Fig. 13. Snow and ice classification results from the SGR image area.
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Fig. 15. Narrow waterbody classification results from the RougeR image area.

17



8T

Table 6
Order of classification success for this study compared to other studies. All acronyms for other study methods are included in the appendix in Table A7. The methods in dark red are
the methods explored in this study.

Study Best > > > > > > > > > > > > Worst
This study AWEL_ AWEI_ AWEI_ S SVM E RT MLC KNN
*1  NSH BOTH SH NDwI NIR+Green  YNPWI NIR+Green  NIR+Green  NIR+Green - - - -
ﬁf;g‘;jﬂ NDWI MNDWI  RGR NDVI EVI NRR - - - - - - - -
Aroma and
Raimond NDWI FCM Band K-mean ARKFCM K-means ARKFCM SLIC- FCM Band MNDWI ARKFCM FCM Band K-means
(2021) 5 Band 5 Band 5 Band 6 Band 6 SUPER 6 Band 3 3 Band 3 - -
wa2
a (1) MLC O]
8; Band4  1sopATA Bands 3,4 iifggg; 1) K-
. Bands 34 . : (2) SVM I ind - means Parallelpipe
Domactal. oy MO o) VM M Lincar MNDWI  MLC e Dinmat NDWI Bands45 ~ (DNDVI  dAll
(2016)? 3% Bands 1-5,7 Bands 1-57 ()NDWI  Bands4,5 (Gao) @K- (2) SAVI Combinatio
(3)SvM , Bands 3-5 Bands 3-5 o . Bands 3-5 Bands 4,5 )
N (3)SVMM (3)SVM (McFeeters) v means ns
Cubic (4 SVMF
Bands 3.4 Gaucsls N Cou{\;sc1 Gauss Band 4
Bands 3-5 Bands 1-5,7 Bands 3-5
Pena- i
Reguerio NDWI B_Blue AWEI_SH MNDWI A“» EL CEDEX RE-NDWI - - - - - - -
(2020) * ! NSH
Zhang et .
(1) NDWI
al. (*2(2)22) @) CIwI NIR Band - - - - - - - - - - - -
Hafiza
Wajiha
Khalid et LBWEI NDWI NWI ‘WRI MNDWI NDMI AWEI_SH - - - - - - -
al. (2021
oo
. . . . . K-means
Yilmaz et - RF (Vis+  RF(Vis+  MLC(Vis  MLC (Vis _ K-means - m
aleozyt (RVET O NRy NIR + sNIR+ o eNRe o MUEOV i fomes o (VISERIR - - - -
12 NDWI) MNDWI) NDWI) MNDWI) + NDWI) s MNDWI)
Ireland et rkFDA E tkFDA SVM ,
al. (2015)>  RBF SVM RBF Linear Linear NDWI - - - - - - - - -
Feyisa et
al. (2014) AWEI MNDWI MLC - - - - - - - - - - -
ek 2
()]
MNDWI,
WAWEL (Lza)“d“‘
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* Study completed with multiple image areas.

** Study completed with multiple image areas with a variety of landcover characteristics.
a Study completed in multiple seasonal conditions or different years.

1 Study completed with Sentinel-2.

2 Study completed with Landsat.

3 Study completed with SPOT.
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studies compared AWEI_SH and AWEI_NSH than NDWI and MNDWI with only four studies examining either AWEI_SH or AWEI_NSH
and 14 studies examining either NDWI or MNDWI. Additionally, a direct comparison to some of the studies that varied bands of
imagery (Dona et al., 2016) and employed combinations of machine learning and spectral index methods (Yilmaz et al., 2023) is not
possible. The range in the trend most to least successful spectral index methods is likely due to the range of image characteristics,
imagery pre-processing, and thresholding techniques applied in each of the studies. For example, five studies in Table 6 employed
Otsu’s method, six studies adjusted the threshold manually (as performed in this study), two studies did not mention the threshold
procedure used, one study used default thresholds (e.g., 0 for NDWI and MNDWI), and two studies used a variety of machine learning
algorithms (e.g., RF, MLC, K-means, etc.). As shown in our analysis comparing the Otsu derived threshold to the manually adjusted
threshold, and in the works by Sekertekin (2021) and Karaman (2021), the choice of threshold selection algorithm not only can
determine the success of the method, but the combination of certain spectral indices with certain thresholding algorithms are more
likely to produce accurate surface water maps than others. For example, in this study Otsu’s method was more likely to produce an
optimized threshold for MNDWI than it was for AWEI_SH or AWEI_NSH.

It is also important to note that this study’s order of most to least successful LWIC methods represents an average over the four
image areas. For example, although AWEI_NSH was the most successful overall, it was not the highest performing method in any of the
individual study images. This suggests that a single image area cannot determine which LWIC is most successful overall, and rather, the
success of each LWIC method depends on the imagery characteristics that each LWIC method is more likely to properly or improperly
classify, as illustrated in Table 5.

6. Conclusions and recommendations

Five methods of spectral index-based LWIC and four methods of classical machine learning-based LWIC on S2/MSI imagery were
compared across four diverse locations in Canada. The methods and imagery were chosen because of their regular use in remote
sensing applications, especially in surface water detection. The purpose of this comparison was to provide recommendations of the best
performing method of LWIC for future surface water detection research. The following list outlines the main conclusions of this work.

o The spectral index AWEI_NSH was the overall most successful method of LWIC across the four study locations. SVM was the most
successful machine learning method of LWIC across the four study locations, though it was outperformed by most of the spectral
indices.

Threshold selection is important. The threshold optimization exercise performed in this study showed that optimizing thresholds is
important before comparing the results of LWIC methods against each other.

The most successful LWIC method was not consistent across the sites and the order of most to least successful LWIC methods across
the sites was also not consistent. This illustrates that each method’s success is dependent on the characteristics of the image area.
It was not consistent across the four study locations whether spectral index-based methods or classical machine learning-based
methods produced the highest accuracy surface water maps.

Certain image characteristics (i.e., built-up, shallow vegetated shorelines, wet sand, high albedo surfaces, shadowy areas, and
narrow waterbodies) were more likely to cause classification errors. For correctly classifying built-up as land pixels, AWEI NSH
produced the most successful LWIC. For shallow vegetated shorelines, AWEI_SH or MLC were both successful at classifying the
vegetated water as water pixels. For images including wet sand, NDWI is not recommended, but this was not tested across multiple
images, so this conclusion is not as strong comparatively. For high albedo surfaces, such as snow and ice, NDWI and MLC were
able to minimize the amount of snow and ice classified as liquid surface water but not completely. For shadowy images, spectral
index-based methods overall perform successfully and better than classical machine learning-based methods. For narrow
waterbodies, AWEI_SH was able to correctly detect more of the shoreline than the other methods.

The most optimal method of detecting surface water overall in the image may not be the most successful at detecting the most
representative waterbody boundary. Thus, it is important to consider what the purpose of the LWIC is when selecting an optimized
approach.

The following is the future recommended work based on the limitations and findings of this study.

Analysis of the four locations in different seasonal conditions was not performed; thus, in future work it may be interesting to
understand if the best performing method can change in different images at the same location.

Sensitivity testing on the training/validation ratio of the classical machine learning methods was performed only for one additional
case beyond the 50/50 spatial split applied in this study. This ratio is an important consideration when performing surface water
mapping, as the results can vary based on the training data available. Thus, the training/validation ratio of classical machine
learning methods should be tested and considered in future works.
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