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ABSTRACT

Optical and radar remote sensing are both used to map surface water features. Since use
cases range considerably in the literature between applications, a direct comparison is
warranted to assess how well each perform in a wide range of geographic settings using a
range of classification methods. Thus, surface water maps generated from Sentinel-1 Synthetic
Aperture Radar (S1SAR) and Sentinel-2 Multispectral Instrument (S2MSI) imagery were
compared across four machine learning techniques and eight diverse image areas in Canada.
Additionally, the polarizations and multispectral bands were varied to understand their effect.
The results were validated using high resolution satellite imagery, and analysis of variance
was calculated. S2MSI consistently produced higher accuracy surface water maps compared
to S1SAR. Contrary to previous understanding, the cross-polarization did not produce
significantly more accurate surface water maps than like-polarization, and the same was true
for dual and single polarization. The introduction of an additional band of multispectral
imagery improved accuracy significantly. In flooded conditions, dual polarization produced
the best results, and for the detection of ice, cross-polarization produced the best results.
These findings will increase the quality and efficient generation of surface water maps for
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water resource management, climate change impact studies, and other disciplines.

Introduction and research need

Remotely sensed radar and multispectral data has
proven to be extremely useful in flood extent mapping
for hazard assessment (Ghosh et al., 2022; Katiyar
et al., 2021; Nemni et al., 2020; Tanim et al., 2022;
Uddin et al., 2019), in creating time series of water-
body change for climate change analysis (Alcaras
et al., 2022; Ksenak et al., 2022; Manaf et al., 2016),
in rice paddy and other water-based agricultural land
use mapping (Boschetti et al., 2014), as well as many
other surface water mapping applications (Setiawan
et al., 2024). The Sentinel satellite constellation of the
Copernicus program made available from the European
Space Agency (ESA, 2023, 2024) has increased the
coverage, resolution, and availability of both synthetic
aperture radar (SAR) and multispectral satellite data.
Both Sentinel missions provide global coverage,
medium resolution (10m-60m), and high-frequency

pass products with differing levels of primary pro-
cessing completed.

The difference in the signal reflectance between
land and water in both SAR and multispectral imagery
can be used to classify pixels into either land or water
categories for the creation of surface water maps.
Water generally absorbs the signal more readily than
land. SAR products emit their own signal, are not
affected by cloud cover, and can operate during night
or day. Thus, if a specific date or condition is targeted
for analysis, such as a flood event, SAR imagery is
more likely to be viable to capture that event (Notti
et al., 2018). SAR is also impacted by noise, namely
signal or reflection disturbances caused by the atmo-
sphere, such as thermal noise or land-based objects
(e.g. surface water waves) (C. Li et al., 2023). Two
polarizations are available for Sentinel-1 SAR (S1SAR)
imagery: like-polarization, either VV or HH, and
cross-polarization, either VH or HV (ESA, 2024).
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Additionally, the two polarizations can be combined
for dual polarization, VV/VH or HH/HV and other
combinations if VV, HH, HV, and VH are all available
at the site of interest. On the other hand, multispectral
satellite imagery, such as Sentinel-2 multispectral
instrument (S2MSI), is a passive imager that relies on
solar signal reflection, and thus the viability of the
imagery is highly dependent on cloud cover and the
day/night cycle (Chen et al., 2015; Huang et al., 2020)
Multispectral imagery is less affected by noise than
SAR. Additionally, the division of reflectance wave-
lengths into twelve bands of imagery allows for the
optimization of reflectance values to improve classi-
fication between water and land pixels, as performed
by Feyisa et al. (2014). The difference in water and
land signal reflectance varies across the multiple bands
of multispectral imagery. For example, the near infra-
red (NIR) and short-wave infrared (SWIR) bands have
a greater difference in land and water reflectance
compared to the red band and are often used for
mapping surface water. Notably, few analyses have
been conducted to directly compare the quality of
surface water mapping results derived from
multispectral-based imagery to the results derived
from radar-based imagery. The few studies that have
compared SI1SAR to S2MSI for surface water mapping
have been conducted to detect only a specific type of
surface water in one location (e.g., pond detection
(Haris et al., 2021), flood inundation extent (Ticehurst
and Karim, 2023), reservoir detection (Souza et al,
2022)). Additionally, these studies have produced
inconsistent results where SISAR produced higher
quality maps than S2MSI (Haris et al., 2021) but the
opposite was found by other analyses (Souza et al,
2022; Ticehurst and Karim, 2023). Further study is
required to identify and statistically quantify differ-
ences in surface water detection between SISAR and
S2MSI. If multispectral-based imagery can identify
surface water more accurately, it should be prioritized
for surface water mapping, despite the greater viability
of radar-based imagery.

Various optimizations exist to improve the classi-
fication of satellite imagery, which can be categorized
into four groups: (1) pre-processing, (2) principal
processing, (3) combination processing, and (4) post-
processing. Pre-processing includes atmospheric and
ground corrections, noise removal, filter applications,
and many other imagery manipulation techniques
intended to increase the accuracy of the surface water
map before classification takes place. Principal process-
ing is the main method applied to classify pixels (i.e.,
land and water) and can be a threshold, index, or
machine learning approach, as well as many others.

Combination processing refers to the combination of
methods or inputs used to improve the classification
accuracy. For example, the combination of SISAR and
S2MSI images (Manaf et al., 2016; Mansaray et al,,
2020; Tang et al., 2022), spectral indices (e.g., nor-
malized difference water index), and machine learning
techniques (e.g., support vector machine) (Thati et al,,
2021; Yilmaz et al., 2023) have been shown to improve
the quality of surface water maps. Finally,
post-processing includes any filters or introduction of
other datasets (e.g., digital elevation models) used to
improve the surface water map results. Because of the
great number of pre-, principal, combination, and
post-processing steps that can be used to improve the
results of surface water maps for both SISAR and
S2MSI, only the processing steps that are necessary
and similar between SISAR and S2MSI will be per-
formed herein to ensure like-to-like comparison for
the SISAR and S2MSI imagery. As such, unlike spec-
tral index-based methods, machine learning methods
can be applied to both multispectral and radar-based
satellite imagery and will be used to compare the two,
assuring comparable analyses.

In addition to the broader comparison of SISAR
to S2MSI imagery for surface water mapping, the
specific polarizations of SISAR and multispectral
bands of S2MSI used for surface water classification
have produced diverging results and research gaps are
present. The use of like-polarization for reservoir
detection (Souza et al., 2022) and flood area detection
(Abbasi et al., 2023; Brisco et al., 2008; Twele et al.,
2016) has been shown to outperform cross-polarization,
and the use of cross-polarization has outperformed
like-polarization for pond detection (Haris et al,,
2021) and surface water in general, regardless of the
water characteristics (Bangira et al., 2019). Between
the two polarizations, cross-polarization is insensitive
to waves on the water surface but is vulnerable to
low back scatter values, resulting in high commission
errors (C. Li et al.,, 2023). Conversely, like-polarization
is sensitive to water surface roughness due to wind
and can create omission error on the water surface
due to noise (C. Li et al., 2023). Thus, it is generally
recommended to utilize dual polarization for surface
water mapping (Brisco et al., 2008; White et al., 2015),
as the advantages of the cross- and like-polarizations
are complementary and the combination of both is
theorized to reduce classification errors (C. Li et al,,
2023). However, results comparing single polarization
to dual polarization have also indicated that single
polarization is sufficient for mapping open surface
water (Irwin et al., 2018). Small performance improve-
ments from single polarization to dual polarization



have been illustrated for oil spill and ship classifica-
tion in marine environments (Baek and Jung, 2021),
but it is not clear if improvements of this degree are
statistically significant to warrant the use of dual
polarization in all surface water mapping applications.
Similarly, it is not clear if the use of additional bands
of multispectral imagery is required for improved
classification of S2MSI imagery when applying
machine learning classification methods. Generally for
the classification of surface water, the NIR, green,
and/or SWIR bands of multispectral imagery are used
(McFeeters, 1996; Rogers and Kearney, 2004; Xu,
2006), and the addition of multiple bands of imagery
for the classification via spectral indices has been
shown to outperform single band thresholding
(Boschetti et al., 2014; Jain et al., 2005; Sun et al,,
2012). In particular, Feyisa et al. (2014) found that
increasing the influence of the green band in the
classification enhanced the separability between water
and land pixels at shadowy locations. Although it has
been shown that the green band can improve classi-
fication accuracy for index-based methods, it is not
clear if the same holds true for machine learning-based
classification techniques, another common method of
surface water map generation.

Despite the significant advancements in remote
sensing technology and the widespread use of SAR
and multispectral imagery for surface water mapping,
there remains a notable gap in the literature regarding
the direct comparison of the quality and accuracy of
surface water maps derived from SISAR and S2MSI
imagery across multiple locations and environmental
conditions. While individual studies have evaluated
the efficacy of each imagery source for specific appli-
cations, such as flood extent mapping or reservoir
detection, few have undertaken a comprehensive com-
parative analysis to identify which source consistently
produces more accurate results across diverse scenar-
ios. In light of the research gaps identified, the objec-
tives of this study were:

o Evaluation of Polarization: Investigate the
impact of different polarizations in SAR imag-
ery on the quality of surface water mapping.
Specifically, the comparison will include
like-polarization to cross-polarization and sin-
gle polarization to dual polarization for SISAR.

o Assessment of Spectral Bands in Multispectral
Imagery: Evaluate the influence of different
spectral bands in multispectral imagery on sur-
face water mapping. The comparison will
involve comparison of band 8 (NIR) to band
3 and 8 (green and NIR) for S2MSI.
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o Comparison of SAR and Multispectral Imagery:
Compare the accuracy and reliability of surface
water maps derived from S1SAR and S2MSI
imagery across multiple locations and seasonal
conditions.

Through these objectives, the study aims to address
the existing research gap by providing empirical evi-
dence and statistical quantification of the differences
in surface water detection between SAR and multi-
spectral imagery. By clarifying the strengths and weak-
nesses of each imagery source, our study aims to
contribute to the advancement of remote sensing
methodologies for water resource management and
environmental monitoring.

Data and study locations

The SISAR and S2MSI imagery was downloaded from
the Copernicus browser (https://browser.dataspace.
copernicus.eu/), and the high-resolution imagery was
purchased through Apollo Mapping. High resolution
imagery sources, resolutions, and imagery dates are
listed in Table 1.

The pixel resolution of SISAR is 3.5m by 3.5m in
the stripmap (SM) swath mode, 10m by 10m in the
Interferometric Wide (IW) swath mode, and 40m by
40m in the Extra-Wide (EW) swath mode (Bourbigot
et al., 2016). SISAR has been operational from 2014
to present with an exact 6-day repeat cycle between
S1A and S1B. In December 2021, technical issues
caused S1B to be defunct, reducing the repeat cycle
to 12days. S1C is set to be launched in 2024, which
will increase the repeat cycle back to 6days.
Comparatively, S2MSI has a 10day repeat cycle for
each satellite (5-day repeat cycle for both satellites)
and has been operational from 2015 to present. The
pixel resolution of the most commonly used S2MSI
bands for surface water mapping are 10m by 10m
for the visible light and near-infrared bands (2, 3, 4,
and 8) and 20m by 20m for the short-wave infrared
bands (11 and 12).

The study encompasses diverse geographical
regions, each providing unique environmental char-
acteristics and challenges for surface water mapping:

o Sylvia Grinnell River (Area 1): Located in
Nunavut, Canada, this area features a diverse
landscape including an Arctic community, tun-
dra, and a variety of differently shaped water
bodies. September (Area 3A) and July (Area
2B) images capture different river flow condi-
tions and seasonal mountain vegetation changes.
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Table 1. Study images.

High-res image

River flow rate

Image code Location description source High-res image date  S1SAR image date S2MSI image date [m3/s]
Area 1A Sylvia Grinnell River WorldView-2 2018/07/21 2018/07/24 2018/07/21 178
near lqgaluit, NU, 50cm
Canada
Area 1B - PLEIADES 1 2021/08/31 2021/08/25 2021/08/31 75
50cm
Area 2A Red River near Morris, PLEIADES 1 2019/06/30 2019/06/28 2019/06/30 171
MB, Canada 50cm
Area 2B - KOMPSAT-3 2017/04/06 2017/04/08 2017/04/06 1470
70cm
Area 3A Fraser River in Fraser KOMPSAT-3 2020/09/08 2020/09/07 2020/09/07 2110
Canyon near Xaxli'p 70cm
First Nation, BC,
Canada
Area 3B - SPOT7 2019/07/21 2019/07/22 2019/07/20 3130
150cm
Area 4A Riviére-Rouge & TripleSat 2019/09/29 2019/09/23 2019/09/21 61 & 922
Ottawa River near 80cm
L'Orignal, ON,
Canada
Area 4B - WorldView-1 2019/06/12 2019/06/07 2019/06/10 149 & 3585
50cm

e Red River (Area 2): Situated in Manitoba,
Canada, this area possesses built infrastructure,
agricultural lands, and various types of water
bodies (river, lagoons, oxbow lakes, etc.).
Images taken during regular flow (Area 2A)
and flood events (Area 2B) depict variations
in water turbidity and ice presence.

e Fraser River (Area 3): Located in British
Columbia, Canada, this region encompasses
mountains, river canyons, barren land, and
coniferous forests. July (Area 1A) and August
(Area 1B) images capture fluctuating river flow
conditions and seasonal tundra vegetation
changes.

o Riviére-Rouge (Area 4): Spanning Ontario and
Quebec, Canada, this location features sand
bars, vegetated shorelines, deciduous vegetation,
marshland, and urban areas. Images from low
flow (Area 4A) and high flow (Area 4B) con-
ditions illustrate shoreline inundation and river
width changes.

Each location is analyzed in two different seasonal
conditions, providing comprehensive coverage of sur-
face water dynamics and environmental variability.
Table 1 provides a comprehensive overview of the
imagery used for analysis, aiding in understanding
the temporal and spatial context of the study areas.
The source and resolution of each high-resolution
image and the river flow rate on the image collection
date (to represent the seasonality of the imagery) are
also presented. The high-resolution images were used
to validate the results of the surface water maps derived
from S1SAR and S2MSI imagery. Although all study

regions are located in Canada, the application of these
findings to other regions is appropriate to some extent.
The study locations are 3500km apart in the longitu-
dinal direction and 2100km apart in the latitudinal
direction. Additionally, the images contain a distinct
variety of landcover classes and image characteristics
(i.e., mountains, cropland, urban land, deciduous and
coniferous vegetation, tundra vegetation, ice and snow,
wide and deep rivers, narrow and shallow rivers,
lagoons, oxbow lakes, vegetated shorelines, marshland,
barren land, etc.). An attempt was made to include as
many landcover classes as possible when selecting the
locations; however, landcover classes such as rainforest
and desert were not included in this dataset.

Figure 1 illustrates the high-resolution imagery used
in the analysis, showcasing their diverse characteristics
and geographical features. The figure also presents the
manually derived water polygons used for accuracy
calculations of each surface water map generated from
S1SAR and S2MSI imagery. The dashed line on each
of the images represents the split of training and testing
areas for the machine learning classifiers. The solid
lines represent the analysis extents.

Additionally, the projected local incidence angles
for the SISAR imagery and the Sun zenith angles for
the S2MSI imagery are presented in Table 2. These
data were collected from the imagery metadata. As
shown, some notable differences exist between the
local incidence angles of the four locations as well as
between the two seasons at each location. In partic-
ular, the incidence angles of Areas 2A and 2B as well
as Areas 3A and 3B are different, and the impact of
the different incidence angles on the accuracy of the
surface water maps will be evaluated.
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Figure 1. True color high resolution satellite imagery and manually derived water polygons used for validation for (a) Area 1A
Sylvia Grinnell River, (b) Area 1B Sylvia Grinnell River, (c) Area 2A Red River, (d) Area 2B Red River, (e) Area 3A Fraser River, (f) Area
3B Fraser River, (g) Area 4A Riviére-Rouge, and (g) Area 4B Riviere-Rouge. For Areas 1 and 3, the top half of the image was used
for training. For Areas 2 and 4, the bottom half of the image was used for training.
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Table 2. S1SAR local incidence angles and S2MSI Sun zenith
and viewing incidence angles.

S1SAR mean S2MSI local S2MSI viewing
projected local sun Zenith incidence Zenith
Image code incidence angle angle angle
Area 1A 46 44 4.1
Area 1B 46 55 6.1
Area 2A 35 28 4.4
Area 2B 43 44 43
Area 3A 47 46 3.0
Area 3B 41 32 3.0
Area 4A 40 46 9.9
Area 4B 40 25 35
Methods

Methodology framework and comparison basis

The Critical Success Index (CSI) is commonly used
as a verification statistic for flood modeling. The CSI
was computed for each classified map to assess the
performance of the associated classification approach,
and as a basis to compare classification approaches
to one another. The CSI was calculated using the
following equation:

cs1=—2 (1)
A+B+C

where A were the correct predictions made by the
model (in km?), or matching area, B were the over-
predictions by the model (in km?), or commission
errors, and C were the underpredictions by the model
(in km?), or omission errors (Lim and Brandt, 2019).
The CSI metric accounts for the pixels that were clas-
sified successfully (i.e., the matching area), the land
pixels that were misclassified as water (i.e., the com-
mission error), and the water pixels that were mis-
classified as land (i.e., omission error). The CSI
approach was chosen in this study in addition to the
typical Overall Accuracy (OA) and Kappa Coefficient
approaches. The OA and Kappa Coefficient were cal-
culated using the following equations:

B TP+TN
TP+ FP+TN + FN

2)

2x(TPxTN —FN xFP)
K= (3)
(TP+FP)x(FP+TN)x(TP+FN)x(FN+TN)

where TP is the number of true positive samples, TN
is the number of true negative samples, FP is the
number of false positive samples, and FN is the num-
ber of false negative samples. For each of the eight
images, 1000 randomly generated points were used to
compute OA and Kappa. Comparatively, the OA and

Kappa approaches utilize random point sampling,
whereas the CSI is a global approach. The global
approach allowed for identification of spatially small
errors (e.g., mountain shadows, improperly classified
shorelines, etc.) that that OA and Kappa approach
may not have been able to capture. To calculate the
matching area, commission error, omission error, and
accuracy statistics for OA and Kappa, the surface
water maps derived from S1SAR and S2MSI imagery
were compared to validation surface water maps man-
ually delineated from the high-resolution satellite
imagery listed in Table 1 and presented in Figure 1.
The validation surface water maps are assumed to
have negligible error. To evaluate the statistical sig-
nificance of the results, analysis of variance (ANOVA)
tests were performed on the eight images and the two
fixed factors were the classification method and the
image input (multispectral band or polarization). The
response variable used was the CSI. The a used for
the ANOVA test was 0.05. Three p values were derived
for each comparison based on the ANOVA frame-
work: the p value describing the significance of the
method used, the p value describing the significance
of the imagery input used, and the p value describing
the significance of the interaction between the method
and imagery input used. The null hypothesis tested
was that the mean CSIs of the surface water maps
were the same when varying the classification method
and the classification input. For example, upon com-
paring the CSIs of the surface water maps derived
from SI1SAR imagery to those derived from S2MSI
imagery, the p value describing the significance of the
imagery input was used to determine the likelihood
that the mean CSI from the SISAR imagery is the
same as the mean CSI from the S2MSI imagery.
The methodology framework for this study is pre-
sented in Figure 2. The images for each area were
first prepared for analysis in SeNtinel Application
Platform (SNAP) software, and then classification was
performed via the following machine learning tech-
niques: Support Vector Machine (SVM), Random
Trees (RT), Maximum Likelihood Classifier (MLC),
and K-Nearest Neighbor (KNN). Simple machine
learning methods were selected for comparison, rather
than comparison via deep learning methods, for two
reasons. The first is that because of the large variety
of deep learning algorithms available for image clas-
sification, the scope of the study was focused by
selecting a few, widely applied methods. Many machine
learning algorithms exist to classify image pixels, espe-
cially considering the various neural network algo-
rithms that have been developed in recent years.
Neural networks allow for the generation of multiple
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Figure 2. Study methodology framework.

layers of relationships between the imagery inputs and
the output classified images, most likely improving
the accuracy of the final classified image. However,
although complexity is increased in these algorithms,
the successful binary classification of pixels into land
or water might not be improved with increasing algo-
rithm complexity, as shown in Manaf et al. (2016)
and Li et al. (2022). The second is that the main
intent of this study was not to compare image clas-
sification methods and rather to test the imagery
inputs on the classification accuracy. Multiple classi-
fication methods were included in this study only to

High resolution satellite

understand the uniformity of comparisons across dif-
ferent algorithms. The resulting surface water maps
were compared against high-resolution validation data
for accuracy evaluation. Each step of the image pro-
cessing and evaluation is explained further in the
following sections.

Image preparation

As the images for the Area 1A and Area 2B study
locations were taken before 2019/01/01, the S2MSI
image was only available in Level 1C processing,
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where the top of atmosphere (TOA) reflectance was
not yet converted to bottom of atmosphere (BOA)
reflectance. Thus, the images were converted from
TOA to BOA reflectance using the Sen2Cor tool in
SNAP (Mueller-Wilm et al., 2020). All S2MSI images
for the other six locations were available in Level 2A
processing. The multispectral bands 3 and 8 were
used in this analysis, both of which have a 10mx10m
resolution. No cloud masking was required for these
images, as the dates of the imagery were chosen to
coincide with cloud-free conditions.

SISAR imagery is available in both Single Look
Complex (SLC) and Ground Range Detected (GRD)
processing levels, where the SLC image contains both
amplitude and phase information and the GRD image
is projected to ground range using an ellipsoid model.
Thus, phase information is lost and speckle is reduced
for GRD products (Bourbigot et al., 2016). SISAR
GRD products were used in this analysis, and the
products were downloaded in IW swath mode for all
study locations. The following steps were performed
for the preparation of the SISAR imagery in SNAP:
thermal noise removal, application of orbit file, border
noise removal, calibration, Lee-Sigma speckle filtering
(15x 15 window size), terrain correction with Range
Doppler terrain correction via Nearest Neighbor, con-
version of linear to decibels for all bands, and median
filtering (non-linear and 3x3). For the terrain cor-
rection, the 3 arc-second Shuttle Radar Topography
Mission (SRTM) digital elevation model (DEM) was
used for the Areas 2, 3, and 4, but the Copernicus
DEM 30m (from 0.75 to 3 arc-seconds, depending
on the longitude) was used for Area 1 as the SRTM
DEM was not available in the Arctic. The
pre-processing steps for both the SISAR and S2MSI
images are shown in yellow in Figure 2.

Generation of surface water maps

Surface water mapping of the SISAR and S2MSI
images for the four locations was conducted with four
commonly used supervised machine learning tech-
niques: SVM, RT, MLC, and KNN. Four techniques
were used to minimize the influence of classification
technique on the SISAR and S2MSI imagery compar-
ison findings. The methodology framework is pre-
sented in Figure 2 to illustrate the processing steps
included in the analysis, illustrated in green. For con-
sistency of comparison and ease of processing, the
image classification was completed using the default
machine learning classification tools available from
ArcGIS Pro Version 3.03. These readily available
ArcGIS tools are employed by a wide variety of users

with various levels of imagery processing experience.
For the SVM algorithm, ArcGIS Pro uses nonlinear
radial basis function kernels and does not assume the
samples follow a normal distribution (Li et al., 2022).
The default value of 1000 training samples per class
was used for the SVM technique. Default numbers of
50 maximum trees, 30 maximum tree depth, and 1000
samples per class were used for the RT function in
ArcGIS, which uses the random forest algorithm
developed by Breiman (2001) and is resistant to over-
fitting. The default settings for the MLC technique
were used, and default values of 1 neighbor and 1000
samples per class were used for the KNN technique
in ArcGIS Pro. Adjustment of these parameters to
obtain an optimized set of parameters was not con-
sidered in this work, as comparison of the methods
to understand the most optimal method was not
within the scope of this work. Rather, the parameters
were kept fixed between each comparison to under-
stand the effect on the imagery inputs (e.g., polariza-
tion, multispectral band, etc.) instead.

Each study location was divided into two halves:
one half was used to train each technique, and the
other half was used to evaluate the classification accu-
racy. Consequently, the training/validation ratio was
50/50. The eight study images were divided strategi-
cally in an attempt to include the image characteristics
unique to each location in both the training and val-
idation areas, such as built infrastructure, high albedo
surfaces, shadows, and snow/ice. The impact of the
classification input on final quality of the resulting
surface water map was analyzed by varying the train-
ing input. The SISAR imagery was trained with the
like-polarization (VV or HH), the cross-polarization,
and the dual polarization (VV and VH or HV and
HH). The impact of adding the green band of mul-
tispectral imagery for S2MSI was analyzed by training
the classification with both just band 8 (i.e., only NIR)
and with band 3 and band 8 (i.e., both green and
NIR). Ultimately, four comparisons were performed:

1. Comparison of like-polarization to cross-
polarization

2. Comparison of single polarization (best of like-
or cross-polarization) to dual polarization

3. Comparison of band 8 to band 3+8

4. Comparison of SISAR (best of dual or single
polarization) to S2MSI (best of band 8 or band
3+38)

A trained classification file was produced as the
result of training the algorithms using the training
portion of the various SISAR or S2MSI images and



ground-truth high-resolution satellite-derived polygons
(in Figure 1). Then, the trained classification files for
each scenario were applied to the validation portion
of each SISAR or S2MSI image to classify the image
into water and land pixels. This is how the surface
water maps were generated.

Results

For each of the four comparisons (like-polarization
vs. cross-polarization, dual polarization vs. single
polarization, etc.), a total of 32 surface water maps
were derived from the eight images using four dif-
ferent classification methods. Five of the surface water
mapping results are presented in Figure 3 for Area
2A using the SVM classification technique. To illus-
trate a visual interpretation of the CSI metric, the
CSIs of the five surface water maps in Figure 3 from
left to right are 0.58 (VV+VH), 0.36 (VV), 0.38 (VH),
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0.88 (Band 8), and 0.86 (Band 3+ Band 8). The sta-
tistical metrics of each classification are also presented
in Table 3. The location with the most accurate sur-
face water maps was Area 4 with mean CSIs of 0.75
and 0.73 for Area 4A and 4B, respectively. The loca-
tion with the least accurate surface water maps was
Area 3 with mean CSIs of 0.21 and 0.22 for Areas
3A and 3B, respectively. It was observed that the topo-
graphic correction of the canyon and mountains in
the Area 3A and 3B SISAR images created distortion
of the river, narrowing it so that a continuous water
extent could not be derived. This was also observed
at the relatively higher relief areas in the Area 1A
and 1B SISAR images, where the distortion caused
by topographical correction of the radar imagery
removed many of the shoreline water pixels. The mean
CSIs for Area 1A and 1B were 0.28 and 0.37, respec-
tively. Finally, Area 2A (presented in Figure 3) and
2B resulted in mean CSIs of 0.48 and 0.59, respectively.
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Figure 3. Area 2A results using SVM.
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Table 3. Statistical metrics of the classified images.

Classification

Test site method Imagery input Overall accuracy Kappa coefficient CSl
Area 1A, Sylvia Grinnell SVM HH+HV 0.842 0316 0.222
River (July, High Flow) HH 0.823 0.286 0.213
HvV 0.811 0.266 0.193
Band 8 0.959 0.777 0.607
Band 3+8 0.954 0.758 0.616
RT HH+HV 0.727 0.186 0.160
HH 0.760 0.206 0.164
HV 0.695 0.129 0.137
Band 8 0.939 0.693 0.499
Band 3+8 0.926 0.657 0.513
MLC HH+HV 0.094 0.000 0.094
HH 0.784 0.253 0.195
HV 0.803 0.254 0.187
Band 8 0.940 0.704 0.546
Band 3+8 0.848 0.457 0.335
KNN HH+HV 0.599 0.097 0.128
HH 0.610 0.094 0.127
HV 0.576 0.074 0.113
Band 8 0.755 0.297 0.237
Band 3+8 0.848 0.460 0.360
Area 1B, Sylvia Grinnell SVM HH+HV 0.840 0.294 0.234
River (August, Low HH 0.801 0.235 0.211
Flow) HV 0.767 0.218 0.166
Band 8 0.982 0.872 0.736
Band 3+8 0.982 0.872 0.737
RT HH+HV 0.787 0.227 0.195
HH 0.730 0.146 0.165
HV 0.700 0.161 0.128
Band 8 0.978 0.845 0.701
Band 3+8 0.983 0.880 0.713
MLC HH+HV 0.071 0.000 0.071
HH 0.812 0.250 0.218
HV 0.791 0.232 0.170
Band 8 0.987 0.902 0.781
Band 3+8 0.960 0.582 0.451
KNN HH+HV 0.688 0.140 0.133
HH 0.680 0.122 0.140
HvV 0.619 0.104 0.110
Band 8 0.965 0.777 0.603
Band 3+8 0.972 0.810 0.667
Area 2A, Red River (June, SVM VV+VH 0.953 0.671 0.576
Low Flow) W 0.876 0.367 0.362
VH 0.899 0.449 0.380
Band 8 0.992 0.938 0.882
Band 3+8 0.991 0.931 0.864
RT VV+VH 0.886 0.439 0.380
W 0.802 0.251 0.254
VH 0.820 0.282 0.255
Band 8 0.981 0.860 0.763
Band 3+8 0.992 0.939 0.852
MLC VV+VH 0.071 0.000 0.089
W 0.863 0.344 0.337
VH 0.877 0.391 0.339
Band 8 0.987 0.903 0.842
Band 3+8 0.992 0.939 0.872
KNN VV+VH 0.745 0.199 0.227
A% 0.725 0.167 0.199
VH 0.712 0.165 0.171
Band 8 0.899 0.511 0.451
Band 3+8 0.937 0.645 0.546
Area 2B, Red River (April, SVM VV+VH 0.903 0.772 0.732
Flood Flow) w 0.878 0.712 0.689
VH 0.811 0.565 0.548
Band 8 0.869 0.710 0.708
Band 3+8 0.971 0.934 0.897
RT VV+VH 0.885 0.732 0.704
A% 0.842 0.643 0.607
VH 0.775 0.502 0.490
Band 8 0.864 0.691 0.674
Band 3+8 0.976 0.945 0.892
MLC VV+VH 0315 0.000 0.316
wW 0.853 0.668 0.642
VH 0.776 0.511 0.525
Band 8 0.699 0.436 0.506
Band 3+8 0.492 —0.304 0.009
KNN VV+VH 0.777 0.529 0.574
wW 0.786 0.540 0.558
VH 0.698 0.372 0.435
Band 8 0.713 0.371 0.413
Band 3+8 0.972 0.936 0.858

(Continued)
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Table 3. Continued.

Classification

Test site method Imagery input Overall accuracy Kappa coefficient csl
Area 3A, Fraser River SVM VV+VH 0.809 0.198 0.136
(September, Lower w 0.650 0.062 0.064
Flow) VH 0.767 0.118 0.096
Band 8 0.881 0.312 0.230
Band 3+8 0.990 0.860 0.795
RT VV+VH 0.817 0.207 0.153
w 0.705 0.068 0.061
VH 0.767 0.118 0.088
Band 8 0.894 0.333 0.239
Band 3+8 0.988 0.836 0.784
MLC VV+VH 0.966 0.000 0.000
W 0.644 0.060 0.064
VH 0.688 0.096 0.085
Band 8 0.903 0.347 0.255
Band 3+8 0.871 —0.053 0.000
KNN VV+VH 0.772 0.169 0.107
W 0.733 0.068 0.058
VH 0.742 0.108 0.076
Band 8 0.874 0.207 0.185
Band 3+8 0.989 0.848 0.803
Area 3B, Fraser River (July, SVM VV+VH 0.919 0.416 0.294
Higher Flow) W 0.638 0.038 0.091
VH 0.638 0.038 0.147
Band 8 0.951 0.559 0.382
Band 3+8 0.975 0.735 0.560
RT VV+VH 0.917 0.417 0.295
w 0.702 0.038 0.057
VH 0.702 0.038 0.126
Band 8 0.948 0.550 0.350
Band 3+8 0.980 0.777 0.590
MLC VV+VH 0.962 0.000 0.000
w 0.599 0.049 0.061
VH 0.599 0.049 0.100
Band 8 0.944 0.531 0.362
Band 3+8 0.927 —-0.038 0.001
KNN VV+VH 0.825 0.230 0.154
W 0.715 0.042 0.056
VH 0.715 0.042 0.102
Band 8 0.892 0.355 0.204
Band 3+8 0.962 0.643 0.435
Area 4A, Riviere-Rouge SVM VV+VH 0.975 0.862 0.828
(September, Low Flow) w 0.978 0.874 0.816
VH 0.979 0.885 0.852
Band 8 0.992 0.957 0.898
Band 3+8 0.992 0.956 0.909
RT VV+VH 0.974 0.859 0.826
W 0.947 0.732 0.640
VH 0.954 0.776 0.679
Band 8 0.984 0.916 0.826
Band 3+8 0.991 0.952 0.893
MLC VV+VH 0.115 0.002 0.103
W 0.978 0.874 0.811
VH 0.977 0.873 0.849
Band 8 0.984 0.916 0.892
Band 3+8 0.991 0.952 0.884
KNN VV+VH 0.940 0.721 0.585
W 0.936 0.697 0.575
VH 0.941 0.724 0.607
Band 8 0.971 0.857 0.696
Band 3+8 0.974 0.871 0.773
Area 4B, Riviere-Rouge SVM VV+VH 0.975 0.884 0.797
(June, High Flow) W 0.974 0.876 0.771
VH 0.966 0.846 0.758
Band 8 0.990 0.952 0.921
Band 3+8 0.990 0.952 0.917
RT VV+VH 0.965 0.844 0.761
w 0.944 0.757 0.682
VH 0.933 0.728 0.631
Band 8 0.984 0.923 0.876
Band 3+8 0.988 0.942 0.908
MLC VV+VH 0.122 0.000 0.116
w 0.952 0.788 0.705
VH 0.965 0.842 0.754
Band 8 0.990 0.952 0.921
Band 3+8 0.989 0.947 0.907
KNN VV+VH 0.909 0.652 0.564
W 0.909 0.646 0.382
VH 0.926 0.708 0.600
Band 8 0.978 0.897 0.811

Band 3+8 0.975 0.888 0.823
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The classification technique that, on average, pro-
duced the highest accuracy surface water maps was
SVM with a mean CSI of 0.55. Following after SVM
in order of highest to lowest mean CSI was RT with
0.49, KNN with 0.39, and MLC with 0.39. Both SVM
and RT techniques were observed to produce the least
amount of speckle in the resulting surface water maps.
The MLC technique produced the greatest range of
CSI results with a standard deviation of 0.32. Following
MLC, the order of standard deviation of CSIs from
highest to lowest was SVM with 0.30, RT with 0.29,
and KNN with 0.26. The MLC technique produced
poor results for the SISAR dual polarization config-
uration, where the addition of the second polarization
consistently caused the tool to classify nearly the
entire image as water. The same was true for the
addition of band 3 for the MLC technique when clas-
sifying S2MSI imagery, but the effect of classifying
the entire image as water was not consistent across
the study locations. This inconsistency stems from the
MLC tool in ArcGIS Pro considering only the class
means of the “primary” band of imagery, and when
a second band of imagery is added to the classifica-
tion, the class means are not adjusted. Thus, if the
second band of imagery significantly changes the
means of the classes, as is the case for Area 2B, mis-
classification occurs.

Like-polarization (VV or HH)

S1SAR, like-polarization vs. Cross-polarization

Fourteen of the 32 results performed better with the
like-polarization input compared to 15 of the 32
results for the cross-polarization input, as illustrated
in Figure 4. Three of the results produced CSIs within
0.01 of each other (shown as hatched bars in Figure 4)
and 24 of the results produced CSIs within 0.05 of
each other (shown as asterisks in Figure 4) for the
like- and cross-polarization input comparison. The
p values from the ANOVA test are shown in Figure 4.
The p value indicating the significance of the polar-
ization is 0.973, much greater than 0.05, indicating
that there is no significant difference between the
mean CSI of the surface water maps derived from the
like-polarization versus the cross-polarization.
Likewise, both the p values for the method and the
interaction between method and polarization are
greater than 0.05. The p values for the ANOVA tests
excluding the MLC method are also shown in Figure
4 for consistency between the four comparisons. As
previously explained, the MLC method can influence
the outcome of the ANOVA tests for the other com-
parisons due to how the class means are selected in
the ArcGIS MLC tool. However, for this comparison,
exclusion of the MLC method does not change the
outcome of the significance of the p values. This result
is expected as only one imagery input (i.e., one

Cross-polarization (VH or HV)

Mean CSI =0.34 Mean CSI = 0.34
svM % : ANOVA (p value)
éb RT |B With Without
S - = MLC:  MLC:
g wmicl|h ' *
% 5 ' —— *I' | Method: 0547 0393
KNN
A *
SVM ﬁ = _ Polarization:  0.973 0.978
9 B ]
F _K 2 ] * Method * g 999 987
& B ] > polarization:
g MLC | 5 = e
® KNN B = *
A ] *
SVM |3 ] Legend
| .
NS B ] Higher CSI of
g ¥z T T * L c;;;;ison i
& .| B
g _MECnr T :
B e [ ] LowerCSlof
KNN )
A * comparison
B *
SVM
@ e — *| | Y Both CSisare
I &Rt |8 — . within 0.01
F ypclB | * ‘
< A L TTTTTTIT N ~ * Both CSIs are
KNN B [ ] * within 0.05
A | | | == . , .
1 0.75 0.5 0.25 0 0.25 0.5 075 1
csI

Figure 4. Quality of surface water maps and ANOVA analysis derived from like-polarization and cross-polarization of STSAR imag-

ery across the eight image areas based on the CSI metric.



polarization) was used in this comparison, and the
bias of the MLC technique is only introduced when
applying the method on dual polarization or multiple
bands of imagery.

The superiority of like- or cross-polarization across
each location was reasonably consistent. Like-
polarization performed better for surface water map-
ping in Area 1 for both 1A and 1B, although both
polarizations produced poor quality surface water
maps. Like-polarization also performed better for sur-
face water mapping in Area 2 where the
like-polarization classified the water and shoreline
pixels more accurately than cross-polarization.
Cross-polarization performed better consistently for
Area 3, where the Area 3A image was not able to be
classified accurately into a surface water map by either
of the polarizations, and the Area 3B image had fewer
misclassifications caused by shadows from the
cross-polarization and the separation of water to land
pixels was more accurate. Cross-polarization per-
formed generally better at surface water mapping for
Area 4 where commission errors were reduced and
more of the water pixels were correctly classified.

S1SAR, single polarization vs. Dual polarization

Seventeen of the 32 results performed better with the
dual polarization input compared to 11 of the 32
results for the single polarization input, as shown in
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Figure 5. Four of the results produced CSIs within
0.01 of each other (shown with hatched bars in Figure 5),
and 15 of the results produced CSIs within 0.05 of
each other (shown with asterisks in Figure 5) for the
dual and single polarization input comparison. The p
value describing the significance of the difference in
polarization was 0.577, indicating that there is no
significant difference between the mean CSI of the
surface water maps derived from the single polariza-
tion versus the dual polarization. As a test, because
the MLC technique produced consistently poorer
results for dual polarization due to considering only
the class means of the primary band of imagery, the
ANOVA was performed again with the MLC popu-
lation removed. The resulting p value was 0.511, indi-
cating that even among only RT, SVM, and KNN
techniques, the mean CSI derived from single polar-
ization is not likely to be different from the mean
CSI derived from dual polarization. The p values
comparing the performances of the methods used and
the interactions between methods and polarizations
were also not greater than 0.05 both with and without
the MLC method.

The resulting accuracy of the surface water maps
derived from dual polarization compared to single
polarization was less consistent across the locations
compared to like- and cross-polarization. The com-
parison was also not consistent across the four clas-
sification techniques at each location. This type of
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Figure 5. Quality of surface water maps and ANOVA analysis derived from one polarization (best result of single polarization or
dual polarization) and both polarizations of S1SAR imagery across the eight image areas based on the CSI metric.
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contrariety is illustrated in Figure 6 where the differ-
ence between the surface water maps derived from
RT are compared to the surface water maps derived
from SVM for Area 4A. The use of dual polarization
when applying the RT technique reduced the speckle,
resulting in a reduced commission error, whereas the
use of dual polarization for the SVM technique caused
the shorelines of the Ottawa River (lower right area
of image) to become poorly defined, increasing the
omission error.

The addition of the secondary polarization reduced
the commission error in the Area 4A and 4B images
(due to decreased speckle), Area 2A and 2B images
(due to reduced size of crop areas misclassified as
water), and Area 3A and 3B images (due to reduced
size of mountain shadows misclassified as water). The
effect on the accuracy of waterbody shorelines was
not consistent across the image areas. In the Area 2A
and 4A images, the use of dual polarization did not
define the shoreline as well as the single polarization.
On the other hand, in the Area 3B and 4B images,
the use of dual polarization improves the shoreline
delineation.

Previous literature has found dual polarization to
be better at classifying water areas with vegetation
than single polarization (Ireland et al., 2015). Areas
2 and 4 contain some vegetated shorelines, and thus
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Figure 6. Surface water maps and associated CSls derived
from single polarizations (VV and VH) and dual polarization
(VW+VH) of S1SAR imagery using the (a) RT and (b) SVM
techniques.

observations were collected for these four images to
test this theory. In the Area 2A image, the dual polar-
ization input caused the vegetated oxbow lake shore-
lines to become irregular, and the single polarization
created a smoothed boundary that better represented
the actual shoreline. Visual observation of the flooded
shoreline in the Area 2B image revealed that dual
polarization better represented the actual shoreline;
thus, dual polarization may be more successful at
extracting flooded shorelines compared to single
polarization. In the Area 4A image, the dual polar-
ization input misclassified some shallow water pixels
as land near the vegetated shorelines with the SVM
technique, but no noticeable differences were observed
for the other methods. Finally, there was no difference
in the quality of the derived shoreline boundary for
the vegetated shorelines in the Area 4B image.

S2MSI, one band vs. two bands

Twenty-one of the 32 results performed better with
the bands 3 and 8 input compared to seven of the
32 results for the band 8 only input. Four of the
results produced CSIs within 0.01 of each other
(shown as hatched bars in Figure 7) and 12 of the
results produced CSIs within 0.05 of each other
(shown with asterisks in Figure 7) for the dual and
single polarization input comparison. The p value
describing the significance of the multispectral band
input was 0.276, higher than 0.05, when including
MLC. However, upon excluding MLC from the
ANOVA analysis due to the bias it introduces by only
considering the primary band’s class means, the p
value was 0.010, indicating a statistically significant
difference in the mean CSI derived from band 8 ver-
sus the mean CSI derived from band 3 and band 8.
This result suggests that the addition of band 3
improves classification accuracy for S2MSI imagery
when applying traditional machine learning tech-
niques. Additionally, upon removal of the MLC
method from the sample dataset, the p value for
method becomes significant with a change from 0.069
to 0.049, implying that among the SVM, RT, and KNN
methods, the selection of the method can influence
the quality of the surface water map for S2MSI imag-
ery when using band 8 or bands 3 and 8.

Across the eight images, the addition of band 3 to
the classification was visually observed and quantified
to improve the accuracy of the surface water maps
by reducing the commission error, either by reducing
speckle (Areas 2A, 2B, and 4B) or by reducing the
size of the error where mountain shadows exist (Areas
3A and 3B). The addition of band 3 also improved
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Figure 7. Quality of surface water maps and ANOVA analysis derived from one band (NIR band) and two bands (green and NIR
band) of S2MSI imagery across the eight image areas based on the CSI metric.

the connectivity of the waterbody pixels and the accu-
racy of the derived shoreline (Areas 3B and 4B). The
addition of band 3 did not significantly improve the
classification results in the Area 4A image. Contrary
results were observed for the Area 1A and 1B images
where the results from the MLC method were found
to be less accurate with the addition of band 3 due
to greater commission errors at the gravel road areas
and reduced shoreline accuracy, but the results from
the KNN and RT methods showed that the addition
of band 3 reduced commission errors due to the run-
way and improved shoreline accuracy.

S1SAR vs. S2MSI

One of the 32 results performed better with the
S1SAR input compared to 31 of the 32 results for
the S2MSI input, as illustrated in Figure 8. None of
the results produced CSIs within 0.01 of each other,
and two of the results produced CSIs within 0.05 of
each other (shown as asterisks in Figure 8) for the
SISAR and S2MSI input comparison. From the
ANOVA analysis, the p value for the influence of the
imagery input was less than 0.001 both with and with-
out the inclusion of the MLC method in the sample
dataset, indicating that there is a statistically signifi-
cant difference between the mean CSI of the surface
water maps derived from the SISAR input versus the

mean CSI of the surface water maps derived from the
S2MSI input. With the exception of Area 2B with the
MLC technique, shown in Figure 8, the CSI value
was consistently lower for the SISAR input, and both
misclassification types (commission and omission
error) were higher for the SISAR input. Overall, the
disadvantages of the SISAR imagery compared to
S2MSI imagery (i.e., higher error and lower matching
area) may impede surface water mapping success with
SISAR imagery. Various causes of misclassification
between both the optical and radar imagery were
observed and noted, and the SISAR imagery was
found to perform particularly poorly in areas of
shadow and high slope. The p value representing the
significance of the method on the mean CSI is greater
than 0.05, implying that the mean CSI derived from
the four methods are not different from each other
for the SISAR and S2MSI imagery inputs used in this
analysis. The p value demonstrating the influence of
the interaction between the method and imagery input
is much greater than 0.05 both with and without the
MLC method included in the dataset.

One advantage of the SISAR imagery over the
S2MSI imagery was that snow and ice in the Area
1A and 2B images could be differentiated from open
water using SISAR imagery but not with S2MSI imag-
ery. Thus, although the accuracy of the surface water
map was poorer for the SISAR imagery compared to
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S2MSI imagery overall, some advantages exist to retain
the usefulness of SISAR imagery for surface water
mapping, depending on the area of interest.

The accuracy of the SISAR-derived surface water
maps tended to trend with the mean local projected
incidence angle (shown in Table 2), while the accuracy
of the S2MSI-derived surface water maps did not
trend with the mean Sun zenith angle or the viewing
incidence angle. For the study areas where the SISAR
incidence angle varied (Areas 2 and 3, see Table 2),
the images with the lower incidence angles (Areas 2B
and 3B) produced maps with higher CSIs (0.57 and
0.12). Comparatively, the images with higher incidence
angles (Areas 2A and 3A) produced maps with lower
CSIs (0.30 and 0.08). Area 1 and Area 4 incidence
angles did not vary between SISAR images. The mean
CSI between Area 1A and 1B did not change; how-
ever, the mean CSI between Area 4A and 4B did
change from 0.68 to 0.63 with no change in incidence
angle. This trend between SISAR incidence angle and
surface water map CSI is due to the decreased back-
scatter from land-based surface objects resulting from
larger incidence angles (European Space Agency,
2007). The decreased surface backscatter worsens the
division of land and water image classification, as the
land pixels become similar intensity to water pixels,
creating high commission error.

Discussion

Although surface water mapping using SISAR and
S2MSI has already been well-established in literature,
there remained a research gap. The type of imagery
input that produced the highest accuracy surface water
map across a wide variety of geographic settings
remained unknown. This study further supports the
use of SISAR and S2MSI for surface water mapping
by providing recommendations of the polarizations
and multispectral bands that should be used for
detecting surface water, with consideration of the
types of characteristics that may be present in the
study image. From this analysis, the superiority of
S2MSI satellite imagery over SISAR imagery for pro-
ducing accurate surface water maps was evident,
although the extent of this superiority varied by loca-
tion. This result was shown to be true irrespective of
the classification method used. Additionally, as the
central wavelengths are very similar between the
Sentinel-2 series and Landsat multispectral imagery
series, the results shown here for multispectral imag-
ery can be applied to Landsat as well. In Area 1 and
Area 3, characterized by higher slopes and shadows,
S2MSI imagery significantly outperformed SI1SAR,
with mean CSIs of 0.61 and 0.57, respectively, com-
pared to 0.19 for SISAR. To overcome the issue of
shadows being misclassified as water, a threshold slope



(e.g., 5%) can be applied to mask out areas of higher
slope, ideally removing these misclassified areas
(Vekaria et al., 2022). In addition, terrain correction
pre-processing steps that must be applied to SISAR
imagery can cause waterbodies located in steeply
sloped areas to appear inaccurate (e.g., artificially nar-
rowed), further contributing to classification inaccu-
racies in areas with steep slopes. Additionally, the
high albedo airport runway surface in the Area 1
location was not properly classified as land pixels by
any of the S1SAR inputs, resulting in high commission
error compared to the S2MSI imagery, which was able
to properly classify the runway.

Conversely, Area 4 surface water maps with SISAR
imagery produced a mean CSI of 0.76 and with S2MSI
produced a mean CSI of 0.88 (difference of 0.12),
indicating that the quality of the surface water maps
for this location were more comparable. Area 4 was
characterized by mostly deciduous vegetation, two
rivers of different sizes, and gently sloping terrain.
Area 2 surface water maps produced mean CSIs of
0.51 and 0.79 (difference of 0.28) from the S1SAR
and S2MSI imagery, respectively. The location of Area
2 had the flattest terrain, but some dark crop vege-
tation in the Area 2A imagery created commission
errors for the SISAR input and the flooded conditions
in the Area 2B imagery created both omission and
commission errors for the SISAR and S2MSI imagery
inputs. S2MSI imagery is sometimes used for accuracy
evaluation of SISAR surface water maps (Hu et al,,
2020; McCormack et al., 2022; Souza et al., 2022;
Ticehurst and Karim, 2023; Tran et al., 2022; Vekaria
et al,, 2022). From the results of this study, although
S1SAR and S2MSI products are of similar spatial res-
olution, the use of S2MSI-derived surface water maps
to validate SISAR-derived surface water maps is jus-
tified, as S2MSI is highly likely to produce a more
accurate surface water map than SI1SAR.

The trend identified between the local mean inci-
dence angle of the SISAR imagery and the CSI indi-
cates that if an image with a lower incidence angle
is selected to generate a surface water map, the quality
of that map may be better than with a higher inci-
dence angle. From literature, the impacts of a larger
incidence angle are two-fold and at odds with the
goal of increasing map quality. Larger incidence angles
result in decreasing backscatter intensities, worsening
the classification between water and land, and reduced
terrain distortion, improving shoreline detection
(European Space Agency, 2007; Kaplan et al., 2021).
The impact of backscatter intensity on the CSI was
greater than the impact of the terrain correction, and
as such, map accuracy decreased with increasing
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incidence angle. This is of importance as multiple
S1SAR images are often available within the same
range of dates. If feasible, the image with the lowest
local mean incidence angle should be selected for
surface water map generation. On the other hand, the
Sun zenith angle and S2MSI viewing incidence angle
did not trend with the CSI of S2MSI-derived surface
water maps, indicating that the angle of the Sun and
the angle of viewing may not need to be considered
when selecting a S2MSI image to produce a surface
water map.

Although S2MSI imagery can produce higher accu-
racy surface water maps, SISAR imagery provides
many practical advantages over multispectral imagery
for a number of applications. Most notably, radar-based
imagery is used extensively in flood area mapping
and for rapid flood assessment (Hu et al., 2020; Li
et al., 2018; Tripathy and Malladi, 2022; Vekaria et al.,
2022). This is because floods caused by large rainfall
events inherently coincide with cloudy atmospheric
conditions, limiting or even completely negating the
use of multispectral-based imagery if cloudy condi-
tions are present. Additionally, for near-real-time flood
disaster assessment, imagery needs to be available
during night hours, highlighting another practical
disadvantage of S2MSI imagery. One flooded area was
included in this study, Area 2B, illustrated in Figure 9.

The quality of the surface water maps for the Area
2B image, the only flooded landscape in the dataset,
was found to be relatively similar between the SISAR
and S2MSI inputs. The mean CSI for SISAR was 0.59
and the mean CSI for S2MSI was 0.74. The dual
polarization produced a slightly more accurate map
than the VV polarization, which is in agreement with
existing literature that has theorized that seasonal
fluctuations in flooded vegetation can only be cap-
tured by dual polarization and not by single polar-
ization (Irwin et al., 2018). The VV polarization was
superior to the VH polarization, and dual polarization
produced a higher accuracy map compared to the
map derived from band 8 of the S2MSI image.
However, the addition of band 3 to the classification
using S2MSI imagery improved the classification and
produced the highest CSI. Thus, although S2MSI
imagery produced the most accurate flood extent map,
the SISAR imagery also produced a surface water
map of acceptable quality.

Because the inclusion of an additional band of
imagery (band 3) was found to significantly improve
image classification for multispectral imagery when
using machine learning methods, more bands should
be included in future comparisons to understand if
their effects on image classification accuracy are
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Figure 9. Area 2B results using SVM. The CSls are listed in the lower left corner of the mapping results.

significant as well. For example, the modified nor-
malized difference water index (MNDWI), normalized
difference moisture index (NDMI), and automated
water extraction index (AWEI) utilize the blue and
short-wave infrared bands (bands 2, 11, and 12,
respectively, for S2MSI imagery). Inclusion of these
bands of imagery when utilizing machine learning or
deep learning methods in image classification may
lead to significantly more accurate surface water maps,
as shown with the inclusion of band 3 to band 8 in
this study.

Previous literature has demonstrated that dual
polarization generally produces higher quality surface
water maps (Brisco et al., 2008; C. Li et al., 2023;
White et al., 2015). However, this study’s results have
indicated that this is not always the case. The ANOVA
analysis p value describing the influence of dual polar-
ization and single polarization indicates that the aver-
age CSI of the surface water maps produced with dual

polarization is not different from the average CSI
produced with single polarization. Thus, on average,
surface water maps produced by dual polarization
images are not superior to those produced with single
polarization images, and the differences in surface
water map quality are scene and method dependent.
Admittedly, due to the small sample size used in this
study (eight image locations), this result may not be
suitable to describe the population of all other image
locations. Other combinations of dual polarizations
have been shown to be superior at classifying water
than the dual polarizations used in this study (i.e.,
VV/VH and HH/HV), such as HH/VV and VV/HV
(Lee et al., 2001), and as such, further analysis should
be performed to understand if HH/VV and VV/HV
produce significantly more accurate surface water
maps. If so, the availability of such polarization data
combinations should be increased. Vekaria et al.
(2022) theorized that the VH polarization should be



used for flood inundation area monitoring because
the VH polarization provides a wide range of back-
scatter values on the vegetated water surface.
Conversely, VV polarization has been theorized to be
better for flood extent mapping in other literature
(Hu et al., 2020; Li et al., 2018; Twele et al., 2016).
This study found that the VV polarization input better
represented the flood extent than the VH polarization
in the flooded image that was analyzed.

Recent advances have improved flood extent detection
using SISAR imagery beyond what was completed in
this study, such as masking using DEMs (Tripathy and
Malladi, 2022), dynamic thresholding (Vekaria et al,
2022), change detection (Li et al., 2018; Tripathy and
Malladi, 2022), and the combination of ascending and
descending scenes (Tripathy and Malladi, 2022).
Additionally, the creation of pixel confidence intervals
rather than Boolean values (e.g., 0 or false for land, 1
or true for water) and the creation of rapid flood assess-
ment models in cloud-based engines (Tripathy and
Malladi, 2022), such as Google Earth Engine, has made
S1SAR imagery more useful for flood disaster planning.
However, from this study’s findings with SISAR imagery,
consideration of the impact of the local incidence angle,
terrain correction effects in sloped areas, and the pos-
sibility of misclassification caused by certain soil types
and vegetation colors impedes confidence in the accu-
racy of surface water maps produced with SISAR imag-
ery. Hence, a combination of SISAR imagery and S2MSI
imagery should be used to improve the accuracy of the
surface water maps beyond just SISAR imagery (Manaf
et al, 2016; Mansaray et al, 2020; Tang et al., 2022).
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This study presents a baseline for understanding the
multispectral bands and polarizations that should be
included in fused imagery. This study illustrates either
that the green band of multispectral imagery should be
used in addition to the NIR band or that a spectral
index method that uses at least both the green and NIR
bands of imagery should be used. These bands or
indexed images should be employed when fuzing with
S1SAR imagery. Optical and radar fused imagery is use-
ful in a variety of disciplines apart from flood extent
detection, such as object detection in autonomous driv-
ing on water surfaces (Yao et al, 2024). Additionally,
the fusion of SISAR imagery with the newly developed
GLH-Water dataset, which is proposed to provide
high-resolution surface water maps globally, may be able
to provide improved water change detection capabilities
for the rapid mapping of flood extents (Y. Li et al,, 2023).

For areas in which seasonal runoff is dominated
by snow/ice melt, differentiation of liquid water from
ice and snow using remotely sensed data is particu-
larly important, as flood season often coincides with
melting and ice-break up activities. To track ice-jam
locations and facilitate flood disaster assessment and
planning, it is important to know which satellite imag-
ery product is most likely to best distinguish liquid
water from ice and snow. Previous literature has indi-
cated that ice and vegetated areas are able to be dis-
tinguished from open water with dual polarization
data and are often misclassified with single polariza-
tion data (Irwin et al., 2018). Area 2B in this analysis
included multiple areas of ice, one of which is illus-
trated in Figure 10.

Validation
Polygons

Band 8 +
Band 3

Figure 10. Surface water mapping results of the ice located in the Area 2B image using SVM technique.
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Table 4. Summary of findings.
Objective

Finding

Overall, across all study areas
S1SAR vs. S2MSI

Single vs. dual polarization
Like vs cross-polarization

NIR vs. green+NIR

KNN vs. MLC vs. RT vs. SVM

S2MSI statistically superior

Neither statistically superior

Neither statistically superior

Green+NIR statistically superior

SVM superior (not statistically
tested)

For Area 2B

Best input for mapping flooded area S2MSI superior; for S1SAR, dual
superior to single polarization

Cross-polarization superior across
S1SAR and S2MSI

Best input for mapping ice area

In Figure 10, it is demonstrated that, overall, the VH
polarization best discerns the ice from the liquid water,
and the S2MSI inputs either completely classify the ice/
water area as water (band 8+band 3) or the classified
areas are swapped, creating both omission and commis-
sion errors (band 8). Both single polarizations perform
better at distinguishing ice from water compared to dual
polarization, which is in contrast with the existing lit-
erature. The summary of this study’s findings is pre-
sented in Table 4. The findings derived using all study
areas are separated from the findings generated from
the characteristics from study Area 2B (flooded areas
and ice areas), as the conclusions derived from the eight
image areas combined are stronger than that of the
single Area 2B image area. The results regarding which
imagery input is best for flooded and icy/snowy image
features could be made stronger with the analysis of
multiple images with such features. Thus, more research
should be conducted into which polarization of
radar-based imagery is better at properly discerning ice
and snow from water, particularly in flooded landscapes.

Conclusions and recommendations

In this study, surface water maps were derived at four
study locations during two distinct flow conditions at
each location. Surface water maps were derived from
S1SAR and S2MSI imagery using four machine learn-
ing methods. In addition, the polarizations of the
radar imagery and the bands of the multispectral
imagery were varied. Altogether, 160 surface water
maps were developed providing a basis for statistical
analyses. The large scope of this analysis is rare in
remote sensing research, and it allowed for ANOVA
testing to determine whether the difference in accu-
racy derived from the various imagery products was
significant. The comparison metric used was the CSI,
which is used commonly in flood model extent val-
idation. The high-resolution validation imagery was
selected to be as temporally close as possible to the
S1SAR and S2MSI imagery capture dates.

The surface water maps derived from S2MSI imag-
ery were found to be of significantly higher accuracy
than surface water maps derived from SISAR imagery
(p<0.001). Thus, if possible, S2MSI imagery should
be used for surface water mapping. However, the
lower availability of cloud-free S2MSI images during
storms provides a practical limitation of the use of
S2MSI imagery compared to SISAR imagery, which
is more useful for flood extent mapping and rapid
analysis. This study justifies the use of S2MSI-derived
surface water maps to validate surface water maps
generated from S1SAR imagery (Hu et al., 2020;
McCormack et al., 2022; Souza et al., 2022; Ticehurst
and Karim, 2023; Tran et al, 2022; Vekaria et al,
2022), despite the similarity in the products’ spatial
resolution.

Upon comparing the SISAR polarizations and
S2MSI bands for surface water detection, findings that
either bolster or contradict existing literature were
discovered. Between like- and cross-polarization, no
difference in the mean accuracy of the surface water
maps was established (p=0.973). A similar result was
found between dual and single polarization (p=0.511).
Both of these findings are in contrast with the existing
literature (Abbasi et al., 2023; Bangira et al., 2019;
Brisco et al,, 2008; Haris et al., 2021; C. Li et al,
2023; Souza et al., 2022; Twele et al., 2016; White
et al, 2015). Rather, this study has found that the
difference in accuracy between the polarizations is
location/image and method dependent. However, only
VYV, VH, and VV/VH polarizations were tested in this
study and a significant difference in accuracy may
exist for the dual polarizations HH/VV or VV/HV
(Lee et al.,, 2001). Thus, future work exploring these
additional polarization options would provide a valu-
able contribution to land-water image classification
research. Conversely, the addition of the green band
(band 3) of multispectral imagery was found to sig-
nificantly improve (p=0.010) the mean accuracy of
water surface maps beyond the use of just the NIR
band (band 8). Thus, when employing traditional
machine learning techniques, band 3 should be used
in addition to band 8.

In the flooded study location, the dual polarization
produced the highest accuracy surface water map for
S1SAR imagery, in agreement with existing literature
(Irwin et al., 2018). Additionally, the like-polarization
performed better than cross-polarization for the
flooded image, which is also in agreement with exist-
ing literature (Abbasi et al., 2023; Brisco et al., 2008;
Hu et al., 2020; Li et al.,, 2018; Twele et al., 2016).
Thus, dual polarization should be used for flood inun-
dation extent detection, if available, and like-polarization



should be used otherwise. With ice present, the
cross-polarization was observed to best differentiate
ice from liquid water when compared to dual and
like-polarization for SISAR imagery and when com-
pared to band 3 and band 8 for S2MSI imagery.
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