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ABSTRACT

Continuous monitoring of water surfaces is essential for water resource management. This study presents a
nonparametric unsupervised automatic algorithm for the identification of inland water pixels from multispectral
satellite data using multidimensional clustering and a high-performance subsampling approach for large scenes.
Clustering analysis is a technique that is used to identify similar samples in a multidimensional data space. The
spectral information and derived indices were used to characterize each scene pixel individually. A machine
learning approach with random subsampling and generalization through a Naive Bayes classifier was also pro-
posed to make the application of complex algorithms to large scenes feasible. Accuracy was evaluated using an
independent dataset that provides water bodies in 15 Sentinel-2 images over France acquired in different seasons
and that covers a large range of water bodies and water colour types. The validation dataset covers a water
surface of more than 1200 km? (approximately 12 million pixels) including over 80,000 water bodies outlined
using a semiautomatic active learning method, which were manually revised. The classification results were
compared to the water pixel classification using three of the major Level 2A processors (MAJA, Sen2Cor and
FMask) and two of the most common thresholding techniques: Otsu and Canny-edge. An input mask was used to
remove coastal waters, clouds, shadows and snow pixels. Water pixels were identified automatically from the
clustering process without the need for ancillary or pretrained data. Combinations using up to three water indices
(Modified Normalized Difference Water Index-MNDWI, Normalized Difference Water Index-NDWI and Multi-
band Water Index-MBWI) and two reflectance bands (B8 and B12) were tested in the algorithm, and the best
combination was NDWI-B12. Of all the methods, our method achieved the highest mean kappa score, 0.874,
across all tested scenes, with a per-scene kappa ranging from 0.608 to 0.980, and the lowest mean standard
deviation of 0.091. Standard Otsu’s thresholding had the worst performance due to the lack of a bimodal his-
togram, and the Canny-edge variation achieved an overall kappa of 0.718 when used with the MNDWI. For water
masks provided by generic processors, FMask outperformed MAJA and Sen2Cor and obtained an overall kappa of
0.764. In-depth analysis shows a quick drop in performance for all of the methods in identifying water bodies
with a surface area below 0.5 ha, but the proposed approach outperformed the second best method by 34% in
this size class.

1. Introduction

Recently, there has been increasing capacity of remote sensing earth
observation satellites, such as in the Sentinel missions, which offer high

Continuous monitoring of water bodies is essential for water re-
sources management, but for many countries, especially those with
continental extensions, the lack of field monitoring is an issue (Barbosa,
2019). In this regard, earth observations from spaceborne sensors have
shown the potential to complement field surveys and provide scientific
information in various water-related domains (Bukata, 2013).

spatial, spectral and temporal resolutions at a global scale without cost.
This capacity enables scientists to explore different possibilities,
including surface water coverage (Buma et al., 2018; Feyisa et al., 2014;
Markert et al., 2018; Pekel et al., 2016; Souza et al., 2019), flood and
inundation mapping (Kordelas et al., 2019, 2018; Martinis et al., 2011;
Wieland and Martinis, 2019), water quality monitoring (Ansper and
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Alikas, 2018; Delegido et al., 2014; Frampton et al., 2013; Lins et al.,
2017; Toming et al., 2016; Yadav et al., 2019), suspended sediment
assessment (Condé et al., 2019; Martinez et al., 2009; Yepez et al.,
2018), among others.

In this context, the correct identification of water pixels within an
image is the first process required for many subsequent applications. The
proposed solutions in the literature include a number of approaches that
are suitable for different objectives, scales (local, regional or global) and
sensor characteristics (Feng et al., 2016; Kordelas et al., 2018; Pekel
et al., 2016; Souza et al., 2019).

Supervised (Hollstein et al., 2016) and unsupervised classification
(Yousefi et al., 2018), hue saturation and value (HSV) transformation
(Dinh Ngoc et al., 2019; Pekel et al., 2016, 2014), spectral mixture
analysis (SMA) (Feng et al., 2015; Souza et al., 2019), water index
thresholding (Donchyts et al., 2016; Du et al., 2016; Kordelas et al.,
2018; Zhang et al., 2018), object segmentation (Kaplan and Avdan,
2017) and, more recently, deep learning (Wieland and Martinis, 2019)
are examples of techniques that have been used to separate water bodies
from land cover in radar-based and optical images.

Although radar-based water mapping has the advantage that it is not
affected by cloud or weather conditions and detects water through a thin
canopy, optical images, when available, are more straightforward for
detecting water (Shen et al., 2019) and have the advantage of making it
possible to use the spectral bands to perform other analyses beyond
water mapping using an increased number of parameters (Markert et al.,
2018).

Several optical water masking approaches rely on a stack of images
acquired on different dates to avoid clouds, shadows or undesirable
complex water conditions (Pekel et al., 2016), or they use ancillary data,
such as Digital Elevation Models (DEM) or pre-existing cartography
(Donchyts et al., 2016; Markert et al., 2018). Although these approaches
can achieve high accuracy scores, some of them are complex, time
consuming or require human intervention to prepare and process data
(Zhang et al., 2018).

Because this work is focused on providing a water pixel baseline for
the development of subsequent products within single scenes, especially
for the production of water quality products, this article focuses on
automated methods for processing optical images without the use of any
auxiliary data or time-series mosaicking.

For automatic water detection, the most commonly used methodol-
ogies include thresholding in one or more spectral bands or indices and
pretrained machine-learning algorithms (Wieland and Martinis, 2019).
The literature on supervised machine learning models for water map-
ping includes commonly used methods, such as support vector machines
(Nandi et al., 2017), decision trees (Acharya et al., 2016), random for-
ests (Feng et al., 2015; Ko et al., 2015), multilayer perceptron (Jiang
et al., 2018; Mishra and Prasad, 2015) and convolutional neural net-
works (Pu et al., 2019; Wang et al., 2020).

The use of supervised machine learning models is preferable over
thresholding for accurate results, but due to having different water and
atmospheric conditions at different sites and their dependency on the
training data, supervised machine learning might not be the best option
when multiple sites at a global scale are addressed (Bangira et al., 2019).

According to Bangira et al. (2019), varying concentrations of sus-
pended sediments (turbidity), photosynthetic pigments in algae (e.g.,
chlorophylls, carotenoids), dissolved organic matter and aquatic plants
make the implementation of supervised optical remote sensing-based
water extraction methods difficult because training data must be uni-
versally applicable and frequently updated, especially in the case of
water bodies that present highly variable reflectance over space and
time.

With regard to unsupervised water mapping from optical images, to
date, the majority of developed methods rely on water indices, such as
the Normalized Difference Water Index (NDWI) (McFeeters, 1996),
Modified Normalized Difference Water Index (MNDWI) (Xu, 2006),
Multiband Water Index (MBWI) (Wang et al., 2018) and Automated
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Water Extraction Index (AWEI) (Feyisa et al., 2014). For automated and
operational purposes, these indices are usually employed with an
automated thresholding procedure, such as Otsu’s thresholding (Otsu,
1979), which minimizes within-class variance in bimodal histograms.
This procedure can be combined with other bands or ancillary data in
complex workflows to overcome some of the indices’ limitations (Dinh
Ngoc et al., 2019; Donchyts et al., 2016; Kordelas et al., 2018; Markert
et al., 2018; Yang et al., 2018).

The threshold values can be obtained locally or globally, however a
unique global threshold is ineffective because it can vary with satellite
altitude, illumination, angle, atmospheric conditions (Ji et al., 2009);
and water constituents (sediments, organic dissolved matter and chlo-
rophyll). Working over one river catchment, but within boxes of 20 km
x 20 km, Donchyts et al. (2016) found that the MNDWI optimal
threshold varied from —0.25 to 0.4, which highlights the need to adjust
the threshold dynamically over space and time.

In this context, little attention has been paid to large areas, such as an
entire Sentinel 2 scene, in which all the complex variabilities of water
can lead to erroneous assessments due to a diversity of spectra occurring
at the same time. One exception that is worth mentioning is Global
Surface Water (Pekel et al., 2016), which was developed to assess water
surfaces worldwide and their long-term changes. The equations for its
inference system were obtained by manually drawing hulls in a multi-
dimensional feature-space and interactively adjusting them to pixel
samples. Ambiguous classification and spectral overlaps were solved by
evidential reasoning, followed by a final visual inspection.

Bangira et al. (2019) compared the thresholding method with ma-
chine learning classifiers and concluded that the use of only one feature
(i.e., one water index) produced relatively poor and unstable results
compared to using a basic threshold combination and that more work is
needed to investigate the efficacy of other combinations. To overcome
some of the drawbacks of using water indices, their combination with
other bands in a fully automated method has been an object of study
(Dinh Ngoc et al., 2019; Kordelas et al., 2018, 2019), but in a rule-based
system, their use in optically complex water remains a challenge (Ban-
gira et al., 2019).

In addition, it appears that certain multidimensional unsupervised
methods, such as clustering, have not been as popular as other methods
for automatic water mapping based on the number of publications to
date. Thus, clustering could be used as a solution for combining multiple
features (reflectance bands and water indices) in a single automated
procedure.

For this reason, the purpose of this study is to provide a robust
method for water extraction from single scenes using optical high-
resolution sensors that can be applied at a large scale. Different from
other thresholding approaches that use only one dimension, usually a
water index, this article aims to analyze the applicability of combining
different water indices and spectral bands in unsupervised multidi-
mensional hierarchical clustering, optimized for large-scale processing.

The obtained results are compared to water index thresholding, the
most common method to separate water, and other major identification
algorithms, such as Sen2Cor (Mueller-Wilm et al., 2019), FMask (Zhu
etal., 2015; Zhu and Woodcock, 2012) and MAJA (Hagolle et al., 2010).

2. Materials and methods
2.1. Reference maps and study area

To test and validate the new water extraction methodology, it is
necessary to have a good reference dataset. However, obtaining a good
reference dataset can be a challenge for large areas because in-situ
reference databases are scarcely available at a broad scale and remote
sensing databases require costly, time-intensive investment (Baetens
etal., 2019). Although previous studies have been performed to provide
global water datasets, such as Global Surface Water data, provided by
the European Commission (Pekel et al., 2016), or Global Water Bodies —
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GLOWABO data (Verpoorter et al., 2014), our goal is to provide a per-
scene pixel classification that is affected by instant climate and water
conditions.

To overcome the difficulty of reference mask generation with a
limited amount of manual work, Baetens et al. (2019) developed an
active machine learning algorithm called Active Learning Cloud Detec-
tion (ALCD), which can be used for any classification purpose.

The approach of ALCD consists of an iterative process in which the
operator manually selects the reference points, trains the machine
learning model based on random forest and classifies the scene. After the
classification, the operator visually determines the possible imperfec-
tions and labels new pixels where the classification went wrong or was
uncertain and then repeats the cycle until a desirable result is achieved.
The operator performs a manual correction of persistent errors if
necessary.

For the continental water domain, the ALCD algorithm was used to
produce the CNES ALCD Open Water Masks dataset (Santiago, 2019),
which is available online. This open dataset comprises open water masks
for 16 Sentinel-2 scenes over 9 different regions in France that were
selected to minimize the presence of clouds while including areas with
diverse land coverage (Fig. 1). Some areas have reference masks in
different seasons, such as the end of summer and the end of winter pe-
riods. The masks were generated at a 10 m resolution, with each tile
covering 110 km x 110 km. Among the available scenes, tile T31TGK,
from the Alpes region during winter, was discarded because of the un-
availability of ancillary data related to this scene that are required to
complete the study.

The selected dataset has an inland area coverage of 96.315 km? with
approximately 1.239 km? of surface water and water quality charac-
teristics that would match most European countries. The complete list of
scenes used in this study, with basic characteristics and water coverages
and percentages, is described in Table 1.

2.2. Data collection and preprocessing

The Copernicus Sentinel 2 mission consists of two polar-orbiting
satellites (Sentinel 2-A and Sentinel 2-B) that were developed to
monitor variability in land surface conditions with a revisit time from 2
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Table 1
Description of the scenes used for reference with the corresponding continental
water surface in km? and as a percentage.

Region Tile Dates Continental Scene content
Water
Area km?
(%)’
Alpes 31TGL 28 August 125.04 (1.03)  Mountains
2018
Alsace 32ULU 12 83.55 (0.69) Lowlands and gentle
September 100.12 slopes
2018 (0.83)
21 March
2019
Ariege 30TCH 23 October 39.94 (0.34) Mountains, small
2018 31.42 water bodies
22 March (0.26)
2019
Bordeaux 30TXQ 11 184.40 (2.47) Large water bodies,
September 111.36 (2.51)  very turbid and clear
2018 water
23 February
2019
Bretagne 30UXU 08 July 2018  50.81 (0.42) Lowlands, Wetlands,
23 February 54.93 (0.46) small water bodies
2019
Camargue 31TFJ 27 433.83 (4.18)  Large water bodies,
September 489.10 (4.71) floodplain/delta
2018
31 March
2019
Chateauroux  31TCM 19 August 133.49 (1.10) Lowlands
2018 121.42 (1.00)
25 February
2019
Gironde 30TXR 23 February 92.63 (1.37) Large water bodies,
2019 very turbid and clear
water
Marmande 30TYQ 22 February 95.33 (0.79) Lowlands, small
2019 water bodies

! The continental water area and percentage were calculated while accounting
for only the valid pixels within each scene.

5°0'W 2°30'W 0°0’ 2°30'E 5°0’E 7230/E 10°0°E
i i i —t i : -
B France /\jj Nr. | Area Tile Id.

;g_ I:] Reference scenes [9] 1 Bretagne T30UXU
2 Alsace T32ULU

= 3 Chateauroux T31TCM

& 4 | Gironde T30THR
5 | Alpes T31TGL

g 6 Bordeaux T30TXQ
7 Marmande T30TYQ
8 Camargue T31TFJ

Z

é' 100 200 km 9 Ariege T31TCH

—L 1 1

Fig. 1. Spatial distribution of the reference scenes over France used for validation in this work.
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to 5 days according to latitude. Both satellites are equipped with an
optical Multispectral Instrument (MSI) that can monitor 13 spectral
bands with wavelengths ranging from 440 to 2200 nm at high resolu-
tion, from 10 to 60 m depending on the spectral band (Suhet, 2015).

Different processors have been developed for Sentinel 2 to correct
images for atmospheric conditions and to provide the surface reflectance
(Level 2A). One important subproduct from these processes is the pixel
classification, which provides Clouds, Shadows, Land, and Water masks
among other ancillary data. Sentinel 2 - Level 2A products distributed by
ESA are generated by the Sen2Cor processor (Mueller-Wilm et al., 2019),
while the French Land Data Center (named Theia) uses the MAJA pro-
cessor (Gascoin et al., 2019; Hagolle et al., 2010). Another important
provider, the United States Geological Survey (USGS), generates the
final pixel classification using the Function of Mask (FMask) algorithm
(Qiu et al., 2019; Zhu et al., 2015).

To compare the performance of the proposed algorithm with the
water mask provided by the FMask, MAJA and Sen2Cor processors, all
15 scenes selected within the reference dataset were downloaded from
two different sources. The level-2A MAJA corrected images were
downloaded from CNES’s Theia Land Data Center portal (https://theia.
cnes.fr/). For the FMask mask, we downloaded level-1C images from
ESA’s Scientific Data Hub, and for the Sen2Cor masks, we downloaded
Level-2A products from the same source. Then, version 4.0 of the FMask
processor, which is available online (https://github.com/GE
RSL/Fmask), was used to produce the FMask categorical map.

Considering the importance of the atmospheric correction to better
characterize the spectral signature of the desired targets (water and
nonwater) and obtain a uniform and consistent dataset (Dinh Ngoc et al.,
2019; Jiang et al., 2018; Wang et al., 2018), all of the images used to run
the proposed algorithm were Level 2-A. MAJA was selected, considering
the quality of its atmospheric correction and cloud mask in comparison
to other processors (Baetens et al., 2019).

To avoid undesired pixels that are not objects of this study and that
could bias the results from the algorithm, one external reference mask
was produced for each scene. Five categories of pixels were masked
using different specialized sources, as shown in Fig. 2. The undesired
categories are snow, cloud, cloud shadow, geographic shadow and
ocean/coastal waters, and the respective sources for each category are
listed below:

/ GSHHG

(Global Self-consistent,
Hierarchical, High-resolution
Geography Database)

Theia Snow

Original Scene Collection

MAJA L2A
Processor

-
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e Snow: snow cover was downloaded from the Theia Snow collection
(Gascoin et al., 2019), which is an operational snow detector with a
20 m resolution, developed by the CESBIO laboratory;

e Ocean/coastal waters: CNES ALCD Open Water Masks (Santiago,

2019) has a version called “inland masks” that delineates the oceans/

coastal waters. This dataset was produced considering the coastal

lines available at the Global Self-consistent, Hierarchical, High-
resolution Geography Database - GSHHG (https://www.soest.

hawaii.edu/pwessel/gshhg/) (Wessel and Smith, 1996) at level H

and using an erosion filter of 400 m toward the continent. The

shoreline was produced at a working scale of 1:100.000 according to
the World Vector Shoreline database;

Clouds and shadows: For the treatment of clouds, cloud-shadows and

geographic shadows, the geophysical - MG2 mask from MAJA was

selected because its multitemporal approach has been proven to be
superior to other cloud detection processors, as shown in previous
studies (Baetens et al., 2019). Although the MG2 layer is provided at

10 m and 20 m resolutions, these masks were computed at 240 m for

the Sentinel-2 imagery.

2.3. Computational framework and infrastructure

Considering the amount of data and the many experiments required
to complete this study, as described in section 3, all the processing was
performed on a high-performance cluster within the CNES’s computa-
tional infrastructure.

The main algorithm was developed in Python 3.7. The clustering,
qualification indices and machine learning algorithms were imple-
mented using the SciKit Learning library (Pedregosa et al., 2011), and
the Otsu’s thresholding algorithm (Otsu, 1979) was from the SciKit
Image library (van der Walt et al., 2014). For the geospatial data
manipulation, the GDAL library (GDAL/OGR contributors, 2020) was
employed.

The comparison task was performed using the validation module of
SurfWater software developed by CNES’s team, which computes the
confusion matrix with more relevant parameters, including Kappa,
Precision, Recall, F1 Score, among others.

Coastal line \

Masks combination

J

Fig. 2. Schematic view of the sources and categories of the pixels selected to produce the reference mask for each scene.
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3. Methodology
3.1. Concept and rationale

Despite their simplicity, simple water extraction methods, such as
two-band water indices and single-band thresholding, are not able to
accurately distinguish water in complex environments that include
build-up areas, dark surfaces or mountain shadows (Feyisa et al., 2014;
Wieland and Martinis, 2019). In addition, when addressing large areas
(i.e., 110 km x 110 km when considering a full Sentinel-2 scene), it is
common to have different environments at the same time. The combi-
nation of water indices results with other reflectance bands has been
tested in some rule-based water extraction approaches (Dinh Ngoc et al.,
2019; Kordelas et al., 2018), but the optimal combination of different
thresholding results remains uncertain and often requires tuning to local
conditions (Bangira et al., 2019).

In addition, one of the major criticisms of the Otsu thresholding
method is the instability that occurs when the histogram of the pixel
values is not bimodal (Donchyts et al., 2016). That circumstance can
occur in different situations, depending on the relations of the land and
water pixels in the selected scene or study area, for example, in areas
with very few water pixels compared to land pixels.

The method proposed in this study combines different water indices
and reflectance bands into a single unsupervised multidimensional
clustering approach for large areas; we compare its results with those
from the most commonly used threshold methods and ready-to-use
processors. The proposed method is applied on individual Sentinel-2
scenes and is intended to be used as an input water mask for different
water resources applications, such as inland water quality monitoring,
water temperature assessment, surface water storage or geomorpho-
logical analysis of river streams.

3.2. Feature selection

An important step in machine learning is called feature engineering,
in which features are the input information provided to the algorithm.
The primary features considered are the reflectance bands.

Pure water is known to have very strong light absorption for wave-
lengths above 800 nm, covering the near-infrared (NIR) and short-wave
infrared (SWIR) Sentinel-2 bands, compared to the visible bands. This
behavior serves as the rationale for the most commonly used water
indices (NDWI and MNDWI) (McFeeters, 1996; Xu, 2006). In addition,
Bangira et al. (2019) assessed the utilization of each of the Sentinel 2
spectral bands, among other indices, for water discrimination through
Otsu-based thresholding, and the single bands that achieved the highest
accuracies were B8 (NIR) and B11 (SWIR).

Because Sentinel-2 has two bands in the short-wave infrared spectra
and because the B11 band is already used in the MNDWI and the MBWI
indices, B12 was selected considering its lowest response over water
surfaces. In addition to the selected B8 and B12 Sentinel-2 bands, the
most commonly used indices for water segmentation, NDWI and
MNDWI, were generated as input features for each scene. Additionally,
the recently proposed MBWI (Wang et al., 2018), which was developed
to maximize the spectral difference between water and nonwater sur-
faces in Landsat 8 scenes, especially for confused backgrounds (i.e.,
mountainous shadows and dark built-up areas), was adapted to work
with Sentinel 2 bands and was also included in the current analysis
(Table 2).

Lower resolution bands (B11 and B12) were upsampled to 10 m
using the simple average algorithm. The two reflectance bands, B8 and
B12, and three indices were then combined in different clustering ex-
periments with up to five dimensions when all of the features were
considered together. Considering that the order of the features is not
important for the clustering method, the number of necessary experi-
ments can be assessed by the combination formula (Eq. (1)):
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Table 2
Features and calculation methods considered in the clustering experiment.
Feature Resolution ~ Notation = Equation
Visible green (537-582 nm) 10 m B3 -
Visible red (646-685 nm) 10 m B4 -
Near-infrared (767-908 nm) 10 m B8 -
Short-wave infrared 20 m B11 Average up-sampling
(1539-1681)
Short-wave infrared 20 m B12 Average up-sampling
(2072-2312)
Modified normalized 10 m MNDWI B3 - B11
MNDWI = ————
difference water index B3 +B11
Normalized difference 10 m NDWI B3 - B8
NDWI =
water index B3+ B8
Multi-band water index 10 m MBWI MBWI = 3 * B3 — B4 —
B8 — B11 — B12
ny\ n! b
k) kl(n — k)!7

where n stands for the number of features and k is the number of di-
mensions. To test the applicability of B11 instead of B12, we ran extra
tests by changing the input band to B11, but the results were system-
atically less robust than the same experiment with B12.

Additionally, as part of the experiment, for comparison purposes,
Otsu-based thresholding and its modified version using the Canny-edge
filter were also adopted for each index, achieving a total of 29 experi-
ments for each scene. Table 3 summarizes the water mapping experi-
ments and features used in this study.

3.3. Clustering method

One of the most commonly used clustering algorithms in remote
sensing applications is k-means because of its high performance, low
complexity and the fact that it is implemented in most image packages.
The k-means method partitions data into K given clusters, in which each
observation belongs to the cluster with the nearest centroid (the mean
value in each dimension). This process partitions the data space into
Voronoi polygons and results in clusters of similar size.

This characteristic has strong implications when attempting to
separate water from land pixels, because depending on the scene, the
bands included in the analysis and the number of water pixels compared
to land pixels can imply very different cluster sizes.

Agglomerative clustering, which was selected for this study, can
address the difference in cluster sizes because it does not have any
constraint with regard to the sizes of the resulting clusters. Agglomer-
ative clustering is a subtype of hierarchical clustering that follows a
bottom-up approach, in which each observation starts in its own cluster
and is then merged iteratively until the desired number of clusters (K) is
reached (Nielsen, 2016).

The key parameters for the algorithm to decide whether to merge
two clusters are the metric (Eq. (2)) and the linkage (Eq. (3)). The metric
specifies the measure of the distance between pairs of observations, and
we used the simple Euclidean distance - ED, described in (Eq. (2)):

Table 3
Number of water mapping experiments performed in this study for each method.

Method Dimensions Number of experiments
Otsu Thresholding 1 3
Canny-edge Thresholding 1 3
Clustering 2 10
Clustering 3 10
Clustering 4 5
Clustering 5 1
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n

EDy, = Z (ai - bi)27 (2)
i=1

where ED,y, is the distance between points a and b in an n-dimen-
sional space and i is the considered dimension.

In addition to the metric, the linkage criteria determine how to
compute the distance between clusters as a function of the pairwise
distances between observations. The Average Linkage - AL, used in this
study, considers the mean distance considering all the points in each
cluster and can be described as in (Eq. (3)):

1
AL = (1] 22D, ®)

aeA beB

where a and b are the coordinates of points in a n-dimensional space
and |A| and |B| are the total number of observations in each cluster.

During each iteration, the algorithm merges the two clusters, among
all of the clusters, that are closest to each other considering the criteria
described above. The iteration continues until the specified number K is
reached.

3.4. Selecting the ideal number of clusters

Agglomerative clustering continues to merge clusters until a targeted
number of clusters is achieved. Because the final objective is to develop a
nonparametric fully automated method, one important step is to identify
the best value of K. One way to evaluate the performance of a clustering
process when the true classes are not known is to employ a coefficient
that measures whether the clusters obtained are dense and well
separated.

The coefficient used in this study is the Variance Ratio Criterion,
which is also called the Calinsk-Harabasz Index (Calinski and JA, 1974).
The Variance Ratio Criterion considers intracluster (Eq. (4)) and inter-
cluster (Eq. (5)) variances, represented by Wy and V, respectively, which
are defined as Sy, in (Eq. (6)):

1

Wi = 72 EDX;lku (4)
|k| xek
K
V=) IKED,,, ®)
k=1
N —-K)V
Sen = ¥, (6)
(K—1)> W

k=1

where x is a point in cluster k, |k| is the number of samples in cluster k, pix
is the centroid of cluster k, p is the centroid of all clusters, N is the total
number of points, and K is the total number of clusters.

To achieve the best value of K, the Calinsk-Harabasz Index is eval-
uated for multiple experiments with K ranging from 2 to 10. The supe-
rior limit of 10 was defined empirically in the context of this study. More
information on the selection of the maximum number of clusters as well
as the number of sampled pixels is proved in section 4.4.

3.5. Identifying the water cluster

Once the best number of clusters is known, the next step is to identify
which cluster, among all possibilities, includes the water points. To
achieve this goal, the MBWI is calculated for the centroids of each
cluster. The cluster that presents the highest MBWI value is selected as
the water cluster, and the others are labeled as nonwater clusters. The
MBWI was selected due to its robustness over confused backgrounds,
which could result in false positives with the other indices (Wang et al.,
2018).

Remote Sensing of Environment 253 (2021) 112209
3.6. Pixel sampling and generalization

One disadvantage of agglomerative clustering compared to k-means
is that it has a space complexity (the amount of memory needed to
compute) of 0(n?) and a time complexity of 0(n®) (Firdaus and Uddin,
2015), which make it inefficient for even medium-sized datasets.

In addition, the clustering procedure is performed many times for
each different K value until the method can obtain the best number of
clusters. Considering that each Sentinel-2 scene includes approximately
120 million pixels (10,980 by 10,980 pixels) and that our objective is to
provide an operational method for monitoring large areas, it would not
be feasible to apply the process to the whole scene at once.

The proposed method, therefore, randomly selects a subset of pixels
in the scene to apply the clustering until the best K is found and the
water cluster is identified. Once the best clustering solution is achieved
and the subset pixels are labeled for water and nonwater, we generalize
the solution to all the pixels in the scene through a supervised machine
learning classifier. After several tests, including Naive Bayes, support
vector machines and multilayer perceptron models, Naive Bayes was
selected because it offered the best results within a short training time.
The schematic flow-chart of the processing chain is shown in Fig. 3.

Even though most of the processing is performed using a high-
performance cluster, as mentioned in section 2.3, a whole Sentinel-2
scene can be classified in 3 to 6 min using an intel i7 computer with
32 Gb of memory running the Windows 10 Pro operating system.

3.7. Image thresholding

The most straightforward method for water body mapping is to apply
a threshold to an index and select the pixels whose values are greater
than a selected threshold value. A dynamically selected threshold is used
as a standard because the values can vary both temporally and spatially
among different regions, depending on the different image and water
characteristics. Among the variety of methods for automating the
threshold selection proposed in the literature (Al-Bayati and El-Zaart,
2013; Yang et al., 2017), the Otsu algorithm, developed initially to
separate background from foreground in computer vision applications,
is one of the most commonly used approaches. This method aims to
maximize interclass variance and minimize intraclass variance based on
the histogram of a variable. Considering ¢ to be the interclass variance
between classes separated by a threshold t (Egs. (7)-(9)), the algorithm
exhaustively searches for the value of t that maximizes o, as follows:

(1) = Popy — pr)* + Pr(py — pir)°, )

p_ > Pixels in class7 ®)

Total Pixels

Feature
extraction
(Indices)

Preprocessing
(atmospheric
correction)

Sentinel 2 data

Clustering

validation Random subset

Agglomerative
clustering (K= i)

sampling

(Variance Ratio)

Water cluster e s

T Water mask
classifier

identification
(higher MBWI)

Fig. 3. Schematic flow diagram of the proposed method.
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Threshold = min(t) < t < max(i) [6*(1)],

©)

where P is the probability of a pixel belonging to one of the classes,
uo and uq are the mean values of the variable for both classes, pr is the
mean value of the whole histogram, and the threshold value is the value
of t that maximizes 6.

To analyze the proposed multidimensional clustering method, we
compare its results with those obtained by the plain Otsu’s method
applied to the three different indices, MNDWI, NDWI and MBWLI. It has
been shown, however, that this method yields unstable results if the
amounts of water and land pixels are not equivalent and do not form a
bimodal histogram (Donchyts et al., 2016).

To overcome these limitations, another set of experiments is per-
formed using the improved Canny-edge method introduced by Donchyts
et al. (2016), which first identifies the edges and then applies the Otsu
algorithm on the pixels around those edges.

Both methods are implemented in Python, while taking advantage of
the algorithm implementations available in the Scikit Image package
(van der Walt et al., 2014). The implementation uses a mask for invalid
pixels (clouds, no-data, shadows and snow). An iterative process is
introduced to select the strongest edges. To provide similar conditions to
the clustering technique, the final threshold is limited by preconfigured
min/max values, differing, in this regard, from the original
implementation.

4. Results
4.1. Multidimensional clustering

The kappa coefficients obtained from the best-performing combi-
nations of indices/bands are presented in Table 4, as well as the average
and standard deviation for all of the scenes. Within this subset, all the
combinations achieved a mean kappa (calculated as the average kappa
among the scenes) higher than 0.8 for all of the scenes.

There is variation of accuracy for clustering combinations with two,
three or four dimensions, and therefore, no clear benefit is obtained by
increasing the number of channels. In addition, all of the top combina-
tions, including NDWI, MNDWI or both, corroborate with a previous
study (Bangira et al., 2019) regarding the capacity of these indices to
correctly separate water and land pixels.

The most successful combination comprises NDWI and the B12
(SWIR) reflectance band; it achieved a mean kappa of 0.874, with a high
score of 0.980 in the Bordeaux summer scene and good results in most
areas. Even with a considerably high mean kappa and low standard
deviation (std), the best combinations failed to produce reliable results

Table 4
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in Ariege, especially for the summer scene. In addition, all of the com-
binations worked comparably well in most scenes, and the major dif-
ferences appeared on more challenging scenes, such as Ariege or Alpes,
which include snow, a very mountainous area with topographic
shadows and the lowest percentage of water surface. In such complex
cases, the used of a higher-dimension feature space can increase per-
formance, as is the case of the combinations (MNDWI, NDWI, B12,
MBWI) and (NDWI, MBWI, B8, B12), which scored the best in Ariege
winter (kappa = 0.780) and Ariege summer (kappa = 0.740), respec-
tively. We also noted that the inclusion of the MBWI index improved the
results, especially in the presence of very low reflectance waters.

The accuracies among the scenes varied substantially. Fig. 4 presents
the mean kappa coefficient and the standard deviation for each area
calculated over the best combinations. The water pixel percentage for
each scene is shown in the right Y-axis (red line); it was calculated
considering all of the unmasked pixels. There appears to be an inverse
relationship between accuracy and water percentage. Clearly, the best
accuracies were obtained from scenes with a water percentage above
1.5%. For the most challenging scenes (Ariége, Alsace and Alpes), only a
few combinations were able to produce accurate results, which can be
seen from the low mean and high standard deviation.

Examples of the clustering results, with the combination of NDWI
and B12 channels, are shown in Fig. 5, as well as a comparison with the
labels from the reference masks. The X-axis represents the reflectance, in
sr ’1, of each pixel in the SWIR band (B12), and the Y-axis represents its
NDWI value. The left column graphs show the pixels of the reference
masks, where blue represents water pixels and green nonwater pixels. As
expected, the water pixels are grouped in the higher NDWI and lower
SWIR values due to the higher absorption of water in this wavelength.

The right column graphs show the results of the clustering algorithm
for the same scenes. The pixel colors represent different clusters found
throughout the clustering process. The best solution is achieved by
testing a different fixed number of clusters (K), from two up to a pre-
defined maximum, and selecting the value of K that maximizes the
Variance Ratio index. It can be observed that the quantity of clusters
varies depending on the overall characteristics of the scene, such as
different coverage types, the presence of build-up areas and other fea-
tures. Once the clusters are well-defined, the algorithm automatically
identifies which cluster is the water cluster based on the higher MBWI
value of the cluster centroids. The influence of the maximum number of
clusters on the overall model accuracy is assessed in Section 5.1.

From the examples shown in Fig. 5, it can be observed that the NDWI
(Y-axis) discriminates between land and water well, but the threshold
value (lower boundary of the water pixels) can vary from almost 0, as in
Alsace, to as low as —0.2, in Bordeaux. This finding agrees with those of
other studies that found significant thresholding differences among

Mean and standard deviation values of the kappa coefficients for the six best-performing clustering experiments. Best values per scene are highlighted in Bold.

Scene NDWI MNDWI NDWI B12 MNDWI NDWI B12 MBWI MNDWI NDWI MBWI NDWI MBWI B8 B12 MNDWI NDWI B8
B12
Bordeaux Summer 0.980 0.984 0.984 0.953 0.894 0.921
Camargue Winter 0.970 0.966 0.960 0.946 0.969 0.893
Camargue Summer 0.977 0.969 0.912 0.912 0.976 0.924
Bordeaux Winter 0.925 0.968 0.879 0.957 0.969 0.935
Chateauroux Summer 0.869 0.832 0.936 0.821 0.942 0.854
Alsace Summer 0.857 0.924 0.938 0.886 0.757 0.878
Alpes Summer 0.947 0.937 0.942 0.912 0.560 0.943
Alsace Winter 0.917 0.906 0.777 0.768 0.905 0.868
Chateauroux Winter 0.887 0.843 0.901 0.876 0.753 0.733
Bretagne summer 0.884 0.756 0.859 0.789 0.874 0.799
Marmande 0.866 0.915 0.919 0.815 0.733 0.662
Gironde 0.811 0.846 0.798 0.736 0.778 0.848
Bretagne winter 0.856 0.813 0.794 0.685 0.847 0.792
Ariege winter 0.749 0.721 0.780 0.779 0.623 0.613
Ariege summer 0.608 0.545 0.405 0.512 0.740 0.508
Mean 0.874 0.862 0.852 0.823 0.821 0.812
Std 0.091 0.111 0.132 0.112 0.120 0.122
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Fig. 4. Mean kappa score and standard deviation (left Y-axis) for each scene and comparison with the mean Water Area / Water Perimeter ratio (right Y-axis). In the

scenes’ labels, “_s” stands for summer, and “ w” stands for winter.
regions (Donchyts et al., 2016), which demonstrates the need for a dy-
namic method.

The fine separation ability provided by the NDWI, however, is not
sufficient to correctly extract water bodies in some scenes. In scenes such
as Bordeaux summer and Bretagne winter, for example, a single NDWI
threshold would include many nonwater pixels (commission error) or
miss many water bodies (omission error). The high variability of the
NDWI in the Bordeaux region is due to the presence of water with a high
suspended sediment matter (SPM) concentration (i.e., turbid waters), as
is the case for the Garonne River. The higher the SPM concentration, the
lower the NDWI index due to the increased reflectance response on the
near-infrared band (B8).

Another issue is the presence of land pixels with a high NDWI
response, which can occur in high albedo or shadow areas (Bangira
et al., 2019; Feyisa et al., 2014; Wang et al., 2018). In such cases, the
addition of complementing information, such as the SWIR band (B12),
improves the results, as can be visually observed from the clustering
results (Fig. 5).

4.2. Otsu and canny-edge Thresholding

To compare our results with those of previously published methods,
we applied several water masking algorithms to the same scenes that we
analyzed with the clustering technique. A simple thresholding experi-
ment was conducted using the Otsu’s algorithm in each of the three
selected indices (MNDWI, NDWI and MBWI) with all of the pixels (no
subsampling is necessary) while considering the reference mask to treat
the clouds, shadows, snow and coastal waters. The results obtained from
Otsu’s thresholding algorithm, presented in Table 5, were rather
disappointing because the model failed to produce reliable results in
most scenes. These results could be explained, as previous studies have
already noted (Donchyts et al., 2016), by the fact that in Otsu’s algo-
rithm, it is necessary to have a bimodal histogram for the independent
variable to be able to produce reliable results.

To overcome this Otsu thresholding issue with a very low percentage
of water pixels (not a bimodal histogram), we tested the same scenes
using the method proposed by Donchyts et al. (2016), in which a
bimodal histogram is obtained by selecting pixels around the contour
between water and land through the use of the Canny-edge filter. With
this approach, the results were greatly improved, but they are still not
reliable for the most challenging scenes (Ariege and Alsace).

The Canny-edge algorithm using the MNDWI performed better in
comparison with other thresholding experiments, with a mean kappa of
0.718 when considering all scenes. Plain Otsu’s algorithm, without

adjustments for the bimodal histogram, is not a feasible option when
processing large scenes. A similar problem can be observed with the
MBWTI index because it fails to provide a good separation between water
and land in all of the scenes, regardless of whether the Canny-edge al-
gorithm or Otsu’s algorithm is used.

To further compare the different methods and to reduce the errors
caused by the small number of water pixels, we tested a modification of
the Otsu’s algorithm, which is named here Modified Otsu (M-Otsu). M-
Otsu takes advantage of using the same sampling method implemented
for clustering, with minor adjustments. During the sampling phase,
instead of selecting a random sample of pixels, the algorithm is modified
to select equivalent amounts of pixels with high and low MNDWIs,
defined as MNDWI <0 (low) and MNDWI >0 (high), and the threshold
value is defined using this new set of pixels. The results were much
improved, and the accuracy surpassed that of Canny-edge in all of the
tested scenes. Table 6 presents the new results, marked as M-Otsu, and
compares them with the results obtained by the best clustering and
Canny-edge approaches.

With the improved method, Modified Otsu thresholding achieved
better results than those for the simple thresholding, but the final mean
accuracy of M-Otsu was lower than the clustering, with mean kappas of
0.807 and 0.874, respectively. When comparing the overall behavior of
the methods (Fig. 6), the results obtained from the best clustering
combinations presented better accuracies than those from thresholding,
with a lower standard deviation. In addition, one can note that recall
(also known as sensibility) is significantly higher than precision in all of
the thresholding methods, especially for Canny-edge. This behavior can
be explained because certain types of objects, such as roads, shadows,
snow and some built-up areas, can have similar values to water bodies
after index calculation due to similarities in their reflectance patterns
(Feyisa et al., 2014; Wang et al., 2018; Yang et al., 2018). This charac-
teristic leads to an overestimation of water surfaces with single indices,
regardless of the selected threshold. This phenomenon can be more
pronounced depending on the percentage of these confusion elements in
the scene, and a single index thresholding might not be sufficient to
discriminate between water and nonwater surfaces (Bangira et al., 2019;
Feyisa et al., 2014).

For some scenes, especially those with larger water surfaces, the
results are comparable, with the advantage that thresholding is faster
and more straightforward. For more difficult scenes (i.e., a small number
of water pixels, small water bodies and increased presence of confusing
targets), increasing the number of channels in the clustering approach
gives more stable and accurate results, such as the cases in which snow
and topographic shadows are presented (mountainous scenes).
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Table 5

Results (kappa) from Otsu’s thresholding and modified Canny-edge thresholding
on the MNDWI, NDWI and MBWI indices. Best values per scene are highlited in
Bold.

Scene Canny Canny Otsu Canny Otsu Otsu
MNDWI NDWI MNDWI  MBWI NDWI ~ MBWI

Bordeaux 0.968 0.675 0.089 0.024 0.338 0.046
summer

Camargue 0.938 0.883 0.904 0.179 0.467 0.121
winter

Camargue 0.909 0.794 0.878 0.104 0.481 0.098
summer

Bordeaux 0.962 0.834 0.091 0.029 0.234 0.041
winter

Chateauroux 0.829 0.535 0.045 0.504 0.017 0.023
summer

Alsace summer 0.808 0.364 0.032 0.035 0.023 0.011

Alpes summer 0.503 0.163 0.061 0.043 0.085 0.030

Alsace winter 0.515 0.661 0.043 0.054 0.026 0.024

Chateauroux 0.827 0.776 0.063 0.282 0.018 0.036
winter

Bretagne 0.724 0.291 0.016 0.491 0.017 0.008
summer

Marmande 0.853 0.714 0.038 0.128 0.020 0.025

Gironde 0.852 0.672 0.142 0.118 0.054 0.044

Bretagne winter  0.702 0.362 0.014 0.131 0.009 0.019

Ariege winter 0.136 0.177 0.023 0.009 0.004 0.009

Ariege summer 0.245 0.113 0.016 0.007 0.018 0.008

Mean 0.718 0.534 0.164 0.143 0.121 0.036

Std 0.248 0.256 0.287 0.157 0.166 0.031

4.3. Results for standard processors

As already mentioned, one of the objectives of this study is to provide
a robust, nonparametric and fully automated process for identifying
water pixels in large scenes. In this context, large-scale water masks for
Sentinel 2 can be produced using ready-to-use multipurpose classifica-
tion processors, such as Sen2Cor, MAJA and FMask. Sen2Cor and MAJA
have been used as operational ground segments for Sentinel 2 images by
ESA and CNES, respectively. In this case, the classified products were
downloaded directly from the sites mentioned in section 2.2. FMask
classification maps were produced running version 4.0, which is avail-
able online.

To compare the results from these processors to the reference masks,
the multiclass classification outputs were transformed into a binary
classification, with the water pixels being assigned a value of 1 and the
nonwater pixels a value of 0. Because these processors are meant to

Table 6
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correctly classify clouds, shadows and snow, the only external no-data
mask considered was the coastal line, which was obtained from
CSSHG with a 400 m dilation toward the continent.

FMask and Sen2Cor compute the classification at a 20-m resolution,
while MAJA, although it outputs the EDG layer at a 10-m resolution,
produces the water mask at a 240-m resolution. To compare the results,
the reference data are resampled to the resolution of the input mask at
the moment of the comparison, and no-data pixels are excluded from the
statistics. This procedure is performed automatically by the validation
module of the surf-water system developed by CNES.

The results presented in Table 7 show a clear advantage for FMask
and Sen2Cor over the MAJA processor, with mean kappas of 0.764,
0.726 and 0.355, respectively. These results could be explained by the
lower spatial resolution used by MAJA to produce the water masks and
the relatively high proportion of small water body areas found in most
France scenes. This comparison shows that the clustering technique
outperforms the other water masks on average and, more specifically, on
the scenes that have the lowest accuracy levels. Among the four scenes
with the lowest kappa scores, Ariege summer, Ariege winter, Bretagne
summer and Chateauroux summer only Ariege winter processed by
Sen2Cor obtained a kappa value higher than 0.6 (kappa = 0.673). All of
these scenes share the characteristics of having a small number of water
pixels and small water body areas. The same scenes obtained 0.608,
0.780, 0.884 and 0.936, respectively, with the clustering analysis. The
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Fig. 6. Values of kappa, recall, precision and standard deviation for the clus-
tering method (identified in red squares) considering different input channels,
and for other methods tested, calculated for all scenes. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web
version of this article.)

Results (kappa) from Modified Otsu’s thresholding and a comparison with Canny-edge thresholding on the MNDWI (Table 5) and the three best clustering combi-

nations (Table 4). Best values per scene are highlighted in Bold.

Scene M-Otsu M- M- Canny NDWI MNDWI NDWI B12 MNDWI NDWI B12 MBWI
MNDWI Otsu Otsu MNDWI B12
NDWI MBWI
Bordeaux summer 0.984 0.967 0.982 0.968 0.980 0.984 0.984
Camargue winter 0.971 0.958 0.897 0.938 0.970 0.966 0.960
Camargue summer 0.966 0.947 0.888 0.909 0.977 0.969 0.912
Bordeaux winter 0.988 0.980 0.977 0.962 0.925 0.968 0.879
Chateauroux summer 0.825 0.789 0.693 0.829 0.869 0.832 0.936
Alsace summer 0.870 0.713 0.188 0.808 0.857 0.924 0.938
Alpes summer 0.589 0.196 0.155 0.503 0.947 0.937 0.942
Alsace winter 0.642 0.815 0.116 0.515 0.917 0.906 0.777
Chateauroux winter 0.821 0.838 0.508 0.827 0.887 0.843 0.901
Bretagne summer 0.841 0.746 0.843 0.724 0.884 0.756 0.859
Marmande 0.883 0.798 0.251 0.853 0.866 0.915 0.919
Gironde 0.963 0.905 0.847 0.852 0.811 0.846 0.798
Bretagne winter 0.909 0.750 0.700 0.702 0.856 0.813 0.794
Ariege winter 0.208 0.750 0.039 0.136 0.749 0.721 0.780
Ariege summer 0.652 0.388 0.043 0.245 0.608 0.545 0.405
Mean 0.807 0.769 0.542 0.718 0.874 0.862 0.852
Std 0.203 0.209 0.356 0.248 0.094 0.111 0.132
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Table 7

Validation results (kappa) for the MAJA, FMask and Sen2Cor water masks
compared with the results obtained from the three best clustering combinations
(Table 4). Best values per scene are highlighted in Bold.

SCENE FMask  Sen2Cor MAJA  NDWI MNDWI MNDWI
B12 NDWI NDWI
B12 B12
MBWI
Bordeaux 0.982 0.951 0.773 0.980 0.984 0.984
summer
Camargue 0.968 0.919 0.661 0.970 0.966 0.960
winter
Camargue 0.977 0.960 0.738 0.977 0.969 0.912
summer
Bordeaux 0.977 0.965 0.797 0.925 0.968 0.879
winter
Chateauroux 0.573 0.329 0.069 0.869 0.832 0.936
summer
Alsace 0.908 0.815 0.123 0.857 0.924 0.938
summer
Alpes 0.672 0.886 0.704 0.947 0.937 0.942
summer
Alsace winter ~ 0.903 0.752 0.280 0.917 0.906 0.777
Chateauroux 0.837 0.705 0.025 0.887 0.843 0.901
winter
Bretagne 0.512 0.352 0.124 0.884 0.756 0.859
summer
Marmande 0.772 0.678 0.014 0.866 0.915 0.919
Gironde 0.950 0.892 0.738 0.811 0.846 0.798
Bretagne 0.751 0.657 0.042 0.856 0.813 0.794
winter
Ariege winter  0.443 0.673 0.149 0.749 0.721 0.780
Ariege 0.239 0.352 0.088 0.608 0.545 0.405
summer
Mean 0.764 0.726 0.355 0.874 0.862 0.852
Std 0.223 0.217 0.317 0.094 0.115 0.137

largest differences were observed in Ariege summer and Chateauroux
summer, which had 72.2% and 63.3% higher accuracies, respectively,
with clustering compared to the best processor in each scene.

5. Discussion
5.1. Overall comparison

A visual comparison among the tested methods in the Camargue
summer scene, near Avignon city, is shown in Fig. 7. This area comprises
rivers that vary from 50 m to 450 m wide and have dense cities on their
margins. We note that the Canny-edge MNDWI (Fig. 7-c) appears floo-
ded compared to the reference mask, with many false-positives, espe-
cially in cities and other built-up areas. On the contrary, the three
processors (Fig. 7-d, e, f) miss smaller water bodies and narrower river
stretches. In this regard, the clustering technique represents a good
compromise between precision and recall.

The results show that the overall performance of all of the tested
methods is greatly influenced by the scene characteristics, such as the
quantity and size of the water bodies and the presence of snow, moun-
tains, shadows and other features. Despite being one of the most
commonly used methods, Otsu thresholding achieved the poorest re-
sults; it only provided satisfactory results in the Camargue area, which
has the highest fraction of water pixels (approximately 4-5%). Conse-
quently, the Otsu thresholding method should be seen as a viable option
for smaller study areas, with a well-balanced amount of water and land
pixels, but it should not be employed as a standard when large scenes are
considered as a whole.

Utilization of the Canny-edge filter to identify the edges before the
use of Otsu thresholding can considerably improve results because it
surpasses the limitation of nonbimodal histograms, but there are still
areas where it fails to identify a threshold, such as the Ariege summer
and winter, Alpes summer and Alsace winter scenes, in which the kappa
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values were 0.245, 0.136, 0.503 and 0.515, respectively. The proposed
M-Otsu method achieved kappa values of 0.652, 0.208, 0.589 and 0.642
in the same set of scenes, which shows its clear advantage over Canny-
edge in these complex environments. In addition, the mean overall
kappa was also higher (0.807) than that for Canny-edge (0.718), with a
lower standard deviation (0.203 vs. 0.248).

For the three thresholding methods (M-Otsu, Canny-edge and Otsu),
the MNDWI has been shown to produce better results, with greater
discrimination of the classes. These results are comparable with those
from Xu (2006) and Zhai et al. (2015), who found that the MNDWI
performed substantially better than the other indices in extracting water
bodies under different conditions, even considering that those studies
used bands from Landsat satellites instead of the Sentinel 2 results
presented here.

Among the processors, MAJA is the worst performer for water
detection, most likely because of the lower spatial resolution of the
water mask (i.e., 240 m) and the important areas of small water bodies
in the selected scenes. These results contrast with those observed for
cloud identification, where MAJA outperformed the other two pro-
cessors (Baetens et al., 2019). The best overall processor performance
was obtained for FMask. It delivered better kappa accuracies than
Sen2Cor in twelve scenes, and its performance was only worse for the
Alpes and Ariege scenes. To the best of our knowledge, no other study
has been conducted comparing the performance of these processors with
regard to water pixel extraction.

The results obtained using the proposed automated clustering were
overall better than those obtained from the Level-2 processors or from
the three thresholding approaches. The best configuration was obtained
by combining the NDWI and the B12 band into a single bidimensional
clustering. This combination achieved a mean kappa score of 0.874,
which surpassed all the processors and thresholding procedures.

Comparing the results of the present study to those of previous
studies, Zhai et al. (2015) evaluated their results from water body
extraction using different indices based on Landsat-8 and Sentinel-2
imageries at two different sites, a city and village. In the city, the best
kappa (0.68) was obtained using the AWEI, and for the village, the best
kappa (0.89) was from the MNDWIL. In both cases, the thresholds were
selected manually. Acharya et al. (2018) evaluated the performances of
the indices for water extraction in a 37,127.3 km? area in eastern Nepal
using the Landsat 8 sensor. The area’s elevation ranges from 60 m to
8848 m and contains flat lands and mid-hilly regions as well as rugged
mountains with snow and glacial lakes. The optimal threshold was
searched to provide a higher accuracy. The best kappa score was 0.596,
which was obtained from the NDWI. Bangira et al. (2019) also compared
the performance of the thresholding method using Sentinel-2 images
across eight sites located in South African with a Mediterranean climate
and areas ranging from 0.4 to 4.88 km?2. Different from the previously
mentioned studies, the optimal threshold was obtained automatically
using the standard Otsu algorithm. After analyzing more than two
hundred different bands in combination, the best solution was achieved
with the NDWI band, with kappa scores ranging from 0.78 to 0.92, and a
mean kappa of 0.82 considering the eight sites. In the wetlands of
Donana, in Southwest Spain, Kordelas et al. (2018) proposed an auto-
matic thresholding method for inundation mapping, using the MNDWI
and SWIR bands, and compared it to a supervised approach. The unsu-
pervised thresholding method resulted in a kappa score of 0.882 for the
whole area, with 0.90 for recall and 0.88 for precision.

5.2. Influence of the quantity of sampling points and maximum clusters

Considering that the algorithm works initially with a subsample of
the entire scene for unsupervised clustering and then generalizes results
using a supervised machine learning technique (in this study, Naive
Bayes), the results can be influenced by the number of random points
selected initially. In addition, another important parameter for the al-
gorithm is the maximum number of clusters to limit the unsupervised
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Fig. 7. Water segmentation comparison in a Camargue summer scene using the following methods: (a) reference mask, (b) clustering (NDWI x B12) result; (c) Canny-
edge MNDWI thresholding; (d) Sen2Cor mask; (e) FMask mask; (f) MAJA mask.

step.

To assess the effects of the number of sampling pixels and the
maximum limit on the number of clusters in the overall results, an
additional experiment was conducted with the six best clustering
combinations.

The mean kappa over all scenes and over the six best clustering
combinations was evaluated for the number of sampling points varying
from 1 x 10%to 25 x 10°, with steps of 2.5 x 10,5 x 10%, and 10 x 10°.
The maximum number of allowed clusters was also fixed at K =5 and K
= 15 for testing purposes. Additionally, the time for processing a single
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Fig. 8. Variation of the mean kappa according to number of sampling pixels and the maximum allowed number of clusters (K). The shaded area represents the
standard deviation of the accuracy among the scenes when considering the max K = 10. The red line indicates the time for processing one single scene. (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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scene was also measured according to the number of sampling points.
The results were obtained running the algorithm on a node of CNES’s
cluster with 16 cores and 60 Gb of RAM memory. The results are pre-
sented in Fig. 8.

The figure shows that increasing the number of sampling pixels does
not translate into a better overall accuracy and that the computation cost
increases exponentially, as expected from the time complexity of
agglomerative clustering, which is 0(n?) (Firdaus and Uddin, 2015). On
the other hand, a very small number of pixels is also prejudicial for the
model to work because the sampling might not include all of the
different pixel signatures presented in the scene. A maximum number of
sampling pixels between 5 x 10% and 10 x 10% appears to provide a
better trade-off between accuracy and computational cost.

With regard to the maximum number of clusters K, we note that there
is an optimal number of clusters for the classification accuracy. Not
enough clusters mean that the classes can be defined too roughly
because each cluster can aggregate pixels with very different spectral
behaviors. Too many clusters can lead to the creation of different groups
of water pixels, resulting in significant errors because the algorithm
looks for one unique water pixel cluster.

5.3. Influence of water body sizes on the clustering performance

To understand how the different methods are compared to each other
according to the sizes of the water bodies in the scenes, we stratified the
results by eight different classes, 0.0, 0.5, 1, 10, 50, 100, 500 and 1000
ha of water surface.

The water surface was estimated through a polygonization procedure
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of the reference dataset, and each water body was accounted for sepa-
rately to make an accuracy assessment. The water bodies from all of the
scenes were grouped together in the analysis to obtain an overall mean
for the size range across all scenes.

Another important remark is that no further adjustments were made
to differentiate rivers from lakes or reservoirs. In such a scenario, it is
possible to have a large water surface in a thin water body, which would
affect the accuracy of the algorithms by the introduction of mixed pixels,
for example.

The results from the stratified analysis are shown in Fig. 9. The mean
kappa score is presented in panel (a). Panels (b) and (c) present the
average precision and recall indices for the methods, respectively. It can
be seen that there is a clear advantage for the clustering approach in
every range. The Canny-edge method has the closest performance, fol-
lowed by M-Otsu, FMask, Sen2Cor and MAJA, in that order. Considering
water bodies of sizes between 1 and 10 ha, only clustering (0.826) and
Canny-edge (0.809) were able to provide a kappa score above 0.8. In the
size ranges from 0.5 to 1 ha and below 0.5 ha, clustering outperformed
the second best method, Canny-edge, by 7% and 34%, respectively. All
of the parameters that describe accuracy presented lower values for
small water bodies, especially for a water surface area beneath 0.5 ha,
which represents a 50-pixel area in a Sentinel-2 10-m resolution image.
For that class, the clustering technique presented much better results
than other techniques, with a mean kappa of 0.47, a mean recall of 0.56
and a mean precision of 0.5. These results are much better than the
second-best technique, canny edge based on MNDWI images, with a
mean kappa of 0.35, mean recall of 0.42 and mean precision of 0.37.
Very small water bodies are especially challenging because all of the
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pixels are located at or near a shore. Consequently, water reflectance is
affected more severely, proportionally, by adjacency effects compared
with larger water bodies. Other artifact effects can also lead to errors in
the mapping accuracy for such small water bodies: landscape shadows
projected onto the water surface (terrain, vegetation), lake bottom vis-
ibility or reduced water/land edge visibility. It appears that clustering
techniques make it possible to soften the impact of these artifacts
because this technique provides much better results for the smallest
water bodies than any other methods considered in this work. For the
0.5-1 ha water body size class, the clustering technique leads to an ac-
curate mapping assessment (kappa = 0.79, precision = 0.86, recall =
0.78), followed by Canny edge based on the MNDWI and the M-Otsu
technique. Considering water bodies of sizes between 1 and 10 ha, only
clustering and Canny-edge were able to provide a kappa score above 0.8.
For recall (Fig. 9-c), clustering and Canny-edge performed very similar
above 0.5 ha, while F-mask, Sen2cor and MAJA missed many water
bodies below 50 ha. MAJA was the worst performer for identifying water
bodies in all of the aspects analyzed due to its lower resolution.

5.4. Performance on challenging scenes
To understand the best performance achieved by multidimensional

clustering over single band thresholding, Fig. 10 shows scatter plots with
a comparison of the pixel separation of water and land pixels for these
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methods and the reference mask in the Alsace winter scene. The red
horizontal lines represent the best thresholding value for the index on
the Y-axis, according to the M-Otsu method (the threshold for MNDWI is
—0.033, and the threshold for NDWI is —0.044).

It can be observed that regardless of whether the index is used for
thresholding, there are nonwater pixels above the threshold (commis-
sion errors) and water pixels below the threshold (omission errors),
which a single band cannot fully resolve. In such complex scenes, the use
of clustering with the addition of more bands can improve the results.

The Ariege winter scene performed poorly with most algorithms and
clustering combinations. A careful inspection shows that there is a large
difference between the water signature of the water bodies in the
mountainous region and the water bodies in the lowland area. The water
reflectance in the green wavelength is of the order of 0.01 sr™! in the
mountainous lakes, which is mostly due to the very clear water with a
low concentration of SPM in this region, whereas it reaches more than
0.06 st~ ! in flat areas as a result of higher SPM concentrations. Because
the indices used for water detection are mostly a relationship between
visible and near or middle infrared wavelengths, this large difference in
the reflectance at the green band can result in two or more different
water classes for the NDWI or MNDWI. Using the clustering method, the
best accuracy for this scene was obtained using four dimensions
including combination of the three indices, NDWI, MNDWI and MBWI,
and the B12 band, and it achieved a kappa of 0.780. Although the NDWI
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Fig. 10. Water segmentation comparison in the Alsace winter scene. The red horizontal lines represent the thresholding solution obtained by the M-Otsu method, and
the pixel colors on the right panes are the clustering solution. (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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B12 clustering combination can provide good results for most areas, this
finding shows that no single combination fits the complexities of every
scene and that sometimes it is necessary to use different combinations
and even increase the number of clustering dimensions. Moreover, the
clustering approach performs better in these mountainous areas and
gives more flexibility by allowing the possibility of multiple combina-
tions. A next step would be to develop an adaptative selection technique
that can decide the ideal number of clustering dimensions based on some
a priori parameters retrieved from the scene itself or from external
knowledge. Information on the presence of snow, on solar zenith angle
for shadow prediction or on the expected water coverage would allow to
automatically assess the best clustering dimension and sampling size.
Although a direct comparison to previous studies is not straightfor-
ward, considering the differences in the study areas or satellite data,
most unsupervised approaches were applied and validated over smaller
regions or depend on subjectively assigned thresholds and ancillary
data. In contrast, our method shows robustness (with a kappa standard
deviation of 0.094 across all scenes) while considering the diversity of
land coverage and environmental conditions (winter and summer
scenes) in the present study. Consequently, our method can be easily
applied to other regions without adaptation. The clustering technique
coupled with a machine learning approach with random subsampling
and generalization through a Naive Bayes classifier presented an effi-
cient running time (approximately 4 min for a Sentinel-2 tile). With
regard to its disadvantages, the clustering analysis does not account for
any special relationships among water pixels, such as spatial connec-
tivity. Further testing against confusing targets, such as snow, clouds or
landscape shadows, could allow us to fully assess the sensitivity of the
method to extremely adverse conditions, such as lakes located in
mountainous ranges covered by snow or ice or overcast by shadows.

6. Conclusions

Continuous monitoring of water surfaces is essential in many appli-
cations for water resource management, and the use of satellite images
has been increasing with a higher availability of finer spatial and tem-
poral resolution data.

This study proposed and tested a new method for the automation of
water pixel classification of Sentinel-2 images that combines reflectance
and water indices in a multidimensional clustering approach. Addi-
tionally, a machine learning method was proposed to subsample the
whole image into a smaller classification set to make the process feasible
for an entire Sentinel-2 scene. The method was tested on a set of 15
scenes from France, for which the reference masks are available for
download (Santiago, 2019). The reference dataset had diverse coverage,
including turbid water and some snow, which matched most European
countries but did not consider extreme weather or complex canopy
conditions, as in Sahelian areas, tundra plains or tropical forests. The
validation process was performed at a 10-m spatial resolution, covering
an inland area of more than 96,315 km?, with an approximately 1239
km? water surface and more than 80,000 water bodies of different sizes
and with a high percentage (76%) of water bodies smaller than 0.5 ha.
Undesired pixels were removed according to established methodologies,
as explained in section 2.2.

Comparing our results to the water classification performance of the
three major Level-2 processors, namely, MAJA, Sen2Cor and FMask, the
most common thresholding approaches showed that the proposed
clustering method achieved higher accuracy results with a lower stan-
dard deviation, which indicate the better reliability of the proposed
method across different scenes. Stratified analysis showed that the
clustering method achieved the best mapping accuracy (i.e., kappa) for
all water body size ranges from 0.5 ha to 100 ha. However, there was a
quick drop in performance for water bodies that were smaller than 0.5
ha for all of the methods, and there were good results (kappa greater
than 0.8) for water bodies above 1 ha with the clustering and thresh-
olding methods. In addition, the newly proposed Modified Otsu
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thresholding method produced good results with very little complexity
and should be further evaluated to test its applicability in a wider range
of situations. All of the tested methods, however, presented a lower
accuracy rate in complex scenes with mountainous terrains, where the
correct water identification remains a challenge, especially without the
use of ancillary data.

This study demonstrates that adding more spectral information, as
new dimensions, increases the water detection accuracy, especially for
smaller water bodies and more challenging environments. From a total
of 32 different combinations of spectral indices and bands over 15 scenes
(a total of 480 experiments), the combination of the NDWI and the B12
band produced the best overall accuracy across all of the considered
scenes, and a four-dimensional combination including NDWI, MNDWI,
MBWI, and B12 improved the most difficult scenes.

In summary, the proposed clustering method shows promise in
automating water pixel extraction in large scenes from optical images
without need for ancillary or pretrained data. Moreover, the sub-
sampling approach leads to a gain in performance and makes it feasible
to apply complex algorithms to large amounts of data without a penalty
in accuracy. Currently, the use of good input masks for clouds, shadows,
snow and coastal water is still critical for current methods to avoid
misclassification, and future studies should be conducted to evaluate the
methods on images while considering these elements.

The code necessary to run the algorithm is available for download at
https://github.com/cordmaur/WaterDetect.
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