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ABSTRACT

Terrestrial water is a fundamental component of the land surface. Accurate and robust water delineation of
surface water is rather challenging due to the high intra-class variability and the spectral similarity with shadows
and other dark surfaces. This study proposes a new method called the water index-driven deep fully convolu-
tional neural network (WIDFCN) for high-accuracy water delineation with no need to collect samples manually.
We formulate water delineation as a semantic labeling problem and solve it by training a deep fully convolu-
tional network (FCN), whose capability of effectively extracting multilevel spatial and spectral features is
exploited for discriminating water from complex surroundings. The main obstacle of using FCN, which requires a
large volume of labeled training samples, is settled by utilizing the water recognition ability of the water spectral
index (WI). Specifically, the training samples are automatically generated from WI by extracting a high-precision
but incomplete water mask at first, which is then expanded to enhance the completeness. This strategy ensures
the high quality of the automatically generated training samples and thus the water extraction performance of
the trained FCN model. Twelve test sites from Sentinel-2 imagery with various water delineation challenges all
over the world are used to assess the performance relative to that of supervised and unsupervised classification
methods and water spectral index thresholding methods, in terms of Kappa coefficient, precision, recall, and F1-
score. Overall, WIDFCN can achieve the highest precision and comparable recall, leading to the best water
delineation accuracy with Kappa coefficient 0.9673 and F1-score 0.9696, as well as the lowest fluctuation in
terms of various test sites. The results further demonstrate that WIDFCN can effectively deal with the scale and
spectra variance of surface water, and has distinct robustness with respect to different kinds of shadows,
including building, mountain, and cloud shadows. The findings in this study demonstrate a novel, robust, low-
cost, and manual labor-free water delineation method that performs well in terms of both precision and
completeness. Moreover, the core idea could provide a reference for extraction of geographic information by
utilizing FCN models with no needs of manually labeling costs. Code and data will be available at https://github.
com/LZhenShi/WIDFCN.

1. Introduction

et al., 2013). With the development of satellite technology, a variety of
remote sensing data from spaceborne sensors provide opportunities for

Terrestrial water, as a main component of the land surface, plays an
essential role for all creatures (Oki and Kanae, 2006). Delineating the
spatial distribution of surface water is a significant and valuable task
(Pekel et al., 2016) and can be utilized in many applications, such as
water resource monitoring (Allen and Pavelsky, 2018; Chittoor Viswa-
nathan et al., 2016; Giittler et al., 2013; Kiselev et al., 2015; Zou et al.,
2017), natural hazard analysis (Huber et al., 2013; Yamazaki et al.,
2014), and urban environment management (Chen et al., 2017; Marlow
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water mapping on a global scale at multiple spatial and temporal reso-
lutions (Palmer et al., 2015).

Nevertheless, automating the delineation of water surfaces is by no
means an easy task. On the one hand, the variability of water spectral
signatures caused by different constituents, including phytoplankton,
suspended sediments, and colored dissolved organic matter (CDOM),
increases the difficulty of reliable water discrimination (Pekel et al.,
2016, 2014). On the other hand, the commission errors from the
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similarity of water to shadows and low-albedo surfaces have all along
been the main obstacles for water delineation (Feyisa et al., 2014; Wang
et al., 2018; Yang et al., 2018).

Water spectral index (WI) combining with thresholding is a simple
and useful water delineation method, which has been widely developed
since the appearance of the normalized difference water index (NDWI)
(McFeeters, 1996). With the simplicity of calculation, WI is nearly the
most popular way for water extraction, which only needs a simple
threshold to distinguish between water and non-water (Feyisa et al.,
2014; Fisher et al., 2016). Xu (2006) proposed MNDWI, which replaces
the near infrared (NIR) band in NDWI with the middle infrared (MIR)
band, aiming at suppressing the noise from built-up areas. Subsequently,
WIs with more bands are proposed, such as AWEI (Feyisa et al., 2014)
and MBWI (Wang et al., 2018), to utilize more spectral features for
greater robustness, which can discriminate water better from shadows.
However, WI methods are always faced with difficulty in determining
the optimal threshold. Yang et al. (2015) proposed to utilize fuzzy
clustering method (FCM) for background homogenization to reduce
threshold variability, yet the thresholding procedure is still required.
Besides, the heterogeneity of water body and complexity of background
make it difficult for applying WI to achieve high-performance water
delineation. Consequently, the rule-based approach is proposed (Yang
et al., 2020), in which expertise-driven prior knowledge of water and
non-water regions is combined and multiple indexes are used together
for higher accuracy. Nevertheless, rule-based methods also face the
thresholding problem, which is always determined by human experi-
ence (Yang et al., 2020), and auxiliary data are also required (Pekel
et al., 2016; Yamazaki et al., 2015; Yang et al., 2020).

Machine learning (ML) based supervised classification is also an
effective approach for water delineation from remote sensing imagery
(Lary et al., 2016). This kind of method, such as support vector machine
(Nandi et al., 2017), random forest (Feng et al., 2015), multilayer per-
ceptron (Mishra and Prasad, 2015), is independent of setting thresholds,
and can use a variety of features, including WIs, for achieving higher
water extraction accuracy (Jia et al, 2018). However, ML based
methods rely on a large volume of training samples with plentiful di-
versity, whose collection is time-consuming, expensive, tedious, and
even requires extensive field work (Bangira et al., 2019). Furthermore, it
depends on the effectiveness of manually designed features, and is
sometimes not robust enough to be universally applicable (Huang et al.,
2018).

As a branch of ML techniques, deep learning (DL) has significantly
forced progress in various scientific disciplines in recent years thanks to
its strength to extract deep features and capture highly complex data
distributions (Shen, 2018). It has also been widely employed in several
hydrological applications (Sit et al., 2020) and has shown potential in
water extraction (Bui et al., 2020; Hu et al., 2019; Wang et al., 2020).
The fully convolutional network (FCN) is an end-to-end DL method for
pixel-level image labeling (Long et al., 2015), which has dramatically
prompted high accuracy geographical information extraction from
remote sensing imagery (Chai et al., 2019; Diakogiannis et al., 2020;
Kampffmeyer et al., 2016; Sun et al., 2018; Wurm et al., 2019). One of
the obstacles of using FCNs is the requirement of a large number of pixel-
level training samples, which requires a high level of labor and expertise
(Li et al., 2021). The water masks (ground-truth) used for training FCN
models for water delineation in existing studies are mostly from manual
interpretation (Guo et al., 2020; Wang et al., 2020; Wang et al., 2020),
which requires huge manual labeling costs, or referring to land cover
classification datasets (Feng et al., 2019; Isikdogan et al., 2017), such as
GLCF (Feng et al., 2016), whose resolution is insufficient for fine-
grained training.

In this study, we propose water index-driven deep fully convolu-
tional network (WIDFCN) for water extraction, which can combine the
advantages of WI and DL, i.e. the identification ability of water bodies
and feature extraction capability. We treat the water extraction task as a
semantic labeling task (Hao et al., 2020), i.e., train an FCN for pixel-level

345

ISPRS Journal of Photogrammetry and Remote Sensing 192 (2022) 344-360

water delineation. Unlike previous methods that rely on visual inter-
pretation or land cover classification datasets for ground-truth (Feng
et al., 2019; Guo et al., 2020; Isikdogan et al., 2017; Wang et al., 2020;
Wang et al., 2020), we generate water masks based on the water spectral
index, which completely eliminates the costs of manual collection. To
comprehensively examine the generality and robustness of WIDFCN,
experiments were carried out on 12 representative sites with various
water delineation challenges chosen around the world.

The contributions of this study are as follows: (1) We propose a new
water delineation paradigm in which the WI is utilized to drive the
training of FCN model. The proposed paradigm, called WIDFCN, can not
only take advantage of the powerful DL, but also avoid the requirements
of manually labeling training samples; (2) We propose a scheme for
solving the inevitable inaccuracy and incompleteness of the training
samples obtained from WI, composed of a mask generation method that
ensures precision first and then expands for completeness, as well as
utilizing median frequency balancing loss for class balancing; (3) We
evaluate the accuracy and generality of WIDFCN in 12 test sites from
different areas in the world, and demonstrate that WIDFCN can achieve
high-performance water delineation, which can deal with water het-
erogeneity and shadow confusion; (4) We analyze the reason why the
spectral index is effective for the training of FCN model for water
delineation. We expect that the core idea of WIDFCN can provide a
reference for information extraction for other surface features driven by
spectral index.

2. Study areas and dataset
2.1. Satellite dataset

The Sentinel-2 mission is composed of two polar-orbiting satellites,
Sentinel-2A and Sentinel-2B. Both satellites carry a multispectral in-
strument (MSI) that provides global coverage of the Earth’s land surface
with a high revisit frequency from 2 to 5 days (Drusch et al., 2012). The
Sentinel-2 imagery consists of 13 spectral bands spanning from the
visible (VIS) and NIR to the shortwave infrared (SWIR) bands at different
spatial resolutions ranging from 10 m to 60 m. We choose Sentinel-2
imagery in this study because the high revisit frequency is of great
importance to land cover dynamic mapping and monitoring, and its free
use allows large-scale applications around the world. However, it is
worth noting that the proposed WIDFCN is a general method and can be
applied for other satellite datasets.

We use Sentinel-2B Level-2A imagery downloaded directly from the
Sentinels Scientific Data Hub (https://scihub.copernicus.eu/dhus/#/h
ome). The Level-2A dataset is the orthoimage bottom-of-atmosphere
(BOA) corrected reflectance product generated by applying an atmo-
spheric correction to top-of-atmosphere (TOA) Level-1C orthoimage
products. Only 6 bands extracted from the original 13 bands are used in
this study, including VIS, NIR, and SWIR bands. The two SWIR bands in
20 m were resampled to 10 m processed by the official software Sentinel
Application Platform (SNAP) to maintain a unique spatial resolution,
namely, 10 m.

2.2. Training dataset

Considering that the training dataset demands to cover as many
challenging situations as possible to train a robust model, the middle and
lower reaches of the Yangtze River are chosen to generate training
samples. The water surfaces at this site have abundant hydrologic fea-
tures and complex surroundings, which are suitable for generating rich
training samples. Originating from the Qinghai-Tibet Plateau, the
Yangtze River flows across 11 provinces of China from west to the east
and finally into the East China Sea. Sixteen sites distributed in the
middle and lower reaches of the Yangtze River are utilized, character-
ized by different surface water types, scales, landscapes, and topogra-
phies. The distribution of the 16 sites is illustrated in the extent of
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training set in Fig. 1. the training data of the water delineation model.

All 16 Sentinel-2 scenes are partitioned into a set of small non-
overlapping images with a size of 256 x 256 pixels. In this way,
27,870 image patches are produced. These image patches combined
with their masks, whose generation will be shown in Section 3.2, form

2.3. Test dataset

The test dataset consists of 12 sites with various challenges to
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Fig. 1. Distribution of the training sites and test sites, in which the extent of the training set is presented, together with the Sentinal-2 images of the test set in false
color composite of near infrared, red, and green bands. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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accurate water delineation (Table 1). These sites spread all over the
world, with heterogeneous water conditions, multiple landscapes, and
various water types, including linear or irregular rivers, different-sized
lakes, ponds, reservoirs, etc. The dataset includes (1) Kennebec River,
(2) North Saskatchewan River, (3) Great Bear Lake, (4) Paraguay River,
(5) Smolino Lake, (6) Volga River, (7) Paijanne Lake, (8) Manjira River,
(9) Nen River, (10) Ulungur Lake, (11) Pearl River, and (12) Burragor-
ang Lake. The Kennebec River located in America is a 270-km-long river,
which collects water from hundreds of tributary streams and rivers. The
north Saskatchewan River is a glacier-fed river characterized by a cool,
humid continental climate, passing through Edmonton, Canada’s fifth
largest city. The Great Bear Lake is the largest lake in Canada, where
northern continental climate is presented, surrounded by many lake
clusters. The Paraguay River basin includes a sandy wetland, Pantanal,
which is the world’s largest wetland. Flooded vegetation and organic
matter tend to be carried into the river. The Smolino Lake is a light-
salted lake adjoining the Chelyabinsk City, with a humid continental
climate. The Volga River is the longest river in Europe, with the city of
Kineshma on the shore of it. The Paijanne Lake is the deepest and second
largest lake in Finland, containing sandy eskers, isolated lagoons and
small islets. The Manjira River is a major river in India, in which res-
ervoirs are built on its tributaries. The Nen River locates in Northeast
China and flows through the city of Qiqihar, in which building and
building shadows are widely distributed. The Ulungur Lake is one of
China’s ten largest freshwater lakes, mainly formed and maintained by
the seasonal replenishment of water from the melting of Altai mountain
glaciers and snow. The Pearl River is the third-longest river in China,
and the Huizhou City crossed by which provides numerous building
shadows. The Burragorang Lake is a major reservoir for Sydney, which
fills the Burragorang Valley.

All the images in the test dataset are clipped into 3000 x 3000 pixels
(30 x 30 km) to achieve higher water percentages and lower visual
interpretation costs (Jia et al., 2018). Two kinds of reference data are
used to evaluate the water delineation accuracy. One is labeling all the
pixels in the 3000 x 3000 maps, i.e. labeling the reference maps, which
is the common-used way for evaluating the accuracies of semantic seg-
mentation (Chai et al., 2019; Yue et al., 2019) and water delineation (Jia
et al., 2018; Yang et al., 2015). The other is labeling the random refer-
ence samples selected by the probability sampling design (Stehman and
Czaplewski, 1998), used for assessing the seasonal accuracies. Specif-
ically, a geographic stratification is used to partition the map into 3 x 3
km cells to ensure the samples spatially well distributed (Stehman and
Foody, 2019), which is a major criterion when choosing a sampling
design (Stehman, 2009), followed by an extraction of 50 points within
each cell in a simple random scheme. In total, 5000 points are selected in
each map. Both reference data are digitized visually on screen by
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comparing with the high-spatial resolution images in Google Earth.
3. Methodology
3.1. DeeplabV3-Plus as water delineation model

Semantic labeling (also called semantic segmentation), an end-to-
end method to assign a category label to each pixel in an image, has
been greatly promoted since the emergence of DL technology in the
computer vision field (Hao et al., 2020). FCN (Long et al., 2015) is the
pioneering research, and a sequence of improved methods have been
developed, such as U-Net (Ronneberger et al., 2015), PSPNet (Zhao
et al., 2017), and DeepLab (Chen et al., 2014). In this study, we adopt
DeepLabV3-Plus (Chen et al., 2018b), a state-of-the-art method, as our
baseline water delineation model to discover water features.
DeepLabV3-Plus includes an atrous spatial pyramid pooling (ASPP)
module (Chen et al., 2018a) to exploit the multiscale context informa-
tion. Furthermore, DeepLabV3-Plus applies the encoder-decoder archi-
tecture (Long et al., 2015; Noh et al., 2015; Ronneberger et al., 2015),
namely, to use DeepLabV3 (Chen et al., 2017) as the encoder module
that gradually reduces the feature map resolution and captures higher
semantic information, and add a simple decoder module that gradually
recovers the spatial information to obtain fine-grained segmentation.
We find this model effective for water extraction when facing various
irregular and multiscale water bodies. It should be noted that the se-
mantic labeling model can be any off-the-shelf algorithm. Water delin-
eation with higher quality can be obtained with a more effective
algorithm, which is not the focus of this study.

3.2. Spectral index-driven water mask generation

For the fully supervised semantic labeling task, ground-truths are
pixel-level annotations, possessing the corresponding semantic class for
every pixel in the image. In this section, we show how to generate
appropriate water masks from WI, which serves as the ground-truth for
training the water delineation model. The generation process is divided
into two steps. First, a dual-threshold (dual-thre) is applied to the WI
result to generate the base mask with highly precise water and non-
water labels (Section 3.2.1). In the base mask, there are some ignored
pixels without labels, whose spectral features could not be utilized for
training FCN model. Therefore, the base mask is then iteratively
expanded into the ex-mask, in which the ignored pixels can be gradually
assigned the label of water, leading to a more complete water mask
finally (Section 3.2.2). For the choice of WI, NDWI is adopted in this
study. The overall pipeline of generating the water mask is demon-
strated in Fig. 2.

Table 1
Detailed description of the 12 test sites, where SN refers to the serial number of the test sites.

SN Country/continent Name Water type Major challenge Tile Date

1 America/ Kennebec River Lake, pond, Cloud shadow, phytoplankton 19TDK 05/24/2021
North America shallow river

2 Canada/ North Saskatchewan River Lake, river, pond Built-up, building shadow 110QV 10/08/2021
North America

3 Canada/ Great Bear Lake Lake cluster, Bare land 11WMM 08/01/2021
North America water stream

4 Brazil/ Paraguay River River, lake, pond Phytoplankton, mud 21KVV 05/01/2021
South America

5 Russia/Europe Smolino Lake Lake, water stream Built-up, building shadow 41ULB 08/22/2021

6 Russia/Europe Volga River river Built-up 37VFD 05/11/2021

7 Finland/Europe Paijanne Lake Lake cluster Sandy beaches, built-up 35VMJ 05/12/2021

8 India/Africa Manjira River River, pond, reservoir Cloud, cloud shadow, 43QHV 10/25/2021

dark Surface

9 China/Asia Nen River River, pond Paddy field, built-up, building shadow, mud 51TWN 07/20/2020

10 China/Asia Ulungur Lake Lake, pond Built-up, dark surface 45TWN 06/12/2020

11 China/Asia Pearl River River, lake, reservoir Mountain shadow, 49QHF 01/29/2021

building shadow, built-up
12 Australia/Oceania Burragorang Lake Lake, reservoir Mountain shadow, built-up S56HKH 08/17/2021
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Fig. 2. The pipeline of WIDFCN. The gray, white, and blue in the base mask and ex-mask indicate non-water, ignored, and water, respectively. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

3.2.1. Base mask from dual-threshold

WI can generate different qualities of water masks depending on the
adopted thresholds. In particular, when setting a higher threshold, the
water region in the mask can be more precise, yet less adequate. The
optimal threshold can lead to the best trade-off between precision and
completeness, but it is hard to determine because it fluctuates dramat-
ically when using different WIs or on different landscapes (Feyisa et al.,
2014; Yang et al., 2015). In addition, a rigid one-cut threshold forces us
to make a decision between higher precision yet lower completeness and
higher completeness yet more noisy. Despite the noise tolerance ability
of the DL semantic labeling model, the quality of the water mask can
directly determine the model training (Li et al., 2021).

Instead of setting a hard single threshold as in previous works (Chen
et al., 2020; Yang et al., 2015), we propose utilizing a dual-threshold
method to generate base water masks (base mask). The dual-threshold
is composed of a high threshold (ht) and a low threshold (It), which
satisfy -1 < It < ht < 1. In addition, the base mask is generated ac-
cording to Eq. (1). The objective of the dual-threshold is to prevent the
effects from ambiguous pixels that are hard to recognize by WI, always
being shadows or water with distinct features. To ensure the high pre-
cision of water and non-water in the base mask, we expect to set two safe
thresholds in the dual-threshold, so the two values are much easier to
determine compared to find the best trade-off. It is assumed that the
more accurate the information in the base mask, the less noise will be
introduced during the following expanding iteration, and the better the
final mask can be obtained. Empirically, we found that setting ht and 1t
as 0.3 and O, respectively, can be very qualified for Sentinel-2 data.
When training the semantic labeling model, the ignored pixels are
excluded for calculating losses to pretend negative effects from noise.

water, WI > ht
ignord pixel, It <WI <ht
non — water, WI < It 1)
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3.2.2. Iteratively expanding mask using ex-threshold

The base mask is initially used for training the delineation model,
which can output water extraction with not only high precision but also
superior recall than the base mask itself thanks to the self-learning
power of the FCN model. However, there are still some ignored pixels
without any labels in the base mask whose spectral features cannot be
utilized for training, as shown in Fig. 2. To further improve the
completeness of the water mask, the base mask is iteratively expanded in
terms of the ignored pixels, whose procedure is shown in Fig. 2.

Specifically, we set up a threshold to WI for expansion, called ex-
threshold (ex-thre), and the water bodies from applying ex-thre to WI,
called water-ex, are utilized to update the base mask by combining with
the water extraction from the model (trained with the base mask)
output. For clear illustration, the detailed expansion process of an iter-
ation is shown in Fig. 3. In particular, the water regions from the model
output are taken as seeds. For each connected water domain in the
water-ex, if there exists any pixel judged as water in the seeds, the whole
connected water domain (expressed as ex-region in Fig. 3) is taken as
water and will be used to update the corresponding position in the base
mask. The update is only for the ignored pixels, and the ignored pixels
can only be updated into water labels without consideration of non-
water labels, which means that the non-water labels are determined
from the original base mask with the purpose of maximizing the absence
of noise. The updated base mask, called ex-mask, is used for training the
delineation model successively, and the update continues iteratively. In
this study, the ex-thre is set as 0.1, and the update operation performs
every-five epochs when training the delineation model. The cross en-
tropy loss is adopted for the iterative expansion.

The update procedure works due to two reasons. One is that the
delineation model trained by the base mask (and by the updated mask)
can generate very accurate but incomplete results. The other is that the
water-ex possesses many complete water regions but also includes much
noise. By complementing the highly precise seeds in the model output
and the fairly complete water regions in the water-ex, the ex-mask can
be improved continuously in iterations, and the ignored pixels will
decrease gradually and finally with both high accuracy and
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Fig. 3. Detailed illustration of a water mask expansion iteration, where the ‘base mask’ refers to the result of applying dual-threshold on the NDWI map, the ‘water-
ex’ refers to the result of applying a single ex-threshold on the NDWI map, and the ‘output’ refers to the output of the trained water delineation model. The gray,
white, and blue indicate non-water, ignored, and water, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the

web version of this article.)

completeness.

For each expanding operation, the water bodies in the ex-mask can
be more complete. The mask with complete water bodies can prompt the
semantic labeling model to learn more water features and output more
water bodies, which will be more complete in the next iteration. The
ratio of water and non-water pixel numbers is calculated for each ex-
mask in the update process, and the iteration stops when the differ-
ence of adjacent ratios is lower than a predefined threshold or the
iteration times attain a predefined number.

3.3. Final training using MFB loss

After the water mask expansion, the ex-mask in the final iteration is
taken as the final mask for training the final semantic labeling model
(also using DeepLabV3-Plus). At this time, the ex-mask possesses a high
completeness in terms of water labels. However, for the training dataset,
sited on the middle and lower reaches of the Yangtze River, the water
and non-water regions are imbalanced. Actually, this unbalanced phe-
nomenon always occurs for inland water bodies. Therefore, we adopt a
class-balanced weight for water and non-water in the cross-entropy loss
when training the model with the final ex-mask, which may significantly
improve the water recognition capability of the semantic labeling model
and reduce the omission error.

In particular, the median frequency balancing (MFB) weight (Eigen
and Fergus, 2015) is used as the class-imbalance weight, as shown in Eq.
(2), where c is the class of water or non-water, freq(c) is the pixel number
of class ¢ divided by the total number of pixels in images of training
dataset, and medianyq is calculated as the average value of freq(water)
and freq(non-water).

We = mediang., [freq(c) 2
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It is noted that MFB loss is only adopted for the final training of the
semantic labeling model and is not used for the mask expansion oper-
ation. The reason is that although the introduction of MFB loss can
greatly reduce the omission error, it can also induce a few commission
errors. Even a minority of noise will affect the expanding operation to a
great extent, which will lead to a dramatically inaccurate ex-mask after
several iterations.

Overall, the whole method is in a two-step form, where the water
mask serving as ground-truth is produced as described in Section 3.2,
and the final water delineation model is trained using the water mask, i.
e. the ex-mask, with MFB loss.

4. Results
4.1. Accuracy assessment

4.1.1. Accuracy assessment methods

Four accuracy metrics are adopted to evaluate the water delineation
performance on the test dataset, including the Kappa coefficient, pre-
cision, recall, and F1-score (F1). The Kappa coefficient is an unbiased
coefficient toward water and non-water, which can reflect the compre-
hensive accuracy. Precision and recall indicate the degree of accuracy
and completeness, respectively, and Fl-score takes the above two
measures into account for comprehensive assessment (Zhang et al.,
2015).

WIDFCN is quantitatively and qualitatively compared with several
commonly used water extraction methods, including WI thresholding,
unsupervised classification methods and supervised -classification
methods. It is noted that the term of ‘WIDFCN’ in this Section indicates
the WIDFCN based on NDWI by default (WIDFCN-NDWI), if there is no
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additional annotation. The adopted WIs for comparison include
normalized difference water index (NDWI), modified normalized dif-
ference water index (MNDWI), and automated water extraction index
(AWEI) consisted of AWEIsh and AWEInsh according to the shadow
condition, the equations of which are shown below.

G — NIR
NDWI = =——» 3
G — SWIR1
MNDWI = = — 2% 4
G + SWIR1 @
4 — SWIR1) — (0.25 x NIR +2.7 1R
AWEL, X (G = SWIRI) = (025 x NIR +2.75 x SWIR?) -
G + NIR + SWIR1 + SWIR2
AW, - BH25XG 15 x (NIR + SWIR1) ~ 025 x SWIRD ©

B+ G + NIR 4 SWIR1 + SWIR2

where B, G, NIR, SWIR1, and SWIR2 indicate the reflectance value of
spectral bands of Sentinel-2: band 2, band 3, band 8, band 11, and band
12. Two unsupervised classification methods, including k-means and
ISODATA, and two supervised classification methods, random forest
(RF) and support vector machine (SVM) are used for comparison. Otsu’s
thresholding algorithm (Otsu, 1975) is adopted to automatically obtain
the thresholds for WIs (WIs-Otsu) at each test site. For the two unsu-
pervised classification methods, 10 clusters are set and then merged into
two classes of water and non-water. The base masks are used as samples
for training the two supervised classification methods, in which all the
water pixels (positive samples) are used, while the non-water pixels are
randomly sampled to the total number of water pixels, aiming at
ensuring the class balance and reducing the computer memory
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requirements. Besides, water delineation results from the two supervised
methods trained with the ex-mask are also analyzed, which will be
shown in Section 4.1.3. Detailed comparison results with alternative
methods will be shown in Section 4.1.2. In addition, the automatically
acquired threshold using Otsu’s method has difficulty achieving the best
results, especially for complicated occasions. Thus, the ideally optimal
threshold from traversal search is analyzed in Section 4.1.3. The tem-
poral stability of the proposed method is also important, which will be
analyzed in Section 4.1.4.

4.1.2. Comparison with alternative methods

The accuracies of alternative approaches for water body extraction
on the test dataset is depicted in Fig. 4. It should be noted that the
reference data used here are the reference maps with label on each pixel,
as illustrated in Section 2.3. The accuracies in terms of the random
reference samples are also calculated and present basically consistent
with that of the reference maps, which are not displayed due to space
limitation. In terms of Kappa coefficient and F1-score, WIDFCN can
achieve the highest values (with Kappa coefficient 0.9673 and F1-score
0.9696), which outperforms other methods by a large margin, reflecting
the best overall performance. Besides, it can be seen that WIDFCN has
the lowest fluctuation, showing its applicability for all kinds of situa-
tions. In general, the two supervised classification methods perform
inferior to WIDFCN and superior to the unsupervised classification
methods and WIs-Otsu. RF performs better than SVM, with Kappa co-
efficient of 0.9391 and F1-score of 0.9432, which are the second highest
among these methods. K-means and ISODATA act similarly, with Kappa
coefficients of 0.8850 and 0.9017, respectively, which show apparent
disparities compared to WIDFCN. The Kappa coefficients of the four WI-
Otsu methods present great differences, in which the two AWEIs perform
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Fig. 4. Accuracies of WIDFCN compared with other methods, including four Wis thresholded using the Otsu’s method, two unsupervised classification methods, and
two supervised classification methods. The dots distributed on the left of the boxes represent accuracy values for each test site by the corresponding method.
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the worst. This is mainly due to the improper thresholds from the Otsu’s
method, leading to the apparently low precision.

For precision of WIDFCN, the values of almost all the test sites are
closely gathered, leading to a high mean precision (0.9840), as shown in
Fig. 4. RF and SVM also produce high-precision results, because of the
high-precision training samples. Interestingly, the precision distribution
of the WIs-Otsu and the unsupervised classification methods in Fig. 4
shows a very similar trend with that of Kappa coefficient. This is because
the recalls of these methods are relatively high, with the lowest mean
value of 0.8995 achieved by MNDWI thresholding, and thus the preci-
sion has an important influence on the results. In terms of recall, the two
supervised classification methods perform worst, which greatly affects
their Kappa and F1. Although the two AWEI with Otsu’s thresholding
methods have the highest recall values, those results are hardly refer-
ential due to their low precision. The rest four methods (except for
MNDWI thresholding) have similar recalls, in which WIDFCN has a
mean value of 0.9561.

In summary, WIDFCN performs best on the test dataset according to
the highest Kappa coefficient and F1-score, and is more stable than other
methods with the least fluctuation. In addition, it can achieve apparently
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high precision, although facing challenging test sites, as described in
Table 1, and meanwhile with comparatively high recall. The supervised
classification methods obtain high precision and low recall, while the
unsupervised classification methods can achieve high recall and low
precision. The WI-Otsu methods generate water delineations with severe
noise because the Otsu’s method can hardly assign appropriate thresh-
olds for complicated sites.

4.1.3. Comparison with ideally optimal threshold for WIs

Though conveniently and commonly used (Chen et al., 2020; Cor-
deiro et al., 2021; Yang et al., 2018), the Otsu’s method can hardly
obtain the optimal threshold when facing complicated environments.
Hence, we try to compute the optimal threshold for each test site by
comparing the thresholding results with the reference map through
traversal search, by which results with the highest Kappa coefficient can
be generated. It should be noted that this optimal threshold is computed
based on reference maps, so it is ideal and hardly practical for deter-
mining the threshold of WI because of the difficulty of predicting the
optimal threshold in terms of accuracy and trade-off between precision
and recall. However, it is still meaningful since it does reflect the ceiling
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Fig. 5. Accuracies of WIDFCN compared with four WIs whose thresholds are calculated through traversal search for best Kappa coefficient. The dots distributed on
the left of the boxes represent accuracies for each test site by the corresponding method.
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of WL

The accuracies of WIDFCN compared with that of four WI methods
using optimal thresholds (WIs-Opti) is depicted in Fig. 5. Compared to
thresholds from the Otsu’s method in Section 4.1.2, WIs-Opti can ach-
ieve the trade-off between precision and recall, so their accuracy has
astonishingly improved, which even surpasses those of the two unsu-
pervised methods in Fig. 4. This phenomenon indicates the significance
of determining a suitable threshold when using WL In contrast, it does
not need to consider the elaborate threshold setting in WIDFCN. For the
training stage, the unique predetermined dual-threshold and ex-
threshold are adopted for all scenes in the training set. Though simple
and convenient when utilizing WI (NDWI in this study) in WIDFCN, the
result from which is impressive and can achieve high precision and
recall at the same time. As shown in Fig. 5, WIDFCN not only surpasses
the WI-Opti methods by a large margin but also has higher values in
terms of both precision and recall.

Furthermore, it can be seen in Fig. 5 that NDWI-Opti achieves the
best accuracies among the four WI-Opti methods, reflecting that NDWI
possesses the biggest application potential, which is the reason why
using NDWI driven WIDFCN in this study.

4.1.4. Seasonal accuracy evaluation of WIDFCN
The test dataset covers different seasons as shown in Table 1, which
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can preliminarily indicate the water delineation applicability of
WIDEFCN in different seasons. To further assess the temporal stability of
WIDFCN, water delineation accuracies at the test site of Ulungur Lake in
different months are calculated, in which the labeling method of random
reference samples described in Section 2.3 is adopted for assessing ac-
curacies. Due to the limitation of data acquisition and data quality, as
well as the influence of snow cover, data from April to November are
acquired to indicate the different seasonal conditions. The accuracies of
WIDFCN in different months is shown in Fig. 6.

As shown in Fig. 6a, in April and May, the recalls of WIDFCN are
relatively higher than the precisions, while it shows the opposite pattern
from June to November. This can be attributed to the interference from
many aquatic plants floating on the surface of water bodies. According
to Fig. 6b-e, the water color changes in different months can be well
responded by WIDFCN. The red areas in the water body may reflect the
phytoplankton, as shown in Fig. 6d2 and e2. WIDFCN can deal well with
the light red areas, with a high water delineation completeness. But in
terms of the dark red regions in which too many phytoplankton exist, it
is difficult to extract water completely. In general, WIDFCN shows its
robustness to seasonal variation according to the stably high Kappa and
F1, as shown in Fig. 6a, in which Kappa (F1) presents the variation range
from 0.9832 (0.9859) to 0.9892 (0.9911).
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Fig. 6. Monthly accuracies and water delineation examples of WIDFCN. (a) represents accuracies of WIDFCN in different months. (b), (c), (d), and (e) represents the
examples of water delineation in May, July, September, and November, respectively, in which the upper indicates Sentinel-2 images shown in false color composite of
NIR, red, and green bands and the lower indicates the water delineation results by WIDFCN (blue for water and white for non-water). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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4.2. Performance of delineation on water with large variance

In this subsection, three test sites of Ulungur Lake, Paraguay River,
and Great Bear Lake are selected for qualitatively and quantitatively
demonstrating the performance of delineation on water with large
variance, specifically, water with multiple scales and various spectra
(indicating heterogeneity). For comparison, four methods are selected
according to the analysis in Section 4.1, including ISODATA and RF,
whose performance is better in the unsupervised and supervised clas-
sification methods, respectively, and MNDWI thresholding with Otsu’s
threshold (MNDWI-Otsu) and optimal threshold (MNDWI-Opti), in that
MNDWI performs the best among the four WIs using Otsu’s threshold.

The accuracies at the three test sites are shown in Table 2. The visual
interpretation of the Ulungur Lake test site is shown in Fig. 7, and those
of the Paraguay River and Great Bear Lake test site are presented in
Fig. S1 and Fig. S2 in supplementary material. As shown in Table 2, all
the five methods can obtain high-precision water delineations on the
three test sites, so the accuracy depends more on the recall. For the
Ulungur Lake test site, whose water bodies vary greatly in scale,
WIDFCN can still generate good delineation, as shown in Fig. 7b. ISO-
DATA also works well, but MNDWI and RF perform inferiorly in terms of
recall.

The Paraguay River test site is composed of water bodies with large
heterogeneity, presented as various colors, as shown in Fig. S1. Fig. S1b
shows that the WIDFCN can cope well with the heterogeneity. ISODATA
performs well in terms of recall, as shown in Table 2. MNDWI thresh-
olding and RF still generate low recall, which is explicitly illustrated in
Fig. S1f-h and Fig. S1l-n.

The Great Bear Lake test site is characterized by both spectral het-
erogeneity and scale variability, as shown in Fig. S2. For this region,
ISODATA and RF perform inferior in terms of delineation completeness.
MNDWI thresholding performs inferior in terms of precision due to the
bright bare land.

Generally, WIDFCN is in a good position to extract multiscale water
bodies and handle water heterogeneity, successively followed by ISO-
DATA, RF and MNDWI thresholding. The high extraction completeness
demonstrates its wide scope application capability for water delineation.

4.3. Resistance to different kinds of shadows

Commission error from the similarity between shadows and water is
all along a great challenge for water mapping. In this section, three test
sites of the Pearl River, Burragorang Lake, and Manjira River with
different kinds of shadows from buildings, mountains, and clouds are
chosen to evaluate the shadow resistance of WIDFCN. The overall per-
formance is shown in Table 3, with the water delineations visually
shown in Fig. 8, Fig. S3 and Fig. S4.

Table 2
Accuracies of WIDFCN compared to ISODATA, RF, MNDWI-Otsu and MNDWI-
Opti at three test sites of Ulungur Lake, Paraguay River, and Great Bear Lake.

Study area Method Kappa Precision Recall F1
Ulungur Lake WIDFCN 0.9844 0.9951 0.9792 0.9871
MNDWI-Otsu 0.9207 0.9984 0.8760 0.9333
MNDWI-Opti 0.9367 0.9853 0.9116 0.9470
ISODATA 0.9726 0.9832 0.9713 0.9773
RF 0.9541 0.9984 0.9274 0.9616
Paraguay River WIDFCN 0.9763 0.9951 0.9613 0.9779
MNDWI-Otsu 0.9434 0.9917 0.9064 0.9472
MNDWI-Opti 0.9509 0.9751 0.9344 0.9543
ISODATA 0.9735 0.9619 0.9892 0.9754
RF 0.9586 0.9955 0.9295 0.9614
Great Bear Lake WIDFCN 0.9854 0.9948 0.9802 0.9874
MNDWI-Otsu 0.9440 0.9615 0.9423 0.9518
MNDWI-Opti 0.9440 0.9632 0.9407 0.9518
ISODATA 0.9592 0.9934 0.9378 0.9648
RF 0.9604 0.9949 0.9383 0.9658
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The accuracy gap between WIDFCN and other methods is enlarged to
a great extent in Table 3 compared to the accuracies in Table 2, owing to
the greater challenges from shadows. The performance of WIDFCN is
still outstanding when facing this difficulty. For the Pearl River test site
in which buildings and building shadows are complexly distributed,
WIDFCN has good robustness to the noise of building shadows. ISO-
DATA performs the worst because of the large commission error leading
to low precision, which can be clearly illustrated in Fig. 8. For MNDWI, it
seems that the delineation from MNDWI-Opti possesses a high precision
according to Fig. 8m, in which the error detections (marked as red
pixels) of MNDWI-Opti are fewer than WIDFCN. However, it should be
noted that the missed detections (marked as yellow pixels) by MNDWI-
Opti are also much more than WIDFCN. Combining the quantitative
results in Table 3 in the manuscript, in which the recall of MNDWI-Opti
(0.8103) is lower than that of WIDFCN (0.9377) in a large margin, it can
be concluded that MNDWI is inferior than WIDFCN in terms of dis-
tinguishing shadows, because MNDWI-Opti has to set a high threshold
and to sacrifice too much recall for high precision for the sake of the best
Kappa. RF presents higher precision than WIDFCN, with the help of
high-precision training samples, which instead leads to a low recall of
0.8329, as shown in Fig. 8n.

For the Burragorang Lake test site in which the lake is surrounded by
multiple mountain shadows, as shown in Fig. S3, WIDFCN can achieve a
very high value in terms of not only precision but also recall. MNDWI
performs well in precision but deficiently in recall, which is similar as
the case of the Pearl River test site. ISODATA generates the lowest
precision because of the commission errors on mountain shadows. RF
can also achieve both high precision and recall, with a slightly lower
recall than WIDFCN.

For the Manjira River test site, clouds and cloud shadows are the
major noise, as presented in Fig. S4. MNDWI with the Otsu’s threshold
has poor performance, as shown in Table 3. It misclassifies not only
cloud shadows but also clouds, because clouds also lead to a relatively
high MNDWI value. With the optimal threshold, MNDWI can achieve
higher precision (from 0.5243 to 0.9178) with the price of losing recall
(from 0.9471 to 0.8062), which is similar to that of the Pearl River test
site. For ISODATA, a large number of misclassifications of cloud
shadows result in the low precision, as shown in Fig. S4e and k. Although
RF can achieve high precision, its low delineation completeness greatly
lowers the accuracy. WIDFCN can generate outstanding results with
both high precision and recall, as shown in Fig. S4b, demonstrating its
robustness toward clouds and cloud shadows.

In summary, WIDFCN has good resistance to shadows, assuring its
precision of water delineation facing complicated shadow surroundings,
successively followed by RF, MNDWI and ISODATA. RF can delineate
water bodies with high precision due to the high-precision training
samples, which also restricts its water delineation completeness.
MNDWI can hardly achieve a trade-off between precision and
completeness of water delineation when facing shadows or confused
surfaces such as buildings and clouds, even with the ideally optimal
threshold. Regarding ISODATA, although it can generate results with
high recall, it has nearly no resistance to shadows of all kinds.

4.4. Thorough analysis of spectral index-driven learning

4.4.1. Effectiveness of spectral index-based training

As a WI-based method, it is necessary to know how NDWI influences
model training and why that works. We compare the results from the
semantic labeling models trained on water masks by applying different
single NDWI thresholds with the results by directly applying the corre-
sponding NDWI thresholds, which are shown in Table 4. It is noted that
the threshold here is single, i.e., pixels with NDWI larger/lower than the
threshold are taken as water/non-water. In addition, MFB loss is adop-
ted when training to assure class balance. This comparison shows the
accuracy differences caused by the FCN model, aiming to demonstrate
the feasibility of this study, namely, the spectral index is able to drive
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Fig. 7. Visual interpretation of WIDFCN compared with ISODATA, MNDWI-Otsu, MNDWI-Opti, and RF at the Ulungur Lake test site, whose water body is char-
acterized by a multiscale distribution. The Sentinel-2 images (a, ¢, and i) are shown in false color composite of NIR, red, and green bands. The blue, yellow, and red in
the water delineation results (b, d-h, and j—n) represent accurately detected water bodies, missed detections, and error detections, respectively. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 3
Accuracies of WIDFCN compared to ISODATA, RF, MNDWI-Otsu and MNDWI-
Opti at three test sites of the Pearl River, Burragorang Lake, and Manjira River.

Study area Method Kappa Precision Recall F1
Pearl River WIDFCN 0.9312 0.9341 0.9377 0.9359
MNDWI-Otsu 0.8567 0.9204 0.8175 0.8659
MNDWI-Opti 0.8572 0.9304 0.8103 0.8662
ISODATA 0.7448 0.6372 0.9589 0.7657
RF 0.8823 0.9550 0.8329 0.8898
Burragorang Lake WIDFCN 0.9914 0.9947 0.9894 0.9920
MNDWI-Otsu 0.9672 0.9991 0.9415 0.9694
MNDWI-Opti 0.9757 0.9904 0.9647 0.9774
ISODATA 0.9146 0.9296 0.9117 0.9206
RF 0.9833 0.9961 0.9732 0.9845
Manjira River WIDFCN 0.9596 0.9744 0.9486 0.9613
MNDWI-Otsu 0.6561 0.5243 0.9471 0.6749
MNDWI-Opti 0.8525 0.9178 0.8062 0.8583
ISODATA 0.7671 0.6595 0.9507 0.7788
RF 0.8923 0.9740 0.8304 0.8965

FCN training with no needs of manually labeling costs.

The spectral index-driven training is sensitive to labeling errors. As
shown in Table 4, when setting the single threshold as -0.1, the water
extraction by NDWI possesses a high recall and a low precision. In this
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case, the WIDFCN result is even worse than the NDWI result, because too
many non-water samples are incorrectly viewed as water, and the errors
lead to a poor delineation model.

However, the spectral index-driven training is able to improve the
completeness by learning from relatively accurate labels. When NDWI
thresholds increase from 0.0 to 0.3, the precision values of NDWI results
are all relatively high, ranging from 0.9598 to 0.9983. Accordingly, the
errors in the water masks are gradually reduced with the increasing
thresholds, and the accuracies of WIDFCN trained by these masks are all
better than those of their corresponding NDWI thresholding results,
which shows the value of spectral index-driven training on improving
the completeness. Additionally, as the precision of NDWI increases, the
Kappa coefficients of NDWI-based training do not monotonically in-
crease but increase first and then decrease, because the water masks are
already very accurate but the amount of water sample continuously
decreases when the threshold is fairly large, e.g., greater than 0.1. This
indicates that to obtain an effective NDWI-based model, the precision
and recall of training samples from NDWI should be trade-off.

4.4.2. Why using dual-threshold ?

The benefits of dual-threshold training compared to single-threshold
training are illustrated in this subsection. Fig. 9 shows the accuracies of
dual-threshold NDWI-based training (with MFB loss) compared with
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byWIDFCN

Fig. 8. Visual interpretation of WIDFCN compared with ISODATA, MNDWI-Otsu, MNDWI-Opti, and RF at the Pearl River test site, which possesses numerous
buildings and building shadows. The Sentinel-2 images (a, ¢, and i) are shown in false color composite of NIR, red, and green bands. The blue, yellow, and red in the
water delineation results (b, d-h, and j—n) represent accurately detected water bodies, missed detections, and error detections, respectively. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

Table 4

Accuracies of NDWI thresholding with different thresholds on the test sites compared with that of the WIDFCN results trained on the water masks generated by

applying the corresponding NDWI thresholds on the training set.

NDWI thresholding WIDFCN
Thre Kappa Precision Recall F1 Kappa Precision Recall F1
-0.1 0.8713 0.8457 0.9392 0.8811 0.8584 0.8089 0.9740 0.8696
0.0 0.9247 0.9568 0.9077 0.9304 0.9426 0.9285 0.9683 0.9464
0.1 0.8920 0.9930 0.8354 0.9020 0.9622 0.9778 0.9530 0.9649
0.2 0.8068 0.9973 0.7339 0.8176 0.9529 0.9636 0.9496 0.9563
0.3 0.7003 0.9983 0.6108 0.7097 0.9381 0.9660 0.9218 0.9424

that of the corresponding single-threshold training. When using the
water mask from the dual-threshold for training the model, the pixels
whose NDWIs are between low threshold (It) and high threshold (ht) will
be seen as ignored pixels and do not contribute to loss computation.
Three cases are shown here, in which htis setas 0.1, 0.2 and 0.3. In these
cases, It is set as a unique value of 0, because that if 1t is set as a high
value, e.g. 0.1, there will be too many water pixels taken as background
for the water mask, leading to water delineation with only low recall and
thus undesirable accuracy. The single threshold training is identical to
Section 4.4.1 by setting the thresholds from 0.0 to 0.3.

One can find in Fig. 9 that the dual-threshold training leads to a
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better Kappa coefficient compared to the single threshold training with
the same threshold. This is because labels are more accurate in the water
mask from the dual-threshold. Ambiguous pixels are excluded for
training models in case incorrect information is induced to the model. In
contrast, the water mask from setting a hard single threshold may
include noise for either water or non-water and disturb the model
training. Generally, a lower single threshold tends to take more noise as
water so that the precision is low yet the recall is high, while a higher
single threshold will regard some water pixels as non-water so that the
recall is low. However, the dual-threshold can avoid the above problems
and lead to the better trained model.
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Fig. 9. Accuracies of training with water masks from dual-thresholds (dual) on NDWI compared to single thresholds (low and high). All It values are set as 0, and ht is
set as 0.1, 0.2, and 0.3. The accuracies are calculated on the whole test dataset.

4.4.3. Influence of label expansion and class balancing

The dual-threshold is effective due to the less noise in the training
samples, but the spectral features of the ignored pixels are not fully used
so that they cannot make their contribution to the model training, which
leads to water delineation with numerous omission errors. By filling up
the ignored pixels and expanding water pixels in the water mask, as
illustrated in Section 3.2.2, the water information will be more suffi-
cient. For the base mask, ht is set as 0.3 to assure the precision of water
mask, and 1t is set as 0 because we expect not to mistake water as non-
water to assure a high precision of non-water samples.

As shown in the upper half part of Table 5, although the water
delineation from WIDFCN trained directly using the base mask possesses
a high precision, its delineation completeness is unsatisfactory (pre-
sented by the low recall). Compared with using the base mask for
training the WIDFCN model, using the ex-mask can result in water
delineation with a dramatic rise in recall and a slight increase in pre-
cision, which leads to a one percent higher Kappa coefficient from
0.9456 to 0.9577.

MEFB loss considers the number of samples in each category and as-
signs higher weight to the category owing to the comparatively small
sample volume, which plays a great role in such situations of extremely
unbalanced samples for training FCN. Compared with using the base
mask only for training WIDFCN, the import of MFB loss can alleviate the
category imbalance, and the completeness can be greatly improved from
0.9227 to 0.9566, as shown in the upper half part of Table 5, leading to
the rise of Kappa coefficient from 0.9456 to 0.9558. Although the ex-
mask includes more water information than the base mask, it still
faces the problem of class imbalance. Based on the ex-mask, the water
delineation accuracy from WIDFCN can be further improved by
considering class balancing, which leads to the best accuracy (Kappa
coefficient 0.9673 and F1-score 0.9696).

Accuracies of SVM and RF trained by the base mask and the ex-mask
are also calculated to further demonstrate the effectiveness of label
expansion, as shown in the lower half of Table 5. When training the two

Table 5

Accuracies of water delineation from WIDFCN without (wo) or with (wi) MFB
loss (the upper half) and that from SVM and RF (the lower half), trained by using
the base mask (base) or ex-mask (ex).

Method/Mask Kappa Precision Recall F1

WIDFCN wo MFB/Base 0.9456 0.9788 0.9227 0.9494
WIDFCN wi MFB/Base 0.9558 0.9619 0.9566 0.9591
WIDFCN wo MFB/Ex 0.9577 0.9805 0.9425 0.9607
WIDFCN wi MFB/Ex 0.9673 0.9840 0.9561 0.9696
SVM/Base 0.8938 0.9835 0.8448 0.9036
RF/Base 0.9391 0.9846 0.9084 0.9432
SVM/Ex 0.9171 0.9676 0.8864 0.9236
RF/Ex 0.9495 0.9529 0.9540 0.9532
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supervised classification models, all the water pixels (positive samples)
in the base mask (or the ex-mask) are used, while the non-water pixels
are randomly sampled to the total number of water pixels, aiming at
ensuring the class balance and reducing the computer memory re-
quirements. As shown in Table 5, compared with using the base mask,
the ex-mask can improve the delineation accuracies for both SVM
(Kappa 0.0233 higher) and RF (Kappa 0.0104 higher), demonstrating
the effectiveness of label expansion. In general, SVM performs inferior
than RF in terms of two masks, and both the two methods obtain lower
accuracies than WIDFCN. This demonstrates the superiority of deep
learning method for delineating water bodies compared to the classic
supervised classification methods, even though this is not the focus of
this study. Furthermore, both SVM and RF trained by the ex-mask can
produce higher accuracies than other methods (as shown in Fig. 5),
demonstrating the effectiveness of the ex-mask again.

5. Discussions
5.1. How does the spectral index drive DCNN training?

Spectral index is an approximate representation of the confidence of
the ground feature except that it is noisy, such as shadows toward water.
For WI, pixels with very high WI values are more likely to be pure water,
and vice versa. Noise (e.g. shadows) comes mainly from the median
range of spectral index values. Therefore, the base mask produced by the
dual-threshold has relatively high precision, in which various pure
water samples provide water features for learning and non-water sam-
ples provide discrimination ability.

Ambiguous ignored pixels can be roughly divided into three cate-
gories: noise with slightly high index values, water with moderate index
values, and mixed pixels. To facilitate clarification, subsets of the final
water mask from the training set and the corresponding water delinea-
tion of WIDFCN on the subsets are visually shown in Fig. 10. There are
some shadows whose WI values are relatively low, regarded as negative
samples, as shown in Fig. 10bl. In contrast, the number of shadows
considered as positive samples is much lower. Therefore, the shadows in
the ignored pixels are more likely to be judged as non-water by the
trained model, as shown in Fig. 10c1, assuring the resistance of shadows
for good precision.

Similarly, the water pixels in the ignored pixels have greater prob-
abilities of being judged as water. Ignored water pixels (Fig. 10b2)
possess water features that can be learned from the positive samples,
while there are only a small quantity of pixels regarded as negative
samples in the water mask. Hence, the ignored pixels can be accurately
judged as water by WIDFCN, as shown in Fig. 10c2.
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Fig. 10. Example of subsets on the training set. (a) Sentinel-2 images in false color composite of NIR, red, and green bands. (b) Final water masks of the subsets in
which black, blue, and white represent non-water, water, and ignored, respectively. (c) Water delineations on the subsets using the trained model. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

5.2. Learning process of the semantic labeling model

We visualize the outputs of the semantic labeling model during
training to analyze the learning process of the model. Fig. 11 shows the
visualization of the water channel of the softmax layer in different
epochs, which represents the probability of belonging to water for each
pixel. The images are from the test sites and with a size of 256 x 256
pixels.

(b) (d)

As shown in Fig. 11b, at the beginning of training, the activation in
the output heatmap is disorganized. After training for 0.01 epochs (more
than 200 256 x 256 samples were used for training), the model has
learned the basic ability to distinguish water bodies, as shown in
Fig. 11c. However, the model right now is kind of ‘rough’, in that it can
perceive not only rough outlines of water bodies but also noise of
building, cloud, and mountain shadows. Further learning to epoch 0.1
makes the model able to perceive more accurate water bodies, which can

(h)

(€) ® )

Fig. 11. Visualization of the softmax layer (water) on several test images (256 x 256 pixel) from different epochs in the training stage. (a) Sentinel-2 images in false
color composite of NIR, red, and green bands. (b) Epoch 0. (c¢) Epoch 0.01. (d) Epoch 0.1. (e) Epoch 0.5. (f) Epoch 1. (g) Epoch 10. (h) Ground-truth. (For inter-
pretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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be clearly demonstrated in Fig. 11d2, and possess a preliminary ability
to discriminate water from shadows, as shown in Fig. 11d1, d2, and d3.
As the learning proceeds, the model can capture increasingly distinct
water borders and be more discriminant to shadows, as shown in
Fig. 11g.

5.3. Performance of MNDWI-driven WIDFCN

In this study, NDWI is utilized to drive the training of WIDFCN, the
reason of which has been explicated in Section 4.1.3. However, it is still
valuable to analyze the performance of WIDFCN based on different WIs,
such as MNDWI, to understand the differences between WIDFCNSs driven
by different WIs. Hence, we conduct the MNDWI driven WIDFCN
(WIDFCN-MNDWI) to compare with WIDFCN-NDWTI in this subsection.

Accuracies of WIDFCN-MNDWI are shown in Table 6. In terms of the
parameters, the It, ht and ex-thre are set as 0, 0.5, and 0.2, respectively,
which we find appropriate empirically. Compared to WIDFCN-NDWI, as
shown in Table 5, the accuracies of WIDFCN-MNDWI are inferior in
general, and both the precision and recall of WIDFCN-MNDWI are lower
than those of WIDFCN-NDWI. To train a good FCN for water delineation,
ideal background information extracted from WI should cover as much
non-water information as possible and avoid water pixels at the same
time, which is the main contribution to the shadow resistance ability of
the trained model. However, the backgrounds extracted from MNDWI
not only contain more water than that from NDWI, but also exclude less
shadow information, which leads to a trained model with low precision.
Besides, it is difficult for MNDWI to extract small water bodies with the
ht, leading to a low delineation recall of the trained model as shown in
Table 6.

To sum up, although WIDFCN-MNDWI performs better than other
methods as shown in Fig. 4, its performance is inferior to WIDFCN-
NDWI, which still needs further exploration.

5.4. Transferability and enlightenments

WIDFCN treats water delineation as a semantic labeling task, and the
FCN model is trained by automatically collecting training samples
without human labeling. The powerful capability of FCNs can be uti-
lized, and the big-data-driven challenge is settled by the application of a
water spectral index combined with appropriate training methods.
However, this core idea is not necessarily limited to water extraction
applications and has the potential to be applied to other geographical
information. For example, other spectral indexes, such as vegetation,
impervious area, and snow index, can potentially be used to drive the
training of the FCN model.

Additionally, as a WI-based method, in addition to the advantage of
no requirements of manually collecting training samples, it also avoids
the subjectivity and uncertainty brought by setting thresholds. When
applying this method for water extraction, the most convenient way is to
directly train an FCN model with water masks generated by thresholding
NDWI (or other WIs), as shown in Section 4.4.1, by which the trained
model not only performs better than NDWI but also avoids the
complexity of setting the optimal thresholds. Beyond that, the water
extraction accuracy can be further improved by adopting several
training techniques, such as setting a dual-threshold, using an ex-mask,
and considering class balancing.

5.5. Limitations and future improvement

In this study, we proposed a novel solution for water delineation by
utilizing the information provided by the spectral index for training a
deep semantic labeling model, which avoids the manual labor of col-
lecting training samples. However, it is difficult for FCN to deal with
extremely fine-grade ground features due to its instinctive defect from
which high-level features are extracted by down-sampling. Subtle water
bodies could be lost during down-sampling and hardly recovered
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Table 6
Accuracies of water delineation from WIDFCN-WNDWI trained by using the base
mask and ex-mask with or without MFB loss.

Method Kappa Precision Recall F1

Base mask 0.9004 0.9567 0.8681 0.9072
Base mask + MFB 0.9219 0.9279 0.9305 0.9277
Ex-mask 0.9263 0.9485 0.9195 0.9315
Ex-mask + MFB 0.9403 0.9467 0.9444 0.9446

through up-sampling. The development of high-resolution FCN models
could be useful for relieving this problem.

A second limitation is that WIDFCN can hardly extract water with
plentiful sediment. For this case, the water feature may be greatly buried
by the sediment, hindering the recognition of water by the model. To
solve this problem, training samples for water with sediment should be
purposively generated.

Additionally, it is hard to completely eliminate shadows. Though
very resistant to shadows, there is still a little noise in the water delin-
eation results. An appropriate noise-tolerant learning method may be a
solution for this.

6. Conclusions

This study proposes a new water delineation method, named
WIDFCN, which relies on no effort to manually collect samples. The
problem is formulated as a semantic labeling task based on the training
of an FCN, which allows multiscale spatial feature extraction and con-
siders spectral features in multiple bands. As a powerful machine
learning technology, FCN requires a large amount of training data and
the corresponding ground-truths for a robust model, which requires high
acquisition costs. We settle this problem by skillfully generating samples
by utilizing the water index, e.g., NDWI in this study.

Twelve Sentinel-2 images with various challenges are chosen around
the world to assess the performance of WIDFCN by comparison with
several methods including WI thresholding, unsupervised and super-
vised classification methods. The results show that WIDFCN can achieve
the best water delineation accuracy with Kappa coefficient 0.9673 and
F1-score 0.9696 and the lowest fluctuation in terms of various test sites.
This high-quality delineation accuracy comes from the excellent preci-
sion of 0.9840 and the comparative recall of 0.9561. Additionally,
WIDFCN can deal with water with large variance and has resistance to
different kinds of shadows, such as building, mountain, and cloud
shadows.

In addition to the high precision and completeness performance,
WIDFCN is convenient to employ because it avoids the subjectivity and
complexity of determining thresholds when using water indexes for
generating samples. This method also has the potential for high-
accuracy large-scale water mapping due to the free costs of collecting
abundant samples for training a robust model. This study demonstrates
the feasibility of spectral index-driven DCNN model training for water
information extraction. We expect the core idea of this study is not
limited to the category of water and has the potential to be applied to
information extraction for other ground surfaces.
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