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ABSTRACT:

One of the most important applications of remote sensing classification is water extraction. The water index (WI) based on Landsat
images is one of the most common ways to distinguish water bodies from other land surface features. But conventional WI methods
take into account spectral information only form a limited number of bands, and therefore the accuracy of those WI methods may be
constrained in some areas which are covered with snow/ice, clouds, etc. An accurate and robust water extraction method is the key to
the study at present. The support vector machine (SVM) using all bands spectral information can reduce for these classification error
to some extent. Nevertheless, SVM which barely considers spatial information is relatively sensitive to noise in local regions.
Conditional random field (CRF) which considers both spatial information and spectral information has proven to be able to compensate
for these limitations. Hence, in this paper, we develop a systematic water extraction method by taking advantage of the complementarity
between the SVM and a water index-guided stochastic fully-connected conditional random field (SVM-WIGSFCRF) to address the
above issues. In addition, we comprehensively evaluate the reliability and accuracy of the proposed method using Landsat-8 operational
land imager (OLI) images of one test site. We assess the method’s performance by calculating the following accuracy metrics:
Omission Errors (OE) and Commission Errors (CE); Kappa coefficient (KP) and Total Error (TE). Experimental results show that the

new method can improve target detection accuracy under complex and changeable environments.

1. INTRODUCTION

Terrestrial surface water bodies are among the most vital earth
resources for human. However, they are vulnerable to global-
scale impacts from land use/cover changes (LUCC), climate
changes, and other forms of environmental change in the world
(Alderman et al., 2012; Huntington et al., 2006; Murray et al.,
2012; Sun et al., 2012; V& &smarty et al., 2000). Changes in
terrestrial surface water bodies may result in continuous but
unexpected variations from socioeconomic development to
ecological environment. Thus, comprehensive and accurate
mapping of water bodies to describe its spatial and temporal
distribution changes is of crucial importance for both academic
research and related policy-making (Morss et al., 2005).

With the rapid development of remote sensing technology,
remote sensing has become an important source of information
for data analysis and processing, especially in the surface water
research. Satellite sensors with different spatial and temporal
resolution have been successfully applied to analyze and monitor
water bodies. Landsat satellites have been the most widely used
optical sensors for surface water monitoring among various
satellite sensors due to its noticeable data availability and short
revisit interval (Cohen et al., 2004; VVan Dijk et al., 2010).

Many methods have been proposed to extract water bodies,
which can be categorized into five basic categories: (a) spectral
unmixing (De Asis et al. 2008; Rogers et al. 2004; Sethre et al.,
2005); (b) single-band thresholding (Jain et al. 2005; Klein et al.
2014), which applies an optimized threshold to extract water
from a single spectral band information and is frequently affected
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by heterogeneous false signals (Verpoorter et al., 2012); (c)
supervised or unsupervised classification (Lu et al., 2007; Otukei
et al., 2010; Sun et al., 2014; Tulbure et al., 2013), which are the
commonly used algorithms in remote sensing, such as the support
vector machine (SVM) and the K-Means algorithm. The former
heavily relies on a priori expertise to choose suitable training
samples, while the latter is easily affected by environment noise;
(d) water indexes (WIs) (McFeeters et al., 1996; Feyisa et al.,
2014; Xu, 2006), in which band math of two or more bands are
used to enhance the discrepancy between water bodies and land
surface features; (e) combinations of various methods (Jiang et
al., 2012; Sheng et al., 2008; Sun et al., 2012; Verpoorter et al.,
2012; Yang et al., 2015), such as the modified fuzzy clustering
method based on WIs (WIMFCM).

Among the above methods, WIs are the most popular approach
for water extraction (Fisher et al., 2013). They are designed to
highlight the water pixels through enhancing the separability
between water bodies and nonwater while suppressing
environmental noise. Commonly effective and widely used WIs
were listed in Table 1, based on the Landsat8 OLI imagery.

The Normalized Difference Water Index (NDWI) proposed by
McFeeters (1996) is one of the most used WIis (McFeeters et al.,
1996). However, Xu (2006) found that it is difficult to
discriminate built-up land from water pixels when using the
NWDI. In order to overcome the deficiency, he formulated the
modified normalized-difference water index (MNDWI) that
improves the separability of water and urbanized area (Xu ,2006).
The aforementioned WIs are usually inefficient in areas that
include shadow and dark surfaces. Based on this issue, Feyisa
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Index Formula Reference
NDWI (Poreen — Pnir)/(Preen + Pnir) McFeeters 1996
MNDWI (Poreen — Pswir1)/(Pereen + Pswir1) Xu 2005
AWElTsn 4 X (Pgreen — Pswiry) — (0.25 X pyir + 2.75 X pswirz) Feyisa et al.2014
AWElI;, Peiue T 2.5 X pereen — 1.5 X (Pnir + Pswirt) — 0.25 X pswir2 Feyisa et al.2014

Tablel. Common water indices used for the extraction of water features (p: the reflectance value of spectral bands)

(2014) formulates a new method, called Automated water
extraction index (AWEI) (Feyisa et al., 2014).

Despite their excellent performance with respect to specific noise,
WIs still remain many problems to be solved. For instance, when
using WIls, water pixels with variable chemical and physical
components may show a lower value than pure water pixels. The
reason is that they only use partial spectral information to
discriminate water bodies from other surfaces. In addition, the
performance of WIs should be comprehensively tested prior to
application which is rarely mentioned in the previous literature
as far as we know (Campos et al., 2012). Secondly, WIs are
generally intended for prescriptive conditions as mention above.
Their performance therefore suffers from insufficiency in snow-
covered areas where land surface pixels with snow can also show
a high value. The main reason is that they have not taken the
background information into consideration (Ji et al., 2015).

SVM can use all of the bands information to extract water bodies,
but it relies on a priori expertise and discards the spatial
correlation, which may be sensitive to noise in different
environment. Conditional random field (CRF) has the intrinsic
ability to incorporate contextual information in both the labels
and the observed data. Meanwhile, the arbitrary function of
observed features can be incorporated into their training process
(Caoetal., 2016). Focuses on improving accuracy and robustness,
reducing useless spectrum information, we develop a systematic
water extraction method named SVM-WI guided stochastic
fully-connected CRF (SVM-WIGSFCRF) method.

2. METHODOLOGY

In this section, the overall workflow is divided into five main
parts (Figure 1): (1) data collection; (2) image pre-processing,
including radiometric calibration, atmospheric correction and
image cropping; (3) water extraction by the related methods; (4)
SFCRC segmentation, using the preliminary probabilistic graph
of SVM and the generated images by WIs to get an ideal
classification result; (5) result analysis.

2.1 Study area and feature extraction

In order to test the proposed method of this study, the Landsat 8
OLI images are acquired from the United States Geological
Survey (USGS) portal (http://earthexplorer.usgs.gov/). The study
area information is shown in the Figure 2.

Radiometric calibration and atmospheric correction of the

satellite imagery are prerequisite for generating consistent and
high-quality image materials (Chander et al., 2009). WIs are used
to generate new gray images and we choose the best result of
them as the basic gray image data for the SFCRF model to
segment and infer. In addition, gray values of the WI image are
linearly normalized into [0, 1].

2.2 Stochastic fully-connected conditional random field

The conventional CRF considering local spatial information
along with spectral information has a proven capability to
classify Landsat images, therefore, CRFs have been widely used
in the remote sensing (Salmon et al., 2015; Li et al., 2015; Xu et
al., 2017). The fully-connected CRF (FCRF) addresses the
correlation effect in the global image scale is better than the
conventional CRF that considers the correlation effect in a local
area (Kr&oenbthl et al., 2011).

The stochastic FCRF (SFCRF) model is proposed to maintain the
advantage of FCRF but reduce its computational cost by using a
stochastic clique approach (Shafiee et al., 2014; Xu et al., 2015;
Xu et al.,, 2016). SVM-WIGSFCRF is a mixed model, where
probabilistic graph generated by SVM and WI are used as the
guide to extract water bodies, while the stochastic clique is used
to determine the connectivity among nodes in a fully-connected
graph.

We assume that x; and y; denote respectively the pixel value and
the class label of a site in the WIs image. N is the total number of
pixels in the image. The Landsat OLI image can be expressed as
X ={x]i=12,---,N}and Y = {y;]i = 1,2,---, N}. Thus, water
bodies extraction aims to infer Y given X by maximizing the
following conditional probability distribution:

1

PUYIX) = 7

exp{= iy 01, X) — T pec ¥p 0¥, X)} (1)

where the function Z(X) is the partition function in order to
ensure that the distribution sums to unity. The unary potential
Y., (i, X) as a posterior probability of the class labels given
the observation data, disregarding the interaction between itself
and other pixels in the image. The ¥ jyec ¥, (¥1, ¥;, X) usually
named as the pairwise potential, which means the relationship
between current observed data, its neighboring observed data and
their corresponding labels. In addition, C is defined as the set of
clique structure in the random field which determines the
connectivity among nodes in the neighborhood.
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Figure 1. Flowchart of SVM-WIGSFCRF algorithm for water extraction
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Figure 2. Study area: Donggei Cuona Lake (Path/ROW 134/35 2016/12/11)

2.3 Unary potential

where p(yi|xi) is the posterior probability of yi given xi based
The unary potential ¥; 1, (v;, X) is usually computed using @  on the library for SVM (LIBSVM). In order to test the
discriminative classifier to infer the initial probabilistic graph of  practicability of the proposed method and reduce the processing
the image (Cao et al., 2016; Salmon et al., 2015; Wang et al.,  time of SVM, a small number of samples are chosen. Water
2016). The unary potential function is formulated as below: pixels (1656) and other land surface pixels (2173) are chosen as

the train data.
Yu(yi, X) = —log(p(yilxi) )
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Figure 3. Water extraction results achieved by different methods. Traditional W1 methods are sensitive to ice/snow lead to a lower
accuracy than other methods. SVM performs better than WiIs, but is still affected by ice/snow and yields many false alarms. SVM-
WIGCRF achieve the best result and produces a clean background.

Method CE (%) OE (%) KP (%) TE (%)
NDWI 27.39 0.21 81.26 27.60
MNDWI 40.76 0.11 68.68 40.87
AWEInsh 2497 0.14 83.28 25.11
SVM 0.25 4.55 97.38 4.80
SVM-WIGSCRF 1.30 1.90 98.21 3.20
Table 2. Summary of accuracies for the proposed method over the study area
2.4 Pairwise potential
, o : - . P = 4L( e ) ®)
To incorporate the spatial information, the pairwise potential can U a?+a?

be expressed as follows:

Where L reveals the complexity of the image. The amplitude

Y (v, 55, X) = =2 u(yi,y;) - Pij (3)  values are expressed by a;=.x; and q; = J% The

probabilistic spatial closeness measurement between pixel and is

where ,u(yi,yj) is implemented according to the Potts model and defined as below:
A is atrade-off coefficient between the two potential terms. As we

method before in (1), i and j must be included in the clique C. _ (Lir—Lij)*+Lic—Li)? 9
Accordingly, the widely used pairwise clique structure is adopted Qij = exp (_ 207 ) ©)
here:
where L;, and L;; are respectively the row and column locations
c={C®} (4)  ofsite i inimage space, and o determines the spatial scale. Based
C@ ={GNDIjeN;, 1G,j) = 1} (5)  on the Potts model, u(y;, y;) in (3) can be expressed as follows:

N; usually represents the whole neighborhood of node i in the

1 vy #y;
FCCRF model, which is expressed as below: w(yoyy) = { Lo (10)

0 otherwise.

Ni={lj=1:Nj#i} (6)  In summary, the binary classification of OLI image is achieved
by using the above described unary and pairwise potentials.
Water bodies is successfully extracted from land surfaces
according to the maximum a posterior (MAP), such that

1(ijj) is a clique indicator function determining whether two
nodes can be connected, according to a stochastic measure:

1(i)) = {1 ify PjQiy=¢ ) Y* = argmax P(Y|X) (11)
T 0 othersiwse. Y
Symbol P;; and Q; denote respectively the data similarity where Y* is the best label configuration in the set Y that

likelihood and the probabilistic spatial closeness measurement. maximizes P(Y|X) . In_order to find ¥, the energy

The data similarity likelihood P;; is expressed as (Deledalle etal,, ~ function - Xty (i, X) + X pec ¥p (vyp,X) of (1)
2009): minimized by graph-cut approach (Kohli et al., 2007).
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2.5 Experiment results

For this study, the “true” water bodies are refined by means of
associated high-resolution Google Earth™ imagery. Ground
truth, and experiment results with the different methods are
shown in Figure 3. The results regarding the numerical evaluation
were reported in Table 2. We choose the 0 as the threshold value
of WIls. We can find that WIs may have a higher error than other
methods, when they choose the O-theoretical threshold. Therefore,
we must change threshold value varying with the environment.
SVM and SVM-WIGCRF can be adapted in a complicated
environment and the latter have the better accuracy. As we can
see from the Table2, SVM-WIGCRF obtains the best result in
three indices, which illustrates the effectiveness and stability of
the proposed model.

3. CONCLUSIONS

In this paper, we presented a SVM-WIGSFCRF algorithm for the
purpose of water extraction. The proposed method comparing the
traditional methods is more capable of modelling large-scale
spatial correlation effect by the use of stochastic clique approach,
and thereby is more tailored to the changeable water environment.
The experiments conducted on the large-scale image demonstrate
that SVM-WIGSFCREF can better delineate water bodies, without
being significantly affected by background and target
heterogeneities. Further experiments in different regions and
seasons are still necessary to enhance the robustness of the
method given the high diversity of water bodies globally.
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