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ABSTRACT
This paper mainly researches the application method of red edge band in water body remote sensing extraction. Gaofen-6 (GF-6) WFV data were
chosen for the high spatial resolution, more bands, and wide width. Two new methods were proposed: the single-band threshold method
based on the red edge 2 band and the decision tree model method based on the combined operation of the green band, red band, near infrared
band, red edge 1 band, and red edge 2 band. Four traditional methods were used for comparing the extraction accuracy. Two study areas with
different characteristics were chosen to analyze the reliability of the proposed method, one mountainous and one urban region, both located in
Minqin, Gansu, China, which is a typical arid area. The results showed that the two red edge bands of the GF-6 WFV data can be utilized to
extract water body information. Kappa coefﬁcients extracted from the single-band threshold method based on the red edge 2 band in
water bodies in mountainous and urban areas reached 96.18% and 93.21%, respectively. The decision tree method has the best extraction
effect. Kappa coefﬁcients of this method in mountain and urban water bodies were 97.73% and 94.41%, respectively.
Key words: decision tree, GF-6 WFV data, red edge band, surface water body extraction
HIGHLIGHTS

•
•

The red edge band of Chinese Gaofen-6 WFV date was found to be applicable to the extraction of surface water.
A decision tree model based on the joint operation of ﬁve bands was established, which can effectively extract surface water.

ABBREVIATIONS
AWEI
CIWI
EWI
FAI
GF-6
ISODATA
KNN
K-means
MAWEI
MOWI
NDWI
NWI
PMS
PCA
SWI
SVM
WFV

Automatic Water Extraction Index
Combined Index of NVDI and NIR for Water Identiﬁcation
Enhanced Water Index
Floating Algae Index
GaoFen-6 satellite
Iterative Selforganizing Data Analysis Techniques algorithm
K-nearest neighbor
K-means clustering algorithm
Modiﬁed Automatic Water Extraction Index
Modiﬁed Optimization Water Index
Normalized Difference Water Index
New Water Body Index
Panchromatic/Multi-spectral cameras
Principal component analysis
Shadow Water Index
Support vector machine
Wide ﬁeld view cameras
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1. INTRODUCTION
As a very precious natural resource, surface water occupies a very important position in the ecological environment, directly
affecting human production and life (Gong et al. 2018), especially the development of agriculture (Pierpaolo 2018). In arid
and semi-arid areas where agriculture competes keenly with ecosystem for water, integrated management of both surface
water and groundwater resources at basin scale is crucial (Wu et al. 2016). Therefore, accurately obtaining surface water information is very meaningful research. Remote sensing technology has the advantages of fast imaging, wide range, and short
observation period. It can provide signiﬁcant technical support for long-term, rapid and objective acquisition of surface
water information. Extracting surface water information through remote sensing technology is currently one of the principal
contents of remote sensing application research (Zhao et al. 2017).
Studies have shown that non-water features (such as terrain shadows, vegetation shadows, etc.) on remote sensing images
affect the accuracy of water body extraction (Kasvi et al. 2019; Yue et al. 2020). In order to effectively extract real water
bodies, researchers have proceeded to do a great deal of research and explore some methods (Bijeesh & Narasimhamurthy
2020). According to the characteristics of the extraction methods, these methods can fall into three types.
The ﬁrst type of remote sensing extraction method is built on the spectral characteristics of water. This type of method
mainly uses a single band or multiple bands in remote sensing images to construct models, which extracts water bodies by
suppressing remote sensing information of non-water body features such as vegetation, buildings, and soil. Such methods
include single-band threshold method (Liu et al. 2019), spectral relationship method (Zhang 2008), and so on. Water body
indexes based on spectral characteristics have also been proposed and applied to water body extraction research, such as:
Floating Algae Index (FAI) (Xu et al. 2015), Normalized Difference Water Index (NDWI) (Yang et al. 2017; Acharya
et al. 2018), Modiﬁed Normalized Difference Water Index (MNDWI) (Sarp & Ozcelik 2016), Enhanced Water Index
(EWI) ( Jason & Du 2017), New Water Body Index (NWI) (Ding 2009), Shadow Water Index (SWI) (Wang et al. 2017), Automatic Water Extraction Index (AWEI) (Feyisa et al. 2014), Modiﬁed Automatic Water Extraction Index (MAWEI) (Nie et al.
2019), and Combined Index of NDVI and NIR for Water Body Identiﬁcation (CIWI) (Li et al. 2015). Although these methods
have shown good extraction capabilities in numerous studies, some researchers have pointed out the problem of fragmentation and discontinuity in the results extracted by these methods (Zhou et al. 2012).
The second type of method is the pixel-based classiﬁcation method. This type of method mainly includes unsupervised
classiﬁcation and supervised classiﬁcation (Kaplan & Avdan 2017). Unsupervised classiﬁcation is a means of image classiﬁcation without prior classiﬁcation criteria. The main algorithms are Iterative Self Organizing Data Analysis Techniques
Algorithm (ISODATA) and K-means clustering algorithm (K-Means). Supervised classiﬁcation algorithms are tantamount
to selecting a certain number of samples as training samples based on visual judgment and on-site investigation, and then
use the decision function to classify the data in the image. The core algorithms include minimum distance method, parallelepiped method, characteristic window curve method, maximum likelihood method, etc. (Liang et al. 2018).
The third type of method is the object-oriented classiﬁcation method. This type of method is to segment the image into objects
composed of several homogeneous pixels, and these objects will be used as processing units. These processing units include not
only the spectral information of the feature, but also comprehensively contain the spatial structure information, texture information, and so on (Tong et al. 2017). Although the object-oriented classiﬁcation methods were proposed earlier and there are
many related research papers (Kettig & Landgrebe 1976; Câmara et al. 1996), they have not served in water body extraction
until recent years (He et al. 2016; Huang et al. 2016). K-nearest neighbor (KNN) pixel method (Wang et al. 2019), support
vector machine (SVM) method (Zhang et al. 2019), and principal component analysis (PCA) (Duan et al. 2015) are the primary
commonly used algorithms of this type of method. Regardless of the fact that the object-oriented classiﬁcation method has been
a hot topic in water research in recent years, Blaschke (2010) pointed out that the spatial resolution of satellite images was an
important limiting factor for object-oriented classiﬁcation techniques. This type of method had limited effect on water body
extraction from remote sensing images of medium and low spatial resolution.
In addition to the above types of methods, researchers have also attempted to introduce machine learning technology to
extract water bodies. Based on the OSTU algorithm, Zhao (2016) used a new water body index to complete the extraction
of four main types of water body information about oceans, rivers, lakes, and reservoirs. Yu et al. (2017) used convolutional
neural networks and logistic regression to extract water bodies. Chen et al. (2019) used convolutional neural network and
Deeplabv3 semantic segmentation neural network to extract water bodies, respectively. The results of these studies
showed that the deep learning method could effectively remove the inﬂuence of shadows and buildings.
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With the optimization of algorithms, water body extraction methods are developing continuously. In order to achieve
higher accuracy, improving the spatial resolution of remote sensing data and enriching image information are important
ways to extract water bodies effectively. Data from satellites such as Landsat8 OLI (Hao & Wan 2019), Landsat-7 ETMþ
(Xi et al. 2009), Sentinel (Huang et al. 2018), GF-1 (Deng et al. 2017), GF-2 (Wang et al. 2018), have been widely used by
researchers in the extraction of water bodies. Among these satellite data, some data have low spectral spatial resolution
and time resolution, some data have high spatial resolution but low time resolution, and some data have low spectral resolution. As a newly launched satellite in recent years, WFV data collected and produced by Gaofen-6 satellite (GF-6) have
several advantages. Compared with the satellite data mentioned above, WFV data can realize continuous dynamic observation, with high spatial resolution (up to 16 m) and high repeated coverage (every 2 days). GF-6 WFV data contain eight
bands, which are rich in band information, which provides the possibility to explore new water body methods. In addition,
the width of WFV data reaches 800 km, which can realize information extraction in a larger scale. Of course, like many multispectral remote sensing data, these data are easily disturbed by the natural environment. At present, there is little research
literature about data modiﬁcation by the application. A few studies are mainly used in the extraction of vegetation coverage
(Deng et al. 2021), coastal sounding mapping (Sun et al. 2021), rice mapping, and growth monitoring (Jiang et al. 2021), etc.
In this paper, ﬁrst, the reﬂectivity of different ground objects to eight bands of GF-6WFV were extracted respectively.
Through analysis, it is found that the reﬂectivity of the water body to the red edge band was signiﬁcantly different from
that of other ground objects to red edge band. Secondly, by calculating the reﬂectivity of different bands, it is found that different bands’ operational results can produce different extraction results, and a decision tree model is constructed on the basis of
constant debugging. Finally, the extraction results of our method were compared with those of traditional methods. In order
to analyze the reliability of the proposed method, rivers and reservoirs in mountainous areas and scenic lakes in urban areas
were both taken as research objects.

2. RESEARCH AREA AND DATA SOURCE
2.1. Study area
The study area (38°190 47″–38°440 50″N, 102°480 15″–103°190 1″E) is situated in Minqin County, Wuwei City, Gansu Province,
China, with an area of about 2,100 km2 (Figure 1). It is adjacent to the Tengger Desert in the east and the Badain Jaran Desert
in the west, which belongs to a typical arid desert climate. The geographic types are mountains, plains and sand dunes, with
an altitude of 1,400–2,100 m. Before the comprehensive management of the Shiyang River Basin, the total surface water in
the area was less than 100 million m3, which seriously affected people’s lives and agricultural production. The geographical
location of the study area is presented in Figure 1. There were two main surface water bodies with different characteristic in
the study area. The ﬁrst area was located near Hongya Mountain (Figure 1(d)). The water bodies in this area mainly include
Shiyang River and Asia’s largest desert reservoir – Hongya Mountain Reservoir. The typical ground features in this area were
vegetation, farmland, highways, mountains, etc. River mudﬂats, mountain shadows, and vegetation shadows may affect the
water body extraction effect. The second area was situated in Minqin County (Figure 1(c)). The main water bodies in this
area included Qingquan Lake and the viewing lake in People’s Park. The typical ground features were roads, buildings, farmland, etc. Buildings and building shadows may affect the water body extraction results.
In order to visually identify the water body more conveniently, the false color image of the remote sensing image can be
obtained by combining B2, B3, and B4 in the GF-6 WFV image, as shown in Figure 2. On false color images, most water
bodies appeared in a dark tone. According to the location and characteristics of the water body, the water bodies in the mountainous areas were marked and made up of four areas (Figure 2(a)). The water body of No. 1 area was Shiyang River, and the
water body contains a great deal of sediment, which was light green on the false color image. The water body of No. 2 area
was the tidal ﬂat of Shiyang River, with trees interspersed with many shadows, and appears dusky black on the false color
image. The water body of No. 3 area was Hongyashan Reservoir. The reservoir was deeper and the water quality was relatively clear. The false color image appeared dark blue. The water body in No. 4 area was a canal that ﬂowed out of the
Hongyashan Reservoir. The water depth was relatively shallow. Many trees grew on both sides of the canal. The false
color image was also somber black. The water bodies in the urban area were mainly Qingquan Lake and the artiﬁcial
lake in the People’s Park, and their locations were marked as shown in Figure 2(b). The water body of No. 5 area was an
artiﬁcial lake in the People’s Park of Minqin County, and the water body of No. 6 area was the Qingquan Lake.
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Figure 1 | The location of the study area. The red rectangle in the upper left ﬁgure (a) was the geographic location of the study area. The
image on the lower left (b) was the true color image of GF-6 satellite image after preprocessing. The image on the lower right (d) was the ﬁrst
area. The image on the upper right ﬁgure (c) was the second area. Please refer to the online version of this paper to see this ﬁgure in colour:
http://dx.doi.10.2166/nh.2021.050.

2.2. GF-6 WFV data
The Chinese GF-6 satellite was ofﬁcially called into use on March 21, 2019. The satellite is equipped with a 2 meter panchromatic/8 meter multi-spectral high-resolution camera (PMS) and a 16 meter multi-spectral medium-resolution WFV camera.
The observation width of PMS is 90 km, and that of WFV is 800 km. The revisit period is 2 days. The GF-6 WFV sensor covers
eight frequency bands: blue, green, red, near infrared, red edge 1, red edge 2, purple, and yellow. The technical speciﬁcation
for GF-6 WFV data is presented in Table 1.
GF-6 WFV data used throughout this study came from the Land Survey Satellite Data Service Platform of the China
Resources Satellite Application Center. The satellite image was acquired on September 29, 2019, and the weather in the
study area was sunny and cloudless. Affected by atmospheric conditions, topography, and other factors, remote sensing
images may cause image distortion due to assembly deformation, noise interference, and other reasons. Before conducting
research on water body extraction, preprocessing such as radiation calibration, atmospheric correction, geometric correction,
and image cropping must be done to reduce the adverse effects caused by factors such as the atmosphere, light, and terrain.
Figure 1(b) is the true color image of GF-6 satellite image after preprocessing.
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Figure 2 | False color display images of two water bodies. The image on the left (a) was false color images of the water bodies in mountainous areas. The image on the right (b) was false color images of the water bodies in urban areas.

Table 1 | Technical speciﬁcation of GF-6 WFV data used in this study
Band

Channel

Central wavelength (nm)

Band width (nm)

Band 1 (B1)

Blue

485

70

Band 2 (B2)

Green

555

70

Band 3 (B3)

Red

660

60

Band 4 (B4)

Near infrared

830

120

Band 5 (B5)

Red edge 1

710

40

Band 6 (B6)

Red edge 2

750

40

Band 7 (B7)

Purple

425

50

Band 8 (B8)

Yellow

610

40

3. METHODOLOGY
GF-6 WFV data had not been applied to the study of remote sensing extraction of surface water body. Before studying the
extraction method of water body, it was necessary in order to analyze the waveband emission characteristics of typical features in the study area. On the basis of ﬁeld investigation and veriﬁcation, the spectral features of typical feature pixels such as
vegetation, lakes, rivers, farmland, roads, buildings, and shadows in the two areas of the study area were extracted. In mountainous areas, the reﬂectivity of pixels, mainly including vegetation, reservoir water, river water, farmland, roads, buildings,
and mountain shadows were statistically analyzed. The results are presented in Figure 3. In urban areas, statistical analysis
was mainly performed on the reﬂectance of the pixels of vegetation, lakes, farmland, buildings, and architectural shadows, as
shown in Figure 4.
In Figure 3, compared with other ground features, the water body exhibited strong absorption and weak reﬂection characteristics for all wavebands, and the reﬂectivity decreased as the wavelength increases. However, the reﬂectivity of each
waveband of the water body pixels in the Shiyang River was greater than that of the water body pixels in the Hongyashan
Reservoir. The reason was that the high sediment content and turbid water quality in the Shiyang River enhanced the reﬂection of the wavebands. In all wavebands, the reﬂection differences between water bodies and non-water bodies in the two
wavebands of B4 (red band) and B6 (red edge 2 band) were very signiﬁcant. For the water body pixel of the reservoir, the
reﬂectivity of the two bands B4 and B6 were signiﬁcantly lower than that of other ground feature pixels. By setting reasonable
thresholds in the two bands, the water body of the reservoir could be totally extracted. For the river water pixels, the reﬂectivity of the two bands B4 and B6 were also lower than that of other ground object pixels except the shadow pixels, but it was
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Figure 3 | Spectral curves of typical features in mountainous areas.

Figure 4 | Spectral curve of typical features in urban areas.

similar to the reﬂectivity of the shadow pixels. Therefore, when these two bands were utilized to extract pure river water
pixels, the interference of shadow pixels may be greater.
In Figure 4, the reﬂectivity change trend of the water body pixel and non-water body pixel for the two wavebands B4 and B6
was basically similar to that in Figure 3. Different from the water pixels of the reservoir, the reﬂectivity of water pixels in the
urban lake was very close to that of the building shadow pixels. When using the single-band threshold method, in order to
extract more real water bodies pixels, the erroneous mention of shadow pixels was inevitable.
According to the above extraction results of spectral curves of separate ground objects, it can be found that the reﬂectivity
differences of distinct bands of GF-6 WFV data to ground objects were very obvious. Abundant band information provides the
possibility to explore extraction methods based on new bands, and is also beneﬁcial to explore the application prospect of
classiﬁcation algorithms based on machine learning.
To validate the accuracy of the method proposed, other common methods such as single-band threshold method based on
near infrared band, water index method based on NDWI, unsupervised classiﬁcation method, and supervised classiﬁcation
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method based on SVM were mainly used to calibrate innovative methods. The research technical route of this paper is shown
in Figure 5. The related methods and mechanisms is discussed in the following text.
3.1. Water body extraction based on single-band threshold method
The single-band threshold method is a classiﬁcation method based on the reﬂection characteristics of a certain band of distinctive features in remote sensing images. The B4 band has served in numerous studies of water bodies extraction (Mondejar
& Tongco 2019). But from the above analysis, it can be seen that the B6 band also could be tried to be used in water body
extraction. In this study, both B4 and B6 bands were selected for the single-band threshold method. The single-band threshold
method was expressed as:
B , T:

(1)

In Formula (1), B is the gray value of B4 or B6 band in remote sensing image. T is the gray threshold to be set.
3.2. Water body extraction based on NDWI
NDWI is a water index constructed using the green band and near infrared band. This index was considered to be able to
effectively suppress vegetation and soil information, and it has also been used in surface water body extraction in many
studies (Ali et al. 2019; Yue et al. 2020). The formula of NDWI was expressed as (Mondejar & Tongco 2019):
NDWI ¼ (B2  B4)=(B2 þ B4)

(2)

In Formula (2), B2 is the gray value of the green light band; B4 is the gray value of the near infrared band.
The threshold of NDWI was essential for extracting water bodies. In this study, referring to the research conclusion of
McFeeters (1996), 0 was used as the classiﬁcation threshold. That was, pixels with NDWI values greater than 0 were considered to be water bodies, and pixels with NDWI values less than 0 were classiﬁed as non-water bodies.
3.3. Water body extraction based on decision tree of multi-band combined operation
Many scholars had noted that ground features such as shadows and buildings seriously interfere with the extraction of water
bodies (Bijeesh & Narasimha 2019; Li et al. 2019; Li et al. 2020). In further analysis of the spectral reﬂection characteristics
of the ground object pixels, the gray level results between the B2, B3, B4, and B5 bands had deﬁnite correlation with the
ground object pixels. By subtracting the gray values of the B2 and B4 bands, the difference of most water pixels was greater

Figure 5 | Technical route of surface water body extraction based on various methods.
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than 0, and the difference of other non-water feature pixels was mostly less than 0. The difference of a few road pixels was
greater than 0, and the difference of most shadow pixels was less than 110. By subtracting the gray values of the B5 and B3
bands, the difference between most water pixels and shadow pixels was less than 50, and the difference between extra feature
pixels was mostly greater than 0. Combined with the debugging results in the single-band threshold method, when the gray
value of the B6 band was less than 1,100, the removal of non-aqueous features such as buildings and roads could be achieved.
Therefore, the non-water pixels could be removed step by step by making effective use of the reﬂection characteristics of
different bands for the combined operation. In the study, a decision tree model was constructed built on the above-mentioned
discovered rules, which removed the interference of shadows and vegetation pixels, then removed the interference of road
pixels and building pixels, and ﬁnally leaves the surface water pixels. The decision tree model is presented in Figure 6.
3.4. Water body based on supervised classiﬁcation and unsupervised classiﬁcation
In the study, both unsupervised classiﬁcation and supervised classiﬁcation were used for water body extraction in two areas.
The two main algorithms ISODATA and K-means were both used for unsupervised separation. Unsupervised classiﬁcation
was based on the pixel characteristics of satellite images. The number of classiﬁcation types had a deﬁnite impact on the
classiﬁcation results. In the study, 15 types of features were set for unsupervised classiﬁcation. After the classiﬁcation results
were obtained, through the visual interpretation, the pixels in the classiﬁed image were sorted into two categories: water and
non-water.
When using supervised classiﬁcation, it was necessary to select appropriate training samples. The types of ground features
in the study area were complex. If the training sample type was not properly selected, some features with complex pixel features may be ignored, which would affect the extraction effect. The strategy included in this study was to simplify the sample
types. In mountainous areas, the water bodies of reservoirs, rivers, canals, and ﬂoodplains were regarded as one type of
sample type, and vegetation, buildings, farmland, roads, shadows, and other features were collectively classiﬁed as another
type of sample type. In urban areas, the water bodies of Qingquan Lake and artiﬁcial lakes were considered as one type
of sample type, and buildings, roads, vegetation, shadows, and other features were collectively classiﬁed as another type of
sample type. When sampling, for water bodies, there must be typical pixels selected as samples in the six regions in Figure 2.

Figure 6 | Decision tree model based on multi-band combined operation.
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For non-aqueous bodies, the sample sampling volume should be increased, and the various non-aqueous features on the
image should be covered as much as possible. Among several algorithms for supervised classiﬁcation, the support vector
machine (SVM) algorithm is essentially a binary classiﬁcation algorithm that fundamentally works to separate data points
into two classes, and it is more suitable for solving the problems such as few samples, nonlinearity, and local minima
(Zhang et al. 2019). Thus, the SVM algorithm was selected as the supervised classiﬁcation method in this study.
3.5. Accuracy evaluation
In the study, the real water boundary in most areas was established by ﬁeld survey. By plotting the measured water boundary
on the remote sensing image, the actual water pixel can be interpreted intuitively on the satellite image. Because the spatial
resolution of GF-6 WFV data is 16 meters, some pixels will contain many different types of ground objects such as water, land,
and vegetation. For these pixels, in visual interpretation, if the area of non-water features in the pixel exceeds 1/2, the pixel is
regarded as non-water. In the study, some areas were not in a position for the boundary of a water body to be measured. In
these few areas, the real water pixels are determined in GF-6 WFV images by comparing with the visually interpreted water
pixels in GF-2 PMS images with higher spatial resolution obtained in the same period. The total number of pixels in the
mountain image was 548,340, and the total number of real water body pixels was 89,271. The total number of pixels in
the urban image was 96,408, and the total number of real water pixels was 878.
At present, there is no uniform standard for the comparison of water body extraction accuracy. Some studies have pointed
out that the construction of confusion matrix to calculate the overall classiﬁcation accuracy, Kappa coefﬁcient, overall accuracy, misclassiﬁcation error, missing error, and so on are often used by remote sensing processing software (Wang & Qin
2018), which are also used to compare the accuracy of water extraction methods (Du et al. 2014; Sekertekin 2021).
Kappa coefﬁcient was utilized to test the consistency of the classiﬁcation effect. The calculation of Kappa coefﬁcient is
based on a confusion matrix. In the study, the water body extraction results obtained by different methods and the classiﬁcation results of visual interpretation were utilized to construct the confusion matrix and calculate the corresponding
Kappa coefﬁcient. In order to better analyze the differences between the extraction methods, the overall accuracy, the omission error, and the misclassiﬁcation error of each extraction result were also calculated. Overall accuracy is the percentage of
all correctly identiﬁed pixels in remote sensing images. Omission error is the probability that a real water body pixel is incorrectly classiﬁed into other categories, and the misclassiﬁcation error is the probability that a non-water body pixel is
incorrectly classiﬁed as a water body. The extraction of water body in the study was a two-class problem, so only a twoorder confusion matrix was required to be constructed. Kappa calculation formula is as follows:
kappa ¼

p0  pe
1  p0

(3)

n
P

aii
p0 ¼ i¼1
N
n
P

pe ¼

j¼1

a1j 

(4)
n
P
i¼1

ai1 þ

n
P
j¼1

a2j 

n
P

!
a21

i¼1

NN

(5)

In the above formula, N is the total number of pixels in the study area. The n is the order of the confusion matrix, and the
value in the study is 2; aij is the constituent element of the confusion matrix.

4. RESULTS AND DISCUSSION
4.1. Extraction of water bodies in mountainous areas
Extraction results of water bodies in mountainous areas based on different methods are illustrated in Figure 7, where the
water body pixels are marked in blue. Figure 7(a) is the real water body result of visual interpretation. Figure 7(b) and 7(c)
are the water body extraction results based on the single-band threshold method of B4 and B6, respectively. The water
body extraction results of the two bands were relatively similar, but the extraction of water pixels based on the B6 band
was greater than the extraction results based on the B4 band. The Shiyang River in No. 1 area was a continuous river, but
the pixels in the extraction results were broken, and only some real water pixels were extracted. Extraction results of the
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Figure 7 | Extraction results of water bodies in mountainous areas based on different methods. Please refer to the online version of this
paper to see this ﬁgure in colour: http://dx.doi.10.2166/nh.2021.050.

single-band threshold method based on the B6 band were slightly better than those based on the B4 band. The water bodies of
No. 2 and No. 3 areas had been over-extracted, and a large number of non-water body pixels were incorrectly classiﬁed as
water bodies. The feature types of the pixels extracted by mistake were mainly vegetation and shadows on the ﬂoodplain
in No. 2 area and aquatic plants in No. 3 area. The spectral information of pixels in these places was complicated, especially
the presence of shadows seriously interferes with the extraction results. Finally, the threshold method based on the B4 band
had a limited effect on the extraction of the small water channel in the upper right corner of the water body in No. 4 area, and
the threshold method based on the B6 band had a better effect. Figure 7(d) is the extraction result obtained by the decision
tree method based on multi-band combination operation. Compared with the results in Figure 7(b) and 7(c), the water body
pixels of Shiyang River extracted from No. 1 area in Figure 7(d) were almost the same as the results in Figure 7(c). The water
pixels extracted in area No. 2 were signiﬁcantly less than the results in Figure 7(b) and 7(d). By comparing with real water
body pixels visually interpreted in Figure 7(a), this method was more effectively avoiding the interference of vegetation
and shadows in the ﬂoodplain. However, when extracting small water bodies in No. 4 area, the extraction effect of this
method was not as good as the single-band threshold method. Figure 7(e) shows the extracted results based on the NDWI.
Only the water body extraction result in No. 3 area was closer to the result of visual interpretation, and many real water
body pixels in the other three areas were omitted. At the same time, many pixels of buildings and roads in the extraction
results were incorrectly classiﬁed as water bodies. Figure 7(f) is the extraction result of unsupervised classiﬁcation based
on K-means algorithm, and Figure 7(g) is the extraction result of unsupervised classiﬁcation based on ISODATA algorithm.
Regardless of whether the ISODATA or K-means algorithm was used, the water pixels of the Shiyang River in the No. 1 area
had not been effectively extracted. Based on these two algorithms, the water body extraction results in the other three regions
were very similar. The reason why the Shiyang River in No. 1 area was not effectively extracted may be that the sediment
content in the river water was higher, causing the pixels to be more akin to the soil. From the extracted results, it can be concluded that the unsupervised classiﬁcation method was not applicable to areas where the spectral information of pixels was
signiﬁcantly altered due to the difference in water quality.
Figure 7(h) is the extraction result of the supervised classiﬁcation method based on the SVM algorithm. This method was
quite effective for the extraction of real water pixels in all four areas. Especially, the water body extraction results in No. 1 and
No. 4 areas were closer to the results of visual interpretation. However, it is worth noting that this method incorrectly classiﬁes many non-water pixels in the four areas as water pixels. The reason for this situation may be that the water quality and
pixel characteristics in the four areas were changed, and there may be deviations in the selection of training samples in the
study. This exposed the problems of supervised classiﬁcation in water body extraction: classiﬁcation required extraordinary
purity of training samples, and training samples should be typical and representative. When choosing this method, a priori
knowledge of the research ﬁeld was required, so it was difﬁcult to achieve automatic extraction of water bodies.
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4.2. Extraction of water bodies in urban areas
Extraction results of water bodies in urban areas based on different methods are shown in Figure 7, where the water body
pixels are also marked in blue. Figure 7(a) is the real water body result of visual interpretation.
There were fewer types of ground features in urban areas than in mountainous areas, and there were fewer interference
factors in the extraction process. The types of municipal water bodies were single, and the spectral curves of the water
body pixels in areas of No. 5 and No. 6 were almost the same. The water quality of the two water bodies in the No. 5
area and the No. 6 area were both very good, and the boundaries of the water bodies were clearer.
In Figure 8, the water body extraction result obtained by the decision tree method based on multi-band combined operation
(Figure 8(d)) was better than other methods. This method effectively extracted real water pixels, and avoided erroneous
extraction of non-water pixels. In the extraction results of the supervised classiﬁcation method based on SVM algorithm,
although there were not many pixels extracted by mistake, the pixels of real water bodies were obviously omitted.
Among the results obtained by other methods, compared with the results of visual interpretation, the single-band threshold
method (Figure 8(b) and 8(c)) and the unsupervised classiﬁcation method (Figure 8(f) and 8(g)) had similar effects in extracting real water pixels. However, in these four results, there are more non-water pixels extracted by mistake than in Figure 8(d),
especially, the large number of shadow pixels of buildings in Figure 8(f) and 8(g) were incorrectly classiﬁed as water bodies. In
the extraction results based on the NDWI, many real water pixels in areas of No. 5 and No. 6 were omitted, and a large
number of non-water pixels were also incorrectly extracted. The difference from the aforementioned four consequences
was that the mis-mentioned pixel types in Figure 8(e) were mainly buildings and a small amount of building shadows. At
this time, the NDWI index method could better remove the interference of the building shadow, but it could not avoid the
inﬂuence of the building itself.
4.3. Accuracy analysis of different methods
Water body extraction results obtained based on different methods were compared and analyzed with the real water body
manually interpreted, and confusion matrices were constructed respectively. Kappa coefﬁcient, overall accuracy, misclassiﬁcation error, and omission error could be calculated separately. The results are shown in Tables 2 and 3.
Table 2 shows the accuracy results of different methods for water body extraction in mountainous areas. The Kappa coefﬁcient of the decision tree method based on multi-band combination was the highest, reaching 97.73%, and the Kappa
coefﬁcient of the supervised classiﬁcation method based on SVM was the lowest, being 94.47%. Omission error values
and misclassiﬁcation error values of the decision tree based on multi-band combination operation were relatively low.
Both were 1.89%. This method not only realized the effective extraction of water body pixels but also effectively avoided
the wrong extraction of non-water body pixels. Although the omission error of water body extraction based on SVM was

Figure 8 | Extraction results of water bodies in urban areas based on different methods.
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Table 2 | The accuracy of different methods for water body extraction in mountainous areas
Serial

Kappa

Overall accuracy

Misclassiﬁcation error

Omission error

number

Method

(%)

(%)

(%)

(%)

1

Single-band threshold method based on B4 band

96.35

98.99

4.49

1.55

2

Single-band threshold method based on B6 band

96.18

98.95

5.01

1.26

3

Water index method based on NDWI

96.8

99.12

2.6

2.75

4

Unsupervised classiﬁcation method based on ISODATA
algorithm

96.61

99.07

2.88

2.79

5

Unsupervised classiﬁcation method based on K-means
algorithm

96.16

98.94

4.22

2.15

6

Supervised classiﬁcation based on SVM

94.97

98.59

7.3

0.8

7

Decision tree model method based on multi-band
combined operation

97.73

99.38

1.89

1.89

Table 3 | The accuracy of different methods for water body extraction in urban areas
Serial

Kappa

Overall accuracy

Misclassiﬁcation error

Omission error

number

Method

(%)

(%)

(%)

(%)

1

Single-band threshold method based on B4 band

94.06

99.89

6.51

5.23

2

Single-band threshold method based on B6 band

93.21

99.87

8.99

4.32

3

Water index method based on NDWI

65.66

99.14

48.29

8.54

4

Unsupervised classiﬁcation method based on ISODATA
algorithm

84.24

99.66

26.25

1.36

5

Unsupervised classiﬁcation method based on K-means
algorithm

76.79

99.46

37.1

0.56

6

Supervised classiﬁcation based on SVM

91.63

99.85

1.31

14.35

7

Decision tree model method based on multi-band
combined operation

94.41

99.90

4.42

6.6

the smallest of all methods, the error of misclassiﬁcation was the highest. In the study, the training samples of the water pixels
were carefully selected, but due to the complex water types in the mountainous areas, the extraction results were still not
ideal.
In addition to the above two methods, Kappa coefﬁcients of the extraction results obtained by other methods were about
96%, but there were differences in the error of misclassiﬁcation and omission. The single-band threshold method based on the
B4 band and the B6 band had a relatively low missed scoring error and a higher missed scoring. The single-band threshold
method could better extract the real water pixels in the four regions, but many non-water pixels were mistakenly classiﬁed as
water pixels, which was consistent with the result in Figure 7. Both extraction results based on NDWI and the unsupervised
classiﬁcation method had high error values for misclassiﬁcation and omission. The disadvantages of the unsupervised classiﬁcation method tended to be unable to effectively extract the water in the No. 1 area. The water body index law based on
NDWI tends to extract non-water body pixels incorrectly.
Table 3 shows the accuracy results of different methods for water body extraction in urban areas. The Kappa coefﬁcient of
the decision tree method based on multi-band combination operation was the highest, reaching 94.41%, and the K-means
algorithm-based unsupervised classiﬁcation had the lowest Kappa coefﬁcient of 76.79%. Kappa coefﬁcients of the singleband threshold method extraction results based on B4 and B6 also reached 94.06% and 93.21%, respectively. The singleband threshold method had a better effect on water body extraction in urban areas, and the single-band threshold method
based on the B6 band found and proposed in this study also showed very good classiﬁcation performance. Both the unsupervised classiﬁcation method and NDWI had relatively high misclassiﬁcation errors in the extraction results, which were in
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accordance with the analysis results in Figure 8. It is worth noting that among all the methods, the omission error in the
extraction results based on SVM was very high, reaching 14.35%. The reason may be that the water pixels at the boundary
of the lake were not included in the training samples, and the pixel information of these pixels may be different from the pure
water pixels in the center of the lake.
From the above analysis results, the decision tree method based on the combined operation of B2, B3, B4, B5, and B6 in
this study has achieved very good results in surface water extraction in mountainous and urban areas.
4.4 Application value of red edge band
Improving the accuracy of remote sensing extraction of surface water is part of the core objectives of a large number of
studies. In recent years, in order to improve the accuracy, researchers have put forward many new water indexes, such as
MOWI (modiﬁed optimization water index) (Moradi et al. 2017), Terrain indices (MrVBF and HAND) (Huang et al.
2017), Sum 457 (sum of near infrared and two shortwave infrared bands) (Zeng et al. 2017), and so on. With the increasing
popularity of machine learning algorithms, a large number of related methods based on machine learning have been applied
to water remote sensing extraction, and some new classiﬁcation algorithms have emerged (Isikdogan et al. 2017; Li et al.
2017). In addition, methods based on spectral mixture analysis are becoming ever more popular, because they can estimate
the proportion of various spectra existing in pixels, which can better classify pixels (Bijeesh & Narasimhamurthy 2020). However, no matter which extraction method, it is inseparable from the spectral characteristics of remote sensing data. Therefore,
it continues to be of great signiﬁcance to explore the water extraction ability of different characteristic spectra, provided that
remote sensing data containing more spectra can be obtained. The above research of Sections 4.1–4.3 showed that the red
edge band itself has similar surface water extraction ability to the near infrared band. Whether in mountainous areas or
urban areas, the single-band threshold method based on red edge 2 bands in GF-6 WFV data was similar to the singleband extraction accuracy based on near infrared bands, both of which were above 93%. The multi-band combination decision
tree method proposed in this study was obtained through a great deal of constant debugging, and its extraction ability was the
best among the methods adopted in this study. Compared with several typical conventional remote sensing extraction
methods of surface water, the two newly discovered extraction methods using red sideband would not cause signiﬁcant differences in extraction effects due to altered water environment. In sharp contrast, the extraction effect of NDWI was more easily
affected by the environment of water. Kappa value of the index reached 96.8% in mountainous areas, but only 65.66% in
cities.
Although the red edge band showed unforgettable extraction ability in this study, it still failed to achieve complete and correct extraction of the water body. The existence of shadows will still cause interference. Therefore, water extraction methods
related to the red edge band and the water extraction methods based on GF-6 WFV data are still worth improving.

5. CONCLUSIONS
In this paper, the GF-6 WFV data were taken as the remote sensing data source, and the water bodies located in Hong Yashan
mountainous area and county town in Minqin, Gansu Province were taken as the extraction objects, and the remote sensing
extraction method was studied. The research further expands the application prospect of red edge band in the remote sensing
ﬁeld. Research results fully demonstrate that the red edge waveband extraction method we found and proposed had high utilization value in water extraction. The research drew the following conclusions.
Among the extraction methods based on different mechanisms employed in this research, the decision tree method based
on multi-band combined operation obtained the best extraction results in both regions. Kappa coefﬁcient of extraction result
of water bodies in mountainous areas was 97.73%. Both the error of omission and the error of misclassiﬁcation were 1.89%.
Kappa coefﬁcient of extraction consequence of water bodies in urban areas was 94.41%. The missing scoring error was
4.42%, and the misclassiﬁcation error was 6.6%. The decision tree model used two red edge bands in the GF-6 WFV data,
and successfully solved the problem of incorrect mention of shadows, vegetation, and buildings. It was necessary to extract
and analyze the spectral information of the ground object pixels in advance in the process of building the model, so as to set
speciﬁc thresholds for each layer. However, this decision tree model could obtain high-precision water body results in both
mountainous and urban areas. The research results fully showed that this method could serve as a new method for water body
extraction. In addition, the single-band threshold method based on the B6 band also achieved excellent water body extraction
results in both mountainous and urban areas. The single-band threshold method based on the B6 band had a Kappa coefﬁcient of 96.18% in mountain water bodies, and a Kappa coefﬁcient of 93.21% in urban water bodies.
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In order to be compared with the proposed method, four conventional methods were utilized to extract water from the
study area by remote sensing. The pixel-based classiﬁcation method used in the study had poor water extraction results.
Regardless of the fact that Kappa coefﬁcients of the two algorithms of the unsupervised classiﬁcation method in mountain
water body extraction results reached more than 96%, it was virtually impossible to achieve effective extraction of the
water body pixels of the Shiyang River. The water body extraction results of these two algorithms in urban areas were
even lower than 85%. Kappa coefﬁcients of the water body extraction results obtained by using the supervised classiﬁcation
method of the SVM algorithm in the two areas were greater than 91%, but this method relied too much on the purity of the
training samples. In areas with complex water features, the reliability of the method may become unstable. However, in the
case that water information needs to be extracted quickly and the extraction accuracy is low, the supervised classiﬁcation
method still has good application value. NDWI showed good results in mountain water extraction, but it was very bad in
urban water extraction, and the interference of buildings was very serious.
In this study, due to various reasons, it is impossible to measure more water bodies in different areas, which led to the study
area being restricted to Minqin, China. In checking to ensure the reliability of the proposed method, water bodies located in
mountainous areas and water bodies located in urban areas were selected as two independent research objects. In order to
further verify the reliability of the water body method based on the red sideband, it is necessary to study more water bodies
located in different regions in the future. At the same time, the application of the red sideband in remote sensing extraction of
water resources needs further development, such as developing a general water resources index based on red sideband.
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