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Urban Black-Odor Water Remote Sensing Mapping
Based on Shadow Removal: A Case Study in Nanjing

Taixia Wu, Mengyao Li , Shudong Wang, Yingying Yang, Shan Sang, and Dongzhen Jia

Abstract—Urban black-odor water is a serious water environ-
mental problem worldwide that seriously affects the living environ-
ment and the health of residents. The detection of black-odor water
is a primary problem of centralized governance. Remote sens-
ing is an effective means for water-quality monitoring. However,
in most urban areas, with their complex underlying conditions,
black-odor water always shows an uncertain distribution and small
area. Furthermore, because of similar spectral characteristics, it
is easily confused with dark objects such as asphalt roads, dark
roofs, bridges, river levees, and building shadows. In this article, we
propose a new black-odor water detection method, without shadow
misjudgment, for complex urban conditions. A remote sensing
image from the Chinese high-resolution satellite Gaofen-2 (GF-2)
was used for detection. Using in situ water-quality measurement
data for verification, the results showed that the proposed method
achieved an accuracy of 85.7% while reducing the false alarm rate
to 3.5%. Compared to four other existing methods, the proposed
method proved to be more practical because it can reduce the false
extraction of nonblack-odor water to the greatest extent possible
while ensuring accuracy The method proposed in this article has
a good effect on the extraction of black-odor water in Nanjing
City. Therefore, our method can be applied widely to screening
and management of large-scale urban black-odor water and can
provide reliable data for centralized treatment.

Index Terms—Complex underlay, GF-2, remote sensing, shadow,
urban black-odor water.

I. INTRODUCTION

B LACK-ODOR water (BOW) refers to water with an un-
pleasant color and/or odor [1]. Urban BOW is a product

of the process of industrialization and is caused mainly by
the discharge of pollutants [2] and noncirculation of the water
itself. In recent years, BOW has severely affected the living
environment of urban residents and presented great challenges
to the urban water ecosystem. BOW not only affects the beauty
of cities but also may pollute soil, groundwater resources, and
even sources of domestic and drinking water, which seriously
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threatens human health. Therefore, centralized control of BOW
is vitally important, and the discovery of these waters is the
first step. According to the 2015 China Environmental Bulletin,
BOW accounts for 8.8% of the more than 900 sections under
state control and monitoring in key waters across the coun-
try. The Chinese government has issued a series of policies
and documents pertaining to the investigation of BOW since
2015 [3]. Among these, the “Action Plan for Water Pollution
Prevention and Control” issued by the State Council in 2015
required urban built-up areas to complete water quality screening
by the end of 2015, begin eliminating BOW by the end of 2017,
and generally eliminate BOW by the end of 2030. Therefore, the
detection of urban BOW is extremely urgent. However, there
are still many technical difficulties in the detection of BOW.
Most urban BOWs are elongated rivers and round ponds with
a dark color and small area. Some of them are temporary but
others are perennial. These features make it difficult to achieve
accurate and large-scale detection in a short time. The traditional
detection method requires measurement of water quality, which
not only must overcome the difficulties of field measurement
but requires a lot of money, labor, and time. Therefore, a more
accurate and practical way to monitor the distribution of BOW
needs to be identified.

Remote sensing technology can be used to identify a wide
range of objects quickly [4]–[6]; thus, it is advantageous to
use it for detection of BOW. However, research in this area is
still in its infancy. Although many studies have used remote
sensing technology to analyze water quality [7]–[9] and water
quality parameters [10]–[12], few have focused on BOW. Most
of the existing studies on BOW are about the characteristics [13],
[14], causes [15], [16], biochemical mechanism [17]–[19], and
treatment of BOW [20], [21]. Only a few studies have considered
the detection and identification of BOW by remote sensing
technology. Shen et al. [22] summarized the difficult problems
and key technologies of remote sensing monitoring of BOW.
The key technologies are image pretreatment technology, water
extraction technology, BOW classification technology, and the
identification model of BOW based on a remote sensing plat-
form. Their work provides general direction for remote sensing
monitoring of BOW. Jin and Pan [23] used remote sensing to
assess BOW in the nine rivers in Beijing by extracting the river
water boundary and retrieving water-quality parameters from
Gaofen-2 (GF-2) fusion imagery. The results were almost con-
sistent with the official results. Wen et al. [24] constructed four
remote sensing recognition algorithms for BOW based on anal-
yses of measured water surface spectral data by the single-band
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threshold method, band difference method, band ratio method,
and chromaticity method. The band ratio method had the highest
accuracy. Yao et al. [25] proposed the black and odorous water
index (BOI) to detect BOW based on the band ratio method. Li
et al. [26] proposed a water cleanliness index (WCI) to reflect
the degree of cleanliness from spectral characteristics and con-
structed interpretation marks from image features, such as water
color, secondary environment, river channel siltation, and littoral
garbage stacking. They used the above two methods to identify
BOW. Shen et al. [2] divided BOW into two types, one with high
concentrations of iron sulfide and another with high concentra-
tions of total suspended matter, and then proposed a Commission
Internationale de L ’Eclairage (CIE) color purity algorithm to
distinguish these from ordinary water. They achieved good re-
sults. These studies proposed various methods for distinguishing
BOW from ordinary water and made great progress. However,
there are still many problems associated with detecting BOW.
As most large areas of open water are active water bodies that
generally self-purify, these areas do not become BOWs. BOWs
are often narrow rivers and small ponds, and detection of these
waters is limited by satellite resolution (including spatial, tem-
poral, and spectral resolutions), the accuracy of algorithms, the
complexity of the underlying conditions, and the characteristics
of the BOW [2]. However, the identification methods of BOW
proposed in the aforementioned studies have two main problems.
First, due to the differences in the formation mechanisms of
BOW, the spectral information of BOW in different regions and
seasons also differs. The identification method of BOW in the
above study is difficult to apply to all types of BOW. Therefore,
it is necessary to propose a more general identification index for
BOW. Second, it is more difficult to detect urban BOW because
the urban underlying condition is very complex. For example,
asphalt roads, roofs, dams, bridges, and particularly shadows are
easily confused with BOWs in remote sensing images. How-
ever, the aforementioned studies did not solve the problem of
confusing BOW with other background features. They only dis-
tinguished ordinary water from BOW. In practical applications,
it is necessary to obtain accurate water boundaries to accurately
extract BOW. Due to the low reflectance and narrow shape and
area of BOW, the existing water extraction methods cannot fully
meet the accuracy requirements needed to detect BOW. There-
fore, most of the above studies also needed to manually digitize
the water boundary. To solve these problems, it is necessary to
propose a BOW mapping method that can effectively suppress
background elements in the high-resolution image and is suitable
for the complex underlying areas of urban regions.

To map BOW under the condition of a complex underlying
surface, in addition to the problem of distinguishing BOW
from ordinary water, there is the more difficult problem of the
influence of complex background factors on the extraction of
BOW during the extraction of the water boundary. Of all the
complex background elements, shadows are most difficult to
distinguish from BOW. Due to their low reflectance, water, and
especially BOW are easily confused with shadows in remote
sensing images, which is a key problem for detecting BOWs.
The brightness values of shadow and BOW are very similar
in all bands of remote sensing images, and misjudgment of

shadow has the greatest influence on the recognition of BOW.
Many studies have examined shadow removal. Shadows can be
detected using many different methods, including color space
transformation [27]–[29], the construction of a shadow index via
band calculation [30]–[34], machine learning [35]–[37], and the
illumination model [38]–[40]. However, these shadow-removal
strategies have some disadvantages in practical applications. For
example, color space transformation and the shadow index can
usually remove most shadows, but many finely broken shadow
spots remain, and those remaining spots still have a great impact
on ground object recognition. Machine learning often requires
the collection of a large number of samples and the manual
setting of various complex parameters, so this method cannot
be applied in practical applications. The illumination model
requires complex solar and sensor parameters, so it too is not
easy to apply. Therefore, to carry out remote sensing mapping of
BOW more accurately, it is necessary to find a more convenient
and practical method to remove the influence of shadows on the
recognition results.

In this study, we used GF-2 high-resolution satellite imagery
to detect BOW under complex conditions. We had two major
objectives. The first was to propose a new and more general
identification index of BOW. The second was to solve the
problem of misjudgment caused by low-reflectance objects such
as shadows in remote sensing detection of BOW and realize
high-precision remote sensing detection of BOW in large areas
with complex underlying conditions.

II. STUDY AREA AND DATA

A. Study Area and Distribution of in Situ Samples

This study selected Nanjing, a representative Chinese city,
as the study area. Nanjing, within Jiangsu Province, is located
in the densely populated eastern part of China. With the rapid
development of industry, the city’s environmental problems are
becoming progressively more acute. The climate in Nanjing is
a typical north subtropical humid climate with four distinct sea-
sons. The city has abundant water resources, including 821 river
channels, 251 reservoirs, and 10 lakes. The water area accounts
for 11.4% of the total area. The abundant rivers and lakes should
provide a high-quality living environment to urban residents;
however, with the increase in urbanization, water pollution has
become a serious concern for the government, which has issued
corresponding policies to improve the water environment. We
selected a location in the central part of the city of Nanjing, where
BOWs, mostly small ponds and narrow rivers, are concentrated.
Due to the poor infrastructure, there is no unified drainage pipe,
and the sewage from surrounding residents is emptied into the
water. Over time, the water here became black and odorous.
The water quality is cloudy, the smell is bad, and some of the
water supports floating algae, seriously affecting the lives of
surrounding residents (Fig. 1). The study area contains common
scenes in Chinese cities, including natural features such as water,
woodland, farmland, and grassland, and artificial features such
as buildings, roads, and bridges. Because the study area covers
a variety of complex feature types and is a typical microcosm
of urban China, with strong representativeness, it is suitable for
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Fig. 1. (a) Location of the study area. (b) Distribution of field validation sampling points. To test the accuracy of the BOW detection model, 63 water samples
were selected. The purple points are the ordinary water samples; the red points are the BOW samples. (c) The field conditions of three typical BOWs in the study
area. The colors of the three typical BOWs are black, green, and brown, respectively.

TABLE I
CRITERIA AND METHODS FOR FIELD VALIDATION OF BOW

the detection experiment of BOW under complex underlying
surface.

We traveled to the study area to acquire the synchronous
validation data on April 9, 2018. We measured a total of 63
sample points, as shown in Fig. 1(b), among which 56 points
were BOW and 7 points were clear water. According to the
grading standard of BOW and the determination methods of
water-quality indicators provided by the Ministry of Housing
and Urban–Rural Development of China [3], we selected three
indicators for verification of BOW, as shown in Table I.

We measured the transparency of the water using a Secchi disk
with a diameter of 20 cm. The dissolved oxygen (DO) content
was measured using a JPB-607A portable DO meter, the redox
potential was measured using a CT-8022 portable oxidation
reduction potential (ORP) meter, and the water hyperspectral
data were measured using an ASD FieldSpec3 spectrometer
(Analytical Spectral Devices, USA). In addition, water samples
collected at the site were kept in cold storage and taken to the
laboratory to measure ammonia nitrogen.

B. Satellite Data and Processing

We selected a GF-2 image acquired on a sunny day at the study
site on April 9, 2018. The GF-2 satellite is the first civil optical

satellite developed by China with a spatial resolution better than
1 m. It is equipped with two high-resolution 1-m panchromatic
cameras and one 4-m multispectral camera. The multispectral
image provided by GF-2 includes four bands, namely, the blue,
green, red, and near-infrared bands. The other parameters of
GF-2 are shown in Table II.

The multispectral image from GF-2 was used in our BOW
extraction experiment. We used the Environment for Visualizing
Images (ENVI) software for image preprocessing, including
orthorectification, followed by radiometric calibration, and, fi-
nally, fast line-of-sight atmospheric analysis of spectral hyper-
cubes atmospheric correction to obtain the reflectance image of
our study area. The ground-measured reflectance values syn-
chronized with the satellite data were fitted to four bands of the
GF-2 sensor by spectral response function, and compared with
the GF-2 image after atmospheric correction. The fitting R2 of
atmospheric correction values and measured values in each band
are all above 0.9.

III. METHODOLOGY

A flowchart of our research method is provided in Fig. 2. We
first used the single-band threshold method to detect water from
preprocessed images. On the basis of the water extraction, the
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TABLE II
GF-2 SATELLITE PARAMETERS

Fig. 2. Flowchart of BOW detection and evaluation of precision.

model constructed in this article was used to detect BOW. This
method consists of two parts: distinguishing BOW from ordinary
water and eliminating shadow effects. Finally, field validation
data was used to verify the accuracy of the results.

A. Water Extraction Model

The single-band threshold method [41] is a simple and con-
venient method for extracting water. It uses the principle that the
reflectance of water is lower than those of other ground objects in
the near-infrared band to extract water. This method effectively
removes land and water boundaries, but it retains many shadows.
The specific parameters of the single-band threshold model are
described as follows:

b4 < t (1)

where b4 is the reflectance data of the GF-2 image in the near-
infrared band expanded by 10000 times and t is the set threshold
for extracting water. In this study, t = 1160 was selected as the
threshold value for water extraction.

B. Method for Constructing the BOW Index

To distinguish ordinary water from BOW well, we must
construct an index to detect BOW. We collated and analyzed
in situ hyperspectral resolution reflectance data of BOW and
ordinary water collected by the ASD spectrometer and then
calculated their equivalent GF-2 wide-band values. According to
the spectral response function of the GF-2 satellite, the remote
sensing reflectance Rrs measured in the field with a spectral
resolution of 1 m was converted into the wide band of the GF-2
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Fig. 3. Spectrum curves of the typical underlying surfaces in the study area
overlapped with GF-2 bands. The continuous spectrum curves were measured
using a spectrometer, and the short horizontal lines are the first four GF-2
equivalent wide bands of the corresponding underlying surfaces. The continuous
curve above represents the spectral curve of ordinary water, which was calculated
from the average spectral curve of several ordinary water samples. The two
continuous curves below represent the spectral curves of two types of BOW,
which were calculated by averaging the spectral curves of two different types of
BOW samples.

image. The conversion formula is as follows [42]:

Req (λi) =

∫
Rrs (λ) fi (λ)F0 (λ) d (λ)∫

fi (λ)F0 (λ) d (λ)
(2)

where Req(λi) is the simulated equivalent reflectance of the
ith GF-2 band, Rrs(λ) is the measured remote sensing spectral
data, fi(λ) represents the spectral response function of each
GF-2 band, and F0(λ) is the solar spectral irradiance beyond
the atmosphere.

We calculated the average values of the collected spectra of
different types of water. The spectral curves are shown in Fig. 3.
Then, we used the spectral response function of the GF-2 satellite
to simulate these as GF-2 wide-band equivalent reflectance, as
shown by the short horizontal lines in Fig. 3. Spectral curves
differed between ordinary water and BOW. As a whole, the
reflectance of ordinary water was higher than that of BOW in
the range of 400–700 nm, whereas that of BOW was relatively
higher in the range of 700–1000 nm. More specifically, the
BOW reflectance spectrum had a small reflection peak near the
green band and increased obviously in the near-infrared band,
while the variation in the spectrum of ordinary water reached its
highest value near the green and red bands and decreased slowly
in the near-infrared band. Therefore, these two types of water
could clearly be distinguished. The BOW detection index was
constructed as follows:

(BG −BB) · (BG −BNIR) < h (3)

where BB , BG, and BNIR are the blue, green, and near-infrared
bands of GF-2 data, respectively, and h is the threshold value of
the artificially determined band calculation result. According
to the spectral characteristics of the modeling sample points,
h = 10000 was selected as the threshold to distinguish BOW

from ordinary water. The threshold can also be adjusted around
10000 depending on the actual situation. The term (BG −
BNIR) is the difference between the green and near-infrared
bands in the spectral curves of the two kinds of water. As the
BOW spectral curves are obviously elevated in the near-infrared
band, values for BOW should be negative and those for ordinary
water should be positive. However, in the GF-2 image, we
observed that this value of some BOWs was positive and that the
value of the near-infrared band was slightly lower than the value
of the green band. In this case, the term (BG −BB), which is
the difference between the blue and green bands in the spectral
curves of BOW and ordinary water, plays a greater role. Most of
the BOW values were lower than those of ordinary water. When
the two terms above were multiplied, the value of BOW was
usually less than that of ordinary water.

C. BOW Detection Model

The water extracted by the single-band threshold method
usually includes three types of ground objects, specifically,
shadow, ordinary water, and BOW. The BOW detection model
first removes the shadow and then separates the BOW from the
ordinary water. The model is constructed as follows:

BOW = SDorWT ∩OW or BOW (4)

where BOW, SDorWT, and OWorBOW are the values of pixels
on a binary image. The BOW value is 1 when a pixel belongs
to BOW, and it is 0 otherwise. The variable SDorWT indicates
whether a pixel belongs to background or water. The SDorWT
value is 1 if the pixel belongs to water, otherwise it is 0.
The variable OWorBOW indicates whether a pixel belongs to
ordinary water or BOW. The OWorBOW value is 1 if the pixel
belongs to BOW, otherwise it is 0.

Therefore, the most important aspect of this BOW detection
model is to determine the pixel values of SDorWT and OWor-
BOW binary images. The binary image SDorWT is obtained by
removing shadow, and the binary image OWorBOW is obtained
by removing the ordinary water through the BOW index.

1) Shadow Removal (SDorWT): Step 1: Using the urban
shadow index (USI) to identify and remove shadow.

To separate water from shadow effectively, the USI [34] for
high-resolution remote sensing images was used to remove
shadow on a large scale. However, if the shadow is removed
directly by calculating the USI pixel by pixel and setting the
threshold, the final extraction result of BOW will be affected.
Due to the common existence of different objects with the
same spectral characteristics and the same object with different
spectral characteristics, even after strict radiometric correction,
there were still some abnormal pixel values. When the USI is
directly used for shadow extraction, it is inevitable that individ-
ual pixels will be misclassified, which causes many problems.
For example, the extracted shadow boundary is not complete
enough, resulting in the remaining portion being mistakenly
divided into BOW, which increases the false alarm rate. Some
pixels in the BOW were misclassified as shadows, resulting in
the hollow phenomenon of BOW in the mapping results, and the
complete boundary could not be obtained. Therefore, we used
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the water boundary extracted by the water extraction model as
the constraint, calculated the average value of the USI inside
each water boundary, and then set the threshold to remove most
of the shadows. The method of shadow removal using the USI
is as follows:

USI = 0.25 · PixelBg

PixelBr
− 0.57 · PixelBnir

PixelBg

− 0.83 · PixelBb

PixelBg
+ 1.0 (5)

where PixelBb, PixelBg , PixelBr, and PixelBnir are the
values of the same pixel in the images of the blue, green, red,
and near-infrared bands of the GF-2 image, respectively.

Step 2: Calculating the variance within the constraint bound-
ary to remove shadow.

For shadows that cannot be eliminated by the USI, Fang et al.
[30] proposed that dark water and shadows can be distinguished
by variance. This is based on the shadow projection on different
underlying surfaces of higher complexity than the water sur-
face. First, the red, green, and blue bands of the GF-2 image
are preprocessed by low-pass filtering and normalization. The
normalization method is shown in (6). The purpose of low-pass
filtering is to smooth the image and reduce abnormal pixel values
in water and shadow areas, and the purpose of normalization
is to provide standard images for the calculation of standard
deviation.

bi =
bandi −min (bandi)

max (bandi)−min (bandi)
(6)

In the above, bi (i = 3) is the standard value, bandi is
the filtered value, and max(bandi) and max(bandi) are the
minimum and maximum values of bandi, respectively.

In the preprocessed single-band red, green, and blue images,
the water boundary extracted by the water extraction model was
used as the boundary to calculate the standard deviation of the
pixels within each boundary. As the texture of the underlying
surface projected by the shadow is relatively complex, whereas
the texture of the water surface is relatively smooth, the standard
deviation of the shadow is large and the standard deviation of the
water is small. The reason the boundary is used as the constraint
in calculation is that the standard deviation calculated within
each water boundary will be the same value, the shadow will
be completely removed, and there will be no broken polygons
that cannot be removed. The standard deviation zonal statistical
images of the three bands are added together as follows:

sd = PixelB1 + PixelB2 + PixelB3 (7)

where PixelB1, PixelB2, and PixelB3 are the results of stan-
dard deviation partition statistics of GF-2 images in blue, green,
and red bands within the boundary of water.

The USI image calculated by step 1 and the sd image calcu-
lated by step 2 are used to construct the following methods to
determine the value of SDorWT:

SDorWT =

{
1, (USI > w1) ∧ (st < w2)
0, others

(8)

where w1 and w2 are the thresholds used to distinguish the
water from the shadow on the image of the calculated result

of the band. Based on the brightness of the current image, the
empirical thresholds were modified slightly. Hence, w1 = 0 and
w2 = 0.04 were selected as the threshold values to distinguish
water from background.

2) BOW Index (OWorBOW): By analyzing the wave reflec-
tion curves of general water and BOW, a new BOW index was
constructed in Section III-B. The method, shown in (9) and (10),
was constructed to determine the value of OWorBOW

p = (PixelRg − PixelRnir) · (PixelRg − PixelRb) (9)

OWorBOW =

{
1, p < h
0, p ≥ h

(10)

where PixelRg , PixelRnir , and PixelRb are the values of a
pixel in the green, near-infrared, and blue bands of the prepro-
cessed GF-2 image, respectively, and h is the threshold value of
the artificially determined band calculation result.

D. Validation Method

To verify the results of the proposed method, the following
target detection method was adopted:

AR =
(TT + FF )

T + F
× 100% (11)

FAR =
TF

(T + F )
× 100% (12)

where AR and FAR represent the accuracy and false alarm rate,
respectively. T is the number of samples for the actual target, and
F is the number of samples for the actual nontarget. TT is the
number of samples for targets detected correctly by the model,
and FF is the number of targets that are actually nontargets and
are not detected as targets. TF is the number of targets that are
actually not targets but are detected as targets.

IV. RESULTS

A. Threshold Selection for GF-2 Image

The method proposed in this article involves the selection of
multiple thresholds. First, to determine the threshold t in the
water extraction model accurately, a large number of sample
points of water and nonwater on the GF-2 image covering
the study area are randomly selected and their pixel values in the
near-infrared band are counted. Considering that the integrity
of the water boundary affects the subsequent calculation, we
require a threshold that is as large as possible while still ensuring
accuracy. Therefore, t = 1160 is the best threshold for water
extraction from GF-2 images. However, due to the differences in
brightness, region, and season of different images, this threshold
can be adjusted slightly according to specific conditions.

Second, three thresholds need to be determined in the BOW
detection model, namely, the threshold of the USI w1, the
threshold of the standard deviation calculation result w2, and
the threshold of the BOW index h. The thresholds w1 and
w2 are selected according to the empirical threshold based on
the brightness of the current image. Finally, w1 = 0 and w2 =
0.04 are the recommended values. To select a more accurate
threshold h, high spectral resolution reflectance data of a large
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Fig. 4. Results of each stage of the experiment. First, the water (a) is extracted by the water extraction model. Second, the BOW (b) is extracted by the BOW
extraction model, including the background removal and the distinction between BOW and ordinary water. Finally, the extraction result of the BOW (c) is obtained.

number of BOW and ordinary water samples are analyzed. Then,
the GF-2 equivalent wide band of these sample points is calcu-
lated. As a result, h = 10000 is the best threshold after statistics.
The sample points used to determine the threshold were col-
lected from the study area. To further validate the suitability
of the threshold, we carried out a large-scale experiment in
Section Ⅳ-D for Nanjing, Qiqihaer, and Shenyang, three cities
in different provinces with a large difference in latitude, and the
results show that the selection of the threshold is universal.

B. Detection Results of BOW and Field Validation

Fig. 4 shows our detection result. For the water extraction
result, the BOW detection model was used to remove the
background and ordinary water. Then, a warning map of the
distribution of BOW was obtained. To verify the BOW detection
results, 63 water sampling points were selected after considering
scientific aspects, accessibility, and safety. We detected BOW
based on water extraction results, which contained three kinds of
ground objects: ordinary water, BOW, and background (mostly
shadows). Through visual interpretation, it could be determined
that the real water in the polygon of the extracted water result was
about three times that of the background polygon. Therefore, we

TABLE III
SETTING OF THE GROUND SAMPLING POINTS

randomly set 21 background sampling points to verify BOW de-
tection accuracy. The setting and distribution of sampling points
are shown in Table III and Fig. 5(a), respectively. According to
formulas (6) and (7), the accuracy of the proposed detection
model was 85.7% and the error rate was 3.5%.

C. Comparison With Existing Models

We compared our model with the existing authoritative BOW
model. The detection ability of each model is shown in Fig. 5,
and the accuracies are shown in Table IV. By using the model
proposed in this article, a detection accuracy of BOW of 85.7%
can be attained, whereas other methods can reach only 50–60%.
At the same time, we tried to reduce the false alarm rate as much
as possible. Our false alarm rate was only 3.5%, while the false
alarm rate of other methods was as high as 20–30%. A high false
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Fig. 5. Comparison of BOW detection models. (a) Distribution map of samples of BOW, ordinary water, and shadow. The green points represent the ordinary
water samples, red points represent the BOW samples, and yellow points represent the shadow samples. (b) The blue area is the result of water extraction by NIR.
The red area is the BOW extraction result using our model. (c–f) Results using the other models. (c) WCI, (d) BOI, (e) the band ratio method, and (f) the Pe index.
The blue area and the red area represent the water extraction result and the detected BOW, respectively. Areas with dense BOW and dense shadow are shown by
the red and green rectangles, respectively.

TABLE IV
COMPARISON OF THE PRECISION OF THE MODELS
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Fig. 6. (a) Remote sensing map of BOW in the main urban area of Nanjing City, Jiangsu Province. (b) Remote sensing map of BOW in the main urban area of
Qiqihaer City, Heilongjiang Province. (c) Remote sensing map of BOW in the main urban area of Shenyang City, Liaoning Province.

alarm rate has a negative effect on the detection of BOW, which
will increase difficulty in the centralized treatment of BOW.
Compared to the other models, our model had a higher accuracy
in the recognition of BOW, with a much lower error rate. In
particular, none of the other models effectively distinguished
BOW from building shadows, whereas our model did it very
well.

D. Extended Application of the Proposed Algorithm

To verify the temporal and spatial applicability of the method
in this article, remote sensing mapping of urban BOW was
carried out on a large scale, and images significantly different
from the above experimental seasons were selected for the
experiment. The above experiment was conducted in April,
which is the transition period between spring and summer. We
used the GF-2 image of November 3, 2016, which serves as
autumn, the transition period between summer and winter, for
the experiment. In addition, our method was proposed by using
a specific area, but the types of ground features in this area are
very complex and basically include the common ground features
in cities. Therefore, the study area can be representative of most
urban areas. To verify this point, we applied the method to a
larger scale BOW mapping. The GF-2 image that we chose
covered most of the urban area of Nanjing. Finally, we combined
the result with the field satellite synchronization sample points
measured by Wen et al. [24] to verify the experimental results.
Thus, the distribution map of BOW in the main urban area of
Nanjing was obtained, as shown in Fig. 6(a). The main bodies of
water in Nanjing are the Yangtze River, Xuanwu Lake, Qinhuai
River, Qinhuaixin River, Jinchuan River, Mochou Lake, Yueya
Lake, City Moat, and Yang Ditch. Among these, the BOW de-
tected included Jinchuan River, Yang Ditch, City Moat, Mochou
Lake, Yueya Lake, and parts of Xuanwu Lake. According to the
satellite-synchronous Jinchuan River sample points measured
by Wen et al. [24], there is a black-odor phenomenon in the

Jinchuan River, which is consistent with the results of the remote
sensing mapping of BOW using the method of this article. The
rest of the BOW monitored is mostly stagnant water or water
affected by the surrounding environment, such as river bank
factory discharge and residential sewage discharge, which have a
negative impact on water quality. However, because the method
proposed in this article is more suitable for the extraction of
urban BOW with small-scale and complex underlying condi-
tions, partial incorrect extraction may occur in the extraction of
large-scale BOW. In this case, it can be useful to consider the
surrounding water environment.

The samples used for threshold analysis were all from
Nanjing. To further validate the suitability of the threshold, we
selected Qiqihaer and Shenyang, two typical cities in northern
China, and applied the parameters that were determined in
Section Ⅳ-A to remote sensing mapping of BOW. Thus, the
distribution maps of BOW in the main urban area of Qiqihaer
and Shenyang were obtained, as shown in Fig. 6(b) and (c).
In Fig. 6(b), point B is Nenjiang River, which is a typical
ordinary water [43], whereas point A in Fig. 6(b) for the typical
BOW was discovered in July 2018. In fact, since 2016, a huge,
severely BOW has been formed here due to the discharge of
industrial wastewater. To this end, the Heilongjiang Provincial
Government issued a supervision letter to the Qiqihaer Munic-
ipal Government, urging Qiqihaer to address this problem of
environmental pollution [44].This is consistent with the results
of the remote sensing mapping of BOW from GF-2 image
of April 19, 2018. For remote sensing mapping of BOW in
Shenyang, we combined the result with the field sample points
measured by Yao et al. [25] to verify the experimental results.
We selected GF-2 images covering the same area as Yao et al. on
September 19, 2016. As shown in Fig. 6(c), Yao et al. collected
satellite-synchronized field samples in the Huishanming ditch
and Hun river. The data show that the samples from Huishanming
ditch are all BOW and the samples from Hun river are all
ordinary water, which is consistent with our results.
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Fig. 7. Comparison of different water indices. (a) Single-band threshold
method (NIR). (b) NDWI. (c) SWI. (d) MSWI. The blue area is the result of
water extraction.

V. DISCUSSION

A. Functioning of the Proposed Method for Effectively
Detecting BOW From Complex Background

1) Water Extraction: Generally, BOWs are mostly narrow
rivers or small ponds. Thus, it is necessary to use high-resolution
remote sensing imagery for detection. In this study, we used a
GF-2 satellite image. However, GF-2 imagery, with relatively
little spectral information, has only the four bands of blue, green,
red, and near-infrared. In addition, the complex landscape of
a city, including roads, buildings, bridges, dams, shadows, and
other ground objects mixed with target ground objects, increases
the difficulty of detection. Hence, in this study, we first carried
out a water extraction experiment. Due to the limited number of
bands of the GF-2 satellite image, we tested the extraction effects
of different water indices: the single-band threshold method
(NIR) [41], normalized different water index (NDWI) [45],
shadow water index (SWI) [46], and modified shadow water
index (MSWI) [47], respectively, as shown in Fig. 7. We found
that the effects of NIR and NDWI were best. As shown in Fig. 7,
some roads, bridges, buildings, and shadows were incorrectly
extracted by NDWI, and the land and water boundaries were
badly mixed. Moreover, in the process of differentiating BOW
and ordinary water, if there was a bridge across the ordinary
water or a dam built on the bank, the water was likely to
be categorized into BOW, resulting in a higher error rate. By
contrast, with the NIR method, only shadows were mistakenly
divided into water, and the influence of other ground objects on
the water extraction was basically eliminated. Therefore, this
study chose the method of setting the threshold value in the
near-infrared band to extract water.

2) Shadow Removal: The water extraction model inhibits
most of the background pixels, but there are still some dark
objects that cannot be removed completely by the near-infrared
band. Among these, shadow has the biggest influence on the
extraction of BOW. However, BOW has the characteristics of
small area and long and narrow shape, which require high

image resolution. In the high-resolution remote sensing image,
shadows of buildings are very similar to BOW in shape, area,
and spectral information. Therefore, the removal of shadow is
the most difficult problem to be solved in the extraction of BOW.
To solve this problem, there are generally two ideas: the water
can be extracted accurately, or the shadow can be extracted
accurately. First, for accurate extraction of water, BOW presents
problems such as small area, obvious water color difference,
and generally low reflectance, which require high accuracy and
universality of water extraction methods. The main problem
affecting accuracy with the existing water extraction methods
is that shadows cannot be completely distinguished from dark
water, which is an even more fatal problem for BOW. In addition,
the introduction of this article summarized the shortcomings of
the existing methods for accurate shadow extraction, and the
purpose of this work was to identify a more convenient and
practical method for removing shadows.

We chose the method of water boundary constraint and calcu-
lation of the USI and zonal statistical variance to remove shadow.
In the special case of BOW extraction, we can effectively manage
the misclassified small shadow, reduce the false alarm rate, and
also obtain a more complete boundary of BOW.

3) BOW Index: To distinguish BOW from ordinary water,
we constructed an index to extract the BOW according to its
spectral characteristics. We randomly selected sample points on
the GF-2 image; the results after index calculation are shown in
Fig. 8. The extraction index had a high degree of differentiation
between BOW and ordinary water. In contrast, the other four
indices did not perform as well.

B. Suitability of the BOW Index

Because of the complex causes of BOW, the water color
can be roughly divided into three categories: black, brown, and
green. To be specific, there are three main mechanisms for the
generation of BOW, which, respectively, present three different
water colors. First, exogenous organic matter and ammonia
nitrogen consume oxygen in the water, so that the water is in
anaerobic conditions, and the sediments in the water produce
insoluble gases, which carry insoluble substances in the rising
process and affect the water color. This kind of BOW color often
appears black. Second, the water itself carries a large amount of
sediments that affect the water color. This kind of BOW color
often appears brown. Third, the stagnant water and the rising
water temperature lead to the rapid propagation of algae and
affect the water. This kind of BOW color often appears green.
These three kinds of BOW are contained in our study area, as
shown in Fig. 1(c). Our BOW index is based on the analysis of
different types of BOW spectral features, so it is more universal.

In addition, our BOW index also has a clear physical meaning.
The spectral characteristics of BOWs are usually related to
their own substantive characteristics. The construction of the
BOW detection index is based on two characteristics of its
spectral curves that differ from those of ordinary water. The
first characteristic is that the reflectance of ordinary water in the
green band is significantly higher than that in the blue band,
whereas the curve of BOW is flatter. This is due to the low
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Fig. 8. Calculation results of the proposed index and the other four indices (WCI, BOI, band ratio method, and Pe, respectively) for BOW and ordinary water
samples. Bi is BOW samples, and Oi is ordinary water samples. The horizontal dashed line represents the threshold.

reflectance of BOW in this visible spectrum range [48], which
reduces the difference between the blue and green bands. The
second characteristic is that the reflectance of ordinary water
in the near-infrared band is lower than that in the green band;
however, the reflectance of BOW in the near-infrared band is
significantly higher, even higher than that in the green band. In
fact, chlorophyll content is an important parameter for assessing

water quality [49]. When algae in water are broken down in an
anaerobic environment, the water becomes black and odorous.
The chlorophyll remaining from the death of the algae causes
high reflectance in the near-infrared band [50]. Along with the
low reflectance of BOW in the green band, this characteristic
can be used to distinguish BOW from ordinary water. Therefore,
with the combination of the two aforementioned characteristics
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of BOW, the proposed index has practical physical significance
and can be used widely with good suitability for the detection
of BOW.

C. Uncertainty

This study mainly aimed to identify small areas of BOW
efficiently under conditions of a complex urban environment.
Due to the diversity and uncertainty of spectral characteristics
of BOW, undetected errors may occur. For example, because the
remote sensing apparent reflectance of algae-covered BOW is
characteristic of vegetation, it needs to be detected in combina-
tion with models such as the normalized difference vegetation
index. The threshold value of the BOW index in this study was set
using the city of Nanjing in the mid-latitude region as a reference.
For other regions with climatic conditions quite different from
the conditions in Nanjing, the threshold value could be adjusted
appropriately according to the local conditions.

In future work, with gradual improvement of the, temporal,
spatial, and spectral resolutions of satellite images, it will be-
come possible to grade the degree of BOW through remote
sensing technology. Light, moderate, and severe BOW will be
able to be identified and better targeted when the government
centralizes management. Furthermore, through remote sensing
monitoring of the environmental conditions around the wa-
ter, BOW can even be predicted. For example, by monitoring
whether there is proximal point source pollution, calculating the
intensity of relevant nonpoint source pollution, observing the
water itself, and considering the influence of topographic factors,
prediction of BOW can be realized to provide predictive data for
the government and facilitate the formulation of corresponding
water protection policies.

VI. CONCLUSION

This study detected urban BOW from a GF-2 high-resolution
remote sensing image. We mainly solved three problems. The
first was to realize the extraction of water from a complex envi-
ronment, the second was to remove shadow effects, and the third
was to develop a BOW detection method that eliminates shadow
misjudgment through the analysis of hyperspectral reflectance
data. Next, we used field water-quality measurements to validate
our detection results and compared them with the results of four
other methods. The results showed that our method can effec-
tively suppress the influence of background information, partic-
ularly shadows, on water detection in a complex environment.
The proposed BOW detection index can accurately distinguish
BOW from ordinary water, and it has clear physical significance
and good suitability. According to the verification results from
the water quality measurements, our method reduced the error
rate to 3.5% with an accuracy of 85.7%. Compared to the other
four methods, our method greatly reduced the false extraction
of non-BOW while still ensuring accuracy. The experiment
demonstrated that our method improves the extraction of BOW
in Nanjing city. It is more practical and can be used widely for the
detection of urban BOW. Therefore, the method proposed in this
article can provide reliable data for centralized management of
urban BOW and thus improve the supervision service for urban
BOW.
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