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Abstract: Accurate extraction of water bodies is the basis of remote sensing monitoring of water
environments. Due to the complex types of ground objects around urban water bodies, high spectral
and spatial resolution are needed to achieve accurate extraction of water bodies. Addressing the
limitation that most spectral index methods used for water body extraction are more suitable for open
waters such as oceans and lakes, this study proposes a PCA-NDWI accurate extraction model for
urban water bodies based on hyperspectral remote sensing, which combines Principal Component
Analysis (PCA) with Normalized Difference Water Index (NDWI). Furthermore, aiming at the
common water shadow problem in urban hyperspectral remote sensing images, the advantages
of the PCA-NDWI model were further verified by experiments. By comparing the accuracy and
F1-Measure of the PCA-NDWI, NDWI, HDWI, and K-means models, the results demonstrated that
the PCA-NDWI model was better than the other tested methods. The accuracy and F1-Measure of
the PCA-NDWI model water extraction data were 0.953 and 0.912, respectively, and the accuracy and
F1-Measure of the PCA-NDWI model water shadow extraction data were 0.858 and 0.872, respectively.
Therefore, the PCA-NDWI model can effectively separate shadows and the surrounding features of
urban water bodies, accurately extract water body information, and has great application potential in

water resources management.

Keywords: hyperspectral remote sensing; accurate extraction of urban water bodies; water shadow;
spectral index

1. Introduction

Water resources are the key to human survival and development. In recent years, the
random discharge of a large number of industrial wastewater and domestic sewage has
led to the rapid deterioration of water quality in rivers and lakes, which has disrupted
the ecological balance and hindered the sustainable development of society. Therefore,
the prevention and control of water pollution is particularly important and urgent [1,2].
Remote sensing of water bodies is the main technology applied to wide-area water body
extraction and water body information analysis, which has been widely used because of
its real-time and macroscopic advantages. As the first step of water quality monitoring,
accurate river area extraction plays a great role in water resource protection [3]. At present,
the commonly used water extraction methods mainly include the single-band threshold
method, the water spectral index method [4—6], the image processing method [7,8], the
machine learning method [9-13], the deep learning method [14-16], etc. Among them, the
water spectral index method is the most frequently used method because of its relatively
fast calculation and good extraction accuracy [17].
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The initial spectral index is the Normalized Difference Water Index (NDWI) proposed
by McFeeters [18]. With the continuous expansion of the types of study waters, some
scholars have put forward new spectral indexes of water extraction, such as the modified
Normalized Difference Water Index (MNDWI), the Automated Water Extraction Index
(AWETI), water index 2015 (WI12015), etc., so as to be suitable for water extraction in different
types of areas such as mountains, lakes, towns, and oceans [19-28]. These methods are
mainly based on multispectral satellite remote sensing data, and at the same time, most of
them focus on open waters such as rivers, lakes, and seas. However, the spectral and spatial
resolution of multispectral satellite remote sensing is not precise enough to distinguish
small-sized ground objects, and it is difficult to deal with the task of accurate extraction
of urban water bodies with the characteristics of complex surrounding environments and
areas that are not large enough for accurate detection. Compared with multispectral satellite
remote sensing, uncrewed aerial vehicle (UAV) hyperspectral remote sensing has a higher
spectral and spatial resolution, and because of its relatively low flying altitude, it greatly
reduces the influence of atmospheric radiation on the water spectrum and is more suitable
for urban rivers with complex and changeable water environments [29,30]. Because there
are many bands in hyperspectral data, we cannot completely correspond the multispectral
bands in the NDWI model with the hyperspectral bands. At the same time, if only a few
bands in hyperspectral data are considered when constructing the spectral index, a large
number of useful information about the remaining bands is usually ignored. Aiming at the
characteristics of hyperspectral data with many bands and high correlation between bands,
data dimensionality reduction is usually needed before modeling. Spectral dimensionality
reduction methods are mainly divided into two categories: feature band selection and
feature band extraction. Feature band selection refers to selecting representative feature
bands from the original bands [31], while feature band extraction refers to mapping the
original high-dimensional spectral space to the low-dimensional space. As a universal
feature band extraction method, Principal Component Analysis (PCA), is widely used in
image compression, spectral data analysis, machine learning, and so on [32]. After spectral
dimensionality reduction, hyperspectral data can be extended to the construction of a
spectral index. In addition, due to the extremely high spatial resolution of hyperspectral
remote sensing, the water shadow in the image is clearly visible, including the shadows
reflected by plants along the river bank and the shadows transmitted by weeds at the
bottom of the river, etc. The spectral difference between the water body with shadows
and the water body without shadows is quite large, so it is usually difficult to accurately
distinguish this part of the water body from the routine water body extraction work. The
threshold of extracting the water body by the spectral index is usually set to 0, but Fen
Chen showed in experiments that the optimal threshold of the water body spectral index
depended on the band data and the spectral characteristics of the sensor, and the threshold
needed to be adjusted in specific applications [33]. Some scholars have used manual
threshold selection or automatic threshold selection. Although the manual threshold
selection method is complicated, it is relatively accurate. However, automatic threshold
methods, such as the maximum between-cluster variance method (OTSU), which is widely
used, usually have a certain deviation from the optimal threshold [34,35]. Especially,
compared with lakes and oceans where the surrounding ground objects are relatively
simple, the background of urban areas is complex, and there are many ground objects that
are easily confused with water bodies, resulting in the calculated gray histogram peaks and
valleys not being obvious and bimodal characteristics not being detected. Therefore, it is
difficult to accurately extract water bodies by using the OTSU method.

In view of this, based on the hyperspectral remote sensing UAV data, this study
took a coastal city and a developed city in the south of China as typical study areas to
explore the accurate extraction method of wide-area urban water bodies. The PCA-NDWI
model used for accurate extraction of water bodies was constructed by combining NDWI
with PCA dimensionality reduction, that is, using PCA dimensionality reduction principal
components in green band and near-infrared band to build a band ratio, so as to increase the
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spectral difference between water bodies and non-water bodies, and at the same time solve
the problem of water body extraction accuracy decline caused by water shadow. In the
experiment, the water extraction accuracy of the NDWI model constructed by hyperspectral
green light at 563 nm and near-infrared light at 865 nm, the NDWI model constructed by
the mean of hyperspectral green light at 520 nm-600 nm and the mean of near-infrared light
at 760 nm-950 nm, the HDWI model, the K-means model, and the PCA-NDWI model were
compared, respectively. Then, the shadow recognition ability of the HDWI and PCA-NDWI
models with high accuracy was discussed, which fully verified the feasibility of the PCA-
NDWI model in accurate extraction of urban water bodies, and expanded the application
of hyperspectral remote sensing data in the spectral index method. This paper can provide
a new approach for the study of the spectral index method, and at the same time provide a
strong technical guarantee for wide-area monitoring of hyperspectral remote sensing of
water areas and the formulation of water environmental protection schemes in complex
urban areas.

2. Materials and Methods
2.1. Acquisition and Preprocessing of UAV Hyperspectral Data

The study area of this research included some rivers in a coastal city and a developed
city in southern China, as shown in Figure 1. The selected representative cities have
developed water systems and high urbanization processes, and there is an urgent need for
wide-area monitoring of the water environments. The water areas are located in the urban
areas, and the rivers are long and narrow. The environment temperature is suitable and the
nutrients are abundant, so there are weeds, islands, and other targets in the water bodies,
and the environments around the shores are complex. The study area in Figure 1a includes
a water body, buildings, a bridge, water surface flare, underwater interference targets, etc.
In addition, the image of the study area in Figure 1b not only has the above-mentioned
features, but also has a large number of water shadows, which easily interfere with the
extraction of water, and then affect the accuracy of water extraction. Thus, it is appropriate
to take these areas as typical study areas for water extraction, which can fully verify the
universality of the water extraction method proposed in this paper.
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Figure 1. Geographical location map of the study area and image examples for rivers in (a) a coastal
city and (b) a developed city in southern China.
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This experiment adopted the UAV hyperspectral imaging system integrated by Hangzhou
Hyperspectral Imaging Technology Co., Ltd., (Hangzhou, China) in which the core module hy-
perspectral imaging instrument was independently developed by our project group (CIOMP).
As shown in Figure 2, the hyperspectral imaging instrument covered the wavelength range of
400 nm-1000 nm, and the spectral resolution was better than 2.5 nm, including 300 spectral
channels. The experiment was carried out in clear and cloudless weather. The flying height of
the UAV was set to 100 m, and the flying time was concentrated between 10: 00 and 14: 00. In
order to reduce the influence of the specular reflection of sunlight, the observation method
above the water surface was used to collect the water spectrum, that is, the angle between
the observation plane of the instrument and the incident plane of the sun was 135°, and the
angle between the instrument and the normal of the water surface was 45°. Therefore, the
synchronous acquisition of hyperspectral data, high-definition visible light data, and GPS
data was realized.

Figure 2. UAV hyperspectral imaging system.

Because the hyperspectral image acquisition process of the water body was conducted
outdoors, the CMOS detector of the system was very sensitive to factors such as solar light
intensity and dark current noise. On the other hand, there are differences in the response
consistency of each unit of the detector to the signal. The reflectance of water data needs to
be corrected to reduce the interference of the above-mentioned factors. Therefore, when
obtaining the hyperspectral image of the water body, it is also necessary to obtain the
hyperspectral image of the standard reflectance plate and dark background. The standard
reflectance plate with a surface reflectance of 10% was selected for the experiment and the
spectral reflectance of the water body was calculated by Formula (1) [36,37]:

DN, — DN
0 b xR 1)

Rp=—2 —
® " DNy,—DN, %

where DN, and R,, respectively, represent the initial spectral data of the water body and
its spectral reflectance data; DN, and Ry, represent the initial spectral data and spectral
reflectance data of the standard reflectance plate, respectively; and DN, represents the
initial spectral data under a dark background.

In this study, PCA was used to reduce the dimensionality of the hyperspectral data
band to construct a spectral index model. If the dimension of the actual water spectrum is
directly reduced, the principal component value after dimensionality reduction will contain
random noise in the actual spectrum, which will lead to a decline in water extraction
accuracy. Therefore, before dimensionality reduction, data preprocessing is needed to
reduce noise interference.

The Savitzky-Golay smoothing filter was used to reduce noise [38]. In Figure 3, the
red curve shows the corrected original spectral reflectance of the water body, and the blue
curve shows the spectral reflectance curve of the water body after 9 points and 3 times
smoothing. In the curve, the reflectance of green light in the 520-600 nm band is higher
than that of near-infrared light in the 760-950 nm band. The reflectance of the green light
band is at the peak position of the curve, and the reflectance of the near-infrared light band
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is at the peak and valley position of the curve. This difference can be used to construct an
appropriate spectral index for accurate water extraction in complex urban areas.
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Figure 3. Preprocessing of water spectral data.

2.2. Method Principle

The spectral index method is a common method for extracting water by spectral
remote sensing. In this study, the NDWI method, the HDWI method for hyperspectral data,
the PCA-NDWI method proposed in this paper, and the K-means unsupervised clustering
method commonly used in machine learning were selected to extract water from the study
area and the results were compared. These methods are introduced below.

The NDWI method is a mainstream method based on Landsat multispectral remote
sensing images [18], and its specific formula is as follows:

Rg — Ry

NDWI = ———
Rg + Ry

)
where R is the green band reflectance and Ry is the near-infrared band reflectance. The
NDWI method increases the numerical difference between water and background objects by
calculating the green band and near-infrared band of multi-spectral data. As hyperspectral
bands have more numbers and narrower spectral resolution than multispectral bands,
in order to solve the corresponding problem between bands of different spectral remote
sensing data, NDWI bands were selected in two ways.

The first method is to select one wavelength in the hyperspectral green band and
one wavelength in the near-infrared band to construct the NDWI. By comparing the
water extraction accuracy of the NDWI at different wavelengths in the early stage, the
hyperspectral spectral reflectance of 563 nm (Rs63 nm) and spectral reflectance of 865 nm
(Rss5 nm) were selected as the reflectance of the green light band and near-infrared band in
Formula (3), NDWI;, respectively.

R563 nm — R865 nm
NDWI, = 3)
'™ Rs63 nm + Rses nm (

In the second method, R and Ry were obtained by averaging the reflectance of
hyperspectral green light at 520-600 nm and near-infrared light at 760-950 nm, respectively,
which were used to construct Formula (4), NDWTI,.

NDWI, = Re — Ry (4)
Rg + Ry

The HDWTI is a method proposed by Huan Xie for hyperspectral urban water data

in 2014 [39]. This method amplifies the contrast between water and non-water areas by
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integrating and differentiating the spectra of 650-700 nm and 700-850 nm. After practical
training and testing, this paper selected spectral reflectance integration of 520-600 nm green
light and 760-950 nm near-infrared light to improve the separability of water from other
backgrounds, and the formula is as follows:

600 nm )\ AA— f950r1m /\)d/\

600 950
520 nm. ROA)AAF [0 o R(A)dA

The K-means algorithm can realize unsupervised clustering of samples [40-42]. By
calculating the Euclidean distance from n sample points to the centers of k clusters, it is
divided into the nearest cluster, and the Euclidean distance formula is as follows:

dis XZ,C \/Zt 1 Xit — ]t (6)

where X; represents the i-th sample (1 < i < n), C; represents the j-th cluster center
(1 <j <k), m represents the dimension of the sample, and X;; and C]-t, respectively, rep-
resent the attribute values of the #-th dimension of the sample and the cluster center
(1 <t <m). According to the comparison of water extraction accuracy under different K
values, when the K value is greater than 20, the water extraction accuracy changes little,
so the K value selected in this study was 20. After the sample points were divided, the
cluster center of each cluster was calculated again, and the sample points were allocated
repeatedly until the sum of squares (SSEs) of cluster center errors from each point to its
corresponding cluster did not change. The calculation formula is as follows:

SSE =Y | Yoy cldis(Xi,C)) 7)

To extend hyperspectral data to the construction of NDWI, it is necessary to reasonably
select the band information of hyperspectral data without losing useful information. In
order to improve the applicability of the spectral index in image extraction of water bodies
with shadows in complex urban backgrounds, the PCA-NDWTI accurate extraction model
for urban water bodies was constructed by combining PCA and NDWI:

Pc — Py

PCA — NDWI =
Ps + Py

(8)
where P and Py are the first principal component of hyperspectral green light reflectance
at 520-600 nm and near-infrared reflectance at 760 nm-950 nm, respectively, after PCA
calculation. PCA is a commonly used data dimensionality reduction method, which maps
high-dimensional data to low-dimensional data through linear transformation, selects the
key factors that affect the dependent variables in the original spectral data, reduces the
data dimensionality and inherits the characteristics of the original variables, and greatly
preserves the information contained in the original variables; as a result, the extracted new
variables are linearly independent, thus effectively solving the problem of band redundancy
of hyperspectral data [43—45]. Because the projection variables generated by PCA are not
interpretable, it has certain limitations in the tasks requiring interpretability of results [46].
However, it is simple to realize, reduces the calculation cost, and can greatly improve the
lightweight degree of the model, which is suitable for the application needs of today’s
wide-area dynamic real-time monitoring of water environments. Compared with the
above-mentioned spectral indices, the PCA-NDWI accurate extraction model for urban
water bodies fully extracts the most useful information contained in two broad bands of
hyperspectral green light and near-infrared light and greatly improves the utilization of
hyperspectral information.
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2.3. Evaluation Method

In order to evaluate the effect of the water extraction method, the comprehensive
evaluation index (F1-Measure) and accuracy were used to evaluate the performance of the
above four methods, and the formulas are as follows:

2 % TP TP

e X e
Fl — TP+FP TP+EN (9)

™ ™
TP+FP T TP+FN
Accuracy = TP +TN

Y= TPy FN+ IN + FP

where true positive (TP) represents the number of pixels that are actually water and
predicted to be water. True negative (TN) represents the number of pixels that are actually
non-water and predicted to be non-water. False positive (FP) indicates the number of
pixels that are actually not water but are predicted to be water, that is, the number of false
detections. False negative (FN) indicates the number of pixels that are actually water but
are predicted to be non-water, that is, the number of missed detections. F1-Measure is
a commonly used comprehensive evaluation index, which is often used to evaluate the
model. The higher the F1, the better the method. The accuracy reflects the percentage of
accurate areas predicted by the model, which can basically reflect the effectiveness of the
model. The higher the accuracy, the better the method.

(10)

3. Experiment and Discussion
3.1. Spectral Analysis of Typical Ground Objects

Based on the RGB images of a coastal city study area in southern China, the water
area was manually marked with green to evaluate the accuracy of the water extraction
model. The marked RGB images are shown in Figure 4, and the study area includes
water bodies, vegetation, aquatic plants, buildings, roads, architectural shadows, and other
typical features.

Figure 4. Water mark image of a coastal city study area in southern China.

To analyze the waters in this area, the typical study areas in the red box in Figure 4 can
be used as an example. The initial RGB image is shown in Figure 5a. There are many kinds
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of ground objects around this typical urban water image, and there are environmental
disturbances around the water to be extracted, such as river banks, aquatic plants, trees,
bridges, and shaded roads. The interior of the green dotted box is the river area, and there
are aquatic plants and islands inside. The shadow road surface inside the red box, the
parking lot road surface inside the blue box, and the water body inside the yellow box all
appear dark black in different degrees. The average spectral reflectance of these boxes and
the spectral reflectance curve in Figure 5b were obtained, respectively. It can be found that
the average spectral reflectance of these confusing objects is similar to some extent after
750 nm in the near-infrared band.

0.14 water
shaded road surface
parking lot road surface

e o ©°
o - -
© o N
1 1 1

Reflectancce

0.06

0.04

0.02

0.00

400 500 600 700 800 900 1000
Wavelength/nm

(b)

Figure 5. Part of the typical study area of a coastal city in southern China: (a) water RGB images and
(b) average spectral reflectance of confusing ground objects.

3.2. Accuracy Analysis of Water Extraction in the Study Area of a Coastal City in Southern China

Part of the typical study area in Figure 5a was used for training, and the above-
mentioned five methods were used for water extraction, respectively, among which, K-
means clustering and the PCA-NDWI model were used to reduce the dimension of spectral
features by PCA first. In the experiment, the number of principal components retained by
K-means clustering was 3, which contained more than 99% useful spectral information in
the whole band. The PCA-NDWI model was used to obtain the first principal component
in the green band and near-infrared band, respectively, which contained more than 98%
useful spectral information.

In addition, to construct the NDWI;, NDWI,, HDWI, and PCA-NDWI models, it was
necessary to manually select their optimal thresholds in combination with a gray histogram.
Compared with the automatic threshold selection method, the manual threshold selection
method is more accurate, which makes the segmentation effect of the water body and
background better.

Because it is difficult to completely separate the pixel clusters of some small shadows,
roads, and other ground objects from the water body only by using spectral information, the
water image information was combined in the modeling, and only the connected regions
with more than 500 pixels were reserved as the water body part to improve the accuracy
of water body extraction. Finally, the accuracy and F1-Measure of each water extraction
method for training water bodies were calculated and the results are summarized in Table 1.
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Table 1. Effect comparison of different water extraction methods in training waters.

Methods Accuracy Fq
NDWI 0.959 0.844
NDWI, 0.936 0.729
HDWI 0.960 0.847
K-means 0.801 0.749
PCA — NDWI 0.984 0.946

From the results of the water extraction of training waters in Table 1, it can be found
that the accuracy and F1-Measure of the PCA-NDWI model were the highest among several
methods, which were 0.984 and 0.946, respectively. The accuracy of the HDWI model,
which was also aimed at hyperspectral remote sensing data, was 0.960, which was similar to
that of the PCA-NDWI model, indicating that the percentage of accurate segmentation and
extraction of water areas by the two methods was close, but the F1-Measure of the HDWI
model was lower, which was 0.847. The results of the NDWI; model were close to those
of the HDWI model, and its accuracy and F1-Measure were 0.959 and 0.844, respectively.
Although the accuracy of the NDWI, model was 0.936, its F1-Measure was the lowest value
of all methods, only 0.729, and the water extraction effect of the model was the worst. The
F1-Measure of K-means clustering was slightly better than the NDWI, model, and the
accuracy of 0.801 was the lowest value among several methods.

The images of water body extraction results of five algorithms were discussed, as
shown in Figure 6. Figure 6a is the initial water mark image of this area, and the water area
was covered with green. Figure 6b—f, respectively, show the results of water body extraction
by several methods, in which the areas where TP correctly detects water body, FP false
detection, and FN missed detected were marked with green, red, and blue, respectively,
and the areas where TN correctly detects background were displayed with the initial RGB
values of the image background.

Comparing the results of water extraction in Figure 6, it can be found that in the five
results in Figure 6b—f, there were more or less a few red and blue areas on both sides of
the river, which were consistent with the river boundary in Figure 6a. This was caused by
errors in manual boundary demarcation, that is, it was divided into inside or outside the
boundary, which could be ignored. In addition, because there were relatively many mixed
pixels at the edge, it would also have a certain impact on the extraction effect, and a small
number of misclassified areas appeared at the river boundary.

The PCA-NDWI model proposed in this paper has the lowest false detection rate
and missed detection rate for water bodies, as shown in Figure 6f. However, overall, the
extracted island areas in water have the problem of shrinking, that is, some island areas are
divided into water bodies, which has some false detection. At the same time, there was
a problem with missed detection in the upper right corner of the river in the five results
images, but the missed detection rate of the PCA-NDWI model was lower than other
methods. In the four results of Figure 6b—e, except for the results of the PCA-NDWI model,
there were a large number of missed detection areas in the water, most of which were
accompanied by small islands in the water or the edge of the river. The NDWI, model
had the highest missed detection rate, so it was difficult to accurately divide the boundary
between water and small islands.

Under the condition that the model parameters were fixed, the parameter stability and
precision reliability of the model in the same dynamic water area were investigated. The
remaining wide-area river sections not used for training in the study area were selected
for testing, and the accuracy and F1-Measure of the five models were calculated and the
results are summarized in Table 2.

From the comparison results of water extraction accuracy of the test river reach in
Table 2, it can be found that the accuracy of each water extraction method in the wide-area
test water area was lower than that in the training water area, but in general, the K-means
clustering model was the worst method among several methods. When the PCA-NDWI
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model was applied to a small part of the water area and extended to different dynamic river
sections of the same water area, the model parameters could maintain a relatively stable
state, and the accuracy of water extraction could be reliably maintained at a certain level.

TP
. P
Y

(d) (e) )

Figure 6. Comparison of extraction results of different water spectral indexes: (a) initial water mark
image, (b) NDWIy, (c) NDWI,, (d) HDWI, (e) K-means, and (f) PCA — NDWL

Table 2. Effect comparison of different water extraction methods in testing waters.

Methods Accuracy F,
NDWIy 0.913 0.794
NDWI, 0.881 0.736

HDWI 0.897 0.859
Kmeans 0.808 0.700

PCA — NDWI 0.953 0.912
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The overall effect image of the PCA-NDWI model proposed in this paper for water
body extraction in a coastal city study area in southern China is shown in Figure 7. Although
there were a few errors in water body boundary extraction, it was relatively complete. The
easily misclassified objects in the image could be separated accurately, and there were a
few missed detections and false detections in the division of some islands and meadows.

Figure 7. Overall effect image of water extraction in a coastal city study area in southern China.

The importance of accurate water extraction is not only manifested in the application
of dynamic monitoring of water area but also in the monitoring of wide-area water quality.
For lakes and seas, because of their wide water surface and large area, the accuracy of
their water quality analysis is not determined by the accurate extraction of water boundary
and aquatic plants, and the low proportion of false positives and false negatives will not
affect the reliability of subsequent water environment monitoring. Therefore, traditional
multispectral satellite remote sensing combined with the NDWI method can meet the
application requirements. Unlike the above-mentioned open waters, urban water bodies
are located in a special position, and urban water pollution is sudden and unpredictable. In
particular, sewage outfalls in most cities are located at the river boundary. Monitoring the
dynamic data of these outlets is an important step in maintaining river water quality [47],
so it is particularly important to extract the boundary of urban water bodies. Compared
with other methods, the method proposed in this paper has the lowest missed detection
rate, the clearest boundary extraction, and the highest integrity of water extraction, which
enhances the reliability of wide-area monitoring of urban water bodies to some extent.

3.3. Accuracy Analysis of Water Shadow Recognition

Water shadow is one of the main issues that affect the accuracy of water extraction.
Because of the spectral difference between water with shadow and water without shadow,
water shadow areas cannot be correctly divided into water areas. In view of this, in order
to evaluate the recognition and segmentation ability of the PCA-NDWI model proposed in
this paper, the HDWI and PCA-NDWI models, two methods with high accuracy, were used
to extract water from the hyperspectral data of a developed city in southern China, where
the water surface shadow problem was significant. The comparison results are shown in
Table 3.
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Table 3. Comparison of different water extraction methods.
Water Extraction Shadow Extraction in Water Shadow Area
Methods
Accuracy Fq Accuracy Fy
HDWI 0.885 0.929 0.632 0.483
PCA — NDWI 0.960 0.977 0.858 0.872

Table 3 shows the overall water extraction accuracy of the study area and the shadow
extraction accuracy of water shadow areas. It can be found that the PCA-NDWI model
was superior to the HDWI model in both the extraction accuracy of the overall water area
and the extraction accuracy of water shadow areas, in which the accuracy and F1-Measure
of the PCA-NDWI model for water shadow extraction were 0.858 and 0.872, respectively,
which were much higher than those of the HDWI model.

The water body and shadow extraction ability of the above-mentioned two methods
were discussed by using some images with water shadow. Figure 8a shows the RGB images
of some study areas with significant shadow problems. Figure 8b shows a manually marked
water image corresponding to this part of the area, in which the green area is a water body
without shadow, and the orange area is a water body with the shadow of trees on the shore
or weeds at the bottom of the river. Figure 8c,d show the water body extraction effect
images of the HDWI and PCA-NDWI models, respectively. The TP area, FP false detection
area, and FN missed detection area are marked with green, red, and blue, and the TN area
is displayed with the initial RGB value of the image background area.

P water body without shadow [l Water body with shadow [l &N Bl -

(d)

Figure 8. Initial marker image and water extraction effect map in the study area: (a) initial RGB

image, (b) water mark image, (c) HDWI water extraction effect image, and (d) PCA-NDWI water
extraction effect image.

Comparing Figure 8c,d, it can be found that there was a significant problem of missed
detection in the HDWI model’s water body extraction, and most areas in the water shadow
range could not be correctly divided into water bodies, as shown in the blue area in
Figure 8c. However, the PCA-NDWI model had a good ability to divide water shadows
into water bodies, but this method also had some false detection problems, that is, a small
amount of background was divided into water bodies, as shown in the red area in Figure 8d.

3.4. Limitations of Application Scenarios with Insufficient Sunlight

Through the experiments described above, the advantages of the water extraction
model proposed in this paper were verified in a complex urban environment. However,
in the experiments, we found that when the UAV hyperspectral images were obtained,
poor lighting conditions had a certain impact on the performance of the subsequent water
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extraction model. Taking the local study area in the lower part of the third image in Figure 7
as an example, the RGB image and water extraction image of this part are shown in Figure 9.

—— FP area
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Figure 9. Initial marker image and water extraction effect map in the study area: (a) RGB image of
the local study area, (b) image of water extraction effect of the corresponding area, and (c) mean and
standard deviation curves of Digital Number in FP area and water area.

The RGB image in Figure 9 contains two typical areas: the light-filled area and the light-
deficient area. Although we selected clear and cloudless weather and fixed low-altitude
angles to reduce the influence of light factors on the model when acquiring the UAV
hyperspectral image, there are still some shady areas blocked by high-rise buildings in the
acquired image. Due to the lack of illumination, a small number of dark surface targets in
the shady areas were further deepened. By comparing the average and standard deviation
curves of the original Digital Number of FP area (red) and water area (green) in the water
extraction image, it can be found that the average of the two areas is highly similar, which
leads to some false positive problems in this part of the dark surface area in the model.
Therefore, the performance of the proposed model is reduced in application scenarios with
poor lighting conditions, and the pre-processing steps of UAV hyperspectral images in
application scenarios with cloud cover and building shadows need to be further improved.

4. Conclusions

Water extraction is the key to remote sensing monitoring of water environments, which
plays an indispensable role in water quality monitoring, water pollution early warning,
and water environment management evaluation. In this study, based on the hyperspectral
remote sensing data images of an urban UAV, an accurate extraction model of hyperspectral
remote sensing water body combining PCA and the NDWI model was constructed. The
PCA-NDWI model improved the applicability of the traditional spectral index algorithm
in complex urban areas and provided standardized data input for accurate inversion of key
monitoring indicators of urban water bodies. In the experiments conducted in this study;,
the effects of the PCA-NDWI, NDWI, HDWI, and K-means models on water extraction in
complex urban areas of a coastal city in southern China were compared. The PCA-NDWI
model had the highest accuracy and F1-Measure, which were 0.953 and 0.912, respectively.
At the same time, we discussed the water shadow extraction effect of the PCA-NDWI
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model in a developed city study area in southern China with a significant water shadow
problem, and its accuracy and F1-Measure were 0.858 and 0.872, respectively, which were
superior to other methods. This result further verified the universality of the proposed
research model and effectively solved the problem of the existing spectral index method
for water body extraction being inefficient for urban complex water bodies. The results
demonstrated that the PCA-NDWI model proposed in this paper can accurately obtain
effective information on hyperspectral bands for the construction of a spectral index model.
Moreover, it was shown that the model can accurately distinguish water bodies from other
ground objects in the case of complex environments around a city, many weeds in water,
and significant shadow interference on water surfaces.

In general, the extraction accuracy of the model was within a reasonable range. In
this study, two representative China cities with high land utilization rates were selected
as the research areas; however, the universality of the model in terms of applicability to
other cities and environments needs to be further verified. In order to solve this problem,
the data set will be further expanded in the future in order to improve the data extraction
accuracy of the PCA-NDWI extraction model for urban water bodies.
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