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Abstract: Surface water is a crucial part of terrestrial ecosystems and is crucial to maintaining ecosystem
health, ensuring social stability, and promoting high-quality regional economic development. The surface
water in the Yellow River Basin (YRB) has a high sediment content and spatially heterogeneous sediment
distribution, presenting a significant challenge for surface water extraction. In this study, we first analyze
the applicability of nine water indexes in the YRB by using the Landsat series images (Landsat 5, 7, 8) and
then examine the correlation between the accuracy of the water indexes and suspended particulate matter
(SPM) concentrations. On this basis, we propose a surface water extraction method considering the SPM
concentrations (SWE-CSPM). Finally, we examine the dynamic variations in the surface water in the YRB at
four scales: the global scale, the secondary water resource zoning scale, the provincial scale, and the typical
water scale. The results indicate that (1) among the nine water indexes, the MBWI has the highest water
extraction accuracy, followed by the AWEInsh and WI2021, while the NDWI has the lowest. (2) Compared
with the nine water indexes and the multi-index water extraction rule method (MIWER), the SWE-CSPM
can effectively reduce the commission errors of surface water extraction, and the water extraction accuracy
is the highest (overall accuracy 95.44%, kappa coefficient 90.62%). (3) At the global scale, the maximum
water area of the YRB shows a decreasing trend, but the change amount is small. The permanent water area
shows an uptrend, whereas the seasonal water area shows a downtrend year by year. The reason may be
that the increase in surface runoff and the construction of reservoir projects have led to the transformation
of some seasonal water into permanent water. (4) At the secondary water resource zoning scale, the
permanent water area of other secondary water resource zonings shows an increasing trend in different
degrees, except for the Interior Drainage Area. (5) At the provincial scale, the permanent water area of all
provinces shows an uptrend, while the seasonal water areas show a fluctuating downtrend. The maximum
water area of Shandong, Inner Mongolia Autonomous Region, and Qinghai increases slowly, while the
other provinces show a decreasing trend. (6) At the typical water scale, there are significant differences in
the water area variation process in Zhaling Lake, Eling Lake, Wuliangsuhai, Hongjiannao, and Dongping
Lake, but the permanent water area and maximum water area of these waters have increased over the past
decade. This study offers significant technical support for the dynamic monitoring of surface water and
helps to deeply understand the spatiotemporal variations in surface water in the YRB.

Keywords: surface water extraction; surface water spatiotemporal variation; Yellow River Basin;
suspended particulate matter
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1. Introduction

Surface water serves as a critical component of terrestrial ecosystems, which is essential
for maintaining ecosystem health, ensuring social stability, and promoting high-quality
regional economic development. The spatial pattern of global surface water has undergone
significant changes primarily due to climate change and human activities’ impact [1].
Previous studies have indicated that the global permanent water area has decreased by
90,000 km2 over the past few decades, with over 70% of this loss concentrated in the Middle
East and Asia [2]. Due to dam construction and water conservation policies, China’s
surface water area has increased by 9110 km2 from 2000 to 2015 [3–5]. This indicates that
although global water areas are generally decreasing, different regions exhibit varying
trends. Extreme changes in surface water area often lead to severe water resource issues
(such as floods, droughts, etc.), constrain regional economic development, and endanger
people’s lives and property safety [6]. Therefore, regional monitoring of surface water area
changes is essential to mitigate the risks posed by extreme water issues.

Multi-spectral satellite remote sensing images have the advantages of large scale, low
cost, and repeated observation, providing valuable data sources for the dynamic monitoring
of surface water [7,8]. Compared to traditional site monitoring, remote sensing technology
is more conducive to continuous surface water monitoring from a spatial perspective [6].
The water index method is widely used in surface water extraction based on remote sensing
images [9]. The method is based on the principle that with the increase in the wavelength,
water reflectance gradually decreases, with a higher reflectance observed in the blue-green
band and lower reflectance in the infrared band. The Normalized Difference Water Index
(NDWI) serves as the first water index leveraging the normalized difference between the
green and near-infrared bands [10]. Numerous studies indicate that the NDWI has a good
effect on water extraction in areas with high vegetation coverage but performs poorly
in complex urban scenes [11]. To address the challenges, Xu [12] modified the NDWI
by replacing the near-infrared band with the mid-infrared band. Water exhibits a lower
reflectance in the mid-infrared and shortwave infrared bands, which is more effective than
using the near-infrared band and shortwave infrared bands in the area covered with urban
scenes. Previous studies have explored the applicability of the MNDWI in non-urban
scenarios, and the results show that the MNDWI can easily misidentify snow, ice, and
mountain shadows as surface water. Yan et al. [13] introduce a water–background linear
mixed simulation based on the MNDWI for arid areas with sand, bare soil, and vegetated
inland river. They propose the enhanced water index (EWI) to solve the problem of water
extraction in arid river areas. To tackle shadow interference, Feyisa et al. [14] propose
the Automated Water Extraction Index (AWEI), consisting of two forms: the AWEInsh
and AWEIsh. The AWEIsh can effectively distinguish between water and shadow. Fisher
et al. [11] construct the WI2015 by the linear discriminant analysis of surface reflectance
data. Although this water index has a high extraction accuracy for Australia, its accuracy for
other regions is still unknown. Wang et al. [15] constructed the MBWI, which significantly
improves the water extraction accuracy in mountainous regions by mitigating mountain
shadows. Hu et al. [16] explore the spectral characteristics of water with different sediment
contents, and construct the WI2021. This method extracts water by enhancing water signals
and suppressing reflectance differences in other ground objects based on the low-reflectance
characteristics of water in the blue, green, red, near-infrared, and shortwave infrared bands.
Wu et al. [17] construct the ratio water index (RWI), which can eliminate the influence of
mixed pixels to a certain extent and make the water–land boundary more obvious.

Although a large number of water indexes have been proposed, each water body
index has its own advantages and disadvantages, and no one water index can be applied
to all scenarios with perfect performance. Many studies have integrated multiple water
indexes to construct water extraction schemes, giving full play to the advantages of multiple
water indexes and suppressing the disadvantages of each water index [18,19]. The most
commonly used water extraction scheme in mid-latitude regions is the multi-index water
extraction rule (MIWER) from Zou et al. [20]. This scheme combines a vegetation index
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and water index according to a logical relationship. It limits the impact of vegetation on
water through rules, greatly improves the accuracy of water, and has a better extraction
effect on areas dominated by vegetation.

Machine learning classification methods, including supervised classification (such as
K-Nearest Neighbors [21], Support Vector Machines [22–24], and Decision Trees/Random
Forests [7,24–26]), and unsupervised classification (such as K-Means [27], Iterative Self-
Organizing Data Analysis Technique [28], Density-Based Clustering [29], and Hierarchical
Dynamic Clustering [30,31]), are another widely used approach for surface water extrac-
tion. Compared to unsupervised classification methods, supervised classification methods
achieve higher water extraction accuracy. However, they rely on training samples, and
their accuracy is highly dependent on the quality of these samples [32]. Therefore, how to
quickly obtain high-quality training samples has become an important research direction
for supervised classification-based surface water extraction. Recent studies frequently
incorporate auxiliary data sources, such as OpenStreetMap (OSM) and surface water data
products, to expedite the acquisition of training samples. For example, Zhang et al. [33]
established an automatic water sample collection model based on OSM, which can au-
tomatically obtain high-precision water samples. With the rapid development of image
recognition and classification methods, deep learning methods (such as convolutional neu-
ral networks [34,35], fully convolutional networks [36–38], U-Net [35,39], DeepLab [40,41],
generative adversarial networks [24,42], and self-organizing maps [43]) are increasingly
used in surface water extraction. These methods demonstrate strong recognition capabili-
ties and high accuracy in water extraction. However, they require massive training samples
and are complex and difficult to understand [44,45].

Overall, both water index methods and machine learning classification techniques
have their respective advantages and limitations in water extraction. The water index can
effectively extract water bodies through simple and easy band calculations. Therefore, its
universality is deeply restricted by the mechanism. Additionally, determining the global
optimal threshold is often challenging for large-scale surface water extraction due to the
complexity of water spectral characteristics [46]. Machine learning classification methods
have high water extraction accuracy, but these methods require researchers to have prior
knowledge and collect training samples in advance. Therefore, for simpler scenes, it is ad-
visable to use the water index method. However, the most appropriate water index should
be carefully selected beforehand. In complex scenarios with significant heterogeneity in
water spectral features, it is advisable to employ machine learning classification methods.
In addition, we can also first transform the complex scenario into multiple simple scenarios
and then extract surface water with an appropriate water index for each scenario.

Suspended particulate matter (SPM) in water refers to substances that are insoluble in
water such as sediments, organic matter, and microorganisms, which can directly affect the
water environment and water ecology. Compared with clean surface water, the spectral
reflectance of water with a high SPM concentration shows a parabolic shape, with a trend
of first increasing and then decreasing. And with the increase in the suspended particulate
matter concentration, the reflectance peak shifts towards longer wavelengths, and the
reflectance peak increases. According to the water index construction mechanism, the
sensitivities to the SPM concentrations of different water indexes are different. Therefore,
for areas with large spatial heterogeneity and a high SPM concentration, the water should
first be classified according to the SPM concentration, and then the appropriate water index
should be selected for each water type. Many studies have constructed SPM inversion
methods and verified them with measured data. At present, the optical image inversion
method mainly uses the red band reflectance value and the green band reflectance ratio or
the near-red band reflectance value and the green band reflectance ratio. For example, the
method used by Liu et al. [47] to invert the Yellow River Estuary achieved high accuracy.

The Yellow River is the fifth-longest river in the world, flowing through the Qinghai–
Tibet Plateau, the Loess Plateau, and the North China Plain. The Yellow River accounts
for only 2% of China’s river runoff, but it needs to supply 12% of China’s population with
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water for production and domestic use and 15% of agricultural water for arable land [48].
Therefore, there is a severe contradiction between water supply and demand in the Yellow
River Basin (YRB). Scientifically understanding the dynamic variations in surface water
can provide available information for water resource management, agricultural water
planning, and water resource optimization, significantly alleviating the supply–demand
contradiction [49]. The characteristics of a large sediment content and spectral heterogeneity
of surface water in the YRB pose significant challenges to surface water extraction [50].
Previous studies have established multi-index water extraction rules to achieve long-term
water dynamic monitoring in the YRB, providing available information to understand the
dynamic variation in surface water [3,19,51,52]. However, these methods typically rely on
global segmentation thresholds and water extraction rules and have not considered the
unique turbid surface water conditions of the YRB, resulting in numerous errors in surface
water extraction. Additionally, the existing surface water dynamic monitoring research in
the YRB lacks multi-scale comparative analysis.

Given this, this study fully considers the unique surface water characteristics of
the YRB and establishes a surface water extraction method considering the suspended
particulate matter concentration (SWE-CSPM) based on the concept of classification and
grading. In addition, this study clarifies the surface water dynamic variation (1991–2023)
in the YRB from four scales: the global scale, the secondary water resource zoning scale,
the provincial scale, and the typical water bodies scale. The primary goals of this study
are as follows: (1) verify the applicability of nine water indexes in the YRB. (2) Reveal the
relationship between the SPM concentration and the water extraction accuracy of each
water index and establish a surface water extraction method that accounts for the SPM
concentration. (3) Describe the multi-scale surface water area changes in the YRB. This
study provides an effective method for surface water extraction from multi-sediment rivers,
and an important decision support for water resources management in the YRB.

2. Materials and Methods
2.1. Study Area

The Yellow River originates in the Bayan Har Mountains on the Qinghai–Tibet Plateau
and flows eastward through Qinghai, Sichuan, Gansu, Ningxia Hui Autonomous Region,
Inner Mongolia Autonomous Region, Shaanxi, Shanxi, Henan, and Shandong provinces,
ultimately emptying into the Bohai Sea. The YRB spans approximately 5464 km and pro-
vides sufficient irrigation, revered as the cradle of Chinese civilization. It has 220 tributaries
covering an area of 795,000 km2. The mainstream is divided into upper, middle, and lower
reaches according to the locations of Hekou Town and Taohuayu. The western source
region is on the Qinghai–Tibet Plateau, with relatively high terrain covered with mountain-
ous ice and snow landscapes. The central region lies on the Loess Plateau, with elevations
between 1000 and 2000 m. It is prone to severe soil erosion, contributing to the main source
of sediment in the Yellow River. The eastern region is part of the North China Plain, with
an average elevation below 100 m. The YRB is divided into eight secondary water resource
zonings based on topography and climate: Above Longyangxia, Longyangxia to Lanzhou
City, Lanzhou City to Hekou Town, Hekou Town to Longmen County, Longmen County to
Sanmenxia, Sanmenxia to Huayuankou, Below Huayuankou, and Interior Drainage Area
(Figure 1). The YRB is one of the most severely eroded areas globally, with soil erosion
affecting approximately 454,000 km2, of which wind erosion affects about 117,000 km2

and water erosion about 337,000 km2. According to hydrological statistics from the Tong-
guan hydrological station, the annual average sediment transport from 1987 to 2020 was
466 million tons, with a sediment concentration of 18.1 kg/m3. Serious soil erosion has
transformed the Yellow River into a world-famous river with heavy sediment [53].
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Figure 1. Study area in the YRB. (a) is the DEM of the Yellow River Basin, (b) is the secondary
zoning map of the Yellow River Basin water resources, (c) is a schematic diagram of the Yellow River
mainstream of the Yellow River Basin, and (d) is a provincial map of the Yellow River Basin.

2.2. Data
2.2.1. Remote Sensing Imagery

The Google Earth Engine (GEE) platform is used for data analysis and algorithm
implementation. The Landsat series Tier 1 image collections are selected covering the YRB
from 1991 to 2023 (a total of 70,642 scenes from Landsat 5, Landsat 7, and Landsat 8). In
these images, the F-mask algorithm is used to eliminate invalid observation pixels, while
the LEDAPS algorithm and LaSRC algorithm are used for atmospheric correction and
geometric correction. In this study, auxiliary data (the Digital Elevation Model, DEM, and
Sentinel 2) are chosen for further identification. The spatial resolution of the DEM is 30 m
to eliminate the impact on mountain shadows. The JRC Dataset and Sentinel 2 image assist
in sample collection and the evaluation of water extraction accuracy.

Figure 2 shows the spatial distribution of valid observations at the pixel scale for
the YRB from 1991 to 2023. The northern part of the YRB has significantly more valid
observations than the southern part, especially in the overlapping satellite areas. This is
primarily due to the high latitude and mountainous terrain of the source region, which is
more susceptible to cloud cover. Figure 3 displays the area proportion of valid observation
counts for each year. Before 2000, the number of valid observations in most areas of the
YRB is between 5 and 20. After 2000, this number is between 11 and 40, except for 2012.

2.2.2. Sample Point Selection

Following a stratified random sampling principle, more than 2900 samples (Figure 4)
are visually interpreted and supplemented with Sentinel-2 MSI imagery and JRC data.
These samples combine with 12 land cover types, including high-reflectance buildings,
low-reflectance buildings, lakes/reservoirs, water in the upper reaches of the YRB, water
in the middle reaches of the YRB, water in the lower reaches of the YRB, clouds, snow,
building shadows, bare land, other shadows, and vegetation. For buildings, when selecting
sample points, white, red, and bright blue buildings in the image are regarded as high-
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reflective building elements. Dark gray and gray buildings in the image are regarded as
low-reflective building elements.
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Figure 4. Spatial distribution of samples. For the subsequent accuracy evaluation, the study adopts a
binary classification system (water and non-water).

Figure 5 shows the spectral characteristics of different land cover types. The water
reflectance of the lower reaches is slightly higher than that of the upper reaches, middle
reaches, and lake water. The reflectance peak of the lower reaches water is in the near-
infrared band (Figure 5c), whereas the peaks for the upper reaches (Figure 5a) and middle
reaches (Figure 5b) are in the red band, and for lakes and reservoirs (Figure 5d), in the
green band. It can be inferred that the spectral reflectance of water increases with a
higher sediment content, and the wavelength corresponding to the peak reflectance also
increases. Shadows (Figure 5e,f) share similar spectral characteristics with water but exhibit
a slightly lower reflectance. The spectral reflectance of vegetation (Figure 5g), bare land
(Figure 5h), high-reflectance buildings (Figure 5l), low-reflectance buildings (Figure 5i),
clouds (Figure 5j), and snow (Figure 5k) is significantly higher than that of water.
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Figure 5. Spectral characteristics of different land cover types. Coast, Blue, Green, Red, NIR, SWIR1,
and SWIR2 are the names of Band1-Coast aerosol, Band2-Blue, Band3-Green, Band4-Red, Band5-
Near Infrared (NIR), Band6-Shortwave Infrared (SWIR)1, and Band7-Shortwave Infrared (SWIR)2 in
Landsat 8 images, respectively.
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3. Methods

Figure 6 presents the technical framework of this study, which consists of three parts:
(1) analyze the relationship between the water index extraction accuracy and SPM concentra-
tion. Nine typical water indexes are selected for comparative analysis of their applicability
in the YRB, and the correlation between the extraction accuracy of these indexes and SPM
concentration is examined. (2) Establish a water extraction method considering the SPM
concentration (SWE-CSPM). The SWE-CSPM is constructed according to the principle of
classification and grading. Spectral characteristics and terrain slope are used for post-
processing. (3) Multi-scale dynamic monitoring of surface water in the YRB. The surface
water dataset of the YRB from 1991 to 2023 is made using the SWE-CSPM, and the water
inundation frequency (WIF) model serves as an indicator to divide permanent, seasonal,
and maximum water year by year. The dynamic changing characteristics of the surface
water are analyzed from the global scale, the secondary water resource zoning scale, the
provincial scale, and the typical water scale.
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Figure 6. A flowchart of this study.

3.1. Water Indexes

Nine water indexes (NDWI, MNDWI, AWEInsh, AWEIsh, MBWI, WI2015, WI2021,
RWI, and EWI) are selected to explore their applicability in the YRB. The details of the
calculation for each water index are presented in Table 1.

Table 1. The nine water indexes selected in this study and their originations.

Water Index Eq
Id Reference

NDWI = ρGreen−ρNIR
ρGreen+ρNIR

(1) McFeeters et al. (1996) [10]

MNDWI = ρGreen−ρMIR
ρGreen+ρMIR

(2) Xu (2005) [12]
AWEIsh = 4 × (ρGreen − ρSWIR1)− 0.25 × ρNIR − 2.75 × ρSWIR2 (3) Feyisa et al. (2014) [14]
AWEInsh = ρBlue + 2.5 × ρGreen − 1.5 × (ρNIR + ρSWIR1)− 0.25 × ρSWIR2 (4)
MBWI = 2 × ρGreen − ρRed − ρNIR − ρSWIR1 − ρSWIR2 (5) Wang et al. (2018) [15]
WI2021 =

ρBlue+ρGreen+ρRed−ρNIR−ρSWIR1−ρSWIR2
ρBlue+ρGreen+ρRed+ρNIR+ρSWIR1+ρSWIR2

(6) Hu et al. (2022) [16]
WI2015 = 1.7204 + 171 × ρGreen + 3 × ρRed − 70 × ρNIR − 45 × ρSWIR1 − 71 × ρSWIR2 (7) Fisher et al. (2016) [11]
RWI = ρGreen+ρRed−2×ρNIR−ρSWIR2

ρGreen+ρRed+2×ρNIR+ρSWIR2
(8) Wu et al. (2022) [17]

EWI = ρGreen−ρSWIR1+0.1
ρGreen+ρSWIR1

×
(

ρNIR−ρRed
ρNIR+ρRed

+ 0.5
)

(9) Wang et al. (2007) [13]

Notes: The labels of “ρBlue”, “ρGreen ”, “ρRed”, “ρNIR”, “ρMIR”, and “ρSWIR” represent the reflectance of blue,
green, red, near-infrared, middle infrared, and short-wavelength infrared bands in Landsat series images.
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3.2. SPM Concentration Retrieval

The SPM concentration is a crucial water quality parameter that is closely related to the
spectral characteristics of water bodies. The SPM in the YRB is mainly suspended sediment.
The SPM concentration inversion algorithm proposed by Liu et al. [47] is adopted in this
study. The algorithm has been successfully applied to the inversion of SPM in the Yellow
River Estuary [54]. The calculation model is as follows:

SPM = 100.5897× ρRed
ρGreen

+0.9864× ρNIR
ρGreen

+1.3166 (10)

where SPM represents the suspended particulate matter concentration, while ρGreen, ρRed,
ρNIR represent the surface reflectance of Band3-Green, Band4-Red, Band5-Near Infrared
(NIR) in the Landsat 8 images, respectively.

Figure 7 shows the spatial distribution of the SPM concentration in the surface water
of the YRB in 2021. Statistical analysis indicates that the water in the lower reaches has the
highest SPM concentration (average 970 mg/L), followed by that in the middle reaches
(average 700 mg/L), and the water in the upper reaches has the lowest concentration
(average 630 mg/L).
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Figure 7. The spatial distribution of SPM concentration in surface water in 2021. The SPM concentra-
tion ranges from 0 to 10,000 mg/L in the YRB. However, that in lakes, reservoirs, and other water is
lower than that in rivers.

3.3. Surface Water Extraction Method Considering SPM

The variation curves of different water indexes and SPM concentrations are illustrated
in Figure 8. It is evident that the extraction accuracy of all water indexes decreases sig-
nificantly with the increasing SPM. When the SPM is in the range of [0, 102.8], all nine
indexes achieve high extraction accuracy. Among them, the MBWI has the highest accuracy.
When the SPM is in the range of (102.8, 103.1], the extraction accuracy of the NDWI and
MBWI decreases significantly. Among them, the WI2021 has the highest accuracy. When
the SPM is in the range of (103.1, 104], the AWEInsh significantly outperforms the other
water indexes.
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Based on the relationship between the extraction accuracy of each water index and
SPM concentration, the SWE-CSPM is proposed. The model is as follows:

SWESPM =


MBWI ≥ −0.15

(
0 ≤ SPM ≤ 102.8)

WI2021 ≥ 0.04
(
102.8 ≤ SPM ≤ 103.1)

AWEInsh ≥ 0.05
(
103.1 ≤ SPM ≤ 104) (11)

When the SPM concentration of surface water is in the range of [0, 102.8], surface water
is identified based on the index model MBWI ≥ −0.15. When the SPM concentration
is in the range of (102.8, 103.1], the index model WI2021 ≥ 0.04 is used. When the SPM
concentration is in the range of (103.1, 104], the index model AWEInsh ≥ 0.05 is used. These
threshold parameters are determined by repeated tests.

Although this scheme can largely eliminate the interference of buildings and vege-
tation on water extraction, snow and mountain shadows are still easily misidentified as
water. To solve these interference factors, this study constructs post-processing rules based
on the spectral characteristics of different land cover types in Section 2.2.2. High-reflective
features are excluded using the rule that the spectral reflectance of the red, green, and blue
bands is less than 0.3. Furthermore, we exclude mountain shadows by applying the slope
rule of less than 8◦, which is in line with existing research findings.

3.4. Accuracy Evaluation

In order to scientifically evaluate the extraction accuracy of the water index, this
study adopts the traditional accuracy evaluation criteria based on a confusion matrix,
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including the overall accuracy (OA), kappa coefficient (kappa), commission errors (CEs),
and omission errors (OEs). These formulas are as follows:

OA =
∑ Oii

N
(12)

Kappa =

∑k
i=1 Oii

N − ∑k
i=1

(
∑k

j=1 Oij
N · ∑k

j=1 Oji
N

)
1 − ∑k

i=1

(
∑k

j=1 Oij
N · ∑k

j=1 Oji
N

) (13)

CEi =
∑k

j=1j ̸=i Oji

∑k
j=1 Oji

(14)

OEi =
∑k

j=1j ̸=i Oij

∑k
j=1 Oij

(15)

where O represents the confusion matrix, N represents the total number of samples, Oij
represents the element in the i-th row and j-th column of the confusion matrix, Oji represents
the element in the j-th row and i-th column of the confusion matrix, and k is the number
of categories.

In addition, this study also combines the MIWER by Zou et al. [19] for verification.
The formula of MIWER is as follows:

MIWER = ((MNDWI > EVI) or (MNDWI > NDVI)) and (EVI < 0.1)
EVI = 2.5 × ρNIR−ρRed

ρNIR+6×ρRed−7.5×ρBlue+1

NDVI = ρNIR−ρRed
ρNIR+ρRed

(16)

among those, MNDWI is the water index, EVI and NDVI are the vegetation indexes. ρBlue,
ρRed, ρNIR represent the reflectance of the blue, red, and near-infrared bands in the Landsat
series images, respectively.

3.5. Water Inundation Frequency (WIF)

The WIF is a universal indicator that can monitor long-term changes in water. The
WIF refers to the proportion of the number of times a pixel is judged to be water in a year
to the total number of valid observations in that year. This study uses the WIF to classify
surface water bodies into the largest, permanent, and seasonal water. The WIF is usually
expressed as a percentage, and the calculation formula is shown below:

WIF =
W
N

× 100% (17)

where W represents the count of a pixel identified as water. N represents the count of
valid observations for a pixel in a year. Based on the existing research [52,55,56], the
WIF > 25%, 25% < WIF ≤ 75%, WIF ≥ 75% and are defined as the maximum, seasonal,
and permanent water, respectively.

4. Results
4.1. Water Extraction Accuracy

Based on the synthetic images in 2021, Appendix A Figure A1 illustrates the surface
water extraction of various methods. Table 2 presents the water extraction accuracy. Among
the nine water indexes, the MBWI demonstrates the highest accuracy, followed by the
AWEInsh and WI2021, while the NDWI shows the lowest accuracy. Compared with the
nine water indexes and the MIWER [19,55], the SWE-CSPM achieves the highest accuracy.
The detailed information on the SWE-CSPM extraction accuracy is that the overall accuracy
(OA) is 95.44% and the kappa coefficient is 90.65%. The overall accuracy of the SWE-CSPM
increases by 2.84% and 1.44% compared to the MBWI and MIWER, respectively, while
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the kappa coefficient increases by 5.64% and 2.88%. Notably, both the SWE-CSPM and
the MIWER significantly reduce the commission error (CE), albeit with a slight increase
in the omission error (OE). The reason for this improvement may be that the utilization
of slope data and spectral characteristics of ground features in the post-processing stage
effectively decreases the interference of high-reflective features and mountain shadows. To
further validate the effectiveness of our approach, we also evaluate the accuracy before post-
processing. The overall accuracy, kappa coefficient, commission error (CE), and omission
error (OE) are 94.00%, 87.74%, 6.59%, and 7.45%, respectively. Both the overall accuracy
and kappa coefficient exceed those of the individual water indexes, indicating that the
proposed SWE-CSPM can effectively improve the extraction accuracy of surface water in
the YRB.

Table 2. Extraction accuracy of surface water based on 2021 synthetic images using various methods.

Water Extraction Method Overall Accuracy Kappa Commission Error Omission Error

AWEInsh 91.71% 83.18% 11.76% 6.95%
AWEIsh 90.92% 81.52% 11.72% 9.13%

EWI 91.31% 82.33% 11.43% 8.46%
MBWI 92.60% 84.98% 10.35% 6.45%

MNDWI 91.49% 82.79% 12.70% 6.20%
NDWI 85.85% 71.75% 21.59% 7.54%
RWI 86.82% 73.61% 20.01% 7.62%

WI2015 91.45% 82.65% 11.70% 7.71%
WI2021 91.53% 82.81% 11.80% 7.37%

SWE-CSPM 95.44% 90.62% 2.58% 8.21%
MIWER 94.00% 87.74% 6.59% 7.45%

Figure 9 illustrates the water extraction of various methods in high mountainous
regions (Scenario 1). This region is located at the source of the Yellow River, and the ice–
snow and mountain shadows are the main interference factors for surface water extraction.
It is obvious that the SWE-CSPM outperforms the nine water indexes and the MIWER,
effectively decreasing the misclassification of shadow and ice–snow features as water.
Figure 10 shows the water extraction of various methods in urban regions (Scenario 2).
This region exhibits complex surface features with significant interferences, such as high-
reflective buildings, low-reflective buildings, and building shadows. The SWE-CSPM
demonstrates the most effective water extraction method, whereas the NDWI and AWEIsh
performed poorly, with numerous ground objects misclassified as water. The water areas
of the full image, Scenario 1, and Scenario 2 are shown in Figure 11.

4.2. Surface Water Area Changes in the YRB
4.2.1. Surface Water Area Changes at the Global Scale in the YRB

Figure 12 illustrates the area changes in the maximum, permanent, and seasonal water
at the global scale of the YRB from 1991 to 2023. It is evident that the maximum water
has exhibited a fluctuating downward trend during the study period, but the decreasing
range is small. The area of permanent water initially decreases (1991–2001) and then
increases (2001–2023), showing an overall uptrend. The seasonal surface water area exhibits
a downtrend, with a reduction of 624 km2 by 2023 compared to 1991. The average annual
maximum water area is 8414 km2, accounting for only 1.05% of the total area of the YRB,
which is significantly lower than that in the Yangtze River Basin (approximately 2%) [56]
and Hai River Basin (approximately 1.3%) [57]. This indicates that the visible surface water
in the YRB is relatively small, closely due to the region’s climatic characteristics of low
precipitation and high evaporation. The average annual areas of permanent and seasonal
water are 4662 km2 and 3751 km2, respectively, comprising 55% and 45% of the maximum
surface water area, indicating that permanent water dominates in the YRB.



Water 2024, 16, 2704 13 of 24Water 2024, 16, 2704 13 of 25 
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Figure 9. Surface water extraction of various methods in high mountain regions. The red circle is the
area of ice–snow and the green circle is the area of shadow. (a) Landsat 8 true colour images of the
area. (b–l), respectively the extraction effect of SWE-CSPM MIWER, AWEInsh, AWEIsh, EWI, MBWI,
MNDWI, NDWI, RWI, WI2015 and WI2021.
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Figure 10. Surface water extraction of various methods in urban areas. The purple circle is the area 
of buildings. (a) Landsat 8 true colour images of the area. (b–l), respectively the extraction effect of 
SWE-CSPM MIWER, AWEInsh, AWEIsh, EWI, MBWI, MNDWI, NDWI, RWI, WI2015 and WI2021. 

Figure 10. Surface water extraction of various methods in urban areas. The purple circle is the area
of buildings. (a) Landsat 8 true colour images of the area. (b–l), respectively the extraction effect of
SWE-CSPM MIWER, AWEInsh, AWEIsh, EWI, MBWI, MNDWI, NDWI, RWI, WI2015 and WI2021.
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Figure 12. Surface water area changes in maximum, permanent, and seasonal water at the global
scale in the YRB (1991–2023). The black curve and dashed line represent the area change trend and
linear fitting relationship of the maximum water; the red curve and dashed line represent the area
change trend and linear fitting relationship of the permanent water; the blue curve and dashed line
represent the area change trend and linear fitting relationship of the seasonal water.

4.2.2. Surface Water Area Changes at the Secondary Water Resource Zoning Scale

Water resource zoning refers to the scientific division of water resources in a certain
area based on the natural distribution characteristics of water resources, social and eco-
nomic conditions, and ecological and environmental needs. Figure 13 shows the maximum,
permanent, and seasonal water area changes for each secondary water resource zoning. The
maximum surface water area at the secondary water resource zoning scale of the YRB is as
follows: Above Longyangxia > Lanzhou City to Hekou Town > Below Huayuankou > Long-
men County to Sanmenxia > Longyangxia to Lanzhou City > Sanmenxia to Huayuankou >
Hekou Town to Longmen County > Interior Drainage Area. Above Longyangxia has the
largest maximum surface water area, due to it being a major water-producing area with
abundant water resources and widespread rivers and lakes. The Interior Drainage Area has
the smallest water area, primarily due to it being part of the Mu Us Desert, characterized
by an arid climate with low precipitation and high evaporation.

Except for the Interior Drainage Area, the permanent surface water area in other
secondary water resource zonings increases slowly to varying degrees, with the growth
rate from large to small as follows: Above Longyangxia > Lanzhou City to Hekou Town
> Be-low Huayuankou > Longmen County to Sanmenxia > Sanmenxia to Huayuankou
> Hekou Town to Longmen County > Longyangxia to Lanzhou City > Interior Drainage
Area. The growth rate ranges from 0 to 12 km2/a. Overall, the western and southern
secondary water resource zonings exhibit higher growth rates of permanent surface water
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area compared to the central and northern zonings. Seasonal surface water areas in all
secondary water resource zonings show a fluctuating downward trend, and the downward
rate of Longmen County to Sanmenxia is the highest. In 2022, the seasonal surface water
areas in Lanzhou City to Hekou Town and the Interior Drainage Area exhibit sudden
increases, which are likely due to significant precipitation increases in the northwest region
of the YRB.
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Figure 13. Surface water area changes in maximum, permanent, and seasonal surface water for
each secondary water resource zoning (1991–2023). (a–h) respectively represent the three statistical
water areas in Longyangxia to Lanzhou City, Lanzhou City to Hekou Town, Interior Drainage Area,
Above Longyangxia, Hekou Town to Longmen County, Longmen County to Sanmenxia, Sanmenxia
to Huayuankou and Be-low Huayuankou.

4.2.3. Surface Water Area Changes at the Provincial Scale

Figure 14 illustrates the changes in the maximum, permanent, and seasonal water areas
for the nine provinces within the YRB. It is crucial to note that the provinces considered
in this study only represent the areas within the YRB, not the entire provincial units. It is
evident that, for the maximum surface water, only Shandong Province, Inner Mongolia
Autonomous Region, and Qinghai Province exhibit a slow increase from 1991 to 2023. Other
provinces show a downtrend, with Shaanxi Province having the highest rate of decrease.
For permanent surface water, all provinces exhibit a trend of increasing in different degrees,
with Qinghai Province having the highest growth rate at 15.16 km2/a. Sichuan Province
has the smallest water area and the smallest annual growth rate of only 0.096 km2/a. For
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seasonal surface water, all provinces exhibit varying degrees of fluctuating decreases, with
Shaanxi Province showing the highest rate of decrease.
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Figure 14. Surface water area changes in maximum, permanent, and seasonal surface water ar-
eas for the nine provinces within the YRB. (a–i) respectively represent the three statistical water
areas in Gansu Province, Inner Mongolia Autonomous Region, Ningxia Hui Autonomous Region,
Shandong Province, Qinghai Province, Henan Province, Shanxi Province, Shaanxi Province and
Sichuan Province.

4.2.4. Surface Water Area Changes at the Typical Water Bodies

This study selects five typical lakes (Zhaling Lake, Eling Lake, Wuliangsuhai, Hongjian-
nao, and Dongping Lake) from the upper, middle, and lower reaches to analyze their surface
water area changes. Zhaling Lake and Eling Lake are two typical natural lakes in the source
region of the YRB. Wuliangsuhai and Hongjiannao are representative of natural lakes in
the middle reaches of the Yellow River. Wuliangsuhai is located in Urad Front Banner,
Bayannur City, Inner Mongolia Autonomous Region. It is a large multifunctional lake
with high ecological value, rare in desert and semi-desert regions globally. To maintain
the ecosystem health in the Wuliangsuhai, the Inner Mongolia Autonomous Region has
provided 3.648 billion m3 of ecological water replenishment since 2007 [58]. Hongjiannao
is located between Shenmu City in Shaanxi Province and Ejin Horo Banner in the Inner
Mongolia Autonomous Region. It is the largest desert lake in China. To improve the
water environment of the Hongjiannao Nature Reserve, 1 million m3 of ecological water
replenishment has been provided since 2017 from the Erdos Zhasake Reservoir. Dongping
Lake, located in Dongping County, Shandong Province, is the only significant flood storage
area in the lower reaches of the Yellow River. It is a significant hub for the Eastern Route of
the South-to-North Water Diversion Project and the Beijing–Hangzhou Grand Canal.

Figure 15 illustrates the surface water area changes in the five typical lakes. The
processes of surface water area changes differ among lakes. For the maximum water,
Zhaling Lake exhibits an initial decrease (1991–2001) followed by an increase (2001–2023).
Eling Lake exhibits fluctuating changes initially (1991–2001), followed by an increase
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(2001–2023). Wuliangsuhai exhibits overall fluctuating changes, with relatively small vari-
ations. Hongjiannao exhibits an initial decrease (1991–2015) followed by an increase
(2015–2023). Dongping Lake exhibited fluctuating changes before 2012, with an initial
decrease followed by an increase from 2012 to 2023.
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Figure 15. Surface water area changes in maximum, permanent, and seasonal water for typical five
lakes in the YRB. (a–e) respectively represent the three statistical water areas of Zhaling Lake, Eling
Lake, Wuliangsuhai, Hongjiannao Dongping Lake.

The changes in the permanent water areas of the five lakes generally mirror those of
the maximum water areas, indicating that permanent water dominates the changes in the
maximum surface water areas. For seasonal water, the changes are relatively small, but the
variation trends among the lakes are slightly different. Zhaling Lake and Wuliangsuhai
show a slow uptrend, while Eling Lake, Hongjiannao, and Dongping Lake exhibit a
slow downtrend.

5. Discussion
5.1. The Applicability of Water Indexes in the YRB

The surface water of YRB has the characteristics of a large sediment content, and the
sediment content has large spatial heterogeneity. They pose a great extraction challenge to
surface water. The accuracy of the nine typical water indexes is in order from large to small
(Table 2) as follows: MBWI > AWEInsh > WI2021 > MNDWI > WI2015 > EWI > AWEIsh >
RWI > NDWI. Therefore, it is recommended to prioritize the MBWI, AWEInsh, and WI2021
when using a single water index to extract surface water in the entire YRB. All nine water
indexes have good extraction results in the mainstream of the YRB, tributaries with large
river widths, and large lakes and reservoirs. However, for narrow rivers and tiny streams,
the identification effect of each water index is poor due to the limitations of Landsat images’
spatial resolution (Appendix A Figure A1). Therefore, when extracting surface water in
the northwest region of the YRB with narrow rivers and tiny streams, it is recommended
to use images with higher spatial resolution such as Sentinel, GF, and Worldview images.
As shown in Figure 9, compared with other water indexes, the MBWI can more effectively
distinguish between water and ice–snow (Figure 9g). For the areas covered with ice–snow
(such as the source region of the YRB), it is recommended to prioritize the MBWI for
surface water extraction. In Figure 10, the MNDWI, AWEInsh, and WI2021 can effectively
decrease the interference of built-up areas to water extraction (Figure 10d,h,l). Therefore,
for areas containing built-up areas, it is recommended to prioritize the MNDWI, AWEInsh,
and WI2021.
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5.2. The Effectiveness of the SWE-CSPM

The spectral characteristics of water are usually related to their various components.
As shown in Figure 5, the spectral characteristics of water in different sections of the YRB
undergo significant changes with the sediment content. Figure 8 illustrates that the most
applicable water index for surface water with different SPM concentrations is also different.
Therefore, based on the concept of classification and grading, surface water is initially cate-
gorized into several types according to the SPM concentration. Subsequently, the optimal
water index is chosen for each type of water to facilitate water extraction. The scheme is the-
oretically reasonable and feasible. This study introduces the SPM concentration inversion
algorithm proposed by Liu et al. [47], which has been successfully applied to the inversion
of the SPM concentration in the Yellow River estuary and extended to the whole YRB in
this study. Appendix A Figure A1 and Table 2 demonstrate that in terms of water extraction
accuracy, the SWE-CSPM significantly outperforms the nine water indexes and the MIWER.
The above experimental results reveal that the SWE-CSPM is effective in improving the
extraction accuracy of surface water throughout the YRB. The main reason is that this
SWE-CSPM simplifies complex surface water into multiple single types, which improves
the separation of water from other surface features and reduces the commission error.

5.3. Spatiotemporal Variation Characteristics of Water Area

This study analyzes the change characteristics of the water area in the YRB at the
global scale, the secondary water resource zoning scale, the provincial scale, and the typical
water scale. At the global scale, the maximum water area fluctuates slightly downward, the
permanent water area shows an uptrend, and the seasonal water area shows a downtrend
annually. These trends are generally consistent with the results of Zhang et al. [3] and
Hu et al. [55], but the water area is slightly smaller than that of Hu et al. The main
reason for the difference is that the SWE-CSPM improves the surface water extraction
accuracy and reduces the commission error. According to the previous results [59,60], the
permanent water area has increased annually, mainly due to the increase in precipitation
and glacial meltwater caused by climate warming. The seasonal water area shows a
downtrend annually, which may be due to the transformation of some seasonal water into
permanent water. This shift may be attributed to the construction of reservoir projects and
the replenishment of lake wetlands [52]. These changes greatly indicate the substantial
spatial heterogeneity of surface water.

At the secondary water resource zoning scale, the permanent water area of the Interior
Drainage Area remains stable, while other zones show an uptrend. Among them, the
permanent water area of Above Longyangxia has the largest growth rate and the largest
maximum water area. The reason is that the zoning is the main water source of the YRB,
and the water resources are abundant. At the provincial scale, the permanent water area
of each province shows an increasing trend to varying degrees. Among them, the water
area of Qinghai Province has the largest growth rate, and the reason is similar to that of
the secondary water resource zonings, both of which have large lakes in the upper reaches.
The seasonal water area of each province shows a fluctuating downtrend. In terms of the
maximum water area, only Shandong Province, Inner Mongolia Autonomous Region, and
Qinghai Province have a slow increase; the rest of the provinces show a downtrend.

At the typical water scale, there are great differences in the process of water area
change in five lakes. Over the past decade, Zhaling Lake, Eling Lake, Wuliangsuhai
Lake, Hongjiannao, and Dongping Lake have all shown an uptrend in their permanent
water area and maximum water area. On the one hand, climate change has led to an
increase in the natural inflow runoff of lakes. On the other hand, water conservancy
management departments actively promote river and lake protection policies. Through
these policies, numerous ecological water replenishment projects have been implemented
for rivers and lakes that are important for ecological functions and whose water areas have
seriously shrunk.
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5.4. Limitation and Future Work

This study analyzes the dynamic variations in surface water in the YRB at various
scales but has not yet conducted an in-depth analysis of the driving mechanisms of climate
change and human activities on the spatiotemporal variations at different scales. In addition,
this study has not yet involved research on surface water area prediction, early warning,
and dynamic changes in water storage. In subsequent studies, we will plan to use higher-
resolution terrain data, radar imagery, and optical imagery to conduct a surface water
classification, which includes the mainstream, first-level tributaries, second-level tributaries,
reservoirs, natural lakes, ponds, wetlands, and more. After analyzing the spatiotemporal
variation characteristics of each type of water, we will combine meteorological data and
human activity data to explore the driving mechanism of the spatiotemporal variation in the
YRB. Then, we will construct water area prediction and early warning models. Moreover,
we will combine satellite altimetry data and high-precision terrain data to carry out dynamic
monitoring of water storage in typical lakes and reservoirs in the YRB. Subsequently, we will
provide detailed decision-supporting data for the planning, management, and servicing of
water resources in the YRB.

6. Conclusions

Aiming to address the problems of a large concentration and spatiotemporal hetero-
geneity of SPM in surface water in the YRB, this study proposes the SWE-CSPM, which is
based on the concept of classification and grading and considers the SPM concentration.
Compared with nine typical water indexes and the MIWER, the SWE-CSPM significantly
reduces the commission error, and the extraction accuracy is the highest (overall accuracy
95.44%, kappa coefficient 90.62%). This study examines the dynamic variations in the water
area in the YRB from 1991 to 2023 at the global scale, the secondary water resource zoning
scale, the provincial scale, and the typical water scale. This study finds that at the global
scale, the area of maximum water shows a fluctuating downtrend, although the change
range is small. The permanent water area shows an uptrend, whereas the seasonal water
area shows a downtrend year by year. At the secondary water resource zoning scale, the
permanent water area increases to varying degrees, except that the Interior Drainage Area
remains stable. Among zonings, the zoning of Above Longyangxia experiences the most
significant increase in the permanent water area. At the provincial scale, the permanent
water area of each province has shown an uptrend, while the seasonal water area has
shown a fluctuating downtrend. Only the maximum water area in Shandong Province,
Inner Mongolia Autonomous Region, and Qinghai Province increases slowly, while the
rest of the provinces show a downtrend. At the water bodies scale, the water area changes
in Zhaling Lake, Eling Lake, Wuliangsuhai, Hongjiannao, and Dongping Lake are quite
different. However, the permanent water area and maximum water area of the above water
bodies have increased in the past decade, and the seasonal water area changes are small.
Based on the above research results, we will further carry out surface water classification in
the YRB and combine meteorological data and human activity data to explore the driving
mechanism of the spatiotemporal variation in the YRB. Then, we will construct water area
prediction and early warning models. Moreover, we will combine satellite altimetry data
and high-precision terrain data to carry out dynamic monitoring of water storage in typical
lakes and reservoirs in the YRB. Subsequently, we will provide detailed decision-supporting
data for the planning, management, and servicing of water resources in the YRB.
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Figure A1. Surface water extraction based on 2021 synthetic images using various methods. Scenario
1 and scenario 2 are the high mountainous regions and urban regions, respectively. The green square
in the figure represents scenario 1, and the purple square represents scenario 2. (a) Landsat 8 true
colour images of the area. (b–l), respectively the extraction effect of SWE-CSPM MIWER, AWEInsh,
AWEIsh, EWI, MBWI, MNDWI, NDWI, RWI, WI2015 and WI2021.
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