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Editorial

Yellow River Basin Management Under Pressure: Present State,
Restoration and Protection III: Lessons from a Special Issue
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* Correspondence: zhangwei88@zzu.edu.cn

1. Introduction

This Special Issue is the third edition following the publication of the first issue of
“Yellow River Basin Management under Pressure: Present State, Restoration and Protec-
tion” in 2022 and the second issue in 2023. Currently, issues such as the coordination
of human–water relationships, water security, water resource allocation, ecological en-
vironment restoration, water pollutant treatment, and the coexistence of new pollutants
continue to constrain the high-quality development of the Yellow River Basin. Thus, this
Special Issue focuses on the current state, challenges, and solutions relating to Yellow
River basin management and sustainable development under pressure, aiming to help
improve ecological protection and achieve high-quality development. The topics included
the following:

(1) The current status and constraining factors of the ecological environment and
high-quality development in the Yellow River Basin;

(2) Opportunities and strategies for management;
(3) Harmonious regulation of human–water relationships;
(4) Emerging pollutants issues;
(5) The impact of environmental changes on water security and water resource allocation;
(6) Ecological restoration and protection.
This Special Issue has aroused widespread interest among scholars, with a total of

10 related academic papers published online recently.

2. Overview of This Special Issue

This Special Issue includes ten original contributions focused on Yellow River basin
management under pressure. Considering the unique regional characteristics of the Yellow
River in China, the contributions mainly result from research conducted by universities
and R & D institutions in China. The ten articles in this Special Issue can be divided into
five categories: category A: “Resource Endowment and Basic Characteristics”; category B:
“Opportunities and Strategies for Management”; category C: “Harmonious Regulation of
Human–water Relationships”; category D: “Environmental Pollution and Governance”;
category E: “Ecological Restoration and Protection”.

Water 2025, 17, 2907 https://doi.org/10.3390/w17192907
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In category A “Resource Endowment and Basic Characteristics”, Zhiqiang Zhang et al.
(contribution 1) have analyzed the applicability of nine water indexes in the Yellow River
Basin by using the Landsat series images (Landsat 5, 7, 8) and then examined the correla-
tion between the accuracy of the water indexes and suspended particulate matter (SPM)
concentrations. They proposed a surface water extraction method considering the SPM
concentrations. The study by Heying Li et al. (contribution 2) has developed a quantitative
evaluation model of surface water resource accessibility based on three key dimensions:
topography, distance, and surface water resources, with rural settlements serving as the
research unit.

In category B “Opportunities and Strategies for Management”, Yujun Wang et al.
(contribution 3) have used compensation reservoirs to replace the emptied reservoir in
undertaking water supply tasks as a constraint, established Single-objective optimization
models for single reservoirs and multi-objective optimization models for reservoir groups,
to optimize the emptying and dredging for water diversity reservoir group. In the study
by Bingxuan Li et al. (contribution 4), an adaptive multiscale true 3D crust simulation
platform using the Sphere Geodesic Octree Grid was proposed to offer reliable support
for constructing basin simulation platforms and provided new technological and scientific
insights for the Yellow River Basin’s ecological protection and development.

For the category C “Harmonious Regulation of Human–water relationships”, Zhiqiang
Zhang et al. (contribution 5) selected the Yellow River water-receiving area of Henan
Province as the research area, quantified the water security degree of 14 cities from 2010 to
2021, and identified the key obstacle indexes that restrict the improvement of water security.
In the study by Lu Liu et al. (contribution 6), 29 evaluation indicators were selected and the
single index quantification, multiple index synthesis, and poly-criteria integration method
were applied to quantify the spatial–temporal variation in the human–water harmony
degree in nine provinces of the Yellow River Basin from 2002 to 2021.

In category D “Environmental Pollution and Governance”, Zhenzhen Yu et al. (con-
tribution 7) analyzed the water quality evolution in the Yellow River basin over nearly
40 years, focusing on primary pollutants like chemical oxygen demand (COD), ammonia
nitrogen (NH3-N), and permanganate index (CODMn). The findings underscored the effec-
tiveness of sustained pollution control and the need for continuous, adaptive management
strategies to improve and maintain water quality. The study by Zhenzhen Yu et al. (con-
tribution 8) also conducted field monitoring at 11 locations along the investigated reach
of Xiao Bei, assessing eight water quality parameters (temperature, pH, dissolved oxygen
(DO), COD, NH3-N, total phosphorus (TP), CODMn, and five-day biochemical oxygen
demand (BOD5)).

In the category E “Ecological Restoration and Protection”, Jun Hou et al. (contribu-
tion 9) analyzed historical soil erosion trends (2000–2020), projected future soil erosion risks
under multiple Shared Socioeconomic Pathways, and quantified the interactive effects of
key driving factors by integrating the Universal Soil Loss Equation, future land use and
vegetation cover simulation methods, and the Geodetector model. The study by Daiwei
Zhang et al. (contribution 10) analyzed the coupled and coordinated development of the
water–soil–energy–carbon system in the provinces of the Yellow River Basin from 2002
to 2022, and systematically explored the interaction relationships among the various fac-
tors through water–soil–energy–carbon bond index assessment, factor identification, and
driving factor exploration.
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3. Advances in Researching Core Scientific Challenges Within the Yellow
River Basin

3.1. Synergistic Human–Water Relationship in the Yellow River Basin: Development and
Future Vision

The Yellow River is widely recognized as one of the most difficult rivers to manage in
the world. The spatial differences in geographical, climatic, and humanistic characteristics
across the Yellow River Basin are significant, making it extremely challenging to balance the
relationship between human and water [1]. Scholars have conducted extensive scientific
research on the human–water relationship in the Yellow River Basin, with diverse and
complex research objectives, scopes, directions, and scales [2,3]. Existing achievements hold
substantial scientific value and practical significance for the protection and development of
the Yellow River Basin [4,5]. However, regarding the complex, dynamic, and interconnected
human–water relationship and based on the human–water system involving multi-element
participation, multi-dimensional coupling, and multi-level feedback, in-depth exploration
is still needed to achieve a harmonious human–water relationship. The key issues in
the research on the human–water relationship in the Yellow River Basin mainly include
four aspects: insufficient understanding of action mechanisms and evolution processes,
inadequate research on theoretical foundations and the theory of harmonious coexistence,
the need to deepen research on monitoring-assessment-simulation-regulation, and the need
to expand multi-level paths toward harmonious coexistence. To coordinate the human–
water relationship in the Yellow River Basin and achieve harmonious coexistence [6], future
key research areas include but are not limited to the exploration of river ethics theory and
system construction, the research and development as well as application of intelligent
perception equipment for human–water system, the analysis of the formation mechanism
and variation mechanism of water balance, the evaluation of the status of human–water
relationship and paths for improvement, the adaptive adjustment of thresholds for water re-
sources development and utilization, the integration and demonstration of key technologies
for the “Defining the scales based on water”, the construction of distributed human–water
relationship simulators, the construction of multi-level water networks and risk-benefit
assessment, the optimization of water conservancy project layout and integrated operation
management, and the exploration of new development paths under the rigid constraints of
water resources.

3.2. AI-Driven Water Disaster Prediction for the Yellow River Basin

The Yellow River Basin faces numerous challenges in water disaster prediction re-
search due to a combination of complex water-sediment dynamics, unique topographical
features, variable climatic conditions, and intense human activity interventions [7,8]. These
factors have historically resulted in low prediction accuracy, poor timeliness, and insuf-
ficient capacity for integrating multi-source information [9]. In recent years, with the
breakthrough development of artificial intelligence technologies, research on water disaster
prediction based on machine learning, deep learning, and big data analytics has gradu-
ally advanced in the Yellow River Basin [10]. Researchers have constructed multimodal
data fusion frameworks that integrate heterogeneous data from meteorological satellite
remote sensing, hydrological station observations, geological radar, and socio-economic
sources. Algorithms such as Long Short-term Memory, Convolutional Neural Networks,
and Random Forests were employed in hydrological process simulation [11], drought and
flood monitoring [12], runoff prediction [13], and sediment management [14], and made
significant progress. However, current research still faces several bottlenecks, including
inconsistent data quality, weak interpretability of model physical mechanisms, and insuf-
ficient uncertainty quantification under complex underlying surface conditions. Future

3
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efforts should focus on strengthening interdisciplinary integration and developing simula-
tion models that combine hydrological physical processes with data-driven approaches to
enhance predictive capabilities for basin-level water disasters. Overall, the key challenges
currently facing water disaster prediction research in the Yellow River Basin include the
following: (1) elucidating the complex water-sediment coupling mechanisms in the Yellow
River Basin and enhancing the generalization capabilities of AI models for extreme events
in data-scarce contexts; (2) dynamic simulation of the Yellow River Basin under the coupled
effects of intense human activities and climate change; (3) collaborative application of
integrated “space, ground, and water” data in the Yellow River Basin; (4) constructing
an intelligent decision-making system that encompasses the entire forecasting-warning-
response chain. Moving forward, it is essential to deepen the construction of models that
integrate physical mechanisms and data-driven approaches, develop intelligent super-
computing and digital twin platforms at the basin scale, establish intelligent predictive
theories and methods for extreme flood events with small and zero samples, and construct
adaptive learning and dynamic optimization intelligent early warning systems. Addition-
ally, promoting interdisciplinary and interdepartmental collaboration in intelligent flood
prevention and disaster reduction applications will provide robust technological support
for ensuring the safety and resilience of the Yellow River.

3.3. Challenges and Strategies for Water Resource Efficiency and Intensive Management in the
Yellow River Basin

The Yellow River Basin is characterized by weak natural endowments of water re-
sources and pronounced spatiotemporal unevenness. With a water resources development
and utilization rate as high as 80%, the basin has long faced the contradiction between
increasing water demand and limited supply capacity. Achieving efficient and intensive
utilization of water resources has therefore become the major challenge for ecological
protection and high-quality development in the Yellow River Basin [15]. In recent years,
scholars have conducted extensive discussions on the issues of efficient utilization and
intensive management of water resources in the Yellow River Basin, covering a wide range
of topics such as multi-sectoral water efficiency assessment [16], water resources optimal
allocation of irrigation region [17], basin-scale regulation of water resources intensive uti-
lization [18], and sustainable management strategies for basin water resources [19]. These
research achievements provide valuable reference schemes and data support for integrated
management and policy design of water resources in the Yellow River Basin. However,
how to effectively integrate multiple dimensions including water resources, socioeconomic
systems, and ecological environments under complex and changing conditions, and system-
atically plan strategies for efficient and intensive water resource utilization in the basin [20],
still requires further exploration. In light of the realities of the Yellow River Basin, several
key issues remain to be addressed: understanding the evolutionary mechanisms of water
resource efficiency and driving forces of supply–demand imbalance; developing com-
prehensive measurement systems and integrated methodological frameworks for water
resource efficiency; constructing dynamic regulation models for basin-scale water resource
systems; innovating institutional frameworks and expanding management pathways for in-
tensive water utilization. Consequently, future research priorities under this theme should
include, but are not limited to: analysis of basin water system evolutionary mechanisms;
integration and optimization of water resource efficiency measurement frameworks; devel-
opment and coupled simulation of basin water resource regulation models; construction
of efficient and intensive management models for basin water resources; simulation of
synergistic policies for water resource efficiency and carbon emission reduction; and the
design of coordinated development pathways for multi-dimensional systems under the
rigid constraints of water resources.
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3.4. Ecological Environment Protection and Intelligent Forecasting in the Yellow River Basin

With the increasing improvement of the Yellow River at the national strategic level,
the relevant government regulatory authorities have also put forward more stringent re-
quirements for ecological protection along the river basin. Compared with other large
rivers in China, such as the Yangtze River and the Huaihe River, the Yellow River has a
very high sediment concentration, which gives it relatively complex and changeable hydro-
logical conditions [21]. In addition, suspended sediment plays a dual role in transmission
carrier and reaction surface, which is of vital importance in the environmental behavior of
contaminants [22]. Against this backdrop, growing scholarly attention has shifted toward
integrated studies of hydrological prediction, coupled contaminant-sediment dynamics,
and basin-wide ecological risk assessment. Over the past decades, the integration of satel-
lite remote sensing, unmanned aerial vehicles, and in situ sensor arrays revolutionized data
acquisition, yielding extensive, high-resolution records of hydrological and ecological pro-
cesses [23,24]. These datasets, though abundant and of considerable potential value, have
long remained underexploited due to technical limitations. The rapid emergence of artificial
intelligence now provides new opportunities to unlock its utility. Graph neural networks,
long short-term memory architectures, and physics-informed models have proven capable
of capturing hydrodynamic complexity while adhering to conservation laws, thereby im-
proving the precision of predictions for contaminant transport and transformation [25,26].
At finer scales, machine-learning frameworks grounded in chemical reaction networks,
when coupled with semi-targeted chemical screening, can reveal transient intermediates
that are often overlooked by conventional monitoring. Complementary tools such as quan-
titative structure–activity relationship models and Bayesian inference further extend this
analysis, enabling early prediction of toxicological impacts [27,28]. Embedding these tools
into basin-scale platforms would allow regulators to identify ecological risk in real time
and strategically allocate limited resources to areas of greatest need. Although the vision is
encouraging, there are still some obstacles in the current development. For example, the
migration and transformation mechanism of contaminants on the sediment interface has
not been well verified, which limits the interpretation basis of the prediction work. During
extreme seasons, sediment dynamics will deviate from steady-state conditions, resulting
in a decrease in prediction accuracy. In addition, there is insufficient integration between
hydrology, ecology and computational science. Looking ahead, the coupling of machine
learning with mechanism insight and high-resolution analysis technology can improve the
accuracy and interpretability of prediction at the same time, which is helpful to change the
management mode of the basin from passive restoration to predictive prevention.

3.5. High-Quality Development Path and Strategies

Research on the high-quality development of the Yellow River Basin has gradually
established a multi-level and multi-dimensional theoretical framework, achieving notable
progress in resource management, ecological restoration, and regional economic coordina-
tion [29,30]. Current studies mainly focus on the synergistic mechanisms between ecological
conservation and economic growth, the innovative application of green technologies, and
differentiated regional governance strategies [31–33], thereby providing essential scientific
evidence and strategic guidance for the sustainable development. Achieving high-quality
development of the Yellow River Basin, ensuring the effective implementation of strategic
pathways and policies, and realizing the harmonious coexistence of the human–water
relationship remain pressing issues requiring further in-depth investigation. At present,
research in this field faces four critical challenges: (1) uncertainties in pathway selection
hinder the implementation of development strategies; (2) the complexity of regionally
differentiated governance prevents the establishment of unified management measures;
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(3) the mechanisms for coordinated development of the human–water system remain
underdeveloped; (4) the application of emerging technologies in water resource manage-
ment is still constrained. To explore feasible pathways and strategies for high-quality
development of the Yellow River Basin and to achieve coordinated development of the
human–water system [34], future research priorities should encompass, but are not limited
to, the following areas: improve the theory and application of harmonious coexistence
of “Defining the scales based on water”; intelligent water resource management and the
application of big data; constructing a multi-system collaborative development mechanism
for water resources, economy, society, and the ecological environment; optimizing the
“supply-use” regulation pattern across multiple water sources, processes, and sectors in
the basin; universal application of green technologies and digital management techniques;
constructing intelligent water resource scheduling and multi-level management systems;
improving the legal framework and policy safeguards for the Yellow River; water resource
risk-benefit assessment and emergency management mechanisms; scientifically coordi-
nating the relationship between water and development under the rigid constraints of
water resources.

3.6. Construction and Efficient Management of Yellow River Water Conservancy Projects in the
New Era

The Yellow River water conservancy projects, as the core infrastructure ensuring flood
control safety, water resource supply, and ecological stability in the Yellow River Basin [35],
face severe challenges in the new era from climate change, accelerated urbanization pro-
cesses, and high-quality development demands [36]. Scholars have conducted a large
amount of scientific research on the construction and management of Yellow River water
conservancy projects, covering aspects such as project planning, construction technology,
risk assessment, operation scheduling, and benefit evaluation [37,38]. The existing results
have significant scientific value and practical significance in enhancing project resilience,
optimizing water resource allocation, and promoting sustainable development [39,40].
However, focusing on the complex and changing engineering systems in the context of the
new era, how to achieve green, intelligent, and efficient construction and management of
water conservancy projects still requires further deepening. The key issues in the research
on Yellow River water conservancy project construction and efficient management include
four aspects: insufficient understanding of the establishment of technological innovation
and adaptability mechanisms, lack of research on green development theory and inte-
grated operation and management systems, the need to strengthen digital twin simulation
technology, and the need to expand multi-level risk prevention and control and benefit en-
hancement paths. To achieve high-quality development of Yellow River water conservancy
projects in the new era, future key research areas include but are not limited to the follow-
ing aspects: exploration and practical application of green low-carbon water conservancy
project theories, analysis of resilience formation mechanisms and climate change adaptation
for water conservancy projects, innovation in integrated operation and management modes
for water conservancy projects under digital transformation, exploration of sustainable
utilization of water conservancy project materials and green development modes, simula-
tion and quantification of multi-disaster coupled risks caused by water conservancy project
construction, integrated technology for “monitoring-evaluation-assessment” coupling of
water conservancy project construction effectiveness, construction of integrated platforms
for intelligent supervision and early warning of water conservancy projects, research and
development of health diagnosis technology for water conservancy projects under multi-
source data fusion, and research on linkage regulation mechanisms for cross-basin water
conservancy projects.
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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.

Figure 2. Spatial distribution of valid observations at the pixel scale in the YRB from 1991 to 2023.

Figure 3. The percentage of pixels with effective observation in each segment. “0–4”, “5–10”, “11–20”,
“21–40”, “41–70”, and “>70” mean that the number of valid observations of a pixel in a year is between
0 and 4, 5 and 10, 11 and 20, 21 and 40, 41 and 70, and more than 70. This study further explores the
proportion of the total number of pixels in each segment to the total number of pixels in the YRB.
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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.

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.

 

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).

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.

18



Water 2024, 16, 2704

Figure 8. Change curve of water extraction accuracy (kappa coefficient) of each water index with the
increase in SPM.

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.

21



Water 2024, 16, 2704

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.
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Figure 11. The water area of full image, Scenario 1, and Scenario 2.

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.

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.

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.

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
categorized 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 theoretically reasonable and feasible. This study introduces the SPM concentra-
tion 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 cli-
mate 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 spa-
tiotemporal 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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Appendix A

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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Abstract: Analyzing the spatial relationship between humans and water is crucial for regional
development and water allocation schemes, particularly in the face of extreme water scarcity in the
Yellow River Basin. A quantitative evaluation model of surface water resource accessibility (SWRA)
has been developed, with rural settlements serving as the research unit. This model is built upon
three key dimensions: topography, distance, and surface water resources within the Yellow River
Basin. The results show that: (1) The SWRA range spans from 0.13 to 0.88, with an average value
of 0.47 and a standard deviation of 0.05. Higher SWRA values are concentrated in the eastern and
western regions, while lower values are predominantly found in the central area. (2) The gradient
of SWRA across the 12 catchments, from low to high, is as follows: Sanmenxia station, Lanzhou
station, Shizuishan station, Longmen station, Tongguan station, Toudaoguai station, Xiaolangdi
station, Huayuankou station, Lijin station, Gaocun station, Ai Shan station, and Tangnaihai station.
(3) At the city scale, the SWRA values are generally higher in the eastern areas of 10 cities, with one
exception being higher in the west. Conversely, in the western areas of nine cities, the SWRA values
are lower. The remaining cities exhibit SWRA values at a medium level. The correlation coefficient
between primary industry gross domestic product (GDP) and SWRA is 0.271 (N = 56, Sig = 0.043, in
0.05 level, the correlation is significant), which confirms that SWRA serves as a factor influencing GDP
and is appropriately designed for assessing water accessibility. Consequently, managers can utilize
SWRA results to make informed decisions regarding regional development and water allocation.

Keywords: rural settlement; surface runoff; surface water resource accessibility; the Yellow River Basin

1. Introduction

Rivers are closely related to the living environment. To facilitate production and
life, such as agricultural irrigation, laundry, and cooking, most of the original settlements
appear along the river. However, rivers not only block people’s activities but also connect
people’s activities. Although it can provide water for human beings, it is also prone to
floods, devouring people’s lives and property. Water resources are rich in China, and the
total amount ranks at the forefront of the world. However, the per capita possession is low,
and the spatial and temporal distributions are uneven in China. This imbalanced situation
leads to a mismatch in spatial distribution between water resources and population. The
Yellow River is the mother river of China. It feeds 12% of the population in China, among
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which the rural population accounts for about 75%. However, the Yellow River Basin is
in an arid and semi-arid climate zone. Thus, it only accounts for 2% of the river runoff
in China. Therefore, the water resources strongly restrict the existence and development
of rural settlements. As an important economic region in China, the water resources in
the Yellow River are an important support for the economic development of this region.
However, the lack of water resources has become a key factor restricting the high-quality
development of this region. With the continuous influence of human activities and climate
change, the contradiction between the supply and demand of water resources in the Yellow
River is prominent [1]. Article 3 of the Regulations of the People’s Republic of China
on Water Dispatching of the Yellow River stipulates that the state implements unified
dispatching of the Yellow River, following the principles of total amount control, cross-
section flow control, hierarchical management, and hierarchical responsibility. In 2011, the
State Council started the water allocation program in inter-provincial river basins in an
all-around way, which gradually solved the problem of cut-off of the Yellow River [2]. In
previous work, the water allocation scheme relied on statistical data, mostly neglecting the
spatial distribution characteristics of rural settlements. Consequently, this approach led to
inaccuracies in allocating water resources to individual rural residents, exacerbating the
challenge of water scarcity in regions marked by intense competition for water resources.
Moreover, water availability significantly influences the suitability of human settlements [3].
Therefore, amid the acute water scarcity in the Yellow River Basin, it becomes imperative to
scrutinize the spatial relationship between rural settlements and water resources [4]. Such
analysis is crucial for fostering the coordinated development of both human settlements
and water resources within the basin. By doing so, the evaluation of surface water resource
accessibility will not only enhance the rationality of water resource allocation programs
but also facilitate regional development efforts [5].

Previous studies on water resource accessibility are mostly based on the grid-scale
water resource accessibility evaluation model (SHRD) or improved on this model. The
indicators of these studies mainly include runoff, slope, relative height difference, and
distance [6]. Li et al. added land use resistance or water intake space resistance to evaluate
water resource accessibility in southwest China [7]. Xu et al. added a location attribute
factor to the SHRD model to evaluate water prices [8]. Besides the SHRD model, Li et al.
constructed a grid-scale water resource accessibility evaluation model (LRV) to evaluate
water resource accessibility based on the cumulative probability distribution of three
variables, namely length, runoff, and sight of the water network [9]. Assefa et al. evaluated
the water resource accessibility based on the accessibility distance of water resources [10].
Li and Gao put forward a water resource accessibility analysis method based on network
and water intake cost, considering topography, land use, and road factors [11]. Therefore,
topography, water resources, and distance are the key factors affecting the accessibility
of water resources. Surface runoff is an important part of water resources and plays a
vital role in the production and life of rural settlements. Although Zhao et al. found that
the main influencing factor affecting the change of surface runoff is precipitation. The
surface runoff in the SHRD model is calculated according to the precipitation and runoff
coefficient of each basin [12]. However, the accuracy of choosing a runoff coefficient for a
large area is fuzzy. The global land data simulation system (GLDAS) provides a long-term
global distributed runoff, which is highly demanded in water cycle research and water
resources management [13]. The correlation coefficient between the surface runoff provided
by these data and the observed surface runoff data in the Liuxi River Basin reaches 0.81 [14].
Therefore, these data can roughly represent large-scale surface runoff.

Water resources play an important role in economic development. Usually, the lower
reaches of rivers or deltas are densely populated and economically developed areas where
water intake is convenient, with developed agriculture, water conservancy, shipping,
and other comprehensive transportation. Therefore, there is a correlation between water
resources and economic development. It is generally believed that the richer the water
resources, the more developed the economy. Especially for agriculture, the higher the
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accessibility of water resources, the more developed the agriculture. Farmers in rural
settlements depend on agriculture, and most of them in China are living near fields.
Therefore, there is a certain correlation between the surface water resource accessibility of
rural settlements and the GDP of the primary industry. Xie and Qin quantitatively analyzed
the correlation between water resource accessibility and the economy based on the SHRD
model [6,15]. The experimental results show that there is a significant positive correlation
between water resource accessibility and regional GDP in China. The development of the
regional economy is not only constrained by water resource accessibility in China but also
in foreign countries, such as Bhutan [16]. Indeed, the interplay between water resources
and rural settlements holds considerable sway over regional sustainable development.

Furthermore, previous research has often overlooked the assessment of surface water
resource accessibility concerning the spatial distribution characteristics of rural settlements,
particularly in regions like the Yellow River Basin, and using rural settlements as the
research unit. This paper seeks to address this gap by introducing the SWRA model. The
subsequent sections of this manuscript are structured as follows: Section 2 provides an
overview of the study area, the dataset collected, and the methods employed in constructing
the surface water resource accessibility model. Section 3 presents the assessment results
across three different scales, which are further discussed in Section 4. Finally, we conclude
our work in Section 5.

2. Materials and Methods

2.1. Study Area

The Yellow River originates from the Bayan Har Mountains in Qinghai Province,
China, and extends to Dongying City, Shandong Province. From the source of the Yellow
River to the estuary, it passes through 9 provinces and 56 cities in Qinghai Province,
Sichuan Province, Gansu Province, Ningxia Hui Autonomous Region, Inner Mongolia
Autonomous Region, Shaanxi Province, Shanxi Province, Henan Province, and Shandong
Province. The total length of the Yellow River is about 5464 km. According to the Yellow
River Conservancy Commission of the Ministry of Water Resources, the total area of the
Yellow River Basin is 795,000 km2. As the birthplace of Chinese civilization, the Yellow
River Basin has a total land area of 21,911.23 km2 in urban and rural areas, industrial and
mining areas, and residential areas, accounting for 2.8% of the total area of the Yellow
River Basin. Rural residential areas account for about 75% of the total land area. And most
residential areas are distributed along rivers. The Yellow River sustains approximately 12%
of China’s population. According to the Yellow River Water Resources Bulletin, agricultural
water use accounts for an average of 67.3% of water usage in the basin [17]. The surface
water development utilization rate in the Yellow River Basin stands at a staggering 86%,
significantly surpassing the internationally recognized ecological warning line of 40% for
water resource development [18]. Consequently, ensuring the rational utilization and
allocation of water resources in the Yellow River Basin is imperative. The spatial correlation
between rural settlements and water resources plays a pivotal role in water resource
allocation. This paper aims to quantitatively evaluate this relationship.

There are many hydrological stations in the Yellow River Basin. This paper selected 12
important control hydrological stations in the mainstream of the Yellow River recorded
in the Yellow River Sediment Bulletin [19]. They are Tangnaihai station, Lanzhou station,
Shizuishan station, Toudaoguai station, Longmen station, Tongguan station, Sanmenxia
station, Xiaolangdi station, Huayuankou station, Gaocun station, Ai Shan station, and Lijin
station from upstream to downstream (Figure 1).

36



Water 2024, 16, 708

Figure 1. Overview map of the study area.

This paper utilized land use data from 2020 to extract spatial distribution vector
data of rivers and residential areas within the Yellow River Basin. Subsequently, the
area and number of rural settlement patches within river buffers at varying distances
were quantified using the ArcGIS 10.3 spatial statistical analysis tool. This facilitated the
qualitative and quantitative revelation of the spatial relationship between rural settlements
and rivers. Additionally, by integrating surface water resources, topography, and distance,
a surface water resource accessibility model (SWRA) was constructed using the Geographic
In-formation System (GIS) platform. The SWRA model was then employed to analyze the
spatial distribution characteristics of rural settlement surface water resource accessibility
across the entire Yellow River Basin, as well as at catchment and city scales. Finally, the
rationality of the SWRA model proposed in this paper was validated through Pearson
correlation analysis between the primary industry output value of cities and SWRA at the
city scale.

Based on the method of buffer zone analysis, this paper first reveals the overall spatial
distribution characteristics of rural settlements and rivers in the Yellow River Basin by
counting two landscape pattern indices, including the number and area of rural settlements.
According to the previous calculation, the area of rural settlements in the Yellow River Basin
increased slowly from 1980 to 2020, with little increase in the number of rural settlement
areas [20]. Therefore, this paper uses rural settlement vector data and the river network
map of 2020 in the study. Then, this paper takes 2 km, 4 km, 6 km, 8 km, and 10 km away
from the rivers as buffer zones. Furthermore, the numbers and areas of rural settlements in
each buffer zone are counted respectively, as shown in Table 1.

Table 1. The proportion of rural settlement areas and numbers in different buffer zones.

Buffer Distance
/km

Number of Rural
Settlements

Proportion
Rural Settlement

Area/km2 Proportion

2 21,442 20.73 3388.47 21.37
2–4 13,660 13.21 2481.18 15.65
4–6 11,583 11.20 1966.23 12.40
6–8 9621 9.30 1606.71 10.13

8–10 8235 7.96 1251.94 7.89
>10 38,881 37.59 5164.47 32.56

Total 103,422 100.00 15,858.99 100.00

It can be seen from Table 1 that the proportion of rural settlement areas and numbers
are 67.44% and 62.41% in the 10 km buffer distance away from the river. Furthermore, the
proportion of rural settlement areas and numbers are 37.02% and 33.94% in the 4 km buffer
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distance away from the river. Compared with other residential areas and numbers in the
buffer zone with the same distance, the rural residential areas and numbers in the buffer
zone of 2 km away from the rivers account for the largest proportion. It can be seen that
there is a certain correlation of the spatial distribution between rural settlements and rivers
in the Yellow River Basin. Therefore, the spatial distribution relationship between rural
settlements and surface water resources is further revealed by constructing the surface
water resource accessibility model.

2.2. Materials
2.2.1. Data

The rural settlement data involved in this paper come from the land use data with 30 m
resolution in the National Earth System Science Data Center (http://www.geodata.cn/,
accessed on 1 May 2023) of 2020. The river network system was extracted by DEM data with
a 30 m resolution in 2010. The origin control upstream catchment area of each hydrological
station was derived from DEM data on the ArcGIS 10.3 platform. Then, it was corrected by
the subbasin boundary in the Yellow River network system of the Atlas of the Yellow River
Basin [21] (Figure 1).

Surface runoff data (Qs_acc) is derived from the Global Land Data Assimilation System
(GLDAS) [22]. GLDAS is a global hydrological model developed and established by
NASA’s Goddard Space Flight Center and the National Center for Ocean and Atmospheric
Prediction. Its data include surface runoff (kg/m2), snow depth (m), soil moisture (kg/m2),
snow depth water equivalent (kg/m2), and so on. According to Zheng et al. and Lv et al.,
the surface runoff data can reflect the change in surface runoff [13,14]. Therefore, this paper
directly uses these data to represent surface runoff. We extracted and processed GLDAS-2.1
data (with a spatial solution of 0.25◦, equal to 25 km, and a temporary solution of 24 h)
in Google Earth Engine (GEE) in 2020 [23]. Then, the average value of surface runoff for
12 periods in 2020 was obtained by the grid calculator tool of ArcGIS 10.3.

The economic data select the output value of the primary industry, which comes from
the provincial statistical yearbooks in 2020. According to the standards of the National Eco-
nomical Industry Classification (GB/T4754-2011) [24] and the Regulations on the Division
of Three Industries, the primary industry refers to agriculture, forestry, animal husbandry,
and fishery (excluding agriculture services, forestry services, animal husbandry services,
and fishery services). The gross output value of agriculture, forestry, animal husbandry, and
fishery refers to the total value of all products of agriculture, forestry, animal husbandry,
and fishery in monetary terms and various supporting service activities for agriculture,
forestry, animal husbandry, and fishery production activities, which reflects the total scale
and achievements of agriculture, forestry, animal husbandry, and fishery production in a
certain period [25].

2.2.2. Construction of Surface Water Resource Accessibility Model

To quantitatively analyze the accessibility of rural settlements to surface water re-
sources, this paper takes rural settlements as the research unit and constructs the surface
water resource accessibility (SWRA) model to analyze the water resource accessibility of
rural settlements in the Yellow River Basin. The specific indicators include the elevation
difference between rural settlements and the nearest water intake point (E) reflecting the
topographic characteristic, the distance between rural settlements and the nearest wa-
ter intake point (D) reflecting the distance characteristic, and the surface runoff (Qs_acc)
reflecting the characteristic of surface water resources (Figure 2).
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SWRA

Figure 2. Index system diagram of surface water resource accessibility.

The elevation difference between the rural settlement and nearest water intake point
(E): the elevation difference between the rural residential area and the nearest water intake
point was calculated by DEM data on ArcGIS 10.3 platform using a spatial statistical
analysis tool.

The distance between rural settlement and the nearest water intake point (D): the dis-
tance between each centroid of rural settlement and the nearest water point was calculated
by using the proximity analysis tool in ArcGIS 10.3 spatial analysis.

Surface runoff (Qs_acc): this paper assigns surface runoff value to the centroid of
rural settlement by using the tool of “value extraction to point” in the ArcGIS 10.3 spatial
analysis toolbox.

Generally speaking, the higher the Qs_acc, the higher the accessibility of water re-
sources. The lower the E, the higher the accessibility of water resources. The smaller the
D, the higher the accessibility of water resources. Based on the previous research achieve-
ments, the experts in water resource management achieved an agreement that Qs_acc and
E had a higher impact on the accessibility of water resources in rural settlements. The
weights of Qs_acc and E are relatively higher. Then, the weight of D is relatively lower.
Finally, the weights of Qs_acc, E, and D are set to 0.4, 0.4, and 0.2, respectively, according to
the Delphi method.

The water resource accessibility model of each rural settlement is constructed using
the method of weighted summation, as shown in Formula (1).

SWRA = ∑
(
E × WE + D × WD + Qs_acc × WQ

)
(1)

In Equation (1), WE is the weight of E, WD is the weight of D, and WQ is the weight of
Qs_acc.

Since the dimensions of each index in Formula (1) are different, the following stan-
dardization method is adopted [26].

X∗
i =

Xmax − Xi
Xmax − Xmin

(2)

X∗
i =

Xi − Xmin
Xmax − Xmin

(3)

In Formulas (2) and (3), X∗
i is the normalized variable value, Xi is the original variable,

and Xmax and Xmin are the maximum and minimum values of Xi. For the inverse index,
Formula (2) is used for standardization; for positive indicators, Formula (3) is used for
standardization.
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3. Results

The results of SWRA are examined in the whole basin, at catchment scale, and at the
city scale. Because the catchments are important components of the basin, the characteristics
of SWRA values at the catchment scale are delivered. In addition, the characteristics of
SWRA values at the city scale are examined. Furthermore, in order to verify the rationality
of SWRA, the correlation between SWRA and the GDP of the primary industry is explored.

3.1. The Results of SWRA in the Yellow River Basin

After calculation, the range of surface water runoff in the Yellow River Basin is
0–3.10 kg/m2. At the same time, the surface runoff of rural settlements is extracted. The
range of surface runoff values in rural settlements is 0–0.17 kg/m2 (Figure 3). Based on the
nearest distance, the distance between the rural settlement and the nearest water intake
point is calculated. Its value range is 0.13–67,038.47 m (Figure 4). Then, the elevation
difference between the rural settlement and the nearest water intake point is calculated
based on DEM data combined with the nearest neighbor point. The values range from −515
to 1608 m (Figure 5). It can be seen from Figure 3 that the surface runoff of rural settlements
is mostly lower than 0.05 km/m2, reaching 99.83% by statistics. In other words, the Yellow
River Basin is extremely short of water resources. The distribution characteristics of rural
settlements are along rivers, which can be seen clearly in Figure 4. There are 10.93% of
rural settlements whose elevation is lower than the nearest water intake point through
attribute query statistics. There are 3.77% of rural settlements whose elevation is higher
than the nearest water intake point by 500 m, reaching a maximum of 1608 m. The positive
elevation difference greatly increases the difficulty of water intake.

Figure 3. Surface runoff thematic map.

Figure 4. Distance thematic map.
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Figure 5. The elevation difference thematic map.

The SWRAS values of each rural settlement were achieved by a weighted sum of the
three standardized indicators by Equation (1). The SWRA values range from 0.13 to 0.88,
with an average value of 0.47 and a standard deviation of 0.05 (Figure 6). The SWRA values
are divided into three levels, namely high, middle, and low, by 0.45 and 0.51, according to
the spatial distribution characteristics of D, E, and Qs_acc by the Delphi method. It can be
seen from Figure 6 that the SWRA in the Yellow River Basin is higher in the east and west
and lower in the middle.

Figure 6. The surface water resource accessibility thematic map.

The distribution characteristics of SWRA values are further analyzed at the catchment
scale and the city scale.

3.2. Spatial Distribution Characteristics of SWRA at the Catchment Scale

The average value of SWRA in each catchment is counted based on the intersect
analysis between SWRA and catchment boundaries. At the same time, the average values of
the distance and elevation difference between rural settlements and the nearest water intake
point are counted in Table 2. The results show that the SWRA values of the 12 catchments
from low to high are Sanmenxia station, Lanzhou station, Shizuishan station, Longmen
station, Tongguan station, Toudaoguai station, Xiaolangdi station, Huayuankou station,
Lijin station, Gaocun station, Aishan station, and Tangnaihai station. According to the
classification standard of Section 3.1, the catchment SWRA value in high grade only appears
in the catchments of Aishan Station and Tangnaihai Station. The SWRA values in the other
catchments are at a medium level. The difference in SWRA values is a minor among
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these catchments because the catchment SWRA value is the average value of all the SWRA
values of these rural settlements in each catchment. It should be noted that the SWRA
calculation results of this paper are only the relative level under the state of water shortage.
Furthermore, the high-grade ratio of SWRA values in Tangnaihai station is 78.55%, while
the high-grade ratio of SWRA values in Sanmenxia station is only 10.36%. It can be
seen from Table 2 that D of Tangnaihai station reaches the smallest value, while D of
Sanmenxia station gains the largest value. In other words, it is relatively difficult for rural
settlements in the Sanmenxia catchment to obtain water resources, while it is relatively
easy for the Tangnaihai catchment from the perspective of spatial distance. The highest
value of elevation difference between rural settlement and the nearest water intake point
appears in the Lanzhou catchment, with a value of 210.04 m, while the smallest elevation
difference is in the Gaocun catchment, with a value of 0.95 m.

Table 2. Statistical characteristics of rural settlements and water resources at the catchment scale.

Station D/km Qs_acc/kg/m2 E/m SWRA

Tangnaihai station 6.15 0.067 96.87 0.62
Lanzhou station 7.87 0.010 210.04 0.45

Shizuishan station 10.68 0.003 114.88 0.46
Toudaoguai station 8.70 0.004 54.15 0.48

Longmen station 9.93 0.009 146.87 0.46
Tongguan station 10.78 0.013 188.06 0.47
Sanmenxia station 16.53 0.012 160.52 0.45
Xiaolangdi station 6.06 0.013 155.74 0.49

Huayuankou station 10.26 0.017 149.63 0.49
Gaosun station 9.14 0.013 0.95 0.50
Aishan station 6.74 0.020 35.61 0.52

Lijin station 7.99 0.020 80.59 0.50

3.3. Spatial Distribution Characteristics of SWRA at the City Scale

The SWRA value of each city is equal to the mean value of all the SWRA values in the
city. Firstly, it is calculated by the intersection of SWRA and the city boundary. Then, the
values are summarized by the city boundary. The result shows that the SWRA values of the
city range from 0.41 to 0.69, with an average value of 0.48 and a standard deviation of 0.04.
The city SWRA values are divided into three levels according to the classification standard
of 3.1.

It can be seen from Figure 7 that the SWRA values of nine cities are at a low level
and are distributed in the western part of the Yellow River Basin, namely Tongchuan City,
Guyuan City, Baiyin City, Xining City, Hainan Tibetan Autonomous Prefecture, Yuncheng
City, Dingxi City, Lanzhou City, and Haidong District. The GDP of primary industries in
these cities tends to be relatively lower. In the Hainan Tibetan Autonomous Prefecture,
several rural settlements are situated at a considerable distance from rivers and with
minimal surface runoff. Similarly, in cities like Dingxi, Guyuan, Tongchuan, and Yuncheng,
there are few river sections, leading to lower SWRA values. Conversely, rural settlements
in Xining, Haidong, Lanzhou, and Baiyin are located along rivers, with others scattered
across the region. Despite some settlements being close to rivers, a larger number are
situated farther away, resulting in a high average value of distance (D). Additionally, these
rural settlements experience low levels of surface runoff. Therefore, the SWRA values
of these cities are at a low level. The SWRA values of 11 cities mainly distributed in the
east of the study area are in high grade. They are Dongying City, Binzhou City, Dezhou
City, Kaifeng City, Liaocheng City, Tai’an City, Jiaozuo City, Heze City, Puyang City, and
Jinan City. Besides these cities, the high-grade city distributed in the west is Golog Tibetan
Autonomous Prefecture. The GDP of primary industries in the ten eastern cities tends to be
relatively higher. This observation suggests a discernible correlation between SWRA and
GDP. However, in Golog Tibetan Autonomous Prefecture, the SWRA value is notably high
due to the region’s elevated surface runoff levels in the western area.
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Figure 7. Surface water resource accessibility on an urban scale.

Furthermore, the correlation between the SWRA values of the city and the GDP of
primary industry is revealed in SPSS 25. The results show that the correlation coefficient
between city SWRA values and the GDP of primary industry is 0.271 (N = 56, Sig = 0.043, at
0.05 level (double tails), and the correlation is significant). It can be seen that there is a linear
positive correlation between SWRA and the GDP of the primary industry, which indicates
that SWRA serves as an influential indicator affecting the GDP of primary industries.
Furthermore, it lends credence to the rationality of SWRA to some extent. However, the
correlation coefficient is not high. The main reason is that the western region with abundant
water resources is sparsely populated. For example, the rural settlement is less distributed
in the area of the Tangnaihai catchment (e.g., Golog Tibetan Autonomous Prefecture) with a
lower GDP of the primary industry, while the water resources there are abundant and with
a relatively higher value of SWRA. The economic development of this region is affected by
other factors such as climate, transportation, and population. In other words, SWRA is the
secondary influencing factor of the economic development of this region.

4. Discussion

4.1. The Uncertainty of Indicators of SWRA

With the development of infrastructure and the improvement of the tap water supply
network, some rural residents gradually give up the water in natural rivers [27]. Then,
rivers gradually lose their original functions [28]. Moreover, with the development of the
social economy, the water quality in the rivers is gradually polluted by domestic sewage
and agricultural sewage [29,30]. After inheritance, interweaving, replacement, connection,
and other ways to promote the development of settlements, a coordinated relationship
between settlements and rivers is formed [31], and in a long-term evolution, the relationship
gradually matures. Therefore, from the perspective of surface water resource accessibility
to analyze the accessibility of rural residential water resources, the accuracy needs to be
improved. Furthermore, human factors such as the tap water network and pumping
stations should be considered in the construction of SWRA.

The surface runoff data provided by GLDAS serve as a relative measure of surface
water resources. While previous studies have indicated its rough representation of sur-
face runoff, its accuracy is not absolute. Nonetheless, this paper conducts a quantitative
evaluation of water resource accessibility in rural residential areas across the Yellow River
Ba-sin under conditions of water scarcity. The surface runoff data from GLDAS captures
the surface water resources of the entire region under uniform conditions. Through stan-
dardization of each indicator during calculation, even if the data’s accuracy is not optimal,
it remains viable as an indicator for assessing water resources within SWRA.
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4.2. The Implications of SWRA

The findings underscore the significance of water resource accessibility for the regional
development of rural communities. This accessibility serves as a guide for both the water
allocation program of the Yellow River and broader regional sustainable development
efforts. For instance, in regions with poor surface runoff, it is imperative for managers to
allocate more water resources. Additionally, for scattered rural settlements characterized
by low SWRA values, a strategic relocation to concentrated areas is recommended. This
relocation would enable managers to efficiently provide water resources through the
implementation of tap water networks and pumping stations.

4.3. The Implications of the Relationship of SWRA and GDP of Primary Industry

The correlation coefficient between city SWRA values and the GDP of the primary
industry may appear low due to the multifaceted nature of economic development, in-
fluenced by both natural and social factors. Natural factors encompass climate, terrain,
rivers, and water resources, while social factors include population, transportation, policies,
location, and demographics. Particularly in regions with abundant water resources, such
as the Yellow River source area, despite high surface runoff and water accessibility, the
primary industry’s GDP tends to be relatively low. This discrepancy is primarily attributed
to the challenging nature of water resource development in such regions, which impedes
economic progress. Nonetheless, the significant correlation coefficient underscores the role
of water resource accessibility as a factor influencing regional economies. Quantitative data
derived from this correlation can offer valuable support for formulating regional economic
policies and strategies. By leveraging the relationship between SWRA and economic de-
velopment, regional development strategies can be tailored effectively. Water resources
play a pivotal role in economic development, and exploring the connection between water
resource accessibility and economic progress can provide crucial data for optimizing water
resource allocation, enhancing utilization efficiency, and fostering equitable distribution
in China [32]. This paper introduces the SWRA model for the first time to assess water
resource accessibility in rural residential areas across the Yellow River Basin and its cor-
relation with primary industry economic development. Building upon this foundation,
future research will delve into the relationship between water resource accessibility and
economic development at various scales (e.g., county scales and upstream, midstream, and
downstream scales), contributing to the fair and rational allocation of water resources in
the Yellow River Basin.

5. Conclusions

Based on the GIS platform, the spatial distribution characteristics of rural settlements
and river networks in the Yellow River Basin are studied qualitatively at first. Then, a
quantitative evaluation model of surface water resource accessibility is constructed by
using the GIS network analysis method, taking rural settlements as the research unit, based
on three dimensions of topography, distance, and surface water resources. The surface
water resource accessibility of rural settlements in the Yellow River Basin is evaluated
quantitatively. Finally, the rationality of SWRA is verified by the Pearson correlation
analysis between surface water resource accessibility and the GDP of primary industry.
The following conclusions are obtained: (1) The surface runoff of rural residential areas in
the Yellow River Basin is mostly less than 0.05 km/m2, reaching 99.83%. In other words,
the Yellow River Basin is extremely short of water resources. The grade of surface water
resource accessibility is relatively high only at the source and estuary of the Yellow River,
while it is relatively low in the central region of the Yellow River Basin. (2) The average
value of surface water resource accessibility at the catchment scale has minor difference.
However, from the ratio of high, middle, and low grades of SWRA in each catchment area,
the high-grade ratio of Sanmenxia station is only 10.36%, while the high-grade ratio of
Tangnaihai station is 78.55%. (3) The value of surface water resource accessibility at the city
scale is higher in the east of ten cities and in the west of one city. However, it is lower in
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the west of nine cities, and the SWRA value of the other cities is at a medium level. (4) The
water resource is the key factor that restricts the development of the rural economy. There
is a correlation between SWRA and the primary industry economy in the Yellow River
Basin. Indeed, while the correlation coefficient between SWRA and GDP may be low, its
significance underscores the importance of SWRA as a factor influencing GDP. This suggests
that SWRA is constructed reasonably to assess water accessibility. Consequently, managers
can leverage SWRA results to make informed decisions regarding regional development
and water allocation strategies.
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Abstract: Reservoir sediment severely impacts water supply in water-scarce regions, making reservoir
dredging an urgent global issue. The investment required for deep-water dredging far exceeds that
for dry land dredging. Therefore, against the backdrop of the national water network construction,
this study focuses on a typical inter-basin water transfer project in Northern China. To increase the
proportion of dry land dredging volume and save costs, this study uses compensation reservoirs to
replace the emptied reservoir in undertaking water supply tasks as a constraint. Single-objective
optimization models for single reservoirs and multi-objective optimization models for reservoir
groups are established, using game theory comprehensive subjective and objective weighting methods
to select the optimal solution. The following conclusions are drawn from comparing the water supply
effects under various emptying sequences: the optimal sequence for emptying reservoirs should be
determined through precise quantitative analysis; as the dredging is completed, the water supply
tends to stabilize; the satisfaction with the water supply and the variance of the water shortage
rate are primarily related to reservoirs with a large inflow and storage capacity; dredging occurs
according to the descending order of the storage capacity of reservoirs; and the startup proportion of
pump stations shows an increasing trend.

Keywords: reservoir dredging; inter-basin water transfer; economic operation; joint dispatching of
reservoir groups

1. Introduction

The problem of reservoir dredging has plagued the water conservancy industry
for many years. The gradual development of sedimentation leads to the extension of
backwater, the inundation of land, an impact on navigation, and the weakening of the flood
control and water supply functions due to the encroachment of the reservoir capacity. The
reduction in the sediment transport of the river also leads to an increase in erosion in the
downstream channel and seawater erosion in the estuary [1–3]. In Northern China, where
water resources are relatively scarce, the issue of reduced water supply reliability due to
sedimentation is particularly pressing [4].

To maintain a substantial effective reservoir capacity over the long term and de-
lay the onset of siltation equilibrium, researchers have explored strategies such as joint
sediment discharge scheduling of cascade reservoirs [5,6], single-reservoir sediment dis-
charge scheduling [7–9], and deep-water dredging technology [10,11]. In terms of the
joint dispatching of sediment discharge in cascade reservoirs, some researchers [12,13]
have conducted extensive theoretical and experimental studies on density flow sediment
discharge and riverbed erosion and deposition. Currently, the artificial shaping of density
flows for sediment discharge has been successfully applied in the sediment dispatching of
the Wanjiazhai–Sanmenxia–Xiaolangdi cascade reservoir system on the Yellow River. In
terms of sediment discharge scheduling in a single reservoir, researchers have conducted
significant research on the influence mechanism with multiple objectives, including sed-
iment discharge, water supply, power generation, flood control scheduling, and flood
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resource utilization, which provide valuable references for solving the optimal scheduling
scheme of reservoirs with comprehensive utilization requirements built on sediment-rich
rivers [14–18]. Regarding deep-water dredging technology, researchers have primarily
focused on enhancing pipeline sediment discharge, reducing water consumption rates,
minimizing wear, lowering power consumption, and mitigating the impact of cutterheads
on the dispersion of underwater pollutants [19,20]. In order to ensure that the water supply
is not compromised during the flood season when sediment is being discharged by lower-
ing the water level in the main reservoir, the authors of [21,22] investigated the utilization
of natural reservoir conditions or the construction of a new reverse-regulating reservoir
to ensure water supply security for users during the sediment discharge periods of main
water supply reservoirs. They transformed the issue into an optimization problem of water
quantity dispatching for a group of reservoirs.

However, except for deep-water dredging, none of the above-mentioned dredging
methods are suitable for dams without bottom outlets. Numerous reservoirs constructed in
the 1950s and 1960s were driven by the urgent need for flood control and water supply. To
minimize investment and expedite project completion for immediate benefits, the impact
of sedimentation was rarely considered in the design process; many reservoirs did not
equip the bottom hole for sediment discharge, relying solely on reserved sedimentation
storage to extend their service life. This rendered measures such as emptying for sediment
discharge, density current sediment removal, clear-water storage and sediment discharge,
and high-channel sand dragging ineffective, all of which depend on bottom outlets for
sediment removal [23]. In recent years, among the reinforcement projects for medium
and small reservoirs, it is common to add low-level outlets such as sediment discharge
bottom outlets, flood discharge tunnels, and drain tunnels to enhance flood discharge
capacity and increase sediment removal. However, the water cost of using water flow to
flush and remove sediment is too high, making it difficult to apply in water-scarce regions.
Particularly in the reservoirs constructed in Shaanxi and Shanxi provinces, located on the
Loess Plateau, the vegetation coverage remains low even after implementing the “Grain
for Green” policy. The soil erosion caused by heavy rainstorms is exceptionally severe.
The reserved sediment storage capacity has been nearly depleted after several infrequent
floods, with some heavily silted reservoirs becoming effectively obsolete. Those tasked
with flood control are forced to further lower their flood limit levels, resulting in increased
water abandonment and reduced water supply reliability. The utility of these reservoirs in
serving economic and social development needs is gradually falling behind.

Therefore, the sedimentation issues in reservoirs without bottom outlets can only be
resolved through investment in dredging. The investment-to-return ratio of reservoir dredg-
ing plans is a critical indicator in determining the feasibility of dredging projects. However,
the future social, economic, and flood prevention benefits of dredging cannot be accurately
measured in monetary terms. Therefore, the current substantial investment amount is the
main reason why reservoir dredging projects struggle to get off the ground. Reducing the
investment amount for dredging is a key focus in the design of dredging plans [24–26].
Generally, the higher the proportion of dry land dredging, the lower the total investment in
dredging and the higher the dredging efficiency. Compared with deep-water dredging, dry
land dredging is simple and low in cost, making it the most cost-effective aspect among the
three major investments in dredging, transportation, and disposal. However, the biggest
drawback of dry land dredging is the suspension of reservoir functions, which is unaccept-
able for water supply reservoirs in Northern China. Some design proposals suggest that
utilizing reverse-regulating reservoirs to temporarily take over the water supply tasks of
reservoirs undergoing dredging can further lower the operational water level during the
dredging process, thereby increasing the proportion of dry land dredging. In a sediment
dredging plan for Reservoir A in Northern China, which involves the removal of 40 million
m3 of sediment, the construction of a water supply tunnel from downstream Reservoir
B to the water users has been proposed. This would enable Reservoir B to substitute for
the 26 million m3 of drinking water previously supplied by Reservoir A. Consequently,
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the operating water level of Reservoir A could be reduced, leading to a decrease in the
dredging investment from CNY 3.785 billion to CNY 3.12 billion. However, this plan has
not yet been implemented. Utilizing reservoirs with certain hydraulic connections for
compensatory regulation, coupled with a modest investment in supporting projects, can
reduce the cost of sediment dredging while enhancing the regional capacity for water
allocation. This approach presents an intriguing solution.

China is advancing the construction of its national water network project, which,
based on natural and artificial water bodies, will gradually enhance hydraulic connections
between them through engineering measures. This initiative aims to strengthen water
resource allocation capabilities, achieve mutual water supply across basins, address the
uneven spatial distribution of water resources on a larger scale, and accelerate the man-
agement of groundwater over-extraction. The construction of the national water grid
primarily encompasses water transfer projects and storage facilities. Beyond the newly
constructed single water diversion projects, establishing a network-like framework is grad-
ually achieved by adding key interconnection projects and integrating with previously
built inter-basin water transfer systems. This network extends artificial, controllable water
conveyance pipelines, tunnels, channels, reservoirs, and natural rivers to cover human
settlements, akin to the distribution of nerve endings. If these water transfer projects
can be fully utilized, complemented by necessary investment in supporting facilities to
establish more complex water volume connections between reservoirs and enhance their
mutual compensation capabilities, completely draining severely silted reservoirs for dry
land dredging might be feasible.

Based on the above analysis, this study presents a research approach for siltation
reservoir groups in water-scarce areas through compensatory regulation to achieve dry
land dredging. Using a typical inter-basin water diversion project in Northern China as the
research object, we address the optimization of sequential emptying and dredging strate-
gies for water supply reservoir groups. First, we clarify the hydraulic connections between
reservoirs and then select a typical dry year group for the basin. By employing a two-step
optimization method, we construct both single-reservoir optimal scheduling models and
multi-reservoir joint multi-objective optimal scheduling models. Through optimization
calculations under different emptying sequences, we utilized a subjective–objective com-
prehensive weighting method to select the optimal solution [27]. By analyzing the water
supply effects under various emptying sequences, we obtain the mechanism of influence
between the characteristics of the reservoir, the sequence of emptying, and the operation
indicators. The research findings offer new methods for dredging siltation reservoirs in
water-scarce regions, providing valuable references for reservoir managers, river basin
managers, dredging service industries, and policy makers in relevant departments.

2. Overview of the Study Area

Figure 1 illustrates a water supply project in Northern China that transfers water
from a relatively abundant basin to a water-scarce region, addressing the shortfall in
industrial, domestic, and agricultural water needs. For clarity, this study divides the
project into the transfer area and the receiving area. The transfer area has a per capita
water resource volume of 820 m3, while the receiving area has 257 m3. Although the per
capita water resource volume in China is 2100 m3, it only accounts for 28% of the global
average. Therefore, objectively speaking, the water resource in the transfer area is not
abundant. Consequently, this project connects four reservoirs (ZC, YZ, GH, and SX) to
achieve the designed annual water transfer target of 112 million m3. However, three of
these source reservoirs were constructed in the 1950s and 1960s and are now severely silted.
This has weakened their flood control and water storage capabilities, resulting in a low
fill rate. The actual water supply capacity of the project is significantly lower than the
designed requirements.
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Figure 1. The general arrangement of the project.

Figure 2 illustrates the hydraulic connections among four source reservoirs in the
transfer area. Among them, the ZC reservoir is a newly constructed reservoir that has
not yet begun to store water, while the YZ, GH, and SX reservoirs have varying degrees
of sedimentation. The water from the YZ and SX reservoirs can flow by gravity to the
receiving area, resulting in lower water supply costs. In contrast, the GH and ZC reservoirs,
due to their lower altitudes, require pumping through 1- and 2-stage pumping stations,
respectively, to be transported to the receiving area, leading to higher water supply costs.
To clarify the current storage capacity curves of each reservoir, the research team conducted
an oblique survey of the ZC reservoir (empty) using a drone equipped with a visible light
camera in June 2022. Measurements of the YZ, GH, and SX reservoirs were conducted
in March and April 2023 using drones with visible light cameras and unmanned boats
equipped with multi-beam echo sounders [28]. Upon analyzing the sedimentation condi-
tions of three reservoirs based on the design data from the time of their construction, it was
concluded that each reservoir had accumulated sediments equivalent to 21.2%, 50.5%, and
13.1% of their originally designed total storage capacities, respectively.

The four water source reservoirs in the transfer area each are responsible for supplying
water to their respective regions. Industrial, domestic, and agricultural water demands are
projected based on the assessments of future population growth and economic development
by government planning departments. The ecological water demand within river channels
is calculated using the Qp method after fitting long-series monthly average inflow data
with a P-III-type curve [29]. The receiving area is a concentrated water-deficient region
comprising five towns, where groundwater has long been one of the primary water sources.
Prolonged overexploitation has led to severe groundwater depression cones. In terms of
total volume, this inter-basin water supply project cannot replace the local groundwater
source and can only replace a portion of the groundwater to mitigate the ecological and
environmental degradation caused by the overexploitation of groundwater.
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Figure 2. Hydraulic connection of the water supply reservoir group in the transfer area. YZ: Yunzhu
reservoir; SX: Shixia reservoir; GH: Guanhe reservoir; ZC: Zecheng reservoir.

3. Methodology

It is widely acknowledged that the lower the reservoir water level, the greater the
proportion of the dry land dredging volume and the higher the efficiency of dredging.
However, lowering the water level can impact the reservoir’s water supply function.
Therefore, this study proposes the concept of sequential dry land dredging by emptying
reservoirs in rounds. As shown in Figure 3, the process involves sequentially draining
reservoirs with severe siltation for dry land dredging, with the water supply tasks during
the draining period compensated by reservoirs hydraulically connected to the ones being
dredged. This approach ensures efficient dry land dredging without compromising the
water supply function of the reservoirs. Hydraulic connections can be categorized into
natural and artificial types. Natural hydraulic connections involve the compensation of
downstream reservoirs by upstream reservoirs. In contrast, artificial hydraulic connections
are achieved by constructing pipes, tunnels, and channels to enable upstream reservoirs to
compensate for downstream reservoirs. Additionally, pump stations and pipelines can be
constructed to allow downstream reservoirs to compensate for upstream reservoirs.

However, the decision on the sequence for emptying the reservoir group with the
lowest risk cannot be made directly. This is due to the following reasons: the water
transfer company possesses its own constructed pipelines, tunnels, canals, valves, and
pumping stations. However, the ownership of the reservoirs and water resources does
not belong to the water transfer company. The company only holds the right to dispatch
a portion of the water volume under the premise of reaching a consensus with each
reservoir to ensure the supply of water resources to the receiving area. It should be
clearly stipulated that the benefits generated from replacing dredging reservoirs with
compensation reservoirs for water supply should accrue entirely to the management entity
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of the compensation reservoirs, with water prices maintained at the original price, and the
water transfer company shall not have a share. Additionally, the electricity costs incurred
during the water compensation process when utilizing pumping stations should be borne
by the water transfer company. Therefore, the water transfer company requires an optimal
emptying sequence plan and a joint-dispatching scheme for reservoir groups to reduce its
operational costs and ensure a stable water supply to the receiving area. Obviously, the
initial phase of dredging is the most challenging period, characterized by a reduced number
of reservoirs involved in water supply, the weakest capacity for water transfer, difficulties
in profitability, the highest costs, and the greatest risks in compensation regulation. As
more reservoirs complete dredging and the overall water supply capacity increases, the
difficulty in profitability decreases, and the risks associated with compensation regulation
also diminish. The ideal sequence for emptying and dredging should enhance profits at
the initial stage of dredging while reducing compensation risks. However, the profitability
at the early stage of dredging is related to water prices, transferred water volumes, and
electricity costs. High-value water users have high requirements for reliability, which
determines whether users will be willing to purchase water.

Figure 3. Schematic diagram of the water supply reservoir group for rounds of emptying and dredging.

Should the SX reservoir be the first to release water, its water supply responsibilities
would solely fall on the ZC reservoir. However, during the initial period when the overall
water supply capacity is at its lowest, the electricity costs incurred by the ZC reservoir to
compensate for water supply through pumping stations appear relatively high compared
to the profit from the water supply.

If the YZ reservoir is the first to be emptied, its water supply responsibilities can be
jointly undertaken by SX, GH, or ZC reservoirs. Among these, both GH and ZC reservoirs
require pumping stations, while the SX reservoir can flow naturally to the vicinity of the YZ
reservoir through a tunnel. However, the storage capacity of the SX reservoir is relatively
small, and the pressure of simultaneously supplying water to both the local area and the
YZ reservoir is significant, resulting in a high risk of water supply disruption. Therefore, it
is likely that the pumping stations of the ZC and GH reservoirs will need to be activated.

Should the GH reservoir be the first to release water, its supply duties can be jointly
undertaken by SX, YZ, and ZC reservoirs. Utilizing the gravity-fed supply from YZ and
SX reservoirs offers the lowest cost. However, if the inflow to YZ and SX reservoirs is
insufficient to meet both local demand and the demand of the GH reservoir, water must be
drawn from the ZC reservoir, necessitating a rational allocation between gravity-fed and
pumped water.

Based on the above discussion, it may be most rational to discharge the GH reser-
voir first, as the support from the water volumes of the two reservoirs might render it
unnecessary to activate the pump station at the ZC reservoir. Additionally, given that the
GH reservoir has the largest storage capacity, initiating sediment removal can enhance
the subsequent amount of water available for external transfer. From a profit perspective,
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the most cost-effective approach is to first dredge reservoirs capable of gravity-fed water
supply. However, in this case, the two reservoirs that can utilize gravity-fed water may not
achieve a stable outflow for external water transfer, or the stable outflow may be minimal.

From the perspective of the social benefits of dredging, there should be no distinction
between priority and delay in the dredging sequence. However, these arguments are merely
qualitative and have not been simulated with typical inflow data and scheduling plans,
lacking quantitative results for reference. Moreover, it is not rigorous to simply determine
which reservoir to empty first based on cost-effectiveness and then directly decide to empty
that reservoir first. The sequence of emptying and dredging silted reservoirs is a sequential
decision-making process, and its merits need to be judged based on the water supply
index performance and the trend of water supply index changes throughout the whole
dredging period.

4. Optimization Dispatching Model of Emptying Dredging

4.1. Optimization Strategies and Decision Variables

The volume of soil is a primary factor in determining the duration of dredging projects;
ascertaining the volume of dredging can roughly establish the project timeline. However,
even with advance planning of the dredging volume and construction period, it is difficult
to accurately predict the actual duration. The probability of occurrence of factors such
as funding issues, weather conditions, epidemic outbreaks, and mechanical failures that
lead to work stoppages, as well as additional risk mitigation and slope-rectification tasks
that may be added during the reservoir dredging period is considered to be the same in
this study. Therefore, different emptying sequences are not expected to impact the overall
construction period.

Consequently, water supply indices can be calculated under the conditions of a typical
dry year. However, due to the varying dredging durations of individual reservoirs, the
results calculated over a single typical year are highly contingent. Extending the schedul-
ing period would significantly increase the dimensionality of decision variables, thereby
increasing the difficulty of finding a global optimal solution. This study ultimately selected
a 3-year scheduling period with monthly scheduling intervals. Utilizing long-series inflow
data for each reservoir, the P-III curve was employed to rank the total 3-year runoff vol-
umes, resulting in the design of dry year groups for each reservoir. Finally, the total sum
of squared deviations was minimized to select the typical dry year group for the transfer
area [30].

This article does not consider shipping and power generation flows because reservoirs
with shipping functions and significant power generation benefits are mostly located in
regions abundant in water resources. These reservoirs are constructed to a high standard,
with complete hub engineering, and most possess the capability to discharge sediment at
low water levels, thus not requiring consideration under the background of this article.
However, the impact on flood prevention during the emptying and desilting process is
significant. In the event of rare heavy rainstorms, to ensure the flood discharge safety of
downstream river channels, the emptied reservoirs will be refilled to store floodwaters and
then emptied again after the flood season. This will inevitably reintroduce some sediment.

The outflow from the compensating reservoir group consists of three types of flows:
external transfer, compensatory, and discharge (local water demand). Consequently, at
least the end-of-period water level and two types of flows need to be considered as decision
variables. However, due to the numerous constraints, random search algorithms prove
inefficient when faced with the vast solution space and the potential fragmentation of the
feasible domain by constraints. Therefore, this paper uses two-step optimization to reduce
the dimensionality of the model, as shown in Figure 4.
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Figure 4. Optimization strategy.

The first step is taking the water level at the end of the period as the decision-making
variable and optimizing each reservoir individually to minimize the variance of the re-
maining flow QGij, subject to the constraint of meeting the local water demand. Here,
QGij represents the total of transferred and compensatory flows, resulting in the optimal
remaining flow process that each reservoir can provide through individual regulation.

In the second layer, the optimal remaining flow of each reservoir serves as the upper
limit, dividing the remaining flow into two parts: external transfer flow and compensatory
flow. These are distinguished by the proportion coefficient α for external transfer flow and
the utilization coefficient β for drawing water from different reservoirs, transforming the
decision variables into the α, β values for each reservoir and time period. The values of α
and β range from 0 to 1, undergoing multi-objective optimization.

4.2. Objective Function

The objective function of the second step involves three aspects: the total water supply,
revenue, and cost. The revenue is calculated by multiplying the price of water by the
total amount of water transferred. The water pricing for inter-basin water transfer projects
should be determined under the coordination of the government, considering both the
construction costs of the project and the local development context, ensuring that the water
price fluctuates within a reasonable range. This approach aims to secure a certain profit for
the inter-basin water transfer companies while reducing the water costs for users.

The study area suffers from widespread water scarcity and reservoir siltation, leading
to a low water supply guarantee rate. This situation has dampened the enthusiasm of
high-value water users to utilize transferred water while creating a conflict between the
water fee payment capacity of agricultural users and the costs incurred by the water transfer
company [31].

When a floating water price is employed to attract high-value water users, it is neces-
sary to base the pricing on the supply effectiveness of the water transfer company. This
approach draws on the broad and shallow damage principle, which evenly distributes
water deficits across time periods [32].

This study defines floating water prices as follows: even when the total water supply is
substantial, it cannot replace the groundwater sources in the water-receiving area. Assum-
ing that water fees are settled at the end of the year if the water scarcity rate in the receiving
area is more uniform, it indicates that the water supply trend aligns with the water usage
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trend, signifying better water supply effectiveness. Thus, the corresponding water price
should be increased. Conversely, if the variance of the water scarcity rate in the receiving
area is larger, it indicates that the water supply trend does not meet the water usage trend,
and the corresponding water price should be reduced [33]. In reducing electricity costs,
drawing water from different reservoirs implies varying extraction costs, and to minimize
these costs, it is essential to avoid using pump stations as much as possible.

In the first step, in addition to the reservoir that has been emptied, the local water
supply tasks of each reservoir are independently undertaken, serving as constraints for
individual reservoir optimization; in the second step, the water supply tasks assigned to
the emptied reservoir are compensated by other reservoirs, acting as constraints for joint
optimization.

The objective function for the single-objective optimization model for a single reservoir
is as follows:

QGij=QOij−QLij (1)

minF = minD(QGij) (2)

where QGij represents the remaining flow of the reservoir j during time period i, and QOij
and QLij represent the outflow and local water demand flow of period i, respectively.

The objective function for the multi-objective optimization model of the reservoir
group is as follows:

(1) Maximum external water transfer

maxF1 = max
N

∑
i=1

M

∑
j=1

βijαijQGij (3)

where αij represents the proportion of remaining flow that reservoir j allocates for external
transfer during period i; and βij represents the proportion of remaining flow that reservoir j
utilizes during period i.

(2) Highest income

maxF2 = maxPri ·
N

∑
i=1

M

∑
j=1

βijαijQGij (4)

Pri = 5 · ( 1
Var+1

) (5)

Var = D(
βijαijQGij−QRi

QRi
) (6)

where Pri represents the unit price of the water supply; Var represents the variance of water
scarcity rate in the receiving area, where the smaller the variance of the water scarcity rate,
the higher the unit price. The base water price is set at 5 CNY/m3.

(3) Lowest electricity rates

minF3=minC·30.4·24·(
K

∑
h=1

Ph) (7)

Ph=QGij·βij (8)

where C represents the electricity price, Ph represents the total power consumption of pump
station h over the entire scheduling period, and K represents the number of pump stations.
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4.3. Constraints

(1) Water balance constraint

Vij = Vi+1j + VNij − VLij − VTij − VSij − VAij − VEij (9)

VEij = Eij × Sij (10)

where Vij and Vi+1j represent the reservoir j capacities for time periods i and i + 1, respec-
tively; VNij represents the inflow volume during time period i; VLij represents the local
water supply volume during time period i; VTij represents the volume of water transferred
from external sources at time period i; VSij represents the compensatory water volume at
time period i; VAij represents the discharge of water abandoned during time period i; VEij
represents the amount of water lost by way of evaporation at time period i of reservoir j;
Eij represents the water surface evaporation depth of reservoir j at time period i, derived
from the design report of each reservoir; Sij represents the average water surface area of
the reservoir at time period i of reservoir j, which can be obtained by querying the water
level–area curve, because the water level–area curve after dredging is difficult to estimate,
so the same curve is adopted as before dredging.

(2) Water transport capacity constraints

0≤QTij+QSij≤QUj (11)

where QTij represents the transfer flow from reservoir j during time period i; QSij represents
the compensatory flow from reservoir j during time period i; and QUj represents the
maximum value of the tunnel and pumping station water conveyance capacity allocated to
reservoir j by the inter-basin water transfer project.

(3) Water level operation constraints

XLij≤Xij≤XUij (12)

where Xij represents the water level of reservoir j during time period i; XLij and XUij
represent the permissible minimum and maximum water levels of reservoir j during time
period i, respectively; the value of XLij is set at the dead storage level of each reservoir; and
XUij is determined by the flood limit level during the flood season and the normal storage
level during the non-flood season. These controls are applied irrespective of whether the
reservoir has been dredged, adhering to the current characteristic water level regulations.

(4) Compensation for water supply constraints

QSij=βij(1−αij)QGij (13)

M

∑
j=1

QSij ≥ QLi (14)

where QLi represents the water demand flow of the reservoir during emptying and dredging.

4.4. Initial Conditions

To maximize the assurance of water demand during consecutive dry years, it is
advisable to commence the emptying construction of a specific reservoir when all reservoirs
are fully stocked or at their highest water levels, typically after the flood season, which
marks the peak water level within a year. In this study, the starting time is the beginning
of October, the dispatch period is from the beginning of October of the first year to the
end of September of the third year, and the starting water level is set at the normal storage
level, which means that the compensation reservoir group should ensure that the reservoir
group is full at the end of the flood season through accurate meteorological forecasting and
scheduling during the flood season of the current year.
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4.5. Solution Selection

Figure 5 shows the weighting process for sorting Pareto sets in this paper. The game
theory-based approach that integrates subjective and objective weighting is employed [27],
and the Pareto set obtained from the second-step optimization is scored and ranked.
The subjective weighting employs triangular fuzzy numbers to represent the comparative
judgments of the importance between pairwise indicators [34,35], forming a Fuzzy Analytic
Hierarchy Process. If only the subjective weights are considered, the indicator with a more
concentrated distribution of solutions may obtain larger weights, thereby increasing the
probability of selecting the local optimal solution. Therefore, objective weighting utilizes a
method based on the degree of interval separation, characterizing the degree of separation
of the solution set under each indicator. Appendix B shows the method for converting
indicator values into intervals. Finally, a comprehensive weighting method based on game
theory is introduced [36], which seeks a balanced and consistent solution between the
subjective and objective weights, minimizing the deviation between the final possible
weights and the individual basic weights, thereby obtaining the final comprehensive
weighting value. The specific formula for calculating the basic weights Γ, ζ, and the
coefficient αe of the base weight are shown in Appendix A.

 

Figure 5. Flow chart of solution set sorting.

5. Results and Discussion

5.1. Typical Dry Year Group

The specific drought frequency was set at 95%, and the least squares approximation
method was employed to calculate the typical dry year group for the watershed, yielding
the hydrological years of 1991 to 1993. As Figure 6 shows, the inflow to the two reservoirs
that rely on gravity-fed water supply was relatively small, whereas the inflow to the
two reservoirs supplied by pumping stations was significantly larger.
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Figure 6. Percentage accumulation chart of each reservoir’s runoff from 1991 to 1993. ZC: Zecheng
Reservoir; SX: Shixia Reservoir; GH: Guanhe Reservoir; YZ: Yunzhu Reservoir.

5.2. The Volume of Sediment Removal and the Curve of Reservoir Capacity Post-Dredging

When the sedimentation in a reservoir becomes so severe that investment in dredging
is deemed necessary, it is common to not fully restore the original storage capacity. Par-
ticularly, sedimentation below the dead storage level is often not considered for removal,
not only due to the high costs associated with deep-water dredging but also because the
legal status of the dead storage level renders the loss of dead storage capacity accept-
able. Dredging operations in reservoirs typically focus on increasing the beneficial storage
capacity, with the dredging elevation generally exceeding that of the intake structures.
Additionally, a significant portion involves dry excavation of areas exposed in the middle to
latter sections of the reservoir. The minimum operational water level during the dredging
period determines the proportion of deep-water dredging to dry land excavation.

Among the three reservoirs studied in this paper, YZ is a lake-type reservoir with a
large water surface area and relatively shallow depth, GH is a river-type reservoir with
a small water surface area but greater depth, and SX is intermediate between the two.
The design of the dredging scheme must ensure that the dredged material falls within the
ultimate effective storage capacity and minimize the areas of ineffective dredging to reduce
the amount of backfill [37].

Because the three reservoirs in this study were built many years ago, the original
riverbed elevation data are missing, making it difficult to determine an accurate longitu-
dinal river profile. Additionally, dredging entails significant investment, and during the
design phase, it is crucial to consider cost issues comprehensively, not merely aiming for
the highest dredging volume.

Table 1 presents the design schemes and internal reports on sediment accumulation
and dredging volumes of completed and planned reservoir dredging projects collected
in this study. Considering that there is competition between dredging volumes and costs
in any reservoir, and this competition intensity is generally consistent across different
regions and times, the schemes have already balanced dredging volumes and costs during
design. Through statistical analysis of the proportion of dredging volumes to total sediment
accumulation in these cases, the dredging volumes for the three reservoirs in this study
were determined.
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Table 1. Several design schemes for sediment removal projects.

Reservoir Name
Original
104 m3 Type

Siltation
104 m3

Clearance
104 m3

Dredging
Proportion

Caizhuang 2070 River 1260 300 23.8%
Fenhe 73,300 River 37,700 2000 5.3%

Suyahu Lake 7710 9506 123.3%
Guanting 103,000 River 65,600 15,000 22.8%

Xiamizhuang 1144.8 River 229.4 147.1 64.1%
Wangyao 20,300 River 14,200 1650 11.6%

Linghe 3990 River 2065 350 16.9%
Shuangta 24,000 Lake 10,000 3006 30.6%

This study ultimately determined the dredging volume to be 25% of the total sediment
accumulation, focusing on clearing the beneficial storage capacity to expand the reservoir
capacity within the normal operational water level range. The post-dredging new storage
capacity curve was obtained by superimposing an exponential function (water level–storage
recovery) curve on the existing storage capacity curve. Figure 7 illustrates the water level–
storage capacity curves before and after dredging. It should be emphasized that under
the joint operation of reservoir groups, the dredging volume of each reservoir is a value
that can be optimized, although the dredging volume is set to a uniform ratio in this study,
which does not hinder the exploration of the change law of each index.

 

Figure 7. Z-V curve before and after dredging.

5.3. Optimization Results

Figure 8a,b, respectively, illustrate the optimization results of the first step and the
optimization results of the second step in the first phase with the order GH-SX-YZ. Figure 9
shows the correlation relationships between each pair of objectives. The remaining flow
after dredging in each reservoir has slightly increased. Under the conditions of the ex-
tremely dry year group, the remaining flow of YZ, SX, and GH reservoirs can be increased
by 7.58%, 0.85%, and 5.4%, respectively, after dredging compared with before dredging;
the competitive relationships between total water transfer volume, water transfer revenues,
and power cost are quite evident.

The optimal solution is selected from the Pareto set obtained by the second-step
optimization. Initially, the subjective weighting is conducted using the Fuzzy Analytic
Hierarchy Process, where multiple experts are invited to score the importance levels of
three objectives. Each scoring session provides the upper and lower bounds of relative
importance as well as the median, forming a judgment matrix.

FT =

⎡
⎣[1.00, 1.00, 1.00] [0.43, 0.50, 1.00] [0.43, 0.50, 0.90]
[1.00, 2.00, 2.40] [1.00, 1.00, 1.00] [0.80, 0.90, 1.00]
[1.20, 2.00, 2.40] [1.00, 1.20, 1.40] [1.00, 1.00, 1.00]

⎤
⎦ (15)
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(a) (b) 

Figure 8. (a) Optimal remaining flow of each reservoir; (b) Pareto frontier solution set of the first
phase in the sequence GH-SX-YZ.

Figure 9. Matrix correlation diagram of the first phase in the sequence GH-SX-YZ.

The subjective weights obtained through the Fuzzy Analytic Hierarchy Process are
as follows:

Γ = (0.58, 0.25, 0.17) (16)

Based on the weights assigned by multiple experts, the water supply volume is
deemed the most significant, followed by the income, with the costs considered the least
important. The weights of income and costs are relatively close. This indicates that people

60



Water 2024, 16, 2482

pay more attention to the total amount of water supplied during the dispatch period, which
means that the receiving area is in a state of severe water shortage, and the benefits and
costs of the water supply company will not be of concern for the time being.

Taking ±0.2% as the expansion range of the upper and lower bounds of the index
fuzziness, the objective weight calculated based on the distancing degree of the interval
number is (taking the order GH-SX-YZ as an example) as follows:

ξ = (0.317, 0.327, 0.356) (17)

The comprehensive weight obtained by integrating subjective and objective weights
based on game theory is as follows:

ω = (0.556, 0.257, 0.187) (18)

The solution set obtained based on the calculation of the separation degree of interval
exhibits a relatively uniform distribution under the three objectives, with weights approach-
ing each other. The result, after integrating both subjective and objective weights, remains
predominantly influenced by subjective weights.

Based on the comprehensive weights obtained, the TOPSIS method is employed
to score and rank the solution set [38], thereby identifying the optimal solution under
each sequence.

As shown in Figure 10, the disparities in water prices are primarily evident during
the period when the first two reservoirs are being emptied for dredging. Subsequently, the
differences in water prices gradually diminish, indicating a decreasing variance in water
scarcity rates in the receiving area. This trend suggests that water transfers stabilize as
the reservoir dredging is completed. Regarding the trend of water price changes, societal
development tends to gradually reduce water prices, while water users prefer lower
average water prices. The difference between the water price and the end of the water price
is calculated, and the more the water price is reduced, the more favorable the water price
change trend is. Therefore, the ranking of various schemes based on the advantages and
disadvantages of water price trends and average water prices is presented in Table 2.

 

Figure 10. Transfer water unit price (CNY).

Figure 11b illustrates the transfer flow under various sequences. The trend of transfer
flow is similar to that of the water demand process. Figure 11a shows the water supply
satisfaction under different sequences. During the dredging period of the YZ reservoir, the
water supply satisfaction maintained a high level across all orders. In contrast, the GH
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reservoir experienced lower levels during its dredging period. This clearly demonstrates
the decisive role of large reservoirs and abundant water rivers in determining water
supply satisfaction.

Table 2. Scheme ranking.

Unit Price
Unit Price

Trend
Total Water

Transfer
Total Power

Pumping
Proportion

Trend
Total Profit Profit Trend

GH-SX-YZ 4 3 4 3 1 3 6
GH-YZ-SX 2 1 1 5 2 5 3
SX-GH-YZ 5 2 5 1 4 1 5
SX-YZ-GH 6 4 6 2 6 2 4
YZ-GH-SX 3 5 3 4 3 4 2
YZ-SX-GH 1 6 2 6 5 6 1

Figure 11. (a) Water supply satisfaction in receiving area; (b) water supply process in receiving area;
(c) cumulative transfer volume.

Figure 11c illustrates the cumulative transfer flow diagrams under six sequences.
(1) The two schemes that were the first to empty the GH reservoir grew the slowest in
the first phase. After the first phase, the GH-YZ-SX gradually surpasses other schemes to
become the one with the greatest water supply volume, attributable to the large reservoir
capacity and abundant inflow of GH. (2) The GH-SX-YZ scheme, after the first phase,
does not experience the rapid growth seen in the GH-YZ-SX scheme; instead, its growth
accelerates starting from the third phase due to the natural inflow at the SX reservoir section
being greater than that at the YZ reservoir. (3) The SX-YZ-GH scheme, after the first phase,
accelerates its growth more rapidly than the SX-GH-YZ scheme because it first empties YZ
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and, with a larger GH reservoir capacity, has a stronger capability for transfer flow. (4) The
two schemes led by YZ emptying have a larger water transfer volume in the first phase,
with stable growth rates in the second and third phases. This indicates that the overall
increase in water supply caused by emptying SX first and emptying GH first is close. This
is because the water from the GH reservoir is limited by the maximum flow rate of the
pumping station, while the water from the SX reservoir is transported through a tunnel
with a high upper limit, resulting in a similar actual water supply capacity between the
two reservoirs. From the curve perspective, the total water supply of YZ-SX-GH is superior
to that of YZ-GH-SX. The ranking based on the total water supply is shown in Table 2.

Figure 12 illustrates the cumulative power values of pump stations with different
sequences. From the second stage to the conclusion, the ranking of cumulative power
values among the various scenarios remains largely unchanged. The scheme with the
lowest total power is SX-GH-YZ, while the scheme with the highest total power is YZ-SX-
GH.

Figure 12. Cumulative power of pumping stations.

Empirically, the earlier the dredging of the gravity-fed water reservoir is completed,
the lower the proportion of using pumping stations should be, and the total cumulative
power would be lower compared to dredging the pumping station reservoir first. However,
the calculation results show the opposite conclusion. This is because the objective function
is not a fixed value that needs to be met, nor does this paper specify the total amount
or process of water transfer; rather, it uses the water transfer volume and the variance
of the water shortage rate as the evaluation criterion. In actual operation, the specified
water transfer flow may lead to water abandonment, which should be avoided as much as
possible in optimization scheduling. This also underscores the significance of quantitative
analysis. The ranking according to the total power of each scheme is shown in Table 2.

Figure 13 illustrates the profit curves estimated with varying water prices and fixed
electricity costs. It can be observed that the periods with higher profits across all sequences
coincide with the periods when the YZ reservoir is emptied for dredging. This is due to
the relatively small natural inflow of water to the YZ reservoir, which increases the overall
instability of the water supply when it participates in the supply. Given the significant
instability factors associated with transfers and compensations during the initial dredging
phase, it is preferable for the water supply profit to exhibit a declining trend. If the reservoir
is desilted in order of runoff from small to large, the overall water supply profit will show
a downward trend. The ranking obtained based on the trend of water supply profits is
presented in Table 2.
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Figure 13. Profit curve.

Figure 14 illustrates the proportion of gravitational and pumping stations across vari-
ous schemes. During the dredging periods of GH across various schemes, the proportion
of water transfer by pumping stations has significantly decreased. The optimal sequence
for emptying should aim to reduce the usage proportion of pumping stations in the early
stages, indicating that the GH-SX-YZ sequence is the most favorable. In comparing the GH-
SX-YZ and GH-YZ-SX schemes, it is evident that emptying in the order of reservoir inflow
from largest to smallest facilitates a more pronounced trend of increasing the proportion of
pump station usage.

Figure 14. Ratio of gravitational water supply to pumped water supply.
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Table 2 shows the metrics further extracted from the results of multi-objective op-
timization and ranks them based on the advantages and disadvantages of each scheme
under these indicators. It can be seen that GH-YZ-SX and SX-GH-YZ are two schemes with
more obvious characteristics. GH-YZ-SX is beneficial for water users to save water costs,
and SX-GH-YZ is beneficial for water transfer companies to obtain more profits and save
water transfer costs.

6. Conclusions

The issue of reservoir dredging has long plagued the water conservancy industry.
With the implementation of the national water network strategy, new solutions to reservoir
dredging have emerged. To explore the optimal sequence for emptying and dredging
multiple reservoirs in rotation, this study established a two-step optimization scheduling
model. Using a typical dry year group as the input, the optimal operation schemes under
individual reservoir scheduling were solved. On this basis, the optimal schemes for joint
reservoir group scheduling under different emptying sequences were solved and selected.
Through comparative analysis of the water supply effects under various sequences, the
following main conclusions were drawn:

1. Under the conditions of 25% dredging and extremely dry years, the remaining flow
of YZ, SX, and GH reservoirs increased by 7.58%, 0.85%, and 5.4%, respectively;

2. As the dredging process nears completion, the water supply’s stability gradually
improves, reducing the variance of water scarcity rates. Consequently, the disparity
in water prices diminishes accordingly;

3. The level of satisfaction with water supply and the variance of water shortage rates
are determined by reservoirs with large runoff and substantial storage capacity, which
decisively influence the profit value;

4. According to the descending order of the storage capacity of reservoirs, emptying
and dredging the reservoirs can facilitate an increasing trend in the utilization ratio of
pumping stations, thereby reducing the relative usage ratio of pumping stations in
the initial phase;

5. Emptying and dredging the reservoir according to the order of the amount of water
coming from the reservoir from small to large is more conducive to reducing the profit;

6. The optimization results, which aim to minimize the variance of water scarcity rates,
contradict empirical judgments, underscoring the critical importance of quantitative
analysis in the optimal scheduling of reservoir groups;

7. Reservoir managers and water transfer managers pay more attention to the total
amount of water transferred, and the profits and costs of water transfer companies
are not a concern for the time being.

This research offers a new idea for the dredging projects of reservoir groups, serving as
a reference for reservoir dispatchers and dredging service industry professionals; however,
there are areas for improvement in the present study, including the following: (1) The
selection of a typical dry year group for the basin at a 95% guarantee rate was based
on the method of minimizing the sum of squared deviations. However, inflow to some
reservoirs in this group exceeds their own frequency discharge results. Therefore, it
is necessary to continuously monitor new inflow data to select a more representative
typical year group that aligns with the design guarantee rate. (2) Given the many feasible
solutions, the optimal solution obtained through the weighting method is somewhat
contingent, leading to contradictory conclusions when general patterns are analyzed.
Future research should enhance the study of indicators for the optimization of scheduling
schemes involving rounds of emptying and sediment removal. To clearly understand the
impact of sediment removal in each reservoir on various indicators, it is advisable to select
mutually independent indicators for evaluation. (3) Rounds of emptying and dredging
are projects involving social stability and economic development, and there are still many
vague indicators in the evaluation of the program that have not been considered in this
paper. If these indicators are weighted according to Chang’s method, some indicators with
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a weight of 0 may be generated. Subsequently, the method of reference to [39] can be used
to synthesize the relative importance calculation methods of Mikhailov [40] and Wang and
Chin [41] and to use Mamdani’s FIS method to rank the alternatives [42].
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Appendix A

The steps of the multi-metric decision-making method are provided below [27].
Subjective weighting:
Since the relative importance of the different objectives is a vague concept, the invited

experts were asked to give the upper bound, the median, and the lower levels of relative
importance between the objectives. Assume the set of indicators U=

{
u1, u2, · · · , un

}
.

The relative importance given by the experts is in the following form:

Fij=(lij mij uij) (A1)

where Fij represents the fuzzy trigonometric function of the importance comparison be-
tween the indicators ui and uj; i, j = 1,2,. . .n; lij, mij, and uij represent the upper, median,
and lower bounds of the possible importance of the index ui relative to uj, respectively;
and the 1~9 scale method in the traditional AHP method is used to represent the degree of
importance, If the importance of ui to uj is λ, the importance of uj to ui is 1/λ.

Judgment Matrix F:

F =

⎡
⎢⎣

F11 · · · F1n
...

...
Fn1 · · · Fnn

⎤
⎥⎦ (A2)

The initial weights of each indicator are calculated as follows:

γi =
(
lij mij uij

)
=

n
∑

j=1
Fij

n
∑

i=1

n
∑

j=1
Fij

(A3)

where γ indicates the initial weight of the indicator ui, and uij, mij, and lij represent the
upper, median, and lower bounds of the initial weights of the indicator ui, respectively.

The following formula is used to calculate the importance of each indicator relative to
the others [35]:

τi = V(γ ≥ γ1, γ2, · · · , γn) = minV(γ ≥ γi) (A4)

V(γi ≥ γj) =

⎧⎪⎨
⎪⎩

1 mi > mj
lj−uj

(mi−ui)−(mj−lj)
mi ≤ mj, ui ≥ lj

0 else

(A5)

where τi indicates the importance of the indicator ui relative to all other indicators; V is the
general formula used for calculating the relative importance.

Finally, the subjective weights are obtained by means of normalization:

Γ = (τ1, τ2, · · · , τn) (A6)
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Objective Weight:
The indicator values are expressed in the form of intervals. Suppose the Pareto set is

S = {s1, s2, · · · sz}. The objective weight vector to be solved is ζ = (ζ1, ζ2, · · · , ζn); then,
the index value of the scheme si about uj is expressed as an interval (xij,L,xij,U). The interval
algorithm is used to standardize the benefit index and the cost index, and the value of the
processed index is [rij,L,rij,U], which is specifically used in the following interval operation.

Use the following formula to calculate the phase separation between each interval:

d(rij,rkj)=
∥∥∥rij−rkj

∥∥∥
2
=
√
(rij,L−rkj,L)

2+(rij,U−rkj,U)
2 (A7)

The following formula is used to calculate the degree of difference between the decision
scheme si and all other schemes for the indicator uj:

Dij(ζ)=
z

∑
k=1

d(rij,rkj)ζ j (A8)

Use the following formula to calculate the total difference between all decision schemes
and other schemes for indicator uj:

Dij(ζ)=
z

∑
i=1

z

∑
k=1

d(rij,rkj)ζ j (A9)

where i, k = 1, 2, . . ., Z.
The selection of the weight vector ζ should make the total difference of all indicators

to all decision schemes the maximum so as to make the distribution of solutions as uni-
form as possible. Then, solving ζ turns into a single-objective optimization problem as
shown below:

maxD(ζ)=
n

∑
j=1

z

∑
i=1

z

∑
k=1

d(rij,rkj)ζ j (A10)

s.t.

⎧⎨
⎩

n
∑

j=1
ζ2

j = 1

ζj ≥ 0, j ∈ N
(A11)

The optimal objective weights of each index are obtained via normalization of the
optimized ζ:

ζ = (ζ1, ζ2, · · · , ζn) (A12)

Comprehensive subjective and objective weights:
According to the comprehensive weighting method of game theory, the purpose is to

find the most balanced solution among different weights so that the deviation between the
final weight and each basic weight is minimal. That is, by optimization of the coefficients
α in the following formula means that the deviation between ω and ωl calculated via
different methods is minimal, ω1 = Γ,ω2 = ζ in this study.

ω =
2

∑
e=1

αeωT
e (A13)

This can be translated into an optimization problem as shown below:

min

∥∥∥∥∥
2

∑
e=1

αeωT
e − ωe

∥∥∥∥∥
2

(A14)

According to the properties of the matrix, this problem can be converted into solving
the following equations:
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[
ω1ωT

1 ω1ωT
2

ω2ωT
1 ω2ωT

2

][
α1
α2

]
=

[
ω1ωT

1
ω2ωT

2

]
(A15)

After the equations are solved, ω is calculated using (A13), and the final weight can
be obtained after normalization.

Appendix B

Assuming that the minimum value of the original index value is fmin, and its interval
is (fmin-αfmin, fmin + αfmin), abbreviated as [fminL,fminU], the maximum value is fmax,
and its interval is (fmax-αfmax, fmax + αfmax), abbreviated as [fmaxL, fmaxU], and α

is the range of up and down fluctuations set artificially. The interval of the maximum
minus minimum value is [fmaxL-fminU, fmaxU-fminL], denoted as [RangeL,RangeU]. Set
the interval of an index value P as [PL,PU], and use the following formula to calculate the
distance interval between P and the minimum value:

[PdisL,PdisU]=[PL−fminU,PU−fminL] (A16)

Use the following formulas to calculate the normalized value of P:

NormPL=min(
PdisL

RangeL
,

PdisL
RangeU

,
PdisU

RangeL
,

PdisU
RangeU

) (A17)

NormPU=max(
PdisL

RangeL
,

PdisL
RangeU

,
PdisU

RangeL
,

PdisU
RangeU

) (A18)
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Abstract: Earth system simulation technology is fundamental for ecological protection and high-
quality development in the Yellow River Basin. To address the lack of a Yellow River simulation
platform, this study proposes an adaptive multiscale true 3D crust simulation platform using the
Sphere Geodesic Octree Grid (SGOG). Twelve models in four categories were designed: single fine-
scale models, geomorphic zone-based models, and models using both top-down and bottom-up
approaches. The models were evaluated based on terrain feature representation and computational
efficiency. The results show that single fine-scale models preserve detailed terrain features but are
computationally intensive. They are suitable for the precise simulation of surface processes. Top-
down and bottom-up models balance terrain detail and efficiency, and are thereby widely applicable.
Geomorphic zone-based models provide detailed focal area representation and higher computational
efficiency, being more targeted. Various methods offer flexible scale transformations, each with its
own strengths, allowing researchers to select a method according to practical application needs.
Consequently, this research demonstrates that spherical discrete grids offer reliable support for
constructing basin simulation platforms, providing new technological and scientific insights for the
Yellow River Basin’s ecological protection and development.

Keywords: global discrete grid; Sphere Geodesic Octree Grid; true 3D geographic scene; adaptive
multiscale; Yellow River Basin

1. Introduction

The Yellow River, known as the mother river of the Chinese nation, represents the
history of Chinese development [1]. The evolution of the ideas and wisdom of flood
control and river management in China can be traced back to evasion, embankment filling,
dredging, diversion, embankment reinforcement, coordination, harmony, and protection
and development [1]. With the advancement of flood control technologies, from manual
labor, animal power, machinery, and electricity to computers, concepts such as the real
Yellow River, model Yellow River, digital Yellow River [2], and Yellow River simulators [3]
have emerged. Flood control technologies have propelled and guided the scientific and
technological development in China. Thus, the philosophy of flood control profoundly
influences national governance. Water control is akin to state governance, and the advanced
water management civilization of the Chinese nation to a certain extent determines the
path to the country’s prosperity, comprehensive national strength, and global standing [4].

The watershed simulator represents a new conceptual framework and a significant
undertaking in digital water management in the context of contemporary spatial big data
and information technology. The Yellow River simulator, designed specifically for the Yel-
low River Basin, focuses on the Yellow River Basin and serves as an integrated watershed
simulation system, with scientific apparatus developed and deployed throughout the basin.
It revolves around the natural and social water cycles within the basin, with a focus on ad-
dressing key issues related to the Yellow River by coupling multiple systems, coordinating
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multiple actors/parties, achieving multiple functionalities, simulating multiple processes,
and ensuring integration [3]. The Yellow River simulator enables a comprehensive process
simulation of various natural and human factors within the basin, as well as their coupled
interactions. It particularly focuses on addressing distinctive Yellow River issues, such as
soil erosion, sediment deposition, ecological vulnerability, limited development quality,
and social governance capacity [3]. Simulating watershed-scale geographical processes
represents the core task of the simulator, with the coupling of temporal and spatial scales
being a key and challenging scientific problem [5]. From a conceptual standpoint, water-
shed simulation can be divided into comprehensive simulation (simulating the response of
a watershed system to geographic variable changes) and scenario analysis (analyzing and
evaluating the economic and ecological effects of various element combinations, thereby
facilitating decision-making in management) [6]. Both the simulations and analyses require
a simulation platform as a foundation. In summary, the simulation platform serves as
the catalyst, key, and core of the watershed simulator, and all the work of the simulator
revolves around the simulation platform.

Watershed simulation belongs to the domain of Earth system simulation, which is
an application of Earth simulation at the watershed scale [5]. The Earth’s system encom-
passes various spheres, including the near-Earth space, atmosphere, oceans, land surface,
biosphere, and solid Earth (including the lithosphere, mantle, and core). Mathematical
equations have been established based on the physical, chemical, and biological processes
within these spheres, and large-scale comprehensive computational programs, known as
Earth system models, have been developed to solve these equations using numerical meth-
ods [7]. Earth system models are among the most complex and comprehensive scientific
numerical simulation tools. Their advancement reflects a country’s core competitiveness
in Earth systems’ science research, and serves as an important indicator for assessing the
country’s overall level of Earth science research and comprehensive national strength [8].
Internationally, the United States, United Kingdom, Germany, Japan, and France hold
leading positions in Earth system model development and simulation research. Examples
include the Community Earth System Model (CESM) in the United States (National Center
for Atmospheric Research, Boulder, CO, USA), the European Network for Earth System
Modeling (ENES) (EUDAT Ltd, Keilaranta, Finland), and the Frontiers Research System for
Global Change (FRSGC) in Japan (Japan Agency for Marine-Earth Science and Technology
(JAMSTEC), Yokohama, Japan) [7]. China’s Earth System model, CAS-ESM2.0 (Chinese
Academy of Sciences (CAS), Beijing, China), is at an advanced global level [8]. Three funda-
mental elements constitute the basic models of Earth system simulation: System Dynamics
(SD) models, Cellular Automata (CA) models, and Agent-Based (AB) models. Each has its
own characteristics and complementary nature, allowing for organic integration into the
basic model of Earth system simulations, with CA being an essential component [9]. The
spherical grid model used in this study is a type of CA model.

The Earth Tessellation Grid (ETG) belongs to the traditional research field of Earth
system science. An ETG is a spherical (ellipsoidal) grid that can be subdivided infinitely
without changing its shape, providing a fitting mesh for the Earth [10]. Recently, the study
of grids for digital earth platforms has emerged as a new research field. It emphasizes
the establishment of a unified and rigorous global positioning reference system, the fu-
sion and integration of multi-source and heterogeneous spatial data and related thematic
data, the construction and analysis of three-dimensional virtual geographic environments,
and the simulation and inference of various geographical spatial processes. There are
two types of grids used in digital Earth platforms: two-dimensional spherical surface
grids (DGGs, Discrete Global Grids) and three-dimensional spherical grids (ESSG). Nearly
20 DGG schemes [11] are used for organizing surface spatial data. This study mainly
involves three-dimensional spherical grids. The main achievements in this field include
three types: Spheroid Degenerated Octree Grid (SDOG) [12], Sphere Geodesic Octree
Grid (SGOG) [13,14], and Sphere Shell Space Grid (S3G) [15], all proposed by Chinese
scholars. SDOG and S3G belong to the Latitude–Longitude Hexahedral Grids, while

71



Water 2024, 16, 1791

SGOG belongs to the Geodesic Tetrahedron Grid, which have certain advantages in a true
three-dimensional modeling of geographic space, especially in the true three-dimensional
modeling of the Earth’s crust, and SGOG grids can be directly extended to ellipsoids.
Therefore, in this study, the SGOG grid was selected as the basic model for watershed
crustal modeling. It should be noted that the computational grids (vectors) of Earth
system models and the grids (rasters) of digital Earth platforms do not fundamentally
differ. The organic integration of the two can be achieved [16–18]. In recent years, despite
strong interest in research and commercial applications of Discrete Global Grid Systems
(DGGS), participation from the GIS scientific community has remained focused on rela-
tively narrow topics, such as grid specifications and refinement improvements [19]. Recent
advancements include: theoretical developments in multi-resolution encoding for hexago-
nal discrete grids [20,21]; the optimization and extension of grid subdivision and encoding
methods [22–27]; the analysis of grid metrics and their applications [28,29]; reviews and
challenges in DGGS research [19,30]; spatial analysis [31,32]; coastal environment and
maritime applications [33,34]; terrain analysis [35,36]. See Table 1.

Table 1. Characteristics of different types of grids.

Grid Type Representative References Advantages Disadvantages Application

Triangle

Alborzi and Semmet, 2000
[37]; Bartholdi, 2001 [38];
Baumgarder, 1985 [39];

Dutton, 1984 [40], 1999 [41];
Fekete and Treinish, 1990
[42]; Goodchild and Yang,
1992 [43]; Song, 2002 [44];

White, 1998 [45]

Can be combined into arbitrary
polygons; completely cover
spherical surfaces; easy for

texture mapping; effectively
fits curved surfaces; addresses

convergence issues at poles;
preservation of similarity, edge

length, and area equality.

Non-uniformly adjacent
units; not unique directions;
do not align with traditional

square conventions and
output devices.

Modeling and
visualization of

large-scale
geographic
spatial data

Quadrilateral

Sahr, 2003 [46];
White 2000 [47]; Bjǿrke,

2003 [48];
Gibb, 2016 [49]

Simpler geometric structures;
consistent directional, radial
symmetry, and translational
congruence properties; can

directly leverage many
algorithms based on plane

quadtrees; well-matched with
traditional output devices.

Non-uniform adjacency;
inability to cover the entire
globe; inability to directly
generate spherical grids;
significant distortion or
degeneration of units in

high-latitude regions.

Storage and
management of
spatiotemporal

big data

Hexagon

Heikes, 1995 [50];
Sadourny, 1968 [51];

Sahr, 2003 [46]; Thuburn,
1997 [52];

Peterson, 2006 [53];
Vince, 2006 [54];

Jin Ben, 2018 [20]

The most regular structure,
highest plane coverage and

angular resolution; consistent
topology; topological distance

closely matches Euclidean
linear distance; highest spatial

sampling rate;

Cannot fully cover the
spherical surface; faces
challenges in encoding

efficiency of grid cells and
compatibility with

constructing multi-resolution
data models.

Certain
advantages in

dynamic
modeling and
Earth system

model
computations

The Earth’s surface serves as the interface between the atmosphere and lithosphere,
and is the focal area for various geographical phenomena and processes. Geomorphology
is pivotal to Earth’s surface science and tightly integrates disciplines such as human
dynamics, biology, biogeochemistry, geochemistry, geology, hydrology, geomorphology,
and atmospheric dynamics [55]. Information regarding the topography of the Earth is a
critical parameter for nearly all Earth science analyses, precise land use, and planning [56].
Understanding surface processes relies on modern digital terrain representation [57], and
contemporary ground, aerial, and space remote sensing technologies have enabled the
detailed geographic analyses of large regions, or even globally [58].

In the field of global discrete grids, there exists a predominance of theoretical research
over applied studies. Issues in digital watershed three-dimensional spatial modeling
and geographical process simulation include traditional watershed 2.5D spatial modeling,
which prioritizes surface over subsurface, focusing mostly on surface geographical pro-
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cesses, thereby posing challenges in simulating and analyzing sub-surface spatial processes
and phenomena within watersheds. Moreover, existing three-dimensional simulation
platforms are segmented and disconnected, failing to integrate surface, near-surface, and
subsurface spaces into unified modeling. Traditional geographical simulation methods
often operate at fixed scales, aiming primarily for single-scale simulations, with intricate
complexities in scale integration and variation. From the perspective of river simulators,
macro-level framework studies predominate, with limited attention to specific technical
mechanisms. Spherical grid partitioning effectively addresses scale issues. Its recursive
subdivision mechanism facilitates the construction of models at single scales and hybrid
multi-level scales, thus enabling the flexible and on-demand simulation of watershed
geographical processes.

In summary, this study focuses on the construction of a true three-dimensional com-
putational platform for the Yellow River Simulator based on SGOG grids, globally shared
Digital Elevation Model (DEM) data and watershed terrain and landform data. It tackles
key technical challenges in building a spherical grid multi-scale model and dynamic sim-
ulation computing technology for watershed geographical processes. The study verifies
these technologies through experiments, particularly in simulating groundwater point
source pollution diffusion, aiming to provide essential technical support and foundations
for constructing the Yellow River Simulator.

2. Technical Foundations of True 3D Yellow River Simulation Platform Construction

2.1. SGOG Subdivision Theory

The Earth Tessellation Grid fundamentally treats the Earth system as a regular geo-
metric fluid, recursively dividing the flow surface or fluid into quasi-uniform segments,
organically encoding (indexing) and organizing them to simulate Earth phenomena and
processes. Each grid consists of grid points, edges, centers, and elements (surface and
volume elements). The SGOG adopts a method of large circular arc median QTM octree
division (spherical quadtree and radial binary tree), where the spherical quadtree can utilize
any existing QTM encoding scheme (this study uses directional encoding), and the radial
aspect employs binary tree encoding (Figure 1). The SGOG grid (tile) system was relatively
evenly distributed, and symmetric with respect to the center of the sphere, exhibiting
simple regularity and consistent topological relationships. The intralayer deformation is
minimal, whereas the radial deformation is significant [13,14]. Matching the grid points
of the Earth’s surface with the basin’s DEM elevation through interpolation (this study
employs the nearest neighbor method), and subsequently connecting the grid edges, can
express the basin’s landform. Introducing basin geological strata data (assumed data in
this study) and matching them with the underground grid can convey information related
to the basin’s underground geological strata, thereby establishing a truly three-dimensional
crustal simulation platform for the Yellow River Basin.

 
Figure 1. Spherical Quadtree (QTM) Grid.

2.2. Study Area and Source Data

The Yellow River originates from the northern foot of the Bayan Har Mountains on the
Qinghai–Tibet Plateau, has a total length of approximately 5464 km, and flows through more
than 370 counties in nine provinces before emptying into the Bohai Sea. The basin covers
an area of 795,000 square kilometers, making it the fifth-longest river in the world and the
second-longest river in China. It is considered one of the most difficult rivers to manage
globally. The Yellow River Basin traverses three major terraces spanning vast distances,
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with numerous mountain ranges and significant east–west elevation differences, leading
to marked variations in landforms. Sediment deposition poses a prominent challenge,
exacerbating the sharp conflict between human activities and water resources within fragile
ecological environments. Historically, the Yellow River has served as the cradle of Chinese
civilization, representing a hub for political, economic, and cultural activities. However,
the overall socioeconomic development of the region lags behind the national average in
today’s comprehensive societal and economic context.

Considering the computational and storage capabilities of a single machine, the mod-
eling is based on the SGOG 9th, 10th, 11th, and 12th level subdivision tiles (corresponding
to approximate grid surface edge lengths of 19.49 km, 9.75 km, 4.87 km, and 2.44 km,
respectively). DEM data covering the Yellow River basin area were downloaded from
the shared website (http://www.ncdc.ac.cn/, accessed on 1 March 2023), specifically the
SRTM v4.1 data with a 30 m resolution. The basic parameters included the UTM/WGS-84
projection, GeoTIFF format, 84,467 × 34,894 pixels, with elevations relative to the geoid of
the WGS-84 ellipsoid.

2.3. Technical Approach for Simulation Platform Construction

This study adopts Visual Studio 2017 (VS2017) as the development platform, uti-
lizes the open-source 3D graphics toolkit Open Scene Graph(OSG) as the graphics engine,
employs standard C++ as the development language, and utilizes the Interactive Data
Language (IDL) to process the DEM source data to establish the experimental environ-
ment. Initially, we conducted computations and conversions of the SGOG tile grid point
coordinates, matched the longitude and latitude coordinates with the DEM grid, and
then proceeded with grid point elevation interpolation calculations and stratigraphic data
matching. Subsequently, hybrid multiscale grid modeling was performed, followed by
hierarchical color rendering. The overall technical approach is illustrated in Figure 2.

Figure 2. Overall technical approach for constructing the adaptive multiscale three-dimensional
crustal simulation platform for the Yellow River.

3. Construction Process of Adaptive Multiscale True 3D Simulation Platform

The characteristics of the large-volume, multidimensional spatiotemporal nature,
heterogeneous multi-source, and dynamic variability of Earth’s spatiotemporal big data,
as well as the complexity and comprehensiveness of Earth system simulation, demand
that the Earth system simulation platform be targeted, adaptive, and flexible, enabling
agile spatiotemporal multiscale, multidimensional simulations for specific simulation
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requirements. This section introduces the construction process and the results of the
construction of an adaptive multiscale true three-dimensional simulation platform for
spherical grids. The experimental environment for this study includes: 12th Gen Intel Core
i5-12450H 2.00 GHz processor, 3200 MHz 32 GB RAM, NVIDIA GeForce RTX 3050 graphics
processor, 512 GB PCIe solid state drive; Windows 11 operating system, Visual Studio 2017
Professional, OSG 3.4.1 open source library, QT 5.12.0 open source library, QT Visual Studio
Tools v2.10.1.2 extension tools; and is developed using C++ as the programming language.

3.1. Establishment of Single Fine-Scale Grid Simulation Platform

DEM and ETG are essentially based on the discrete representation of geographic space
through sampled points. Naturally, a higher sampling density leads to a higher expression
accuracy. Owing to the limitations of the computational power available in this study, the
maximum level of SGOG grid partitioning allowed the entire Yellow River Basin crustal
simulation to be at the 12th level. To provide a comparative benchmark for the various
modeling methods, the results of the Yellow River simulation platform were obtained
following the aforementioned technical approach, as shown in Figure 3. Using the mean
elevation of each surface triangular grid point as an index, the corresponding thresholds
were set and hierarchical color rendering was performed based on different threshold
levels, resulting in the rendering of the Yellow River Basin, as shown in Figure 4. A side
view of the rendering is displayed in Figure 5, where the curvature of the Yellow River
Basin’s crust and the vertical stratigraphic structure can be observed. A local zoomed-in
view is shown in Figure 6.

 

Figure 3. Modeling results of the 12th layer single-scale grid in the Yellow River Basin.

 

Figure 4. Rendering of the 12th layer single-scale grid model in the Yellow River Basin.
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Figure 5. Side view of the rendering effect of the 12th layer single-scale model in the Yellow River
Basin (stratigraphic data are hypothetical).

 

Figure 6. Local magnification of the rendering effect of the 12th layer single-scale model in the Yellow
River Basin.

3.2. Establishment of Adaptive Multiscale Simulation Platform Based on Geomorphic Zoning

The Yellow River Basin has a fixed geomorphic pattern and structure. The boundaries
of the geomorphic divisions in the Yellow River Basin were downloaded from the National
Cryosphere Desert Data Center (http://www.ncdc.ac.cn/, accessed on 1 March 2023) and
overlaid with the DEM. The geomorphic divisions were then clipped according to the
DEM. Based on different geomorphic types, the corresponding grid layers were manually
designated and adjacent layers were merged to create an adaptive multiscale Yellow
River simulation platform based on divisions, as shown in Figure 7. On this platform,
the Qinghai–Tibet Plateau, Qinling Mountains, and downstream areas were divided into
12 layers, whereas the Loess Plateau, Yinshan Mountains, Liupan Mountains, Lvliang
Mountains, and Taihang Mountains were divided into 11 layers. The Ordos Plateau, Hetao
Plain, Guanzhong Basin, Fen River Valley, and Taiyuan Basin were divided into 10 layers,
and the downstream North China Plain was divided into the 9th layer. It should be noted
that because of the narrow channel area in the downstream region, even with the use of
a 12-layer grid for matching, there are still a few places where matching is unsuccessful,
resulting in discontinuities.
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Figure 7. Hybrid multiscale grid modeling results in the Yellow River Basin, based on geomor-
phic zoning.

The technical approach for grid model edge matching in different geomorphic regions
is as follows: The boundary portions of the grid model of each division were extended
outward by a certain distance and overlaid. Duplicate grids were identified and removed.

3.3. Establishment of Top-Down Adaptive Multiscale Simulation Platform

A top-down modeling approach was implemented, starting from coarser grids and
automatically subdividing them into finer grids according to specific rules until the desired
level of detail is achieved. In this method, the 9th to 12th layers of the SGOG grid were
selected to model the entire basin.

(1) Initially, an appropriate subdivision level n was selected to model the entire Yellow
River Basin. This subdivision level was determined based on the specific scale of the study
area, with n = 9 (approximating a triangle edge length of 19.49 km) chosen for the initial
modeling of the entire basin.

(2) After elevation matching, a threshold value Δ for the maximum height difference
between grid points is set as the criterion for further subdivision. The threshold Δ is
determined based on the overall topography of the current basin. In this study, threshold
values of 50 m, 100 m, and 150 m were used for Δ. If the height difference exceeded this
threshold, the grid was further subdivided; otherwise, the subdivision was halted. The
specific method for subdivision involved connecting the midpoints of the three edges of
triangles at the current level to create four new triangles at level n + 1.

(3) The elevation differences between pairs of vertices on the outer grid are calculated,
and the values are compared against the threshold Δ to determine whether to retain or
subdivide. A technical roadmap for this method is shown in Figure 8.

To facilitate model comparison, this study employed two methods: the fixed and
variable threshold step methods.

(a) Fixed threshold step method: This method consists of three variations ranging
from the 9th layer to the 12th layer. The elevation difference threshold between adjacent
layers was set at 50 m, 100 m, and 150 m to model the Yellow River simulation platform.

(b) Variable threshold step method: This method includes two variations. The first
variation starts with a 50 m threshold at the 9th–10th layers and increases by 50 m at each
step, until reaching a 150 m threshold at the 11th–12th layers. The second variation begins
with a 150 m threshold at the 9th–10th layers and decreases by 50 m at each step, until
reaching a 50 m threshold at the 11th–12th layers.

The results of the aforementioned experiments are illustrated in Figure 9.
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Figure 8. Technical roadmap for the top-down approach.

   
(a) (b) (c) 

  
(d) (e) 

Figure 9. Crustal grid modeling results in the Yellow River Basin under different elevation difference
thresholds in the top-down approach. (a). Fixed threshold at 50 m. (b). Fixed threshold at 100 m.
(c). Fixed threshold at 150 m. (d). Variable threshold range: 50 m–100 m–150 m. (e). Variable
threshold range: 150 m–100 m–50 m.

In the top-down approach, the magnitude of the threshold determines grid den-
sity. A larger threshold resulted in sparser grids, whereas a smaller threshold resulted in
denser grids. Furthermore, the different geomorphic types exhibited varying grid density
patterns. In practical applications, the choice of threshold values can be based on spe-
cific requirements.

The partial subdivision code statements for the top-down algorithm are as follows:
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// The three points with height differences greater than the threshold, as well as their
three child points, will be divided.

if (abs(H1 − H2) >= HD || abs(H2 − H3) >= HD || abs(H3 − H1) >= HD) {
B4 = (B1 + B2)/2;
B5 = (B2 + B3)/2;
B6 = (B3 + B1)/2;
L4 = (L1 + L2)/2;
L5 = (L2 + L3)/2;
L6 = (L3 + L1)/2;
}
The latitude and longitude coordinates of the grid points with height differences

exceeding the threshold are subdivided in the manner described above.

3.4. Establishment of Bottom-Up Adaptive Multiscale Simulation Platform

The bottom-up modeling approach, which progresses from finer to coarser grids,
shares the basic principles of the top-down method, but in the opposite direction, merging
from higher to lower subdivision levels. Initially, the finest grid model (designated the
12th layer in this study) was established. Starting from the bottom, the maximum height
difference between the grid points on the outer layers was evaluated at each level to
determine whether it was below a predefined threshold. If this occurred, the grids were
merged until an appropriate level was reached. In this method, grids at subdivision levels 9,
10, 11, and 12 were selected to model the entire basin. Threshold values of 50 m, 100 m, and
150 m were used in separate experiments along with the variable threshold experiments.
The technical roadmap of this method is shown in Figure 10, and the modeling results are
presented in Figure 11.

Figure 10. Technical roadmap for the bottom-up approach.

79



Water 2024, 16, 1791

   
(a) (b) (c) 

  
(d) (e) 

Figure 11. Crustal grid modeling results in the Yellow River Basin under different elevation difference
thresholds in the bottom-up approach. (a). Fixed threshold at 50 m. (b). Fixed threshold at 100 m.
(c). Fixed threshold at 150 m. (d). Variable threshold range: 50 m–100 m–150 m. (e). Variable
threshold range: 150 m–100 m–50 m.

Compared to Figure 9, the bottom-up approach for crustal modeling in the Yellow
River Basin generally produces denser grids, providing a more comprehensive representa-
tion of terrain details. The algorithm and code implementation of this method approximate
the top-down approach, and will not be reiterated here.

4. Comprehensive Evaluation of Hybrid Multiscale Grid Models in the Yellow
River Basin

The above experiments employed four methods, namely single-scale, geomorphic
zoning, top-down, and bottom-up, to flexibly construct the 12th layer of the finer SGOG
crustal grid model and the 11 other adaptive hybrid multiscale SGOG grid models in the
Yellow River Basin. These models exhibit diverse appearances. To objectively evaluate
the merits and demerits of each method, this study conducted a quantitative evaluation
from two perspectives, terrain information representation and algorithmic consumption,
providing scientific references for the construction of a geographic simulation platform for
the basin.

4.1. Selection of Evaluation Indicators

In general, the greater the amount of terrain information implied by the surface model,
the more realistic and higher quality the effect. Based on the characteristics of the DEM
data and the principle of easy calculation, this study selected three indicators, namely,
terrain roughness, elevation variation coefficient, and terrain relief, to measure the amount
of terrain information contained in the model. For comparison, this study also lists the
standard deviation and mean elevation. In addition, to establish a watershed simulation
platform, the efficiency of model construction is also an important indicator of its quality
from a practical perspective. This study selected four modeling efficiency indicators: grid
vertex count, modeling time consumption (calculated uniformly after the grid vertex eleva-
tion is matched), grid point coordinate file storage space consumption (hereafter referred
to as file storage space consumption), and running memory space consumption. Using the
12th layer grid model as a reference, a quality index calculation, comparison, and ranking
of the remaining 11 hybrid scale models were conducted, thus comprehensively evaluating
the terrain information expression and model operating efficiency of the aforementioned
hybrid multiscale models.
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The grid vertex count is the total number of vertices on the outermost surface grid for
single-layer or hybrid multiscale modeling. The terrain roughness formula used in this
study is as follows:

σ =
A
Ap

(1)

where A is the sum of the surface area on the watershed grid and Ap is the sum of the lower
surface area of the watershed grid, representing the projected area of the watershed surface
grid on the sphere.

Mean elevation: The mean elevation is the sum of the elevations of all grid vertices
divided by the number of grid vertices, and reflects the average level of elevation in
the region.

H =
∑n

i=1 Hi
n

(2)

where H is the elevation of the grid vertex, and n is the number of grid vertices.
Elevation standard deviation:

s =

√
∑
(

H − H)2

n − 1
(3)

Elevation variation coefficient: the percentage of the ratio of elevation standard devia-
tion to mean elevation, reflecting the degree of deviation of a set of elevation values from
the mean.

c · v =
s
H

× 100% (4)

Terrain relief:
R = Hmax − Hmin (5)

In this formula, Hmax is the highest elevation value in region, and Hmin is the lowest
elevation value in region.

Time consumption refers to the time elapsed from the start of the program to the
completion of the generation process after completing grid elevation matching, including
processes such as grid data reading, grid data calculation, scene rendering, and generation.
File storage space consumption and running memory space consumption refer to the
computer hard disk space consumed by storing grid data in file form for different methods
and the computer running memory consumed by calculating, drawing, and visualizing
grid data in the program for different methods.

4.2. Definition of Quality Indices

The crustal model of the Yellow River Basin constructed in the previous section is
most finely represented by the 12th layer grid model. Based on this, the quality standard
for the hybrid multiscale model is defined as follows: the model with the closest amount of
terrain information to the 12th layer grid model and the highest modeling and computing
efficiency is of the best quality.

Definition of the quality index: Let the aforementioned indicators be denoted as mi
and the corresponding indicator for the 12th layer as mn = 12. The quality index wi is defined
as the absolute difference between mi and mn = 12 divided by mn = 12, that is:

wi =
|mi − mn=12|

mn=12
× 100% (6)

Each indicator has a different influence on the quality of the model relative to the
aforementioned quality standards and indicators. The quality index for terrain information-
related indicators is better when is smaller, whereas a larger quality index is preferable
for efficiency-related indicators. These are referred to as negative and positive indicators,
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respectively. Accordingly, the negative and positive quality indices, Q1 and Q2, are defined
as follows:

Q1 = ∑ w, w ∈
{

wTerrainRoughness, wTerrainRelie f , wElevationVariabilityCoe f f icient

}
(7)

Q2 = ∑ w, w ∈
{

wNumberO f GridVertices, wTimeConsumption, wFileStorageSpace, wRuntimeMemorySpace

}
(8)

The quality of each hybrid model was comprehensively determined based on the
ranking of Q1 and Q2.

4.3. Computational Results and Evaluation Analysis

For convenience of analysis and comparison, the experimental numbers for the afore-
mentioned experiments are as follows (Table 2):

Table 2. Model construction experiment labeling.

Labeling A B C D E F

Experiment Single-scale
12th Layer

Terrain-based
Partitioning

Method

Top-down
Threshold 50 m

Top-down
Threshold 100 m

Top-down
Threshold 150

m

Top-down
Threshold

50–100–150 m

Labeling G H I J K L

Experiment
Top-down
Threshold

150–100–50 m

Bottom-up
Threshold 50 m

Bottom-up
Threshold 100 m

Bottom-up
Threshold 150 m

Bottom-up
Threshold

50–100–150 m

Bottom-up
Threshold

150–100–50 m

4.3.1. Terrain Feature Representation

The calculations of the terrain information-related indicators for various scale models
of the Yellow River Basin crust are presented in Table 3. Overall, it can be seen that the
terrain information-related parameters for various hybrid scale models are not significantly
different from the single 12-layer scale model (Method A). The terrain roughness was
slightly lower than that of Model A, indicating that regardless of the hybrid scale used, a
certain amount of terrain relief details were omitted. The elevation variation coefficient for
Model B based on geomorphic zoning was greater than that of Model A, whereas the rest
were lower than that of Model A. This indicates that, in terms of standard deviation and
mean elevation, Model B has a larger standard deviation and a smaller mean elevation. The
other methods had larger elevation standard deviations and mean elevations, indicating
that the continuity of the elevation distribution in Model B was not as good as that in the
other models. The terrain relief for the bottom-up approach was equivalent to that of Model
A, whereas those of the other methods were slightly lower. In particular, the top-down and
bottom-up methods have fixed values, reflecting a certain determinism in the modeling
mechanism of each method. Figure 12 is shown below.

(a) (b) (c) 

Figure 12. Terrain feature representation. (a): Terrain roughness and elevation variability coefficient.
(b): Elevation standard deviation and average elevation. (c): Terrain relief.
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Table 3. Terrain information-related (negative) indicators.

Methods Labeling
Terrain

Roughness

Elevation
Standard

Deviation (m)

Average
Elevation (m)

Elevation
Variability

Coefficient (%)

Terrain Relief
(m)

Single-scale A 1.87 1309.86 2151.55 60.88 5758.05

Geomorphic Zoning B 1.71 1359.38 2114.33 64.29 5737.01

Top-down (from
coarse to fine)

C 1.72 1312.81 2174.71 60.37 5742.11
D 1.79 1320.10 2228.97 59.22 5742.11
E 1.65 1332.22 2267.01 58.77 5742.11
F 1.74 1332.50 2259.69 58.97 5742.11
G 1.78 1311.71 2201.86 59.57 5742.11

Bottom-up (from fine
to coarse)

H 1.85 1324.20 2255.05 58.72 5759.07
I 1.81 1326.67 2337.15 56.76 5759.07
J 1.72 1332.44 2402.66 55.46 5759.07
K 1.84 1323.98 2273.36 58.24 5759.07
L 1.74 1333.11 2376.00 56.11 5759.07

4.3.2. Computational Efficiency

The calculations of the model operating efficiency-related indicators for the various
scale models of the Yellow River Basin crust are listed in Table 4. It can be observed that
the temporal and spatial consumption of the model computation is directly related to the
number of grid vertices; the greater the number of vertices, the higher the temporal and
spatial consumption. Among them, Model B had the fewest grid vertices, resulting in the
lowest temporal and spatial consumption and the highest efficiency. It is important to
emphasize that the watershed simulation platform consists of a series of logical steps, as
shown in Figure 1. Time consumption refers to the visualization construction time of the
grid model after the elevation matching of all grid points, excluding the time consumed for
processing the source DEM data, calculating grid point coordinates, matching grid point
elevations, overlaying geomorphic boundaries with the source DEM, data clipping, and the
hierarchical color rendering of the model. For example, in the experimental environment
of this study, single-scale Model A required approximately 3.5 h from grid point coordinate
calculation, elevation matching, and grid generation to color rendering. Figure 13 is shown
below.

Table 4. Model operating efficiency-related (positive) indicators.

Methods Labeling
Number of Grid

Vertices
Time

Consumption (s)
File Storage Space

Consumption (MB)
Runtime Memory Space

Consumption (MB)

Single-scale A 91,327 2.95 50.5 1024.0

Geomorphic
Zoning B 51,692 1.73 28.1 626.1

Top-down (from
coarse to fine)

C 79,930 2.72 45.3 1009.3
D 67,521 2.47 41.2 917.9
E 53,581 2.21 36.8 819.9
F 65,068 2.46 41.0 913.5
G 63,496 2.45 40.8 909.0

Bottom-up (from
fine to coarse)

H 86,021 2.93 48.9 1016.0
I 73,544 2.56 42.7 951.4
J 61,917 2.39 39.9 889.0
K 85,451 2.87 47.9 1015.2
L 63,453 2.43 40.5 902.3

83



Water 2024, 16, 1791

  
(a) (b) 

Figure 13. Computational efficiency. (a): Number of grid vertices and time consumption. (b): File
storage space consumption and runtime memory space consumption.

4.3.3. Quality Indices

The quality index calculations for these indicators are presented in Tables 5 and 6.

Table 5. Quality index for terrain information-related indicators.

Methods Labeling WTerrainRoughness (%) WElevationVariabilityCoefficient (%) WTerrainRelief (%) Q1 (%) Ranking

Geomorphic
Zoning B 8.56 5.60 0.37 14.53 8

Top-down (from
coarse to fine)

C 8.02 0.84 0.28 9.14 5
D 4.28 2.73 0.28 7.29 4
E 11.76 3.47 0.28 15.51 10
F 6.95 3.14 0.28 10.37 7
G 4.81 2.15 0.28 7.24 3

Bottom-up (from
fine to coarse)

H 1.07 3.55 0.02 4.64 1
I 3.21 6.77 0.02 10.00 6
J 8.02 8.90 0.02 16.94 11
K 1.60 4.34 0.02 5.96 2
L 6.95 7.84 0.02 14.81 9

Table 6. Quality index for model operating efficiency indicators.

Methods Labeling
WNumberOfGridVertices

(%)
WTimeConsumption

(%)
WFileStorageSpace

(%)
WRuntimeMemorySpace

(%)
Q2(%) Ranking

Geomorphic
Zoning B 43.40 41.36 44.36 38.86 167.98 1

Top-down
(from coarse

to fine)

C 12.48 7.80 10.30 1.43 32.01 9
D 26.07 16.27 18.42 10.36 71.12 7
E 41.33 25.08 27.13 19.93 113.47 2
F 28.75 16.61 18.81 10.79 74.96 6
G 30.47 16.95 19.21 11.23 77.86 5

Bottom-up
(from fine to

coarse)

H 5.81 0.68 3.17 0.78 10.44 11
I 19.47 13.22 15.45 7.09 55.23 8
J 32.20 18.98 20.99 13.18 85.35 3
K 6.43 2.71 5.15 0.86 15.15 10
L 30.52 17.63 19.80 11.88 79.83 4

From Table 5, it can be observed that from the perspective of terrain information ex-
pression, the bottom-up method is superior to the top-down method, with the geomorphic
zoning method ranking in the middle and later positions. Specifically, the bottom-up 50 m
threshold (H) and the 50–100–150 m dynamic threshold (K) models rank in the top two
positions, while the top-down 150–100–50 m dynamic threshold (G) and the 100 m fixed
threshold (D) models rank 3rd and 4th, and the scores of the two are basically comparable.
The top-down 50 m fixed threshold (C), bottom-up 100 m fixed threshold (I), and top-down
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50–100–150 m dynamic threshold (F) models had similar scores, ranking 5th to 7th, and the
geomorphic zoning method (B) ranks 8th. Finally, the bottom-up 150–100–50 m dynamic
threshold (L), top-down 150m fixed threshold (E), and bottom-up 100m fixed threshold
(J) models rank 9th to 11th. The quality indices for rankings 8–11 were all greater than 14
and were essentially in the same category. Figure 14 is shown below.

Figure 14. Quality index for terrain information-related indicators.

As shown in Table 6, from the perspective of computational efficiency, the quality
ranking is almost the opposite of that in Table 4. The geomorphic zoning method performed
the best, and the top-down approach was superior to the bottom-up approach. Specifically,
Model B demonstrated an outstanding performance, with the highest score. Model E was
on par with Model B, with scores over 100. Models J, L, G, F, and D belonged to the second
tier, with scores ranging from 70 to 90. Models I and C fell in the third tier, with scores
ranging between 30 and 60. Models K and H were in the lowest tier, with scores below 20.
Figure 15 is shown below.

Figure 15. Quality index for model operating efficiency indicators.

From the above analysis, it can be concluded that, under the given conditions, it is
impossible to simultaneously achieve both efficient terrain information representation and
computational efficiency in the models. It is a natural and objective law. Each method has
its own characteristics, and the selection or achievement of a relative balance between the
actual applications and environmental conditions should be based on these characteristics.
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5. Conclusions

In response to the demands of digital Earth representation and Earth system model
computation in the era of spatiotemporal big data, this study utilized SGOG and globally
shared DEM data to design and implement a crustal simulation platform for the Yellow
River Basin. The platform includes four categories and 12 adaptive multiscale models
based on geomorphic zoning, using both top-down and bottom-up approaches. Relevant
terrain and computational efficiency indicators were selected to evaluate the quality of grid
models in the simulation platforms. The main conclusions are as follows.

(1) The establishment of a single-scale fine-grid model can reflect terrain details more
accurately, approximate actual surface conditions, and provide rich terrain infor-
mation. However, it requires large amounts of data and high computational power,
making it suitable for the precise simulation of surface processes and super-
computing environments.

(2) Adaptive multiscale modeling based on characteristic thresholds achieves an organic
balance between terrain feature representation and computational efficiency while
maintaining the natural continuity of the terrain. Under the same elevation difference
threshold, the bottom-up (finer-to-coarser) approach has certain advantages in terms
of terrain feature representation, whereas the top-down (coarser-to-finer) approach
excels in computational efficiency. Both approaches can achieve desirable results.
These methods provide a certain level of terrain accuracy with relatively relaxed
requirements for computational environments, making them widely applicable.

(3) Geomorphic zoning-based multiscale modeling incorporates prior knowledge of
landforms into the modeling process, resulting in stronger targeting. It achieves
maximum terrain fidelity in key areas at minimum spatiotemporal cost and exhibits
the highest computational efficiency. However, it needs hard boundaries in prior
landform zoning, which disrupts the natural continuity of terrain distribution to some
extent. Fine-grained landform zoning is required to achieve highly desirable results,
which inevitably reduces computational efficiency. This approach integrates human
intelligence and incorporates an “attention” mechanism for key areas and issues. This
is a crucial technical means of overcoming the bottlenecks in Earth system modeling
and geographic process simulation, satisfying the special requirements of complex
geographic computations.

In conclusion, the basin crustal simulation platform is a crucial component of the basin
simulator. The spherical discrete grid mechanism provides ample flexibility for establishing
and applying the platform. The model can be either an arbitrary single scale or adaptive
multiscale. The scale can be manually specified or automatically calculated based on the
characteristic thresholds. The thresholds can be fixed or dynamic. The construction strategy
can proceed from coarser to finer or finer to coarser. This study introduces the concept
of a spherical grid-based Yellow River Basin true three-dimensional multiscale simulator
platform, addressing the issue of scale rigidity in traditional geographical simulations. It
achieves model construction at both a single scale and multiple hierarchical mixed scales,
enabling flexible basin geographic process simulations as needed. The platform can be used
to organize spatiotemporal big data in the digital Earth context, as well as for Earth system
model computations. It encompasses both the static representation of surface phenomena
and dynamic simulation of geographic processes. In summary, the Earth’s discrete grid is
the core technology of Earth system simulators and represents an important development
direction in contemporary Earth information science.

For future research, our team is currently exploring the application of the simulation
platform developed in this study to conduct geographic process simulations in the Yellow
River Basin, specifically focusing on simulating groundwater point source pollution dif-
fusion based on the Yellow River simulation platform. Other forms of basin geographic
process simulations are equally applicable.
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Abstract: Water security, as a crucial component of national security, plays a significant role in
maintaining regional stability and ensuring the healthy and rapid development of the economy and
society. The Yellow River water-receiving area of Henan Province (YRWAR-HN) is selected as the
research area in this study. Firstly, a comprehensive evaluation index system is constructed based on
the actual water security problems of the research area, and the single index quantification–multiple
indices syntheses–poly-criteria integration method (SMI-P) is introduced to quantify the water
security degree of 14 cities in the YRWAR-HN from 2010 to 2021. Then, the obstacle degree model is
used to identify the key obstacle indexes that restrict the improvement of water security. Finally, the
harmonious behavior set optimization method is adopted to carry out the regulation of water security,
and the improvement path of water security in the YRWAR-HN is formulated. The results indicate
the following: (1) the water security degree of the YRWAR-HN shows a fluctuating upward trend,
increasing from 0.4348 (2010) to 0.6766 (2021), a significant rise of 55.61%. The water security level
improves from the relatively unsafe level to the relatively safe level. Hebi City exhibits the fastest
rate of water security improvement, while Xinxiang City shows the slowest rate. (2) The density of
the river network (X1) and the proportion of investment in water conservancy and environmental
protection in the total investment (X15) are the two indexes with the highest obstacle degree, with the
average obstacle degrees being 15.09% and 10.79%, respectively. (3) The combination of the composite
regulation scenario and improvement Path 2 is the optimal regulation strategy for water security
in the YRWAR-HN. From the implementation process, Luoyang, Sanmenxia, Jiyuan, Xuchang,
and Shangqiu may prioritize improving their flood and drought disaster defense capabilities and
emergency response capabilities, continuously enhancing the flood prevention and disaster reduction
system. Zhengzhou, Kaifeng, Xinxiang, Jiaozuo, Anyang, Hebi, Pingdingshan, and Zhoukou may
prioritize resolving the regional water supply and demand conflicts, balancing development and
conservation, actively seeking transboundary and external water transfers, and strengthening the
capacity for water conservation and intensive utilization. Puyang City may prioritize enhancing
its comprehensive water environment management capabilities, increasing investment in water
conservancy and the environment, improving production processes, reducing pollutant emissions,
and mitigating agricultural non-point source pollution.

Keywords: water security; evaluation and regulation; obstacle factors recognition; harmony-based
approach
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1. Introduction

Water resources, as the source of life, essential for production, and the foundation of
ecology, are critical to national food security, economic security, and ecological security.
They are important strategic resources and security guarantees [1]. In the context of rapid
urbanization and economic development, the demand for water resources development
and utilization has increased greatly [2]. Since the 1980s, global freshwater use has been
growing at a rate of about 1% per year, but the living water needs of more than 1 billion
people remain unmet [3]. The global future water security situation is not optimistic. In
1999, the United Nations warned the world that if measures were not taken promptly,
nearly 30% of the global population would be unable to access safe drinking water by 2025.
Since the 21st century, water security has gradually become a research hotspot in the field
of water resources [4–6], attracting the attention of many government and non-government
organizations, including the United Nations, the World Bank, and the Asian Development
Bank [7,8]. The World Ministerial Conference held in The Hague, Netherlands, in March
2000 [9], and the 10th discussion of the World Water Forum held in Stockholm, Sweden,
in August 2000, both set “21st Century Water Security” as their conference theme. At
the 2005 International Water Science Conference, water security was elevated to the level
of national security. On World Water Day in 2013, the UN Water Organization released
the “Water Security Analytical Brief,” discussing the inclusion of a water-related sustain-
able development goal in the United Nations’ Sustainable Development Goals [10]. The
United Nations 2023 Water Conference held in New York, USA, in March 2023 called for
countries to unite in addressing the water resource crisis and adopted a milestone “Water
Action Agenda”.

At present, the definition of water security is not fully unified. WaterAid defines
water security from the perspective of water demand assurance and water disaster risk
management, considering it as the reliability of obtaining sufficient quantity and quality of
water to meet basic human needs, small-scale livelihoods, and local ecosystem services,
while ensuring good risk management of water-related disasters [11]. Xia et al. [12] believes
that water security is the ability to provide an adequate and quality-assured water supply
needed for human production and living, to ensure society is protected from the erosion of
water and drought disasters and water environment pollution, and to maintain the health
of the natural environment and people’s living conditions within the basin. Deng et al. [13]
defines water security as the ability to sustainably supply sufficient and quality-compliant
water at an affordable cost, ensuring the needs of human life, socioeconomic and ecologi-
cal health, and guaranteeing the safety of water-related disaster prevention and control.
Wang et al. [14] points out from a national perspective that water security is the state and
capacity to ensure the stability of the nation, enhance people’s well-being, eliminate water
and drought threats, and ensure sustainable social development and ecological environ-
ment health. Although the definition of water security is not unified, it is generally agreed
that water security involves water systems, socioeconomic systems, and ecological envi-
ronment systems [15–17]. It primarily includes the ability to meet the water demands of
economic, social, and ecological environments [18], the sustainability of the water system
itself, and the risk management capabilities for water-related disasters such as droughts
and floods [19].

Water security evaluation is fundamental to addressing water security issues and is
an important branch of water security research. The key to water security evaluation lies in
constructing a scientifically comprehensive water security evaluation index system without
deviating from the core connotations of water security. Early water security evaluations
focus on using single indicators to evaluate the sustainability of water systems. Widely
used indicators include the Water Resources Stress Index (WRSI), the Water Resources
Vulnerability Index (WRVI), and the development and utilization degree of water resources.
For instance, Falkenmark et al. [20] developed the Water Scarcity Index (IWS) based on per
capita water resources to measure the degree of regional water scarcity, which has been
widely used in global water security evaluation [21–23]. Raskin et al. [24] introduced the
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coefficient of variation of the precipitation to construct the IWRV, assessing the vulnera-
bility and sustainability of water resources at both national and regional scales. As the
concept of water security has been continuously refined, existing studies have constructed
comprehensive water security evaluation systems from different evaluation dimensions.
According to different concepts of constructing indicator systems, they can be roughly
divided into two categories. One category approaches water security from a systems theory
perspective, dividing the complex system into different subsystems, each of which selects
representative indicators to construct a water security evaluation system. The advantage
of this method is the clear connotation of water security, emphasizing the coordination
between subsystems, facilitating the analysis of key indicators affecting water security,
and the formulation of regulation plans. For example, Deng et al. [13] constructed a water
security evaluation index system based on water quantity, water quality, sustainability,
water price and supply affordability, and flood safety. Wang et al. [25] developed an in-
dicator system from the dimensions of water resources balance capacity, water resources
pressure and driving force, and water resources development and utilization capacity,
evaluating the comprehensive water resource carrying capacity of 31 provinces in China.
Another category is centered around water systems, considering the pressures from the
economic–social–ecological system on the water system, the state and response of the
water system itself, and human management of the water system; this approach uses fixed
models as the framework for constructing indicator systems. These models include the
Driver-State-Response (DSR) model [26], the Pressure-State-Response (PSR) model [27],
the Driver-Pressure-State-Impact-Response (DPSIR) model [28], and the Driver-Pressure-
State-Impact-Response-Management (DPSIRM) model [29].

On the basis of the index system construction, the appropriate comprehensive evalua-
tion method is usually selected to quantify the degree of regional water security. Widely
used comprehensive evaluation methods include fuzzy mathematics, artificial neural net-
works, set pair analysis (SPA), the cloud entropy model, and the SMI-P. Cai et al. [30]
used the fuzzy comprehensive evaluation and entropy weight methods to establish a
water security evaluation model based on the water footprint. Deng et al. [31] utilized
the SPA to establish a comprehensive evaluation index system covering water resources,
socioeconomics, and the ecological environment, and systematically quantified the water
resource carrying capacity for the current and future periods of the Hanjiang River Basin
in China. Qiu et al. [32] constructed a water ecological security evaluation index system
for the Yellow River Basin based on the PSR model and calculated the water ecological
security index for 62 cities using the SMI-P method. It is worth noting that due to influ-
encing factors, regional water security is usually at a low level, necessitating optimization
and regulation research to develop strategies for improving regional water security. The
behavior set optimization method is a commonly used optimization and regulation method.
Its basic idea is to establish the constraints and objective functions for optimization and
regulation, build the optimization and regulation behavior set, and finally determine the op-
timal regulation behavior based on the principle of maximizing the objective function [33].
For example, Zuo et al. [34,35] treated the human and water systems as a composite sys-
tem and constructed a harmonious behavior set of human–water relationships based on
the quantitative evaluation of human–water relationships, with the objective function of
maximizing harmony.

The Yellow River water-receiving area of Henan Province (YRWAR-HN) is a densely
populated and economically significant area in the basin, playing a crucial role in im-
plementing the national strategy for the Yellow River [36]. Due to long-term sediment
deposition, the riverbed elevation has continually risen, resulting in the famous elevated
river in the Henan section, which frequently suffers from flood disasters, making water
security issues particularly prominent [37]. To determine the water resource carrying ca-
pacity in the YRWAR-HN, Zhang et al. [38] developed an index system encompassing three
criteria: water resources, ecological environment, and socioeconomic factors. They applied
a TOPSIS model with combined weights based on the analytic hierarchy process (AHP)
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and the entropy weight method (EWM) to evaluate the water resource carrying capacity
in the region from 2010 to 2021. Additionally, Zhang et al. [39] constructed a high-quality
development evaluation index system from four perspectives: resources, ecology, economy,
and society. They employed the SMI-P method to assess the development level of the
YRWAR-HN, and used an embedded system dynamics approach to develop and apply
a regional high-quality development regulation model. However, there are few studies
on water security evaluation and regulation for the YRWAR-HN, and the spatiotemporal
characteristics and enhancement strategies of water security in this section remain unclear,
necessitating in-depth research. Given this, this study selects the YRWAR-HN as a study
area, and introduces the harmony-based method (including the SMI-P and the HBSO) to
conduct water security evaluation and regulation research. It analyzes the spatiotemporal
characteristics and key obstacle factors of water security in the YRWAR-HN from 2010
to 2021 and proposes pathways for improving water security in this section, aiming to
provide guidance for enhancing water security in the YRWAR-HN.

2. Study Area

The YRWAR-HN includes 14 prefecture-level cities: Zhengzhou, Kaifeng, Luoyang,
Pingdingshan, Anyang, Hebi, Xinxiang, Jiaozuo, Puyang, Xuchang, Sanmenxia, Shangqiu,
Zhoukou, and Jiyuan (Figure 1). This area covers a total of approximately 104,000 km2,
accounting for 62.3% of the total area of Henan Province. The terrain is higher in the
southwest and lower in the northeast. The southwestern part belongs to the Funiu Moun-
tain, characterized mainly by mountains and hills. The central and northeastern parts are
relatively flat, forming part of the North China Plain, which is a major grain-producing area
in China. Most of the YRWAR-HN are located in the warm temperate, semi-humid, and
semi-arid regions, characterized by a temperate continental monsoon climate with distinct
transitional features. Due to the influence of the monsoon climate, rainfall distribution is
uneven, with humid and rainy summers and dry winters. Precipitation is concentrated
mainly between June and September, accounting for 55% to 75% of the annual total, with a
long-term average precipitation of 658.46 mm and an average annual temperature ranging
from 12.1 ◦C to 15.7 ◦C [40]. The summer season is sometimes affected by typhoons, bring-
ing extreme heavy rainfall events, such as the extreme downpour in July 2021, which led to
severe urban flooding [41].

Figure 1. Overview Map of the Study Area.
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The YRWAR-HN is a densely populated area and a major economic belt in the Yel-
low River Basin, playing a significant role in implementing the national strategy for the
Yellow River. However, due to long-term sediment deposition, the riverbed elevation has
continuously risen, forming an above-ground “hanging river,” which frequently subjects
the region to flood disasters. According to incomplete statistics, over the recorded history
of more than 2000 years, the lower reaches of the Yellow River have breached and flooded
over 1500 times, with more than twenty major course changes and six significant course
alterations. Simultaneously, with the rapid economic and social development, the region’s
water consumption and pollutant discharge have continuously increased, leading to promi-
nent contradictions between water supply and demand, and severe water environment
pollution issues.

3. Methodology

3.1. Evaluation Index System

This study, based on the actual issues of the YRWAR-HN, constructs a comprehensive
water security evaluation index system with a four-tier hierarchical structure (Table 1).
First, the evaluation objective is determined, which is to calculate the water security de-
gree of the YRWAR-HN. Then, considering the prominent water security issues in this
area—flood disasters, water supply–demand imbalances, and water environment
pollution—the evaluation dimensions are determined as flood and drought disaster de-
fense, water supply–demand conflict, and water environment pollution. In the flood and
drought disaster defense dimension, the focus is on evaluating the flood disaster defense
capability, drought defense capability, and emergency disaster response capability. In
the water supply–demand conflict dimension, emphasis is placed on the regional charac-
teristics of water resources, the development and utilization degree of water resources,
and water use efficiency. In the water environment pollution dimension, the focus is
on the pressure and response regarding water environment pollution prevention. Based
on the determination of the evaluation content, the corresponding evaluation indicators
are comprehensively established by integrating existing research [42–46] and adhering to
the principles of systematicity, representativeness, and operability. For example, when
selecting the evaluation indicators of regional characteristics of water resources, per capita
water resources, the water yield modulus and the precipitation are usually selected in the
reference [43,44]. In this study, the per capita water resources are finally selected as the
evaluation index according to the data availability of the YRWAR-HN.

3.2. Calculation of Evaluation Index Data

The indicator data for river network density is derived from satellite remote sensing
images. First, cloud-free landsat TM/ETM+/OLI images (2010–2021) of the YRWAR-
HN from March to May are downloaded from the USGS website and preprocessed. The
Modified Normalized Difference Water Index (MNDWI) is used to extract annual surface
water bodies, and the results are corrected through human–machine interaction. Then, the
river network centerline is extracted by mathematical morphology, and the river length
of each city in the YRWAR-HN from 2010–2021 is calculated. Finally, the river network
density for each city in the YRWAR-HN is calculated. The calculation formula is shown in
Appendix A (Equation (A1)).

The other indicator data are obtained from the “Statistical Yearbook”, “Water Re-
sources Bulletin”, and “Economic and Social Development Bulletin” of Henan Province
and its cities from 2010 to 2021. A small amount of missing data is obtained through
interpolation and extended calculations.

94



Water 2024, 16, 2497

Table 1. Comprehensive Evaluation Index System for Water Security.

Objective Layer Dimension Layer Content Layer Indicator Layer
Index

Number
Unit

water security
evaluation in the

YRWAR-HN

flood and drought
disaster defense

flood disaster defense
capability

river network density X1 km−1

drainage pipeline density in built-up
areas X2 km−1

drought defense
capability

number of electromechanical wells
per unit area of cultivated land X3 number/103 hm2

emergency disaster
response capability hospital beds per capita X4 number/104 capita

water supply and
demand

regional characteristics
of water resources per capita water resources X5 m3/capita

development and
utilization of water

resources

utilization rate of surface water
resources X6 %

exploitation rate of groundwater
resources X7 %

water use efficiency

per capita comprehensive water
consumption X8 m3/capita

water consumption per
104 CNY GDP

X9 t/104 CNY

water consumption per 104 CNY of
industrial value added

X10 t/104 CNY

water environment
pollution

pressure
per capita COD emissions X11 t/capita
per capita SO2 emissions X12 t/capita

fertilizer application per unit of
sown area X13 t/103 hm2

response

urban sewage treatment rate X14 %
the proportion of investment in

water conservancy and
environmental protection in the total

investment

X15 %

3.3. Single Index Quantification–Multiple Indices Syntheses–Poly-Criteria Integration Method
(SMI-P)

The SMI-P is a widely used comprehensive evaluation method [47], and it has been
extensively applied in the fields of water resources management [48], environmental health
evaluation, economic management, and more. This study extends its application to water
security evaluation, and introduces the concept of “water security degree (WSD)” to
measure the water security level of each city in the YRWAR-HN. Correspondingly, each
evaluation dimension has a sub-water security degree (SWSD), and each indicator has an
index water security degree (IWSD), with values ranging from [0, 1].

3.3.1. Single Index Quantification

Based on the fuzzy mathematics theory, this study establishes a piecewise linear
membership function to calculate the SWSD for each indicator. It is assumed that each
indicator has five characteristic values: (a) the worst value, (b) the worse value, (c) the
medium value, (d) the better value, and (e) the optimal value [49–51]. Table 2 shows the
characteristic values of each indicator. For positive indicators, the SWSD corresponding
to the five characteristic values are 0, 0.3, 0.6, 0.8, and 1.0, respectively. For negative
indicators, the SWSD corresponding to the five characteristic values are 1.0, 0.8, 0.6, 0.3, and
0, respectively. The calculation formula is shown in Appendix A, Equations (A2) and (A3).

Table 2. Quantitative Indicator Node Characteristic Values and Indicator Weights.

Index
Number

Worst Value Worse Value Medium Value Better Value Optimal Value Indicator Weights
Indicator

Type

X1 0.01 0.02 0.03 0.05 0.22 0.31 ↑
X2 3.47 6.78 8.00 9.00 18.70 0.22 ↑
X3 19.35 145.96 200.46 246.36 933.03 0.23 ↑
X4 23.10 42.94 51.78 63.08 147.57 0.24 ↑
X5 57.78 168.60 212.37 295.66 1304.09 0.22 ↑
X6 0.65 0.55 0.40 0.25 0.10 0.12 ↓
X7 0.90 0.70 0.55 0.40 0.20 0.19 ↓
X8 628.46 466.88 305.30 231.99 158.69 0.16 ↓
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Table 2. Cont.

Index
Number

Worst Value Worse Value Medium Value Better Value Optimal Value Indicator Weights
Indicator

Type

X9 80.00 65.00 50.00 30.00 15.00 0.17 ↓
X10 70.00 55.00 40.00 25.00 10.00 0.15 ↓
X11 0.0402 0.0142 0.0096 0.0031 0.0001 0.15 ↓
X12 0.0899 0.0175 0.0062 0.0026 0.0001 0.18 ↓
X13 619.90 607.40 584.10 564.40 481.20 0.23 ↓
X14 60.00 70.00 85.00 90.00 100.00 0.18 ↑
X15 4.00 7.00 12.00 17.00 22.00 0.26 ↑

Notes: “↑” indicates a positive indicator, meaning the higher the indicator value, the higher the water security
degree. Conversely, “↓” indicates a negative indicator, meaning the higher the indicator value, the lower the water
security degree.

3.3.2. Weighted Calculation of Multiple Indicators

Based on single index quantification, a multi-indicator weighted average model is
established to calculate the SWSD of each evaluation dimension. The calculation formula is
shown in Appendix A (Equation (A4)). In this study, the entropy weight method is used to
determine the weights of each indicator, and the results are shown in Table 2.

3.3.3. Multi-Criteria Integrated Calculation

Based on the evaluation results of all dimensions, a multi-dimensional integration
model is established to calculate the water security degree of each city for each year.
The calculation formula is shown in Appendix A (Equation (A5)). Based on existing
research [52], the water security levels of the YRWAR-HN are divided into six levels using
the equal interval principle, as shown in Table 3.

Table 3. Classification Standards for Water Security Levels.

Serial Number Water Security Level Range of Wsd Values

1 Safe 0.83 < WSD ≤ 1.00
2 Relatively Safe 0.67 < WSD ≤ 0.83
3 Basically Safe 0.50 < WSD ≤ 0.67
4 Relatively Unsafe 0.33 < WSD ≤ 0.50
5 Unsafe 0.17 < WSD ≤ 0.33
6 Severely Unsafe 0.00 < WSD ≤ 0.17

3.4. Obstacle Degree Model

The obstacle degree model can identify factors that have significant restrictive effects
on the evaluation results and has been widely used in ecological security research [53]. In
this study, it is applied to identify key obstacle indicators for water security improvement in
the YRWAR-HN. The calculation formula is shown in Appendix A (Equations (A6)–(A8)).

3.5. Water Security Regulation

This study draws on the Harmony Behavior Optimization Method and proposes a
water security regulation method based on the optimization of solution sets. The core
idea of this method is to first establish a set of water security regulation strategies, then
calculate the water security degree of each strategy, and finally determine the optimal or
relatively optimal regulation strategy with the objective function of maximizing the water
security degree.

This study initially sets up five water security regulation schemes, with each scheme
having five improvement paths (increasing key obstacle indicators by 10%, 20%, 30%, 40%,
and 50% based on the increments in Scheme 1). Taking Path 1 as an example, the five
regulation schemes are introduced as follows, which are detailed in Appendix B. Scheme 1
(baseline scenario): maintain the current development model, with each evaluation in-
dicator keeping the original growth rate over the past 12 years (2010–2021). Scheme 2
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(enhanced flood and drought disaster defense scenario): increase the top 50% of the in-
dicators in the flood and drought disaster defense dimension by 1.1 times the growth
rate of Scheme 1, with the remaining indicators maintaining their original growth rates.
Scheme 3 (optimized supply and demand scenario): increase the top 50% of the indicators
in the water supply and demand dimension by 1.1 times the growth rate of Scheme 1, with
the remaining indicators maintaining their original growth rates. Scheme 4 (ecological
protection scenario): increase the top 60% of the indicators in the water environment pollu-
tion dimension by 1.1 times the growth rate of Scheme 1, with the remaining indicators
maintaining their original growth rates. Scheme 5 (composite regulation scenario): increase
the eight indicators enhanced in Schemes 2–4 by 1.1 times the growth rate of Scheme 1,
with the remaining indicators maintaining their original growth rates. Based on data from
2010–2021, the water security degree of each city in the YRWAR-HN in 2030 is simulated
and calculated for the five schemes under the five improvement paths to determine the
optimal regulation scheme.

4. Result

4.1. Spatiotemporal Variation in Water Security in the YRWAR-HN
4.1.1. Spatial Pattern

This study selects three representative years, 2010, 2015, and 2021, to reveal the spatial
pattern of water security in the YRWAR-HN, as shown in Figure 2. It is evident that in all
three years, the spatial pattern of water security in the YRWAR-HN exhibits significant
regional characteristics, generally showing a spatial aggregation that decreases radially
from the provincial capital, Zhengzhou. In 2010, the areas with basically safe water security
levels are concentrated in the western part of Zhengzhou, gradually forming a basically
safe spatial cluster around Jiyuan and Luoyang. The surrounding cities, however, formed a
relatively unsafe spatial cluster, with the northern cluster around Jiaozuo-Xinxiang-Puyang-
Anyang centered around Zhengzhou, and the southern cluster around Pingdingshan-
Xuchang-Zhoukou-Shangqiu, with Anyang and Kaifeng at the outer edge of the study area
falling into the unsafe spatial cluster. In 2015, water security in the YRWAR-HN presents a
patchy distribution. With Luoyang as the center, the basically safe spatial cluster expanded
further, gradually forming a basically safe spatial cluster centered around Sanmenxia-
Luoyang-Jiyuan-Zhengzhou-Xuchang. The relatively unsafe areas are primarily located
to the northeast and east of Zhengzhou. By 2021, the water security in the YRWAR-HN
exhibits a core–periphery distribution, forming a relatively safe spatial cluster with dual
centers of Zhengzhou and Hebi, involving Sanmenxia-Luoyang-Jiyuan and Pingdingshan-
Xuchang-Zhoukou-Shangqiu. The surrounding areas gradually formed basically safe
spatial clusters around Jiaozuo-Xinxiang-Kaifeng-Anyang-Puyang.

4.1.2. Temporal Variation

Figure 3 shows the temporal variation in water security in all cities in the YRWAR-HN
from 2010 to 2021. It is evident that the water security levels of all cities in the YRWAR-HN
exhibit an overall upward trend. Among them, Hebi City has the fastest growth rate (0.0388
yr−1), while Xinxiang City has the slowest growth rate (0.0130 yr−1). Hebi City shows the
largest increase, rising from an unsafe level to a relatively safe level. Xinxiang City shows
the smallest increase, rising from a relatively unsafe level to a basically safe level. During
the study period, the water security degree of Hebi City increased by 35.11% from 2020
to 2021, mainly due to a 106.53% improvement in the supply–demand balance of water
resources in 2021 compared to 2020. Notably, the per capita water resources saw the most
significant increase, rising by 626.92%. According to relevant data [54], the total water
resources in all prefecture-level cities within the YRWAR-HN increased in 2021 compared
to the long-term average. Hebi City experienced the largest increase, reaching 321.1%.
Sanmenxia City experienced a trend of first increasing and then decreasing, with the highest
degree recorded in 2020 (0.7267). This is likely due to a significant increase in the proportion
of investments in water conservancy and environmental protection in 2020 compared to
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2019, which rose by 17.48%. Zhengzhou, Luoyang, Sanmenxia, and Jiyuan consistently
maintained a high level, with values exceeding 0.5 since 2015. In contrast, Kaifeng City had
generally low water security levels, with values below 0.5 in all years before 2019.

Figure 2. Spatial Distribution of Water Security in the YRWAR-HN.

 

Figure 3. Temporal Variation in Water Security in the YRWAR-HN from 2010 to 2021.
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4.2. Diagnosis of Water Security Obstacle Factors in the YRWAR-HN

Figure 4 shows the obstacle degrees of water security evaluation indicators for all
cities in the YRWAR-HN. It is evident that the key obstacle indicators vary slightly among
different cities, and the proportions of the same indicator differ between cities. Overall, the
key indicators affecting water security in the YRWAR-HN include river network density
(X1), hospital beds per capita (X4), per capita water resources (X5), groundwater exploita-
tion rate (X7), water consumption per 104 CNY GDP (X9), fertilizer application per unit
sown area (X13), urban sewage treatment rate (X14), and the proportion of investment in
water conservancy and environmental protection in the total investment (X15). Comparing
the proportions of the key obstacle indicators across all cities, X1 is the primary obstacle
indicator for all cities except Zhengzhou, Jiaozuo, Jiyuan, and Puyang, indicating that X1 is
a significant constraint on water security in the YRWAR-HN. The obstacle degree of X15 is
greater than 10% in all cities except Luoyang, Jiyuan, and Hebi, reflecting that efforts to
control water environment pollution need to be improved, making this proportion another
constraint on water security. As the capital of Henan Province, Zhengzhou has a high
population density and a per capita water resource obstacle degree of 16.21%, making it
the primary factor restricting water security in the city. This is consistent with the results of
Zhang et al. [38], who also find that Zhengzhou has a low water resource carrying capacity
rating, with limited per capita water resources and severe water shortages. This indicates
that the supply–demand imbalance of water resources in Zhengzhou is particularly acute,
highlighting the severity of the water scarcity issue.

Figure 4. Obstacle Degrees of Water Security Evaluation Indicators for All Cities in the YRWAR-HN.

4.3. Water Security Regulation in the YRWAR-HN

Figure 5 compares the water security degree in 2030 for all cities along the YRWAR-HN
under five improvement paths and five schemes, while Table 4 displays the average water
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security degree for these cities under the different schemes and improvement paths by 2030.
It is evident that there has been a significant improvement in water security across different
paths and schemes for all cities compared to 2021. The composite scenario (Scheme 5)
achieves the highest water security degree, indicating that improving indicators with
greater obstacles can effectively enhance the water security degree. Comparing Schemes
2, 3, and 4, Zhengzhou, Kaifeng, Xinxiang, Jiaozuo, Anyang, Hebi, Pingdingshan, and
Zhoukou cities show optimal results under Scheme 3, suggesting a priority to resolve water
supply and demand issues. Luoyang, Sanmenxia, Jiyuan, Xuchang, and Shangqiu cities
show optimal results under Scheme 2, indicating a need to prioritize the enhancement of
regional flood and drought disaster defense capabilities. Puyang City performs best under
Scheme 4, suggesting a priority to strengthen ecological environment construction, increase
investment in ecological efforts, improve production processes, and reduce pollutant
emissions. Among the different improvement paths in the composite scenario, the order
of performance from highest to lowest is Path 5 > Path 4 > Path 3 > Path 2 > Path 1, with
average increases of 0.32%, 0.37%, 0.48%, and 0.63%, respectively. This shows that a 20%
increase in key obstacle indicators results in the largest water security improvement and
cost-effectiveness for the YRWAR-HN, with diminishing returns as investments continue
to rise.

Figure 5. Water Security Degree in 2030 for All Cities along the YRWAR-HN under Different
Regulation Strategies.

Table 4. Average Water Security Degree by 2030 for the YRWAR-HN under Different Regulation
Strategies.

Scheme 1 Scheme 2 Scheme 3 Scheme 4 Scheme 5

Path 1 0.8901 0.8923 0.8939 0.8909 0.8970
Path 2 0.8901 0.8945 0.8967 0.8915 0.9026
Path 3 0.8901 0.8965 0.8984 0.8922 0.9069
Path 4 0.8901 0.8980 0.8998 0.8927 0.9103
Path 5 0.8901 0.8993 0.9009 0.8931 0.9132

Notes: Scheme 1 represents the baseline scenario. Scheme 2 corresponds to the enhanced flood and drought
disaster defense scenario. Scheme 3 represents the scenario with optimized supply and demand. Scheme 4
corresponds to the ecological protection scenario. Scheme 5 represents the composite regulation scenario. Detailed
regulation schemes can be found in Section 3.5 on Water Security Regulation.
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5. Discussion

This study, based on an analysis of the prominent water security issues in the YRWAR-
HN, constructs a water security evaluation index system. This system is significant for
quantifying the water security status in these areas, identifying key factors that constrain
improvements in water security, and developing scientifically sound optimization and
regulation strategies. Although the applicability of this index system to other study areas
requires further validation, the concepts underlying its construction, the selection of in-
dicators, and the methods of calculation can serve as a reference for the development of
comprehensive water security evaluation systems in other regions.

Overall, the water security degree in the YRWAR-HN shows a fluctuating upward
trend, and the conclusion is basically consistent with that of Zuo et al. [42]. Compared
to 2010 (0.4348), the water security degree of the YRWAR-HN in 2021 has significantly
improved, with the average water security degree reaching 0.6766, upgrading from a
relatively unsafe level to a relatively safe level. Since 2010, China’s water affairs have
rapidly developed, with the national level formulating water security plans for the “12th
Five-Year Plan” and “13th Five-Year Plan”. Henan Province has thoroughly implemented
the national water security plans and issued a series of planning documents, such as
the “Henan Province Comprehensive Disaster Prevention and Reduction Plan” and the
“13th Five-Year Plan for Building a Water-Saving Society in Henan Province”, leading to
a significant enhancement in disaster defense capabilities and water use efficiency. This
may be the fundamental reason for the significant improvement in overall water security
in the YRWAR-HN. Among the all cities in the YRWAR-HN, Hebi City has seen the largest
increase in water security during the study period. This could be due to the city’s water
security being at a relatively unsafe level in 2010 with substantial potential for improvement,
and the significant increase in water conservancy construction investment in recent years,
where the proportion of X15 increased from 6.75% in 2010 to 19.7% in 2021, a rise of 191.77%.

There is still considerable room for improvement in the water security of all cities
along the YRWAR-HN. According to the water security evaluation results of 2021, no city
has reached a safe level, while Jiaozuo, Kaifeng, Xinxiang, Anyang, and Puyang cities
remained at a basically safe level, indicating significant water security challenges in the
YRWAR-HN, particularly in Kaifeng and Xinxiang. Through the analysis of obstacle degree,
it is found that X1, X5, and X15 are the top three indexes of obstacle degree in Kaifeng
City. Therefore, it is imperative for Kaifeng to increase investment in water conservancy
projects, implement river–lake connectivity projects, dredge congested rivers, and excavate
new channels. Meanwhile, Kaifeng City should actively seek external water transfers
and through-flow water via water rights trading to increase the regional available water
resources. For Xinxiang City, X1, X13, and X15 are the top three indexes of obstacle degree.
Xinxiang City should therefore focus on improving its capabilities in flood and drought
disaster defense and water environment pollution control, including carrying out river–lake
connectivity projects, increasing the regional river network density, and advancing the
comprehensive management of agricultural non-point source pollution by implementing
precise fertilization and replacing chemical fertilizers with organic ones. For Zhengzhou
City, X5, X15, and X1 are the top three obstacle indexes. Therefore, Zhengzhou City should
prioritize obtaining more external water resources (such as South-to-North Water Transfer
Project water and Yellow River water) through increased water conservancy investment
and water rights trading. Meanwhile, it should also increase the number of agricultural
irrigation wells to enhance the drought resistance of agricultural production.

According to the regulation results, employing Scheme 5 will allow the achievement
of the maximum increase in water security across all cities in the YRWAR-HN, albeit with
substantial investment costs. Given limited investment capacity, priority should be given
to enhancing flood and drought disaster defense capabilities and emergency response sys-
tems in Luoyang, Sanmenxia, Jiyuan, Xuchang, and Shangqiu. This includes continuously
improving flood prevention and disaster mitigation systems, advancing the construction of
stormwater drainage channels in urban areas, dredging and clearing drainage ditches, and
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enhancing monitoring, forecasting, early warning, rehearsal, contingency planning, and
flood control scheduling. Zhengzhou, Kaifeng, Xinxiang, Jiaozuo, Anyang, Hebi, Pingding-
shan, and Zhoukou should prioritize resolving regional water supply and demand conflicts
by improving water conservancy projects, water network operation scheduling plans, and
emergency water dispatch plans, as well as implementing inter-basin and inter-regional
water resource scheduling projects. A long-term mechanism for the integrated regulation
of atmospheric water, surface water, and groundwater should be established. Puyang
should focus on enhancing its water environment management capabilities, strengthening
collaboration with neighboring cities and counties, promoting integrated ecological man-
agement and restoration of trans-regional river basins, increasing investments in water and
environmental projects, improving production processes, reducing pollutant emissions,
and mitigating agricultural non-point source pollution.

6. Conclusions

This study focuses on the actual water security issues in the YRWAR-HN. By estab-
lishing a water security evaluation index system and employing the SMI-P evaluation
methodology, a quantitative evaluation of the water security degrees of 14 prefecture-level
cities in the YRWAR-HN from 2010 to 2021 is conducted. Furthermore, using the obstacle
model, key obstacle indicators are identified. Through comparative analysis of regulation
strategies, an optimized strategy for water resources in the YRWAR-HN is formulated. The
main conclusions are as follows:

(1) From 2010 to 2021, the water security degree in the YRWAR-HN shows a fluctuating
upward trend. The water security degree increases from 0.4348 in 2010 to 0.6766 in 2021,
an increase of 55.61%, with the water security level improving from relatively unsafe to
relatively safe. Hebi City experiences the fastest increase in water security degree, rising
from 0.2997 in 2010 to 0.7788 in 2021, an increase of 159.86%. Xinxiang City has the slowest
rate of improvement, with water security degree of 0.4372 in 2010 and 0.5294 in 2021, an
increase of 21.1%.

(2) As of 2021, Jiaozuo, Xinxiang, Kaifeng, Anyang, and Puyang remain at a basically
safe level. Spatially, a relatively safe cluster is centered around Zhengzhou and includes
Sanmenxia, Luoyang, Jiyuan, Pingdingshan, Xuchang, Zhoukou, and Shangqiu. Notably,
the water security levels of Xinxiang and Kaifeng remain below 0.55.

(3) Based on the average obstacle degree of each indicator, river network density (X1)
and the proportion of investment in water conservancy and environmental protection
in the total investment (X15) are the two indicators with the highest obstacle degree,
with average obstacle degrees of 15.09% and 10.79%, respectively. Therefore, it can be
inferred that increasing water conservancy and environmental investments, and carrying
out scientifically sound river–lake connectivity projects, can significantly enhance the water
security level of the YRWAR-HN.

(4) The optimal water security regulation strategy for the YRWAR-HN is a combination
of Regulation Scheme 5 and Enhancement Path 2. In terms of implementation, Luoyang,
Sanmenxia, Jiyuan, Xuchang, and Shangqiu should prioritize improving their flood and
drought disaster prevention capabilities and emergency response capacity, continuously
refining their flood control and disaster mitigation systems. Zhengzhou, Kaifeng, Xinxiang,
Jiaozuo, Anyang, Hebi, Pingdingshan, and Zhoukou should focus on resolving regional
water supply–demand conflicts by balancing water sourcing and conservation, actively
securing transboundary and external water transfers, and enhancing the efficient use of
water resources. Puyang should prioritize improving its comprehensive water environment
management capacity by increasing investment in water conservancy and environmental
protection, improving production processes, reducing pollutant emissions, and mitigating
agricultural non-point source pollution.

This study addresses the actual water security issues in the YRWAR-HN and, based
on data availability in the study area, establishes a water security evaluation index system.
This provides a reference and guidance for water security evaluation in other regions. It is
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important to note that water security challenges and data availability vary across regions,
so the applicability of this index system in other areas requires further validation. In
future research, we aim to develop a more universally applicable water security evaluation
index system and to further refine the water security regulation strategies for the YRWAR-
HN, offering more specific regulation recommendations tailored to different prefecture-
level cities.
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Appendix A

RDi,t =
RLi,t

Areai,t
(A1)

where RDi,t, RLi,t, and Areai,t denote the river network density, river length, and area of
city i in year t, respectively.

IWSDt
i,j =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
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0.3 × xt
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bj−aj
aj < xt

i,j ≤ bj

0.3 + 0.3 × xt
i,j−bj

cj−bj
bj < xt

i,j ≤ cj

0.6 + 0.2 × xt
i,j−cj

dj−cj
cj < xt

i,j ≤ dj

0.8 + 0.2 × xt
i,j−dj

ej−dj
dj < xt

i,j ≤ ej

1 xt
i,j > ej

(A2)

IWSDt
i,j =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1 xt
i,j ≤ ej

0.8 + 0.2 × xt
i,j−dj

ej−dj
ej < xt

i,j ≤ dj

0.6 + 0.2 × xt
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0.3 + 0.3 × xt
i,j−bj
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0.3 × xt
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(A3)
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where IWSDt
i,j and xt

i,j are the SWSD and the indicator value of indicator j for the city i in
year t, respectively. aj, bj, cj, dj, and ej denote the worst value, the worse value, the medium
value, the better value, and the optimal value of indicator j, respectively.

SWSDt
i,k =

n

∑
j=1

ωj × IWSDt
i,j (A4)

In the formula, SWSDt
i,k represents the SWSD of evaluation dimension k for the city

i in year t. n denotes the number of evaluation indicators in evaluation dimension k. ωj
represents the weight of indicator j, with the sum of the weights of all indicators in each
evaluation dimension equaling 1.

WSDt
i =

3

∑
k=1

ωk × SWSDt
i,k (A5)

In the formula, WSDt
i represents the water security degree of city i in year t. ωk

denotes the weight of evaluation dimension k.

rj =
αj × β j

∑15
j=1

(
αj × β j

) × 100% (A6)

αj = 1 − Xj (A7)

β j = ωj × ωk (A8)

In the formula, rj, αj, and β j represent the obstacle degree, deviation degree, and
factor contribution degree of indicator j, respectively. A larger obstacle degree indicates
a greater restrictive effect of the indicator on the final evaluation result. Xj represents
the standardized result of indicator j. ωj and ωk denote the weights of indicator j and its
corresponding evaluation dimension k, respectively.

Appendix B

Table A1. Water Security Regulation Schemes for the YRWAR-HN under Path 1.

City Scheme 1 Scheme 2 Scheme 3 Scheme 4 Scheme 5

Zhengzhou

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X2 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X6, X7 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X11, X13, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X2, X5, X6, X7,
X11, X13, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Kaifeng

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X2 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X7, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X13, X14, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X2, X5, X7, X9,
X13, X14, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Luoyang

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X3 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X7, X10 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X12, X13, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X3, X5, X7, X10,
X12, X13, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates
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Table A1. Cont.

City Scheme 1 Scheme 2 Scheme 3 Scheme 4 Scheme 5

Xinxiang

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X2 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X7, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X12, X13, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X2, X5, X7, X9,
X12, X13, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Jiaozuo

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X2 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X7, X8 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X12, X13, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X2, X5, X7, X8,
X12, X13, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Sanmenxia

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X2 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X9, X10 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X12, X14, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X2, X5, X9, X10,
X12, X14, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Puyang

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X4 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X9, X10 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X13, X14, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X4, X5, X9, X10,
X13, X14, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Jiyuan

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X3, X4 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X8, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X11, X12, X13
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X3, X4, X5, X8, X9,
X11, X12, X13

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Anyang

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X4 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X7, X8, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X11, X13, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X4, X7, X8, X9,
X11, X13, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Hebi

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X4 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X7, X8, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X13, X14, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X4, X7, X8, X9,
X13, X14, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Pingdingshan

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X3 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X7, X9, X10 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X12, X13, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X3, X7, X9, X10,
X12, X13, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates
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Table A1. Cont.

City Scheme 1 Scheme 2 Scheme 3 Scheme 4 Scheme 5

Xuchang

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X4 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X7, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X12, X14, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X4, X5, X7, X9,
X12, X14, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Shangqiu

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X4 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X7, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X13, X14, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X4, X5, X7, X9,
X13, X14, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

Zhoukou

All indicators
adjusted by 1 times

the growth rate from
2010–2021

X1, X4 adjusted by
1.1 times the growth

rate, with the
remaining indicators

maintaining their
original growth rates

X5, X7, X9 adjusted
by 1.1 times the

growth rate, with the
remaining indicators

maintaining their
original growth rates

X12, X14, X15
adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates

X1, X4, X5, X7, X9,
X12, X14, X15

adjusted by 1.1 times
the growth rate, with

the remaining
indicators

maintaining their
original growth rates
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Abstract: The foundation for ensuring the sustainable utilization of natural resources and human well-
being lies in achieving a harmonious balance between nature and humans. In the Yellow River basin
(YRB), numerous water crises, including floods, droughts, soil erosion, and water pollution, threaten
its crucial role as a significant economic belt and ecological barrier. Unfortunately, less comprehension
regarding the complex human–water relationship in this region has impeded watershed water
management decision-makers from identifying key priorities for intervention. Here, we selected
29 evaluation indicators, including water resources, environment, ecology, society, economy, and
science and technology from three dimensions: healthy water systems, sustainable human systems,
and synergy of human–water system. We applied the entropy weight method, hierarchical analysis,
and Single index quantification, multiple index synthesis, and poly-criteria integration (SMI-P)
methods to quantify the spatial–temporal variation of the human–water harmony degree (HWHD)
in nine provinces of the YRB from 2002 to 2021. We observed a consistent increase in the HWHD
across all provinces in the YRB in the past two decades. Notably, five provinces have transitioned
from Complete disharmony (0 ≤ HWHD ≤ 0.2) to Nearly complete disharmony (0.2 < HWHD ≤ 0.4).
Additionally, the average growth rate of the downstream provinces is faster compared to those
upstream. By 2021, the HWHD of upstream provinces like Sichuan and Ningxia, constrained by slower
growth, became the two lowest provinces of the YRB, at 0.19 and 0.12 respectively. These findings
offer valuable guidance for the region and similar areas grappling with the complex challenges of
human–water conflicts, providing insights to navigate and address such dilemmas effectively.

Keywords: harmony theory; harmony evaluation; water resources management; spatial–temporal analysis

1. Introduction

Water serves as the fundamental resource for humanity and is indispensable for
fostering social development and well-being [1,2]. As the global population and societal
development continue to rise, the increasing demand for water resources exacerbates its
impact on the water environment [3]. The escalating water crisis, encompassing issues
like water scarcity, flood disasters, and polluted groundwater, threatens human survival
and sustainable development, posing a significant challenge to global social security [4,5].
The projected global urban population experiencing water scarcity is expected to triple
by 2050 compared to the levels observed in 2016 [5]. Moreover, populations exposed to
river flooding are predicted to increase by 4–20 fold by the years of 2100 [6]. Therefore,
comprehending the interplay between human and water systems and promoting their
sustainable development has become both urgent and imperative.
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The human system, centered around humanity, encompasses social activities, eco-
nomic development, scientific and technological progress, and other factors critical to
human survival [7]. Accordingly, the water system comprises the water consumption
and demand of related sectors, as well as the environmental background conditions of
water resources. The interplay between human activities and water environment status
is exceptionally intricate [8]. Currently, the quantification of this relationship employs
either single or comprehensive indicators. When focusing on single indicators, researchers
often construct evaluation metrics based on the contrast between water supply and de-
mand, with commonly employed measures such as water shortage index [9], water stress
index [10], water use efficiency [11,12], and others. However, these single indicators reflect
only one aspect of the complex relationship. Conversely, comprehensive indicators and
integrated assessment models offer a more holistic approach, such as the water poverty
index [13,14], water resources carrying capacity index [15], water security index [16], and
human–water harmony index [17]. These comprehensive metrics offer a more nuanced
understanding of the multifaceted relationship within the human–water system, helping to
promote synergies between human development and water environment health.

Related research of human–water harmonious is a forward-looking exploration grounded
in the mechanisms of interaction, adaptation, and balance principle within human–water
system [17]. Its primary objective is to promote a virtuous cycle within the human–water
system. This will enhance the self-maintenance and renewal capabilities of the water sys-
tem, ensuring that water resources can offer enduring support and assurance sustainable
economic growth and social development [18]. Research on human–water harmonious has
evolved from qualitative inquiries at the beginning of the 21st century to a more quantita-
tive approach today. Key components of this research now encompass the exploration of
interaction mechanisms within human–water systems, the quantitative analysis and simu-
lation of the human–water relationship, and the optimization of schemes promoting such
harmony [19–21]. These studies have found widespread application across various scales,
including national, provincial, urban, and watershed levels. In this study by Ding et al. [17],
27 indicators related to social development, system coordination, and public satisfaction
were utilized to establish the Human–Water Harmony Index (HWHI) grounded in the
concept of harmony with its application to five megalopolises of China. Building upon this
framework, Zuo et al. [18] determined the harmonious balance constraint and regulation by
quantifying the equilibrium state of the human–water relationship of six criteria in 43 coun-
tries along the Belt and Road. Duan et al. [19] constructed a human–water-nexus-based
evaluation system, in which 13 indicators of 8 sustainable development goals (i.e., SDGs 2,
6, 8, 9, 11, 12, 13, and 17) associated with water, society, and ecology criteria were analyzed.
These studies evaluate human–water relationship by examining specific factors related
to water resources within human systems, including water quantify, water quality, water
use structure, and the dynamic balance between supply and demand. Unfortunately, they
primarily focus on enhancing the health of water systems and promoting the sustainable
development of human systems, while overlooking the harmonized development of the
two [17,22]. The latter aspect is crucial for promoting the healthy, orderly, and sustainable
development of both systems simultaneously.

Yellow River Basin (YRB) serves as a representative example of human–water inter-
action [23,24]. The basin’s environment is significantly influenced by human activities,
meanwhile, water resource scarcity emerges as a critical constraint for the socio-economic
development of the region [25]. Nonetheless, a comprehensive analysis of the evolution
of the human–water relationship in the YRB is hindered by the insufficient simulation on
key process, vital variables, mutual feedback relationships, and a lack of comprehension
regarding common mechanisms. Simultaneously, both domestically and internationally,
there is a scarcity of research cases focusing on identifying the evolutionary mechanisms
and assessing the external effects of the synergistic mechanism between water resources
utilization and human activities in the large river basins [26].
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To address these knowledge gaps, we selected 29 evaluation indicators to construct
the Human–water harmony degree (HWHD) evaluation framework, encompassing three
dimensions: healthy water systems, sustainable human systems, and synergy between
human and water systems. Meanwhile, we combined the Entropy Weight method (EW)
and Analytic Hierarchy Process (AHP) into one framework to determine every indicator’s
weight. According to the harmony theory, we employed the Single index quantification,
multiple index synthesis, and poly-criteria integration (SMI-P) method to quantify the
HWHD. Generally, we analyzed the intricate relationship between humans and water
in YRB from 2002 to 2021 and explore their synergistic development from an integrated
perspective. Hence, the systematic quantification of the dynamic evolving process of the
HWHD in the YRB can serve as a scientific foundation for fostering ecological health and
sustainable development within the YRB. Furthermore, it can facilitate to the development
of earth system science in China through integrated basin research.

2. Methods

2.1. Calculation of Comprehensive Weight

As an objective weighting method, EW judges the degree of dispersion of the index
through the information entropy of the index data, while it neglects the actual demand of
decision-makers for indicators [27]. AHP judges the relative importance of each indicator
according to the experience of decision makers, however, the evaluation results are prone to
fluctuate due to subjective human factors [28]. It is desired an integrated EW-AHP method
should be developed to overcome the above issues [29]:

wi =
αi × βi

n
∑

i=1
αi × βi

(i = 1, 2, . . . , n) (1)

wi, αi, and βi are the comprehensive, subjective, and objective weights of the index i,
respectively.

2.2. Calculation of HWHD

Here, we utilized the evaluation approach of SMI-P to assess the HWHD [30]. HWHD
is further segmented into the three sub-harmony degrees (SHD), named healthy water
systems (HED), sustainable human systems (HAD), and synergy between human and
water systems (DED), respectively. The SHD of each indictor was determined based on
the assumed fuzzy membership within the range of [0, 1] as shown in Figure 1 [19]. These
SHD are detailed in the following calculated equations [31].

HED(T) =
n1

∑
i=1

wiSHD1(Yi
1(T)) (2)

DED(T) =
n1

∑
i=1

wiSHD2(Yi
2(T)) (3)

HAD(T) =
n1

∑
i=1

wiSHD3(Yi
3(T)) (4)

where T and n indicate the time and number of indicator; Yi
n(T) shows the indicator value;

wi presents the indicator’s weight; SHDαi
[
Yi(T)

]
indicates the sub-harmony degree; and

HED(T), HED(T), and HAD(T) represent the sub-harmony of each criterion, respectively.
Then, the final HWHD can be achieved as follows:

HWHD(T) = HED(T)β1 × DED(T)β2 × HAD(T)β3 (5)
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where HWHD(T) is the final human–water harmony degree; β1, β2, and β3 are the weights
of each criteria, respectively; generally, the weights of each criteria are assumed as equal
(i.e., 1/3). The harmony grading standards were based on the final HWHD and were
equally segmented into five intervals from 0 to 1 [31].

Figure 1. Study framework.

3. Case Study

As the second longest river in China, YRB covers approximately 7950 hm2. It con-
stitutes 2.56% of the national total water resources, while sustains 12% of the population,
irrigates 13% of farmland, and contributes 13% of food and 14% of GDP in China [27].
In 2021, the total population in YRB is 421 million, and the GDP is CNY 28,778.3 billion.
However, the per capita water resources in this basin are 26,824 m3 per person, occupying
about 1/4 of the world average level, which evolves into the biggest contradiction in the
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YRB. Due to the serious imbalance between social and economic development and natural
hydrological process and ecosystem process, the YRB is one of the most prominent and
complicated areas in China. It has become a national strategic plan to protect the ecological
environment and promote the high-quality development of the YRB. Meanwhile, several
national development plans were also published toward the harmonious human–water
relationship. In detail, during the 14th Five-Year Plan, the water ecological environmental
protection work should pay more attention to human–water harmony by the Ministry of
Ecology and Environment of the people’s Republic of China. In the year of 2024, opinions
of thoroughly promoting the construction of Beautiful China were published by the CPC
and State council, aiming at accelerating the modernization of harmonious coexistence
between human and nature, especially for building the pilot zone for ecological protection
and high-quality development of the YRB.

Thus, we built a comprehensive human–water harmony evaluation system to promote
the implementation of national strategies. As shown in Figure 1, the constructed human–
water harmony evaluation system encompasses three aspects: the evaluation indicators of
HWHD, calculation of weights based on AHP and EW, and the spatio-temporal analysis of
HWHD in the YRB from 2002 to 2021.

To reflect the prominent contradictions between human and water systems in nine
provinces of YRB in the past two decades, we employed 29 indicators to construct a human–
water harmony evaluation system based on harmony theory, including three dimensions:
healthy water systems, sustainable human systems, and synergy between human and water
systems [21], as shown in Table 1. A healthy water system necessitates the preservation of
ecological functions in rivers, lakes, groundwater, and other water sources, with robust self-
repair and renewal capabilities and resistance to shocks. Thus, we chose Water resources per
capita, Water resources utilization rate, and Per capita COD emission to express the health
conditions. Sustainable water systems require socio-economic development to be managed
in a way that doesn’t compromise life support on earth. Thus, indicators of Proportion of
employees in the tertiary industry, Per capita disposable income of urban residents, and
Per capita disposable income of rural residents were presented for development. Synergy
between human and water systems mandates that water systems must provide necessary
and robust support for human and social economic development. Meanwhile, humans
are expected to continually safeguard the health of rivers and take proactive measures to
transform the relationship between humans and water into a virtuous cycle. Therefore, the
synergy indicators were chosen in terms of Water supply ratio of industry, Water supply
ratio of domestic, and Water supply ratio of ecology.

Table 1. Evaluation indicator standard threshold.

Criterion Layer
Classification

Layer
Indicator Layer Unit

Criterion
Attribute

Worst
Value

Difference
Value

Pass
Value

Optimal
Value

Optimal
Value

Health degree
of water
system

Water resources
subsystem

Water resources
per capita Person Positive 130 1115 2100 2600 3100

Water resources
utilization rate % Negative 100 80 60 42 24

Water
environment

subsystem

Waste water
discharge per
CNY 10,000 of

industrial added
value

Ton Negative 80 53 26 20 14

Per capita COD
emission Ton Negative 0.04 0.03 0.02 0.011 0.002

Water ecological
subsystem

Green coverage
rate of built-up

area
% Positive 29 32 35 40 45
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Table 1. Cont.

Criterion Layer
Classification

Layer
Indicator Layer Unit

Criterion
Attribute

Worst
Value

Difference
Value

Pass
Value

Optimal
Value

Optimal
Value

Development
degree of

human system

Social
development

subsystem

Natural
population
growth rate

‰ Negative 10 8 6 4 2

Urbanization rate % Positive 37 43.5 50 65 80

population
density Person/km2 Negative 4000 2300 650 400 148

Proportion of
employees in the
tertiary industry

% Positive 20 34 48 59 70

Engel’s coefficient
for urban
residents

% Negative 60 55 50 40 30

Per capita
disposable

income of urban
residents

Yuan Positive 7700 16,350 25,000 62,500 100,000

Per capita
disposable

income of rural
residents

Yuan Positive 2500 5650 8800 26,900 45,000

Per capita grain
yields Kilogram Positive 14 232 450 1225 2000

Per capita
comprehensive

water
consumption

m3 Negative 800 610 420 290 160

Economic
development

Subsystem

Per capita GDP Yuan Positive 39,000 60,000 81,000 190,500 300,000

Per capita fiscal
revenue Yuan Positive 3500 8750 14,000 19,500 25,000

Per capita total
social fixed asset

investment
Yuan Positive 17,000 68,500 120,000 1,060,000 2,000,000

Proportion of
output value of
tertiary industry

in GDP

% Positive 20 32.5 45 57.5 70

GDP growth rate % Positive 2 3.5 5 7 9

Growth rate of
output value of
tertiary industry

% Positive 7 9 11 12 13

Science and
technology

development
subsystem

Water
consumption per

CNY 10,000 of
GDP

m3 Negative 450 250 50 30 10

Water
consumption per

CNY 10,000 of
industrial added

output

m3 Negative 65 47 28 17 5

Irrigation water
per mu of
farmland

Cubic meter Negative 450 400 350 245 140

Reuse rate of
urban industrial

water
% Positive 22 55 88 93 98

College students
per 10,000 people Person Positive 32 181 330 415 500

Harmony
degree of

human water
system

Water supply
subsystem

Water supply
ratio of

Agriculture
% Negative 91 77 63 46.5 30

Water supply
ratio of Industry % Positive 3 11.5 20 32.5 45

Water supply
ratio of Domestic % Positive 5 9 13 15 17

Water supply
ratio of Ecology % Positive 1 2.5 4 6 8
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During the data processing, most data were obtained by the national statistical year-
books. Some non-uniform data such as water resources per capita, proportion of output
value of tertiary industry in GDP, and college students per 10,000 people were obtained by
the statistical yearbooks of each province in the YRB. Several indicators such as per capita
grain yields, urbanization rate, and irrigation water per mu of farmland were collected from
Chinese economic and social big data research platform. A linear interpolation approach
was also introduced to address the issue of missing data and fill in the continuous data
from 2002 to 2021. All the source data are illustrated in this paper and are available from
http://data.stats.gov.cn, https://data.cnki.net, (accessed on 30 December 2023), or the
corresponding author upon reasonable request.

4. Results

4.1. Result of Weight

Weight is a parameter used to measure the contribution of each indicator to the system.
The accuracy of the weights directly affects the accuracy of the evaluation results. There
are many methods to determine weights, including subjective weight and objective weight.
Subjective weight is determined by the evaluator’s subjective understanding of the index,
which is greatly influenced by the evaluator’s subjective influences. Objective weight is
determined by the objective law between the index data, which is greatly influenced by the
original data of the index. In order to avoid the subjectivity and one-sidedness of a single
method affecting the evaluation results, this paper adopts a comprehensive weight that
uses multiple weights. Its subjective weight uses the analytic hierarchy process, its objective
weight uses the entropy weight, and its comprehensive weight is used to synthesize the two
weights [31]. Table 2 shows the subjective weights, objective weights, and comprehensive
weights of each indicator in the nine provinces studied based on the EW-AHP method.
Overall, the indicators with large subjective weights are the green coverage rate of built-up
area, water resources utilization rate, and the waste water discharge per CNY 10,000 of
industrial added value, which are 0.14, 0.11, and 0.10, respectively. The indicators with
large objective weights are Water resources per capita and the water supply ratio of ecology,
which are 0.18 and 0.07, respectively. According to the comprehensive weight calculation
method which was introduced in 2.1, the comprehensive weights of the water supply ratio
of ecology and the water resources per capita are relatively large: 0.22 and 0.17, respectively.

4.2. Temporal Variation of HWHD

Figure 2 illustrates the temporal trend of the HWHD in the YRB during 2002–2021. Our
analysis reveals that although the HWHD of the nine provinces in the Yellow River basin
has remained in Nearly complete disharmony or Complete disharmony (HWHD < 0.4)
over the past 20 years, there has been an upward trend. By 2021, five provinces had tran-
sitioned from Complete disharmony (0 ≤ HWHD ≤ 0.2) to Nearly complete disharmony
(0.2 < HWHD ≤ 0.4). Notably, provinces such as Shandong, Inner Mongolia, and Shaanxi
exhibit substantial increases in HWHD, with variations of 0.18, 0.17, and 0.17, respectively.
Conversely, upstream basin provinces like Sichuan and Ningxia experience mitigated
increases, rising only by 0.10 and 0.12, respectively, from 2002 to 2021 (as shown in Fig-
ure 3). In addition, the HWHD in Ningxia is notably lower than that of other provinces,
consistent with the findings of Shi et al. (2023) [21]. This can be attributed to Ningxia’s
lowest water resources per capita among all provinces, which holds the higher weight
among all evaluation indicators. It’s also related to the disparities in economic and techno-
logical development, geographic and climatic factors, as well as pertinent national or local
regulations.
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Figure 2. The temporal changes of HWHD across nine provinces in the YRB from 2002 to 2021.

Figure 3. Spatial distribution of HWHD across nine provinces for the mean of 2002 to 2021.

Table 2. Comprehensive weights of indicators in nine provinces.

Indicator Layer
Subjective

Weight
Objective

Weight
Comprehensive

Weight

Water resources per capita 0.0238 0.1859 0.1675
Water resources utilization rate 0.1190 0.0037 0.0165

Waste water discharge per CNY 10,000 of industrial added value 0.1071 0.0073 0.0296
Per capita COD emission 0.0357 0.0135 0.0182

Green coverage rate of built-up area 0.1429 0.0109 0.0588
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Table 2. Cont.

Indicator Layer
Subjective

Weight
Objective

Weight
Comprehensive

Weight

Natural population growth rate 0.0039 0.0178 0.0026
Urbanization rate 0.0317 0.0216 0.0259

population density 0.0025 0.0339 0.0033
Proportion of employees in the tertiary industry 0.0051 0.0294 0.0057

Engel’s coefficient for urban residents 0.0204 0.0139 0.0107
Per capita disposable income of urban residents 0.0089 0.0586 0.0197
Per capita disposable income of rural residents 0.0089 0.0634 0.0214

Per capita grain yields 0.0143 0.0550 0.0298
Per capita comprehensive water consumption 0.0470 0.0142 0.0252

Per capita GDP 0.0145 0.0536 0.0294
Per capita fiscal revenue 0.0243 0.0634 0.0584

Per capita total social fixed asset investment 0.0131 0.0674 0.0335
Proportion of output value of tertiary industry in GDP 0.0183 0.0288 0.0199

GDP growth rate 0.0504 0.0206 0.0392
Growth rate of output value of tertiary industry 0.0223 0.0033 0.0028

Water consumption per CNY 10,000 of GDP 0.0251 0.0047 0.0045
Water consumption per CNY 10,000 of industrial added output 0.0381 0.0047 0.0067

Irrigation water per mu of farmland 0.0089 0.0116 0.0039
Reuse rate of urban industrial water 0.0138 0.0135 0.0071
College students per 10,000 people 0.0570 0.0288 0.0621
Water supply ratio of agriculture 0.0168 0.0237 0.0151

Water supply ratio of industry 0.0079 0.0395 0.0117
Water supply ratio of domestic 0.0376 0.0348 0.0496
Water supply ratio of ecology 0.0805 0.0725 0.2209

4.3. Spatial Variation of HWHD

Figure 3 gives the spatial variation of HWHD in 2002, 2006, 2011, 2016, and 2021, along
with the average HWHD over the past two decades. With the exception of 2012−2015,
HWHD of Ningxia has always been lower than other provinces. However, since 2006,
HWHD of Ningxia has been significantly improved. It mainly due to the influence of
economy, science and technology, and the per capita GDP and per capita financial revenue
have notably improved. The water consumption per CNY 10,000 of GDP and growth rate
of output value of tertiary industry decreased significantly. Over the past two decades,
HWHD has notably improved in most of provinces, particularly in Shandong Province.
Thanks to the increase in available water resources and the decrease in water consumption,
the water resources utilization rate in Shandong province has decreased year by year.
Consequently, its HWHD increased gradually, and the HWHD value reached 0.21 after
2020. In contrast, given the considerably lower value of the water supply ratio of ecology
in Sichuan, which acts as the direct driving index of HWHD, coupled with its slow growth
rate, the overall HWHD growth rate in the region is relatively sluggish. As a result, by 2020,
Sichuan ranks as the third lowest in HWHD after Ningxia and Gansu. Additionally, we
observed that the HWHD in downstream areas is generally higher than that in upstream
areas, but this gap between upstream and downstream has been diminishing in recent
years.

4.4. The Evaluation Results of Three Subsystems

The evaluated results in the three sub-criterion, healthy water systems (HED), sus-
tainable human systems (HAD), and synergy between human and water systems (DED),
are depicted in Figure 4. Overall, the harmony degrees of each subsystem across the nine
provinces improved from 2002 to 2021. Furthermore, the harmony degrees of each subsys-
tem varied among the provinces. For instance, the HED in the nine provinces exhibited
less fluctuation and maintained consistent increments from 2002 to 2021. Among these

117



Water 2024, 16, 916

provinces, Inner Mongolia demonstrated the highest growth range, rising from 0.10 to
0.27, with a notable increase observed in 2013. This surge can be attributed to a significant
reduction in Water resources utilization rate in the same year. Meanwhile, the HED of
Sichuan showed a fluctuating upward trend due to changes in the total amount of water
resources- and utilization rate.

Figure 4. The four dimensions of HWHD across the nine provinces in YRB from 2002 to 2021.

The DED of nine provinces also maintained upward trends from 2002 to 2021. Notably,
these provinces in downstream, such as Inner Mongolia, exhibited the highest incremental
change, reaching 0.15. This change is primarily associated with societal, economic, and
scientific developments. Specifically, Inner Mongolia’s per capita disposable income of
urban residents, Green coverage rate of built−up area, and water consumption per CNY
10,000 of industrial added value increased from 0 (Complete disharmony) to 0.7 (Fair
harmony), 0.8 (Complete harmony), and 0.8 (Complete harmony), respectively. Moreover,
the DED of Inner Mongolia experienced Flat growth during 2002–2021, attributed to a
series of pragmatic and effective policy measures that enhanced the potential of industrial
production and improved market supply−demand relationships.

The HAD of Henan experienced significant growth over the past 20 years, with a
substantial increase observed from 2013 to 2017. This notable rise can be attributed to
the considerable increase in indicators such as domestic water supply and ecological
water supply during this period. Specifically, the supplied water resources increased
by 6.8 × 108 m3 and 13.7 × 108 m3, respectively. The harmony degree associated with
water supply ratio of domestic and water supply ratio of ecology increased from 0.6
(Fair harmony) to 1 (Complete harmony) and from 0.3 (Nearly complete disharmony)
to 1 (Complete harmony), respectively. These improvements may result from the “Most
Stringent Water Resource Management System” in 2013 was put into practice, leading to
adjustments in total water utilization and irrigated water.
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5. Discussion

Upon quantifying the harmony between humans and water in nine provinces of the
YRB, our findings underscore the decisive role of the government’s active guidance and
investment in enhancing the living environment. For example, the HWHD value of Qinghai
from 2011 to 2015 was notably lower than its overall change trend, reflecting extreme
incoordination issues between the water system and the human system during this period.
During this period, Qinghai Province actively increased its number of and investment
in agricultural water conservancy projects in large and medium−sized irrigation areas,
while vigorously expanding its area of efficient water−saving irrigation. Consequently, its
proportion of the agricultural water supply decreased from an average of 80% during the
12th Five−Year Plan period (2011–2015) to less than 75.38% in 2016. As a result, the HWHD
increased from an average of 0.09 to more than 0.18 after 2016.

Currently, the YRB faces prominent issues such as ecological fragility, water shortage,
and weak resources carrying capacity. These issues interact with each other, becoming key
restrictions for achieving the national development goals. Thus, it is of great significance to
break the boundaries of single factors and single fields, and build a multi−dimensional,
multi−objective and multi−system collaborative governance from the perspective of whole
basin system. Moreover, water resources are the core factor restricting the protection
and development of the YRB. The rigid constraints of water resources should be further
implemented, especially for increasing the ecological water rationing in the upstream and
adopting the water right replacement in the middle and downstream. Future studies should
insist on using water to determine the city, land, people, and production, and improve the
promote the intensive and economical water resources utilization.

6. Conclusions and Limitations

To learn about the human–water relationship in large river basins, we studied the
changes in the HWHD in the YRB over the past two decades. We mainly considered
29 evaluation indicators, encompassing healthy water systems, sustainable human systems,
and synergy between human and water systems in the YRB to construct an evaluation
framework for human–water harmony. We analyzed the evolution trend of the overall
HWHD and the above three sub−criterion in nine provinces of the YRB during 2002–2021.
The results showed that there was a consistent increase in the HWHD across all provinces
along the YRB in the last 20 years. Particularly noteworthy is the substantial growth
in the HWHD observed in downstream provinces like Shanxi, Henan, and Shandong,
exceeding 0.20 (Nearly complete disharmony) in 2021. In contrast, upstream provinces
such as Ningxia have shown slower growth, at 0.11, resulting in this province having the
lowest HWHD by 2021, at 0.12 (Complete disharmony).

Our results disclosed that the HWHD of the nine provinces showed a consistent
increase during the past two decades; these findings provided valuable strategies for
dealing with the future human–water relationship in the YRB. However, limitations need
to be further considered in the future evaluation works. Due to data limitations, our
analysis focused solely on the harmonious relationship between humans and water of
nine provinces in the YRB, overlooking regional differences within provinces. Future
studies could refine the research to the county scale or even the grid scale with sufficient
survey data. This would enable the exploration of spatial differences and correlations of
human–water harmony from upstream to downstream of large river basins, considering
factors such as nature, climate, geographical conditions, and regional trade.
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Abstract: The Xiao Bei mainstream, located in the middle reaches of the Yellow River, plays a vital role
in regulating the quality of river water. Our study leveraged 73 years of hydrological data (1951–2023)
to investigate long-term runoff trends and seasonal variations in the Xiao Bei mainstream and its
two key tributaries, the Wei and Fen Rivers. The results indicated a significant decline in runoff over
time, with notable interannual fluctuations and an uneven distribution of runoff within the year. The
Wei and Fen Rivers contributed 19.75% and 3.59% of the total runoff to the mainstream, respectively.
Field monitoring was conducted at 11 locations along the investigated reach of Xiao Bei, assessing
eight water quality parameters (temperature, pH, dissolved oxygen (DO), chemical oxygen demand
(COD), ammonia nitrogen (NH3-N), total phosphorus (TP), permanganate index (CODMn), and 5-day
biochemical oxygen demand (BOD5)). Our long-term results showed that the water quality of the
Xiao Bei mainstream during the monitoring period was generally classified as Class III. Water quality
parameters at the confluence points of the Wei and Fen Rivers with the Yellow River were higher
compared with the mainstream. After these tributaries merged into the mainstream, local sections
show increased concentrations, with the water quality parameters exhibiting spatial fluctuations.
Considering the mass flux process of transmission of the quantity and quality of water, the annual
NH3-N inputs from the Fen and Wei Rivers to the Yellow River accounted for 11.5% and 67.1%,
respectively, and TP inputs accounted for 6.8% and 66.18%. These findings underscore the critical
pollutant load from tributaries, highlighting the urgent need for effective pollution management
strategies targeting these tributaries to improve the overall water quality of the Yellow River. This
study sheds light on the spatiotemporal changes in runoff, water quality, and pollutant flux in the
Xiao Bei mainstream and its tributaries, providing valuable insights to enhance the protection and
management of the Yellow River’s water environment.

Keywords: runoff; environmental water quality; pollutant flux; spatiotemporal variations; Xiao Bei
mainstream of the yellow river

1. Introduction

The Yellow River, as the second longest river in China, spans over 5400 km and flows
through nine provinces [1]. It originates in the Bayangela Mountains in the west and
terminates in the Bohai Gulf. The entire river is commonly divided into three reaches by the
Toudaoguai and Huayuankou gauging stations, where the middle reach plays a significant
role in the basin water’s balances and availability for human use [2]. The middle reach has
the most detrimental impact on water conditions, not only due to the inflow of the two
largest tributaries, the Fen River and the Wei River. The mainstream also flows through the

Water 2024, 16, 2616. https://doi.org/10.3390/w16182616 https://www.mdpi.com/journal/water139



Water 2024, 16, 2616

Loess Plateau, which passes highly erodible soils into the main water body, contributing
up to 90% of the its sediments [2,3]. As an important source of water for the Northwest
and North China regions, the Yellow River supports food production in major agricultural
areas [4], energy for power generation, and basic industrial sectors such as forestry, animal
husbandry, and fisheries [5]. Specifically, about 15% of the irrigated agricultural land and
12% of the water supply for the Chinese population rely on the Yellow River [6]. Therefore,
the Yellow River holds significant importance in national socioeconomic development.

Despite its importance, the Yellow River Basin faces water resource challenges, centred
on water shortages and high pollutant levels [7,8]. From 2000 to 2016, the average runoff
measured at Lanzhou, Sanmenxia, and Huayuankou hydrometric stations was reduced
by 20.77%, 60.39%, and 59.48%, respectively [6]. Alongside the decreasing runoff trend,
the pollutant load in the mainstream of the Yellow River has seen significant contributions
from both discharge points and tributaries [1]. From the 1980s to 2017, the discharge of
wastewater almost doubled from 21.7 to 44.94 million tons, while the average rate of water
flow decreased continuously [9]. Most tributaries in the middle and lower reaches carry
notable amounts of pollutants and contribute low-quality water to the mainstream [1,9].
Among these, the Jindi River in the lower reaches exhibits particularly poor water quality,
with levels of total phosphorus (TP), total nitrogen (TN), biochemical oxygen demand
(BOD5), chemical oxygen demand (COD), total organic carbon (TOC), and coliform bacteria
exceeding national standards by 155%, 1%, 97.5%, 35.5%, 114.2%, and 80%, respectively [9].

Anthropogenic activities, including excessive development of water resources and
substantial industrial and agricultural discharge, have caused the accumulation of pol-
lution levels, posing a serious threat to the ecological and socioeconomic stability of the
region [8,10]. The construction of cascade dams can have significant impacts on the entire
river basin, altering natural flow regimes, sediment transport, and nutrient dynamics [11–14].
Since 1976, the construction of cascade dams along the upper stretch of the Yellow River
has notably transformed its original hydrological characteristics [15]. Specifically, the dams
have reduced the maximum monthly difference in streamflow from 430 to 115 m3/s, and
decreased differences in the sand concentration from 0.52 to 0.39 kg/m3 between 1977 and
2006 [16]. The Xiaolangdi Reservoir (XLDR) has significantly altered the hydrology and
nutrient dynamics in the Yellow River, affecting nutrient levels upstream and downstream,
with nutrient retention efficiencies of −1.4% for dissolved inorganic nitrogen (DIN), −11%
for dissolved inorganic phosphorus (DIP), and −7% for dissolved silica (DSi) [17]. Fur-
thermore, agriculture, industry, and urban residential areas account for 40%, 26%, and
16% of the reduced amount of water, respectively, with industrial wastewater, domestic
wastewater, phosphorus, and nitrogen accounting for 66%, 21%, 8%, and 5% of the in-
fluence on water quality, respectively [6]. Combined with the effects of global warming,
rising temperatures may further decrease the ability of natural water bodies to assimilate
oxygen-demanding wastes [18,19]. Despite recent improvements in the Yellow River’s
water quality and ecological vulnerability, ongoing monitoring remains crucial [20–22].

Therefore, investigating runoff, water quality indicators, and pollutant dynamics in
the Yellow River Basin is crucial for developing effective water management strategies.
Understanding the spatiotemporal variations in these factors provides insights into the un-
derlying causes of pollution and helps identify critical intervention points for improving the
water quality. This knowledge is essential for ensuring the sustainable use of water resources,
protecting ecosystem services, and ensuring compliance with water quality standards.

In light of these considerations, this study focused on the spatiotemporal changes
in the quantity and quality of water in the Xiao Bei mainstream in the middle reach of
the Yellow River. Three major investigations were included as follows. (1) The long-term
variations in the average annual and intra-annual runoff at both the start and end of the Xiao
Bei mainstream, as well as the Wei River and Fen River tributaries, were studied, spanning
73 years from 1951 to 2023. (2) The midstream section exhibited the highest concentrations
of over-standard indexed pollutants for ammonia nitrogen, chemical oxygen demand
(COD), and permanganate index (CODMn) [9]. According to the specified national indices
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in the “Surface Water Environment Quality Standard” (GB 3838-2002) [23], these pollutants
are key metrics for assessing river water’s quality. Therefore, the study aimed to measure
parameters including temperature, pH, dissolved oxygen (DO), COD, ammonia nitrogen
(NH3-N), total phosphorus (TP), CODMn, and 5-day biochemical oxygen demand (BOD5)
at 11 sampling points along the Xiao Bei mainstream during 28–30 August 2023. These
test results allowed an analysis of the spatial trends along the Xiao Bei water body. (3) We
examined the monthly changes in TP and NH3-N fluxes in the Xiao Bei mainstream for
2021 to gain insights into intra-annual variations in the pollutant level. These data aimed
to provide a comprehensive baseline to elucidate the patterns of water status and pollution
in the Yellow River.

2. Materials and Methods

2.1. Study Area

The studied segment of the Yellow River, spanning from Longmen to Tongguan, lies
in the middle reaches of the river, and this section extends over 132.5 km, constituting
only 2.42% of the Yellow River’s total length. It forms the lower part of the northern main-
stream, known as the Xiao Bei mainstream, stretching from Tuoketuo in Inner Mongolia to
Tongguan (Figure 1).

Figure 1. Yellow River (left) and map of the study area (right). The mainstream, tributaries, and
basin area of the Yellow River are shown on the left. The investigated Xiao Bei mainstream, with
the Wei River and Fen River tributaries and the proximal hydrologic and water quality stations are
shown on the right.

The Xiao Bei mainstream is situated above the Xiaolangdi and Sanmenxia reservoirs
and the entire lower Yellow River, lying below the outlet of the Yellow River’s longest
continuous gorge. This positioning gives it a critical role in connecting the upper and
lower reaches, making it highly significant in the management and development of the
Yellow River. This river section is characterized by its wide and shallow channel, numer-
ous sandbars, and braided streams, exhibiting significant variability in its erosion and
deposition patterns. The main channel frequently shifts, making it a typical wandering,
sediment-laden river. The channel’s width varies dramatically, from as wide as 18 km
to as narrow as 3 km, resembling a dumbbell shape in plan view. Historically, there has
been a saying, “Thirty years east of the river, thirty years west of the river”, reflecting the
river’s unpredictable nature. All major management challenges of the Yellow River are
concentrated in this Xiao Bei mainstream.

From the upper to the lower reaches, the left bank of the Xiao Bei mainstream receives
inflows from tributaries such as the Fen River and Sushui River, while the right bank is
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joined by the Zhuoshui, Xushui, Jinshui, and Wei Rivers. Among these, the Wei and Fen
Rivers significantly impact the mainstream. The Wei River is the largest tributary of the
Yellow River, entering the Yellow River at Tongguan County in Shaanxi Province, and is a
major source of sediment. The Fen River, the second-largest tributary, flows within Shanxi
Province and joins the Yellow River near Miaoqian Village in Wanrong County.

2.2. Runoff Data Collection

Our study collected data from various sources to conduct the analysis. The runoff
data spanning 73 years of the Longmen and Tongguan hydrological stations were obtained
from the Hydrological Yearbook of the People’s Republic of China from 1951 to 2020, Volume 4:
Hydrological Data of the Yellow River Basin. The runoff data from 2020 to 2023 were directly
measured by our team. The concentrations of water quality parameters along the Xiao Bei
mainstream were measured through field tests, with details provided in Section 2.3. Lastly,
the monthly variations in the TP and NH3-N pollutant fluxes for 2021 were derived from
the Hydrological Yearbook of the People’s Republic of China (2021) and the concentration data
were from the National Surface Water Quality Data Release System”.

2.3. Water Sampling and Analysis
2.3.1. Sampling Sites and Procedures

Water samples were collected from the Xiao Bei tributary river section on 28–30 Au-
gust 2023. Selection of the sampling points was guided by several key considerations
to ensure comprehensive and representative monitoring of water quality. The goal was
to use the fewest possible points to obtain sufficient environmental information while
considering practical feasibility during sampling. Specific points included background
sections, control sections, and estuary sections for watersheds or water systems. For ad-
ministrative regions, the points included background sections for water sources or entry
points for transboundary rivers. Selected points avoided stagnant water zones, return flow
areas, and sewage outlets, preferring stable, straight river sections with a smooth flow and
wide water surfaces. Monitoring points were aligned with the hydrological measurement
sections to integrate monitoring of the water’s quality and quantity. The layout also consid-
ered long-term monitoring needs, socioeconomic development, and current monitoring
requirements. In synchronized watershed monitoring, the points were determined on the
basis of watershed plans and pollution sources’ compliance targets. According to these
considerations, 11 sampling points were set up along a 237 km river section of the Xiao Bei
mainstream for on-site monitoring of water quality, as shown in Table 1.

Table 1. Monitoring points of the Xiao Bei mainstream’s water quality.

No. Monitoring Point Latitude and Longitude Relative Distance

1 Longmen 110.60867786, 35.65471586 −37 km
2 Fen River entry to Yellow River, 0 km 110.46890259, 35.34281990 0 km
3 Fen River entry to Yellow River, downstream 2 km 110.45306683, 35.33249239 2 km
4 Fen River entry to Yellow River, downstream 5 km 110.44521332, 35.30496925 5 km
5 Fen River entry to Yellow River, downstream 20 km 110.37466049, 35.13514167 20 km
6 Fen River entry to Yellow River, downstream 50 km 110.32299042, 35.04194354 50 km
7 Fen River entry to Yellow River, downstream 100 km 110.27518272, 34.61943546 100 km
8 Wei River entry to Yellow River section, 0 km 110.28792858, 34.61049980 190 km
9 Wei River entry to Yellow River, downstream 1.5 km 110.30397892, 34.60940485 191.5 km

10 Wei River entry to Yellow River, downstream 4 km 110.33073664, 34.60912228 194 km
11 Wei River entry to Yellow River, downstream 10 km 110.41276932, 34.58863340 200 km

The sampling procedure ensured the collection of representative samples by avoiding
disturbance of the sediment, positioning the sampling points accurately, and using GPS for
precise location tracking. During sampling, careful documentation was maintained using
the “Water Quality Sampling Record Form”.
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2.3.2. Sample Collection and Determination

Water samples were analyzed for parameters including temperature, pH, DO, COD,
CODMn, BOD5, NH3-N, and TP. Samples were transported in a dedicated vehicle, protected
from sunlight and physical damage, and the microbiological samples were transported in a
cold, dark environment to reach the laboratory within 6 h. Each sample was tested three
times to ensure accuracy, and the average value was taken as the result.

Water temperature was measured using a thermometer according to GB/T 13195-1991
The thermometer was inserted into the water at the desired depth, left for 5 min, and
then read. DO was measured using an electrochemical probe as per HJ 506-2009, where
oxygen permeated a selective membrane, creating a current proportional to the oxygen
concentration. The pH was measured using a pH meter and electrodes according to HJ 1147-
2020, with the calibration and measurement procedures involving standard buffer solutions.
In the laboratory, COD was determined using the dichromate method (HJ 828-2017) by
refluxing the sample with dichromate, cooling, and titrating. The permanganate index
was measured according to GB 11892-89 by oxidizing the sample with permanganate in an
acidic medium, reducing excess permanganate, and titrating with permanganate. BOD5
was measured using the dilution and inoculation method (HJ 505-2009) by incubating the
samples and measuring the dissolved oxygen before and after incubation. NH3-N was
measured using the colorimetric method of Nessler’s reagent (HJ 535-2009) by preparing a
standard series, treating the samples, and measuring the absorbance at 420 nm. TP was
determined using the ammonium molybdate spectrophotometric method (GB/T 11893-
1989) by digesting the samples, adding reagents, and measuring the absorbance at 700 nm.

2.3.3. Quality Assurance

The sampling process adhered to the guidelines provided in several key documents,
including the Environmental Quality Standards for Surface Water (GB3838-2002), the Envi-
ronmental Water Quality Monitoring Quality Assurance Manual (Second Edition), the Technical
Guidelines for Water Quality Sampling (HJ/T 494-2009), the Technical Specifications for Environ-
mental Quality Monitoring of Surface Water (HJ/T 91.2-2022), and the Technical Regulations for
the Preservation and Management of Water Quality Sampling Samples (HJ/T 493-2009).

Quality assurance and quality control for the laboratory analyses were performed
following the standard methods outlined in the Standard Methods for the Examination of
Water and Wastewater of China (HJ/T 91-2002). Blank samples were used at all monitoring
stations to ensure the accuracy of the analyses. The samples were preserved and transported
according to the specified guidelines to prevent contamination or degradation. The samples
were also properly labeled and stored to maintain their integrity, including using specific
preservatives and maintaining appropriate temperatures. The samples were transported
using dedicated vehicles to prevent exposure to sunlight and to ensure that they reached
the laboratory within the specified timeframe.

3. Results

3.1. Mainstream Section
3.1.1. Evolution of the Long-Term Runoff Series

According to 73 years of measured data from 1951 to 2023, the average annual runoff
measured at the Longmen hydrological station, located in the initial section of the Xiao
Bei mainstream, was 25.638 billion cubic meters, with a maximum of 53.729 billion cubic
meters (1967) and a minimum of 13.019 billion cubic meters (1997). This represented a peak-
to-trough ratio of 4.13. Significant interannual variability existed, with large fluctuations each
year (Figure 2(a1)). Overall, there was a decreasing trend in runoff (y = −0.0143x + 27.67,
R2 = 0.0529, Figure 2(a1), where y represents the annual runoff in billion cubic meters
and x represents the year.), with a sharp decline in 1986. The downward trend continued
and remained at constantly low runoff volumes after 1986, which was evident in the
comparison of the runoff with the average for each year (Figure 2(a2)). Except for a few
positive deviations that mainly occurred around 2019, negative deviations from the average
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dominant were observed in the latter half of the investigated years. From 1986 to 2023,
runoff decreased by 33.8% compared with 1951–1985, with a more significant reduction
reaching 48.9% during the flood season, primarily due to the construction of reservoir
groups upstream, which mitigated flood-related runoff.

Figure 2. Trends and variations in monthly and annual runoff at Longmen and Tongguan hydrological
stations from 1951 to 2023. (a1) Trend of monthly average runoff at Longmen hydrological station.
(a2) Differences in runoff from the annual mean at Longmen hydrological station. (b1) Trend of
monthly average runoff at Tongguan hydrological station. (b2) Differences in runoff from the annual
mean at Tongguan hydrological station.

Based on the same series of annual statistics, the average annual runoff at the Tongguan
hydrological station, located at the end of the Xiao Bei mainstream, was 33.448 billion
cubic meters, with a maximum of 69.734 billion cubic meters (1964) and a minimum of
14.936 billion cubic meters (1997), demonstrating a difference of 4.67-fold. The runoff trend
at the Tongguan section was similar to those at Longmen, also showing a decreasing trend
(y = −0.0206x + 36.957, R2 = 0.0616, Figure 2(b1), where y again represents the annual runoff
in billion cubic meters and x represents the year). From 1986 to 2023, runoff decreased
by 36% compared with 1951–1985, with a reduction of 48.3% during the flood season.
Meanwhile, Tongguan’s downstream station had overall higher runoff volumes than the
upstream Longmen station from year to year, accompanied by greater variability.

The measured runoff at both the Longmen and Tongguan stations further decreased
after 1995. This marked the beginning of a prolonged and extensive dry period for the
Yellow River mainstream. From 1996 to 2011, the average runoff at Longmen and Tongguan
was 17.055 billion cubic meters and 21.563 billion cubic meters, respectively. These figures
were significantly lower than the long-term averages of 8.583 billion cubic meters for
Longmen and 11.875 billion cubic meters for Tongguan.

Despite a prolonged period of low runoff, it was noteworthy that from 2018 to 2020,
the Longmen hydrological station experienced a significant increase in runoff, surpassing
the average levels and stabilizing at approximately 30 billion cubic meters. Similarly, the
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Tongguan station observed a comparable rise in runoff from 2018 to 2021, with values
ranging from 35 to 40 billion cubic meters.

3.1.2. Intra-Annual Variations in Runoff

The distribution of runoff within the year was uneven in the Xiao Bei mainstream,
characterized by seasonal peaks and troughs. Figure 3 illustrates the distribution of the long-
term average measured runoff for the Longmen (blue) and Tongguan (orange) stations over
a period of 73 years. At Longmen, the highest monthly runoff occurred in August, reaching
3.9 billion cubic meters. In contrast, Tongguan experienced its peak runoff in September,
with a value of 5.2 billion cubic meters. The lowest runoff was observed in January for
both stations, with Longmen recording 1.2 billion cubic meters and Tongguan recording
1.4 billion cubic meters. The peak runoff months from July to October were particularly
significant in both locations, accounting for 52% of the annual runoff at Longmen and 54%
at Tongguan. This seasonal concentration highlighted the uneven distribution of runoff
throughout the year. A notable spring flood occurred in March for both locations, driven
by the melting of ice in the upper Yellow River. During this period, Longmen recorded a
runoff of 2.2 billion cubic meters, while Tongguan recorded 2.4 billion cubic meters.

Figure 3. Intra-annual distribution of long-term average runoff for the Xiao Bei mainstream.
(a) Graphs of the monthly distribution of density with histograms and rug plots for the Longmen
(blue) and Tongguan (orange) stations over 73 years. The smooth curves represent the probability
density functions of the runoff data, providing a continuous view of the data’s distribution. The
histograms illustrate the frequency of data points within specific intervals, while the rug plots show
individual data points along the x-axis. (b) Line plot showing the measured intra-annual average
runoff data for Longmen and Tongguan stations.

If we compare the data from two hydrological stations, the downstream Tongguan sta-
tion witnessed higher average runoff each month, as demonstrated by the higher frequency
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of high-value data in the distribution. The higher runoff at Tongguan station aligned with
the annual evolutionary trend mentioned in the previous section.

3.2. Major Tributaries
3.2.1. Evolution of the Long-Term Runoff Series

The average annual runoff at the Huaxian hydrological station on the Wei River from
1951 to 2023 was 6.937 billion cubic meters, while at the Hejin hydrological station on
the Fen River, it was 0.987 billion cubic meters. The peak-to-trough ratios for the annual
runoff extremes at Huaxian and Hejin were 11.40 and 22.24, respectively, with coefficients
of variation (Cv) of 0.53 and 0.81. The long-term data indicated an overall decreasing trend
in runoff for both the Wei (y = −0.0026x + 6.9588, R2 = 0.0094, Figure 4(a1)) and Fen Rivers
(y = −0.0012x + 1.3377, R2 = 0.058, Figure 4(b1), where y represents the runoff and x is the
time in years.

Figure 4. Trends and variations in monthly and annual runoff at Huaxian and Hejin hydrological
stations from 1951 to 2023. (a1) Trend of monthly average runoff at Huaxian hydrological station.
(a2) Differences in runoff from the annual mean at Huaxian hydrological station. (b1) Trend of
monthly average runoff at Hejin hydrological station. (b2) Differences in runoff from the annual
mean at Hejin hydrological station.

Both hydrological stations showed lower values in the second half of the measurement
year and continued transitioning from positive to negative deviations in annual runoff
(Figure 4(a2,b2)). A drastic increase in flow was also noted at the Huaxian hydrological
station in 2018, peaking in 2021. The same low-to-high turnaround was observed at the
Hejin station in similar years. However, the two tributaries exhibited significant differences
in runoff, with the Wei River showing much higher values than the Fen River. This disparity
was evident in the average values, maximum values, and overall distribution of runoff.
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3.2.2. Intra-Annual Variations in Runoff

The intra-annual distribution of average monthly runoff over 73 years at Huaxian and
Hejin is shown in Figure 5. In Figure 5a, the centered distribution below 2 billion cubic
meters measured at Hejin station indicated relatively small intra-annual variations with
low runoff in the Fen River. In contrast, the scattered distribution, ranging widely from
around 2 to 13 billion cubic meters, suggested significant fluctuations and higher runoff
volumes in the Wei River.

Figure 5. Intra-annual distribution of long-term average runoff from the Wei River (Huaxian hydro-
logical station) and Fen River (Hejin hydrological station). (a) Graphs of the monthly distribution of
density with histograms and rug plots for Huaxian (green) and Hejin (purple) stations over 73 years.
The smooth curves represent the probability density functions of the runoff data, providing a contin-
uous view of the data’s distribution. The histograms illustrate the frequency of data points within
specific intervals, while the rug plots show individual data points along the x-axis. (b) Line plot
showing the measured intra-annual average runoff data for Huaxian and Hejin stations.

In Figure 5b, we can observe that the highest monthly runoff at Huaxian and Hejin
occurred in September (1.278 billion cubic meters) and August (0.187 billion cubic meters),
respectively; the lowest was in February (0.179 billion cubic meters at Huaxian) and March–
April (0.037 billion cubic meters at Hejin). The surface runoff in the Wei and Fen Rivers
was generated by rainfall, with the flood season (July to October) accounting for 61% of the
annual runoff at both Huaxian and Hejin.

3.2.3. Intra-Annual Contribution Ratios of Tributaries’ Runoff

The lower reaches of the Wei River transition from a meandering to a braided channel,
with a gradient of 0.1–0.8‰. It is wide at the top and narrow at the bottom, with the river
mouth having a width of approximately 0.2 km. Figure 6 provides a comparison of the
average monthly runoff over the 73 years between the Yellow River mainstream and the Wei
River and Fen River tributaries. The line plots showing the monthly contribution ratio of
the tributaries to the mainstream are also included. Specifically, the monthly contribution
ratio of the Wei River to the Yellow River mainstream’s runoff ranged from 10.04% to
31.17%, averaging 19.75%. The runoff of the Fen River is relatively small compared with
the Wei River, forming a wide and shallow river segment at the confluence with the Yellow
River. The monthly contribution ratio of the Fen River to the Yellow River mainstream’s
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runoff ranged from 1.65% to 4.58%, averaging 3.59%. Considering the low runoff volumes
of the Fen River discovered in the previous section, the contribution ratio to the mainstream
was correspondingly smaller.

Figure 6. Comparison of average monthly runoff between the tributaries and mainstream of the
Yellow River. (a) Contribution of the Fen River to the Yellow River (b) Contribution of the Wei River
to the Yellow River.

3.3. Assessment of Water Quality

The concentration ranges of the water quality indicators at the monitoring point of
the Xiao Bei mainstream were as follows and are shown in Figure 7: DO, 5.92–6.75 mg/L;
COD, 13–24 mg/L; BOD5, 2.7–4.6 mg/L; CODMn, 2.3–4.0 mg/L; NH3-N, 0.16–0.67 mg/L;
and TP, 0.05–0.12 mg/L.

Figure 7. Characterization of the concentrations of factors for monitoring water quality in the Xiao
Bei mainstream: Green area display the data distribution and dark area represents the inter quartile
range, which spans from the 25th to the 75th percentile of the data.

The runoff volumes of the Wei River and the Fen River were relatively small, resulting
in a low capacity for the assimilation of pollution. The Miaoqiao and Huaxian cross-sections
represented the entrance from the upstream Fen River and downstream Wei River, reaching

148



Water 2024, 16, 2616

the Yellow River at 0 km. The concentrations of pollutants at Miaoqian and Diaoqiao were
relatively higher compared with the initial section of the Xiao Bei mainstream measured
at Longmen. The comparison shown in Figure 8 revealed that the concentrations of COD,
BOD5, CODMn, NH3-N, and TP at the Miaoqian section of the Fen River were 1.29 to
2.15 times higher than those at the Longmen section of the mainstream. Similarly, the
concentrations of these same water quality factors at the Diaoqiao section of the Wei River
were 1.57 to 2.08 times higher than those at the Longmen section of the mainstream.

Figure 8. Comparison of water quality factors in the mainstream and tributaries of the Xiao Bei mainstream.

The results of monitoring from the 11 sampling points are shown in Figure 9, illustrat-
ing the spatial distribution characteristics of water quality parameters along the Xiao Bei
mainstream. After the confluence of the Fen and Wei Rivers, varying impacts on the water
quality of the mainstream were observed, either positive or negative. However, the water
quality factors all increased at the final monitoring point compared with the initial point,
after the confluence of the Wei River and Fen River.

Figure 9. Changes in the monitored values of water quality factors over 11 sampling points along the
studied reach. (a) Temperature, (b) pH, (c) chemical oxygen demand (COD), (d) ammonia nitrogen
(NH3-N), (e) total phosphorus (TP), (f) permanganate index (CODMn), (g) 5-day biochemical oxygen
demand (BOD5).
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During the monitoring period, the average water temperature across the sections was
25.86 ◦C, with the highest (26.5 ◦C) at Longmen and the lowest (25 ◦C) at downstream from
the Fen River’s confluence. The distribution of water temperature was generally stable,
with a slight decrease at the confluence points of the Fen and Wei Rivers, followed by an
increase at the next monitoring point. The average pH was 7.5, ranging from 7.7 at 1.5 km
downstream of the Wei River’s confluence to 7.3 at the Wei River’s confluence. The pH
levels increased at the monitoring points after both confluences, with a relatively significant
rise of 0.3, peaking after the Wei River’s confluence.

Regarding other parameters, COD and BOD5 exhibited similar trends along the
measured section. Both parameters peaked at the monitoring points 5 km downstream
from the Fen River’s entry to the Yellow River mainstream and 10 km downstream from the
Wei River’s entry, with maximum concentrations of 24 and 4.6 mg/L, respectively. Initially,
between the Longmen station and the Fen River’s confluence, both parameters showed
an upward trend. After the confluence with the Fen River, the concentrations initially
decreased at the next monitoring point (2 km downstream from the Fen River’s entry)
before rising to their highest levels 5 km downstream. Subsequently, the concentrations
declined and stabilized at around 15 mg/L for COD and 2.9 mg/L for BOD5, observed at
the observation point 20 km downstream from the Fen River’s entry. The concentrations
increased drastically and spiked again to their peak levels after the confluence with the
Wei River. The average COD was 17 mg/L, with concentrations of 23 mg/L at the Fen
River’s confluence and 13 mg/L at the Wei River’s confluence. The average BOD5 was
3.4 mg/L, with concentrations of 4.3 mg/L at the Fen River’s confluence and 2.8 mg/L
at the Wei River’s confluence. The trend of variation in CODMn was similar from the
beginning to the monitoring point 50 km downstream from the Fen River’s entry, after
which, it gradually increased to 3.7 mg/L at the Wei River’s confluence. Unlike COD
and BOD5, the concentration of CODMn decreased after the Wei River’s confluence and
rose again in the last measurement interval. The average CODMn was 3.0 mg/L, with
concentrations of 3.9 mg/L at the Fen River’s confluence and 3.7 mg/L at the Wei River’s
confluence. The concentration of NH3-N decreased following the inflow from the Weihe
River but rose again before the next monitoring point. In contrast, after the inflow from the
Fen River, NH3-N levels continued to decline, reaching their lowest value of 0.163 mg/L
at a point 5 km downstream of the Fen River’s entry into the Yellow River. This behavior
was distinct from that of COD, BOD5, and CODMn, for which the concentration reached
the highest levels. Between the point 5 km downstream of the Fen River’s entry and the
Weihe River’s inflow area, NH3-N concentrations showed a rising trend. The average
NH3-N was 0.42 mg/L, with concentrations of 0.56 mg/L at the Fen River’s confluence
and 0.67 mg/L at the Wei River’s confluence. The concentration of TP also declined first
after the Fen River’s confluence but dropped to the lowest at 0.053 mg/L at the point 20 km
downstream from the Fen River’s entry. The confluence of the Wei River witnessed an
increase to 0.117 mg/L at the point 4 km downstream from the Wei River’s entry, followed
by an evident decrease within the last measured section. The average TP was 0.08 mg/L,
with concentrations of 0.09 mg/L at the Fen River’s confluence and 0.12 mg/L at the Wei
River’s confluence.

3.4. Changes in Pollutant Fluxes

Considering the overall transmission process of hydrological and water quality, the
water quality and quantity fluxes constituted significant components of the total material
flux of the river. In our study, the annual pollutant fluxes at the Longmen and Tongguan
sections of the Yellow River mainstream and the confluence points of the Fen and Wei
Rivers in 2021 were analyzed. Water quality fluxes were found to be positively correlated
with runoff and pollutant concentrations at each cross-section. As shown in Figure 10, the
annual NH3-N and TP fluxes at the Longmen section of the Yellow River mainstream were
1749.54 t/a and 1802.86 t/a, respectively. With the inflow from the Fen and Wei Rivers,
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the downstream Tongguan section recorded increased annual NH3-N and TP fluxes of
8718.65 t/a and 3262.75 t/a.

Figure 10. Monthly changes in TP and NH3-N fluxes in the Xiao Bei mainstream in 2021.

In 2021, both total phosphorus (TP) and ammonia nitrogen (NH3-N) exhibited similar
patterns of monthly variation across all cross-sections. At the Longmen cross-section, TP
and NH3-N remained relatively stable throughout the spring and early summer. However,
starting in August, there was a noticeable increase, peaking in September at 449.67 tons
per month and 414.59 tons per month, respectively. At the Tongguan cross-section, TP
experienced a minor peak in April and a major peak in October, reaching 1273.39 tons. The
minor peak for NH3-N was delayed by a month, occurring in May, with its major peak also
occurring in October, reaching 2637.74 tons.

The Fen and Wei Rivers contributed significantly to the pollutant load of the main-
stream. The NH3-N and TP fluxes at the Fen River’s Miao Qian section were 1004.95 t/a
and 222.73 t/a, respectively, and at the Wei River’s Diao Qiao section, they were 5847.25 t/a
and 2159.13 t/a, respectively. With the Tongguan section of the Yellow River mainstream
as a reference, the annual NH3-N and TP inputs from the Fen River accounted for 11.5%
and 6.8% of their totals in the Yellow River, while inputs from the Wei River accounted
for 67.1% and 66.18%. The inflow of pollutants from the Fen and Wei Rivers increases the
pollution risk of the mainstream.

4. Discussion

4.1. Temporal Variation in Runoff in the Xiao Bei Mainstream and Its Tributaries

The runoff in the entire mainstream and tributaries showed an overall decreasing
trend, consistent with the results of many other studies [24,25]. The decline in the volume
of runoff first became evident in 1986 (Figure 2). This observation also aligned with
the findings of Wang et al., which identified 1985 as the turning point in the long-term
reduction in runoff of the sections of Longmen–Tongguan [26]. The changes in runoff
after the 1980s were identified to be dominated by human activities, which acted as the
predominant influencing factor on the Yellow River’s quality [26–29]. Despite the decreases,
the results indicated a uniform increase in runoff for all investigated river reaches from
approximately 2018 to 2020. This drastic climbing trend was also observed at the Lijin
station [30]. The recent years’ increase in water volume has been well-documented, with
both government policy control and substantial investments playing a significant role in
this achievement [31–33].
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Upon comparison between the data measured from the mainstream hydrological
stations and those from the tributaries, we observed that the runoff exhibited the trend of
fluctuating high values followed by decreases. However, in contrast to the mainstream,
which showed a turning point in 1986, the tributaries started their fluctuating decline much
earlier, in around 1971 (Figure 4). This decline fluctuated and continued until stabilizing at
lower values in 1986. Notably, there was a significant increase in runoff for all mainstreams
and tributaries in around 2020.

The intra-annual variation in runoff based on the long-term monthly averages showed
that the Fen River and Wei River tributaries followed the same pattern as those of the
mainstream rivers. There was a slight increase in spring in around March to April and a
peak during the summer months from July to October, thereby contributing seasonally to
the Yellow River’s volume of runoff. This consistent seasonal variation aligned with the
previous studies of Zhang et al. in the Xiao Bei mainstream and corresponded with the
regional climate pattern, where the winters are cold and dry with minimal rainfall, and
summers are warm and wet, characterized by frequent storms in the middle reaches [34].
In wet seasons with more precipitation, water quality tends to be more degraded, posing
potential health risks to residents that require our attention [35]. However, the contribution
ratio exhibited different trends throughout the year compared with the runoff, as shown
in Figure 6. The Fen River made its lowest contribution in March, followed by the second
lowest in April. For the remaining months, its contribution ratio stabilized at approximately
5%. Similarly, the Wei River’s contribution was minimal in March but peaked in May,
despite the highest runoff occurring in September.

4.2. Factors of Water Quality and Pollutant Fluxes

Water quality was assessed using the single-factor evaluation method and classified
against the national water quality standard GB3838-2002. By comparing each parameter’s
concentration with the target standard level, the category of water quality was determined
on the basis of the worst-performing factor. According to the water quality parameters
measured at Tongguan, the specific measurements were as follows: DO, 6.75 mg/L, Class
II; COD, 13 mg/L, Class I; BOD5, 2.7 mg/L, Class I; NH3-N, 0.671 mg/L, Class III; TP,
0.09 mg/L, Class II; and CODMn, 3.7 mg/L, Class II. On the basis of these parameters, the
overall water quality in the Xiao Bei reach during the monitoring period was classified as
Class III.

The confluence of the Wei and Fen Rivers with the mainstream significantly impacted
the overall water quality of the Yellow River (Figure 9). According to the 2017 Report on the
State of the Ecology and Environment in China, the water quality of these tributaries was
classified as intermediately polluted [36]. In our study, the concentrations of the targeted
water quality parameters increased following the merging of these tributaries. However,
these parameters exhibited different responses, depending on the specific tributary. To
gain a comprehensive understanding, further investigation into the water quality of the
tributaries themselves is necessary. Figure 10 illustrates the increased total pollutant flux
from upstream to downstream, indicating that the tributaries are likely to be the primary
sources of pollutants. This suggested that focusing management efforts on these tributaries
could be highly effective. Additionally, the seasonal patterns of fluctuation in the pollutants
aligned with those of the overall runoff. Other studies have shown that the middle reaches
of the Yellow River are influenced by multiple sources and can be significantly impacted
by the variations observed in tributaries during the high-flow season, while manure and
sewage waste are the largest contributors to the Yellow River Basin during the low-flow
season [37]. The mean concentrations of total phosphorus were higher in the rainy season
than in the dry season, underscoring the importance of incorporating the influence of
seasonality to pollutant fluxes when developing water management strategies [38].
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4.3. Agricultural Impacts and Policy Measures on Pollutant Loads in the Yellow River Basin

Agricultural activities in the Yellow River Basin, especially along the Xiao Bei main-
stream, significantly affect water quality. Although overall pollutant emissions have
decreased, the proportion of COD and NH3-N from agricultural sources has risen, largely
due to extensive irrigation. Pollutants such as nitrogen and phosphorus from irrigated
areas, particularly in the Fen–Wei Plain, flow into tributaries such as the Weihe and Fenhe
Rivers, exacerbating pollution in the Xiao Bei mainstream.

4.3.1. Effectiveness of Policy on Pollutant Loads

While national policies aim to reduce fertilizer and pesticide use, regional differences
in enforcement limit their impact. Ecological drainage systems and water management
reforms remain uneven across provinces, contributing to inconsistent progress in reducing
pollutants. The Yellow River Basin has a long history of agricultural activities and is one
of China’s major agricultural regions, contributing about one-third of the country’s total
grain production. Based on data from two national pollution source surveys, a temporal
analysis of agricultural non-point source pollution in the Yellow River Basin indicates that,
compared with 2006, the total pollutant emissions in 2017 had significantly decreased.
However, the proportion of COD and NH3-N pollution from agricultural sources rose
to 56% and 83%, respectively. In the Fen–Wei Plain, excess nitrogen from agricultural
production increased from 1.12 million tons in 2006 to 1.37 million tons in 2014. Irrigated
areas in the Yellow River Basin are typically equipped with comprehensive irrigation and
drainage systems. Agricultural return flows, carrying nitrogen and phosphorus pollutants,
enter natural downstream water bodies through drainage systems, impacting water quality.
These pollutants are carried via the Weihe and Fenhe rivers, contributing to sustained
increases in total nitrogen and phosphorus concentrations in the Xiao Bei mainstream.

4.3.2. Soil Salinization and Water Quality

Soil salinization in northern China exacerbates the degradation of water quality,
particularly in regions such as the Yellow River Basin, where irrigation return flows are
prevalent [6,39]. As these flows carry salts from agricultural lands into natural water bodies,
the salinity of both surface and groundwater increases significantly. For example, in the
Yellow River Delta, salt accumulation in the soil can reach up to 1.99–3.77 g/kg, resulting
in high cation concentrations that further degrade the quality of soil and water [40]. The
increased salinity poses a direct threat to freshwater ecosystems, complicating agricultural
production and raising the costs of water treatment. In the Xiao Bei mainstream, this
salinization results in worsened water conditions, requiring more extensive filtration
processes and increasing the costs of treating potable water. Effective soil management
practices, such as using superabsorbent polymers for improving the soil’s structure, are
necessary to mitigate these impacts. The introduction of these technologies can reduce
nutrient losses and adapt crops to saline soils, creating a more sustainable environment in
the long term.

4.3.3. Dams and Water Quality

Dams, particularly the cascade dams constructed along the Yellow River, have signif-
icantly altered the river’s natural flow regime [15,41]. These dams trap vast amounts of
sediments, especially in areas such as the Loess Plateau, where the Yellow River naturally
carries a large sediment load, far exceeding that of other major rivers, such as the Yangtze
River [42]. The retention of both sediment and water alters the nutrient dynamics and
reduces the river’s capacity to naturally dilute pollutants [11,43–46]. This phenomenon
is particularly notable in downstream sections, where pollutants accumulate in the Xiao
Bei mainstream, increasing contaminant concentrations. The reduced flow not only traps
harmful nutrients and chemical pollutants but also decreases the self-purification ability of
the river, exacerbating water quality issues in densely populated areas.

153



Water 2024, 16, 2616

5. Conclusions

This study revealed the spatiotemporal variations in runoff, the water’s environmental
quality, and the characteristics of pollutant flux of the Xiao Bei mainstream and its trib-
utaries in the middle reach of the Yellow River. It provided baseline data and analyzed
trends to strengthen the understanding of the patterns and evolution of the rivers’ water
quality, thus supporting and providing insights into the protection of the Yellow River’s
water environment. Our findings have important implications for sustainable water man-
agement strategies, particularly in addressing the challenges posed by decreasing runoff
and increasing pollutant loads from tributaries. The main findings from this study are
summarized as follows.

(1) According to 73 years of long-term measured data (1951–2023), the runoff of the
Xiao Bei mainstream exhibited significant interannual variability and an uneven intra-
annual distribution, with a clear decreasing trend. After 1986, the runoff dropped sharply,
with a 36% reduction at the Tongguan section and a 48.3% reduction during the flood
season compared with 1951–1985. The sharp decline in runoff after 1986 coincided with
major hydrological interventions such as the construction of dams and increased water
withdrawals for agriculture and industry. This reduction in water flow not only affected
the river’s capacity to naturally dilute pollutants but also has implications for maintaining
ecological flows, exacerbating the region’s water scarcity issues.

(2) The long-term data indicated a decreasing trend in the runoff of the Wei and Fen
River tributaries as well. The annual contribution ratios of the Wei and Fen Rivers’ runoff
to the Yellow River mainstream were 19.75% (ranging from 10.04% to 31.17% monthly) and
3.59% (ranging from 1.65% to 4.58% monthly), respectively. The decreasing contributions
of the tributaries are indicative of broader hydrological shifts in the region, which are
likely influenced by changing precipitation patterns, land use changes, and water manage-
ment policies. The significant contribution of the Wei River compared with the Fen River
emphasizes the need for targeted management interventions in specific sub-basins.

(3) On-site monitoring of eight water quality parameters at 11 locations showed that
the water quality of the Xiao Bei mainstream during the monitoring period (August) was
classified as Class III overall. The concentrations of the water quality parameters at the
confluence points of the Wei and Fen Rivers with the Yellow River were higher than those
in the mainstream, with certain spatial fluctuations observed along the mainstream after
the tributaries merged.

(4) Water quality fluxes were positively correlated with runoff and pollutant concen-
trations at each cross-section. The Fen and Wei Rivers contributed significantly to the
pollutant load of the mainstream, with annual NH3-N and TP inputs from the Fen River
accounting for 11.5% and 6.8% of the totals in 2021, respectively, and inputs from the Wei
River accounting for 67.1% and 66.18%. The inflow of pollutants from the Fen and Wei
Rivers increased the pollution risk of the mainstream.

In conclusion, the present study analyzed the long-term quality and quantity of
water in the Xiao Bei Basin. It examined the contribution and impact of tributaries on
the mainstream in terms of the volume and quality of water. The findings suggested
that the reduction in runoff and the significant pollutant inputs from tributaries are the
primary reasons for the situation of severe water pollution in the Xiao Bei mainstream of the
Yellow River. These insights offer scientific evidence for developing effective management
strategies for the water environment, emphasizing the role of tributaries as a crucial element
in the overall management plan.
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Abstract: Our study focused on identifying the evolution of soil erosion and its key drivers
under multiple future scenarios in the Yiluo River Basin. Integrating the Universal Soil
Loss Equation (USLE), future land use and vegetation cover simulation methods, and the
Geodetector model, we analyzed historical soil erosion trends (2000–2020), projected future
soil erosion risks under multiple Shared Socioeconomic Pathways (SSPs), and quantified
the interactive effects of key driving factors. The results showed that soil erosion within
the basin exhibited moderate intensity. Over the past 20 years, soil erosion decreased by
28.78%, with 76.29% of the area experiencing reduced erosion intensity. Future projections
indicated an overall declining trend in soil erosion, showing reductions of 4.93–35.95%
compared to baseline levels. However, heterogeneous patterns emerged across various
scenarios, with the highest risk observed under SSP585. Land use type was identified as
the core driving factor behind soil erosion (explanatory capacity q-value > 5%). Under
diverse future climate scenarios, interactions between land use type and precipitation and
temperature exhibited high sensitivity, highlighting the critical regulatory role of climate
change in regulating erosion processes. This research provides a scientific foundation for
the precise prevention and adaptive management of soil erosion in the Loess Plateau region.

Keywords: Universal Soil Loss Equation; Future Land Use Simulation; soil erosion;
Geodetector; Shared Socioeconomic Pathways

1. Introduction

The Loess Plateau ranks among the regions globally experiencing the most severe
soil erosion [1,2]. The Yellow River discharges approximately 1.6 billion tons of sediment
annually, shaping vast downstream alluvial plains while threatening the comprehensive
high-standard growth of the basin [3,4]. As a primary right-bank tributary of the middle
Yellow River, the Yiluo River Basin forms a crucial ecological corridor bridging the Loess
Plateau’s hilly regions and downstream plains [5,6]. However, situated in a transitional
zone from semi-humid to semi-arid climates characterized by active geological structures
and loose surface cover, coupled with the prolonged high-intensity exploitation of water–
land resources and intense demographic pressure, the basin has become a hotspot for
severe soil erosion within the Yellow River Basin [7,8]. Against escalating universal climate
variation, intensifying extreme weather occurrences, and rapid regional socioeconomic
transformation, projecting future soil erosion risks under multiple scenarios and identifying
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their key driving factors are critically imperative. These endeavors hold irreplaceable
strategic significance and represent an urgent practical necessity for promoting the high-
standard advancement of the Yellow River Basin [9–11].

Empirical–physical models, epitomized by the USLE and its derivatives, have
been extensively applied for watershed/regional-scale soil erosion quantification. Their
widespread adoption stems from their clear structure, accessible input parameters, and
effective multisource spatial data integration [12–14]. Studies across typical Loess Plateau
watersheds have indicated significantly declining erosion intensities in recent decades, pri-
marily driven by integrated ecological conservation strategies, such as the Grain-for-Green
Program, terracing, and check-dam systems [15–17]. Soil erosion emerges from complex
natural–socioeconomic interactions [18]. Natural drivers (rainfall, topography, soil erodibil-
ity, vegetation cover) establish soil erosion potential [19]. Human activities, such as land use
changes, farming practices, conservation engineering, and urbanization processes, acceler-
ate or mitigate erosion by altering surface conditions and hydrology [20,21]. Methodologies
have evolved from qualitative descriptions to quantitative attribution using Geodetector,
Structural Equation Modeling, and machine learning [22,23]. Such investigations have re-
vealed regional divergent dominant drivers and complex nonlinear interactions exhibiting
enhancement/suppression effects [24]. For instance, the improvement of vegetation cover-
age on the Loess Plateau is identified as the most crucial inhibitory factor for weakened soil
erosion, while short-duration heavy rainfall events and the existence of sloping farmland
constitute key risk factors [25,26].

Integrating future climate scenarios data with future land use/vegetation prediction
methods constitutes a critical approach for exploring future soil erosion risks [27,28]. Such
studies typically employ future climate models, land use/vegetation evolution simulations,
and physically based erosion models to conduct multiscenario, multitemporal projections
of soil erosion risks [29,30]. These projections are essential for anticipating priorities, chal-
lenges, and adaptive strategies under various development pathways [31,32]. However,
fundamental questions persist regarding how the key drivers of soil erosion and their
underlying mechanisms will evolve under future climate scenarios. These critical knowl-
edge gaps remain underexplored in current research, representing scientific bottlenecks for
achieving precise soil erosion prevention and adaptive watershed management.

Our study systematically integrates long-term remote sensing imagery, high-resolution
geospatial data, and future climate scenarios datasets. Utilizing Geographic Information
System (GIS) technology and numerical simulation methods, we establish a comprehensive
research framework to analyze soil erosion dynamics and identify driving forces in the
Yiluo River Basin under multiple future scenarios. The research comprises the following:
(1) the spatiotemporal dynamics of soil erosion intensity; (2) future soil erosion projections;
and (3) the identification of soil erosion driving factors. Our objectives are to reveal the soil
erosion evolution patterns and future risks in the basin and quantitatively identify the key
driving factors along with their interaction mechanisms.

2. Data and Methods

2.1. Study Area

The Yiluo River, a primary right-bank tributary of the middle Yellow River, originates
from the confluence of the Yi River and Luo River near Yanshi City, Henan Province.
It ultimately flows into the Yellow River at Gongyi City, draining a total basin area of
approximately 18,800 km2 (Figure 1). The upper reaches are characterized by mid-low
mountains with steep slopes, serving as the primary water conservation zone. The mid-
dle reaches transition into loess hills and intermountain basins with gradually gentler
terrain. The lower reaches enter the flat and open Huang-Huai-Hai Plain. Situated in
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a climatic transition zone from semi-humid to semi-arid, the basin experiences a yearly
mean temperature of 12.6 ◦C and a yearly mean precipitation of 680 mm. Rainfall is
predominantly concentrated during the flood-prone season, making the area susceptible
to flooding disasters. The watershed encompasses six prefecture-level cities, including
Zhengzhou, Luoyang, Sanmenxia, Shangluo, Xi’an, and Weinan. Among these, Luoyang
City occupies the largest area, accounting for approximately 59.45% of the total basin.
Cultivated land is the predominant land use category, covering approximately 46% of the
total basin area, making it an important area for grain and economic crop production. With
its distinctive location, complex topography, significant water resource endowments, and
profound cultural heritage, the Yiluo River Basin represents a strategically crucial area for
implementing ecological conservation and high-quality development initiatives within the
Yellow River Basin.

 
Figure 1. The geographical location, topography, and major cities of the Yiluo River Basin.

2.2. Data

The data utilized in this study comprise meteorological, topographic, land use, soil,
and vegetation data, and a future climate model dataset, with detailed information pre-
sented in Table 1.

Table 1. The data types, years, sources, and descriptions used in the study.

Types Years Sources Descriptions

Precipitation
1961–2020 http://data.cma.cn/ (accessed on 1 June 2025) Daily data

Temperature
DEM 2000 http://www.gscloud.cn/ (accessed on 1 June 2025) 90 m resolution

Land use 2000, 2010, 2020 http://www.ncdc.ac.cn (accessed on 1 1 June 2025) 30 m resolution
EVI 2001–2020 https://lpdaac.usgs.gov/ (accessed on 1 June 2025) 250 m resolution

Soil depth 2018 http://globalchange.bnu.edu.cn/research/cdtb.jsp
(accessed on 1 June 2025) 100 m resolution

Soil type 2009 http://www.geodata.cn/ (accessed on 1 June 2025) 1000 m resolution
Soil erosion 2001–2020 Sediment Bulletin of the Yellow River -

Future precipitation
2021–2050

https://aims2.llnl.gov/search/cmip6/ (accessed on
1 June 2025) 1000 m resolutionFuture temperature

159



Water 2025, 17, 2157

2.3. Methods
2.3.1. Soil Erosion Model

Soil erosion was calculated via the Universal Soil Loss Equation (USLE), expressed as

A = R × K × LS × C × P (1)

where A denotes the soil loss amount (t/(hm2 ·a)); R refers to precipitation erosivity
(MJ·mm/(hm2 ·h·a)); K indicates soil erodibility (t·h/(MJ·mm)); LS represents the topo-
graphic; and C and P are the dimensionless vegetation management and conservation
practice, respectively, each ranging from 0 to 1. All factors were spatially resampled to
a uniform resolution of 500 × 500 m. The computational methods for each factor are
detailed below:

(1) Rainfall Erosivity (R)

The R-factor was computed utilizing monthly and yearly precipitation data. It quanti-
fies the erosive potential of rainfall, where higher R values indicate a greater capacity to
induce soil erosion. The calculation formula is

R = ∑12
i=1

(
1.735 × 101.5×lg

P2
i
P −0.8088

)
(2)

where i represents the month index; Pi indicates monthly precipitation (mm); and P denotes
yearly precipitation (mm).

(2) Soil Erodibility (K)

The K-factor was calculated using the Erosion Productivity Impact Calculator (EPIC)
model [33]. It quantifies a specific soil type’s susceptibility to rainfall erosion, where higher
K values indicate greater erodibility. The calculation formula is

K =

[
0.2 + 0.3e−0.0256Sa(1− Si

100 )

]
×

(
Si

Cl + Si

)0.3
×[

1 − 0.25C
C + e(3.72−2.95C)

]
×

[
1 − 0.7Sn

Sn + e(−5.51+22.9Sn)

] (3)

Sn = 1 − Sa

100
(4)

where Sa denotes the sand content (0.1–2.0 mm); Si indicates the silt content (0.002–0.1 mm);
Cl represents the clay content (<0.002 mm); and C refers to the organic carbon content (%).

(3) Slope Length and Steepness (LS)

The LS-factor quantifies the integrated effect of topography on soil erosion [34]. The
calculation formulas are

S =

⎧⎪⎨
⎪⎩

10.80 × sinθ + 0.03, θ < 5
◦

16.80 × sinθ − 0.50, 5
◦ ≤ θ < 10

◦

21.91 × sinθ − 0.96, θ ≥ 10
◦

(5)

L =

(
λ

22.13

)m
(6)

λ = l × cosθ (7)

where θ indicates the slope angle (◦); λ represents the horizontal slope length (m); l refers
to the flow path length (m); and m is the variable slope exponent: If θ < 1

◦
, m = 0.2; if

1
◦ ≤ θ < 3

◦
, m = 0.3; if 3

◦ ≤ θ < 5
◦
, m = 0.4; and if θ ≥ 5

◦
, m = 0.5.
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(4) Vegetation Management (C)

The C-factor reflects the protective effect of crops or vegetation on soil, where higher
C values indicate greater effectiveness in preventing soil erosion [35]. The calculation
formulas are

fc =
EVI − EVImin

EVImax − EVImin
(8)

C =

⎧⎪⎪⎨
⎪⎪⎩

1, fc = 0

0.6508 − 0.3436lgc, 0 < fc < 78.3%

0, fc ≥ 78.3%

(9)

where fc is fractional vegetation cover (%); and EVI represents the Enhanced Vegetation Index.

(5) Conservation Practice (P)

The P-factor represents the effectiveness of specific engineering measures for soil
and water conservation. A lower p value signifies the better performance of conservation
practices. Drawing on previous studies [36,37], the P-factor was assigned a value of 0.31 for
farmland, 0.16 for grassland, and 0.05 for forestland. For water bodies, construction land,
and bare land, where conservation measures are generally not implemented, the values are
set at 1.

(6) Soil Erosion Intensity Classification

The classification of soil erosion intensity followed China’s national standard, Standard
for Classification and Grading of Soil Erosion (SL 190-2007), promulgated by the Ministry
of Water Resources [38], with detailed information presented in Table 2.

Table 2. Classification of Soil Erosion Intensity.

Level Slight Light Moderate Strong Severe Violent

Soil erosion modulus
t/(hm2·a) <5 5~25 25~50 50~80 80~150 >150

2.3.2. Future Projection Methodology

Future projections took 2020 as the baseline year, with short-term planning to 2030
and the long-term outlook to 2050. In line with the future climate dataset, land use
projections employed the Future Land Use Simulation (FLUS) model. The Enhanced
Vegetation Index (EVI) was simulated via bivariate linear regression. All simulations
results underwent rigorous calibration and validation, yielding satisfactory outcomes
confirming their suitability for subsequent analysis. Future soil erosion was quantified by
jointly inputting climate scenarios, projected land use, and vegetation cover data into the
USLE model.

(1) Future climate data

Future climate data incorporate four emission scenarios: SSP126 (Sustainable Devel-
opment), SSP245 (Moderate Development), SSP370 (Regional Development), and SSP585
(Conventional Development). The future climate model data underwent downscaling
using bilinear interpolation, with bias correction via the linear scaling method [39]. The
calculation formulas are

Tem f = CMIP f + (CMIPh − CMAh) (10)

Pre f =
CMAh
CMIPh

× CMIP f (11)

161



Water 2025, 17, 2157

where Tem f and Pre f denote bias-corrected future temperature and precipitation data,
respectively; CMIP f and CMIPh represent future and historical climate model data from
CMIP6, respectively; and CMAh indicates historical observational climate data from the
China Meteorological Administration Data Center.

(2) Future Land Use Simulation

Future land use was projected by the FLUS model [40,41]. Accessible driving factors
were selected, including topographic factors (DEM, slope, aspect), socioeconomic factors
(population, GDP), and meteorological factors (precipitation, temperature). All data were
unified to a spatial resolution of 500 × 500 m. The simulation workflow is illustrated in
Figure 2.

 

Figure 2. Workflow of the FLUS model.

(3) Future EVI Simulation

The EVI was simulated using a bivariate linear regression model [42], with the EVI
as the dependent variable and concurrent precipitation and temperature as independent
variables. The calculation formula is

EVI f = a·PRE + b·TEM + c (12)

where EVI f refers to the projected EVI value, PRE and TEM represent the annual mean pre-
cipitation and temperature, a and b are the regression coefficients, and c is a constant term.

2.3.3. Geodetector Model

The Geodetector method was applied to identify the key drivers of soil erosion,
utilizing its single-factor and interaction detection modules [43,44]. The single-factor
detection module quantified the explanatory capacity of a given driver X on the spatial
heterogeneity of variable Y. The interaction detector evaluated how paired driving factors
jointly influence variable Y, specifically evaluating whether the combined effect of driver
1 and driver 2 will enhance or diminish their explanatory power for Y, or whether they
operate independently. A larger q-statistic signifies the greater explanatory capacity of
variable X in relation to Y, while a smaller value suggests a weaker influence.

The following driving factors were chosen to analyze their impact on soil erosion:
land use type (X1), vegetation coverage (X2), temperature (X3), precipitation concentration
(X4), annual precipitation (X5), heavy rainfall days (X6), elevation (X7), slope (X8), and soil
depth (X9). The data processing of driving factors is detailed in Table 3.
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Table 3. Data Processing of Driving Factors.

Driving Factors Code Name Method/Data Source Descriptions

Land use X1 See Table 1 Land use categories
Vegetation coverage X2 Mean value method Annual mean vegetation coverage

Temperature X3 Mean value method Annual mean temperature

Precipitation concentration X4 Precipitation concentration
index (PCI)

Intra-annual precipitation
distribution

Annual precipitation X5 Mean value method Annual precipitation
Heavy rainfall days X6 Daily precipitation > 25 mm Annual heavy rainfall days

Elevation X7 See Table 1 Topographic elevation
Slope X8 Derived from DEM Terrain steepness

Soil depth X9 See Table 1 Soil layer thickness

3. Results

3.1. Spatiotemporal Dynamics of Soil Erosion Intensity

Based on the USLE, soil erosion in the Yiluo River Basin was modeled from 2000 to
2020. The simulation outcomes were consistent with the soil erosion intensity reported in
the Yellow River Sediment Bulletin, indicating that the model performed well in simulating
soil erosion and can be used for subsequent calculations. The multiyear average erosion
modulus was 37.49 t/(hm2 ·a), classified as moderate erosion intensity. Areas of relatively
strong erosion intensity were largely concentrated in the middle and upper reaches, while
the lower reaches experienced slight- and light-level erosion (Figure 3a–c). Regarding
the various land use categories, cultivated land exhibited the highest soil erosion mod-
ulus, reaching 64.77 t/(hm2 ·a), followed by grassland (42.38 t/(hm2 ·a)) and forestland
(27.57 t/(hm2 ·a)) (Figure 3d). Water bodies and construction land showed negligible ero-
sion. Over the past two decades, the soil erosion modulus showed a fluctuating decreasing
trend, with a reduction of 28.78%, of which forestland and grassland experienced reduc-
tions of 43.8% and 18.8%, respectively (Figure 4). Specifically, the areas with slight- and
light-level erosion continuously increased by 3.75% and 13.14%, respectively, while moder-
ate, - strong-, and severe-level erosion zones continuously decreased by 5.75%, 6.20%, and
3.03%, respectively, with violent-level soil erosion showing a fluctuating decrease of 1.91%.

Figure 3. Spatiotemporal Pattern of Soil Erosion Intensity in the Yiluo River Basin from 2000 to 2020.
(d) Soil Erosion in different land use types from 2000-2020. The terms “slight, light, moderate, strong,
severe, violent” in the legend represent soil erosion intensities.
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Figure 4. Percentage Composition of Soil Erosion Intensity in the Yiluo River Basin from 2000 to 2020.

Spatially, changes in soil erosion in the Yiluo River Basin exhibited pronounced hetero-
geneity (Figure 5a–c). From 2000 to 2020, 76.29% of the area showed declining trends, while
23.71% exhibited increasing trends. The regions with increasing soil erosion were largely
concentrated in the lower reaches of the basin. Specifically, 51.82% of the area experienced
a decreasing trend, and 48.18% showed an increasing trend in the first decade (2000–2010),
while the proportion with a decreasing trend accounted for 76.52%, and the area exhibited
an upward trend comprising 23.44% in the latter decade (2010–2020). We further quantified
the land-use-specific spatial distributions of soil erosion trends (Figure 5d). From 2000 to
2020, declining erosion occurred across 65.74% of cultivated land, 94.66% of forestland,
and 68.92% of grassland. Specifically, decreasing trends covered 37.11% of cultivated
land, 72.41% of forestland, and 31.39% of grassland in the first decade, while these propor-
tions rose to 73.01% (cultivated land), 79.47% (forestland), and 63.31% (grassland) in the
latter decade.

Figure 5. Spatiotemporal Changes in the Soil Erosion Modulus of the Yiluo River Basin from 2000
to 2020. (d) Changes of the Soil Erosion for different land use types from 2000 to 2010. The terms
“decrease, stable, increase” in the legend represent the change trend of soil erosion intensity.

3.2. Future Projections of Soil Erosion

Based on the bias correction future climate model data and the simulated future
land use and vegetation cover data, the USLE model was applied to simulate the spatial
patterns of future soil erosion in the Yiluo River Basin for the years 2030 (Figure 6a–d)
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and 2050 (Figure 7a–d) under the SSP126, SSP245, SSP370, and SSP585 scenarios. The
results indicated that in the short term (2030), the soil erosion modulus was the highest
under the SSP370 scenario and the lowest under the SSP126 scenario, ranging from 18.8 to
26.44 t/(hm2·a) across different SSPs (Figure 8). Compared to the baseline year, the soil
erosion modulus decreased by 9.94% to 35.95%. In the long term (2050), the soil erosion
modulus was the highest under the SSP585 scenario and the lowest under the SSP370
scenario, ranging from 21.85 to 27.91 t/(hm2·a) across different SSPs (Figure 8). Compared
to the baseline year, the soil erosion modulus decreased by 4.93% to 25.58%. In terms of
different SSP scenarios, the soil erosion modulus showed an increasing trend under the
SSP126 and SSP585 scenarios, with increases of 20.97% and 21.28% in the long term versus
the short term, respectively, while the soil erosion modulus exhibited a decreasing trend
under the SSP245 and SSP370 scenarios, with decreases of 1.27% and 17.36% in the long
term versus the short term, respectively.

Figure 6. Soil Erosion Intensity Under Different SSP Scenarios in 2030. The terms “slight, light,
moderate, strong, severe, violent” in the legend represent soil erosion intensity.

Figure 7. Soil Erosion Intensity Under Different SSP Scenarios in 2050. The terms “slight, light,
moderate, strong, severe, violent” in the legend represent soil erosion intensity.
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Figure 8. Soil erosion modulus in the Yiluo River Basin from 2020 to 2050.

3.3. Driving Factor Identification of Soil Erosion

Utilizing the Geodetector model, we analyzed the influences of various factors on soil
erosion in the Yiluo River Basin. The single-factor detection findings (Figure 9) revealed
that the q-values of various driving factors on soil erosion ranged from 0.45 to 5.31%
(2020), 0.19 to 5.57% (2030), and 0.15 to 6.13% (2050). Among these factors, the land use
type dominated with q-values exceeding 5%, followed by vegetation coverage, soil depth,
elevation, temperature, and PCI, with q-values ranging from 1 to 4%, while other factors
contributed minimally, with q-values below 1%. Notably, PCI and temperature, as major
driving factors, exhibited significant fluctuations across different periods. Specifically, in
the short term (2030), the q-values for PCI were minimized under SSP126 and maximized
under SSP370, while the q-values of temperature peaked under SSP126 and troughed under
SSP370. Compared to the baseline, the q-values for PCI ranged from −59.86% to 15.92%,
and for temperature, from 74.76% to 115.67%. In the long term (2050), the q-values for
both PCI and temperature were the lowest under the SSP585 scenario and highest under
the SSP126 scenario, PCI change relative to the baseline ranged from −61.77% to −1.79%,
while temperature changes ranged from −0.05% to 44.2%.

Figure 9. The q-values of each driving factor.

The interaction detection results (Figure 10) indicated that pairwise interactions among
the driving factors significantly enhanced their effects on soil erosion, far exceeding the
effects of individual factors. Specifically, the interaction between land use type and eleva-
tion exerted the strongest effect, followed by the interactions of land use type and PCI, soil
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depth, and temperature, all presenting a nonlinear enhancement. The q-values for these
interactions in the baseline year were quantified at 26.81%, 24.29%, 23.62%, and 18.06%,
respectively (Figure 10a). Compared to the baseline year, the interactions involving land
use type with elevation and soil depth showed relatively minor changes in both the short
term (2030) and long term (2050). Conversely, the interactions of land use type and PCI
and temperature exhibited more noticeable fluctuations. In the short term (2030), the land
use type and PCI interaction was smallest under the SSP126 scenario and largest under
the SSP245 scenario. The land use type and temperature interaction was largest under the
SSP126 scenario and SSP370 scenario (Figure 10b–e). Compared to the baseline year, these
interactions changed by −31.43% to 0.72% and 44.32% to 51.07%, respectively. In the long
term (2050), the land use type and PCI interaction was smallest under the SSP370 scenario
and largest under the SSP245 scenario. The land use type and temperature interaction was
largest under the SSP245 scenario and smallest under the SSP585 scenario (Figure 10f–i).
Compared to the baseline year, these interactions changed by −23.91% to 9.18% and 46.01%
to 59.15%, respectively.

 
Figure 10. Interactive detection values (%) among different driving factors.

4. Discussion

4.1. Influence of Climatic Factors on Soil Erosion

Studies have shown that precipitation and temperature were the primary driving
forces behind the dynamic changes in soil erosion in the Yiluo River Basin, consistent with
existing studies [45–47]. Climate factors profoundly govern erosion dynamics through
their direct provision of erosive energy (precipitation) and indirect modification of the
erosion environment (temperature). Statistical analyses have revealed that the multiyear
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average precipitation was 680.88 mm (Figure 11a). The precipitation within the basin
exhibited a trend of “slight decrease in total amount but increased extremity”, with an
increasing frequency of short-duration, high-intensity rainstorm events. Such rainfall
events possess a far greater capacity to detach and transport surface soil compared to
general precipitation, easily triggering severe gully and slope erosion [48,49]. Compared
to the baseline period, the annual average precipitation increased by 9.11% to 11.62%.
Altered rainfall patterns under climate change may further amplify soil erosion risks.
Additionally, the annual average temperature under different SSP scenarios increased by
4.36% to 7.74% compared to the baseline (Figure 11b). Although temperature is not directly
incorporated in USLE calculations, it indirectly modulates erosion by influencing vegetation
phenology and growth (affecting the C-factor). The impact of temperature presents dual
effects: extended growing seasons and enhanced vegetation NPP may mitigate rainfall
erosivity through improved ground cover, partially offsetting the negative impacts of
extreme rainfall. Conversely, in semi-arid regions, the warming–drying trend exacerbates
soil moisture deficits, suppresses vegetation recovery, and may even cause degradation,
ultimately weakening surface erosion resistance [50,51]. Notably, climate factors exhibited
strong spatial heterogeneity in erosion impacts, primarily resulting from the synergistic
amplification between inherent climatic spatial variability and complex interactions with
topographic features and land use/cover patterns.

Figure 11. Interannual variations in precipitation (a) and temperature (b) of the Yiluo River Basin
from 1991 to 2050. The shaded area is the 95% confidence interval.

4.2. Impacts of Land Use Factors on Soil Erosion

Land use and vegetation cover changes profoundly reshape surface coverage (affecting
the C-factor) and conservation practices (influencing the P-factor), constituting the primary
anthropogenic pathway for erosion regulation [51]. Our research identified that land use
type exhibited the strongest explanatory power for soil erosion in the Yiluo River Basin,
with q-values greater than 5% across the baseline year, the short term (2030), and the long
term (2050). Furthermore, the interaction between land use and other factors enhanced
its influence on soil erosion [52]. Land use change analyses indicated a 1.28% expansion
in forested areas over the past two decades (Figure 12). This increase was attributable to
post-2000 ecological restoration initiatives, particularly the Grain-for-Green Program and
protected area conservation measures. Coupled with the heightened public awareness
of forest protection and reduced deforestation [53,54], forested areas have increased by
1.28%. Increased forest and grassland coverage has reduced soil erosion by 43.8% and
18.8%, respectively. Future multiscenario simulations further confirmed the consistent
patterns. Cultivated land area is projected to decrease by 3.39% to 8.92% versus the baseline,
while forestland is expected to increase by 0.69% to 1.48%. Consequently, soil erosion is
projected to decrease by 9.94% to 35.95% (2030) and by 4.93% to 25.58% (2050) versus the
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current year. Notably, the spatial heterogeneity in vegetation coverage (C-factor) directly
governs erosion risk patterns [55,56]. Upper basin regions exhibited favorable natural
conditions with stable forest cover (low C-values) and minimal erosion. Reforested areas
predominantly cluster in the central-northern loess hilly region, spatially coinciding with
significant erosion reduction zones. Critically, built-up land has expanded by 85.53% over
20 years and is projected to increase by 16.7–43.42% in future scenarios. Urbanization
encroaches on prime cropland and forests, while surface impermeabilization concentrates
runoff, potentially exacerbating downstream erosion risks [57,58].

Figure 12. Land use changes in the Yiluo River Basin from 2020 to 2050.

4.3. Impacts of Topography and Soil Depth Factors on Soil Erosion

Topography (LS-factor) and soil properties (K-factor) constitute the fundamental
environmental background for erosion dynamics. Topography fundamentally controls the
spatial pattern of erosion dynamics and the intensity of erosion processes by influencing
precipitation redistribution, runoff convergence pathways, flow scouring capacity, and
gravitational potential energy [52,59]. Simultaneously, topography exerts a magnifying
effect on precipitation erosion [9,22]. In the upper reaches of the watershed, steep terrain
significantly accelerated surface runoff convergence, enhanced its scouring capacity, and
increased erosion risk. In the downstream plains, despite minimal changes in precipitation,
flat topography (extremely low LS-factor values) and intensive agricultural management
substantially reduced the actual erosive power of precipitation. The widespread loess-
derived cinnamon soils in the watershed, characterized by loose structure, low clay content,
and high silt–sand ratio, are highly susceptible to dispersion and transport by runoff [26,60].
Particularly in the Loess Plateau regions of the middle Luo River, the deep loess layers
(reaching tens or even hundreds of meters) provide an exceptionally abundant material
source for erosion. Moreover, land use in this area is predominantly cropland, where tillage
loosens the soil, further exacerbating topsoil loss, especially on sloping farmland.

4.4. Limitations and Uncertainties

Our study implemented the USLE model to calculate soil erosion. Daily precipitation
data were used to determine the rainfall erosivity factor (R), the EPIC method to compute
the soil erodibility factor (K), the EVI to estimate the cover management factor (C), high-
resolution DEM to generate the slope length and steepness factor (LS), and high-precision
land use data to indirectly estimate the support practice factor (P). Nevertheless, non-
negligible uncertainties persist, primarily stemming from model structure, parameter
acquisition, and data limitations. A key limitation regarding model validation, the lack of
monitoring data generally necessitates comparisons with regional empirical data or known
studies and cross-validation between different model simulations. For projecting future
erosion responses under climate scenarios, we used the FLUS model to predict future land
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use based on future climate model data and a multiple linear regression model to simulate
future EVIs. These projections are highly dependent on the reliability of the selected climate
models and the accuracy of downscaling methods, resulting in considerable uncertainty.
In future research, field observation experiments should be integrated to strengthen in
situ measurements of key parameters (K, C, P) and improve model parameterization and
simulation validation.

5. Conclusions

Based on the USLE model, our study systematically revealed the spatiotemporal
evolution of soil erosion in the Yiluo River Basin from 2000 to 2020. By coupling the USLE
model with future land use and vegetation cover simulation models, we projected future
erosion risks under multiple scenarios from 2030 to 2050. Additionally, the Geodetector
model was employed to quantitatively identify the key driving factors of soil erosion under
different future scenarios. Our work addressed the research gaps regarding how the key
driving factors and mechanisms of soil erosion in the Loess Plateau region would evolve
under future climate scenarios. The key conclusions are as follows:

(1) Soil erosion showed a decreasing trend from 2000 to 2020 in the study area. The
multiyear average erosion modulus was 37.49 t/(hm2 ·a) (moderate intensity). To-
tal erosion decreased by 28.78% over 20 years, with 76.29% of the area showing
reduced intensity, primarily attributed to the Grain-for-Green Program and protected
area conservation.

(2) Future soil erosion showed a decreasing trend but scenario-dependent heterogeneity.
It will decrease by 9.94–35.95% (2030) and 4.93–25.58% (2050) versus the baseline.
Erosion will increase under SSP126 and SSP585 but decrease under SSP245 and SSP370,
highlighting the heterogeneity of soil erosion under different development pathways.

(3) Factor interactions amplify their impacts on soil erosion. Land use type dominated
as the core driver (q > 5%). Under different future climate scenarios, interactions
between land use and PCI/temperature exhibited heightened sensitivity and signifi-
cant fluctuations, emphasizing the critical regulatory role of future climate change on
soil erosion.

(4) Limitations and prospects. While this study coupled the USLE model with future land
use and vegetation cover simulation models to effectively reveal the evolution charac-
teristics and key driving factors of soil erosion under different scenarios, uncertainties
in parameters and future data remain. Future research will integrate field observa-
tions to strengthen the in situ measurements of key parameters (K, C, P), optimize
parameterization, and enhance the reliability of model simulation validation.
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Abbreviations

The following abbreviations are used in this manuscript:

SSPs Shared Socioeconomic Pathways
USLE Universal Soil Loss Equation
EVI Enhanced Vegetation Index
PCI Precipitation Concentration index
FLUS Future Land Use Simulation
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Abstract: As an important ecological barrier and economic belt in China, the sustainable
development of the Yellow River Basin (YRB) is of great significance to national ecological
security and regional economic balance. Based on the coupled and coordinated develop-
ment analysis of the water–soil–energy–carbon (W-L-E-C) system in the provinces of the
Yellow River Basin from 2002 to 2022, this study systematically analyzed the interaction
relationship among the various factors through WLECNI index assessment, factor identifi-
cation, and driving factor exploration. Thus, it fully reveals the spatiotemporal evolution
law of regional coordinated development and its internal driving mechanism. It is found
that the coordinated development of the W-L-E-C system in different provinces of the
Yellow River Basin presents significant spatiotemporal differentiation, and its evolution
process is influenced by multiple factors. It is found that the coordination of the YRB
presents a significant spatial difference, and Inner Mongolia and Shaanxi, as high coordi-
nation areas, have achieved significant improvement in coordination, through ecological
restoration and clean energy replacement, arable land intensification, and industrial water-
saving technology, respectively. Shandong, Henan, and Shanxi in the middle coordination
zone have made some achievements in industrial greening and water-saving technology
promotion, but they are still restricted by industrial carbon emissions and land resource
pressure. The Ningxia and Gansu regions with low coordination are slow to improve their
coordination due to water resource overload and inefficient energy utilization. Barrier
factor analysis shows that the water resources utilization rate (W4), impervious area (L4),
energy consumption per unit GDP (E1), and carbon emissions from energy consumption
(C3) are the core factors restricting coordination. Among them, the water quality compli-
ance rate (W5) of Shanxi and Henan is very low, and the impervious area (L4) of Shandong
is a prominent problem. The interaction analysis of the driving factors showed that there
were significant interactions between water resource use and ecological protection (W-E),
land resource and energy use (L-E), and carbon emissions and ecosystem (C-E). Inner
Mongolia, Shaanxi, and Shandong achieved coordinated improvement through “scenic en-
ergy + ecological restoration”, cultivated land protection, and industrial greening. Shanxi,
Henan, and Ningxia are constrained by the “W-L-E-C” complex obstacles. In the future,
the Yellow River Basin should implement the following zoning control strategy: for the
areas with high coordination, it should focus on consolidating the synergistic advantages
of ecological protection and energy development; water-saving technology and energy
consumption reduction measures should be promoted in the middle coordination area.

Water 2025, 17, 1138 https://doi.org/10.3390/w17081138
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In the low coordination area, efforts should be made to solve the problem of resource
overload, and the current situation of low resource utilization efficiency should be im-
proved by improving the utilization rate of recycled water and applying photovoltaic sand
control technology. This differentiated governance plan will effectively enhance the level
of coordinated development across the basin. The research results provide a decision-
making framework of “zoning regulation, system optimization and dynamic monitoring”
for the sustainable development of the YRB, and provide a scientific basis for achieving
high-quality development of the basin.

Keywords: Yellow River Basin; W-L-E-C; coupling coordination; factor analyze;
interactive analysis

1. Introduction

In the context of globalization, the health and sustainable development of watershed
ecosystems has become a hot topic of global concern [1,2]. As the second largest river in
China, the YRB, with its unique geographical location, rich natural resources, and profound
cultural heritage, has become an important support for national ecological security, water
resources management, agricultural production, and regional economic development.
However, with climate change, the intensification of human activities, and the increasing
pressure on resources and environment, the YRB is facing unprecedented challenges,
especially given the complex relationship between the water–soy–energy–carbon system,
which needs to be analyzed further [3].

The “W-L-E-C” system is an interdependent and complex system, in which the dis-
tribution and utilization of water resources, the maintenance and improvement of soil
quality, the balance and regulation of the carbon cycle, and the stability and restoration of
the ecosystem constitute the cornerstone of the sustainable development of the basin [4–6].
The coupling coordination between water, soil, energy, and carbon directly affects the
ecological security, water resource security, food security, and economic security of the YRB.
Therefore, it is of great significance to carry out the coordination analysis of “W-L-E-C”
coupling and the research on driving factors in the nine provinces of the YRB to reveal the
internal mechanism of the basin ecosystem, optimize resource allocation, and formulate
scientific and reasonable basin management policies.

In recent years, scholars at home and abroad have carried out extensive research on the
“W-L-E-C” coupling system, and have achieved a series of important results. However, most
of the existing studies focus on the interaction between a single element or two elements,
and there is a lack of systematic analysis of the multi-element coupling relationship of
“W-L-E-C”. In addition, the research on the coordination level of “W-L-E-C” coupling and
its driving factors in the nine provinces of the YRB is still insufficient. The use of Wu et al.’s
(2024) [7] simulation framework based on SPCR is proposed. A non-dominated sorting
genetic algorithm (NSGA-II) and entropy weight-based approximate ideal sorting method
(TOPSIS) were used to optimize the land use structure with the aim of minimizing net
carbon, nitrogen, and phosphorus emissions. Li et al. (2023) [8] proposed the conceptual
model DSWUNWUSWSNWSA (“Driving force—water for social development—water for
natural development—social water resources situation—natural water resources situation—
improvement”) and established the water cycle health evaluation system of the Central
Plain urban agglomeration.

This study takes nine provinces in the YRB as the research object, constructs the evalua-
tion index system of “W-L-E-C” coupling coordination, and uses the coupling coordination
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degree model and spatial autocorrelation analysis to analyze the spatiotemporal evolution
characteristics of the “W-L-E-C” coupling coordination level in nine provinces in the YRB,
as well as to explore its driving factors. The novelty of this study is reflected in the construc-
tion of the W-L-E-C multi-system coupling analysis framework for the first time, breaking
through the limitations of traditional single-factor research, and revealing more complex
rules of the sustainable development of watershed by integrating the interaction mecha-
nism of the four systems. Based on 20 years of time series data from 2002 to 2022, this study
innovatively adopted the WLECNI index quantitative assessment to systematically analyze
the spatiotemporal evolution characteristics of the coordination degree in the Yellow River
Basin, found the dynamic process from “low level equilibrium” to “regional differentiation”,
and proposed the scientific classification criteria for the high–medium–low coordination
area for the first time. In terms of methodology, the study not only identified the common
factors, such as energy consumption per unit GDP, but also revealed the regional-specific
problem of the extremely low rate of water quality compliance in Shanxi Province, and
found the nonlinear interaction relationship between the systems through driving interac-
tion analysis. The governance paradigm of “zoning regulation” proposed at the application
level has important innovative value, such as designing a collaborative model of “land-
scape energy + ecological restoration” for high coordination areas, customizing precise
solutions such as photovoltaic sand control for low coordination areas, and forming a
complete decision-making loop of “assessment—diagnosis—governance—monitoring”.
These multidimensional innovations not only promote the theoretical development of
human–land system coupling in the basin, but also provide operational scientific tools for
differentiated governance, and have important guiding significance for the realization of
ecological protection and high-quality development in the Yellow River Basin. The research
results can provide a scientific basis and decision-making reference for ecological protection
and high-quality development in the YRB.

This study aims to achieve the following deep scientific and policy objectives, and
is not limited to specific analytical methods: First of all, the research is committed to
establishing a new assessment framework for watershed sustainable development, through
the construction of the W-L-E-C multi-system coupling model, breaking through the
limitations of traditional research on a single environmental factor, and developing a
quantifiable WLECNI index as a standardized measurement tool for the cross-regional
coordination degree. Secondly, the study aims to reveal the spatiotemporal evolution of the
W-L-E-C coordination degree in the provinces of the Yellow River Basin during 2002–2022,
identify key transition thresholds (such as the critical point at which energy structure
adjustment begins to improve the coordination degree), and provide a basis for phased
policy formulation. Thirdly, the research systematically diagnoses the bottleneck factors
and collaborative opportunities of basin development, not only locating specific obstacle
factors (such as water resources overload in Ningxia and high-carbon industries in Shanxi),
but also analyzing the cross-system leverage points (such as how land use policies can
simultaneously alleviate water resources pressure and reduce carbon emissions).

2. Materials and Methods

2.1. Overview of the Study Area and Date Source
2.1.1. Overview of the Study Area

The YRB is the second-longest river in China, flowing through nine provinces and re-
gions of Qinghai, Sichuan, Gansu, Ningxia, Inner Mongolia, Shanxi, Shaanxi, Henan,
and Shandong, with a total length of about 5464 km and a watershed area of about
795,000 square kilometers [7,9]. The topography of the basin is high in the west and
low in the east, spanning the three major geomorphic units of the Qinghai–Tibet Plateau,
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the Loess Plateau, and the North China Plain. The climate types are diverse, from the
upper reaches of the high cold climate to the lower reaches of the temperate monsoon
climate, and the precipitation distribution is uneven [10]. The YRB water resources have
limited time and space distribution, the upstream water resources utilization rate is low,
but the relatively abundant middle water loss and soil erosion is serious, and there is a
contradiction between the supply and demand of downstream water sharp. There are
various types of land resources, but the problems of soil erosion and land degradation
are prominent in the Loess Plateau, while the downstream plain area is rich in cultivated
land resources but faces the threat of salinization. In addition, the YRB is rich in energy
resources, especially large reserves of coal, oil, and natural gas, but the development and
utilization of energy has also brought ecological and environmental problems such as air
pollution, water consumption, and carbon emission increase [11].

The economic development level of the nine provinces and regions in the YRB is sig-
nificantly different, with the economy of the upper reaches being relatively backward, and
the economy of the middle and lower reaches being more developed. The basin is densely
populated, and the system of agriculture, industry, and service industry is relatively com-
plete; however, the industrial structure still needs to be optimized and upgraded. In recent
years, with the rise of ecological protection and high-quality development in the YRB as a
national strategy, regional coordinated development has ushered in important opportuni-
ties. However, problems such as water shortage, soil erosion, energy consumption increase,
and carbon emission pressure are interwoven, forming a complex “W-L-E-C” coupling
system. Studying the regional water–soil–carbon coupling coordination and its driving
factors in ecological protection, as well as its ability to promote the YRB development, is of
great significance. The overview of the research area is shown in Figure 1.

 
Figure 1. Research overview map.

2.1.2. Date Source

The original data of nine provinces and regions from the four evaluation years were
obtained by sorting and analyzing relevant data from the China Statistical Yearbook, the Na-
tional Bureau of Statistics, the water resources Bulletin, the China Ecological Environment
Bulletin, and the Statistical yearbook.
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2.2. Multidimensional Evaluation Model
2.2.1. Evaluation Index System Construction

In this study, the evaluation index system of W-L-E-C coupling-coordinated devel-
opment is constructed using the systematic method. Firstly, the interaction mechanism
between the four subsystems is analyzed deeply, and the theoretical model of the coupling
coordination degree is established. In the index screening stage, the five principles of scien-
tific, systematic, operable, regional, and dynamic are strictly followed. Through a literature
analysis, expert consultation, and field research, 20 core indicators are selected from the
4 systems of water resources, land resources, energy and carbon emissions, and, finally,
a quantitative evaluation model, wherein the coupling degree function and coordination
degree function are constructed. The system innovatively realizes the organic integration
of the four systems, which can not only independently evaluate the development status of
each subsystem, but can also comprehensively analyze the interaction between the systems.
The research team further conducts empirical tests based on the provincial panel data from
2002 to 2022, and continuously optimizes the indicator setting through sensitivity analy-
sis to ensure that the indicator system has both theoretical rigor and practical guidance
value. It provides a systematic and scientific evaluation tool for the decision-making of the
sustainable development of the river basin.

The establishment of the evaluation index system of “W-L-E-C” coupling-coordinated
development is the key to studying the harmonious relationship between resource utiliza-
tion and the ecological environment in the nine provinces of the YRB. Based on scientific,
systematic, operational, and regional principles, the system covers the following four sub-
systems: water resources, land resources, and energy and carbon emissions; furthermore, it
selects specific indicators such as water resources per capita, gross production per unit of
cultivated land in the primary industry, water consumption per unit of energy, and carbon
dioxide emissions per capita. This index system can not only evaluate the spatiotemporal
evolution characteristics of the “W-L-E-C” system in the nine provinces of the YRB, but it
can also identify key driving factors, providing a scientific basis and practical guidance for
regional ecological protection and high-quality development [12–16]. The evaluation index
system is shown in Figure 2.

2.2.2. Index Weight Determination

In this paper, the AHP method is used to calculate the subjective weight, while the
CRITIC weight method is used to calculate the objective weight, and on this basis, the
minimum information entropy principle is introduced to form a combination weight
calculation method based on the minimum information entropy principle.

On the basis of a single weight calculation method, this paper introduces the com-
bination weight based on minimum information entropy. The principle of minimum
information entropy can use subjective and objective weights to obtain the optimal com-
bination weight value, which minimizes the deviation between subjective and objective
weights and makes the obtained combination weight value more scientific [8,17,18]. The
weight calculation results are shown in Figure 3, and the calculation formula is as follows:

wei =
[wEi × wAi]

0.5

m
∑

i=1
[wEi × wAi]

0.5

where wei is the comprehensive weight; wEi is the objective weight determined using the
entropy method; wAi is the subjective weight determined by the analytic hierarchy process;
and m is the number of indicators.
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Figure 2. Evaluation index system of “W-L-E-C” system coupling-coordinated development.

2.2.3. “W-L-E-C” System Coupling-Coordinated Development Index

In this paper, the “W-L-E-C” bond index (WLECNI) is proposed based on the existing
research results.

Reflecting the coupling and coordinated development level of the “W-L-E-C” system,
the formula is as follows:

L+
i = (Xi − Xmin)/(Xmax − Xmin)

L−
i = (Xmax − Xi)/(Xmax − Xmin)

WLECNI = ∑n
i=1 wiLi/∑n

i=1 wi
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Figure 3. Weight chart of evaluation indicators.

2.3. Driving Factor Analysis
2.3.1. Factor Analysis

In this paper, the “W-L-E-C” bond index (WLECNI) is proposed based on the existing
research results. In this study, the obstacle degree model is introduced to analyze the
factors of the indicators in the evaluation system, to determine the main factors affecting
the coordinated development of the system coupling, and then to formulate more targeted
improvement measures [19–21]. The specific steps are as follows:

(1) Calculate the contribution degree of the j-th evaluation index Fj as follows:

Fj = w∗
i × wi

where w∗
i is the weight value of the criterion layer corresponding to the indicator.

(2) Calculate deviation Ij as follows:

Ij = 1 − xij

(3) Calculate the obstacle degree of each evaluation index Pj as follows:

Pj =
Fj Ij

∑n
j=1 Fj Ij

2.3.2. Single Subsystem Indicator Results

The geographic detector model is a statistical method to detect spatial heterogeneity
and reveal its driving factors, consisting of four detectors—factor detection, interaction
detection, risk detection, and ecological detection—the first two components of which are
used in this study. The core idea of factor detection is to determine whether the explained
variable plays a decisive role by comparing whether the explained variable and the un-
explained variable have similar spatial distributions [22,23]. In the geographical detector,
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the analysis of factor interaction effects quantifies the explanatory power of individual
factors and their combinations on the dependent variable using the q statistic. The q-value
represents the degree to which a single factor or factor interaction explains the spatial
heterogeneity of the dependent variable, ranging from [0,1], with higher values indicating
stronger explanatory power. The detection of interaction effects is determined by compar-
ing the q-values of individual factors to the combined q-values of two factors. Specifically,
it can be categorized into the following five scenarios: non-linear weakening (interaction
q-value is less than the sum of individual q-values), single linear weakening (interaction
q-value is less than the maximum individual q-value), bilinear enhancement (interaction
q-value is greater than the maximum individual q-value), independence (interaction
q-value equals the sum of individual q-values), and non-linear enhancement (interac-
tion q-value is greater than the sum of individual q-values). If the interaction q-value
is significantly higher than the individual q-values, it indicates that the combined effect
of the two factors has a stronger influence on the dependent variable. The layer in the
geographical detector refers to the process of discretizing continuous variables (e.g., using
equal intervals, quantiles, or natural breaks) or reclassifying categorical variables, aim-
ing to minimize within-stratum variation and maximize between-stratum variation. The
calculation process is as follows:

q = 1 −
L

∑
h=1

Nhσ2
h

Nσ2

where q ∈ [0,1] is the explanatory power of the driving factor of the system coordination
level, wherein the larger the value of q, the stronger the explanatory power of the driving
factor; h = 1, . . ., L is the stratification of variables or factors; Nh and N are the number
of units in the layer and the whole area; and σ2

h and σ2 are the variance of the layer and
global values.

3. Results and Discussion

3.1. Analysis of Coordinated Development of “W-L-E-C” Coupling System

We adopted a multidimensional method to ensure the reliability of the conclusions.
First, provincial-level data (2002–2022) from authoritative institutions such as the National
Bureau of Statistics and the Ministry of Water Resources were adopted, key indicators were
calibrated strictly in accordance with IPCC guidelines, and discrepancy data (difference rate
< 5%) were revised through local environmental bulletins. In terms of model verification,
the comparative test of the entropy weight method and analytic hierarchy process shows
that the influence of a WLECNI index weight adjustment on provincial ranking is less than
10%, and the coupling coordination degree results are highly consistent with the Tapio
decoupling analysis.

3.1.1. Single Subsystem Indicator Results

The results of single subsystem indicators are shown in Figure 4. From 2002 to 2022,
the four indicators of water (W), soil (L), energy (E), and carbon (C) in nine provinces
showed significant spatiotemporal differentiation. From the perspective of time, water
resource utilization efficiency (W) has generally improved, and the average annual growth
rate of the W-value in all provinces is between 3.8% and 8.2%. Take Sichuan Province as an
example, wherein its W-value increased from 0.158 in 2002 to 0.326 in 2022, an increase of
106%, reflecting the remarkable effect of water-saving irrigation technology promotion and
water resource management policies. The growth rate of the W-value in western regions
such as Qinghai and Gansu (6.5% per annum) is higher than that in eastern provinces
(4.2% per annum), which may be closely related to the inclined ecological protection poli-
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cies and the improvement of marginal benefits of water-saving technologies in arid regions.
The overall land use intensity (L) remained high, but the regional fluctuation was obvi-
ous, described as follows: the L-value of Qinghai Province led for a long time, reaching
0.499 in 2022 (the highest in China), which was closely related to the strict land planning
of the Sanjiangyuan Ecological Protection Area; furthermore, the L-value of Shandong
Province increased from 0.399 in 2002 to 0.475 in 2022, indicating that agricultural modern-
ization and urbanization have a significant driving effect on land-intensive use.

 

Figure 4. Single-index evaluation results of nine provinces in the YRB.

Energy consumption efficiency (E) presents a spatial pattern of “rising in the west and
falling in the east”. The E-value of western provinces such as Ningxia and Gansu continued
to rise, and Ningxia’s E-value increased by 10.7% (from 0.3542 to 0.3792) from 2002 to
2022, which may benefit from the expansion of new energy installed capacities, such as
photovoltaic and wind power. In the eastern industrial provinces, such as Shandong and
Henan, the E-value fell slightly due to the decline in traditional energy dependence, and
the decline in Shandong Province reached 9.6%. Carbon emission intensity (C) generally
showed a “slowing growth” characteristic, and the average annual increase of the C-value
in most provinces dropped to less than 2% after 2017. In Inner Mongolia, for example, its
C-value rose from 0.3165 in 2002 to 0.4239 in 2022, but the increase narrowed to 1.8% in
2017–2022, indicating that the constraint effect of the “dual carbon” policy on high-carbon
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industries is beginning to emerge. It is worth noting that the C-value of central and western
provinces, such as Shaanxi, increased by only 5% in 2022 compared to 2017, indicating the
gradual penetration of emission reduction policies in energy-intensive regions.

From the perspective of spatial dimension, the regional differences of the four indexes
are significant. In western China (Qinghai, Gansu, and Ningxia), the absolute value of
water use efficiency (W) was low (mean value of 0.381 in 2022), but the growth rate was
higher than that of the whole country, highlighting the marginal benefit of water-saving
technology in arid areas. The land use intensity (L) in Qinghai has exceeded 0.48 for
five consecutive years, ranking first in China, due to the support of ecological protec-
tion policies. The central provinces (Shaanxi, Shanxi, and Henan) are under pressure
from the energy transition, with Shanxi’s E-value rising from 0.345 in 2007 to 0.381 in
2022; however, its coal consumption still accounts for more than 60%, resulting in a high-
carbon emission intensity (C) (C-value of 0.389 in 2022). The eastern provinces (Shandong
and Inner Mongolia) showed the characteristics of “high L-C”, which are as follows: the
L-value of Shandong reached 0.475 (2022), reflecting the balance strategy between culti-
vated land protection and urban expansion; furthermore, due to the concentration of coal
and chemical industries, Inner Mongolia’s C-value (0.4239) is the highest in the country,
being 8.9% higher than the second, Ningxia. The driving mechanism of regional differ-
ences can be summarized into the following three categories: policy intervention, resource
endowment, and technology penetration. For example, after the “dual carbon” goal was
proposed in 2017, the growth rate of the C-value in high-carbon provinces (Inner Mongolia
and Ningxia) slowed down significantly (an average annual decline of 1.2–1.5 percentage
points). Additionally, the advantages of new energy resources in western provinces pro-
mote the increase of E-value. For example, the installed capacity of wind power in Gansu
accounts for more than 30%. In eastern provinces, optimizing land management through
digital technologies (such as the “smart agriculture” pilot in Shandong) has supported the
continued L-value growth.

The interaction between the indicators showed the coexistence of “water-energy syn-
ergy” and “carbon-energy contradiction”. In western China, there is a significant positive
correlation between water resource utilization efficiency (W) and energy consumption effi-
ciency (E) (R2 = 0.72), indicating that the collaborative development model of hydropower
and new energy has achieved initial results. For example, the “water-light complemen-
tarity” project in Longyang Gorge, Qinghai Province has reduced energy consumption
per unit GDP by 12%. However, in energy-intensive provinces (Inner Mongolia, Shanxi),
carbon intensity (C) is negatively correlated with energy efficiency (E) (R2 = 0.65), reflecting
that traditional energy dependence is still the bottleneck of emission reduction. After 2017,
the policy-driven effect became prominent, as the growth rate of carbon emissions in all
provinces generally declined, but the improvement rate of water resources and land use
efficiency accelerated (W- and L-values in 2022 increased by 14.3% and 7.6% on average
compared to 2017), indicating the adjustment of resource management priorities under the
“ecological priority” policy framework. Future regional development needs differentiated
policies; for example, the western region should increase the proportion of renewable
energy through the integration of landscape and water storage; Central China needs to
explore the coupling model of coal power and carbon capture technology (CCUS); and the
eastern part of the country can pilot a carbon emission trading market to force industrial
low-carbon transformation through economic means.

To summarize, the spatiotemporal evolution of water, soil, energy, and carbon indica-
tors in various provinces in China is driven by multiple factors, such as policies, resources,
and technologies. It is thus suggested to establish a resource–energy–carbon emission
accounting system of regional linkage to identify the potential of cross-provincial collab-
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orative emission reduction, to increase investment in water-saving technology and new
energy infrastructure for ecologically fragile areas in western China. Furthermore, in the
central and eastern industrial agglomeration areas, carbon quota constraints and green
technology innovation subsidies will be strengthened. Follow-up studies can be combined
with high-resolution remote sensing data and policy text analysis to further quantify the
contribution of policy interventions to the evolution of indicators.

3.1.2. WLECNI Index Results

Based on the WLECNI index time series data of “W-L-E-C” system coupling and
coordinated development in the provinces of the YRB from 2002 to 2022, the horizontal
differentiation, dynamic evolution characteristics, and regional differences of coordina-
tion were systematically analyzed. The WLECNI result is shown in Figure 5. As can
be seen in the figure, the coordination of the YRB presents significant spatial–temporal
differentiation. The high coordination areas (0.4–0.6) were represented by Inner Mongolia
and Shaanxi. The WLECNI index of Inner Mongolia increased steadily from 0.372 (2002)
to 0.442 (2022), with an average annual growth rate of 1.7%, benefiting from the syner-
gistic effect of grassland ecological restoration and clean energy replacement. Shaanxi
increased from 0.290 (2002) to 0.550 (2022), with an average annual growth rate of 3.4%, and
significantly alleviated the pressure on resources and the environment through the intensi-
fication of cultivated land and industrial water-saving technology, becoming a benchmark
for the improvement of coordination in the middle reaches. The middle coordination
zone (0.2–0.4) includes Shandong, Henan, and Shanxi. Shandong increased from
0.348 (2002) to 0.434 (2022), with an average annual growth rate of 1.1%, and the pro-
motion of green industry and water-saving technology has achieved remarkable results.
Henan (0.441) and Shanxi (0.391) experienced slower growth due to the pressure of in-
dustrial carbon emissions and land resources. The low coordination areas (<0.4) were
represented by Ningxia and Gansu. Although Ningxia (0.366) and Gansu (0.410) showed
an increasing trend, their coordination remained low for a long time due to the constraints
of water resource overload and inefficient energy utilization. Qinghai (0.453) has bet-
ter coordination than the other upstream provinces due to having a higher ecological
protection input.

 

Figure 5. Spatiotemporal evolution of WLECNI in nine provinces.

184



Water 2025, 17, 1138

Regional difference analysis showed that Inner Mongolia, Shaanxi, and Shandong
achieved significant improvement in coordination through the “scenic energy + ecological
restoration” model, cultivated land protection policy, and industrial greening, while Shanxi
and Henan, restricted by industrial carbon emissions and land resource pressure, had
lower growth than the average river basin. Due to the superposition of water resources’
development intensity and desertification, Ningxia’s coordination is weak. Future policies
should be implemented in different areas. For example, the high coordination area should
consolidate the advantages of eco-energy coordination and explore cross-provincial carbon
sink trading mechanism. In the middle coordination area, the application of water-saving
and consumption-reducing technology is strengthened to reduce the system vulnerability.
Finally, low coordination areas have priority in solving the problem of resource over-
load and inefficient utilization, and they promote the utilization of renewable water and
photovoltaic sand control technology.

3.2. Analysis of the Factors of Coordinated Development of “W-L-E-C” System Coupling

The results of the factor analysis for 2022 are shown in Figure 6. The per capita
water consumption (W1) of all provinces in the figure is generally high, especially for
Shanxi (0.1980) and Ningxia (0.1830), reflecting that extensive water use patterns are still
dominant. There were significant regional differences in W5, and the values of Shanxi
(0.0020) and Henan (0.0025) were very low, indicating that the superposition of industrial
pollution and agricultural non-point source pollution led to the failure of water quality
management. In Inner Mongolia (0.0980), water quality barriers were relatively light due
to the high investment in ecological restoration. The low water resource utilization rate
(W4) in Gansu (0.0315) and Qinghai (0.0125) is directly related to the lack of local water
resources endowment, and the risk of over-exploitation should be vigilant.

 

Figure 6. Factor analysis results for 2022.
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The obstacle of the cultivated land area (L3) was higher in Shaanxi (0.0950) and
Inner Mongolia (0.0850), and the urbanization and ecological farmland return policy
aggravated the loss of cultivated land. The barrier of the impervious area (L4) reached its
peak in Shandong (0.1200), indicating that rapid urbanization led to prominent surface
hardening problems. In energy utilization, the energy consumption per unit GDP (E1)
in Inner Mongolia (0.0150) is significantly lower than that in other provinces, thanks to
the optimization of energy structure and the promotion of energy efficiency technology.
Furthermore, the high unit water consumption of Shanxi (0.0420) and Henan (0.0100) (E4,
0.1310 and 0.1340, respectively) exposed the lag of industrial water-saving technology,
forming a “water-energy” two-way restriction.

Energy consumption carbon emission (C3) was high in Gansu (0.0664) and Ningxia
(0.0752), which is closely related to the coal-dependent industrial structure. The carbon
uptake (C1, C4) of the ecosystem was weak in Shanxi (C1 = 0.0826) and Henan (C4 = 0.0887),
and the degradation of the ecological carbon sink function intensified the pressure of carbon
neutrality. The per capita carbon dioxide emissions (C5) were higher in Henan (0.0742)
and Shandong (0.0647), highlighting the urgent task of reducing emissions in densely
populated areas.

In the upper reaches of the YRB (Qinghai and Gansu), the complex barriers of
low water resource utilization (W1 and W4) and low energy quality and productivity
(E3 ≥ 0.078) should be solved first. The middle reaches (Shaanxi, Shanxi) should focus
on the coordination of cultivated land protection (L3) and industrial emission reduction
(C3, C4), while the downstream section (Henan, Shandong) needs to contain impervious
expansion (L4) and a high-carbon lock-in effect (C5). It is suggested to strengthen the W-E
collaboration through a cross-provincial ecological compensation mechanism, promote
water-saving and consumption reduction technologies (such as reclaimed water utilization
W5, photovoltaic sand control L2), and to establish a linkage system of the carbon emission
quota and carbon sink trading, to systematically reduce the intensity of factors and promote
the high-quality development of the basin.

3.3. Interactive Detection and Analysis of “W-L-E-C” System Driving Factors

The interactive detection results among the impact factors in the nine provinces of
the YRB are shown in Figure 7. Based on the interaction intensity data of the “W-L-E-C”
system from 2002 to 2022, this study reveals the dynamic evolution characteristics and in-
ternal mechanism of the system. The data are presented in the following triangular matrix,
covering the strength of the X1 to X8 factors themselves, and their interaction strength.
The analysis shows that the system presents a significant trend of network strengthen-
ing, which is as follows: the average interaction strength increases from 0.35 (2002) to
0.58 (2022), and the core nodes of X5, X7, and X8 drive the network density. Among them,
the strength of X5 jumped from 0.56 to 1 (2022), and the interaction strength with X4, X6,
and X7 exceeded 0.9, becoming the core hub of the system. The interaction strength of X7
with X6 and X8 reaches saturation values of 1 and 0.89 (2022), respectively, highlighting
its information relay function. At the same time, the system complexity increases, the
vulnerability risk becomes prominent, and the highly dependent feature of the core node
may cause cascading failures.
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Figure 7. Interactive detection results of influencing factors in nine provinces of the YRB.

The phased evolution characteristics show that 2012 was a key turning point, as
the interaction intensity of X3 and X1 suddenly increased to 0.87 (45% increase over
the previous period), while the growth rate of the interaction intensity of most factors
slowed down, which is presumed to be related to an external intervention or system
adaptive adjustment. Anomalies such as a sharp drop in X2’s own strength in 2017 (0.69
vs. 0.92 previously) and fluctuations in the X3–X2 interaction strength (0.75 → 0.38 →
0.46) require validation of data reliability or exploration of perturbation mechanisms. It is
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thus suggested to focus on the dynamic behavior of X5 and X7, whose intensity saturation
phenomenon may reach the system threshold, and the mechanism analysis should be
carried out in combination with driving factors such as policy and technology. Future
studies can quantify the impact of network topology changes on system stability through
heat map modeling and robust simulation, and they can provide a theoretical basis for
complex system optimization.

4. Conclusions

This study draws the following conclusions: The coupling coordination of the “W-L-
E-C” system in the YRB presents significant spatial differentiation and temporal dynamic
changes. Inner Mongolia and Shaanxi have become the benchmark of the high coordina-
tion zone through ecological restoration, clean energy replacement, and cultivated land
intensification, while Ningxia and Gansu have been in the low coordination zone for a
long time due to water resource overload and inefficient energy utilization. Barrier factor
analysis shows that the water resources’ utilization rate (W4), impervious area (L4), energy
consumption per unit GDP (E1), and carbon emissions from energy consumption (C3)
are the core factors restricting coordination. Among them, the water quality compliance
rate (W5) of Shanxi and Henan is very low, and the impervious area (L4) of Shandong
is a prominent problem. The interaction analysis of the driving factors revealed a sig-
nificant interaction between water resource utilization and ecological protection (W-E),
land resource and energy use (L-E), and carbon emissions and the ecosystem (C-E). Inner
Mongolia, Shaanxi, and Shandong achieved coordinated improvement through “scenic
energy + ecological restoration”, cultivated land protection, and industrial greening. Shanxi,
Henan, and Ningxia are constrained by the “W-L-E-C” complex obstacles.

In the future, the YRB needs to implement a zoning regulation strategy in order for
the high-coordination area to consolidate the advantages of ecological energy coordination,
for the middle coordination area to strengthen the application of water-saving and con-
sumption reduction technology, and for the low coordination area to solve the problem of
resource overload and inefficient use of renewable water utilization and photovoltaic sand
control technology, in order to achieve high-quality development of the whole basin. This
study provides a scientific basis and policy suggestions for the sustainable development of
the YRB.
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