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1. Introduction

Affected by global climate change and rapid socio-economic development, China,
along with many other countries worldwide, faces a series of water security issues, such as
water shortages, flood disasters, and water-related ecological and environmental problems.
To address these challenges, China has adopted a range of measures, including a most
stringent water resource management system, the South-to-North Water Diversion Project,
and the River Chief System. Nevertheless, due to the complexity of water security issues,
effective management is difficult to achieve in the short term, and interdisciplinary research
provides important support.

To facilitate a better understanding of China’s water security issues, a series of aca-
demic exchanges have been organized by us, including the well-known “China Water
Forum,” which focuses on discussing solutions to China’s water challenges; the “Water
Science Development Forum,” which aims to promote the multidisciplinary integration of
water science with other relevant disciplines in addressing China’s water issues; and the
“Water Science Lectures,” an open, shared, and non-profit public lecture series.

The Editorial Department of the Water Journal cooperates with the “China Water
Forum”, the “Water Science Development Forum”, and the “Water Science Lectures” to
establish a series of Special Issues. At present, at least one Special Issue is planned each
year. The Special Issue established in 2024, “China Water Forum 2024”, has concluded, and
the new Special Issue for 2025, namely “China Water Forum 2025”, has commenced. A
total of eight papers were accepted for the Special Issue “China Water Forum 2024.” Based
on the papers published in this Special Issue, we summarize China’s water security status
and issues to facilitate readers’ understanding of the relevant research progress.

Four themes were proposed in “China Water Forum 2024":

(1) Climate change and hydrology.

Water 2025, 17, 2733 https://doi.org/10.3390/w17182733
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(2) Water problems and human-water relationship control.
(3) Water environment and ecology.
(4) Water information technology and modeling.

2. Summary of Water Security Issues in China Based on Special
Issue Publications

The eight published papers in this Special Issue examine China’s water issues from
different perspectives. They are divided into three categories based on their research themes:
Category A, “Water Resource Management and Integrated Governance” (Contributions 1-3);
Category B, “Rivers and Lakes Water Ecology and Water Pollution” (Contributions 4-6); and
Category C, “Irrigation Technology and Water Use Efficiency” (Contributions 7,8).

For Category A, “Water Resource Management And Integrated Governance”, Contri-
bution (1) employs a non-radial directional distance function (NDDF) model to quantita-
tively assess provincial water saving and carbon reduction performance during 2000-2021,
measures synergistic effects, and examines the spatiotemporal evolution of key indicators.
The results show that synergistic performance consistently surpassed standalone measures,
with most regions demonstrating accelerating synergistic enhancement over time. Contri-
bution (2) uses the Hurst coefficient, Mann—-Kendall nonparametric test, streamflow pattern
indices, and sample entropy (SampEn) analyses to investigate the streamflow pattern of
the Yangtze River basin at annual, monthly, and daily timepoints. The results reveal that
streamflow complexity increases from upstream to downstream along the main reach,
and the monthly streamflow shows significant trends in the dry and wet seasons. Con-
tribution (3) analyzes the impact of climate change and human activities on the runoff of
the Ganjiang River Basin using various models with different spatiotemporal scales and
complexities. The results indicate that climate change is the main driving factor leading
to runoff variation in the Ganjiang River Basin, accounting for 60.07% to 82.88% of the
runoff change. Therefore, future studies should focus on developing more integrated and
adaptive models to better understand the complex interactions between climate change,
human activities, and water resource management, and explore innovative strategies for
enhancing water security and sustainability.

For Category B, “Rivers and Lakes Water Ecology and Water Pollution”, Contribu-
tion (4) formulates three types of eco-recycled concrete (ERC) by integrating shell-derived
biochar with recycled aggregates and evaluates their efficacy in treating polluted water
with heavy metals. Their results show that biochar addition significantly enhances the
continuous porosity and water permeability of the concrete and substantially improves
its adsorption capacity of heavy metals. Contribution (5) conducts a controlled laboratory
experiment and combines it with long-term field monitoring to determine the main hydro-
biogeochemical processes of polygenic multipollutants and their secondary pollutants in
groundwater. The results indicate that the redox environment and the gradient change in
pH are the most critical controlling factors for the evolution of pollutants. Contribution (6)
systematically reviews 1141 articles on seasonal frozen lakes from 1991 to 2021, discussing
the seasonal variations and control conditions of ice-covered lakes. The review shows that
the ice-cover period is shortening, lake evaporation is increasing, and planktonic organisms
are responding to global climate change with earlier spring blooming.

For Category C, “Irrigation Technology and Water Use Efficiency”, Contribution (7)
investigates the distribution and accumulation of clogging substances within drip irrigation
emitters under three water conditions (saline water, Yellow River water, and a mixture of
both). The results show that the use of blended water can effectively alleviate clogging
and enhance drip irrigation efficiency. Contribution (8) proposes a network structure, the
SE-Attention-Residual-Unet (SE-ResUnet), for water extraction tasks in the Yellow River
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Basin. The results demonstrate that the strategy combining an attention mechanism and a
weighted loss function significantly improves the effectiveness of neural network models
in water extraction tasks.

3. Discussion and Suggestions

According to the aforementioned research findings and current progress in the field,
we further summarize the water security issues in China as follows:

(I) The uneven spatiotemporal distribution of water resources, driven by multiple
factors, is a fundamental cause of water security challenges. From a climatic perspective,
most regions of China are influenced by the monsoon climate, with precipitation primarily
concentrated in summer and autumn, while relatively low levels in winter and spring
create temporal imbalances in water availability. Furthermore, variability in the onset and
retreat of the summer monsoon leads to substantial interannual and regional differences
in precipitation, further intensifying the uneven spatiotemporal distribution of water
resources. From a geographical perspective, China’s vast territory and complex topography,
combined with pronounced gradients in distance from the sea, result in marked regional
disparities in precipitation and runoff. In general, water resources exhibit the pattern of
“more in the east and less in the west, more in the south and less in the north” [1]. The
southern regions are predominantly humid or semi-humid, with abundant rainfall, whereas
the northern regions are mainly semi-arid or arid, with limited precipitation. In addition,
anthropogenic influences cannot be ignored. Population growth and industrial-agricultural
development have continuously increased water demand, while water waste and pollution
have worsened, further aggravating the imbalance in water resource distribution [2].

To address the uneven spatiotemporal distribution of water resources, a comprehen-
sive and coordinated strategy is essential. On the one hand, cross-basin water diversion
projects, such as the South-to-North Water Diversion Project, can effectively transfer wa-
ter from resource-abundant regions to water-deficient areas, thereby mitigating chronic
water shortages in northern China. Concurrently, it is vital to strengthen water resource
assessment and planning, enhance reservoir operation to regulate runoff and seasonal fluc-
tuations, improve water supply reliability during dry periods, and minimize water losses
during flood seasons. On the other hand, greater emphasis should be placed on raising
public awareness of water conservation and further strengthening the rigid water resource
constraint index system to ensure sustainable management and efficient utilization.

(IT) China continues to face challenges related to aquatic ecological degradation and
water pollution. While rapid industrialization and urbanization have driven substantial eco-
nomic growth, they have simultaneously imposed severe pressures on aquatic ecosystems.
For example, in certain regions of China, the overexploitation of water resources—such
as groundwater extraction in the North China Plain—has altered the natural regulatory
functions of aquatic systems. In addition, the discharge of industrial wastewater, agricul-
tural non-point source pollution, and untreated domestic sewage persists in some areas,
leading to eutrophication and severe river pollution. These challenges not only undermine
ecological stability but also pose considerable risks to public health and the long-term
sustainability of economic development.

To mitigate aquatic ecological degradation and water pollution, a comprehensive
strategy integrating systemic governance, source control, and ecological restoration is
essential. Current priorities in water resource protection and environmental governance
include strengthening river rehabilitation, restoring the natural morphology of rivers,
and enhancing their water conveyance capacity [3]. Furthermore, ecological restoration
initiatives—such as afforestation and wetland rehabilitation—should be advanced to im-
prove the self-purification capacity of aquatic systems. Equally important is the comprehen-



Water 2025, 17, 2733

sive regulation and control of pollution sources across multiple sectors. In the industrial
sector, emission standards should be upgraded, clean production practices and circular
economy models promoted, and the discharge of toxic and hazardous substances strictly
controlled. In agriculture, emphasis should be placed on adopting ecological farming
methods, applying precision fertilization and pesticide technologies, and improving the
utilization of livestock and poultry waste to effectively reduce non-point source pollution.
In urban areas, efforts should focus on strengthening sewage collection systems, improving
the treatment efficiency of wastewater treatment plants—particularly regarding nitrogen
and phosphorus removal—and increasing the reuse of reclaimed water. At the same time,
it is imperative to strengthen the water environment monitoring network [4].

(III) The contradiction between water resource supply and demand remains prominent.
The uneven spatial and temporal distribution of water resources, combined with growing
demand driven by economic and social development, has intensified this imbalance [5].
Water resources in the Yangtze River Basin and southern regions account for more than
80% of the national total, whereas the northern region possesses less than 20% but sup-
ports over 60% of the national population and cultivated land. This disparity has led to
persistent water scarcity in northern China. With the accelerating processes of urbanization
and industrialization, the contradiction between water supply and demand has become
increasingly acute.

Under the framework of the water management principle of “prioritizing water
conservation, achieving spatial balance, pursuing systematic governance, and advancing
with dual efforts,” the key to addressing China’s supply—demand contradictions and
safeguarding water security lies in the implementation of systematic and comprehensive
measures [6]. Enhancing the efficiency of water resource utilization is particularly crucial
in agriculture, industry, and urban domestic sectors [7]. In agriculture, the large-scale
adoption of efficient irrigation technologies such as drip and sprinkler systems, adjustment
of cropping structures, selection of drought-resistant crops, and implementation of precision
irrigation management are essential. In industry, water conservation requires technological
upgrading, increased reuse rates of water resources, and the promotion of water-efficient
industries. In urban areas, efforts should focus on the widespread use of water-saving
appliances, reduction in pipeline leakage, promotion of reclaimed water reuse technologies,
and strengthening of the public awareness of water conservation. Equally important is the
optimization of water resource allocation and the rational layout of water supply systems.
Within the context of inter-basin water transfers, the construction and management of
projects such as the South-to-North Water Diversion Project should be optimized to meet
supply demands while carefully considering ecological impacts. Strengthening integrated
river basin management is also indispensable, ensuring coordinated regulation of water
volume, water quality, and aquatic ecosystems across regions [8]. By improving water-use
efficiency, optimizing allocation, protecting aquatic ecosystems, advancing institutional
reforms, and fostering scientific and technological innovation, sustainable water resource
management can be achieved, thereby providing a strong safeguard for China’s long-term
economic and social development.
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Abstract: Under the dual constraints of rigid water resource management systems and
China’s “dual carbon” national strategy, water resource management authorities face press-
ing practical demands for the coordinated governance of water conservation and carbon
dioxide emission reduction. This study comprehensively compiles nationwide data on
water supply/consumption, energy use, water intensity, and CO, emissions across Chi-
nese provinces. Employing a non-radial directional distance function (NDDF) model with
multiple inputs and outputs, we quantitatively assess provincial water saving and carbon
reduction performance during 2000-2021; measure synergistic effects; and systematically
examine the spatiotemporal evolution, correlation patterns, and convergence trends of
three key indicators: standalone water saving performance, standalone carbon reduction
performance, and their synergistic performance—essentially addressing whether “1 +1 > 2”
holds true. Furthermore, we analyze the spatial convergence and clustering characteristics
of synergistic effect across regions, delving into the underlying causes of inter-regional
disparities in water—carbon synergy. Key findings reveal the following: (1) Temporally, stan-
dalone water saving and carbon reduction performance generally improved, though the
water saving metrics initially declined before stabilizing into sustained growth, ultimately
outpacing carbon reduction gains. Synergistic performance consistently surpassed stan-
dalone measures, with most regions demonstrating accelerating synergistic enhancement
over time. Nationally, water—carbon synergy exhibited early volatile declines followed
by steady growth, though the growth rate gradually decelerated. (2) Spatially, high-value
synergy clusters migrated from the western to eastern regions and the northern to south-
ern zones before stabilizing geographically. The synergy effect demonstrates measurable
convergence overall, yet with pronounced regional heterogeneity, manifesting a distinct
“high southeast-low northwest” agglomeration pattern. Strategic interventions should
prioritize water—carbon nexus domains, leverage spatial convergence trends and clustering
intensities, and systematically unlock synergistic potential.

Keywords: water saving and carbon reduction synergistic effect; non-radial directional
distance function model (NDDF); synergistic effect quantification model; performance
indicators; spatial analysis

1. Introduction
1.1. Research Background and Significance

Currently, global warming caused by greenhouse gas emissions from human activities
has become a severe common challenge for the development of all humanity. The concen-
tration of carbon dioxide in the atmosphere continues to rise year by year, triggering a
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series of climate issues and causing significant changes in the reserves of various resources
essential for human survival.

The latest climate report from the United Nations Intergovernmental Panel on Climate
Change (IPCC) states that to limit global warming to 1.5 °C, the world must reduce carbon
emissions by 40% by 2030 and achieve net-zero emissions by 2050. Without immediate
action, the carbon budget for staying within the 1.5 °C threshold is projected to be exhausted
within the next decade.

As the world’s largest developing country, China is still in a phase of rapid devel-
opment, where socioeconomic progress continues to demand substantial consumption of
water resources and carbon-intensive mineral resources. In 2020, China’s carbon dioxide
emissions accounted for 31.9% of the global emissions [1]. On 22 September 2020, President
Xi Jinping explicitly stated at the 75th United Nations General Assembly that China aims
to peak its carbon dioxide emissions before 2030 and strive to achieve carbon neutrality
before 2060. The IPCC technical report points out that climate change will have a significant
impact on freshwater resources, and the uneven spatial and temporal distribution of water
resources will exacerbate the world’s water resource problems, leading to increasingly
prominent contradictions between water supply and demand. In October 2019, General
Secretary Xi Jinping visited the Yellow River and held a symposium on ecological protection
and high-quality development in the Yellow River Basin. He pointed out that “we must
adhere to the principle of using water to determine cities, land, people, and production,
take water resources as the biggest rigid constraint, plan population, urban, and industrial
development reasonably, and resolutely curb unreasonable water demand”. In 2019, the
National Development and Reform Commission and the Ministry of Water Resources
issued and implemented the National Water Conservation Action Plan, and in 2024, the
Ministry of Water Resources organized the preparation of the National Water Conservation
Medium-and-Long-Term Plan (2025-2035), both indicating that water conservation has
risen to the national strategic level. Compared to 2014, with China’s GDP nearly doubling
in 2023, the overall water consumption remains stable at 610 billion cubic meters. The water
consumption per CNY 10,000 of GDP and industrial added value have decreased by 41.7%
and 55.1%, respectively, indicating a significant water saving effect. The achievement of the
“dual carbon” goal is closely related to the conservation and utilization of water resources.
With the establishment of the “dual carbon” goal, the comprehensive benefit evaluation
that considers both “water conservation” and “carbon reduction” is no longer limited to
the ecological environment field, but should take into account the rapid economic and
social development and the sustainable utilization of resources.

The energy sector serves as the primary arena for achieving carbon peak and carbon
neutrality in China, with energy-related carbon emissions accounting for approximately
88% of the nation’s total CO, emissions. In 2022, China’s CO, emissions per unit of GDP
reached 6.6 tons per USD 10,000, significantly exceeding both the global average and the
levels of major Western developed economies. From 2010 to 2022, China’s per capita
cumulative CO, emissions amounted to around 133 tons, surpassing the global average
of 67 tons and France’s 123 tons, yet remaining below the figures for Australia (352 tons),
Canada (337 tons), the EU (195 tons), the United States (386 tons), and the UK (162 tons),
reflecting the country’s ongoing efforts and challenges in balancing economic growth with
decarbonization goals [2]. To achieve carbon peak and carbon neutrality while ensuring
energy security, a dual strategy of implementing “subtraction” through energy conservation
and emission reduction on the consumption side and executing “addition” by expanding
non-fossil energy on the supply side must be adopted, with both approaches being closely
intertwined with water resources. On the consumption side, saving 1 ton of coal reduces
water consumption by 2 tons and cuts CO; emissions by 2.5 tons [3], while conserving
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1 kWh of electricity saves 4 L of water and reduces CO, emissions by 0.997 kg. On the
supply side, scaling up non-fossil energy requires substantial water inputs—producing
1 m? of silicon wafers consumes 65 L of purified water, manufacturing a 156 mm x 156 mm
photovoltaic cell requires 27 L, and assembling a module with 60 cells needs 34 L. Given
that global energy production accounts for about 15% of the total water withdrawals (IEA
estimate), the strong synergy between water usage and CO, emissions in energy systems
becomes evident.

Under the dual strategic pressures of “water conservation priority” and “carbon
neutrality,” China’s water resource management authorities face urgent practical needs
for the coordinated governance of water conservation and carbon emission reduction.
The synergistic management of water and CO; represents both a critical proposition for
China’s high-quality development and national security and an imperative requirement
under the constraints of resource scarcity and climate change. Currently, the intrinsic
mechanisms linking water resource development/ utilization with carbon emissions remain
unclear, including several pressing practical questions: Does synergy exist between water
conservation and carbon reduction? If so, what form does it take? Could the combined
effect of coordinated water—carbon management yield greater benefits than the sum of
separate water saving and emission reduction efforts (i.e., 1 + 1 > 2)? What are the regional
disparities in water—carbon synergy performance? What factors drive these differences?

To address these questions, this study introduces a non-radial directional distance
function (NDDF) model capable of handling multiple inputs and outputs. Through this
framework, we conduct a comprehensive evaluation of provincial water conservation
and carbon reduction performance across China from 2000 to 2021. The analysis includes
horizontal and vertical comparisons between standalone water—carbon management and
coordinated water—carbon governance. By constructing a synergy quantification model,
we examine the spatiotemporal evolution patterns of standalone water conservation, stan-
dalone carbon reduction, and their synergistic effect. Furthermore, we investigate the
spatial correlation and clustering characteristics of the synergistic effects across provinces
and regions, delving into the underlying causes behind the observed regional disparities in
water—carbon synergy performance.

1.2. Research Progress at Domestic and International Levels

The theory of synergistic effect originates from the concept of co-benefits, which was
proposed to demonstrate that measures taken to reduce greenhouse gas emissions can
simultaneously decrease the generation of other pollutants [4]. The concept of “co-benefits”
was first formally introduced in the IPCC Third Assessment Report. Synergistic effect, also
known as synergistic interactions, refers to the phenomenon where the combined effect
of multiple components working together exceeds the sum of their individual effects—
essentially achieving a “1 + 1 > 2” outcome. Scholars have conducted extensive research
on co-benefit assessment, yielding substantial findings. However, these studies have pri-
marily focused on the domains of atmospheric pollutants and greenhouse gas emissions
reduction, examining various scales from global [5,6] to national [7] and regional levels [8],
and spanning different sectors including power generation [9], steel production [10], ce-
ment manufacturing [11], and transportation [12]. Previous studies have predominantly
employed methods such as numerical simulation, correlation analysis, regression analysis,
and marginal abatement cost assessment to evaluate the synergistic effect of pollution
reduction and carbon mitigation across different countries and industries. While numer-
ical simulation proves highly valuable for predicting policy implementation outcomes,
its results represent simulated or projected values under assumed policy targets, lacking
retrospective analysis based on historical data [13]. Correlation analysis has provided
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empirical references for identifying efficient synergistic emission reduction strategies, yet
its evaluation results remain simulation values estimated based on engineering technical
parameters [14,15]. The methodological limitations of regression analysis, constrained
by its single-dependent-variable framework, permit only an isolated assessment of either
pollution abatement or carbon mitigation synergies, fundamentally precluding an inte-
grated evaluation of their combined effects. While extant studies have primarily focused on
end-of-pipe solutions, China’s dual advancement of water-efficient societal development
and low-carbon transition necessitates a paradigm shift toward production-embedded
mitigation strategies—particularly through energy mix optimization, economic model
transformation, and resource productivity enhancement—which are proving indispensable
for achieving systemic water—carbon synergy effect that transcends conventional pollution
control approaches [16]. Moreover, production factors such as capital, labor, and energy
exhibit certain degrees of substitutability, which collectively influence the operation of
the entire economic system [17]. Therefore, the assessment methodology for water saving
and carbon reduction synergies should adopt a total-factor productivity perspective to
comprehensively evaluate their synergistic effects.

Research on synergistic effects has gradually extended to the water—carbon nexus,
though such studies remain in the early developmental stage. The entire process of water
resource utilization—including extraction, transportation, and wastewater treatment—
consumes substantial energy and generates CO, emissions. For instance, Wakeel et al.’s
study on energy consumption in urban water systems across countries revealed that
China’s municipal water supply requires 0.29 kWh of energy per cubic meter [18], while
wastewater treatment consumes 0.25 kWh per cubic meter. Sowby et al. evaluated water
supply-related CO, emissions across ten major U.S. cities [19], showing that supplying one
cubic meter of water produces 21-560 g of CO, emissions, and that water conservation
could reduce annual emissions by 1200-65,000 metric tons per city. Valek et al. quantified
the water—energy nexus in Mexico City [20], demonstrating the feasibility of reducing
water supply to decrease both energy consumption and CO, emissions. A considerable
number of domestic studies have focused on the synergistic effects of pollution reduction
and carbon emission reduction. For instance, Gu et al. [21], based on data from nine
wastewater treatment plants in China, found that treating one cubic meter of domestic
sewage requires 13.38 L of water and generates 0.23 kg of carbon dioxide emissions. Zhao
et al. identified water systems as a major source of carbon emissions [22]. Zhu et al.
noted that urban water systems account for 12% of the total urban carbon emissions
during operation [23]. Meanwhile, numerous studies on the “water—carbon nexus” have
been conducted from the “water-energy-carbon (WEC) nexus” perspective for discussion.
Throughout the energy production chain—including coal mining and power generation—
water resources play indispensable roles in cleaning and cooling processes. Notably,
both energy production/consumption and wastewater treatment processes represent two
primary sources of CO, emissions [24,25], meaning intensive emission reduction measures
in resource- and energy-intensive industries can significantly influence both water usage
and carbon emissions [26]. Jin et al. evaluated the synergistic effect between energy
conservation and water saving [3], demonstrating that energy-saving measures in the
energy sector can yield significant water conservation benefits. Their study quantified
that energy conservation in the sector achieved water savings of 12.40 x 108 m3, while
water conservation measures resulted in energy savings equivalent to 1.12 x 10° tons of
standard coal. Industrial restructuring generates both push and pull effects, leading to
coordinated changes in water usage and CO, emissions [27]. Additionally, the development
and utilization of hydropower causes transformations in both energy mix and water source
composition, which in turn impacts CO, emission levels [28]. Li et al. demonstrated that
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expanding China’s wind power capacity to 200 GW could reduce carbon intensity by 23%
while conserving 800 million m® of water [29]. Zhang et al.’s assessment of the water—
carbon nexus in China’s thermal power sector revealed that adopting air-cooled units
would increase CO, emissions by 24.3-31.9 million tons but reduce water consumption by
832-942 million m? [30]. Feng et al. further quantified that transitioning from coal to low-
carbon renewable energy generation could achieve over 79% reduction in CO, emissions
and more than 50% decrease in water usage [31]. The existing research has consistently
demonstrated significant synergies between water consumption and CO, emissions in
industrial production processes [32]. Tan et al. identified a significant synergistic effect
between water conservation and carbon reduction [33]. Zhao et al. quantified water use
per unit of CO, emission, confirming substantial water—carbon synergy [34]. Zhang et al.’s
analysis of the water—energy—carbon nexus in the steel industry revealed that energy-
saving measures simultaneously reduce both water use and emissions [35]. Some scholars
have also explored the synergistic effects of water conservation and carbon reduction
through the lens of the water—carbon coupling relationship. For example, Yang et al.
analyzed the trends in industrial water use and CO, emissions in the Yangtze River Delta
region. They employed the coupling coordination degree and the LMDI (Logarithmic
Mean Divisia Index) decomposition method to quantify the effects of coordinated water
conservation and carbon reduction efforts [36]. These findings collectively prove that
water conservation effectively reduces CO, emissions, while decarbonization processes
conserve water, enabling the concurrent achievement of dual water saving and emission
reduction objectives.

Although some initial explorations into the synergistic effects of water conservation
and carbon reduction have been undertaken, the existing research still has significant
limitations. Studies on the synergistic effects of water conservation and carbon reduction
across different regions and industry sectors within the entire socioeconomic system re-
main relatively scarce. There has been no examination of the synergistic effects of water
conservation and carbon reduction from a full-factor perspective. Water conservation and
performance improvement can be seen as two sides of the same coin. However, few studies
have evaluated the synergistic effects of water conservation and carbon reduction from a
performance perspective. The spatiotemporal distribution characteristics are still unclear,
and the convergence and divergence trends remain to be revealed.

2. Synergy Effect Evaluation Methods

The current literature classifies energy—environmental performance measurement
methods into two categories: single-factor indicators and total-factor indicators [37]. Single-
factor indicators exhibit inherent limitations as they fail to account for input substitution
effects between energy and other production factors such as capital and labor [38]. Within
the neoclassical production theory framework, total-factor energy—environmental produc-
tivity measures that incorporate capital and other input factors have consequently gained
widespread development and application. The production process yields not only desir-
able outputs but also inevitably generates undesirable by-products simultaneously. It is
precisely this capability to jointly evaluate both desirable and undesirable outputs that has
made distance function methodology the predominant approach for measuring total-factor
energy—environmental productivity. However, the conventional approach requires the
proportional scaling of both desirable and undesirable outputs. To reconcile this inherent
conflict, Chung et al. developed the directional distance function (DDF) model [39]. The
DDF’s key advantage lies in its ability to simultaneously increase desirable outputs while
decreasing undesirable outputs within the production possibility set. Nevertheless, the
DDF maintains a restrictive assumption of strictly proportional changes—requiring equiv-
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alent rates of expansion for desirable outputs and contraction for both input factors and
undesirable outputs, which may induce “slack bias” [40]. To address this limitation, the
non-radial directional distance function (NDDF) was subsequently developed, relaxing the
rigid proportionality assumptions and allowing for non-uniform adjustments [41].

The NDDF (non-radial directional distance function) is a non-parametric efficiency
evaluation model based on the Data Envelopment Analysis (DEA) framework, primarily
used to measure the efficiency performance of decision-making units (DMUs) in multi-
input and multi-output systems. This model significantly improves upon the traditional
directional distance function (DDF) by constructing the production frontier through linear
programming and defining the efficiency value of DMU as the “directional distance” to
the frontier, thereby reflecting their potential for improvement. The NDDF model allows
for the simultaneous consideration of input reduction and output expansion, supporting
non-radial adjustments, which means that different variables can be optimized at different
proportions without any restrictions on the direction and proportion of increase or decrease
for each element, making it more flexible in dealing with complex multi-input and multi-
output systems.

The article constructs a quantitative model based on the perspective of emission
reduction performance, fully reflecting all factor attributes of the production process,
introducing water resources variables, constructing a non-radial distance function (NDDF),
considering the synergistic effect of two parameters, and measuring the performance of
water resource conservation and carbon dioxide emissions. By comparing the changes in
emission performance under separate water saving, separate carbon reduction, and water
saving and carbon reduction synergistic scenarios, a quantitative evaluation method for
water saving and carbon reduction synergistic effect is constructed from the perspective of
performance, providing methodological support for evaluating water saving and carbon
reduction synergistic effect.

2.1. NDDF Model Construction

We assume that there are i = 1,2, ...N regions as basic decision-making units (DMUs)
with a total of t = 1,2,...T periods. Each region inputs factors for production in each
period, resulting in expected output accompanied by unexpected output. This production
technology can be represented by P. In this article, considering the dual goals of water
conservation and carbon reduction, input factors are set to include capital (K), labor (L),
energy consumption (E;), and water usage (E;). The expected output is measured using
GDP (G), while unexpected output includes water consumption (W) and carbon dioxide
emissions (C). Drawing inspiration from Zhou et al., a non-radial distance function is
constructed [42]:

—

ND(K,L,Ey,Ep, G, W,C; ) = sup{wT,B . (K,L,E1,E2, Y, W, C) + g - diag(B) } eP (1)

The relaxation vector 8 = (Bx, BL, B, BE,Bc, Pw, Bc) > 0 is the ratio of expansion
and reduction in each input-output variable, w = (wK, Wr, WE,, Wg, WG, Wy, wc) T repre-
sents the weight of each input-output, and ¢ = (g, 1, §,, 85,86, §w. §c) is the direction
vector, representing the direction of the expected output expansion and the direction of the
input and unexpected output reduction.

The linear programming equation for solving the non-radial distance function is
as follows:
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The optimal solution  can be obtained by solving Equation (2). Its connotation is
to maximize the expected output and minimize the unexpected output, and the relative
importance of the maximum and minimum objectives is characterized by the weight
vector w.

2.2. Model Parameters and Weight Settings

In accordance with the orientation of the research objectives, to explore how decision-
making units (DMUs) can optimize their output structure under a given level of input,
the weights of the input variables are set to 0. This aligns with the “Fixed-input, Variable-
output” research paradigm and helps focus the analysis on the potential for efficiency
improvement on the output side. While maintaining the theoretical rigor of the model, by
fixing the input factors, the focus is more on changes in output rather than adjustments
in input. This also effectively simplifies the complexity of the model, making it easier to
understand and apply.

In sustainability assessment, economic benefits and environmental impacts are irre-
placeable. Therefore, setting equal weights (1:1) for desirable outputs (economic benefits)
and undesirable outputs (environmental impacts) ensures that the model does not pre-
suppose a value judgment prioritizing economic or environmental goals. This approach
prevents the assessment from leaning towards one aspect and avoids evaluation bias intro-
duced by subjective preferences. It also aligns with the OECD’s (2008) principle of policy
assessment neutrality.

Taking the case of individual water conservation as an example, the direction vector
and weight vector are set as follows:

®)

g=(-K, ~L, El, Ey, G, —W,0)
w’ =(0,0,0,0,1,1,0)

Similarly, the direction vector and weight vector for the coordinated situation of
individual carbon reduction, water conservation, and carbon reduction are as follows:

¢=(-K,—L,—E;,—E,,G,0,—-C) @
w™ =(0,0,0,0,30, 1)
{ ¢=(-K,—L —E,—E,G,—W,—C) 6
111
wl =(0,0,0,0,3,% 1)

Below is an example of the synergistic effect of water conservation and carbon re-
duction. The weight coefficients and direction vectors are input into the NDDF linear
programming equation to obtain the synergistic effect linear programming problem. The
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optimal solution of the relaxation variable B is solved according to different situations to
construct performance indicators.

o Co) 1 1 1
ND(K,L,E,G,W,C;g) = max(zﬁc + 18w+ 4;3(;)

N T N T
sty ¥ AipKip <K(1—Bk), = X AigLip < L(1—BL),

i=16=1 i=11=1
N T N T
‘21 tZl AitErir < E1(1 = BE,), ‘21 tZl AitEsiy < E2(1 = BE,) ®)
i=1t= i=1t=

i=1t=1
Aip>0,i=1,2,..N,t =1,2,..T

Bk, BL, BE,, By PG, Bw, Pc = 0

The relaxation variables for separate water saving and carbon reduction can be solved

T N T N T
21 AifGiy > G(1+ Bg), 121 tzl AigWip = W(1 = Bw), ¥ ¥ AiCip = C(1— Bc)
= i=1t=

in the same way, and will not be repeated here.

2.3. Construction of Performance Indicators

In order to more intuitively reflect the individual water conservation, carbon reduction,
and the synergistic effect of the two, based on solving the relaxation variable and referring
to existing literature [32], the efficiency improvement ratio based on DEA measurement
is introduced, and two performance indicators, Water Conservation Performance Index
(WEPI) and Carbon Reduction Performance Index (CEPI), are introduced. Their calculation
formulas are as follows:

- G/W 1-pw
W = (G BaC) /(W = PwW) — 1+ fo @)
CEPI = G/C _ 1= )

(G+BcG)/(C—pcC)  1+pc

In the formula, WEPI is the ratio of the expected output under actual unit water
consumption to the expected output under potential unit water consumption, and CEPI is
the ratio of the expected output under actual unit CO, emissions to the expected output
under potential CO, emissions. Obviously, the sizes of both are between 0 and 1. The larger
the value, the higher the energy performance and the expected output per unit of energy
consumption; B¢ is the expansion ratio of regional gross domestic product (G) when the
decision-making unit performs efficiency improvement, Byy is the reduction ratio of water
consumption when the decision-making unit performs efficiency improvement, and B¢ is
the reduction ratio of CO, emissions when the decision-making unit performs efficiency
improvement.

2.4. Quantitative Model for Synergistic Effect of Water Saving and Carbon Reduction

Based on the measured water saving and carbon reduction performance, a coupled
coordination model is constructed to characterize the synergistic effect of the two. Following
the approach of Tian Yun et al., the coupling degree D is first calculated using the following
formula [43]:

D =2yWxC/(W+C) )
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In the formula, W is the water saving performance indicator calculated in the previous
text, and C is the carbon reduction performance indicator. Based on this, a quantitative
model for synergistic effect is further constructed, as shown in formula (10).

{S—\/DXT

T =aW+BC 10

In the formula, S represents the synergistic effect of water conservation and carbon
reduction, T is the comprehensive development evaluation index of water conservation
performance and carbon reduction performance, « and § are undetermined indices, and
« + B = 1. Both reflect the contribution of water conservation and carbon reduction to
collaborative development. Considering the equal status of water conservation and carbon
reduction, the values of « and f8 are evenly divided into 0.5.

2.5. Analysis of Spatial Convergence and Aggregation

Convergence analysis is employed to examine whether variables tend toward a stable
state over time. In this study, o-convergence is utilized to reflect the dispersion degree of
the research variables, analyzing and testing the spatial convergence of synergistic effect at
the interprovincial level. The calculation formula is as follows:

" (11)
g = —
St

\/nll i (Sip —S1)?

In the formula, 7 is the number of provinces, S;; is the synergy effect of the i-th
province in year , and S; is the average interprovincial synergy effect in year ¢. The criterion
for determination is as follows: if 0,11 < 03, it indicates the presence of o-convergence
(i.e., regional disparities are diminishing); if 011 > 03, it signifies o-divergence.

To thoroughly investigate the spatial clustering patterns of water saving and carbon
reduction synergy effect across China’s provincial regions, this study employs the Local
Moran’s I index to identify spatial autocorrelation characteristics. The core methodology
involves calculating the similarity degree between each spatial unit and its neighboring
units, thereby determining the existence of significant spatial associations and revealing
high-value or low-value clustering patterns. The calculation formula for the Local Moran’s

Iindex is as follows: -
(Si—5) & z
I = Y wii(S;i—S
! Vur(S) i=1 l]( 4 ) (12)

Var(S) = %;1 (S — 5)?

The output indicators of the Local Moran’s I index include Local Moran’s I, Z-Score,
PValue, and COType. The clustering area and abnormal area are distinguished by the
positive and negative values of Local Moran’s I. When the value of Local Moran’s I is
positive, it is displayed as a clustering area, otherwise it is an abnormal area. The absolute
value of Z-Score can reflect the randomness of regional spatial patterns, and the larger
its absolute value, the more significantly the spatial pattern (clustering or anomaly) of
the observed values deviates from the random distribution. Using PValue to define the
significance of spatial patterns, the smaller the value, the more significant the spatial
pattern is considered. COType refers to the four types of spatial patterns, namely High
High Cluster (H-H), Low Low Cluster (L-L), High Low Outlier (H-L), and Low High
Outlier (L-H), representing hot spot areas, cold spot areas, and outlier areas, respectively.
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2.6. Data Source and Explanation

This paper selects panel data from 30 provinces in China (excluding Xizang, Hong
Kong, Macao, and Taiwan), mainly based on the following considerations: First, ensure the
availability and consistency of data. The availability and refinement of provincial data are
relatively high, which can more accurately account for carbon emissions, water resource
consumption, and energy use. Secondly, the selected 30 provinces cover the three major
economic belts of eastern, central, and western China, with spatial representativeness and
accounting for over 95% of the country’s land area and over 99% of the total population.
They can comprehensively reflect the commonalities and differences in the coordinated
development of water conservation and carbon reduction in different regions of China.

This article selects a time span from 2000 to 2021 to maintain data continuity and avoid
the impact of missing or interrupted data on research results, which is beneficial for more a
accurate analysis of long-term trends and intrinsic relationships between variables; At the
same time, a longer time span covering multiple economic cycles can more comprehensively
reflect the changes in the input-output efficiency of the economic system in different
states, which helps to analyze in depth the long-term structural factors and short-term
random factors that affect production efficiency, thus providing a basis for formulating
more scientific and reasonable policies and management measures.

The water consumption data used in the article are sourced from the “Water Re-
sources Bulletin” of various provinces over the years, the labor and economic output data
are sourced from the “National Economic and Social Development Bulletin” of various
provinces over the years, and the capital stock data of each province is sourced from the
“Statistical Yearbook”. Among them, the capital stock input factor is based on 2005 as the
initial year. This article refers to Zhang Jun'’s perpetual inventory method to calculate the
capital stock [44], and the specific calculation formula is as follows:

=1+t + 1 (13)

In the formula: x; is the capital stock in year ¢; I is the investment for year ¢; and ¢ is
the depreciation rate of fixed assets.

3. Result Analysis

3.1. Comparison of Individual Water Conservation and Carbon Reduction with
Collaborative Performance

The national WEPI is 0.061. From 2001 to 2002, WEPI showed a decline, and from
2002 to 2021, it showed a continuous upward trend, increasing from 0.015 in 2002 to 0.103
in 2021, an increase of 5.9 times. WEPI fluctuated slightly from 2018 to 2019, possibly
due to the “National Water Conservation Action Plan” jointly released by the National
Development and Reform Commission and the Ministry of Water Resources in 2019, which
was guided by “policy guidance, market orientation, and innovation drive”, proposing
measures such as establishing and improving incentive mechanisms, strengthening social
capital investment, supporting water conservation service enterprises, and promoting the
development of water conservation industries, further promoting water conservation work
throughout society.

The average CEPI is 0.052. In the early stage, due to the initial stage of carbon
reduction work, the effects of policies and measures have not yet fully manifested, and
their changes have tended to stabilize. After 2003, CEPI maintained an upward trend,
and the rate of increase has increased since 2010, with a growth rate of 89.0%. It may
be due to the National Development and Reform Commission’s release of the “Notice
on Launching Carbon Emission Trading Pilot Work” in 2011, which initiated the pilot
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work of carbon emission trading. In 2020, China proposed the “dual carbon” goal, and in
2021, the national carbon emission trading market was launched and put into operation.
Through market mechanisms, enterprises were incentivized to reduce carbon emissions,
increasing carbon reduction efforts and thus promoting further improvement in carbon
reduction performance.The temporal variation characteristics of individual water-saving
and individual carbon reduction performance are shown in Figure 1.
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Figure 1. Time-varying graphs of individual water saving and carbon reduction performance.

To comprehensively consider the “individual” performance and “collaborative” per-
formance, the sum of the water saving performance and carbon reduction performance
in the collaborative water saving and carbon reduction state is defined as collaborative
performance, i.e., “1 + 1”. The sum of the water saving performance in the individual water
saving state and the carbon reduction performance in the individual carbon reduction
state is defined as individual performance. The changes in individual and collaborative
performance in China and seven major regions are shown in Figure 2. From 2000 to 2021,
at the national level, both individual and collaborative performance showed an overall
upward trend, indicating a significant improvement in water conservation and carbon
reduction over time. At the same time, the collaborative performance value is generally
higher than the sum of individual performance, and collaborative performance has obvious
advantages compared to individual performance. Moreover, the growth rate of collabora-
tive performance in the later stage is relatively fast, with less volatility, showing a more
stable growth trend.

T e 5 [r—
T T [ —
I Coiborae [ Coteornive performance B Colsoraiv pcfomance B Colorine perfomanee)

0s

03

o

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

//‘
of|
|

|

030

rolper ol
o
" 06
os
0as s
£ [ zo fos
fon i 3
¢ 2.
s
o
il
po PRy , ) | ;

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
Vear Vear
(@)Nadional Scape. ®North China

Value

Year
(@WNortheast China (@Central China

il performance
N Colshorstive performance

025

0

o0, Los o

H 3 303

Sos Soa J

Ml | il =1 il
o0

0 1ol ]
=1 1IN | «f NI A

vmm 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

Year
(DNorthmest China (@)East China (W)Southwest China

Figure 2. Individual and collaborative performance.
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The “collaborative” performance in all the regions of the country is greater than the
sum of the “individual” performance, that is, “1 + 1 > 2” exists, and there is a character-
istic of first fluctuation and then stability. Over time, the improvement of collaborative
performance in most regions is greater than that in the initial stage. The growth rate in
North China increased from 62.7% to 101.8%, Northeast China increased from 52.7% to
109.1%, East China increased from 79.4% to 98.1%, Southwest China increased from 58.9%
to 100.6%, and Northwest China increased from 72.6% to 95.4%, achieving an improvement
in collaborative performance growth. The collaborative promotion of water conservation
and carbon reduction work can more effectively integrate and optimize the allocation
of related resources, fully tap into the potential of resources, achieve the dual goals of
water conservation and carbon reduction, and improve resource utilization efficiency and
work efficiency.

3.2. Temporal Evolution of Water Saving and Carbon Reduction Synergistic Effect

The synergistic effect quantification model further yields the water saving and carbon
reduction synergy values. At the national level, the average synergy effect reached 0.231.
Due to imperfect coordination mechanisms and the ongoing exploration of policies and
technical measures during the initial stage, the synergy effect experienced significant
fluctuations, dropping sharply from 0.244 in 2000 to 0.149 in 2002. From 2002 to 2018, it
showed continuous and rapid growth, increasing from 0.149 to 0.216, demonstrating a
visible synergistic effect. Although the growth rate slightly slowed from 2018 to 2021, it
maintained an upward trend. The temporal evolution of the synergy effect at both national
and regional levels is illustrated in Figure 3.
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Figure 3. The evolution of water saving and carbon reduction synergistic effect at the national and
regional levels.

During the period 2000-2021, significant synergistic effects were observed across
all the regions, exhibiting an overall trend of initial decline followed by growth, which
aligns with the evolutionary pattern of national-level water saving and carbon reduction
synergy effect.
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During 2000-2007, Northeast China experienced significant synergy effect fluctuations
characterized by an initial sharp decline followed by stabilization, attributable to delayed
economic restructuring that maintained the dominance of energy- and water-intensive
heavy industries, resulting in high resource consumption, slow improvements in water-use
efficiency, and persistently high carbon emission intensity. Other regions demonstrated
distinct patterns: North, East, Central, and Southwest China all showed short-term fluctu-
ating declines before achieving remarkable growth at rates of 75.9%, 113.8%, 106.2%, and
104.0%, respectively, with East China exhibiting the most pronounced synergy enhancement
driven by robust development in high-tech industries and modern services. Northwest
China followed a similar but more moderate trajectory of initial decline followed by
gradual recovery.

At the provincial level, provinces generally showed a downward trend during
2001-2007, while exhibiting a basically stable growth trend during 2007-2020 with only a
few exceptions.

The synergy values of municipalities directly under the central government such as
Beijing, Tianjin, and Shanghai maintained continuous and rapid growth, while coastal
economic powerhouses like Jiangsu, Zhejiang, and Fujian showed steady growth in synergy
effect, all surpassing the national average. Among major economic provinces, Shandong’s
synergy value increased from 0.156 in 2001 to 0.306 in 2020, and although Guangdong’s
synergy value fluctuated, it generally remained at a relatively high level. Provinces with
active development in economy, technology, and other aspects including Hebei, Jiangxi,
Hainan, Guangxi, and Yunnan saw varying degrees of increase in their synergy values. In
recent years, the state has increased policy support and financial investment in the central
and western regions, driving significant growth in synergy effect in key western areas
like Chongqing and Sichuan. However, Liaoning, Jilin, and Heilongjiang experienced
fluctuating declines to varying degrees, and as resource-based provinces, Shanxi and
Inner Mongolia showed more obvious downward trends, with their final synergy values
being lower than the national average. The evolution process of synergistic effects among
30 provinces and cities is shown in Figure 4.

] ol

j

e

=

= |

R ——
é@ﬂﬂﬂnﬂﬂmﬂﬂ@ﬂﬂﬂ I §55hnﬂﬂgnnnn@ﬂﬂﬂ(f Mol | ; Hﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬁ
s bl ol Mot ol
ookl b Wi ol Wl

Figure 4. Evolution of synergistic effect across 30 provinces and municipalities.
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3.3. Spatial Distribution Patterns of Water Saving and Carbon Reduction Synergistic Effect

At the regional level, Northwest China’s arid climate and water scarcity have resulted
in relatively higher difficulty and cost for water conservation, coupled with the region’s
heavy reliance on high-carbon fossil fuels like coal in its energy mix, leading to substantial
carbon emissions from energy consumption. These factors collectively constrain the water—
carbon synergy, yielding a below-average synergistic effect of 0.213. While Northeast
China’s synergy effect (0.247) exceeds the national average, it remains comparatively lower
than other regions. In contrast, East China (0.294), North China (0.307), and South China
(0.358) demonstrate significantly better performance in achieving water saving and carbon
reduction synergies.

The synergistic effect values of each province/municipality in key years are shown
in Figure 5. From 2001 to 2007, the distribution of synergistic effect underwent significant
changes, with high-value areas shifting from the western to eastern regions and from the
northern to southern parts of China. Between 2013 and 2020, the disparities both within
the northern regions and between the northern and southern regions gradually narrowed,
indicating a stabilization trend in the spatial distribution of synergistic effect values.
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Figure 5. Synergistic effect values by province/municipality in key years.

Overall analysis reveals distinct spatial patterns in synergistic effect: The southern
provinces generally demonstrate higher values with faster growth rates, while the perfor-
mance gaps among the high-performing southern regions have progressively narrowed. In
contrast, the northern regions like Inner Mongolia and Shanxi showed initially elevated but
ultimately stagnant synergy values with limited growth momentum. Regional disparities
persist between the eastern and western areas, with the coastal eastern provinces transi-
tioning from single-pole dominance (led by Guangdong and Shanghai) to multi-center
collaboration, while the western provinces exhibit growing divergence. Spatially, the
high-value clusters of synergistic effect have systematically shifted from the northern to
southern regions, developing a “southern acceleration and polarization versus northern
structural lock-in” dynamic over time. This evolution has stabilized into a clear spatial
pattern characterized by “higher values in southern and eastern regions versus lower
values in northern and western areas”.
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3.4. Convergence of Water Saving and Carbon Reduction Synergistic Effect

Due to significant disparities in regional resource endowments and production condi-
tions, coupled with divergent development trajectories, this study quantitatively analyzes
the convergence characteristics of water saving and carbon reduction synergistic effects.
As illustrated in Figure 6, the ¢ convergence index demonstrates an 11.5% decline at the
national level, decreasing from 0.462 in 2000 to 0.409 in 2021, indicating an overall reduction
in interprovincial disparities. However, this convergence process exhibits a distinctive
three-phase pattern: (1) rapid convergence phase, (2) fluctuating rebound phase, and
(3) platform adjustment phase. The analysis reveals stronger convergence tendencies
during the earlier stages, while accelerated economic development in the later periods
has gradually amplified spatial heterogeneity among provinces, leading to weakened
convergence effects.
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Figure 6. Temporal trends of spatial convergence indices at national and regional levels.

The convergence characteristics across regions exhibit distinct temporal patterns.
In North China and South China, the convergence shows relatively large fluctuations.
The ¢ trend in North China resembles the national pattern, demonstrating a U-shaped
rebound—initially decreasing then significantly increasing, indicating pronounced late-
stage divergence. Notably, North China recorded the highest o value nationwide in 2021,
with the smallest overall reduction between initial and final periods at just 1.01%. South
China displays an inverted U-shaped pattern: early o values fluctuated upward due to
the coexistence of Guangdong’s export-driven economic recovery and Guangxi’s lower
efficiency, peaking at 0.727 in 2008, which reflected substantial intra-regional disparities
and significant divergence among provinces. Subsequently, the values gradually stabilized,
demonstrating Guangdong’s leading and radiating effects. Northwest China shows rela-
tively gradual convergence, with the ¢ values changing from 0.301 in 2000 to 0.242 in 2021,
a 19.6% decrease. Southwest China exhibits weak convergence trends, with the values
decreasing by 5.8%. Northeast China, East China, and Central China demonstrate better
convergence outcomes with notable spatial convergence. Their ¢ value reductions reach
68.2%, 69.8%, and 85.7%, respectively. Central China achieved the nation’s lowest ¢ value at
0.028 in 2009 and maintained stability after 2013, reflecting development level convergence
among provincial units in the region. Northeast China shows a fluctuating decline with
somewhat prominent volatility, while East China’s convergence ¢ values display a stepwise
decreasing pattern.
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3.5. Spatial Aggregation Characteristics of Water Saving and Carbon Reduction Synergistic Effect

The convergence analysis reveals the temporal variation of overall disparities but fails
to capture local interdependencies among spatial units. The Local Moran’s I index was
employed to examine spatial clustering, further identifying whether high-value or low-
value spatial agglomerations exist. Overall, Figure 7 clearly demonstrates significant spatial
clustering characteristics of water saving and carbon reduction synergistic effects across
China’s provinces. When provinces with a high synergistic effect are surrounded by other
high-value provinces, distinct “high—high” clusters emerge; conversely, when low-value
provinces are bordered by other low-value provinces, clear “Low-Low” clusters form. As
shown in Figure 7, the “high—high” clusters are predominantly distributed in the eastern
and southeastern coastal regions, primarily encompassing Fujian and Jiangxi provinces,
establishing positive spatial autocorrelation and serving as exemplary models. In contrast,
the northwestern regions, mainly Qinghai and Xinjiang provinces, exhibit “low—low”
clustering patterns. Although their synergistic effect remains relatively underdeveloped,
they similarly demonstrate positive spatial autocorrelation. Notably, the analysis reveals
no “high-low” or “low-high” clusters, indicating the absence of significant spatial outliers.
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Figure 7. Local Moran’s I map of synergy effect.

Among these regions, Fujian and Xinjiang exhibit relatively strong spatial autocorrela-
tion, with Local Moran’s I values of 0.648 and 0.490, respectively, indicating high similarity
in attribute values with their neighboring areas. Jiangxi and Qinghai demonstrate weaker
but still statistically significant local spatial clustering, with Local Moran’s I values of 0.170
and 0.192. The Z-Scores for Fujian (2.096), Jiangxi (1.956), Qinghai (1.603), and Xinjiang
(1.696) all exceed the threshold of 1.6, effectively ruling out the possibility of random
spatial clustering. Furthermore, the p-values for these provinces range between 0.015 and
0.046 (all below 0.05), providing additional confirmation of statistically significant spatial
aggregation patterns.
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4. Discussion
4.1. Why Is "1 + 1 > 2”? Are There Significant Differences Among Different Regions?

According to the calculation results presented above, the characteristic of “1 +1 > 2"
is reflected at both the national and regional levels. At the national level, the collaborative
performance is 87.1% higher than the individual performance. Among all the regions, the
South China region has the highest growth rate of collaborative performance compared to
individual performance, reaching 106.3%, which is far above the national average level. The
main reason is that considering the dual goals of water saving and carbon reduction in a
coordinated manner can integrate resources, achieve optimal allocation, and maximize the
utilization efficiency. It can also promote technological complementarity and innovation,
improve policy implementation efficiency, realize economies of scale, and share risks,
thereby achieving more efficient water saving and carbon reducing effects.

Although the collaborative performance values of all the regions are generally higher
than the individual performance values, there are differences in the collaborative perfor-
mance values and growth rates among different regions. Among them, the North China,
South China, and East China regions have higher collaborative performance values. The
North China region shows the most significant trend of first decreasing and then increasing.
The South China region, with its vibrant market economy, has frequent fluctuations in
its collaborative performance value. Meanwhile, technological progress and innovation
provide support for the improvement of performance values, resulting in a steady increase
in its collaborative performance value since 2016. The East China region, with its devel-
oped economy and a high degree of opening up, can attract more external resources and
cooperation opportunities. Its performance growth started earlier and is relatively faster.
The sharing of resources and complementary advantages within the region promotes the
synchronous improvement of collaborative performance, making the collaborative perfor-
mance values of the Central China and Southwest China regions relatively synchronized.
The collaborative performance values of the Northeast and Northwest regions are rela-
tively low. The Northeast region, which underwent industrial structure adjustment in the
early stage, experienced a significant decline in its collaborative performance value. The
Northwest region, with its weak economic foundation and relatively slow technological
progress, and a relatively stable policy environment, shows stable and slow growth in its
collaborative performance.

4.2. Why Does the Synergistic Effect Exhibit a Spatially Clustered Distribution of “High in the
Southeast and Low in the Northwest” Across Different Regions?

The o-convergence analysis in this study reveals the temporal variation characteristics
of spatial disparities among China’s regions. The seven major regions of China can be
classified into three categories: significant convergence regions, slow convergence regions,
and divergent regions. Specifically, Northeast China, East China, and Central China
exhibit notable spatial convergence, with provincial development levels gradually aligning,
categorizing them as significant convergence regions. Northwest China shows a relatively
slow convergence trend, while Southwest China demonstrates weak convergence, reflecting
a lag in balanced development and thus classifying them as slow convergence regions.
In contrast, South China recorded the highest nationwide divergence value during the
mid-term period, indicating significant disparities among its provinces, whereas North
China experienced a marked increase in divergence in later stages, reflecting widening
intra-regional differences—both regions are thus identified as divergent regions.

Recognizing that a single convergence indicator may obscure spatial heterogeneity, this
study incorporates the Local Moran’s I Index for spatial clustering analysis to identify the
significance of regional spatial aggregation patterns. Fujian and Jiangxi exhibit high-high
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clustering characteristics, indicating a high degree of similarity with neighboring provinces
in the observed variables. In contrast, Qinghai and Xinjiang display low—low clustering
features, reflecting their low-level consistency with adjacent regions. Notably, no “high—
low” or “low-high” outlier clusters were detected, suggesting that spatial correlations
between provinces and their surrounding areas are primarily characterized by coordinated
variation rather than significant disparities.

Since the convergence analysis and agglomeration analysis reflect the different con-
cepts of “whether the differences are narrowing” and “whether there is spatial dependence”,
respectively, by considering the results of both analyses, it is found that although the North-
east and Central China regions show convergence in space, they have not formed local
high-/low-value clusters, which to some extent reflects the characteristics of homogeneous
development. However, the Northwest region shows agglomeration without convergence
due to the existence of growth polarization.

The agglomeration characteristics of the synergistic effect among provinces and cities
nationwide show significant spatial differences in the clustering of high and low values.
This spatial distribution pattern is shaped by the combined influence of various factors,
including natural conditions and resource endowments, economic development and in-
dustrial layout, population density and urbanization levels, and geographical location and
external cooperation. In other words, it is driven by the triple forces of “nature, economy,
and policy.” The high-value agglomeration (H-H) in the southeast is the result of the com-
bined effects of favorable natural conditions, high economic levels, and strong policy and
technological support. In contrast, the low-value agglomeration (L-L) in the northwest is
constrained by resource shortages, extensive industrial practices, and lagging technology.

Water saving and carbon reduction synergy effect, as a key pathway to achieving the
dual-carbon goals, is not only subject to the rigid constraints of water resource distribution
but also relies on the transformation momentum provided by regional economic develop-
ment levels. It is essential to explore the consistency between the synergy effect and the
spatial distribution of water resources and economic benefits:

(1) Partial Consistency and Significant Exceptions with Water Resource Distribution

High Synergy-High Water Resources Areas: Southern provinces such as the Yangtze
River Delta (Jiangsu, Zhejiang) and the Pearl River Delta (Guangdong) have abundant
water resources (Yangtze and Pearl River basins) and high synergy effect values.

Low Synergy-Low Water Resources Areas: The arid northwestern region (Xin-
jlang, Qinghai, Ningxia) has scarce water resources and long-term lowest synergy effect
values nationwide.

High Synergy—Low Water Resources Areas: Municipalities directly under the central
government like Beijing and Shanghai have water scarcity but maintain a high synergy
effect through inter-regional water transfer and policy advantages.

Low Synergy-High Water Resources Areas: Some southwestern provinces (e.g., Yun-
nan, Guizhou) have abundant water resources but relatively low synergy effect values,
indicating that water resources are not the sole determinant of the synergy effect.

(2) High Consistency with Economic Benefit Distribution

High Synergy-High Economic Effect Areas: Eastern coastal economic powerhouses
(Guangdong, Jiangsu, and Zhejiang) lead in both synergy effect and economic level. Eco-
nomic agglomeration effects promote the cross-regional flow of resources, technology, and
talent. The high value-added industries (finance and technology) in municipalities (Beijing
and Shanghai) further reinforce the mutual enhancement of the economy and synergy.

Low Synergy-Low Economic Effect Areas: Economically lagging regions in the north-
west (Qinghai and Xinjiang) and southwest (Guizhou) generally have low synergy effect
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values. Their weak economic foundations result in insufficient demand and capacity
for collaboration.

4.3. Policy Implications

(1) Formulating regionally differentiated policies based on heterogeneous synergistic
effects

For regions with high synergistic effects (e.g., Beijing, Shanghai, and Guangdong),
policies should further leverage their leading role in driving innovation resource spillover
to neighboring areas, thereby enhancing regional collaborative development. In contrast,
regions with low synergistic effects (e.g., Ningxia, Xinjiang, and Qinghai) require strength-
ened infrastructure development, optimized industrial layouts, and targeted policy support
to attract talent and capital, ultimately improving their regional coordination capacity.

(2) Targeting clustered regions as strategic breakthroughs, this study proposes differenti-
ated approaches to enhance synergistic effect.

For high-high clusters (e.g., Fujian and Jiangxi), policy priorities should strengthen
regional connectivity and amplify spillover effects through technology diffusion, talent
mobility, and data-sharing platforms, thereby transforming spontaneous coordination
into strategic pivots, while guarding against “siphon effects” that may excessively drain
neighboring resources; for low—low clusters (e.g., Qinghai and Xinjiang), key measures
include ecological value conversion, precision industrial upgrading, and cross-regional
compensation mechanisms (e.g., “Western Water-Eastern Carbon” bilateral compensation)
to break path dependence.

(3) Focusing on key influencing factors to strengthen the convergence trend of synergistic
effect

The convergence of water-carbon synergy is affected by technological maturity and
compatibility, economic scale and industrial structure, natural and social conditions, and
inter-regional cooperation. To enhance this convergence, multidimensional interventions
are required across technology, policy, economics, and social dimensions. Technologically,
priority should be given to developing integrated systems like photovoltaic drip irrigation
and wastewater energy recovery, combined with digital platforms for dynamic resource
allocation optimization. Policy-wise, it is crucial to design water—carbon bundled indicators
and link water rights with carbon trading markets. Concurrently, water—carbon coupling
models should be established to evaluate policy effectiveness while actively incorporating
international best practices. Through data transparency, policy flexibility, and equity
safeguards, the water—carbon synergy can evolve from fluctuation to stable convergence,
achieving dual environmental and economic benefits.

4.4. Research Prospects

This study has preliminarily explored the comparative relationship between individual
and collaborative water saving and carbon reduction performance at the national and
provincial levels, the characteristics of changes in synergistic effect, and their spatial
distribution. It aims to provide a scientific basis for formulating more effective water saving
and carbon reduction policies. The future research directions and prospects are as follows:

(1) Focus on intra-regional differences and explore effective models of collaborative
water saving and carbon reduction efforts in different types of cities. There are
significant differences in economic development levels, industrial structures, resource
endowments, and environmental carrying capacities across regions, all of which can
affect the performance of water saving and carbon reduction initiatives. Therefore,
future research could analyze the collaborative effects of water saving and carbon
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reduction efforts based on different types of cities (such as industrial cities, tourist
cities, and agricultural cities) and summarize effective models of collaborative water
saving and carbon reducing efforts for different types of cities.

(2) Conduct a systematic analysis of the specific driving factors behind the changes in
the synergistic effect of water saving and carbon reduction efforts. The changes in
synergistic effects are influenced by a variety of factors, including policy orientation,
technological progress, public awareness, and market mechanisms. Future research
can identify the key driving factors affecting the changes in synergistic effects through
both quantitative and qualitative analyses, and explore how these factors interact
with each other to jointly influence the synergistic effect of water saving and carbon
reduction efforts.

(3) Compare domestic and international management cases. By comparing successful
cases of water saving and carbon reduction efforts both domestically and internation-
ally, summarize the experiences and lessons learned in collaborative management
from different countries and regions. Conduct comparative analyses in terms of policy
design, implementation process, and effectiveness evaluation, and distill experiences
and practices that can be referenced in China, providing new ideas and insights for
China’s collaborative management of water saving and carbon reduction efforts.

5. Conclusions

Based on water saving and carbon reduction performance data at the national and
regional levels from 2000 to 2021, this study systematically analyzed the temporal evolution
patterns, spatial distribution characteristics, and convergence trends of the synergy effect,
and explored its driving mechanisms and policy implications. The main conclusions are
as follows:

(1) The collaborative performance is significantly better than the individual performance,
showing the characteristic of “1 + 1 >2".

At the national level, both the collaborative and individual performances in water
saving and carbon reducing efforts show an upward trend. The average collaborative per-
formance (0.212) is significantly higher than the individual performance (0.114). Moreover,
the increase in collaborative performance is more pronounced in most regions, which re-
flects the high efficiency of collaborative promotion in integrating resources and achieving
dual goals.

(2) The temporal evolution of the synergistic effect in most provinces and cities shows a
trend of fluctuating upward.

Nationally, although the synergistic effect value initially fluctuated significantly, it has
been on a continuous upward trend since 2002, with the growth rate stabilizing after 2018.
In different regions, from 2000 to 2021, the synergistic effect was significantly present and
exhibited a similar evolution trend of first decreasing and then increasing as the national
synergistic effect of water saving and carbon reduction efforts.

(3) At the national level, the spatial convergence of the synergistic effect shows a “three-
stage” change trend, and the convergence changes in different regions have different
characteristics.

From 2001 to 2007, there were significant spatial distribution changes in the synergistic
effect values, with high values shifting from the west to the east and from the north to
the south. Between 2013 and 2020, the distribution of synergistic effect values tended to
stabilize. Analyzing the spatial convergence of the synergistic effect at the national level,
the provinces initially showed strong convergence, but later, with the rapid economic
development, the spatial differences among different provinces gradually increased, and
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the convergence gradually weakened. Considering the regions separately, East China and
Central China achieved the best convergence results (with a reduction of over 68%), while
North China and South China showed significant differentiation, and Northwest China
had slow convergence.

(4) The spatial agglomeration distribution of the synergistic effect shows the characteristic
of being “high in the southeast and low in the northwest.”

The southeastern coastal areas (such as Fujian and Jiangxi), with their developed
economies, advanced technologies, and strong policy coordination, form a “high—high”
agglomeration with significant demonstration effects. The northwestern regions (such as
Qinghai and Xinjiang), constrained by resource shortages and extensive industrial practices,
show a “low-low” agglomeration.
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Abstract: The assessment of streamflow patterns and their complexity variations across multiple
timescales within river basins is a crucial aspect of water resource management and policy formu-
lation. In this study, the Hurst coefficient, Mann-Kendall nonparametric test method, streamflow
pattern indices, and sample entropy (SampEn) analyses were used to investigate the streamflow
pattern in the whole Yangtze River basin at annual, monthly, and daily scales. The results show that
with the increase in the time resolution, the streamflow shows more complex changing characteristics
and streamflow changes more obviously on the monthly timescale than on the annual one. The
annual mean streamflow decreases only in some of the tributaries, while the monthly streamflow
shows significant increasing trends in the dry season and significant decreasing trends in the late wet
season in almost the whole basin. Results also show that the minimum extreme streamflow indices
increase in almost the whole basin. The maximum indices show decreasing trends in most of the
tributaries and the Yichang gauge in the main reach. The streamflow complexity in the tributaries
is higher and the complexity increases from upstream to downstream along the main reach in the
basin. Along the main reach, the average SampEn increases downstream of the reach with values
of 0.05, 0.07, 0.10, 0.12, 0.14, and 0.14 at Shigu, Pingshan, Cuntan, Yichang, Hankou, and Datong,
respectively. These findings are helpful for understanding the hydrological characteristics and water
resource management in the Yangtze River basin.

Keywords: streamflow indices; different timescales; complexity analysis; Yangtze River basin

1. Introduction

Streamflow is a major path linking land and ocean for water, energy, and nutrients,
which plays an important role in the natural water cycle and ecosystem health [1-3]. Stream-
flow changes could affect water resource availability and the biogeochemical processes in
river systems [4]. The maintenance of environmental streamflow for natural water bodies
is essential for sustainable ecosystem services [5]. Meanwhile, rivers are also important
habitats for human survival and development. Hydrological regime changes could have
significant effects on water supply, irrigation, flood control and electric power produc-
tion [6,7]. Investigating streamflow index changes is especially important for understanding
hydrological mechanisms and water resource management.

Many studies have shown that streamflow around the world has been affected both
by climate change and human activities in the past and will be affected by them in the
future, which has received much attention [8-10]. For example, Zhang et al. found that
streamflow decreases mainly in northern China and the upper reaches of the Yangtze
and the Pearl River basins and significant decreasing streamflow was found in the Yellow
River, the Liaohe River, and the Haihe River basins in China [11]. The characteristics of
streamflow, including changing trends, abrupt points, complexity, etc., are often diversified
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over different time scales [12-14], and are also different between upstream and downstream
areas in a certain basin, especially for the large basins [15,16]. As far as we know, policy
makers are continuously seeking to know more about the characteristics of streamflow
index changes under changing environments for different management purposes. For
example, water supply management departments focus on the spatiotemporal variations in
water resources on monthly or annual scales, while emergency management departments
urgently need to obtain the runoff changes and the regional flood composition over a
short duration for flood control. Hence, it is necessary to find the potential hydrological
characteristics and their spatiotemporal variations over different scales in a river basin.

The Yangtze River basin (YRB), the world’s third largest river basin, spans 19 provinces
and includes the eastern, central, and western economic zones of China. Fluctuations in the
streamflow of the Yangtze River have a profound impact on both the local socio-economic
landscape and the ecological environment. For example, the severe drought that hit the
middle and lower reaches of Yangtze in 2011 caused water levels to drop to historic lows,
severely affecting agricultural irrigation, urban water supply, and navigation safety [17].
Understanding streamflow patterns at multiple timescales is essential for monitoring water
resources and making adaptive management strategies to mitigate impacts on agriculture,
socioeconomics, and nature. Previous studies showed that the streamflow along the main
reach of the Yangtze River has experienced significant changes in recent decades due to
environmental factors and human activities, indicating that the discharge series are non-
stationary [18,19]. Jiang et al. [20] showed that streamflow increased in the headwater
of the YRB, while it had little influence downstream. Gao et al. [21] indicated that flow
regime changes vary in different seasons in the upper reaches of the Yangtze River; annual
streamflow decreased in the period from 1961 to 2008, while autumn streamflow evidently
decreased after the 1980s. Zhang et al. [22] showed a significant increase in streamflow
in the middle of the Yangtze River by analyzing the streamflow indices at three stations,
namely Yichang, Hankou, and Datong. Previous studies have also analyzed hydrological
characteristics and their changes caused by the operation of the Three Gorges Dam in the
lower reaches of the Yangtze River, showing that the water level and discharge significantly
increase during most months from January to March and significantly decrease from August
to November, and the date of the start of the dry season has been advanced in the lower
reach [23,24]. Recently, some studies have also investigated the spatial distribution and
dynamic changes in streamflow complexity in the middle and lower reaches of the Yangtze
River using six gauges along the main reach showing an obvious spatial difference and an
increasing trend [24]. However, according to our literature research, previous studies are
mainly focused on the streamflow changes in certain subregions or the mainstream of the
Yangtze River and analyses over multiple temporal scales are also scarce. The Yangtze River,
China’s longest river, exhibits pronounced differences in terrain and climatic conditions
across its upper, middle, and lower reaches. With an enormous annual flow volume of
approximately 9600 x 108 m3, it contributes a significant 36% to China’s total river flow [25],
underscoring its pivotal role in water resource management, agriculture, and flood control.
Analyzing streamflow at daily, monthly, and annual scales provides a comprehensive view
of temporal variations, encompassing extremes, intra-annual distribution patterns, and
total water resource availability, respectively. This multi-scale investigation deepens our
understanding of hydrological dynamics, facilitates adaptation to climate change, and
informs precise, adaptive, and science-based strategies for water management. So, the
comprehensive analysis of streamflow changes in the whole Yangtze River basin at different
spatiotemporal scales is still required.

In order to better understand the characteristics of streamflow index changes in the
YRB, a trend analysis, an abrupt analysis, and a complexity analysis are conducted for
streamflow at different timescales from upstream to downstream in the YRB using the most
recent dataset during 1960-2018. The main objectives of this study are as follows: (1) to
investigate the annual and monthly water yield changes, (2) to quantify extreme changes
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90° E

in streamflow over the past year, and (3) to analyze the streamflow complexity across the
whole Yangtze River basin.

2. Study Area and Data
2.1. Description of the Study Area

The Yangtze River basin (YRB), depicted in Figure 1, spans latitudes 25° N to 35° N
and longitudes 91° E to 122° E, encompassing a vast drainage area of 1.80 million square
kilometers, representing 18.8% of China’s total landmass. As China’s longest river at
approximately 6300 km, the YRB stretches from the Qinghai-Tibet Plateau to the East China
Sea, traversing a remarkable elevation drop of 6600 m. The basin’s geography is diverse,
with the upper reaches extending from its source to Yichang, covering 4504 km and a
drainage area of 1 million km?, dominated by mountainous terrain. Conversely, the middle
reaches, stretching from Yichang to Hukou, span 955 km and feature primarily fluvial
plains, with a drainage area of 0.68 million km?. The lower reaches, extending from Hukou
to the river’s estuary, encompass 938 km and a drainage area of 0.12 million km?. Climate-
wise, the majority of the YRB experiences a subtropical monsoon climate, contributing to its
status as a region of abundant precipitation. Specifically, the average annual precipitation is
approximately 1126.7 mm [26], though there are notable variations. The source area receives
roughly 400 mm of the annual precipitation, while most other regions within the basin
experience between 800 and 1600 mm. This uneven spatial distribution of precipitation,
decreasing from southeast to northwest, is attributed to the interplay of local circulation
patterns and topography. The YRB’s complex terrain and climate and significant river flows
require the study of river flows at daily, monthly, and annual scales. This research deepens
the understanding of hydrological dynamics, supports adaptation to climate change, and
guides precise, adaptive, science-based water management strategies.
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Figure 1. The Yangtze River basin and the location of the hydrological stations.

2.2. Streamflow Data

Daily streamflow data from 1960 to 2018 from 12 hydrological stations—Gaochang,
Beibei, Wulong, Chenglingji, Hukou, Huangjiagang, Shigu, Pingshan, Cuntan, Yichang,
Hankou, and Datong (Figure 1)—covering the YRB were used in this study, and were ob-
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tained from the Hydrological Bureau of the Ministry of Water Resources and the Changjiang
Water Resources Commission, China. The 12 gauges represent the streamflow characteris-
tics of the mainstream and tributaries in the whole river basin. The details of each gauge,
including the station name, river basin, and the catchment area, are shown in Table 1.

Table 1. The hydrological stations used in this study.

Station ID Name River Basin Catchment Area (10* km?) Time Series
1 Gaochang Minjiang River basin 13.54 1960~2018
2 Beibei Jialingjiang River basin 15.61 1960~2018
3 Wulong Wujiang River basin 8.3 1960~2018
4 Chenglingji Dongting Lake basin 26.28 1960~2018
5 Hukou Poyang Lake basin 16.22 1960~2018
6 Huangjiagang Hanjiang River basin 9.52 1960~2018
7 Shigu Upper Jinshajiang River basin 21.42 1960~2018
8 Pingshan Jinshajiang River basin 48.51 1960~2018
9 Cuntan Yangtze mainstream 86.66 1960~2018

10 Yichang Yangtze mainstream 100.55 1960~2018

11 Hankou Yangtze mainstream 148.80 1960~2018

12 Datong Yangtze mainstream 170.54 1960~2018
3. Methods

3.1. Alteration Change Method

In this study, the Hurst coefficient method was firstly used to judge whether a series
alteration existed and the degree of the alteration. If there was an alteration, the Mann—
Kendall test, moving T-test method, and the Mann-Kendall-Sneyers test were used to
perform a detailed analysis on trends and abrupt points in the sequence.

The Hurst coefficient method [27,28] can be used to determine if there is an alteration
and the alteration degree. According to the value of H, we can observe three cases. When
H equals 0.5, it means that this is a random series. When H is greater or less than 0.5, it
indicates a future trend that is the same or opposite to the present trend, showing whether
there is a positive continuous effect or reverse continuous effect. Moreover, the more H
deviates from 0.5 indicates a larger alteration degree. In this study, the rescaled range
analysis (R/S analysis) method, which is commonly used, was selected to calculate the
Hurst coefficient H by following the steps below.

Considering a time series {X(#)},t =1, 2, ..., for any positive integer ¢ > 1, the mean
series is defined as

T
X = %ZX(t),T: 1,2, 00 n (1)
i=1
The cumulative deviation g(t) is given as
t —
ot 1) =Y [X(u)—X¢], 1<t <71 )
u=1

The range R is calculated via

R(7) = 1I£1,?gxrg(t’ T) — 191%9@’ 7),T=12---,n ®)

The standard deviation S is

1
S(T):{1i[X(t)—XT]2}2,T:1,2,~~~,n 4)
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For a given sequence,
R(7)/S(1) = (¢t), In[R(1)/S(7)] = H(Inc +InT) (5)

According to the observation results, the least squares method was used to calculate the
parameter ¢ and the Hurst coefficient H. The relationship between the fractional Brownian
motion correlation function and the Hurst coefficient H is shown as follows.

E[Bu(—t)Bu(t)]

O e ©

The correlation function value C(t) is tested by using the statistical test method. Under
the given significance level a, where C(t) is less than the critical value r,, the long-term
correlation is not evident. Where C(t) is larger than the critical value 7,, the sequence
alteration is evident. The alteration and its degree are determined as shown in Table 2, based
on the Hurst coefficient of the hydrological sequence and its grade interval of alteration.

Table 2. Classification of alteration degree.

Correlation Function C(t) Hurst Coefficient H Alteration Degree
0<C(t)<ry 05 <H<h, No alteration
ra < C(t) < rg hy <H< h/; Weak alteration
rg < C(t) <0.6 hg <H <0.839 Medium alteration
0.6 <C(t)<0.8 0.839 <H < 0.924 Strong alteration
0.8<C(t)<1.0 0924 <H<1.0 Huge alteration

Due to the advantages without particular underlying distributions [29], the Mann—
Kendall (M-K) nonparametric test method [30,31] has been widely used to detect hydrolog-
ical changing trends. In our study, the autocorrelation of the selected streamflow sequences
was eliminated via the pre-whitening method [32], as a higher autocorrelation may lead
to a larger error in the M—K trend analysis [33]. A positive M—K statistics Z indicates an
increasing trend, while a negative Z indicates a decreasing trend. More details of the M-K
trend test can be found in Mann [30] and Kendall’s [31] work.

The abrupt changes in streamflow sequences were detected using the moving t-test
method and the Mann—Kendall-Sneyers test [34] in this study. Within the ¢-test, the original
series was divided into two subsequences; if there is an obvious difference detected between
the mean value of the two subsequences exceeding a certain significant level, it indicates
that the time sequence has a point of alteration.

The non-parametric Mann-Kendall-Sneyers test is widely employed to identify abrupt
changes in climatic factors and streamflow time series [35,36]. Given a time series of data
represented by x1, . .., xn, the methodology involved calculating t,, the cumulative sum of
mj, where mj; is the cumulative count of instances where a later value in the series is greater

than its preceding value.
k

te=) mi(2<k<n) @)
i=1
Under the assumption of random independence among the data points in the time series,
the mean and variance of the statistic can be derived as specified in the relevant equations.

fo= E(t) = k(k—1)/4 ®)

k(k—1)(2k+5)
— )

To obtain the statistic Upg, the streamflow data time series was rearranged in reverse
order, and the calculations analogous to those in Equations (7)—(9) were repeated, with the
initial condition UB1 set to 0. At a predetermined significance level, if the Urg and Upk

Var(t) =
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curves intersected within the confidence interval, the point of intersection was designated
as the theoretical abrupt change point.

_ (k—H)
Urk = Var(ty) 10

3.2. Streamflow Pattern Indices

Using the daily streamflow data spanning from 1960 to 2018, collected by 12 hydrolog-
ical gauges distributed across the YRB, we calculated annual and monthly runoff series
for each site to capture water yield variations across different time scales. Given the YRB's
propensity for flooding, as evidenced by the extreme floods recorded in 1954, 1998, 2010,
and 2020, extreme floods remain a primary concern in our study. To comprehensively
analyze these extreme flood events, we have selected several indicators that capture both
the magnitude and duration of peak flows and low flows. Specifically, for extremely high
streamflow, we have chosen the annual maximum daily streamflow (MAX1), annual maxi-
mum 3-day streamflow (MAX3), annual maximum 7-day streamflow (MAX7), and annual
maximum 15-day streamflow (MAX15). These indicators have been chosen for two primary
reasons: Firstly, they effectively reflect the changing characteristics of flood peaks and flood
volumes, providing crucial insights into the severity and duration of extreme flooding
events. Secondly, they align with the data series commonly used in China for designing
flood control measures and managing flood risks, thereby ensuring that our findings can
inform practical strategies for flood prevention and mitigation. Additionally, given the
significance of dry season streamflow for maintaining riverine ecosystems, we have also
included indicators of extremely low flow: the annual minimum daily streamflow (MIN1),
annual minimum 3-day streamflow (MIN3), annual minimum 7-day streamflow (MIN?7),
and annual minimum 15-day streamflow (MIN15).

3.3. Streamflow Complexity Indices

Streamflow complexity is defined as the variability and uncertainty of streamflow
and could reflect the dynamic structure of streamflow. In this study, the sample entropy
(SampEn) analysis, initially proposed by Richman and Moorman [37], was utilized to
quantify the complexity of streamflow. SampEn, which is a modification of the approximate
entropy, has been employed to measure the complexity of time series data, where larger
entropy values indicate a higher degree of complexity. The method is advantageous in that
it is less dependent on the length of the data and demonstrates relative consistency across
a broader range of parameter values [37,38]. SampEn has been used to characterize the
complexity of hydrological time series in several recent studies [39—41].

For a certain time series {x(1),x(2),---,x(N)}, SampEn is calculated as follows:

Create an m-dimension vector:

X (i) = {x(@),x(i+1), - ,x(i+m—-1)},i=12,--- N-m+1 (11)
Define the distance between X, (i) and X, (j):
A[Xm (i), Xim(j)] = max{|x(i+k) —x(j+k)|}, k=0,1,--- ,m—1 (12)

Given a tolerance criterion r, count the d[X, (i), Xy (j)] that are smaller than r. The
function C}"(r) and the average similarity C"(r) are defined as

Cl'(r) = {the number of d[ Xy (i), Xm(j)] < r}/(N —m) (13)

C"(r) =} CI"(r)/ (N = m+1) (14)

wherei=1,2,..., N —m+1.
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Change the dimension to 7 + 1 and repeat the above steps to calculate C"*+1(r). The
SampEn(m,r, N) of a time series can be defined as follows:
SampEn(m,r, N)= —ln[C’”H(r)/Cm(r)} (15)
SampEn, an index of complexity in time series analysis, employs the variables m
(embedding dimension) and r (tolerance) [39] to quantify the conditional probability that
two sequences, similar within r for at least m consecutive points, will remain similar at
their (m + 1)th point. The choice of m determines the minimum sequence length for a
similarity assessment, impacting sensitivity to pattern complexity. Meanwhile, r sets the
maximum allowed difference for sequence similarity, balancing between capturing fine
details and ensuring sufficient matches. SampEn excludes self-matches and considers only
the first N — m vectors, facilitating the evaluation of short-term pattern predictability in
time series dynamics.

4. Results
4.1. Changes in Inter-Annual and Intra-Annual Streamflow

Figure 2 shows the annual mean streamflow changes at the 12 gauges in the Yangtze
River basin. The results indicate that the annual mean flow shows decreasing trends at
most of the gauges including Gaochang, Beibei, Wulong, Pingshan, Cuntan, and Yichang
in the upper stream and Chenglingji, Huangjiagang, and Hankou in the lower basin. The
streamflow shows increasing trends only in Shigu in the upper stream and Hukou and
Datong in the middle and lower reaches (Table 3).
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Figure 2. The changes of annual mean flow at the 12 gauges in the Yangtze River basin. (The black
lines and dots are the annual average streamflow, and the blue lines are the linear trends).
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Table 3. Changing characteristics of annual mean streamflow.

Station ID Name Ch??(%lrfsgf nd Z, SlgLI:‘fIl:Ia? ce Hurst %teegrraetzozn Abrupt Point
1 Gaochang —1.86 —2.18 b 0.75 ++ 1969
2 Beibei —2.54 —1.66 * 0.71 + 1994
3 Wulong —0.99 —1.20 - 0.68 + 2005
4 Chenglingji —12.19 —2.71 ok 0.73 ++ 1971
5 Hukou 475 1.31 - 0.64 - -
6 Huangjiagang —2.28 -1.70 * 0.73 ++ 1991
7 Shigu 0.28 0.58 - 0.70 + 1967
8 Pingshan —0.31 0.16 - 0.66 -
9 Cuntan —5.11 —1.43 - 0.68 + 1969
10 Yichang -5.93 —1.62 - 0.65 - -
11 Hankou —3.10 —0.51 - 0.60 - -
12 Datong 3.00 0.29 - 0.63 - -

Notes: ! in this study, the significance level « is set to be 0.01, 0.05, and 0.1 and the corresponding values of
Z1_«/2 are 2.32,1.96, and 1.64. ***,**, and * indicate significance levels of 0.01, 0.05, and 0.1, respectively; - means
significance exceeds 0.1. 2 ++ and + indicate medium alteration and weak alteration, respectively. - means no
alteration according to the Hurst coefficient method.

Table 3 shows the results of the trend analysis based on the Mann-Kendall test. The
results show that the changes in trends are significant at Gaochang (« = 0.05) in the Minjiang
River, Beibei (« = 0.1) in the Jialingjiang River in the upper stream and Chenglingji (o = 0.01)
in Dongting Lake and Huangjiagang (« = 0.1) in the Hanjiang River in the middle reach.
However, there are no obvious changes in trends at Wulong in the Wujiang River, Hukou
in Poyang Lake and the gauges along the main reach.

The abrupt point analysis is also shown in Table 3. From the results, we can see there
are changes in Gaochang (abrupt point at 1969), Beibei (abrupt point at 1994), Wulong
(abrupt point at 2005), Shigu (abrupt point at 1967), and Cuntan (abrupt point at 1969)
in the upper stream and Chenglingji (abrupt point at 1971) and Huangjiagang (abrupt
point at 1991) in the middle reach. The other gauges, including Hukou in Poyang Lake
and Pingshan, Yichang, Hankou, and Datong along the main reach, indicate no obvious
alterations according to the Hurst coefficient method.

Figure 3 and Table 4 show the trends and abrupt point detection results of the monthly
streamflow in the 12 gauges based on the Mann-Kendall test. In the upper reach, the
Gaochang gauge in the Minjiang River shows significant increasing trends from January
to April and significant decreasing trends from July to November. Table 4 shows that the
changes are also moderate to significant from January to March, in June and July, and from
September to December. The abrupt point analysis shows similar points in the dry season,
while the changes are different in the flood season. The Beibei gauge representing the
runoff changes in the Jialingjiang River shows increasing trends from January to March and
decreasing trends in September and October (Figure 3). The abrupt point analysis shows
that there was no change from June to August, while the changes are small to moderate
in other months. The abrupt point analysis also shows similar points after 2000 in the dry
season, while the changes occurred around 1970 and 1980 in the flood season. The Wulong
gauge at the outlet of the Wujiang River shows significant increasing trends from January
to March and decreasing trends in May, October, and November. The results of change
detection show that there are no changes in April and November. The abrupt points are
in 2001 from January to March and around 1980 (May and August), 1990 (September and
October) and after 2004 (June, July, and December).
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Figure 3. The monthly streamflow changing trends of the gauges in the Yangtze River basin (the red,
yellow and green dots indicate that the changing trends exceed the significance levels « of 0.01, 0.05,
and 0.1, respectively, while the gray means no obvious trends).

In the middle stream of the YRB, the data at the Chenglingji gauge in Dongting Lake
indicate increasing trends from January to March and decreasing trends in April, May,
and June until November. The results show that changes occur in most months except
April, June, and August. The abrupt points in January, February, and March occur in 1990,
1982, and 1980, and the abrupt points in the remaining months are all in the 1970s. The
Hukou gauge in Poyang Lake shows increasing trends in January to March, September, and
October, while in the other months, there are no obvious trends. The abrupt point in 1973
in March and April and in the 1980s and 1990s during the other months exhibit changes.
The data from the Huangjiagang gauge representing the streamflow of the Hanjiang river
indicate significant decreasing trends in autumn exceeding the significance level of 0.1,
while in the other months, there are no obvious trends. The changes are obvious throughout
the year except for September, with an abrupt point in the 1970s in winter and spring and
in the 1980s, 1990s and 2010s, in summer and autumn.
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In the upper stream of the main reach, there are no obvious trends in most months
except for in April at the Shigu gauge. The results show that the changes are clear in spring,
autumn, and winter, and the abrupt points occur around the 1980s and 1970s. At the
Pingshan gauge, the results show that streamflow increases significantly from January to
May, while the trends are not obvious from June to December. The changes are significant
from January to March and moderate in April, while in the other months, there are no
alterations. The abrupt points in the four months are the same in 2013. At the Cuntan gauge,
the streamflow increases significantly from January to April and decreases significantly
from August to November. From the results of the abrupt point detection, the alterations
occur mostly in the dry season, and the abrupt point is around 2013 from December
to March and in early 1990 in autumn. At the Yichang gauge, the streamflow shows
increasing trends from January to April and significant decreasing trends from September
to November. The changes are clear in most months, and the abrupt points are after 2010 in
spring and winter and around 2002 in autumn. The results show that streamflow increases
significantly from January to March in the middle and lower reaches of the mainstream at
the Hankou and Datong gauges. The streamflow decreases significantly from September
to November at Hankou, while at the Datong gauge, the streamflow decreases only in
October and November. The changes in the streamflow at the Hankou and Datong gauges
are similar from January to August with the same abrupt point, while the changes are clear
in October and December at the Hankou gauge and in September, October, and November
at the Datong gauge.

4.2. Changes in Extreme Streamflow Indices

The minimum and maximum streamflow at 1 day, 3 days, 7 days, and 15 days were
selected, and then, the changing characteristics were analyzed in the range of 1960-2018,
as shown in Figure 4 and Table 5. In the upper stream of the Yangtze River basin, the
maximum streamflow indices at the Gaochang gauge show significant decreasing trends,
while the minimum streamflow indices show no significant increasing trends. The abrupt
point detection shows the minimum and maximum streamflow indices exhibit medium
to strong changes, and the abrupt points are around 2010 and 2000, respectively. At the
Beibei gauge, only the minimum 1-day and 3-day flows show significant decreasing trends.
From the results of the abrupt point detection, the changes are clear for all the streamflow
indices. The abrupt point is in 1991 for the 1-day and 3-day minimum streamflow and
in 2008 for the 7-day and 15-day minimum flows. The abrupt point for the 1-day, 3-day,
7-day, and 15-day maximum streamflow is in 1990. For the Wulong station, the minimum
streamflow indices all show significant increasing trends, while the maximum streamflow
indices all show decreasing trends. The changes are clear for the maximum streamflow,
and the abrupt point is in 2004, while the minimum streamflow shows no change.

In the middle stream of the Yangtze River basin, significant increasing and decreasing
trends were detected for the minimum and maximum streamflow indices, respectively.
The abrupt point detection shows that the extreme flow indices all change, and the abrupt
points are in 2007 for the 1-day minimum flow, 2012 for the 3-day to 15-day minimum flows,
and 2000 for the maximum flow indices. At the Hukou gauge, the minimum streamflow
indices increase significantly, while the maximum flow indices show no obvious decreasing
trends. The results also show that the minimum streamflow indices exhibit an abrupt
change in 1992, while the change is only obvious for the 7-day maximum streamflow in
2000. For the Huangjiagang gauge, the annual minimum 1-day streamflow increases, and
the maximum streamflow indices all show significantly decreasing trends. The abrupt
point detection results show that the minimum streamflow indices clearly change around
early 1970, and the maximum streamflow indices change in 1985.

In the mainstream of the Yangtze river, the Shigu and Pingshan gauges in the upper
reach show no change in trends for extreme flows except for the 15-day minimum flow
at Pingshan, while the changes are clear for the minimum streamflow indices, with the
abrupt point in 1988 and 2014 for the two gauges. At the Cuntan gauge, the minimum
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streamflow for 1 day, 3 days, 7 days, and 15 days increases significantly, and changes are
also significant, with the abrupt point in 2000. However, the maximum streamflow indices
show no obvious changes at the Cuntan gauge. In the middle and lower reaches of the
mainstream, the results show that the minimum streamflow indices are all increasing at the
Yichang, Hankou, and Datong gauges, and the changes are all very significant, with abrupt
points in 2009, 2000, and 2000, respectively. For the maximum streamflow, the indices
decrease significantly only at the Yichang gauge, while there are no obvious trends for
the Hankou and Datong gauges. The results of the abrupt point detection show that all
maximum streamflow indices at the Yichang, Hankou, and Datong gauges change, and the
abrupt points are in 2006, 2006, and 2000, respectively.

To further investigate the changes in the extreme flows, the annual minimum and
maximum streamflow before and after the abrupt points were analyzed, as shown in Table 6.
The results show that annual minimum streamflow increases in all the gauges except for
Beibei in the Jialingjiang River. The biggest increase in the annual minimum streamflow
occurs at the Huangjiagang gauge at about 96.3%, followed by the Yichang gauge at about
68.2%, and the Hukou gauge at about 59.5%. In the upper reach of the Yangtze River, the
annual minimum streamflow increases downstream of the main reach from 5.2% to 35.2%
but decreases at Cuntan, as indicated by the reduction at the Beibei gauge. In the middle
and lower reaches, the annual minimum streamflow decreases downstream of the main
reach from 68.2% to 30.9%. Meanwhile, the results also show that the monthly minimum
streamflow occurs one or two months after it occurs in the main reach.

The results show the annual maximum streamflow decreases after the changing point.
In the upper stream, it decreases by about 28.1%, 21.1%, and 34.2% at the Gaochang, Beibei,
and Wulong gauges, respectively, while in the middle stream, it decreases by about 14.7%,
13.7%, and 61.3% at Chenglingji, Hukou, and Huangjiagang, respectively. In the middle
and lower main reaches of the Yangtze River, the annual maximum streamflow decreases
downstream of the main reach from 23.4% to 9.0%. The monthly maximum streamflow
shows no obvious changes.

Table 5. Abrupt detection of extreme streamflow in the Yangtze River basin.

Station ID Name Abrupt Detection MIN1 MIN3 MIN7 MIN15 MAX1 MAX3 MAX7  MAX15

1 Gaochang Alteration degree ++ ++ +++ +++ ++ ++ ++ ++
Abrupt point 2012 2012 2012 2011 2004 1998 1998 1996

2 Beibei Alteration degree +++ ++ ++ + + + ++ ++
Abrupt point 1991 1991 2008 2008 1990 1990 1990 1990

3 Wulong Alteration degree - - - - ++ ++ ++ ++
Abrupt point 2004 2004 2004 2004

4 Chenglingji Alteration degree ++ ++ ++ ++ + + ++ ++
Abrupt point 2007 2012 2012 2012 2000 2000 2000 2000

5 Hukou Alteration degree ++ ++ ++ ++ - - + -
Abrupt point 1992 1992 1992 1992 2000

6 Huangjiagang Alteration degree ++ ++ ++ ++ ++ ++ ++ ++
Abrupt point 1974 1971 1971 1971 1985 1985 1985 1985

7 Shigu Alteration degree + + ++ ++ - - - -
Abrupt point 1988 1988 1988 1988

8 Pingshan Alteration degree +++ +++ +++ +++ - - - -
Abrupt point 2014 2014 2014 2014

9 Cuntan Alteration degree +++ +++ +++ +++ - - - -
Abrupt point 2000 2000 2000 2000

10 Yichang Alteration degree +++ +++ +++ +++ ++ ++ + +
Abrupt point 2009 2009 2009 2009 2006 2006 2006 2006

11 Hankou Alteration degree +++ +++ +++ +++ ++ ++ ++ ++
Abrupt point 2000 2000 2000 2000 2006 2006 2006 2006

12 Datong Alteration degree +++ +++ +++ +++ ++ ++ ++ ++
Abrupt point 2000 2000 2000 2000 2000 2000 2000 2000

Notes: +++, ++, and + indicate strong, medium, and weak alterations, respectively. - means no alteration according
to the Hurst coefficient method.
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Figure 4. The extreme streamflow changing trends of the gauges in the Yangtze River basin based on

the Mann-Kendall trend test method (the meaning of the red dots, yellow dots, green dots, and gray

dots are same as in Figure 3).

4.3. Streamflow Complexity Change Analysis

The changing characteristics of the sample entropy (SampEn) in the YRB are shown
in Table 7. In the upper stream, the average SampEn is 0.17, 0.11, and 0.19 at Gaochang,
Beibei, and Wulong, respectively. In the middle stream of the basin, the SampEn is higher,
with values of 0.21, 0.25, and 0.17 at Chenglingji, Hukou, and Huangjiagang, respectively.
Along the main reach, the average SampEn increases downstream of the reach, with values
of 0.05, 0.07, 0.10, 0.12, 0.14, and 0.14 at Shigu, Pingshan, Cuntan, Yichang, Hankou, and
Datong, respectively.

Figure 5 and Table 7 illustrate that the SampEn shows increasing trends at Gaochang,
Beibei, and Wulong in the upper stream of the basin, and the trends are obvious at Gaochang
and Wulong according to the Mann—Kendall test. However, the SampEn decreases at
Chenglingji, Hukou, and Huangjiagang in the middle stream of the basin. Along the main
reach of the Yangtze River, the SampEn shows obvious increasing trends at Shigu and
Pinshan in the upper stream, while there are no obvious decreasing or increasing trends at
the Cuntan and Yichang gauges. In the middle and lower reaches, the SampEn decreases
significantly at Hankou, and the decreasing trend is not obvious at Datong.
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Table 7. Changing characteristics of the streamflow complexity.

Station ID Name SampEn Z, Significance Level !  Hurst  Alteration Degree >  Abrupt Point
1 Gaochang 0.17 2.38 e 0.84 +++ 2010
2 Beibei 0.11 1.36 - 0.81 ++ 2013
3 Wulong 0.19 1.65 * 0.83 ++ 2010
4 Chenglingji 0.21 —0.50 - 0.59 - -

5 Hukou 0.25 —1.56 - 0.60 - -
6 Huangjiagang 0.17 —1.44 - 0.81 ++ 1998
7 Shigu 0.05 2.18 o 0.68 + 1974
8 Pingshan 0.07 1.73 * 0.82 ++ 2012
9 Cuntan 0.10 -1.11 - 0.69 + 1978
10 Yichang 0.12 0.13 - 0.58 - -
11 Hankou 0.14 —2.83 x 0.74 ++ 1977
12 Datong 0.14 —0.63 - 0.63 - -

Notes: 12 the meanings are same as in Table 1. ***, **, and * indicate significance levels of 0.01, 0.05, and 0.1,
respectively; - means significance exceeds 0.1. +++, ++ and + indicate strong alteration, medium alteration and
weak alteration, respectively. - means no alteration according to the Hurst coefficient method.
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Figure 5. The streamflow complexity changes during 1960-2018 at the 12 gauges in the Yangtze
River basin.

The abrupt point detection results in Table 7 show that changes are moderate to
significant at most of the gauges, and they are not clear in Chenglingji, Hukou, Yichang,
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and Datong. In the upper stream, the changes are moderate at Beibei and Wulong and
significant at Gaochang, with an abrupt point around 2010. In the middle stream of the
basin, the changes are moderate at Huangjiagang, and the abrupt point is in 1998. Along the
main reach of the Yangtze River, the changes are clear at Shigu (abrupt in 1974), Pingshan
(abrupt in 2012), Cuntan (abrupt in 1978), and Hankou (abrupt in 1977).

5. Discussion

The spatiotemporal characteristics of the streamflow indices vary over different time
scales from upstream to downstream in the Yangtze River basin from 1960 to 2018, as seen
from the results above. On the annual time scale, the mean streamflow shows significant
decreasing trends in only some of the tributaries of the Yangtze River such as the Minjiang
River, Jialingjiang River, Dongting Lake, and Hanjiang River, and the change is also
moderate only in the Minjiang River, Dongting Lake, and Hanjiang River. However, the
annual mean streamflow shows no significant trends along the main reach from upstream
to downstream. The annual streamflow changes are directly related to the precipitation
and evapotranspiration changes. Previous studies have shown that precipitation increases
mainly in the eastern Tibet Plateau and the middle and lower Yangtze River basin, like
Poyang Lake and decreases in the region of the Minjiang River, Jialingjiang River, Wujiang
River and Hanjiang River. For the whole basin, precipitation increased and then decreased
from 1960 to 2015. Meanwhile, the evapotranspiration decreased slightly in the Yangtze
River basin according to the previous research. A warming-wetting trend is detected in
the southeastern and northwestern regions, while there is a warming—drying trend in the
middle regions of the basin [42].

However, on the monthly time scale, the streamflow shows significant increasing
trends in the dry season, especially from January to March, at most of the gauges in the
whole basin, and the change detection results show similar characteristics at each gauge.
In the late wet season, the streamflow shows significant decreasing trends at most of the
gauges. Particularly, streamflow decreases significantly in the flood season from July to
November. The streamflow is noted to have passively increased from January to March,
a phenomenon that is likely attributed to the melting of snowpacks and the enhanced
precipitation in upstream regions [43,44] driven by seasonal shifts in weather patterns. The
passive increase in minimum streamflow may be a consequence of altered precipitation
patterns, enhanced evaporation rates due to climate change, or the cumulative effect
of water management strategies. Similarly, the decrease in maximum streamflow from
July to September could be attributed to changes in runoff generation mechanisms, dam
operations, and water diversions [45]. A possible reason for this is the large number of
reservoirs in the basin used to store water in the wet season and subsequently supply water
in the dry season, which reduces the streamflow in the wet season and increases it in the
dry season. Another reason may be the decreasing precipitation in the wet season and
increasing precipitation in the dry season. Jiang et al. [46] found significant changes in
many monthly precipitation datasets collected between 1961 and 2000. Gemmer et al. [47]
reported that a statistically significant negative trend can be found in September over the
Yangtze River basin, especially in the middle region. Along the main reach, the streamflow
decreases in the flood season from August to November at the Cuntan gauge, indicating a
decreasing inflow at the Three Gorges Dam; however, the streamflow decreases only in
September, October, and November in the Yichang gauge due to regulation by the Three
Gorges Dam. Additionally, the reduction degree reduces at Hankou and Datong in the
middle and lower reaches. The abrupt change points of the monthly streamflow are similar
in the dry season, while they are more complex in the wet season, which indicates the
more complex effects of climate change and human activities on the streamflow in the
wet season.

Over the daily time scale, the minimum extreme streamflow indices show increasing
trends in most of the tributaries, while the maximum extreme streamflow indices show
decreasing trends in the Minjiang River, Wujiang River, Dongting Lake and Hanjiang
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River. The results also show that the minimum streamflow occurs one or two months
in advance along the main reach, while the maximum streamflow mainly occurs in June
and July. As we know, the changes in extreme streamflow can be related to reservoir
regulation and extreme precipitation. Guan et al. [48] showed that maximum 1-day and
5-day precipitation and maximum consecutive dry days have all increased significantly. Li
et al. [49] showed that the extreme precipitation intensities and the frequency of extreme
precipitation have significantly increased. Lii et al. [50] reported that 73% of the stations
exhibited rising trends in annual maximum 1-day precipitation and the June-July—August
seasonal maximum 1-day precipitation, with the most pronounced increases in the Yangtze
River basin. From these previous studies, we can infer that the extreme streamflow changes
are directly caused by reservoir regulation, which increases the ecological environmental
flow in the dry season. It should be noted that the minimum 1-day and 3-day streamflow
indices show decreasing trends at the Beibei gauge in the Jialingjiang River. Along the
main reach of the Yangtze River, the minimum extreme streamflow indices show increasing
trends from upstream to downstream, while the maximum extreme streamflow indices
show significant decreasing trends only in the Yichang gauge due to the Three Gorges
Dam.

The sample entropy (SampEn) values, indicating the streamflow complexity in the
river basin, show an increasing trend from upstream to downstream in the main reach,
and the SampEn values in the tributaries are generally higher than those in the main-
stream [51]. As we know, a higher SampEn value means a more complex river system. In
the upper stream of the main reach, the streamflow complexity is lower due to the lower
impact of human activities, climate, and underlying surface conditions. From upstream
to downstream, as the runoff of the tributaries flows into the main reach, the complexity
increases due to the combined effects of human activities like reservoir regulation, human
consumption, land use change, and climate change [52]. The higher SampEn values in the
tributaries indicate that the streamflow is more unpredictable and complex on the regional
scale in the Yangtze River basin. The results also show that the sample entropy in the
Dongting and Poyang lakes is higher than that at all the other sites, which may be due to
the complex water exchange between the Yangtze River and the Dongting and Poyang
lakes, determined by both the flow and water level of the Yangtze main reach and the
two lakes [53]. The data show that the SampEn values increase in the upper stream and
decrease in the lower stream of the basin both in the main reach and tributaries. A possible
reason for this is the increasing anthropic effects caused by the construction of large-scale
hydraulic projects [54].

Although the spatiotemporal characteristics of the streamflow indices across the
Yangtze River basin are detected in this study, a more reasonable quantitative analysis of
the contributions of climate change and human activities to changes in different streamflow
indices over various time scales should be conducted in our following studies. For instance,
an analysis of the effects of climate change and human activities on streamflow on a monthly
scale could help improve the efficiency of water resource regulation, and a quantitative
analysis of factors impacting the streamflow on a daily scale could be useful for flood
control. Consequently, this could lead to a better understanding of the main influencing
factors and hydrological process mechanisms, providing more scientific support for water
resource management in the river basin.

6. Conclusions

In this study, changes in the streamflow indices have been investigated from upstream
to downstream in the whole Yangtze River basin over different time scales. The changing
characteristics of the annual and monthly extreme minimum and maximum streamflow and
streamflow complexity have been studied. The annual mean streamflow shows significant
decreasing trends in only some of the tributaries, while it shows no significant trends along
the main reach from upstream to downstream. The monthly streamflow shows significant
increasing trends in the dry season, especially from January to March, and significant
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decreasing trends in the late wet season at most of the gauges. The abrupt change points
of the monthly streamflow are similar in the dry season, while they are more complex in
the wet season in the basin. The minimum extreme streamflow indices show increasing
trends almost over the whole basin, while the maximum extreme streamflow indices show
decreasing trends in most of the tributaries and only at the Yichang gauge in the main reach.
The streamflow changes are more complex in the tributaries than those in the main reach.
In addition, the complexity increases from upstream to downstream along the main reach
in the basin. These findings can help us to understand the hydrological characteristics in
the Yangtze River basin.
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Abstract: The natural hydrological cycle of basins has been significantly altered by climate change
and human activities, leading to considerable uncertainties in attributing runoff. In this study, the
impact of climate change and human activities on runoff of the Ganjiang River Basin was analyzed,
and a variety of models with different spatio-temporal scales and complexities were used to evaluate
the influence of model choice on runoff attribution and to reduce the uncertainties. The results show
the following: (1) The potential evapotranspiration in the Ganjiang River Basin showed a significant
downward trend, precipitation showed a significant upward trend, runoff showed a nonsignificant
upward trend, and an abrupt change was detected in 1968; (2) The three hydrological models used
with different temporal scales and complexity, GR1A, ABCD, DTVGM, can simulate the natural
distribution of water resources in the Ganjiang River Basin; and (3) The impact of climate change
on runoff change ranges from 60.07% to 82.88%, while human activities account for approximately
17.12% to 39.93%. The results show that climate change is the main driving factor leading to runoff
variation in the Ganjiang River Basin.

Keywords: runoff response; climate change; human activities; hydrological model; elasticity
coefficient; Ganjiang River Basin

1. Introduction

Climate change and human activities have changed the natural characteristics of the
hydrological processes, the spatio-temporal distribution of precipitation and surface water
resources, and the basin is now facing a series of increasing extreme hydro-climatic issues
such as floods and droughts [1-3]. The variability of water resources under a changing
environment presents pressing challenges for the planning and management of water
resources, which is also a prominent research topic. As the most important indicator
of water resources, runoff is not only distributed by human activities, but is also very
sensitive to climate change. It is a comprehensive result of climate and human activities [4].
Therefore, in order to further understand the process of hydrological cycle, it is important
to distinguish the impacts of climate change and human actions on runoff.

Currently, almost all processes in the water cycle are directly or indirectly affected by
climate change and human activities to varying degrees. Temperature and precipitation
are the most critical meteorological elements affecting the water cycle. Runoff is mainly
replenished by precipitation and consumed by evapotranspiration, which is highly affected
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by temperature. As reported by the IPCC [1], global surface temperature in the first two
decades of the 21st century was 0.99 °C higher than 1850-1900, and global precipitation
had a faster speed of increase since the 1980s. On the one hand, rising temperature will
accelerate the melting of glaciers and snowpack, increasing runoff. On the other hand, rising
temperature will change evapotranspiration and reduce runoff [5]. The influence of human
activities on runoff can be classified into two aspects: one involving the manipulation of
reservoirs and gates to store and redirect runoff, thereby altering its seasonal distribution;
and the other entailing the modification of underlying surface conditions to influence
the processes of runoff generation and concentration. Recently, the increasing frequency
and intensity of human activities had a significant impact on hydrological processes. Gao
and Ruan [6] pointed out that human activities were the dominate factor, accounting for
87.20% of the relative contribution rate, while climate change only contributed 12.80% in
the middle reaches of Huaihe River Basin, China. Ni et al. [7] considered the influence of
the underlying surface on runoff, and estimated that the contributions of the underlying
surface, precipitation and potential evaporation were 64.22%, 20.09% and 15.69% in the
Yellow River source areas of China, respectively. Similarly, Hu et al. [8] analyzed the relative
contribution of human activities that exceeded 100%, while that of climate change was
between —14.25% and —5.43% in the Amu Darya River Basin.

There exist three primary approaches for runoff attribution analysis: empirical statis-
tics, paired catchment comparisons, and hydrological modelling methods [9]. The empirical
statistics method, is mostly employed in establishing a relationship between runoff and
meteorological variables, which can be linear or nonlinear [10,11]. Although this method is
simple to implement and only requires runoff and meteorological data, it lacks adequate
physical mechanisms and is highly sensitive to input values. The paired catchment method
involves the comparison of hydrological processes in a minimum of two neighboring catch-
ments that share similar climatic and geographical attributes (area, topography, vegetation,
soil, etc.) [12,13]. However, it is hard to find a catchment with similar hydroclimatic charac-
teristics for a unique catchment, especially for medium and large-sized catchments, which
limits the widespread application of this method [14]. The third approach involves the
utilization of hydrological models to distinguish the influence of climate change and human
actions on runoff. The hydrological model is usually composed of a series of functions with
various parameters, which can describe a variety of hydrological processes in detail [15].
Among these three methods, the hydrological modelling method is more comprehensive
than the others, and a series of hydrological models have been applied in a large number
of studies, such as the SWAT (Soil and Water Assessment Tool) [16,17], VIC (Variable
infiltration Capacity) [18], XA] (Xin’anjiang model) [19], TOPMODEL (topography-based
hydrological model), DTVGM (Distributed Time Variant Gain Model) [20,21], SWIM (Soil
and Water integrated Model) [6], and Budyko coupled hydrothermal equilibrium equa-
tion [7,8,11].

Due to the variations in model structures, complexities, process representations, and
parameters among different hydrological models, there is a consistent presence of sig-
nificant uncertainties in the results obtained from hydrological modeling [22]. A large
number of efficient numerical techniques have been employed in evaluating the impact
of parameter uncertainties, while the uncertainties arising from model structures result-
ing from the simplification of hydrological processes have received comparatively less
attention [23]. Consequently, the selection of a hydrological model can exert a significant
influence on the analysis of runoff attribution, thereby introducing substantial uncertainties
into the obtained results. At present, the quantitative assessment of the response of runoff
to climate change and human activities mostly adopts a single attribution method, which
fails to consider the uncertainties of the assessment results brought by model or method
choice, and the attribution analysis using multiple attribution methods to verify each other
still needs to be further strengthened. This study focuses on quantitatively evaluating
and separating the influence of meteorological elements and human activities on runoff
changes in a humid area of southern China, Ganjiang River Basin (GRB). The primary
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purposes of this study are to (1) analyze the trends and mutations of meteorological and
hydrological series in the GRB, (2) quantify the contributions of climate change and human
activities to the runoff changes, and (3) analyze the influence of model choice on the runoff
attribution analysis. This study serves as a reference for local authorities, decision-makers,
and researchers in understanding the driving mechanisms of hydrological processes in a
changing environment. The findings will significantly contribute to establishing a scientific
foundation for practical water resource management and future planning in the GRB.

2. Study Area and Data
2.1. Study Area

The Ganjiang River, spanning a main river length of 823 km, is the largest river
in Jiangxi province of China and also one of the eight major tributaries of the Yangtze
River. The Ganjiang River Basin (GRB), located between 113°30" and 116°40’ E and 24°29’
and 29°21" N, encompasses a total area of 80,948 km? above the Waizhou hydrological
station, accounting for approximately 48.5% of the area of Jiangxi province (Figure 1). The
topography exhibits diversity, ranging from hills in the southern region to alluvial plains
in the northeastern region; mountains constitute around 50%, hills account for about 30%,
and plains make up roughly 20%. Elevation varies between —105 and 2128 m above sea
level. Annual precipitation in this basin amounts to an average of 1626.8 mm with an
annual average evaporation rate of approximately 1550 mm. The average temperature is
about 18 °C. Summer is the warmest season, accompanied by heavy rainfall, the plum rain
precipitation is the most concentrated from April to June, and typhoon-type heavy rainfall
occurs from July to September, resulting in significant seasonal variations in streamflow.

2.2. Data

The daily precipitation data of 36 rainfall gauges in and around the GRB from 1956 to
2018 were collected, along with the daily meteorological elements (precipitation, tempera-
ture, relative humidity, etc.) of 9 meteorological gauges for the same period. The gauge
distribution was relatively uniform, providing a rough representation of temporal and spa-
tial changes in meteorological and hydrological variables within the basin. Some missing
data were interpolated by establishing a regression relationship with the corresponding
meteorological variable sequences of adjacent gauges. Daily and monthly streamflow data
at the Waizhou hydrological station were obtained from the Hydrology Bureau of Jiangxi
province for calibration and validation in hydrological models. Due to the limited availabil-
ity of measured evapotranspiration over long periods, potential evapotranspiration was
estimated using the Penman—Monteith method recommended by the Food and Agriculture
Organization of the United Nations (FAO). Basic geographic datasets, including digital
elevation model (DEM), land cover, and soil type data, were collected from the Resource
and Environmental Science Data Center of the Chinese Academy of Sciences. Previous
studies have confirmed that all the data used in this study are reliable and suitable for
driving hydrological models [24-26]. The location and gauge distribution of the GRB are
shown in Figure 1.
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Figure 1. The location of the Ganjiang River Basin (GRB) and corresponding rain gauges, meteorolog-
ical stations and streamflow gauge.

3. Methodology
3.1. Trend and Mutation Analysis

In this study, the Mann-Kendall (M-K) method was employed to detect trends and
abrupt changes in precipitation, evapotranspiration, and runoff time series. The M-K
method is a nonparametric statistical test that serves as a robust and reliable approach for
trend detection. Consequently, it has been recommended by the World Meteorological
Organization (WMO) for examining time series trends in meteorology, hydrology, and
environmental science fields. The calculated statistic index Z from the M-K method is
utilized to indicate the magnitude of the trend: Z > 0 represents an increasing trend; Z < 0
signifies a decreasing trend; and Z = 0 indicates no discernible trend detected. While
the M-K method can only identify statistically significant trends but not their slopes, this
study assumes linearity in trends as a quantification of temporal change. To determine
the slope of time series unaffected by outliers or data errors, Sen’s slope method was
employed. Additionally, an abrupt change test is conducted using a critical value at the
95% significance level.

3.2. Hydrologival Model

In order to analyze the influence of model choice on runoff attribution analysis,
three hydrological models with different complexities and temporal scales, are selected to
simulate streamflow. The GR1A model is an annual-scale hydrological model with a simple
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structure, the ABCD model is a monthly scale hydrological model with a more complex
structure, while the DTVGM model is a daily scale hydrological model with the most
complex structure. Additionally, the first two models are lumped hydrological models,
while the DTVGM is a distributed hydrological model. A detailed description of these
three models is given as follows.

3.2.1. GR1A Model

The GR1A model, developed at Cemagref at the end of 1980s, is an annual runoff
simulation model [27,28]. The GR1A model adopts a simplified and aggregated frame-
work, taking into account the influence of dynamic storage and preceding precipitation
conditions. This model is characterized by a concise mathematical equation featuring only
one parameter, as shown in Equation (1).

1
0784037, 21"
4036
{1+ (7X-PET,( 1) }

where Qy and PET}, are simulated streamflow and average potential evapotranspiration of
the year k; Py and P_1 are the basin average precipitation of the year k and k — 1; X is the
only parameter of this model to be optimized. The GR1A model indirectly characterizes
the impact of initial soil water storage on runoff through the antecedent precipitation Py _;.
The optimized model parameter X exhibits a median value of 0.7, with a 90% probability
confidence interval ranging from 0.13 to 3.5.

Q=0 1-

)

3.2.2. ABCD Model

The ABCD model, originally proposed by Thomas [29], is a physics-based, lumped,
and nonlinear watershed model. The monthly streamflow in this model is determined by
the inputs of monthly precipitation and potential evapotranspiration. In this model, the
catchment storage is divided into soil water and groundwater compartments (Figure 2).
Precipitation is partitioned into actual evapotranspiration, surface runoff, and soil water
recharge processes. The total runoff consists of both surface runoff and baseflow released
from groundwater. The physical interpretation and range of parameters are listed in Table 1.
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Figure 2. Model structure of the ABCD model.
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Table 1. Physical interpretation and range of ABCD model parameters.

Parameter Physical Interpretation Range
a The propensity of runoff occurs before the soil is fully saturated [0,1]
b Upper soil water storage capacity(mm) [100, 1000]
c Groundwater recharge coefficient [0,1]
d Groundwater runoff recession constant [0, 1]

3.2.3. DTVGM Model

The Distributed Time Variant Gain Model (DTVGM), developed by Xia et al. [30],
is a physics-based, distributed and nonlinear watershed hydrological model. The dis-
tinguishing feature of the DTVGM model lies in its incorporation of soil moisture as a
crucial link between runoff generation and flow routing processes. Moreover, this model
has a relatively parsimonious model structure and limited free parameters to describe the
rainfall-runoff processes. Consequently, the DTVGM model has demonstrated successful
applications in many basins in China with satisfactory results [31-34]. Therefore, this
model was selected to simulate streamflow process of the GRB.

3.2.4. Model Calibration

The hydrological model contains many parameters that will affect hydrological sim-
ulation results. The optimized model has better potential to characterize the conditions
and processes of hydrological systems [35]. In this study, the Shuffled Complex Evolution-
University of Arizona (SCE-UA) optimization algorithm, developed by Duan et al. [36],
is used for the parameter calibration of these three hydrological models. Three different
indices were selected to evaluate model performance in this study, including the Nash-
Sutcliffe efficiency (NSE) [37], regression coefficient of determination (R?), and relative error
(Bias) [38]. The detailed calculation formulas of NSE, R? and Bias are shown as follows.

217‘1:1 (Qi,obs - Qi,sim)2

NSE =1— ——, 2
217‘1:1 (Qi,obs - Qobs)
R2 _ Zzn:l (Qi,obs _Qobzs) (Qi,sim ;Qsim) , (3)
\/Z?_l (Qi,obs - Qobs) Z:;% (QQsimi,Sim()z)
Bias — Z?:l(Qi,sim - Qi,obs) % 100%, (4)

Z?:1 Qi,obs
where 7 is the number of samples, Q; sim and Q; 1, are the simulated and observed stream-

flow values, respectively, Qqps and Qgim are their mean values, respectively. The model
performance criteria were provided by Moriasi et al. [38] and Krause et al. [39].

3.3. Attribution of Runoff Changes
3.3.1. Hydrological Model Method

The quantitative separation of climate change and human activities can be mathemati-
cally formulated as follows.

AQ = Q1 —Qn, ®)
AQc = Qm — On, (6)
AQy = AQ — AQc, (7)
Fo = % x 100%, ®)
Fy = AAQQH x 100%, 9)
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where AQ represents the disparity between average streamflow during reference period (Qy)
and average streamflow during changed period (Qy); Qs is the simulated natural streamflow
under changed period; AQc and AQp indicate the changes in streamflow attributed to climate
change and human activities, respectively; and Fc and Fy represent the relative contribution
rates of climate change and human activities on runoff variation, correspondingly.

3.3.2. Climatic Elastic Coefficient Method

In recent years, the Budyko framework has gained significant popularity in runoff
attribution analysis due to its concise physical mechanism. Within this framework, it is
assumed that the long-term hydro-meteorological characteristics of a basin adhere to the
balance of water and energy. Actual evapotranspiration (E) primarily depends on both the
atmospheric water supply (P) and the land surface’s evapotranspiration capacity (PET). As
a result, actual evapotranspiration can be expressed as a function of aridity index ¢.

E=f("5r) -P=flg)-P, (10)

where ¢ is the aridity index, ¢ = % ; f(+) is the Budyko function. On the year or multi-year

scale, the alteration in water storage within a watershed may be insignificant, therefore the
water balance between runoff (Q) and climate variables (P and E) can be expressed as:

Q=P-E, (11)

As pointed by Donohue et al. [40], the runoff change caused by climate change could

be described as:
AQc AP APET

=éep—— + EpET—=,
0 Pp + €pET PET
where ep and eprt are the climate elasticity coefficient to express the sensitivity of Q to P
and PET. ep and epgr are defined as:

(12)

. AQ/Q _0Q P of'(¢)
EP_#@OAP/P_BPXQ_1+1—f(<P)' (13)
_ AQ/Q _ 0Q PET _ ¢f(¢)
EPET = %%"LOAPET/PET TOPET Q1 f(¢) (9
ep+eppr =1, (15)

As shown in Equations (13) and (14), different forms of the Budyko function would
obtain different elasticity coefficients. With the advancement of the Budyko framework,
numerous Budyko functions have been employed in describing the relationship between
water and energy. Therefore, four frequently utilized Budyko functions are used in this
study, as listed in Table 2.

Table 2. Four frequently utilized forms of f(¢) and f’(¢) functions based on the Budyko hypothesis.

Reference fl9) f(9)

Schreiber [41] 1—e ¢ e ¢
Ol'Dekop [42] ptani (L) tanh (1) = ——t—r
¢ <97 [ ) }

Budyko [43] [(ptanh(%) (1 B e7¢)]05 0.5 [qbtanh(%) (1 - e—4>)] —05

1

(smn(3) - 5) e g3 )

Turc-Pike [44] (1 + 4)—2) —05

55



Water 2024, 16, 1729

4. Results and Discussion
4.1. Trends of Hydro-Meteorological Variables

Figure 3 provides the series of annual potential evapotranspiration, precipitation and
runoff in the GRB. The M-K method and Sen’s slope method were utilized to analyze the
trend of annual precipitation, potential evapotranspiration, and runoff series, with the
results presented in Table 3. The annual potential evapotranspiration series of the GRB
generally showed a downward trend, with a decreasing rate of 0.91 mm/year. The Z value
of potential evapotranspiration estimated by the M-K method was —2.16, which shows that
the potential evapotranspiration series presented a downward trend, and the trend was
significant (0.05 significance level). The precipitation and runoff series in the GRB showed
an overall upward trend, with a rising rate of 3.21 mm/year and 1.75 mm/year, respectively.
The precipitation had a slightly significant upward trend with 0.10 significance level, while
the upward trend of runoff was not significant.
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Figure 3. The time series of hydro-climatic variables in Ganjiang River Basin ((a) potential evapotran-
spiration; (b) precipitation; (c) runoff). The black square lines are observed values, and the best-fit
lines estimated by the OLS (ordinary least square) method are the blue dotted lines.

Table 3. Variations of hydro-climatic series before and after the abrupt change point in the GRB.

Sen’s Average Value/mm Change

Variabl Z Significance 8
anable & Slope  1956-1968 1969-2018  Rate/%
PET —2.61 i —0.89 1092.64 1031.01 —5.64
P 1.67 * 2.96 1487.12 1624.58 9.24

Q 1.15 ns 1.98 742.09 865.71 16.66

Note: ** Significant at p < 0.05; * significant at p < 0.1; ns indicates there is no significant trend.

As shown in Figure 4, the M-K mutation test exhibited more than one mutation
point, and the moving-T test was used to divide the reference period and the changed
period. Consequently, the GRB changed abruptly in the year of 1968; a similar result was
obtained by using the standard normal homogeneity test (SNHT) and other studies by
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Lei et al. [45], Fan et al. [46] and Zhang et al. [47]. Taking 1968 as the critical time point,
the whole sequence is divided into the reference period (1956-1968) and the changed
period (1969-2018), and the influence of climate change and human activities on runoff
is quantitatively analyzed (Table 3). Compared with the reference period, the annual
potential evapotranspiration in the changed period decreased by 5.64%, while the annual
precipitation and annual runoff increased by 9.24% and 16.66%, respectively.
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Figure 4. The mutation point detection of runoff series at Waizhou station.

4.2. The Calibration and Validation of Hydrological Models

This study employed three hydrological models, each characterized by distinct tem-
poral scales and complexities. Due to the limited duration of the annual precipitation,
potential evapotranspiration, and runoff series in the reference period (1956-1968), the en-
tire hydro-meteorological datasets for that period were employed for parameter calibration
in the GR1A model. Utilizing the SCE-UA optimization algorithm [48], the parameter of the
GR1A model was calibrated, resulting in an optimized parameter X of 0.79. Figure 5 shows
the simulated and observed annual runoff processes for the reference period (1956-1968),
demonstrating a general agreement. The NSE and R? values of the GR1A model were both
0.83, and the Bias was 1.76%. The simulation results demonstrated the applicability of the
GR1A model for simulating runoff variations in the GRB.

When using ABCD and DTVGM models for runoff simulations, the reference period
was divided into two periods: calibration (1956-1962) and validation (1963-1968) periods.
The SCE-UA algorithm was used to calibrate the ABCD model with NSE and R? as the
objective functions, and the optimized parameter values were a = 0.94, b = 548.42, ¢ = 0.16
and d = 0.34. Table 4 lists the simulation accuracy evaluation of the ABCD model in the
calibration and validation periods, and Figure 6 shows the monthly runoff simulated by
the ABCD model. The ABCD model obtained NSE of 0.86 and 0.92, R? of 0.87 and 0.92, and
Bias of —1.96% and 3.44% in the calibration and validation periods, respectively. The strong
agreement between the simulated and observed monthly runoff during both calibration
and validation periods, as shown in Figure 6, indicates that the ABCD model was highly
effective in simulating monthly runoff in the GRB.
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Figure 5. Comparison between simulated runoff and observed runoff at Waizhou station during
1955-1968 by using GR1A model, for (a) runoff processes and (b) scatter curve chart.

Table 4. Model performance evaluation of ABCD model.

Statistical Metrics
Period » :
NSE R Bias
Calibration period (1956-1962) 0.86 0.87 —1.96%
Validation period (1963-1968) 0.92 0.92 3.44%
e Calibration [ Validation
NSE=0.86 ! NSE=0.92
R*=0.87 L R=0.92
Bias=—1.96% | Bias=3.44%
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Figure 6. Comparison between simulated runoff and observed runoff and curve chart at Waizhou
station during 1955-1968 by using ABCD model.

The optimized parameters of the DTVGM model are presented in Table 5, while Table 6
demonstrates the evaluation of simulation accuracy for this model. Both the calibration
and validation periods exhibit NSE and R? values exceeding 0.95, accompanied by Bias
values of —1.25% and 3.85%, respectively. Figure 7 illustrates a strong agreement between
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simulated and measured runoff throughout calibration and validation periods, thereby
validating the effectiveness of the DTVGM model.

Table 5. The description of the parameters of the DTVGM model and the optimal values.

Parameter Physical Interpretation Optimal Value
g1 Surface runoff generation parameter 0.06
20} Surface runoff generation parameter 0.47
23 Subsurface runoff generation parameter 0.22
Nashn Unit hydrograph shape parameter 2.93
Nashk Unit hydrograph scale parameter 1.86
kkg The recession parameter of groundwater storage 0.80

Table 6. Model performance evaluation of the DTVGM model.

Statistical Metrics
Period 2 -
NSE R Bias
Calibration period (1956-1962) 0.95 0.95 —1.25%
Validation period (1963-1968) 0.95 0.96 3.85%
12000 Calibration i Validation
NSE=0.95 ! NSE=0.95
R*=0.95 | R>=0.96
Bias=1.25% | Bias=3.85%
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Figure 7. Comparison between simulated runoff and observed runoff and curve chart at Waizhou
station during 1955-1968 by using the DTVGM model.

4.3. Contributions of Climate Change and Human Activities to Runoff Change
4.3.1. Climate Elasticity Coefficient Analysis

The climate elastic coefficient method to quantitatively separate the influence of
climate change and human activities is mainly carried out on a multi-year scale. As the
most important input variable of the Budyko formulas, the aridity index of the GRB is 0.65.
The elastic coefficient of runoff to precipitation was calculated as listed in Table 7. The elastic
coefficients of runoff to precipitation were 1.63, 1.57, 1.61, and 1.59 for four different Budyko
functions, which meant that the runoff would increase 1.63 mm, 1.57 mm, 1.61 mm, and
1.59 mm with a unit increase in precipitation. Similarly, the runoff would change —0.63 mm,
—0.57 mm, —0.61 mm, and —0.59 mm with a unit increase in potential evapotranspiration.
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In addition, although different forms of the Budyko function were applied in this study,
the elastic coefficients obtained by different formulas were very close. The average elastic
coefficients of runoff to precipitation and potential evapotranspiration were 1.60 and —0.60,
respectively. The choice of the Budyko function had a relatively small impact on the runoff
attribution analysis results, while the aridity index was more sensitive to the results.

Table 7. Separating the effects of climate change and human activities by climate elasticity method.

Budyko Equation

Period Variabl M
ene anabe Schreiber ~ Ol’dekop Budyko Turc-Pike e
ep 1.63 1.57 1.61 1.59 1.60
€pET 063 057 —0.61 059 —0.60
AQc/mm 107.50 102.00 104.89 103.30 104.42
AQp/mm 21.94 27.44 2455 26.14 25.02
1969-1979 Fc/% 83.05 78.80 81.03 79.81 80.67
Fri/% 16.95 21.20 1897 20.19 19.33
AQc/mm 108.78 103.05 106.06 104.40 105.57
AQ/mm —37.83 ~32.10 ~35.11 3346 3462
1980-1989 Fe/% 7420 76.25 75.13 75.73 75.30
Fri/% 25.80 23.75 24.87 24.27 24.70
AQc/mm 215.16 204.79 210.23 207.24 209.35
AQp/mm 2,07 8.30 2.86 5.85 3.74
1990-1999 Fc/% 99.05 96.10 98.66 97.25 98.25
Fri/% 0.95 3.90 1.34 2.75 175
AQc/mm 78.38 73.78 76.20 74.87 75.81
AQy/mm ~32.64 ~28.05 ~30.46 2914 —3007
2000-2009 Fe/% 70.60 72.46 71.44 71.99 71.60
Frt/% 29.40 27.54 28.56 28.01 28.40
AQc/mm 253.10 242.41 248.02 244.94 247.12
AQp/mm ~90.94 —80.24 —85.86 8277 8495
2010-2018 Fe/% 73.57 75.13 74.29 74.74 7442
Fri/% 26.43 24.87 25.71 25.26 25.58
Fe/% 80.28 79.82 80.24 80.01 80.17
19652018 Fir/% 19.72 20.18 19.76 19.99 19.83

Then, the changed period was divided into five decades, including 1969-1979, 1980-
1989, 1990-1999, 20002009, 2010-2018, and the contribution rates of climate change and
human activities in each decade were estimated in Table 7 and Figure 8. For the whole
changed period, the contribution rates estimated by four different Budyko formulas were
almost the same, with the average contribution rate of climate change and human activities
80.17% and 19.83%, respectively. Among the five decades, the contribution rate of climate
change during 1990-1999 was the highest, with a value of 98.25%, while the values of other
decades were around 70-80%. Based on the climate elastic coefficient method, climate
change was the main factor affecting runoff change in the GRB.

4.3.2. Hydrological Simulation Analysis

The runoff process of the changed period was simulated by using the calibrated GR1A,
ABCD and DTVGM models, as shown in Figure 9. The three model evaluation indices for
assessing the applicability of three hydrological models are shown in Table 8. Compared
with the reference period, GR1A and DTVGM models had a relatively worse performance
with a lower NSE and R?, while ABCD models showed the same performance with an
NSE of 0.91 and R? of 0.92. These values of the three hydrological models were all within a
reasonable range and reached a satisfactory level based on Moriasi et al. [38].
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Figure 8. Relative contribution rate of runoff to climate change and human activities estimated by
climate elasticity coefficient analysis.
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Figure 9. Comparison of annual streamflow with simulated streamflow obtained by different
hydrological models during the changed period.

Based on the hydrological simulation method, the influence of climate change and
human activities on the runoff change were quantitatively distinguished, as shown in
Table 9. There were significant variations in the detected contribution rates among different
hydrological models. Within the three models, the impact of climate change on runoff
varied from 60.07% to 82.88%, whereas human activities accounted for a range of 17.12%
to 39.93%. The respective average values were 74.40% and 25.60%, respectively. The
contribution rate results indicated that the impact of climate change on runoff change is
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higher than that of human activities, which is consistent with the results of the climatic
elastic coefficient method. However, the ranges of the contribution rate estimated by
hydrological models were wider than those estimated by Budyko formulas, indicating
greater uncertainties.

Table 8. The statistical metrics of three hydrological models for the annual runoff simulation of

changed period.
Statistical Metrics
Model ” 3
NSE R Bias
GR1A 0.75 0.78 4.36%
ABCD 0.91 0.92 0.24%
DTVGM 0.80 0.85 —4.99%

Table 9. Separating the effects of climate change and human activities by hydrological simulat-

ing method.
Hydrological Model
Period Variable GRIA ABCD DIVGM Mean
AQc/mm 12115 95.69 48.69 88.51
AQy/mm 8.29 33.74 80.74 40.93
1969-1979 Fo/% 93.60 73.93 37.62 68.38
Fia/% 6.40 26.07 62.38 31.62
AQc/mm 113.79 91.43 4452 83.24
AQp/mm —42.84 2048 26.43 ~12.30
1980-1989 Fe/% 72.65 81.70 62.75 72.37
Fri/% 2735 18.30 37.25 27.63
AQc/mm 227.14 191.98 140.77 186.63
AQp/mm —14.05 2111 72.32 26.46
1990-1999 Fe/% 94.17 90.09 66.06 83.44
Fii/% 5.83 9.91 33.94 16.56
AQc/mm 90.08 53.51 18.70 54.10
AQp/mm 4434 778 27.04 836
2000-2009 Fe/% 67.01 87.31 40.89 65.07
Fri/% 32.99 12.69 59.11 3493
AQc/mm 269.39 206.95 160.85 212.40
AQy/mm ~107.22 —44.79 1.32 5023
2010-2018 Fc/% 7153 82.21 99.19 84.31
Fri/% 28.47 17.79 0.81 15.69
Fe/% 80.23 82.88 60.07 74.40
1969-2018 Fir/% 19.77 17.12 39.93 25.60

The average relative contribution rates of climate change and human activities over
five decades are given in Figure 10. Among these five decades, the contribution rates of
climate change during 1990-1999 and 2010-2018 were the highest, with values of 84.44%
and 84.31%, while the values of other decades ranged between 65% and 73%. Contribution
rates of climate change estimated by climate elasticity coefficient and hydrological model
analysis were 80.17% and 74.40%, respectively. Both methods identified climate change
as the main factor influencing runoff changes. However, the contribution rate of human
activities detected by the hydrological simulation method was higher than that detected by
the elastic coefficient method, and the two methods identified different periods as the most
sensitive to climate change.
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Figure 10. The average relative contribution rates of runoff to climate change and human activities
are estimated by hydrological simulation analysis.

The contribution rates of climate change and human activities estimated by different
hydrological models are shown in Figure 11. The contribution rate of each factor estimated
by the three hydrological models was significantly different. Among three hydrological
models, the GR1A model identified 1969-1979 and 1990-1999 as the most sensitive peri-
ods to climate change, with contribution rates larger than 90%, while the ABCD model
determined that 1990-1999 and 2000-2009 were more sensitive to climate change, with
contribution rates of 90.09% and 87.31%. In contrast, the DTVGM model tended to overesti-
mate the contribution rate of human activities. The influence of human activities was more
prominent in the periods of 1969-1979 and 2000-2009, with contribution rates of 62.38%

and 59.11%, while climate change was most significant in 2010-2018, with a contribution
rate as high as 99.19%.
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Figure 11. The contribution rates of climate change and human activities are estimated by different
hydrological models.
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4.4. Discussion

Climate change and human activities play important roles in runoff variation, espe-
cially in tropical and subtropical areas. However, these two factors would cause different
impacts on hydrological processes in different study areas. For example, Ni et al. [7]
highlighted that human activities predominantly influence runoff in the source area of the
Yellow River, while Wang et al. [49] concluded that climate change was the main factor for
runoff change in the delta area of the Yangtze River. This difference could be attributed to
the basin characteristics of study areas (size, soil types, slope, etc.) and the spatio-temporal
heterogeneity of climate change and human activities.

For the GRB, climate change, especially in the form of precipitation and tempera-
ture changes, was the main factor causing runoff change according to previous results in
Section 4.3, which is consistent with the conclusion of Guo et al. [50], Lei et al. [45], Ye
et al. [51] and Fan et al. [46], while Liu et al. [52] found the influence of reservoir con-
struction on the runoff change was more significant. Runoff attribution results for the
GRB obtained by different studies are listed in Table 10, and the contribution rates of
climate change and human activities vary significantly among different studies. Currently,
water reservoir construction and land use/cover change are the two primary ways to alter
runoff. Based on the reservoir construction report from Jiangxi Province, a large number
of medium and small-sized reservoirs were constructed from the 1950s to the 1970s with
agricultural irrigation the primary purpose. Subsequently, several large and medium-sized
reservoirs primarily for power generation were built after the 1980s. Today, there are
13 large reservoirs, 120 medium-sized reservoirs, and 3678 small reservoirs in the GRB.
These reservoirs predominantly influence the annual runoff distribution process by storing
excess water during the wet season and releasing it during the dry seasons. Consequently,
these reservoirs have a significant influence on the annual runoff distribution but have little
influence on the inter-annual variability of runoff. Furthermore, there have been substantial
land use/cover changes in the GRB. From the 1950s to the 1980s, forest coverage dropped
from 40.1% to 31.5%. However, since the 1980s, the implementation of afforestation and
forest restoration projects has led to a remarkable increase in forest coverage, surpassing
60%. This considerable increase in vegetation can reduce runoff during the flood seasons
and enhance it during dry seasons. Additionally, following the initiation of the Reform
and Opening Policy, China’s urbanization has developed rapidly, with significant changes
taking place in the underlying surface of cities. Rapid urbanization has contributed to an
increase in surface runoff and a reduction in evapotranspiration, consequently decreasing
river streamflow. As pointed out by Zhang et al. [47], the increase in streamflow caused
by urbanization would offset the decrease caused by afforestation. Therefore, despite
extensive human activities over nearly six decades within the GRB, the overall impact of
human activities on runoff is still less significant than that of climate change.

Table 10. Comparison of runoff attribution results of the GRB estimated by different studies.

Period Contribution Rate
Model Reference Period Changed Period Fcl% Fyl/% Reference
Budyko framework 1956-1968 1969-2018 80.17 19.83 Section 4.3.1
ABCD 1956-1968 1969-2018 80.23 19.77 Section 4.3.2
GR1A 1956-1968 1969-2018 82.88 17.12 Section 4.3.2
DTVGM 1956-1968 1969-2018 60.07 39.93 Section 4.3.2
Linear regression 1960-1987 1988-2015 90.71 9.29 [45]
Budyko framework 1960-1969 1970-2007 7391 26.09 [51]
AWBM 1955-1969 1970-2009 61.00 39.00 [47]
Linear regression 1970-1993 1994-2015 82.72 17.28 [53]
Budyko framework 1955-1991 1992-2017 95.54 446 [54]

Various uncertainties affect the model performance and the runoff attribution results,

including data sources, methods and temporal periods. In this study, the choice of the
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hydrological model is a significant source of uncertainty in separating impacts. As shown
in Table 7, different formulas yielded almost the same results, indicating that the choice of
the Budyko formula is not sensitive to the runoff attribution results. However, selecting
an appropriate hydrological model can greatly affect the results, as shown in Table 10.
The Budyko framework constructs a relatively simple relationship between precipitation,
actual evapotranspiration and potential evapotranspiration. Although a series of Budyko
formulas have been proposed, these formulas are relatively simple, with only one or
two key parameters. Therefore, the input is more sensitive to the results when using
Budyko formulas. In contrast, the simulation results of the hydrological model are mainly
dominated by inputs, model structure and model parameters. The runoff attribution
results obtained by different hydrological models would vary obviously. The choice
of hydrological model plays an important role in the separation of climate change and
human activities on runoff. It is worth noting that higher complexity in a hydrological
model does not necessarily translate to more reliable and accurate simulation. More
complex models typically involve numerous parameters and require additional inputs,
leading to challenges such as parameter identification difficulties and uncertainties [55].
A recommended approach to account for these uncertainties is to run different models,
compare results using different methods, and subsequently obtain a more accurate and
acceptable runoff attribution analysis.

5. Conclusions

In this study, the impacts of climate change and human activities on runoff variations
are quantitatively evaluated based on hydrological simulation and the Budyko framework.
Their individual contributions are separated by multiple attribution methods in different
periods. Results show that annual potential evapotranspiration has significantly decreased,
annual precipitation has slightly increased, and annual runoff has no significant change.
The reference period and changed period are detected and the abrupt year is 1968. Three
hydrological models simulate the daily runoff well in the GRB, with NSE and R? being
larger than 0.8. The average contributions of climate change and human activities are
80.17% and 19.83%, by using the climate elasticity method. Similar results are obtained
through hydrological simulation analysis, with the average contributions of climate change
and human activities being 74.40% and 25.60%, respectively. Therefore, climate change
plays a dominant role in runoff variations. The different Budyko formulas have a small
impact on the runoff attribution analysis, while different hydrological models might cause
dramatic deviation. In order to reduce the uncertainties caused by different data sources,
model structures and model parameters, the more accurate way is to assemble multiple
models and compare their results for runoff attribution analysis.

The impact of climate change and human activities on runoff process and basin
hydrological characteristics are complex owing to it is associated with multiple factors
and processes. Furthermore, the impact of human activities on runoff can be divided into
fast impact(reservoirs, water diversion projects) and slow impact(land use and land cover
changes), while the impacts of these two changes were not clearly distinguished in this
study. Therefore, how to quantitatively distinguish the impact of different types of human
activities and meteorological elements on the runoff process and understand the impact
mechanism of climate change and human activities on basin hydrological processes are
important areas for further research.

This study highlights the influence of model choice on the runoff attribution analysis.
The outcomes will help provide a scientific basis for practical water resource management
and planning of the GRB in the future and will be beneficial to decision-makers in improving
the evolutionary characteristics and understanding the driving mechanisms of hydrological
processes in a changing environment.
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Abstract: Water pollution intensifies water scarcity and poses a significant threat to ecosystems and
human health. Construction waste generated by rapid urbanization also imposes a considerable
burden on the environment. Fortunately, a large portion of this waste can be efficiently converted
into recycled aggregates and reused in various fields including environmental remediation. In this
study, three types of eco-recycled concretes (ERC) (Control-ERC, Biochar-ERC-1, and Biochar-ERC-2)
were formulated by integrating shell-derived biochar with recycled aggregates. The porosity and
water permeability of these concretes were characterized, and their efficacy evaluated in treating
polluted water with six primary heavy metals (HMs), i.e., cadmium (Cd), chromium (Cr), arsenic (As),
manganese (Mn), lead (Pb), and copper (Cu). Biochar addition significantly enhanced the continuous
porosity and water permeability of the concrete, and substantially enhanced its adsorption capacity of
HMs. Specifically, Biochar-ERCs removed over 90% of As, Cd, and Mn, and achieved a removal rate
exceeding 60% for other HMs, surpassing the performance of Control-ERC. This study not only lays
a solid foundation for the wide application of Biochar-ERCs in the field of environmental protection
and remediation, but also provides strong technical support and practical examples for advancing
the circular economy model of converting waste into resources while addressing the challenge of
global water scarcity.

Keywords: construction waste; coarse aggregate; ecological recycled concrete; heavy metals;
adsorption; biochar

1. Introduction

Water stress, exacerbated by improper usage, environmental pollution, and climate
change, poses significant threats to both the natural environment and human health [1,2].
The extensive use of water for irrigation has led to severe water scarcity. Even when water is
available for irrigation, it is often insufficient or contaminated, thereby adversely affecting
the yields and the quality of agricultural production [3]. Furthermore, polluted irrigation
water can contaminate soil, leading to long-lasting detrimental effects on the ecosystem and
human health [4]. Pollution by heavy metals (HMs) in the environment is a major concern
due to their non-degradability and potential toxicity to both ecosystems and humans [5].
The regeneration of clean water is a lengthy process through the natural water cycle, which
has been further complicated and hindered by human activities [6]. Therefore, reusing
treated wastewater or used water is imperative, which necessitates effective technologies
for water pollution control and treatment. However, the high initial concentrations of
HMs and the costs associated with these technologies require a considerable investment
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to improve the quality of treated wastewater to a level for direct reuse in irrigation or
landscaping. Among the conventional and innovative technologies, adsorption stands out
as one of the most efficient methods for removing HMs from wastewater [7].

Biochar, characterized by its large specific surface-area-to-volume ratio, abundant
pore space, high carbon content, and various surface functional groups, has emerged as a
novel material with widespread applications in environmental remediation. It has proven
to be effective in soil quality improvement, pollutant removal, carbon sequestration, and
emission reduction [8,9]. This versatile material can be produced from a wide range of raw
materials, including plant residues and organic solid waste [10,11], in alignment with the
prevalent global resource policy that advocates conservation and reuse. Similarly, concrete,
an important component in construction projects, is produced in large quantities, leading
to the emergence of recycled concrete as a sustainable alternative [12]. Recycled concrete
is obtained from previously used concrete, such as construction waste. Its reprocessing
and reuse significantly mitigate resource wastage, facilitate concrete recycling, and propel
the advancement of green environmental protection [13]. Furthermore, it aids in reducing
land contamination, adsorbs HMs ions, and plays a pivotal role in environmental restora-
tion [14]. By incorporating biochar and other materials with a multi-void structure into
recycled concrete, the adsorption performance of pollutants is enhanced, thus augmenting
the environmental remediation efficacy of the concrete. This approach exemplifies the
principle of utilizing waste to manage waste [15,16], thereby promoting a sustainable and
eco-friendly solution. The addition of biochar to the concrete production process not only
minimizes the requirement for clinker in cement production process but also reduces the
carbon dioxide (CO,) emissions associated with clinker fabrication. Furthermore, biochar,
distinguished by its high porosity and extensive specific surface area, exhibits the poten-
tial to sequester atmospheric CO, within the concrete structure [17,18]. High-strength
lightweight concrete, formulated using biochar aggregate derived from kitchen waste di-
gestate, effectively reduces the carbon emission of construction materials [19]. In addition,
biochar enhances multiple critical properties of concrete, including compressive strength,
flexural strength, and split tensile strength [13,20]. Moreover, biochar produced from
lignocellulosic biomass in conjunction with sustainable eco-permeable concrete formu-
lated with modified corn cob coarse aggregate has been shown to improve water retention
within concrete [19,21], thereby significantly enhancing the strength and durability of the
eco-concrete. The integration of biochar into concrete not only facilitates the recycling of
concrete but also promotes the utilization of straw and organic solid waste as the sources
of biochar. Furthermore, this combination demonstrates remarkable removal efficiency
for manganese (Mn), nitrate (NO3 ™), total phosphorus (TP), and organic pollutants [22],
which enhances the environmental remediation effectiveness of both concrete and biochar.
At present, the integration of marine-derived biochar with recycled concrete for environ-
mental remediation is still in the stage of technical exploration and initial application. This
composite can improve the elastic recovery characteristics and durability of biochar within
the cementitious environment [23]. The incorporation of carbon dioxide (CO,)-storing algal
biomass and biochar with concrete effectively reduces CO, emissions while effectively
adsorbing HM ions and reducing their contents [24,25]. Additionally, the combination
of marine sediments with concrete not only reduces carbon emissions and enhances the
immobilization of HMs, but also offers potential economic benefits for the treatment and
utilization of oceanic sediments [26]. By investigating the application of marine-derived
biomass, such as shells, in combination with concrete, this study endeavors to ascertain
its efficacy in removing HMs from irrigation water. Consequently, it introduces a novel
and sustainable solution for environmental remediation. This innovative method leverages
the natural properties of marine biomass and recycled concrete to provide a cost-effective
and eco-friendly solution addressing HM contamination in irrigation water, ultimately
contributing to the preservation and enhancement of our natural environment.
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2. Materials and Methods
2.1. Preparation of Experimental Materials
2.1.1. Preparation of Shell-Derived Biochar

The raw-material shells were collected from the beach at Binhai Park in Qingdao City,
Shandong Province, China. These shells were then washed thoroughly with tap water
5 times, baked at 105 °C for 2 h, and subsequently subjected to crushing treatment. After
this pretreatment, the shells were accurately weighed and placed into a muffle furnace
(OTF-1200X-1II-S, China). They were purged with nitrogen for 10 min, pyrolyzed at 900 °C
for 2 h, and allowed to cool. The resultant material was then ground and passed through a
sieve with a mesh size of 10,000. The fine particles were collected and stored in a dry place
for later use. A scanning electron microscope (SEM, ZEISS Crossbeam 550, Germany) was
used to examine the surface morphology and structure of the biochar.

2.1.2. Production of Eco-Recycled Concrete with Shell-Derived Biochar

In this study, three groups of eco-recycled concrete (ERC) blocks were prepared, namely
Control-ERC, Biochar-ERC-1 and Biochar-ERC-2, with three blocks in each group. The
raw materials used for the preparation of these concrete blocks included coarse aggregate
sourced from construction waste and biochar derived from marine shell. The specific raw
material ratios were as follows: 16.6 parts of cement (Shandong Shanshui Cement Group
Limited, China); 76.6 parts of recycled aggregate; 0, 0.3, and 0.6 parts of marine-sourced shell-
derived biochar, respectively, for Control-ERC, Biochar-ERC-1, and Biochar-ERC-2; 0.4 parts of
reinforcing agent; and 6.0 parts of water. Coarse aggregate particles were sized in the range of
5-10 mm. During the mixing process, the aggregate, cement, and reinforcing agent (Zhejiang
Kamiao Technology Co., Ltd., China) were placed first, followed by the addition of deionized
water. Except for the control group, which did not contain shell-derived biochar, the other two
groups incorporated 0.3 and 0.6 mass portions of shell-derived biochar, respectively. During
molding, the molds (100 mm x 100 mm x 100 mm) were coated with mold release agent
(Quanzhou Osle Industrial Materials Co., Ltd., China), filled with pounded and smoothed
concrete, and wrapped with plastic film. The concrete blocks were then cured in the molds
for 24 h before being demolded, rewrapped, and placed for an additional week to complete
the concrete preparation. Procedural details of producing the concrete can be found in our
previous study [16].

2.1.3. Water Permeability and Porosity Characterization of the Eco-Recycled Concrete

The water permeability coefficients of the three types of ERCs were measured using
the constant head method [27], and three replicate blocks from each group were selected
for the experiments. The experimental configuration is depicted in Figure la. First, the
space between the test block and the square cylinder unit was sealed using sealing mud.
The square cylinder unit was then placed in the drum unit. Water was then introduced,
and the flow rate was adjusted to attain the desired head height. The difference in water
level was measured with a straightedge and recorded as H. The water temperature (T) was
also monitored. A timing duration of 60 s was set, during which a collection bucket was
used to collect the water exiting from the outlet.

The permeability coefficient can be expressed by Equation (1):

QxL

:Axth ™

kr
where the kt (mm/s) is the water permeability coefficient of the block when the water
temperature is T °C; Q (mm?) is the volume of water seeping out at time t; L (mm) is the
thickness of the concrete block; A (mm?) is the upper surface area of the concrete block;
H (mm) is the water level difference; and t (s) is the time duration.
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Figure 1. (a) Experimental configuration for measuring the permeability coefficient of the ERCs
made with recycled aggregates and shell-derived biochar; (b) diagram of measuring the continuous
porosity of the ERCs.

After conducting the permeability coefficient experiments, continuous porosity tests
of the concrete blocks were performed. At the conclusion of the permeability coefficient
experiment, the test block was securely tied with a rope and submerged in a bucket of
water, making sure that the test block was completely submerged without touching the
bottom, as illustrated in Figure 1b. The submerged test block was then weighed using
a handheld electronic scale to obtain M;. The continuous porosity of the test block was
calculated using the following Equation (2):

M, — M,

Cvoicl = |:1 - pV :| x 100% (2)
where Cyiq (%) is the continuous porosity; M; (g) is the weight of the concrete block when
submerged in water; M (g) is the dry weight of the concrete block; p (g/cm?) is the density

of water; and V (cm?) is the volume of the concrete block.

2.2. Simulation of Wastewater Filtration Process with the Concrete
2.2.1. Simulated Wastewater Preparation

A simulated wastewater effluent (SWW) was prepared with HM concentrations set to
the maximum permissible emission concentrations stipulated in the People’s Republic of
China’s Integrated Wastewater Discharge Standard [28]. Specifically, the concentrations
were set as follows: lead (Pb) at 1.0 mg/L, cadmium (Cd) at 0.1 mg/L, chromium (Cr) at
1.5 mg/L, arsenic (As) at 0.5 mg/L, Mn at 2.0 mg/L, and copper (Cu) at 0.5 mg/L. These
concentrations were achieved through the preparation of a solution composed of Pb(NO3),,
CdcCl,, K,Cr,O7, NapHAsO,-7H,0, MnCl,-4H,0, CuCl,-2H,O, and deionized water.

2.2.2. Filtration Experiments Using ERCs for SWW

A simulated irrigation canal, in the form of an open reactor, was designed to evaluate
the filtration efficiency of HMs using ERCs within agricultural irrigation systems. The
experimental setup mainly consists of 4 parts, including an acrylic support plate, a partition
plate, water purification tank with an ERC block, and purified water tank, as illustrated in
Figure 2. The open-top reactor, the partition plate, and the purification water tank were
constructed using gold-crystal super-white glass with a thickness of 6 mm. All the external
dimensions of each component are illustrated in Figure 2. Three replicate ERC blocks of
each type were selected for conducting the parallel experiments to ensure the reliability
and reproducibility of the results.
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Figure 2. Schematic diagram of the filtration open-tap reactor (dimension unit is mm).

The SWW was slowly introduced into the reactor from the left side of the device. After
all of the SWW had been introduced into the device, it was allowed to react for 2 min.
Following this period, the partition was then removed to enable the entire volume of the
SWW to pass through the ERC block and into the tank on the right side.

The conductivity, pH, and dissolved oxygen (DO) of the SWW before and after filtra-
tion were monitored. Samples were collected and acidified using 2% nitric acid, and the
concentrations of the HMs (Pb, Cd, Cr, As, Mn, Cu, etc.) in the samples were determined
by inductively coupled plasma mass spectrometry (ICP-MS) to determine the adsorption
of HMs by the ERCs.

The strengths of concrete blocks were tested with an electro-hydraulic servo universal
testing machine after the filtration experiment. The elemental composition was analyzed with
SEM-EDS (energy-dispersive spectrometer) with aggregates from crushed concrete blocks.

2.3. Statistical Analysis

One-way ANOVA was used to assess the differences in the adsorption capacity of
different ERCs for HM ions in the SWW. The data were presented as mean + standard
deviation, with n = 3 replicates. A statistically significant difference between groups was
indicated by a p value of less than 0.05. All statistical analyses were conducted in R (R4.2.2)
and figures were produced using the package ggplot2.

3. Results and Discussion
3.1. Characterization of Shell-Derived Biochar

SEM analysis indicated that the particle size of the shell-derived biochar varied from less
than 1 pm to 5 um, and exhibited irregular shapes and morphologies (Figure 3), which could
be attributed to the inherent characteristics of the shell material and the pyrolysis process
conditions used for their production. This variability in particle size and shape can influence
the biochar’s surface area, porosity, and overall performance of biochar-integrated ERCs.

Figure 3. SEM analysis of the shell-derived biochar.
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3.2. Characterization of ERCs

The surface morphology of the ERC blocks, as depicted in Figure 4, was captured
using a high-resolution scanning device. The image displays a porous structure formed
by relatively uniform recycled aggregates with biochar incorporated within, facilitating
water permeability and enhancing pollutant absorption capabilities. Table 1 summarizes
the fundamental physical characteristics of ERCs.

Figure 4. Surface morphology of the ERC.

Table 1. Physical characterization of the concrete blocks made with recycled aggregates and shell-
derived biochar.

Permeability Continuous

Concrete Blocks Mass (g) Eli:;emion gz‘;;t)y Coefficients Porosity (Sl\t;;l;)gth
(mm/s) (%)

Control-ERC 1676.67 £ 20.82 1.68 19.42 +0.14 33.83 £1.76 5.64

Biochar-ERC-1 1590 =+ 26.46 10 x 10 x 10 1.59 23.08 £0.76 37.83 £ 0.58 6.53

Biochar-ERC-2 1606.67 £ 20.82 1.61 26.34 £ 0.80 37.17 £1.26 5.10

3.2.1. Permeability Coefficients

Water permeability is the main characteristic for evaluating the performance of per-
vious concrete [23]. The one-way ANOVA analysis indicate that there was a significant
difference in the permeability coefficients of the three types of concrete (p < 0.01) (Table 1,
Figure 5a). The additions of biochar with 0.3 and 0.6 mass portions significantly increased
the permeability coefficients of the concrete by 18.85% and 35.63%, respectively, in compar-
ison to Control-ERC. The correlation between the addition of biochar and the permeability
coefficients of the concrete indicate that this coefficient increases linearly as the amount of
biochar incorporated increases within a specific range (Figure 5b).
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Figure 5. (a) Permeability coefficient of ERCs; (b) correlation between water permeability coefficient
of ERCs and the amount of biochar addition. Note: Letters a—c in (a) denote statistical comparisons
between groups; a significant difference is considered when two groups do not share common
letters (p < 0.05).

3.2.2. Continuous Porosity

Closely related with the permeability performance, the continuous porosity of the
concrete was also significantly increased by the admixture of the biochar in the ERCs
(p <0.05) (Table 1, Figure 6). However, the continuous porosity in the two biochar-integrated
ERC groups did not show a significant difference. Generally, the porosity of pervious
concrete is primarily controlled by the macropores formed between aggregates, which
are largely determined by the particle size and distribution of the aggregates and have
minimal direct correlation with additives such as cement and biochar [29]. Therefore, it
is postulated that the porous structure of biochar may exert a certain influence on the
porosity of pervious concrete, potentially enhancing its macroporous structure and thereby
increasing the porosity of pervious concrete, but only to a certain extent.

50

40 A a a

HHS*

30 A

20 A

10 A

Continuous porosity(%)

0

Control-ERC  Biochar-ERC-1 Biochar-ERC-2

Figure 6. Continuous porosity of ERCs. Note: Letters a—b denote statistical comparisons between
groups; a significant difference is considered when two groups do not share common letters (p < 0.05).

3.2.3. Strength of the Concrete

There is no significant difference in the strengths among the three types of concrete
(Table 1), which proves a consistent manufacturing process. Moreover, the concrete strength
can be tailored to meet specific application purposes and life expectancy based on more
realistic requirements.

3.3. Adsorption Performance of HM Ions from SWW with the ERCs

Before the filtration, the concentrations of the six HMs in the SWW were determined
to be As 355.01 ug/L, Cd 79.51 ug/L, Cr 3262.70 ug/L, Mn 2353.99 ug/L, Pb 551.74 ug/L,
and Cu 549.11 ug/L, respectively (Figure 7). The measured concentrations of most HMs
in the simulated wastewater effluent were approximate to their nominal concentrations,
but a difference was exhibited for some HMs because of the chemical reactions within
the system. For example, Pb?* precipitated with Cr,O5?~. After the filtration process, the
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concentrations of all these HMs were significantly decreased in the SWW and met the
standard for irrigation water quality in China [30], except that of Cr (Table 2). These results
indicate that ERCs possess significant efficacy in absorbing most of these HMs from water.
Chromium is extensively used in textile dyes and mordants, plating, pigments, alloying,
etc., covering many walks of life [31]. However, removing Cr from wastewater is very
challenging due to its rapid transformation between multiple oxidation states ranging from
—2 to +6 [32]. This complexity is compounded by the fact that Cr can coexist in up to eleven
different species in water [33]. Consequently, eliminating Cr from wastewater using a
solitary technique is a formidable task. To date, various technologies have been developed
to remove Cr from wastewater, encompassing physicochemical technology, electrochemical
technology, and advanced oxidation technology. The method proposed in this study falls
under the category of physicochemical technology, and it can involve multiple filtration
stages or a filtration system to further reduce Cr concentrations and ensure compliance
with the aforementioned standards.
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Figure 7. Heavy metal concentrations in the original simulated wastewater effluent (SWW) and the
filtrates after filtration using ERCs. Note: Letters a—c denote statistical comparisons between groups;
a significant difference is considered when two groups do not share common letters (p < 0.05).

Table 2. Heavy metal (HM) concentrations in the solution before filtration and after filtration
through ERCs.

Samples As (ng/L) Cd (ng/L) Cr (ng/L) Mn (ug/L) Cu (ng/L) Pb (ug/L)
Simulated wastewater 355.01 + 0.84 79.51 + 0.67 3262.70 + 20.78 2353.99 + 3.41 549.11 + 10.67 551.74 4 41.15
before filtration
Filtrates through 151.45 + 17.86 64.23 £ 2.12 232091 + 178.84 1649.52 + 66.54 360.42 = 9.09 467.72 + 41.63
Control-ERC
Filtrates through 32.893 + 7.84 4.10 £ 0.81 2777.24 + 123.983 157.62 + 21.33 163.57 £ 7.55 156.85 + 11.73
Biochar-ERC -1
Filtrates through 24.935 + 5.74 3.72 +0.05 2760.43 + 95.54 132.41 +3.83 16453 +1.21 200.89 + 45.85
Biochar-ERC -2
GB 5084-2021 [30] 50-100 2 10 100 none 500-1000 2 200

Note: # The standard concentrations depend on the crops.

Furthermore, the adsorption performance of HMs from the SWW using different ERCs
was evaluated (Figure 8). Specifically, when the SWW was filtered through Biochar-ERC-1
and Biochar-ERC-2 concrete blocks, it resulted in the removal of more than 90% of As,
Cd, and Mn, indicating that both treatments were exceptionally effective in eliminating
these three HMs. The removal rates for all other HMs were greater than 60%. In contrast,
filtering SWW through Control-ERC concrete removed less than 40% of all HMs, except
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for As, which was removed by about 60%. Notably, the removal rates of HMs except Cr
were significantly lower for Control-ERC compared to the other two concretes containing
shell-derived biochar. This suggests that shell-derived biochar exhibits strong adsorption
capacity for HMs, which should be attributed to the increased porous structure and rich
functional groups of the biochar. This postulation needs to be further verified. The
lower removal rate of Cr with Biochar-ERC-1 and Biochar-ERC-2 may be attributed to the
presence of Cr-repelling substances within the shell-derived biochar, which also needs to
be further verified. In addition, Biochar-ERC-2 demonstrated higher adsorption capacity
for HMs (except Pb) compared to Biochar-ERC-1. This suggests that excessive addition of
shell-derived biochar can affect the adsorption of Pb to some extent. The removal of Pb
in wastewater is not particularly increased with biochar addition, which may be due to
the complex existence state of Pb ions in aqueous solution, the selectivity and efficiency
limitations of biochar, as well as the influence of other factors in the wastewater [34].
Therefore, in practical applications, we need to integrate multiple treatment methods
according to the specific composition and conditions of the wastewater to achieve the best
removal efficacy.
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Figure 8. Heavy metal removal by ERCs in the filtration experiment. Note: The symbols * and *** are
used to denote statistical comparisons between groups; a significant difference is considered when
p <0.05 (*), and a highly significant difference is considered when p < 0.001 (***).

Figure 9 illustrates the alterations in pH, DO, and conductivity observed in the fil-
tration experiment. The use of concrete for filtration led to an increase in the effluent’s
pH, while the incorporation of biochar into the concrete had a negligible impact on the
effluent’s pH. Additionally, the application of concrete for filtration resulted in an elevation
of effluent conductivity and a reduction in DO content. However, the introduction of
biochar caused a decrease in both effluent conductivity and DO content.

In regions such as southern China, the southeast coast, and the middle and lower
reaches of the Yangtze River, high precipitation leads to the easy leaching of alkaline
substances from the soil, ultimately resulting in a predominantly acidic or strongly acidic
soil pH level [35]. Concrete filtration can elevate the pH value of the water, making ERCs
a promising material for use in these areas. By neutralizing soil acidity, it can improve
the local soil environment, which helps optimize the growing conditions for crops and
promotes healthy plant growth, ultimately boosting agricultural yield and quality. Overall,
eco-recycled concrete with shell-derived biochar exhibits significant effects on the control of
heavy metal pollution in water bodies, which is of positive significance for environmental
protection and human health.
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Figure 9. Variation of relevant parameters of solution samples in wastewater filtration experiments
with ERCs.

3.4. Limitations of the Preliminary Study

This preliminary study mainly focused on the permeability, porosity, and adsorption
efficiency of ERCs. To further enhance its comprehensiveness, additional analyses such
as the durability of ERC blocks, their long-term effectiveness, temperature resistance,
and potential side effects should be incorporated, especially considering their practical
application in different environmental conditions.

4. Conclusions

Shell-derived biochar and aggregate recycled from construction waste were shown to
be cost-effective additives in concrete for improving its performance in multiple aspects.
The biochar significantly increased the water permeability coefficients and the continuous
porosity of the ERCs. It also significantly enhanced the adsorption efficiency of the concrete
for removing HMs from wastewater. Furthermore, filtration with ERCs increased the pH
and demonstrated a stable performance in maintaining the acid-base balance of water,
which is particularly suitable for regions with acidic soils, such as southern China, the
southeast coast, and the middle and lower reaches of the Yangtze River. Overall, the
addition of shell-derived biochar greatly broadens the application potential of ERCs in the
field of water treatment and ecological restoration. As technology advances and the scope
of application expands, this innovative material is poised to play an increasingly important
role in environmental protection and sustainable development.
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Abstract: With the increasing environmental impacts of human activities, the problem of poly-
genic multipollutants in groundwater has attracted the attention of researchers. Identifying the
hydrobiogeochemical characteristics of the surface sewage that replenishes groundwater is crucial
to addressing this problem. The input of polygenic multipollutants into groundwater leads to not
only the mechanical superposition of pollutants but also the formation of secondary pollutant types.
The evolution of polygenic multipollutants is influenced by aquifer characteristics, carbon sources,
microbial abundance, etc. Therefore, this study took a sewage leakage point in Northwest China
as the research object, carried out a controlled laboratory experiment on the impact of sewage dis-
charge on groundwater, and, combined with long-term field monitoring results, determined the main
hydrobiogeochemical processes of polygenic multipollutants and their secondary pollutants. The
results showed that the redox environment and the gradient change in pH were identified as the most
critical controlling factors. In oxidative groundwater during the early stage of vertical infiltration,
sewage carries a substantial amount of NHy*, which is oxidized to form the secondary pollutant
NOs ™. As O, is consumed, the reduction intensifies, and secondary pollutants NO3~, Mn (IV), and
Fe(III) minerals are successively reduced. Compared with the natural conditions of rainwater vertical
infiltration, the reaction rates and intensities of various reactions significantly increase during sewage
vertical infiltration. However, there is a notable difference in the groundwater pH between sewage
and rainwater vertical infiltration. In O, and secondary pollutant NO3~ reduction, a large amount
of CO; is rapidly generated. Excessive CO; dissolves to produce a substantial amount of H*, pro-
moting the acidic dissolution of Mn (IT) minerals and generation of Mn?*. Sewage provides a higher
carbon load, enhancing Mn (II) acidic dissolution and stimulating the activity of dissimilatory nitrate
reduction to ammonium, which exhibits a higher contribution to NO3; ™ reduction. This results in a
portion of NO3; ~ converted from NH,* being reduced back to NH; " and retained in the groundwater,
reducing the denitrification’s capacity to remove secondary NO3 ™. This has important implications
for pollution management and groundwater remediation, particularly monitored natural attenuation.

Keywords: polygenic pollution; multipollutant; geogenic pollutant; DNRA; autotrophic reduction

1. Introduction

With the increase in human activities, the issue of groundwater composite pollution
caused by pollutants from various sources during the vertical replenishment of surface
sewage into aquifers has garnered more attention [1,2]. In this paper, pollutants from
different sources (natural and anthropogenic sources) and components (natural and an-
thropogenic components) are called polygenic multipollutants. The input of polygenic
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multipollutants leads to a direct overlay of pollutant components in the groundwater sys-
tem. Interactions occur among pollutants from different sources, between the aquifer and
groundwater, and between the aquifer and pollutants, generating new soluble components
and, thus, forming secondary pollutants [3,4]. Groundwater pollution in many regions
worldwide has been characterized by polygenic sources [5,6] by primarily focusing on
natural sources, namely, Fe, Mn [4], and anthropogenic sources (i.e., NHs* and NO3 ™) [7,8].
The interactions among groundwater, polygenic multipollutants, and aquifer media are
very complex and are regulated by factors such as lithology, recharge, environmental
conditions, and microbial activity [9]. Identifying the hydrobiogeochemical characteristics
of the surface sewage that replenishes groundwater is crucial to addressing this problem.

In the process of localized concentrated vertical infiltration of polygenic multipollu-
tants, the presence of sewage carrying abundant organic carbon, organic nitrogen, and
inorganic nitrogen leads to complex hydrogeochemical reactions [10,11]. Water—rock in-
teractions, adsorption processes, and biogeochemical processes primarily govern these
reactions. The control factors include the permeability of the aquifer media, the content
of humic substances, redox conditions, and acidity [9]. The permeability of aquifer media
can influence the retention time of groundwater, affecting the storage capacity of pollutant
components in the aquifer media. Prolonged filtration processes result in significant cation
exchange adsorption [12,13]. Humic substances in aquifer media can provide a substan-
tial carbon source. During the process of sewage vertical recharge aquifers, the input of
organic carbon can influence the diversity and activity of micro-organisms, triggering
biogeochemical processes in carbon cycling, such as the degradation of organic matter
and nitrogen transformation [14]. Additionally, nitrogen compounds, such as amino acids,
may be present in humic substances, participating in nitrogen biogeochemical processes.
Micro-organisms can utilize these nitrogen compounds in reactions such as nitrification,
denitrification, and dissimilatory nitrate reduction to ammonium (DNRA) [15,16], influenc-
ing the morphological transformation of nitrogen [17].

Under natural conditions, with the increase in dissolved oxygen (DO) content in the
aquifer medium under oxidation conditions, nitration plays a leading role, and NH,* is
oxidized to NO3~, accompanied by the decomposition of organic matter [5,18]. As oxygen
is consumed, the system gradually shifts to a reducing environment, and the prominence
of denitrification increases, reducing NO3 ™~ to produce N, and NH;* [19]. The acidity (pH)
of the aquifer media is a crucial factor controlling the strength of water—rock interactions
Under acidic conditions, water—rock interactions intensify, increasing the concentration of
inorganic ions in groundwater. These conditions may also induce the acidic dissolution of
metal minerals such as Fe and Mn, increasing their concentrations in groundwater [17,19].
In addition, under natural conditions, along the vertical infiltration direction of water,
REDOX conditions, pH, and carbon load form a gradient. Under the action of micro-
organisms, carbon sources provide electrons, and O,, NO3 ™, Mn(IV), and Fe(IlI) [14] are
successively reduced to form a sequential REDOX zone. However, the introduction of
wastewater containing large amounts of COD and NH,4* changes the sequential REDOX
process. The initial oxidation of NH4* generates NO3;~, which leads to the increase of
NO; ™~ concentration and promotes denitrification. The large amount of H* produced in
this process can change the pH value of the aquifer medium [20,21]. Prolonged nitration
can shift the reaction zone of Mn(IV) and Fe(III) backward [22,23].

Hydrochemical tracing and laboratory simulation inversion are the most commonly
used methods for identifying polygenic multipollutants [21,24]. Cao, X. et al. demonstrated
through leaching experiments that Flood irrigation increases the release of phosphorus
from aquifer sediments into groundwater [25], and Zhai, Y. et al. confirmed through
leaching experiments that anthropogenic organic pollutants in groundwater increase the
release of Fe and Mn from aquifer sediments [18]. In the field, hydrochemical tracing is
used as a basis, and specific experiments are conducted indoors to simulate inversion based
on polygenic multipollutants [19]. This approach identifies the main geochemical processes
and their impact intensity, providing a scientific basis for the management and remediation
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of groundwater. In a specific location in a desert in Northwest China with a concentrated
leakage of multiple pollutants, research, based on long-term monitoring, was conducted
and revealed interactions between trivalent nitrogen and manganese in groundwater.
Sewage discharge significantly affected the types and concentrations of solute components
in groundwater. The oxidation of exogenous organic nitrogen triggering the reductive
dissolution of manganese was identified as the main mechanism for the increase in Mn?*
in groundwater. Additionally, under conditions of DO > 2 mg/L, chemolithoautotrophic
denitrification and nitrate heterotrophic reduction to ammonium were identified as the
main mechanisms for NO3 ™ attenuation [10].

To further explore the vertical leakage impact of polygenic multipollutants in the
desert on groundwater, this study conducted indoor simulation experiments to (1) simulate
the impact of sewage discharge on groundwater through controlled laboratory experiments,
(2) supplement and validate previous field observation results based on conclusions drawn
from experiments, and (3) analyze the influencing mechanisms from physical and chemical
perspectives. The research results provide insights into local groundwater management
and remediation planning strategies.

2. Materials and Methods
2.1. Study Area

The study area is located in Northwest China (Figure S1). The topography of the study
area slopes from the southwest to the northeast, with slopes ranging from 5 to 9%. and
consisting of relatively flat terrain. The climate of the study area is a temperate continental
arid climate, with an average annual precipitation of 160 mm, average annual evaporation
of 2000 mm, and 2800 h of sunshine annually. Groundwater types include unconfined
aquifers in the south and confined aquifers in the north. The groundwater flow direction is
from southeast to northwest, and the main aquifer lithology consists of fine sand, silty fine
sand, coarse sand, and sandy gravel from the Middle-Upper Pleistocene. The groundwater
depth is about 15 m. Groundwater replenishment around the contamination site is mainly
from lateral runoff from the southeast to the northwest. The hydraulic gradient is 3 %o,
moving from the contaminated site to the downstream northern zone. The permeability
coefficient of the aquifer is between 6.44 and 13.0 m/d. Groundwater recharge primarily
occurs through surface water infiltration, and fractured water from mountain bedrock
serves as lateral replenishment. Groundwater discharge is mainly through lateral outflow,
with minimal and dispersed artificial extraction and low water consumption.

2.2. Pollution Incident and Field Monitoring

Based on the field investigation, it was found that from 28 May 2014 to 6 March 2015,
209,800 cubic meters of sewage was discharged through a pipeline, resulting in pollution
at three sites of varying sizes (designated as #1, #2, and #3 in Figure S1). The discharge
volumes for sites #1, #2, and #3 were 74,700, 129,000, and 6100 cubic meters, respectively [10].
The investigation revealed that the main pollutants in the sewage discharged at the three
contaminated sites were biodegradable organic nitrogen (represented by CODy,) and
ammonia nitrogen (measured as NH;"-N), with concentrations ranging from 1956 to
2935 mg/L and 625 to 638 mg/L, respectively [10]. The Mn concentration in the sewage
was below the detection limit. Long-term monitoring from 15 June 2015 to 1 June 2021
indicated that the discharge of high COD and ammonia nitrogen sewage severely affected
the concentrations of hydrogeochemical components in the groundwater at the three
polluted sites, as well as the types of hydrogeochemical components present (Figure 1).
Specifically, the COD, NH4 ", and NO, ™ levels in the groundwater at the three sites were
significantly higher than the background values, while the concentrations of NO3 ™~ and
DO were lower. Mn, which was undetectable in the background groundwater, reached a
maximum concentration of 1.64 mg/L in the groundwater at the three polluted sites.
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Figure 1. Temporal variations of groundwater monitoring indicators over six years for five wells.
(a) pH; (b) TDS; (c) DO; (d) COD; (e) NH4*-N; (f) NO3 ™ -N; (g) NO, ~-N; (h) Fe; (i) Mn.

2.3. Laboratory Experiment
2.3.1. Sample Collection and Determination

To further investigate the impact of vertically infiltrating pollutants on groundwater
and provide additional insights into the observed field phenomena, laboratory-controlled
experiments were conducted to simulate the effects of sewage vertical infiltration on
groundwater [24,25]. The soil sample collection and preservation for this experiment
strictly followed the China’s quality standards (GB/T 36197-2018) [26]. The soil samples,
categorized as spatially mixed samples, were collected from the polluted sites (#1, #2, #3 in
Figure S1) and uncontaminated background sites (#BMW in Figure S1). The sampling depth
is 810 m in the unsaturated zone and 18-20 m in the saturated zone. For comparative
analysis, two sets of saturated aquifer samples were collected from the polluted sites, and
two sets were collected from the uncontaminated background sites, resulting in a total of
four sample groups. After collection, the samples were sealed in pre-prepared plastic bags
and stored under low-temperature refrigeration conditions before being transported to the
laboratory for analysis [5,27].

To improve the understanding of the mineral composition of the saturated aquifer
samples and facilitate the analysis of potential biogeochemical processes during sewage
leaching, the collected soil samples were air-dried and ground to pass through a 200-mesh
sieve [22]. The sieved soil samples were sealed in plastic bags for further use. Using the
required procedures, the laboratory pre-treated the samples and determined the metal
element composition (Table S1) and mineral components (Figure S2). The elemental content
in the samples was determined using inductively coupled plasma atomic emission spec-
trometry (ICP-AES). Mineral phase analysis was conducted using X-ray diffraction [13,28].

To avoid interference from other chemical components, the water samples used in
this experiment were untreated source water samples collected in the study area [10]. For
comparative purposes, two types of source water were used in this experiment: sewage
from the sewage treatment system of the sewage discharge plant in the study area and
local rainwater, with the rainwater samples collected and mixed during months of highest
precipitation (Jun-Sep). All water samples were sealed on-site and immediately placed
in an insulated box with ice, transported to the laboratory within 1 h, and stored in a
refrigerator at 4 °C until testing [24].
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To facilitate the comparative analysis of concentration changes in various compo-
nents during the experiment, the initial concentrations of each chemical component in
the experimental water (sewage and rainwater) were measured before the experiment
(Table S2) [29]. To accurately and comprehensively characterize the local pollution situa-
tion, the selection of detection indicators in the experiment was based on the ‘Groundwater
Quality Standards (GB/T14848-2017) [30] in China, the WHO quality standard [31] and the
current status of groundwater quality in the study area, and other considerations [29]. The
overall selection principle covered conventional indicators, macro-soluble components, and
“bottleneck” indicators affecting groundwater quality levels, anticipating and emphasizing
potentially harmful chemical components. The selected detection indicators included K,
Na*, Ca%*, Mg?*, SO42~, CI~, NH4*-N, NO3; ~-N, NO,~-N, COD, pH, Al, As, Fe, Mn, P,
Zn, and 10 other indicators. The detection of COD, NH;"-N, NO3;~-N, NO, " -N, pH, Fe,
and Mn was using the recommended methods in the “Groundwater Quality Standards”
(Table S3). Inorganic ion indicators such as K*, Na*, Ca?*, and Mg2+ were tested using ion
chromatography, and Al, As, and P were determined using inductively coupled plasma
atomic emission spectrometry [30].

2.3.2. Experimental Procedure

Cao, X. et al. demonstrated through leaching experiments that flood irrigation in-
creases the release of phosphorus from aquifer sediments into groundwater [25], and Zhai,
Y. et al. confirmed through leaching experiments that anthropogenic organic pollutants in
groundwater increase the release of Fe and Mn from aquifer sediments [18]. Therefore, to
determine the impact of polygenic multipollutants inputs on the concentration changes
in various chemical components in groundwater, leaching experiments were conducted
to simulate this process. The leaching experiment was performed in the laboratory by
using a conical flask shaking experiment setup (Figure S3). Under dark conditions, with
temperature controlled between 10 and 15 °C, sewage samples (or rainwater samples)
and groundwater samples were added to a 250 mL conical flask at a water-to-soil ratio
of 10:1 [27]. The conical flask was shaken and transferred to a centrifuge, where it was
centrifuged at a speed of 4000 rpm for 10 min. After centrifugation, the filtrate was obtained
by filtering through a 0.45 um water-based filter membrane to remove impurities; this
filtrate was used for water chemical testing [18]. All glassware used in the experiment was
first acid-treated, rinsed with pure water, and air-dried. To achieve the research objectives,
four combinations of experiments were conducted. The control experiment combinations
and control conditions are shown in Table S4. In each group, 13 conical flasks were used
for testing the groundwater samples, equivalent to 13 sampling times, with sampling times
at 10 and 30 min and 1, 2, 4, 6, 8, 10, 14, 18, 24, 48, and 72 h. To ensure data quality, parallel
sampling was conducted at each sampling point.

To identify the changes in concentration of each component during the experiment, we
monitored the concentrations of various components in the leachate at specific times during
the experiment [24]. Immediately after sampling, the experimental effluent samples were
subjected to water chemical testing. Because of the physicochemical changes that might
occur in the leaching experiment, the detection indicators and methods were consistent
with the 17 detection indicators in the original water [31]. All analysis procedures fulfilled
the quality requirements, with a test conducted for every 26 samples. The error of the
indicative standard sample was less than 5%, and the qualification rate was 100%.

3. Results
3.1. Variations in the Concentrations of Nitrogen

The initial concentration of NH;" in rainwater was 2.64 mg/L (Table S2). Under
the leaching action of rainwater, the concentration of NH;* in the leachate from the con-
taminated site samples increased. The rate of increase was initially rapid but plateaued
after reaching a certain concentration, indicating a saturated leaching state, and the NH,*
concentration in the leachate reached 6.37 & 0.11 mg/L by the end of leaching. In contrast,
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the NH4* concentration in the leachate from the background site samples remained stable
throughout the leaching process, showing no significant changes (Figure 2a). The initial
NH4* concentration in the wastewater was 86.2 mg/L (Table S2), and the concentration in
the leachate from the contaminated site samples exhibited a trend of initially increasing,
then decreasing, and increasing again. Throughout the leaching period, the concentra-
tion of the leachate was mostly slightly higher than the initial concentration, reaching
89.58 £ 0.44 mg/L at the end of leaching. The concentration of NH4™ in the leachate from
the background soil layers showed a fluctuating downward trend. It decreased rapidly
in the early stages of leaching, continued to fluctuate until it stabilized, and the overall
concentration of NHy " in the leachate was lower than the initial concentration, concluding
at79.9 & 2.50 mg/L at the end of leaching (Figure 2b).

—
O
~—"

Contaminated site samples
. —— Background site samples

Contaminated site samples
. —— Background site samples

BT TT:f 7 E T
ik : S I

NH,*-N concentration

0 t 1 T T t T T T T

T T
0 6 12 18 24 30 36 42 48 54 60 66 72 0 6 12 18 24 30 36 42 48 54 60
Time (h) Time (h)

under sewage leaching (mg/L)

—~
o
~—"

N
o

66

72

W w
o
Ll

25+

a o N
o o ©
Lol o1

54

NO;-N concentration

o o
|

Contaminated site samples
—— Background site samples

under sewage leaching (mg/L)

0 f T T T t T T T T T T

0 6 12 18 24 30 36 42 48 54 60 66 72
Time (h) Time (h)

o
o
N
-
3
N
Fe
w
o
w
3
'S
N

48 54 60

Figure 2. Variations in nitrogen concentrations during the filtration of two types of source water
in the contaminated and background environments. (a) Changes in NH;4" concentration during
rainwater filtration. (b) Variations in NH4 " concentration during sewage filtration. (c) Alterations in
NO3 ™~ concentration during rainwater filtration. (d) Changes in NO3 ™~ concentration during sewage
filtration. Each value represented as mean + SD, samples size (1 = 4), * p < 0.05. The significance of
the grades was calculated with the Kruskal-Wallis test.

The initial concentration of NO3 ™ in rainwater was 1.15 mg/L (Table S2). Leach-
ing by rainwater significantly increased the concentration of NO3 ™ in the leachate from
contaminated site samples, with a substantial rise in the early phase of leaching. As time
progressed, the concentration fluctuated within a certain range before eventually stabilizing.
In contrast, the increase in NO3 ™~ concentration in the leachate from the background site
samples was minimal, maintaining a stable range between 2 and 2.5 mg/L (Figure 2c). The
initial concentration of NO3; ™~ in wastewater was 2.01 mg/L (Table S2). During the leaching
period, the concentration of NO3 ™~ in the leachate from contaminated site samples rose sig-
nificantly, whereas the leaching effect in the background site samples was not pronounced.
The concentration of NO3 ™ in the leachate from the contaminated soil layers fluctuated
and overall increased, reaching 20.71 + 3.31 mg/L by the end of leaching. In the leachate
from the background soil layers, the concentration of NO3 ™ initially rose slightly and then
remained stable, concluding at 3.20 + 0.19 mg/L at the end of leaching (Figure 2d).

3.2. Variations in the Concentrations of pH/Ca/Mg

The pH of the rainwater was 7.2 (Table 52). When leaching through the contaminated
site samples, the pH initially fluctuated significantly before gradually rising to a stable

86

66

72



Water 2024, 16, 2305

equilibrium of 7.82 & 0.13. The pH trend during leaching at the background site samples
was similar to that of the contaminated site samples, but the overall pH was higher,
stabilizing at 7.93 = 0.11 (Figure 3a). The pH of the wastewater was 6.8 (Table S2), showing a
similar pattern during leaching through the contaminated site samples: an initial significant
fluctuation followed by a gradual rise to a stable equilibrium of 7.53 £ 0.07. The pH trend
during leaching at the background site samples paralleled that of the contaminated site

samples, albeit slightly higher, stabilizing at 7.75 & 0.06 (Figure 3b).
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Figure 3. Changes in pH and inorganic ion concentrations during the filtration of two types of source
water in the contaminated and background environments. Changes in (a) pH during rainwater
filtration; (b) pH during sewage filtration; (c) Ca%* concentration during rainwater filtration; (d) CaZt
concentration during sewage filtration; (e) Mg2+ concentration during rainwater filtration; and
(f) Mg?* concentration during sewage filtration. Each value represented as mean 4 SD, samples size
(n =4),* p <0.05. The significance of the grades was calculated with the Kruskal-Wallis test.

The initial concentration of Ca?* in rainwater was 2.98 mg/L (Table S2). During
leaching through the wastewater medium, there was a significant initial increase followed
by a slow rise, reaching a steady equilibrium concentration of 55.33 &= 1.87 mg/L. In the
background medium, the initial increase was significant, followed by fluctuating rises,
and after 24 h, a slow upward trend led to a steady equilibrium of 38.16 + 13.27 mg/L
(Figure 3c). The initial Ca®* concentration in wastewater was 33.25 mg/L (Table S2).
Vigorous agitation resulted in substantial leaching of Ca?* from the soil; during leaching
through the contaminated medium, the concentration significantly increased within the first
30 min, slightly decreased thereafter, and then rose again to reach a stable equilibrium at
178.52 £ 3.23 mg/L. During leaching through the background medium, the concentration
significantly increased in the first 30 min, fluctuated downward, rose again, and then slowly
declined over 48 h, settling at 158.25 + 2.71 mg/L at the end of leaching (Figure 3d).
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The initial concentration of Mg?* was 0.33 mg/L in rainwater (Table S2). As leach-
ing progressed, the concentration of Mg?* in the leachate from both contaminated and
background site samples continuously increased. At the end of the experiment, the con-
centrations of Mg?" in the leachate from the contaminated and background site samples
were 5.00 £ 0.80 mg/L and 10.02 £ 1.32 mg/L, respectively (Figure 3e). The initial Mg2+
concentration in wastewater was 24.63 mg/L (Table S2). During the reaction, the con-
centration of Mg?" precipitated at the background site samples was higher than at the
contaminated site samples. During leaching through the contaminated site samples, there
was an initial rise followed by a decrease, then a slow rise after 12 h to reach equilibrium at
27.04 £ 0.05 mg/L. During leaching through the background site samples, the concentra-
tion first rose then fell within the first 6 h, fluctuated between 6 and 12 h, then slowly rose
and stabilized after 48 h at an equilibrium of 37.80 + 1.74 mg/L (Figure 3f).

3.3. Variations in the Concentrations of Mn/Fe

In rainwater, both Fe and Mn were below the detection limit (Table S2). During the
leaching period, occasional detections of Mn and Fe were observed in the leachate from
the background soil layers, but the concentrations were very low, with Mn reaching a
maximum concentration of 0.007 £ 0.001 mg/L and Fe peaking at 0.0076 & 0.003 mg/L. In
the leachate from the contaminated soil layers, the concentration of Fe was also low, with
a maximum of 0.005 £ 0.002 mg/L. The concentration of Mn was slightly higher than in
the leachate from the background site samples and slowly increased over the duration of
the leaching process, reaching a concentration of 0.13 & 0.01 mg/L by the end of leaching
(Figure 4).
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Figure 4. Changes in Mn?* and Fe?* concentrations during filtration of two types of source water in
contaminated and background environments. Changes in (a) Mn?* concentration during rainwater
filtration, (b) Mn?* concentration during sewage filtration, () Fe”* concentration during rainwater
filtration, and (d) Fe>* concentration during sewage filtration. Each value represented as mean + SD,
samples size (n = 4), * p < 0.05. The significance of the grades was calculated with the Kruskal—-
Wallis test.

Mn and Fe concentrations in wastewater were very low, only slightly above their
respective detection limits (Table S2). Observations during the leaching period showed a
clear increase in the concentrations of Mn and Fe in the leachate (Figure 4). The concentra-
tion of Mn in the leachate displayed a rapid increase followed by a fluctuating decrease,
ultimately reaching a steady state. The concentration of Mn in the leachate was consistently
higher than that from rainwater leaching, with a more noticeable increase compared to Fe.
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The equilibrium concentrations of Mn in the leachate from the contaminated site samples
and background site samples were 0.66 £ 0.06 mg/L and 0.22 + 0.02 mg/L, respectively.
The concentration of Fe in the leachate continued to fluctuate and increase, with the Fe
concentration in leachates from all soil layers under wastewater leaching being higher than
those from rainwater leaching. The equilibrium concentrations of Fe in the leachate from
the contaminated site samples and background site samples were 0.016 & 0.01 mg/L and
0.07 & 0.003 mg/L, respectively (Figure 4).

4. Discussion
4.1. Enrichment of the Secondary NO3~ in Oxidation Zone

During the vertical filtration of surface sewage into aquifers, the initial oxidative source
water gradually transitions to a reducing state, forming distinct oxidative and reductive
zones [9]. The reduction intensity of O, and NO3 ™~ directly governs the spatial variations
between the oxidative and reductive zones. In the natural vertical filtration process of
rainwater, the NO3 ™~ content in source water and groundwater is low, with NH4 " in strongly
reducing groundwater being the primary inorganic nitrogen form [32]. In the case of sewage
with a tendency toward oxidation, the substantial presence of NH,™ is attributed to its
elevated concentration. Within the oxidative-reductive gradient formed during vertical
infiltration, under conditions of oxygen richness and high microbial abundance [33], NH4*
undergoes nitrification to produce NO3 ™, as described by Equation (1).

ONH,* +50, — 2NO; ™ + 4H,0 1)

NH,* exhibits strong adsorption characteristics, with a sandstone adsorption capacity
(Kd) ranging from 3 to 8 L/kg, reaching adsorption equilibrium within 4-8 h [34,35]. It
undergoes significant adsorption during the vertical filtration process. In this experiment,
the experimental medium had undergone prolonged percolation filtration (Figure 2b). The
concentrations of NH;™ in the original water of rain and sewage were 2.639 mg/L and
86.203 mg/L, respectively. Within the 4 h adsorption equilibrium period identified by
Chen et al. (2023) [33] the leachate NH4" peak concentrations in the rainwater filtration
background medium experimental group and the sewage filtration polluted medium ex-
perimental group were (1.97 4= 0.01 mg/L) and (85.86 = 2.16 mg/L), respectively. These
values closely resembled the corresponding original water concentrations, indicating that
the experimental medium, under the prolonged influence of rainwater and sewage filtra-
tion, had reached thermodynamic adsorption equilibrium for NH4*, rendering the NH4*
adsorption effect negligible.

The concentrations of NO3 ™ in the original water of rain and sewage were 1.148 mg/L
and 2.014 mg/L, respectively (Figure 2c,d). Between 30 and 72 h, the variations in NO3; ™
concentrations were minimal, stabilizing at 20.56 & 3.31 mg/L and 84.51 £ 2.15 mg/L,
respectively. At this point, in the background medium experimental group, the NO;~
concentrations were significantly lower than those in the polluted medium experimental
group (Figure 2), suggesting the presence of active nitrogen biogeochemical processes [19].
In the polluted medium experimental group during sewage filtration NH;* content de-
creased by 5.40 & 2.16 mg/L within 6 h, and NO3~ concentration steadily increased by
4.79 £ 1.46 mg/L (Figure 2b). During this initial period of filtration, the environment was
oxidative, characterized by abundant COD and O; levels, promoting nitrification. However,
a consistent trend was observed in the rainwater filtration polluted medium experimental
group (Figure 2a,c). The rainwater source water was characterized by no microbial popu-
lations, carbon sources, and NH4 ™, the variation range of NHs* and NO3 ™ in rainwater
filtration experiments were lower than those observed in sewage filtration experiments,
showing that sewage infiltration increased the intensity of nitrification in groundwater
compared with rainwater infiltration. Chen et al. (2023) [33] mentioned that nitrification is
a first-order kinetic reaction, and its rate is controlled by the concentration of the reactant
NH,". The experiments demonstrate that, within the initial 6 h of the sewage filtration, a
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portion of the high concentration of NH4* rapidly transforms into a considerable amount
of secondary pollutant NO3 ™.

4.2. Acid Environment Controlled by Rapid Reduction

During rainwater filtration, rapid reduction of O, and NO3;~ coupled with the swift
production of CO, from organic carbon results in an excess of CO, dissolved in water.
Abedi Koupai et al. (2020) [36] and Chen et al. (2023) [33] inferred that this result pro-
motes the movement of carbonic acid balance in water, producing a certain amount of H*
and altering groundwater acidity. The impact of this acidity changes on the dissolution
equilibrium of carbonate minerals, as shown in Equations (2) and (3), is limited [37,38].
However, there is a substantial presence of O;, secondary pollutant NO;~, and carbon
source COD in the process of vertical filtration of surface sewage. A study by Zhai et al.
(2021) [18] on centralized sewage treatment has demonstrated that the rapid reduction in
a large amount of NO3 ™~ promptly produces H*, significantly altering the acidity of the
groundwater environment.

Calcite dissolution: CaCOs(s) + H — Ca** + HCO5~ 2)

Dolomite dissolution: CaMg(COs), + 2H" — Ca*" + Mg?* + 2HCO3 ™~ (3)

The generation and consumption of H* occur simultaneously during filtration, which
makes the direct correlation of pH to nitrate reduction less apparent. However, changes in
the concentrations of Ca?* and Mg2+ can serve as indicators of acid-driven processes [19,39].
In the polluted medium experimental group during sewage filtration, as shown in Figure 3b,
the pH value increased from the initial 6.88 4 0.03 to 6.91 £ 0.01 within 6 h. From 6
to 72 h, the pH gradually decreased and stabilized at the initial level. The concentra-
tions of Ca?* and Mg?*, 33.253 mg/L and 24.63 mg/L in the original water, increased
to 185.92 + 3.59 mg/L and 27.26 & 0.12 mg/L within 6 h and gradually decreased to the
initial level from 6 to 72 h, respectively. The rapid changes in Ca?* and Mg?* concentrations
indicate the high activity of H". Within 6-12 h after sewage filtration, the reduction of O,
and secondary pollutant NO3 ™~ generates a large amount of H*, promoting the dissolution
of calcite and dolomite, resulting in increased Ca?* and Mg?*. In the subsequent 6-12 h,
the intensity of redox reactions decreased; the consumption of H* exceeded the generation;
excess Ca?* and Mg2+ shifted the balance to the left; and the Ca?* and Mg2+ concentra-
tions and pH returned to the initial state. This acidification, induced by the reduction of
NO;3;~ and CO; production, affects the nitrate reduction process. The presence of excess
H* accelerates the denitrification and DNRA processes, influencing the pathways and
rates of nitrogen transformation. Specifically, the acidic conditions promote heterotrophic
denitrification, where NO3 ™ is reduced to N, and also facilitate DNRA, where NO3 ™ is
reduced to NHy*. Therefore, the pH changes are indirectly linked to enhanced nitrate
reduction, with acidic conditions promoting both the conversion of NO3; ™~ to N, and NHy*.
This process obviously influence the acid environment during sewage vertical filtration,
compared to that of the rainwater vertical filtration.

4.3. Response of Mn Mineral Release to Acid Condition

The release of Mn?" and Fe?" in groundwater primarily occurs because of the re-
ductive dissolution of Mn(IV)/Fe(III) minerals and the acidic dissolution of Mn(II) min-
erals in the medium [40]. In the background medium during rainwater vertical infiltra-
tion, the release of Mn and Fe is dominated by reductive dissolution, as represented in
Equations (4) and (5) [41,42]. However, sewage vertical filtration in an environment with
significant production of H* from the rapid reduction in secondary NO3;~ promotes the
dissolution of MnCQO3 minerals.

Mn(IV) reduction: MnO, + CH,O + 4H* — 2Mn** + CO, + 3H,0 (4)
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Fe(III) reduction: Fe(OH); + CH,O + 8H* — 4Fe** + CO, + 11H,0 ®)
Mn(II) acid dissolution: MnCOj5(s) + HF — Mn?" + HCO5~ (6)

The intensity of Mn(IV) and Fe(IlI) reduction differs between rainwater and sewage
filtration. The initial concentrations of Mn?* and Fe?" in rainwater and sewage source
water are below 0.001 mg/L (Table S2). After reaching stability in rainwater filtration,
Mn?* concentrations in the leachate of the background and polluted medium experimental
groups are 0.077 4+ 0.01 mg/L and 0.436 = 0.001 mg/L, respectively (Figure 4a,b), the Fe?*
concentrations are 0.003 + 0.00 mg/L and 0.003 £ 0.001 mg/L, respectively (Figure 4c,d).
In sewage filtration, after reaching stability, the Mn?* concentrations in the leachate of the
background and polluted medium are 0.22 £ 0.06 mg/L and 0.65 & 0.02 mg/L, respectively
(Figure 4a,b), and the FeZ* concentrations are 0.006 + 0.01 mg/L and 0.0016 =+ 0.002 mg/L,
respectively (Figure 4c,d), both lower than that of the rainwater filtration process. As a
result of the absence of a carbon source in rainwater filtration process, only a small amount
of Mn?* and Fe?" is generated. The sewage carries a significant amount of COD, promoting
the reduction in Mn/Fe minerals.

In sewage vertical infiltration, in the background and polluted mediums, the activity
of Mn(II) mineral acid dissolution is strong. As shown in Figure 4b, Mn?* concentrations
exhibit two peaks in both experimental groups at 0-6 h and 6-30 h. The first peak of Mn?*
is affected by pH, per the correlation heat map of water quality parameters in the pollution
monitoring wells in Figure 5. There is a significant negative correlation between pH and
Mn [20]. The pH dominance map of Mn is consistent, with Mn mainly distributed when
pH < 8.0 (Figure 6). The rapid reduction in secondary NO3 ™, generating H*, promotes
the acidic dissolution of MnCQO3 minerals [27,29]. In the 6-30 h period (Figure 4b), the
second peak of Mn?* occurs as the reduction intensity of NO;~ gradually decreases.
Reductive dissolution of Mn(IV) occurs, and with the increasing reductive capacity, Fe?*
peaks between 12 and 30 h (Figure 4d), indicating the reduction in Fe(III) [5].
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Figure 5. Ion correlation network diagram of (a) DNRA interval and (b) non-DNRA interval.
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(a) #1-1, (b) #2-1, (c) #2-2 and (d) #3-1.

4.4. Active DNRA in High Carbon Load and Mn** Condition

Under natural conditions, denitrification is the primary process responsible for NO3 ™~
reduction (Equation (7)), resulting in the removal of N, from groundwater [18,43]. However,
in a strongly reducing environment [19], under conditions of high carbon load [35,44], and
elevated concentrations of Mn%* /Fe?* /HS™ ions [14], the reduction of NO3~ is more likely
to favor DNRA (Equations (8) and (9)) than denitrification. The active DNRA process
generates substantial NH, ", retaining nitrogen in groundwater [28,45]. Although DNRA
is rare under natural conditions, it is observed in studies by Li et al. (2023) [46], Dippong
etal. (2018) [47], Du et al. (2020) [48], and Abiriga et al. (2021) [6]. It is related to sewage
treatment plants and is likely to occur during the continuous vertical filtration of sewage.

Denitrification: 4NO3 ~ + 5CH,0 + 4H" — 5CO5(g) + 2Nx(g) + 7H,0 (7)

Heterotrophic DNRA: NO3 ~ + 2CH,0 + 2H" — 2CO,(g) + NH,* + H,O 8)
Autotrophic DNRA: NO3 ™ + 3Mn? * +3H,0 — 3MnO, + NH;" + 2H* 9)

The complex carbon load, high H*, and high Mn?* environment resulting from vertical
filtration enhance the activity of DNRA. In the polluted medium'’s experimental group for
sewage infiltration, within the 6-30 h interval, NH4 " content increases from 84.11 =+ 2.16 to
87.90 + 0.44 mg/L, and NO3s~ content decreases from 23.75 £ 0.46 to 17.34 & 0.63 mg/L
(Figure 2b,d). The increase in NHy " (4.51%) is smaller than the decrease in NO3; ™~ (22.0%),
indicating that denitrification is the primary process for nitrate removal, as a significant
portion of NOs ™~ undergoes denitrification, being reduced to N, and escaping into the air.
Although DNRA also contributes to the reduction process, converting a portion of NO3 ™~
back to NHy* and retaining it in the groundwater, the data suggests that denitrification
plays a more dominant role in nitrate attenuation during sewage infiltration due to the
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presence of higher COD and microbial activity levels that favor denitrification kinetics.
However, during rainwater filtration, the changes in NH;* and NO3 ™~ concentrations are
significantly smaller than in the sewage filtration experiment (Figure 2a,b), and there is
no upward trend in NH;* within the 6-30 h interval, indicating the absence of DNRA.
Moreover, NH;* shows a positive correlation with NO,~ during the DNRA interval
(Figure 5a) than that of the non-DNRA interval (Figure 5b), where the active NO, ™ is
an important symbol of DNRA [33,49]. As denitrification follows first-order kinetics,
influenced by reactant concentrations, and DNRA follows zero-order kinetics and is not
affected by reactant concentrations [15,16,44], the sewage vertical infiltration enhances the
strength of denitrification, increasing the contribution of DNRA to NO3 ™~ reduction.

The Gibbs free energy of aerobic respiration and denitrification is —125.1 and
—118.8 K]/ eq, respectively, higher than the energy of DNRA and Mn(IV) reduction (—84.8
and —81.8 KJ/eq, respectively) and far exceeding the energy of Fe(III) (—28.9 K] /eq) [50,51].
In the process of vertical filtration under natural conditions, heterotrophic DNRA with
carbon as the electron donor is not active. At the same time, NO3™ in the oxidizing en-
vironment and Mn?* in the reducing environment have difficult coexisting in a unified
environment, so autotrophic DNRA is not easy to occur [19,33]. However, in high COD
sewage vertical filtration, a high carbon load environment is formed [28], which can act as
an electron donor [52,53]. During the DNRA interval, NH;* shows a negative correlation
with pH and COD, whereas they show a positive correlation during the non-DNRA inter-
val, showing the impact of H* and COD on the activity of DNRA (Figure 5). In summary,
in the high NH;" and COD sewage vertical filtration, a large amount of secondary NO; ™ is
generated. The rapid reduction in secondary NO3; ™~ produces substantial CO;, increasing
H* levels and causing the acidic dissolution of MnCOj3. This process releases Mn?*, which
then acts as an electron donor for further reduction of NO3 ™. The high carbon load and
high Mn?* condition create a favorable condition for DNRA to produce NH,*.

4.5. Novelty, Future Work and Practical Implication

In conclusion, this study unveils several novel insights into the hydrobiogeochemical
processes affecting groundwater quality under the influence of polygenic multipollutants.
Firstly, it highlights how sewage infiltration introduces substances such as NH;* and
COD, which significantly threaten groundwater integrity by facilitating the formation of
secondary pollutants like NO3 ~, Mn?*, and Fe?*. Furthermore, the study delineates the
interconnected biochemical chain reactions initiated by sewage infiltration—nitrification,
denitrification, and dissimilatory nitrate reduction to ammonium (DNRA)—which notably
convert part of the secondary NO3 ™~ back into NH,* in groundwater, differing significantly
from natural rainwater infiltration processes. This research also establishes that sewage in-
filtration intensifies sequential redox reactions, which not only shift the redox potential but
also create the acidic conditions necessary for the dissolution of Mn(II). These findings not
only contribute new knowledge to our understanding of groundwater pollution dynamics
but also have practical implications for the development of more effective groundwater
management and remediation strategies. This experiment has demonstrated the existence
of the DNRA process, in which carbon sources and Mn2* can be electron donors for DNRA.
The ratio of their contributions deserves further exploration and is a promising topic for
future research. Such studies can aid groundwater management by identifying key hy-
drobiogeochemical processes that influence the dynamics of polygenic multipollutants,
allowing for targeted remediation strategies. By understanding the interactions between
polygenic multipollutants and aquifer conditions, water management authorities can de-
velop more effective policies and practices to mitigate pollution impacts. Additionally, this
research can inform the design of natural attenuation and engineered remediation solutions
to enhance groundwater quality and protect water resources [54,55].
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5. Conclusions

The biogeochemical processes associated with the vertical infiltration of polygenic mul-
tipollutants are crucial for understanding the migration and transformation of pollutants,
and they hold significant importance for safeguarding groundwater safety and ecological
environment protection. Based on field pollution conditions, field media samples were
collected, and laboratory experiments were conducted to identify the main biogeochemical
processes of polygenic multipollutants and their secondary pollutants. The results indi-
cated that during the early stage of sewage vertical infiltration in oxidative groundwater,
the sewage, carrying a large number of NH4*, was oxidized to generate the secondary
pollutant NO3 ™. As O, was consumed, transforming the groundwater environment into
a reducing environment, the secondary pollutants NOs~, Mn(1V), and Fe(IIl) minerals
were sequentially reduced, producing N,, NH,*, Fe?*, and Mn?*. Different from rainwater
vertical infiltration conditions, sewage vertical infiltration provided many reactive com-
ponents, leading to a significant increase in the reaction rates and intensities of various
reactions during sewage vertical infiltration. In the sewage vertical infiltration process, the
high-intensity reactions involving O, and secondary pollutant NO3 ™ reduction rapidly
generated a large amount of CO,. Excess CO; dissolved to produce a large amount of H,
facilitating the acidic dissolution of Mn(IT) minerals, leading to the generation of Mn?*.
In the studied spatial range, the groundwater had a suitable energy level for DNRA. The
environment characterized by high carbon load and high Mn?* promoted DNRA, which
had a higher contribution than denitrification to NO3 ™~ reduction. Although a portion of
the NO3 ™~ produced from the conversion of NH;* in the source pollutants was removed
through denitrification, DNRA resulted in the re-reduction of NO3; ™~ to NH,*, leading to its
retention in groundwater. These findings provide valuable insights for planning strategies
for local groundwater management and remediation.
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Abstract: The period of freezing is an important phenological characteristic of lakes in the Northern
Hemisphere, exhibiting higher sensitivity to regional climate changes and aiding in the detection of
Earth’s response to climate change. This review systematically examines 1141 articles on seasonal
frozen lakes from 1991 to 2021, aiming to understand the seasonal variations and control conditions
of ice-covered lakes. For the former, we discussed the physical structure and growth characteristics of
seasonal ice cover, changes in water environmental conditions and primary production, accumulation
and transformation of CO, beneath the ice, and the role of winter lakes as carbon sources or sinks. We
also proposed a concept of structural stratification based on the differences in physical properties of
ice and solute content. The latter provided an overview of the ice-covered period (—1.2d decade™1),
lake evaporation (+16% by the end of the 21st century), the response of planktonic organisms (earlier
spring blooming: 2.17 d year‘l) to global climate change, the impact of greenhouse gas emissions on
ice-free events, and the influence of individual characteristics such as depth, latitude, and elevation
on the seasonal frozen lakes. Finally, future research directions for seasonally ice-covered lakes are
discussed. Considering the limited and less systematic research conducted so far, this study aims to
use bibliometric methods to synthesize and describe the trends and main research points of seasonal
ice-covered lakes so as to lay an important foundation for scholars in this field to better understand
the existing research progress and explore future research directions.

Keywords: ice-covered lakes; seasonal variability; climate change; bibliometrics

1. Introduction

The ice-covered period is a significant phenological characteristic of Northern Hemi-
sphere lakes, with nearly 50% of the 117 million lakes larger than 0.002 km? worldwide
regularly freezing over. Seasonal ice cover exists in 14,800 lakes larger than 0.1 km? in
the Northern Hemisphere [1,2], particularly in the mid-to-high latitudes (30-70° N) [3].
Lakes above 50° N in North America and Asia experience frequent ice cover occurrence
(ICO =100%). Within the latitude range of 50-60° N, the ICO values are almost twice as
high as those in European lakes [4]. Under similar latitude conditions, seasonal lake ice is
more common in high-altitude regions such as the Qinghai-Tibet Plateau (>4000 m, Asia)
and the Rocky Mountains (>2700 m, North America) [3,5,6]. In the southern hemisphere
(excluding Antarctica), lake ice cover occurs only at the southern end of the Andes. The
lakes in this region have only thin ice cover and short ice duration, and the lake ice is
continuing to shrink. By the end of the 21st century, the vast majority of lakes in the region
will be virtually ice-free [7].
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Seasonally frozen lakes respond uniquely to climate change, such as ice-on/off date,
ice duration and spring blooms, and seasonal CO, flux [4,8,9], as highly sensitive indicators
of regional watershed changes to detect the Earth’s response to climate change to some
extents [10]. Specifically, variations in lake morphology [11], geographical location [12], and
local climatic factors [13] result in significant differences in ice duration, freeze-thaw pro-
cesses, ice thickness, and spatial coverage in seasonally ice-covered lakes. These differences
affect the nutrient status, material cycling, dominant species succession, and ecological
conditions within the lakes [6,14,15]. During the frozen period, the trophic status of most
lakes is regulated by the solute exclusion processes of ice and sediments [16,17]. Moreover,
the CO; flux during freeze-thaw events is noteworthy, occasionally surpassing that of other
seasons (Buffalo Pound Lake [18]: spring flux contribution: 64% 4= 20%; summer: 43.6%;
autumn: 23.3%). Ice phenology has social impacts. The centuries-long records of ice phe-
nology indirectly indicate the social impacts of northern lake ice on human activities and
livelihoods. Indigenous communities in northern Canada rely on ice cover for supplies and
social interactions [19]. Ice fishing and skating competitions held on lake ice in the United
States and Europe promote the development of local infrastructure and winter tourism [20].
Religious practices and ceremonies related to ice phenology are also observed in certain
communities. In Japan, Shinto practitioners living near Lake Suwa have been recording ice
phenology since 1443 and hold religious purification ceremonies in ice duration [21].

Traditional understanding and practical conditions have historically hindered the
study of winter ice-covered lakes [10,22]. Due to the low water temperature and insuffi-
cient photosynthetically active radiation (PAR) during the frozen period, it was mistakenly
believed that the metabolic and biological activities within the lakes were stagnant, leading
to the perception of limited research value [17]. Previous studies on water environmental
research and flux estimation often excluded the ice-covered period due to site selection
and equipment limitations. However, it is now recognized that lake metabolism continues
during the freezing period, with processes such as carbon cycling and nutrient accumu-
lation sometimes exceeding those of the non-ice period. In Qinghai Lake [8], ice season
draws large amounts of CO, from the atmosphere (—0.87 + 0.38 g C m~2 d~!), more than
twice the CO, flux rate during the ice-free period (—0.41 £ 0.35 g C m~2d~1). In Lake
Uliansuhai, the nutrient concentration ratio between the open water and the ice season
was 5-10. TDS was 1050-2270 mg L~! in summer and 2430-5230 mg L~! in winter; TN
was about 2 mg L~! in summer and increased to 9 mg L~ in winter [16]. There are still
unexplained phenomena and unresolved issues in research on seasonally ice-covered lakes,
including the specific mechanisms and processes of carbon sources and sinks in brackish
lakes [8,14], the specific categories of solutes excluded and absorbed by lake ice [16,23], and
the responsiveness of these lakes to climate change [24,25].

Despite extensive research by scholars from various countries, represented by Matti
Leppéranta, Stephanie E. Hampton, Sapna Sharma, Blaize A. Denfeld et al. However,
Hampton [26] stated in Eos Special Reports, “Although basic understanding about winter
limnology has increased in the past decade, the pace of scientific progress has not kept
pace with rates of ecological change”. The research on ice season is relatively limited and
scattered compared to the non-ice period. Therefore, we use the Web of Science Core
Collection (WOSCC) as the data source and make a bibliometric analysis of internationally
published literature related to seasonal freezing lakes. This study provides a comprehensive
overview of research progress, highlighting hotspots and trends in this field, and aims to
guide future global research on the environmental aspects of seasonally ice-covered lakes.

2. Research History and Frontier Hotspots of Seasonal Ice-Covered Lakes during
1991-2021

We searched the articles of the Web of Science Core Collection (WOSCC) database from
1991 to 2021, using the following search item: TS = ((lake OR reservoir) NOT (*glacial OR
permafrost)) AND TS = (ice OR frozen OR freezing) AND TS = (seasonal). The total number
of publications found was 1141. Overall, the number of papers on seasonal ice-covered
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lake research has been increasing year by year; the growth rate is significantly higher from
2011 to 2021 compared to 1991 to 2010 (Figure 1).

100 1200
@ 2
S 3
2 1000
o 80 c
Qo 2
= <
3 800 ®
=]
ws B0 e
° 3
@ 600 T
X<} &5
E 40 o
o sl
e 400 2
= o
2 20 5
c 200 9
< =
o
S
»
0 0
T ANODOLTVONDNDO T NDTOONDNDO-NMFTWONDDO —
DDA DDDNOOOOOOOO0O0OOFr - =« &N
DD DDNDNOOO0OO0OO0OO0O0O0O0O000O0O0O0O0O0O0O0O0 OO
T T rTr s e s AN AN ANNNNNNNNNNNNNNNNNNNN

Figure 1. The annual publication volume and cumulative publication volume. A large amount of
basic research found seasonal variations in the nutrient status and the dominance of planktonic
species in the early stage of research (1991-1998). Starting from 1999, the impact of climate change on
the water environment of seasonally frozen lakes has gradually attracted attention.

According to the statistics on the research locations of seasonally ice-covered lakes
(Figure 2), 21 major research lakes are concentrated in North America (Lawrence Great
Lakes), Europe (Lake Vanajanselkéd, Lake Tovel), and China (Lake Uliansuhai, Lake Qinghai)
between 30 and 70° N, consistent with the findings of Denfeld (2018). These studies have
been conducted in 59 countries. The United States, Canada, and China are the top three
countries contributing to publications, accounting for a total publication percentage of
67.69% by 2021 (Table S1). Among the 1285 institutions worldwide that focus on research
in this field, the top three institutions with the most publications are the Chinese Academy
of Sciences (75 papers), the Russian Academy of Sciences (55 papers), and the University of
Helsinki in Finland (36 papers).
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Figure 2. Major seasonally ice-covered lakes (N = 21) and their elevation.
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Over the past few years, interdisciplinary studies in physics, chemistry, biology, and
geology have intensified the environmental field of seasonally frozen lakes, leading to
expanded study areas. This has made research in this field more comprehensive and specific.
Under the background of climate warming, an in-depth study on the response of seasonally
ice-covered lakes to climate change, combined with large-scale spatial and temporal data,
has also promoted cooperation among research countries and institutions [4,11,27]. The
exchange and cooperation between countries and institutions show different patterns
(Figures S1 and S2). Perhaps the seasonally frozen lakes in Europe are mostly mountain
lakes at high altitudes and high latitudes, and European countries tend to cooperate more
internally, and the lakes are characterized by certain regional similarities [28].

The links between articles were analyzed by VOSviewer to identify the top 10 key-
words as “climate change”, “sediments”, “lake”, “temperature”, “seasonality”, “variability
and “climate change”, “temperature”, “seasonality”, “variability”, “phytoplankton”, “wa-
ter”, “climate”, “dynamics” (Figure 3). This implies the research focuses on the seasonal
dynamlcs of sediments and water environment (nutrients and phytoplankton) during the
ice period and the response of frozen lakes to climate change. This study also investigates
the impact of “carbon” and “CO,” in light of growing concerns about carbon emissions.
The average appearance time (keyword link intensity) of these two topics in the four phases
(Figure 4) indicates a continuous increase in attention toward “carbon” and “CO,”, with
respective values of 1995.33 (27), 2002.00 (21), 2010.27 (28), 2017.75 (91) and 1997.67 (25),
2001.80 (10), 2010.00 (19), 2018.38 (57).

The visual analysis of keyword activity (Figure 4) describes the research history of
seasonally ice-covered lakes. Due to the continuous innovation of techniques and methods,
research has evolved from the evolution of the dominant phytoplankton species [29,30] to
the diversity of phytoplankton and planktonic microorganisms and their biological effects
in winter [31]. It has also shifted from the dynamic changes in water substances [16,32,33]
to the seasonal material cycle in the lake ecosystems [8,14,34]. This reveals a transition of
indicators from single-factor to multi-factor research in the field of seasonally ice-covered
lake water environments and an expansion of research content from the water environment
to the integrated study of “hydrology” and “climate”.
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Figure 3. Cluster analysis of research keywords.
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(a) 1991-1998 (b) 1999-2006

(c) 2007-2014 (d) 2015-2021

Figure 4. Keyword activity at different stages. The red indicates the keyword has the highest active
degree (the research hotspot in this stage).

3. Seasonal Variability of Lakes during the Ice-Covered Period
3.1. Ice Structure and Growth Characteristics

The static lake ice of seasonally ice-covered lakes in the Northern Hemisphere consists
of three main layers: primary ice, congelation ice, and superimposed ice (Figure 5). The
texture of primary or superimposed ice depends on the meteorological and hydrodynamic
conditions during formation. On calm water surfaces, primary ice forms as floating ice
grown horizontally within the super-cooled layer, with a thickness of a few millimeters,
larger horizontal crystal sizes, and a predominantly vertical c-axis orientation. Under
disturbed conditions (turbulent water, windy conditions, or snowfall), primary ice forms
from frazil ice crystals or condensed slush, with smaller crystal sizes (<1 mm) and a random
orientation of the c-axis, which may be thicker than the former [35,36]. Superimposed
ice forms above the primary ice and results from submerging the ice cover with any
imaginable water source, such as liquid precipitation or meltwater. It is typically composed
of condensed slush (a mixture of snow and liquid water) forming snow ice [35,37,38].
Congelation ice extends from the ice cover into the water column and is the predominant
ice type in northern lakes. Its crystal structure is controlled by the primary ice, and the
crystal size grows with increasing lake depth [35,39]. When the crystals in the primary ice
are vertically oriented, the same pattern will be formed in the congelation ice, resulting in
large macroscopic crystals. Otherwise, the congelation ice has a columnar crystal structure
with a horizontal rotation of the optic axis [36,40].
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Figure 5. Lake ice structure conceptual diagram. Based on the traditional physical layering, further
divisions of ice layers have been made based on the concentration of impurities.

Numerous studies have identified differences in impurity content, such as bubbles and
particles in the seasonal lake ice, but they are not specifically stratified. Here, we roughly
divide the lake ice into three layers based on the impurity content (Figure 5): surface ice,
middle ice, and bottom ice. Surface ice generally contains snow slush and is composed
of superimposed ice and primary ice under disturbed conditions, with most impurities
likely resulting from water submerging the ice and atmospheric deposition [22,41]. Bottom
ice (submerged congelation ice), in contact with the water layer beneath the ice and has
a loose, chopsticks-like or horse-teeth shape (also known as horse teeth ice), which could
accumulate substances such as chlorophyll-a, phytoplankton, algal fatty acids, and bacteria,
regulating primary production by affecting light limitation and modulating dissolved
oxygen (DO) and solute concentrations at the ice-water interface (excluding impurities in
the ice) [42—44]. During thermodynamic growth, the latent heat released at the bottom of
the ice is conducted through the ice to the atmosphere. When the latent heat flux exceeds the
heat flux from water to ice, the continuous downward growth of the bottom ice increases
the distance of conduction, gradually reducing its growth rate [38,40]. Middle ice mainly
consists of primary ice on calm water surfaces and upper congelation ice. It has a higher
purity crystal content, slower growth rate, and higher degree of solute exclusion compared
to bottom ice. Therefore, the nutrient content in the ice often follows a similar C-shaped
distribution pattern: surface > bottom > middle [16,23,44].

3.2. Characteristics of Water Environmental Conditions

The aquatic environment of lakes during the ice-covered period is primarily influenced
by factors such as PAR, DO, and organic matter (OM) (Figure 6).
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Characteristics of water environmental conditions

® Sediment release

DOC(mg L™"): Lillsjon Lake
23(summer)-38(winter)

TP(mg L™"): Ulansuhai Lake
0.058(summer)-0.605(spring)

TN(mg L™"): Ulansuhai Lake
2.103(summer)-9.072(spring)

® Light reflectance

ice: 10-85%
snow: 50-95%

® Gas exchange

Inter surface: highest
saturation: 75-100%
concentration: >10mg L™’

® Transmittances
clear ice: 80-90%
white ice: 60%
covered-snow ice: 2.5%

® Convective mixing

promoting O, blending
depth: nonlinear decreasing
saturation: 15-75%

® Convective mixing

® Bands filter

SNOW&ICE

(VIS band transparency)
blue(400-500nm),30.2-34.5%
green(500-600nm), 35.4-38.7%
red(600-700nm), 30.0-31.6%

CDOM
UV absorption(280-400nm)
VIS weakness(400-700nm)

promoting nutrients blending
depth: nonlinear decreasing

® Sediment oxidation

Sediment-water surface: lowest
saturation: 15%—hypoxia

® Metabolism
NEP(mg O, L' d™"): Ulansuhai Lake
0.05+0.02-0.15+0.11
(winter of 2016-2019)
NEP(mmol DO m=3d-'): Lake Tovel
-13.8-1.42 (1/1-31/3 2016)

Figure 6. The main variation characteristics of water environmental conditions.

Increased lake ice coverage reduces PAR [20,45]. Light limitation occurs when PAR
falls below the critical light intensity threshold for photosynthesis and biomass accumu-
lation [46]. It is primarily caused by ice and snow albedo, ice transmittance coefficient,
radiation bands filter, and colored dissolved organic matter (CDOM) in the water. Ice and
snow albedo, determined by factors such as ice thickness, humic substances on the ice
surface, snow grain size, and water content, affect light reflectance (lake ice: 0.10-0.85,
snow: 0.50-0.95) and light attenuation coefficient, which together influence sub-ice radi-
ation [47-49]. According to ice thickness and structure, clear ice transmittance contrasts
sharply with snow-covered ice transmittance (clear ice: 80-90% range, white ice: 60%,
covered-snow ice: 2.5%) [45]. Moreover, Bolsenga et al. [45] also found that covered snow
and ice can filter out a significant portion of visible light, with the green band (500-600 nm)
exhibiting the highest transparency (35.4-38.7%), followed by the blue band (400-500 nm,
30.2-34.5%) and the red band (600-700 nm, 30.0-31.6%). CDOM contributes to light lim-
itation beneath the ice by ultraviolet radiation absorption (280-400 nm) and visual light
weakness (400-700 nm), reducing the Secchi depth of water [49,50].

DO is another important factor influenced by lake ice during winter. The vertical
stability of the water column is enhanced during the ice-covered period compared to the
ice-free period, leading to distinct vertical gradients of temperature and DO concentration
in the sub-ice water, as density gradient flows are generated due to heat flux from sedi-
ments [51]. The formation of ice cover restricts gas exchange and physical disturbance by
wind. The exclusion of oxygen from the ice, greater primary production, and convective
mixing in the upper water generally result in the highest DO saturation (75-100%) and
concentration (>10 mg L) near the surface throughout the entire lake [52-54]. As the lake
depth increases, the water temperature rises continuously, and enhanced lake metabolism
accelerates the consumption of DO, primarily due to biological respiration and chemical
oxidation of reduced substances in the bottom sediments, leading to a different decrease
in DO at the bottom layer and the lowest DO concentration around the sediment-water
interface, creating an anoxic environment [53]. For example, in Eagle Lake of Canada (max-
imum depth ~31 m), the DO concentration remained relatively stable at all depths (~10 mg
L~!, 75% saturation) during pre-winter. At ~30 m depth, it depleted at 0.1 mg L=! d~! in
winter and down to 4 mg L~! (31% saturation) by the following spring turnover. Under
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the convective mixing and metabolism, the DO remained at ~78 mg L~ (52% saturation)
in the middle layer and ultimately approached hypoxia (15% saturation) at the bottom [54].

In Lake Tovel, a deep, oligotrophic lake at a high altitude in Italy (maximum depth
~39 m), the rate of O, consumption varies at different depths [32]. In March 2014-2016, the
DO concentration at 5 m depth averaged ~11 mg L~!, with an unstable seasonal pattern
influenced by radiation infiltration. At a depth of 25 m, the DO concentration averaged
~8.5 mg L1, and the pattern of DO was consistently decreasing, with an average rate of
decrease of 0.02 mg L~! d~!. In shallower lakes, solar radiation intensity can also affect
DO by altering entire convective mixing. Transmitted radiation and heat released from
sediments jointly influence thermal conduction in the water column, triggering convective
turbulent mixing and promoting the uniform distribution of oxygen. In Lake Uliansuhai in
Inner Mongolia, China [17], it was observed that during the growth and stable period of
ice, local turbulence or turbulence-layer flow mixing can occur in the top or middle layers,
promoting heat and oxygen mixing. After the ice melts, convection transports oxygen
downward to the near-bottom layer, alleviating or preventing hypoxic conditions. In Lake
Vanajanselkd in southern Finland [29], biological metabolism reduction decreases DO in
winter. In spring, sunlight penetrates the ice and induces convection, resulting in a more
even vertical distribution of DO.

The low-temperature environment and limited light availability result in lower net
ecosystem production during the ice duration, such as Lake Ulansuhai, 2016-2019,
0.05 £+ 0.02-0.15 £+ 0.11 mg O, L~ d~! [17], and Lake Tovel, spring in 2016: —13.80-
1.42 mmol DO m—3 d~1 [32]. Although most of DOM and 90% of the salt excluded in the
ice growth process leads to an increase in nutrient concentration at the ice-water interface,
the release from sediment is the main reason for increased eutrophication in the entire
lake [16,17,49]. The cold anoxic conditions also facilitate the release of large amounts of
other reduced substances (hydrogen, methane, acetate, ammonium, etc.) and oxidants
(hydrogen peroxide, sulfates, carbon dioxide, etc.) and heavy metals, leading to significant
changes in water conductivity and salinity during the ice-covered period and freeze-thaw
cycles and altering the thermodynamic properties and convective mixing structure of lakes,
thereby affecting their aquatic ecosystems [55-57]. In addition, some studies also proved
the limitation of PAR under the ice and higher eutrophication levels could result in weaker
convective mixing and a more stable density layer [46].

3.3. The Growth Changes of Primary Producers

Changes in environmental conditions can strongly limit the growth of certain species
and remove growth restrictions for others. Light availability is a primary limiting fac-
tor, leading to a decrease in overall primary production during the frozen period. In
Gossenkollesee Lake, the primary production during the freezing period is 56% lower than
in the ice-free season [58]. Although the community structure is influenced by factors such
as light conditions and nutrient concentrations of lakes, biodiversity is still present in the
ice duration [30,59].

The light conditions in the lake affect the composition of dominant species and com-
munity structure of planktonic plants during the ice-covered period. In Lake Balkan, a
shallow, large, and nutrient-rich lake [59], the most abundant planktonic plants under the
ice layer are Cyclotella meneghiniana and S. uvella before and after snowfall. In Lake Erie [30],
the dominant species of planktonic plants is Aulacoseira islandica, with Cyclotella spp. as
the subdominant species. In Lake Vanajanselké [29], which is shallow and eutrophic, the
most abundant planktonic plant communities consist of cryptophytes (44%), chrysophytes
(23%), and chlorophytes (6%) in mid-winter. In comparison, cyanobacteria (39%), crypto-
phytes (29%), and diatoms (13%) become dominant in late winter. The main reason for the
dominance of the former in winter was their ability to adapt to low temperatures and low
light conditions, while later, cyanobacteria became the main dominant species due to rapid
blooms prompted by warmer temperatures and enhanced light conditions [29]. The ability
of these dominant species to continue to flourish under the ice can be attributed to their
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unique adaptations under low-light and low-temperature conditions (efficient light energy
utilization, buoyancy regulation, ability to move, and tolerance to low temperatures and
nutrients) [30,59]. For example, Cyclotella meneghiniana has some cold tolerance and is able
to maintain metabolic activity at lower temperatures. The species also benefits from its
small cell size and ability to regulate buoyancy through changes in lipid content to move
through the water column to the optimal light level and utilize the low light through the
ice more efficiently.

Furthermore, effective PAR also influences the distribution of planktonic plants in
seasonally ice-covered lakes. Studies on lake ice have found that planktonic plants tend to
aggregate at the ice-water interface, such as the filamentous diatom community suspended
under the ice in Lake Baikal [60] and algal aggregations at the ice-water interface in Lake
Saint-Pierre in southern Canada [61]. Lake ice can also absorb some planktonic plant
cells. In the freezing Laurentian Great Lakes [42], filamentous diatoms were found to be
adsorbed onto the overlying ice through frazil ice. In Simoncouche Lake [44], planktonic
plants (Peridinium sp., Cryptomonas sp., Synechococcus sp., etc.) were excluded from lake
ice water, while certain populations (Botryococcus sp., Chromulina sp., Gymnodinium sp.,
etc.) exhibited aggregation within the ice, with their numbers remaining constant or
increasing in winter. This proves lake ice can provide stable and potentially beneficial
winter habitats for some planktonic plants. When ice cracks, the release of planktonic plant
cells promotes spring blooms [44,61]. At this time, the rising of PAR and temperature trigger
convective mixing in the water, accelerating the growth of planktonic plants and providing
the foundation for spring blooms [29,59]. For some lakes with thicker ice cover and longer
ice periods, phytoplankton biomass was correlated with certain nutrient contents. In 28
ice-covered lakes in the Songnen Plain of northeastern China during winter, phytoplankton
growth was mainly related to the total nitrogen concentration in the water column and the
difference in total phosphorus concentration at the ice-water interface, with contribution
rates being, respectively, 25.5-35.0% and 9.2-11.3% [62].

Convective mixing induced by solar radiation has a notable impact on the growth of
planktonic plants in freshwater lakes with a low coefficient of expansion (<3.98 °C) [63].
It was found that when there was no convective mixing layer, light conditions were
sufficient to support the growth of 50.0% of planktonic plants in four mesotrophic lakes
in the northern temperate zone [46]. However, in the presence of convective mixing, only
37.5% of planktonic plants had enough light to increase biomass. This is likely due to
the fact that a convective mixing layer can significantly affect the vertical position of non-
motile planktonic plants in the upper water column and influence the light intensity they
experience during the day. For instance, buoyant planktonic plants can be cycled through
the convective mixing layer, providing them with improved light conditions and enhancing
their growth and photosynthetic rates [63,64]. Conversely, if positively buoyant or motile
planktonic plants are directly beneath the ice, they may have increased opportunities to
acquire light, while those within the convective mixing layer may cycle deeper within the
water column, reducing their access to light [51].

3.4. Material Circulation

With climate warming, carbon emissions and carbon neutrality have become hot
topics of discussion. The carbon cycling process during the freezing period of lakes and its
response to climate warming are gradually receiving attention.

During the ice-covered period, the decrease in hydrological inputs (such as surround-
ing soil, rivers, and groundwater) and hindered gas exchange at the water-air interface
constrains the external input of greenhouse gases [65]. Due to higher light limitation and
OM, respiration, mineralization, and microbial activity dominate the primary productivity
in most lakes, leading to the accumulation of CO; [66,67]. At the same time, changes
in DO gradients under the ice create environmental conditions for the transformation of
CO; and CHy4. Under anoxic conditions, archaea utilize CO, and other carbon-containing
compounds to produce CHy in the bottom layer [68,69], which exists in large amounts at the
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sediment-water interface and ice-water interface through diffusion or ebullition (bubble-
mediated transport) [70]. The produced CH, is then consumed by methane-oxidizing
bacteria in the surface sediment or upper layer, with CO, as a typical byproduct [71,72].
Furthermore, in terms of lake morphology, sediment metabolism, diffusion, and trans-
formation of CO, often result in the highest CO, concentrations in the bottom water of
most frozen lakes. The overall CO, concentration beneath the ice in large, deep lakes
may be lower than that in small, shallow lakes [3]. Denfeld et al. [73] divided 506 lakes
located in Finland and Sweden into four depth groups and found the average pCO; near
the surface decreased from ~5000 patm (mean depth < 2.5 m) to ~2000 patm (mean depth
> 4.5 m). This may be due to incomplete mixing in autumn and faster ice development,
which leads to lower oxygen levels and more accumulation of CO, and CHy during the
freezing period. Additionally, small lakes can cool down quickly and are less affected by
wind disturbances [74].

Most seasonal frozen lakes have a certain carbon sink effect in winter. It is well-known
that the solubility of gases in water increases as temperature decreases. Before the freezing
period, the lake can absorb CO, from the atmosphere through the water-air interface. Once
the freezing period begins, the lake ice blocks most of the gas exchange, and CO, mainly
accumulates within the lake [8,18]. Changes in ice phenology caused by climate warming
reduce the accumulation of CO, produced by winter lake metabolism and increase the
pH value of the water in spring and summer, diminishing the carbon sink effect [14].
Differences in salinity lead to varying source-sink processes in freshwater lakes and saline
lakes in winter. Freshwater lakes mainly achieve CO, supersaturation through metabolism
and release CO, into the atmosphere [75]. With climate warming, the CO, emissions
decrease because of reduced CO, accumulation under the ice.

In contrast, the alkaline conditions (pH 8-11) of saline lakes are influenced by carbon-
ate precipitation or dissolution reactions and the chemical enhancement of the air-water
interface CO, exchange rate [34,76], primarily determined by the average water pH [14].
When the pH of water exceeds 9.0, CO, is converted to HCO;~ and CO32~, promoting
carbonate precipitation reactions [76], and CO, becomes undersaturated. Consequently, as
the water temperature decreases during the freezing process, the salinity and pH of saline
lakes increase, pCO, decreases, and the total absorption of CO, continues to increase [8,14].
During the frozen period, weaker gas exchange at the water-air interface and higher lake
metabolism lead to continuous accumulation of CO, in the water. As lake ice breaks,
the increased gas exchange leads to a decrease in the solubility of gases in water and a
reduction in CO; flux (depending on the pH of the water at that time, it may be released
into the atmosphere). When the temperature rises in spring and solar radiation increases,
saline lakes gradually regain their higher primary productivity, fixing a large amount of
inorganic carbon stored in the lake from the freezing process and the accumulation during
the freezing period, showing a stronger ability to store inorganic carbon than freshwater
lakes [34,77,78]. For saline lakes, the reduction in lake water volume caused by climate
warming increases water salinity. A shorter ice-covered period results in less accumulation
of CO, under the ice and higher pH values during spring and summer, which means the
seasonal freezing saline lakes emit less CO; [14]. Furthermore, studies have shown that
high temperatures can lead to autogenic carbonate precipitation, reducing the concentration
of Ca?*, which favors CO, emissions. That means rising temperatures may cause saline
lakes to transition from a carbon sink to a carbon source again [79].

4. Investigation of Factors Affecting Seasonal Ice Duration
4.1. Global Climate Change

Recently, studies comparing time series data have revealed a trend of shorter ice cover
duration and thinner ice thickness in lakes across the Northern Hemisphere [11]. Lopez
et al. [27] studied 152 lakes located in the Northern Hemisphere and found that 97% of
the lakes were shrinking ice cover duration, and the ice breakup dates advanced at a rate
of 1.2 d decade ! during 1951-2014. The ice duration and thickness of five temperate
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lakes located in northern Poland decreased at rates of 5.4 d decade ! and 2.5 cm decade ™!
from 1961 to 2017 and are predicted to lose their ice season at a rate between 4.5 and 10.0
d decade™!, and ice thickness will decrease by between 3.0 and 5.0 cm decade ! during
the 21st century (ice thickness 0.12 < R? < 0.24, p < 0.001; ice duration 0.14 < R* < 0.18, p
< 0.001) [80]. The fraction of maximum ice thickness for 402 shallow lakes of the North
Slope of Alaska decreased from 51% to 26% during 2000-2011, while their ice cover was
thinner by 21-38 cm, and the ice season was shorter by about 24 days in 1950-2011 [81].
A large number of lakes are completely losing their ice cover. Under the background of
climate warming, winter surface water temperature plays a crucial role in influencing
lake ice phenology, along with factors such as precipitation, solar radiation, and wind.
The increase in winter precipitation (snowfall) can control the physical structure and
transparency of lake ice cover by suppressing black ice growth and promoting white ice
growth, thereby regulating the amount of radiation entering the lake [9]. At the same
time, the rise in surface water temperature leads to shorter ice cover duration and thinner
lake ice, intensifying the influence of solar radiation and wind on winter lake mixing,
resulting in accelerated ice formation in autumn and hastens melting in spring [53,80]. The
lack of lake ice coverage (23%) also led to higher evaporation rates (58% increase) and
more water loss (natural lakes: 2.1% decade ™!, artificial reservoirs: 5.4% decade™!) from
1985 to 2018 [82] and the global annual lake evaporation increase by 16% (R? = 0.82) by
the end of the 215 century [83], which can affect regional air humidity and hydrological
processes [84]. It is worth noting that higher ice coverage often experiences high autumn
evaporation rates (water temperature cooling), but increased evaporation rates in late
winter and the following summer and early autumn may also cause lower lake ice coverage
(depleting from 90% in 2008-2009 to 31% in 2009-2010), which reflects the complexity
and necessity of studies on the interannual climate-seasonal ice phenology-evaporation
feedback process [85].

The warming seasonal pattern will also impact the response of planktonic organisms
in lake ecosystems to climate change. Due to shorter ice cover duration and higher surface
water temperature, the physical conditions and nutrient status of the water have changed
(Section 3.2). This inhibits the growth of planktonic organisms adapted to winter’s low
temperature and hypoxic conditions, while some rapidly growing spring species, such
as diatoms and copepods, exhibit a pronounced trend of earlier (2.17 d year—!, 2000~
2020) and synchronized blooming [86]. Although some slow-growing, long-living, and
more complex summer planktonic species are more affected during crucial developmental
stages (e.g., resting stage hatching in cladocerans, Dreissena spawning [87], the combined
effects of predator—prey relationships and shortened ice cover duration result in a gradual
reduction and disappearance of winter phytoplankton blooms in seasonally frozen lakes,
with maximum biomass shifting towards summer [88].

In addition, seasonally frozen lakes will gradually lose their lakes in the future, regard-
less of GHG emissions. Under a climate scenario with substantially lower GHG emissions
(RCP 2.6), winter ice thickness and ice period will decrease by 0.1 m and ~15 d, respectively,
by 2100, while under a higher emissions scenario (RCP 8.5), ice thickness and ice duration
are projected to decrease by 0.17 m and 40 days (RCT, p > 0.1) [89]. Therefore, reducing
greenhouse gas emissions is crucial for minimizing the loss of seasonally ice-covered lakes
and mitigating the associated ecological, cultural, and societal impacts [25].

4.2. Individual Characteristics of Lakes

In recent years, Sharma et al. [2] and Warne et al. [11] analyzed datasets and found
that lower altitude, western longitude, and lower latitude deep lakes are more influenced
by climate in terms of their ice phenology, which suggests, besides surface temperature
trends, individual characteristics of seasonally ice-covered lakes such as surface area, depth,
and geographical location can also have an impact on ice phenology.

In winter, as the lake ice forms and temperatures decrease, the lake undergoes vertical
density-driven cooling from the water surface downwards. Deeper lakes often have greater
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heat storage capacity and require a longer cooling period below the freezing point to
freeze [90].

Dimictic lakes undergo complete vertical mixing from top to bottom when they cool
or warm and through the maximum density temperature (Typ, 3.984 °C at zero salinity)
at the surface pressure [91]. In shallow freshwater lakes during the ice-covered period,
stable inverse thermal stratification forms and persists beneath the ice when the water
temperature is below the Typ [92]. When the lake ice begins to melt, solar radiation
penetrates the ice cover and drives turbulent convection [49] until the overall temperature
reaches or exceeds the Tyip. For example, in Lake Onega (mean depth: 15 m, max depth:
30 m), higher solar radiation passing through the ice intensifies the daytime activity of the
convective mixing layer (reaching depths of 20 m), resulting in a slow overall temperature
increase until the end of the ice-covered period [93], promoting the breakup and melting
of the ice layer in spring [94]. However, complete sub-ice convective mixing may not
occur because of the stratification of salinity in the water. Some of the shallower mid-
latitude salt lakes during the freezing period may have a warm intermediate layer formed
by salinity stratification, separating the overlying inverse thermal stratification from the
underlying positive thermal stratification. For example, in a shallow thermokarst lake
in the central part of the Qinghai-Tibet Plateau (mean depth: 120 m, max depth: 150 m),
the vertical thermal structure beneath the ice consists of stable, strong inverse thermal
stratification and a lower convective layer reaching the lake bottom. The stronger inverse
thermal stratification induces horizontal and vertical advection, accelerating ice melting.
Meanwhile, a warm layer with gradually increasing thickness and temperature has been
present between the two since the middle equilibrium period, accumulating more heat
during the ice-covered period, with temperatures rising to 7-9 °C at the end of the frozen
period [95].

In deeper seasonally ice-covered lakes, lake ice phenology is typically associated
with the upper water column. Since the Ty;p decreases with increasing pressure in the
deeper lake, once the ~4 °C water begins to sink, the interface at the bottom of the upper
mixed layer falls below the depth corresponding to the temperature of the Typ at that
water depth, resulting in the thermobaric instability being activated and free convection
until colder water closer to the Typ curve is encountered at greater depth [96]. Therefore,
the upper and lower water masses exhibit distinct temperature profiles and convective
mixing patterns with a fuzzy boundary at a certain depth. For example, based on the
difference between water temperature and Ty;p decreases with depth, the Great Slave
Lake (max depth: 614 m) in the Mackenzie River Basin of Canada is divided into inverse
thermal stratification (<200 m), thermobaric horizon (~200 m), and weakly permanent
stratification (>200 m). At the end of the ice duration, solar radiation penetrates the ice,
driving convective mixing in the upper layers, deepening the mixed layer, promoting ice
breakup and melting, and influencing the timing of spring phytoplankton production [92].

Elevation and latitude have a significant impact on the ice phenology of lakes. Lep-
pédranta and Wen [12] demonstrated through ice phenology time series from 10 Eurasian
sites that local temperature (determined by elevation, latitude, and longitude) and solar
radiation (determined by latitude) can influence the dates of freezing, thawing, and ice
duration. Lakes at higher elevations may also be cooler and less influenced by climate
change compared to lakes at lower elevations. For example, during 2000-2016, Qinghai
Lake, located on the Tibetan Plateau (3196 m elevation), experienced relatively small fluctu-
ations in freezing, thawing, and ice duration, with values of 20 days, 10 days, and 108 days,
respectively [97]. Of the seven alpine lakes (3126-3620 m elevation) in the same region
of Colorado, USA, 1981-2014, those at higher elevations demonstrated more consistent
freezing and thawing times [98]. Compared to the historical rates of change in northern
hemisphere water bodies (1846-1995), the average rate of change for freeze-up and breakup
dates in the Great Lakes region was 5.8 times faster and 3.3 times faster, respectively. The
average ice duration decreased by 5.3 d decade !, with the southwest lakes experiencing
even faster rates of change in breakup dates and ice duration [99].
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Additionally, a clear negative correlation between lake surface area and the start of ice
cover, as well as a potential negative correlation with ice duration (Figure 7). Theoretically,
larger lakes with greater surface areas often absorb more radiation and have a larger gas
exchange interface, facilitating more efficient heat exchange, leading to faster temperature
changes in the water during winter and spring, accelerating the freezing and thawing
of ice and resulting in earlier ice formation and breakup. However, it should be noted
that this could not determine whether the lake area directly influences ice duration or the
direction of its impact. Currently, there is a lack of research exploring the relationship
and mechanisms between winter lake ice phenology and lake area. Future studies could
potentially investigate the response of different types of seasonally ice-covered lakes to
climate change by using it as a starting point.

Lake Morphology Gefgg:tri)::]cal Climate Factor Water Quality
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Figure 7. The heat map shows the relationship between ice phenology parameters and influenc-
ing factors of seasonally frozen lakes (N = 73). The numbers within the boxes represent Pearson
correlation coefficients. The labels on the X-axis represent specific influencing factors, including
surface area (Area), lake average depth (Da), lake max depth (Dm), euphotic depth (ED), elevation
(EL), station latitude (LAT), station longitude (LON), water temperature (Tw), air temperature (Ta),
radiation intensity (R), snow depth (Ds), Secchi depth (SD), total phosphorus (TP), total dissolved
phosphorus (TDP), total nitrogen (TN), total dissolved nitrogen (TDN), dissolved organic carbon
(DOC), Chlorophylla (Chl-a), zooplankton biomass (ZP).

5. Conclusions and Future Trends

In this study, we discuss the growth characteristics of seasonal ice cover, changes
in hydric environmental conditions and primary production, and the accumulation and
transformation of carbon dioxide by winter lakes. We also provide an overview of winter
lake ice cover periods, evapotranspiration, planktonic responses to global climate change,
the effects of greenhouse gas emissions on ice-free events, and the effects of individual
characteristics on seasonally frozen lakes. We found that most current studies focus
on analyzing water phytoplankton succession, quality changes, and ice phenology in
individual seasonal frozen lakes. This existing work provides an important foundation
for our continued exploration and study of ice-covered lake ecosystems in the future. In
addition, the development of remote sensing has led to the emergence of joint research
on multiple lakes with similar or different characteristics at various spatial scales. To
comprehensively understand the response of global seasonal frozen lakes to climate change
and predict local climate, regression analysis, R, machine learning, and other methods are
combined with large datasets containing time series data on lake morphology, geographical
location, and climate factors. This helps explore and simulate the impacts of various
factors on winter lakes and establish a global-scale frozen lake data model. In addition, the
following aspects still need further exploration: future impacts of meteorological / climatic
parameters on ice-covered ecosystems, solute changes and carbon emissions in high-
altitude lakes and salt lakes in winter, chemical composition and distribution patterns at the
ice-water interface, differences in phytoplankton responses among species characteristics,
lake types, and regional climates, and rapid stratification methods for measuring solute
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content or ice physical properties, the use of sensitivity analyses, and/or multi-criteria
methods to determine the impact of analyzed parameters on ice thickness.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/w16192727 /s1, Table S1. TOP 10 most productive countries on
seasonal ice-covered lakes research during 1991-2021. Figure S1. Research Collaboration between
Countries. Figure S2. Global Institutional Collaboration.
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Abstract: Applying poor-quality water in drip irrigation has become increasingly common
to address agricultural water scarcity. However, emitter clogging remains a critical chal-
lenge that limits the widespread adoption of this technology. Currently, the mechanism of
emitter clogging under poor-quality water conditions remains insufficiently explored. This
study investigates the distribution and accumulation of clogging substances within drip
irrigation emitters under three water conditions: saline water, Yellow River water, and a 1:1
mixture of both, at clogging degrees of 5%, 20%, and 50% (i.e., the flow rate reaches 95%,
80%, 50% of the rated flow). The results showed that when clogging reached 20%, Yellow
River water led to the highest clogging volume (i.e., the total volume of clogging substance
in the flow channel, 1.77 mm?), while at 50%, saline water resulted in the highest clogging
volume (5.11 mm?), while the use of blended water improved the clogging situation. Un-
der different water conditions, clogging substances mainly formed on the upstream and
downstream faces of the flow channel, accounting for 23.9-31.8% and 9.3-32.4% of the total
volume, respectively. With higher clogging levels, the proportion of clogging substances
on the downstream face increased significantly, while other areas showed minimal change.
The volume of clogging substances was more pronounced at the front of the flow channel
than at the back across the entire length, except at the 20% clogging degree for Yellow
River water. At 5% clogging, the largest difference in clogging volume was observed with
Yellow River water, while at 50%, the largest difference occurred with blended water. This
research provides critical insights into the impact of poor-quality water on emitter clogging
and suggests that the use of blending water, gradually varying channel structure, and
increasing the arc of clogging faces can effectively alleviate clogging and enhance drip
irrigation efficiency.

Keywords: drip irrigation; emitter clogging; industrial computed tomography; saline
water; Yellow River water

1. Introduction

Global freshwater resources are depleting due to poor water management and pol-
lution, and water quality is declining, failing to meet the rising demand for agricultural
use [1]. Consequently, the utilization of unconventional water sources, including saline
water, reclaimed water, and high-sediment water, is becoming increasingly prevalent to
fulfill agricultural water demand [2—4]. The sixth longest river in the world is the Yellow
River. The region is characterized by a scarcity of freshwater resources, with high-sediment
and saline waters also being widely distributed. Efficient use of these unconventional
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sources is key to addressing regional water shortages [5,6]. Drip irrigation is among the
most effective methods for utilizing unconventional water sources in agriculture [7].

As a core component of drip irrigation system, emitters feature narrow flow channels
(0.5-1.2 mm) and complex structures make them vulnerable to clogging from impurities
like particles, microorganisms, and ions in poor-quality water [8-11]. Developed countries
often have better water quality, resulting in relatively less research on irrigation using high-
sand water. In China, the Yellow River is characterized by high sediment concentration, fine
particle size and slow sedimentation rate, making the implementation of sedimentation
and filtration techniques challenging and expensive [12,13]. Even with filtration and
sedimentation measures, fine particles from high-sand water like the Yellow River water
can still enter the flow channels, so they can be discharged directly through the emitter flow
channels [14,15]. Furthermore, the Yellow River Basin contains over 13 billion m? of saline
water suitable for agricultural irrigation [16,17]. However, using saline water in agricultural
irrigation may cause soil secondary salinization and contamination of groundwater [18].
Long-term use may increase maintenance costs, lead to soil hardening, etc. [19,20].

Numerous academics have conducted extensive research on water source filtration,
clogging substances composition analysis, the control of electromagnetic fields, and the
use of nanobubbles, etc., but the clogging still exists. The core to resolving this issue lies
in optimizing flow channel design [15,21-26]. Comprehending the location of clogging
in the emitter is essential for such optimization. With the rapid development of modern
precision measurement techniques, many scholars have visualized the flow channels of
irrigation using advanced measurement methods such as the vertical scanning white-light
interference profilometer, Fourier-transform infrared spectroscopy, and field emission
scanning electron microscopes (FESEM) to visualize the flow channels of emitters [27-29].
Nevertheless, these techniques only capture local details and often require destructive
sampling, which could affect the distribution and structure of clogging substances [26,30].
Industrial Computed Tomography (ICT), with its high-resolution and non-destructive
imaging characteristics, has been successfully applied to the imaging of clogging substances
in the flow channels of different types of emitters and emitters at different lateral positions
in drip irrigation system [31-34], which has the ability to solve the in situ characterization
of the flow channels of emitters. However, ICT technology still faces challenges of high
costs and cumbersome sample staining processes at present.

However, due to the fact that the spatial distribution of clogging substances in the
emitter under different water source conditions is still unknown. Therefore, industrial
computed tomography (ICT) was employed in this study to scan emitters with three types
of water sources and three degrees of clogging, and to acquire the locational distribution of
clogging substances. The study clarified the distribution of clogging substances on several
faces and across the flow channels” whole length under different water source conditions.
This study offers theoretical guidance for managing clogging in drip irrigation systems that
cause clogging d and for applying saline water, Yellow River water, and blending water in
agricultural drip irrigation.

2. Materials and Methods

2.1. Water Quality Testing and Experimental Setup
2.1.1. Water Source Conditions

The compound clogging experiment of drip irrigation system emitters was carried
out at the Ulanbuhe Irrigation Experiment Station, Dengkou, Bayannur, Inner Mongolia,
China. This study considered mixing saline water and Yellow River water in a 1:1 ratio as
irrigation water source (named Blending Water) can reduce sediment concentration and
salt concentration, improve soil permeability, enhance soil moisture retention, and improve
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the ability of crop roots to absorb moisture [17,35]. The water sources were the Yellow
River water from the Wushen Canal in Inner Mongolia’s Hetao Irrigation District (named
YR), local saline water at the experimental station (named SW), and the blending water
(named BW). Measured water quality parameters are detailed below in Table 1.

Table 1. Water quality parameters during the experiment in the Yellow River basin.

Water
Source

Specific . N
Suspended Mineralization of Total Total .
Solids Conduc- Water CODc, BODs Phosphorus Nitrogen Calcium

tance mg/L  mg/L
mg/L wm/cm mg/L & & mg/L mg/L

Magnesium

mg/L

SW
YR

9.2
7.7

<5 9460 4760 24.8 42 0.16 2.04 321
41 796 483 6.8 1.7 0.06 1.48 54.7

127
25.7

2.1.2. Experimental Setup

A sand filter and disk filter combination were installed at the system’s head. The
system operated at 0.1 MPa pressure. The laterals were laid over 15 m, with a lateral
flushing device installed at the system’s endpoint. The system operated for 9 h daily,
flushed every 60 h at 0.45 m/s velocity. The experiment ran for a total of 840 h (Figure 1a).

The emitters used in the drip irrigation clogging experiments adopted non-pressure
compensating labyrinth flow channel emitters, with a drip irrigation tape diameter of
16 mm. The distance between emitters on the lateral tubes was set at 30 cm. The in-
ternal dimensions of the emitters” flow channels were 22.4 mm x 0.7 mm x 0.61 mm
(length x width x depth), with a 1.6 L/h flow rate. When the “entire lateral” drip irriga-
tion emitter’s flow rate decreased to 95%, 80%, and 50% of the rated flow rate, the lateral
section containing the emitter under test was cut from the middle of the lateral tube. Addi-
tionally, the flow channels were segmented into some structural units (Figure 1a) to better
analyze the distribution of clogging substances in the emitter flow channels, with each unit
categorized into five surfaces: the top (TF), substrate (SF), upstream (UF), downstream
(DF), and root face (RF) (Figure 1b). Meanwhile, along the internal water flow path of the
emitters, the 1-4 structural units of the flow channels were defined as the front (F), and the
5-8 structural units were defined as the back (B). The areas of different faces are listed in
Table 2.

Table 2. The areas of different faces within emitter.

The Top Face The Substrate Face ~ The Upstream Face  The Downstream Face The Root Face

2.2248 mm? 2.2248 mm? 0.561 mm? 0.561 mm? 0.3876 mm?

2.2. Industrial Computed Tomography (ICT) Technology

Industrial computed tomography (ICT) was used in this study to analyze clogging
distribution in emitter flow channels. ICT involves irradiating an object with energy waves
(X-rays, gamma rays, etc.) to produce a series of cross-sectional images. By measuring
the energy values after passing through the object and utilizing post-processing computer
software (VGStudio MAX 2.2) to generate an undistorted 3D model of the object [36]. Since
the materials of the emitters and the clogging substances exhibit similar X-ray absorption
properties, requiring staining of the clogging substances is required before scanning to
distinguish clearly between the two to achieve high-quality imaging. As described by
Davit [37], a contrast agent was introduced into the emitters’ samples by injecting a stain-
ing solution (contrast agent mixed with BaSO4 suspension (0.33 g/mL) and KI solution
(0.1 g/mL)). After staining, the clean water flushed the emitters” samples. Subsequently,
the flushed emitters” samples were air-dried and stored in isolation (Figure 1c).
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Figure 1. Non-destructive clogging substance observations and emitter structural representation.
(a) Drip irrigation emitter clogging experimental device and the structure of the emitter. Different
water sources were injected into the water tank for clogging experiments to obtain samples under
different water source conditions, and the structure of the emitter was divided into similar structural
units. Blue arrows in the emitter channel indicate flow direction of water. (b) The red regions refer to
the five faces in the structural unit. (c¢) Non-destructive clogging substances observation in emitters
imaged by industrial computed tomography, with the brown portion in the emitter flow channels
representing the attached clogging substances. The entire system involves the staining of clogging
substances inside the emitters and the ICT imaging process.
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Afterwards, the emitter samples were positioned at the center of the ICT scanner
(Xview X5000 | X-ray; Producer, NSI; South Diamond Lake, MN, USA), with the following
specific parameters as follows: tube voltage: 25 kV to 225 kV; tube current: 0 mA to 3
mA; tube voltage regulation division 0.1 kV; tube current regulation division 0.1 mA;
microfocus > (6 x 6) um; collimator manually or electrically adjustable to meet the needs
of CT scanning and VCT scanning for radiation beams; slice thickness collimator (0-
5 mm) manually or electrically adjustable; minimum FOD 6.5 mm; minimum detection
capability < 3 um. The obtained ICT images were input into the computer, and the ICT
images of the samples were reconstructed using VGStudio MAX 2.2, generating a 3D
model of the emitters. By adjusting the grayscale threshold of the emitters” sample models,
segmented the emitters, clogging substances and air, and the volume of the clogging
substances in the 3D emitter models was quantified.

2.3. Evaluation Indicators for the Spatial Distributions of Clogging Substances

Using VGStudio Max 2.2, clogging volume in emitter flow channels under varying
water sources can be measured. Other evaluation parameters include (1) the mean thickness
of clogging substances on the face, denoted as T; (2) volume fraction of clogging substances,
denoted as @y; (3) clogging substance ratio on various faces, denoted as W. Within a
structural unit of the flow channel, there are 5 faces (Figure 1c), including a top face, a
substrate face, two upstream faces, two downstream faces, and two root faces.

2.3.1. Mean Thickness of Clogging Substances T

Taking the upstream face of i-th structural unit as an example, the T of clogging
substances on the top face is determined by Equation (1):

Vi
Ty, = = 1
w= g M

1

where T, is the mean thickness of clogging substances on the upstream face of i-th struc-
tural unit in the emitter sample, measured along the water flow direction;

T., represents the average clogging thickness on the upstream face of the i-th structural
unit, measured along the flow direction;

Vi, denotes the clogging substances volume on the upstream face of the i-th structural unit;

Sy, denotes the upstream face area of the i-th unit.

The thickness of a specific face (e.g., upstream face) across the entire flow channel
(including all structural units) is evaluated by the weighted average of the thicknesses of
each face, as shown in Equation (2):

Tyy X Suy + Tuy X Suye oo+ Ty X Sy,

T, = 2
! Suy + Suy - -+ Sy, @

where T, is the weighted mean thickness of clogging substances on the upstream face of
each structural unit;

Tuy, Ty, Ty, and Sy, Su,, Sy, represent the mean thicknesses and the surface areas of
clogging substances on the upstream face within the first, second and final units, respectively.

2.3.2. Volume Fraction of Clogging Substances ®y

The volume fraction @y, of the i-th unit is determined by the following Equation (3):
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/

Dy = Vi % 100% )
Vz‘_V, °

1
where @y, represents the clogging volume fraction in the i-th unit;
V! and V; are the clogging substance volume and the structural unit volume, respec-
tively, along the flow direction in the i-th unit.
The volume fraction over multiple units is a weighted average, as shown in Equation (4):

o — Oy, V1 + Oy, Vo + Dy V)
v Vit Vot Vs... 4V,

(4)

where @y represents the clogging volume fraction across multiple units; @y, , @y,, Py, and
Vi V, V) represent the clogging volume fractions and the volumes in the first, second, and
final units, respectively.

2.3.3. Ratio of Clogging Substances W

The clogging ratio on different faces is given as the percentage of the clogging volume
on a specific face relative to the total clogging volume within the entire flow channel. This
ratio quantifies the distribution of clogging across different faces of the flow channel.

It is calculated as the ratio of a given face’s clogging volume relative to the total
clogging volume across all faces in the flow channel, as shown in Equations (5) and (6):

1%
m%::§§xum% (5)
Vi =Vi+ Vi +V, +V;+V, (6)

where Wy, represents the clogging ratio on the upstream face, with similar methods applied
to other faces; V' denotes the clogging volume in the entire area; V4, Vs, V,, V4, and V,
denote the total clogging volumes on the top, substrate, upstream, downstream, and root
face of flow channel.

3. Results and Analysis
3.1. Apparent Morphology of Clogging Substances in Emitter Flow Channels

The spatial distribution of clogging in SW, YR, and BW shows a clear increase with
clogging severity increases. At 5% clogging severity, the clogging substances of the emitter
within the SW-based drip irrigation system were distributed unevenly along the flow
channel, primarily accumulating at the front, while YR and BW were distributed uniformly.
In addition, at 50% clogging severity, the clogging substances with SW and YR had a
main flow area throughout the flow channel length (Figure 2). For different faces, at
clogging severities of 5% and 20%, clogging substances mainly gathered on the upstream
and root faces of the flow channel. While the degree of clogging reached 50%, clogging
substances mainly accumulated on the downstream and root faces. As the clogging degree
increased from 20% to 50%, there was a more rapid increase in clogging substances on the
downstream face.
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Figure 2. Three-dimensional morphology of clogging substances in the emitter flow channel.
(a—c) represent the results in the saline water for 5%, 20% and 50% of clogging degree, respec-
tively. (d—f) represent the results in the Yellow River water for 5%, 20%, and 50% of clogging degree,
respectively. (g—i) represent the results in the blending water for 5%, 20%, and 50% of clogging
degree, respectively.
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3.2. Distribution of Clogging Substances Under Different Water Sources
3.2.1. Distribution of Clogging Substances Within Structural Units of Emitter
Flow Channels

Overall, there was an increase in both the volume and mean thickness of clogging
substances with increasing clogging severity under different water sources. As clogging
severity increased, the total clogging volumes within the emitter flow channels for SW,
YR and BW were 1.40 mm?, 2.27 mm?3, and 5.11 mm? (for SW); 1.77 mm?, 3.17 mm?, and
424 mm?> (for YR); 1.21 mm?, 2.95 mm?, and 4.91 mm?> (for BW), respectively. The clogging
volume fractions in the flow channels were 12.89%, 20.91%, and 47.05% (for SW); 16.28%,
29.23%, and 39.05% (for YR); and 11.11%, 27.19%, and 45.26% (for BW), respectively.

The degree of clogging ranged from 5% to 20%, and the total clogging volumes
in emitter flow channels under SW, YR, BW increased by 62.14%, 79.54%, and 144.77%,
respectively. For the degree of clogging ranging from 20% to 50%, the total clogging
volumes under SW, YR and BW increased by 125.02%, 33.60%, and 66.48%, respectively.
It was observed that with increasing clogging severity, the volume increment of clogging
substances within emitters of drip irrigation systems using SW was larger, while the volume
increments for YR and BW were smaller. At clogging severities of 5%, 20%, and 50%, the
volume of clogging substances within each structural unit of emitter flow channels under
SW, YR, and BW ranged from 0.02 to 0.90 mm?3, 0.02 to 0.69 mm?3, and 0.03 to 1.04 mm?3,
respectively. The mean thickness varied between 2.68 um and 120.76 pm, 2.65 pm and
91.91 um, 3.62 pm and 139.63 um, respectively. No significant differences were found in
clogging volume among the three water sources, but the volume of clogging substances at
50% clogging degree was significantly higher than those at 5% and 20% (p < 0.05, Figure 3).

12 5%
a 20%
Mo l®
1.0 [ 150%
a

o
[ee]
1

E ab
é g—e a
o 0.6 1 bc bcd
5
g cde C_d_e [ | |
0.4 ‘ '
| || . B
0.2 B _ \ , ﬁ ~
0.0 Al — —
SW YR BW

Figure 3. The total volume of clogging substances under different water sources at different degrees
of clogging. The letters above the boxplots indicate significant analysis, and the letters a—e represent
the average values from small to large. Groups that did not have the same letter indicate that there
were significant differences between the groups (p < 0.05), whereas groups that had the same letter
indicate that the differences were not significant. In the box, the transverse line represents the median
value line, and the square represents the average value. The up and down transverse line represent
the maximum and minimum values, respectively.
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3.2.2. Distribution of Clogging Substances of Emitter Flow Channels on Different Faces

In general, SW, YR, and BW showed consistent patterns for different surfaces of the
internal emitter flow channels. With the increase in clogging degree, there was a certain
increase in clogging substances on each face, especially the clogging mean thickness on the
downstream face. The maximum clogging volumes accumulated on the upstream face and
downstream face, while the maximum mean thickness mostly appeared on the root face.
The minimum volume and mean thickness of clogging substances were mainly found on
the top and substrate face.

At 5% clogging severity, the three water sources all showed the highest clogging
volume on the upstream face, with values of 0.049 mm?, 0.062 mm?>, and 0.048 mm?,
respectively. SW had the minimum volume on the top face and substrate face, and YR and
BW had the minimum volumes on the downstream face, which were below 0.030 mm3. At
20% clogging severity, the three water sources all exhibited relatively large volumes on
the upstream face and downstream face, varying between 0.072 mm?® and 0.108 mm?. A
reduced amount of clogging substances was found on the top and substrate faces, which
were below 0.060 mm?. At 50% clogging severity, the situation was similar to that at 20%,
the largest volume of clogging substances under three kinds of water quality appeared in
the downstream face, upstream face, and upstream face, respectively, ranging from 0.155 to
0.207 mm?>. While a smaller volume of clogging substances was observed on the top and
substrate faces, which was below 0.110 mm? (p < 0.05, Figure 4). At 50% clogging severity,
the clogging volume on all surfaces under SW and BW were significantly higher than
those at the degree of 5%, while there was no significant difference between the volume of
clogging substances on each face under different clogging degrees (p < 0.05, Figure 4).
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Figure 4. (a—e) represent the clogging substances volume in various faces under different water sources
for 5%, 20%, and 50% of clogging degree, respectively. (a—e) represent the top face, substrate face,
upstream face, downstream face, and root face of the emitter, respectively. SW, YR, and BW represent the
saline water, Yellow River water, and blending water. The letters above the boxplots indicate significant
analysis, and the letters a—d represent the average values from small to large. Groups that did not
have the same letter indicate that there were significant differences between the groups (p < 0.05),
whereas groups that had the same letter indicate that the differences were not significant. In the box, the
transverse line represents the median value line, and the square represents the average value. The up

and down transverse line represent the maximum and minimum values, respectively.
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For SW, YR, and BW, the larger volumes of clogging substances were all located on
the upstream face, accounting for 23.9-31.8% of the total volume of clogging substances
on the five faces. Therefore, it was crucial to prioritize controlling the buildup of clogging
substances on the upstream face. With increasing clogging severity, the clogging volume
ratio on downstream face increased to a certain extent under the three water sources. When
the degree of clogging was 5%, the clogging volume ratio on the downstream face ranging
from 9.29% to 17.14%. At clogging severities of 20% and 50%, the ratio ranging from 20.79%
to 32.41%. In contrast, the clogging volume ratios on the top face and substrate faces were
relatively lower, ranging from 12.91% to 19.40% and 12.91% to 20.90%, respectively. At 50%
clogging severity, the volume of clogging substances on the downstream face under SW
was notably greater than that observed under YR and BW (p < 0.05, Figure 4d), whereas the
clogging substances volume showed no significant differences on each face among other
water sources (p < 0.05, Figure 4).

As for the mean thickness of clogging substances (Figure 5), all water sources exhibited
larger thicknesses of clogging substances on the upstream face and root face when the
degree of clogging reached 5%, ranging from 43.45 to 56.44 um (for SW), 54.85 to 61.03 um
(for YR), 42.78 to 36.12 um (for BW), respectively. Smaller thicknesses were observed on
the top, substrate and downstream faces, all below 27 pum. At 20% clogging severity, all
water sources showed larger thicknesses on the upstream, downstream and root faces, with
maximum values appearing on the root face (SW, 77.40 pm), root face (YR, 95.35 pm), and
upstream face (BW, 96.26 um), respectively. While smaller thicknesses were distributed on
the top face and substrate face, all below 35 um. At 50% clogging severity, the thicknesses
on the upstream, downstream, and root faces were still larger, with maximum values
appearing on the downstream face (SW, 184.47 um), root face (YR, 143.60 um), and root
face (BW, 140.52 pum), respectively. Smaller thicknesses were observed on the top face
and substrate face, all below 50 pm. At 50% clogging severity, the mean thicknesses of
clogging substances on all five faces under SW and BW were significantly higher than those
at clogging degree of 5%. And there was no significant difference in the mean thickness of
clogging substances on each face under different clogging degrees (p < 0.05, Figure 5).

Under the conditions of SW and YR, the maximum mean thicknesses of clogging
substances were observed on the downstream face and root face, ranging from 56.44 to
184.47 um and 61.03 to 143.60 um, respectively. The minimum thicknesses were observed
on the top face and substrate face, ranging from 11.80 to 37.04 um and 18.73 to 34.83 um,
respectively. Under the condition of BW, the maximum thickness occurred on the upstream
face at the clogging degrees of 5% and 20%, and on the root face at the clogging degree of
50%. The minimum thickness initially occurred on the downstream face, and it occurred
on the top face and substrate face at 20% clogging severity. During the whole clogging
experiment period, the mean thickness of the root face was relatively large, and the volume
value was medium. This was due to the small face area of the root face, resulting in a smaller
volume occupied by a certain thickness of clogging substances (Table 2). Additionally, the
clogging mean thickness on the downstream face under the condition of SW at a clogging
degree of 50% was significantly higher than that under YR and BW (p < 0.05, Figure 5d).
No significant difference was found in the mean thickness of clogging substances on each
face among different water sources (p < 0.05, Figure 5).

Figure 6 shows the proportion of clogging substance volume on the five faces under
different water sources. It was evident that as clogging severity increased, the proportion of
the downstream face had a significant increase. The volume proportion of the upstream face
was larger, accounting for 23.93-31.84%, and the volume proportions of the top face and
substrate face were smaller, accounting for 12.91-20.90%. At 5% clogging severity, clogging
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substances were primarily located in the upstream and root faces, and the distribution on
the downstream face increases with the increase in the clogging degree.
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Figure 5. (a—e) represent the clogging substances mean thickness in various faces under different water
sources for 5%, 20%, and 50% of clogging degree, respectively. (a—e) represent the top face, substrate face,
upstream face, downstream face, and root face of the emitter, respectively. SW, YR, and BW represent the
saline water, Yellow River water and blending water. The letters above the boxplots indicate significant
analysis, and the letters a—d represent the average values from small to large. Groups that did not
have the same letter indicate that there were significant differences between the groups (p < 0.05),
whereas groups that had the same letter indicate that the differences were not significant. In the box, the
transverse line represents the median value line, and the square represents the average value. The up
and down transverse line represent the maximum and minimum values, respectively.
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3.3. The Distribution of Clogging Substances in the Direction of Water Flow

Figure 7 presents the clogging average volume within flow channel structural units
with different clogging degrees under SW, YR, and BW with increasing flow channel length.
A clear upward trend was observed in the clogging volume in the structural units for SW,
YR, and BW. Moreover, the clogging volume at the front of the flow channel was mostly
greater than that at the back, ranging from 51.4% to 113.8% (for SW), —12.8% to 284.0% (for
YR), and 88.0% to 184.4% (for BW), respectively. At 20% clogging severity, the volume of
the YR was an exception, and the front of the volume was smaller than the back, but the
difference was not large.
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Figure 7. Distribution of clogging substances with the water flow direction. (a—c) represent the volume
of clogging substances under the saline water (SW), Yellow River water (YR), and blending water
(BW). The 14 structural units of the flow channels were defined as the front and the 5-8 structural
units were defined as the back. * and ** represent significant (p < 0.05) and extremely significant
(p < 0.01); and NS indicates not significant.

With the clogging degree increases, the clogging volume increment at the front edge of
the flow channel had been increasing compared with that at the back under the conditions
of SW and BW. However, when the degree of clogging was 20% and 50%, there was no
significant variation accumulation in clogging volume between the front and back under YR.

For different water sources, the difference between the front and back regions of flow
channel under SW was more obvious. At a clogging degree of 20%, the clogging volume
in the front was considerably higher than back (p < 0.05, Figure 7a). For YR, the difference
was relatively uniform, with the volume at the front significantly higher than that at the back
under clogging degree of 5% (p < 0.05, Figure 7b). The difference between the front and back
of the emitter under BW was obvious, and the clogging volume in the front was considerably
higher than in the back when the clogging degree reached 5% and 50% (p < 0.05, Figure 7c).

4. Discussion

Nowadays, freshwater resources are extremely limited, and the widespread use of
SW and YR can effectively mitigate freshwater scarcity [17]. However, Yellow River
water is characterized by fine sediment particle size and high viscosity, and the biofilm
is attached to the majority of sediment particles [37]. Saline water is rich in calcium
ions, magnesium ions, and other substances that are prone to form chemical precipitation
and cause clogging [38,39]. Blending water can reduce the sediment concentration and
mineralization degree in the water and can effectively alleviate the formation of clogging
substances [17]. Therefore, this study conducted in situ nondestructive testing of clogging
substances in the flow channels of drip irrigation emitters under three water conditions.
The clogging spatial distribution under different water source conditions was obtained in
this study. It can be revealed intuitively that the distribution pattern of clogging substances
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along the flow channel was less uniform under the condition of saline water and there
were obvious scour traces of the main flow area. Conversely, the clogging distribution
throughout the flow channel was more uniform under the condition of Yellow River water
and there were obvious scour traces of the main flow area as well. Meanwhile, under the
condition of blending water, the clogging substances distribution along the flow channel
was less uniform.

When the clogging degree was 5%, both the total volume and maximum thickness
of clogging substances in BW were lower than those in YR and SW. When the clogging
degree was 20%, the volume value was shown as follows: SW < BW < YR. When the
degree of clogging reached 50%, the volume value was shown as follows: YR < BW < SW.
It can be seen that BW at the initial stage of clogging can effectively reduce the clogging
volume. In the later stage of clogging, the drawbacks of the two water sources could be
balanced at a middle level, which was better than the worst case (Figure 4). Clogging
accumulation at the front of flow channels was more pronounced under the conditions of
Yellow River and blending water conditions. This is attributed to the higher concentration
of suspended particles in Yellow River water and the blending water conditions, which
rapidly settle in the vortex area (i.e., the area between upstream face and the root face
of emitter) of several units located at the front of the flow channel after entering the
emitter [13]. The clogging substances under the different water sources were concentrated
at the upstream face, root face, and corners, then gradually growing into other areas. This
is similar to previous research that a higher clogging concentration was detected around
the corners of emitter flow channels [40,41]. Some scholars propose removing these corners
while preserving only the main channel area [42]. While this method effectively controls
clogging substances, it decreases the vortex region and labyrinth flow channel’s dissipation
capacity [21]. Moreover, this study also observed that the severity of emitter clogging tends
to alleviate with the direction of water flow. Under different conditions of water source,
the distributions were consistent, showing that there was a greater clogging accumulation
at the front of the flow channel compared to the back. The clogging volume difference
between the front and back grew as the clogging degree increased. This phenomenon
may be attributed to the movement of solid particles, mineral components, and other
impurities in poor-quality water, which affects the growth of clogging substances [43,44].
With the direction of the water flow, the probability of contact between water impurities
and the structural units is observably decreased, leading to a higher abundance of clogging
substances at the front of the flow channel [32,45]. However, the formation and removal of
clogging substances were frequent, and they are prone to move to subsequent structural
units, resulting in certain randomness in the volume of clogging substances within each
structural unit.

Across different faces, the volume and mean thickness of clogging substances exhibited
consistent patterns across the three water sources. It was shown that with the increase in
clogging degree, both the volume and mean thickness of clogging substances on each face
had a certain increase. A higher accumulation of clogging substances was observed on
the upstream, downstream, and root faces, while less on the top face and substrate face.
The clogging volume on the top and substrate faces was relatively low, showing minor
fluctuations. This phenomenon is likely due to the relatively small width-depth ratio of the
emitter. It can be found from the direct morphology that most areas on the top face and
substrate face were located within the main flow area, making it difficult to deposit clogging
substances. Because the distribution of clogging substances on the top face and substrate
face mainly occurred outside the main flow zone and the position of the main flow zone
changed little with the change in time, the distribution of clogging substances changed
little as well. Conversely, the volume of clogging substances on the downstream face was
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medium but the mean thickness was large, which is caused by the small surface area of the
downstream face. The increase in clogging substance volume on the downstream face was
the most obvious, and the volume ratio value of clogging substances on the downstream
face was low but later increased. This is because the downstream face experiences relatively
less shear force from nearby faces, which faster growth of clogging substances on this
face. Additionally, the volume ratio value of clogging substances on the upstream face was
highest and relatively stable (Figure 6). This is primarily due to more intense collisions
between particles inside the emitter flow channel and the upstream face, leading to a more
abundant formation of clogging substances on this face.

However, due to the complex characteristic of emitter flow channel, which involves
turbulence, particle deposition, and shear forces. It is difficult to fully reveal the clogging
mechanism through ICT imaging alone, and different types of emitters may have their
own unique clogging mechanisms [34]. Therefore, combined with numerical simulation,
the hydraulic characteristics in the flow channel can be studied more deeply and the flow
channel design can be optimized. In recent years, there have been studies using the method
of combining experiment and numerical simulation to analyze the flow characteristics
and clogging mechanism of drip irrigation emitters [31,33]. The combination of the two
methods provides a reliable basis for the flow channel design. In the future, our research
can be further extended to various flow channel structures, utilizing a combination of
experiments and simulations to explore the effects of different design parameters and
operating conditions on anti-clogging, thereby optimizing emitter design and enhancing
the operational efficiency of drip irrigation systems.

In general, the emitter exhibits more clogging on the front of the flow channel, the
downstream, upstream and root faces, leading to greater uncertainty in emitter clogging,
which negatively affects irrigation uniformity in the drip irrigation system. These areas also
have a pivotal function in dissipating energy within labyrinth-type emitter flow channels.
In the design process of the emitter flow channel, a gradually varying channel structure
can be considered to reduce the accumulation of clogging substances in the front section
(from large to small along the direction of the flow). Additionally, it can be considered to
increase the arc of the upstream and downstream faces to form a vortex, which helps clean
the flow channel and consequently reduces the deposition of clogging substances.

5. Conclusions

Industrial computed tomography was used in this study to characterize the spatial
distribution of clogging substances in drip irrigation emitters under saline water, Yellow
River water, and blending water conditions. The findings indicate that blending water
significantly reduced clogging volume in the early stages of clogging and continued to
mitigate clogging as severity increased. The upstream and downstream faces exhibited
the greatest clogging volume, while the root face showed the largest thickness. The least
clogging occurred on the top and substrate faces. With the increase in clogging severity,
the clogging volume on the downstream face rose significantly, while the volume on
the upstream face remained relatively stable. Additionally, the study found that the
clogging volume decreased as the length of the flow channel increased. Therefore, this
study suggests that using blending water, incorporating a gradually varying channel
structure, and increasing the arc of the upstream and downstream faces can help reduce
the accumulation of clogging substances in the emitter. This research provides valuable
insights into clogging behavior under different water qualities and supports the application
of saline and high-sediment water in agricultural drip irrigation systems.
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Abstract: The extraction of small water bodies in the Yellow River Basin has always been a
key issue of concern in the fields of remote sensing technology application, water resource
management, environmental science, and geographic information systems. Due to factors
such as water bodies, human activities, and cloud cover, water body extraction becomes
difficult. In addition, convolutional neural networks are prone to losing small water body
feature information during the process of extracting local features, which can cause more
imbalance between positive and negative samples of water bodies and non-water bodies.
In response to these issues, this study focused on a specific research area—the middle and
lower reaches of the Yellow River. We processed and analyzed high-resolution optical
satellite images collected from the Yellow River Basin and other areas, with a particular
emphasis on precise identification of small water bodies, and proposed a network structure,
the SE-Attention-Residual-Unet (SE-ResUnet), for water extraction tasks.The main contri-
butions of this article are threefold: (1) Introducing a channel attention mechanism with
residual structure in the down-sampling process, and learning Unet’s skipping structure for
multi-scale feature extraction and compensation, thereby enhancing the feature extraction
ability of small water bodies, including rivers, lakes, and reservoirs. (2) Introducing a
weighted-Dice (W-Dice) loss function to balance positive and negative samples and en-
hance the generalization of the model. (3) In comparative experiments on improving the
Unet model with semantic segmentation networks such as Unet, PSPNet, Deeplabv3+ on a
self-built dataset and remote sensing interpretation public dataset, excellent performance
and results were achieved on the mloU, OA, and F1-score metrics. On the self-built dataset,
compared with Unet, the mloU, OA, and F1-score improved by 0.38%, 0.12%, and 0.08%,
respectively. On the publicly available dataset, for remote sensing interpretation of water
extraction, the mlIoU, OA, and F1-score improved by 0.63%, 0.26%, and 0.25%, respectively.
The experimental results demonstrate that a strategy combining an attention mechanism
and a weighted loss function has a significant effect on the effectiveness of the collaborative
improvement of neural network models in water extraction tasks.

Keywords: improved Unet; semantic segmentation; channel attention; water extraction;
remote sensing images; weighted loss function
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1. Introduction

The use of remote sensing technology, namely, optical remote sensing images, is
becoming important in the extraction of water bodies due to its wide coverage, abundant
information, and fast update rate. Remote sensing imageries provide efficient and accurate
data on water bodies, offering significant assistance for related research and applications [1].
Water body extraction technology is founded on the capacity to identify, classify, and
retrieve data pertaining to water bodies from remote sensing methods. This procedure
utilizes technologies and knowledge from various domains, such as image processing,
pattern recognition, geographic information systems, and others [2]. Water bodies typically
exhibit distinct spectral and spatial properties, such as reflectivity, texture, shape, etc. By
analyzing and using these attributes, we may efficiently gather information about water
bodies. In recent years, the progress in computer and remote sensing technologies has
resulted in notable improvements in water body extraction technology [3].

The water body index and image classification method are the two main conventional
techniques employed for extracting water bodies from high-resolution optical remote
sensing images. Several scholars have developed a variety of indicators for extracting
information about water bodies. McFeeter proposed using the Normalized Differential
Water Index (NDWI) for the green and near-infrared bands [4]. Nevertheless, the presence
of buildings causes substantial interference with NDWI, hence posing difficulties in accu-
rately identifying water bodies in such areas. In order to overcome the limitations of the
NDWI, Xu et al. proposed the Modified Normalized Differential Water Index (MNDWI)
[5], which replaces the near-infrared band with the short-wave infrared band in NDWI [5].
Yan et al. introduced the Enhanced Water Index (EWI) by merging NDWI and MNDWI [6].
Feyisa et al. developed the Automated Water Extraction Index (AWEI) [7] to reduce noise
in mountainous and urban regions. Zhang et al. [8] combined a suspended particulate
matter concentration and water index to reveal the multi-scale variation pattern of the
surface water area in the Yellow River Basin. They used various bands (1, 2, 4, 5, and
7) of Landsat 5 TM. Other, less prevalent water indices encompass the shadow water
index, pseudo-NDWI, Gaussian NDWI, MNDWI, and the new water index. However, the
majority of water index techniques are unsuitable due to the limited number of spectral
bands found in high-resolution images, often consisting of only four bands: blue, green,
red, and near infrared.

In order to overcome the shortcomings of the water index method and make use of
the spatial information of high-resolution optical remote sensing images, various image
classification methods have been proposed. Image classification performs water extraction
by combining spectral, shape, and texture features and using various classifiers in machine
learning. Commonly used classifiers include decision tree [9], random forest [10], support
vector machine [11-13], etc. Although image taxonomies can make use of a variety of
features to achieve better results than water index methods, they require these features
to be manually constructed for specific water extraction tasks. This will greatly reduce
the efficiency and prolong the extraction time. In addition, the application scope of these
artificially constructed features is limited, and it is difficult to extract water bodies in
different regions [14].

Convolutional Neural Networks (CNNs) [15] have gained popularity in the fields of
semantic segmentation, object identification, and scene categorization due to their ability to
efficiently learn multiple layers of automated features. Water body extraction is a specific
task in semantic segmentation that is commonly addressed by CNN models [16]. Chen
et al. introduced an adaptive water extraction pooling layer [17] to reduce the loss of
features during pooling. Most existing methods fail to meet the extraction requirements of
water bodies of different sizes [18]. In addition, as features are extracted sequentially, the
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size of the feature map will decrease, potentially leading to the omission of small water
bodies with subtle characteristics, resulting in biased outcomes. Thus, it is necessary to
employ multi-layer and multi-scale characteristics in order to address these challenges.
Multi-layer features refer to features that have been extracted from different convolutional
neural network (CNN) layers [19,20]. Several multi-scale feature extraction modules have
been developed as a result of semantic segmentation, such as Spatial Pyramid Pooling
(SPP), Pyramid Pooling Module (PPM) in PSPNet [21], and Atrous Spatial Pyramid Pooling
(ASPP) in DeepLabv2. Unfortunately, data loss occurs due to the absence of multi-layer
settings in these multi-scale feature extraction modules, which primarily execute pooling on
feature maps. And Sun et al. [22] improved the Deeplabv3+ network to extract water bodies
and attempted to combine DEM data with remote sensing image data to extract small water
bodies [23]. Cao et al. [24] extracted water bodies from high-resolution remote sensing
images by enhancing Unet networks and multi-scale information fusion. Yan et al. [25] used
a novel water body extraction method to automate water body extraction from Landsat 8
OLl images. Cheng et al. [26] proposed a water body extraction method based on spatial
partitioning and feature decoupling. Zhao et al. [27] proposed an unsupervised water body
extraction method by combining the estimated probabilities of historical, neighboring, and
neighborhood prior information using Bayesian model averaging. Chen et al. [28] refined
the feature information by introducing dynamic semantic kernels to achieve high-precision
extraction of lake water bodies. Mishra et al. [29] used principal component analysis to
fuse panchromatic and infrared bands to classify the fused images into surface types. Wang
et al. [30,31] incorporated a mixed-domain attention mechanism into the decoder structure
to fully exploit the spatial and channel features of small water bodies in the image.
Traditional water extraction methods, such as the threshold method, spectral index
method, object-oriented method, and machine learning classification method, mainly rely
on manual statistical features and expert experience, which may not be effective in dealing
with complex backgrounds or diverse water bodies. In addition, traditional methods often
struggle to achieve a high degree of automation, which increases the complexity and time
cost of operations. Interference factors such as shadows and buildings can also limit the
accuracy of water extraction, and traditional methods may not be flexible and accurate
enough in dealing with these interferences. Deep learning methods can automatically
learn and extract useful features from input data without the need for manual feature
selection and extraction, greatly improving the efficiency and accuracy of water extraction.
Deep learning models can learn complex features and the intrinsic laws of water bodies
by training on large amounts of data, thus having good generalization ability to unknown
data. Furthermore, deep learning models have strong robustness to noise and interference,
and can handle water extraction tasks in complex backgrounds. Deep learning models have
transferability and can be applied to water extraction tasks in different regions and data
sources. Moreover, with the continuous development of technology, deep learning models
can be continuously optimized and expanded to meet more complex water extraction needs.
In light of this, the current study constructs a feature extraction network that utilizes
the Unet’s multi-scale feature architecture and jumping structure [32] to extract water body
features at several layers and scales. The water body extraction task involves only two
categories: background and water body. To ensure a balanced representation of positive
and negative data during training, the W-Dice loss function is incorporated. To be more
precise, the model minimizes unnecessary computation usage while accurately extracting
the crucial information from the data by combining the optimization guidance of the
loss function with the focusing ability of the attention mechanism [33]. This enhances
the model’s cognitive process and augments the precision of its predictions. The W-Dice
loss function offers a distinct optimization objective for the model, while the SE channel
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attention mechanism effectively captures the complex relationships among several channels
in remote sensing images. To achieve the desired outcomes, this combination enables the
model to consistently improve its performance and optimize the utilization of river features
in remote sensing images [34].

The main contents of this paper are as follows:

(1) The down-sampling approach integrates the SE attention mechanism with a residual
structure, and learns the jumping structure of the Unet for multi-scale feature extrac-
tion and compensation. This enhances the capability to extract the characteristics of
small water bodies, including rivers, lakes, and reservoirs.

(2) Inorder to enhance the model’s generalization and to ensure that both positive and
negative samples are given equal importance, the W-Dice loss function is incorporated
into the loss calculation during the training phase.

(3) The enhanced network model is compared and evaluated with semantic segmentation
networks like PSPNet and Deeplabv3+ on both a self-built remote sensing image
dataset and another public remote sensing interpretation dataset. The effectiveness of
water body extraction is assessed using the mloU as a crucial metric.

2. Materials and Methods
2.1. SE-ResUnet

The network configuration described in this paper, illustrated in Figure 1, is referred
to as the SE-ResUnet. The coding layer is predominantly situated on the left side of
the diagram, whereas the decoding layer is positioned on the right. The input image is
reconstructed at the decoder stage after passing through the convolutional structure’s
feature extraction backbone network. To address the presence of features, the output
feature images from several down-sampling layers are combined and overlaid using a
hierarchical structure. An SE attention mechanism is incorporated into the third down-
sampling layer of the ResnetBottleNeck [35] module within the residual structure. The
primary distribution of the residual structure with the SE attention mechanism in the
structure diagram of the SE-ResUnet is in the feature extraction backbone network, which
is referred to as the “SRBlock”.

Figure 1. SE-ResUnet network structure.

Convolutional neural networks have advantages in extracting local feature information
from remote sensing images, including remote sensing water body images. However, for
small water bodies in the distribution of remote sensing images, they are easily lost during
the down-sampling process, and the retained small water bodies pixels are more difficult to
capture due to the small number of samples. Therefore, we introduce a residual structure
with a channel attention mechanism on the basis of the Unet network to compensate for
the lost small water bodies features during the down-sampling process. In addition, we
coupled the weighted Dice loss function to balance positive and negative samples, thereby
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reducing the impact of insufficient positive samples in small water bodies. Shown in
Figure 2 is the improved flow chart of the SE-ResUnet model.

Reconstruct

Unet Model ‘ Adding SE-Residual-Block{SRB) ‘ SE-ResUnet

Model

Coupling Weighted-Dice(W-Dice) loss
function

Figure 2. Flow chart of the SE-ResUnet model.

2.2. Squeeze-Excitation Residual Block Module

A unique architectural unit, called the Squeeze-Excitation Residual Block (SRB) mod-
ule, is intended to improve the network representation capabilities by means of dynamic
channel feature recalibration. The structure of the SRB module and ResBlock are compa-
rable in that they both have residual connections, as seen in Figure 3. The SRB module’s
rightmost branch, in contrast to the typical ResBlock, further includes functions like global
pooling, a fully connected layer, a ReLU activation function, and a sigmoid function. These
functions, in turn, transform, compress, and excite images with input size H x W x C. It is
easy to see how the image’s width, height, and channel change during this procedure. In
order to produce the attention mechanism effect, the final step involves performing feature
fusion with the left branch after restoring the image to an H x W x C tensor of the same
size as the input through the zoom operation.

X
HxWxC
Residual }ﬁ
|’ Global pooling \ 1x1x¢C
L _r___‘ X
FC 1x1%Cir
RelU 1%x1x%Cir .
1 ‘ Residual ‘
- 1x1xC
| sigmoa | 1x1xc X
\ ) Hxwxec
ResNet Block
HxWxC

wel

Squeeze-Excitation Residual Block(SRB)

Figure 3. SRB structure.

We built the modified SE-ResUnet by first reconstructing the original Unet, adding
the SE attention mechanism, and replacing the original loss function with the W-Dice loss
function and the CE cross-entropy loss function. The modified SE-ResUnet is then applied
to the remote sensing satellite images for water body extraction.

By explicitly modeling the interdependencies between convolutional feature channels,
the Squeeze-and-Excitation technique [36] can enhance the network’s representation ca-
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pacity. This strategy enables the network to dynamically recalibrate features by selectively
stressing desirable ones and suppressing undesirable ones, hence facilitating the learning
of global information.

The SE module has three essential actions for recalibrating the input X feature channel,
as depicted in Figure 4. After a number of convolutions and transformations, a feature
with a specific number of feature channels, denoted as C2, is produced. This is based on
the assumption that the input X has a certain number of feature channels, denoted as C1.
Fy, represents the standard convolution operation, which transforms the feature map X
into the feature map U, and Fs; represents the compression operation, specifically using
global average pooling of channels to compress global spatial information into a channel
descriptor. F,x scales the channel dimension by a fixed coefficient to fully capture channel
dependencies in order to utilize the information gathered during compression operations.
Fca1e weights the attention weights obtained earlier onto the features of each channel to
obtain the final output of the module X.

1x1xC1 Fex(.,W)
O —— b B
1x1%xC1 Fscale(.,.)
X u /quu \ %
Fir i
— > _
' H
. H
W
C1 C1 C2

Figure 4. The Squeeze-Excitation module.

The first operation, known as squeezing, is responsible for feature compression in the
spatial dimension. It turns each two-dimensional feature channel into a single real number,
so creating a somewhat global receptive field. The output dimension is equal to the number
of input feature channels, denoted as C1. It is highly beneficial in various activities as it
represents the worldwide distribution of the response on the feature channel and allows
the layers close to the input to also obtain the global receptive field. The second operation is
excitation, which is analogous to the gating process seen in recurrent neural networks. The
parameter w assigns weights that explicitly represent the relationship between the feature
channels for each individual feature channel. The final step in re-calibrating the original
features in the channel dimension is the reweighting operation. This operation utilizes the
output weight of the excitation operation as a crucial indicator for each feature channel.
It then applies this weight to the previous feature channels through multiplication, one
channel at a time. The attention mechanism [37] is achieved through two crucial steps: the
fully connected layer and feature multiplication fusion. Assuming that a fully connected
layer and global pooling are employed, the input image with dimensions H x W x C1
is extended toa 1 x 1 x C1 size. The initial image is subsequently multiplied to allocate
weights to each channel.

2.3. Loss Function

Cross-entropy loss is a metric for calculating the discrepancy between the actual
and predicted maps. The cross-entropy loss function allows the network to have a faster
gradient descent process during the first training stage, preventing gradient disappearance,
when compared to other loss functions, like the mean square error and the L1 loss [38]. As
shown in Formula (1), the divergence between the two probability distributions, j and k (j)
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representing the actual distribution and k representing the predicted distribution) is known
as the cross-entropy in information theory. One can obtain the cross-entropy loss LCE by:

n
Lek(j k) = = ) j(xi) log(k(x:)) @
i=1
In the water body extraction task, j (xi) is the ground truth label and k (xi) is the
predicted water body map, as shown in Formula (2). In the binary classification task (e.g.,
water body extraction), one can obtain the cross-entropy loss by:

Lcg(j k) = —[jlogk + (1 — j) log(1 — k)] )

To process the resulting feature map, the Softmax function and cross-entropy loss
function are typically employed. The cross-entropy loss is computed after adding the
predicted values of all the classes to one. The model’s prediction improves with a decreasing
cross-entropy value [39]. The dice coefficient, a commonly used set similarity measure
function, is employed to assess the similarity between two samples. This coefficient ranges
from 0 to 1 in Formula (3), as follows:

21XNY|

DiceCoef ficient = ————-
[ X+ 1Y

®)

where | X | N | Y | represents the intersection of the | X | and | Y | sets,and | X |and | Y |
represent the number of its elements, respectively. In the segmentation task, | X | and | Y |
represent the segmented ground truth and the predict mask in Formula (4). Furthermore,
the formula of the Dice loss is as follows:

21XNY|

DicelLoss =1— —————
| X[+ [Y]

@)

The enhanced model training incorporates the W-Dice loss, and the parameter is
used to modify the Dice loss weight during backpropagation. The W-Dice loss and cross-
entropy loss make up the two components of the overall model loss in Formula (5). In
this experiment, we set the parameter value to 0.5, meaning that the optimal water body
extraction effect is achieved when the ratio of the cross-entropy loss to the Dice loss is 2:1.

Loss = Lcg + 9dLpice ®)

2.4. Evaluation Metrics

To assess our model’s performance, we utilized three commonly-used evaluation
metrics: the Fl1-score, Overall Accuracy (OA), and Mean Intersection over Union (mloU).
True positive (TP), false positive (FP), true negative (TN), and false negative (FN) are the
elements of the confusion matrix from which the recall rate (Recall) and the precision
indicator (Precision) can be obtained, as shown in Formulas (6)—(8). The F1-score can be
obtained as:

. TP
Precision = TP L EP 6)
TP
Recall = TP + FN (7)

Precision x Recall
F1 — =2
score x Precision + Recall ®)
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The ratio of the results that the model properly predicts on all test sets to the total
dataset is known as the overall precision in Formula (9). OA is best defined as:

B TP
" TP+FP+TN+FEN

The Intersection over Union (IoU) ratio between the prediction map and the ground

OA

)

truth map for each class can be calculated as follows:

B P
" TP+ FP+FN

In the water body extraction task, as shown in Formula (10), TP denotes that the

IoU (10)

number of pixels in the water body is the same as the ground truth value and the predic-
tion result, while TP + FP + FN denotes the number of pixels in their union region [40].
Furthermore, the average IoU value obtained from all classes of the remote sensing images
is referred to as the mloU.

We use the weight file size obtained after model training as an indicator to measure
the number of model parameters, and GFLOPS as an indicator to measure the speed of
model training and inference. That is, the size of the weight file obtained after SE-ResUnet
training is used to evaluate the number of model parameters, measured in MB. The smaller
the space occupied, the lighter the model parameters, and GFLOPS are used to evaluate the
efficiency of model training and inference. GFLOPS is the Giga Floating Point Operations
Per Second, which means 1 billion floating-point operations per second. The larger the
GFLOPS, the faster the model training and inference speed.

2.5. Dataset Description

The first self-built dataset used for the experiment consists of four main components of
remote sensing images data. The UC-Merced Land-Use dataset is where the first component
is taken from, including 99 images in total, each measuring 256 by 256 pixels and having
a resolution of 0.3 m. The UC-Merced Land-Use dataset comprises 100 distinct image
categories, providing a comprehensive collection of 21 levels of land use remote sensing
data. The river images that were taken from the WHU-RS19 dataset make up the second
component, including 56 images in total, each measuring 600 by 600 pixels and having
a resolution of 0.5 m. The river images, extracted from the AID dataset, constitute the
third component, including 410 images in total, each having a resolution of 0.5-8 m and
measuring 600 by 600 pixels. The remote sensing image dataset AID was released by
the Wuhan University and Huazhong University of Science and Technology in 2017, and
contains a total of 30 categories of images, each containing 220-420 images and totaling
10,000 images. The remote sensing image data of the Yellow River Basin are mainly collected
from the Gaofen-2 satellite, with a total of 1000 sample images. The image of one scene
measures 6920 by 7300 pixels and the resolution is 3 m. In order to facilitate model training,
the collected multi-scene images are segmented into small blocks, which measure 256 by
256 pixels. In the early stage of the experiment, the visual interpretation method and the
‘labelme’ tool were used to uniformly annotate and name these images, so as to produce
images and labels for subsequent model training. The river semantic annotation format
follows the specification of the VOC dataset, and is uniformly called Dataset1 in the study,
as shown in Figure 5.
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Figure 5. Dataset]l remote sensing image data collection and labeling procedure.

The Kaggle Remote Sensing Interpretation Public Dataset provides a second remote
sensing image dataset for model training and generalization. The optical remote sensing
image in question is part of a resource series and possesses a high resolution of 2 m. It
is used to extract the water surface within the study area and is mostly directed towards
domestic complicated water bodies. There are two categories in the dataset: background
and water body. Each sample consists of two PNG files, Image and Label, that have
identical file names. The Label file is in the single-channel 8-bit format, with a background
pixel value of 0 and a water surface information value of 255, and the sample Image file is
in 3-channel PNG format. The image size is 1024 x 1024 pixels, and the dataset contains a
total of 2000 sets of data. All references to this dataset in the research are to Dataset2, as
shown in Table 1.

Table 1. The spatial resolution, size, and quantity information of the datasets used in the experiment,
Dataset2 denotes the Kaggle Remote Sensing Interpretation Public Dataset.

Dataset Name Spatial Resolution Size Number
UC-Merced 0.3 256 x 256 99
WHU-RS19 0.5 600 x 600 56

AID 0.5-8 600 x 600 410
Yellow River 0.8 256 x 256 1000
Dataset2 2 1024 x 1024 2000

The design of the SE-ResUnet model takes into account the problem of adapting to
the input of different image sizes. For the input of images of different sizes, the patch will
be uniformly adjusted to the standard size of 512 x 512. If the input image size is larger
than the standard size, the data preprocessing will slide-crop the image, and then train the
cropped fragment in batches. If the input image is smaller than the standard size, it is filled
to reach the standard patch size and then input to the network for training.

2.6. Data Enhancement

Figure 6 displays the samples and mask labels from Datasetl; Figure 7 displays the
2000 sets of samples and mask labels from Dataset2. We expanded Datasetl by arbitrarily
cropping, rotating, and mirroring images to fulfill the requirements of the deep learning
model training. In the data preprocessing code section of the model, we use the Augmentor
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library to perform data augmentation operations, such as cropping, rotating, and mirroring
on the input source data, and expand the self-built dataset Datasetl by controlling the
number of remote sensing images used for training through parameter control. This study
aimed to improve the model’s generalizability by using geometric and color data enhance-
ment approaches. Geometric data enhancement includes operations such as horizontal,
vertical, and mixed flipping, while color data enhancement includes operations such as
photometric distortion [41]. Photometric distortion adds noise to an image while adjust-
ing its brightness, chroma, contrast, and saturation. The entire dataset covers a variety
of water body types, such as lakes, rivers, canals, ponds and reservoirs, etc., as seen in

Figures 6 and 7.

Figure 6. Original Dataset] images and visual interpretation label images.

= B )

Figure 7. Original Dataset2 images and mask label images.

3. Results
3.1. Environment Settings

Our experiments were performed in a server environment (Intel Core w2223 quad
core CPU and NVIDIA RTX 4070Ti GPU). The deep learning frameworks PyTorch 1.10.1
and Python 3.7 were used for all experiments, and CUDA 11.3 and CUDNNS.0 were used
to speed up the training and inference process. The Adam optimizer was employed for
training, with an initial learning rate of 1e-4, a momentum parameter of 0.9, and a learning
rate reduction strategy that optimizes the objective function using the cosine annealing
descent method. There are 1000 training iterations in total. In the first 300 iterations, the
backbone network’s training parameters were retrieved by freezing features, and in the
final 700 iterations, the training parameters were unfrozen. After data enhancement, we
obtained two water body datasets, namely, Datasetl and Dataset2, which contained a
total of 3000 sets of original images and mask samples. The dataset was divided into a
training set, validation set, and test set at a ratio of 7:2:1. Subsequent contrast experiments
with different models and ablations will be performed on these two datasets. The soft-
ware and hardware environments used for specific experiments are given in Tables 2 and 3.
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Table 2. Hardware environment.

Hardware Environment

Operating System Ubuntu20.04LTS
CPU Intel-w2223 Quad Core 3.6 Ghz
GPU NVIDIA GeForce RTX4070Ti (12,288 MB)
RAM 64 GB
Table 3. Software environment.
Software Environment Version
PyTorch/torchvision 1.10.1/0.11.2
CUDA/CUDNN 11.3/8.0
python 3.7.13
Opencv-python 4.1.2.30
pillow 8.2.0
pyYAML 54.1
scipy 1.21
tqdm 4.60.0
numpy 1.17.0
matplotlib 312
setuptools 65.6.3
tensorboard 2.11.2

3.2. Ablation Study

We conducted a comparative analysis between the SE-ResUnet and the original Unet
model in order to assess their performance in large-scale water body extraction tasks.
Furthermore, a sequence of ablation tests were conducted to confirm the efficacy of in-
cluding the SRB module and the weighted Dice loss function [15]. In particular, training
was performed on the two previously introduced datasets using the original Unet feature
extraction network as the baseline network, introducing the SRB module and the W-Dice
loss in turn. The dataset is labeled and divided before being introduced into the model in
batches for training. Tables 4 and 5 display the comparison results.

Table 4. Evaluation metrics from the ablation study on Dataset1 (SRB represents the residual structure
with channel attention, and W-Dice represents the weighted Dice loss function).

Datasetl mloU OA F1-Score
Unet 94.44 98.41 97.82
+SRB 94.60 98.40 97.70

+W-Dice 94.17 98.34 97.62

+W-Dice + SRB 94.82 98.53 97.90

Table 5. Evaluation metrics from the ablation study on Dataset2 (SRB represents the residual structure
with channel attention, and W-Dice represents the weighted Dice loss function).

Dataset2 mloU OA F1-Score
Unet 96.67 98.31 98.31
+SRB 96.72 98.34 98.35

+W-Dice 96.22 98.09 98.10

+W-Dice + SRB 97.02 98.50 98.51

Tables 4 and 5 show the ablation experiment results on Datasetl and Datset2. SRB
represents the experimental results of introducing residual structures with attention. +W-
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DICE represents the experimental results obtained by introducing the weighted Dice
loss function. +W-DICE + SRB represents the experimental results of introducing both
simultaneously. Upon careful examination of the results, it can be seen that introducing only
one optimization strategy results in limited improvement on the model, even resulting in
negative optimization when only the weighted Dice loss function is introduced. Introducing
two optimizations simultaneously achieved the best water extraction effect, proving that
the joint weighted Dice loss function and the residual structure with attention are effective
in improving the model. The training phase statistics show that using just the original
Unet network with Resnet as the backbone and adding the W-Dice loss function has a
poor training effect. The tables show that the three metrics, mloU, OA, and F1-score,
dramatically decrease after the W-Dice loss is introduced to the Unet, whether on Dataset1
or Dataset2. There is a clear improvement in the training effect after SRB is added to the
network. Compared to the original Unet, mloU has a 0.1-0.2% improvement on both
datasets. It is noteworthy that the training effect is greatly enhanced upon simultaneous
introduction of the SRB module and the weighted Dice loss function. The model achieved
the best mIoU on both datasets. This study confirms the efficacy of integrating SE attention
and the weighted Dice loss function to enhance the accuracy of water body extraction in
the model. Furthermore, it suggests that this combination is a promising approach for
optimizing the model.

The inference results of some images from the ablation study on Datasetl and Dataset2,
GroundTruth, Unet, Unet + SRB, Unet + W-Dice and Unet + SRB + W-Dice are shown in
Figures 8 and 9 from left to right, respectively. (a), (b), (c), (d), (e), and (f), respectively,
represent Raw-Images, GroundTruth, Unet, Unet + SRB, Unet + W-Dice and Unet + SRB
+ W-Dice.
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Figure 8. Ablation study on Datasetl. (a—f), respectively, represent Raw-Images, GroundTruth, Unet,
Unet + SRB, Unet + W-Dice and Unet + SRB + W-Dice.
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Figure 9. Ablation study on Dataset2. (a—f), respectively, represent Raw-Images, GroundTruth, Unet,
Unet + SRB, Unet + W-Dice and Unet + SRB + W-Dice.

It is easy to see the results of the ablation experiment on Dataset 1 and Dataset 2.
The introduction of the SRB module significantly improves the extraction effect of rivers
compared to Unet. However, when only the W-Dice module is introduced, the water bodies
at the end of the river branches cannot be extracted well. After introducing both the SRB
module and the W-Dice mechanism, not only are the extracted river edges smoother, but
the water bodies at the center of the river can also be identified well.

3.3. Contrast Experiment

To confirm that the model’s performance had indeed improved when compared to
other models, we trained SE-ResUnet and HRnet, Deeplabv3+, PSPnet, and the original
Unet model [42] on two datasets and compared the results, as shown in Tables 6 and 7.
The SE-ResUnet obtained the best evaluation metrics, indicating that it is more effective in
water body extraction.

Table 6. Evaluation metrics from model performance comparison on Dataset1.

Dataset1 mloU Accuracy F1-Score
HRnet 94.06 98.30 97.58
Deeplabv3+ 94.05 98.30 97.58
Unet 94.44 98.41 97.82
PSPnet 93.39 98.10 97.30
SE-ResUnet 94.82 98.53 97.90

Table 5 displays the evaluation metrics of various models on Dataset 1 following
1000 training rounds. With a maximum mloU of 94.82%, SE-ResUnet outperformed the
original Unet semantic segmentation model by about 0.4%. Furthermore, SE-ResUnet’s
OA value of 98.53% was greater than the PSPNet model’s OA value of 98.10%. At 97.9%,
SE-ResUnet outperformed the Deeplabv3+ and HRNet models on the Fl-score. These
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findings demonstrate the effectiveness of the Unet improvement performed in this study,
as well as the superior extraction effect on this water body dataset when compared to other
semantic segmentation methods.

Figure 10 displays the outcomes of the model performance evaluation on Datasetl,
including GroundTruth, Deeplabv3+, HRNet, PSPNet, and SE-ResUnet. (a), (b), (c), (d), (e),
and (f), respectively, represent Raw-Images, GroundTruth, Deeplabv3+, HRNet, PSPNet,

and SE-ResUnet.
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Figure 10. Contrast experiment on Datasetl. (a—f), respectively, represent Raw-Images, GroundTruth,
Deeplabv3+, HRNet, PSPNet, and SE-ResUnet.

We can see from the comparative experiments on Dataset] that compared with Ground
Truth, Deeplabv3+, HRNet, and PSPNet, SE-ResUnet cannot extract the river center water
body completely, and there is a different degree of missing extraction and over-extraction
of the water body at the edge of the image. However, SE-ResUnet can extract the river
edge more smoothly and the river center water body can be well recognized because it
introduces the SRB module and W-Dice mechanism simultaneously, and the attention
mechanism can pay more attention to the water body information between channels, as
shown in Figure 9.

Table 7. Evaluation metrics from model performance comparison on Dataset2.

Dataset2 mloU Accuracy F1-Score
HRnet 97.05 98.51 98.52
Deeplabv3+ 96.64 98.30 98.31
Unet 96.67 98.31 98.31
PSPnet 94.94 97.42 97.44
SE-ResUnet 97.30 98.57 98.56

It was previously stated in the dataset description section that Dataset2 has a larger
data volume than Datasetl. The training effect on Dataset2 is superior to that on Dataset1
from a variety of data indicator perspectives, and the three evaluation metrics (i.e., mloU,
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OA, and F1-score) have increased numerically. To be more precise, SE-ResUnet scored
97.3%, 98.57%, and 98.56% for each of the mIoU, OA, and Fl-score metrics. The mloU,
OA, and Fl1-score of the modified Unet increased by 0.63%, 0.26%, and 0.25%, respectively,
compared to the original Unet. They grew by 2.36%, 1.15%, and 1.12%, respectively,
compared to PSPNet; 0.25%, 0.06%, and 0.04% compared to HRNet; and 0.66%, 0.27%, and
0.25% compared to Deeplabv3+. It follows that the Unet network with the SRB module
performs better in extracting the water body’s semantic information, and the weighted
Dice loss function speeds up the entire training process to the point of convergence.

The results of the model performance comparison on Dataset2, including GroundTruth,
Deeplabv3+, HRNet, PSPNet, and SE-ResUnet are shown in Figure 11 in left to right order.
(a), (b), (c), (d), (), and (f), respectively, represent Raw-Images, GroundTruth, Deeplabv3+,
HRNet, PSPNet, and SE-ResUnet.

(@) (b) (0) (d) (e) ()

Figure 11. Contrast experiment on Dataset2. (a—f), respectively, represent Raw-Images, GroundTruth,
Deeplabv3+, HRNet, PSPNet, and SE-ResUnet.

From the comparative experiments on Dataset2, we can see that compared with
Ground Truth, PSPNet cannot extract the edge protruding type water body completely, and
Deeplabv3+ and HRnet have a different degree of missing extraction and over-extraction
of the water body at the edge of the image, and the main trunk of the extracted water body
is also rough, as shown in Figure 11. However, SE-ResUnet can extract the river edge more
smoothly and the river center water body can be well recognized because it introduces the
SRB module and W-Dice mechanism simultaneously, and the weighted Dice loss function
can pay more attention to the important water body information between channels. The
river edge extracted is more smooth, and the water body at the edge protrusion and the
river center can be well extracted.

Table 8 illustrates that after training, SE-ResUnet has the largest number of parameters,
the largest weight file (177.5 MB), and the fastest inference speed (252.31 GFLOPS).
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Table 8. Parameters and calculation speed of models involved in performance comparison.

Param (MB) GFLOPS (G)
HRNet 37.5 80.18
Deeplabv3+ 22.4 52.87
Unet 167.9 200.57
PSPNet 25.5 55.6
SE-ResUnet 177.5 252.31

4. Discussion

This paper proposes the SE-ResUnet method for water extraction from satellite images.
This method uses Unet’s skipping structure for multi-scale feature extraction and compen-
sation, the SE attention mechanism with residual structure for down-sampling, and the
W-Dice loss function for loss calculation during training [35]. We conducted numerous per-
formance comparison experiments and ablation studies on two datasets. The experiments
demonstrated that, while adjusting the imbalance between water bodies and background
distribution in some sample data, we can effectively acquire the semantic information of
the river center and marginal water bodies in high-resolution remote sensing images.

The performance of SE-ResUnet was evaluated by comparing it with other semantic
segmentation networks, such as Unet, PSPNet, HRNet, and Deeplabv3+. The evaluation
was conducted using a self-built dataset and a publicly available remote sensing interpre-
tation water body dataset. The comparison results demonstrated that SE-ResUnet shows
superior water body extraction performance. The mloU, OA, and F1-score of SE-ResUnet
are improved by 0.38%, 0.12%, and 0.08%, respectively, on the generated dataset, while
that on the public remote sensing dataset showed enhancements of 0.63%, 0.26%, and
0.25%, respectively, when compared with the original Unet. Based on the results dis-
played in Figures 10 and 11, SE-ResUnet was able to effectively extract target water bodies
from those images containing spectral noise and other shadow interference, while fully
extracting water bodies that are challenging to identify at the river’s edge and center. The
edge and ground truth also matched very well. The ablation study results, depicted in
Figures 8 and 9, indicate a significant imbalance in the distribution of positive and neg-
ative samples between the water body and background in narrow rivers. Additionally,
the SE-ResUnet model performs effectively on these specific test sets. The smoothness of
the extracted water body’s edge indicates that the SE channel attention mechanism with
residual structure is more effective in capturing the relationship between different chan-
nels, especially the information at the image edge. However, solely using the W-Dice loss
function is not enough to adequately supervise and focus on the features across channels.
The comparison results and ablation study findings on the two datasets suggest that the
weighted loss function can enhance the model’s generalization, and help the SE-ResUnet
model perform end-to-end water body extraction from multi-resolution remote sensing
satellite images.

Our ablation experiment verified the feasibility of combining an attention mechanism
and weighted loss function to optimize water extraction tasks, and achieved good exper-
imental results on the two datasets used in the paper experiment. In the future, we will
consider conducting experiments on more remote sensing image datasets and tasks to
expand the application scope of this optimization strategy.

At the same time, it should be noted that there is still room for further experimentation
with the Resnet backbone network selected by our proposed model. Additionally, the
number and types of datasets are still limited, and there are not enough ways to enhance
the data. This may result in poor generalization of our model on other datasets. However,
based on our experimental results, our optimization strategy has shown good performance.
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Despite achieving a good segmentation performance on Datasetl and Dataset2, our
suggested SE-ResUnet method still has significant limitations that will direct our future
studies. First, there are a lot of parameters in the Unet model that are introduced into
the SE attention mechanism, which means that training and deployment will be very
expensive. We intend to use model pruning and distillation approaches to lower the
model’s complexity and processing requirements in order to increase efficiency in our
follow-up research. The paper by Pandey et al. [43] includes a list of other performance
metrics that we will attempt to use in other models to describe model performance and
training effectiveness. Second, the left single CNN structure is not sensitive enough to fine
features, especially when dealing with water body boundaries. The main reason is that
this mode is an encoder-decoder network, which might result in less smooth water body
boundary lines. Finally, a parameter is introduced to achieve a balance between the cross-
entropy loss and Dice loss when computing the objective function using the W-Dice loss
function. However, it is important to note that this parameter is not trained automatically.
Due to the expense of training time, the experiment achieves its nearly optimal water
extraction effect at a value of 0.5 after multiple manual adjustments. Subsequently, we can
attempt to fine-tune it to the hyper-parameter of the network, and through the utilization
of the training data, it will autonomously learn to reach a parameter threshold that is
nearly optimal. Ozdemir et al. [44] used the automatic mask generator method of SAM
to segment images and zero shot classification of fragments using CLIP. The proposed
method accurately depicts water bodies under complex environmental conditions. In the
future, combining SAM with massive remote sensing image data to complete segmentation
and extraction tasks will be a research direction.

5. Conclusions

This paper proposes a new network structure, SE-ResUnet, which is used to extract
small water bodies in the Yellow River Basin. Our experiments show that it has good
generalization ability for water extraction tasks in large areas such as rivers, lakes, and
reservoirs. We have derived the following conclusions:

(1)  The distinguishing characteristic of SE-ResUnet is the incorporation of the SE attention
mechanism with the residual structure during the down-sampling process. This
allows for the learning of the Unet’s jumping structure, which facilitates multi-scale
feature extraction and compensation.

(2) SE-ResUnet enhances the ability to extract features from small water bodies in the
Yellow River Basin, including large areas of water, such as rivers, lakes, and reservoirs.
The W-Dice loss function was included in the training procedure.

(3) Ona generated dataset and a public remote sensing interpretation water body dataset,
SE-ResUnet was compared with semantic segmentation networks, including Unet,
PSPNet, HRNet, and Deeplabv3+. The comparison results demonstrated that the
SE-ResUnet shows superior water body extraction performance and generalization.

(4) SE-ResUnet’s inference time cost is similar to the conventional Unet, demonstrating
the high accuracy and high efficiency of our method. This suggests that the utilization
of the channel attention mechanism in conjunction with the weighted Dice loss
function is highly effective in enhancing the algorithm.
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