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Optimized water resource allocation is critical for promoting sustainable regional development. However, the
intensification of climate change impacts has increased the variability of water availability, thereby com-
pounding uncertainty and complexity in water allocation decision-making. Meanwhile, mismatches in the spatial

Keywords: ) distribution of water supply and demand have also become an essential constraint to effectiveness and fairness of
Water resource allocation water allocation. Prior studies show weak correspondence between modeling frameworks to real world condi-
Uncertainties . . —_ . . P . .

: - tions and insufficiently describe regional balance, as well as the dynamic interaction between water inflow and
Spatial equilibrium . . ) N .
Robustness demand under varying hydrological regimes. To address these challenges, this study develops a multi-objective

water resource allocation model guided by spatial equilibrium principles, ensuring not only fair inter-regional
allocation but also balanced co-development among water, socio-economic, and ecological subsystems.
Regional balance is quantified with the Gini coefficient. Subsystem co-development is enforced via the coupling
coordination degree. To address uncertainty, a nested multi-scenario robust optimization framework is proposed.
It applies copula function to generate realistic encounter scenarios and applies a multi-objective probabilistic
robustness evaluation to test solution stability and adaptability across scenarios. Applied to the upper and middle
reaches of the Huaihe River Basin (HRB), the approach reduces the water-deficit rate by 45.42 % under extreme
dry scenarios, lifts the coordination index to > 0.75, and increases reliability by 45.3 % compared with a
traditional robust optimization baseline, demonstrating effectively optimize complex water resource systems
while keeping both fairness and stability. This research offers a theoretical and practical framework for opti-
mizing water resource allocation in complex and uncertain environments, contributing to the advancement of
resilient and equitable water governance.

Copula Function
Wet and dry encounters

same time, the intensification of global climate change, especially the
faster-than-expected rise in temperature, further disrupts the spatial and
temporal patterns of precipitation and significantly increases the risk of

1. Introduction

Water resources are a fundamental natural element for the survival

and development of human society. Its importance has become
increasingly prominent amid continuous population growth and eco-
nomic expansion (Li et al., 2023; O’Connell, 2017; Zhu et al., 2022). The
demand for water resources is rising, and the conflict between supply
and demand is becoming increasingly acute (Naderi et al., 2021). At the
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water scarcity, and these trends not only exacerbate the pressure on the
resource but also increase the systematic uncertainty facing water re-
sources management (Meraj and Hashimoto, 2025). Under such uncer-
tainty, proposing a water resources allocation model that is close to
reality and takes into account equity, efficiency, and spatial balance has
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Fig. 1. Flowchart of the RMOMC algorithm.

become an important research frontier in global water resources
management.

The theoretical study of optimal allocation of water resources, as a
core issue of basin water resources management, began with the opti-
mization model of reservoir scheduling proposed by Masse in 1946 (Lu
et al., 2013). Since then, classical optimization methods represented by
dynamic programming (Davidsen et al., 2015; Unami et al., 2019) and
linear programming (Gorelick and Zheng, 2015) have been gradually
formed, which provided a solid quantitative foundation for early water
resource allocation.

In the mid-to-late 20th century, the introduction of system theory
and large-scale system decomposition and coordination methods pro-
moted the rapid development of multilevel and multi-objective water
resources system modeling at regional and basin scales. Typical
methods, such as goal-based planning (Li et al., 2018); analytic hierar-
chy process (Sun et al., 2016; Wang et al., 2022), and dynamic stepwise
planning (Valis et al., 2020), are widely used in complex scenarios such
as multi-reservoir joint scheduling and integrated regional allocation.

With the improvement of information technology and computing
power, water resources optimization models have gradually integrated
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simulation and optimization tools to form complex system models that
support large-scale data processing and multi-scenario prediction, and
the optimization objectives have expanded from single water quantity
control to multi-objective synergism of water quantity-water quality,
resources-economy, etc. (Cai et al., 2003; Candido Laise et al., 2022; Liu
et al., 2021). Khabat Khosravi emphasized that water quality modeling
in riverine systems is crucial for effective water resource management
and pollution mitigation planning (Khosravi et al., 2025). The water
quantity-water quality joint allocation model constructed by Afzal
(Afzal et al., 1992) and the coupling model proposed by Dai et al (Dai
and Labadie, 2001) are typical paths of resource-environment-economy
synergistic optimization. Zepeng Zhang proposed a multi-objective
agricultural water-resources production model that accounts for both
economic and ecological benefits from the dual perspectives of gov-
ernment and farmers (Zhang et al., 2025). Pen Qi proposed a water
allocation management model considering crop water demand process
from the perspective of water-carbon-economy nexus (Qi et al., 2025).

In recent years, the introduction of intelligent algorithms such as
genetic algorithms (Dai and Labadie, 2001; Chakraei et al., 2021; Kumar
and Yadav, 2022), co-evolution (Pan et al., 2023; Zhang et al., 2024),
and neural networks (Qu et al., 2024; Wu et al., 2023) has effectively
improved the solution efficiency and model adaptability. Nevertheless,
climate change and human activities have introduced increasingly
complex uncertainty into key hydrological variables such as streamflow
and water level (Wang et al., 2019). To mitigate the impacts on water
resources management, some researchers employ machine learning
approaches to forecast the variables (Kaya, 2025; Ji et al., 2025; Kaya,
2025), thereby reducing uncertainty induced disturbances. High-
precision satellite observations have also been utilized to improve esti-
mation accuracy; for example, Kaya employed ICESat-2 ATL13 data to
assess the drying rate of inland water bodies (Kiiciikoglu and Kaya,
2026). In parallel, mathematical programming techniques-including
fuzzy programming (Zhang et al., 2022), interval optimization (Li
et al., 2022), and robust optimization (Shuai et al., 2022; Yuan et al.,
2023) have been widely applied to enhance the robustness and imple-
ment ability of the scheme under uncertainty. Furthermore, game theory
and Pareto-based decision frameworks have provided theoretical foun-
dations for coordinating multi-actor interests in cross-regional, cross-
sectoral, and even transboundary water-sharing problems (Madani,
2010).

Despite the deepening of the above research, the current water
allocation is still insufficient to cope with complex uncertainty condi-
tions and achieve system resilience and allocation robustness, especially
in climate change, where traditional models can hardly effectively
capture the dynamic evolution of the system. At the same time, there are
still obvious shortcomings in technology, data, and management ca-
pacity in different regions. There is an urgent need to build a system of
water resources optimization methods that consider multiple sources of
uncertainty and regional spatial equilibrium to achieve a more efficient,
fairer, and sustainable path of resource allocation.

Based on existing literature, this study addresses two critical gaps:
the insufficient consideration of interregional equity and the inadequate
treatment of uncertainty in conventional allocation models. To address
the limitations, a spatial equilibrium oriented allocation model is
developed that remains reliable under changing climate conditions. The
model evaluates the coordinated advancement of water resources, eco-
nomic activity, and ecosystems through the Coupling Coordination De-
gree, while regional balance is quantified using the Gini coefficient. To
characterize uncertain inflows, numerous combinations of wet and dry
conditions are generated using the Copula Function-based approach (a
standard statistical method for modeling joint distributions and co-
occurrence probabilities) and the robustness is assessed through a
probabilistic performance evaluation across scenarios. This framework
enables the identification of allocation schemes that are both spatially
equitable and consistently robust under uncertainty.
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Fig. 2. Study area information (Fig. 2(a): Geographic information for the study area; Fig. 2(b): Schematic concept map of water allocation system; Fig. 2(c): Pro-

portion of Water demand by water use units and Inflow volume in river basin).
2. Method
2.1. Robust multi-objective optimization with multi-scenario coupling

The Robust multi-objective optimization with multi-scenario
coupling (RMOMC) algorithm is designed to systematically integrate

multiple sources of uncertainty to improve the robustness of water re-
sources management decisions. The method introduces the Copula
function to characterize the dependency structure among uncertainty
factors and generate diverse joint inflow scenarios to provide the
probabilistic basis required for robustness evaluation. Building upon
these scenarios, the RMOMC framework identifies solutions that satisfy
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Table 1
Scenario probabilities of wet-dry encounters when the main stream is wet (All data are percentages).
Probability of wet-dry encounters MW
C-WSW C-WSP C-WSD
C-W Cc-w C-w C-W C-W c-w C-wW C-wW C-w
NW NP ND NW NP ND NW NP ND
W-B W-B 2.55 % 0.93 % 0.20 % 1.28 % 0.40 % 0.00 % 0.53 % 0.20 % 0.00 %
SW NwW
W-B 0.33 % 0.80 % 0.60 % 0.20 % 0.33 % 0.28 % 0.00 % 0.20 % 0.00 %
NP
W-B 0.00 % 0.28 % 1.68 % 0.00 % 0.00 % 0.53 % 0.00 % 0.08 % 0.00 %
ND
W-B W-B 0.28 % 0.13% 0.00 % 0.53 % 0.20 % 0.08 % 0.80 % 0.28 % 0.00 %
SP NwW
W-B 0.00 % 0.00 % 0.00 % 0.00 % 2.45 % 0.20 % 0.00 % 0.28 % 0.00 %
NP
W-B 0.00 % 0.00 % 0.60 % 0.00 % 0.00 % 0.60 % 0.00 % 0.08 % 0.48 %
ND
W-B W-B 0.00 % 0.00 % 0.00 % 0.20 % 0.00 % 0.00 % 1.60 % 0.48 % 0.00 %
SD NW
W-B 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % 0.33 % 0.60 % 0.40 %
NP
W-B 0.00 % 0.00 % 0.28 % 0.00 % 0.00 % 0.53 % 0.00 % 0.28 % 2.03 %
ND
Table 2
Scenario probabilities of wet-dry encounters when the main stream is medium (All data are percentages).
Probability of wet-dry encounters MP
C-WsSw C-WSp C-WSD
C-W C-W Cc-w C-w C-W c-w C-wW C-wW Cc-w
NW NP ND NW NP ND NW NP ND
W-B W-B 4.20 % 1.40 % 0.00 % 2.00 % 0.40 % 0.00 % 0.40 % 0.00 % 0.00 %
SW NwW
W-B 0.80 % 1.10 % 0.60 % 0.40 % 0.35 % 0.00 % 0.00 % 0.00 % 0.00 %
NP
W-B 0.00 % 0.60 % 2.60 % 0.00 % 0.00 % 0.60 % 0.00 % 0.00 % 0.00 %
ND
W-B W-B 0.60 % 0.00 % 0.00 % 1.20 % 0.40 % 0.00 % 1.00 % 0.00 % 0.00 %
SP NwW
W-B 0.00 % 0.40 % 0.40 % 0.00 % 7.85 % 0.00 % 0.00 % 0.40 % 0.00 %
NP
W-B 0.00 % 0.00 % 2.00 % 0.00 % 0.00 % 1.40 % 0.00 % 0.00 % 0.60 %
ND
W-B W-B 0.00 % 0.00 % 0.00 % 0.60 % 0.00 % 0.00 % 4.00 % 0.80 % 0.00 %
SD NW
W-B 0.00 % 0.00 % 0.00 % 0.00 % 0.40 % 0.00 % 1.00 % 1.60 % 0.60 %
NP
W-B 0.00 % 0.00 % 1.00 % 0.00 % 0.20 % 2.00 % 0.00 % 1.20 % 4.90 %
ND
predefined robustness criteria by explicitly matching scenario responses
with robustness metrics. RC1(s) = / f(s,u)p(u)du 1)

The method emphasizes the coupling relationship between decision
variables and key uncertainties. It uses Monte Carlo sampling to
generate uncertainty samples and assess the robustness of multi-
objective optimization solutions under different scenarios. RMOMC al-
gorithm can effectively identify robust solutions under multi-source
uncertainty conditions. Its algorithmic structure consists of six core
modules, and the specific flow is shown in Fig. 1.

2.2. Robustness indicators

The RC1, RC2, RC3, and RC4 are selected as the robustness metrics,
corresponding respectively to the objective function expectation,
maximum and minimum cases, objective function standard deviation,
and probability thresholds (Zhang et al., 2024). The metrics are
computed using the following formulas.

p(uw) represents the probability density function of the random variable
u, u is the neighborhood of the solution s. f(s,u) represents the objective
function. RC1: This metric reflects the expected performance across all
uncertainties, favoring solutions that perform well on average.

RC2(s) = supf(s,u) (2)

RC2: This metric captures worst-case performance, promoting solu-
tions that minimize the maximum possible loss or cost.

RC3(s) = \/ [ 65,0 £15) Pl ®

RC3: This metric penalizes variability, encouraging solutions with
stable performance across uncertain scenarios.

RCA4(s) = Pr(f(s,u)> qls) @
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Table 3
Scenario probabilities of wet-dry encounters when the main stream is dry (All data are percentages).
Probability of wet-dry encounters MD
C-WSW C-WSP C-WSD
C-w C-wW C-W C-w C-wW C-wW C-W C-w C-wW
NwW NP ND NwW NP ND Nw NP ND
W-B W-B 1.70 % 0.33 % 0.00 % 0.48 % 0.00 % 0.00 % 0.13 % 0.00 % 0.00 %
SW NwW
W-B 0.40 % 0.53 % 0.20 % 0.13 % 0.13 % 0.00 % 0.00 % 0.00 % 0.00 %
NP
W-B 0.00 % 0.28 % 1.20 % 0.00 % 0.08 % 0.20 % 0.00 % 0.00 % 0.00 %
ND
W-B W-B 0.53 % 0.20 % 0.00 % 0.68 % 0.13 % 0.00 % 0.33 % 0.00 % 0.00 %
SP NW
W-B 0.20 % 0.40 % 0.20 % 0.20 % 1.28 % 0.13% 0.00 % 0.13 % 0.00 %
NP
W-B 0.00 % 0.20 % 1.08 % 0.00 % 0.20 % 0.68 % 0.00 % 0.08 % 0.28 %
ND
W-B W-B 0.20 % 0.00 % 0.00 % 0.53 % 0.13 % 0.00 % 2.00 % 0.33 % 0.00 %
SD NW
W-B 0.00 % 0.20 % 0.00 % 0.28 % 0.33 % 0.13 % 0.73 % 0.88 % 0.28 %
NP
W-B 0.00 % 0.13 % 0.60 % 0.00 % 0.28 % 1.13 % 0.20 % 0.80 % 3.28 %
ND
Probability of wet and dry encounter scenario when the main stream is wet
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Fig. 3. Scenario probabilities of wet-dry encounters when the main stream is wet.

RC4: This metric represents the probability of exceeding a critical
threshold g, useful for risk-sensitive decision-making.

The four-robustness metrics respectively represent central tendency,
tail severity, overall dispersion, and tail frequency. Together, these
metrics reduce the expected value and dampen variability while also
limiting the probability of extremes and bounding the worst conse-
quences, thereby achieving a balanced assessment of both efficiency and
safety.

The NRCi is defined as the comprehensive performance of a tri-
objective function under the specific robustness metrics. The normal-
ized distance from the point to the ideal point is used as its character-
ization quantity.

NRCis, = NormRCis )
NRCif, = NormRCip, (6)
NRCifg = NormRCif3 (7)

NRCi = \/SRCiflz + SRCis,* + SRCigs* 8

To evaluate composite robustness, an index is defined as the
weighted sum of the four standardized metrics. All indicators are
considered to be equally important, so the arithmetic mean of the four
standardized metrics is used to evaluate composite robustness.

14 .
SRI =%, NRCi C)

2.3. Spatial equilibrium-based model for optimal allocation of water
resources

Conventional water resources allocation model adopts an efficiency-
oriented framework designed by minimizing water deficits, maximizing
aggregate economic benefit, and minimizing pollutant emissions (Tian
et al., 2019; Zhang et al., 2023; Abdulbaki et al., 2017; Li et al., 2009).
While this utilitarian orientation can improve aggregate performance, it
is insensitive to allocation equity, tending to concentrate resources in
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Fig. 5. Scenario probabilities of wet-dry encounters when the main stream is dry.
high benefit regions and to overlook need-based allocation, thereby .
exacerbating interregional imbalance. For example, areas with large PGC=1-) ., (CPQ; + CPQ;_1) ¢ (CPP; + CPP; 1) a0
populations but relatively low economic output may struggle to obtain
. . I
water resources commensurate with their r.1eeds. o AGC=1-— g .1 (CPQ; + CPQ;_1) @ (CPA; + CPA; 1) an
To address these limitations, the spatial equilibrium-based water
resources optimal allocation model focuses on the quantitative and GG =1 Zz (CPQ, + CPQ, ;) » (CPG; + CPGy 1) a2
e - e . =1 . Ve ) .
qualitative coupled spatial equilibrium of water resources to achieve the i=1 -1 ! i1
Pareto optimum of balanced, coordinated, equitable, and sustainable .
minf,(Q) = w1 @ PGC + @, ® AGC + w3 ® GGC 13)

development.

(1) Spatial Equalization Objective

In a setting where economically advanced regions, grain-producing
bases, and densely populated areas coexist, a singular focus on aggre-
gate economic benefit neither secures distributive fairness nor prevents
the under-allocation of water to areas critical for food security and
livelihoods. To address this deficiency, spatial equity is incorporated as
an explicit optimization objective and quantified using the Gini
coefficient-a standard, scale-free measure of interregional inequality.
Specifically, compare each region’s share of allocated water with its
shares of GDP, grain output (or agricultural water demand), and popu-
lation to quantify deviations, and constructs a composite Gini index as
the objective value.

where PGC represents the Gini coefficient between population and water
allocation, AGC represents the Gini coefficient between agricultural
water demand and water allocation, GGC represents the Gini coefficient
between GDP and water allocation. CPQ; represents the cumulative
share of water supply in space i, CPP; represents the cumulative share of
population in space i, CPA; represents the cumulative share of agricul-
tural water demand in space i, and CPG; represents the cumulative share
of gross domestic product (GDP) in space i. w;(i = 1,2, 3) represents the
weighting coefficients of the Gini coefficients for population, agricul-
tural water demand, and GDP, and we consider the three Gini co-
efficients to be equally important, so w1 = w2 = w3 =1/3.



J. Zhang et al.

NSGA-III Pareto Frontier

0.25

4 %x10% NSGA-IIl Pareto Frontier,F1-F3
35 O
3 OO o S
o & FP
(po O o O
25 %p o o
- o)
o) 3 > 2
oNlehye)
2 o O 00q, 5
o © 0% o
15 °® o o D 0o
o ©O O@
O @)
1 £ 8°%
0.1 0.15 0.2 0.25

f1

Journal of Hydrology 665 (2026) 134690

NSGA-IIl Pareto Frontier,F1-F2

6
° o
: b
5 O%OOO
o ®
4 OO e e o) o 1)
le)
° o SPge)
o}
3 o ® 0.0 ooc ©°87%
S0 e PORP
o © o O
21 &g ® 9o
O, o@@
b %
0l . 3 A
0.1 0.15 0.2 0.25
f1
4 %104 NSGA-IIl Pareto Frontier,F2-F3
3.5
3
™m 25
2
1.5
1
0 6

Fig. 6. Classical Robust Optimization Pareto Frontier. The f1 represents the value of Spatial Equalization Objective-Gini Coefficient; the f2 represents the value of
Social Objective-Water Deficit, the f3 represents the value of Sustainable Development Objective-Pollutant Emission(ton).

6x10° 7 Inflow

5%10°

4x10°

3%10° A

2x10°

1x10° A

1 Month
12

Fig. 7. Sample annual inflow volume (10* m®). The horizontal axis represents
months, and the vertical axis represents monthly inflow.

(2) Social objective

While following the principle of spatial equilibrium, the allocation
needs to try to meet the water demand of each sector by targeting the
sum of the water deficit rates of each sector in the study area:

2

14

T D=5 S Qe
minf; (Q) = Z}Ll Z:=1 ak(ZL:I jki DEjpl > i1 Qik )

Qyke = Py T*"AW (15)

where r is the uncertainty variable, r N(1,0.07%); D, denotes the water
demand of water sector k in city j at time t; Q denotes the amount of

Fig. 8. 1200 Pareto frontier sets under 1200 inflow scenarios. The f1 represents
the value of Spatial Equalization Objective-Gini Coefficient; the f2 represents
the value of Social Objective-Water Deficit, the f3 represents the value of Sus-
tainable Development Objective-Pollutant Emission(ton).

Table 4

Optimal solution numbering for different robustness metrics.
No. RC1 RC2 RC3 RC4 SRI
Gini 407 897 831 551
WD 613 613 379 379 613
P 662 662 662 662 622
SRC 1068 1068 116 1081 587

water supplied by water source i to water sector k in city j at time t. a;,
ay,as are the water allocation weights for domestic water use, primary
industry water use and secondary and tertiary industry water resources,
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Fig. 9. Robustness performance of 1201 solutions (1200 robust model solutions, 1 deterministic model solution) in RC1 (blue circle: all solutions; red “*”: integrated
robustness optimal solution; pink “*”: integrated robustness optimal solution of RC1; black “*”: classical robust optimization solution); The f1 represents the per-
formance of the robustness for Gini Coefficient the f2 represents the robustness performance for Water Deficit, the f3 represents the robustness performance for
Pollutant Emission. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

with values of 0.5, 0.2 and 0.3 respectively; AW denotes the total surface
water resources in the study area; Py, is the decision variable of the
model, which represents the percentage of the total surface water re-
sources AW supplied by water source i to water sector k of computa-
tional unit j in time period t.

(3) Sustainable Development Objective

While following the principles of equilibrium and equity, and in
conjunction with the problem of severe water pollution in the study
area, the configuration still needs to take into account typical pollutant
discharges, intending to minimize typical pollutant discharges in the
study area as a whole:

minfs(Q) = ZJ'J:1 Z::l diepoly. Zf:l Zthl Qie 16)

Where dj; denotes the typical pollutant discharge per unit volume of
water in water sector k in calculation unit j (ton/m3); and poljk denotes
the typical pollutant discharge coefficient of water sector k in calcula-
tion unit j.

(4) System Equilibrium Constraints

Harmonization refers to the state of coherence and consistency be-
tween systems and is often used to describe constructive and synergistic
interactions. Current research on spatial equilibrium focuses on the
spatial equilibrium of water resources and ignores the spatial equilib-
rium of the ecological environment. To evaluate the coordinated rela-
tionship between the water resources system, socio-economic system,
and environmental environment system, the degree of coupled coordi-
nation is used as a criterion for the spatial equilibrium of the ecological
environment. The three subsystems are characterized by three repre-
sentative indicators: per capita water resources, per capita GDP, and
pollutant emissions per 10,000 CNY of GDP. The specific calculation

formulas are presented as follows:

K I
_ Zk:l Ei:l Qijk

- i=1 <k 1
Cl.] POpj ( 7)
gdp; @ Sk 1 D011 Qi
Cz,j _ o) skl aa=l R (18)
Pop;
k I
dypol, >~ . Qi
) = 21 Dpol iy Qi 19)

a gdpj 4 Z[k(:l Zgzl Qik

where, Pop; denotes the population of calculation unit j; gdp; denotes the
gross domestic product of calculation unit j; di denotes the typical
pollutant discharge per unit volume of water in water sector k in
calculation unit j (ton/m®); and pol; denotes the typical pollutant
discharge coefficient of water sector k in calculation unit j.

The coupled coordination of the composite system is:

_ 3\/C1J0C2j ®C3j (20)

i C1j+ Caj + C3j
Tj :aCU +ﬂC2J+}’C3J' (21)
Dj: CJQ'I} (22)

D; is the degree of coupled coordinated development, and a, 3, y are the
weights of each system, all of which are 1/3. D; > 0.7 is taken as one of
the constraints to realize the spatial equilibrium of the ecological
environment.

In addition to the above constraints, they also include hydraulic



J. Zhang et al. Journal of Hydrology 665 (2026) 134690
RC2:F1-F2-F3 , F1-F2
1~
0.8 ]
06 1
0.4 0 ca 1
®° o
0.2 o 1
0l ° 1
1 - ]
0.8 .. — 1
06 ~ B = 08 ]
04 T e
02 T~ — 02 04 0 L . . A . . . .
2 0 f1 0 0.1 02 03 0.4 05 06 07 0.8 0.9 1
f
F1-F3 F2-F3
1 : : r : : . : 15 . . ; ; T .
09f . . 09F o o E
08} 1 08} > ]
2 e

07t |
06 |
205 1

P o od 0.4
o8 1 03} .
° 02f 1
1 01t .
| . 0 1 L f o %
0.8 09 1 0 0.1 02 03 0.4 05 06 07 08 0.9 1

2
Fig. 10. Robustness performance of 1201 solutions (1200 robust model solutions, 1 deterministic model solution) in RC2 (blue circle: all solutions; red “*”: inte-

grated robustness optimal solution; pink “*”: integrated robustness optimal solution of RC2; black “*”: classical robust optimization solution); The f1 represents the
performance of the robustness for Gini Coefficient, the f2 represents the robustness performance for Water Deficit, the f3 represents the robustness performance for
Pollutant Emission. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

linkage constraints, water balance constraints, and non-negative vari-
ables constraints (Jia et al., 2006).

3. Study area

The Huaihe River Basin is located in the central-eastern part of
China, spanning 111°55-121°25' E longitude and 30°55'-36°36' N, with
a total watershed area of approximately 190,000 km? (see Fig. 2a).
Among them, the Upper Middle River Region (UMHR, defined as the
area above the Bengbu lock) covers a total of 15 municipalities in Henan
and Anhui provinces. When constructing the schematic concept map of
the study area’s water resources allocation system, the computational
units were delineated by overlaying hydrological and administrative
boundaries, further refined based on existing water supply, conveyance,
and drainage networks. This abstraction facilitates the characterization
of each unit’s socioeconomic attributes and patterns of water resources
development and use, while simplifying the problem structure, clari-
fying supply-demand coupling, and enabling rigorous model formula-
tion and analysis. The generalized structure of the UMHR water
resources system is shown in Fig. 2 b.

Digital elevation model (DEM) data were obtained from the open
access SRTM dataset. Hydrological data, including station locations and
monthly runoff for approximately 60 years (1956-2010), were sourced
from the China Hydrological Yearbook. Socioeconomic data were
extracted from the China Statistical Yearbook, the Henan Statistical
Yearbook, and the Anhui Statistical Yearbook. Information on water
supply routes, drainage networks, and water use units was provided by
the Huaihe River Commission of the Ministry of Water Resources.

4. Results and discussion

4.1. Analysis of the probability of the incoming water wet and dry
encounters in the main stream — interval

Based on the R-Vine Copula model (Copca Maya and Fuentes Mar-
iles, 2025), the abundance encounter probabilities of the main stream
and the interval inflows in the basin were calculated, and the results are
shown in Tables 1,2,3 and Figs. 3,4,5. There are five nodes involved in
the variables, in which: M denotes the main stream, C-W denotes the
interval from the Changtaiguan to Wangjiaba, W-B denotes the interval
from Wangjiaba to Bengbu lock, and S and N represent the south bank
and north bank of each interval, respectively. The incoming water sce-
narios are categorized into three states: wet (W), medium (P) and dry
(D). For example, C-WSD represents the “inflow scenario of the south
bank of the interval from Changtaiguan to Wangjiaba during the dry
period”.

For the Huaihe River Basin, the probability that the main-stream and
interval inflows fall within the same wet year, same normal year, and
same dry year is 2.55 %, 7.85 %, and 3.28 %, respectively. The proba-
bility that the main stream and interval inflows exhibit fully synchro-
nized wet-normal-dry conditions is 13.68 %, whereas the probability of
asynchronous wet-dry encounters reaches 86.32 %. Notably, the like-
lihood of wet-dry asynchrony is 6.3 times greater than the probability of
wet—dry synchrony. Among the three hydrological states, synchroniza-
tion in normal years occurs most frequently, with its probability being
3.07 times that of synchronized wet years and 2.39 times that of syn-
chronized dry years.

Under the condition that the main stream is in a dry year, the
probabilities that the four interval inflows simultaneously fall into wet,
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normal, and dry states are 28.1 %, 33.9 %, and 25.0 %, respectively.
Among these, synchronization in the normal-year state occurs most
frequently. There are 81 scenarios under the conditions of wet, medium
and dry conditions, and the probability of the four inter-area inflows
with the same wet, the same medium, and the same dryness is the largest
under each condition, which indicates that the encounter of the wetness
and dryness of the inter-area inflows in the Huaihe River Basin in the
area above the Bengbu lock is relatively consistent with that of the
wetness and dryness of the dry river. Accordingly, the scenario in which
all five regions of the study area experience a normal water year is
selected as the representative case scenario for further analysis.

4.2. Optimal allocation of water resources based on classical robust
optimization algorithm

In this section, based on the classical robust optimization method
proposed by Deb (Deb et al., 2002), the neighborhood parameter & is set
to be 0.2. The number of stratification H to be 50. A robustly superior
water allocation scheme is obtained, whose three-dimensional Pareto
front is shown in Fig. 6. The results show that the composite Gini co-
efficient of the optimized study area is distributed between 0.09 and
0.17, the sum of sectoral water scarcity rates ranges from 0.4 to 2.0. The
pollutant emissions are between 18,000 and 38,000 tons. This Pareto
frontier provides decision-makers with various trade-off options that
facilitate the selection of specific implementation options based on
different preferences.

For example, if the prioritized water deficit rate is ranked 1 or 2, the
composite Gini coefficients for the corresponding allocation scenarios
are 0.102 and 0.121, respectively, which the decision maker can judge.
However, a single Pareto frontier cannot quantify the robustness of each
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allocation scheme under uncertain inflow conditions, nor can it reveal
how inflow uncertainty propagates through the system.

Therefore, the solution closest to the ideal point in the Pareto frontier
is selected as the classical robust solution and analyzed compared with
the comprehensive robust solution obtained from the RMOMC algorithm
search to assess its stability and adaptability under multi-source uncer-
tainty conditions.

4.3. Optimal allocation of water resources based on the RMOMC
algorithm

The primary runoff in the area above Changtaiguan, the interval
inflow on the north and south bank of the Changwang interval, and the
north and south bank of the Wangbeng area all fall within medium water
years as the study case scenario. The natural annual runoff in the
watershed is used as the uncertainty variable, Monte Carlo sampling is
applied, and the resulting sample distribution is shown in Fig. 7. In the
second part of the step of applying RMOMC, a set of 1200 Pareto fronts is
generated (Fig. 8). In the fourth part of the step, the closest solution to
the ideal point in each Pareto frontier was generated based on the dis-
tance of each solution to the ideal point, yielding a total of 1,200
candidate robust solutions.

4.4. Assessing the robustness of the solution

To evaluate the performance of each solution in the solution set S on
the four robustness metrics, the three objective-function values must
first be computed for every inflow scenario and then evaluate the per-
formance of the three objective functions on the four robustness metrics.
For 1200 incoming samples, each solution needs to compute the
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Table 5
Robustness configuration scheme of spatial equilibrium model for r = 1.

Region Water supply (x10°m®) Water demand(x10°m?) Water deficit
R1 43.07 59.56 27.68 %
R2 56.88 62.18 8.52 %
R3 286.28 336.71 14.98 %
R4 1273.18 1330.66 4.32 %
R5 998.78 1378.06 27.52 %
R6 50.77 61.44 17.36 %
R7 488.47 700.25 30.24 %
R8 873.53 921.62 5.22%
R9 374.47 567.09 33.97 %
R10 1083.82 1361.95 20.42 %
R11 421.60 627.78 32.84 %
R12 1507.02 1507.02 0.00 %
R13 992.52 1297.40 23.50 %
R14 826.21 1285.68 35.73 %
R15 515.83 629.04 18.00 %
Total 9699.05 12126.44 19.24 %

objective function values 1200 times and then compute RC1, RC2, RC3,
RC4, SRC, and SRI, respectively. Then, the corresponding solution
number can be found from the minimum value of each robustness
metric. The objective function values are normalized for the integrated
robustness performance of the solutions under different metrics. Then,
the distance from the normalized point to the ideal point is calculated.
The closest point to the ideal point is selected as the optimal integrated
robustness solution under the robustness metrics. The optimal solution
numbers for the robustness dimension of each objective function are
shown in Table 4.

Figs. 9-12 represents the robustness performance of the three
objective functions under RC1 ~ RC4. Because the robustness value of
the Gini-coefficient objective function is zero under RC4, Fig. 9 only
displays the performance of objective function 2 and objective function
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3 in terms of robustness on RC4. The four figures show the performance
of the 1200 RMOMC algorithm solutions (blue hollow circles), the
RMOMC algorithm globally integrated robustness optimal solutions (red
«“*7), and classical robust optimization algorithm solutions (black “*”) on
the four robustness dimensions, and under each robustness metric, the
configuration scheme with the best-integrated robustness under the
metric is also labeled (pink “*”). Although there are some dominated
solutions in the four plots, it is also possible to form four approximate
Pareto fronts, demonstrating a degree of competitiveness of the three
objective functions on all four robustness dimensions.

From the first graph in Fig. 9, it can be noticed that the leftmost
extreme point is the smallest for RC1 of f1, but the largest for RC1 of f5;
similarly, the rightmost extreme point is the smallest for RC1 of f, but
the largest for RC1 of f;. Similarly, this phenomenon also exists in the
robustness metrics RC2, RC3, and RC4. More importantly, as shown in
Table 4, the solution closest to the ideal point differs in each of the four
robustness dimensions. If the basin management wants a robust water
allocation solution, the decision maker may need to choose from these
four solutions. Specifically, for RC1, the No. 407 solution is optimal in
terms of robustness to the composite Gini coefficient, the No. 613 so-
lution is optimal in terms of robustness to the rate of water scarcity, and
the No. 662 solution is optimal in terms of robustness to the pollutant
discharge. For RC2 and RC3, the schemes with optimal robustness of the
composite Gini coefficient are No.897 and No.831, respectively. For
RC4, the composite Gini coefficient does not exceed 0.2 for any of the
1200 inflow samples, so the value of 0 at RC4 is robust for all the
configuration schemes in this robustness dimension.

Because there are many non-inferior solutions in the Pareto frontier,
the decision maker needs to select from them. The decision maker needs
to select from the non-inferior solutions and measure between different
robustness metrics or select the solutions by combining the robustness.
As shown in the SRC rows in Table 4, the solutions closest to the ideal
point for RC1, RC2, RC3, and RC4 are NO.1068, NO.1068, NO.116, and
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Fig. 13. Robustness performance of 1201 solutions in the composite Gini coefficient (a:RC1, b:RC2, c:RC3).

No.1081, respectively, and the optimal solution in terms of combined
robustness is NO.587.

4.5. Results of the water allocation program

The NSGA-III algorithm (Blank et al., 2019) was applied to solve the
spatial equilibrium-based optimal water resources allocation model, and
the RMOMC algorithm was combined to identify the optimal allocation
scheme with integrated robustness as No. 587, which is shown in Table 5
under the average water inflow (i.e., uncertainty variable r = 1).

Under deterministic condition (r = 1), the overall water deficit rate
in the UMHR is 19.24 %. The specific amount of water shortage is 2.43
billion m®, of which the water deficit in the south bank area of the
Huaihe River is 1.48 billion m?, and that in the north bank area is 0.95
billion m3. The deficit rate is 45.42 % lower than that in the classical
allocation model with an integrated robust solution of 35.23 %, and the
difference in specific allocation schemes will be described in the next
section.

Based on the allocation results, the sectoral water use shares were
analyzed, showing that the domestic sector, agriculture, and the sec-
ondary and tertiary industries account for 23.8 %, 44.2 %, and 32 % of
total water use, respectively. This allocation strategy demonstrates a
relatively balanced water allocation model with no apparent bias toward
any sector. In the spatial equilibrium model allocation, although the
water supply weights of the domestic, secondary, and tertiary sectors are
given higher priority, the spatial equilibrium goal adopted focuses more
on achieving the complete satisfaction of the water needs of all sectors.
Implementing such a water allocation strategy ensures the prioritization
of domestic and industrial water supply. Still, the spatial equilibrium
objective seeks to ensure that the water demand of all sectors is fully

met, which leads to a potential competitive relationship with the water
deficit rate objective in the model design. That is, while the model aims
to support socio-economic development through efficient water alloca-
tion, it also strives to balance agricultural production’s water needs with
ecosystems’ needs.

In this section, based on the Gini coefficient, the coupling degree of
coordination is also used to measure the spatial balance of the ecological
environment to characterize the spatial balance of water resources
quality. As shown in section 2.3, the spatial equilibrium allocation
model of water resources takes the coupling degree of the water
resources-socio-economic-ecological environment system as one of the
constraints. The results show that the coupling degree of the system in
each region is above 0.75, which is in a basic state of coordination. The
spatial equilibrium of water resource quality has been realized.

4.6. Comparing RMOMC algorithm robust solutions with classical robust
optimization robust solutions

To visually compare the robustness of 1200 robust solutions of the
RMOMC algorithm and 1 classical robust optimization algorithm solu-
tion over the three objective functions, the robustness of each solution
over the three objective functions is shown in Fig. 13, Fig. 14, and
Fig. 15, where Rob solution denotes the combined robustness optimal
solution of the RMOMC algorithm and De solution denotes the classical
robust optimization optimal solution.

As shown in Fig. 13, ranking the robustness of the composite Gini
coefficients from smallest to largest, the composite robust solution
outperforms the classical robust solution. Specifically, on the RC1 —RC3
metrics, the robustness of the composite robust solution is better than
92.4 %, 91.1 %, and 57.3 % of the solutions, respectively; however, the
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Fig. 14. Robustness performance of 1201 solutions on water deficit rates (a:RC1, b:RC2, c:RC3, d:RC4).

robustness of the classical robust solution is better than only 44.1 %,
45.5 %, and 33.2 % of the solutions. To analyze the specific performance
of the integrated robust solution and the classical robust solution, the
ratio of RC(De)/RC(Rob) is used in this section to reflect the comparison
of the robustness of the two solutions. The RC(De)/RC(Rob) is 1.205,
1.189, and 1.471 in the four robustness dimensions, respectively, which
implies that, for the rate of water deficits, the classical robust solution in
the four robustness dimensions may result in 20.5 %, 18.9 % and 47.1 %
more variability, highlighting the advantage of the integrated robust
solution in ensuring spatial equilibrium robustness. The threshold in this
case for the Gini coefficient objective was set at 0.2. None of the Gini
coefficients across the 1,200 configuration samples exceeded this
threshold, indicating that all configuration scenarios achieved spatial
equilibrium under all inflow conditions.

Arranging the robustness of water deficit rates from smallest to
largest, as shown in Fig. 14, the robustness of the integrated robust so-
lution is also superior to that of the classical robust solution, but the
difference in robustness between the two is smaller relative to the in-
tegrated Gini coefficient. Specifically, the robustness of the composite
robust solution outperforms 81.1 %, 76.4 %, 93.5 %, and 70.3 % of the
other solutions in the four robustness dimensions, respectively. In
contrast, the robustness of the classical robust solution only outperforms
57.1 %, 55.3 %, 51.8 %, and 56.8 % of the solutions. The RC(De)/
RC(Rob) is 1.101, 1.182, 1.493, and 2.567 in the four robustness di-
mensions, respectively, which implies that, for the rate of water scarcity,
the classical robust solution in the four robustness dimensions may lead
to 10.1 %, 18.2 %, 49.3 %, and 156.7 % more variability, further
emphasizing the advantage of the integrated robust solution in ensuring
the robustness of the water deficit rate.

Ranking the robustness of pollutant emissions from smallest to
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largest, as shown in Fig. 15, the robustness of the integrated robustness
solution is significantly better than the classical robustness solution.
Specifically, the integrated robustness solution outperforms approxi-
mately 59.3 % of the solutions in the four robustness dimensions, while
the classical robustness solution only outperforms approximately 36.5
%. Similarly, the robustness difference between the two solutions by
RC(Rob)/RC(De) is further quantified, and it can be found that for RC1 to
RC3, the value of RC(Rob)/RC(De) is about 1.077, and for RC4 the ratio
is 6.74. This demonstrates that, for the cost of contamination, the inte-
grated robust solution in RC1 to RC3 is about 7 % more robust than the
classical robust solutions by 7.7 % and 574 % in RC4, and this significant
difference emphasizes the importance of integrated robust solutions in
mitigating potential risks.

To analyze the combined performance of each solution on the four
robustness dimensions, this section reflects the combined robustness of
all solutions under a single robustness metric, Pareto Frontier, by the
distance from the non-inferior solution to the origin in that metric. As
shown in Fig. 16, the combined performance of the synthesized robust
solutions is significantly better than the classical robust solutions in RC1
to RC4. Specifically, the combined robustness performance of the inte-
grated robust solution in RC1 and RC4 is better than 92.7 % and 88.8 %
of the solutions, respectively. The combined performance in RC2 and
RC3 is better than basically all the solutions (better than 98.8 % and
99.6 % of the solutions). However, the classical robust solution performs
slightly worse in terms of robustness in all the four robustness di-
mensions, and is better than 86.8 %, 90.9 %, 50.7 %, and 79.5 % of the
solutions. Based on the ratio of Dis(Rob)/Dis(De), it can be found that the
combined robustness of the integrated robust solution is 8.2 %, 9.6 %,
60.1 %, and 26.1 % better than the classical robust solution in the four
robustness dimensions, which shows the combined performance



J. Zhang et al. Journal of Hydrology 665 (2026) 134690
Pollution RC1-RC4
48000 57000
45000 | 54000
51000 +
42000
48000
39000
45000
36000 42000
33000 + 39000
36000
30000 + < ~—
“De solution 33000 | “De solution
27000 <
. =S
““Rob solution 30000 1 Rob solution
24000
27000
21000 24000
|« ————Solution with the minimum RC1 value of Pollution | «———Solution with the minimum RC2 value of Pollution
18000 T T T T T T T T T T T T 1 21000 T T T T T T T T T T T T 1
0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300
a b
2800 1.0 4
2600
2400 0.8
2200 +
0.6
2000
1800
"~ ™De solution Uit
1600 ~.
e \De solution
“Rob solution
1400 024
1200 Rob solution
\
: ; . . \
1000 ~«—Solution with the minimum RC3 value of Pollution - AL/ ot ot it s it B vailue ot Botiution

T T T T T T T T T T T T 1
0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300
Cc

T T T T T T T T T T T T 1
0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300
d

Fig. 15. Robustness performance of 1201 solutions on pollutant emissions (a:RC1, b:RC2, c:RC3, d:RC4).

superiority of the integrated robust solution in each robustness metric.

Similarly, the combined robustness of the integrated and classical
robust solutions was compared across three objectives and overall per-
formance. Fig. 17 shows that the integrated robust solution performs
more robustly in the Gini coefficient, water scarcity rate, and pollutant
emissions. Specifically, for the integrated Gini coefficient, the robustness
of the integrated robust solution is better than 67.7 % of the solutions,
while the robustness of the classical robust solution is better than 20.2 %
of the solutions; for the water scarcity rate, the robustness of the inte-
grated robust solution is better than 80.1 % of the solutions, while the
robustness of the classical robust solution is better than 55.3 % of the
solutions. For the pollutant emissions, the robustness of the integrated
robust solution is better than 51.1 % of the solutions. In comparison, the
robustness of the classical robust solution is better than 51.1 % of the
solutions. Solutions, while the robustness of the classical robust solution
is only better than 36.5 % of the solutions. Based on the ratio of
SRI(Rob)/SRI(De), the classical robust solution is 40.2 % more uncertain
than the integrated robust solution in terms of the integrated Gini co-
efficient, 54.5 % more uncertain than the integrated robust solution in
terms of water scarcity, and 36.6 % more uncertain than the integrated
robust solution in terms of pollutant emissions. In terms of global
composite robustness, the ratio of Dis(Rob)/Dis(De) is 0.688, which
means that the composite robustness of the integrated robust solution is
45.3 % higher than that of the classical robust solution.

4.7. Analysis of specific scenarios for water allocation based on spatial
equilibrium

This section compares the configuration scheme of the integrated
robust solution of the spatial equilibrium model and the configuration
scheme of the classical robust solution of the spatial equilibrium model;
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as shown in Fig. 18, the two configurations supply close to the same
amount of water, and the configuration scheme of the integrated robust
solution mainly improves the supply of water to the cities with larger
water demand, such as R12, R10, and R4.

Specifically for the water supply sector, the differences between the
two allocation scenarios are mainly between the water supply for the
primary sector and the water supply for the secondary and tertiary
sectors since the water supply for residential use needs to be secured.
Fig. 18(b) reveals the change in the share of water supply in the agri-
cultural sector, where positive values reflect an increase in the share of
water supply in the primary sector for the integrated robust solution
relative to the classical robust solution, while negative values indicate a
relative decrease. Fig. 18(b) shows that 13 out of the 15 water use units
show a decrease in agricultural water supply, with particularly signifi-
cant performance in R12, R5, and R8. The reason for this change is that,
on the one hand, reducing water supply to agriculture and increasing
water supply to secondary and tertiary sectors can improve spatial
balance and effectively reduce pollutant discharge, thus enhancing
robustness in both objectives; on the other hand, given the highest
allocation weight of water for domestic use and the high efficiency of
water use in secondary and tertiary sectors, additional allocation of
water resources to these sectors can effectively reduce the rate of water
scarcity and increase the efficiency of water supply, thus improving the
overall robustness of the system. The overall improvement in the
robustness of the system will be achieved.

In the UMHR region, water supply for domestic use and the sec-
ondary and tertiary sectors is a key factor influencing the spatial equi-
librium robustness of water allocation while respecting the individual
needs of each geospatial and water-using sector. By prioritizing the
supply of water for domestic use as well as for secondary and tertiary
industries, not only can the spatial equilibrium robustness of water
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Fig. 16. 1201 solutions on the combined robustness performance of the four robustness metrics (a:RC1, b:RC2, c:RC3, d:RC4).

allocation be improved, but it can also help to reduce the rate of water
scarcity and pollutant discharge, thus achieving a better robustness
performance in the three objective functions. This finding provides an
essential theoretical basis and practical guidance for water resources
management and policy-making in the Huaihe River Basin and other
regions and emphasizes the need to comprehensively consider the de-
mands of different water-using sectors and their impacts on the overall
water resources management objectives in formulating water resources
allocation strategies.

4.8. Comparison of spatial equilibrium model robust solutions and
traditional model robust solutions

As shown in Table 6, the performance of the spatial equilibrium
model integrated robust solution with the traditional model integrated
robust solution in terms of spatial equilibrium is analyzed, especially in
the two key indexes of the Gini coefficient and the water deficit rate. The
results show that the spatial equilibrium model composite robust solu-
tion significantly outperforms the traditional model robust solution in
improving the spatial equity of water allocation and reducing the risk of
water deficit. Specifically, the average value of the Gini coefficient of the
traditional model integrated robust solution is 0.25. In contrast, the
average value of the Gini coefficient of the spatial equilibrium model
integrated robust solution is only 0.0998, which clearly shows that the
spatial equilibrium model integrated robust solution has a significant
advantage in improving the spatial equilibrium of water resources
allocation. In addition, analyzing from the perspective of water deficit
rate, the average value of water deficit rate of the spatial equilibrium
model integrated robust solution is 0.8, compared with the average
value of water deficit rate of the traditional model integrated robust

solution of 1.31, which further confirms the superiority of the spatial
equilibrium model integrated robust solution in terms of the robustness
of water deficit rate.

However, when the objective of pollutant emissions is taken into
account, the spatial equilibrium model composite robust solution does
not perform as robustly as the traditional model composite robust so-
lution. This difference may be closely related to the objective function
setting and water allocation scheme adopted by the two models. The
spatial equilibrium model is designed to pay more attention to the
fairness of water allocation and the minimization of water scarcity risk,
which may be sacrificed to some extent to the concern of pollutant
emission control.

Therefore, water resources management strategies in the HRB and
other regions should take into account multiple factors, including spatial
balance, water scarcity rate, and environmental impacts. Decision
makers should also pay attention to controlling pollutant emissions
while pursuing spatial equilibrium and the robustness of the water
scarcity rate to realize the comprehensive sustainability of water re-
sources management. Comparison of the two model solutions demon-
strates that the spatial equilibrium model not only enhances the equity
of water allocation and reduces the risk of water deficit but also high-
lights the need to balance environmental and socio-economic factors to
achieve sustainable water management objectives.

Although the traditional model emphasizes social harmony, stability,
and environment protection, its tendency to prioritize domestic and
secondary and tertiary sectors in water supply may result in insufficient
allocation to agriculture sector due to the higher allocation benefit and
lower discharge characteristics of these sectors. This bias contrasts with
the “spatial equilibrium” definition proposed here: “respecting the in-
dividual development needs of each region and ensuring the equity and
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Table 6
Comparison of robustness of spatial equilibrium model robust solutions and traditional model robust solutions.
Configuration options objective function RC1 RC2 RC3 RC4
Comprehensive robust solutions for spatial equilibrium models Gini coefficient 0.098 0.101 1.995E-04 0.00 %
Total water deficit 0.80 1.55 0.05 13.67 %
Pollution emissions 27626.98 32759.43 1598.89 40.67 %
Traditional model robust solution Gini coefficient 0.251 0.277 1.71E-03 100.00 %
Total water deficit 1.31 1.90 0.17 88.00 %
Pollution emissions 25318.92 29922.58 1465.31 0.00 %
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Fig. 19. Comparison of spatial equilibrium model robust solution and traditional model robust solution allocation schemes. The horizontal axis represents region
codes. The vertical axis in Fig. 19(a) indicates the proportion of allocated water volume for each region. The vertical axis in Fig. 19(b) indicates the difference
between the agricultural water supply proportion from the comprehensive robust allocation scheme of the spatial equilibrium model and that from the traditional

model’s comprehensive robust allocation scheme.

coordination of water allocation”. This limitation of the traditional
model ignores the importance of food production and violates the
principle of spatially balanced allocation that integrates population,
agricultural water demand, and GDP.

Comparing the water supply shares of the two water allocation sce-
narios, as shown in Fig. 19(a), the spatial equilibrium model integrated
robustness scenario increases the water supply to the upstream R4 and
R5, R10, R12, R13, and R14. Among them, the water supply shares of
R12 and R10 are especially increased because the water demands of
R12, R5, and R10 are the three cities with the highest water demand,
which can be 12.43 %, 11.36 %, and 11.23 %, and the increase of water
supply to these three cities can be a good solution. The water demand of
R12 can be up to 12.43 %, R5 can be up to 11.36 %, and R10 can be up to
11.23 %, so increasing the water supply to these three cities can improve
the spatial balance.

Specifically for the water use sector, the spatial equilibrium model’s
agricultural water use increases substantially while the domestic water
use remains stable for both models’ robustness scenarios. As shown in
Fig. 19(b), similar to the previous section, positive values indicate that
the spatial equilibrium model integrated robustness allocation solution
accounts for a larger share of agricultural water supply than the tradi-
tional model integrated robustness allocation solution, and negative
values indicate that agricultural water supply accounts for a smaller
share. It is evident from Fig. 19 that the spatial equilibrium model robust
solution significantly increases agrarian water supply, with 11 out of 15
regions getting a significant increase in agricultural water supply. This
shows that compared with the traditional model, the spatial equilibrium
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model can better consider the various water-using sectors without fa-
voring the sectors with high unilateral water efficiency to achieve the
balanced development of different regions and sectors.

The findings highlight the importance of achieving spatial equilib-
rium in water resources management while pointing out the contribu-
tion of multidimensional factors, including respecting the water demand
of various sectors, enhancing agricultural water availability, and ac-
counting for water source availability and spatial heterogeneity, to
achieving a balanced, coordinated, and sustainable allocation of water
resources in the region. These findings have important theoretical and
practical implications for developing more scientific, equitable, and
sustainable water resources management strategies.

5. Conclusion

Addressing the current water resources allocation research domi-
nated by deterministic models and focused on economic development,
this study develops a spatial equity-oriented optimization framework
that jointly accounts for socioeconomic and ecological objectives, aligns
allocation with regional needs, and reduces interregional disparities. In
view of the heightened uncertainty in hydrologic variables driven by
climate change and human activities, this study further introduces a new
robust optimization approach that assesses allocation robustness across
multiple dimensions and scenarios.

At methodological level, this study proposes a composite Gini coef-
ficient for water resources alongside GDP, population, and agricultural
water demand as one of the objective functions to measure the spatial
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equilibrium of water resource allocation. The R-Vine Copula function is
employed to analyze the wet-dry encounter patterns between the
mainstem and tributary inflows within the basin. The RMOMC algo-
rithm is proposed to explicitly demonstrate the propagation patterns of
uncertainty factors, enabling multidimensional assessment of allocation
scheme robustness and identification of the optimal solution with the
highest comprehensive robustness.

At the application level, this study focuses on the middle and upper
reaches of the Huai River basin. Research indicates that the scenario
where the main stream and four tributary sections exhibit identical wet
and dry conditions has the highest probability, with respective proba-
bilities of 2.55 %, 7.85 %, and 3.28 % for wet, normal, and dry years.
The proposed spatially balanced allocation scheme achieves a compre-
hensive Gini coefficient below 0.2, indicating spatial equilibrium. The
water scarcity rate is 19.24 %, representing a 45.42 % reduction
compared with the classical water resource allocation scheme.
Compared with the classical robust optimization algorithm, the
robustness of the allocation scheme improves by 45.3 %.

This research still has some limitations. In the field of reservoir
cluster optimization scheduling, some scholars have considered the
sensitivity of objective functions across different scheduling periods.
They have constructed a multi-objective optimization scheduling model
for reservoir clusters that accounts for the time-varying scheduling
preferences of managers (Ni et al., 2022), thereby enhancing the
alignment between the mathematical model and real-world conditions.
The water resource allocation model in this study assumes that water
resources managers’ preferences for allocation objectives remain con-
stant and uniform throughout the year, which deviates from real-world
conditions. Therefore, future research will introduce robust assessment
models and water resource optimization allocation models incorpo-
rating time-varying preferences to better align with the demands of
practical water resource management.
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