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Abstract: Predicting and allocating water resources have become important tasks in water resource 
management. System dynamics and optimal planning models are widely applied to solve individ-
ual problems, but are seldom combined in studies. In this work, we developed a framework involv-
ing a system dynamics-multiple objective optimization (SD-MOO) model, which integrated the 
functions of simulation, policy control, and water allocation, and applied it to a case study of water 
management in Jiaxing, China to demonstrate the modeling. The predicted results of the case study 
showed that water shortage would not occur at a high-inflow level during 2018–2035 but would 
appear at mid- and low-inflow levels in 2025 and 2022, respectively. After we made dynamic ad-
justments to water use efficiency, economic growth, population growth, and water resource utiliza-
tion, the predicted water shortage rates decreased by approximately 69–70% at the mid- and low-
inflow levels in 2025 and 2035 compared to the scenarios without any adjustment strategies. Water 
allocation schemes obtained from the "prediction + dynamic regulation + optimization" framework 
were competitive in terms of social, economic and environmental benefits and flexibly satisfied the 
water demands. The case study demonstrated that the SD-MOO model framework could be an ef-
fective tool in achieving sustainable water resource management. 

Keywords: water resource management; system dynamics; multi-objective optimization; dynamic 
regulation; feedback 
 

1. Introduction 
Water is an important resource, supporting life, economies, and healthy ecological 

environments [1]. In the past several decades, rapid population and economic growth and 
the accelerated expansion of cities have led to widespread water scarcity [2–4]. This has 
also raised problems such as water quality degradation and environmental vulnerability 
[1]. Meanwhile, growing user demands have intensified competition for water resources, 
resulting in water resource instability [5]. The imbalance between water supply and de-
mand requires innovative water management methods to coordinate the sustainable de-
velopment of water resources within society, the economy, and the environment [6]. 

Water flows from a natural cycle to a social cycle through precipitation and water 
withdrawal, and it has complex relationships with social, economic, and environmental 
systems [7,8]. It being inherently necessary in production and human lives promotes the 
J-shaped growth of water demand [9]. To meet the exploding demand, there are wide-
spread efforts to increase water availability (e.g., building dams, pumping groundwater, 
trading virtual water), but the problem of water scarcity has not been solved [10] because 
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of population growth [11]. In order to avoid an indefinite vicious cycle, demand-curbing 
strategies such as water-saving agriculture, industrial structure optimization, gradient 
water price, and water-saving appliances have been widely explored [12–14]. Moreover, 
water resource management often involves complex driving forces and constraints. The 
interactions between them are not completely linear. System dynamics (SD) is a useful 
method to deal with high-order, nonlinear, multi-feedback, complex, and uncertain sys-
tem problems [15]. It has been widely applied to the systematic management of water 
resources on basin [16], regional [17], and urban scales [18,19]. In water resource manage-
ment, the SD model has not only been used to simulate internal processes of water re-
source systems but also to evaluate the impacts of population growth, industrial develop-
ment, and other factors associated with water resource decision making [20–22]. Certain 
water resource decisions with single or combined goals have been made previously based 
on the results of SD model simulations [16,23]. However, the parameters of the SD model 
remain constant, whereas policy packages may change during the simulation [24]. Thus, 
feedback mechanisms to dynamically adjust the parameters are concerned in the decision 
making. 

Feedback mechanisms provide an important theoretical basis for dynamic manage-
ment and can be divided into positive and negative feedback according to the adjustment 
direction. Positive feedback makes the system locally unstable, whereas negative feedback 
makes the system oscillate or reach an equilibrium [25]. In water management, the differ-
ence between the real and ideal states of a system can be regarded as "the amount of action 
that needs to be taken" [14]. Dynamic feedback considers the system state and forms an 
adaptive management strategy which provides valuable insights to cope with the increas-
ing uncertainty, complexity, and system interaction in water management [26].  

Optimal allocation of water resources is another important task in water resource 
management. Influenced by social, environmental, and political factors, water stakehold-
ers have conflicts in terms of regions, generations, users, and benefit objectives [27]. As it 
is difficult for stakeholders to reach an agreement on their own, the authority in the basin 
or region must make fair and reasonable water resource allocations [28]. In most cases, 
the stakeholders are required to compromise to achieve maximum group benefits and 
balance conflicting interests [29]. Multi-objective optimization (MOO) is a common 
method to solve such a problem but many studies have focused on optimizing the solution 
algorithms [30–32] rather than on the dynamic change of supply and demand constraints. 
The combination of SD and MOO in a simulation-based optimization framework (SD-
MOO) has been proposed to generate effective boundaries. The framework has been ap-
plied to supply chain management [33,34], but is rarely reported in water resource man-
agement. 

Based on these considerations, this study incorporated dynamic adjustment into the 
SD-MOO modeling framework which included three functional modules: water supply 
and demand prediction, feedback-based dynamic adjustment, and MOO-based alloca-
tion. The integrated model not only optimized the macro policy package to minimize the 
gap between supply and demand, but also made full use of the SD simulation results to 
ensure that water allocation proceeded within realistic limits. In the following sections, 
we first introduce the overall framework of the SD-MOO model and the detailed structure 
of each module. Then, we take Jiaxing City as a case study to illustrate how the three 
functions are realized. Finally, deficiencies in the case study and several improvement 
directions of the model are discussed. 

2. Methodology 
The SD-MOO model framework for water resource management consists of three 

functional modules: water supply and demand prediction, dynamic adjustment, and wa-
ter optimal allocation (Figure 1). With respect to water supply and demand, the complex 
interactions among population, economy, environment and water are visualized by a flow 
diagram (Figure 2) and quantitatively described by the formulae in Table S1. The water 
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shortage rate (WSR) is defined as “the percentage of simulated supply and demand gap 
in total water demand” and was selected to evaluate the gap between the water supply 
and demand in the framework. 𝑊𝑆𝑅 = 1 − ∑ 𝑊𝑆∑ 𝑊𝐷  × 100% (1)

where WSi means the water supplied from source i (1, 2, and 3 represent surface water, 
diversion water, and reclaimed water, respectively), and WDj denotes the demand of user 
j (1, 2, 3, and 4 represent agriculture, industry, domestic, and environment, respectively). 

The validated SD model was used to predict future WSR. A negative WSR indicates 
that the total water demand of region can be met, and water resources can support the 
local population, economic development and ecosystem stability. When the WSR was pos-
itive, meaning the water demand was not satisfied, various management strategies were 
tested to regulate WSR in the “dynamic adjustment” module. The prediction results of 
water supply and demand or the results after dynamic adjustment were used to serve as 
the boundary or constraints of the water optimal allocation model.  

Prediction and dynamic adjustment were operated on the system dynamics platform 
Vensim DSS Version 6.4 (https://vensim.com/). The water optimal allocation was modeled 
and solved in a General Algebraic Modeling System (GAMS). 

 
Figure 1. Framework of the system dynamics-multiple-objective optimization SD-MOO model. (a) Positive feedback dia-
gram; (b) negative feedback diagram. 
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2.1. System Dynamics (SD) Model 
System dynamics is a combination of qualitative and quantitative research methods, 

which can comprehensively simulate the structure of various complex systems and ana-
lyze the internal relationships of the system [15]. The structure of a system brings about 
observable and predictable behaviors [26]. The models with system dynamics of water 
supply and demand are established based on causal loop diagrams (Figure 2), and the 
relationships between variables are described by first-order differential equations with a 
time lag.  

As a natural water supplier, surface water significantly correlates with precipitation 
and is uncertain owing to the specific climatic and hydrological conditions [35]. The sup-
ply of surface water was directly determined by hydrological condition and surface water 
utilization rate. Inter-basin, or cross-regional water diversion projects have become im-
portant ways to alleviate regional water scarcity [36,37]. The dispatching of water from a 
water source area to an intake area is controlled by the total annual of water diversion 
[38]. As a supplement to water resources, reclaimed water which derives from wastewater 
treatment plants has become an active water source in many regions [39–41].  

Water users are usually divided into agricultural, industrial, domestic, and environ-
mental users and the efficiency of production-oriented water use in agriculture, industry, 
and the urban public is compatible with GDP growth and technological improvement. 
The agricultural, industrial and urban public water demand can be further calculated by 
the production scale (e.g., farmland irrigation area, amount of livestock, and fishpond 
area) or gross output value of agriculture and industry. The urban and rural domestic 
water demand are affected by two factors: the change in per capita water quota caused by 
water-saving equipment and water usage habits and the distribution of the urban and 
rural population caused by population growth and urbanization. The environmental wa-
ter demand refers to urban green land irrigation water, determined by the green land area 
and water quota for green land. Detailed SD equations are provided in Table S1. 
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Figure 2. System flow diagrams of (a) the water supply and demand prediction module and (b) the dynamic adjustment 
module based on feedback. Red fonts indicate the policy adjustable variables. 

The SD model needs to be calibrated and validated before application. The mean rel-
ative error (MRE), coefficient of determination (R2), and Nash-Sutcliffe efficiency coeffi-
cient (NSE) were adopted to evaluate model performance. MRE represents the overall de-
viation degree and direction of the simulated value from the observed value; R2 charac-
terizes the fitness of the two sets of data, and NSE measures the credibility of the model 
[42]. The evaluation statistics parameters were computed as follows: 𝑀𝑅𝐸 =  ∑(𝑉 − 𝑉 )∑ 𝑉    (2)

𝑅 =  ∑(𝑉 − 𝑉 ) (𝑉 − 𝑉 )∑(𝑉 − 𝑉 ) ∑(𝑉 − 𝑉 )  (3)

𝑁𝑆𝐸 = 1 − ∑(𝑉 − 𝑉 )∑(𝑉 − 𝑉 )    (4)

where Vs and Vo represent the simulated and the observed values of variables; 𝑉  and 𝑉  
are the mean values of the corresponding variables. 
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2.2. Dynamic Adjustment Based on Feedback 
Seemingly perfect policies may fail due to unexpected challenges in their implemen-

tation. Triggering built-in policy adjustments by monitoring indicator changes is useful to 
prevent policy failures [43]. The key to applying this policy adjustment in an SD model is 
to define feedback functions between system state and regulatory metrics. 

Feedback functions are designed to either exacerbate the deviation (positive feed-
back) or resist the interference (negative feedback) as responses to the signal. Suppose the 
current status of the system can be expressed as an m-dimensional vector SV= (SV1, SV2,..., 
SVm)T and its theoretical expected state is μ= (μ1, μ2,..., μm) T. Tracing from state variables 
down to underlying logic along the causal loop, each state variable is affected by the ad-
justable variable p= (p1, p2,..., pn), which is a time-varying table function or constant. When 
SVm deviates from its expected value μm, the difference between them will be mapped to 
the feedback ratio αm,n by feedback functions, further changing 𝑝  to 𝑝  as follows: 

𝑝 =  𝑝  ×   𝛼 ,  (5)

The following characteristics are required for the feedback functions [44]: (i) when 
SVm reaches its expected value μm, the feedback ratio αm,n is equal to 1, which means pn 
does not need to be adjusted; (ii) αm,n monotonously and nonlinearly increases (positive 
feedback) or decreases (negative feedback) with the state variable SVm; (iii) αm,n has upper 
and lower bounds, and (iv) αm,n is affected by the feedback control intensity fm,n (insets (a) 
and (b) in Figure 1). Two reconstructed sine functions, Equations (6) and (7), are designed 
to calculate the feedback ratio αm,n of the positive and negative feedback mechanisms, re-
spectively: α , = 1 + sin  𝜋2 × 𝑆𝑉 − 𝜇𝜎 × 𝑓 ,  (6)

α , = 1 − sin  𝜋2 × 𝑆𝑉 − 𝜇𝜎 × 𝑓 ,  (7)

where 𝜎  is the maximum distance between the state variable SVm and its expected value 
μm. The feedback intensity fm,n varies in the range of [0, 1] to maintain monotonicity of the 
feedback functions. 

It can be interpreted that the feedback forms a logical closed loop of SV–α–P–SV. 
Feedback control intensity f is the "controller" which can be artificially changed, and its 
value reflects the decision-maker's sensitivity to the system state. 

2.3. Water Allocation Based on Multi-Objective Optimization 
Water scarcity and the contradiction between supply and demand urge water man-

agement authorities to make water allocation plans that have maximum social, economic, 
and environmental benefits [45,46]. In water optimal allocation model, the social benefit 
objective (F1) can be expressed in terms of the minimum WSR in the region (Equation (8)), 
whereas the economic benefit objective (F2) is represented by the lowest sum of the water 
fees generated by different water allocation paths (Equation (9)). Water use is accompa-
nied by waste generation. The environmental benefit objective (F3) is recognized as the 
minimum discharge of chemical oxygen demand (COD) within the region (Equation (10)). min 𝐹 (𝑋) = 1 − ∑ ∑ 𝑥∑ 𝑊𝐷𝑗 × 100 (8)

min 𝐹 (𝑋) = 𝑥 × 𝑦   (9)
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min 𝐹 (𝑋) = 𝑥 × 𝑘 × 𝑐 + 𝑥 × 𝑘 × 𝑐 × 0.01  (10)

where the decision variable xij is the amount of water allocated from source i to user j (108 

m3); yij is the cost coefficient of xij (yuan/m3); k1 and k2 are the discharge coefficients of do-
mestic sewage and industrial wastewater, respectively, and c1 and c2 are the mean COD 
concentrations of domestic sewage and industrial wastewater (mg/L), respectively. 

The water supply and demand predicted by the SD model and optimized by the dy-
namic adjustment served as constraints in the optimal allocation model. The amount of 
water supplied by each source should not exceed its available water WSi (Equation (11)). 
The amount of water allocated to each user should ensure the minimum water demand 
(greater than WDj,min ) but avoid water waste (less than WDj,max) (Equation (12)). In addition, 
the decision variable should be non-negative (Equation (13)). 

𝑥 ≤ 𝑊𝑆  , ∀𝑖  (11)

𝑊𝐷 , ≤ 𝑥 ≤ 𝑊𝐷 ,  , ∀𝑗 (12)

𝑥 ≥ 0   (13)

After compiling and solving the multi-objective optimization model in GAMS, a se-
ries of Pareto sets [47] were obtained, each of which represented an allocation scheme. 
Comprehensive benefits were further calculated as follows: 𝐹 = 𝐹 , − 𝐹  𝐹 , − 𝐹 , , ∀𝑠  (14)

𝐹 = 𝐹′ 𝜂  (15)

𝜂 = 1  (16)

Here, Fs,max and Fs,min are the maximum and minimum values of objective Fs (s = 1, 2, 3); Fs’ 
is the dimensionless value. F is the comprehensive benefit, and ηs is the weight of benefit 
objective Fs. 

3. Case study 
In order to demonstrate the work of the SD-MOO framework, Jiaxing City was used 

as a case study. Due to data limitations and practical simplifications, this case study is not 
intended to be a realistic characterization of future conditions or to recommend policy 
solutions. 

3.1. Study Area 
Located in the central-eastern area of the Yangtze River Delta, Jiaxing City has a flat 

terrain with a land area of 3915 km2 and a population of 4.72 million. The mean annual 
rainfall reaches 1193.5 mm, and the multiyear average water resources reach 20.07 billion 
m3. However, Jiaxing has been facing intense conflicts between water supply and demand, 
as well as a deteriorating water quality due to pollution from rapid social and economic 
development. In 2017, the per capita occupancy of water resources of Jiaxing was 546 m3, 
which is considerably lower than that of the current national average (2074.5 m3/person) 
[48]. Limited water resources have become the main bottleneck restricting the sustainable 
development of the city.  
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Surface water in Jiaxing City consists of two parts. This consist of local water gener-
ated by precipitation, and secondly transit water exchanged with that of Huzhou and 
Hangzhou in the west, Jiangsu Province in the north, and Shanghai in the east. The aver-
age transit volume in 2011–2018 was 3.74 times that of local water. During the same pe-
riod, the utilization rate of surface water (including transit water) fluctuated around 20% 
[49]. According to the historical data, the local water resources in typical hydrological 
years at 50, 75, and 90% frequencies in Jiaxing City are 2.154, 1.206, and 0.9 billion m3, 
respectively, whereas the transit water resources are 6.221, 4.12, and 3.49 billion m3, re-
spectively. Groundwater extraction was prohibited in 2016. To expand water sources, re-
claimed water of 1.05 × 105 m3/d has been adopted as an unconventional water source in 
recent years. Eight reclaimed water facilities are to be constructed by 2025, supplying an 
additional 3.25 × 105 m3/d of reclaimed water. In 2035, the amount of reclaimed water will 
increase by 1.25 × 105 m3/d, reaching 5.5 × 105 m3/d. Considering the local shortage of high-
quality water sources, Jiaxing plans to divert water from Qiandao Lake and Taihu Lake 
outside the city, with diversion amounts of 2.3 × 108 and 5.5 × 108 m3 in 2020 and 2.3 × 108 
and 6.5 × 108 m3 in 2030, respectively. 

3.2. Data Sources 
The input data of the SD model included the initial values of stock variables and the 

dynamic change value of the table function. The initial stock values were taken from local 
statistics, including the Jiaxing Statistical Yearbook for social and economic data (Table 
S2), Jiaxing Water Resources Bulletin for water supply and demand, Zhejiang Natural Re-
sources and Environment Statistical Yearbook for land use. The agricultural production 
data (e.g., farmland irrigation area, amount of livestock, and fishpond area) were obtained 
from the Jiaxing Agriculture and Rural Affairs Bureau. Water quotas of all users (Table 
S3) refer to the Water Quota Standard of Zhejiang Province and were estimated according 
to the medium and long term water saving plans of Jiaxing City. Surface water and transit 
water resources under 50, 75 and 90% guarantee rates were provided by the Zhejiang Hy-
drology Management Center. The amount of unconventional water supply, sewage treat-
ment, and state of socioeconomic development in 2020, 2025, and 2035 refers to Jiaxing 
Water Resource Protection Planning, Municipal Sewage Planning and Jiaxing Urban Mas-
ter Planning. Further, the water cost coefficient yij in the MOO model adopted the water 
prices of Jiaxing. The wastewater discharge coefficient and COD concentration (Table S4) 
were estimated according to the statistical data of the Jiaxing Bureau of Ecology and En-
vironment. 

3.3. Parameter Selection and Scenarios in Model Application 
3.3.1. SD Model for Water Supply and Demand Prediction 

According to the system flow diagram of the water–economic–society–environment 
composite system (Figure 2(a)), three supply sources including surface water (WS1), di-
version water (WS2) and reclaimed water (WS3) were considered in the study. Groundwa-
ter supply was not considered because groundwater exploitation was forbidden [31]. In 
order to take into account the impact of hydrological uncertainty, three hydrological con-
ditions were set according to the long-term rainfall observations, namely high-, mid-, and 
low-inflow levels corresponding to the hydrological guarantee rates of 50, 75 and 90%.  

There were four water users involved in the study. Agricultural users (WD1), indus-
trial users (WD2), domestic users (WD3), and environmental users (WD4), whose water 
demands were calculated according to the equations in Table S1. 

3.3.2. Parameters for Dynamic Adjustment 
In the proposed SD model (Figure 2), WSR was the only state variable which meant 

m = 1 in Equations (5)–(7). As the ideal situation is that the total water demand is satisfied, 
the expected value μ of WSR was 0. The water supply is normally no more than twice the 
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water demand, thus, σ was set to 100%. Eleven parameters (p1–p11) were selected as the 
policy adjustable variables according to the cause tree of the WSR and classified into three 
groups based on their properties (Table 1). Group 1 contains water quotas, Group 2 in-
cludes variables concerning economic and population growth, and Group 3 includes the 
utilization rates of water resources. The variables in Group 1 and Group 2 followed the 
negative feedback rule, whereas the variables in Group 3 followed the positive feedback 
rule. Different groups were combined to establish different dynamic adjustment scenar-
ios. Variables in each scenario were adjusted with the same f to simplify operation, and 
the feedback intensity f was increased from 0 to 1 at an interval of 0.1. 

Table 1. Three groups of policy adjustable variables. 

Group Adjustable Variable (pn) 

Group1 

water quota for paddy field (p1), water quota for dry land (p2), water use ef-
ficiency of industry (p3), water use efficiency of the tertiary industry (p4), ru-
ral domestic water demand per capita (p5), urban domestic water demand 

per capita (p6) 

Group2 change rate of added value of industry (p7), change rate of added value of 
the tertiary industry (p8), population growth rate (p9) 

Group3 utilization rate of surface water (p10), utilization rate of reclaimed water (p11) 

3.3.3. MOO Model for Water Allocation 
Parameter values in Equations (8)–(10) are shown in Table S4. WSi and WDj were 

adopted according to the output results of the SD module or the results after dynamic 
adjustment;  𝑊𝐷 ,  and 𝑊𝐷 ,  were obtained based on WDj and its corresponding 
satisfaction range. The domestic water demand, industrial water demand, agricultural 
water demand and environmental water demand were met at 100, 90–100, 60–100 and 95–
100%, respectively. In addition to the basic constraints, there were some further hypothe-
ses: 
(1) No less than 40% and no more than 60% of the domestic water would be supplied by 

diversion water (0.4𝑊𝐷 ≤ 𝑥 ≤ 0.6𝑊𝐷 );  
(2) Diversion water was only for industrial and domestic users (𝑥 = 𝑥 = 0); 
(3) Reclaimed water was only for industrial users (𝑥 = 𝑥 = 𝑥 = 0). 

The weights for the scheme should take into account the multi-stakeholder benefits 
in the water resource allocation. In this case, we assume that the social, economic, and 
environmental benefits were equally important, i.e., η1 = η2 = η3 = 1/3. 

3.4. Results 
3.4.1. SD Model Validation 

State variables and auxiliary variables affected by long feedback loop are key to an 
accurate simulation. Such variables that are closely related to the total water supply and 
demand are summarized in Table 2. Parameter values were estimated a priori from direct 
observations from 2011–2014, and then revised during iterations to optimize fitting to his-
torical data. Observed data from 2015–2017 were used to evaluate the performance of SD 
model according to Equations (2)–(4). The MREs of the variables were close to 0, varying 
from −0.025 to 0.117, which indicates that the simulation results were acceptable. The R2 
and NSE values of most of the variables were in the intervals of [0.688, 1] and [0.653, 1], 
respectively. However, the NSE of the agricultural water demand was 0.367, which was 
closer to 0 rather than 1, indicating that its process error was large but the overall result 
was reliable. The results showed that the SD model was suitable for water supply and 
demand prediction. 
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Table 2. Performance of the SD model. 

Variables MRE (%) R2 NSE 
total population −0.004 0.985 0.703 

added value of industry −0.010 0.944 0.938 
added value of tertiary industry −0.025 0.975 0.933 

agriculture water demand 0.036 0.934 0.367 
industrial water demand −0.004 0.688 0.665 
domestic water demand −0.017 0.860 0.653 

environmental water demand 0.000 1.000 1.000 
reclaimed water supply 0.117 0.973 0.946 

3.4.2. Water Supply and Demand Prediction 
According to the predicted results (Figure 3), surface water remains the main supply 

contributor. With surface water utilization rates of 20, 25, and 30% at high-, mid-, and low-
inflow levels, the available amounts of surface water (WS1) will reach 1.655, 1.332, and 
1.317 billion m3, respectively. The current water project plan can offer 0.78 billion m3 (WS2) 
of diversion water regardless of the inflow level and time. Affected by the improvement 
in sewage treatment capacity and the utilization rate of the reclaimed water, the available 
amount of reclaimed water (WS3) will increase to 42.4, 63.8, and 139.8 million m3 in 2020, 
2025, and 2035, respectively.  

The agricultural water demand (WD1), which accounts for the largest proportion of 
the total water requirement, is expected to decline slightly in the predicted years due to 
improvements in water use efficiency. Moreover, WD1 showed a negative correlation with 
precipitation as agriculture does not require much additional water when rainfall is rela-
tively abundant at a high-inflow level. Industry (WD2) is the second largest water user, 
accounting for 23.39‒27.95% of the total water demand in 2020. Although WD2 continues 
to increase annually, its proportion of water demand is decreasing and will drop to 21.84‒
24.88% in 2035. The domestic water demand (WD3) will soar and surpass industry to be 
the second largest water sector in 2024, and the proportion of water demand was pre-
dicted to reach 32.60‒37.13% in 2035. According to the urban land planning, urban green 
space is expected to continuously expand, leading to a growth in the environmental water 
demand (WD4), although the proportion remained below 6%. 

There is no risk of water scarcity during the simulated times at the high inflow level 
when comparing the total water supply and demand (Figure 3a). The first water shortage 
points of mid- and low-inflow levels occurred in 2025 and 2022, respectively (Figure 3b,c), 
after which the WSR gradually increased reaching maximum values of 16.80% (mid) and 
20.07% (low) in 2035. 
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Figure 3. Predicted results of water supply and demand at (a) high-, (b) mid-, and (c) low-inflow levels from 2018 to 2035. 
The grey series of stacked bar charts namely WS1, WS2, WS3 represent surface, diversion and reclaimed water supply, 
while the blue series of stacked area charts namely WD1, WD2, WD3, WD4 represent agricultural, industrial, domestic and 
environmental water demand. Red arrows indicate the predicted first water shortage points. 

3.4.3. Dynamic Adjustment 
To mitigate the water scarcity risk at mid- and low-inflow levels, seven dynamic ad-

justment scenarios were established by different combinations of the three groups of var-
iables (Table 3). Although the dynamic adjusted WSR continued to climb over time, the 
rising trend has slowed down comparing to S0 that does not have any policy regulation. 
The policy control variables, such as improving the utilization rate of water resources, or 
reducing the population growth rate, output growth rate and water quotas, were all con-
ducive to cutting down WSR. Each scenario achieved the largest reduction in WSR at a 
feedback intensity of 1 (Figure S1 and S2). The adjusted WSR in 2025 and 2035 at the mid- 
and low-inflow levels are summarized in Table 3.  

The dynamic adjustment scenario analysis based on the SD model considers the in-
teractions among social, economic, environmental, and water resource subsystems. Ac-
cording to Table 3, all the scenarios effectively reduced the WSR compared to S0. Among 
the single-group-controlled scenarios (S1‒3), the improvement in the water use efficiency 
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in S1 produced the best effect, reducing the WSR by more than 50%. S2 limited the popu-
lation and output value growth rates, resulting in a negligible effect on WSR in the near 
term. These impacts can also be seen in S4 and S6, which coupled Group2 and another 
group, and had less WSR reduction than S5. Overall, the dynamic adjustment effect of the 
WSR ranks as S7 > S5 > S4 > S1 > S6 > S3 > S2, indicating that the integrated strategies are 
superior to individual controls. By employing scenario S7 (f = 1) in which 11 policy varia-
bles were adjusted simultaneously, the agricultural water demand will be reduced by up 
to 1.05 × 108 m3. Although the adjusted reclaimed water utilization rate keeps rising, re-
claimed water supply will fall off slightly because of the reduction in domestic and indus-
trial water demands. In contrast, surface water supply will increase significantly, with 
maximum increments of 1.12 × 108 and 1.3 × 108 m3 at the mid- and low- inflow levels, 
respectively (Table 4). Values of policy variables before (𝑝𝑛) and after adjustment (with 
f = 1 in scenario S7, 𝑝 ) were supplemented in Figure S3 and S4. 

Table 3. Water shortage rates after adjustment at the mid and low inflow levels. 

Scenario Dynamic Adjustment 
Water Shortage Rate (%) 

Mid-2025 Mid-2035 Low-2025 Low-2035 
S0 / 0.67 16.80 5.33 20.07 
S1 Group1 0.28 7.79 2.28 9.36 
S2 Group2 0.66 14.25 5.02 16.39 
S3 Group3 0.33 9.06 2.73 11.05 
S4 Group1 + Group2 0.28 7.19 2.22 8.47 
S5 Group1 + Group3 0.20 5.54 1.62 6.71 
S6 Group2 + Group3 0.33 8.26 2.65 9.81 
S7 Group1 + Group2 + Group3 0.20 5.41 1.59 6.28 

Table 4. Directly predicted and dynamically adjusted values of water supply and demand. Units: 108 m3. 

Subdivision 
Directly Predicted Values Dynamic Adjusted Values (S7, f = 1) 

Mid-2025 Mid-2035 Low-2025 Low-2035 Mid-2025 Mid-2035 Low-2025 Low-2035 
WS1 13.32 13.32 13.17 13.17 13.39 14.44 13.51 14.47 
WS2 7.80 7.80 7.80 7.80 7.80 7.80 7.80 7.80 
WS3 0.64 1.40 0.64 1.40 0.64 1.38 0.64 1.36 
WD1 10.44 10.36 11.36 11.29 10.38 9.54 11.09 10.24 
WD2 5.16 6.11 5.16 6.11 5.15 5.57 5.04 5.42 
WD3 5.42 9.12 5.42 9.12 5.41 8.42 5.31 8.09 
WD4 0.88 1.46 0.88 1.46 0.88 1.46 0.88 1.46 

3.4.4. Optimal Allocation of Water Resources 
The Pareto set obtained by solving the MOO model represented all feasible allocation 

schemes. Generally, as the social benefit (F1) reduced, the economic (F2) and environmen-
tal benefits (F3) were rapidly optimized, regardless of the time and inflow levels (Figure 
S5). Given equal weights, these three individual benefits were combined into a compre-
hensive benefit F. The nine schemes with the greatest F were selected as the optimal allo-
cation schemes for the years of 2020, 2025, and 2035, and with high-, mid-, and low- inflow 
levels. The detailed allocation of the water from sources to different users is depicted by 
the Sankey diagrams for these nine scenarios with the optimal F values (Figure 4). 
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Figure 4. Sankey diagrams of optimal water resource allocation schemes under the scenarios of (a) High-2020, (b) High-
2025, (c) High-2035, (d) Mid-2020, (e) Mid-2025, (f) Mid-2035, (g) Low-2020, (h) Low-2025, and (i) Low-2035. SWS, DWS, 
and RWS represent the optimized surface water, diversion water, and reclaimed water supply in the allocation schemes; 
DD, ED, AD, and ID represent the optimized domestic, environmental, agricultural, and industrial water demand in the 
allocation schemes. (Unit: 108 m3). 

From the perspective of water supply, surface water was the absolute main source 
that accounted for 70.51–87.76% at the high-inflow level and 62.96–79.91% at the mid- and 
low-inflow levels for the years of 2020, 2025, and 2035. Reclaimed water supply accounted 
for a small portion; however, its contribution improved notably with time, regardless of 
the inflow levels. The supply proportion of diversion water varied greatly, ranging from 
9.74 to 23.54% at the high-inflow level, and 23.51–34.01% at the mid- and low-inflow levels 
for the years 2020, 2025, and 2035. This is because the diversion water is only a regional 
supplementary water source, and its priority is lower than that of surface water. The in-
crease in surface water supply generally lowers the amount of diversion water, while the 
decrease in surface water supply usually increases the amount of diversion water, as long 
as it does not exceed the limit of the current project of 7.8 × 108 m3.  

The results of the above optimal allocation demonstrated that domestic water de-
mand had the highest allocation priority, and the demand was met under all allocation 
schemes. The environmental water demand ranked the second, met at approximately 
95%. Although the industrial water demand showed a marked increasing trend with time, 
it was met at approximately 90% by the optimal allocation scheme. The agricultural water 
demand showed great flexibility, being met at 95–100% when water resources were abun-
dant but only 64% (Mid-2035) or 62% (Low-2035) when water resources were scarce. 
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According to the water allocation path shown in Figure 4, the agricultural and envi-
ronmental water demands rely on surface water supply only, whereas domestic and in-
dustrial users have more choices, which leads to competition for high-quality and cheap 
water resources. The allocation schemes of different inflow levels and planning years 
could be divided into four categories:  
(i). High supply and low demand (High-2020, High-2025): the ratio of surface water and 

diversion water allocated to domestic was 3:2; most industrial water was provided 
by surface water and the remainder was supplied by reclaimed water; no diversion 
water was used.  

(ii). Low supply and low demand (Mid-2020, Mid-2025, Low-2020, Low-2035): agricul-
ture and environment accounted for 82‒87% of surface water, forcing domestic and 
industrial users to use diversion water as a supplement. To maximize economic ben-
efits, industry was allocated a large amount of diversion water due to its high eco-
nomic density [50], accounting for approximately 73‒89% of the total industrial water 
allocation; the domestic sector uses surface water and diversion water at a ratio of 
2:3.  

(iii). High supply and high demand (High-2035): sufficient water supply guaranteed har-
monious allocation. The percentages of surface water supplied to agriculture, envi-
ronment, domestic, and industry were 45.07, 0.08, 23.31, and 24.81%, respectively, 
meeting 40% of domestic and 70% of industrial water demands. The reclaimed water 
supply has risen sharply with technological advances and can satisfy a quarter of the 
industrial water demand.  

(iv). Low supply and high demand (Mid-2035, Low-2035): the high WSR led to all users 
tolerating a certain degree of water scarcity; however, it also intensified competition 
for surface water resources. Domestic water had the highest priority in water alloca-
tion; with a satisfaction degree of 100%, it was supplied by surface water and diver-
sion water at a ratio of 2:3. Compared with other users, agriculture was in a relatively 
disadvantaged position, resulting in a low satisfaction degree (60%). This prevented 
agriculture from consuming a large portion of surface water and created an oppor-
tunity for industry to use surface water. Similar to High-2035, the share of diversion 
water for industry remained lower than those of inexpensive surface water and re-
claimed water. 

4. Discussion 
Most water resource management projects focus either on water policy simulation or 

on ensuring water use equity, economic vitality and excellent environmental quality 
through rational water allocation [28,51,52]. In fact, various social, economic, and envi-
ronmental impacts caused by water shortage could alert authorities to take efficient ac-
tions to maximize the comprehensive benefits [53]. Based on the SD-MOO model, the 
closed-loop management of water resources was realized, which emphasized both the al-
location results and the driving forces of water resources. 

The traditional water resource allocation mode is “prediction + multi-objective opti-
mization”, in which the predicted water supply and demand are taken to constraint multi-
objective optimization [54]. Water scarcity indicates that the estimated population and 
economic development may overload water resources, and some necessary actions are 
needed [55]. The “prediction + dynamic adjustment + multi-objective optimization” model 
fully considers the compensatory actions by dynamic adjustment. In our case, water re-
sources in Mid-2025, Low-2025, Mid-2035, Low-2035 were allocated by both the tradi-
tional “prediction + MOO” mode (Mode I) and the newly developed “prediction + dy-
namic control + multi-objective optimization” mode (Mode II). Comparing the individual 
benefits of optimal allocation schemes in the two modes, water shortage rate, water fee, 
and COD emission for schemes in Mode I are all higher than those in Model II (Figure 5). 
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This proves that dynamic adjustment alleviates the pressure of water resources and ex-
pands the benefits of the allocation scheme. 

 
Figure 5. Benefit comparison of (a) water shortage rates, (b) water fee and (c) COD emission between two modes: 
“prediction + multi-objective optimization” (Mode I) and “prediction + dynamic adjustment + multi-objective optimiza-
tion” (Mode II). 

The dynamic adjustment with feedback mechanisms was not based on intuition or a 
trial-and-error simulation experiment [56], but was related to the system state and was 
dynamically adjusted by the internal driving force of the system [57]. To ensure mono-
tonicity of the sinusoidal feedback function, the feedback intensity f was conservatively 
limited to [0, 1] to simulate relatively moderate policy control. The lowest WSR was ob-
tained with f = 1 in all scenarios (Figures S1 and S2); however, it does not mean that rele-
vant variables have reached their regulatory limits. In theory, if a model is convergent, 
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increasing f can always achieve a lower WSR. For example, within the limited feedback 
intensity range, WSR was as low as 9.93 % in S6 at the low inflow level. If f is continuously 
raised, WSR can be further reduced to 3.93 % with a feedback intensity of four; however, 
the model fails to converge after f exceeds eight. Selecting a feedback intensity should 
consider whether the simulated dynamic adjustment is technically and financially feasi-
ble. In addition, it was observed that the exponential function and modified logistic func-
tion were used to describe the feedback relationship between state variables and regula-
tory variables [44,58]. Gain function, correlation function, and least square function were 
also used to dynamically modify the preset schemes [59]. However, it has not been re-
ported how different feedback functions affect the effectiveness of adjustment, and the 
design of a differentiated and adaptive feedback function system warrants further study. 

In addition, the policy adjustment is limited to some extent. Controlling population 
growth to deal with water crisis is a global consensus [60–62], but the effectiveness of this 
policy varies regionally [63]. In Jiaxing, the strategy of slowing down population growth 
was not as powerful as improving water efficiency, which may be attributed to the impact 
of population scale. The simulation results showed that increasing water supply is a quick 
and effective measure for dealing with water shortage but yet implementation is difficult. 
The plain topography and coastal location make it difficult to store the abundant transit 
water in Jiaxing. The upstream water in the flood season has to be discharged to ensure a 
safe water level. In addition, supplying reclaimed water is a complex decision-making 
process involving various economic, technical and environmental standards [40]. Improv-
ing the water reuse capacity may help to reduce fresh water withdrawal, but if the re-
claimed water utilization rate exceeds a certain threshold then this requires more external 
financial assistance [64].  

The major goal of this case study was to demonstrate how to apply the SD-MOO 
model framework. Because of the difficulty in obtaining data, the parameters were sim-
plified and estimated according to local plans in the case study. This may have resulted 
in some data being inconsistent with realistic development. For example, the “universal 
two-child policy” has led to a rebound in the fertility rate since 2015 but will not funda-
mentally reverse the decline and aging trend of the population in the long term in China 
[65,66]. Thus, the natural population growth rate of Jiaxing may be overestimated. How-
ever, by analyzing population statistics data in recent years, we found that population 
mobility contributes more to the population growth of Jiaxing than natural growth, which 
may justify the selected natural growth rate. As another example, it is unrealistic to ignore 
the randomness of precipitation change and keep the surface water constant during the 
simulation time. To make up the hydrological uncertainty, three hydrological scenarios 
with high, mid and low inflow levels were set in the models to cover the randomness of 
precipitation. 

Flexibility of water resource allocation can be achieved by setting the weights of ben-
efit targets [28]. The current case study adhered to sustainable development and gave 
equal weights to the three optimization goals. However, when extreme water shortage 
occurs, the poor satisfaction of agricultural water demand (Mid-2035, Low-2035) may ex-
acerbate water stress and lead to declines in crop yield and agricultural productivity 
[53,67]. At this point, if basic water demand and food security are prioritized, the weight 
of social benefit should be higher than the weights of environmental and economic bene-
fits (Figure 5). 

Regarding the economic benefits, water users always prefer cheaper water sources 
[68]. In the allocation schemes of the above mentioned categories (i), (iii), and (iv), industry 
always uses up the remaining available surface water first, rather than diversion water, 
which is more expensive than surface water. However, when social equity and basic live-
lihoods are prioritized, some economic interests must be abandoned. In category (ii) of 
the allocation schemes, domestic users, as low economic output users, won the competi-
tion for surface water, while industrial users were allocated a large amount of high-priced 
diversion water. The industrial users will resist the implementation of allocation schemes 
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because of high costs. Economic policies such as water price subsidies, water-saving in-
centives, and segmented tax rates [69–71] may be prudently introduced to improve user 
acceptance of certain allocation schemes. In addition, the cost coefficients of different 
types of water were fixed during the simulation period, and the water price was limitedly 
adjusted to alleviate the water shortage. However, the water price will fluctuate due to 
water shortages. The lack of a link between water price and water scarcity and the absence 
of incentives for water-saving behavior may weaken users’ perception of water scarcity 
[72,73]. Therefore, a market-based water price response to water shortage should be in-
volved in the model in the future study. 

5. Conclusions 
Based on the system dynamics and multi-objective optimization method, this study 

established an SD-MOO modeling framework that integrated water supply and demand 
simulations, dynamic adjustment, and optimal allocation, exploring a comprehensive op-
timal water resource management method. A case study in Jiaxing City showed that water 
shortage risk would be alleviated by simultaneously improving water use efficiency, con-
trolling growth rates of the population and gross production value, and increasing the 
utilization rates of surface water and reclaimed water. In water resource allocation 
schemes that have the best comprehensive benefit, both domestic and industrial users 
tended to use cheaper surface water. However, industry was required to make compro-
mises (more diversion water was allocated) because of its higher economic density. When 
extreme water scarcity occurred, agricultural demand would be greatly suppressed. The 
proposed framework is dynamic, flexible in water allocation, and can be helpful in sup-
porting local water resource management. 

Compared with static control and simple allocation optimization in previous SD 
studies, the integrated water management framework based on the SD-MOO model has 
been improved as follows: (1) Feedback intensity was introduced to help decision makers 
devise abundant policy packages and quickly determine their effectiveness in curbing wa-
ter scarcity; (2) policies and actions were adjusted based on the current water scarcity, 
emphasizing the dynamic management of water resources; and (3) flexible, reasonable, 
and multi-beneficial water resource allocation schemes were obtained through imple-
menting dynamic adjustment and MOO. However, some issues, such as the impact of 
different feedback mechanisms on dynamic adjustment, dynamic changes of parameters 
and the weights selection in the multi-objective model of water resource allocation, need 
to be further explored. 
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Mid-2035, (g) Low-2020, (h) Low-2025, (i) Low-2035. Table S1: SD equations in Vensim (High inflow 
level), Table S2: Observed and predicted values of social-economic parameters of Jiaxing, Table S3: 
Water quota of each sector in Jiaxing, Table S4: Water resource cost coefficient of each water user. 

Author Contributions: X.Z. performed the research, wrote the paper and validated the results. J.Y. 
collected original data and predicted the surface water resources at different inflow levels. F.W., 
K.H., H.Z. and A.Y.H. provided suggestions and reviewed the manuscript throughout the manu-
script writing process. All authors have read and agreed to the published version of the manuscript. 

Funding: This research received no external funding. 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement: Not applicable. 



Water 2021, 13, 671 18 of 20 
 

 

Data Availability Statement: All data are openly available, and their sources are presented in this 
paper. 

Acknowledgments: This study was financially supported by the National Key Science and Tech-
nology Project: Water Pollution Control and Treatment (2017ZX07206-001 and 2018ZX07208-009). 

Conflicts of Interest: The authors declare that they have no known competing financial interests or 
any kind of conflicts of interest that could influence this paper. 

References 
1. Momblanch, A.; Connor, J.D.; Crossman, N.D.; Paredes-Arquiola, J.; Andreu, J. Using ecosystem services to represent the envi-

ronment in hydro-economic models. J. Hydrol. 2016, 538, 293–303, doi:10.1016/j.jhydrol.2016.04.019. 
2. Burian, S.J.; Walsh, T.; Kalyanapu, A.J.; Larsen, S.G. Climate Vulnerabilities and Adaptation of Urban Water Infrastructure 

Systems. In Climate Vulnerability, Pielke, R.A., Ed. Academic Press: Oxford, UK, 2013; pp. 87–107, doi:10.1016/B978-0-12-384703-
4.00509-8,. 

3. Mekonnen, M.M.; Hoekstra, A.Y. Four billion people facing severe water scarcity. Sci. Adv. 2016, 2, 6, doi:10.1126/sci-
adv.1500323. 

4. Roson, R.; Damania, R. The macroeconomic impact of future water scarcity An assessment of alternative scenarios. J. Pol. Model. 
2017, 39, 1141–1162, doi:10.1016/j.jpolmod.2017.10.003. 

5. Swain, A. Water Wars. In International Encyclopedia of the Social & Behavioral Sciences (Second Edition), Wright, J.D., Ed. Elsevier: 
Oxford, UK, 2015; pp. 443–447, doi:10.1016/B978-0-08-097086-8.91087-0. 

6. Frini, A.; Benamor, S. Making Decisions in a Sustainable Development Context: A State-of-the-Art Survey and Proposal of a 
Multi-period Single Synthesizing Criterion Approach. Comput. Econom. 2018, 52, 341–385, doi:10.1007/s10614-017-9677-5. 

7. Gau, H.S.; Liu, C.W. Estimation of the Effective Precipitation Recharge Coefficient in an Unconfined Aquifer Using Stochastic 
Analysis. Hydrol. Proc. 2000, 14, 811–830, doi:10.1002/(SICI)1099-1085(200003)14:4<811::AID-HYP962>3.0.CO;2-D. 

8. Lu, S.; Zhang, X.; Bao, H.; Skitmore, M. Review of social water cycle research in a changing environment. Renew. Sustain. Energy 
Rev. 2016, 63, 132–140, doi:10.1016/j.rser.2016.04.071. 

9. Hou, B.D.; Yang, R.X.; Zhou, Y.Y.; Xiao, W.H.; Wang, J.H.; Zhao, Y.; Zhan, X.Z. Evolution mechanisms and fundamental equa-
tions of social water cycle fluxes. Hydrol. Res. 2019, 50, 1344–1358, doi:10.2166/nh.2019.115. 

10. Kummu, M.; Ward, P.J.; de Moel, H.; Varis, O. Is physical water scarcity a new phenomenon? Global assessment of water 
shortage over the last two millennia. Environ. Res. Lett. 2010, 5, 10, doi:10.1088/1748-9326/5/3/034006. 

11. Liu, Y. Why an urban population continues to grow under intensifying water scarcity: An answer from generalized water re-
sources. Urban Water J. 2018, 15, 961–965, doi:10.1080/1573062x.2019.1595674. 

12. Sahin, O.; Bertone, E.; Beal, C.; Stewart, R.A. Evaluating a novel tiered scarcity adjusted water budget and pricing structure 
using a holistic systems modelling approach. J. Environ. Manag. 2018, 215, 79–90, doi:10.1016/j.jenvman.2018.03.037. 

13. Karimlou, K.; Hassani, N.; Rashidi Mehrabadi, A.; Nazari, M.R. Developing a Model for Decision-Makers in Dynamic Modeling 
of Urban Water System Management. Water Resour. Manag. 2020, 34, 481–499, doi:10.1007/s11269-019-02428-z. 

14. Park, S.; Jeon, D.H.; Jung, S.Y. Developing efficient management strategies for a water supply system using system dynamics 
modelling. Civ. Eng. Environ. Syst. 2014, 31, 189–208, doi:10.1080/10286608.2013.820281. 

15. Chen, Z.; Wei, S. Application of System Dynamics to Water Security Research. Water Resour. Manag. 2014, 28, 287–300, 
doi:10.1007/s11269-013-0496-8. 

16. Abadi, L.S.K.; Shamsai, A.; Goharnejad, H. An analysis of the sustainability of basin water resources using Vensim model. KSCE 
J. Civ. Eng. 2015, 19, 1941–1949, doi:10.1007/s12205-014-0570-7. 

17. Guo, H.C.; Liu, L.; Huang, G.H.; Fuller, G.A.; Zou, R.; Yin, Y.Y. A system dynamics approach for regional environmental plan-
ning and management: A study for the Lake Erhai Basin. J. Environ. Manag. 2001, 61, 93–111, doi:10.1006/jema.2000.0400. 

18. Pagano, A.; Pluchinotta, I.; Giordano, R.; Vurro, M. Drinking water supply in resilient cities: Notes from L’Aquila earthquake 
case study. Sustain. Cities Soc. 2017, 28, 435–449, doi:10.1016/j.scs.2016.09.005. 

19. Wang, K.; Davies, E.G.R. Municipal water planning and management with an end-use based simulation model. Environ. Model. 
Software 2018, 101, 204–217, doi:10.1016/j.envsoft.2017.12.024. 

20. Li; Ma; Wei; Zhang. Urban Industrial Water Supply and Demand: System Dynamic Model and Simulation Based on Cobb–
Douglas Function. Sustainability 2019, 11, doi:10.3390/su11215893. 

21. Xiang, N.; Sha, J.; Yan, J.; Xu, F. Dynamic Modeling and Simulation of Water Environment Management with a Focus on Water 
Recycling. Water 2013, 6, 17–31, doi:10.3390/w6010017. 

22. Mirchi, A.; Madani, K.; Watkins, D.; Ahmad, S. Synthesis of System Dynamics Tools for Holistic Conceptualization of Water 
Resources Problems. Water Resour. Manag. 2012, 26, 2421–2442, doi:10.1007/s11269-012-0024-2. 

23. Ghasemi, A.; Saghafian, B.; Golian, S. System Dynamics Approach for Simulating Water Resources of an Urban Water System 
with Emphasis on Sustainability of Groundwater. Environ. Earth Sci. 2017, 76, 15, doi:10.1007/s12665-017-6887-z. 

24. Peng, J.; Lu, S.; Cao, Y.; Wang, X.; Hu, X.; Wang, M.; Zheng, B. A dualistic water cycle system dynamic model for sustainable 
water resource management through progressive operational scenario analysis. Environ. Sci. Pollut. R. 2019, 26, 16085–16096, 
doi:10.1007/s11356-019-04565-9. 



Water 2021, 13, 671 19 of 20 
 

 

25. Zarghami, S.A.; Gunawan, I.; Schultmann, F. System Dynamics Modelling Process in Water Sector: A Review of Research Lit-
erature. Syst. Res. Behav. Sci. 2018, 35, 776–790, doi:10.1002/sres.2518. 

26. Winz, I.; Brierley, G.; Trowsdale, S. The Use of System Dynamics Simulation in Water Resources Management. Water Resour. 
Manag. 2009, 23, 1301–1323, doi:10.1007/s11269-008-9328-7. 

27. Babel, M.S.; Das Gupta, A.; Nayak, D.K. A model for optimal allocation of water to competing demands. Water Resour. Manag. 
2005, 19, 693–712, doi:10.1007/s11269-005-3282-4. 

28. Roozbahani, R.; Schreider, S.; Abbasi, B. Optimal water allocation through a multi-objective compromise between environmen-
tal, social, and economic preferences. Environ. Model. Softw. 2015, 64, 18–30, doi:10.1016/j.envsoft.2014.11.001. 

29. Kitayama, S.; Yamazaki, K. Compromise point incorporating trade-off ratio in multi-objective optimization. Appl. Soft. Comput. 
2012, 12, 1959–1964, doi:10.1016/j.asoc.2012.03.024. 

30. Hou, J.W.; Mi, W.B.; Sun, J.L. Optimal spatial allocation of water resources based on Pareto ant colony algorithm. Int. J. Geogr. 
Inf. Sci. 2014, 28, 213–233, doi:10.1080/13658816.2013.849809. 

31. Yu, L.; Ling, M.; Chen, F.; Ding, Y.; Lv, C. Practices of groundwater over-exploitation control in Hebei Province. Water Policy 
2020, 22, 591–601, doi:10.2166/wp.2020.183. 

32. Liu, W.L.; Liu, L.N.; Tong, F. Least Squares Support Vector Machine for Ranking Solutions of Multi-Objective Water Resources 
Allocation Optimization Models. Water 2017, 9, 15, doi:10.3390/w9040257. 

33. Linneusson, G.; Ng, A.H.C.; Aslam, T. Quantitative analysis of a conceptual system dynamics maintenance performance model 
using multi-objective optimisation. J. Simul. 2018, 12, 171–189, doi:10.1080/17477778.2018.1467849. 

34. Aslam, T.; Ng, A.H.C. Combining system dynamics and multi-objective optimization with design space reduction. Ind. Manage. 
Data Syst. 2016, 116, 291–321, doi:10.1108/imds-05-2015-0215. 

35. Simonovic, S.P. Bringing Future Climatic Change into Water Resources Management Practice Today. Water Resour. Manag. 2017, 
31, 2933–2950, doi:10.1007/s11269-017-1704-8. 

36. Yin, Y.; Wang, L.; Wang, Z.; Tang, Q.; Piao, S.; Chen, D.; Xia, J.; Conradt, T.; Liu, J.; Wada, Y.; et al. Quantifying Water Scarcity 
in Northern China Within the Context of Climatic and Societal Changes and South-to-North Water Diversion. Earths Futur. 
2020, 8, doi:10.1029/2020ef001492. 

37. Kattel, G.R.; Shang, W.X.; Wang, Z.J.; Langford, J. China's South-to-North Water Diversion Project Empowers Sustainable Water 
Resources System in the North. Sustainability 2019, 11, 12, doi:10.3390/su11133735. 

38. Yang, C.; Tian, C.; Zhou, F. Research of Water Diversion and Allocation of Sanjiang Plain River Network in Ningbo City Based 
on Water Quantity and Quality United-control System. Water Resour. Power 2019, 37, 32–35,48. 

39. Cherchi, C.; Kesaano, M.; Badruzzaman, M.; Schwab, K.; Jacangelo, J.G. Municipal reclaimed water for multi-purpose applica-
tions in the power sector: A review. J. Environ. Manag. 2019, 236, 561–570, doi:10.1016/j.jenvman.2018.10.102. 

40. Yi, L.L.; Jiao, W.T.; Chen, X.N.; Chen, W.P. An overview of reclaimed water reuse in China. J. Environ. Sci. 2011, 23, 1585–1593, 
doi:10.1016/s1001-0742(10)60627-4. 

41. Hamilton, A.J.; Boland, A.M.; Stevens, D.; Kelly, J.; Radcliffe, J.; Ziehrl, A.; Dillon, P.; Paulin, B. Position of the Australian horti-
cultural industry with respect to the use of reclaimed water. Agric. Water Manag. 2005, 71, 181–209, doi:10.1016/j.ag-
wat.2004.11.001. 

42. Wu, G.; Li, L.; Ahmad, S.; Chen, X.; Pan, X. A Dynamic Model for Vulnerability Assessment of Regional Water Resources in 
Arid Areas: A Case Study of Bayingolin, China. Water Resour. Manag. 2013, 27, 3085–3101, doi:10.1007/s11269-013-0334-z. 

43. Swanson, D.; Barg, S.; Tyler, S.; Venema, H.; Tomar, S.; Bhadwal, S.; Nair, S.; Roy, D.; Drexhage, J. Seven tools for creating 
adaptive policies. Technol. Forecast. Soc. Chang. 2010, 77, 924–939, doi:10.1016/j.techfore.2010.04.005. 

44. Dong, Q.; Zhang, X.; Chen, Y.; Fang, D. Dynamic Management of a Water Resources-Socioeconomic-Environmental System 
Based on Feedbacks Using System Dynamics. Water Resour. Manag. 2019, 33, 2093–2108, doi:10.1007/s11269-019-02233-8. 

45. Han, Y.; Huang, Y.-F.; Wang, G.-Q.; Maqsood, I. A Multi-objective Linear Programming Model with Interval Parameters for 
Water Resources Allocation in Dalian City. Water Resour. Manag. 2011, 25, 449–463, doi:10.1007/s11269-010-9708-7. 

46. Li, W.; Jiao, K.; Bao, Z.; Xie, Y.L.; Zhen, J.L.; Huang, G.H.; Fu, L.B. Chance-Constrained Dynamic Programming for Multiple 
Water Resources Allocation Management Associated with Risk-Aversion Analysis: A Case Study of Beijing, China. Water 2017, 
9, 16, doi:10.3390/w9080596. 

47. Lin, C.; Huang, J.W.; Chen, Y.; Cui, L.Z. Thinking and methodology of multi-objective optimization. Int. J. Mach. Learn. Cybern. 
2018, 9, 2117–2127, doi:10.1007/s13042-018-0866-x. 

48. China Water Resources Bulletin. Availabe online: http://www.mwr.gov.cn/sj/tjgb/szygb/201811/t20181116_1055003.html (ac-
cessed on 16 November 2018). 

49. Jiaxing Water Resources Bulletin. Availabe online: http://slj.jiaxing.gov.cn/art/2018/12/10/art_1229371997_3636668.html (ac-
cessed on 10 December 2018). 

50. Xiao, Y.; Hipel, K.W.; Fang, L.P. Incorporating Water Demand Management into a Cooperative Water Allocation Framework. 
Water Resour. Manag. 2016, 30, 2997–3012, doi:10.1007/s11269-016-1322-x. 

51. Guo, Z.H.; Chang, J.X.; Huang, Q.; Xu, L.; Da, C.J.; Wu, H.X. Bi-level Optimization Allocation Model of Water Resources for 
Different Water Industries. Water Sci. Technol. Water Suppl. 2014, 14, 470–477, doi:10.2166/ws.2013.223. 

52. Li, Z.; Li, C.H.; Wang, X.; Peng, C.; Cai, Y.P.; Huang, W.C. A hybrid system dynamics and optimization approach for supporting 
sustainable water resources planning in Zhengzhou City, China. J. Hydrol. 2018, 556, 50–60, doi:10.1016/j.jhydrol.2017.11.007. 



Water 2021, 13, 671 20 of 20 
 

 

53. Mancosu, N.; Snyder, R.L.; Kyriakakis, G.; Spano, D. Water Scarcity and Future Challenges for Food Production. Water 2015, 7, 
975–992, doi:10.3390/w7030975. 

54. Men, B.H.; Wu, Z.J.; Liu, H.L.; Hu, Z.H.; Li, Y.S. Improved grey prediction method for optimal allocation of water resources: A 
case study in Beijing in China. Water Sci. Technol.-Water Suppl. 2019, 19, 1044–1054, doi:10.2166/ws.2018.152. 

55. Magri, A.; Berezowska-Azzag, E. New tool for assessing urban water carrying capacity (WCC) in the planning of development 
programs in the region of Oran, Algeria. Sustain. Cities Soc. 2019, 48, 19, doi:10.1016/j.scs.2018.10.040. 

56. Oliva, R. Structural Dominance Analysis of Large and Stochastic Models. Syst. Dynam. Rev. 2016, 32, 26–51, doi:10.1002/sdr.1549. 
57. Zomorodian, M.; Lai, S.H.; Homayounfar, M.; Ibrahim, S.; Fatemi, S.E.; El-Shafie, A. The State-of-the-Art System Dynamics 

Application in Integrated Water Resources Modeling. J. Environ. Manag. 2018, 227, 294–304, doi:10.1016/j.jenvman.2018.08.097. 
58. Dai, S.S.; Li, L.H.; Xu, H.G. Simulation of Water Scarcity in a Leap-forward Developing Arid Region: A System Dynamics Model 

of Xinjiang Uygur Autonomous Region. Water Policy 2017, 19, 741–757, doi:10.2166/wp.2017.132. 
59. Keshtkar, A.R.; Asefjah, B.; Afzali, A. Application of multi-criteria decision-making approach in catchment modeling and man-

agement. Desalin. Water Treat. 2018, 116, 83–95, doi:10.5004/dwt.2018.22524. 
60. Ghislain, d.M. An overview of the world's water resources problems in 2050. Ecohydrol. Hydrobiol. 2007, 7, 147–155. 
61. Sharawat, I.; Dahiya, R.; Dahiya, R.P.; Sreekrishnan, T.R.; Kumari, S. Policy options for managing the water resources in rapidly 

expanding cities: A system dynamics approach. Sustain. Wat. Resour. Manag. 2019, 5, 1201–1215, doi:10.1007/s40899-018-0296-7. 
62. Qaiser, K.; Ahmad, S.; Johnson, W.; Batista, J.R. Evaluating Water Conservation and Reuse Policies Using a Dynamic Water 

Balance Model. Environ. Manag. 2013, 51, 449–458, doi:10.1007/s00267-012-9965-8. 
63. Zhou, D.; Zhang, Z.; Shi, M. Where is the future for a growing metropolis in North China under water resource constraints? 

Sustain. Sci. 2015, 10, 113–122, doi:10.1007/s11625-014-0250-z. 
64. Nasiri, F.; Savage, T.; Wang, R.; Barawid, N.; Zimmerman, J.B. A system dynamics approach for urban water reuse planning: A 

case study from the Great Lakes region. Stoch. Environ. Res. Risk Assess. 2013, 27, 675–691, doi:10.1007/s00477-012-0631-8. 
65. Xie, N.M.; Wang, R.Z.; Chen, N.L. Measurement of shock effect following change of one-child policy based on grey forecasting 

approach. Kybernetes 2018, 47, 559–586, doi:10.1108/k-05-2017-0159. 
66. Li, H.D.; Zhou, T.M.; Jia, C. The influence of the universal two-child policy on China's future population and ageing. J. Popul. 

Res. 2019, 36, 183–203, doi:10.1007/s12546-019-09228-7. 
67. Winter, J.M.; Lopez, J.R.; Ruane, A.C.; Young, C.A.; Scanlon, B.R.; Rosenzweig, C. Representing Water Scarcity in Future Agri-

cultural Assessments. Anthropocene 2017, 18, 15–26, doi:10.1016/j.ancene.2017.05.002. 
68. Yamout, G.; El-Fadel, M. An Optimization Approach for Multi-sectoral Water Supply Management in the Greater Beirut Area. 

Water Resour. Manag. 2005, 19, 791–812, doi:10.1007/s11269-005-3280-6. 
69. Garrone, P.; Grilli, L.; Marzano, R. Incentives to Water Conservation Under Scarcity: Comparing Price and Reward Effects 

Through Stated Preferences. J. Clean Prod. 2020, 244, 10, doi:10.1016/j.jclepro.2019.118632. 
70. Jia, X.P.; Zhang, L.X.; Li, Z.W.; Tan, R.R.; Dou, J.H.; Foo, D.C.Y.; Wang, F. Pinch Analysis for Targeting Desalinated Water Price 

Subsidy. J. Clean Prod. 2019, 227, 950–959, doi:10.1016/j.jclepro.2019.03.332. 
71. Wichelns, D. Enhancing the Performance of Water Prices and Tariff Structures in Achieving Socially Desirable Outcomes. Int. 

J. Water Resour. Dev. 2013, 29, 310–326, doi:10.1080/07900627.2012.721675. 
72. Macian-Sorribes, H.; Pulido-Velazquez, M.; Tilmant, A. Definition of Efficient Scarcity-Based Water Pricing Policies Through 

Stochastic Programming. Hydrol. Earth Syst. Sci. 2015, 19, 3925–3935, doi:10.5194/hess-19-3925-2015. 
73. Tang, J.J.; Folmer, H.; Xue, J.H. Technical and Allocative Efficiency of Irrigation Water Use in the Guanzhong Plain, China. Food 

Policy 2015, 50, 43–52, doi:10.1016/j.foodpol.2014.10.008. 


