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Abstract: Global climate change is intensifying hydroclimatic extremes and agricultural water 

scarcity, sharpening trade-offs among yield stability, water saving and rural incomes in major grain-

producing regions. Existing studies often optimise cropping patterns or irrigation schedules in 

isolation and rarely incorporate yield robustness or explicit policy instruments within a single 

decision framework. This article develops an integrated machine-learning–system-dynamics–

NSGA-II (ML–SD–NSGA-II) framework that links long-horizon meteorological scenarios, crop–

water–economy dynamics and multi-objective optimisation of crop areas and irrigation depths. 

A set of ML models generates daily climate sequences that drive a system dynamics model of soil 

moisture, yield formation, basin-scale available water and farm returns; NSGA-II then identifies 

Pareto-optimal strategies that jointly maximise profit and irrigation water productivity, while 

minimising yield deviation. Applied to a rice–wheat irrigation system in the middle Yangtze River 

Basin, the framework identifies “knee-point” strategies that increase irrigation water productivity 

by approximately 14% relative to the observed baseline while maintaining near-baseline profits and 

substantially reducing yield deviation. 

Scenario analysis under differentiated water pricing, quota-based irrigation subsidies and an 

extreme-drought analogue shows that, under normal climatic conditions, moderate tariffs mainly 

curb low-value water use with limited impacts on profit and yield stability. Under extreme drought, 

however, sharp reductions in effective water availability dominate system behaviour, and prices and 

subsidies provide only limited buffering effects. The framework therefore offers a transparent 

quantitative tool for testing coordinated water-pricing and subsidy packages and for informing 

irrigation-district governance and climate-adaptation policy in monsoon Asia and other water-

constrained agricultural regions. 
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1. Introduction 

Agriculture plays a foundational role in global food security and rural livelihoods while 



remaining the largest consumer of freshwater worldwide, accounting for approximately 70% of 

global withdrawals and an even higher share in many developing regions (FAO, 2011). Under 

ongoing climate warming, the frequency and intensity of droughts, floods and compound hot-

dry events continue to rise (IPCC, 2021), undermining yield stability and water security in 

major grain-producing regions (IPCC, 2022). As a result, policymakers are increasingly 

confronted with a persistent governance dilemma: how to maintain food supply and farm 

incomes while operating within tightening freshwater constraints and climate uncertainty. 

Experiences from major producers and exporters such as Iran, the U.S. Great Plains, India and 

Brazil suggest that policy strategies centered on irrigated-area expansion and yield 

maximisation have often intensified pressure on limited blue and green water resource, 

accelerated groundwater depletion and vulnerability to climatic shocks (Lopes et al., 2021; 

Madani, 2014; Mall et al., 2006; McGuire, 2014; Steward et al., 2013). These cases highlight 

that, in an era of more frequent extremes and deep integration with global markets, conventional 

approaches relying primarily on expanding irrigation to raise technical efficiency struggle to 

reconcile production stability with finite water availability. The challenge is therefore not only 

technical but institutional: existing policy instruments may redistribute scarcity without 

fundamentally resolving the underlying trade-offs. 

Within this context, crop planting structure and irrigation water allocation represent two central 

levers of agricultural water governance. Crops differ substantially in water demand, yield 

potential and economic returns (Cao et al., 2022), meaning that extensive cultivation of high-

water-use, low-value crops aggravate water stress and weakens system resilience (Wu et al., 

2025; Xu et al., 2025; Zhang, 2023). Adjusting cropping patterns has been shown to reduce 

peak irrigation demand and moderate yield volatility under climate shocks (Feng et al., 2024; 

He et al., 2025). In parallel, irrigation allocation strategies—ranging from critical-growth-stage 

prioritisation to differentiated water pricing and quota-based subsidies—have been widely 

promoted to enhance water-use efficiency and steer scarce water towards higher-value uses 

(Deng and Zhang, 2025; Qi et al., 2025; Reca et al., 2001; Yin et al., 2025). 

However, most policy interventions and analytical frameworks continue to address cropping 

decisions and irrigation management in isolation. Empirical and modelling studies often 

optimise either crop structure or irrigation scheduling separately, without explicitly 

representing how land-use decisions, water allocation, soil moisture, yields and farm incomes 

interact dynamically over time (Feng et al., 2023; Li and Liu, 2020; Su et al., 2024; Zhou et al., 

2024). As a result, important feedbacks and trade-offs are obscured, and policies that appear 

effective under average conditions may perform poorly under climate extremes. 

More fundamentally, the effectiveness of commonly used economic instruments—such as 

volumetric water pricing, tiered tariffs and irrigation subsidies—remains contested under 

conditions of absolute scarcity. While moderate price increases can suppress low-marginal-



benefit water use in normal years, and subsidies can buffer income losses, evidence suggests 

that these instruments offer only limited protection when water availability collapses during 

severe droughts (Lesk et al., 2022; Zhao et al., 2024). Under such conditions, efficiency-

oriented policies may reallocate scarcity rather than mitigate its impacts, exposing structural 

limits of existing governance approaches. Yet there remains a lack of quantitative tools that can 

examine these policy trade-offs dynamically, across interacting land–water systems and under 

explicit climate uncertainty. 

Addressing this gap requires analytical frameworks capable of linking climate variability, land-

use decisions, irrigation allocation and economic outcomes within a single dynamic system. 

System dynamics (SD) has been increasingly used to represent nonlinear feedbacks and delays 

in agricultural water systems, while machine learning (ML) and multi-objective optimisation 

have enhanced the ability to explore complex decision spaces and competing objectives (Jamali 

et al., 2025; Ortuzar et al., 2025; Shi and Guo, 2024). Yet integrated applications that trace how 

climate uncertainty propagates through soil moisture, yields and farm incomes—and that 

explicitly treat yield robustness alongside economic returns and water-use efficiency—remain 

scarce, particularly in monsoon irrigation systems. 

This study addresses these challenges by examining land–water allocation and policy trade-offs 

in a typical rice–wheat irrigation system in monsoon China. Rather than asking how to 

maximise efficiency alone, we investigate under what conditions coordinated adjustments of 

cropping structure and irrigation allocation can stabilise yields and incomes, and where 

economic instruments such as water pricing and subsidies reach their governance limits under 

extreme climate stress. To do so, we develop an integrated modelling framework that combines 

climate-scenario generation, dynamic simulation of crop–water–economy interactions and 

multi-objective decision analysis. The framework is used to compare baseline, policy-

adjustment and extreme-drought scenarios, allowing policy instruments to be stress-tested ex 

ante. 

By foregrounding trade-offs between efficiency, stability and income under climate uncertainty, 

this study contributes to debates in environmental governance on the limits of marginal 

efficiency improvements and the need for coordinated structural and institutional responses. 

Empirically, it provides evidence from a major grain-producing region in monsoon Asia, while 

methodologically offering a transparent tool for evaluating land–water policies in climate-

sensitive irrigation systems. 

2. Literature review 

2.1 Land–water allocation as a governance problem 

Land use and irrigation water allocation have long been recognised as central levers in 

agricultural water governance, particularly in regions facing increasing climate variability and 



freshwater constraints. A substantial body of research demonstrates that cropping patterns 

strongly shape water demand, yield outcomes and environmental pressures (Liu et al., 2023; 

Zou et al., 2025). Adjusting crop-sown areas—by reducing high-water-use crops or introducing 

seasonally complementary rotations—can smooth irrigation demand, reduce pressure on scarce 

water resources and mitigate yield volatility (Demir and Muratoglu, 2025; Feng et al.,2024; Li 

et al., 2024; Shi et al., 2024; Zhou et al., 2024). Diversified cropping systems have also been 

shown to enhance resilience to droughts and heatwaves by distributing climate risk across crops 

with different sensitivities (Cao et al., 2025; He et al.,2025). 

2.2  Policy instruments and the limits of efficiency-oriented governance 

A large share of the literature on agricultural water management assumes that efficiency gains—

through improved allocation, pricing or technology—can reconcile competing objectives of 

production, income and resource conservation. Under average hydrological conditions, 

moderate water pricing has been shown to suppress low-marginal-benefit irrigation without 

substantially reducing yields or farm incomes (Deng and Zhang, 2025; Guemouria et al., 2023). 

Subsidies and quotas are often introduced to offset distributional impacts and maintain political 

acceptability (Yin et al., 2025). 

Yet growing evidence suggests that such instruments face structural limits under conditions of 

absolute water scarcity and extreme climate events. During severe droughts, when total water 

availability collapses, price signals alone cannot generate additional supply and may simply 

redistribute losses among users (Lesk et al., 2022). Similarly, quotas and subsidies may buffer 

income impacts but cannot fully prevent yield declines when biophysical constraints dominate 

(Zhao et al., 2024). In these contexts, efficiency-oriented policies risk obscuring deeper 

governance challenges by focusing on marginal reallocations rather than structural adaptation. 

This tension highlights a key gap in the literature: while policy instruments are often evaluated 

individually, their combined performance under interacting land-use decisions, water 

constraints and climate extremes remains poorly understood. In particular, there is limited 

quantitative analysis of how pricing, quotas and subsidies interact with cropping structure to 

shape yield stability and income outcomes over time. 

2.3  Climate uncertainty and dynamic trade-offs in irrigated systems 

Climate change adds an additional layer of complexity to land–water governance by increasing 

uncertainty in both water supply and crop responses. Rising temperatures, altered precipitation 

regimes and more frequent compound extremes affect crop phenology, evapotranspiration 

demand and yield variability (Becker et al., 2023; IPCC, 2022). These impacts are not linear: 

moderate changes may be absorbed through management adjustments, whereas extreme events 

can trigger abrupt system responses, including sharp yield losses and cascading economic 

effects (Dong et al., 2022). 



Most existing studies examine climate impacts on either yields or water demand in isolation, 

often using scenario analysis or crop models to estimate average effects (Ghimire et al., 2025; 

Marcinkowski et al., 2024). While valuable, such approaches tend to overlook feedbacks 

between land-use decisions, irrigation rules and basin-level water availability. As a result, they 

provide limited insight into how governance instruments perform under dynamic climate stress, 

particularly when short-term coping strategies undermine long-term system resilience. 

This gap is especially salient in monsoon irrigation systems, where strong seasonality and inter-

annual variability amplify the consequences of misaligned land–water decisions. 

Understanding governance trade-offs in such systems therefore requires analytical frameworks 

capable of tracing how climate uncertainty propagates through coupled land–water–economy 

dynamics. 

2.4 Modelling approaches for analysing governance trade-offs 

System dynamics (SD) has been widely applied to agricultural water systems because of its 

ability to represent nonlinear feedbacks, delays and accumulation processes. SD models have 

been used to explore long-term interactions between cropping patterns, irrigation demand, 

water availability and farm income, and to assess the implications of alternative policy 

scenarios (Jamali et al., 2025; Jia et al., 2023; Mehrazar et al., 2020; Naeem et al., 2024; Wang 

et al., 2022). Recent reviews argue that SD-based approaches are particularly well suited for 

analysing policy trade-offs and unintended consequences in complex socio-environmental 

systems (Shi and Guo, 2024). 

In parallel, machine learning (ML) and multi-objective optimisation have enhanced the capacity 

to handle high-dimensional decision spaces and competing objectives (Ahmed et al., 2024; 

Torabi et al., 2024; Ye et al., 2024). Evolutionary algorithms such as NSGA-II are increasingly 

used to identify Pareto-optimal land–water strategies that balance economic returns, water-use 

efficiency and environmental outcomes (Ortuzar et al., 2025; Wu et al., 2025). However, many 

applications remain method-driven, with limited integration of governance questions and 

insufficient attention to yield robustness under extreme events. 

Taken together, the literature points to the need for integrative frameworks that move beyond 

ex post evaluation of policy scenarios towards ex ante stress-testing of governance instruments. 

Such frameworks should explicitly link climate uncertainty, land-use decisions, irrigation 

allocation and economic incentives, and treat yield stability as a core governance concern rather 

than a secondary outcome. 

2.5 Research gap and contribution 

Despite extensive research on crop structure optimisation, irrigation allocation and climate 

impacts, three gaps remain. First, land-use and irrigation decisions are still predominantly 



analysed in isolation, limiting understanding of their joint governance implications. Second, 

policy instruments are often evaluated under average conditions, with insufficient attention to 

their performance limits under extreme climate stress. Third, yield robustness—a central 

concern for food security and political stability—is rarely treated as an explicit objective in 

land–water governance analysis. 

By addressing these gaps, this study contributes to debates on adaptive water governance under 

climate change. It provides a quantitative framework for analysing land–water trade-offs and 

policy limits in a climate-sensitive irrigation system, and offers empirical insights into when 

efficiency-oriented instruments can stabilise outcomes and when structural constraints 

dominate. 

3. System dynamics modelling 

3.1 Conceptual framework and study area  

To analyse how land-use decisions, irrigation allocation and economic incentives interact under 

climate uncertainty, we develop a SD model representing a typical irrigated rice–wheat double-

cropping system in a monsoon basin in the middle reaches of the Yangtze River. The region is 

characterised by strong seasonal concentration of precipitation and high dependence of winter–

spring crops on irrigation, features that are representative of rice–wheat systems across 

monsoon Asia. The case therefore provides a suitable setting for examining governance 

challenges associated with seasonal water scarcity under climate change. 

The model operates at a ten-day (dekad) time step, which corresponds to the practical decision 

cycle of irrigation scheduling while allowing key crop growth stages and soil-moisture 

dynamics to be resolved explicitly. Water-related variables are consistently represented in both 

depth (mm) and volume (million m³), with conversion based on crop-specific sown area. This 

ensures internal accounting consistency between land-use decisions and basin-scale water 

Figure 1 The four sub-systems included in the model 



availability. 

As illustrated in Figure 1, the SD model integrates four tightly coupled sub-systems: 

(i) a soil-moisture sub-system that represents root-zone water storage for rice and wheat 

as stock variables; 

(ii) a crop-yield sub-system that translates accumulated water stress over successive 

growth stages into seasonal yield outcomes; 

(iii) an available-water sub-system that represents basin-scale allocable water as a stock and 

imposes binding supply constraints on irrigation decisions; and  

(iv) an economic-return sub-system that accumulates revenue, costs policy transfers over 

time. 

Meteorological variables, including precipitation, temperature, humidity, radiation and wind 

speed, enter the model as exogenous drivers. Crop-specific sown areas and dekad-level net 

irrigation depths are treated as decision variables whose trajectories are determined externally 

by the optimisation module and then introduced into the SD framework. Once introduced, these 

decision variables endogenously shape soil-moisture dynamics, yields, water availability and 

economic returns through a series of feedback mechanisms. 

The model explicitly links “cropping area – irrigation – soil moisture – yield – economic returns 

– available water” through endogenous feedbacks within a unified stock–flow structure, rather 

than treating these components as independent optimisation problems (Figure 2). In this way, 

the model is designed to trace how governance-relevant decisions propagate through coupled 

biophysical and economic processes over time. Detailed variable definitions are provided in 

Appendix B. 

 

Figure 2 Stock–flow diagram of the system 



3.2 Key processes and governing relationships 

3.2.1 Soil moisture dynamics and crop water balance 

The soil-moisture sub-system represents root-zone water storage for rice and wheat as stock 

variables at the dekad scale (Basir et al., 2024). Reference evapotranspiration is calculated using 

the FAO Penman–Monteith formulation, and crop- and stage-specific coefficients are applied 

to obtain potential evapotranspiration for each crop (Allen et al., 1998; see Appendix A). 

Root-zone soil moisture evolves according to a water-balance relationship in which effective 

precipitation and net irrigation constitute inflow rate variables, while actual evapotranspiration, 

deep percolation and subsurface drainage constitute outflow rate variables. Water stress is 

determined by comparing current soil-water depletion with a readily available water threshold. 

A water-stress coefficient scales potential to actual evapotranspiration, allowing soil-moisture 

conditions to influence crop water uptake dynamically. 

Net irrigation is constrained by both crop water requirements and basin-level water availability. 

When allocable water is insufficient to satisfy total irrigation demand, an irrigation-reliability 

coefficient distributes limited supplies across crops in proportion to potential demand. This 

formulation closes a feedback loop whereby meteorological variability and irrigation decisions 

jointly determine soil-moisture conditions, which in turn affect subsequent irrigation demand 

and yield formation. 

3.2.2 Crop yield formation 

The crop-yield sub-system links soil-moisture dynamics to seasonal yield outcomes using the 

FAO water–yield response framework. Potential yield is defined under near-optimal water 

conditions, while actual yield emerges as a state-dependent outcome resulting from the 

accumulation of evapotranspiration deficits over successive phenological stages. 

The growing season is divided into crop-specific growth stages, each characterised by a yield-

response factor and weighting coefficient. Stage-level water stress is aggregated to obtain 

seasonal yield reductions. Model parameters are calibrated so that simulated yields under 

historical climate and management conditions reproduce observed yield patterns. 

Through this structure, yields are not imposed exogenously but emerge endogenously from the 

interaction between soil-moisture, irrigation decisions and climatic conditions. 

3.2.3 Basin-scale available water balance 

Available water is represented as a stock variable describing basin-scale allocable water for 

agriculture use. The magnitude of this stock at each dekad is governed by inflow and outflow 

rate variables. Inflows include natural recharge, inter-basin transfers and agricultural return 

flows, while outflows include agricultural withdrawals, ecological releases and other sectoral 



water uses (Sun et al., 2025). 

Natural recharge, inter-basin transfers and non-agricultural demands are treated as exogenous, 

whereas agricultural withdrawals and return flows are endogenously determined by cropping 

structure, irrigation depth and irrigation efficiency. Gross withdrawals are derived by adjusting 

net irrigation for conveyance and application losses, allowing inefficiencies to feed back into 

basin-scale availability via return flows.  

The available water stock functions as an explicit state-dependent constraint on feasible 

irrigation flows at each dekad. Under wet conditions, irrigation is primarily constrained by crop 

demand and economics considerations. under drought or persistent over-extraction, declining 

storage progressively tightens this constraint, forcing trade-offs between crops and growth 

stages. This mechanism captures how climate trends and policy interventions jointly shape both 

short-run irrigation choices and medium-run water availability. 

3.3 Model calibration and validation 

The SD model is calibrated using data from a representative rice–wheat irrigation system in the 

middle Yangtze region. Calibration parameters include crop coefficients, soil water-holding 

capacity, irrigation efficiency, potential yields, yield-response factors, cost coefficients and 

policy parameters.  

Crop calendars are derived from regional cultivation guidelines and agrometeorological 

observations, and potential yields and cost parameters from recent agricultural statistics. Using 

historical meteorological data and observed crop areas and irrigation practices, the model is run 

for 2021 and parameters are adjusted within agronomically plausible ranges until simulated 

yields and total irrigation use fall within acceptable error bounds.  

Model validation follows standard system dynamics practice and focuses on behaviour 

reproduction rather than point prediction. First, a realism test evaluates whether simulated 

yields and water-use trajectories under observed 2021 meteorological conditions and cropping 

patterns are consistent with empirical observations. Simulated rice and wheat yields deviate 

from observed values by approximately ±5% (Figure 3), indicating that the model captures key 

relationships among weather, soil moisture, crop water use and yield outcomes.  



 

Figure 3 Comparison between simulated and observed yields for 2021 

Second, an extreme-condition test examines model behaviour under a stylised extreme-drought 

scenario with zero precipitation. Under this scenario, available-water storage declines rapidly, 

irrigation constraints tighten and yields decrease sharply as soil-water deficits accumulate. The 

model exhibits no negative stocks or unstable dynamics (Figure 4), suggesting that its 

behaviour remains physically and logically consistent under stress conditions. 

 

Figure 4 Simulated yield response under the extreme drought scenario 

Together, these tests indicate that the SD model provides a robust representation of coupled 

land–water–economy dynamics suitable for subsequent optimisation and scenario analysis. 

4. Multi-objective optimisation 

4.1 Objective setting  

After calibration and validation, the SD model is embedded within a multi-objective 

optimization (MOO) framework to identify robust land–water strategies under climate change. 

Because the coupled land–water system is nonlinear, feedback-rich and characterised by 

multiple competing objectives, we employ the NSGA-II evolutionary algorithm, which is well 

suited to approximate non-convex Pareto fronts without gradient information.  



The decision vector comprises crop-specific sown areas and dekad-level net irrigation depths 

for wheat and rice over the planning horizon. For each candidate decision vector, the SD model 

simulates coupled dynamics of soil water, crop growth, yield formation, economic returns and 

basin-scale available water under a given climate–policy scenario. Land- and water-balance 

constraints, upper bounds on total arable land and irrigation water, and minimum area 

requirements for each crop are imposed as inequality constraints. Infeasible solutions are 

penalised and gradually eliminated during the evolutionary search. 

Three policy-relevant objectives are optimised simultaneously.  

First, total net profit over the planning horizon captures the primary economic incentive of 

farmers and local governments. 

Second, irrigation water productivity (IWP) measures total grain output per unit of gross 

irrigation, capturing how effectively scarce water is transformed into production. 

Third, yield stability is represented by cumulative deviation of total production from a baseline 

level, so that land–water strategies that induce large aggregate production losses are penalised. 

These objective functions are all presented in Appendix A. 

Within NSGA-II, candidate land–water strategies are sampled within the feasible decision 

space and evaluated by the SD model to obtain profit, IWP and yield-deviation values. Through 

non-dominated sorting and diversity preservation, the algorithm evolves the population towards 

the Pareto front that characterises trade-offs among economic returns, water-use efficiency and 

production stability. This frontier forms the analytical basis for result interpretation in Section 

4.2. 

4.2 Result analysis  

 

Figure 5 Pareto frontier of the historical baseline model 

4.2.1 Trade-offs under the historical baseline 

The Pareto frontier under the historical baseline scenario reveals pronounced trade-offs among 



irrigation water productivity, economic returns and yield stability（Figure 5). Configurations 

that maximise irrigation water productivity tend to achieve lower total profits, while profit-

oriented strategies are associated with larger cumulative yield deviations.  

Compared with the Baseline Model representing actual 2021 production patterns (Table 1), all 

Pareto-efficient strategies achieve substantial gains in irrigation water productivity—on the 

order of 14%—demonstrating substantial scope to increase grain output per unit of irrigation 

water through joint adjustment of cropping area and irrigation allocation under unchanged 

aggregate land and water constraints. This finding indicates that prevailing land–water 

configurations are not located near the efficiency frontier, even in the absence of additional 

technological change. 

However, strategies that prioritise profit maximisation do so at the cost of increased pressure 

on both land and water systems. The profit-oriented solution increases total profit by 

approximately 5.9% relative to the baseline but simultaneously expands the sown area and 

induces much larger yield deviations. From a governance perspective, this implies heightened 

exposure to production risk and resource stress, particularly under climatic variability. 

Table 1 Performance comparison with the baseline model 

Scheme IWP (t/m³) Profit (billion yuan) Yield deviation (10⁴ t) 

Baseline 0.000838 42.67 0 

Profit-oriented 0.000953 (+13.6%) 45.21 (+5.9%) 124.3 

Knee point / Water-

saving-oriented 
0.000956 (+14.0%) 42.70 (+0.1%) 76.7 

By contrast, the knee-point solution on the Pareto frontier achieves irrigation water productivity 

gains comparable to those of the most water-efficient configurations while maintaining total 

profit at baseline levels. Importantly, this solution slightly reduces total sown area and markedly 

lowers cumulative yield deviation relative to the profit-oriented alternative. As such, it 

represents a balanced land–water strategy that improves efficiency without exacerbating 

production instability or resource pressure. 

4.2.2 Governance-relevant interpretation of optimisation outcomes 

The structure of the Pareto frontier suggests that efficiency gains in irrigation water use are not 

inherently incompatible with economic viability. Rather, the principal tension arises between 

short-term profit maximisation and production stability under constrained land and water 

resources. Profit-oriented strategies implicitly rely on expanded land use and intensified water 

withdrawals, which may be viable under favourable conditions but amplify vulnerability to 

drought and water scarcity.  

The knee-point configuration illustrates the existence of land–water strategies that reconcile 



moderate economic performance with enhanced water-use efficiency and reduced yield 

volatility. From a policy perspective, such strategies align more closely with objectives of 

sustainable agricultural intensification, where incremental efficiency gains are prioritised over 

maximal exploitation of land and water. 

Importantly, these results highlight that optimisation alone does not prescribe a single “optimal” 

strategy. Instead, it delineates a feasible space of trade-offs within which policy choices must 

be made. The Pareto frontier therefore serves as a diagnostic tool for governance, clarifying the 

opportunity costs associated with privileging profit, efficiency or stability under given 

institutional and resource constraints. 

5. Extended results: framework coupling and future baseline analysis 

5.1 Coupling of ML-based climate scenarios, system dynamics and optimisation 

This section extends the analysis by examining future baseline conditions using a coupled 

machine-learning (ML), system dynamics (SD) and multi-objective optimisation framework. 

The overall analytical structure is illustrated in Figure 6, which shows the one-way transfer of 

climatic forcing from the ML module to the SD model and the iterative feedback between the 

SD model and the NSGA-II optimisation algorithm. 

 

Figure 6 interaction model between models 

Within this framework, ML models generate multi-year meteorological sequences that preserve 

observed seasonality, inter-annual variability and extreme-event characteristics. These climate 

series are treated as exogenous drivers and introduced into the SD model, where they influence 

soil moisture dynamics, crop growth, basin-scale available water and economic returns through 

explicit stock–flow relationships. For each candidate land–water strategy proposed by NSGA-

II, the SD model simulates system behaviour over the planning horizon and returns performance 

metrics to the optimisation algorithm. 

The coupling allows systematic exploration of trade-offs among irrigation water productivity, 



economic returns and yield stability under future climatic conditions. Rather than producing a 

single optimal solution, the framework identifies a set of Pareto-efficient strategies that 

characterise the feasible space of land–water decisions under uncertainty. 

5.2 Reliability of ML-generated climatic forcing 

The credibility of future baseline simulations depends on the adequacy of the ML models used 

to generate meteorological inputs (Wi and Steinschneider, 2022). The predictive performance 

of the selected ML models is summarised in Table 2, which reports accuracy metrics for key 

climate variables relevant to crop water demand and evapotranspiration. 

As shown in Table 2, Ridge regression reproduces the seasonal dynamics of relative humidity 

and shortwave radiation with low error, while the HistGradientBoostingRegressor captures 

nonlinear temperature patterns that are critical for reference evapotranspiration estimation. 

Wind-speed variability is represented using gradient-boosted regression trees with Huber loss, 

and precipitation dynamics are modelled using a combined GBRT–Tweedie approach that 

accounts for both extreme events and cumulative rainfall behaviour. 

Table 2 Quantitative results of meteorological forecasts 

Key variables Model MAE RMSE sMAPE(%) 

Average humidity Ridge 4.35 5.70 5.61 

Total solar irradiance Ridge 4.26 5.68 33.60 

Average temperature HGBR 1.97 2.55 13.85 

2m wind speed GBRT 1.83 2.42 21.74 

Cumulative precipitation (short) GBRT 3.53 6.23 128.48 

Cumulative precipitation (long) Tweedie 3.73 5.66 127.98 

These results indicate that the ML-generated climate series are sufficiently reliable for use as 

scenario inputs in multi-year land–water simulations. Importantly, the role of the ML module 

is not to predict specific future weather realisations, but to generate internally consistent 

climatic trajectories that enable stress testing of land–water strategies under plausible future 

conditions. 

5.3 Future baseline optimisation outcomes 

Using the ML-generated climate series as forcing, the coupled SD–optimisation framework is 

applied to derive Pareto-efficient land–water strategies under future baseline conditions. The 

resulting solution set reveals systematic trade-offs among irrigation water productivity, 

economic returns and yield stability. 

Across the Pareto-efficient solutions, configurations that prioritise higher water productivity 



tend to sacrifice economic returns, while profit-oriented strategies are associated with greater 

production variability. Solutions located near the knee of the Pareto frontier represent balanced 

strategies that improve irrigation water productivity without incurring disproportionate yield 

instability. These results provide a reference benchmark for subsequent region-specific and 

policy-focused analyses. 

6. Regional multi-objective optimisation results for Hubei Province 

6.1 Baseline model set-up and regional constraints 

Daily meteorological series for the period 2025–2029 are first generated using the trained 

machine-learning models described in Section 5 and then introduced into the system dynamics 

framework. These time series provide the climatic forcing for all simulations reported in this 

section. 

Regional land and water resource constraints are calibrated using agricultural and water 

statistics for Hubei Province. Key parameters describing arable land availability, irrigation 

water supply and historical utilisation levels are summarised in Table 3. These values define 

upper and lower bounds for cropping area and irrigation allocation and are held constant across 

all scenarios examined in Section 6. 

Based on the regional constraints reported in Table 3 and the ML-generated meteorological 

inputs, a future baseline model is constructed to represent the land–water system under current 

management practices and anticipated climate conditions. This baseline provides a reference 

against which alternative climate and policy scenarios are evaluated in subsequent analyses. 

Table 3 Statistical data for Hubei Province, 2018–2023 

Year Total area (kha) 
Annual growth rate of 

area 

Agricultural water use 

 (10⁸ m³) 

Annual growth rate of 

water use 

2018 3,496.0 – 150.66 – 

2019 3,304.5 –5.48% 153.06 +1.59% 

2020 3,312.1 +0.23% 136.17 –11.04% 

2021 3,324.7 +0.38% 174.45 +28.11% 

2022 3,295.3 –0.88% 192.46 +10.32% 

2023 3,312.6 +0.53% 186.51 –3.09% 

 

6.2 Multi-objective optimisation results under regional constraints 

Subject to the regional land and water constraints defined in Table 3, the NSGA-II algorithm is 

applied to derive Pareto-optimal land–water strategies for Hubei Province over the 2025–2029 

planning horizon. The resulting Pareto frontier is presented in Figure 7.  



As shown in Figure 7, the feasible solution space is substantially narrower than that obtained 

under the future baseline analysis in Section 5, reflecting the binding effects of regional land 

and water limitations. The frontier reveals clear trade-offs among irrigation water productivity, 

economic returns and yield stability. Solutions located toward the profit-maximisation end of 

the frontier are associated with higher water withdrawals and increased production variability, 

while water-saving solutions achieve higher irrigation water productivity at the expense of 

economic returns. 

 

Figure 7 Pareto frontier for the future scenario 

More specifically, profit-oriented solutions prioritise economic returns while exhibiting lower 

irrigation water productivity and greater yield variability. In contrast, water-saving solutions 

maximise irrigation water productivity but entail notable reductions in total economic returns. 

A knee-point solution identified on the Pareto frontier in Figure 7 represents an intermediate 

configuration that moderates these trade-offs, achieving balanced performance across irrigation 

water productivity, economic returns and yield stability. 

Relative to the more extreme solutions along the frontier, the knee-point configuration reduces 

irrigation demand and stabilises yields while maintaining acceptable economic performance. 

This solution is therefore selected as the reference configuration for subsequent climate and 

policy scenario comparisons in Section 6.3. 



6.3 Climate and policy scenario comparison 

To assess the robustness of land–water strategies under different climatic and policy conditions, 

additional scenarios are simulated for Hubei Province, including reduced-precipitation (drought) 

conditions and alternative policy instruments. Specifically, scenarios incorporating irrigation 

quotas, block water pricing and combined policy packages are examined. 

Key performance indicators for all climate–policy combinations are reported in Table 4, 

including irrigation water productivity, total economic returns and yield stability. Under normal 

climatic conditions, Table 4 shows that policy instruments induce moderate improvements in 

water-use efficiency while maintaining production and income levels close to the future 

baseline. These effects are achieved primarily through reallocation of irrigation water toward 

higher-marginal-return uses. 

Under drought conditions, the results in Table 4 indicate substantial declines in both yields and 

economic returns across all policy scenarios. Although quota-based and pricing policies 

partially mitigate income losses, they do not prevent significant reductions in irrigation during 

critical crop growth stages. Differences among policy regimes narrow markedly under drought, 

highlighting the dominance of biophysical constraints over marginal economic incentives when 

water availability becomes severely limited. 

Table 4 Comparison of key indicators across scenarios 

Scenario 
IWP 

 (𝑡/𝑚3) 

Net profit 

 (billion yuan) 

Total yield deviation 

(10⁴ t) 

Future Baseline 0.000831 37.45 0 

Policy adjustment 0.000833 (+0.2%) 36.72 (–1.9%) 38.7 

Extreme drought 0.000702 (–15.5%) 27.51 (–26.6%) 400.4 

Extreme drought + policy adjustment 0.000706 (–15.0%) 27.53 (–26.5%) 393.9 

Taken together, the multi-scenario results reported in Table 4 demonstrate that while policy 

instruments can influence irrigation behaviour under moderate conditions, their effectiveness 

is fundamentally constrained under extreme climatic stress in Hubei Province. 

7. Conclusions 

This study develops an integrated ML–SD–NSGA-II framework to analyse and optimise trade-

offs among the coupled challenges of yield stability, water scarcity and income growth in 

irrigated agriculture under climate change. The framework links ML-based meteorological 

scenario generation, SD simulation of crop–water–economy interactions and multi-objective 

optimisation within a unified decision-support system, using a humid monsoon rice–wheat 

double-cropping region in central China as a representative case with potential transferability 

to other irrigated basins. 



Under current-climate conditions, comparison with the observed baseline reveals substantial 

untapped efficiency. Representative Pareto-optimal schemes increase irrigation water 

productivity by about 14% without relaxing land or water constraints. A profit-oriented 

configuration increases net revenue by about 6% but expands sown area and amplifies yield 

deviation, implying greater exposure to climate risk and land pressure. By contrast, a knee-

point configuration maintains near-baseline profit while improving water-use efficiency, 

slightly reducing sown area and markedly lowering yield deviation, indicating that coordinated 

adjustment of cropping structure and irrigation allocation can deliver “more grain per drop” 

without sacrificing income. 

Future scenario analysis clarifies the differentiated role of economic instruments under climate 

stress. Under differentiated volumetric pricing and otherwise normal weather, water-use 

efficiency improves modestly, profits decline only slightly and yield deviations remain small, 

indicating that tariffs calibrated to local conditions can curb low-value irrigation while 

safeguarding supply during critical growth stages. Under an extreme-drought analogue, sharp 

reductions in effective water availability lead to simultaneous deterioration in efficiency, profit 

and yield stability. In this context, the addition of quotas and block tariffs yields only marginal 

improvements, indicating that prices and subsidies primarily facilitate buffering and 

reallocation and cannot offset absolute water scarcity. Structural measures, including drought-

tolerant varieties, upgraded irrigation technologies and reconfigured crop portfolios, therefore 

remain indispensable. 

Methodologically, the study demonstrates how a transferable ML–SD–NSGA-II framework 

can shift SD-based analysis from ex post scenario exploration toward ex ante multi-objective 

decision support, and how treating yield deviation as an explicit objective helps make trade-

offs among economic returns, resource efficiency and robustness to climatic extremes 

transparent for policy deliberation. Practically, the optimised schemes provide concrete land–

water configurations that improve water productivity while maintaining acceptable income and 

yield stability, and the standardised “forecast–simulate–optimise” workflow can be adapted to 

other climate-sensitive irrigation regions to inform tariff design, subsidy rules and basin 

allocation. 

Nevertheless, several limitations remain. The analysis is calibrated to a single humid monsoon 

system, adopts a simplified representation of groundwater processes and compound extremes, 

and relies on ML-based climate scenarios. Future research should extend the framework to 

semi-arid and groundwater-dependent basins, explicitly couple surface–groundwater regulation 

and water-rights trading, and incorporate ensemble climate projections to assess the robustness 

of policy-relevant trade-offs. 
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Appendix A (Calculation formula) 

𝐿𝑖(𝑡 + ∆𝑡) = 𝐿𝑖(𝑡) + 𝑅𝑖(𝑡)∆𝑡 (1) 

1 𝑚𝑚 ∙ ℎ𝑎 = 10𝑚3，𝑉𝑜𝑙(𝑀𝑚3) = 0.01 × 𝐷𝑒𝑝𝑡ℎ(𝑚𝑚) × 𝐴(kha) (2) 

𝑺𝒐𝒊𝒍𝒄,𝒕
′ = 𝑷𝒄,𝒕

𝒆𝒇𝒇
+ 𝑰𝒄,𝒕

𝒏𝒆𝒕 − 𝑬𝑻𝒔𝒄,𝒕 − 𝑷𝒆𝒓𝒄𝒄,𝒕 (𝟑) 

𝑺𝒐𝒊𝒍𝒄,𝒕+𝟏 = 𝑺𝒐𝒊𝒍𝒄,𝒕 + 𝑺𝒐𝒊𝒍𝒄,𝒕
′ (𝟒) 

𝑷𝒕
𝒆𝒇𝒇

= 𝑷𝒕 × 𝜼
𝒓𝒂𝒊𝒏 (𝟓) 

𝑷𝒄,𝒕
𝒆𝒇𝒇

= 𝑷𝒕
𝒆𝒇𝒇

×
𝑨𝒄
∑ 𝑨𝒄𝒄

(𝟔) 

𝑰𝒄,𝒕
𝒏𝒆𝒕 =

𝑰𝒓𝒓𝒄,𝒕
𝒏𝒆𝒕

𝟎. 𝟎𝟏 × 𝑨𝒄
(𝟕) 

𝑫𝒆𝒑𝒍𝒄,𝒕 = 𝑻𝑨𝑾𝒄 − 𝑺𝒐𝒊𝒍𝒄,𝒕
𝒆𝒇𝒇 (𝟖) 

𝑺𝒐𝒊𝒍𝒄,𝒕
𝒆𝒇𝒇

= 𝐦𝐢𝐧(𝑻𝑨𝑾𝒄 , 𝐦𝐚𝐱(𝟎,  𝑺𝒐𝒊𝒍𝒄,𝒕)) (𝟗) 

𝑹𝑨𝑾𝒄 = 𝑻𝑨𝑾𝒄 × 𝒑𝒄 (𝟏𝟎) 

𝑲𝒔𝒄,𝒕 =

{
 

 
𝟏, 𝑫𝒆𝒑𝒍𝒄,𝒕 ≤ 𝑹𝑨𝑾𝒄

𝑻𝑨𝑾𝒄 − 𝑫𝒆𝒑𝒍𝒄,𝒕
𝑻𝑨𝑾𝒄 − 𝑹𝑨𝑾𝒄

, 𝑹𝑨𝑾𝒄 < 𝑫𝒆𝒑𝒍𝒄,𝒕 < 𝑻𝑨𝑾𝒄

𝟎, 𝑫𝒆𝒑𝒍𝒄,𝒕 ≥ 𝑻𝑨𝑾𝒄

(𝟏𝟏) 
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𝑬𝑻𝒔𝒄,𝒕 = 𝑲𝒔𝒄,𝒕 × 𝑬𝑻𝒄𝒄,𝒕 (𝟏𝟐) 

𝑬𝑻𝒄𝒄,𝒕 = 𝑲𝒄𝒄,𝒕 × 𝑬𝑻𝟎𝒕 (𝟏𝟑) 

𝑬𝑻𝟎𝒕 =
𝟎. 𝟒𝟎𝟖 ×△× (𝑹𝒔𝒕 − 𝑮) + 𝜸 × (

𝟗𝟎𝟎
𝑻𝒕 + 𝟐𝟕𝟑

) × 𝒖𝟐𝒕 × 𝑹𝑯𝒕

△+𝜸 × (𝟏 + 𝟎. 𝟑𝟒 × 𝒖𝟐𝒕)
(𝟏𝟒) 

𝑃𝑒𝑟𝑐𝑐,𝑡 = max{0, 𝑆𝑜𝑖𝑙𝑐,𝑡
𝑒𝑓𝑓

− 𝑇𝐴𝑊𝑐} + 𝜅
𝑑𝑟𝑎𝑖𝑛 ×max{0, 𝑆𝑜𝑖𝑙𝑐,𝑡

𝑒𝑓𝑓
− 𝑇𝐴𝑊𝑐} (15) 

𝟏 −
𝒀𝒂𝒄,𝒕

𝒀𝒎𝒂𝒙𝒄 × 𝒇𝒄,𝒕
= 𝑲𝒚𝒄 × (𝟏 −

∑ 𝑬𝑻𝒔𝒄,𝒕𝒕

∑ 𝑬𝑻𝒄𝒄,𝒕𝒕

) (𝟏𝟔) 

𝒀𝒂𝒄,𝒕 = [𝟏 − 𝑲𝒚𝒄 × (𝟏 −
∑ 𝑬𝑻𝒔𝒄,𝒕𝒕

∑ 𝑬𝑻𝒄𝒄,𝒕𝒕

)] × 𝒀𝒎𝒂𝒙𝒄 × 𝒇𝒄,𝒕 (𝟏𝟕) 

𝑾𝒕+𝟏 = 𝐦𝐚𝐱{𝟎,𝑾𝒕 + 𝑸𝒕
𝒏𝒂𝒕 + 𝑻𝒕

𝒊𝒏 + 𝑹𝒕
𝒓𝒆𝒕 − (𝑰𝒓𝒓𝒕

𝒕𝒐𝒕𝒂𝒍 + 𝑬𝒕
𝒆𝒄𝒐 + 𝑶𝒕)} (𝟏𝟖) 

𝑹𝒕
𝒓𝒆𝒕 =∑ [𝝆𝒄

𝒓𝒇
× 𝟎. 𝟎𝟏 × 𝑨𝒄 × 𝑷𝒆𝒓𝒄𝒄,𝒕 +

𝒄
𝝆𝒄
𝒄𝒉 × (𝑰𝒓𝒓𝒄,𝒕

𝒈𝒓𝒐𝒔𝒔
− 𝑰𝒓𝒓𝒄,𝒕

𝒏𝒆𝒕)] (𝟏𝟗) 

𝑰𝒓𝒓𝒕
𝒕𝒐𝒕𝒂𝒍 =∑ 𝑰𝒓𝒓𝒄,𝒕

𝒈𝒓𝒐𝒔𝒔

𝒄
(𝟐𝟎) 

𝑰𝒓𝒓𝒄,𝒕
𝒈𝒓𝒐𝒔𝒔

=
𝑰𝒓𝒓𝒄,𝒕

𝒏𝒆𝒕

𝜼𝒊𝒓𝒓𝒊𝒈
(𝟐𝟏) 

𝑰𝒓𝒓𝒄,𝒕
𝒏𝒆𝒕 = 𝒎𝒊𝒏 (𝑹𝒆𝒒𝒄,𝒕

𝒏𝒆𝒕 ,
𝑨𝒄

∑ 𝑨𝒄𝒄
×𝑾𝒕

𝒂𝒈𝒓
) × 𝜼𝒊𝒓𝒓𝒊𝒈 (𝟐𝟐)  

𝑾𝒕
𝒂𝒈𝒓

= 𝒎𝒊𝒏{𝑷𝒎𝒂𝒙,  𝑾𝒕−𝟏 +𝑸𝒕
𝒏𝒂𝒕 + 𝑻𝒕

𝒊𝒏 + 𝑹𝒕−𝟏
𝒓𝒆𝒕 − (𝑬𝒕

𝒆𝒄𝒐 +𝑶𝒕)} (𝟐𝟑)  

𝚷𝒕 = 𝑹𝒆𝒗𝒕 − 𝑪𝒐𝒔𝒕𝒕 + 𝑺𝒖𝒃𝒔𝒊𝒅𝒚𝒕 − 𝑻𝒂𝒙𝒕 (𝟐𝟒) 

𝑹𝒆𝒗𝒕 =∑ 𝐏𝒄
𝒎𝒌 × 𝒀𝒂𝒄,𝒕 × 𝑨𝒄

𝒄
(𝟐𝟓) 

𝑪𝒐𝒔𝒕𝒕 = 𝑪𝒕
𝒘𝒂𝒕𝒆𝒓 + 𝑪𝒕

𝒆𝒏𝒆𝒓𝒈𝒚
+ 𝑪𝒕

𝒗𝒂𝒓 (𝟐𝟔) 

𝑪𝒕
𝒘𝒂𝒕𝒆𝒓 = 𝝅𝒘 × 𝟏𝟎𝟔 ×∑ 𝑰𝒓𝒓𝒄,𝒕

𝒈𝒓𝒐𝒔𝒔

𝒄
(𝟐𝟕) 

𝑪𝒕
𝒆𝒏𝒆𝒓𝒈𝒚

= 𝝅𝒆 × 𝑬𝒕
𝒊𝒓𝒓𝒊𝒈 (𝟐𝟖) 

𝐸𝑡
𝑖𝑟𝑟𝑖𝑔

=∑ 𝑒 × 𝐼𝑟𝑟𝑐,𝑡
𝑔𝑟𝑜𝑠𝑠

𝑐
(29) 

max∑ Π𝑡
𝑡

=∑ (𝑅𝑒𝑣𝑡
𝑡

− 𝐶𝑡
𝑤𝑎𝑡𝑒𝑟 − 𝐶𝑡

𝑒𝑛𝑒𝑟𝑔𝑦
) (30) 

𝐼𝑊𝑃 =
∑ ∑ 𝑌𝑎𝑐,𝑡 × 𝐴𝑐𝑐𝑡

∑ ∑ 𝐼𝑟𝑟𝑐,𝑡
𝑔𝑟𝑜𝑠𝑠

𝑐𝑡

(31) 



𝐷𝑒𝑣 = √∑ (∑ 𝑌𝑎𝑐,𝑡 − 𝑌𝑎𝑐
∗

𝑡
)2

𝑐
(32) 

𝑅𝑒𝑞𝑐,𝑡
𝑛𝑒𝑡 = 0.01 × 𝐴𝑐 × 𝐼𝑐,𝑡

𝑛𝑒𝑡−𝑟𝑒𝑞 (33) 

𝐼𝑐,𝑡
𝑛𝑒𝑡−𝑟𝑒𝑞

= max{0, 𝑇𝐴𝑊𝑐 , −𝑆𝑜𝑖𝑙𝑐,𝑡} (34)  

0 ≤ 𝐼𝑟𝑟𝑐,𝑡
𝑛𝑒𝑡 ≤ 𝑅𝑒𝑞𝑐,𝑡

𝑛𝑒𝑡 (35) 

𝐼𝑟𝑟𝑐,𝑡
𝑛𝑒𝑡 ≥ 𝜙𝑐,𝑡 × 𝑅𝑒𝑞𝑐,𝑡

𝑛𝑒𝑡 (36) 

∑ ∑ 𝐼𝑟𝑟𝑐,𝑡
𝑔𝑟𝑜𝑠𝑠

𝑐𝑡
≤ 𝐵𝑚𝑎𝑥 (37) 

∑ 𝐴𝑐
𝑐

≤ 𝐴𝑡𝑜𝑡𝑎𝑙 (38) 

𝐴𝑐 , 𝐼𝑟𝑟𝑐,𝑡
𝑛𝑒𝑡 ≥ 0 (39) 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

(40) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

(41) 

𝑠𝑀𝐴𝑃𝐸 =
100%

𝑛
∑

|𝑦𝑖 − 𝑦̂𝑖|

|𝑦𝑖| + |𝑦̂𝑖|
2

𝑛

𝑖=1

(42) 

Appendix B  

Table 5 Definitions of variables 

Variable Symbol Unit Type Sub-system 

Crop 𝑐 ∈ (𝑟𝑖𝑐𝑒, 𝑤ℎ𝑒𝑎𝑡) - - - 

Dekad index 𝑡 = 1,… , 43 dekad - - 

Mean temperature 𝑇𝑡 °𝐶 Exo Soil moisture 

Mean relative humidity 𝑅𝐻𝑡 % Exo Soil moisture 

2m wind speed 𝑢2𝑡 𝑚/𝑠 Exo Soil moisture 

Shortwave radiation 𝑅𝑠𝑡 𝑀𝐽/(𝑚2 ∙ 𝑑𝑒𝑘𝑎𝑑 ) Exo Soil moisture 

Precipitation 𝑃𝑡 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Exo Soil moisture 

Effective rainfall 𝑃𝑐,𝑡
𝑒𝑓𝑓

 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Aux Soil moisture 

Saturation vapor pressure 𝑒𝑠 𝑘𝑃𝑎 Aux Soil moisture 

Slope of saturation vapor curve Δ 𝑘𝑃𝑎/°𝐶 Aux Soil moisture 

Reference evapotranspiration 𝐸𝑇0𝑡 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Aux Soil moisture 

Crop coefficient 𝐾𝑐𝑐  𝐷𝑚𝑛𝑙 Exo Soil moisture 

Potential evapotranspiration 𝐸𝑇𝑐𝑐,𝑡 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Aux Soil moisture 

Water-stress coefficient 𝐾𝑠𝑐,𝑡 𝐷𝑚𝑛𝑙 Aux Soil moisture 



Variable Symbol Unit Type Sub-system 

Actual evapotranspiration 𝐸𝑇𝑠𝑐,𝑡 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Aux Soil moisture 

Soil water storage (crop) 𝑆𝑜𝑖𝑙𝑐,𝑡 𝑚𝑚 Stock Soil moisture 

Effective soil water storage 𝑆𝑜𝑖𝑙𝑐,𝑡
𝑒𝑓𝑓

 𝑚𝑚 Aux Soil moisture 

Net water supply to crop 𝐼𝑐,𝑡
𝑛𝑒𝑡  𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Aux Soil moisture 

Net irrigation for crop 𝐼𝑟𝑟𝑐,𝑡
𝑛𝑒𝑡 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Exo Soil moisture 

Deep percolation 𝑃𝑒𝑟𝑐𝑐,𝑡 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Aux Soil moisture 

Total available water 𝑇𝐴𝑊𝑐 𝑚𝑚 Exo Soil moisture 

Allowable depletion fraction 𝑝𝑐 𝐷𝑚𝑛𝑙 Exo Soil moisture 

Readily available water 𝑅𝐴𝑊𝑐  𝑚𝑚 Aux Soil moisture 

Root-zone water depletion 𝐷𝑒𝑝𝑙𝑐,𝑡 𝑚𝑚 Aux Soil moisture 

Subsurface drainage coefficient 𝜅𝑑𝑟𝑎𝑖𝑛 1/𝑑𝑒𝑘𝑎𝑑 Exo Soil moisture 

Crop area 𝐴𝑐  𝑘ℎ𝑎 Exo Soil moisture 

Yield per unit area 𝑌𝑎𝑐 𝑡/𝑘ℎ𝑎 Stock Crop yield 

Maximum potential yield 𝑌𝑚𝑎𝑥𝑐 𝑡/𝑘ℎ𝑎 Exo Crop yield 

Yield response factor 𝐾𝑦𝑐  𝐷𝑚𝑛𝑙 Exo Crop yield 

Growth-stage weight 𝑓𝑐,𝑡 𝐷𝑚𝑛𝑙 Exo Crop yield 

Available-water storage 𝑊𝑡 𝑀𝑚3 Stock Available water 

Agricultural water available 𝑊𝑡
𝑎𝑔𝑟

 𝑀𝑚3 Aux Available water 

Natural recharge 𝑄𝑡
𝑛𝑎𝑡 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Aux Available water 

Inter-basin water transfer 𝑇𝑡
𝑖𝑛 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Exo Available water 

Return flow 𝑅𝑡
𝑟𝑒𝑡 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Aux Available water 

Ecological water reserved 𝐸𝑐,𝑡
𝑒𝑐𝑜 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Exo Available water 

Other water uses 𝑂𝑡 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Exo Available water 

Gross irrigation for crop 𝐼𝑟𝑟𝑐,𝑡
𝑔𝑟𝑜𝑠𝑠

 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Aux Available water 

Total agricultural allocation 𝐼𝑟𝑟𝑡
𝑡𝑜𝑡𝑎𝑙 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Aux Available water 

Overall irrigation efficiency 𝜂𝑖𝑟𝑟𝑖𝑔 𝐷𝑚𝑛𝑙 Exo Available water 

Recoverable fraction of field loss 𝜌𝑐
𝑐ℎ % Exo Available water 

Recoverable fraction of percolation 𝜌𝑐
𝑟𝑓

 % Exo Available water 

Upper limit of dekad peak 𝑃𝑚𝑎𝑥 𝑀𝑚3/𝑑𝑒𝑘𝑎𝑑 Exo Available water 

Net water requirement in root zone 𝐼𝑐,𝑡
𝑛𝑒𝑡−𝑟𝑒𝑞

 𝑚𝑚/𝑑𝑒𝑘𝑎𝑑 Aux Available water 

Cumulative economic returns Π𝑡 𝐶𝑁𝑌 Stock Economic returns 

Sales revenue 𝑅𝑒𝑣𝑡 𝐶𝑁𝑌/𝑑𝑒𝑘𝑎𝑑 Aux Economic returns 

Crop price P𝑐
𝑚𝑘 𝐶𝑁𝑌/𝑡 Exo Economic returns 

Water price 𝜋𝑤 𝐶𝑁𝑌/𝑚3 Aux Economic returns 

Water cost 𝐶𝑡
𝑤𝑎𝑡𝑒𝑟 𝐶𝑁𝑌/𝑑𝑒𝑘𝑎𝑑 Aux Economic returns 

Unit energy price 𝜋𝑒 𝐶𝑁𝑌/𝑘𝑊ℎ Exo Economic returns 

Energy use for irrigation pumping 𝐸𝑡
𝑖𝑟𝑟𝑖𝑔

 𝑘𝑊ℎ/𝑚3 Aux Economic returns 

Energy cost 𝐶𝑡
𝑒𝑛𝑒𝑟𝑔𝑦

 𝐶𝑁𝑌/𝑑𝑒𝑘𝑎𝑑 Aux Economic returns 

Other variable costs 𝐶𝑡
𝑣𝑎𝑟 𝐶𝑁𝑌/𝑑𝑒𝑘𝑎𝑑 Exo Economic returns 

Total cost 𝐶𝑜𝑠𝑡𝑡 𝐶𝑁𝑌/𝑑𝑒𝑘𝑎𝑑 Aux Economic returns 

Pollution charge 𝑇𝑎𝑥𝑡 𝐶𝑁𝑌/𝑑𝑒𝑘𝑎𝑑 Exo Economic returns 

Policy subsidy 𝑆𝑢𝑏𝑠𝑖𝑑𝑦𝑡 𝐶𝑁𝑌/𝑑𝑒𝑘𝑎𝑑 Aux Economic returns 

 



  t /   m 3


        L  i  ( t + ∆ t ) =   L  i  ( t ) +   R  i  ( t ) ∆ t #  ( 1 )


      1   m m ∙ h a = 10   m 3 ， V o l  ( M   m 3 ) = 0 . 01 × D e p t h  ( m m ) × A  ( kha ) #  ( 2 )


      1   m m ∙ h a = 10   m 3 ， V o l  ( M   m 3 ) = 0 . 01 × D e p t h  ( m m ) × A  ( kha ) #  ( 2 )


        𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 ′ =   𝑷  𝒄 , 𝒕  𝒆 𝒇 𝒇 +   𝑰  𝒄 , 𝒕  𝒏 𝒆 𝒕 −   𝑬 𝑻 𝒔  𝒄 , 𝒕 −   𝑷 𝒆 𝒓 𝒄  𝒄 , 𝒕 #  ( 𝟑 )


        𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 ′ =   𝑷  𝒄 , 𝒕  𝒆 𝒇 𝒇 +   𝑰  𝒄 , 𝒕  𝒏 𝒆 𝒕 −   𝑬 𝑻 𝒔  𝒄 , 𝒕 −   𝑷 𝒆 𝒓 𝒄  𝒄 , 𝒕 #  ( 𝟑 )


        𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 + 𝟏 =   𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 +   𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 ′ #  ( 𝟒 )


        𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 + 𝟏 =   𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 +   𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 ′ #  ( 𝟒 )


        𝑷  𝒕  𝒆 𝒇 𝒇 =   𝑷  𝒕 ×   𝜼  𝒓 𝒂 𝒊 𝒏 #  ( 𝟓 )


        𝑷  𝒕  𝒆 𝒇 𝒇 =   𝑷  𝒕 ×   𝜼  𝒓 𝒂 𝒊 𝒏 #  ( 𝟓 )


        𝑷  𝒄 , 𝒕  𝒆 𝒇 𝒇 =   𝑷  𝒕  𝒆 𝒇 𝒇 ×     𝑨  𝒄    ∑  𝒄    𝑨  𝒄 #  ( 𝟔 )


        𝑷  𝒄 , 𝒕  𝒆 𝒇 𝒇 =   𝑷  𝒕  𝒆 𝒇 𝒇 ×     𝑨  𝒄    ∑  𝒄    𝑨  𝒄 #  ( 𝟔 )


        𝑰  𝒄 , 𝒕  𝒏 𝒆 𝒕 =     𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒏 𝒆 𝒕  𝟎 . 𝟎 𝟏 ×   𝑨  𝒄 #  ( 𝟕 )


        𝑰  𝒄 , 𝒕  𝒏 𝒆 𝒕 =     𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒏 𝒆 𝒕  𝟎 . 𝟎 𝟏 ×   𝑨  𝒄 #  ( 𝟕 )


        𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 =   𝑻 𝑨 𝑾  𝒄 −   𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕  𝒆 𝒇 𝒇 #  ( 𝟖 )


        𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 =   𝑻 𝑨 𝑾  𝒄 −   𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕  𝒆 𝒇 𝒇 #  ( 𝟖 )


        𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕  𝒆 𝒇 𝒇 =   𝐦 𝐢 𝐧 ⁡   (   𝑻 𝑨 𝑾  𝒄   ,   𝐦 𝐚 𝐱 ⁡   ( 𝟎 ,       𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 ) ) #  ( 𝟗 )


        𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕  𝒆 𝒇 𝒇 =   𝐦 𝐢 𝐧 ⁡   (   𝑻 𝑨 𝑾  𝒄   ,   𝐦 𝐚 𝐱 ⁡   ( 𝟎 ,       𝑺 𝒐 𝒊 𝒍  𝒄 , 𝒕 ) ) #  ( 𝟗 )


        𝑹 𝑨 𝑾  𝒄 =   𝑻 𝑨 𝑾  𝒄 ×   𝒑  𝒄 #  ( 𝟏 𝟎 )


        𝑹 𝑨 𝑾  𝒄 =   𝑻 𝑨 𝑾  𝒄 ×   𝒑  𝒄 #  ( 𝟏 𝟎 )


        𝑲 𝒔  𝒄 , 𝒕 =  {     𝟏 ,        𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 ≤   𝑹 𝑨 𝑾  𝒄        𝑻 𝑨 𝑾  𝒄 −   𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕    𝑻 𝑨 𝑾  𝒄 −   𝑹 𝑨 𝑾  𝒄 ,        𝑹 𝑨 𝑾  𝒄 <   𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 <   𝑻 𝑨 𝑾  𝒄    𝟎 ,        𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 ≥   𝑻 𝑨 𝑾  𝒄 #  ( 𝟏 𝟏 )


        𝑲 𝒔  𝒄 , 𝒕 =  {     𝟏 ,        𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 ≤   𝑹 𝑨 𝑾  𝒄        𝑻 𝑨 𝑾  𝒄 −   𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕    𝑻 𝑨 𝑾  𝒄 −   𝑹 𝑨 𝑾  𝒄 ,        𝑹 𝑨 𝑾  𝒄 <   𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 <   𝑻 𝑨 𝑾  𝒄    𝟎 ,        𝑫 𝒆 𝒑 𝒍  𝒄 , 𝒕 ≥   𝑻 𝑨 𝑾  𝒄 #  ( 𝟏 𝟏 )


        𝑬 𝑻 𝒔  𝒄 , 𝒕 =   𝑲 𝒔  𝒄 , 𝒕 ×   𝑬 𝑻 𝒄  𝒄 , 𝒕 #  ( 𝟏 𝟐 )


        𝑬 𝑻 𝒄  𝒄 , 𝒕 =   𝑲 𝒄  𝒄 , 𝒕 ×   𝑬 𝑻 𝟎  𝒕 #  ( 𝟏 𝟑 )


        𝑬 𝑻 𝒄  𝒄 , 𝒕 =   𝑲 𝒄  𝒄 , 𝒕 ×   𝑬 𝑻 𝟎  𝒕 #  ( 𝟏 𝟑 )


        𝑬 𝑻 𝟎  𝒕 =   𝟎 . 𝟒 𝟎 𝟖 × △ ×  (   𝑹 𝒔  𝒕 − 𝑮 ) + 𝜸 ×  (   𝟗 𝟎 𝟎    𝑻  𝒕 + 𝟐 𝟕 𝟑 ) ×   𝒖  𝟐 𝒕   × 𝑹 𝑯  𝒕  △ + 𝜸 ×  ( 𝟏 + 𝟎 . 𝟑 𝟒   × 𝒖  𝟐 𝒕 ) #  ( 𝟏 𝟒 )


        𝑬 𝑻 𝟎  𝒕 =   𝟎 . 𝟒 𝟎 𝟖 × △ ×  (   𝑹 𝒔  𝒕 − 𝑮 ) + 𝜸 ×  (   𝟗 𝟎 𝟎    𝑻  𝒕 + 𝟐 𝟕 𝟑 ) ×   𝒖  𝟐 𝒕   × 𝑹 𝑯  𝒕  △ + 𝜸 ×  ( 𝟏 + 𝟎 . 𝟑 𝟒   × 𝒖  𝟐 𝒕 ) #  ( 𝟏 𝟒 )


        P e r c  c , t =  max ⁡   { 0 ,     S o i l  c , t  e f f −   T A W  c } +   𝜅  d r a i n ×  max ⁡   { 0 ,     S o i l  c , t  e f f −   T A W  c } #  ( 15 )


        P e r c  c , t =  max ⁡   { 0 ,     S o i l  c , t  e f f −   T A W  c } +   𝜅  d r a i n ×  max ⁡   { 0 ,     S o i l  c , t  e f f −   T A W  c } #  ( 15 )


      𝟏 −     𝒀 𝒂  𝒄 , 𝒕    𝒀 𝒎 𝒂 𝒙  𝒄 ×   𝒇  𝒄 , 𝒕 =   𝑲 𝒚  𝒄 ×  ( 𝟏 −     ∑  𝒕    𝑬 𝑻 𝒔  𝒄 , 𝒕    ∑  𝒕    𝑬 𝑻 𝒄  𝒄 , 𝒕 ) #  ( 𝟏 𝟔 )


      𝟏 −     𝒀 𝒂  𝒄 , 𝒕    𝒀 𝒎 𝒂 𝒙  𝒄 ×   𝒇  𝒄 , 𝒕 =   𝑲 𝒚  𝒄 ×  ( 𝟏 −     ∑  𝒕    𝑬 𝑻 𝒔  𝒄 , 𝒕    ∑  𝒕    𝑬 𝑻 𝒄  𝒄 , 𝒕 ) #  ( 𝟏 𝟔 )


        𝒀 𝒂  𝒄 , 𝒕 =  [ 𝟏 −   𝑲 𝒚  𝒄 ×  ( 𝟏 −     ∑  𝒕    𝑬 𝑻 𝒔  𝒄 , 𝒕    ∑  𝒕    𝑬 𝑻 𝒄  𝒄 , 𝒕 ) ] ×   𝒀 𝒎 𝒂 𝒙  𝒄 ×   𝒇  𝒄 , 𝒕 #  ( 𝟏 𝟕 )


        𝒀 𝒂  𝒄 , 𝒕 =  [ 𝟏 −   𝑲 𝒚  𝒄 ×  ( 𝟏 −     ∑  𝒕    𝑬 𝑻 𝒔  𝒄 , 𝒕    ∑  𝒕    𝑬 𝑻 𝒄  𝒄 , 𝒕 ) ] ×   𝒀 𝒎 𝒂 𝒙  𝒄 ×   𝒇  𝒄 , 𝒕 #  ( 𝟏 𝟕 )


        𝑾  𝒕 + 𝟏 =   𝐦 𝐚 𝐱 ⁡   { 𝟎 ,     𝑾  𝒕 +   𝑸  𝒕  𝒏 𝒂 𝒕 +   𝑻  𝒕  𝒊 𝒏 +   𝑹  𝒕  𝒓 𝒆 𝒕 −  (   𝑰 𝒓 𝒓  𝒕  𝒕 𝒐 𝒕 𝒂 𝒍 +   𝑬  𝒕  𝒆 𝒄 𝒐 +   𝑶  𝒕 ) } #  ( 𝟏 𝟖 )


        𝑾  𝒕 + 𝟏 =   𝐦 𝐚 𝐱 ⁡   { 𝟎 ,     𝑾  𝒕 +   𝑸  𝒕  𝒏 𝒂 𝒕 +   𝑻  𝒕  𝒊 𝒏 +   𝑹  𝒕  𝒓 𝒆 𝒕 −  (   𝑰 𝒓 𝒓  𝒕  𝒕 𝒐 𝒕 𝒂 𝒍 +   𝑬  𝒕  𝒆 𝒄 𝒐 +   𝑶  𝒕 ) } #  ( 𝟏 𝟖 )


        𝑹  𝒕  𝒓 𝒆 𝒕 =   ∑  𝒄  [   𝝆  𝒄  𝒓 𝒇 × 𝟎 . 𝟎 𝟏 ×   𝑨  𝒄 ×   𝑷 𝒆 𝒓 𝒄  𝒄 , 𝒕 +   𝝆  𝒄  𝒄 𝒉 × (   𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 −   𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒏 𝒆 𝒕 ) ] #  ( 𝟏 𝟗 )


        𝑹  𝒕  𝒓 𝒆 𝒕 =   ∑  𝒄  [   𝝆  𝒄  𝒓 𝒇 × 𝟎 . 𝟎 𝟏 ×   𝑨  𝒄 ×   𝑷 𝒆 𝒓 𝒄  𝒄 , 𝒕 +   𝝆  𝒄  𝒄 𝒉 × (   𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 −   𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒏 𝒆 𝒕 ) ] #  ( 𝟏 𝟗 )


        𝑰 𝒓 𝒓  𝒕  𝒕 𝒐 𝒕 𝒂 𝒍 =   ∑  𝒄    𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 #  （ 𝟐 𝟎 ）


        𝑰 𝒓 𝒓  𝒕  𝒕 𝒐 𝒕 𝒂 𝒍 =   ∑  𝒄    𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 #  （ 𝟐 𝟎 ）


        𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 =     𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒏 𝒆 𝒕    𝜼  𝒊 𝒓 𝒓 𝒊 𝒈 #  ( 𝟐 𝟏 )


        𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 =     𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒏 𝒆 𝒕    𝜼  𝒊 𝒓 𝒓 𝒊 𝒈 #  ( 𝟐 𝟏 )


        𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒏 𝒆 𝒕 = 𝒎 𝒊 𝒏  (   𝑹 𝒆 𝒒  𝒄 , 𝒕  𝒏 𝒆 𝒕   ,       𝑨  𝒄    ∑  𝒄    𝑨  𝒄 ×   𝑾  𝒕  𝒂 𝒈 𝒓 ) ×   𝜼  𝒊 𝒓 𝒓 𝒊 𝒈 #  ( 𝟐 𝟐 )


        𝑾  𝒕  𝒂 𝒈 𝒓 = 𝒎 𝒊 𝒏  {   𝑷  𝒎 𝒂 𝒙 ,       𝑾  𝒕 − 𝟏 +   𝑸  𝒕  𝒏 𝒂 𝒕 +   𝑻  𝒕  𝒊 𝒏 +   𝑹  𝒕 − 𝟏  𝒓 𝒆 𝒕 −  (   𝑬  𝒕  𝒆 𝒄 𝒐 +   𝑶  𝒕 ) } #  ( 𝟐 𝟑 )


        𝚷  𝒕 =   𝑹 𝒆 𝒗  𝒕 −   𝑪 𝒐 𝒔 𝒕  𝒕 +   𝑺 𝒖 𝒃 𝒔 𝒊 𝒅 𝒚  𝒕 −   


        𝑹 𝒆 𝒗  𝒕 =   ∑  𝒄    𝐏  𝒄  𝒎 𝒌 ×   𝒀 𝒂  𝒄 , 𝒕 ×   𝑨  𝒄 #  ( 𝟐 𝟓 )


        𝑹 𝒆 𝒗  𝒕 =   ∑  𝒄    𝐏  𝒄  𝒎 𝒌 ×   𝒀 𝒂  𝒄 , 𝒕 ×   𝑨  𝒄 #  ( 𝟐 𝟓 )


        𝑪 𝒐 𝒔 𝒕  𝒕 =   𝑪  𝒕  𝒘 𝒂 𝒕 𝒆 𝒓 +   𝑪  𝒕  𝒆 𝒏 𝒆 𝒓 𝒈 𝒚 +   𝑪  𝒕  𝒗 𝒂 𝒓 #  ( 𝟐 𝟔 )


        𝑪 𝒐 𝒔 𝒕  𝒕 =   𝑪  𝒕  𝒘 𝒂 𝒕 𝒆 𝒓 +   𝑪  𝒕  𝒆 𝒏 𝒆 𝒓 𝒈 𝒚 +   𝑪  𝒕  𝒗 𝒂 𝒓 #  ( 𝟐 𝟔 )


        𝑪  𝒕  𝒘 𝒂 𝒕 𝒆 𝒓 =   𝝅  𝒘 ×   𝟏 𝟎  𝟔 ×   ∑  𝒄    𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 #  ( 𝟐 𝟕 )


        𝑪  𝒕  𝒘 𝒂 𝒕 𝒆 𝒓 =   𝝅  𝒘 ×   𝟏 𝟎  𝟔 ×   ∑  𝒄    𝑰 𝒓 𝒓  𝒄 , 𝒕  𝒈 𝒓 𝒐 𝒔 𝒔 #  ( 𝟐 𝟕 )


        𝑪  𝒕  𝒆 𝒏 𝒆 𝒓 𝒈 𝒚 =   𝝅  𝒆 ×   𝑬  𝒕  𝒊 𝒓 𝒓 𝒊 𝒈 #  ( 𝟐 𝟖 )


        𝑪  𝒕  𝒆 𝒏 𝒆 𝒓 𝒈 𝒚 =   𝝅  𝒆 ×   𝑬  𝒕  𝒊 𝒓 𝒓 𝒊 𝒈 #  ( 𝟐 𝟖 )


        E  t  i r r i g =   ∑  c    e × I r r  c , t  g r o s s #  ( 29 )


        E  t  i r r i g =   ∑  c    e × I r r  c , t  g r o s s #  ( 29 )


       max ⁡    ∑  t   Π  t =   ∑  t  (   R e v  t −   C  t  w a t e r −   C  t  e n e r g y ) #  ( 30 )


       max ⁡    ∑  t   Π  t =   ∑  t  (   R e v  t −   C  t  w a t e r −   C  t  e n e r g y ) #  ( 30 )


      I W P =     ∑  t    ∑  c    Y a  c , t ×   A  c    ∑  t    ∑  c    I r r  c , t  g r o s s #  ( 31 )


      I W P =     ∑  t    ∑  c    Y a  c , t ×   A  c    ∑  t    ∑  c    I r r  c , t  g r o s s #  ( 31 )


      D e v =    ∑  c    (   ∑  t    Y a  c , t −     Y a  c ∗ ) 2 #  ( 32 )


        R e q  c , t  n e t = 0 . 01 ×   A  c ×   I  c , t  n e t − r e q #  ( 33 )


        R e q  c , t  n e t = 0 . 01 ×   A  c ×   I  c , t  n e t − r e q #  ( 33 )


        I  c , t  n e t − r e q =  max ⁡   { 0 ,     T A W  c ,     − S o i l  c , t } #  ( 34 )  


        I  c , t  n e t − r e q =  max ⁡   { 0 ,     T A W  c ,     − S o i l  c , t } #  ( 34 )  


      0 ≤   I r r  c , t  n e t ≤   R e q  c , t  n e t #  ( 35 )


      0 ≤   I r r  c , t  n e t ≤   R e q  c , t  n e t #  ( 35 )


        I r r  c , t  n e t ≥   𝜙  c , t ×   R e q  c , t  n e t #  ( 36 )


        I r r  c , t  n e t ≥   𝜙  c , t ×   R e q  c , t  n e t #  ( 36 )


        ∑  t    ∑  c    I r r  c , t  g r o s s ≤   B  m a x #  ( 37 )


        ∑  t    ∑  c    I r r  c , t  g r o s s ≤   B  m a x #  ( 37 )


        ∑  c    A  c ≤   A  t o t a l #  ( 38 )


        ∑  c    A  c ≤   A  t o t a l #  ( 38 )


        A  c ,     I r r  c , t  n e t ≥ 0 #  ( 39 )


        A  c ,     I r r  c , t  n e t ≥ 0 #  ( 39 )
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