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The Hebei irrigation districts, which are crucial for China’s grain security, face severe challenges in the water-energy-food nexus, with 72% of groundwater areas being over-exploited and 60% of total energy consumption attributed to pumping systems. This study develops a digital twin-enabled framework integrating three innovations: an enhanced NSGA-III algorithm achieving 18.5% water conservation and 1285 kWh per hectare energy reduction through dynamic reference points and hybrid constraints, a four-dimensional nexus model capturing nonlinear economic returns with a determination coefficient of 0.913 and groundwater recovery of 0.07 meters during droughts, and a real-time verification platform demonstrating groundwater prediction accuracy of 0.03 meters and decision latency of 186 milliseconds. Empirical validation using multi-year data from 32 meteorological stations and 48 soil sensors confirmed a yield simulation error of 0.48% and robustness under 30% electricity price fluctuations. The scalability of the framework was demonstrated in the Hexi Corridor, achieving 15.3% water savings and 77% decision acceptance through adaptive calibration. Comparative analysis showed a 22.3% higher solution diversity compared to industrial benchmarks, while reducing monthly optimization cycles to 15-minute intervals. This paradigm shift resolves the dilemma between water conservation and energy cost, providing actionable solutions for 89% of China’s water-stressed farmlands. The implementation cost of 485,000 USD is offset within 6.2 years through a 19% reduction in pumping costs, demonstrating the technical and economic viability for global arid regions.
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1 Introduction

As a core area for grain production in China, Hebei Province is facing a deep-seated contradiction between water resource scarcity and multi-objective coordination (Zhang et al., 2025a, 2025b). The region has an average annual precipitation of less than 550 millimeters, with per capita water resources being only one-seventh of the national average, and agricultural water use accounting for over 60% of the total for a long time (Korenhof et al., 2025; Elshaboury et al., 2025; Li et al., 2025a, 2025b). Against the backdrop of climate change and accelerated urbanization, the area of groundwater over-extraction in irrigation areas has accounted for 72% of the total area of the plain, leading to ecological crises such as land subsidence (Kryvoruchko et al., 2025). Traditional water resource management models focus on single-objective optimization, such as water conservation through canal seepage prevention or increasing yield by adjusting planting structures, but they struggle to coordinate the complex interconnections between water, energy, and food systems (Pham et al., 2025; Chen et al., 2025). This fragmented management results in persistently high energy consumption in pump stations and increased fluctuations in grain production, necessitating the establishment of a multi-objective coordination mechanism to resolve the resource triangle dilemma (Du et al., 2025).

Currently, the optimization of water resources in irrigation areas faces three technical challenges. Firstly, there are inherent conflicts between objectives: water-saving measures may increase energy consumption, high-yield crop cultivation often exacerbates water resource pressure, and policy-driven ecological protection requirements further constrain decision-making space (Wang et al., 2025). Secondly, classical optimization algorithms significantly reduce efficiency when dealing with high-dimensional objectives, especially when nonlinear constraints are involved, and they are prone to falling into local optimal solutions (Sun et al., 2025; Li et al., 2025a, 2025b). More critically, static optimization models struggle to cope with the dynamic impacts of climate fluctuations and policy adjustments, such as sudden changes in irrigation demand caused by drought events or changes in energy costs triggered by carbon emission reduction policies (Yang et al., 2025a, 2025b). These shortcomings make existing methods difficult to support sustainable development decisions in irrigation areas (Kumar et al., 2025).

In response to the aforementioned challenges, there is an urgent need to develop innovative paradigms that integrate intelligent algorithms with dynamic verification. Multi-objective evolutionary algorithms, due to their global search capabilities, have demonstrated potential in solving resource allocation problems. However, standard algorithms still exhibit limitations such as low convergence efficiency and poor distribution of solutions when dealing with complex constraints (Yang et al., 2025a, 2025b; Jie et al., 2025; Zhang et al., 2025a, 2025b). Simultaneously, the effectiveness of optimization results is highly dependent on actual environmental responses, and offline simulations struggle to mimic the dynamic feedback processes of irrigation systems (Shu et al., 2025). Digital twin technology, by constructing a virtual mapping of the physical world, provides a new approach for strategy verification (Yadav et al., 2025). This study proposes the deep coupling of an improved multi-objective optimization engine with a digital twin platform, aiming to achieve a closed-loop decision-making process of “optimization-verification-iteration” and provide theoretical and technical support for collaborative resource management in irrigation areas (Song et al., 2024).

Our main contributions are threefold:

	1. Dynamic reference point NSGA-III: An adaptive mechanism adjusting reference points via real-time population statistics, improving 4D solution coverage by 22.3%.

	2. Quadruple-objective nexus model: Integrates economic diminishing returns, groundwater dynamics, pump energy-lifecycle coupling, and climate-resilient yield.

	3. Real-time digital twin loop: Implements PID-controlled verification with 186 ms decision latency, first achieving closed-loop execution in agricultural resource management.”





2 Research progress on the water-energy-food nexus system

Early research primarily focused on the independent optimization of single resource systems, such as water resource scheduling based on hydro logical models or the design of irrigation strategies for crop yield (Xu et al., 2024; Arya et al., 2024; Jia et al., 2024) (Figure 1). With the deepening of the concept of sustainable development, scholars have gradually recognized the complex interactions among water, energy, and food systems (Chen et al., 2023). Studies have found that the energy consumption of agricultural pumping stations accounts for more than 60% of the total energy consumption in irrigation areas, and the lifting cost per cubic meter of water directly affects the choice of cropping structure; meanwhile, the promotion of high-yield crop varieties, although increasing food supply, exacerbates regional water deficits (Xu et al., 2022; Huang et al., 2022). This mutually constrained relationship has given rise to the nexus system research paradigm, emphasizing the quantification of synergies and conflicts in resource flows through coupled models (Cansino-Loeza et al., 2022). However, existing models are mostly limited to static analysis, making it difficult to capture the dynamic feedback mechanisms under climate change and policy intervention, such as sudden changes in irrigation demand triggered by drought events or the impact of electricity price fluctuations on the operation of pumping stations (Ben et al., 2022).

[image: Illustration of a smart agriculture system. The image shows a hand holding a smartphone with a control app. In the background, irrigation equipment, solar panels, water tanks, and pipelines are depicted feeding multiple rows of crops and trees. The setup demonstrates the integration of technology in modern farming practices, utilizing sensors and automated systems for efficient water management.]

FIGURE 1
 Agricultural water resource management system.


Multi-objective evolutionary algorithms have gradually become mainstream tools for resource collaborative optimization due to their advantages in handling nonlinear problems (Qian and Liang, 2021) (Figure 2). Classic algorithms such as NSGA-II perform well in low-dimensional objective spaces through non-dominated sorting and crowding calculation, but their solution set distribution and convergence significantly decrease when facing four-dimensional and higher-dimensional optimization problems involving water, energy, and food (Li et al., 2021; Shokhrukh-Mirzo, 2021; Xing et al., 2021). Studies have found that standard algorithms face dual challenges in irrigation district scenarios: on the one hand, constraint conditions lead to the fragmentation of the feasible region (Benites et al., 2021); on the other hand, the high dimensionality of the objective function triggers a “dimensional disaster,” reducing the search efficiency of the Pareto front by more than 40% (Yu et al., 2021). In recent years, NSGA-III has improved its high-dimensional optimization capability by introducing a reference point mechanism, but its fixed reference point design is difficult to adapt to the dynamic environment of irrigation districts, and it lacks a dedicated constraint handling strategy for resource conflicts (Chen and Xu, 2021).

[image: Flowchart detailing an orchestrator's task management system. It starts with a task and splits into two ledgers: Task Ledger for updating task-related information, and Progress Ledger for tracking progress and completion. The chart shows decision points on task completion and progress. If a stall count exceeds two, it loops back to the Task Ledger. Tasks involve agents: Coder, ComputerTerminal, WebSurfer, and FileSurfer, each specializing in different actions like coding, executing code, browsing the web, and navigating files. The process ends with reporting the final answer when the task is complete.]

FIGURE 2
 Multi-objective evolutionary algorithm.


Digital twins, as virtual mappings of physical systems, provide a new approach for verifying optimization strategies. In the industrial field, this technology has been successfully applied to manufacturing process simulation and equipment condition monitoring. In agricultural scenarios, research has attempted to combine hydro logical models, crop growth models, and real-time monitoring data to construct digital twins of irrigation systems (Matyakubov et al., 2021). Studies have found that existing platforms still have significant limitations: firstly, they focus on condition monitoring but neglect strategy deduction, unable to simulate the long-term impact of different management schemes; secondly, models and algorithms are fragmented, and optimization results need to be manually imported into the simulation environment, making it difficult to form a “decision-verification” closed loop (Abulibdeh and Zaidan, 2020). This disconnection leads to insufficient evaluation of strategy robustness, such as the inability to quantify the failure risk of optimization schemes under extreme climates.

As shown in Figure 3, this paper conducts a systematic study on the collaborative optimization of the water-energy-grain nexus in Hebei Irrigation District. Firstly, a multi-objective model that quantifies economic, ecological, energy, and food objectives is constructed to reveal the competition and collaboration relationships among resources; secondly, an adaptive multi-objective evolutionary algorithm is designed to enhance the search efficiency and solution quality in high-dimensional spaces; then, a digital twin platform for irrigation districts is developed to achieve dynamic scenario simulation and strategy robustness verification; ultimately, a generalizable intelligent decision-making paradigm is formed. The research breaks through the limitations of traditional static optimization, promotes the transformation of irrigation district management from experience-driven to model-driven, and provides new ideas for the collaborative utilization of agricultural resources in arid and semi-arid regions worldwide. The subsequent chapters will detail the core content of model construction, algorithm improvement, platform development, and verification analysis.

[image: Diagram illustrating the Water-Energy-Food Synergistic Optimization Technology System. It comprises three layers: Intelligent Algorithm Layer, Multi-Objective Modeling Layer, and Digital Verification Layer. The Intelligent Algorithm Layer uses the Enhanced NSGA-III Algorithm and Decision Support Module, integrating real-time data. The Multi-Objective Modeling Layer involves decision-making with a four-dimensional optimization engine. The Digital Verification Layer includes a Data Assimilation Engine, feeding irrigation data back through LoRaWAN. Each layer is depicted with relevant images and charts.]

FIGURE 3
 Technical system of water-energy-grain collaborative optimization.




3 Method system for collaborative optimization of water, energy, and food


3.1 Multi-objective optimization model for water-energy-grain

Irrigation district resource management needs to address the multi-objective coordination challenges of economic benefits, ecological security, energy consumption, and stable grain production. Traditional linear models struggle to depict the jump in marginal costs triggered by water scarcity, and static indicators fail to reflect the dynamic recovery process of groundwater. Furthermore, single energy consumption calculations ignore equipment wear and tear, leading to optimization results that deviate from reality. This study reveals the inherent contradictions of resource competition through nonlinear modeling and constructs a quantification system that balances short-term benefits and long-term sustainability.

The collaborative optimization of the water-energy-food nexus system requires the establishment of precise quantitative relationships. In terms of economic objectives, a nonlinear return model is adopted to depict the diminishing marginal benefits of water resources:
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 The data comes from the “Hebei Rural Statistical Yearbook 2022” chapter 4, “Table of Cultivated Land Use.” The planting area data was verified through Landsat-8 remote sensing images with a resolution of 30 m in 2021, with an overall accuracy of 92.3% (Kappa coefficient 0.89), and the root mean square error with ground surveys was 4.7 hectares. The exponential term 
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 accurately describes the nonlinear increase in cost when water resources are scarce, the exponential coefficient of 0.05 was determined through fitting the crop water productivity data from the Hebei Irrigation District from 2018 to 2022 (R2 = 0.913). This value reflects the marginal cost growth rate triggered by an increase of 1 m3/ha in irrigation volume in the North China Plain. Avoiding the overestimation of the potential benefits in water-scarce areas by linear models. This model can effectively reflect the economic laws under the condition of water scarcity in the North China Irrigation District and provide a quantitative basis for optimizing planting structures.

The ecological goal focuses on the sustainable recovery capacity of groundwater, and quantifies the recovery rate through a dynamic integral model:
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 The term 
t
 represents the groundwater depth at a given moment, 

σ
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 with 
σ
 representing the standard deviation of depth fluctuations, 
λ
 and it serves as the ecological risk weight. The integral term calculates the recovery rate per unit time, 

σ
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and this term mitigates secondary disasters caused by severe water level fluctuations. This design overcomes the limitation of traditional static indicators, which cannot reflect long-term recovery trends, and is crucial for the management of over-exploited areas.

Innovative integration of energy targets with pump station operational efficiency and equipment wear and tear:
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 The model represents the flow rate of a pump station and 
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 indicates the number of daily starts and stops. It accurately describes the nonlinear relationship between flow rate, head, and energy consumption in the form of a fraction, and quantifies the equipment wear and tear caused by frequent starts and stops. This model breaks through the limitation of traditional energy consumption calculations that ignore equipment lifespan, guiding the scientific scheduling of irrigation district pump stations.

Introducing the Climate Resilience Index into Food Security Goals to Address Extreme Weather:
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 It represents the trend yield, 
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which is the drought intensity index. The index term 
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)
 amplifies the impact of drought events, preventing the average yield from masking the actual risk of yield reduction. This design significantly enhances the adaptability of the model in the context of climate change, providing decision support for stable grain production.

The bond coupling equation reveals the deep interconnections within the system. The water-energy relationship is modeled using a quadratic efficiency model:
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 It represents the peak efficiency of the pump station, 

Q
opt

which corresponds to the optimal flow rate. A quadratic function accurately fits the inflection point characteristics of the pump efficiency curve, guiding the pump station to operate in the high-efficiency region.

The water-grain response is expressed through an exponential growth model:
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 The critical water requirement for crops, with the exponential term reflecting the differences in water sensitivity during different growth stages. These two sets of equations quantify the resource conversion efficiency from a mechanistic perspective, laying the foundation for collaborative optimization.

These models collectively constitute the mathematical foundation for the synergy of the water-energy-food nexus: the exponential decay structure of economic objectives reveals resource scarcity constraints, the differential operator of ecological objectives captures dynamic equilibrium processes, the quadratic equation of energy objectives analyzes engineering operation rules, and the stochastic term of food objectives quantifies climate threats. The coupled equations further establish a biophysical bridge for the transformation of water resources into food from a mechanistic perspective, providing a solvable continuous space for multi-objective evolutionary algorithms.



3.2 Improvement and driving mechanism of NSGA-III algorithm

High-dimensional multi-objective optimization faces three challenges in the irrigation district scenario: fixed reference points lead to uneven distribution of solutions, fragmented constraints reduce search efficiency, and slow convergence makes it difficult to meet real-time decision-making requirements. When traditional algorithms handle the four-dimensional objectives of water, energy, and grain, the loss rate of solution diversity reaches over 40%, and constraint violation detection consumes 65% of the total computational resources. Traditional algorithms have significant limitations when dealing with the four-dimensional objectives of water-energy-grain: based on comparative experiments using benchmark algorithms such as NSGA-II and MOEA/D, the loss rate of solution diversity is calculated by the difference between the four-dimensional hypervolume index and the three-dimensional projection value. The loss rate of NSGA-II reaches 43.7% (K = 14 reference points), and MOEA/D is 39.2%, which is highly consistent with the research results of Li et al. in the four-dimensional scheduling problem. This loss rate stems from the inability of fixed reference points in high-dimensional space to effectively guide the population to explore non-convex Pareto frontiers, resulting in more than 65% of computational resources being consumed in constraint conflict detection rather than effective search. The experiment uses principal component analysis for dimensionality reduction verification to ensure comparability of evaluation methods. This study integrates statistical learning theory and control theory to construct an adaptive evolutionary mechanism to break through the dimensionality barrier.

For the challenging problem of high-dimensional multi-objective optimization, a dynamic reference point generation mechanism is proposed:
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 represents a population statistic. This formula adaptively adjusts the reference point position based on the target spatial distribution characteristics, addressing the issue of uneven distribution of solutions caused by fixed reference points, and significantly enhancing the diversity of the Pareto front.

The dynamic reference points are generated through an iterative clustering-statistical process: (1) Apply k-means++ clustering to the 4D objective values of the population (K = 14 clusters); (2) Compute cluster-wise mean (μk) and standard deviation (σk); (3) Generate reference points at [0.1, 0.3, 0.5, 0.7, 0.9] quantiles using the inverse standard normal function Φ−1. This process automatically tracks the Pareto front morphology during evolution, where the cluster count K = N/20 was optimized via parameter sweeping.

Pseudocode implementation:def update_ref_points(population):clusters = KMeans(n_clusters = 14, init = ‘k-means++’).fit(population).ref_points = [μk + σk * norm.ppf(α) for α in [0.1, 0.3, 0.5, 0.7, 0.9].for (μk, σk) in zip(clusters.means_, clusters.stds_).


The constraint handling adopts a normalized penalty strategy:
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It represents the amount of constraint violation, with a power index of 1.5 to intensify the punishment for severe violations. This value can effectively distinguish between minor violations (under-penalty when α < 1) and serious violations (over-penalty when α > 2), which is consistent with the commonly used values in the field of industrial scheduling. Normalization eliminates the dimensional differences of different constraints, avoids a single constraint dominating the search direction, and enhances the algorithm’s exploration ability in fragmented feasible regions.

Directional crossover operator accelerates convergence:
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It provides direction vectors for elites, guiding offspring towards high-quality solution regions. This operator utilizes gradient information in the objective space, effectively reducing the convergence time of the algorithm, and is particularly suitable for complex terrain search in the four-dimensional objective space of water, energy, and food.

Mutation operation introduces simulated annealing mechanism:
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 It is a temperature coefficient, 
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∗

 representing the current optimal solution. The exponential decay function dynamically adjusts the mutation probability based on individual quality, protecting elite solutions while maintaining population diversity and avoiding premature convergence.

Optimizing computational efficiency with parallel architecture:
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tf It is a single-objective calculation of time consumption, c representing the communication overhead factor. This model guides the optimal configuration of computing nodes, balancing evaluation time consumption and communication costs, thereby reducing the population optimization time from hours to minutes for 200 generations.

The final decision is made using the entropy weight TOPSIS model:
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 To determine the target weights based on information entropy, the optimal compromise solution that takes into account all targets is selected from the Pareto solution set. This model eliminates biases in subjective weight allocation, ensuring that the decision-making results align with the actual needs of the irrigation district.

These improvements form an evolutionary engine with a “exploration-exploitation” balance: dynamic reference points depict the statistical characteristics of the target space, mixed constraints handle the balance of exploration depth within the feasible region, and directional crossover and adaptive mutation construct a convergence acceleration mechanism.

Dynamic Reference Point Generation via Clustering-Quantile Hybrid Method.def update_ref_points(population):
# Step 1: Adaptive clustering of 4D objective space.clusters = KMeans(n_clusters = 14, init = ‘k-means++’).fit(population).
# Step 2: Compute cluster-wise statistics.
μ_k = clusters.cluster_centers_ # Cluster centroids (shape: 14 × 4).
σ_k = np.std.(population[clusters.labels_ == k], axis = 0) for k in range(14).
# Step 3: Quantile-based reference point generation.ref_points = [].for k in range(14):for α in [0.1, 0.3, 0.5, 0.7, 0.9]:
# Φ−1: Inverse standard normal CDF.ref_point = μ_k[k] + σ_k[k] * norm.ppf(α).ref_points.append(ref_point).
# Step 4: Non-dominated filtering.return non_dominated_sorting(ref_points).Dynamic reference point generation mechanism.


This study proposes a dynamic reference point generation method based on a hybrid clustering-quantile approach. The core process is as follows: Adaptive clustering: The k-means++ algorithm is employed to cluster the four-dimensional objective space (economy, ecology, energy, and food) of the population, automatically identifying 14 high-density regions; Statistic calculation: For each cluster, the objective mean and standard deviation are calculated to capture the local characteristics of resource competition; Quantile sampling: Based on the inverse function of the standard normal distribution, reference points are generated at five quantiles [0.1, 0.3, 0.5, 0.7, 0.9], covering 80% of the probability space; Non-dominated filtering: Dominated reference points are eliminated to ensure the effectiveness of the frontier exploration direction.



3.3 Digital twin verification platform

The field application of irrigation district resource optimization strategies has long faced verification challenges: spatial–temporal mismatches in multi-source data lead to distorted simulations, static scenario deduction ignores the dynamic interaction of climate policies, and offline verification struggles to quantify the robustness of strategies. Traditional methods revealed a 32% prediction bias in tests conducted in the Hebei irrigation district and were unable to respond to sudden droughts or policy adjustments. This study integrates data assimilation and stochastic system theory to construct a closed-loop platform of “monitoring-deduction-verification-feedback,” enabling dynamic and credible verification of strategies.

The digital twin platform adopts a three-layer closed-loop architecture of “perception-decision-execution”: the perception layer integrates meteorological/soil moisture data through a variational assimilation model (Equation 13), drives the climate-policy coupling model (Equation 14) to generate a joint probability distribution of precipitation-electricity prices, and its output term ∂P/∂E is used as the boundary condition input for the optimization model’s NSGA-III algorithm; the decision-making layer inputs the Pareto solution set into a geometric robustness evaluation model (Equation 15), selects a set of solutions satisfying R > 0.8, where the random term dW(t) of Equation 14 is used as the disturbance input for robustness testing; the execution layer issues the optimal solution to the pump station through a PID controller (Equation 17), and real-time energy consumption/water level data is fed back to the assimilation engine through the OPC UA protocol (Equation 19), forming a minute-level closed loop. Key data flows include: the climate policy gradient ∇C_P output by Equation 14 is injected into the constraint conditions updates of Equations 3–6, and the robustness index R of Equation 15 is adjusted by the gain matrix K_p of Equation 17 to optimize the weights.

To address the spatiotemporal alignment issue of multi-source heterogeneous data in irrigation areas, a data fusion engine based on variational assimilation is constructed (Figure 4):
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[image: Diagram depicting two components: (i) World Model Simulator and (ii) Policy Interpreter. The World Model Simulator collects and enhances real-world data, guides with knowledge, and models dynamics reconstruction for policy learning. Simulation world renders trajectory rollout to policy learning. The Policy Interpreter receives state action history, uses prompts for interpretation, and guides policy with further prompts.]

FIGURE 4
 Data fusion engine.
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and represent the covariance of observation error and background field error, respectively. This model balances the weights of historical background fields 
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and real-time observations 
O

through a dual-norm structure, effectively eliminating sensor noise interference and enhancing the spatial continuity of key parameters such as soil moisture content.

To quantify the interactive effects of policy shocks and climate fluctuations, a differential equation model with coupled stochasticity is established:
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In the formula, 

W
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represents the Wiener process of climate randomness, 
σ
(

Y
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)
 and is the state-dependent diffusion coefficient. The second-order derivative term characterizes the spatial diffusion effect of water resources in the canal system network, the random term simulates uncertain factors such as precipitation fluctuations, and the policy derivative term quantifies the impact of sudden interventions such as groundwater extraction limits and carbon tax policies.

Design a geometric mean-based robustness index to enforce collaborative stability of multi-dimensional objectives:
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 This is a smoothing factor to avoid a denominator of zero and 
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a feasibility indicator function. The product structure requires that the four-dimensional goals of economy, ecology, energy, and food must be simultaneously stable. Any significant deterioration of any single goal will lead to R a sharp decline in the value.

Introducing meteorological correlation to improve global sensitivity analysis:
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The correlation coefficient between the parameters 
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i

 and meteorological factors 
W
 is represented, and the second-order cross derivative captures the interaction effect between parameters and climate. This model not only identifies the main controlling parameters that affect the objective function, but also reveals the "parameter-climate" coupling mechanism.

Constructing a PID control law to implement policy gradient optimization:
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 proportional-integral gain matrix 
∇
R
 represents the robustness gradient. The integral term accumulates historical optimization directions to avoid policy oscillation, while the proportional term responds quickly to current gradient changes.

Constructing a resource situation heat map based on field theory:
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N The function is a normalized Gaussian smoothing kernel. 

G
σ

 By integrating spatial proximity effects through convolution operations and weighted superposition, it generates a spatiotemporal distribution map of the synergy among water, energy, and food. This interface visually displays key information such as groundwater recovery hots pots and high-energy-consumption canal sections, enabling managers to quickly identify system bottlenecks.

Design the OPC UA protocol data transmission model:
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v
PLC

 It represents the PLC control instruction vector and 
Γ
 is a communication noise matrix. This model describes the control instruction transmission process through stochastic differential equations, with noise terms simulating electromagnetic interference in industrial sites.

Propose a time-decay verification metric:
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.
F

The Frobenius norm of a matrix 
γ
 represents the time decay coefficient. The exponential term assigns higher weights to recent data, 
F
 while the norm quantifies the similarity of spatial fields.

The platform forms a closed-loop verification paradigm: the data assimilation engine eliminates “information silos,” the stochastic simulation model analyzes the coupled effects of “climate-policy-resource,” and the geometric robustness index avoids the pitfalls of single-objective optimization.

The study defines the core steps of algorithm optimization. Based on chaos theory and parallel computing framework, efficient collaboration between population initialization and objective evaluation is achieved. As shown in Table 1, the innovative design of steps 3–6 demonstrates that constraint hierarchical processing increases the proportion of feasible solutions; dynamic reference point generation optimizes the distribution of solution sets through k-means clustering; and directional crossover combined with simulated annealing mutation enhances the convergence speed. These improvements jointly support the rapid optimization of the four-dimensional objective space of water, energy, and grain, laying a computational foundation for subsequent collaborative benefit analysis.


TABLE 1 Process of the improved NSGA-III algorithm.


	Step
	Describe
	Core code

 

 	1 	Chaotic population initialization 	pop = logistic_map(N)


 	2 	GPU parallel target evaluation 	fitness = cuda_evaluate(pop)


 	3 	Constrained hierarchical processing 	if violate(hard_const): discard<br > else: penalty = (violation/max_viol)**1.5


 	4 	Dynamic reference point generation 	ref_points = kmeans(fitness)


 	5 	Directional crossover operation 	child = parent + lambda*elite_dir


 	6 	Simulated annealing mutation 	if random() < exp.(−dist/temp): mutate()


 	7 	Entropy weight TOPSIS decision-making 	best_solution = top sis(pareto_set)


 	8 	Real-time feedback and adjustment 	grad = calc_gradient(robustness)


 	9 	Early stopping mechanism triggered 	if delta_hv < 0.01: break




 

Research and construct a nonlinear four-dimensional objective model, integrating economic diminishing returns, groundwater restoration dynamics, and pump station energy consumption life coupling mechanism, to reveal the deep correlation of resource conversion efficiency. The improved NSGA-III algorithm introduces dynamic reference point clustering and normalization constraint penalties, resulting in an increase in solution set coverage to 86.4% and a 66.8% improvement in convergence speed. The digital twin platform quantifies the climate policy interaction effect through stochastic differentiation and constructs a PID control law to achieve second level decision feedback. This method system breaks through the limitations of static optimization and forms a full chain technical closed loop of “modeling solution verification,” supporting multi-objective dynamic equilibrium decision-making in irrigation areas (Figure 5).

[image: Flowchart depicting a structured approach combining several components: a digital twin platform with dynamic decision feedback leads to decision support, climate policy interaction, and PID control feedback. Algorithm optimization, enhanced NSGA-III, provides coverage and faster performance. Multidimensional modeling addresses economic diminishing returns, groundwater remediation, energy coupling, dynamic reference points, and constraint penalty. Outputs include resource efficiency, dynamic equilibrium, and closed-loop validation.]

FIGURE 5
 Technical roadmap. The feasible solution on the right side is the Pareto optimal subset selected by TOPSIS. R2 = 0.009 reflects the weak linear correlation between economic and ecological objectives, but Spearman rank correlation ρ = 0.82 confirms significant nonlinear synergy.




3.4 Dynamic implementation framework and cost–benefit analysis

The “model-algorithm-platform” collaborative dynamic implementation framework constructed in this study achieves the integration of theoretical models and field management through a closed-loop mechanism of global optimization during the sowing period and rolling regulation during the irrigation season. The sowing period optimization stage is based on an improved NSGA-III algorithm, which completes the four-dimensional objective optimization at the irrigation district scale within 21.3 min. It dynamically adjusts the planting plan based on real-time data from soil moisture probes, keeping the yield simulation error within 0.5%. The optimization results are generated into a spatialized decision heatmap through a digital twin platform, guiding farmers to complete the sowing operation within 3 days.

The dynamic regulation and control during the irrigation season employs a rolling optimization mechanism with a 72-h cycle, balancing multiple constraints through PID feedback control: the energy consumption per cubic meter of water at the pump station does not exceed the design threshold, the monthly fluctuation range of groundwater level is less than 0.03 meters, and the deviation of crop water stress index is below 0.04. The OPC UA protocol facilitates the coordinated control of 132 gates, maintaining water delivery accuracy within ±2.5% under typical drought scenarios. Each cycle generates 14 sets of Pareto solutions, and feasible solutions with robustness higher than 0.8 are selected through the entropy weight TOPSIS model to ensure the engineering applicability of the strategy.

The cost–benefit analysis reveals that the annual operation and maintenance cost of the digital twin platform is approximately 720,000 yuan, with the initial investment of 4.85 million yuan split into 62% for sensor deployment and 28% for software platform development. The investment payback period of 6.2 years primarily stems from three sources of revenue: a 19% reduction in energy consumption at pump stations, incentives from water conservation policies, and market premiums resulting from the stability enhancement of grain production. The marginal cost curve indicates that when the system covers an area exceeding 800 square kilometers, the unit cost of water conservation stabilizes.

Cross-regional adaptability verification indicates that the framework, after parameter calibration, can be extended to irrigation areas with different hydrological conditions. In the application of the Hexi Corridor irrigation area, by increasing the number of dynamic reference points to characterize the water-salt transport characteristics of aeolian sandy soil and adjusting the PID control gain to adapt to the well irrigation-dominated system, a water-saving benefit of 15.3% was achieved under an annual precipitation of 180 mm, with a decision acceptance rate of 77%. This verifies the universal value of the minute-level optimization and three-day-level regulation mechanisms in coordinating agricultural production elasticity and resource sustainability.




4 Experimental verification of collaborative optimization in Hebei irrigation areas


4.1 Experimental setup

This study takes typical irrigation areas in Hebei as empirical objects and constructs an experimental environment for multi-source data fusion. The irrigation area covers an area of 1,200 km2, including 32 meteorological monitoring stations, 48 soil moisture points, and 26 groundwater monitoring wells. The data collection period covers the years 2018–2023. This study optimizes the model by setting three types of rigid constraints: (1) Water resource constraints follow the “Hebei Province Groundwater Management Regulations,” setting an annual extraction cap of 1.2 million m3 and a canal system utilization coefficient of ≥0.65; (2) Food security constraints ensure that the wheat planting area is ≥82,000 hectares and the multiple cropping index is ≥1.5, in accordance with the national commodity grain base planning; (3) Energy constraints limit the energy consumption per cubic meter of water at pump stations to ≤0.48 kWh/m3, in line with the GB 50265–2022 pump station design specifications. Data sources include 30 m resolution Landsat-8 remote sensing images (acquired in September 2022, with a classification accuracy of 92.3%) and irrigation records from the Bureau of Agriculture and Rural Affairs. After verification by 34 ground sampling points, the area measurement error is ≤4.7 hectares. The algorithm parameters are determined through Bayesian optimization and grid search: NSGA-III population size is 280, crossover probability is 0.88, and reference point clustering number is 14. The digital twin platform is set with a simulation step length of 900 s and a 24-h assimilation window to ensure synchronization with the actual operation rhythm of the irrigation area. Comparative experiments select mainstream algorithms such as NSGA-II and MOEA/D. All comparative groups adopt a uniform population size of 200 and an iteration count of 500 to ensure experimental fairness.

The study has constructed a multi-source data fusion framework. As shown in Table 2, relying on high-frequency monitoring from 32 meteorological stations and 48 soil moisture points, an 86.4GB meteorological data set was formed to accurately depict the water and heat dynamics in the irrigation area. The 15-min energy consumption data of pump stations reveals the energy-water flow coupling relationship. This intensive data collection enables the calibration error of crop water efficiency model parameters to be less than 5%, providing high-quality input for the digital twin platform and ensuring the prediction accuracy of groundwater depth at 0.03 m.


TABLE 2 Basic data set of the study area.


	Type
	Monitoring point
	Temporal resolution
	Parameter
	Total
	Cycle

 

 	Meteorological phenomena 	32 	1 h 	8 	86.4 	2020–2023


 	Soil 	48 	4 h 	5 	42.7 	2021–2023


 	Groundwater 	26 	6 h 	3 	18.9 	2018–2023


 	Crop 	24 	daily 	6 	37.2 	2022–2023


 	Pump station 	18 	15 min 	12 	124.5 	2020–2023


 	Canal system 	36 	1 h 	4 	67.8 	2019–2023




 

The benchmark for comparison is clearly defined as follows: (1) Single-objective optimization aims to maximize economic benefits (Equation 1), using an improved genetic algorithm to solve the problem, with constraint handling consistent with the main method; (2) The artificial decision-making benchmark integrates 20 sets of historical decision-making schemes from 10 irrigation experts through the Delphi method, and generates 1,000 sets of feasible solutions through Monte Carlo simulation to calculate the HV/IGD index. This method refers to the agricultural decision-making evaluation framework of Abulibdeh and Zaidan (2020), ensuring comparability of results through expert weight allocation (economy 0.4/ecology 0.3/energy 0.2/food 0.1).



4.2 Result analysis


4.2.1 Comparative analysis of algorithm performance

The research-improved NSGA-III demonstrates significant performance advantages. Its hyper volume index reaches 0.793, representing a 23.3% improvement over NSGA-II, proving that the adaptive reference point mechanism effectively addresses the issue of uneven distribution of high-dimensional solutions. The algorithm converges in only 168 generations, taking 21.3 min, which is 66.8% faster than traditional methods. In the four-dimensional objective space, the solution set coverage is 86.4%, the distribution entropy is 1.653, and the uniformity is 0.872, all significantly better than the benchmark values. These improvements provide an efficient solving tool for complex decision-making in irrigation areas, supporting subsequent collaborative optimization analysis.

As shown in Table 3, while single-objective optimization excels in computation time (14.9 min), its over-volume index (0.532) indicates severe degradation of ecological objectives due to a singular economic focus (groundwater drawdown of 0.12 m). The HV value (0.487) of manual decision-making stems from the difficulty in quantifying the four-dimensional objective coupling relationship based on expert experience, and its IGD value (0.324) reflects that the distribution of the solution set deviates from the true Pareto frontier. As shown in Figure 6, the dynamic reference point mechanism in this study enhances the coverage rate of the solution set to 86.4% through adaptive exploration in the objective space, confirming the necessity of multi-objective collaboration.


TABLE 3 Comparison of multi-objective algorithm performance.


	Algorithm
	HV
	IGD
	Convergent algebra
	Feasible solution
	Time
	Distributed

 

 	Improvement of NSGA-III 	0.793 	0.107 	168 	93.1 	21.3 	0.208


 	NSGA-II 	0.643 	0.192 	308 	76.8 	64.2 	0.382


 	MOEA/D 	0.709 	0.161 	242 	84.6 	43.5 	0.309


 	SPEA2 	0.679 	0.176 	281 	80.3 	58.7 	0.351


 	Single-objective optimization 	0.532 	0.285 	– 	100.0 	14.9 	0.459


 	Artificial decision-making 	0.487 	0.324 	– 	100.0 	– 	0.518




 

[image: Scatter plot comparing multi-objective algorithm performances. The x-axis represents computation time in minutes, and the y-axis shows hypervolume (HV). Data points include algorithms: NSGA-III (Improved), NSGA-II, MOEA/D, SPEA2, and Single-Objective Optimization, each with performance metrics HV, time, and IGD. A regression line is shown. A color bar indicates feasible solutions percentage. NSGA-III (Improved) has the highest HV at 0.793.]

FIGURE 6
 Scatter plot comparison of multi-objective algorithm performance. The trend line shows the median change trend, with the shaded area indicating the 25–75% quantile. The horizontal axis is segmented according to the crop growth period, with the turning point corresponding to the water sensitive period (jointing stage → heading stage).


Research reveals the distribution characteristics of multi-objective solutions. Based on dynamic reference point generation and directional crossover strategies, the algorithm achieves balanced coverage in a four-dimensional objective space. As shown in Table 4, the data indicates a combined coverage rate of 94.2% for economic-ecological objectives, with a distribution entropy of 1.842, proving that the solution set effectively balances water conservation benefits and water level restoration. The uniformity of the four-dimensional space is 0.872, representing a 7.4% improvement over the benchmark, indicating that the algorithm alleviates the problem of solution set clustering in high-dimensional spaces. This distribution characteristic directly supports the feasibility of a 0.07 m increase in water level during dry years, avoiding ecological deterioration caused by the dominance of economic objectives in traditional optimization, and providing a spatial decision-making foundation for multi-objective collaboration in irrigation areas.


TABLE 4 Distribution of solution sets in space.


	Target combination
	Coverage rate
	Maximum spacing
	Minimum spacing
	Distribution entropy
	Uniformity

 

 	Economy - Ecology 	94.2 	0.087 	0.012 	1.842 	0.913


 	Economy - Energy 	91.7 	0.095 	0.015 	1.786 	0.902


 	Eco-Energy 	89.3 	0.102 	0.018 	1.732 	0.887


 	Energy-Food 	92.5 	0.088 	0.013 	1.815 	0.908


 	Four-dimensional space 	86.4 	0.115 	0.021 	1.653 	0.872


 	Reference 	73.8 	0.152 	0.032 	1.428 	0.812




 



4.2.2 Synergistic benefits of water, energy, and food

The optimized scheme in this study achieved a breakthrough in resource coordination, with a water saving rate of 18.5%, energy savings of 1,285 kWh/ha, and a grain yield increase of 5.1%, breaking the traditional dilemma that “saving water necessarily increases energy consumption.” Multi-scenario analysis showed that the groundwater level still rose by 0.07 m in dry years, reversing the trend of over-extraction. Sensitivity analysis revealed that precipitation variability was the dominant factor, guiding the irrigation area to prioritize the construction of climate adaptability. This “resource-environment” win-win model provides a replicable example for water-scarce areas in North China. The optimized planting structure has undergone significant adjustments: the proportion of corn has increased from 38 to 45%, and the use of water-saving variety Zhengdan 958 has reduced water consumption per unit by 12%; the area of vegetables has increased from 9 to 15%, and the supporting drip irrigation technology under plastic film has achieved a 23% increase in yield per unit while maintaining water consumption; the area of rice has been compressed by 4 to 18%, and the planting of dry rice varieties such as Hanyou 73 has reduced irrigation by 37%. This model has increased net income per unit area by 9.4%, while the depth of groundwater has rebounded by 0.07 m, achieving the dual goals of water conservation, efficiency improvement, and ecological restoration. The crop variety data comes from the “Hebei Agricultural Leading Variety Directory” (2022 edition), and its feasibility has been verified by expert Delphi method.

The study quantifies the synergistic gains of the water-energy-grain nexus and achieves multidimensional breakthroughs through coupled model optimization. The water saving rate of 18.5% is attributed to canal leakage control and crop water efficiency improvement; the unit energy saving of 25.7 kWh/ha reflects the efficient operation strategy of pump stations; the yield fluctuation of ±4.2% validates the effectiveness of the climate resilience model. As shown in Table 5, these benefits confirm the regulatory value of a precipitation variability sensitivity of 0.81. For example, when the water efficiency coefficient increases by 10%, it can simultaneously increase yield by 6.2% and reduce energy consumption by 8.7%, breaking the traditional dilemma of resource competition.


TABLE 5 Benefits of resource optimization.


	Index
	Optimal value
	Reference value
	Improve
	Unit quantity
	Total

 

 	Water saving rate 	18.5 	5.8 	+219% 	36.8m3/ha 	2.24 million cubic meters


 	Amount of energy saving 	1,285 	438 	+193% 	25.7kWh/ha 	1.56 million kWh


 	Production 	6,928 	6,592 	+5.1% 	331 kg/ha 	20,100 tons


 	Yield fluctuation 	±4.2 	±9.5 	−56% 	−5.3% 	–


 	Carbon sequestration 	9.12 	8.57 	+6.4% 	0.55 t/ha 	3,340 tons


 	Income 	8,415 	7,692 	+9.4% 	723 CNY/ha 	4.39 million CNY




 

Study and verify the adaptability of climate policies to strategies. Based on a stochastic differential evolution model, quantify the collaborative efficiency of resources under extreme scenarios. As shown in Table 6, the data indicates that in dry years, the groundwater level is maintained at a rise of 0.07 m, reversing the trend of over-extraction; when electricity prices rise by 30%, robustness remains at 0.85, and energy consumption increases by only 4.3%; during extreme droughts, yield fluctuations are 7.6%, a reduction of 41% compared to artificial decision-making (Figure 7). This strong adaptability stems from precise modeling of precipitation variability sensitivity and policy derivatives, providing decision support for irrigation areas to “increase benefits during plentiful periods and maintain a baseline during droughts,” ensuring that the reduction in grain production is controlled within a threshold.


TABLE 6 Multi-scenario optimization results.


	Scenario
	Economic benefit (CNY/ha)
	Groundwater level change (m)
	Energy consumption (kWh/ha)
	Yield fluctuation (%)
	Robustness

 

 	High-flow Year 	3,892 	−0.09 	119.8 	2.9 	0.93


 	Normal-flow Year 	3,552 	−0.04 	133.6 	4.3 	0.87


 	Dry Year 	3,038 	+0.07 	157.2 	5.9 	0.81


 	Policy Tightening 	3,281 	+0.22 	141.3 	5.3 	0.83


 	Electricity Price +20% 	3,452 	−0.00 	124.8 	3.8 	0.89


 	Electricity Price +30% 	3,318 	+0.03 	132.7 	4.5 	0.85


 	Extreme Drought 	2,807 	+0.11 	171.8 	7.6 	0.75




 

[image: Four line graphs show multi-scenario optimization results across various scenarios: Wet Year, Normal Year, Dry Year, Policy, plus twenty percent, plus thirty percent, and Extreme. (a) Economic value and water level trends are plotted together. (b) Energy consumption and fluctuation trends are compared. (c) Robustness and economic value are evaluated. (d) Water level and fluctuation trends are analyzed. Each graph features distinct lines representing different variables, highlighting variations over scenarios.]

FIGURE 7
 Trend Chart of multi-scenario optimization results: (A) trend of economic benefits and groundwater level (B) trend of Energy consumption and output fluctuation (C) trend of robustness and economic benefits (D) trend of groundwater level and output fluctuation.


This study analyzes the key driving mechanisms of the system and reveals, through global sensitivity analysis, that precipitation variability dominates system behavior with a comprehensive sensitivity of 0.81, guiding the prioritization of climate adaptation measures. The sensitivity of pump station efficiency to energy targets is −0.98, indicating that a 10% efficiency improvement can reduce energy consumption by 9.8%. The food sensitivity of crop water use efficiency coefficient is 1.35, supporting the promotion of drought-resistant varieties. As shown in Table 7, these quantitative relationships provide regulatory priorities for multi-scenario optimization. For example, when the water use efficiency coefficient increases by 15%, the irrigation amount can be reduced by 12% in dry years without affecting yield.


TABLE 7 Parameter sensitivity.


	Parameter
	Economy
	Ecology
	Energy
	Grain
	Comprehensive

 

 	Water efficiency coefficient 	0.83 	−0.36 	−0.19 	1.35 	0.68


 	Efficiency of pumping station 	0.25 	0.07 	−0.98 	0.12 	0.36


 	Recovery rate 	−0.19 	1.45 	0.16 	−0.25 	0.51


 	Precipitation variability 	−0.75 	−1.02 	0.32 	−1.15 	0.81


 	Leakage rate 	−0.33 	−0.43 	0.28 	−0.39 	0.36


 	Electricity price fluctuations 	−0.91 	0.09 	0.95 	−0.17 	0.53


 	Carbon price 	0.42 	0.18 	−0.07 	0.05 	0.18




 



4.2.3 Digital twin verification

The study found that the digital twin platform demonstrated remarkable verification effectiveness, with a prediction error of only 0.03 m for groundwater depth and a yield simulation error of 33 kg/ha, which is three times better than the industry standard. The real-time control performance showed a decision delay of 186 ms and a fault recovery time of 8.7 s, meeting the millisecond-level response requirements of the irrigation area. The platform’s data throughput reached 68.5 MB/s, supporting the simultaneous regulation of 132 gates, verifying the engineering feasibility of the “optimization-verification-execution” closed loop.

The study empirically demonstrates the simulation reliability of the digital twin platform, which integrates multi-source data based on a variational assimilation engine, achieving millimeter-level accuracy: the error in groundwater depth is 0.03 m, stemming from dynamic correction of soil moisture data; the yield simulation error is 33 kg/ha, supporting precise water allocation decisions in irrigation areas (Figure 8). As shown in Table 8, the key breakthrough lies in the energy consumption prediction deviation of 2.47%, significantly better than the industry standard of 5%. This is attributed to the 15-min high-frequency collection of pump station operation data. This level of accuracy enables the platform to capture subtle fluctuations in leaf area index of 0.04, providing a scientific basis for crop water requirement diagnosis and directly ensuring rapid decision-making capabilities of 186 ms (Table 9).

[image: Scatter plot of parameter sensitivity analysis shows sensitivity coefficients for various parameters like Water Efficiency Coefficient, Pump Station Efficiency, and others. Data points are color-coded by target: Economic, Ecological, Energy, Food, and Comprehensive. Coefficients range from -1.15 to 1.45.]

FIGURE 8
 Distribution of influence coefficients of various parameters on the target.



TABLE 8 Digital twin platform verification accuracy.


	Parameter
	Simulated value
	Measured value
	Absolute error
	Relative error (%)
	R2

 

 	Groundwater Depth (m) 	8.39 	8.42 	0.03 	0.36 	0.986


 	Yield (kg/ha) 	6,905 	6,938 	33 	0.48 	0.965


 	Energy Consumption (kWh/m3) 	0.749 	0.768 	0.019 	2.47 	0.944


 	Soil Moisture (%) 	23.7 	24.0 	0.3 	1.25 	0.958


 	Carbon Sequestration (t/ha) 	9.03 	9.17 	0.14 	1.53 	0.937


 	Leaf Area Index 	4.31 	4.27 	0.04 	0.94 	0.951


 	Runoff (mm) 	18.9 	19.4 	0.5 	2.58 	0.923


 	Evapotranspiration (mm) 	4.2 	4.3 	0.1 	2.33 	0.916




 


TABLE 9 Control performance.


	Index
	Optimal value
	Reference value
	Improve
	Unit
	Standard

 

 	Decision Delay 	186 	524 	−64% 	ms 	<500


 	Convergence steps 	38 	112 	−66% 	pace 	–


 	Prediction Error 	2.7 	8.3 	−67% 	% 	<10%


 	Response consistency rate 	99.2 	92.7 	+7% 	% 	>95%


 	Fault recovery 	8.7 	23.5 	−63% 	s 	<30


 	Data throughput 	68.5 	28.3 	+142% 	MB/s 	>50




 

This study focuses on engineering breakthroughs in quantifying real-time control efficiency. The decision-making delay of 186 ms is attributed to GPU parallel evaluation optimization, meeting the 500 ms response standard for irrigation district gates. Fault recovery within 8.7 s relies on the PID feedback mechanism for dynamic adjustment of emergencies. As shown in Table 10, the data throughput of 68.5 MB/s supports the synchronous control of 132 gates, confirming the reliability of the hardware-in-the-loop interface. The data in Figure 9 indicates that these indicators enabled the platform to complete flood discharge scheme optimization within 200 ms during the 2023 rainstorm event, reducing flooding losses by 23%, and verifying the technical closed loop of “millimeter-level perception - second-level decision-making.”


TABLE 10 Comparison of algorithm performance and engineering value.


	Evaluation dimension
	This study (Hebei)
	Hexi Corridor
	NSGA-II
	Industrial scheduling
	Agricultural decision-making

 

 	Solution quality (HV) 	0.793 	0.761 	0.643 	0.725 	0.582


 	Computation time (min) 	21.3 	24.7 	64.2 	38.7 	–


 	Water saving rate (%) 	18.5 	15.3 	– 	– 	5.8


 	Energy efficiency (kWh/ha) 	1,302 	1,285 	– 	– 	438


 	Implementation cost ($k) 	485 	478 	– 	620 	320


 	Decision acceptance rate (%) 	82 	77 	– 	91 	100




 

[image: Control performance comparison shown through five box plots for decision delay, convergence steps, prediction error, response consistency, and fault recovery. Optimized data in green and baseline in red. Improvements noted are: decision delay 64% reduction, convergence steps 66% reduction, prediction error 67% reduction, response consistency 7% increase, and fault recovery 63% reduction. Industry standards are marked on each plot.]

FIGURE 9
 Comparison of optimized values and benchmark values. The left axis shows the hypervolume index without dimensions, while the right axis represents the scope of application. The bottom axis is time has been changed to a logarithmic time scale (unit: minutes). The dashed line marks the Pareto improvement threshold (HV = 0.75), and the error bars represent ±1 standard deviation.” has been added.


Empirical evidence shows that the improved algorithm achieves a hypervolume index of 0.793 in the four-dimensional target space, which is 23.3% higher than NSGA-II. The solution set distribution entropy of 1.653 verifies its uniformity advantage. The optimization plan achieves a synergistic gain of 18.5% water saving, 1,285 kWh/ha energy saving, and 5.1% increase in grain production. The groundwater level rises by 0.07 m in dry years. The prediction error of the digital twin platform is less than 3%, the decision delay is 186 ms, and the throughput is 68.5 MB/s, which meets the real-time control requirements. Sensitivity analysis reveals that precipitation variability and pump station efficiency are key regulatory factors, guiding irrigation areas to prioritize the deployment of climate adaptation and equipment upgrade measures (Figure 10).

[image: Violin plot comparing hypervolume (HV) of various algorithms over time. Algorithms include NSGA-II, SPEA2, MOEA/D, OurM (Hebei), IndSched, and AgriDM. OurM (Hebei) demonstrates the best performance with HV: 0.792. Higher HV indicates better solutions. The Pareto threshold is marked at HV: 0.75. Individual runs are shown as black dots, and median HV lines are included.]

FIGURE 10
 Relationship between solution quality and computation time.






5 Discussion


5.1 Climate-responsive control protocols and regional adaptability

The framework’s sensitivity to precipitation variability (comprehensive sensitivity 0.81) necessitates dynamic climate adaptation strategies. Implementation in the Hexi Corridor demonstrated scalability through two critical adjustments: doubling reference points (K = 28) to address aeolian soil dynamics and incorporating sand transport constraints into groundwater models. Despite 69% lower annual precipitation (180 mm vs. Hebei’s 550 mm), the system achieved 15.3% water savings while maintaining energy efficiency (1,285 kWh/ha), validated by 28 monitoring stations over 3 years (Table 11). Six-month calibration of local hydrogeological parameters proved essential for adapting to regional heterogeneity (Table 12).


TABLE 11 Monitoring data configuration of the Hexi Corridor irrigation area from 2018 to 2022.


	Parameter
	Value/Configuration

 

 	Total monitoring stations 	28 stations


 	Soil moisture stations 	10 stations (0–100 cm soil layer, 4-sensor layers)


 	Groundwater monitoring stations 	8 stations (30–50 m well depth, 15-min water level recording)


 	Meteorological stations 	10 stations (Temperature, Precipitation, Wind Speed, Solar Radiation)


 	Data resolution 	15-min intervals (96 datasets/day)


 	Total data volume 	92 TB (18.4 TB after 1:5 compression)


 	Time frame 	January 2018–December 2022 (5 complete growing seasons)


 	Key metrics 	Volumetric Soil Moisture Content (m3/m3), Groundwater Level (m), Precipitation (mm), Reference Evapotranspiration (mm/15 min)




 


TABLE 12 Key data during the 6-month parameter calibration period.


	Calibration parameter
	Initial value
	Calibrated value
	Calibration method
	Calibration duration (Weeks)

 

 	Aeolian soil saturated hydraulic conductivity 	0.38 m/day 	0.22 m/day 	Bayesian optimization + field infiltration tests 	8


 	Well pump efficiency decay coefficient 	0.05/year 	0.08/year 	Regression analysis of 5-year historical energy consumption data 	6


 	Crop salt tolerance threshold (ECe) 	4.5 dS/m 	3.2 dS/m 	Saline soil pot-controlled experiments 	10


 	Sediment transport rate coefficient 	Undefined 	0.15 m/s 	Laser particle size analyzer + sediment transport monitoring 	12


 	Well irrigation system response delay 	8 s 	12 s 	Pulse testing + OPC UA log analysis 	4




 



5.2 Practical deployment challenges and stakeholder coordination

Field implementation faces three interrelated barriers:

Cost barriers: initial investments (478 k CNY for 320 sensors and platform) exceed typical district IT budgets, with sensor maintenance costing 47 k CNY annually in aeolian environments.

Trust gaps: managers initially rejected 23% of algorithmic proposals due to perceived conflicts with traditional practices (e.g., wheat jointing-stage irrigation customs). Three-season real-time verification increased acceptance to 82% by demonstrating 19% pumping cost reductions.

Policy inertia: 65% of optimized water quotas conflicted with legacy allocation policies, requiring 12 negotiation rounds with regulators to align technical solutions with institutional frameworks.



5.3 Future directions for system enhancement

Future work should prioritize: (1) low-cost IoT sensor networks targeting $500/km2 deployment costs, (2) hybrid decision engines blending algorithmic solutions with expert rulesets, and (3) policy-embedded optimization that respects legacy water rights while enabling gradual efficiency improvements. The Hexi case study confirms the framework’s adaptability, provided sufficient calibration periods (≥6 months) and stakeholder engagement during implementation phases.



5.4 Technical limitations and accuracy trade-offs

Three inherent limitations require attention: (1) sensor reliability directly impacts prediction accuracy – simulated 30% sensor failures increased groundwater depth errors from 0.03 m to 0.12 m; (2) exclusion of grain price fluctuations introduces economic model bias, with preliminary tests showing 8.7% irrigation reduction under 20% price declines; (3) control hysteresis varies significantly between canal- and well-dominated systems, necessitating 38% PID gain reductions in well-pump dominant areas. These constraints highlight the need for context-specific parameter tuning during deployment.




6 Conclusion

This study achieved multi-objective collaborative optimization of the water-energy-grain nexus system in irrigation areas for the first time, successfully solving the balance dilemma between resource competition and ecological protection. By constructing a four-dimensional objective quantification model, key mechanisms such as the diminishing marginal benefits of water resources and the nonlinear growth of pump station energy consumption were revealed, laying a theoretical foundation for collaborative optimization. The improved NSGA-III algorithm adopts dynamic reference point generation and hybrid constraint handling strategies, improving the coverage rate of the solution set to 86.4% and the computational efficiency by 66.8%, effectively solving the engineering bottleneck of high-dimensional objective space search. The digital twin platform innovatively establishes a closed-loop mechanism of “optimization-validation-execution,” achieving millimeter-level prediction of groundwater depth and second-level decision-making response, promoting the transformation of irrigation area management from experience-driven to model-driven. The empirical study in Hebei irrigation areas shows that this method not only ensures a 5.1% increase in grain production but also reverses the trend of groundwater over exploitation, achieving synergistic gains of 18.5% water saving and 13.2% energy saving, providing a replicable technical paradigm for water-scarce areas in North China.

The research findings mark the official entry of irrigation district water resource management into a new stage of intelligent decision-making. The proposed “model-algorithm-platform” trinity framework not only significantly enhances resource utilization efficiency but also establishes a sustainable development path encompassing “resource-ecology-economy.” The real-time optimization system driven by digital twins compresses traditional monthly-scale scheduling to minute-level response, enabling the irrigation district to cope with sudden risks such as extreme drought and electricity price fluctuations. The methodology can be seamlessly extended to areas such as wind-solar-storage energy coordination and watershed ecological scheduling, and has been verified to achieve a water-saving benefit of 15.3% in the Hexi Corridor irrigation district. Future work will integrate remote sensing data to enhance spatial resolution and introduce stochastic programming models to enhance adaptability to market fluctuations, ultimately forming an intelligent decision-making engine that supports the construction of the national water network and provides a Chinese solution for agricultural resource optimization in global arid regions.
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