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Abstract 

 

This study develops crop-planting plans for fragmented farmland in mountainous rural areas of North China. The model covers 

grain crops, vegetables, legumes, and edible fungi, and accounts for differences in land conditions. It specifies planting area, expected 

and surplus yield, crop-plot suitability, planting decisions, and market fluctuation parameters for subsequent linear and intelligent 

optimization. The dataset covers 1,201 mu of open-field farmland and 20 mu of greenhouse land. Plots include flat dryland, slopes, 

terraces, conventional greenhouses, and smart greenhouses. Price ranges were represented by their mean values, and baseline sales 

volumes were reconstructed from the historical census year. Flat dryland and terraces carried most field-crop production, while 

greenhouses supported vegetables and edible fungi. Under stable conditions, the optimized profit was about 3.0 million yuan when 

surplus was discarded and about 15.0 million yuan when it was sold at 50% of the original price. Under market uncertainty, particle 

swarm optimization reached about 18.0 million yuan in the discounted-surplus case. The regression model produced an R² of 0.835 and 

an adjusted R² of 0.816. The resulting scenario-based planting plans account for land use, rotation, legume requirements, profit, and 

market uncertainty.  
 

Key words: Crop Planting Optimization; Farmland Resource Allocation; Multi-objective Linear Programming; Genetic Algorithm; 

Uncertainty Modeling 
 

 

Introduction 

 

Mountainous parts of North China have fragmented 

plots, varied land types, and limited irrigation. These 

conditions affect which grain crops, vegetables, legumes, 

and edible fungi can be grown on each plot (Mardani 

Najafabadi et al., 2019). Over a seven-year planning cycle, 

planting decisions must also meet rotation requirements 

and respond to changes in costs and demand (Dury et al., 

2012). Farmers often base decisions on experience and past 

planting patterns, which makes it difficult to consider these 

constraints together. Earlier studies have often emphasized 

one-season returns or single-crop patterns. They give less 

attention to multi-year rotation, crop-land suitability, 

greenhouse intensity, and limits on planting concentration. 

This study uses data from 50 plots to define planting areas, 

plot constraints, yield, sales scenarios, rotation rules, and 

economic returns in one optimization model. 

The primary objective of this study is to develop an 

integrated decision-making framework for multi-year 

farmland resource allocation and crop-planting structure 

optimization in fragmented and heterogeneous mountainous 

farmland in North China. The study does not aim to propose a 

fundamentally new genetic algorithm or particle swarm 

optimization algorithm; rather, these optimization techniques 

are employed as solution approaches within the proposed 

agricultural planning framework.  

The framework integrates crop–land suitability, multi-

year crop rotation, legume requirements, planting-

concentration limits, surplus-production treatment, and 

market uncertainty into a unified optimization process. This 

integrated formulation is intended to reflect the practical 

decision environment of mountainous agricultural systems, 

where heterogeneous plot conditions, fragmented land 

resources, agronomic rotation requirements, and uncertain 

market conditions must be considered simultaneously. 

The contribution of the study therefore lies in the 

integration and application of these interacting constraints 

and uncertainty factors within a multi-year crop-planning 

framework and in evaluating the resulting planting 

strategies under stable and uncertain market scenarios. 

Previous research on agricultural crop planning has 

used several methodological approaches. Mathematical 

programming and linear programming have been widely 

applied to crop-area allocation and agricultural resource 

management because they provide transparent formulations 

for land, production, and resource constraints (Zeng et al., 

2010; Filippi et al., 2017; Jiang, 2025). Multi-stage and 

multi-objective formulations have further extended these 

models to represent temporal decisions and competing 

economic or resource objectives (Groot et al., 2012; Galán-

Martín et al., 2015). However, the effectiveness of such 

approaches depends strongly on how land heterogeneity, 

nonlinear relationships, and uncertainty are represented in 

the formulation. 

Evolutionary and intelligent optimization methods have 

been increasingly used for crop-planning problems with large 

or complex search spaces. Genetic and hybrid evolutionary 

algorithms can provide flexible search mechanisms for 

complex agricultural planning problems (Sarker & Ray, 2009; 
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Li et al., 2025), while NSGA-II has been applied to multi-

objective crop allocation and spatial optimization 

(Krityakierne et al., 2025; Wang et al., 2025). Particle swarm 

optimization has also been used for crop-planting strategy 

optimization (Benini et al., 2025; Zuo et al., 2025). These 

methods provide useful computational search capabilities, but 

the optimization algorithm itself does not replace the need to 

formulate crop suitability, rotation, land-use, and operational 

constraints appropriately for the agricultural context. 

Another important research direction concerns 

uncertainty in agricultural planning. Crop yield, sales volume, 

production cost, and market price can vary over time, making 

a single deterministic planting plan potentially sensitive to 

changes in economic and production conditions. Existing 

studies have addressed uncertainty through alternative 

optimization formulations, simulation, and scenario-based 

analysis (Xu et al., 2025). Crop rotation and diversification 

have also been incorporated into agricultural planning to 

reflect agronomic, and soil-management requirements 

(Felsman et al., 2025; Kümmerer et al., 2025; Shilpa et al., 

2025; De Barros et al., 2026). These strands of research 

demonstrate the importance of considering both economic 

optimization and agronomic constraints, but they do not 

necessarily address all of these factors simultaneously within 

a fragmented mountainous farmland setting. 

Against this background, the research gap addressed 

in the present study is not the absence of individual 

optimization techniques, but the need for an integrated 

planning formulation that combines heterogeneous plot 

suitability, multi-year crop rotation, legume requirements, 

planting-concentration limits, alternative surplus-

production treatments, and market uncertainty. The present 

study therefore builds on established mathematical and 

intelligent optimization methods and applies them within a 

unified framework tailored to fragmented mountainous 

farmland in North China. 

Linear programming, intelligent optimization, 

orthogonal uncertainty tests, and regression analysis are 

used to generate planting plans for heterogeneous plots 

(Groot et al., 2012; Li et al., 2025). The model includes 

crop rotation, legume requirements, planting-concentration 

limits, and economic relationships among crops. Section 2 

describes the data and methods. Section 3 presents the 

results under different scenarios. Section 4 discusses their 

agronomic implications and limitations, and Section 5 

concludes the paper.  
The main contributions of this study are threefold. First, 

it formulates a multi-year crop-planning framework that 
simultaneously considers heterogeneous plot conditions, 
crop–land suitability, crop rotation, legume requirements, and 
limits on planting concentration. Second, it incorporates 
alternative surplus-production treatments and market 
uncertainty into the planning process, allowing the robustness 
of planting decisions to be examined under different economic 
conditions. Third, it combines mathematical programming 
with intelligent optimization and regression-based analysis to 
generate and evaluate feasible planting strategies for the 
specific context of fragmented mountainous farmland. These 
contributions are intended to provide a practical planning 
framework for agricultural resource allocation rather than to 
claim a new optimization algorithm. 

To further clarify the positioning of the present study 

relative to established optimization approaches, representative 

methods used in crop-planning and agricultural resource-

allocation studies are compared in Table 1. The comparison 

focuses on the methodological characteristics and application 

scope of these approaches rather than direct numerical 

performance, because different studies generally use different 

datasets, constraints, planning horizons, and objective 

formulations. This comparison helps clarify that the 

contribution of the present study lies primarily in integrating 

land heterogeneity, crop–land suitability, multi-year rotation, 

planting-concentration constraints, surplus treatment, and 

market uncertainty within a unified framework for fragmented 

mountainous farmland. 

Beyond demonstrating the feasibility of the 

optimization framework, the present study examines the 

effects of alternative surplus-production treatments and 

market uncertainty on multi-year crop-allocation decisions. 

The results show that the treatment of surplus production can 

substantially change the resulting economic objective, while 

uncertainty in sales volume, yield, cost, and price affects the 

robustness and composition of the resulting planting plans. 

The study therefore uses the optimization framework not 

only to generate feasible planting allocations, but also to 

examine how interacting agronomic, land-use, and market 

constraints shape planning outcomes in fragmented 

mountainous farmland. These findings are interpreted within 

the specified study context and are not presented as 

universally generalizable relationships. 

To complement the methodological comparison in Table 

1, quantitative optimization results are also reported for the 

solution approaches investigated in the present study. Under 

the stable-market condition, the improved genetic algorithm 

converged to approximately 3.0 million yuan when surplus 

production was discarded and approximately 15.0 million 

yuan when surplus production was sold at 50% of the original 

price. Under the market-uncertainty setting, the PSO-based 

optimization reached approximately 18.0 million yuan in the 

discounted-surplus case. The corresponding convergence 

behaviour is reported in the Results section. These values 

provide quantitative evidence of the optimization outcomes 

obtained under the specified model formulation and scenarios. 

They are not interpreted as direct numerical benchmarks 

against published state-of-the-art studies, because the existing 

studies use different datasets, planning horizons, constraints, 

uncertainty assumptions, and objective formulations that do 

not permit a like-for-like comparison. 

This comparison indicates that the present study's 

contribution lies primarily in integrating and applying 

these interacting planning factors within a mountainous, 

fragmented agricultural setting, rather than in proposing a 

fundamentally new optimization algorithm. 

The present study does not claim that the individual 

modeling components are novel or that the proposed 

framework is the first of its kind. Instead, its contribution 

is defined by the integrated application of established 

modeling components to the specific conditions of 

fragmented and heterogeneous mountainous farmland. 

This distinction is important because crop suitability, 

rotation, optimization algorithms, and uncertainty 

modeling have each been investigated in previous studies, 

whereas their combined use in the planning context 

examined here provides the specific application 

contribution of this study. 
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Table 1. Methodological comparison of representative crop-planning optimization approaches and the present framework. 

Approach Typical application Key strength Limitation relative to present framework 

Linear programming 

(Zeng et al., 2010; Filippi et al., 2017;  
Jiang, 2025) 

Crop-area/resource 

allocation 

Transparent optimization of 

constrained allocation 

Limited treatment of complex nonlinear/uncertain 

search conditions 

SA-GA / evolutionary methods  

(Sarker & Ray, 2009; Li et al., 2025) 

Complex crop-

planning problems 

Flexible search in large solution 

spaces 

Computational solution method rather than 

agricultural framework itself 

NSGA-II  

(Krityakierne et al., 2025; Wang et al., 2025) 

Multi-objective crop 
allocation 

Handles competing objectives 
Requires appropriate formulation and 

parameterization 

PSO (Zuo et al., 2025) 
Crop-planting 

optimization 
Efficient population-based search 

Does not itself represent land-specific agronomic 

constraints 

Present framework 
Fragmented 

mountainous farmland 

Integrates land suitability, rotation, 

legumes, concentration, surplus 

and market uncertainty 

Application-specific; direct numerical benchmarking 
with published studies is limited by differences in 

datasets and problem formulations, while broader 

benchmark testing remains future work 

 

Theoretical framework and analytical methods 

 
Data preprocessing and model assumptions: The 
agricultural data were organized before model 
construction. The survey recorded plot area, plot type, 
and crop suitability (Galán-Martín et al., 2015; Saraeian 
et al., 2025). The dataset includes 1,201 mu of open-field 
farmland and 20 mu of greenhouse land. Plots were 
classified as flat dryland, terraces, irrigated fields, slopes, 
conventional greenhouses, or smart greenhouses 
(Borthakur et al., 2025). These classifications were used 
as constraints in the suitability assessment and planting-
area allocation. 

For production and economic variables, the midpoint 
of each price range was used to limit the influence of 
extreme values. Baseline sales volumes were reconstructed 
from the historical census year. The final dataset records 
crop type, plot type, planting area, yield per mu, cost, 
selling price, and expected sales volume. 

The practical planning problem considered in this 
study is characterized by substantial heterogeneity in both 
land resources and production conditions. The study area 
contains multiple plot types, including flat dryland, 
terraces, irrigated fields, slopes, conventional greenhouses, 
and smart greenhouses, with different suitability for crop 
production. The fragmented nature of these plots means 
that crop allocation cannot be determined solely from 
expected economic return. Instead, planting decisions must 
simultaneously account for plot-specific suitability, 
available area, crop rotation, legume requirements, 
operational minimum areas, and limits on the spatial 
concentration of individual crops. The inclusion of these 
interacting constraints distinguishes the application 
framework from a simple crop-area optimization problem 
and provides the practical context for evaluating the 
proposed multi-year planning approach. 

The model assumes stable agro climatic conditions, 

manageable planting operations, and predictable changes in 

demand. Extreme weather, biological threats such as 

pathogen outbreaks (Clement et al., 2025), and unusual 

market disruptions are outside the scope of the model (Park 

et al., 2025; Sakpal, 2026). 

 

Linear programming model for crop planting 

optimization 
 

Model establishment and objective function: The 

continuous variable Xi,j,t  denotes the cultivation area of 

the i-th crop in the j-th plot during the t-th year. 

Correspondingly, Ei,j,t is defined as the amount (in jin, and 

1 jin is 500 gram) of the i-th crop that goes beyond the 

anticipated sales volume produced from the j-th plot in the 

t-th year. Zi,j,t is a binary indicator that indicates whether 

crop i is cultivated in plot j during year t (1 for planting, 0 

for not planting). 

The objective function when the excess is unsold and 

wasted is shown in Formula (1) (Jiang, 2025): 

 

 
 

The key variables in the model are: Pi,t, reflecting the 

market sales price for the i-th crop during year t; Yi,t , 
denoting the per-unit-area yield of the crop i in year t; and 

Ci,t, representing the corresponding crop cost of the crop i 

in year t. 

Meanwhile, when the surplus volume is disposed of at 

half its baseline price, the objective function is shown in 

Formula (2) (Filippi et al., 2017; Jiang, 2025; Yu et al., 2025): 

 

 
 

Model constraints: Non-negativity of Excess: Since 𝐸𝑖,𝑗,𝑡 

denotes the surplus over the expected sales, it must be non-

negative. 

 

 
 

Upper Boundary for Excess: The amount that exceeds 

sales is calculated by subtracting the anticipated sales 

volume from the actual yield. This only applies if the actual 

production is greater than the forecasted demand. Herein, 

𝑆𝑖,𝑡 represents the anticipated sales volume. 

 

 
 

Minimum Plot Area for Crops: To ensure machinery 

accessibility, the planting area allocated to each chosen 

crop within a given plot is bounded by a minimum 

operational scale of 5 mu. 

 

 
 

Minimum Land Utilization Constraint: The area used for 

planting on a plot should be no less than 20% of the overall 

plot size. The overall size of the plot i is denoted by 𝐴𝑗. 

max  

7

t=1

   

82

j=1

   

41

i=1

    Xi,j,t ⋅ Yi,t − Excessi,j,t ⋅ Pi,t − Xi,j,t ⋅ Ci,t (1) 

max  

7

t=1

   

82

j=1

   

41

i=1

    Xi,j,t ⋅ Yi,t − Excessi,j,t ⋅ Pi,t + Excessi,j,t ⋅ Pi,t ⋅ 0.5 − Xi,j,t ⋅ Ci,t (2) 

Excessi,j,t ≥ 0 ∀i, j, t (3) 

Excessi,j,t ≥ Xi,j,t ⋅ Yi,t − Ei,t  ∀i, j, t (4) 

Xi,j,t ≥ 5 ⋅ Zi,j,t  ∀i, j, t (5) 
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Maximum Land Allocation Constraint: The total area 

of crops planted on each plot must not surpass the total plot 
area. 𝐴𝑗 is defined as the overall size of the plot j. 

 

 
 
Link between 𝑋𝑖,𝑗,𝑡  and 𝑍𝑖,𝑗,𝑡 : The binary variable 

𝑍𝑖,𝑗,𝑡 determines whether a plot is used for the i-th crop 
during year t. If 𝑍𝑖,𝑗,𝑡 = 0, then the corresponding planting 
area 𝑋𝑖,𝑗,𝑡  must be zero. If 𝑍𝑖,𝑗,𝑡 = 1 , then 𝑋𝑖,𝑗,𝑡  may 
have a positive value, limited to the maximum possible 
area for the plot, denoted as 𝑀. 

 

 
 

 
 

No Continuous Cropping: A plot land cannot be 

planted with the same crop for two consecutive years. 

 

 
 

Rotation Requirement for Leguminous Crops: Each 

plot must include at least one leguminous crop every three 

years in order to maintain soil fertility and avoid over-

reliance on a single crop type (Felsman et al., 2025; 

Kümmerer et al., 2025; Shilpa et al., 2025). 

 

 
 

Planting Concentration Limit: Aiming to mitigate 

excessive spatial fragmentation, each crop category is 

restricted to a maximum of 10 plots per year to concentrate 

labor and logistical resources. 

 

 
 

Solution framework for stable and uncertain crop-

planning scenarios: The formulated crop-planning 

problem was solved under stable and uncertain market 

conditions using established intelligent optimization 

techniques. The improved genetic algorithm was 

employed for the stable-market scenarios, while particle 

swarm optimization was used for the uncertain multi-

objective scenarios. These algorithms serve as 

computational solution methods for the integrated crop-

planning framework and are not presented as independent 

algorithmic innovations. Their purpose is to efficiently 

search for feasible planting configurations subject to the 

land-use, rotation, suitability, concentration, and market-

related constraints defined in the model. The improved 

genetic algorithm was employed for the stable-market 

scenarios (Sarker & Ray, 2009; Krityakierne et al., 2025), 

while particle swarm optimization was used for the 

uncertain multi-objective scenarios (Benini et al., 2025; 

Zuo et al., 2025). 

Model solution based on improved genetic algorithm 

 

(1) Multi-Matrix encoding and operators: The decision 

variable contains several linked dimensions. A multi-

matrix encoding was used to represent it by separating the 

search space into smaller components. This makes the 

genetic search easier to manage while retaining the 

relationships among crop, plot, and year.Xi,j,t 

Crossover can produce candidates that violate one or 

more constraints, so the algorithm repairs infeasible 

candidates before evaluation. Mutation uses random point 

changes: a year and plot are selected, and values are 

modified within the plot-area limit. Values above 0.8 are 

reset to zero. The repair step then restores compliance with 

all constraints (Li et al., 2025). 

 

(2) Repair strategy for infeasible solutions: In this study, 

several constraints are applied to correct infeasible solutions: 

Constraint (1) Cultivation Restrictions for Specific 

Land Types: Rice must be planted only once per year on 

irrigated fields, flat dryland, terraced fields, or sloping fields. 

Constraint (2) Compliance with Plot-Specific Crop 

Restrictions: If a plot is assigned an invalid crop type, such 

an allocation is removed. 

Constraint (3) No Continuous Cropping: The subsequent 

cultivation instance is omitted if an identical crop is detected 

on a single plot across back-to-back annual cycles. 

Constraint (4) Cultivation Limit by Plot: Any crop that 

is planted in more than 10 plots during the same year is 

adjusted to stay within this limit. 

Constraint (5) Leguminous Crop Requirement: If a 

plot has not included a leguminous crop for three 

consecutive years, an area is allocated for such a crop in 

the third year. 

Constraint (6) Minimum Area for Each Crop: If a 

specific crop occupies less than 20% of the plot area, it is 

increased to 30% of the plot's size, while also enacting a 

rule that restricts each plot from having more than 5 

different crops in the same year. 
Constraint (7) Maximum Plot Usage Limit: The total 

cultivation area for a plot cannot exceed the plot's 
available area. 

The repair procedure applies the seven constraints in 
sequence. Second-season crops that violate the land-type 
rule are set to zero. Invalid crop-plot assignments and 
consecutive plantings are removed. Allocations exceeding 
the plot-count limit are reduced. If legumes are absent for 
three successive years, an area is assigned to a legume in 
the third year. Small crop areas are raised to 30% of the 
plot area, subject to a maximum of five crops per plot and 
year. If total planting area exceeds plot area, the excess is 
reduced proportionally. 

 
(3) Model parameter setting: Table 2 outlines the specific 
parameter configurations established for the developed 
genetic algorithm. 

 

Table 2. Genetic algorithm parameter setting table. 

Parameter Value 

Number of iterations 800 

Crossover rate 0.7 

Mutation rate 0.3 

Population size 30 

Xi,j,t ≥ 0.2 ⋅ Aj ⋅ Zi,j,t  ∀i, j, t (6) 

  

41

i=1

 Xi,j,t ≤ Aj  ∀j, t (7) 

Xi,j,t ≤ M ⋅ Zi,j,t  ∀i, j, t (8) 

Zi,j,t ∈ {0,1} ∀i, j, t (9) 

Zi,j,t + Zi,j,t+1 ≤ 1 ∀i, j, t ∈ {2024, . . . ,2029} (10) 

  

2

k=0

    

i∈Legumes

 Xi,j,t+k ≥ 0.5 ∀j, t ∈ {2024,2027,2030} (11) 

  

82

j=1

 Zi,j,t ≤ 10 ∀i, t (12) 
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Orthogonal uncertainty testing and multi-objective 

linear programming model 

 

(1) Uncertainty test method: Agricultural parameters 

vary by crop. Sales volumes were allowed to change by 

about ±5% each year; wheat and corn were assigned annual 

growth of 5-10%. Yield per mu was allowed to vary by 

±10%, and planting costs were increased by about 5% each 

year. Grain prices were held relatively stable, vegetable 

prices were allowed to rise by about 5% per year, and 

edible-fungi prices were allowed to decline by 1-5% per 

year. Because the survey provided intervals rather than 

exact values, integer approximations were used in the 

optimization. Table 2 lists the parameter ranges. 

Planting decisions are affected by price, sales, yield, and 

cost uncertainty. An orthogonal experimental design was 

used to examine the combined effects of the uncertain 

agricultural and market parameters while avoiding 

evaluation of every possible combination of parameter levels 

(Xu et al., 2025). Seven uncertainty factors were considered: 

annual growth rate of wheat and corn sales volume, sales-

volume fluctuation for other crops, per-mu yield variation, 

annual growth rate of planting cost, annual growth rate of 

vegetable price, annual reduction rate of edible-fungi price 

excluding morel, and annual reduction rate of morel price. 

Their allowable levels are specified in Table 3. 

The 32 experimental groups in Table 4 represent 32 

selected combinations of these uncertainty factors. Each 

row of Table 4 defines one uncertainty scenario by 

assigning a specific level to each of the seven factors. 

These values are then introduced into the corresponding 

annual sales-volume, yield, planting-cost, and selling-price 

calculations according to the uncertainty relationships 

specified in the model. The resulting parameter set defines 

the economic and production conditions under which the 

planting decision is evaluated. 

For each experimental group, the multi-objective crop-

planning model evaluates the corresponding planting 

allocation and objective values under the specified 

uncertainty conditions. The resulting performance measures 

across the orthogonal scenarios are then used in the PSO-

based optimization, where mean profit and minimum profit 

are considered in evaluating candidate planting plans. Thus, 

the 32 groups function as representative uncertainty 

scenarios for evaluating the robustness of planting decisions 

rather than as 32 independent datasets or independent 

optimization algorithms. 

The use of 32 representative combinations substantially 

reduces the number of uncertainty combinations that would 

otherwise be required if all possible parameter-level 

combinations were evaluated. Table 4 therefore provides the 

explicit parameter settings used for each experimental 

group, while Table 3 defines the allowable fluctuation levels 

from which these settings are specified. The design contains 

32 runs and is shown in Table 4. 

 

(2) Multi-objective linear programming model: The 

multi-objective model maximizes revenue and minimizes 

cultivation cost while allowing planting area, sales 

volume, selling price, and cultivation cost to vary across 

market scenarios. 

In multi-objective linear programming model, the 

maximization of the objective function is derived from the 

subtraction of the cultivation cost from total sales receipts of 

the cultivated different, expressed as Formulas (13) and (14): 

 

 
 

 
 

where z1  and z2  specify the profit across all orthogonal 

scenarios, T defines the specific annual cycle, N denotes the 

set of crop varieties, Si,t represents the market sales volume 

for crop i in the t-th year (with fluctuation range), Pi,t is the 

corresponding selling price, Ci,t represents the corresponding 

per-unit cultivation expense, and Ai,t  implies the allocated 

planting area of the i-th crop during the t-th year. 

Planting area, sales volume, selling price, and crop 

cost vary with market conditions. Formulas (15)-(17) 

specify how these uncertainties enter the model. 

 

 
 

 
 

 
 

where S2023(i)  represents the sales volume of the i -th 

crop in 2023, SP2023(i) represents its corresponding, and 

SC2023(i) represents the associated crop costs. Suc Puc 
and Puc  are used to describe the market fluctuation of 

sales volume, selling price and crop costs in the t-th year 

respectively. 

 

Particle Swarm Optimization (PSO) algorithm for 

uncertain scenarios 

 

(1) Model principle: For uncertain multi-objective crop 

planning, this study uses particle swarm optimization (PSO) 

(Benini et al., 2025; Zuo et al., 2025). Each candidate 

planting plan is represented as a particle in a continuous 

multidimensional search space. Its velocity is updated by 

Formula (18). 

 

 
 

The inertia weight controls velocity. The acceleration 

coefficients and random terms determine the relative 

influence of a particle's own best position and the best 

position found by the swarm.ω𝑎c1𝑎c2rn1rn2pibpgb 
Position update formula of PSO algorithm particles: 

 

 
 

The PSO fitness function uses mean profit and 

minimum profit across the orthogonal experiments. Particle 

positions are updated from these objectives, and the swarm 

moves toward the best solution found during the search. 

z1 = max  

T

t=1

   

N

i=1

 (Si,t ⋅ Pi,t − Ci,t ⋅ Ai,t) (13) 

z1 = max  

T

t=1

   

N

i=1

 (Si,t ⋅ Pi,t − Ci,t ⋅ Ai,t) (13) 

Si,t = SS2023(i) ⋅ (1 + Suc) (15) 

𝑃i,t = SP2023(i) ⋅ (1 + Puc) (16) 

Ci,t = SC2023(i) ⋅ (1 + Cuc) (17) 

vid(t + 1) = ω ⋅ vid(t) + ac1 ⋅ rn1 ⋅ (pib − xid(t)) + ac2 ⋅ rn2 ⋅ (pgb − xid(t)) (18) 

xid(t + 1) = xid(t) + vid(t + 1) (19) 
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Table 3. Uncertainty fluctuation of crops. 

Item Fluctuation range 

Sales volume fluctuation (excluding wheat and corn) -5%, -4%, -3%, -2%, -1%, 0%, 1%, 2%, 3%, 4%, 5% 

Annual growth rate of wheat and corn sales volume 5%, 6%, 7%, 8%, 9%, 10% 

Per-mu yield 
-10%, -9%, -8%, -7%, -6%, -5%, -4%, -3%, -2%, -1%, 

0%, 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10% 

Annual growth rate of planting cost 5% 

Annual growth rate of grain crop price 0% 

Annual growth rate of vegetable price 5% 

Annual reduction rate of edible fungi price (excluding morel) 1%, 2%, 3%, 4%, 5% 

Annual reduction rate of morel price 5% 

 
Table 4. Orthogonal experimental scheme. 

Test 

number 

Annual growth rate of 

wheat and corn sales 

volume 

Sales volume 

fluctuation (excluding 

wheat and corn) 

Per-mu 

yield 

Annual growth rate 

of planting cost 

Annual growth 

rate of vegetable 

price 

Annual reduction 

rate of edible 

fungi price 

(excluding morel) 

Annual 

reduction rate 

of morel price 

1. 5% -5% -10% 5% 5% 1% 5% 

2. 6% -4% -9% 5% 5% 2% 5% 

3. 7% -3% -8% 5% 5% 3% 5% 

4. 8% -2% -7% 5% 5% 4% 5% 

5. 9% -1% -6% 5% 5% 5% 5% 

6. 10% 0% -5% 5% 5% 1% 5% 

7. 5% 1% -4% 5% 5% 2% 5% 

8. 6% 2% -3% 5% 5% 3% 5% 

9. 7% 3% -2% 5% 5% 4% 5% 

10. 8% 4% -1% 5% 5% 5% 5% 

11. 9% 5% 0% 5% 5% 1% 5% 

12. 10% -5% 1% 5% 5% 2% 5% 

13. 5% -4% 2% 5% 5% 3% 5% 

14. 6% -3% 3% 5% 5% 4% 5% 

15. 7% -2% 4% 5% 5% 5% 5% 

16. 8% -1% 5% 5% 5% 1% 5% 

17. 8% -4% -7% 5% 5% 1% 5% 

18. 9% -3% -6% 5% 5% 1% 5% 

19. 10% -2% -5% 5% 5% 3% 5% 

20. 5% -1% -4% 5% 5% 4% 5% 

21. 6% 0% -3% 5% 5% 5% 5% 

22. 7% 1% -2% 5% 5% 1% 5% 

23. 8% 2% -1% 5% 5% 2% 5% 

24. 9% 3% 0% 5% 5% 3% 5% 

25. 10% 4% 1% 5% 5% 4% 5% 

26. 5% 5% 2% 5% 5% 5% 5% 

27. 6% -5% 3% 5% 5% 1% 5% 

28. 7% -4% 4% 5% 5% 2% 5% 

29. 9% -3% 5% 5% 5% 3% 5% 

30. 10% -2% -7% 5% 5% 4% 5% 

31. 8% -4% -6% 5% 5% 5% 5% 

32. 8% -3% -5% 5% 5% 1% 5% 

 

Correlation-based regression modeling and 

evaluation method: This section examines 

relationships among crop sales volume, selling price, 

cost, and crop substitutability. Pearson correlations 

quantify linear associations. Sales volume is the 

dependent variable, and total production cost, selling 

price, cultivated area, crop cost, yield per mu, and unit 

sales price are the independent variables. Formula (20) 

gives the regression equation.YX1X2X3X4X5X6 
For the regression analysis, 58 complete observations 

were extracted from the original agricultural dataset, with 

observed sales volume used as the dependent variable and 

the corresponding economic and production variables used 

as explanatory variables. 
 

 
 

where β0 is the constant intercept, while the coefficients 

β1, β2, . . . , β6  indicate the specific contribution of each 

independent variable to the dependent variable, and ε 
represents the random error term. 

The regression model allows expected sales volume 

to vary with selling price, crop cost, yield per mu, unit 

sales price, and planting area. This provides an 

additional input for the uncertainty model and allows 

planting plans with and without these economic 

relationships to be compared. 

The regression model was evaluated with MSE, 

RMSE, MAE, MAPE, SMAPE, SSE, and R2. R2 was used 

to summarize the proportion of variation in sales volume 

explained by the model. These measures were used to 

quantitatively characterize the in-sample regression fit and 

to provide supplementary information for interpreting the 

economic relationships represented in the dataset and their 

use in the subsequent uncertainty analysis.  

Y = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 + β6X6 + ε (20) 
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Results and Analysis 

 

Stable market optimization results: The stable-market 

analysis uses two surplus treatments. In Scenario 1, output 

above expected sales is discarded. In Scenario 2, surplus 

output is sold at 50% of the original price. The improved 

genetic algorithm was run for both cases. 

Figure 1 gives the Scenario 1 convergence curve. 

Profit rose quickly at the beginning of the run and changed 

little after about 750 iterations. The final objective value 

was approximately 3,000,000. 

Figure 2 gives the Scenario 2 convergence curve, where 

surplus output is sold at a 50% discount. The curve became 

nearly flat after about 580 iterations, with a final value of 

about 15,000,000. This run stabilized earlier than Scenario 1. 

The convergence curves indicate stabilization of the 

objective values under the tested genetic-algorithm settings. 

However, convergence to a stable objective value alone does 

not constitute a mathematical proof that the obtained solution 

is the global optimum. The reported solutions are therefore 

interpreted as converged feasible planning solutions under the 

specified algorithm parameters and model constraints, rather 

than as mathematically proven global optima. 

Selling surplus at a discount produced a higher objective 

value than discarding it. The handling of surplus therefore 

changes both the planting plan and its economic result. 
 

 
 

Fig. 1. Convergence curve of scenario 1. 

 

 
 

Fig. 2. Convergence curve of scenario 2. 

 
 

Fig. 3. Model-derived total output of the top ten crops in scenario 1. 
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Fig. 4. Heatmap of model-derived total output of the top ten crops 

in scenario 1. 

 
Figure 3 shows the model-derived output allocation 

for the ten selected crops under Scenario 1 for the 2024–
2030 planning horizon. The model allocates more area to 
several dominant crops over the planning period. Cowpea, 
sword bean, and kidney bean have high output because the 
model requires legumes at least once every three years to 
meet rotation and soil-fertility requirements (Galán-Martín 
et al., 2015; Saraeian et al., 2025). Profit, rotation, and land 
constraints jointly determine the Scenario 1 allocation. 

Figure 4 maps the model-derived output allocation for 
the ten selected crops in Scenario 1 over the seven-year 
planning horizon.  Cowpea has the highest output and 
peaks in 2026. Sword bean and kidney bean also remain 
relatively high. Cabbage, cauliflower, green pepper, 
spinach, eggplant, tomato, and potato have lower output. 
The allocation is therefore weighted toward legumes, while 
output for the other crops changes less over time. 

Figure 5 shows planting area by plot in Scenario 1. 
Only plots with positive allocations are displayed, so the 
labels differ by year. Flat dryland and terraces account for 

the largest allocated areas, followed by slopes and irrigated 
fields. Greenhouse area is limited, which restricts the 
contribution of greenhouse plots to total profit. 

Figures 6 and 7 show output and planting area 
allocations for Scenario 2. Cowpea again has the largest 
planted area, while sword bean and kidney bean vary 
across years. Flat dryland and terraces remain the main 
land types used in the allocation. 

 

Optimization results under market uncertainty: For the 

uncertainty analysis, sales volume, yield per mu, crop cost, 

and selling price were allowed to vary. A multi-objective 

model and PSO were used to identify planting plans across 

these conditions. 

Figures 8 and 9 show the convergence curves for the 

two uncertainty scenarios. In Figure 8, the two trajectories 

are similar. Improvement slows as the iteration count 

increases, and the objective values approach a stable range. 

In Fig. 9, the objective value becomes nearly stable 

after about 400 iterations and remains close to 18,000,000. 

Subsequent oscillation is small. 

Across the two scenarios, the convergence curves reach 

stable values with limited variation near the end of the search. 

This suggests that the tested PSO settings produced consistent 

solutions for the specified constraints. As with the genetic-

algorithm results, the observed stabilization indicates 

convergence of the tested runs but does not by itself establish 

global optimality. Demonstrating global optimality would 

require exhaustive enumeration or a mathematically derived 

optimality bound, which is beyond the scope of the present 

heuristic optimization framework. 

Figure 10 shows output under uncertain Scenario 1. 

Cowpea output declines in 2028, while legume output rises 

in the following year. This pattern reflects the requirement 

to include legumes at least once every three years. Figure 

11 shows that flat dryland receives the largest area 

allocation, followed by terraces. 

 

 
 

Fig. 5. Model-derived planting area of the top 20 selected plots in 

scenario 1. 

 
 

Fig. 7. Model-derived planting area of the top 20 selected plots in 

scenario 2. 
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Fig. 6. Model-derived total output of the top ten crops in scenario 2. 

 

 
 

Fig. 8. The trajectory of convergence for scenario 1. 

 
 

Fig. 9. The trajectory of convergence for scenario 2 
 

 
 

Fig. 10. Model-derived total output of selected crops in scenario 1. 

 
 

Fig. 12. Model-derived total output of selected crops in scenario 2. 
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Fig. 11. Model-derived planting area of different plots in scenario 1. 

 

 
 

Fig. 13. Model-derived planting area of different plots in scenario 2. 

 
 

Fig. 14. Correlation heatmap of per-mu yield, planting cost and 

unit sales price. 

 

Figure 12 shows selected-crop output under uncertain 

Scenario 2. Cowpea output declines in 2024 and 2027 and 

rises in the subsequent years. Figure 13 shows that flat dryland 

and terraces receive most of the allocated planting area. 
 

Correlation analysis and improved model evaluation: 

Correlation analysis and multiple linear regression were 

used to examine how crop-related economic variables 

relate to planting decisions. Figure 14 reports correlations 

among yield per mu, unit sales price, and planting cost. 

Yield per mu and planting cost had a moderate 

positive correlation (r = 0.624). Higher-yield crops in the 

dataset tended to have higher costs, which may reflect 

greater use of inputs such as fertilizer, pesticides, labour, 

or production technology. 

Yield per mu and unit sales price were almost 
unrelated in the data (r = -0.08). Unit price therefore did 
not show a clear linear response to changes in yield. 

The association between yield per mu and unit price 
was negligible. 

Planting cost and unit sales price had a positive 

correlation of 0.40. In this dataset, crops with higher input 

costs also tended to have higher selling prices. 

Figure 15 presents the regression fitting results based 

on 58 original observations (n = 58). The observed values 

represent the sales-volume observations in the regression 

dataset, while the predicted values are the corresponding 

values estimated by the fitted regression model. The 

regression analysis produced an R² of 0.835 and an 

adjusted R² of 0.816. Figure 15 was regenerated directly 

from these original regression observations without adding 

or reconstructing additional plotting points.  

Figure 16 shows that the objective value changed little 

after about 250 iterations and remained close to 3,500,000. 

Figures 17 and 18 show total output and planting area 

allocation. Total output rises in a three-year pattern. Most 

allocated area is flat dryland or terraced land, and flat-

dryland area is lower in 2026 than in the other years. 

The regression model was evaluated using the 58 

complete observations used for model estimation. The 

resulting MSE was 143,050,473.26, RMSE was 11,960.37, 

MAE was 7,783.66, MAPE was 115.04%, SMAPE was 

68.03%, and SSE was 8,296,927,449.14. The model 

produced an R² of 0.835 and an adjusted R² of 0.816. These 

metrics provide a quantitative assessment of the in-sample 

regression fit to the observed sales-volume data. The 

relatively high MAPE should be interpreted cautiously 

because percentage-based error measures can be sensitive 

to observations with relatively small sales volumes. These 

regression metrics do not constitute independent validation 

of the multi-year planting allocation results. 

 

𝛽0 = 5185.191𝛽1 = 1.393𝛽2 = 0.104𝛽3 = −275.077𝛽4 = −4.805𝛽5 = 1.7𝛽6 = −640.801 
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Fig. 15. Regression fitting results based on observed and 

predicted values (n = 58). 

 

 
 

Fig. 16. Convergence curve. 

 

 
 

Fig. 17. Model-derived total output of selected crops. 

 

Discussion 

 

The results suggest that crop allocation should vary by 

land type, crop suitability, and expected economic return 

rather than be uniform across plots. Rotation constraints, 

particularly those for legumes, prevent the model from 

selecting only the most profitable short-term options. The 

model nevertheless has important limits. It assumes stable 

climatic conditions, which does not account for the effects 

of extreme weather (Park et al., 2025) or biological threats 

(Clement et al., 2025) on crops such as edible fungi. It also 

simplifies the marginal costs associated with fragmented 

plots, and does not fully incorporate micro-level agronomic 

configurations, such as the specific impacts of plant density 

and row spacing on final yield (Zuo et al., 2024). It is 

important to distinguish the findings derived from the 

present study from conclusions that have already been 

established in previous agricultural optimization research. 

Previous studies have demonstrated the usefulness of crop–

land suitability assessment, crop rotation constraints (Dury 

et al., 2012), evolutionary optimization methods (Sarker & 

Ray, 2009; Li et al., 2025), and uncertainty analysis in 

crop-planning decisions (Xu et al., 2025) in agricultural 

planning. The findings of the present study, however, arise 

from the integrated application of these factors within the 

fragmented and heterogeneous mountainous farmland 

setting examined here. In particular, the present results 

show how crop–land suitability, multi-year rotation 

requirements, legume constraints, planting-concentration 

limits, surplus-production treatment, and market 

uncertainty jointly influence the resulting crop and plot 

allocation under the specified planning scenarios. These 

findings are therefore specific to the modeled planning 

context and should not be interpreted as universally 

established relationships. 
 

 
 

Fig. 18. Model-derived planting area of different plots. 

 

A further limitation concerns the empirical validation of 

the multi-year planning projections. The 2024–2030 

planting allocations reported in this study are model-derived 

scenario results based on the specified land, agronomic, 

economic, and market assumptions; they are not statistically 

validated forecasts of actual future farmer behaviour. 

Although 2024–2026 fall within the planning horizon, 

their inclusion does not imply that the corresponding model-

derived allocations are retrospective predictions of observed 

farmer planting decisions. The model generates conditional 
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planning solutions for the specified scenarios rather than 

reconstructing or forecasting historical planting behaviour. 

Independent observations of planting areas, yields, 

sales volumes, prices, and production costs for the 

corresponding planning years were not available for out-

of-sample validation. Accordingly, the reported results 

should be interpreted as conditional planning solutions 

rather than predictions with established forecast accuracy. 

Future work should validate the framework against 

independent observed data as they become available and 

should evaluate its performance using out-of-sample error 

and robustness measures. 

A further methodological limitation is that the 

convergence of the heuristic optimization procedures does 

not provide a formal guarantee of global optimality. The 

convergence curves demonstrate stabilization of the 

objective values for the tested parameter settings, but they 

do not establish that no better feasible solution exists. 

Global-optimality verification would require exhaustive 

search, a valid optimality bound, or an exact optimization 

procedure for the full problem, which is computationally 

beyond the scope of the present study. Accordingly, the 

reported solutions are interpreted as high-quality 

converged feasible solutions for the specified planning 

scenarios rather than formally proven global optima. 

Future work could add stochastic weather, d market 

processes and dynamic measures of soil fertility 

(Borthakur et al., 2025; De Barros et al., 2026) when 

scheduling legume rotations. 

 

Conclusion 

 

This study converts data on cultivated land, crop 

suitability, and planting constraints into a crop-planning 

optimization model for mountainous rural North China. 

The model uses land use, crop distribution, cost, and 

market information to generate multi-year planting plans. 

Flat dryland and terraces receive most of the field-crop 

allocation, whereas greenhouse land is allocated mainly to 

vegetables and edible fungi. Legumes remain important 

because they satisfy the rotation constraint and support 

soil-fertility management. The model can be extended by 

incorporating climate and market information as it 

becomes available. 
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