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Abstract: A village in the mountainous region of North China faces the challenges of limited arable land
resources and low-temperature environments, and needs to optimise crop planting strategies to enhance
production efficiency and reduce risks. To this end, this paper proposes an optimal crop planting strategy
model that integrates linear programming, Monte Carlo simulation and particle swarm algorithm.
Firstly, the optimal planting strategy was formulated by linear programming and particle swarm
algorithm without considering the uncertainty, secondly, the uncertainty of the expected future sales
volume, mu yield, planting cost and sales price was further considered, and a dynamic planning model
was established by Monte Carlo simulation and particle swarm algorithm, which yielded the average
profit of the calendar year to be increased to 62,346,800 Yuan; finally, inter-crop substitutability was
introduced to explore the correlation between crops using K-means cluster analysis and a linear
regression model of expected sales was developed by least squares. The results showed that the planting
strategy after considering inter-crop correlation could further improve the production efficiency. The
study in this paper is of great value for future extension and can be applied to areas with similar agro-
ecological environments and cropping conditions to provide guidance for local agricultural cropping
strategies.

Keywords: Linear Programming, Particle Swarm Algorithm, Monte Carlo Simulation, K-means
Clustering

1. Introduction

The research background of this thesis is that a rural village in the mountainous region of North China
is facing the challenges of limited arable land resources and low-temperature environments, and needs
to optimise crop planting strategies to enhance production benefits and reduce risks. The traditional crop
planting strategy is the study of planting structure optimisation through linear programming, BI
Chunning et al [1] constructed the E-FOS-MOP model to explore the crop planting structure of the
Yellow River estuary area under different river green assurance, and achieved better results. ZHANG P
F et al [2] optimised the adjustment of agricultural planting structure based on the water-energy-grain
correlation relationship, and obtained the results of economic benefit improvement. Guo Ping et al [3]
based on the Pareto solution set of agricultural water and soil resources optimisation allocation planning
model, but this kind of linear planning model lacks more generality of the solution procedure, and the
use of mean value instead of crop prices and other uncertainty values, has certain limitations. ZHANG
H Hao et al. [4] introduced an on-the-fly dynamic planning model to take full account of the uncertainty
of water availability in the irrigation area, so that the irrigation area can play a high and stable economic
efficiency. In recent years, machine learning algorithms have been widely used in global optimal search
problems, DONG Chen-chao [5] constructed a genetic algorithm-generative adversarial neural network
model for optimal scheduling of water resources in artesian irrigation districts, and found that the
efficiency of water resources utilisation has been significantly improved through validation and
application. WANG Zhipeng et al[6] reviewed the methods of determining the objectives of planting
structure optimisation and the traditional and intelligent algorithms for model solving, PAN Yue et al[7],
solved the multi-objective optimal allocation model by using DSF-GWO algorithm, and got the
optimization scheme of agricultural planting structure in irrigation areas under different development
scenarios. LI Yanbin [8],ZHANG Qian [9] et al. used improved particle swarm algorithm in agricultural
planting structure optimisation, introducing two improvements of relational weight attenuation and
particle swarm variation strategy, which led to the improvement of planting structure.

However, through analysis, it was found that these studies were not perfect enough for the
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consideration of constraints, and lacked the consideration of uncertainties such as the expected future
sales volume and planting costs. In this paper, based on the in-depth study of the optimal planting strategy
based on particle swarm algorithm, Monte Carlo method, K-means cluster analysis, least squares and
other methods are introduced to study the impact of the uncertain factors and the correlation between
them. Firstly, this paper establishes the optimal planting strategy model based on particle swarm
algorithm on the basis of the data in 2023, taking the type of arable land, crop rotation, planting area
limitation, seasonal limitation and other constraints, and maximising the revenue as the objective function;
secondly, the distribution of the fluctuating ranges of the expected future sales volume, mu yield, planting
cost and sales price are described through the assumptions and Monte Carlo simulation is used for the
simulation to formulate the optimal Finally, the correlation between price, cost and expected sales volume
was introduced into the study, and K-means cluster analysis was used to analyse the differences in the
characteristics of crops, and a linear regression model of expected sales volume was established by the
least squares method.

2. Materials and methods
2.1 Data Acquisition

The research data for this paper was obtained from the open source website Github.
2.2 Particle Swar Algorithms

In carrying out the actual solution, it is found that the complexity of the model operation is greatly
increased due to the addition of new constraints, so we introduce the particle swarm algorithm to solve
the objective function so as to reduce the complexity of the operation process. The particle swarm
algorithm is actually an intelligent optimisation method that simulates the foraging of a flock of birds to
find the optimal solution, which can search for the optimal solution by iterating on the basis of a random
solution, and search for the global optimal solution by using the fitness as the evaluation condition.

Suppose that in an M dimensional search space, The initial coordinates of the D particles are
U.=(u,,u,,..,u, ), the initial flight speed is (m=1,2,....M,i=1,2,...,D),D , the optimal

im

position of the n particles is B = (P,1, Piss-es Di) -

2.3 Monte Carlo method

This paper focuses on the simulation of random variables in different scenarios using the Monte Carlo
method, based on a random sampling computational method, in order to achieve the optimal solution.
The general steps are as follows.

(1) Model the probability distribution according to the problem y/(x) .
(2) Generate random number X according to the probability distribution and calculate f(x)
according to the function model i/ (x) .

(3) Solve the Monte Carlo simulation final result with the mathematical expression:

D

N
E= ]\;Zf(Xln’X;”X:) (1)

(4) Completion Exit.
2.4 K-means cluster analysis

In order to reduce the differences between different crops due to their own characteristics, this paper
introduces K-means cluster analysis to discuss the classification of each crop.K-means cluster analysis
is the most basic and commonly used clustering algorithm. The main idea is to randomly select k
clustering centres from the sample, and then according to the Euclidean distance to assign each point to
the cluster closest to its mean, and then calculate the mean vector of the points assigned to each cluster,
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and recursively as a new centre, and ultimately get the clustering results. The specific process is as
follows:

(1) Select K objects as initial cluster centres: C,,-*+,C,

(2) Calculate the distance d from each point / ; to the centre C i of each cluster, and assign it to the

cluster Lj corresponding to the smallestd .
d:|]i—le(le{l,2,---,m},]e{l,2,---,k}) )
(3) Use the mean value of all objects in each cluster as the new cluster centre:
C,=>.1/L] (3)
Where [ ; € L ; .| L ; | is the number of data points in cluster Lj .

(4) Cycle through steps (2) and (3) until each cluster no longer changes. k-means clustering of K
clusters with output minimum standard variance.

3. Results and analysis
3.1 Crop planting strategy modelling based on particle swarm algorithm

3.1.1 Identification of decision variables

. is defined as a decision variable indicating the area of the i th crop cultivated on

In this paper, x;”, i
the m th plot of land in the y th quarter of the year. Where ) denotes the year, ] denotes the parcels of
land (in the order of flat dry land, terraced land, hillside land, irrigated land, watered land, irrigated land,

ordinary greenhouses, and smart greenhouses), and 71 denotes the 71 th quarter, which takes the value of
1 or 2 to denote the first and the second quarter of the season.

3.1.2 Setting the objective function: maximising returns

In this paper, maximising revenue is used as the objective function, so that when there is a situation
where the production of a crop exceeds the expected sales, the excess portion is sold at half price. The
objective function is obtained as maximising the total revenue from the normal sale portion plus the
revenue from the reduced price sale portion (at 50% of the 2023 sale price) minus the cost of cultivation.
-Es") 4

2030 54 41 2

PR : moQm % m kpm  _omo g om
Maximize= 3 ZZZ(mm(ES[ oSy ¥ ) B G X i
y=2024 j=1 i=1 m=1

+0.5%P" *max(0,S”, *x"

Vo

Where ESim refers to the expected sales volume of the first crop in the 2 th quarter, Pym L refers to
the unit price of the 7 th crop on the first plot of land in the 7 th quarter of the y th year, and C;'fj’i : refers
to the cost of growing the ith crop on the first plot of land in the 2 th quarter of the y th year,

3.1.3 Determining constraints

(1) Limitations on the total area of each plot.

2 41
D>, < SO,V v € {2024,....,2030} )
m i=1

(2) Types of crops grown on specific plots.
X" <ul SOV, jyme {1,2), y € {2024,...,2030} 6)

Vst

where u;"i is a newly defined ternary decision variable (a value of 1 indicates that it can be planted,
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and a value of 0 indicates that it cannot be planted), Tj represents the type of plot j (e.g., flat dry land,
terraced land, hillside land, etc.), and Ll. represents the type of crop i (e.g., grain, grain (legume),
vegetable, vegetable (legume), and edible mushroom).

(3) Each crop cannot be grown consecutively on a single plot of land.

That is, the crop types cannot be the same in two consecutive years or between seasons:

Vi Yool
1 % .2 _ _

Xy g Xy = 00m=2) %)
1 % .1 _ _

xy,/ i xyfl ji O(m - 1)

(4) Each plot must be planted with a legume crop once in three consecutive years.

Indicates that each plot must be planted with a legume crop once in three consecutive years:

XXX XX 21,0 e{1,2,3,4,5,17,18,19} Yy (8)

y=Lj.i y=Lj.i y+Lji y+Lji
(5) the seasonal limitation of crops
In view of the function of the greenhouse, the seasonal limitation of crop cultivation should also be
considered. For ‘ordinary greenhouses’ (TJ =T ) , only one season of vegetables and one season of
mushrooms can be grown each year:

D ox+ D x,,<80,VjwithK =K. ye{2024,.,2030} (9

ie{i|[N;=N} ie{i|N;=N}

For ‘smart greenhouses’ (Tj =T ) , two seasons of vegetables can be grown each year:

> XM <80,VjwithK, =K ,me{l,2},ye{2024,...,2030} (10)

iefilN,=N,}
3.1.4 Range of independent variables

In the process of model building, the code readability of the particle swarm algorithm also needs to
be considered, so the range of values of the independent variables should be defined according to the
limitations of the actual scene. For example, to ensure that the planting area of the same crop is not too
dispersed, the planting area is set here as a multiple of 0.1, i.e:

X0 20.00b,, Vi, jok € {1,2},1 € {2024,...,2030} (11)

i,),k,t?

=1 :otherwise, b. =0.

Where D, kot

.. 418 @ binary variable, when x,, j,k,1 >0, b,

i,7,k,t
3.1.5 Model aggregation

In summary, the optimal planting scheme model initially established based on the expected future
sales volume, planting cost, mu yield and sales price of various crops remain unchanged is shown below:

-£sm) (12)

2030 54 41

Maximize =" ZZZ(mm(ES’",S’” XXl RPN =Cr R 405 P *max(0,87 *xt

i Voji Voji Voji }/1 1/1 yoji Vi
y=2024 j=1 i=l m=1
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2 41
2.2 1 X! <SO.Vj,ye{2024,...,2030}
xi o Sur SO,V j,me {2}, y € {2024,...,2030}
1 2 _
X, 0%, =00m=2)
S.t x;’J’*x}Z’*ljt_O(mzz)
. xljl*xL4jl—(Xn1:1)
Xy X X X T X X 2 1YY
dYoox o+ D x,,<80,.VjwithK, =K,
ielilN;=N,} ielilN;=N,}
> xl, <80, VjwithK, =K ,me{l,2}
ie(ilN;=N;}

3.2 Optimal planting strategy modelling based on Monte Carlo method

3.2.1 Data analysis and testing

(13)

Specific variables fluctuated as follows: expected sales of wheat and maize increased between 5 and
10 per cent per year; expected sales of other crops varied + 5 per cent per year relative to the first year;
acres of each crop varied + 10 per cent per year; and the cost of cultivation increased by an average of
about 5 per cent per year. Of the sales prices, grain crops are stable; vegetable crops increase by an average
of about 5 per cent per year, edible mushrooms decline by 1 to 5 per cent per year, and morel mushrooms
decline by 5 per cent per year.Relevant data are then collected and analysed, as shown in Figure 1, Figure
2, Figure 3 and Figure 4.
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The normality test for each data is obtained as shown in the table:
Table.1. Table of normality test results
variable name median | average | skewness kurtosis S-W test
Expected sales of maize 143.643 | 146.023 0.212 -1.248 0.749
Expected sales of wheat 136.698 | 140.984 0.358 -1.033 0.787
Expected sales of remaining crops 111.606 | 112.304 0.407 -0.551 0.897
Future acreage 10 99.965 0.494 0.084 0.494
Future planting costs 124.234 | 125.451 0.196 -1.065 0.895
Vegetable wholesale price index 99.58 101.32 0.152 -1.304 0.167

Observing the results in Table 1, it was found that all of them appeared P>0.05, therefore, it was

considered that the pattern of change of the above variables obeyed the normal distribution.

3.2.2 Introduction of random variables and ranges of values

Definitions of various types of random variables are introduced based on the assumption of normal

distribution.

(1) Changes in sales volume

Sales of wheat and maize are expected to grow at 5-10 per cent per annum:

ES,(y) = ES,(2023)* (1 +es, ), es,, €[0.05,0.10], Vi € {L,, L, }

For the remaining crops, the expected sales volume varies within £ 5 per cent.

ES,(y) = ES,(2023)*(1+es, ),es, , €[-0.05,0.05],Vi ¢ {L, L, }

(2) Change in yield per acre

A variation of £10 per cent per year in the acreage yield of a crop can be defined as:

(14)

(15)
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S.(y)=S,(2023)*(1+s,,),s,, €[-0.1,0.1] (16)

(3) Changes in planting costs

The cost of growing crops increases by an average of 5 per cent per year, as defined by market
conditions:

C,(y)=C,(2023)*(1+0.05)" ", Vi (17)

(4) Sales price

According to the changes in the sales prices of crops, a total of four categories were analysed, divided
into grain, vegetables, edible mushrooms and morel mushrooms, respectively, with the following range
of changes:

The sales price of food crops is basically stable and unchanged:
P(y) = P(2023), ViwithN, = N, U N, (18)
Sales prices of vegetable crops increased by 5 per cent per year:
P(y)=P(2023)-(1+ 0.05)%2023 ,ViwithN, = N;UN, (19)
Sales prices of edible mushroom crops have fallen by 1 per cent to 5 per cent annually.
P(y)=P(2023)-(1-7,),r,, €[0.01,0.05], ViwithN, = N, (20)
The annual decline in the price of morel mushrooms is set at 5 per cent.
P,(») = P, (2023)* (1-0.05) " e

3.2.3 Model results

Using python programming, the optimal crop planting strategy model is solved, where the number of
particle swarm iterations is 1000 and the number of Monte Carlo simulations is 100, and the economic
returns for the next seven years are solved as in Table 2.

Table.2. The economic returns for the next seven years

Year 2024 2025 2026 2027 2028 2029 2030
Economic return/¥ 10,000 5263.19 | 5921.81 | 6132.33 | 6212.02 | 6626.25 | 6542.24 | 6944.92

3.3 Optimisation models based on relevance and substitutability considerations

3.3.1 K-means cluster analysis

Table.3. Clustering results table

categories frequency Percentage/% cluster naming
1 13 31.7 moderate demand
2 4 9.8 high demand
3 24 58.5 low demand

Observing Table 3, based on the main criteria for judging the clusters, the three types of crops can be
classified into three categories according to the clusters: high demand, moderate demand, and low demand.
Subsequently, data can be extracted from each of these three types of clusters for correlation modelling.

3.3.2 Least squares based sales volume model forecasting

We selected representative crops for linear regression analyses from three categories of moderate, high,
and low demand: pumpkin, wheat, and white mushroom.

Table.4. Linear regression results table

Crop| Pumpkin (moderate demand) Wheat (high demand) White Ling Mushroom (low demand)
P <0.001 <0.001 <0.001
R? 0.995 0.998 0.997

Observing Table 4, the P-values of the three crops are less than 0.05, observing R? , it is found that
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they are all more than 0.9,indicating that the model works well. The final expression of the function on
the expected sales volume was obtained as follows:

ES,, =6.008—6.123C,, +6.562P, 22)

Where, ES is the expected sales volume, C is the planting cost, P is the selling unit price, and 12, 6,
and 40 represent pumpkin, wheat, and white mushroom, respectively.

3.3.3 Model results

In order to analyse the practical implications of correlation and substitutability factors, this paper
compares the expected sales volumes with and without considering correlation. The comparison in Figure
5 reveals that the planting strategy after considering the correlation between crops can further enhance the
production efficiency.
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Figure.5: Comparison of expected sales volume
3.4 Analysis and discussion of results

This research has far-reaching practical significance. The proposed optimal planting strategy based on
particle swarm algorithm, Monte Carlo simulation, K-mean cluster analysis and least squares method
provides a comprehensive framework for agricultural planning. Firstly, the Monte Carlo simulation results
shown in Fig. 1 and Table 2 show the fluctuations in expected sales and planting costs over the next seven
years. These fluctuations are critical for farmers to plan their crop cultivation. By incorporating uncertainty
into the model, the study provides a more realistic representation of the agricultural market and allows
farmers to anticipate potential challenges and opportunities. As shown in Table 2, the upward trend in
economic returns indicates that the proposed cropping strategy is sustainable and profitable in the long
run.

Secondly, the results of the cluster analysis shown in Table 3 classified the crops into high, medium
and low demand categories. By identifying crops with similar demand patterns, farmers can allocate their
resources more efficiently and concentrate on high-demand crops to maximise profits. The linear
regression models developed for each demand category further refine this strategy by allowing farmers to
forecast expected sales based on growing costs and selling prices. This forecasting ability is invaluable for
agricultural planning and decision making.

In addition, the flexibility of the cropping strategy was improved by introducing substitutability
between crops through K-means cluster analysis and linear regression analysis. By considering
correlations between crops, farmers can adjust their cropping plans to accommodate market changes and
reduce risk. For example, if the demand for a particular crop declines, farmers can switch to a related crop
with higher demand to ensure income stability.

4. Conclusions

In this paper, the optimisation of crop structure is studied taking into account the uncertainties of future
expected sales volume, mu yield, planting cost and selling price, utilising particle swarm algorithm, Monte
Carlo method, K-means clustering and least squares method. Firstly, the optimal planting strategy was
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formulated by particle swarm algorithm without considering the uncertainty; secondly, the uncertainty of
future expected sales volume, mu yield, planting cost and sales price was further considered, and a
dynamic planning model was established by Monte Carlo simulation and particle swarm algorithm to
obtain the average profit of all years to be raised to 62,346,800 Yuan; finally, the effect of substitutability
between crops was introduced, and the effect of substitution was analysed using K-means cluster analysis
to explore the correlation between crops, and a linear regression model of expected sales volume was
established by the least squares method. Compared with traditional linear programming models, our
proposed method can significantly improve planting efficiency and profitability. However, our study still
has limitations, such as Monte Carlo simulations may have local optima. For future research, we suggest
exploring more advanced optimisation algorithms to further improve the robustness and accuracy of the
model.
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