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Abstract. This study explores agricultural optimization through two main questions. First, a PSO-BP
neural network model was used to derive an optimal planting strategy for profit maximization and
cost minimization. The model incorporated yield gap, planting area, and planting practices
constraints, resulting in stable, low errors, with a maximum profit of 3,561,194.9 yuan in 2030. For
the second question, an optimization model was developed considering expected sales, crop yield,
planting cost, sales price, and non-negativity constraints. The model was solved using the simulated
annealing algorithm, achieving stability after 35 iterations. The maximum profit reached 4,985,602.86
yuan in 2030, with a minimum of 3,913,304.33 yuan in 2023. This study provides insights into
optimizing agricultural production for improved profitability.
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1. Introduction

Crop selection plays a crucial role in agricultural productivity, especially given the scarcity of
arable land and variations in soil nutrients. As a fundamental necessity for human survival, crops
significantly impact many aspects of human life. However, the challenges of limited resources and
diverse environmental conditions necessitate selecting the most suitable crops and planting strategies
to maximize resource efficiency and mitigate the impacts of uncertainties on agricultural yields.
Previous studies have highlighted the importance of efficient crop selection to optimize resource use,
enhance resilience to environmental changes, and improve overall productivity.

For instance, studies have focused on identifying suitable crops based on soil characteristics and
climate conditions to achieve sustainable agricultural development [1]. Resource allocation
optimization techniques such as crop rotation, intercropping, and conservation practices have been
suggested to maintain soil health and improve yields [2] The use of machine learning models,
including neural networks, for predicting optimal crop choices and planting schemes has also gained
attention for its ability to manage complexity and uncertainties in agriculture [3-4]. Moreover,
optimization algorithms like PSO and genetic algorithms have proven effective for devising cost-
efficient crop selection and planting plans [5].

Some studies have also emphasized the role of decision support systems (DSS) in guiding farmers
towards optimal crop selection, considering the variability in input resources and market conditions
[6]. With an increasing focus on sustainable practices, studies have pointed to the integration of
environmental impact assessments in crop selection strategies to ensure long-term sustainability [7].
Addressing uncertainties, particularly those posed by climate change, has led to research focusing on
resilient crop planning techniques to secure food supply [8]. Advances in artificial intelligence (Al)
and big data analytics have further facilitated precision agriculture, allowing for data-driven crop
management decisions [9].

In conclusion, effective crop selection and planting strategies are key to addressing the challenges
of limited arable land, resource scarcity, and environmental variability. Integrating advanced
modeling techniques, decision support systems, and sustainable practices is critical for improving
agricultural productivity and ensuring food security.
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2. Methodology

2.1. Construction of multi-objective optimization model

In this paper, a linear programming model is established with the aim of minimizing crop planting
cost and maximizing sales profit. Combining the existing information and assumptions of the topic,
the objective function is:

max 2?23823 Yicq I — Cijtcqijt (1)
min Y.2230,3 X1y Cijecije (2)

Where, I, represents the total profit obtained from the sale of agricultural products during the
period t; c;j.. represents the planting cost of product plots in the broad category in the period; q; ¢
represents the total production of the product in the category in the period.

The linear programming model needs to satisfy the following constraints:

(1) Output gap constraint: When there is a gap between the output and sales volume of agricultural
products, there are two sales forms of agricultural products: (1) the gap part is unsalable; (2) The gap
part is sold at 50% of the price. The constraint equation is as follows:

{ Dijtcqije  conditionl
It -

» (3)
Dijecqije + 0.5 pijct(dijt - qijt) conditional 2

Where, p;j.. represents the sales price of the products in the major categories in the land parcel
during the period; d;;. represents the expected sales volume of the product in the category in the
period.

(2) Planting area constraint: Since the planting process of vegetables needs to occupy part of the
greenhouse area, the planting area of vegetables should not be too small according to the constraints
given in the title. Based on this, the planting area constraint of vegetables is given. At the same time,
considering the uncertainty of the area in the planting process of vegetables, the interval estimation
is carried out by testing under the condition that the data amount is small:

Landc = Z?=1 Sijtc (4)

— gj - [
Sijtc € (S, — T% t%, S, + 7% t%) (5)
K_1Sijtc = Sijt (6)

Where, s;j.. represents the planting area of the product in the category in the phase plot; Land,
indicates the area of the plot; S_J represents the variance of planted area in the major crop categories.

Constraints on planting laws: According to the information given by the title, the same crop cannot
be continuously planted in the same plot, and legumes must be planted once in each land within three
years: Constraints are as follows:

Qijt + Qije+1) = MaX{Gije, Qije+1)) (7
Y12 Sijec > Sijme M E [T, T +4] )
j €{lsd,ls scd, sc syj} 9)

In the formula, it respectively represents grain (beans), grain, vegetables (beans), vegetables and
edible fungi. In summary, the linear programming model is as follows:
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Condition 1+ (10)

Condition 2+ (11)

2.2. PSO-BP neural network

Particle swarm optimization (PSO) is a random search algorithm based on group cooperation
established by simulating bird predation behavior. We assume that every optimization problem in the
algorithm is a predator in space, and all particles have a fitness value, search direction and search
distance. The paper assumes that the position of every particle in space is X; = (x;1, Xz, -, Xip) 7,
and the velocity vector of every particle is V; = (v;1, v;3, ..., V;p)T, because we give the displacement
function in space:

x5t = Xl + vl (12)

viit = vk + crf(pbestly — x5) + c,r¥ (gbestk — xk) (13)

BP neural network is a kind of artificial neural network, through the signal backpropagation

constantly adjust the network layer weight and threshold, so that its output value is constantly

approaching the expected output. Generally, the neural network consists of three parts: input layer,

hidden layer and output layer. The neurons in different layers are fully connected, and the input of

neurons in the layer comes from the output of the neural institute in the previous layer. The neural
network structure diagram is as shown in Figure 1:
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Figure 1. Neural network structure diagram
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The neuronal input is as follows:
yj = f(Xi=1 wi;PRofit, + bj) (14)

Where, y; represents the output of neurons; RD; represents input from neurons; Profit,
represents output data for the period. At the same time, on the original basis and with reference to
previous studies, inertia weights were introduced to optimize the model:

Wmax—WPmin 7 (15)

W; = Wmnax — H

3. RESULTS

3.1. Calculation results of PSO-BP neural network

Through MATLAB software programming, the data of 2023 was brought in to obtain the optimal
planting strategy of 2024. The error iteration graphs in two cases are shown in Figure 2:
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Figure 2. PSO-BP neural network error iteration method

Through Figure 2, we find that the error of the neural network model reaches 0 after 19 and 27
iterations respectively in case 1 and case 2, and the error of the model is small.

Through calculation, the annual profits under the two conditions are obtained, and the results are
shown in Figure 3:
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Figure 3. Profit distribution diagram
It is found in Figure 3 that the profit in both cases fluctuates around 300,000 yuan, with the
maximum reaching 3,561,194.9 yuan in 2030. A maximum of 34,970,44.3 yuan by 2030;

4. Conclusion

In conclusion, the study utilized PSO-BP neural network and simulated annealing algorithms to
determine optimal planting strategies and maximize agricultural profitability from 2023 to 2030. The
analysis showed that crop planting areas were relatively stable, with low variability across different
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crop types. Using PSO-BP neural network modeling, the optimal planting strategy in 2024 indicated
minimal error, and the annual profit under two different scenarios demonstrated consistent fluctuation
around 300,000 yuan, with a peak in 2030 reaching 3,561,194.9 yuan. Additionally, simulated
annealing optimization provided further insights, achieving stability after 35 iterations, and projected
significant profit growth with a maximum of 4,985,602.86 yuan in 2030. The results highlight the
potential of combining machine learning techniques and optimization algorithms to develop effective,
sustainable planting strategies, ensuring enhanced agricultural profitability and stable crop output
over time.
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