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Abstract: This study considers a variety of planting conditions and uncertainties, and comprehensively analyzes and
optimizes crop planting strategies to achieve profit maximization. This study is based on a detailed data set of crop
planting information of a village in a mountainous area of North China in 2023, including expected sales volume,
planting cost, per mu yield, and selling price. In the first phase of the study, assuming that the expected sales volume,
planting cost, acre yield, and selling price of the crop remained stable as in the dataset, two scenarios were considered:
excess sales were unsold and excess was sold at a 50% discount. The optimal planting scheme was solved by a simple
linear programming model. In the second stage of the study, in order to solve the uncertainty and potential risk of
expected sales volume, yield per mu, planting cost and selling price, a fluctuation factor is introduced, and a new
objective function containing the fluctuation factor is constructed by using normal curve probability random fluctuation
method. In the third stage of the study, taking into account the fungibility and complementarity among crops, as well as
the correlation between expected sales volume, planting cost and selling price, Spearman correlation analysis was used
to define and solve the substitution complementarity coefficient and correlation coefficient. These coefficients are
introduced into the new constraints of the linear programming model to further optimize the model, and finally a more
scientific and practical Spearman-Normal stochastic linear programming model is proposed to optimize crop planting
strategies, which is conducive to facilitate field management, improve production efficiency, and reduce planting risks
caused by various uncertainties.

Keywords: Linear programming model; Normal curve probability random fluctuation method; Spearman correlation
analysis; Spearman-Normal stochastic linear programming; Optimize crop planting strategies

1 INTRODUCTION

Based on the actual situation of rural areas, making full use of the limited arable land resources and adapting to local
conditions to develop organic planting industries is of great practical significance for the sustainable development of
rural economies. A village in the mountainous area of North China has complex geographical conditions, low
temperatures, limited arable land resources, and can only grow one crop per year [1-2]. Now, in response to the planting
needs of this village, it is necessary to establish a mathematical model to optimize the crop planting plan. The main goal
is to rationally arrange the planting time and plots of different crops to increase production efficiency, reduce the
planting risks caused by overstocking or price fluctuations, and at the same time take into account the requirements of
soil rotation and the convenience of field management [3]. In addition, future climate change, fluctuations in market
demand, changes in planting costs and sales prices, and other uncertain factors also need to be considered to ensure the
sustainability of crop planting and maximize economic benefits.

Carlo Filippi employed integer programming to identify the crop combination that maximizes farmers' expected profits,
defining market-related factors as random variables [4]. Hengtian Ma utilized linear programming to optimize crop
planting schemes under a series of constraints and employed Monte Carlo simulation to model market scenarios,
thereby accounting for market uncertainties [5]. JE Annetts proposed a multi-objective linear programming model
aimed at considering agricultural conditions such as market prices, potential crop yields, soil and weather characteristics
to optimize profits or environmental outcomes, or both [6]. From the existing literature, it is evident that optimizing
crop planting schemes under multiple factors has long been a hot topic of interest for experts and scholars. The primary
approach has been to establish linear programming models or combine them with other models to consider fluctuating
factors [7]. However, these research methods generally fail to take into account fluctuating factors or simulate them
within the fluctuation range with equal random probabilities, lacking realistic and scientific analysis.

This paper proposes a linear programming model that constructs a new objective function containing a stochastic
fluctuation factor in the normal curve probability and a constraint condition including the Spearman correlation
coefficient. The Spearman-Normal Stochastic LP model considers the correlation between variables more objectively
by introducing the Spearman correlation coefficient, better capturing the interdependence among variables; by
introducing the normal curve probability stochastic fluctuation factor, the random probability of the fluctuation factor
within the fluctuation range becomes more realistic and scientific, thereby enhancing the robustness and adaptability of
the model; it more realistically reflects the complexity and uncertainty in the real world, improving the practicality of
the model. This model combines the efficiency and certainty of linear programming with the methods for handling
correlation and randomness, making it more practical and effective in the planning of crop planting schemes.
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2 METHODOLOGY
2.1 Data Analysis

2.1.1 Description of the dataset

This study is based on the specific conditions of cultivated land in a village in the mountainous area of North China and
the relevant statistics of  crop planting in 2023. The dataset is available at
https://www.mcm.edu.cn/html_cn/node/a0c1fb5¢c31d43551f08cd8ad16870444. html. The first data table provides the
existing cultivated land data of the village, including the land type and area of each plot, as well as explanations of the
land types, such as: flat dry land, terraced fields, and hillside land can only grow one crop per year. The second data
table presents the data of crops planted in the village, including the crop name, type, and cultivated land corresponding
to each crop number, as well as explanations of the crops grown on each plot, such as: flat dry land, terraced fields, and
hillside land are suitable for growing one season of grain crops (except rice) per year. The third data table shows the
crop planting situation in 2023, including the crops planted on each plot, the corresponding planting area, and the
planting season. The fourth data table provides the relevant statistics for 2023, including the acre yield, planting cost,
and selling price of each crop in the corresponding land type and planting season.

2.1.2 Data preprocessing

Using the planting and sales data of 2023 as the basic input data for the model, preprocess the per mu yield,
planting cost, expected sales volume and price of different crops, as shown in Figure 1 Data preprocessing below.
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Figure 1 Data Preprocessing

By analyzing the attached table in the dataset, a data table of crop-related variables for 2023 was obtained. This table
details the specific data of planting costs, acre yield, and selling prices of various crops in different plots and different
seasons in 2023, for further analysis and modeling.

To facilitate the subsequent model solving, in this study, the crop types such as soybeans, black beans,..., white shiitake
mushrooms, and morel mushrooms are numbered from 1 to 41 respectively, and the plots Al, A2, A3,..., F3, F4 are
numbered from 1 to 50 respectively.

The related variables of crops include expected sales volume, planting cost, acre yield, and selling price. Since the
dataset does not provide specific data on expected sales volume, this study adopts an ideal processing method, that is,
production and sales balance. It is assumed that the total output of each crop in 2023 is equal to the expected sales
volume of each crop in the future, thereby simplifying the model and providing a basic reference point for subsequent
analysis and prediction. The expected sales volume of each crop is shown in Figure 2 Each crop corresponds to the total
output.
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Figure 2 Each Crop Corresponds to the Total Output

This study adopts the mean approach to handle the interval data of sales unit prices, taking advantage of its
characteristic of representing the central tendency to make a preliminary estimation of the data. Given that the expected
sales volume, acre yield, planting cost, and sales price of crops in the dataset may all be influenced by multiple factors,
which could lead to discrepancies between actual results and predictions, this study considers introducing a fluctuation
factor to address the inherent uncertainties and risks in agricultural production.

2.2 Linear Programming Model

2.2.1 Model analysis

In this paper, we construct an optimal planting scheme model which seeks to maximize planting profit under various
constraints. Specifically, if the total production of a crop each season exceeds the expected sales volume, the excess will
be either unsalable or sold at a 50 percent discount. In order to distinguish these two sales scenarios, this study
introduced an adjustment coefficient K into the objective function, so as to adjust the parameters in the objective
function according to different scenarios, so as to obtain the optimal planting plan when maximizing revenue.

The constraint conditions are shown in Figure 3 Crop planting constraints, which are the constraint of season number,
the constraint of total area of block number, the constraint of planting of legume crop, the constraint of repeated
cropping, the constraint of crop type of plot, the constraint of special crop type and the constraint of planting area.

Only grow one season

0 Grow more lhﬂ)? one season
v
Area of each crop should not be too snmil@ Planting Number of @
arkn St oI Planting area shall not exceed the
total area of the plot
Special
Edible fungi should and only be grown in the P Total number of
second season in ordinary greenhouses £X0p blocks

Cabbage, white radish, carrots should

and only if irrigated second season a a Plant pulses at least once in three years

Plot crop Legumes
type planting
Irrigated land to grow rice and vegetables Repeat cropping
Smart greenhouses grow vegetables restriction
Dry land, terraced fields and hillsides grow food Crops vary fiom season to season
Ordinary greenhouses grow vegetables and edible fungi Tivo crops in a year are different from each other

Figure 3 Crop Planting Constraints
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2.2.2 Model building process

Figure 4 Linear Programming Model Building

As shown in Figure 4 Linear programming model building, the expected sales volume was first defined as the total
production of each crop in 2023. A linear programming model was adopted to determine the crop planting scheme
whose objective function was to maximize profit, and the constraint function was determined. The objective function
contains discount coefficient K, and this study can solve the optimal planting scheme in two different situations by
setting the value of K to 0 and 0.5 [8].

2.2.3 Objective function

Based on the above analysis, a linear programming model of the maximum profit from the sale of cultivated crops is
established to guide the crop planting plan in future years.

Objective function:

Where {12,...,54} indicates the plot number, {1,2,..,41} denotes the crop number,

{2024,2025, ...,2030} represents the planting year, {12} represents the quarter number, represents the

actual yield of the crop planted in the  season of the  yearinthe plot, represents the selling price of the
crop planted in the  season of the  year in the plot, and represents the sales volume of the  crop.

represents the cost of planting the  crop inthe  season of the  year for plot

2030 54 2 4

Max [min( ., ) . +max(0, - ) o= ] D
=2024 =1 =1 =1

Yield of each crop:
The yield of each crop is the area planted( ) multiplied by the yield per acre( = ).
f = Yy Yo 1 1 1 1 (2)
Planting cost of each crop:
The cost of growing each crop is the area planted( ) it multiplied by the cost of growing( ).
v = ) vy ! 1 1 1 (3)

2.2.4 Constraint function

(1) Season constraints

According to the different planting characteristics of different plot types, the number of seasons is restricted:

The land types are flat dry land, hill land and terrace, that is, {1,2,...,26}, the plot can only grow one season of
crops, that is, s = 1:

R = 01 {1121 ey 26}1 ’ (4)
When the local type is irrigated land, ordinary greenhouses, and smart greenhouses, that is, {27,28, ...,54}, the plot
can be planted with one or two crops, i.e. s=1 ors =2:

1=0, ,=0, {27,28,..,54}, 5)
(2) Constraints on the total land area
The total area of crops grown in different plots cannot exceed the plantable area of the plots

41
= ' ’ ' (6)
=1
(3) Planting constraints of legumes
Every plot of land needs to be fertilized at least once every three years with legumes, which are numbered  |egumes:
o+t2 2
egumes . =L 0 {2024,2025,2026,2027,2028} @)
=9 =1

(4) Repeated crop restriction
Crops cannot be grown consecutively in the same planting season on the same plot or in two adjacent planting seasons:
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The land types are flat dry land, terraced land and hilly land, that is, {1,2,...,26} ,The crops planted this year and
next year cannot be the same:

1 ,, +11 = Ov {1v2| S| 26}! ) (8)
Because in mixed integer linear programming, constraints on product form are usually not allowed because the model
becomes nonlinear. Therefore, this study needs to transform the constraints of this product form into a linear form. In

this study, two bivariate variables = and ', . are introduced by large M method [9].
o = S {1121 ey 26}1 ] (9)
., +11 = ', 0 {112| ey 26}1 ] (10)
 y + IY , S 11 {1121 ey 26}1 1 (11)
Which . and ' is a binary variable, constant M is large enough, this constraint means that if 5 >0, then
. =1,thus  =0,then ;5 must be zero, and vice versa.
The block type is irrigated land, i.e. {27,28, ...,34}, rice cannot be planted for two consecutive years:
161 16 +11 =0, {2728, ..,34}, | (12)
The same can be obtained by using large M method:
R = ] {27|287 ey 34}1 ’ (13)
sl S L {27,28,..,34}, | (14)
+ =1, {27,28,..,34}, (15)

When the block type is smart greenhouse, that is, {51,52,53,54}, the crops planted in the second quarter of last year
and the first quarter of this year cannot be the same, and the crops planted in the first quarter of this year and the second
quarter of this year cannot be the same:

12 1=0, {51,5253,54}, , (16)
1 . 2=0, {51,52,53,54}, , a7
The same can be obtained by using large M method:

2= L {51,52,53,54}, (18)

1l = s {51,52,53,54}, , (19)

o+ =1, {51,52,53,54}, , (20)

- o {61,52,5354}, (21)

2= o {51,52,53,54}, , (22)

o+ =1, {51525354}, |, (23)

(5) Constraints of crop types in plots
Different plot types are suitable for different types of crops:
On flat dry land (  {1,2,...,6}), terraces (  {7,8,...,20}), hill land (  {21,22,...,26}), can only grow food crops
( {12,..,15}:

nonfood, , — Ov {1|2v SR 26}, ’ (24)
For irrigated land (  {27,28, ..., 34}), can only grow rice ( = 16) or vegetables (  {17,18,..,37}):

y = 01 {27|281 L} 34}1 1 (25)
{1.2...,15} {3839,40,41}

For ordinary greenhouses ( {35,36,..,50} ), only vegetable crops can be planted in the first season (
{17,18,..,.37}):

1=0, {51,52,53,54}, (26)
{1,2...,16} {38,39,4041}
For smart greenhouses ( {51,52,53,54}), only vegetable crops can be grown ( {17,18,...,37}) :

=0,  {51525354}, , @7

{1,2,..,16} {3839,4041}
(6) Special crop constraints
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Celery cabbage( = 35), mooli ( = 36) and carrot ( = 37) can only be irrigated land (  {27,28,...,34}}) (s=2) and
in the second season of irrigated land can grow any of these three crops:

. ,=0,  {27,28,..34},  {353637)}, (28)
1=0,  {2728,..,34},  {353637)}, (29)
=0, {27,28,..34}, (353637}, (30)

,=0,  {2728,..,34)}, (31)

{17,18,..,34} {3536,37}
For ordinary greenhouses ( {35,36, ...,50} ), in the second season (s=2) can only grow edible fungi (
{38,39,40,41}):

. 2=0, {35,36, ..., 50}, {38,39,40,41}, (32)
. 2=0, {35,36, ..., 50}, {38,39,40,41}, (33)

Edible fungi can only be grown in the second season of ordinary greenhouses:
. 2=0, {35,36, ...,,50}, {38,39,40,41}, (34)

(7) Planting area constraints
The planting area of each crop should not be less than 30%

=03, , , (35)
2.3 Introduction Of Wave Factor

2.3.1 Model analysis

In order to comprehensively consider the uncertainty of the expected sales volume, per mu yield, planting cost and
selling price of various crops, as well as the potential planting risk, this study will introduce a fluctuation factor into the
model. These fluctuation factors are intended to reflect the inevitable uncertainties in actual agricultural production.
Specifically, this study will introduce fluctuation factors to the expected sales volume, per mu yield, planting cost and
selling price of various crops to reflect the uncertainty of these variables in actual production. This not only improves
the realism of the model, but also provides a more reliable basis for decision making. The set range of the Wave factor
is as follows: Figure 5 Wave factor.

a Edible mushroom sales price ﬂ Expected grain sales
Morels 5% y Wheat and corn 15%-10%
Other edible fungi | 1%-5%

Other

a expected sales
()
Other | 5%

Grain and vegetable
sales prices

Food supply is basically stable
Vegetables average 15%

Planting cost
a Average 15%

Acre yield
a Climate impact | 10%
Figure 5 Wave Factor

2.3.2 Model building process

Figure 6 The Introduction Process of Wave Factor
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As shown in The introduction process of wave factor in Figure 6, due to the need to comprehensively consider the
expected sales volume, acre yield, uncertainty of planting cost and selling price of various crops as well as potential
planting risks, the volatility factor is first defined. The constructed expression is used as the coefficient of expected
sales volume, per mu yield, planting cost and selling price, and is solved by modifying the input value of the objective
function through the random fluctuation of normal curve probability, and then the optimal planting scheme.

2.3.3 Definition of wave factor

(1) Uncertainty of expected sales volume

Assume that the expected sales volume fluctuation coefficient is ~ *2'°:

= X (l + syales) (36)

sales

Among them, the expected sales volume fluctuation coefficient
sales

of corn and wheat is 5% ~ 10%, and the expected
sales volume fluctuation coefficient of other crops is 5% on average.
(2) Uncertainty of acre yield .

)/"eld and introduce the risk factor
— L x (1 + yyield) % (1 _ rfsk) (37)

y’ield of 10% ~ 10%, the risk factor " of 5% ~ 5%.

Assume that the yield fluctuation coefficient per mu is rfSk :

The area yield fluctuation coefficient of theta

(3) Uncertainty of planting cost
Suppose the growth coefficient of planting costis
C= 0 x@+ Y (38)
The growth coefficient of planting cost ***'is 5% on average.
(4) Uncertainty of sales price

Suppose the selling price volatility coefficient is price,

= x @+ P (39)

Including grain sales price fluctuation coefficient theta P

price

for an average of 0%, grain sales price fluctuation

coefficient theta for an average of 5%, morchella sales price fluctuation coefficient theta "'

5%, The fluctuation coefficient of other edible fungi sales price pyrice is -5% ~ -1%.
2.3.4 Normal curve probability random fluctuation

for the average -

Standard normal distribution and sigma range

probability density

i

Figure 7 Normal Distribution Probability Distribution Curve

The central limit theorem states that for any sequence of independent uniformly distributed random variables with a
distribution form, when the sample size is large enough, the distribution of the sample mean will tend to be normal. This
theory provides the basis for crop fluctuation factor probability to be biased to normal distribution. In this study, it is
more scientific to replace the normal curve probability random fluctuation factor with the main function[10]. As shown
in Figure 7 normal curve probability random fluctuation, the probability of obtaining different sizes of the fluctuation
factors within the range is not the same. For example, the fluctuation coefficient of mu yield ' is -10% ~ 10%, then

the probability of obtaining the random factor

2.2.5 Solution method for model
The expected sales volume, acre yield, planting cost and selling price of fluctuation factors were introduced into the
objective function of Linear Programming Model for solving.

is greater the closer it is to 0, and decreases to both sides.
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2030 54 2 4

Max [min( ., ) - . (40)
=2024 =1 =1 =1

2.4 Introduction Of Spearman Correlation Coefficient

2.4.1 Model analysis

In real life, there may be substitutability and complementarity among various crops, and there is also correlation
between expected sales and selling price and planting cost. In order to explore the relationship between them, this study
needs to use the correlation analysis model to explore the possible relationship between them. Therefore, this study
defines the substitution and complementation coefficient, the correlation coefficient between sales volume and price,
and the correlation coefficient between planting cost and price, and introduces them into the linear programming model
based on fluctuation factor by establishing constraint conditions.

2.4.2 Model building process

Figure 8 Spearman Correlation Coefficient Introduction Process

As shown in Figure 8 Spearman Correlation Coefficient introduction process, firstly, this study defined the substitution
and complementarity coefficient between crops by Spearman. The correlation coefficient between sales volume and
price and the correlation coefficient between planting cost and price. Then, the substitutability and complementarity
constraints between crops, the correlation constraints between sales volume and price, and the correlation constraints
between planting cost and price are added to the linear programming model based on fluctuation factors to solve.

2.4.3 Substitution and complementarity between crops

In this study, the following definitions are given for substitution and complementarity:

Substitution relationship: If two crops are substitutable, an increase in acreage for one crop may reduce the need for the
other.

Complementary relationship: If two crops are complementary, an increase in acreage planted with one crop may
increase demand for the other.

Based on the linear programming model based on fluctuation factors, the annual planting area variables of each crop are
divided into grain, vegetable and edible fungi, and then the correlation analysis is carried out. Since the annual planting
area variables of each crop did not conform to the normal distribution, Spearman correlation analysis model was used
for analysis, and the results were shown as follows figure 9-11[11]:

rice |-0.6170H08
barley |-0.444 -0.756 -0.383
hulless oa... 03

sweet pota...
pumpkin
buckwheat
proso mill...
sorghum
millet =068 -0. . i74 0.858 1.000
maize : . 1.000 0.858
wheat [-0.485 1.000
crawling b... |-0.588-0.436 0.768 1.000
mung bean -0, 1.000 0.768 }
ormosia [=0:224[} 1.000 C ; I . . -0.790 -0.764
black soya... 1.000 0.747 r 2[R EY -0.710 -0.467
soybean [EEVIY -
%, N %, r'/,,/ "’6% o %, %, %, e 6(’/4, b, %o
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Figure 9 Thermal Matrix of Annual Planting Area Correlation of Food Crops
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1.0000.75€ 1.0000.65§K
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Figure 10 Thermal Matrix of Annual Planting Area Correlation of Vegetable Crops

toadstool

pleurotus ..

mushroom

hericium e..

hericium e... mushroom pleurotus ... toadstool
0.5 1.0

-
Figure 11 Thermal Matrix of Annual Planting Area of Edible Fungi

From the above three correlation thermodynamic matrices, it can be seen that when crops are negatively correlated with
each other, this study believes that there is a substitution relationship between them. On the contrary, there is a
complementary relationship. Therefore, the correlation coefficient |, between crops was defined as the substitution
and complementarity coefficient, representing the substitution and complementarity relationship between , and .
is negative, and the greater the absolute value of the coefficient, the stronger the substitution. Vice versa.

12
Therefore, this study optimized the expected sales volume of a certain crop in the current year as follows:
41
2 = 217t 2 (41)
=1

This study uses the above formula as the first constraint added.

2.4.4 The correlation between expected sales volume, selling price and planting cost

Correlation between sales volume and price: There may be a positive or negative correlation between sales volume and
price for some crops. For example, a rise in sales leads to a rise in prices, and vice versa.

= a1 (- ) (42)

where is the correlation coefficient representing the expected sales volume of  crop and the selling price.
Use the above formula as the new second constraint.
Correlation between planting cost and price: There may be a positive or negative correlation between planting cost

and price of some crops. Rising planting costs lead to rising prices, and vice versa.

= a1+ (.- ) (43)
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Where s the correlation coefficient representing the expected sales volume and selling price of  crop.
Use the above formula as the new third constraint.
In this study, Spearman correlation analysis model was used to analyze the expected sales volume and selling price of

crops in this year and the planting cost and selling price, and the correlation coefficients were defined as and
., respectively. Figure 12 below shows the thermal matrix visualization of the correlation coefficients of = and
of tomatoes.

Expected

00 0

|
Figure 12 Tomato . And  Coefficients
Due to space constraints, ~ and coefficients of other crops are shown as follows in Table 1 ~  and
coefficients of various crops.
Tablel And |  Coefficients of Various Crops
crop v_G,dp)  v_(>Csp) crop v_G-d:p)  v_(s¢5p) crop v_G,dp)  v_(sC:p)
soybean 0.2 0.5 barley 0.12 0.121 cucumber 0.4 0.47
placksoya 0.5 0.7 rice 0.14 0214 lettuce 05 0687
ormosia -0.5 0.456 cowpea -0.42 0.75 pepper -0.643 0.78
mung bean -0.12 0.72 sword bean -0.32 0.69 water spinach -0.964 0.69
crawling 0.1 0.46 common 20.857 0745  golden choy sum 0.5 0.77
bean bean
wheat -0.2 0.345 potato -0.92 0.698 celery 0.143 0.685
maize 0.54 0.14 tomato -0.046 0.089 celery cabbage 0.786 0.75
millet 0.11 0.93 eggplant -1 0.87 mooli 0.036 0.97
sorghum 0.19 0.75 spinach -0.464 0.61 carrot -0.929 0.69
proso millet  -0.17 027  greenpepper  -0.643  0.763 hericium 0.786 -0.46
crimaceus
buckwheat -0.4 -0.17 cauliflower -0.714 0.473 mushroom -0.286 -0.69
pumpkin 0.22 0.12 cabbage 20.107 0479 pleurotus 0.75 -0.76
nebrodensis
sweet 0.14 0.24 romaine 0.286 0.48 toadstool -0.5 -0.7
potato
hulless oat ~ -0.14 0.11 baby bok 0.857  0.147
choy
2.4.5 Solution method for model
Objective function:
2030 54 2 41
Max [min( ., )  +max(0, = — ) o= ] (44)

=2024 =1 =1 =1
Constraints:
In comprehensive consideration of the expected sales of various crops, the uncertainty of planting cost and selling price,
as well as the potential planting risks and the following constraints: Season number constraint, total area constraint,
legume planting constraint, repeat crop constraint, crop type constraint, special crop type constraint, planting area
constraint, substitution and complementarity constraint between newly introduced crops, correlation constraint between
sales volume and price and correlation constraint between planting cost and price. The newly introduced constraint
mathematical expressions are shown as follows:
41

= a7 2 (45)

=1

2
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= a1 (- ) (46)

= a1 (- ) 47)
3 CONCLUSION

To sum up, the Spearman-Normal stochastic linear programming model is used in this study to obtain the optimal
strategy for crop planting and marketing. It can be seen that under the circumstances of considering multiple dynamic
factors and constraints, The significance of effectively optimizing the planting scheme of crops is to provide scientific
decision support for agricultural production, so as to improve the economic benefits and sustainability of crops.
However, due to the high computational complexity of the model and the risk of local optimal solutions, future research
directions can consider introducing more intelligent optimization algorithms, such as simulated annealing, particle
swarm optimization, etc., to further improve the global search ability and adaptability of the model.
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