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ABSTRACT Pesticides are indispensable in agricultural production, as they not only effectively prevent
pests and diseases, safeguarding crops from damage, but also regulate plant growth, thereby boosting
crop yield and quality. Nevertheless, the improper use of pesticides and the persistence of residues pose
severe threats to ecological health and environmental sustainability. This study constructs a multi-objective
optimization model to mitigate pesticide reliance and promote precision application. This model considers
three key factors: pesticide cost, therapeutic efficacy, and spraying frequency.We introduce a multi-objective
optimization framework to outline the problem-solving approach systematically. Additionally, through a
series of performance metrics, we comprehensively analyze and compare different algorithms and constraint
handling techniques. The experimental results validate the rationality and effectiveness of the developed
mathematical model. It offers practical and valuable guidance for optimizing pesticide spraying operations,
helping to balance agricultural productivity, and environmental protection.

INDEX TERMS Multi-objective optimization, agricultural pesticides matching problem, mathematical
model.

I. INTRODUCTION
With the continuous development of global agricultural
production, pest control has become one of the core issues
for agricultural production. The rational use of pesticides
is not only related to the growth effect of crops but also
closely related to environmental protection and human health.
Pesticides have been widely used in agriculture to destroy or
regulate pests for a long history [1]. However, pesticides are a
double-edged sword. Pesticides protect food production and
cause adverse effects on the environment. Governments have
released legislation to reduce the usage of pesticides. Fewer
chemical pesticides mean fewer environmental pollutants.
To encourage farmers to use pesticides scientifically, recently,
the European Commission published a toolbox of good
practices [2].
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Many previous studies have studied spraying pesticides
from different perspectives, such as how weather conditions
affect pesticide leaching [3], pesticide contamination [4].
With the development of artificial intelligence, more and
more knowledge graphs of agricultural pests and diseases are
being developed, which can be used to extract the relationship
between pesticides and diseases. According to the study
of [5], more than half of the farmers did not scientifically
use pesticides. Even though artificial intelligence could
help farmers know more about the pesticide it could
not help farmers decide on a pesticide to minimize total
cost, maximize the therapeutic effect, and reduce spraying
operations simultaneously.

Pesticide matching, a critical component of integrated pest
management (IPM), refers to the systematic selection and
application of appropriate pesticides based on a comprehen-
sive analysis of crop types, pest and disease characteristics,
pesticide mechanisms of action, and environmental factors.
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This process aims to optimize pest control efficacy while
minimizing adverse environmental impacts, aligning with
agricultural sustainability principles. In modern agriculture,
where precision and efficiency are paramount, pesticide
matching has emerged as a pivotal research area for achieving
sustainable crop protection. This paper investigates the
pesticide matching problem under a practical agricultural
scenario where a farmer manages multiple plots of land
cultivating diverse crop types, each susceptible to varying
pest and disease pressures. The farmer’s objective is to
procure an optimal set of pesticides and determine an
application strategy that simultaneously minimizes total cost,
maximizes therapeutic efficacy, and reduces the total number
of spraying operations. The contributions of this paper are
summarized as follows.
• This paper proposes a comprehensive framework to
address the agricultural pesticide matching problem,
considering multiple objectives. A novel encoding
and decoding methodology is developed to facilitate
the formulation and solution of the problem. This
methodology, along with the proposed repair operations,
enhances the flexibility and efficiency of the model.
The repair operations play a crucial role in correcting
any inconsistencies or errors in the model, ensuring that
the solution process can be easily adapted and applied
in real-world scenarios, contributing to more effective
pesticide management strategies.

• A series of comprehensive experiments were conducted
to validate the proposed mathematical models and
the framework presented in this study. Additionally,
a detailed case study was carried out to demonstrate
the practical applicability of the proposed framework,
providing insights into its functionality and effectiveness
in real-world scenarios. The results from both the
experimental analyses and the case study further confirm
the viability and robustness of the approach.

• The findings presented in this paper offer valuable
guidance for farmers in optimizing pesticide usage
within the agricultural sector. The proposed framework
provides a comprehensive approach to improving overall
agricultural practices by minimizing pesticide and
labor costs while enhancing the therapeutic efficacy of
the pesticides. This contributes to cost reduction and
promotes more sustainable and efficient pesticide man-
agement strategies, ultimately benefiting agricultural
productivity and environmental sustainability.

• This paper introduces a novel research direction with
significant potential for academic inquiry and practical
applications within the agricultural industry. The study
opens new avenues for further exploration, innovation,
and interdisciplinary collaboration by addressing a
previously underexplored aspect of the pesticide match-
ing problem. The insights generated can guide future
research efforts while providing actionable strategies for
industry professionals seeking to optimize agricultural
practices and sustainability.

The remainder of this paper is organized as follows.
Section II shows the literature review. Section III introduces
the mathematical models. Section IV presents the proposed
solution approach. Section V presents the experimental
results. A case study is shown in section VI. Finally,
section VII gives the conclusions.

II. LITERATURE REVIEW
The matching problem, as a classic problem in optimization
theory, is widely used in many fields, such as economics,
computer science, operational research, sociology, etc., and
shows substantial theoretical guiding value and practical
application potential in different scenarios. In agriculture,
pesticide matching serves as a core component of precision
agricultural practices, playing a pivotal role in enhancing
crop yields while mitigating the environmental footprint of
pesticide use. However, compared to matching problems in
other domains, research on pesticide matching remains in
its nascent stages, with a relatively limited body of relevant
literature.

Current agricultural research primarily focuses on five
key areas: precision agricultural technology, crop growth
optimization, soil and water resource management, agricul-
tural environmental protection, and integrated pest control.
Reference [6] presents a multi-objective mathematical model
for optimizing biological plague control in soy farming,
considering both the cost of control measures and the
damage caused by the plague. Reference [7] discussed the
application of emerging technologies in degrading pesticide
residues in different foods. Reference [8] designed a kind of
microcapsule with high insecticidal activity and biological
safety, which was used to release pesticides intelligently,
thus reducing the pollution of pesticides to the environ-
ment and promoting the development of green agriculture.
Reference [9] expounded the influence and benefits of agro-
chemicals and looked forward to the prospect of sustainable
agriculture. Reference [10] focused on the impact of the
policy of replacing pesticides with biological substances.

Reference [11]introduced mathematical models of multi-
objective optimization and the concept of Pareto solution set,
and evaluates various transformation methods by leveraging
simple example problems. Reference [12] introduced an
innovative adaptive weighted sum method tailored for
tackling multiobjective optimization problems. This method
has been shown to generate a well-distributed Pareto front
mesh, thereby facilitating effective visualization. Moreover,
it can identify solutions in non-convex regions. Refer-
ence [13] proposed a multi-objective clustering approach
and a hybrid optimization technique called Election-based
Aquila Optimizer, which integrates Aquila Optimizer and
Election-Based Optimization Algorithm to optimize Cluster
Head selection, effectively addressing key challenges in
precision agriculture. Reference [14] primarily aimed to
evaluate energy usage and environmental indicators, optimize
these factors using multi-objective genetic algorithms com-
bined with data envelopment analysis, and identify potential
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energy-saving opportunities in mushroom production opera-
tions. Reference [15] addressed the multi-picking-robot task
allocation problem by proposing a novel multi-objective
discrete artificial bee colony algorithm. Extensive experimen-
tal evaluations in an intelligent orchard setting demonstrate
the algorithm’s robust performance and effectiveness across
various task scales and robot configurations. Reference [16]
proposed a mixed-integer quadratically constrained program-
ming model for cropland layout optimization, incorporating
multi-objective considerations including economic perfor-
mance, biodiversity conservation, greenhouse gas emission
reduction, and water quality management. Reference [17]
explored the identification of sustainable locations for urban
farming through a framework that optimally reconciles
economic and environmental objectives. The problem is
formulated as a multi-objective linear programming model,
designed to maximize ecological benefits and crop pro-
duction yield while minimizing transportation costs, sensor
deployment expenses, and CO2 emissions. The proposed
mathematical model is solved using a two-phase optimization
approach.

Reference [18] proposed an innovative data evaluation
method that leverages Mahalanobis distance and entropy to
tackle the challenge of insufficient labeled data in intelligent
pest identification, enabling effective pest identification with
limited datasets and improving accuracy and efficiency in
data-scarce scenarios. Reference [19] proposed an AI-based
system that integrates real-time IoT data and advanced
analytics for the detection, prevention, and control of pests,
to reduce reliance on pesticides and mitigate environmental
harm. Based on artificial intelligence, [20] developed the
PlanteSaine pest management tools, which are capable of
real-time pest and disease identification, thereby promoting
the sustainable advancement of agriculture. Reference [21]
provided a comprehensive overview of the contributions
of artificial intelligence to pest management and its future
applications. The judicious application of AI enables precise
pest identification, early detection, and preventive measures,
thereby minimizing unnecessary economic losses.

Reference [22] researched and developed an airborne
computer vision component tailored for unmanned aerial
vehicles (UAVs). Based on the study of [22], crop monitoring
and spraying can be synchronized so that intelligent and
accurate spraying can be carried out. Similarly, [23] captured
image data through a UAV-borne imaging system, facilitating
the accurate monitoring of plant diseases and contributing to
optimizing disease control strategies. In terms of economic
performance, [24] conducted an economic assessment of
UAV utilization by analyzing key factors such as revenue,
pesticide costs, pesticide application time, and spraying
frequency, using propensity score matching for analysis.
The findings indicated that, in terms of marginal income
and marginal application time, the optimal area for pesti-
cide spraying using UAVs was identified as 20 hectares.
Focusing specifically on, [25] investigated and evaluated the

TABLE 1. Notations and decision variables.

UAV-based spraying system within cotton fields, employing
imaging technology in conjunction with the Grey Wolf
Optimizer-Artificial Neural Network approach to enhance the
flexibility and efficacy of the UAV spraying system. This
integration aims to optimize the operational performance
of UAVs in precision agriculture, offering improvements in
both system adaptability and spraying effectiveness. Beyond
agricultural crops, [26] analyzed the temporal variation in the
spectral characteristics of healthy and infected trees using
UAV-borne hyperspectral imaging. The findings suggest a
significant potential for the early detection of forest pests,
highlighting the utility of hyperspectral remote sensing in
monitoring forest health and enhancing pest management
strategies.

III. PROBLEM STATEMENT AND MATHEMATICAL
MODELS
A. PROBLEM STATEMENT
Before introducing the details of the mathematical models
proposed by this paper, the notations and variables used in
this paper are introduced, which are shown in table 1.
A farmer has several fields planted with different crop

types. These crops are infected with pests and diseases. LetN
represent the set of diseases (pests).hi denotes the area of land
suffering from disease i, where i ∈ N . M denotes the set of
pesticides that could treat these diseases (pests). pj represents
the price of pesticide j per unit (bottle), where j ∈ M . We use
cij ∈ {0, 1} to denote whether pesticide j can treat the disease
i or not. cij = 1 means pesticide j can treat the disease i. Usu-
ally, a disease of the crop can be treated with different types of
pesticides. However, the therapeutic effect will differ for dif-
ferent pesticide types. Thus, we use wij ∈ [0, 1] to represent
the therapeutic effect of pesticide j on disease i. gij denotes
per unit area of the crop that pesticide j can treat the disease
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FIGURE 1. An example of the studied problem.

i. Due to the contraindications of chemical pesticides, not all
pesticides can be mixed for pesticide spraying. kjm is a binary
value to represent pesticide j and m can be mixed or not.
To destroy or regulate the disease (pest) of the crop

by using pesticides, a farmer has several goals, including
minimizing the total cost of pesticides and maximizing the
therapeutic effect. Figure 1 shows an example of the studied
problem.

B. A BASIC MODEL
To address the core optimization goals of the proposed
framework, two key objective functions are formulated, with
clear alignment to practical application needs. Specifically,
Objective Function 1 is designed to minimize the total cost
associated with the spraying operation, ensuring economic
feasibility of the solution. Complementarily, Objective Func-
tion 2 focuses on maximizing the therapeutic efficacy of
the spraying process, which is defined as the degree of
pest population suppression post-operation to meet the core
agronomic or public health requirements of the scenario. The
mathematical expressions for these two objective functions
are formally presented as follows:

F1 =
∑
i∈N

∑
j∈M

yijpj (1)

F2 =
∑
i∈N

∑
j∈M wijyijgij

hi
(2)

Constraint (5) ensures that each disease is treated with at
least one pesticide. Constraint (6) ensures that pesticide j can
treat disease i. Constraint (7) ensures that when yij = 0,
then xij = 0, that is, when pesticide j for treating disease
i is not purchased, it means that pesticide j is not used to
treat disease i. Constraint (8) ensures that when xij = 0,
then yij = 0; that is, when pesticide j is not used to treat
disease i, it is not necessary to buy pesticide j for treating
disease i. Constraint (9) ensures that each area of the disease
i is treated. Constraint (10) shows the upper bound of the yij.
Constraints (11) and (12) are the decision variables.

P1 Minimize F1 (3)

P2 Maximize F2 (4)

subject to∑
j∈M

xij ≥ 1 ∀i ∈ N (5)

xij ≤ eij ∀i ∈ N ,∀j ∈ M (6)

xij ≤ xijyij ∀i ∈ N ,∀j ∈ M (7)

yij ≤ xijyij ∀i ∈ N ,∀j ∈ M (8)∑
j∈M

yijgij ≥ hi ∀i ∈ N (9)

yij ≤


⌈
hi
gij

⌉
0

∀i ∈ N ,∀j ∈ M , gij ̸= 0
∀i ∈ N ,∀j ∈ M , gij = 0

(10)

xij ∈ {0, 1} ∀i ∈ N ,∀j ∈ M (11)

yij ∈ N ∀i ∈ N ,∀j ∈ M (12)

1) LINEARIZATION OF THE MODEL P1 AND P2
Themodel of P1 and P2 contains nonlinear constraints, which
cannot be solved by many integer solvers. In this subsection,
we introduce an auxiliary decision variable zij ∈ N , where
zij = xijyij. The linearized model of P1 and P2 are shown
in (13) and (14), respectively.

PL1 Minimize F1 (13)

PL2 Maximize F2 (14)

Subject to (5), (6), (9),(10),(11), (12), and

xij ≤ zij ∀i ∈ N ,∀j ∈ M (15)

yij ≤ zij ∀i ∈ N ,∀j ∈ M (16)

zij ≤ aijxij ∀i ∈ N ,∀j ∈ M (17)

zij ≤ yij ∀i ∈ N ,∀j ∈ M (18)

yij − aij
(
1− xij

)
≤ zij ∀i ∈ N ,∀j ∈ M (19)

zij ∈ N ∀i ∈ N ,∀j ∈ M (20)

Constraints (15),(16),(17),(18),(19),(20) are the linearization
of constraints (7) and (8).

C. MODELS CONSIDERING THE MIXTURE OF TWO
PESTICIDES
When applying pesticides to crops, farmers often combine
different types of pesticides to reduce the frequency of
spraying. However, as noted earlier, not all pesticides are
chemically compatible for mixing with one another. If two
or more pesticides in a specific group are incompatible for
mixing, multiple spraying sessions are required to ensure all
required pesticides are fully applied. Figure 2 provides an
example of pesticide mixing.

Pesticide mixing combines two or more pesticide prepara-
tions to form a mixed liquid for spray application. Scientific
and rational use of pesticides can save labour and time. In the
following model, we aim to minimize the total number of
times for spraying pesticides, considering the constraints that
the two types of pesticides can not be mixed. Equation (21)
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FIGURE 2. An example of pesticide mixing.

shows the objective function for minimizing the total number
of times for spraying pesticides. Constraints (22) and (23)
show the lower and upper bounds of the ci. Constraint (24)
ensures that only the pesticides allowed to be mixed can be
assigned to a group. Constraint (25) ensures that only the
pesticides used can be mixed and sprayed. Constraints (26)
and (27) ensure that each pesticide can only be mixed with
another pesticide. Constraints (28) is a logic constraint dijm.
Constraint (29) defines the ci, Constraint (30) ensures ci is an
integer.

P3 Minimize F3 =
∑
i∈N

ci (21)

subject to

1
2

∑
j∈M

xij ≤ ci ∀i ∈ N (22)

ci ≤
∑
j∈M

xij ∀i ∈ N (23)

dijmkjm = 0 ∀i ∈ N ,∀j ∈ M ,∀m ∈ M (24)

dijm ≤ xij ∀i ∈ N ,∀j ∈ M ,∀m ∈ M (25)∑
m∈M

dijm ≤ 1 ∀i ∈ N ,∀j ∈ M (26)∑
j∈M

dijm ≤ 1 ∀i ∈ N ,∀m ∈ M (27)

dijm = dimj ∀i ∈ N ,∀j ∈ M ,∀m ∈ M (28)

ci =
∑
j∈M

xij −
1
2

∑
j∈M

∑
m∈M

dijm ∀i ∈ N (29)

ci ∈ N ∀i ∈ N (30)

and (5), (6), (9)-(12), (15)-(20).

IV. SOLUTION APPROACH
Multiple objective optimization methods have been widely
used for solving combinatorial problems with multiple
objectives [27], [28], [29], [30]. This paper proposes a
comprehensive framework for solving the studied problem,
which is presented as follows.

A. FRAMEWORK
Figure 3 shows the framework for solving multi-objective
optimization problems. The process begins with formulating
the optimization problem related to pesticide mixture spray-
ing. Subsequently, an appropriate algorithmic framework is
selected to address the problem. The third step involves
generating an initial solution set, which may be randomly
initialized or manually configured based on prior knowledge.
Following this, appropriate constraint-handling techniques is
applied to ensure the feasibility of the solutions. The fifth step
identifies optimal solutions from the multiple Pareto-optimal
solutions generated, utilizingMulti-Criteria DecisionMaking
(MCDM) techniques. Ultimately, the final optimal solution is
derived.

B. META-HEURISTICS
A variety of meta-heuristic algorithms have been developed
for multi-objective optimization. This paper employs seven
representative algorithms to solve the pesticide matching
problem, covering different optimization paradigms to ensure
a comprehensive performance evaluation:

• Classical algorithm: Non-dominated Sorting Genetic
Algorithm-2 (NSGA-II)

• Reference point-based algorithms: Reference Point-
based NSGA-II (R-NSGA-II), Reference Point-based
NSGA-III (R-NSGA-III)
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• High-dimensional optimization algorithms: NSGA-
III, Reference Vector Guided Evolutionary Algorithm
(RVEA)

• Indicator-based algorithm: S-metric Selection Evolu-
tionary Multi-objective Algorithm (SMS-EMOA)

• Improved algorithm: Unified NSGA-III (U-NSGA-
III)

•

As we all know, the optimal solutions obtained by different
algorithms are different in terms of the value of the function,
running time, iterations, robustness, and spatial complexity.
These algorithms differ in their approaches to convergence,
diversity maintenance, computational efficiency, and adapt-
ability. By comparing their performance, we can identify the
most suitable algorithm for the pesticide matching problem
and ensure the robustness of the solution. Figure 4 shows the
selection of algorithms.

C. SOLUTION ENCODING AND DECODING
The meta-heuristic algorithms represent versatile computa-
tional frameworks designed to address various optimization
problems. A critical component of these meta-heuristics
lies in the processes of solution encoding and decoding,
which are essential components of meta-heuristic algorithms
and significantly influence the algorithms’ effectiveness and
computational efficiency. Properly designed encoding and
decoding mechanisms ensure that the meta-heuristics can
effectively explore the solution space and converge to high-
quality solutions.

This paper encodes the solution as Solution =

{Y ,X ,Z ,D,C} of length 3|N ||M | + |N ||M |2 + |N |.
Additionally, Y represents {y11, y12, . . . , yij}, X represents
{x11, x12, . . . , xij}, Z represents {z11, z12, . . . , zij}, D repre-
sents {d111, d112, . . . , dijm} and C represents {c1, c2, . . . , ci}
with i = 1, 2, . . . , |N |,j = 1, 2, . . . , |M |,m = 1, 2, . . . , |M |,
where yij represents that the number of bottles needed to treat
disease i with pesticide j, xij = 1 means treating disease i
with the pesticide j, zij is the product of x and y, which is a
variable introduced to linearize the model,dijm = 1 denotes
the pesticide j1 and the pesticide j2 be mixed and ci represents
the spraying times of pesticides needed to treat disease i.
Figure 5 shows the structure of the solution, and we can get
any variable by index.

Algorithm 1 provides a detailed illustration of the solution
process. Initially, the solution structure is defined, and a set
of initial solutions is generated through random initialization.
Subsequently, crossover and mutation operations are applied
to the solutions to produce new candidate solutions. Finally,
all solutions are evaluated against predefined criteria, and
high-quality solutions are selected for subsequent iterations
to refine the solution set progressively.

D. CROSSOVER AND MUTATION OPERATION
For crossover operation, we randomly select two points with
a certain probability, and the genetic material between these

points is exchanged between the parents. Figure 6 shows the
details of the crossover operation. Variable xij is a binary
variable. That is, its value can only be 0 or 1. And xij = 1
means treating disease i with the pesticide j. In Figure 6,
we can see that two points were randomly selected from the
parent 1 and the parent 2, and the values between these two
points were exchanged and updated as the offspring 1 and the
offspring 2.

We randomly select several mutation points with a certain
probability. For example, because the variable x is a binary
variable, the variable x can only mutate from 0 to 1 or
from 1 to 0. Figure 6 shows the details of the mutation
operation. After the mutation operation, the children 1 and
2 randomly select some points and update them to offspring
1 and offspring 2.

E. CONSTRAINT HANDLING
After crossover and mutation operations, the offspring can
result in infeasible solutions, meaning certain constraints may
be violated. For instance, when x12 = 0, it means that
the first disease is not treated with the second pesticide,
so correspondingly, y12 accordingly be 0, that is, the second
pesticide is not bought to treat the first disease. Introducing
a repair operation enables the problem’s solution results to
better align with real-world scenarios.

Step 4 in Figure 3 shows the selection of the constraint han-
dlingmethod, and the appropriate constraint handlingmethod
is also determined according to performance indicators such
as objective function value, running time, and iteration times.

To convert these invalid constraints into valid constraints,
this paper adopts feasibility first (Parameter-less Approach)
and constraint violation (CV) methods, which are called
repair operations in this paper. Algorithm 2 shows the details
of the repair operation.

In Figure 7, we can see that when x12 = 0, x13 = 0 and
x16 = 0, y12y13 and y16 are not equal to 0, so they need to be
repaired to be 0.

F. MULTI-CRITERIA DECISION MAKING (MCDM)
After obtaining a set of non-dominated solutions for the
problem, we need to determine whether this set of solutions
consists of only a small number of solutions or even a single
solution—an assessment necessary for subsequent decision-
making; this is a process that is primarily divided into the
following steps. Algorithm 3 presents the detailed procedure
for multi-criteria decision-making (MCDM).

Step 1: Normalize the objective functions to eliminate the
influence of different dimensions.

Step 2: Determine the weights of the objective functions
using the entropy weight method.

Step 3: Identify the optimal solution from the non-
dominated set.

Figure 8 shows the optimal solution selection process from
multiple groups of non-dominated solutions by performing
MCDM operations.
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FIGURE 3. Framework for solving multi-objective optimization problems.

FIGURE 4. The process of algorithm selection.

V. EXPERIMENT
A. PARAMETER SETTING
1) EXPERIMENTAL ENVIRONMENT
In this section, we will carry out experiments to verify the
effectiveness of the proposed algorithm. All experiments
are run on a computer with an Intel Core i9-13900K
CPU @3.0GHz and 16.0GB of RAM. Our algorithms are
implemented in the Python programming language (version
3.10.12).

2) INSTANCES
In this paper, thirty instances are adopted with various scales
of diseases |N | and pesticides |M |, which are shown in

Table 2. These cases are composed of small-scale cases,
medium-scale cases, and large-scale cases. Because the linear
model should linearize the nonlinear model, the number of
constraints in the linear model is always greater than that in
the nonlinear model.

B. COMPARISON OF NONLINEAR MODEL AND LINEAR
MODEL
To evaluate and compare the performance of nonlinear and
linear models, we conducted experiments using three distinct
objective functions. The nonlinear models are solved using
LINGO, while the linear models are solved using the Python
MIP library with the CBC solver.
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FIGURE 5. Structure of solution.

FIGURE 6. Crossover and Mutation operation.

FIGURE 7. Repair operation.

Table 3 shows the solution results when optimizing f1.
According to Table 3, it can be found that in small-scale cases,
the running time of the linear model solved by PYTHON is

slightly longer than that of the linear model solved by LINGO
and the nonlinear model solved by LINGO. In medium-
scale and large-scale cases, the running time of the linear
model solved by PYTHON is the shortest, followed by the
linear model solved by LINGO, and the running time of the
nonlinear model solved by LINGO is the longest. Table 4
shows the solution results when optimizing f2, and Table 5
shows the solution results when optimizing f3. It can be found
that in small-scale cases, the running time of the linear model
solved by PYTHON is slightly longer than that of the linear
model solved by LINGO and the nonlinear model solved by
LINGO. In medium-scale and large-scale cases, the running
time of the linear model solved by PYTHON is the shortest,
followed by the nonlinear model solved by LINGO, and the
running time of the linear model solved by LINGO is the
longest.

These results confirm that linearization significantly
improves the computational efficiency of the model, espe-
cially for medium- and large-scale problems, making it more
suitable for practical agricultural applications.

C. COMPARISON OF DIFFERENT SOLVERS
This part compares the performance of single-objective
models solved by different solvers, including Coin-OR
Branch-and-Cut(CBC), GUROBI, and CPLEX. CBC and
GUROBI are called by the Python Mixed Integer Program-
ming (MIP) library. CPLEX is called by the DOCPLEX
library of PYTHON. Table 6, Table 7 and Table 8 show the
results of optimizing f1, f2, and f3, respectively. In Table 6,
it can be found that the running time of the GUROBI solver
is the shortest in different scale cases, while the running time
of the CBC solver is shorter than that of the CPLEX solver in
small-scale cases, but the opposite is true in large-scale cases.
In Table 7 and Table 8, it can be found that the GUROBI
solver has the shortest running time in different scale cases,
followed by the CPLEX solver, and the CBC solver has the
longest running time.

D. COMPARISON OF DIFFERENT ALGORITHMS
This section evaluates the performance of seven state-of-the-
art multi-objective optimization algorithms across varying
iteration counts, using a representative instance with N=3
and M=4. The maximum number of iterations ranges from
3,000 to 300,000, allowing for a comprehensive analysis of
algorithmic convergence and efficiency. The experimental
results are shown in Table 9.
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FIGURE 8. MCDM operation.

As shown in Table 9, the SMS-EMOA algorithm consis-
tently generates the highest number of non-dominated solu-
tions across all iteration counts, but its running time is much
longer than that of other algorithms. The non-dominated
solutions obtained by the R-NSGA-II algorithm and the R-
NSGA-III algorithm account for more than 50% of the total
solution set. Still, the number of solutions obtained by the
R-NSGA-III algorithm is the least among all algorithms,
and only three solutions are obtained. Although the RVEA
algorithm has the shortest running time, the quality of its
solution is poor.

Figure 9 shows the spatial distribution of solutions
and Pareto solutions for different iterations. According to
Figure 9, it can be observed that with the increase of iteration
times, the solutions obtained by each algorithm gradually
converge to the Pareto solution.

Figure 10 shows the convergence of each algorithm when
it is iterated 500 times.

• NSGA-II algorithm: At least one feasible solution is
obtained at Generation 32 with 4775 function evalua-
tions.

• R-NSGA-II algorithm: At least one feasible solution is
found at Generation 9 with 1486 function evaluations,
and the entire population becomes feasible at Generation
31 with 4632 function evaluations.

• NSGA-III algorithm: At least one feasible solution is
found at Generation 9 with 1486 function evaluations,
and the entire population becomes feasible at Generation
32 with 4775 function evaluations.

• U-NSGA-III algorithm: At least one feasible solution is
found at Generation 9 with 1486 function evaluations,
and the entire population becomes feasible at Generation
31 with 4632 function evaluations.

• R-NSGA-III algorithm: At least one feasible solution is
found at Generation 8 with 1328 function evaluations,
and the entire population becomes feasible at Generation
36 with 5332 function evaluations.

• SMS-EMOA algorithm: At least one feasible solution
is found at Generation 9 with 1486 function evaluations,
and the entire population becomes feasible at Generation
32 with 4775 function evaluations.

• RVEA algorithm: At least one feasible solution is found
at Generation 5 with 914 function evaluations, but not
all individuals in the population are feasible even after
500 iterations.

Among these algorithms, the R-NSGA-II and U-NSGA-
III algorithms have the best convergence, while the RVEA
algorithm exhibits the worst.

The Hypervolume (HV) index is a performance metric
that quantifies the volume of the multidimensional space
dominated by the solution set in the objective space, bounded
by a predefined reference point. Precisely, it measures the
region enclosed by the Pareto-optimal solutions and the
reference point, providing a comprehensive indicator of both
convergence and diversity of the obtained solutions. A higher
Hypervolume value indicates superior performance regarding
solution quality and coverage of the Pareto front. The
hypervolume index evaluation method is a Pareto-compliant
evaluation method. If one solution set S is superior to another
solution set S’, then theHypervolume index of the solution set
S will be greater than that of solution set S’. Figure 11 shows
the Hypervolume of each algorithm. The NSGA-II algorithm,
R-NSGA-II algorithm, NSGA-III algorithm, U-NSGA-III
algorithm, and SMS-EMOA algorithm are equivalent, while
the convergence effects of the RVEA algorithm perform best.

Figure 12 illustrates the runtime performance metrics of
each algorithm under consideration. These metrics capture
the evolution of the solution set in the objective space across
successive generations, utilizing the concept of survival
to demonstrate the iterative improvement of the algorithm
visually. Additionally, this index serves as a criterion for
determining the termination of the multi-objective optimiza-
tion algorithm, particularly in cases where a predefined
termination condition is not explicitly specified. By mon-
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Algorithm 1 The Process of Solution
input : Number of diseases |N | and pesticides |M |,

field area parameters h and gij, pesticides’
prices pj,therapeutic effect parameters wij eij
and kjm

output: Initial solution
1 aij← h and gij;// Get the value range of

yij
2 Set Gen← 1;
3 while Gen ≤ n_gen do
4 for i← 0 to N − 1 do
5 ci← np.random(0, |M |) ;// Randomly

generate the value of ci
6 for j← 0 to M − 1 do
7 yij← np.random(0, aij) ;// Randomly

generate the value of yij
8 xij← np.random(0, 1) ;// Randomly

generate the value of xij
9 zij← np.random(0, aij) ;// Randomly

generate the value of zij
10 for m← 0 to M − 1 do
11 dijm← np.random(0, 1)

;// Randomly generate
the value of dijm

12 end
13 end
14 end
15 sampling← np.hstack(yij, xij, zij, dijm, ci)

;// Randomly generate a set of
solutions

16 crossover ← Crossover(prob) ;// Crossover
is carried out with a certain
probability.

17 mutation← MyMutation(prob) ;// Mutation
is carried out with a certain
probability.

18 Gen← i+ 1 ;
19 end

itoring solutions’ convergence behavior and diversity, this
metric provides a robust mechanism for assessing algorithmic
performance and guiding the optimization process. As shown
in Figure 12, it can be found that all the algorithms except R-
NSGA-III improved significantly before the 25th generation.
At the same time, the performance of R-NSGA-III was
poor, and the improvement of each generation was not
obvious.

E. COMPARISON OF DIFFERENT CONSTRAINT HANDLING
METHODS
This section compares two widely used constraint handling
techniques—Feasibility First (parameter-less approach) and
Constraint Violation (CV)—to evaluate their effectiveness
in solving the pesticide matching problem. Experiments

Algorithm 2 The Process of Repair Operation
input : The initial solution obtained
output: Feasible solution

1 Set p← 1;
2 while p ≤ X .shape[0] do
3 get xij yij zij dijm and ci from X [p, :] ;
4 for i← 0 to N − 1 do
5 ci ≤ M ;// Ensure that the value

of ci is within a reasonable
range.

6 for j← 0 to M − 1 do
7 yij ≤ aij ;// Ensure that the

value of yij is within a
reasonable range.

8 for m← 0 to M − 1 do
9 if xij = 0 then
10 yij← 0;// Ensure that

the value of yij is
logical.

11 dijm← 0;// Ensure that
the value of dijm is
logical.

12 end
13 end
14 end
15 end
16 p← i+ 1 ;
17 end

Algorithm 3 The Process of MCDM
input :Multi-group non-dominant solutions F
output: A set of optimal solutions

1 F ′← (F − F .min)/(F .max − F .min);// Step 1
2 weights← Entropy(F ′);// Step 2
3 decomp = ASF();
4 a = decomp.do(F ′, 1/weights).argmin();
5 get the set of optimal solutions F ′[a];// Step 3

are conducted on the same instance with N=3 and M=4.
Table 3, Table 4 and 5 shows the results of a single
objective function for optimizing f1, f2, and f3, with a focus
on both single-objective and multi-objective optimization
performance.

According to Table 10, we can find that for solving
different objective functions, the constraint violation method
can always get the optimal solution with fewer iterations. For
solving other objective functions except f1, the running time
of the constraint violation method under different iterations
is shorter.

F. SINGLE-OBJECTIVE OPTIMIZATION RESULTS
Notably, both methods achieve identical or nearly identical
objective function values for each optimization task, indicat-
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TABLE 2. Instance settings.

TABLE 3. Optimization of function f ∗

1 .
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TABLE 4. Optimization of function f ∗

2 .

TABLE 5. Optimization of function f ∗

3 .

ing that solution quality is not compromised by the choice
of constraint handling technique. The primary difference lies

in computational efficiency, with CV demonstrating superior
speed for most objectives.
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TABLE 6. Comparison of f ∗

1 with different solvers.

TABLE 7. Comparison of f ∗

2 with different solvers.

1) MULTI-OBJECTIVE OPTIMIZATION RESULTS
The following contents show themulti-objective optimization
of the Feasibility First method and Constraint Violation
with different iterations. We did a total of 6 sets of tests,
from 3000 iterations to 300000 iterations. According to
Table 10, it can be found that the total number of solutions
and the number of non-dominant solutions obtained by the
Feasibility First method are far more than those obtained by
the Constraint Violation method, and the running time of the

Constraint Violation as Objective method is shorter under
different iterations.

G. SENSITIVE ANALYSIS
A sensitivity analysis is conducted to evaluate the proposed
model’s robustness to pesticide quantity variations, a critical
practical factor. In real agricultural settings, pesticides are
often purchased in fixed units (e.g., whole bottles or bags),

VOLUME 13, 2025 205817



Y. Wang et al.: Optimizing Pesticide Matching: A Comprehensive Multi-Objective Framework

TABLE 8. Comparison of f ∗

3 with different solvers.

FIGURE 9. The running time of each algorithm varies with the number of iterations.

which may lead to over-purchasing and subsequent waste.
We introduce two key metrics to quantify this inefficiency:
∆h∗i and ∆hi.

∆h∗i Total land area that can be treated by the purchased
quantity of pesticides for disease i. ∆hi represents the
difference between the land area that can be treated by the
amount of pesticides purchased and the actual land area
affected by each disease.

For the convenience of calculation, we use the land area
difference to replace the remaining pesticide quantity, which
is equivalent. The smaller f4 is, the smaller the difference
between the treated land area and the actual diseased land
area, the smaller the pesticide residue, and the better the
solution quality is.

The objective function (31) is to minimize the difference
in land area. Constraint (32) represents the land area that
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TABLE 9. Comparison of different algorithms.

can be treated by the amount of pesticides purchased
for each disease. Constraint (33) represents the difference
between the land area that can be treated by the amount of
pesticides purchased and the actual land area affected by each
disease.

min f4 =
∑
i∈N

∆hi (31)

∆h∗i =
∑
j∈M

yijgij (32)

∆hi = ∆h∗i − hi (33)

Table 11 shows the randomly selected 10 groups of
non-dominant solutions and the value of the objective
function f4. The analysis reveals a strong positive correlation
between f4 and f1, and a negative correlation between f4 and
f2. Under this criterion, the non-dominant solution with a
smaller f1 value has less pesticide residue, and the solution
performs better.

VI. A CASE STUDY
In this section, a case study is presented by using a
field from Xingtai City, Hebei Province, China. Figure 13
shows that the planting area of potatoes is 82,800 square
meters. The planting area of cabbage is 61,700 square
meters, and the planting area of wheat is 189,600
square meters.

Among them, wheat suffers from powdery mildew, and the
pesticides that can be used for treatment are tebuconazole
and triadimefon with a concentration of 25%. Potato suffers
from bacterial wilt, and the pesticides that can be used for
treatment are chloroisobromine-cyanuric acid and ethylicin
with a concentration of 80%. There are Pieris Rapae Linne
on Chinese cabbage, and the pesticides that can be used
for treatment are Lambda-cyhalothrin and avermectin with
a concentration of 1.8%. Table 12 shows the specific data.
It should be noted that the unit of g is Mu, which is
a land unit in China, and 1 Mu is about 666.67 square
meters.
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FIGURE 10. Convergence of each algorithm.

FIGURE 11. Hypervolume of each algorithm.

For this problem, we use the PYMOO library of PYTHON
to solve it, in which the number of iterations is 300,000,
and 200 solutions are obtained. We selected four of the
200 solutions for analysis. Table 13 shows the specific values

of the solutions. Among them, solution 1 is the solution with
the smallest f1 among the 200 solutions. Solution 2 has the
largest f2, and solution 3 has the smallest f3. Multi-Criteria
Decision Making selects solution 4.
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TABLE 10. Comparison of different constraint handling with different iterations.

FIGURE 12. The running metric of each algorithm.
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TABLE 11. Randomly selected 10 groups of non-dominant solutions.

FIGURE 13. A farmland in Xingtai City, Hebei province, china.

For solution 1, we can find that whenwe strive to reduce the
value of f1, we will reduce the number of bottles of pesticides
purchased as much as possible. The value of the variable y

means we bought 566 bags of medicine tiadimefon, 83 bottles
of medicine chloroisobrominc-cyanuric acid, and 37 bottles
of medicine avermectin. And the total cost is 4379.5 Yuan,
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TABLE 12. Parameter setting of the case study.

TABLE 13. Specific values of four groups of solutions.

the utility is 1.64, and it needs to be sprayed 3 times. For
solution 2, when trying to increase the value of f2, we will
buy all kinds of pesticides as much as possible. For solution 3,
when efforts are made to reduce f3, only one pesticide will be
purchased to treat each disease.

VII. CONCLUSION
Agriculture is essential for the nature-society system to
sustain the food chains of natural ecosystems. Humans have
a long history of crop cultivation. In modern agriculture, the
application of pesticides has further enhanced crop yields.
However, farmers’ awareness of proper pesticide use and the
risks of overuse remains limited. Safe and scientific pesticide
application is therefore essential for ensuring safe spraying
practices.

This paper presents a comparative analysis of the per-
formance of linear and nonlinear models, various solvers,
different algorithms, and distinct constraint-handling meth-
ods targeting the pesticide matching problem. Regarding
the comparison between linear and nonlinear models, it is
evident that nonlinear models exhibit consistently longer
solution times than linear models across all problem
scales. This highlights the necessity of linearizing nonlin-
ear models—a modification that can significantly shorten
solution time.Regarding solver comparison, the GUROBI
solver exhibits shorter solution times across all problem
scales compared to the CPLEX and CBC solvers, with all
three solvers achieving equivalent solution quality. When
evaluating algorithms against four key metrics—solution
quantity, solution quality, solution time, and convergence
performance—the R-NSGA-II algorithm outperforms the
other compared algorithms.

Concerning the comparison of different constraint-
handling methods, the Feasible First method exhibits a
shorter runtime when optimizing f1, whereas the Constraint
Violation method shows a shorter runtime when optimizing
f2 and f3. Both methods achieve comparable solution quality.
At the same time, the experimental results show that the
mathematical model established in this paper is reasonable
and effective, which provides meaningful guidance for
pesticide spraying practice.
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