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Abstract: - Missile life extension maintenance is a key component of equipment storage and life extension engineering, involving complex 

maintenance task scheduling problems. This paper proposes a multi-objective differential evolution algorithm based on reinforcement 

learning to solve the multi-objective optimization problem of how to minimize the overall maintenance time and prioritize the completion 

of key maintenance tasks under limited resources and strict logical constraints. First, the algorithm constructs a multi-strategy framework 

to transform the goals of minimizing the overall maintenance time and completing the priority tasks into solving the Pareto optimal solution 

set. Then, this paper integrates reinforcement learning to adaptively adjust the parameters of the differential evolution algorithm to optimize 

the search efficiency and accuracy. Finally, experiments are conducted on the missile maintenance benchmark dataset to verify the 

effectiveness and superiority of the proposed algorithm. Simulation results show that compared with the existing algorithms, this algorithm 

has an improvement advantage in maintenance scheduling effect. In addition, the ablation experiment further confirms the practical 

effectiveness of the optimization measures in improving the performance of the algorithm. 

Keywords: Differential Evolution Algorithm (DE); Multi-Objective (MO); Reinforcement Learning (RL); Missile Life 

Extension and Maintenance (MLEM); Flexible Operation Scheduling (FOS). 

 

I.  INTRODUCTION 

Missile equipment maintenance task scheduling decision involves unified control and arrangement of all 

maintenance tasks and resources. The purpose is to rationally select and assign tasks to appropriate maintenance 

organizations, and optimize the order and scheduling of task execution. The complexity of this process mainly stems 

from the combined influence of multiple dynamic factors such as the complexity and multi-professional nature of 

missile equipment, the time-consuming maintenance work, and the limited maintenance resources Error! 

Reference source not found.. Missile life extension maintenance scheduling is part of missile equipment 

maintenance task scheduling, which involves decomposing each equipment maintenance project into multiple 

operation stages and dividing them according to the different maintenance functional components. Each 

maintenance operation stage is carried out in different maintenance operation rooms, equipped with corresponding 

maintenance equipment and operators 0. Missile life extension maintenance support includes multiple operation 

stages, and the completion time of each stage should have a theoretical value and be numbered in sequence. When 

grassroots maintenance organizations receive missile equipment maintenance plan instructions, they need to 

complete the maintenance support work of all missiles in the shortest possible time, while ensuring that the 

maintenance tasks of some key missiles are given priority. The goal of missile life extension maintenance 

scheduling is to apply reliability and maintainability theory under specified conditions, tap the technical potential 

of the product, and take design, maintenance and management measures for key parts that affect reliability to 

achieve an extension of the storage period. However, current engineering practice has found that there is a serious 

time lag in both life extension testing and implementation of life extension measures [3]. For example, the service 

life of a certain model of product is 10 years. After the specified service life of the product, it is necessary to start 

the life extension work, including life extension project demonstration, technical research, formulation of life 

extension test plan, accelerated life test, and life extension repair of the remaining products [3]. However, sometimes 

after the life extension repair is completed, the time point for the second life extension has arrived before it is put 

into use. Therefore, two prerequisites must be put forward for the missile life extension project: one is to complete 

the maintenance and support work of all missiles in the shortest possible time, and the other is to ensure that the 

maintenance tasks of some key missiles are given priority. However, due to the limitation of resources and 
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management processes, the missile life extension repair scheduling needs to handle multiple tasks at the same time, 

and each task involves multiple operations. This leads to the project overtime of the missile life extension repair 

support time. Therefore, it is particularly urgent to manage and optimize the scheduling of missile life extension 

repair resources. Missile life extension repair scheduling management optimization is to solve the special flexible 

operation scheduling multi-objective problem of completing the maintenance and support work of all missiles in 

the shortest possible time and ensuring that the maintenance tasks of some key missiles are given priority. 

Flexible job scheduling is a common problem in industrial manufacturing, production and support, and is an NP-

hard problem in combinatorial optimization. This problem involves how to allocate resources to N job operations 

given M resources and determine the optimal resource usage order to improve scheduling performance and 

efficiency [4]. The main research direction to solve this problem is heuristic methods [5]. [6]et al. developed a 

genetic algorithm that initializes the population through global selection and local selection, adopts an improved 

chromosome representation, and uses specific crossover and mutation operations to minimize the completion time 

of the constrained scheduling problem. Shi et al. [8] designed a multi-objective differential evolution algorithm to 

minimize the maximum completion time and total outsourcing cost as the optimization goal to achieve the problem 

of undelayed delivery of customer orders through joint optimization of outsourcing and internal job scheduling in 

a job shop environment . Sun [7]used a variable domain search hybrid genetic algorithm to provide an effective 

solution to the completion time minimization problem of shop scheduling . Liu [9]et al. proposed to use a genetic 

algorithm model for optimization, construct a missile batch technical preparation scheduling optimization model, 

and solve the model using a genetic algorithm. Wei et al. Error! Reference source not found.proposed a binary 

hybrid improved genetic algorithm to solve the mixed-line production scheduling model of flexible workshops with 

equipment-energy consumption curves, and achieved good production guidance effects on multi-objective 

scheduling problems. Chen et [11]proposed a self-learning genetic algorithm (SLGA) based on reinforcement 

learning, and optimized the workshop operation resource scheduling by adjusting the parameters of the genetic 

algorithm. Guo et al. [12]established a maintenance support model for aircraft dispatch and solved it through a 

reinforcement learning algorithm, effectively improving the utilization rate of aircraft and saving maintenance costs 

. Zeng et al [13] A self-learning tabu search algorithm based on deep reinforcement learning (DSLTS) is proposed. 

The algorithm uses the tabu search algorithm as the basic optimization method and adopts a double-layer deep Q 

network to intelligently adjust the key parameters of the tabu search algorithm . Du et al. [14]proposed a study on 

the flexible job shop scheduling problem based on a hybrid multi-objective optimization algorithm. The algorithm 

combines the distribution estimation algorithm and the genetic algorithm to effectively deal with the scheduling 

problem constrained by electricity prices . Wu et al. [15]optimized the fixture loading and unloading time under 

dual resource constraints through an improved non-dominated sorting genetic algorithm, confirming the superiority 

of multi-resource scheduling scheme over single resource scheduling in production guidance . 

This paper proposes an adaptive multi-objective differential evolution algorithm to solve the problem of missile life 

extension maintenance task scheduling. The article is structured as follows: Chapter 1 first describes the life 

extension maintenance task scheduling problem in detail, and establishes the corresponding mathematical model in 

Chapter 2. Chapter 3 discusses the theoretical basis of the algorithm in depth, including differential evolution 

algorithm, reinforcement learning and cost-effectiveness method. Chapter 4 introduces the adaptive multi-objective 

differential evolution algorithm in detail. Chapter 5 verifies the effectiveness of the algorithm through experiments 

and discusses the experimental results. Finally, the experimental results are summarized and the direction of future 

research is proposed . 

II. PROBLEM DESCRIPTION 

The maintenance and support of a certain type of missile includes J operation stages, the theoretical completion 

time of each stage has been clearly defined, and the maintenance operations have been numbered according to the 

execution order. On this basis, the missile maintenance organization (grassroots level) received an equipment 

maintenance plan instruction, requiring the maintenance and support work of I missiles to be completed in the 

shortest possible time, while giving priority to ensuring that the maintenance work of F missiles is completed first. 

Assume that there are a total of R missile maintenance organizations with maintenance lines. Each line is equipped 

with the required operating equipment and operators, and to ensure the proficiency and reliability of the operators, 

the operators are bound to the maintenance operation room. Due to differences in missile batches and service years, 

the time it takes to process different missiles in the same maintenance operation room is also different . At the same 

time, due to the different proficiency of operators, the time required for the same missile in different maintenance 
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operation rooms will also be different . This paper conducts simulation analysis on the statistical data of previous 

maintenance guarantees to obtain the time required for different missiles to complete the maintenance operation 

stage in each optional maintenance operation room. 

III. MATHEMATICAL MODEL 

The mathematical model consists of three parts: variable definition, assumptions, and mathematical model. The 

variable definition is shown in Table 1: 

Table 1Variable definitions 

variable 

name 
describe 

r Maintenance organization number, r=1,2,. .. ,R 

i Missile number, i = 1, 2, . . . , I 

M i Missile numbered i 

j Maintenance operation number, j=1,2,. .. ,J 

k Maintenance organization operation room number , k=1,2,. .. ,R*J 

R The operation room numbered k , k=1,2,. .. ,R*J 

S i,j The jth operation of the i - th missile 

ST i ,, j The start time of the jth operation of the ith missile 

FT i ,, j the jth operation of the i - th missile 

RT i ,, j The time required for the jth operation of the i - th missile 

SR n,i ,j In the nth maintenance organization , the jth operation of the ith missile 

ST n, i ,, j the jth operation on the ith missile in the nth maintenance organization 

FT n, i ,, j the jth operation on the ith missile in the nth maintenance organization 

RT n, i ,, j 
The time required for the jth operation on the ith missile in the nth maintenance 

organization 

Yi ,j ,k 

maintenance operation j of missile i is completed in maintenance operation room 

k . 

Yes ( Yi ,j,k =1 ), No ( Yi ,j,k =0 ) 

F i,j ,e,f,k 
Operation Si ,j is processed before operation Se ,f on operation room k .  

Yes ( Fi ,j,e,f,k =1 ), No ( Fi ,j,e,f,k =0 ) 

FT Time required to complete repair of the first F missiles 

CI first F missiles to be completed 

Assumptions are as follows: 

of a certain type of missile follows the following assumptions: 

(1) All repair shops are available from the start. 

(2) All missiles were ready for repair at the initial moment. 

(3) During maintenance, all missiles have the same priority. 

(4) At any given moment, each missile can only select one repair shop for repair. 

(5) missile at a time . 

(6) The maintenance operations need to be performed in order from the 1st operation to the Jth operation . 

(7) The maintenance process allows parallel execution of operations. 

(8) It may be necessary to wait between different operations, which will affect the progress of maintenance. 

(9) Once missile maintenance begins, it may not be suspended or terminated. 

(10) Missiles can choose different maintenance lines for maintenance. 

Based on the variable definitions and scheduling assumptions in Table 1, the mathematical model of the missile life 

extension maintenance multi-objective scheduling model is as follows: 

Objective function: 
1 ,

2 ,

min

min

i j

i I j J

n j

i CI j J

f RT

f C
 

 

 =

 =






                          (1) 

Among them, the constraints are: 

, 1 , 1 , , 1,2, , ; 1,4i j i j i jFT RT ST i I j+ +−  =  =
                          (2) 

,3 ,3 ,1, 1,2, ,i i iFT RT ST i I−  = 
                                                        (3) 

, 1 , 1 , , 1,2, , ; 3,6,7,9,10,11, ,i j i j i jFT RT FT i I j J+ +−  =  =              (4) 

, , , , , , , 1,2, , ; 1,2, , ; 1,2, ,i j i j k i j k i jST Y RT FT i I j J k K+   =  =  =    (5) 

, , , , , , , , , ,(1 ) , , 1,2, , ; , 1,2, , ; 1,2, ,e f e f k e f k i j e f k i jFT Y RT F FT i e I j f J k K−  + −  =  =  =   (6) 
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, ,

0

1, 1,2, , ; 1,2, ,
K

i j k

k

Y i I j J
=

= =  =                                            (7) 

, , , , ,0; 0; 0; 0i j i j i j i j kST FT T RT   
                                          (8) 

3*( 1) , ,j n n i jSRR − + =
                                                                                       (9) 

11  and i ,min { } ; 1,2,, ,
ii i I CI i J oCT FT CI i I
−  = = =                               (10) 

Formula (1) is the standard for minimizing the objective function of missile life extension maintenance scheduling, 

where f1 and f2 represent the two objectives of missile life extension maintenance scheduling, namely, completing 

the maintenance support work of I missiles in the shortest possible time and ensuring that the maintenance work of 

F missiles is completed first . Formula (2) to Formula (5) represent the order of the maintenance operation phases 

of this type of missile. Formula (6) indicates that only one missile can be processed in the same maintenance 

operation room at the same time. Formula (7) indicates that a missile can only choose one maintenance operation 

room during maintenance. Formula (8) ensures that the maintenance time is non-negative. Formula (9) represents 

the corresponding relationship between the maintenance operation room number and the optional operation room 

number in each maintenance operation phase. Formula (10) represents the order of missile completion and the 

completion time of each missile. 

From formula (1), it can be seen that missile life extension maintenance scheduling is a multi-objective 

mathematical model. The objectives include completing the maintenance and support work of I missiles in the 

shortest possible time , while giving priority to completing the maintenance work of F missiles. In the field of 

flexible operation scheduling problems , multi-objective scheduling has been proven to be an NP-hard problem [16]. 

Missile life extension maintenance scheduling is a special problem of flexible operation scheduling, which is also 

an NP-hard problem. 

IV. MULTI-OBJECTIVE DIFFERENTIAL EVOLUTION ALGORITHM FOR REINFORCEMENT LEARNING (RL-MODE) 

It has been proven that reinforcement learning can be effectively applied to parameter learning of genetic algorithms. 

Differential evolution algorithms and genetic algorithms are both swarm intelligence algorithms. Compared with 

genetic algorithms, differential evolution algorithms have more advantages in global search of large-scale 

data[18]and can be more effectively applied to complex job scheduling problems. The differential strategy, scaling 

operation, and crossover operation of differential evolution algorithms will significantly affect the search 

performance. The differential strategy of formula (15) can improve the space for global optimization in a complex 

global search space with multiple local optimal solutions, and can improve the diversity of scheduling scheme 

search in the early stage of search. The differential strategy of formula (16) can converge to the global optimal 

solution faster when the global optimal solution is known or close, and can improve the timeliness of scheduling 

when scheduling large-scale jobs. The scaling operation is used to control the amplitude of the mutation step. 

Selecting an appropriate scaling factor helps the algorithm improve its performance on different problems. The 

crossover probability determines the degree to which the differential strategy is adopted when generating new 

individuals. An appropriate crossover probability can balance local search and global search. In this chapter , this 

paper designs an adaptive multi-objective differential evolution (RL-MODE) algorithm to intelligently adjust the 

differential strategy and scaling and crossover operation parameters. Fig.1 is the architecture diagram of the RL-

MODE algorithm, including the multi-objective differential evolution (MODE) algorithm process and the 

reinforcement learning (RL) process. In each iteration, MODE provides state feedback to RL, and RL feeds back 

the scaling factor ( F ) and crossover probability ( CR ) to MODE through Q-learning calculation. 
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Fig. 1RL-MODE algorithm architecture diagram 

A. Model Fusion 

It has been proven that reinforcement learning can be effectively applied to parameter learning of genetic 

algorithms[19]. Differential evolution algorithms and genetic algorithms are both swarm intelligence algorithms. 

Compared with genetic algorithms, differential evolution algorithms have more advantages in global search of 

large-scale data[20]and can be more effectively applied to complex job scheduling problems. The differential 

strategy, scaling operation, and crossover operation of differential evolution algorithms will significantly affect the 

search performance. The differential strategy of formula (15 ) can improve the space for global optimization in a 

complex global search space with multiple local optimal solutions, and can improve the diversity of scheduling 

scheme search in the early stage of search. The differential strategy of formula (16 ) can converge to the global 

optimal solution faster when the global optimal solution is known or close, and can improve the timeliness of 

scheduling when scheduling large-scale jobs. The scaling operation is used to control the amplitude of the mutation 

step. Selecting an appropriate scaling factor helps the algorithm improve its performance on different problems. 

The crossover probability determines the degree to which the differential strategy is adopted when generating new 

individuals. An appropriate crossover probability can balance local search and global search. In this chapter , this 

paper designs an adaptive multi-objective differential evolution (RL-MODE) algorithm to intelligently adjust the 

differential strategy and scaling and crossover operation parameters. Fig.1 is the architecture diagram of the RL-

MODE algorithm, including the multi-objective differential evolution (MODE) algorithm process and the 

reinforcement learning (RL) process. In each iteration, MODE provides state feedback to RL, and RL feeds back 

the scaling factor ( F ) and crossover probability ( CR ) to MODE through Q-learning calculation.    

B. Model Setup 

1) Environmental status: 

Differential evolution algorithms and genetic algorithms are both swarm intelligence algorithms. The goal of missile 

life extension maintenance scheduling is shown in formula (1) , which is to find a set of equilibrium solutions that 
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minimize the time required to complete the maintenance of I missiles in the shortest possible time and prioritize the 

completion of the maintenance of F missiles first . This solution represents the Pareto frontier with the best value 

in the multi-objective differential evolution algorithm, that is, the optimal fitness function solution set of the 

algorithm. In the framework of the multi-objective differential evolution algorithm, the environmental state is 

defined as the fitness value of the population. This setting enables the algorithm to evaluate and optimize the fitness 

values of two key goals: one is to shorten the total time required to complete the maintenance of all missiles as 

much as possible, and the other is to ensure the priority maintenance of key missiles. The fitness values of these 

two goals are calculated through the fitness function (see formula (11) for details), which comprehensively 

considers time efficiency and task priority to guide the algorithm to evolve to the optimal solution. 

     

1 1

1 21
1 1

1 1

1
| ( ) ( ) |

max( ( ))
( )

1max( ( ))
| ( ) ( ) |

N N
t t

t i i

i i i

N N

i
j j

j j

t

f x f x
f x N

f x w w
f x

f x f x
N

= =

= =

−

=  + 

−

 

 
                           (11) 

Among them, 𝑓(𝑥𝑡) represents the fitness of any individual in the 𝑓(𝑥𝑡) tth generation, and the function is 𝑓1a 

unified format of 𝑓(𝑥𝑖
1) and 𝑓2 represents the fitness of the 𝑓(𝑥𝑗

1) ith individual in the first generation, represents 

the jth individual in the first generation, and the maximum 𝑓(𝑥𝑖
𝑡)refers to the fitness value of the 𝑓(𝑥𝑡) best 

individual in the tth generation . It can reflect the quality state of the best individual and the overall quality state of 

the population in each iteration, where w1 represents the weight factor of the state of the best individual, and w2 

reflects the state of the entire population. For the convenience of calculation, this paper normalizes by setting w1 

+w2 =1. In multiple experiments, this paper obtains the best parameter combination of w1 and w2 values : when 

calculating the fitness of completing the 𝑓(𝑥𝑡)maintenance and support work of 𝑓1I missiles in the shortest possible 

time , the parameter values of  w1 and w2 are set to 0.6 and 0.4 respectively . When calculating the fitness of giving 

priority to completing the maintenance work of F missiles first 𝑓2, the parameter values of  w1 and w2 are set to 0.7 

and 0.3 respectively . 

This paper divides the fitness values of the two objectives into 10 intervals respectively, and each interval represents 

the environment state of reinforcement learning. The first environment state 𝑆1 = [𝑠𝑡1, 𝑠𝑡2, . . . , 𝑠𝑡10]focuses on 

completing the maintenance and support work of I missiles in the shortest possible time. The second environment 

state S2 = [𝑠𝑐1, 𝑠𝑐2, . . . , 𝑠𝑐10]focuses on ensuring that the maintenance work of F missiles is completed first. The 

environment state is mapped to the multi-objective differential evolution algorithm to realize the operation of the 

reinforcement algorithm to adaptively adjust the parameters of the multi-objective differential evolution algorithm. 

2) Action Set Status: 

The action set of reinforcement learning includes the scaling factor and crossover factor of the differential evolution 

algorithm. In each iteration, the agent will adopt different action strategies to select the action set of scaling factor 

and crossover probability. In the differential evolution algorithm, the scaling factor is usually set to 0.5 to 3, and 

the crossover probability is set to 0.3 to 0.9 [18]. In this paper, the scaling factor is divided into multiple regions 

with an interval value of 0.1, and the crossover probability is divided into multiple regions with an interval value 

of 0.05. During iteration, the corresponding value is obtained by random value in each region. 

3) Reward Function: 

The reward strategy of reinforcement learning is to provide rewards or punishments based on the individual's 

behavior to encourage the agent to learn the correct behavior. This paper designs a reward strategy based on the 

fitness value of the optimal individual and the average fitness value of the population . The definition of the reward 

strategy of the scaling factor and the crossover probability is as follows : 

 

1

1

max ( ) max ( )

max ( )

t t

i i

F t

i

f x f x
r

f x

−

−

−
=

                                           (11) 
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( )
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r
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−

= =

−

=

−

=
 


                                     (12) 

Where 𝑓(𝑥𝑖
𝑡)is the fitness of the 𝑓(𝑥𝑖

𝑡−1)ith individual in the tth generation, and is the fitness of the ith individual in 

the t-1generation. When the value of the best individual in the tth generation is better than that in the t-1 generation, 
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it means that the individuals in the tth generation have produced some evolutionary effects, which is helpful for 

solving the scheduling problem. Therefore, this paper gives a positive reward for the crossover probability. When 

the average fitness value of the population in the t-th generation is better than that in the t-1 generation, it means 

that the overall effect of the population in the tth generation is better. Therefore, this paper dynamically adjusts the 

overall population to iterate in a better direction by giving a positive reward to the scaling factor. 

4) Action selection strategy: 

The Q-learning algorithm often uses the epsilon-greedy strategy in action selection. This strategy effectively 

balances exploration and utilization to adapt to complex decision-making environments. The specific 

implementation is as follows: 

In the exploitation process, the action with the highest estimated Q value is selected with a probability of 1-ε. This 

approach ensures that the algorithm selects the best-performing action in most cases, with the goal of maximizing 

immediate rewards. In the exploration phase, the algorithm randomly selects any action with a probability of ε , 

ignoring its Q value, in order to explore unknown actions or states and discover possible potential advantages. 

In practical applications, epsilon (ε) is generally set to a decimal between 0 and 1, and is set to 0.1 in this paper. 

The key to setting this parameter is the trade-off between exploration and utilization: a smaller ε value tends to 

strengthen utilization, which is conducive to rapid convergence to a better solution, while a larger ε value increases 

the breadth of exploration, helps avoid local optimality, and enhances the algorithm's global search ability. By 

adjusting the ε value, the Q-learning algorithm not only improves its adaptability to complex environments, but also 

ensures a dynamic balance between continuous learning and environmental adaptation, thereby achieving better 

performance in a changing environment. 

C. Multi-objective differential evolution algorithm (MODE) 

Objective Differential Evolution Algorithm Differential Evolution ( MODE ) is a global optimization metaheuristic 

algorithm based on population search, which is usually used to solve multi-objective optimization problems without 

explicit constraints [20]. The multi-objective differential evolution algorithm is particularly suitable for solving 

complex search problems such as scheduling due to its high efficiency in high-dimensional search space. Compared 

with other heuristic algorithms such as genetic algorithms, the mutation operation of the differential evolution 

algorithm helps the algorithm to escape from the local optimal solution and converge to the global optimal solution 

more quickly. This feature is widely used to solve multi-objective complex problems [21]. In the multi-objective 

differential evolution algorithm process, each potential scheduling solution is represented by an individual, and 

these individuals constitute the algorithm's population. The algorithm continuously generates new solutions through 

crossover and mutation operations, which introduce diversity in the solution space and explore new possibilities. 

Subsequently, through selection operations, the algorithm evaluates and retains the solutions with the best 

performance to ensure that the solution effectively approaches the Pareto optimal solution . 

1) Individual performance: 

In the multi-objective differential evolution algorithm, each target individual can be defined as 𝑋 =

[𝑥1, 𝑥2, . . . , 𝑥𝐿 , 𝑥𝐿+1, 𝑥𝐿+2, . . . , 𝑥2𝐿]a vector, and the range of each variable value in X is defined as [−𝛿, 𝛿]. In the 

differential evolution algorithm, each individual represents a solution for a scheduling. This paper assumes that the 

total number of operations to be maintained in the scheduling environment is L , then the individual can be defined 

as 𝑋 = [𝑥1, 𝑥2, . . . , 𝑥𝐿 , 𝑥𝐿+1, 𝑥𝐿+2, . . . , 𝑥2𝐿] a vector. The vector of individual [𝑥1, 𝑥2, . . . , 𝑥𝐿] X represents the 

encoding of the missile maintenance operation , and the vector [𝑥𝐿+1, 𝑥𝐿+2, . . . , 𝑥2𝐿]represents the operation-to-

operation encoding of the missile maintenance (see Fig.1). The correspondence between (𝑥1, 𝑥𝐿+1)operations and 

operation-to-operation is , (𝑥2, 𝑥𝐿+2),. .. , (𝑥𝐿 , 𝑥2𝐿), which respectively represent that the operation is 𝑥1 processed 

by the operation-to-operation , 𝑥𝐿+1the operation is processed by the operation 𝑥2-to -operation 𝑥𝐿+2,..., and the 

operation is 𝑥𝐿  processed by the operation-to-operation .𝑥2𝐿 

 
Fig. 2Individual coding method of multi-objective differential evolution algorithm 

Since the individual encoding of the traditional multi-objective differential evolution algorithm is real number 

encoding, and the differential operator will produce decimals after calculation, while the operations and operation 

intervals in scheduling are represented by integers, the maximum position decoding rule effectively solves the 
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mapping problem between the individual real number encoding of the traditional differential algorithm and the 

integer representation in scheduling in solving the scheduling problem[22]. The maximum position decoding rule 

is as follows: 

 

1
round ( 1)( ) 1

2
j j jr l x 



 
= − + + 

                                   (13) 

Formula (14) implements the mapping xjof real values of variables in individuals xj ∈ [−𝛿, 𝛿]to integers 𝑟𝑗 ∈ [1, 𝑙𝑗], 

where 𝑙jrepresents the serviceable operation interval of the operation 𝑙, 𝛿represents xjthe range of the variable 

(defined in this paper 𝛿 = 1), round(𝑥)and the function represents mapping the corresponding real parameter to 

the integer closest to it. 

2) Population initialization: 

In the multi-objective differential evolution algorithm, the traditional population initialization usually adopts a 

random method. Although this method is simple, it may lead to slow convergence of fitness values and poor solution 

quality. In order to improve the efficiency and quality of population initialization, this paper proposes three 

strategies: global initialization, local initialization and random initialization [22]. These strategies not only help to 

distribute the initial population more evenly, but also effectively balance the workload of the repair equipment and 

improve the utilization rate of the equipment. 

The global initialization strategy is implemented through the following steps: First, initialize an array with the same 

length as the number of maintenance operation rooms, where the value of each element is initially set to zero, 

representing the time taken for the corresponding operation room. Then, randomly select a missile from the missile 

set, and starting from its first operation, gradually add the time taken for each operation of the selected missile to 

the corresponding position of the array. After each operation, select the operation room with the shortest time taken 

in the array for maintenance until all operations of the missile are assigned. Repeat this process until the maintenance 

operations of all missiles are assigned. 

The local initialization strategy focuses on processing the maintenance operations of each missile one by one. 

Similar to the global initialization, this strategy also sets up an array of operation time consumption, but the 

initialization process is more orderly. Each missile is selected and assigned its maintenance operation in the order 

of the missile set. After the operation assignment of each missile is completed, the array is reset and continues to 

process the next missile. 

The random initialization strategy retains randomness to increase the probability of exploring the solution space . 

In this strategy, after the time-consuming array between operations is initialized, the selection between each 

operation is completely random, which helps to cover a wide range of solution spaces, especially in exploring 

unknown areas in the initial stage. 

3) Differential Operation: 

Mutation operation is the most important step in the multi-objective differential evolution algorithm. It helps the 

algorithm to continuously improve individuals during the search process and find the global optimal solution [24]. 

In the differential evolution algorithm, the basic idea of the mutation operation is to generate new individuals by 

linearly combining existing individuals. These new individuals will be evaluated and selected in the subsequent 

evolution process. The mutation operation realizes individual mutation through differential strategy. The 

differential strategy can improve the performance of operation selection in the missile life extension maintenance 

scheduling process . Therefore, this paper proposes a variety of differential strategies for missile life extension 

maintenance scheduling. The differential strategy is expressed as follows: 

a) DE/rand/1 algorithm 

Five individuals 𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑋5are randomly selected from the population . The 𝑋1~𝑋5represent five scheduling 

schemes respectively . The five scheduling schemes optimize the scheduling direction through formula (15) : 

    1 2 3 4 5( ) ( )iV X F X X F X X= +  − +  −
                                     (14) 

b) DE/best/1 algorithm 

The individual is defined 𝑋best as the best individual in the population (i.e., the best scheduling solution), and is 

𝑋1~𝑋4 randomly selected individuals in the population (i.e., representing any 4 scheduling solutions). The best 

individual and the random individual can optimize the scheduling direction through formula (16) : 

 1 2 3 4( ) ( )i bestV X F X X F X X= +  − +  −
                      (15) 
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In the above differential strategies (1) and (2), 𝑉𝑖  is the new offspring generated by the mutation operation of the 

" × "i -th individual , 𝑋𝑖is the product operation, and F is the scaling factor, which is used to adjust the amplitude 

of the difference vector to affect the diversity and search ability of the new individuals generated by the mutation 

operation. The selection of the scaling factor is crucial to the performance of the differential evolution algorithm, 

which affects the convergence speed of the algorithm, the exploration ability of the search space, and the 

adaptability to different problems. Therefore, this paper uses the reinforcement algorithm to adaptively update the 

value of the scaling factor in the subsequent section. 

Differential strategies (1) and (2) is that strategy (1) uses a completely random individual approach when selecting 

parent individuals, while strategy (2) uses a global optimal individual plus a random individual approach. Strategy 

(1) can improve the space for global optimization in a complex global search space with multiple local optimal 

solutions. Compared with the DE/rand/ 1 algorithm , it can improve the diversity of scheduling scheme searches in 

the early search . When the global optimal solution is known or close, strategy (2) can converge to the global optimal 

solution faster. Compared with the DE/best/ 1 algorithm , it can improve the timeliness of scheduling when 

scheduling large-scale jobs [24]. 

Therefore, this paper proposes an adaptive mutation operation to optimize the mutation operation of the scheduling 

job. The reinforcement algorithm dynamically adjusts the value of the scaling factor according to the job 

characteristics. At the same time, the mutation strategy is adaptively adjusted according to the population size and 

reinforcement learning state. The mutation strategy is adaptively adjusted through formula (17) : 

2
1 2 3

2
best 2 3

( ), min , _
2
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






                     (16) 

Wherein 𝑁𝑖represents the current number of iterations, 𝑁𝑠represents the total number of states, Narepresents the 

total number of operations, max_iter represents the maximum number of iterations of the MODE algorithm, and 

min(𝑥, 𝑦)represents the minimum value of the variable 𝑥, 𝑦. 

4) Crossover Operation: 

Multi-objective differential evolution algorithm is a part used to generate new individuals. Together with the 

mutation operation, it constitutes the main step of the differential evolution algorithm. The purpose of the crossover 

operation is to combine the candidate solutions generated by the mutation operation with the original solution to 

generate the next generation of individuals . The scheduling scheme generated by the mutation operation combined 

with the original scheduling scheme can not only improve the diversity of the new scheduling scheme and avoid 

falling into the local optimal solution, but also retain some information of the original scheduling scheme in the 

new scheduling scheme, thereby facilitating local search. The crossover operation is completed by formula (18) : 
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i j
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V CR j j
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X

 =
= 
                                 (17) 

Where 𝑈𝑖,𝑗  is the new offspring generated by the 𝑉𝑖,𝑗crossover operation of the jth element of the i -th individual . 

is 𝑋𝑖 the new individual generated by the mutation operation of formula (17 ). CR is the crossover probability. 

𝑗𝑟𝑎𝑛𝑑 is a random value that ensures that at least one dimension of the experimental individual after crossover is 

provided by the mutant individual. 

5) Objective function 

multi-objective differential evolution algorithm is the mathematical model in the above Chapter 2 , that is, 

completing the maintenance of I missile in the shortest possible time and giving priority to completing the 

maintenance of F missiles . Completing the maintenance of I missile in the shortest possible time and giving priority 

to completing the maintenance of F missiles are the equilibrium solution sets calculated on the Pareto frontier by 

the differential evolution algorithm. The solutions on the Pareto frontier can optimize the scheduling of missile life 

extension repair resources . In the section 6) Select Operation section, this paper completes the evaluation 

calculation of the Pareto frontier solution through non-dominated sorting and congestion distance. 

6) Select Operation 

the maintenance of I missiles in the shortest possible time and give priority to the maintenance of F missiles. To 

effectively solve this goal, this paper adopts two strategies: non-dominated sorting and crowding distance. These 

strategies are widely used in the field of multi-objective optimization for solution selection and diversity 

maintenance[25]. Non-dominated sorting divides all individuals in the population into layers according to 
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dominance relationships. Individuals in each layer are not dominated by each other, thus forming multiple 

dominance fronts. This process ensures that the hierarchy and diversity of the space are understood, allowing the 

algorithm to explore multiple potential effective solutions at the same time. After completing the non-dominated 

sorting, this study further applies crowding distance calculation to evaluate the distribution density between 

individuals in the same front. Individuals with larger crowding distances indicate that their surroundings are sparse 

and more likely to be selected for generating offspring, which helps maintain the genetic diversity of the population. 

In the selection process, this paper gives priority to those individuals with high non-dominated levels and large 

crowding distances. This strategy not only improves the algorithm's ability to explore the solution space , but also 

ensures the breadth and depth of understanding. The specific selection steps include: first, all individuals are sorted 

by non-dominated order; second, within each level, they are sorted by crowding distance, and individuals with large 

distances are retained first; then, individuals are selected from each level through the roulette method to fill the next 

generation of populations; finally, the selected individuals will participate in subsequent crossover and mutation 

operations to form a new generation of solution sets. 

D. Reinforcement Learning (RL) 

Reinforcement Learning (RL) can help intelligent systems learn how to make decisions in different environments . 

Reinforcement learning systems can gradually improve their decision-making strategies based on environmental 

feedback to maximize the expected cumulative reward. Chen[12]used reinforcement learning to provide feedback 

on the genetic algorithm parameter environment and optimized the parameter set of the genetic algorithm during 

job scheduling. Su[4] automatically selected strategies to improve the candidate schedules of the self-organizing 

neural scheduler through reinforcement learning . The framework of the reinforcement learning model is shown in 

Fig.3 , which includes five basic components: agent , environment , state , action , and reward . At any given point 

in time , t , the state of the current environment observed by the agent St, and selects the corresponding action 

according to the established strategy 𝐴𝑡. Then, at time At+1 , the agent performs this action, which is sent to the 

environment. The environment then reacts to this action , causing the agent to move from the current state 

𝑆𝑡Transfer to the new state 𝑆𝑡+1and generate an immediate reward Rt+1 . The agent updates its strategy accordingly 

and performs the next action At + 1 . 

In this interactive learning process, the main goal of the agent is to learn a strategy to maximize the long-term 

cumulative reward. Specifically, the learned strategy is defined as a probability distribution mapping between states 

and actions, that is, the probability of taking each action in a specific state. In this way, the agent is able to 

continuously optimize its decision-making process to cope with the dynamic changes of the environment and 

achieve its goals. The learned strategy can be defined as: a mapping from the 𝑠𝜖𝑆 action probability distribution of 

each state 𝜋(𝑎|𝑠)and action 𝑎𝜖𝐴, that is, the probability of taking each action in the environment .𝑆𝑡 Probability of 

Atan action : 

 
( | ) ( | ),t ta s p A a S s t = = =

                                      (18) 

the strategy 𝜋 is a Markov process optimization problem. Given the initial state distribution ρ0and strategy 𝜋, the 

probability of a T-step trajectory τoccurring in the Markov process is: 
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Given a reward function R and all possible trajectories τ, the policy solution ( 𝜋∗) can be expressed as: 

 
( )* arg max ( | ) ( )p R


   = 

                                             (20) 

Among them, 𝑅(𝜏)represents the sum of rewards after time T, represents all possible trajectories, 𝑎𝑟𝑔𝑚𝑎𝑥𝜋(. )and 

represents the strategy of returning the maximum value of the expected reward function. Finally, the optimization 

problem of reinforcement learning can maximize the reward by optimizing the strategy. 

 
Fig. 3Strengthen the model framework 
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Q-learning is a model-free reinforcement learning algorithm that focuses on learning the optimal strategy directly 

from environmental interactions without modeling the dynamics of the environment. The update rule of Q-learning 

is shown in formula (22) : 

1

1 1 1( , ) ( , ) [ argmax ( , ) ( , ) ( , )]
t

t t t t t t t t t t t
A

Q S A Q S A R Q S A Q S A Q S A 
+

+ + + + + − −        (21) 

Where Strepresents the state at time t , represents Atthe action taken in Rt+1the current state , Stand represents Stthe 

immediate reward obtained after St+1performing the action in the state. Atis the result state, which is At+1the next 

best action that may be taken in αthe state . The learning rate St+1is usually set to a value between 0.1 and 1, and 

this paper takes a value of 0.5. Rt+1represents Stthe reward obtained after γperforming the action from the state. 

Atis a discount factor, which is used to weigh the immediate reward and future reward. It is generally set to a 

positive number less than 1, and this paper takes a value of 0.5. represents the action argmax
At+1

Q(St+1, At+1) with the 

largest Q value Atin the next state St+1. 

The core goal of the learning algorithm is to approach the optimal strategy by continuously updating the Q value. 

After each state transition, the algorithm adjusts the value of the current action based on the received reward and 

the estimated maximum future reward, thereby maximizing the cumulative reward in long-term exploration. 

In this paper, the Q-learning algorithm is applied to the learning of multi-objective differential evolution algorithm 

parameters to formulate strategies in the scheduling environment. Through this interactive learning process between 

the agent and the environment, Q-learning adjusts parameters and strategies to achieve the goal of completing the 

maintenance and support work of I missiles in the shortest possible time and giving priority to the maintenance 

work of F missiles, and maximizing the overall return. 

E. Scheduling cost effectiveness evaluation 

In missile life extension maintenance scheduling, the goal is to complete the maintenance and support work of 

missile I in the shortest possible time, while giving priority to ensuring that the maintenance work of missile F is 

completed first. These two goals reflect different optimization dimensions: one is overall efficiency, which reduces 

overall downtime and maintenance costs through rapid response and efficient execution; the other is strategic 

priority, which emphasizes handling key tasks in order of priority to maintain combat readiness effectiveness costs 

and strategic flexibility. Integrating these two goals, the scheduling strategy not only improves the economy and 

efficiency of maintenance operations, but also ensures the rapid recovery of key combat resources. 

This paper proposes a method for evaluating the cost-effectiveness of scheduling . This method generates multiple 

groups of non-dominated solutions on the Pareto frontier through a multi-objective differential evolution algorithm. 

Each group of solutions represents a potential optimal scheduling solution, which shows different performances of 

the overall cost and the efficiency cost . The key lies in how to balance the weights of the overall cost and the 

efficiency cost . The difference in the calculation units between the two causes the complexity of the evaluation. To 

solve this problem, this study uses Z-score standardization to standardize the overall cost and the efficiency cost to 

a unified scale for fair comparison and evaluation. The specific calculation formula is as follows: 

 

(1 ) , 1,2, ,i t i G

i

t G

t c
V i n

 
 

 

− −
=  + −  = 

                           (22) 

Where 𝑉𝑖is the scheduling benefit after the overall cost and the efficiency cost are balanced and unified , that is, the 

overall scheduling benefit of the ith scheduling plan. The i is ith Pareto frontier solution set in the scheduling solution 

set. The n is the number of Pareto frontier solution sets, is the 𝑡𝑖 overall cost solution in the scheduling solution set 

(complete the maintenance and support work of I missiles in the shortest possible time ) , is the 𝑐𝑖 priority efficiency 

solution in the scheduling solution set (prioritize the maintenance work of F missiles to be completed first) , 𝜇𝑡 and 

𝜇𝑐  represent the means of all  𝑡𝑖  solution sets and solution sets respectively, 𝜎𝑡  and 𝜎𝑐  represent the standard 

deviations of all  𝑡𝑖 solution sets and solution sets respectively, 𝑡𝑖and 𝑐𝑖 represent the weight adjustment factors of 

the overall cost solution and the priority efficiency solution . In the multi-objective evolutionary algorithm, The 

𝑉𝑖  is used to measure the cost-effectiveness of multiple groups of non-dominated solutions in the Pareto frontier , 

where the lower the cost-effectiveness , the lower the scheduling cost and the higher the efficiency , which indicates 

that the scheduling plan is better . Through this method, the cost required in the scheduling plan can be quantified, 

providing a quantitative basis for decision-making in missile life extension maintenance scheduling. 
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V. EXPERIMENTAL RESULTS AND DISCUSSIO 

A. Benchmark Setup and Evaluation 

In order to evaluate the performance of the proposed RL-MODE algorithm, this paper uses a public missile 

maintenance scheduling benchmark dataset [1] for experimental comparison. The task of this dataset is to complete 

the maintenance scheduling of 36 missiles in the shortest possible time, ensuring that the maintenance work of 12 

missiles is given priority. The maintenance process is divided into 16 stages, each with 3 optional operation rooms. 

Based on the assumptions and objective function constraints defined in Chapter 2 , the dataset is solved. 

In terms of effect evaluation, this paper uses the following key indicators to comprehensively evaluate the 

performance of the algorithm: 

(1) Hypervolume indicator [25]: It is used to measure the distribution of the multi-objective Pareto solution space . 

This indicator evaluates the quality of the solution by calculating the hypervolume space occupied by the Pareto 

frontier. A larger Hypervolume value indicates that the Pareto frontier solution is more widely distributed, thus 

providing more strategic options for missile maintenance scheduling. 

(2) Missile maintenance scheduling efficiency: This mainly considers the overall maintenance completion time of 

the 36 missiles and the maintenance work time of the 12 missiles that are completed first. The optimization goal is 

to minimize the corresponding time at the same time to improve scheduling efficiency and response speed. 

(3) Algorithm convergence iteration number: used to evaluate algorithm performance and efficiency, and reflects 

the convergence speed of the algorithm by recording the number of iterations required for the algorithm to reach an 

approximate optimal solution. Fewer iterations usually indicate that the algorithm has better optimization speed and 

efficiency. 

In addition, to further verify the effectiveness of the RL-MODE algorithm, this paper Error! Reference source 

not found.algorithm and SLISA [28][27]algorithm. The performance comparison is mainly based on the above 

three evaluation indicators, which are described in detail in this Section. 

B. Parameter settings 

In order to comprehensively evaluate the performance of the RL-MODE algorithm, the algorithm code of this paper 

is written in the Python 3.11 environment, and the computer configuration is Intel Core i9-13900H CPU (2.6 GHz) 

and 32 GB of RAM. In order to ensure the reliability of the experimental results, this paper selects four algorithms, 

RL-MODE, AGA, HPEA and SLISA, and repeats them 10 times on the selected benchmark dataset. The evaluation 

indicators include Hypervolume, the overall maintenance completion time of 36 missiles, the maintenance work 

time of the 12 missiles that are completed first, and the number of algorithm convergence iterations. The average 

values of these indicators are obtained from 10 runs for analysis. In the experimental setting of the multi-objective 

differential evolution algorithm, the population size is 100 , the maximum number of iterations is 300 , the initial 

mutation probability is set to 0.3 , and the crossover probability is 0.5 . 

C. Algorithm effect verification 

First, this paper conducts experiments on benchmark data sets and verifies the effectiveness of the algorithm using 

visualization methods. The experiment demonstrates the convergence of the RL-MODE algorithm in dealing with 

multi-objective optimization problems, which is specifically reflected in the iteration trend of the overall 

maintenance completion time of 36 missiles and the maintenance work time of the 12 missiles that are completed 

first (as shown in Fig.4). In addition, this paper also shows the Gantt chart of the scheduling scheme obtained after 

300 iterations, thus proving the effectiveness of this algorithm in solving the multi-objective problem of missile life 

extension maintenance (as shown in Fig.5 and Fig.6). 
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Fig. 4The iterative convergence trend of RL-MODE algorithm on benchmark datasets 

 
Fig. 5The RL-MODE algorithm completes the Gantt chart of the overall maintenance of 36 missiles. 

 
Fig. 6RL-MODE algorithm in the priority to complete the maintenance of 12 missiles Gantt chart 

Fig.4 shows the convergence trend of the fitness value of the missile life extension maintenance scheduling target 

in the RL-MODE algorithm, where the X-axis represents the number of iterations, the Y-axis represents the overall 

maintenance completion time of 36 missiles, and the Z-axis represents the maintenance work time of the 12 missiles 

that are completed first. From the trend of change, it can be seen that the fitness values of the two targets are rapidly 

decreasing. From the X-axis, it can be seen that the algorithm basically converges at the 141st iteration, proving 

that the algorithm has rapid convergence. 

Fig.5 and Fig.6 are Gantt charts of the overall maintenance of 36 missiles and the maintenance of 12 missiles that 

are completed as a priority . The ordinate represents the maintenance operation room number, and the abscissa 

represents the maintenance time. The blocks of different colors in the Gantt chart represent missiles with different 

numbers. The missile maintenance work in the Gantt chart is completed relatively concentratedly, without 

inefficiencies such as overlap and redundancy, which shows that the algorithm can reasonably allocate maintenance 
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resources. As shown in Fig.6, the algorithm effectively handles the multi-objective solution that includes priority 

tasks and overall maintenance work. 

D. Algorithm effect comparison 

In this section, we compare the experimental results of multiple algorithms in the literature to evaluate the 

performance of the RL-MODE algorithm on the missile maintenance scheduling problem. The algorithms in the 

literature include the improved genetic algorithm (AGA) Error! Reference source not found., the multi-objective 

evolutionary algorithm HPEA[27], and SLISA [27]the overall maintenance completion time of 36 missiles 

(minutes), the maintenance time of 12 missiles with priority (minutes), and the number of convergence iterations. 

Table 1The RL-MODE algorithm compares the effects of various algorithms. 

Algorithm Hypervolume 
Overall maintenance of 36 

missiles (minutes) 

Prioritize the repair time of 12 

missiles (minutes) 

Convergence 

iterations 

AGA 3745 3522 1702 220 

HPEA 13168 3470 1654 207 

SLISA 5743 3501 1692 178 

RL-MODE 19287 3417 1605 141 

As shown in Table 2 , compared with the AGA algorithm, the RL-MODE algorithm has increased the overall 

maintenance completion time of 36 missiles, the maintenance time of 12 missiles in priority, and the number of 

convergence iterations by 3%, 5.7%, and 36% respectively on average. This is because reinforcement learning can 

adaptively adjust the crossover and mutation process when optimizing the multi-objective differential evolution 

algorithm, and has more advantages in searching the solution space than the improved genetic algorithm , and 

converges faster. At the same time, the non-dominated sorting and crowding distance are used to select multi-

objective solutions, which can sort the solution space and improve the quality and diversity of the solution. 

Compared with the HPEA algorithm, the overall maintenance completion time of 36 missiles, the maintenance time 

of 12 missiles in priority, and the number of convergence iterations are increased by 1.5%, 3%, and 32% on average, 

respectively. This is because reinforcement learning can adaptively adjust the crossover and mutation process 

according to the reward-penalty mechanism when optimizing the multi-objective differential evolution algorithm, 

and has more advantages in searching the solution space than the mixed integer linear programming , and converges 

faster. In the comparison of SLISA algorithm, SLISA algorithm solves the multi-objective problem by converting 

it into a single-objective problem with multiple objectives added together, and cannot balance the optimal value of 

each objective in the solution space . RL-MODE algorithm uses non-dominated sorting and congestion distance to 

evaluate the multi-objective solution when solving multi-objective problems, effectively solving the multi-objective 

optimization balance problem, and improving the overall maintenance completion time of 36 missiles, the 

maintenance time of 12 missiles with priority, and the number of convergence iterations by an average of 2.4%, 

5.1%, and 21%, respectively. In addition, RL-MODE algorithm has more advantages than AGA, HPEA, and SLISA 

algorithms in the evaluation of the distribution of multi-objective solution space (Hypervolume value), which is 

improved by 4.2, 0.4, and 2.6 times, respectively. The Hypervolume value evaluation benchmarks for the overall 

maintenance completion time of 36 missiles and the maintenance time of 12 missiles with priority are set to 3550 

and 1750 minutes. 

4.5 Ablation experiment 

of each operator in the RL-MODE algorithm , this paper designs three ablation algorithms to evaluate the 

performance of the operators. RL-MODE0 is the RL-MODE algorithm eliminating the mutation strategy operator 

of formula (15), MODE 0 is the RL-MODE algorithm eliminating reinforcement learning and the mutation strategy 

operator of formula (15), and MOGA is the RL-MODE algorithm eliminating reinforcement learning and using the 

GA algorithm. 

Table 2Comparison of ablation effect of RL-MODE algorithm 

Algorithm Hypervolume 
overall maintenance of 36 

missiles (minutes) 

Prioritize the repair time of 12 

missiles (minutes) 

Convergence 

iterations 

RL-MODE 19287 3417 1605 141 

RL-MODE0 13627 3446 1619 160 
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MODE 0 6788 3472 1663 187 

MOGA 801 3530 1710 234 

As shown in Table 3 , compared with the RL-MODE0 algorithm, the RL-MODE algorithm has increased the 

number of convergence iterations by 41%, and the overall maintenance completion time of 36 missiles and the 

maintenance time of 12 missiles with priority have increased by 0.9%. The reason is that both algorithms use 

reinforcement learning and multi-objective differential evolution optimization algorithms. In the comparison 

between the RL-MODE algorithm and the MODE algorithm, the overall maintenance completion time of 36 

missiles and the maintenance time of 12 missiles with priority have increased by 1.6% and 3.5% respectively, 

because reinforcement learning optimizes the scaling factor and crossover probability of the multi-objective 

differential evolution algorithm, which can effectively avoid falling into the local optimum. In the comparison 

between the RL-MODE algorithm and the MOGA algorithm, the overall maintenance completion time of 36 

missiles and the maintenance time of 12 missiles with priority have increased by 3.5% and 6.1%, and the number 

of convergence iterations has increased by 40%, indicating that the differential evolution algorithm optimized by 

reinforcement learning has more advantages than the genetic algorithm in the multi-task scheduling problem. In 

addition, the RL-MODE algorithm has more advantages than the above three algorithms in the evaluation of the 

spatial distribution of multi-objective solutions ( Hypervolume value), which is improved by 0.4, 1.8 and 23 times 

respectively. 

VI. CONCLUSION 

This paper proposes the RL-MODE algorithm and establishes a mathematical scheduling model for missile life 

extension maintenance. By setting the optimization goals of minimizing the overall maintenance time and giving 

priority to completing key maintenance tasks, the RL-MODE algorithm successfully solves the multi-objective 

scheduling problem of missile life extension maintenance. 

The algorithm integrates reinforcement learning and multi-objective differential evolution algorithms, and 

effectively improves scheduling efficiency by adaptively adjusting scaling factors and mutation probabilities . 

Specifically, the RL-MODE algorithm uses population size and current learning state information to adaptively 

adjust mutation strategies through a reinforcement learning framework. Subsequently , the Q-learning algorithm is 

used to achieve effective interaction between states and adaptive adjustment of parameters, further enhancing local 

and global search capabilities, optimizing the diversity of the early search stage and the response efficiency to large-

scale scheduling tasks. Finally, the Pareto frontier target solution set is evaluated based on utility evaluation , and 

the scheduling solution with the highest utility is selected. 

Experimental results on a missile maintenance benchmark dataset show that the RL-MODE algorithm outperforms 

existing comparison algorithms in multiple evaluation metrics, including Hypervolume, overall maintenance 

completion time, priority task completion time, and number of convergence iterations. These results highlight the 

significant advantages of the RL-MODE algorithm in dealing with complex scheduling problems and demonstrate 

its efficiency and practicality in practical applications. In addition, ablation experiments verify the effectiveness of 

the proposed optimization operator in improving scheduling performance. 

Future work will further explore the potential of the RL-MODE algorithm to solve other types of scheduling 

problems, expand its scope of application, and continue to verify and optimize the applicability and effectiveness 

of the algorithm. 
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