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ABSTRACT 

In order to improve the efficiency of rail bolt automation operation, this study proposes a non-dominated 
sorting genetic algorithm II (NSGA-II) based on the improvement of elite strategy for the multi-robot 
task allocation problem. First, a multi-objective optimization model is established by combining the actual 
demands of rail bolt operations. Then, the classical NSGA-II algorithm is improved by introducing an elite 
strategy to enhance its global search capability and convergence performance. Finally, the effectiveness 
and superiority of the improved algorithm in task assignment are verified by simulation experiments. The 
experimental results show that the improved NSGA-II algorithm has significant advantages in optimizing 
the efficiency of rail bolting operations and task balancing, which provides a strong support for task 
allocation in multi-robot systems. 
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1. Introduction 

With the rapid development of science and technology, railroad construction is also constantly pushing 
forward, using new technologies, new materials and new techniques to improve the quality and efficiency 
of railroad construction [1-3]. At present, advanced mechanical equipment is widely used in railroad track 
construction and maintenance operations, making the mechanization and automation level of track 
construction and maintenance operations greatly improved [4-6]. However, in some small work areas such 
as track bolt fastener system assembly and track bolt fastening operations are still taken by a large number 
of manual manual operation, each group of fastener system assembly and fastening at least two people to 
complete, and this process is in the track laying operation of the internal combustion locomotive traveling 
in the process of the operator's safety can not be 100% guaranteed [7]. Moreover, the manual mode of 
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operation inevitably exists many unsatisfactory places, such as the operator's labor intensity, bolt fastening 
precision is low, there are many human factors are more difficult to control, resulting in the assembly of 
fasteners and bolts of low quality phenomenon [8]. The previous railroad construction mechanization 
application degree is low, workers labor consumption, the construction quality of the railroad is low, the 
work efficiency is not high, has not been able to keep up with the ever-expanding demand for railroad 
construction. The tools used by the engineering department to tighten bolts are manual wrenches, which 
are time-consuming and difficult to meet the required technical standards [9]. 

Nowadays, robots have corresponding optimization process in the bolt operation, but in the multi-robot 
operation, the bolt operation is poorly guided [10-11]. In order to ensure the efficiency of high-strength 
bolting, a professional allocation tool is needed to implement the task allocation in an orderly and precise 
manner. With the spread of the domestic railroad network and the gradual improvement of the national 
requirements for the quality of track construction, the efficiency of the bolt operation used in China's track 
construction is difficult to fully meet the construction needs of track construction, which makes the design 
of an intelligent track bolt operation multi-robot task allocation with high reliability and high efficiency to 
assist the construction of railroad tracks a very important task. 

Therefore, reasonable task allocation algorithms and efficient collaborative control strategies in AOBR 
systems have become a problem worthy of in-depth study. The main goal of this paper is to solve the task 
allocation problem of AOBR, which utilizes multiple robots to collaborate in the maintenance task of bolts. 

2. Theory and formula 

2.1. Description of the problem 

Track bolts are required to be maintained during a day-period operation interval, as shown in Figure 1. 
With the exception of track change operations, which require continuous operation of track bolts, all other 
maintenance tasks are decentralized. As shown in Figure 2, the distribution of bolts requiring maintenance 
is decentralized and not necessarily centralized. The gray bolts indicate the task points that do not require 
maintenance this time, while the red bolts indicate the task points that require maintenance. The process 
of assigning maintenance bolt tasks during the sunroof period is shown in Figure 2. The central control 
center sends the coordinates of the bolts to be maintained to the signal receiving office, and then transmits 
the requirements to the monitoring operation screen in the hands of the day's window period workers and 
multiple AOBRs to be assigned the tasks, and the AOBRs start the operation in real time after the 
completion of their respective tasks and the transmission of the equipment information to the signal 
receiving office, and when all the AOBRs complete the operation at the same time, then the window period 
work maintenance operation is considered to be successfully completed. The core problem of the study is 
how to find the optimal allocation scheme to minimize the total travel length and maximum completion 
time of the robots. Without loss of generality, the following assumptions are made: 

1) All robots are homogeneous. 
2) All robots operate normally with no downtime or malfunction. 
3) All robots travel at constant, known speeds during all phases. 
4) Each robot performed at least one maintenance task. 
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Fig. 1. Partial maintenance fasteners during the skylight period 

 

Fig. 2. Task allocation process of maintenance bolts during the skylight period 

2.2. Modeling 

The mathematical model constructed in this section is as follows: 
Parameters: 

T  
0 1 2 3{ , , , , , }nT T T T T=  . The set of tasks, 0T   the initial on-ramp starting point, and 

1 2 3, , , , nT T T T  the n tasks. 
,i j  Task Index. 
,i ix y  The coordinate values of the task nodes in the set T, 1,2,3, ,i n= . 

jt  Average time for the robot to maintain each bolt: 5s. 

ijd  Distance from iT  to jT . 

ijt  Robot runtime from iT  to jT  
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R  1 2 3{ , , , , }mR R R R= . A collection of m robots. 

k  Robot Index. 

sv  Travel speed when the robot is not operating: 2 /m s . 

wv  Travel speed during robot operation: 45c /m s . 

kW  The completion time for all robots to perform all tasks. 

maxW  Maximum operating time during the sunroof period. 

kL  The total travel length of all robots after performing all tasks. 

l  Task Segment Index 

 

Decision variables: 

ikx  1ikx =  if robot kR  performs task iT  and 0ikx =  otherwise. 

ijky  1ijky =  if robot kR  executes task jT  after executing task iT , and 0ijky =  otherwise. 

 

Objective: 

 
1

min
m

1 kk
F max W

=
=   (1) 

 2 1
min

m

kk
F L

=
=  (2) 

Subject to: 

 
1

1
m

ikk
x

=
= , {1,2, , }i n   (3) 

 
1

1
n

iki
x

=
 , {1,2, , }k m   (4) 

 0 1kx = , {1,2, , }k m   (5) 

 ij j i j id x x y y= − + − , 0,1, ,i n= , 0,1, ,j n=  (6) 

 01 0, 1 0
( ) ( ) ( )

n n n nij ij

k ijk jk ik ji j j i j i
w s

d d
W y y x t

v v= =  = =
=  +  +     , {1,2, , }k m   (7) 

 
1

m

maxk k
W W

=
  (8) 

 
0 0,

( )
n n

k ijk iji j j i
L y d

= = 
=   , {1,2, , }k m   (9) 

 {0,1}ikx  , {1,2, , }i n  , {1,2, , }k m   (10) 

 {0,1}ijky  , {1,2, , }j n  , {1,2, , }k m   (11) 

The objective function (1) is to minimize the completion time to complete all tasks; the objective function 
(2) is to minimize the total travel length after all robots complete all tasks. Equation (3) indicates that each 
task can be completed by only one robot. The constraint set (4) indicates that each robot is assigned at 
least one task. Equation (5) denotes that each robot starts at the same upper lane point. Equation (6) 
represents the distance between task iT  and task jT  using Manhattan distance. Equation (7) represents 
the time after robot kR  completes all assigned tasks. Inequality (8) indicates that the total time for all 
robots to complete the tasks must not exceed the maximum time specified in the skylight period. Equation 
(9) represents the total traveling length of robot kR  after completing all assigned tasks. Finally constraint 
set (10) and constraint set (11) define the feasible ranges or variables for decision variables. 
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2.3. Environmental classification 

In practice, each installed bolt on the track is evenly distributed, but the location of bolts requiring 
maintenance is more sporadically distributed and not always evenly spaced. Some areas are densely 
populated with bolts, while other areas are more sparse. The traditional fixed task allocation program is 
difficult to adapt to this uneven situation, which can easily lead to some of the robots overburdened, while 
some other robots are in an idle state, thus affecting the overall operational efficiency. In addition, the 
existing system generally lacks a real-time dynamic adjustment mechanism. In the operation process, 
unexpected situations such as robot failure or local environmental changes may occur, but the existing 
system is usually unable to adjust the task allocation in time, resulting in a decline in operational efficiency, 
and may affect the quality and safety of the operation. In addition, in terms of multi-robot collaboration, 
existing systems also have certain deficiencies. Most of the systems still use independent operation mode, 
and there is a lack of effective information sharing and collaboration mechanism between robots, which 
limits the overall operational efficiency. To address these problems, there is an urgent need for a task 
allocation method that can comprehensively consider environmental characteristics, dynamically adapt to 
changes in task distribution, and realize efficient multi-robot collaboration. 

In this paper, we propose a multi-intelligent body dynamic task allocation method based on 
environmental characteristics. This method can flexibly divide the task area according to the actual 
distribution characteristics of the track bolts, realize the dynamic allocation and real-time adjustment of 
tasks, and support the collaborative operation of multiple robots. 

According to the extracted operation area, the track is regarded as the x-axis, and the task bolts that 
need to be operated are regarded as points distributed on the x-axis. The x-axis is vertically divided into a 
cell segments, each of which is of length x . The number of divided segments is shown in equation (12): 

 
L

a
x

=
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 (12) 

In equation (12), x   is the body length, 0.9x =  m; L is the length of the operation interval, 

max minL x x= − , maxx  and minx  are the maximum and minimum values of the horizontal coordinates of the 
track bolts, respectively; 

The task density of the lth block 
ix , as shown in Eq. (13): 
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In equation (12), 
iTN  is the number of tasks in the lth cell segment 

Calculate task it  belongs to the lth cell segment as shown in equation (14): 
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l

a

−
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In equation (14), ix  is the horizontal coordinate of task i; 

In order to dynamically adjust the size of the region, it is necessary to define the task density change 
threshold  ; the average value of the task density in the environment is selected, as shown in Eq. (15): 
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If the change in task density is small: 
1( ) ( )i ix x x + − ＜ , the zone is merged into the previous zone, 

increasing the length of the zone, and the adjusted zone length is set to 
ix  , as shown in equation (16): 

 
1( ( ) ( ) )i i i ix x k x x  +

 =  +  − −  (16) 
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In equation (16), k is the adjustment factor, which controls the amount of increase in length; 
If the task density change is large: 

1( ) ( )i ix x x + −    , the segment is subdivided, increasing the 

length of the segment, reducing the length of the segment, set the adjusted length of the segment is 
ix  , 

as shown in equation (17): 

 
1( ( ) ( ) )i i i ix x k x x  +

 =  + − −  (17) 

In Eq. (17), k is the adjustment factor, which controls the reduction of the length; 
Through the above dynamic adjustment, a new set of region lengths 

1x   , 
2x   , 

3x   , ... 
ox    is 

obtained; 
These lengths reflect the distribution of task densities: regions with higher task densities are more 

carefully delineated, and regions with lower task densities are more coarsely delineated. 
The sum of task densities within each adjusted region    can be calculated as: 

 ( )
o

i i

i i

x x 
=

 =   (18) 

In Eq. (18), o is the adjusted number of zones, and this sum is used for subsequent tasking. 

3. Experimental setup 

The task allocation problem of Automated Orbital Bolt Robot (AOBR) studied in this paper belongs to the 
NP-hard problem in combinatorial optimization. Although the genetic algorithm has good global search 
capability, it is prone to the defects of premature convergence and slow convergence speed. In order to 
effectively improve the effectiveness of multi-robot task allocation, this paper proposes an improved 
NSGA-II algorithm, which adopts a multi-elite file maintenance strategy in order to preserve the diversity 
of solutions and elite solutions. 

3.1. NSGA-II Algorithm Basis 

Multi-robot task allocation is a multi-objective optimization problem, the core of which lies in the use of a 
multi-objective genetic algorithm to coordinate the relationships between the various objective functions 
in order to find the set of solutions that make each objective function as optimal as possible, i.e., the Pareto 
optimal solution. 

NSGA-II is an algorithm proposed by Deb et al. in 2002 as an improvement of NSGA. The process of 
this algorithm is similar to the basic genetic algorithm, but differs in the selection operation operator.The 
core part of NSGA-II, its main idea is: firstly, the population is stratified in non-dominated order according 
to the dominant and non-dominant relationship between individuals, and then a tournament selection is 
used, where a pair of individuals is randomly selected from the population each time. If the two individuals 
selected have the same ordinal value (i.e., at the same front end), the one with the larger crowding distance 
will be selected, because the larger the crowding distance, the better the diversity of the population; if they 
are individuals with different ordinal values, regardless of their crowding distances, the one with the 
smaller ordinal value will be selected, due to the fact that the dominated individual has higher ordinal value 
than the one that dominates that individual. 

NSGA-II is one of the most popular multi-objective genetic algorithms, which reduces the complexity 
of non-dominated sequential genetic algorithms, possesses the advantages of fast running speed and good 
deconvergence of the solution set, and is often used as a benchmark for multi-objective optimization 
algorithms. In this paper, the algorithm is transplanted to the Automated Orbital Bolt Robot (AOBR) task 
assignment scenario in the railroad context, and the overall flow of NSGA-II algorithm in AOBR task 
assignment is shown in Algorithm 1. 
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Algorithm 1: NSGA-II 

1. Input: parameters: M, N, population size sizeP , crossover probability cP , mutation probability mP , 
maximum number of iterations gen, task coordinate position. 

2. The initial population 0P  was randomly generated with a population size of sizeP . 

3. Calculate the objective function values and constraints for each individual in the population. 

4. IF t<gen then 

5. Non-dominated Sorting (NDS). 

6. Crowding Distance Calculation. 

7. Selection: Use Tournament Selection to select individuals into Parent Population 0Q . 

8. 
Crossover and Mutation: Crossover operation on parent population 0Q   generates offspring 

population 0R ; then mutation operation on offspring population 0R . 

9. Combined population: t t tR P Q=  , population size 2 sizeP  

10. Undominated sorting of the merged population tR  yields multiple undominated fronts 1 2, ,F F . 

11. For the new nondominated frontier 1 2, ,F F  select solutions sequentially starting from 1F . The 
number of dominant selected connections is N. 

12. end if 

13. Identification of new stocks tR  

14. Output: the final population genP  

 

First enter the number of robots M, the number of tasks N, the number of populations sizeP , the crossover 
probability cP  , the mutation probability mP  , and so on. The initial population 0P   was randomly 
generated as defined, with a population size of sizeP  . The offspring population 0R   is generated by 
crossover and mutation operations on the parent population 0Q . Merge parent population tP  and child 
population tQ  to obtain a new population tR . Undominated sorting of the merged population tR  yields 
multiple undominated fronts 1 2, ,F F . Solutions are selected sequentially starting from frontier 1F  until 
the number of selected solutions reaches sizeP . If the last frontier iF  is too much, the individuals with 
large crowding distances are selected based on the ordering of crowding distances. The selected solution 
is used as the new population 1tP+ . The process is repeated until the maximum number of iterations is 
reached, and the non-dominated frontiers in the final population, i.e., the Pareto optimal solution set, are 
output. 
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3.2. Solution representation and coding 

For simplicity, a straightforward solution representation scheme is used. The algorithm takes the form of 
real number encoding, combined with task-ordered encoding and separators for task assignment. 
Assuming that the task of n conservation bolts is assigned to m robots, the solution consists of a vector of 
length 1m n+ − . A solution can be denoted as 1 2( ,0, ,0, 0, )m   = , where ,1 ,2 ,, , ,k k k k nk   = , 

1,2, ,k m= , is the sequence of maintenance tasks for robot kR , with a total of kn  tasks, while 0 serves 
to separate maintenance tasks between neighbouring robots. The representation of the solution gives the 
sequence of maintenance tasks for each robot. 

In each chromosome, the position of the gene indicates the task, and due to the specificity of the 
conservation task, the genes are arranged in a consistent order according to the task arrangement order, 
while the value of the gene corresponds to the number of the multi-robot that performs the task. The 
separator between two neighbouring robots is denoted by 0, and the coding length is 1m n+ −  . The 
coding design chromosome expression is shown in Fig. 3. If 10n = , 3m = , then according to the solution 
expression and coding design, tasks 1-5 are performed by robot 1, tasks 6-8 are performed by robot 2, and 
tasks 9-10 are performed by robot 3. The solution for this example is then expressed as follows: robots 1R , 

2R  , and 3R   perform conservation tasks according to sequences 1 2 3 4 5( , , , , )T T T T T  , 6 7 8( , , )T T T  , and 

9 10( , )T T , respectively. Since the intervals between the task sequences of the individual robots are 0, the 

solution can be expressed as 1 2 3( ,0, ,0, )   =  , where 1 1 2 3 4 5( , , , , )T T T T T =  , 2 6 7 8( , , )T T T =  , 

3 9 10( , )T T = , 1 5n = , 2 3n = , 3 2n = . 
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Fig. 3. Principles of the chromosomal encoding 

3.3. Multi-elite archive maintenance 

A multi-elite archive is a collection used to store the non-dominated obtained in each generation of the 
optimisation process. The archive is used to save the optimal solutions and provide a reference for the 
subsequent iteration process. To enhance the coverage of the algorithm, a multi-elite archive mechanism 
is introduced for recording the non-dominated solutions in each NSGA-II iteration and dynamically 
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updating the archive content to ensure that it can cover a wider range of Pareto frontiers. The proposed 
pseudo-code for multi-elite archive maintenance is shown in Algorithm 2. 

Algorithm 2: Multi-Elite Profile 

1. 
Input: New population tR  , Multi-elite archive A, archive capacity AN  , Maximum archive 

capacity 
AN   

2. Initialising a multi-elite profile A=  . 

3. In the first generation of the algorithm, all non-dominated solutions from the initial population 
are selected to join the archive. 

4. IF t<gen then 

5. Add all non-dominated solutions in the new population tP  to the archive set A. 

6. 
For each solution ix   added to the archive, check that the other solutions in the archive 

dominate ix . 

7. IF ix  Dominated then 

8. ix  Removed from file. 

9. ElseIf 
A AN N   then 

10. Calculation of congestion distance id  

11. Output: Elite Profile A 

 

At the beginning of the algorithm, a multi-elite archive A=   is initialised, and then initial non-
dominated solutions are selected, and in the first generation of the algorithm, all non-dominated solutions 
from the initial population are selected to be added to the archive. For a solution ix  and jx , a solution 

ix  is said to be ix  dominated if it is not inferior to solution jx  on all objectives and is superior to jx  
on at least one objective jx . A non-dominated sort is used to identify the non-dominated solutions, and 
these are added to archive A. The non-dominated solutions are selected from the initial population. During 
each generation of optimisation, the archive needs to be continuously updated with new solutions to 
maintain the optimal set of non-dominated solutions. After each generation of iteration, a new population 

tR  is generated and all the non-dominated solutions in population tR  are added to the archive set A as 
candidate solutions. After adding new solutions, the solutions in the archive may have domination 
relationship with each other, therefore, the dominated solutions need to be removed and the optimal 
solutions are retained for archive cleaning, and at the same time, if the capacity AN  of the archive exceeds 
the maximum capacity 

AN  , some solutions need to be removed from the archive in order to maintain the 
capacity of the archive. The crowding distance of each solution in the archive is calculated, which is used 
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to measure the sparsity of the solution in the target space. Solutions with larger crowding distances indicate 
that they are sparser in the solution space and should be preferred for retention. The solutions in the 
archive are sorted by the crowding distance id , and the solution with the smallest crowding distance is 
preferentially removed to maintain the diversity of solutions. For solution ix , its crowding distance id  
is calculated as shown in equation (19). When selecting individuals from the parent generation in each 
generation, some solutions from the multi-elite archive A can be selected and used to guide the generation 
of the next generation of the population. This can guide the population to approach the Pareto front by 
using the elite solutions in the archive. 

 1 1

max min
1

( ) ( )
( )

M
k i k i

k k k

f x f x
di

f f

+ −

=

−
=

−  (19) 

In Eq. (19), M is the number of objectives; 1( )k if x +   and 1( )k if x −   are the objective values of two 

solutions on objective k in the neighbourhood of solution ix  , respectively; max

kf   and min

kf   are the 
maximum and minimum values of objective k. 

The flowchart of the improved NSGA-II algorithm is shown in Fig. 4. 
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Fig. 4. Flowchart of the improved NSGA-II algorithm 

In this section, the maintenance scenario of track bolts is simulated based on the real day window period 
of the railway. The number of maintenance tasks is set to {30,40,50}n = . Since the track bolts are installed 
on both sides of the track according to the standard assembly, and the spacing between two adjacent bolts 
on the same side is fixed at 0.6 m, the coordinates of the bolts to be maintained are randomly dispersed and 
assigned to meet the real on-site maintenance requirements; the number of maintenance robots is set to 

{3,5,7,10}m = . All the experiments are verified on the MATLAB platform. 
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4. Result discussions 

Based on the track bolt maintenance scenarios during the real sunroof period of the railway, the simulation 
was carried out in MATLAB software. During the simulation, the number of bolt tasks and the number of 
robot equipment that meet the real maintenance requirements were set. After the task allocation is 
completed, the distribution of non-dominated solutions generated by different algorithms in the target 
space is shown in Fig. 5. 

  

(a) 30, 3n m= =  (b) 30, 5n m= =  

  

(c) 30, 7n m= =  (d) 30, 10n m= =  
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(e) 40, 3n m= =  (f) 40, 5n m= =  

  

(g) 40, 7n m= =  (h) 40, 10n m= =  

  

(i) 50, 3n m= =  (j) 50, 5n m= =  
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(k) 50, 7n m= =  (l) 50, 10n m= =  

Fig. 5. The Pareto frontier of both two algorithms 

Figure 5 illustrates 12 plots of the non-dominated frontiers. As can be seen from the figure, the Pareto 
frontiers generated by the improved NSGA-II algorithm are closer to the bottom left corner of the graph, 
indicating that the algorithm is able to dominate the solutions generated by the other compared algorithms 
in most cases. For the problem under study, the improved NSGA-II algorithm is able to find a better set 
of solutions. In order to compare the performance of the different algorithms more objectively, the HV and 
IGD values of the algorithms were calculated and the results are shown in Tables 1 and 2. 

Table 1. The HV value of the algorithm 

n m  
HV 

NSGA-II ESI-NSGA-II 

30 3  0.0306 0.0391 

30 5  0.0593 0.0576 

30 7  0.0681 0.0643 

30 10  0.0193 0.0294 

Mean 0.0443 0.0476 

40 3  0.0206 0.0212 

40 5  0.0264 0.0319 

40 7  0.0233 0.0361 

40 10  0.0113 0.0218 

Mean 0.0204 0.0278 

50 3  0.0109 0.0119 

50 5  0.0361 0.0439 

50 7  0.0794 0.0836 

50 10  0.1035 0.1061 

Mean 0.0575 0.0614 
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Table 2. The IGD value of the algorithm 

n m  
IGD 

NSGA-II ESI-NSGA-II 

30 3  0.0861 0.0563 

30 5  0.0531 0.0439 

30 7  0.0294 0.0216 

30 10  0.1799 0.1137 

Mean 0.0871 0.0589 

40 3  0.3177 0.1362 

40 5  0.1241 0.1633 

40 7  0.0772 0.0525 

40 10  0.0613 0.0319 

Mean 0.1451 0.0960 

50 3  0.0862 0.0793 

50 5  0.0615 0.0594 

50 7  0.0461 0.0327 

50 10  0.0383 0.0267 

Mean 0.0580 0.0495 

We conducted comparative experiments between the two algorithms NSGA-II, ESI-NSGA-II, and each 
algorithm was run independently five times on each test instance. The average HV and IGD values for 
each algorithm under the same number of tasks n and number of robots m are given in Tables 1 and 2. 
From the results in Tables 1 and 2, it can be seen that the improved NSGA-II algorithm outperforms the 
NSGA-II algorithm in terms of average HV and IGD values, and shows better overall performance. In 
order to show the distribution of the solutions of the improved algorithms more intuitively, we plotted the 
average values of each algorithm under the HV and IGD metrics, as shown in Fig. 6. 

  

(a) HV (B) IGD 

Fig. 6. Mean plots of all algorithms 

Figure 6 illustrates the mean HV and IGD values obtained by the two algorithms at 95% confidence 
intervals. It can be seen that the average HV value of the improved NSGA-II algorithm is significantly 
higher than that of the conventional NSGA-II algorithm, while its average IGD value is significantly lower 
than that of the conventional NSGA-II algorithm. The confidence intervals of the improved NSGA-II 
algorithm do not overlap with those for the for the improved NSGA-II algorithm for both HV and IGD 
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values, indicating that the results of this algorithm are significantly different from those of the traditional 
NSGA-II algorithm. Therefore, it can be concluded that the improved NSGA-II algorithm performs more 
superior compared to other algorithms in solving the considered multi-robot task allocation problem. 

5. Conclusions 

In this paper, the railway track Automated Orbital Bolt Robot (AOBR) task allocation problem is 
transformed into a multi-objective optimisation problem, which is solved by the Elite Strategy Improved 
Non-dominated Genetic Algorithm (ESI-NSGA-II). Through the comparative experiments simulating the 
real example of maintenance during the sunroof period, ESI-NSGA-II is able to achieve better allocation 
results with the shortest total distance and the smallest maximum task time, providing the most effective 
solution for the multi-robot task allocation requirements of railway maintenance. In the future research, 
we plan to further improve the performance of the algorithm and try more new methods according to the 
requirements of agricultural multi-robot task allocation scenarios. And add more content that meets the 
requirements of the actual scene. 
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