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Abstract - With the development of science and technology,
many complex problems cannot be completed efficiently by a
single robot and require multiple robots to work together. For
complex task scenarios with multiple robots, the multi-robot task
allocation problem is the key to coordinating robots to work
efficiently. In this paper, for the application scenario of multi-
robot collaborative inspection task allocation, the task allocation
problem is first mathematically modelled using the multi-robot
problem model, and simulations based on the resource balance
search algorithm and the genetic population intelligence
algorithm are applied respectively. Incorporating constraints in
the population intelligence genetic algorithm, which transforms
robot power constraints into distance constraints for research,
allows for targeted simulation solutions for practical multi-robot
collaborative detection. The results show that the genetic
algorithm based on population intelligence can solve the problem
well and minimise the total cost of multi-ball robot clustering,
enhance the optimised search capability of the algorithm, improve
the rationality of multi-robot task allocation and increase the
efficiency of task completion.

Index Terms - Resource balancing search algorithm, genetic
algorithms, Task allocation Multi-robot collaboration

I. INTRODUCTION

Multi-spherical robotic systems can work in different
complex or uncertain environments and are widely used to
perform a variety of military tasks, including in the areas of
security patrols, target search, area detection and more. Multi-
robot collaboration can increase mission efficiency compared
to single robots. Coordinating multiple robots so that they can
cooperate efficiently with each other has become a hot topic in
robotics research, and is an important way to improve the
effectiveness of combat command and the efficiency of
mission execution [1].The core problem of multi-robot systems
is to ensure that the robots in the system are safer and more
stable than a single robot system, which depends on the ability
of each robot in the system to achieve high-quality cooperation
and form a unified action. Therefore, it is important to allocate
effective mission planning to multi-robot systems. When the
amount of suspicious targets in the collaborative detection area
is large, the strategy of each machine in the system takes
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measures to ensure that the multi-robot collaboration is
completed with maximum efficiency. The task allocation
problem is a class of combinatorial optimisation problems, and
solving the task allocation problem can be divided into
mathematical modelling and optimisation algorithms. The
multi-robot collaborative detection problem is similar to the
MTSP problem [2]. Firstly, the MTSP model is used to model
the multi-robot task allocation. Although resource balancing
search algorithm has a simple structure and balanced allocation
for complex tasks, the algorithm has a tedious computational
process, and when the number of probes increases, the ability
to find the best is slow and the efficiency of performing the task
is low.

Researchers at home and abroad have increasingly
addressed the multi-robot task allocation problem. ZITOUNI
[25] proposed a distributed method for solving the multi-robot
task allocation problem in the field of UAV search and rescue
with the goal of achieving the maximum number of survivors
as well as the minimum completion time, which outperformed
other algorithms in terms of maximum completion time, travel
distance and exchange of information. In the literature [26] et
al. propose a distribution method based on a resource balancing
search algorithm for the problems caused by uneven task
distribution in multi-robot systems. The method effectively
solves the problem of uniform allocation of goals to each robot.
The completion time of the multi-robot task allocation problem
was shortened. The literature [27] models the multi-robot task
allocation problem as a multi-traveler problem and proposes a
market-based multirobot task allocation method that enables
optimal allocation of multiple heterogeneous robots to multiple
heterogeneous tasks.

In contrast to resource balancing search algorithm,
population-based intelligent genetic algorithms search multiple
regions in the solution space simultaneously through crossover
variation. The algorithm has a simple structure, low
computational effort, and can effectively achieve the shortest
path for multiple robots to efficiently detect a random amount
number of suspicious targets in a region and obtains [3]. Finally,
it can improve the rationality of robot task allocation, the



minimum total robot cost with the minimum number of
iterations, and the efficiency of effective multi-robot
collaborative exploration.

The second part focuses on the laboratory multi-sphere
robotic platform and its topology. The third part presents a
model for the multi-robot collaborative exploration task
allocation problem. The fourth part presents resource balancing
search algorithm and analyses it in simulation. The fifth section
introduces the use of population intelligence based genetic
algorithm and performs simulation analysis. The simulation
results show that the population intelligence genetic algorithm
is more reasonable for solving the multi-robot collaborative
task allocation problem and reduces the total cost consumed by
the robotic exploration task.

II. THE PLATFORM OF SPHERE MULTI-ROBOT

The spherical multi-robot collaborative control system is
shown in Figure 1. The multi-sphere robot is assembled from a
number of individual modules. The individual robot consists of
several main parts, the upper part consists of a waterproof
sphere housing, acrylic board, Raspberry Pi, Arduino Mega
2560 control board, servo driver board, motor driver board,
LIDAR, MPU and power supply module, and the lower part
consists of a level switch, two wheels and four sets of drivers.
The multi-robot collaborative control structure in this paper
uses a centralised topology [4]. Each slave robot receives
commands sent from the master robot, and after receiving the
commands from the master robot, the slave robot groups
perform different tasks. Communication between robots is
important to perform important tasks, and in low signal-to-
noise conditions, multiple spherical robots communicate with
each other using the XBee communication module, which uses
the ZigBee communication protocol to connect one device to
the others. The structural composition of the spherical multi-
robot communication system consists of a spherical master
robot part and a spherical sub-robot part, where the spherical
master robot is used to coordinate the entire spherical multi-
robot network acting as a leader [23]. The spherical master
robot sends control information to the wireless communication
module and multiple sub-robots act as followers to receive
commands and execute them simultaneously. Each spherical
sub-robot is designed to execute a movement program upon
receiving a command from the spherical master robot. Upon
receiving a control command, the spherical robots perform
their respective detection tasks, and upon completion of the
detection, the data can be transmitted to the spherical master
robot via the wireless communication module. For complex
tasks, such as collaborative detection, the single-robot mode of
operation is inefficient and multiple robots working together to
complete the task can effectively improve mission efficiency
[5]- Co-operative robotic exploration is the simultaneous
exploration of an area by multiple robots, with multiple robots
departing at the same time to complete the exploration task
efficiently. In a real-world environment, spherical robots will
be limited by their own capabilities, detection task time and
other constraints, and using limited resources to complete the
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task efficiently requires reasonable and effective mission

planning based on the spherical robot.
Leader robot

Follower 3 robot

Follower 1 robot Follower 2 robot

Fig. 1 The structure of spherical multi-robot cooperative control
III. TASK ASSIGNMENT OF SPHERE MULTI-ROBOT

A. Analysis of task allocation issues

Cooperative multi-robot detection task allocation is a
problem of optimal combination. At the heart of this problem
is the solution of how to improve efficiency by spending the
least amount of money on robots to complete the task. The idea
is to work with single or multiple robots in parallel to find the
shortest path in the shortest possible time [6].

A detection site is divided into a detection area, there is a
total of a area to be detected, and there are b detection robots
(a>b) with the required detection target wi for each area; ( i
denotes the i-th area), and the capacity of each robot to detect
the area per unit time is set as its work efficiency as Q[14]. The
objective of task allocation is to allocate this a area to these b
detection robots in a reasonable manner in order to the total
completion time is minimised.

In real-world environmental detection, the number of task
targets is much larger than the number of robots, so when
performing collaborative task allocation, each robot is required
to perform multiple target tasks; all tasks should be assigned to
robots; and each task should be performed by only one robot.

B. Mathematical modelling of task allocation problems

A probe site is divided into a number of areas, and the number
of targets in each area is w. The efficiency of the b spherical
robots is Qx, so that the total time spent by the b robots is
minimized[7].

The decision variable X=(x1,x2,x3......xa), the region explored
by the kth robot is i, xi=k, the amount of targets contained in
the corresponding region is wix plus The total amount of targets

that can be detected by the kth robot is: ),; W;j The time used
by the kth robot to detect the regionis k=1,2,3 ...... b:
Tk yx; =k (1)

Z.
fi(X) = ;2—
K
Type (1): Qkis the robotic detection efficiency, W), is the
amount of suspicious targets in the region [15].



The mathematical model for the objective function of the
multi-sphere  robot collaborative exploration allocation
problem is represented as follows[8]:

min(max(f; (X)) @)
Type (2): fi (X)is the kth robotic detection efficiency

Where the distance of robot i from the start point to task j
can be expressed as:

1
dy =((pl, = p,.) +(PL, - p;,)" )P 3)
Type (3): pix p;y is the horizontal and vertical coordinates of

robot i on the x- and y-axes respectively[16]; p, . p,, is the

horizontal and vertical coordinates of task j on the x and y axes
respectively[9].

Based on the coordinates of the robot's arrival at the task
point, the distance travelled by the robot can be obtained and
the power consumption during the respective execution can be
calculated [10]. It is required that all power elements of the
robot should be higher than the power consumed after
completing any task to ensure the safety of the robot itself.

IV. ANALYSIS BASED ON RESOURCE BALANCING
ALGORITHMS

The resource balancing search algorithm aims to identify
the distribution of random suspicious target points in a region
and distribute the amount of suspicious targets in the region
evenly to each robot according to the number of robots
performing the task [11], so that each robot receives the task
and one robot visits multiple target points, each visited by a
robot.

A. Analysis of task allocation issues

This experiment simulates the application scenario of
multi-robot collaborative area detection, and chooses to
conduct a simulation test in a 10*¥10 area [20]. Four robots will
be sent for collaborative detection task assignment, and the
suspicious target volume in the area is randomly distributed,
and the number of suspicious targets in the area is set to 20,40
respectively. The distribution of suspicious target points in the
area is shown in Figure 2 and Figure 3
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Fig. 2 Map of the 20 suspicious target sites
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Fig. 3 Map of the 40 suspicious target sites

The above diagram shows two different distributions of
different numbers of suspicious target points in the same 10¥10
area, with both horizontal and vertical coordinates indicating
distances in m.

B. Results of the resource balancing search algorithm

The number of suspicious targets in the area was
simulated in MATLAB software using the resource balancing
search algorithm [17]. When the number of suspicious targets
in the region is 20, the simulation results of the resource
balancing search algorithm task allocation graph are shown in
Figure 4.
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Fig. 4 Resource balancing search algorithm task allocation diagram

Through simulation experiments, the blue line represents
the path track by robot 1, the red line represents the path
travelled by robot 2, the yellow line represents the path
travelled by robot 3 and the purple line represents the route
travelled by robot 4.1t was found that when the suspicious
target point in the area is 20, the area detection task is assigned
out using the resource balancing search algorithm simulation
and the total cost of the robot is 80.71, and the optimal solution
is found at iteration number 5041.

In a 10*10 region with a suspicious target volume of 40,
resource balancing search algorithm was used for the solution



of the task assignment and the simulation results are shown in
Figure 5.
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Fig. 5 Resource balancing search algorithm task allocation diagram

The simulation plot shows that when the suspicious target
point in the region is 40, the total cost of the robot at this point
is 143.16, and the optimal solution is found at an iteration
number of 16624. The simulation plots show that the
suspicious target points in the area are effectively and evenly
distributed, with complex results as the number of suspicious
targets increases.

V. ANALYSIS BASED ON POPULATION INTELLIGENCE
GENETIC ALGORITHMS

Population Intelligent Genetic Algorithms simulate the
principles of genetic evolution of organisms in their natural
environment by taking all individuals in a population and using
randomisation techniques to guide an efficient search of an
encoded parameter space. First, an initial population is
generated and coded to initialise the parameters [22]. Next, in
order to find the best individuals better suited to the
environment, the fitness of all individuals in the population is
calculated, those with low fitness are eliminated and those left
behind are subjected to replication, crossover and mutation
operations, resulting in a new generation as the population
continues to reproduce and select, a feasible optimal route is
eventually found [12]. When all populations have completed
the above operations, it is judged whether the termination
condition has been reached and the current optimal individual
is output, which is the optimal solution of the algorithm [18§].
Each individual in the population is represented by a
chromosome to indicate the order of visiting cities, the
chromosome is represented by a string of numbers to indicate
the number and order of visiting cities, and the quality of the
chromosome is evaluated by the fitness function [19]. The
quality of chromosomes is evaluated by the fitness function
[13]. In this experiment, the suspect target parameters were set
to 20 and 40, the variance probability was set to 0.005 and the
crossover probability was set to 0.75.

The Population-based intelligent genetic algorithm flow
chart is shown in Figure 6.
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Fig. 6 Population-based intelligent genetic algorithm flow chart

We used the same 10*10 area for suspicious target point
search and simulated the analysis using the population
intelligence genetic algorithm. A simulation of the task
assignment for a randomly distributed area with 20 suspicious
target points is shown in Figure 7.
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Fig. 7 Genetic algorithm task allocation diagram

The simulation analysis shows that the total cost of the
robot is 62.48 at this point when the regional suspect target is
20, and the optimal solution is found at the 28 1st iteration. 20,
and the optimal solution is found at the 281st iteration. The 4
different coloured lines in the diagram above represent the
trajectory of each of the 4 robots. It can be seen that the paths
are shortened and the crossings are reduced compared to
resource balancing search algorithm search algorithm.

When the suspect target parameter is set to 40, the
simulation is carried out using a population intelligence based
genetic algorithm as shown in Figure 8.



totaIDistance = 75.2369, Iteration =1549
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Fig. 8 Genetic algorithm task allocation diagram

The simulation plot shows that when the suspicious target
point in the region is 40, the total cost of the robot at this point
is 75.24, and the optimal solution is found at an iteration
number of 1549. The simulation diagram shows that suspicious
targets in the area are effectively searched and the robot's
exploration route is optimized.

VI. THE DATA ANALYSIS OF THE ALGORITHMS

Simulation analysis of the two algorithms revealed that
the population intelligent genetic algorithm is effective for the
multi-robot collaborative detection task allocation problem
[21], and the larger the amount number of targets that need to
be detected, the more obvious the advantage of the population
intelligent genetic algorithm. Simulation results for the
resource balancing search algorithm and the population
intelligent genetic algorithm are integrated in Tables 1 and 2 to

allow a more intuitive comparison of the two algorithms.
TABLE |
COMPARISON OF ALGORITHMS WITH A REGIONAL SUSPICIOUS TARGET
VOLUME OF 20

Type of algorithm Total robot cost Number of iterations
Resource balapcmg 30.71 5041
search algorithm
Populat}on 1nte}llgent 62.48 281
genetic algorithm
TABLE 11
COMPARISON OF ALGORITHMS WITH A REGIONAL SUSPICIOUS TARGET
VOLUME OF 40
Type of algorithm Total robot cost Number of iterations
Resource balqncmg 143 16 16624
search algorithm
Population intelligent 75.24 1549

genetic algorithm

From table 1 and table 2, the population intelligence
genetic algorithm has an advantage over the resource balancing
search algorithm in solving the multi-robot collaborative
detection task allocation problem. In addition, the number of
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iterations of the population intelligent genetic algorithm is less
than that of the resource balancing search algorithm [24]. When
the number of suspicious targets in the region was 20, the
population intelligence genetic algorithm improved by 22.6%
over the resource balancing search algorithm, while when the
number of suspicious targets in the region was 40, the
population intelligence genetic algorithm improved by 47.4%
over the resource balancing search algorithm. This means that
as the number of suspicious targets in the region increases, the
population intelligence genetic algorithm has clear advantages.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, a mathematical model of multi-robot
collaborative detection task allocation, converts robot power
constraints into distance constraints for research, and compares
the resource balance-based genetic population-based
intelligent search algorithm through MATLAB simulations.
Through simulation analysis and performance index
comparison, it was found that the population-based intelligent
genetic algorithm has stronger search capability, is less likely
to be trapped in a local optimal solution, can effectively shorten
the robot search path and reduce the total robot cost. In a
comprehensive analysis, the population-based intelligent
genetic algorithm is more effective in solving the task
allocation problem of multiple robots than the resource
balance-based search algorithm. Finally, the group's self-
developed multi-sphere robot was tested, and the results fully
validated the feasibility of the algorithm in practical
engineering, effectively improving the search capability of the
robot and reducing the total cost.

Future research will continue to expand the study of
practical application scenarios, using distributed structures,
integrating various factors, performing more complex
mathematical modelling of the robot, and continuing to
improve the existing population intelligence genetic algorithm.
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