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Abstract

To address the limitations of the slime mould algorithm (SMA) in power
operation robot path planning, such as long path lengths, excessive search
time, and uneven paths, this paper proposed an improved SMA, which called
as ISMA. Firstly, P’WLCM chaotic mapping is utilized to generate the pop-
ulation, enhancing its heterogeneity. Next, an adaptive mutually beneficial
symbiosis strategy is introduced to refine the slime mould’s location update
process, balancing global search and local exploitation. Finally, a convex
lens imaging strategy is adopted to improve position updates, helping the
algorithm escape local optima. When evaluating path length, operation time,
and safety rate, the proposed ISMA outperforms both the ACO and classical
SMA by achieving shorter path lengths and fewer collisions.

Keywords: PWLCM chaotic mapping, adaptive mutually beneficial sym-
biosis strategy, convex lens imaging strategy, power operation robot, path
planning.
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1 Introduction

With the increasing demand for electricity in modern society, the scale and
complexity of power system are expanding, and the operation and mainte-
nance of power facilities are facing unprecedented challenges. Especially in
high-risk operations such as power inspection, equipment maintenance and
fault diagnosis, traditional manual operation fails to ensure high efficiency,
safety and accuracy. Therefore, intelligent electric power operation robot
came into being, which has become an important technology to improve
the automation level of power system, ensure operation safety and improve
operation efficiency. Electric robot can perform high-risk tasks such as
inspection, maintenance and fault detection instead of manual work under
high pressure, high temperature and bad weather conditions. Its wide applica-
tion not only significantly reduces manual intervention and the risk of power
accidents, but also improves the accuracy and efficiency of inspection and
maintenance. However, when performing tasks, electric robots often need to
walk flexibly in complex environments, which requires relying on accurate,
efficient and safe path planning algorithms to provide reliable travel routes for
robots.

Path planning is a core problem in robot intelligence, which involves how
to avoid obstacles, reduce energy consumption, avoid collision with other
equipment and finally reach the target point in uncertain environment. In the
application scene of electric robot, the dynamic change of environment, the
complex layout of obstacles, energy consumption and other issues make path
planning particularly complicated. As a result, designing an efficient method
is a key technique in electric robot research.

In the field of electric robots, path planning realizes obstacle avoidance
and efficient operation of robots. Traditional methods, including Dijkstra [1],
A* [2], PRM [3] and RRT [4], are widely used in power inspection, main-
tenance, equipment inspection and other tasks of electric robots, especially
in the static environment, the complete path can be found quickly and effec-
tively. However, the limitations of these traditional algorithms are gradually
exposed, especially in the complex and dynamic power operation environ-
ment, they may not meet the requirements of high efficiency, real-time and
security. Therefore, in view of the shortcomings of traditional algorithms,
many researchers began to explore new methods and technologies to meet
the challenges in complex electric power working environment.

Recently, the introduction of heuristic group intelligent optimization
algorithm provides a new solution for path planning, which can perceive
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environmental information in real time and dynamically adjust path planning
strategy, thus adapting to the changes of complex environment. At the same
time, artificial intelligence algorithm can comprehensively consider multiple
objectives, such as shortest path, obstacle avoidance effect and calculation
time, and optimize the path planning effect, especially in complex power
operation environment, which can greatly enhance operational efficiency and
safety. The application of optimization method provides an improvement
direction for traditional path planning methods, such as the PSO, ACO
and slime mould algorithm (SMA). Through multi-objective optimization,
these algorithms can not only solve the shortest path problem, but also
comprehensively consider many factors including path smoothness, opera-
tion consumption. The optimization methods can provide more reasonable
path planning under complex constraints in power operation environment,
especially suitable for finding the optimal path in a large-scale search space.

Slime mould algorithm is a novel approach [5], which is developed by
the characteristic of slime moulds when looking for food sources, and can
construct an optimized path or network structure in a complex environment
through self-organization to find the shortest path. SMA, with its simple
calculations, is employed in function optimization and other fields. However,
SMA also has some shortcomings, including a tendency to get stuck in local
optima, which leads to its inability to find the global optimal path in complex
search space. Therefore, based on prior research, this paper proposes a new
SMA variant method (ISMA). By using a variety of advanced strategies to
improve SMA and apply it to the path planning of electric robot, the working
time of electric robot is effectively shortened and its working efficiency is
improved.

The primary contributions of this paper include:

1. The ISMA is innovatively proposed to solve the path planning problem
of the power operation robot.

2. PWLCM chaotic mapping method is used to initialize the slime mould
population and improve the quality of the initial solution of the algo-
rithm.

3. An adaptive mutually beneficial symbiosis strategy is proposed to
improve the slime mould location during the wrap food phase, and
balance the global search and local excavation capabilities.

4. Convex lens imaging strategy is employed to modify the slime mould
location during the grabble food phase, and enhance the capability for
escaping local optima.
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2 Related Work

When performing patrol inspection, maintenance, installation and other tasks,
electric robot usually needs accurate guidance in complex power facilities.
Therefore, researchers have conducted extensive research on the traditional
algorithms to address the path planning challenges of electric robot. Luo
et al. [6] put forward a modified Dijkstra, which is modeled by triangles,
By solving the optimal path channel, the shortest route among all the optimal
paths can be obtained, which improves the routing accuracy. Wang et al. [7]
present an improved path planning algorithm based on Dijkstra incorporating
odometer sensors, which combines the statistical characteristics of dead
reckoning positioning error, and distributes the path points evenly in the
search space. Lin et al. [8] put forward an optimized A-star, which aims
to provide shorter and less inflection points for field disaster relief tasks on
unstructured roads. By setting redundant safety spaces, impassable narrow
roads are eliminated, thus avoiding collisions between vehicles. Adopting the
safe corridor method to optimize the driving path and reduce repeated inspec-
tion and correction, thus saving calculation time, which can plan a shorter
and smoother route and effectively prevent collisions between vehicles and
obstacles.

With the aim of improving the application effect of unmanned surface
vehicle in marine environmental monitoring, Zhang et al. [9] present an
improved A-star, using a grid-based environment model, and incorporating
two-way search and optimized node traversal, which enhances the path
planning efficiency, resulting in fewer inflection points and crossing nodes.
Thus ensuring a high success rate, fast planning, dynamic obstacle avoidance
and shortest path, Liu et al. [10] proposed an improved method based on hier-
archical planning. By introducing D algorithm into the network construction
and planning process of PRM, the performance of PRM in dynamic obstacle
avoidance was improved. The experimental results show that the proposed
PRM-D method is superior to other methods in time efficiency of static
and dynamic planning when simulating on maps with different complexity,
and can successfully complete navigation tasks in actual scenes. For the
purpose of solving the problems of PRM algorithm, Li et al. [11] introduced a
strategy to enhance road map construction efficiency, resulting in a path that
better aligns with vehicle driving requirements. Then, the improved PRM
algorithm shows significant advantages in road map construction speed, path
planning efficiency and path length, which verifies its effectiveness and cor-
rectness. To overcome the limitations of memory and time consumption, Chi
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et al. [12] proposed NRRT*, where the A-Star generates the model to guide
the sampling process, and simulations demonstrate that NRRT* reduces time
cost and memory usage through non-uniform sampling, achieving better
performance across various scenarios. Qi et al. [13] proposed MOD-RRT#*,
along with an initial path optimization method that enables re-planning when
the path becomes infeasible. By quickly selecting the best path from multiple
candidate nodes, taking into account the path length and smoothness, a higher
quality initial path can be generated and unknown obstacles can be effectively
avoided.

In recent years, swarm intelligence optimization algorithm has been
widely applied, showing unique advantages in solving complex optimization
problems, and with the increasingly complex scenarios, the role of swarm
intelligence algorithm has become increasingly indispensable. In order to
solve the problem that it is difficult for ant colony optimization algorithm to
balance efficiency and optimization effect between distance heuristic function
and transfer function, Chen et al. [14] proposed enhanced ACO, where agents
plan their paths based on odor signals. The test results on a variety of complex
maps show that the algorithm performs well in path discovery quality and
convergence speed, and can maintain excellent performance even in high-
resolution grid environment. Cai et al. [15] introduced an improved ACO
that integrates the firefly algorithm to optimize the heuristic function. The
experimental results show that the improved algorithm effectively shortens
the path planning time and reduces the average path length, showing good
performance. For the purpose of solving the path planning problem of
autonomous mobile robot in static and dynamic environment, Fatin et al. [16]
proposed an improved particle swarm optimization (PSO-MFB), which can
detect and correct infeasible points and convert them into feasible solutions
by optimizing the path, minimizing the distance and ensuring the smooth
path. At the same time, this method has the function of obstacle detection and
avoidance, which effectively avoids collision with obstacles and overcomes
the limitations of the traditional grid method. Marcus et al. [17] present opti-
mized genetic algorithm, which considered the influence of texture changes in
the environment on energy demand. By introducing specific genetic operators
and active search algorithm, the bypass path of each obstacle was calculated
in the preparation stage, and the results were used to optimize the final path,
which finally proved the effectiveness and applicability of the method. So
as to solve the problems of uncertainty and lack of transparency caused
by battery capacity limitation, Christian et al. [18] introduced an energy
management model, which aims to generate an optimized path, minimize
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energy consumption, and consider the influence of obstacles, and at the same
time, it can accurately predict energy and time requirements and effectively
improve resource utilization efficiency.

3 Classical SMA Method

Slime mould algorithm is a random optimization method, which simulates
the three stages of slime mould food search process. The slime mould wave
model, based on bio-oscillators, seeks optimal solutions by adjusting weights,
thereby selecting different updating strategies. However, the updating process
based on random search leads to poor population diversity. Then, the selec-
tion of random individuals may cause the algorithm to converge to a local
optimum.

3.1 Approach Food

When conditions are met, the search weight is relatively large, so it will turn
to other areas for exploration, which is expressed as follows:

Xb(t) + - (XA(t) — XB(t)), r<p
X(t+1)—{ W X(0) > p (1)

Where, X},(t) stands for the best position currently obtained. 14, and v,
represent the control coefficient that linearly decreases from 1 to 0. other
areas for exploration.

W, = [—a,al;

a = arctanh (1 — (t t >> ; ()

p=tanh|S(i) —Fpl|, i € 1,2,..., N,

Where, v}, represent the control coefficient. p stands for selector switch.
F,—-S(

1+7-log (H + 1) , condition,

W (Smel(i)) = 3)

Fo_ S(;
1—r-log <m+1>,others
b— Lfw
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Where, W(Smel(i); indicates the weight coefficient. By sorting the
fitness values, it is expressed by the formula as follows:

Smel = sort (.5) 4)

Where, sort (S) stands for the ranking function of population fitness value.

3.2 Wrap Food
The wrap food stage is a quality adjustment method, where the search weight
of this area is redistributed to other areas, and its location update strategy is
expressed as follows:
R-(By—B1)+ B1,R < z
X =9 Xp(t) + - (Xa(t) = Xp(1),r <p; (5)
Wve- X(t),r>p
Where, R € [0, 1] represents the random value. z stands for switching

probability, which determines whether SMA explores other food sources or
searches around the best individual.

3.3 Grabble Food

In the grabble stage, surrounding food randomly floats towards [—a, a] and
gradually decreases with each iteration, eventually reaching 0. The position
update in the grabble stage is given by the following formula:

XzEJ = 0 x rand(lb; + ub;) — XzEJ ©)

Where, XZE]- represents the optimized position of slime mould in the
grabble stage. ¢ represents the weight coefficient.

4 Improved SMA Method
4.1 PWLCM Chaotic Mapping

SMA generates the initial population in a random way within the set position
lower boundary and upper boundary, which may result in poor unifor-
mity distribution, causing premature convergence. Unlike pseudo-random
number generation, chaotic mapping produces chaos, combining ergodic-
ity, randomness, and regularity. Combining with chaotic mapping sequence
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for population initialization, more uniform population distribution can be
obtained, population diversity can be improved.

At present, Logistic, Tent, PWLCM and other chaotic mapping mecha-
nisms are commonly used. However, Logistic chaotic mapping has obvious
insufficient distribution and uniformity, which is easy to reduce the opti-
mization accuracy of the algorithm. Although Tent chaotic mapping is more
ergodic than Logistic chaotic mapping, it has the characteristics of small
period and fixed point, which will make some individuals fall into the fixed
point period and make the mapping sequence tend to be stable, thus leading
to the loss of randomness. In contrast, PWLCM chaotic mapping [19] is a
kind of Piewise chaotic mapping model with good overall performance for
the sequence of the machine. It is essentially a Piecewise mapping function
with the initial position as the piecewise index, which is more stable than
Logistic and Tent chaotic mapping, and basically consistent with Tent chaotic
mapping in uniformity. The initial population individual distribution can
cover the search space to the greatest extent, and prevent stagnation during
algorithm iteration. In this paper, the improved SMA incorporates PWLCM
chaotic mapping to initialize the population, as expressed below:

x(t)

— 0<z(t)<d
at) =d d < a(t) < 0.5
0.5—d
z(t+1) = ®—d (7
1—2() —
et S 5 < _
0E—d 05<z(t)<1l-d
1_733(15)7 1—d<az(t) <1
( d

Where, x(t 4+ 1) is a chaotic sequence generated by PWLCM chaotic
mapping. z(t) is the random location of chaotic mapping. d € [0,0.5] is
the subsection control coefficient, and when d = 0.3, the chaotic sequence
has better ergodicity. The chaotic sequence is generated by PWLCM chaotic
mapping, and the initial position of slime mould population is calculated,
which is expressed by the following formula:

Z(t+1)=1b+z(t+1)(ub—1b) (8)

Where, 2/(t 4+ 1) is the optimized individual position of slime mould
population. [b is the upper bound of slime mould population, and ub is the
lower bound of slime mould population.
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4.2 Mutually Beneficial Symbiosis

The randomly selected slime mould location update is random, which may
lead to blind search and reduce the optimization accuracy. The location updat-
ing method of mutually beneficial symbiosis algorithm [20] after interaction
are expressed as follows:

XV = X+ 1 (Xpest — Rmv - bf1)
X7 = Xj+ 1 (Xpest — Rmv - 0f2) )
Ray = (X; + Xj)/2

Where, X}t is the optimal individual. bf; and bfs are interest factors,
and the choice of 1 or 2 indicates that it may benefit partially or completely.
Ryrv represents the interaction.

Considering that there is a strong knowledge exchange between two indi-
viduals in the mutually beneficial stage of SOS, this paper will interact with
the current individual and randomly selected individuals, and add the best
slime mold to guide the search. On this basis, the inertia weight is introduced,
and an improved search strategy in the exploration stage is proposed, which
is expressed as follows:

X(t) —w - Tl(Xb(t) — RMV X bf), q~0.5
(Xp(t) — Xm(t)) —rg - ra(ub—1b),q < 0.5 (10)
Ryvy = (X () + Xand(2))/2

Where, X;.,q(t) is a randomly selected slime mould position. bf is the
benefit factor. w is the inertia weight, which is defined by the following

formula:
3
2t
W = Wiin + (Wmax — Wmin) X €Xp (— <T> ) (11)

When wy,iy = 0.4 and wyax = 1.2, the test effect of the algorithm is the
best.

According to the formula, the improved optimal position X3 () of slime
mould moves to the vicinity of the current position guided by the interaction
Ryrv. Through the interaction and the guidance of the optimal slime mould,
the information exchange between individuals and other individuals is more
abundant, and slime mould will explore the global optimal position according
to the collected information in the exploration stage, thus avoiding the blind
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Figure 1 Convex lens imaging schematic.

search caused by random selection. The nonlinear decreasing inertia factor
enables the algorithm to search in a wide range in the early stage of explo-
ration, narrow the search range in the late stage of exploration, and accelerate
the convergence speed.

4.3 Convex Lens Imaging

To enhance search performance, the convex lens imaging inversion strategy
is employed to update the target [21]. The principle is that there is a point P
with height A in space, which is X after X-axis mapping and is regarded as
the global optimum. A convex lens with center O and focal length F' is placed
in the center, and the point P is mapped by convex lens to get a point P* with
height h, then the mapped individual X ™ is generated, and the principle of
convex lens imaging is shown in Figure 1.

Furthermore, to maximize the effectiveness of the convex lens inversion
strategy, the step size is increased and the foraging search range is expanded
during the initial iterations, thereby improving performance and accelerating
the process, which is expressed as follows:

Qg = Cos [g X (1 + 14t—T>} (12)

It is introduced to disturb the feeding slime mould population, so as to
enhance the population diversity and improve the possibility of the algorithm
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jumping out of the local optimum, which is expressed as follows:

pr— %Y j T 0 L
J > ok

Where, P; is the component of the current individual in the j-th
dimension.

P is the inverse solution. k is the corresponding proportional relationship
between objects and images. Finally, a probability selection strategy of target
location update is developed. When the target random value P; exceeds 0.5,
it is used to update the slime mould location, which is expressed as follows:

( £\ 10
P, = —exp <1—T>

P = ag x Pl +Cy x (P = LfY) + Cy x (PL = U %), Py < 0.5

(13)

Lb b Lb b Pt
f +Uf + f +Uf _ gbeSt,PSZO.5

pitl =
¢ 2 2k k

(14)

Where, C is a random number conforming to Gaussian distribution. Co
is a random vector. P;b .t 18 the current global optimal value.

5 Simulation Experiments
5.1 Scenes Design

Two working maps are designed to validate its effectiveness, and all methods
in this simulation experiment are carried out under the same conditions, and
ACO algorithm, traditional SMA and ISMA are utilized to plan the routes. In
the simulation experiment of this paper, the population size is set to 50, with
400 iterations. The two working maps designed are described in Figure 2.

Where, the scale of the two working map is 20 m x 20 m, the white area
represents the feasible area, and the deep blue area represents the obstacles.
The starting coordinates of the power operation robot are (1, 1) and the ending
coordinates are (20,20).

5.2 Comparison Results

Path planning of power operation robot is a key aspect to ensure its efficiency
and safety during deployment, and plays a key role in determining the most
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Figure 2 Two working maps: (a) working map 1; (b) working map 2.
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Figure 3 Results of the algorithms in working map 1: (a) ACO; (b) SMA; (c) ISMA.

efficient and effective route for the robot, avoiding obstacles and reducing
machine wear. Therefore, in this paper, simulation experiments are carried out
in different working maps, and the ACO and traditional SMA are selected for
comparative simulation experiments to validate its effectiveness. In working
map 1, the ACO, traditional SMA and proposed ISMA are used to plan the
path of power operation robot, and the results are depicted in Figure 3.

The ACO and traditional SMA are selected to compare with the pro-
posed ISMA for experimental analysis of convergence curves. Through
repeated experiments on these algorithms in the same test environment, the
performance of path planning in each iteration is recorded, as drawn in
Figure 4.

As can be seen from the figure, when the three algorithms plan the path
of the power operation robot in the working map 1, the proposed ISMA
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Figure 4 Convergence curves of ACO, SMA, and ISMA on working map 1.

can quickly find a relatively good path solution in the initial stage, showing
a faster convergence speed. In addition, the proposed ISMA can avoid the
local optimal solution more effectively through the improvement of PMLCM
chaotic mapping, mutually beneficial symbiosis strategy and convex lens
imaging in subsequent iterations. Therefore, the convergence accuracy of
proposed ISMA is high, and the final optimized path length is obviously
better than the ACO and traditional SMA.

To further validate its generalization, the path planning of power oper-
ation robot is carried out in the working map 2. Obviously, the working
map 2 is more complicated than working map 1, and contains more dynamic
obstacles and irregular terrain, which makes the task of path planning more
challenging. In such environments, traditional path planning algorithms often
struggle, as they may get trapped in local optima, leading to inefficiency and
poor robustness in handling complex obstacles. Then, the ACO, traditional
SMA and the proposed ISMA is utilized to plan operation path in the working
map 2, which are shown in Figure 5.

As can be seen from the figure, the proposed ISMA effectively reduces the
total path length of the power operation robot in the working map 2 through
intelligent search and optimization strategy, which means that the robot can
complete the task in a short time, thus improving the work efficiency. In
addition, the proposed ISMA reduces turning points, enhancing the path’s
smoothness and stability.

To better assess its convergence and clearly observe the convergence
rates and optimization effects, then the experimental analysis of convergence
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Figure 5 Results of the algorithms in working map 2: (a) ACO; (b) SMA; (c) ISMA.
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Figure 6 Convergence curves of ACO, SMA, and ISMA on working map 2.

curves with ACO and SMA is carried out in working map 2. After repeated
iterations under the same environmental conditions, the path optimization
results after each iteration are drawn, and the convergence curves of three
algorithms are formed in Figure 6.

When three algorithms plan operation path in the working map 2, the
proposed ISMA can quickly identify a more reasonable path area, which can
effectively avoid the trouble. With iterations, ISMA gradually converges and
maintains high accuracy, and its optimization effect is obviously better than
the ACO and SMA.

To highlights the advantages of the proposed ISMA in path planning,
comparing the results of ACO, SMA and ISMA in working map 1 and
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Table 1 Performance comparison of related algorithms

Metrices
Working Map 1 Working Map 2
Route Operation  Safety Route Operation  Safety
Algorithms  Length(m) Time(s) Rate(%) Length(m) Time(s) Rate(%)
ACO 32.47 17.28 49.52 36.26 19.18 57.59
SMA 30.53 12.87 57.14 33.21 15.64 60.14
ISMA 27.28 7.24 78.68 28.67 8.83 81.36

working map 2, and comprehensively evaluates their performance in multiple
indicators. By summarizing these data, we can more intuitively understand
the differences between the three algorithms in actual path planning. Specifi-
cally, the planning results of the three algorithms in several key performance
indicators such as path length, operation time and path safety rate are
illustrated in Table 1.

Compared to the traditional SMA, the path planning length of the pro-
posed ISMA on the working map 1 and the working map 2 is reduced
by 10.64% and 13.67% respectively, which shortens the working length
of the power operation robot, reduces the traveling distance required by
the robot in the process of performing tasks, and improves the working
efficiency. In addition, the operation time of the proposed ISMA is reduced
by 43.74% and 43.54% respectively, and the path safety rate is increased
by 27.32% and 26.08% respectively, which shows that the proposed ISMA
is particularly prominent in the face of complex environment, and it can
quickly converge to the optimal solution through fewer iterations, effectively
reducing the risk of collision with obstacles, and has better path planning
performance.

6 Conclusion

In this study, an optimized SMA (ISMA) for power operation robots path
planning is presented. Firstly, PWLCM chaotic mapping is employed to mod-
ify the slime mould population, enhancing the initial solution quality. Next,
an adaptive mutually beneficial symbiosis strategy is proposed to improve
the position update mode of slime mould in the wrap food stage, balancing
global search and local exploration capabilities. Finally, Convex lens imaging
strategy is utilized to enhance the slime mould location in the grabble food
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stage, and enhancing the capacity to avoid local optima. The proposed ISMA
is simulated in working map 1 and working map 2, and the results show that
when compared with the ACO and classic SMA, the trajectory length and
operation time of ISMA are reduced by 12.15% and 43.64% respectively,
and the safety rate is increased by 26.7% on average. While the ISMA has
been evaluated through simulation, future work should apply it to real-world
power operation robots to validate its effectiveness.
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