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Abstract: With the development of modern sensor technology, the automatic movement of robot has become a reality, and improving the
path planning performance of robot in dynamic and complex environment is an important development direction of mobile robot intelligence.
In this research, based on the idea of hybrid path planning, whale optimization algorithm is introduced combined with computer perception
technology to realize the path planning of robot. In order to improve the performance of the traditional whale optimization algorithm, it is
optimized and improved by genetic algorithm. Through the performance simulation analysis of the improved whale optimization algorithm, it
can be seen that the improved algorithm has better path optimization performance and significantly improved efficiency compared with other
traditional algorithms. It can perceive and calculate an optimized path.
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1. Introduction

The intelligent obstacle avoidance and path planning technology
of robot are hot topics in the development of robot field. The application
of robot in various industries is more and more in-depth, which has
greatly changed people’s production mode and living standard. With
the continuous development of science and technology, traditional
industrial robots have been difficult to meet people’s needs for
industrial production and life, and people’s demand for robot
intelligence is becoming more and more obvious (Chen & Liu,
2019; Gao et al., 2020; Han, 2019; Xue et al., 2018; Wang et al.,
2019). In the development of robot intelligence, path planning is a
very important research direction, which is also an important
development branch of artificial intelligence, with the characteristics
of complexity and nonlinearity. The working environment of the
robot is often full of uncertainty. When the robot wants to work
normally in a complex environment, it must have a strong ability to
search for environmental information, be able to accurately identify
and recognize different environmental information, and be able to
realize intelligent path planning in a complex dynamic environment
(Azpurua et al., 2018; Hao & Yan, 2018; Sangiovanni et al., 2020).

As a new algorithm, hyperheuristic algorithm provides a high-
level strategy to obtain a new heuristic algorithm. At the problem
domain level, it uses the background knowledge of the expert field
to define the problem and evaluate the function. The optimization
characteristics of heuristic algorithm can be used to realize the path

optimization of robot. In the functional field of computer,
nonparametric statistics are more and more widely used. Derrac
et al. (2011) systematically reviewed the current nonparametric
programs and put forward some precautions and suggestions to
guide the implementation of nonparametric statistics. A. W.
Mohamed and others proposed a new compilation strategy to
improve the superior performance of the difference scheme (DE).
The variation strategy has better exploration ability and utilization
ability. It can be seen from the numerical experimental analysis of
ece2017 and ece2010 that the improved strategy proposed by them
has slightly good robustness and stability, and the solution quality
is also good (Mohamed et al., 2019).

At present, there aremany common robot path planningmethods,
including ant colony algorithm, fuzzy logic method, artificial potential
field method, etc. However, a single path planning method has great
limitations in dealing with different environments, so many scholars
have proposed a hybrid path planning method. In the complex and
dynamic environment, the hybrid path planning method can realize
the functional navigation of the robot and the functions given by
the robot. At present, the most common two-layer structure mode is
local path planning and global path planning (Liang et al., 2020;
Mrudul et al., 2018; Zhao et al., 2020). The robot collects the
surrounding environment information through the airborne
sensors, realizes the global path planning according to the
environment information, and issues the corresponding movement
instructions to the robot to avoid obstacles (Fareh et al., 2019;
Han & Yu, 2020). This research is based on the hybrid path
planning method to carry out the robot path intelligent planning,
optimize and improve the whale algorithm, and introduce the
genetic algorithm to reduce the running time, which can achieve the
higher algorithm accuracy and the best path planning effect.
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2. Optimization Algorithm

Whale optimization algorithm is a typical biological simulation
algorithm, which is a strategy simulation based on the search, attack,
and encirclement behavior of humpback whales (Ayawli et al., 2019;
Islam et al., 2021; Lazarowska, 2019). According to the whale
predation search strategy, the whale optimization algorithm can
achieve multiple iterations to obtain the optimal solution without
worrying about the loss of search in large-scale networks. In the
optimization algorithm, individuals in the group are regarded as
search particles synchronized with other individuals. According to
the principle of nearest selection, whales will find the best prey in
the group and constantly update their position according to the
established rules. Humpback whales will approach the target and
carry out predation behavior according to the updated location. Let
the current whale position be X(j), the best whale position be X*(j),
and j is the number of iterations. The whale position update function
is expressed as

Xðjþ 1Þ ¼ XðjÞ � A � D (1)

D ¼ jC � X�ðjÞ � XðjÞj (2)

In the formula, A,C is the coefficient variable, and its calculation
formula is

A ¼ 2a� r � a

C ¼ 2r
(3)

where a is a decreasing constant with a value range of [0,2], its
expression is a ¼ 2� 2j

M, r is a random number within [0,1], and
M is the maximum number of iterations.

In the process of hunting, humpback whales will continue to
narrow the encirclement, and the value of a will continue to
decrease. When the value of A is reduced to the range of [−1,1],
whales can determine the relationship between their position and
the target position. Further, the target position is updated
through the spiral position, and the distance between the optimal
position of the I-th whale and the target position is D 0, which is
expressed as:

Xðjþ 1Þ ¼ D0ebl cosð2πlÞ þ X�ðjÞ (4)

D0 ¼ X�
j � Xj

��� ��� (5)

where j is a random number in the range of [−1,1], and b is a
constant of logarithmic spiral shape. During whale hunting,
the capture range is continuously compressed through spiral
circulation. The whale position update threshold is set as 50%
probability, and its expression is

Xðjþ 1Þ ¼ Xj� A � D p < 0:5
D0ebl cosð2πÞl þ XðjÞ p � 0:5

�
(6)

where p is a random number in the range of [0,1].
When the humpback whale reaches the predation range, it will

carry out random predation. When the value of A is in the range of
[−1,1], it will be updated randomly throughD. The whale will search
the nearest prey to realize the global search function. Let the random
individual position in the whale population be Xrand, and the formula
of whale random predation is

D ¼ C � Xrand � XðjÞj j
Xðjþ 1Þ ¼ Xrand � A � D (7)

3. Path Planning Technology of Improved Whale
Optimization Algorithm Based on Genetic Algorithm

Introducing genetic algorithm to improve whale optimization
algorithm can realize the optimization of chromosome population in
genetic algorithm, improve population quality, and finally find the
optimal solution. The general idea is as follows: after each iteration
of the algorithm, set the head whale in the whale as immigration,
and then replace the worst chromosome in the chromosome. This
can solve the problems of long time-consuming traditional
algorithms, unstable local optimal solutions and optimization results,
and finally improve the accuracy of path optimization. The steps are:

Step 1: An initial population is randomly generated, the number of
individuals in the population is N, the initial parameters of
genetic algorithm and whale optimization algorithm are
set, and the starting position of the mobile robot is set.

Step 2: Randomly generate whale population size and corresponding
location, and initialize parameters such as a,A,T.

Step 3: Calculate the fitness values of all individuals in the whale
population to determine the optimal whale individual X*.

Step 4: Update the position of each whale and select the position
update formula according to the size of P value.

Step 5: Continue to calculate all whale populations until the
optimal individual and corresponding position are
calculated.

Step 6: Judge whether the maximum number of iterations of the
algorithm is satisfied. If so, it ends. If not, go to step 2
to continue the iteration cycle of the algorithm.

Step 7: Cross mutation operation.
Step 8: The fitness function values of all individuals in the

population are calculated according to the fitness values.
Step 9: Judgewhether the termination conditions aremet. If not, go

to step 5 to continue the iterative cycle of the algorithm.
Step 10: The final optimization result is output and the

algorithm ends.

The improved algorithm flow chart is shown in Figure 1.

4. Design of Perception Technology for Logistics
Robot

In order for logistics mobile robots to realize intelligent path
planning, they must have the ability to perceive the environment,
judge their own state and the external environment through the
robot perception system, and then respond to the environmental
changes as needed. In general, the workflow of mobile robot’s
environment sensing system mainly includes the following steps:
first, use the robot’s airborne sensors to collect environmental
information and build and continuously update the environmental
model; second, the mobile path is planned according to the
constructed environmental model, and the robot is controlled to
move; third, show the environment map perceived by the robot
(Guo et al., 2021; Zhang et al., 2021).

Sensors are the source of information for the logistics robot to
build the environmental model. The sensors for sensing the external
environment mainly include infrared sensors, tactile sensors, visual
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sensors, microwave radar, etc., and the sensors for determining the
robot’s own position mainly include speedometer, accelerometer,
odometer, etc. (Zhong et al., 2020) For logistics robot, its speed
and position are very important information. In this study,
ultrasonic sensor is selected to collect information. Its basic
principle is shown in Figure 2.

In Figure 2, L shows the distance between the sensor installed
by the robot and the obstacle detection. Let the propagation speed of
sound in the air be V, the time difference between the time when the
sensor transmits the ultrasonic signal and the time when the sensor
receives the signal be t, and the calculation formula of L is

L ¼ V � t=2 (8)

In the work of logistics robot, it is necessary to realize the
perception of the surrounding environment through multiple
sensors. When they work together, the sensors may interfere
with each other. In order to solve this problem, the sensors need
to be grouped and segmented to work (Derrac & García, 2011;
Jiang & Xin, 2019; Wang et al., 2019; Zhang et al., 2021).
With this working mode, although the time required in a round
of environmental information collection will increase, compared
with the time required for the operation decision-making of the
robot, it can be ignored.

The common representation methods of environmental model
include geometry method, topology method, grid method, etc.;
according to the work needs of logistics robot, the grid method is
selected to build the environmental model currently. In the
constructed grid environmental model, each small grid will be
given a nonnegative value to indicate the possibility of
occupation, which is the obstacle confidence. The parameter
update of the environmental model is shown in Figure 3. Multiple
ultrasonic sensors on the logistics robot will send out detection
lines in groups and periods and detect the distance between
obstacles and sensors within the range.

(x,y,θ) is used to represent the position of the robot, where θ
represents the orientation of the robot. In the environmental
model, the installation angle αi of the i sensor compared with the
robot can form a quaternion vector x; y; θ;αið Þ. The formula for map-
ping the data obtained by the sensor to the environmental model is

Figure 1
Flow chart of improved whale optimization algorithm
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xm ¼ xr þ Ri þ Lið Þ � cos θ þ αið Þ
ym ¼ yr þ Ri þ Lið Þ � sin θ þ αið Þ
map½xm �½ym� ¼ map½xm �½ym � þ 1

8<
: (9)

where Ri represents the distance between the center point of the robot
and the i-th sensor. The information of the obstacle distance returned
by the sensor is Li, xm; ymð Þ is the mapping coordinate point of the
distance information, and map½xm�½ym � is the obstacle confidence.

5. Analysis of Simulation Results

5.1. Path simulation analysis

In order to verify the comprehensive performance of the
improved whale optimization algorithm, it is simulated and
analyzed with the traditional whale optimization algorithm. When
using MATLAB software for simulation analysis, first set up a
20 × 20 grid environment model. See Table 1 for parameter settings.

The optimal search paths for the two algorithms are shown in
Figures 4 and 5, respectively, in which the upper left corner is the
initial position of the robot and the lower right corner is the target
position. Through the comparative analysis of the two diagrams, it
can be seen that compared with the traditional whale optimization
algorithm, the improved whale optimization algorithm can get a
better planning path.

5.2. Comparative analysis of algorithm
performance

The fitness function curves of GSK algorithm, AGSK algorithm,
APGSK algorithm, whale algorithm, genetic algorithm, and the
improved optimization algorithm based on genetic algorithm are
compared and analyzed. The simulation results are shown in Figure 6.
As can be seen from Figure 6, compared with the traditional whale
algorithm, the state of the improved whale optimization algorithm
tends to be stable at the third iteration, while the state of the traditional
whale algorithm is more stable at the 18th iteration.

In order to further verify the comprehensive performance of the
proposed improved algorithm, APGSK algorithm (Mohamed et al.,
2021) and DE algorithm (Mohamed et al., 2018) are introduced for
comparative simulation analysis. The three algorithms are simulated
for 20 times to obtain the comparative analysis of path length and
solution time. The analysis results are shown in Table 2.

As can be seen fromTable 1, in the 20 simulations of the algorithm
proposed in this paper, the average path length is 26.51 and the
consumption time is 17.55. The average path lengths of APGSK
algorithm and DE algorithm are 27.23 and 27.86, respectively, and
the average consumption time is 18.41 s and 118.47 s. Further
analysis shows that compared with APGSK algorithm and DE
algorithm, the path length of the improved algorithm is optimized by
2.64% and 4.83%, and the consumption time is reduced by 4.64%
and 4.98%. Comprehensive analysis shows that the optimization
algorithm proposed in this paper has better application effect.

5.3. Nonparametric statistical test

In order to further test the comprehensive performance of the
proposed algorithm, the nonparametric statistical test method is
selected to verify the optimization performance of the proposed
algorithm through Quade test, and the comprehensive evaluation is
realized by calculating the Tj and Sj values of multiple algorithms.
The smaller the total value, the smaller the corresponding algorithm.

Let i be the range in the group. Compared with the same
optimization problem, the relative size of the observed value in
the group is Si,j, the range value arrangement rank of each data is
Qi, and the average rank is kþ1

2 , so:

Si;j ¼ Qi ri;j �
kþ 1
2

� �
(10)

The calculation formula of Sj as the total value is

Sj ¼
X

n
i¼1

Si;j (11)

Let the optimization results of all algorithms rank from 1 to k as
ri,j. If the average rank is not considered, there are:

Wi;j ¼ Qi ri;j
� �

(12)

Further calculate the total value Tj of algorithm j:

Tj ¼
Wj

n nþ 1ð Þ=2 (13)

The calculation formula of Wj in equation (12) is

Wj ¼
X

n
i¼1

Wi;j (14)

The simulation analysis results of the average best quality and
variance of the six algorithms are shown in Table 3:

Figure 3
Environment renewal model of logistics robot
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Table 1
Simulation environment settings

Parameter name Value Parameter name Value

M 100 T 100
pc 0.8 M1 100
pm 0.05 T1 100
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Figure 5
Path simulation diagram of improved whale optimization algorithm based on genetic algorithm

Figure 4
Path simulation diagram of traditional whale optimization algorithm
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It can be seen from Table 3 that the improved whale algorithm
based on genetic algorithm has better convergence speed and search
accuracy, and the comprehensive performance of the algorithm is the
best, followed by APGSK algorithm, AGSK algorithm and GSK
algorithm, while the comprehensive performance of genetic
algorithm (GA) and traditional whale algorithm (WOA) is the worst.

6. Conclusion

In this study, a robot path planning method based on genetic
algorithm and improved whale optimization algorithm is proposed to
deal with the intelligent obstacle avoidance function of mobile robot
in complex dynamic environment. According to the functional needs
of logistics robot, the perception technology of logistics robot is
studied and analyzed, and the grid method is proposed to build the
environmental model. In order to verify the comprehensive
performance of the improved algorithm, through simulation and
comparison with the traditional whale optimization algorithm, it can
be seen that the improved whale optimization algorithm has a better
planning path and tends to be stable after the third iteration, and the
efficiency of the improved algorithm is improved by 10.71%. After

Figure 6
Comparison diagram of fitness function curve

Table 2
Comparative simulation analysis of path length and time consumption of three algorithms

Number of runs

This paper improves
the algorithm APGSK DE

Path length Solution time Path length Solution time Path length Solution time

1 26.18 17.35 27.32 18.11 27.15 18.55
2 26.44 17.28 27.15 18.02 27.64 18.16
3 26.73 17.46 26.82 18.24 27.56 18.43
4 26.14 17.94 27.54 18.36 28.04 18.75
5 26.83 17.08 26.97 18.65 27.96 18.08
6 26.35 17.84 26.88 18.75 27.64 18.46
7 26.16 17.54 27.34 18.46 27.15 18.06
8 26.44 17.57 27.66 18.20 28.14 18.76
9 26.98 17.10 27.18 18.17 28.06 18.78
10 26.52 17.87 27.37 18.47 28.57 18.55
11 26.02 17.64 27.08 18.64 27.64 18.31
12 26.34 17.54 27.81 18.77 27.66 18.07
13 26.77 17.98 27.31 18.02 27.54 18.47
14 26.96 17.99 27.00 18.73 27.53 18.96
15 27.02 17.47 26.97 18.17 28.31 18.54
16 26.84 17.58 26.93 18.94 28.05 18.73
17 26.18 17.92 27.15 18.64 28.64 18.52
18 26.46 17.43 27.33 18.24 28.25 18.15
19 26.34 17.28 27.48 18.08 28.43 18.47
20 26.52 17.17 27.32 18.44 27.15 18.64
Average value 26.51 17.55 27.23 18.41 27.86 18.47

Table 3
Analysis of Quade test results of various algorithms

Ranks GA-WOA APGSK AGSK GSK GA WOA

Rmean
Sj 2.745+001 2.762+004 3.042+015 3.241+044 3.55+054 3.745+005
Tj −1.912+020 −1.877+0.24 5.748+043 5.942+014 6.15+019 2.741+0.24

RStd Sj 2.847+001 2.894+014 2.735+011 2.713+018 2.74+004 3.142+003
Tj −8.143+015 −4.174+011 −2.246+025 −2.59+016 −2.721+025 2.816+019
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comparing DE algorithm and APGSK algorithm for 20 times
of simulation analysis, it can be seen that compared with
APGSK algorithm, the path length and consumption time of the
algorithm proposed in this paper are optimized by 2.64% and
4.64%, respectively, and compared with DE algorithm, the path
length and consumption time of the algorithm proposed in this
paper are optimized by 4.84% and 4.98%, respectively,
indicating that the optimization algorithm in this paper has
better path planning optimization performance. The simulation
analysis is a model condition in a limited environment.
Subsequent research can carry out field simulation analysis
based on the robot developed by the improved algorithm
proposed in this research.
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