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With the rapid development of the robotics industry, the problem of effective and fast path planning for intelligent mobile robots
has always been one of the hot spots in the field of robotics research. Intelligent mobile robot path planning is divided into global
path planning and local path planning, and its mathematical modeling and adaptive algorithms are different. Therefore, the
research of robot path planning based on improved genetic algorithm is of great significance. This paper mainly studies the
robot path planning problem based on improved genetic algorithm. Based on the research of the basic genetic algorithm, the
improved genetic algorithm is applied to the mobile four-wheel robot to guide the four-wheel robot to complete path
planning and other related tasks. Experiments show that the optimization probability and convergence speed of the genetic
algorithm can be improved by improving the genetic algorithm. Studies have shown that evolutionary algebra and population
size are inversely proportional to the optimal path length, so it is directly proportional to the search ability. However, as the
evolutionary algebra and population size increase, the amount of calculation is also increasing, and the calculation time
increases. Comprehensive considerations according to various factors, the best value of population size is 60, the best value of
mutation probability is 0.09, the best value of crossover probability is 0.8, and the best value of evolutionary algebra is 150
generations.

1. Introduction

With the development of the times, it is more and more dif-
ficult for robots fixed in one place to do the same job to
meet the requirements of robots in various industries [1,
2], and the development of navigation technology makes
it possible for robots to handle more complex things.
Vision-based navigation research will create conditions for
mobile robots to move independently from human control
and is one of the basic tasks for mobile robots to play a
greater role [3, 4]. The problem of path planning is the core
problem of navigation. The quality of the feasible path
planned by the path planning system is directly related to
whether the robot can bypass all obstacles and reach the
target point safely and quickly. It is the key link of the nav-
igation system [5–6]. Therefore, mobile robot technology

will usher in new development opportunities under the pro-
motion of a large amount of government investment and
enterprise demand [7, 8].

In the research of robot path planning based on
improved genetic algorithm, many scholars have studied it
and achieved good results. For example, the autonomous
mobile robot designed by Qi et al. adopts two wheel differ-
ential speeds. In order to adjust the movement direction, a
laptop is used as the control center, which can be controlled
remotely or move autonomously [9]. There are four modu-
lar configuration schemes for free selection, which can meet
different needs and adapt to different workplaces. The
CASIA-1 mobile robot studied by Gao et al. has 32 infrared
sensors, which are evenly installed around the fuselage at an
angle of 22.5 degrees. One-half of them are used to detect
obstacles at close range. One-half is used to detect long-
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distance obstacles. The robot also has ultrasonic sensors,
and the obstacle information obtained by two different types
of sensors is fused [10].

This article uses the literature research method to
retrieve literature, works, articles, etc. related to keywords
such as “genetic algorithm,” “path planning,” and “intelli-
gent mobile robots,” then uses a comparative experiment
method to talk about the robots before and after improve-
ments. The effective path ratio is compared.

Through more in-depth research and improvement of
genetic algorithm and trying to combine it with other algo-
rithms, we can achieve better results in path planning, which
is of great practical significance to expand the application
range of mobile intelligent robot.

2. Robot Path Planning Based on Improved
Genetic Algorithm

2.1. Principle of Robot Path Planning Based on Genetic
Algorithm. In this paper, the genetic algorithm uses the grid
method to mark the geographical environment information
and maps the environmental information to the grid. Black
represents obstacles, and white represents obstacles. Com-
bine the grid method with the array, the array a½x�½y� repre-
sents the grid, a½0�½0� represents the upper left square, and
a½X�½Y � represents the lower right square; X and Y are the
maximum number of horizontal and vertical grids. Import
the obstacle information into the array, a½x�½y� = 0 means
that there is no obstacle at the square.

2.1.1. Initialization. Randomly generate a certain number of
codes of a certain length as the initial population, which rep-
resents the path of the robot from the start point to the end
point [11]. The robot path planning of the genetic algorithm
is to perform genetic operations on these paths, and then
generate the optimal path group, and output the most opti-
mal path [12].

The robot plans the path according to the path code. If it
encounters obstacles during walking, it will judge that the
current path is invalid and gives up. If the robot can reach
the end point, it is judged that the current solution is a fea-
sible solution [13]. Of course, the randomly generated path
code is not a feasible solution. Whether most randomly gen-
erated path codes are failed path codes, that is, the robot
cannot complete the movement task from the starting point
to the end point in the direction indicated by it.

However, in the same way, it is not to say that the failed
solution generated at the beginning can not become a feasi-
ble solution after a series of genetic operations such as cross-
over, mutation, deletion, and insertion. Similarly, in terms of
the fitness function value, the value of the infeasible path is
greater than the value of the feasible path; that is, the infea-
sible solution is better than the feasible solution in the indi-
vidual evaluation process, indicating that the infeasible
solution is more effective than the feasible solution in a cer-
tain range. If the infeasible solution is further optimized to
make it an excellent feasible solution, the optimal solution
obtained in this way is also feasible. Therefore, in the indi-
vidual evaluation process, different evaluation criteria can

be used for feasible and infeasible paths to further improve
the degree of superiority of the solution population [14, 15].

2.1.2. Genetic Operator. Genetic operators include individual
evaluation, single-point crossover, multipoint crossover,
deletion operators, and so on.

2.1.3. Individual Evaluation. The idea of roulette selection is
applied to the process of constructing the fitness function of
robot path planning. The idea of roulette selection is to use a
pie chart to represent the roulette used for gambling, as
shown in Figure 1.

Assuming that the robot path code is a certain block in a
specified pie chart, the size of the block in the pie chart is
proportional to the size of the fitness function value of the
path code. The higher the fitness function value of the path
code, the larger the area occupied in the pie. When imitating
gambling, put a small ball on the roulette wheel to see where
the ball stops, that is, select the path code corresponding to
it. The probability that the path code is selected is propor-
tional to its fitness function value.

A fitness function based on a penalty function can also
be used, and the fitness function is often set as a penalty
function in path planning. For example, let the penalty func-
tion be FitQ.

FitQ = Fitq2
Fitq1 ,

Fitq2 =
1R = 1,

0R = 0,

(

Fitq1 = 〠
NP

i=2
Dis Pti, Pti−1ð Þ + Dis STp, Pti

� �
+ Dis PtNP, ETPð Þ +M × Fcst :

ð1Þ

R is defined as the path safety factor. If the robot is
already in the danger zone, the safety distance is greater than
the linear distance between the robot and the obstacle, then
R = 0; if the robot is already in the safety zone, the safety dis-
tance is less than the linear distance between the robot and
the obstacle, then R = 1.
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Figure 1: Roulette.
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NP represents the number of grids in the path (exclud-
ing the start point and end point), Pti represents the i-th
grid, STp and ETP represent the start point and end point.
DisðX, YÞ represents the straight-line distance between the
starting point ðXa, YbÞ and the end point ðXA, YBÞ,
expressed as follows:

Dis X, Yð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xa − XAð Þ2 + Yb − YBð Þ2:

q
ð2Þ

M is the penalty coefficient, and Fcst is the penalty
function.

Fcst = 〠
Nab

i=1
W ið Þ + kWL′ ið Þ

� �
: ð3Þ

Define WðiÞ as the number of paths that pass through
the grid. K is a proportional coefficient, which can be a
constant.

Definition L′ðiÞ is the shortest distance between the path
and the obstacle and the number of grids from the obstacle
to the path as a vertical line.

The robot moves from grid a½Xa�½Yb� to a½XA�½YB� time
T , the average speed of the robot V . This method is generally
applicable to square grids.

T =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xa − XAð Þ2 + Yb − YBð Þ2

q
V

: ð4Þ

In some genetic algorithms, the fitness function value of
the robot path planning is modeled according to the distance
between the robot and the end point. The binary code of each
path is compiled, and then, the result obtained is put into the
path test base class to judge the distance between the robot
and the end point and finally returns a function value.

2.1.4. Single Point Mutation. Randomly generate a numerical
value, and the numerical value is in between, indicating the
probability of mutation. When the probability of mutation
is less than the set threshold probability, mutation of the
code of the corresponding bit is performed. The core idea
is shown in Figure 2.

The mutation operation is to reverse the code value at
the selected position. In this article, the binary code 0 and
1 values of the selected position are converted; that is, the
direction of the robot path in the original code is changed
after the code conversion; for example, when the original

code, the two-digit code group 01 means that when the robot
moves toward the south, the path code changes to 11, and
the robot changes to the south and then turns to the west,
and the direction of movement changes. The machine will
reverse it to 0 by the mutation operation and if the binary
code is 1 in the human path coding, and vice versa.

2.1.5. Termination Conditions. The termination of genetic
algorithm is divided into two cases. In the first case, if t =
T , the population has evolved to the maximum evolutionary
algebra, and the individual with the current maximum fit-
ness function value is output as the optimal solution, and
the calculation is terminated; in the second case, t < T algo-
rithm exits early, the selected individual has met the optimal
standard, and the output is the optimal solution.

Constraints can also be introduced, f ðn+1Þ is the fitness
of the best individual in the n + 1th generation, and δ is
an integer.

f n+1ð Þ − f nð Þ
��� ��� < δ: ð5Þ

When j f ðn+1Þ − f ðnÞj is less than a set constant, the
algorithm is judged to end and the algorithm exits.

2.2. Robot Path Planning Based on Improved
Genetic Algorithm

2.2.1. Robot Path Planning Principle Based on Improved
Genetic Algorithm. In this paper, the VC++ 6.0 program
and the use of nwu-rr-i intelligent mobile robot simulation
experiments and comparison of different parameter settings
under the different effects of path planning, statistics, and
analysis of data verify the correctness of the algorithm.

2.2.2. Fitness Function. The traditional grid size must meet
the free movement of the robot in the grid, which stipulates
that the minimum distance of the grid must be the length of
the robot, which increases the size of the grid and reduces
the diversity of the grid area, which is not conducive to
smallness. In the experiment, the indication of obstacles
and the description of specific environment information
are added. This paper fully considers the flexibility and
variability of grid division and the reality that the robot is
not a particle and proposes a safe distance operator. The
safe distance is determined by the volume of the robot. Set
the ratio between the simulated map and the actual map
to 1 :α, then the safe distance is set to the length/a of the
robot. The obstacle is expanded, and the distance of

N
Parent 1 0 1 1 0 0 1 0 0 1 0 1

Child 1 0 1 1 0 0 1 1 0 1 0 1

Figure 2: Single point mutation.
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expansion is set to the actual map scale safe distance. The
ratio of the safe distance to the grid size is the number of
black grids around the obstacle. If the safety distance is less
than 1, it will be expanded by 1 grid count, set the grid
within the safe distance of the map to black, which means
the dangerous area; other points that are not black are the
range of safe route selection. In the robot path planning sys-
tem, the dangerous area should be directly set as an obstacle
in advance to simplify the amount of information processed
by the algorithm. The setting method of the safe distance
operator fully considers the safety of the path and the con-
venience of the algorithm.

In the simulation, it is assumed that after the obstacles
are marked, the robot can pass through a path in a single
grid space. The grid size is divided according to pixels. The
size of the path display area has been determined. The pro-
portional relationship is calculated, and the pixel size of
the grid height and width is input to determine the number
of grids. The length of the character string encoded by the
robot path is half of the number of grids, and the number
of grids is variable.

The improved robot path planning scheme breaks
through the constraint that the grid can only be a grid.
Researchers can set the length and width of the grid accord-
ing to their needs. When the grid is not square, if the path of
the robot is a connection between two grid vertices, the con-
nection between the two vertices is not completely drawn
through the center of each grid, which increases the diffi-
culty of the display, and in order to compare with the previ-
ous chapter the algorithm is unified, and the robot still
stipulates that the robot will only move in the four directions
of due east, due west, due south, and due north. When com-
paring algorithms, even if the robot will not advance diago-
nally, the robot will not have acute or obtuse corners, but
since neither the algorithm before or after the improvement
can achieve diagonal movement, the comparison evaluation
factor convergence speed, optimization time, path smooth-
ness, etc. Not affected, the results still have a certain degree
of credibility.

2.2.3. Other Genetic Operators. In genetic algorithm, in order
to improve the population quality, the algorithm directly
copies the optimal individuals in the current population to
the next generation. However, the new population can not
meet the requirements of crossover and mutation operation,
and the algorithm is easy to fall into premature state. There-
fore, it is necessary to rejudge the differences within a certain
evolutionary algebra, discard the populations that do not
meet the differences in the short term, and create a new
population. Multipoint crossover is used for crossover oper-
ation, and multipoint mutation is used for mutation opera-
tion. The positions of crossover points and mutation
points are randomly determined, and multiple experiments
are required to obtain empirical values.

2.2.4. Delete Operator. Introduce the idea of mathematical
modeling in the deletion operator, encode the path as a
binary string in the raster map, and each grid corresponds
to an array coordinate. Combine the deletion operator and

the array a½x�½y� to delete. For codes that enter the same
array in the same path, the codes after a½x�½y� are directly
moved forward to shorten the code length. This method
effectively reduces redundant and blocked paths and reduces
the path length.

The algorithm refers to the concept of the parent node.
The node that the robot walks through is regarded as the
parent node and saved independently. When the robot finds
that the parent node is repeatedly saved during the path
planning process, the path is judged as an invalid path and
discarded, using recursive calling. Thinking step by step back
to the parent node that was repeatedly saved, and then
branch from the parent node to other paths, until a feasible
path is found, the invalid branch is deleted, and only one
valid path is retained. When programming, the grid and
array coordinates are related to each other, which greatly
facilitates the participation of the delete operator.

The parent node appears in the definition of the tree and
belongs to the knowledge of the data structure. The parent
node is a component of the tree. Each node of the parent
node has only one antecedent. The root node is the root
node. The root node is the ancestor of all nodes in the tree
except itself. The root node has no parent node. In this algo-
rithm, the starting point of the robot is the root node, and
the robot can only move from the starting point. It can also
be seen in the virtual map introduced later that the starting
point of the path can only be the starting point of the robot.

2.2.5. Principles of Robot Step Length Setting. Set the step size.
The step length represents the number of times the robot
moves from the start point to the end point, that is, the super-
imposed sum of the number of grids that the path of each gen-
eration of the robot passes through. Taking into account the
specific environmental path planning of the NWU-RR-I intel-
ligent mobile robot, set a parameter for the step length, which
is expressed by iT Route Count and limited to 3000 steps. If
there are too many steps, the population is judged to be an
invalid population, discarded, and restarted. The code is as fol-
lows: TRACE (“Search path failed\n”).

2.3. Robot Path Planning Based on Improved Genetic
Algorithm

(1) Activate the start button

(2) Calculate the safety distance, set the start and end
points of the robot, and mark the obstacle area

(3) Initialize the population and judge the difference of
the population

(4) Calculate the value of the population fitness function
and judge whether it meets the optimal standard. If
the population meets the optimal standard, the cur-
rent solution is output, and the current solution is
the optimal solution; if the population does not meet
the optimal standard, a series of genetic operations
are performed on the population, such as crossover,
mutation, deletion, and step size judgment. Return
to Step (4).
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(5) Output the optimal path

3. Experimental Research on Robot Path
Planning Based on Improved
Genetic Algorithm

3.1. Path Planning Simulation of Genetic Algorithm

3.1.1. Simulation Scheme

(1) VC++6.0 Is Selected as the Software Platform. VC++6.0 is
a visual integrated development environment IDE (inte-
grated development environment) based on the Windows
operating system. It supports C++ language, which is easy
to use with databases such as SQL and is easy for man-
machine interaction. The realization of the interface has a
wide range of uses.

The hardware platform uses NWU-RR-I intelligent
mobile robot. The NWU-RR-I intelligent mobile robot
system library function NWU-RR-ISetupbuild.EXE is
compatible with VC++6.0 and can be programmed to con-
trol the robot directly in VC. Click to install NWU-RR-
ISetupbuild.EXE. You need to add “NWU-RR-ISystem .h”
in front of each header file during programming, which
means that VC is compatible with all the functions in the
NWU-RR-I robot library. The specific syntax is as follows:
#include “NWU-RR-ISystem.h”.

Similarly, the control interface function should be added
to the CmotionDemoDIg class, and each interface should be
initialized. The code is as follows:

(2) Establishment of Simulation Environment. Divide the
environment into a series of grids, and mark obstacles in the
grid. Obstacles represent 1, and obstacles are represented as 0.

(3) Genetic Algorithm. According to the algorithm coding
rules, the path is coded, the population is initialized, and a
series of genetic operations are performed on it, and it is
judged whether the population meets the termination condi-
tion. If the termination condition is met, the optimal path is
output, and the result is displayed; if the termination condi-
tion is not met, the genetic operation is continued until the
termination condition is met.

The NWU-RR-I intelligent mobile robot moves accord-
ing to the instructions of the simulation results and com-
pletes the path planning task from the start point to the
end point.

3.1.2. Path Planning Realization of Genetic Algorithm

(1) Comparison of the Number of Obstacles in Different
Situations. In the same geographic environment,
within the same area, the starting point and ending
point do not change, and the number of obstacles
in the main path area is set differently

(2) Implementation of Genetic Algorithm Path Planning
for Different Starting Points and End Points. In the
same geographical environment, within the same
area, the number of obstacles in the main path area
is set the same, and the starting point and ending
point are changed

3.2. Simulation of Improved Genetic Algorithm and
Comparison of Results. The software platform selects
VC++6.0 to make a human-computer interaction interface,
and the operation idea of manual selection is added to the
traditional robot path planning simulation. The differences
are mainly in the following two aspects.

3.2.1. Simulation Scheme. The improved simulation program
combined with the actual environment can select obstacles
multiple times; select the starting point and end point of
the robot multiple times; change the grid size multiple times;
reproduce the path and so on. The simulation mode of tra-
ditional robot path planning is changed, and the correlation
between the simulation environment and the actual environ-
ment is increased, which is convenient for simulation exper-
iments in different environments. The adjustability of the
number of grids facilitates the comparison of different
amounts of information in the same environment. This
scheme improves the reliability of robot path planning sim-
ulation and has high portability and certain reference value.

3.2.2. Algorithm Improvement. Improvements are mainly
proposed from fitness function, deletion operator, termination
conditions, etc., which increase the convergence speed of the
algorithm and improve the safety of robot path planning.

class CASRSystem;
interface IASRMotion;
protected:
BOOL BuildSystem(); //library function initialization
void DestroySystem(;//Library function exit
private:
CASRSystem∗ m_ pRobot; //Define library system pointer
IASRMotion∗
m_ pMotion; //Define library interface pointer
enum {SPEED VALUE = 500;//Set the robot's movement speed

Code 1.
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The population is a binary code generated by a random
operator, and its code length changes with the number of
grids, so the path of each run is different, but an average
can be obtained through various average evolutionary alge-
bras and average path smoothness. The reference value in
the sense has a certain universality. In addition, the ran-
domly generated path is not affected by the artificially deter-
mined population individuals on the algorithm, and the
accuracy of the algorithm can be verified by only multiple
measurements and averaging.

4. Experimental Research and Analysis of Robot
Path Planning Based on Improved
Genetic Algorithm

4.1. Relationship Curve between the Effective Path Ratio and
the Population Size before and after the Algorithm Is
Improved. Because the path planning algorithm needs to
execute a large number of loops, and the C language pro-
gram is 300 times more efficient than the MATLAB program
for loop execution, the algorithm is written in C language,

but MATLAB has good graphics processing functions, so
MATLAB is used for simulation.

In order to improve computational efficiency, it is neces-
sary to determine the optimal value of genetic parameters.
The traditional genetic algorithm equates the search capabil-
ity L of the mobile robot with the ratio of the effective path at
the end of evolution, namely:

L = number of effective paths
population size at the end of evolutionð Þ: ð6Þ

By analyzing Table 1 and Figure 3, the following con-
clusion can be drawn: In the algorithm of this paper, the
genetic parameter that has the greatest impact on the effec-
tive path ratio is the mutation probability. 95.64% gradually
decreased to 73.42%. It can be seen from the mutation
probability graph that when the mutation probability is
0.09, the effective path ratio is 80.65%. From the other three
graphs, it can be seen that no matter how the population
size, evolutionary algebra, and crossover probability are
selected, as long as the mutation probability is taken as
0.09, the effective path ratio is about 80%. The effective path

Table 1: The relationship curve between effective path ratio and population size.

Mutation rate = 0:09 Population size 10 20 30 40 50 60 70 80 100 150 200 300

Crossover probability = 0:8 Before improvement 0 20 40 41 42 43 42 43 42 38 40 39

Evolutionary algebra = 150 After improvement 80 77 79 78 82 83 83.5 79 80 80.5 81.5 81

10 20 30 40 50 60 70 80 100 150 200 300

Population size

The relationship curve between effective path
ratio and population size

Before improvement
After improvement
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Figure 3: The relationship curve between effective path ratio and population size.

Table 2: The relationship curve between effective path ratio and evolutionary algebra.

Mutation rate = 0:09 Evolutionary algebra 10 20 30 40 50 60 80 100 150 200 500 1000

Crossover probability = 0:8 Before improvement 0 3 4 15 21 23 42 43 62 50 59 70

Population size = 60 After improvement 72 81 80 79 80 81 82 80 79 80 81 80
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ratio of the improved algorithm has been maintained at a
relatively high level, and it is obviously better than the pre-
vious algorithm in terms of numerical value and stability, so
it proves that the improvement of the genetic algorithm in
this paper is successful.

4.2. Relationship Curve between the Effective Path Ratio
before and after the Algorithm Improvement and the
Evolution Algebra. It can be seen from Table 2 and Figure 4
that the effective path ratio is inversely proportional to the
mutation probability but has little to do with population size,
evolutionary algebra, and crossover probability. The greater
the mutation probability, the more irreparable paths are gen-
erated during the mutation process, so the mutation proba-
bility is inversely proportional to the effective path ratio,
but the mutation probability will increase the diversity of
the population, which can avoid the premature solution, so
the search is only judged from the effective path ratio. The
capacity is inappropriate. Because path planning seeks the
shortest path without collision from the starting point to
the target point, this paper also proposes a method to mea-
sure the search ability; that is, the shortest path length
obtained at the end of evolution is used to measure the size
of the search ability.

5. Conclusions

With the continuous progress of social science and technol-
ogy, especially in the field of artificial intelligence and intel-
ligent control, relevant theories continue to be in-depth
research, and technological methods are changing with each
passing day. With the improvement of social industrial
manufacturing automation, robots will play an increasingly
important role in industrial production, personal services,
and other industries. In this paper, the genetic algorithm is
improved by rejudging the difference and discarding preco-
cious population in the process of genetic algorithm itera-
tion. The improved genetic algorithm is used to plan the
robot’s path. It can be seen from the experimental results
that the effective path ratio of the improved algorithm

remains at a high level, and it is obviously superior to the
previous algorithm in terms of numerical value and stability,
which proves that the improvement of the genetic algorithm
in this paper is successful. In the future society, robot
research will be more in-depth; robot path planning research
will make great progress, to show us a higher level of robots.
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