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Abstract: To address the issues with traditional genetic algorithm (GA) path planning, which often
results in redundant path nodes and local optima, we propose an Improved Genetic Algorithm
that incorporates an ant colony algorithm (ACO). Firstly, a new population initialization method
is proposed. This method adopts a higher-quality random point generation strategy to generate
random points centrally near the start and end of connecting lines. It combines the improved ACO
algorithm to connect these random points quickly, thus greatly improving the quality of the initial
population. Secondly, path smoothness constraints are proposed in the adaptive function. These
constraints reduce the large-angle turns and non-essential turns, improving the smoothness of the
generated path. The algorithm integrates the roulette and tournament methods in the selection stage
to enhance the searching ability and prevent premature convergence. Additionally, the crossover
stage introduces the edit distance and a two-layer crossover operation based on it to avoid ineffective
crossover and improve convergence speed. In the mutation stage, we propose a new mutation
method and introduce a three-stage mutation operation based on the idea of simulated annealing.
This makes the mutation operation more effective and efficient. The three-stage mutation operation
ensures that the mutated paths also have high weights, increases the diversity of the population, and
avoids local optimality. Additionally, we added a deletion operation to eliminate redundant nodes
in the paths and shorten them. The simulation software and experimental platform of ROS (Robot
Operating System) demonstrate that the improved algorithm has better path search quality and faster
convergence speed. This effectively prevents the algorithm from maturing prematurely and proves
its effectiveness in solving the path planning problem of AGV (automated guided vehicle).

Keywords: automated guided vehicle; genetic algorithm; ant colony algorithm; path planning;
simulated annealing

1. Introduction

In scenarios such as intelligent manufacturing factories and logistics and transportation
systems, automated guided vehicles (AGVs) have been widely used as the main tools for intelligent
material transportation [1]. AGV path planning technology refers to AGVs that autonomously
generate safe and feasible paths based on evaluation criteria such as travel time, path length, and
turning frequency, combined with their own sensors’ perception of the environment [2,3].

The use of traditional genetic algorithms in path planning typically involves identifying the
most efficient route from a starting point to a destination. The fundamental concept of traditional
genetic algorithm path planning is to search for the optimal path by simulating the process of
genetic evolution in nature through population evolution and fitness evaluation. The general
steps and characteristics of traditional genetic algorithm path planning are as follows: Firstly, the
path planning problem must be transformed into an optimization problem that can be handled
by a genetic algorithm. This requires defining the objective function of the problem, constraints,
and the solution space of the problem. Secondly, the population must be initialized. A set of
initial paths, or chromosomes, is randomly generated based on the problem’s characteristics.
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The fitness value of each path is then calculated to measure its superiority, typically based
on factors such as path length and obstacle avoidance ability. Finally, a selection operation
is performed. The path’s fitness value determines the probability of selecting it as the parent
for generating the next generation of the population. The crossover operation generates new
paths by crossing over chromosomes to increase population diversity and explore the search
space. The mutation operation is also performed as follows: Mutate the chromosomes of the
paths with a certain probability to introduce new path information and increase the diversity
of the population, preventing it from falling into local optimal solutions. Repeat the selection,
crossover, and mutation operations until the termination conditions are met. The traditional
genetic algorithm is advantageous for coping with complex path-planning problems and has
better global search capability and robustness. The language used should be clear, objective,
and value-neutral, avoiding biased, emotional, figurative, or ornamental language. The text
should adhere to style guides, use consistent citation, and follow a consistent footnote style
and formatting features. Additionally, the language should be formal, avoiding contractions,
colloquial words, informal expressions, and unnecessary jargon. Finally, the text should be
free from grammatical errors, spelling mistakes, and punctuation errors. However, it also has
drawbacks, such as low search efficiency and a tendency to fall into local optimal solutions. It
is important to note that subjective evaluations should be excluded unless clearly marked as
such. Therefore, when faced with different path-planning problems, it is necessary to select
the appropriate optimization algorithm or enhance it by combining it with other heuristic
algorithms based on the specific situation.

As of now, a considerable number of researchers worldwide have conducted extensive
studies in this area. For example, Tian et al. [4] proposed an approach based on improved
adaptive genetic algorithms to address the problem of infeasible paths generated by genetic
algorithms by ensuring feasible paths for population individuals after genetic operations using
prior knowledge. Li et al. [5], recognizing that the performance of basic genetic algorithms
depends on factors such as the initial population quality, introduced an artificial bee colony
algorithm to initialize the population and improve the population diversity. They then designed
an adaptive strategy adjustment for crossover and mutation operators based on trigonometric
functions to improve the convergence speed of the algorithm. Qiao et al. [6] corrected non-
smooth paths generated by genetic algorithm planning using an enhanced artificial potential
field method, optimizing paths by adding nodes for smoother trajectories. Liu et al. [7] addressed
the problems of traditional mutation operators struggling to produce high-quality solutions and
premature algorithm convergence by presenting a path fine-tuning algorithm and incorporating
simulated annealing operations in each generation for local optimization. Xu et al. [8] proposed
a combination of immune operators to improve solution quality. Andranik S. Akopov et al. [9]
introduces a novel approach using parallel genetic algorithms for simulation-based optimization,
addressing large-scale optimization problems characterized by wide feasible ranges and multiple
local extrema. This methodology is successfully applied to minimize the potential number of
traffic accidents in an Artificial Multi-Connected Road Network (AMCRN). R Zhou et al. [10]
proposed a genetic algorithm-based entry event and car following event framework to solve
the problem of a lack of scenarios and low efficiency in virtual testing of CAV (Connected
automated vehicles), which significantly improves accident scenarios and challenging scenarios
and is more efficient. CHAYMAA et al. [11] proposed a mobile robot path planning method
based on improved crossover genetic algorithm in terms of efficiency and applicability of scene
generation, which was improved in terms of distance and safety to find a feasible and efficient
path between two points. Chen et al. [12] proposed a genetic algorithm fused with the fireworks
algorithm to compensate for the premature convergence disadvantage of genetic algorithms.
Li et al. [13] used the A-star algorithm as heuristic information in population initialization and
added deletion sub-operators, etc., which reduced the number of iterations, but the computation
time was long when faced with complex paths.

The study aims to address the limitations of traditional genetic algorithms (GA) in path
planning. The proposed Improved Genetic Algorithm (IGA) incorporates the ant colony
algorithm (ACO) to solve issues such as poor initialized path quality, premature convergence,
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long turn times and angles, easy deadlock, regional extremes, and too many redundant path
nodes. First, a new population initialization method is proposed to improve the quality of
random point generation by generating points near the start and end point connecting lines. This
results in higher-quality random points and shorter generated paths. Additionally, an improved
ant colony algorithm is used to efficiently connect these random points, resulting in a higher-
quality population under this initialization strategy. During the selection phase, a combination
of tournament and roulette wheel selection is utilized to prevent premature convergence of the
population. Additionally, an elite retention strategy is employed to prevent the degradation of
the algorithm. In the crossover phase, the algorithm introduces the concept of edit distance and
proposes a two-layer crossover operation based on edit distance to prevent invalid crossover
and expedite the evolution of the algorithm. During the mutation stage, a new method that
incorporates the concept of simulated annealing is proposed to introduce novel mutations.
Additionally, a three-stage mutation method is suggested to enhance population diversity and
accelerate convergence to the optimal solution. To eliminate redundant nodes in the paths
and expedite the algorithm’s convergence, a deletion operator is also included to remove non-
essential paths. The fitness function introduces the constraint of path smoothness to guide
the algorithm towards smoother paths. To balance population diversity and the algorithm’s
ability to determine optimal individuals in later stages, we use adaptive crossover and mutation
probability adjustment strategies. This ensures greater species diversity in the early stages and
the faster determination of optimal individuals in later stages. The simulation results indicate
that the improved algorithm is more effective than the traditional genetic algorithm. It can
avoid local extremes better, converge faster, and generate higher quality and shorter length
paths. Practical experiments confirmed the advantages of the improved algorithm in terms of
algorithm convergence speed, path smoothness, and path length.

2. Establishment of Environmental Model

In this paper, the grid method is used to model the working environment of an
automated guided vehicle. Obstacles are represented by black grid cells, free space is
represented by white grid cells, and the grid width is unit length. As shown in Figure 1
below, the start point is denoted by S, and the end point is denoted by E. The following
assumptions are made in the modeling process: The actual size of the AGV is not considered
as a point mass [14]. A Cartesian coordinate system is established with the lower left corner
of the grid map as the origin. The grids are numbered sequentially from 0, bottom to top
and left to right. The formula for converting the grid number n into real coordinates (Xn,
Yn) in an m × m grid environment is as follows:{

Xn = mod(n, m) + 1
Yn = f ix( n

m ) + 1
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In Equation (1), m is the number of grids in each row or column, mod is the remainder
operation, and fix is the rounding operation.

3. Genetic Algorithm Improvement and Implementation
3.1. Encoding Method

This article uses grid serial numbers to encode chromosomes; that is, each path of the AGV
is composed of the grid serial numbers it passes through in the process of moving from S to G.
The red path in Figure 1 can be expressed as {S, 10, 21, 31, 42, 43, 44, 55, 66, 77, 78, 89, G}.

3.2. Population Initialization

In the existing literature, population initialization methods usually use random gen-
eration [15]. This approach tends to generate a large number of infeasible paths in the
initialized population, which affects the rate of population evolution and the quality of
individual chromosomes [15]. On this basis, this paper proposes a heuristic strategy based
on the reference [16], which integrates an improved ACO algorithm for generating initial
populations, as shown in Figure 2. The specific steps are summarized below:

(1) Determine the population size M by connecting the points S and G with a straight
line, using S as the starting point and G as the destination point.

(2) Divide the line SG vertically by the dotted line Li into n − 2 parts.
(3) The point Pi is randomly generated on the dashed line Li{i = 1, 2, . . ., n − 2} on

the dashed line Li{i = 1, 2, . . ., n − 2}, the point Pi is randomly generated, and the
coordinates of Pi are calculated as shown in Equation (2). If the generated Pi is not in
free space, a point in the neighborhood of Pi in free space is regenerated to replace it.
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Xi = X1 +
i−1
n−1 (Xn − X1) +

mranddgrid√
(X1−Xn)

2+(Y1−Yn)
2 (Yn − Y1)

Yi = Y1 +
i−1
n−1 (Yn − Y1) +

mranddgrid√
(X1−Xn)

2+(Y1−Yn)
2 (Xn − X1)

(2)

In Equation (2), n represents the length of the chromosome, dgrid is the grid size, (xi, yi)
denotes the coordinates of the randomly generated point Pi, (x1, y1) and (xn, yn) are the
starting point S and the target point G of the AGV movement, respectively, and m_rand is
a random number selected from {−m, 1 − m, · · · , m − 1, m}.

(4) Connect the randomly generated points into a continuous path. Starting from point S,
if there is no obstacle between neighboring nodes, connect them with a straight line
and go to step six. If there are obstacles, go to the next step.

(5) Since the ACO algorithm is characterized by fast search speed and optimization on
simple paths, this paper uses the ACO algorithm between two points with obsta-
cles [17]. The maximum value of horizontal distance D and vertical distance H is taken
as a square to determine the area to be planned S. Assuming that the starting point is
A and the ending point is B, the centroid coordinates of the area S are (XA+XB

2 , YA+YB
2 ).

If the path generation fails because the area is too small and there is no path, the area
of area S is increased by one unit in all directions, and then replanning is performed.
In order to increase the initialization speed of the algorithm, the area of region S can
only be increased twice. After two times, the area is set to fail to generate a feasible
path, and random points A and B are regenerated for path planning. Consider Pi and
Pi+1 at the two ends of the obstacle as the start and end points, respectively. There are
two key factors for the ants to move from the current position i to the next position j:
probabilistic selection and pheromone updating. To further improve the convergence
of the ACO algorithm and the quality of the initial population, the weighting factor
r(r ∈ (0, 1)) in the state transition probability formula is

Pk
ij =


r

τ
γ
ij ×ηε

ij

∑
k∈allowedk

τ
γ
ij ×ηε

ij
, j ∈ allowedk

0, otherwise
(3)

ηij =
1{

(xi − xj)
2 + (yi − yj)

2
} 1

2
(4)

where τij denotes the pheromone concentration, ηij denotes the pheromone inspiration
factor, γ and ε are τij and ηij the weighting coefficients, respectively, and allowedk are the
nodes that the ants can pass through when moving.

In terms of pheromone updating, this paper takes the path length as the criterion for
better convergence. If the path is smaller than the average path, it is rewarded, and vice
versa. The specific equations are as follows:

τij(t + 1) = (1 − ζ)τij(t) + ∑m
k=1 ∆τk

ij(t) (5)

∆τk
ij(t) =


3ς
Lk

+ φ Lk−Lbest
Lave−Lbest

, Lk < Lbest
2ς
Lk

+ φ Lk−Lbest
Lave−Lbest

, Lbest < Lk < Lave
ς

Lk
, else

(6)

where ζ denotes the pheromone volatilization system; ∑m
k=1 ∆τk

ij(t) denotes the pheromone

left between paths (i, j) in this iteration; ∆τk
ij(t) denotes the pheromone’s left by the ants

on the path (i, j) at the moment t; Lk denotes the path length of the ants; ς denotes the
pheromone strength, which is generally a constant; Lbest is the optimal path length; Lave is
the average length of the paths in this iteration; φ and is the weighting factor.
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(6) Determine whether goal point G has been reached. If it has, go to the next step; if it
has not, return to step 4.

(7) If there are duplicate paths in the generated individuals, delete them.
(8) If the population size equals M, stop; otherwise, repeat steps 3 to 7.

3.3. Adaptation Function

In genetic algorithms, the fitness function is used to evaluate the quality of chromo-
somes under predetermined conditions to determine the evolutionary direction of the
population. Considering the stability and economy of AGVs in practical applications, the
evaluation criteria for generating paths are path length and path smoothness. Therefore,
the objective function of the feasible path can be expressed as follows:

Ff it(W∗) = min
{

Ff it1(W), Ff it2(W)
}

(7)

In Equation (7), W∗ denotes the planned path and Ff it1(W) and Ff it2(W) are given by
Equations (8) and (9), respectively.

(1) Path length:

Ff it1(W) = ∑n−1
i=1

√
(xi+1 − xi)

2 + (yi+1 − yi)
2 (8)

In Equation (5), n is the number of nodes that generate the path, and xi and yi are the
abscissa and ordinate of the ith node, respectively.

(2) Path smoothness:

Ff it2(W) = ∑n−1
i=2 f it2 (9)

f it2 =



arccos
→
a ·

→
b

|→a |
∣∣∣∣→b ∣∣∣∣+1

10 ,−1 ≤
→
a ·

→
b∣∣∣→a ∣∣∣∣∣∣∣→b ∣∣∣∣ ≤ −0.7

arccos
→
a ·

→
b

|→a |
∣∣∣∣→b ∣∣∣∣+10

10 ,−0.7 <
→
a ·

→
b∣∣∣→a ∣∣∣∣∣∣∣→b ∣∣∣∣ ≤ 0

arccos
→
a ·

→
b

|→a |
∣∣∣∣→b ∣∣∣∣+100

10 , 0 <
→
a ·

→
b∣∣∣→a ∣∣∣∣∣∣∣→b ∣∣∣∣ ≤ 1

(10)

In Equation (10), vector
→
a = (xi − xi−1, yi − yi−1), vector

→
b = (xi − xi+1, yi − yi+1).

From Equation (7), it can be seen that the evolutionary direction of the paths planned
by the IGA is towards shorter paths and shorter number of turns and turning angles.
Therefore, the fitness function is shown in Equation (11), and the fitness function value of
the optimal path is the smallest.

Ff it(W) = α · Ff it1(W) + β · Ff it2(W) (11)

In Equation (11), α and β are the weights of each part.

3.4. Improved Genetic Operations
3.4.1. Improve Selection Operations

Traditional genetic algorithms usually use the roulette wheel selection method in the
selection phase, which may lead to premature convergence and local optimization of the
algorithm [18]. To address this phenomenon, this paper combines the improved roulette



World Electr. Veh. J. 2024, 15, 166 7 of 21

wheel selection method with the tournament selection method. To prevent population
degradation, this paper also employs an elite preservation strategy.

The enhanced roulette wheel selection method follows a specific procedure. Indi-
viduals are sorted according to their fitness values from high to low and proportionally
categorized into “high fitness individuals”, “medium fitness individuals”, and “low fitness
individuals”. If the roulette wheel selects individuals with “high fitness individuals” or
“medium fitness individuals”, they are selected accordingly. In contrast to the common
method in the literature, where “low fitness individuals” are directly discarded during
selection and the corresponding “high fitness individuals” are selected, a 2:1 ratio is used
in this paper, i.e., if “low fitness individuals” are selected, they are reselected from the
“high fitness individuals” and “medium fitness individuals”. This ensures species diversity
and effectively avoids local optimization. In addition, tournament selection is introduced,
where a number of individuals are selected directly using a tournament selection method.
This further preserves species diversity while the algorithm converges. Finally, an elite
preservation strategy was introduced to prevent species degradation.

3.4.2. Double Crossover Based on Edit Distance

As populations evolve, identical chromosomes become more common, and crossover
operations on identical chromosomes are ineffective and slow down the evolution of
populations. Therefore, a screening process based on edit distance is applied before
performing crossover operations [19]. If the edit distance between two chromosomes is too
small, the crossover operation is not performed.

After the screening process, the chromosomes are sorted in ascending order based
on their fitness values for single-point crossover. Specifically, two parent chromosomes
are randomly selected from the population, and common genes (excluding S-points and
G-points) are identified for crossover. If multiple common genes are found, any one of
them is selected for crossover.

If no common genes can be found, the decision is made based on the sorting results. If
the fitness value of the chromosome is in the top 60%, no crossover is performed to avoid
destroying the best chromosomes and to prevent population degradation. If the fitness
value of the chromosome is in the bottom 40%, a gene is randomly selected from each of
the two parent chromosomes and a new "binding chromosome" is initialized between these
two genes. The bonded chromosome is then used as an intermediary for the crossover
operation. This enhanced crossover operation can result in pathway duplication. If a
bonding chromosome is present during the crossover process, the duplicated pathway
will be removed after the crossover operation. Figure 3 below shows the flowchart of the
crossover operation based on edit distance.
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3.4.3. Simulated Annealing Three-Stage Mutation

The main purpose of the mutation operation is to improve the local searching ability
of the algorithm so that the algorithm can rid the local optimum, ensure global exploration,
maintain the diversity of the population, and prevent premature convergence [20]. The
traditional single-point random mutation operation often suffers from the problems of
path blocking and weak local searching ability. In view of this, this paper proposes a
three-step mutation strategy by combining the concept of simulated annealing on the basis
of the literature [21]. Figure 4 below illustrates the improved mutation operation. Figure 5
illustrates the Improved Mutation Operation flowchart. The specific steps are as follows.

World Electr. Veh. J. 2024, 15, x FOR PEER REVIEW  9  of  21 
 

21 31 42 43 44 55 66 77 78 8910S G

30 41 42 52 62 72 66 67 68 8920S G10 73 74 75 79

Parent：

Offspring：

21 31 4210S 42 43 44 55 66 65 77 78 89 G

20 30 4210S 42 52 62 72 66 65 67 68 79 G41 74 7573 89Three-stage variation:

Random points divide the 
path into three segments:

 

Figure 4. Improved variant operation. 

After a trisection mutation, the newly acquired chromosome must be evaluated for 

acceptance based on the Metropolis guidelines. If the fitness value of the new chromosome 

is lower than that of the old chromosome, the new chromosome is accepted. Otherwise, 

the acceptance of the new chromosome depends on the Metropolis policy defined below. 

new old

new old
new old

1 Fit Fit
P= Fit Fit

exp( ), Fit Fit
T



 

 

，               
  (12)

In Equation (12),  newFit
  represents the fitness value of the new chromosome,  oldFit

 

represents the fitness value of the old chromosome, and T denotes the current tempera-

ture. The calculation formula for T is given by 

Gen
0T T Q    (13)

In Equation (13),  0T   represents the initial temperature,  Q   is the cooling rate, and 
Gen   stands for the number of mutation occurrences. 

Start

Chromosomes are assess for mutation operation omission

The current number of mutations Gen was recorded

Fitnew>Fitold

Judge whether to accept new chromosomes 
according to the Metropolis criteria

End the mutation operation

Y

N

N

Y

Whether to go 
through each 
chromosome

accept

 Mutant chromosomes are required for three-stage mutation

 

Figure 5. Improved variant operation flowchart. 

Figure 4. Improved variant operation.

World Electr. Veh. J. 2024, 15, x FOR PEER REVIEW  9  of  21 
 

21 31 42 43 44 55 66 77 78 8910S G

30 41 42 52 62 72 66 67 68 8920S G10 73 74 75 79

Parent：

Offspring：

21 31 4210S 42 43 44 55 66 65 77 78 89 G

20 30 4210S 42 52 62 72 66 65 67 68 79 G41 74 7573 89Three-stage variation:

Random points divide the 
path into three segments:

 

Figure 4. Improved variant operation. 

After a trisection mutation, the newly acquired chromosome must be evaluated for 

acceptance based on the Metropolis guidelines. If the fitness value of the new chromosome 

is lower than that of the old chromosome, the new chromosome is accepted. Otherwise, 

the acceptance of the new chromosome depends on the Metropolis policy defined below. 

new old

new old
new old

1 Fit Fit
P= Fit Fit

exp( ), Fit Fit
T



 

 

，               
  (12)

In Equation (12),  newFit
  represents the fitness value of the new chromosome,  oldFit

 

represents the fitness value of the old chromosome, and T denotes the current tempera-

ture. The calculation formula for T is given by 

Gen
0T T Q    (13)

In Equation (13),  0T   represents the initial temperature,  Q   is the cooling rate, and 
Gen   stands for the number of mutation occurrences. 

Start

Chromosomes are assess for mutation operation omission

The current number of mutations Gen was recorded

Fitnew>Fitold

Judge whether to accept new chromosomes 
according to the Metropolis criteria

End the mutation operation

Y

N

N

Y

Whether to go 
through each 
chromosome

accept

 Mutant chromosomes are required for three-stage mutation

 

Figure 5. Improved variant operation flowchart. Figure 5. Improved variant operation flowchart.



World Electr. Veh. J. 2024, 15, 166 9 of 21

(1) Use Pm to determine whether the current chromosome should be mutated. If Pm > random
number r, then mutation occurs.

(2) Randomly select two nodes Pa and Pb (excluding S and G points) from the parent
individual WF to be mutated.

(3) These two random points divide the parent individual WF into three segments. Reini-
tializing these three segments results in a mutated chromosome.

After a trisection mutation, the newly acquired chromosome must be evaluated for
acceptance based on the Metropolis guidelines. If the fitness value of the new chromosome
is lower than that of the old chromosome, the new chromosome is accepted. Otherwise, the
acceptance of the new chromosome depends on the Metropolis policy defined below.

P =

{
1, Fitnew > Fitold

exp(− Fitnew−Fitold
T ), Fitnew ≤ Fitold

(12)

In Equation (12), Fitnew represents the fitness value of the new chromosome, Fitold
represents the fitness value of the old chromosome, and T denotes the current temperature.
The calculation formula for T is given by

T = T0 × QGen (13)

In Equation (13), T0 represents the initial temperature, Q is the cooling rate, and Gen
stands for the number of mutation occurrences.

3.4.4. Deletion Operator

After the mutation process, the paths generated may still require several iterations to
achieve smoothing [22]. Deletion operations are necessary to refine the genetic algorithm’s
chromosome [23], removing redundant nodes, speeding up population convergence, and
improving algorithm efficiency. In the following example, the red dashed line represents
the replanned path after the deletion operation.

(1) First, determine if there is an obstacle between the starting point S and P11 using the
method described in [23]. If there is no obstacle (see Figure 6), connect the redundant
nodes and delete them.

(2) Next, evaluate the connectivity between S and P17. As shown in the figure, there is an
obstacle between these two points, so P17 is retained.

(3) The process is repeated using P17 as a new reference point and applying the rules
from the first two steps, until the evaluation reaches the final node.
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In Equations (14) and (15),  𝑃௖ଵ  and  𝑃௖ଶ  represent the maximum and minimum val-

ues of  the  crossover probability,  respectively, while  𝑃௠ଵ   and  𝑃௠ଶ   represent  the maxi-

mum and minimum values of  the mutation probability, respectively.  𝑓௠௔௫  denotes  the 
maximum fitness value in the population,  𝑓௔௩௚  represents the average fitness value in the 

Figure 6. Delete the road map before and after the operation is processed.

3.5. Adaptive Adjustment of Crossover and Mutation

The genetic algorithm’s convergence and optimal solution quality are affected by the
crossover probability (P) and mutation probability (Pm). A small P can make it difficult to
generate new individuals and result in a slow search process, while a large P can disrupt
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the genetic model. A small Pm can impede population renewal and hinder the generation
of new individuals, while a large Pm can lead to a lack of direction in the search process
and the loss of good individuals [23]. An optimal balance between Pm and P is crucial
for the success of the algorithm. To address this issue, an adaptive adjustment strategy is
adopted in this paper [24]. This strategy increases P and Pm in the early stages to enhance
the algorithm’s searching ability and decreases them in the later stages to determine the
optimal individuals. The formula used for this strategy is as follows:

Pc =

{
Pc1+Pc2

2 + Pc1−Pc2
2 sin

(
f1− favg

fmax− favg
· π

2

)
, f1 ≥ favg

Pc, f1 < favg
(14)

Pm =

{
Pm1+Pm2

2 + Pm1−Pm2
2 sin

(
f2− favg

fmax− favg
· π

2

)
, f2 ≥ favg

Pm, f2 < favg
(15)

In Equations (14) and (15), Pc1 and Pc2 represent the maximum and minimum values
of the crossover probability, respectively, while Pm1 and Pm2 represent the maximum and
minimum values of the mutation probability, respectively. fmax denotes the maximum
fitness value in the population, favg represents the average fitness value in the population,
f1 is the fitness value of the individual with higher fitness during crossover and f2 is the
fitness value of the individual involved in the mutation operation.

3.6. Improved Flowchart

Figure 7 below shows a flowchart of the improved genetic algorithm of this paper.
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4. Simulation and Results Analysis
4.1. Simulation Experiment

MATLAB 2020b was used to conduct path-planning simulation experiments. A com-
parison and analysis of the traditional genetic algorithm [25] and the Improved Genetic
Algorithm proposed in this paper was performed on different scaled grid maps. Table 1
shows the specific parameters.
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Table 1. Simulation parameters.

Parameter Name Parameter Value Parameter Name Parameter Value

Number of populations 200 Grid size 1 m × 1 m
Maximum crossover probability 0.9 Minimum crossover probability 0.6

Maximum probability of variation 0.2 Minimum probability of variation 0.005
Maximum number of iterations 100 Cooling rate 0.9

Starting temperature 300 Termination temperature 0

The starting and ending points are labeled as S and G, respectively. Here is a compari-
son of the three path planning results on a 30 × 30 grid map (see Figures 8–21):
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As shown in Figures 8–10 and Figures 15–17, the quality of the paths generated by
the three algorithms improves sequentially under different scaled maps. However, the
traditional genetic algorithm generates a large number of redundant nodes, unnecessary
paths and too many corners after the same iteration due to its inherent limitations. The
improved algorithm in reference [2] reduces the path length, but still contains excessive
corners and unnecessary paths due to the fact that it does not consider the smoothness
of the paths in the fitness function. In this paper, an improved algorithm is proposed to
minimize the path corners, length and smoothness by increasing the initial population size,
improving the adaptive function and other operations. After the same number of iterations,
the IGA has the highest quality, the shortest path and the least number of corners among
the three algorithms.

Comparing Figures 11 and 18, it can be observed that the IGA exhibits the fastest
convergence rate during the path iterations, despite the presence of more obstacles, which
results in fewer feasible paths. This is due to the new initialization population opera-
tion as well as the improved crossover and mutation operations proposed in this paper.
In addition, due to the use of more advanced crossover and mutation operations, IGA
shows the best search capability and produces the shortest paths compared to the three
different algorithms.

The three algorithms compared in Figures 12, 13, 19 and 20 can be hit first, IGA has
the best search capability and the shortest path. Therefore, IGA has the best quality. This
is due to the introduction of the concept of path smoothing in this paper, which greatly
reduces the number of turns at the beginning of the iteration.

Figures 14 and 21 show that among the three algorithms, IGA has the best path fitness
value due to the improvements made at different stages. IGA also has advantages in terms
of number of iterations, path length and convergence speed compared to the algorithm
in reference [2].

Here are the results of comparing the path planning algorithms on a 40 × 40 grid map:
Table 2 below shows the simulated data for different map sizes.

Table 2. Statistics of simulation results in maps of different scales.

Map Size The Type of
Algorithm

Path Length/m Path Angle/◦ Number of Turns

Average
Value Optimum Average

Value Optimum Average
Value Optimum

10 × 10

GA 15.2853 14.4852 392 360 8.2 8

[2] 14.9237 14.4852 381 360 8.2 8

IGA 14.6345 14.2624 213 127 4.2 3

20 × 20

GA 30.1064 29.7990 629 585 13.4 13

[2] 29.4463 28.8995 594 495 12.8 11

IGA 28.0954 27.8147 316 207 10 8

30 × 30

GA 46.1955 45.1127 1047 945 22.4 21

[2] 44.5269 44.5269 802 765 17 17

IGA 44.6581 44.4910 289 84 7.2 3

40 × 40

GA 68.1886 66.9117 783 720 16.9 16

[2] 65.9460 65.9411 728 720 16.19 16

IGA 65.8953 65.8278 469 349 9.7 8

The simulation results and data comparison show that the traditional genetic algorithm
produces poor-quality initial population results. This leads to uneven paths and too many
redundant nodes, which do not effectively reduce the path length. Although the improved
algorithm in reference [2] reduces the path length, it still has unnecessary turns and
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redundant paths. This paper proposes the Improved Genetic Algorithm (IGA), which
enhances path smoothness and path length, prevents premature convergence, improves
population initialization quality, and increases convergence speed.

4.2. ROS Platform Experiment

To test the improved algorithm’s practical feasibility, we conducted experiments on an
omnidirectional AGV platform with Mecanum wheel drives, as shown in Figure 21.

The platform’s main components are as follows:
The industrial computer has the ROS (Robot Operating System) system installed.
The motion control uses microcontrollers, specifically the STM32F103ZET6 model

with three USART interfaces, a CAN bus interface, and a 485 bus interface. Additionally, it
integrates the JY901B IMU sensor.

The motors used are MOTEC’s DSEM-G series DC servo geared motors rated at 24 V
with a 30.25:1 reduction ratio and integrated high-resolution encoders. These motors
are used with MOTEC-CONRA series DC servo drives and support RS232 and CAN
communication modes.

The power supply comes from a 100 Ah Li-FePO4 battery with an output voltage of
48 V and an operating voltage range of 40 V to 58 V. The IGAs are designed for practical
evaluation purposes.

The experimental platform provides a comprehensive verification environment for
evaluating the practical applicability of the IGA.

Figure 22 shows the experimental scenario, including the cost maps displayed by RVIZ.
Black areas represent obstacles, while gray areas represent inflated areas. The navigation
task configuration and results are presented below.
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Figure 23 illustrates the experimental scenario. The AGV is passing through an obstacle
in the figure.
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Figures 24–27 show that in a real-world working environment, the GA algorithm
contains a large number of redundant nodes and right-angle turns, which increases the
probability of collisions. In contrast, the IGA is more efficient than the previous algorithm
because it has a shorter planning path and avoids redundant and nonessential turns. Table 3
indicates that the improved algorithm reduces the path length by approximately 28%, turns
by about 76%, and improves the convergence speed by about 59%. Table 4 shows that the
improved algorithm reduces the path length by approximately 20%, turns by approximately
84%, and improves convergence speed by approximately 58%. After conducting several
experiments, the combined data indicate that the improved algorithm reduces the path
length by approximately 27%, turns by approximately 63%, and improves convergence
speed by approximately 58%. These results demonstrate the feasibility and stability of the
improved algorithm proposed in this study.
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The following is a comparison of the planned paths by the two algorithms after
resetting the start and goal points following adjustments to the obstacle positions in the
experimental scene:
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Table 3. Comparison of Path 1 and Path 2 results.

Algorithm Type Path Length/m Turn Count Convergence Count

GA 9.746254 17 41
IGA 6.985546 4 17

Table 4. Comparison of Path 3 and Path 4 results.

Algorithm Type Path Length/m Turn Count Convergence Count

GA 12.44134 25 38
IGA 9.99693 4 16

5. Conclusions

This paper proposes an improvement to the traditional genetic algorithm to address
issues of premature convergence, excessive redundant nodes in generated paths, and slow
convergence speed in path planning. A new initialization method, which combines the
improved ant colony algorithm, is proposed to enhance the quality of the initial population
during the population initialization process. During the selection stage, the algorithm’s
searching ability is enhanced and premature convergence is prevented by fusing the
roulette wheel selection method and tournament selection method. In the crossover phase,
a two-layer crossover operation based on edit distance is designed to prevent ineffective
crossover and improve the iteration speed of the algorithm. During the mutation stage, a
new three-stage mutation operation inspired by the simulated annealing idea is proposed.
This enables the algorithm to effectively escape local optima. Additionally, dynamic
mutation and crossover strategies enhance the algorithm’s searching ability in the early
stage and improve the determination of optimal individuals in the later stage. The software
simulation results indicate that the Improved Genetic Algorithm (IGA) presented in this
paper outperforms both the GA and the methods described in the literature [2] in terms of
path length, path smoothness, turn freedom, and algorithm convergence speed. Practical
experiments on the ROS experimental platform have shown that the path generated by the
IGA algorithm can effectively control the algorithm to avoid falling into a local optimum
and improve the convergence speed compared to the traditional GA algorithm while
ensuring the shortest path.
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