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For the path planning and obstacle avoidance problem of mobile robots in unknown surroundings, a novel improved arti�cial
potential �eld (IAPF) model was proposed in this study. In order to overcome the shortages of low e�ciency, local optimization
trap, and unreachable target in the classical arti�cial potential �eld (APF) method, the new adaptive step length adjustment
strategy was proposed in IAPF, which improved the path planning and obstacle avoidance e�ciency. A new triangular navigation
method was designed to solve the local optimization trap in joint force zero condition for a variety of path planning. In order to
solve the target unreachable problem, a new target attraction model was established based on the distance of obstacle to improve
convergence rate, and the new method was designed such as adding the aim factor to optimize the rejection force function and so
on. �e two methods of IAPF and APF are compared using MATLAB simulation, the average path planning e�ciency of IAPF is
increased by 42.8% compared with APF, the average path length is reduced by 8.6%, and the average target convergence rate is
increased by 26.1%. Finally, the physical test of the mobile robot veri�ed the e�ectiveness and accuracy of IAPF.

1. Introduction

Due to the rapid development of industrial automation and
intelligence, as well as the constant improvement of human
living conditions, the use of robots has become more and
more extensive and has gradually become an indispensable
part of human production and life. Motion planning
technology has received widespread attention as a necessary
link in the robot’s intelligent autonomous operation [1].

In recent years, a large number of research results have
been achieved in the path planning of mobile robots. �e
conventional methods have been widely used such as the
grid method [2], A∗ algorithm [3], and arti�cial potential
�eld method [4]. In order to adapt mobile robots to di�erent
application �elds and complex and changing industrial
environments, various intelligent algorithms have emerged
to provide new solutions for mobile robot path planning.
�e commonly used intelligent algorithms include genetic
algorithm [5, 6], particle swarm algorithm [7], and neural
network algorithm [8], as well as the proposed fusion and

improvement based on the above algorithms. Among them,
compared with other algorithms that have met some
problems of the long computing time, poor real-time ob-
stacle avoidance, and many iterations under some special
circumstances, the arti�cial potential �eld method has a
simple structure, small computation, fast response time, low
hardware platform requirements, and easy underlying real-
time control, and is widely used in real-time obstacle
avoidance and smooth trajectory control.

Although it has many advantages, the classical APF
method also has some defects, such as inaccessible target and
easy to fall into local optimum [9]. Scholars have conducted
several research in e�ort to address this issue. For example, a
novel repulsive potential function was presented by Azzabi
and Nouri [10]. When a robot is locked in a local minimum,
the escape force is activated to assist the robot in breaking
free from the stalemate position and turning gradually away
from the obstacles in order to solve the local minimum
problem. Rostami et al. [11] proposed a virtual target point,
which creates a pulling force to assist the robot in escaping
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when the robot falls into a local optimal state. Batista et al.
[12] proposed a virtual obstacle model and modified the
repulsion function to solve target unreachable problems in
the planning algorithm. However, the algorithm used the
equal-step path method and the overall planning efficiency
was not high. Jung and Kim [13] used the tangent method to
solve the local minimum problem formed by multiple ob-
stacles and introduced a target factor to overcome the
problem of the unreachable target. However, when there are
multiple obstacles in front of the target point, the conver-
gence speed of the robot is slow. Pashna et al. [14] improved
the target unreachable and local minimum defects in the
classical APF method, introduced a target distance factor,
modified the repulsive force function in potential field, and
solved the target unreachable problem. +e deflection angle
method was used to construct the traction force for solving
the local minimum problem, but when escaping from the
local minimum point of multiple obstacles, the planned path
appears jagged and the path curve was not smooth obviously
enough.

Based on the existing research and problems met, the
novel improved artificial potential field (IAPF) path plan-
ning model in multiobstacles complex environment was
proposed in this study. A new triangle navigation method
was designed to establish a planning guide point when the
mobile robot fell into a local optimal situation and used the
additional attraction force of the guide point to get away
from the local minimum value and solve the local optimal
problem; An adaptive step length adjustment strategy was
proposed to dynamically adjust step length according to the
number of obstacles, so as to improve the planning efficiency
of the system. A new target attraction model based on
obstacle distance was built to improve the target conver-
gence speed, and the target distance factor was added to
optimize the repulsion function to address the problem of a
nonreachable goal.

+e structure of this study is organized as follows:
Section 2 is mainly about the existing problems in the
classical APF model. In Section 3, the corresponding im-
provement measures are proposed and a novel IAPF model
is established. Demonstration of the effectiveness and su-
periority of the IAPF algorithm through simulation and
algorithm comparison is illustrated in Section 4. Physical
tests verifying the effectiveness and accuracy of the IAPF are
introduced in Section 5. Finally, the conclusions are pre-
sented in Section 6.

+e main contributions of this study are as follows:

(i) Aiming at the optimal path planning problem of
mobile robots in unknown surroundings, a unique
IAPF model was proposed, which overcomes the
problems of the classical APF method, such as low
efficiency in algorithm planning, easy to trap local
optimum, and unreachable target.

(ii) A novel triangular navigation method was designed
to solve the local optimization trap in joint force
zero condition for a variety of path planning. +e
new adaptive step length adjustment strategy was

designed to improve the efficiency of path planning
and obstacle avoidance.

(iii) +e target attraction model based on the distance of
obstacles was built to improve the algorithm con-
vergence speed, and the repulsion function was
optimized by adding the target factor to solve the
target unreachable problem.

2. Classical Artificial Potential Field Method

+e basic idea of the APF method [15] is similar to the
“electromagnetic field,” which regards obstacles as repulsive
points and targets as attractive points to construct repulsive
and attractive potential fields. Obstacles and targets re-
spectively generate repulsive force Frep and attractive force
Fatt on the mobile robot.+emobile robot’s movement, path
planning, and real-time collision avoidance are all guided by
the joint force F. +e working principle is shown in Figure 1.

In order to calculate the attractive and repulsive forces
received by the mobile robot, first, the attractive field
function and repulsive field function are defined [16]. By
taking the negative gradient of the two potential field
functions, the attractive and repulsive functions are ob-
tained. +e classical functions of attractive field Uatt and
repulsion field Urep are as follows:
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1
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where μ is the attractive gain coefficient, σ is the repulsion
gain coefficient, qg is the distance between the current
position of the robot and the target point, qg

�→ is the unit
vector of the current position of the robot pointing to the
target point, qobs is the distance between the current
position of the robot to the obstacle, qobs

��→ is the unit vector
of the robot's current position pointing to the obstacle, and
dobs is the action distance of repulsive field of obstacle.

+e corresponding attractive function Fatt and repulsive
function Frep are as follows:
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+e formula of the joint force on the robot is as follows:

F � Fatt + 􏽘
n

1
Frep, (5)

where n is the number of obstacles.
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In robot route planning and obstacle avoidance, the
traditional APF approach is commonly employed. However,
when it is tested in a complex unknown environment, the
following problems are encountered: (i) APF adopts an equal
step planning method, which cannot be fully applied in
multiple obstacles environment, and the algorithm efficiency
needs to be improved. (ii) When the joint force of the mobile
robot is zero, the planning algorithm loses the next forward
direction and the system falls into a local optimal state. (iii)
When there are obstacles near the target point, the repulsion
force is greater than the attractive force when the mobile
robot reaches the target point, which causes themobile robot
to oscillate near the target point, the convergence speed is
slow, and even cannot reach the target point.

3. Improved Artificial Potential Field Model

In the study, to solve the problems of the classical APF
method in the path planning of mobile robot applicable to
the complex unknown environments, the corresponding
improvement methods are proposed and novel models are
established from the following three aspects.

3.1. Adaptive Step Length Adjustment Method. +e classical
APF method adopts the equal step length in the path
planning method, which has the problems of low efficiency
and long operation time and cannot be fully applied in a
complex unknown environment. +e actual test shows that
in the simple environment with a small number of obstacles,
the step length can be appropriately enlarged so as to reduce
the path points to be calculated and accelerate the robot
moving speed, which leads to improve the efficiency of path
planning and reduce the system operation time. In the
complex environment with multiple obstacles, the robot
moving speed can be decelerated by appropriately reducing
the step length, so as to reduce the collision probability.

Based on the number of obstacles, the distance between
robot and obstacle, and iteration times, an adaptive step
length adjustment method is proposed and expressed as
follows:

step � ρ
1
n
∗ 2

�����
qobs/dobs

√

∗ e
c/cmax( )

2

, (6)

where ρ is the step gain coefficient, c is the current it-
eration time, and cmax is the upper limit of iterations.

According to formula (6), step length is inversely pro-
portional to the number of obstacles, so the more obstacles
there are, the smaller step length is. Step length is pro-
portional to the distance that from robot to obstacle, the
closer the robot is to the obstacle, the smaller the step length
and the lower the collision risk. Step length is proportional to
the number of iterations, the more iterations, the larger the
step length and the faster the target convergence rate.

3.2. Triangular Navigation. In the operation process of
mobile robot, there are mainly two cases for the local optimal
problem: (i) due to the scope of the obstacles potential field,
it may happen that only one single obstacle potential field
produces repulsion, and its direction is collinear with the
attractive direction, which leads to the mobile robot wan-
dering in the current position. When the joint force is zero,
the robot stops moving. (ii) When the mobile robot en-
counters multiple obstacles, the repulsion force and at-
tractive force are collinear, which leads to the mobile robot
wandering in the current position. When the joint force is
zero, it stops moving. +e two cases are shown in Figure 2.

In view of the above two cases, the triangle navigation
method is proposed to solve the local optimal problem in
this study. +e following two cases are discussed
respectively.

3.2.1. Single Obstacle. +e move direction of the mobile
robot is provided by the joint force in the path planning.
When the repulsion force and attractive force are collinear,
the mobile robot oscillates back and forth or stops moving in
the current position, so the extra force is needed to make the
mobile robot escape from the local optimum.+e solution is
to use the triangle navigation method to determine the
guidance point, which provides an attractive force to guide
the robot escape from the local area. Figure 3 shows the
triangle navigation method in a single obstacle condition.

As shown in Figure 3, O (x, y) is the obstacle coordinate,
G (x, y) is the guidance point coordinate, and P (x, y) is the
current position coordinate of the robot. With the obstacle
as the center of the circle and the safe distance d as the radius
of the circle, the line perpendicular to straight line of
connecting the obstacle and the robot that intersects the
circle at point G is made, and guiding point G provides
additional attraction F’att to help the robot escape from the
local optimum.

+e guide point calculation formula is as follows:
���������������������

Gx − Ox( 􏼁
2

+ Gy − Oy􏼐 􏼑
2

􏽱

� d,
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� −1.
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(7)

According to the known obstacle coordinatesO(x, y) and
the robot’s current position coordinates P(x, y), the guiding
point G(x, y) can be obtained by formula (7).

F

Frep Fatt

Obstacle

Goal 

Robot

Figure 1: Schematic diagram of potential field.
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3.2.2. Multiple Obstacles. When the mobile robot encoun-
ters multiple obstacles and the joint force is zero, the robot
falls into the local optimum and oscillates back and forth or
stops. It needs to provide extra force to make the mobile
robot escape from the local optimum. +ere are two solu-
tions: the first is to pass through point B in the middle of
multiple obstacles, and the second is to pass throughG point,
the outermost point of multiple obstacles, Figure 4 shows a
schematic diagram of the two methods.

As shown in Figure 4, O (x, y) and O1 (x, y) are the
coordinates of obstacles, and B is the midpoint of O and O1.
+e first method is to determine whether the length of k is
greater than the width of the vehicle body to judge whether
the mobile robot can pass through safely. If the condition is
true, the guidance point B is calculated, and the local
optimum is escaped through the additional attraction of
point B. If the first method is not feasible, the second
method is adopted, namely, the triangulation method. +e
guide point G is determined at the outermost periphery of
the multiple obstacles, and the local optimum is escaped
through the attraction force generated by the G point.
According to the known obstacle coordinates O (x, y) and
the robot’s current position coordinates P (x, y), the co-
ordinates of the guiding point G (x, y) can be obtained by
formula (7).

3.3. Improved Repulsion Force Function. According to the
attraction force and repulsion force of classic APF formulas
(3) and (4), the closer the mobile robot to the target point is,
the less attractive force it receives. +e closer the robot to an
obstacle is, the greater repulsion force it receives. Figure 5

shows the force analysis diagram of the target unreachable of
the mobile robot.

Figure 5 shows how the mobile robot approaches the
goal position when there is an impediment nearby, and the
repulsive force Frep it receives is substantially bigger than the
attracting force Fatt. It is unable to reach the goal location
and oscillates near it.

+e repulsion function is optimized, and the distance qg
between the mobile robot and the target point is incor-
porated as an adjustment factor, in order to tackle the
problem of unreachable targets in the classical APF. +e
attractive force model Fatt1 is established to enhance the
attractiveness of the target and ensure the attractive force
received by the mobile robot near the target point is much
greater than the repulsive force, so that the robot moves to
the target point.

+e optimized repulsion force function is as follows:

Obstacle

Goal 

Robot

Frep

Fatt

(a)

Goal 

Robot

Frep

Fatt

Obstacle1
Obstacle2

Obstacle3

(b)

Figure 2: Local optimization trap. (a) Single obstacle. (b) Multiple obstacles.
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Figure 3: Triangle navigation method in single obstacle.
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Figure 4: Triangle navigation method in multiple obstacles.
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Figure 5: Schematic diagram of target unreachable.
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Frep �
Frep1 + Frep2, 0≤ qobs ≤ dobs,

0, qobs > dobs,
􏼨 (8)

where Frep1 is the repulsion force component, direction from
the obstacle to the mobile robot, and Fatt1 is the attractive
force component, direction from the mobile robot to the
target point.

Frep1 and Fatt1 specific expressions are as follows:
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where k is the scale factor.
After optimizing the repulsion function, the received

force of the mobile robot near the target point is shown in
Figure 6.

In the repulsion force function (8), the repulsion force
Frep is composed of two components Frep1 and Fatt1. +e
target distance factor qg is introduced, so that when the
mobile robot approaches the target point, the repulsive force
Frep1 component gradually decreases, and the attractive force
Fatt1 component gradually increases, so that the mobile robot
moves quickly to the target point. When the mobile robot
reaches the target position, qg becomes zero, and the joint
force F acting on the mobile robot becomes zero as well,
ensuring that themobile robot reaches the target point stably
and solving the problem of an unreachable target.

4. Simulations

In order to verify the effectiveness of the proposed IAPF
model, MATLAB 2018b was used to simulate and analyse the
path planning of the classic APF method and the IAPF
method. +e size of the simulation plane is 13m× 13m, and
the system simulation parameter settings are listed in Table 1.

4.1. Simulation Analysis of Adaptive Step Length Adjustment.
+e classical APF method adopts the equal step path
planning strategy, which is not suitable for the complex
unknown environment and has met the problems of long
system operation time and low path planning efficiency. +e
adaptive step length adjustment strategy is established and
adopted in the improved algorithm, which gets the number
and position of obstacles around the robot from the real-
time scanning data of radar and automatically adjusts the
forward step length of the mobile robot, as shown in
Figure 7.

Figure 7(a) shows the classical path planning, which
throughout adopts the equal-step path planning. Figure 7(b)
shows an improved algorithm for path planning, and the
density degree of the red dots in the curve depends on the
step length of the path planning points. When there are
many obstacles nearby, the robot planning step length de-
creases; that is, the moving speed decelerates, which reduces
the probability of robot collision. Conversely, when there are

fewer obstacles nearby, the robot planning step length in-
creases, that is, to accelerate the moving speed, reduce the
number of planning points, and improve the efficiency of
path planning.

+e specific algorithm comparison data are listed in
Table 2. +e IAPF algorithm has greatly improved the
performance of the classical APF algorithm, the system
planning efficiency has increased by 44.1%, the target
convergence speed has increased by 26.3%, and the data
calculated are listed in Table 2.

4.2. Local Optimal Simulation Analysis

4.2.1. Single Obstacle Situation. For the classic APF method,
when the joint force of a single obstacle is zero, the robot loses
the force of the potential field and loses the next planning path,
so the robot stops moving. +e simulation result is shown in
Figure 8. Figure 8(a) depicts the robot being stuck at a local
optimum. Under the potential field distribution, the robot is
imprisoned in a local minimum, as shown in Figure 8(b). +e
coordinates of theminimumpoint are (5.62, 5.62). At this time,
the mobile robot has a potential energy of 115.2 J.

For the IAPF method, when the robot falls into the local
optimal state, the triangulation navigation method is started
to generate a guide point. +e guide point provides the
attractive direction to help the mobile robot escape the local
optimal state.+e simulation result is shown in Figure 9.+e
improved model enables the mobile robot to overcome the
local minimum and plan the destination path successfully.

Table 3 lists the simulation results for a single obstacle.
+e classical APF method falls into the local optimum, the
robot stops moving, and the number of iterations is infinite.

F

Frep1

Fatt

Obstacle
Goal

Robot

Fatt1

Frep

Figure 6: Optimized repulsion force function.

Table 1: Parameter setting.

Name Symbol Value
Attractive coefficient µ 11
Repulsion coefficient 1 σ 3
Repulsion coefficient 2 k 2
Obstacle influence distance (m) dobs 1.5
Vehicle width (m) width 0.8
Vehicle length (m) length 1
Step length (m) T_step 0.1
Number of cycles cmax 1000
Starting position (m) P0 (0, 0)
Target location (m) Pg (12, 12)
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Figure 7: Simulation analysis of adaptive step length adjustment. (a) Classical APF algorithm. (b) IAPF algorithm.

Table 2: Algorithm comparison simulation data.

Simulation time (s) Number of iteration (s) Planning efficiency∗1 (improved) Target convergence
speed∗2 (improved)

Classical APF method 0.1367 186 44.1% 26.3%IAPF method 0.0765 137
Note: ∗1 planning efficiency� | (simulation time of the IAPF method− imulation time of the classical APF method) | /simulation time of the classical APF
method. ∗2 target convergence speed� | (number of iterations of the IAPFmethod−number of iterations of the classical APFmethod) | /number of iterations
of the classical APF method.
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Figure 8: Simulation results of classical APF on single obstacle. (a) Trapped in local optimum. (b) Local most dominant field distribution.
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+e IAPF method solves the local optimal problem and
reaches the target point smoothly. +e whole process is
iterated 112 times, with high efficiency and high speed.

4.2.2. Multiple Obstacles Situation. In the case of mul-
tiple obstacles and complex unknown environments, the
mobile robot is easy to fall into the local optimal state, as

shown in Figure 10. +e robot is caught in local opti-
mization, as shown in Figure 10(a). In Figure 10(b), it can
be seen that the robot is at the local minimum point (7.91,
6.34). At this time, the potential energy of the mobile
robot is 83.1 J.

When the mobile robot is in the local optimal state, the
triangle navigation method of the IAPF model is used to
establish the guidance point, which helps the robot
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Figure 9: Simulation results of IAPF on single obstacle.

Table 3: Local optimal simulation results of a single obstacle.

Algorithm Obstacle Local optimum Guidance point Number of iterations
Classical APF method (6, 6) (5.62, 5.62) Nothing ∞
IAPF method (6, 6) (5.62, 5.62) (6.7, 5.2) 112
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Figure 10: Simulation results of APF method on multiobstacles. (a) Trapped in local optimum. (b) Potential field distribution in local
optimum.
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successfully plan the path to the destination, and the path is
smooth, as shown in Figure 11.

+e simulation results of multiple obstacles are listed in
Table 4. +e APF method falls into the local optimum, the
robot stops moving, and the number of iterations is infinite.
+e IAPF method solves the local optimal problem, and the

whole process is iterated by 180 times, achieving fast
convergence.

4.3. Target Unreachable Simulation Analysis. When obsta-
cles are encountered near the target, the problem of target
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Figure 11: Simulation results of IAPF method with multiple obstacles.

Table 4: Local optimal simulation results of multiple obstacles.

Algorithm Obstacles Local optimum Guidance point Number of iterations
APF (3, 2), (3, 4), (6, 6.5), (7, 7), (8, 7), (8.5, 7), (9, 7), (9, 8), (10, 9) (7.91, 6.34) Nothing ∞
IAPF Dittos (7.91, 6.34) (9.4, 6.2) 180
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Figure 12: Simulation results of the classic APF method. (a) Target unreachable. (b) Potential field distribution condition of target
unreachable.
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unreachable will occur by the APF method, as shown in
Figure 12. Figure 12(a) shows the robot coming to a halt near
the target spot. +e repulsive force is seen near the target
point in Figure 12(b), and the robot is unable to approach
the target point directly, stopping at the coordinates (11.6,
12.3). At this time, the mobile robot has a potential energy of
8.6 J.

By improving the repulsion force model and optimizing
the distance between the mobile robot and the target object
into the repulsion function, the problem can be solved
successfully. As shown in Figure 13, the robot overcomes the
influence of repulsion and successfully reaches the endpoint.

+e parameters of the simulation results of the target un-
reachable problem are listed in Table 5.+eAPFmethod cannot
reach the target point, and the iteration times are infinite. +e
IAPF method reaches the target point after 118 iterations.

4.4. Comparative Simulation Analysis. According to the
improved algorithm and the classical algorithm, several
simulation experiments have been carried out, and the
simulation is shown in Figure 14. Compared with the
classical algorithm, the improved algorithm has a smoother
path, shorter planned path, and faster convergence speed.
Table 6 lists that the modified algorithm’s average path
planning efficiency has increased by 42.8%, while the average

path length has decreased by 8.6%. +e target’s average
convergence speed has improved by 26.1%.

5. Experiments

To test the viability of the suggested real-time planning
algorithm, it is used to plan the paths of mobile robots in
unknown surroundings in order to obtain the defined target
information without colliding. +e host is a Jetbot mobile
robot equipped with XR-Lidar S1 radar, and the slave is a
notebook computer with a processor Intel Core i5-6300 and
running memory of 16GB. In the ROS Kinetic system of
Ubuntu16.04, the surrounding environment information is
obtained through the corresponding sensors for two-di-
mensional map construction and feasible path planning.
According to the size of the prototype, a 6∗ 8m ground
environment was selected for verification, and several
cardboard boxes were placed as obstacles in the environ-
ment. +e specific scenario is shown in Figure 15.

+e Jetbot mobile robot is started, the Linux is opened on
the computer, and the ROS system is loaded to enable the
mobile robot to communicate with the computer. +e
mobile platform collects surrounding obstacle data through
radar and odometer and transmits the collected data to the
computer. +e computer calls the gmapping function
package to model the actual environment map. +e mobile

Table 5: Simulation results of target unreachable.

Algorithm Obstacles Stop point Number of iterations
APF (3, 2), (3, 4), (7, 9), (8, 7) (12, 11.5) (11.6, 12.3) ∞
IAPF Dittos (12, 12) 118
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Figure 13: Simulation results of IAPF method.
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Figure 14: Algorithm simulation comparison. (a) Simulation one. (b) Simulation two. (c) Simulation three.

Table 6: Algorithm comparison on simulation data.

Simulation
time (s)

Path length
(m)

Number of
iterations

Planning efficiency
(improved)

Path length∗1

(decreased) (%)
Target convergence
speed (improved)

Simulation one APF 0.1234 19.2 186 44.6 10.4 29.1IAPF 0.0683 17.2 132

Simulation two APF 0.1354 18.7 174 37.2 8.5 27.0IAPF 0.0853 17.1 127
Simulation
three

APF 0.1172 18.6 183 46.8 6.9 22.4IAPF 0.0723 17.3 142
Average planning efficiency (increased) 42.8%
Average path length (decreased) 8.6%
Average convergence speed (increased) 26.1%
Note:∗1 path length: | (path length of IAPF− path length of APF) | /path length of APF.
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(a) (b)

Figure 15: Test site. (a) Scene 1. (b) Scene 2.

(a) (b)

Figure 16: Raster map. (a) Scene 1 mapping. (b) Scene 2 mapping.

(a) (b)

Figure 17: Improved algorithm navigation path map. (a) Scene 1 path planning. (b) Scene 2 path planning.
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robot scans the actual environment to obtain a grid map, as
shown in Figure 16.

+e improved algorithm is used as a global planner in the
ROS system in the form of a plug-in, and the parameters of
the experimental platform are adjusted to write the launch
file. +e yaml file is loaded through rosparam to configure
the platform parameters, the starting pose and target pose
are set on the rviz visualization interface, and a global path is
planned in the grid map. +e path is shown in Figure 17. It
can be seen from the path planning in the grid map that the
improved algorithm successfully planned a feasible path
with a smoother trajectory, which verified the feasibility of
the improved artificial potential field algorithm.

+e actual operation result of the ROS mobile platform
in the ground environment is shown in Figure 18.

6. Conclusions and Future Work

Aiming at the problems existing in the application of
classical APF method for mobile robots, a path planning
model based on IAPF is designed. +e simulation results
show that the average path planning efficiency of the im-
proved model increases by 42.8%, the average path length
decreases by 8.6%, and the average target convergence speed
increases by 26.1%, which verifies the effectiveness and
accuracy of the IAPF.

A novel triangle navigation method is designed, and the
guiding point is established to solve the problem that the
mobile robot falls into local optimum. Adaptive step length
adjustment strategy is designed, and step length is reason-
ably planned according to the number of obstacles, so as to
improve the operation efficiency of the algorithm. A new
target attractive force model based on obstacle distance is

built to improve the convergence speed of the target, and a
target factor is added to optimize the repulsion function,
which solves the problem of unreachable targets.

+e research described in the study was completed in a
static environment with certain limitations and did not
consider the presence of dynamic obstacles. +erefore, the
dynamic obstacle environment will be studied in the future
to realize the real-time obstacle avoidance function of the
mobile robot. In addition, several aspects of the works in this
study remain to be further investigated: first, the paths are
deredundantly processed to get shorter paths. Second, the B
spline curve strategy is introduced to smooth the paths.
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