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Abstract: Aiming at the inherent defects of the traditional Artificial Potential Field (APF) method 
in local obstacle avoidance path planning for intelligent vehicles, including the Goal Non-
Reachable with Obstacles Nearby (GNRON) problem, local minima traps, and path oscillation 
near obstacles, this paper proposes an improved APF method. The improvements include three 
aspects: introducing a relative distance factor to reconstruct the repulsive potential field function 
so that the repulsive force naturally vanishes at the goal position; designing a virtual sub-goal 
guidance strategy that generates a temporary sub-goal in the gradient-perpendicular direction 
when the vehicle is detected to be trapped in a local minimum; and constructing an adaptive step-
size mechanism that dynamically adjusts the motion step according to obstacle proximity. 
Comparative experiments are conducted in six typical simulation scenarios with 50 independent 
trials each. Results show that the improved algorithm achieves 100% goal reachability across all 
scenarios, while the traditional APF completely fails in three challenging scenarios (GNRON, U-
trap, symmetric obstacles) and only succeeds in three simpler ones. In the complex comprehensive 
scenario, path length is reduced by 5.5% and path smoothness is improved by 32.9%. The adaptive 
step-size strategy reduces path length by 23.5% and improves smoothness by 28.6% compared to 
fixed step sizes. Parameter sensitivity analysis demonstrates that 96.7% of parameter combinations 
yield successful path planning, indicating strong robustness. 
 
Keywords: Artificial Potential Field; Path Planning; Local Obstacle Avoidance; Local Minima; 
Adaptive Step Size; Intelligent Vehicle 

 
1. Introduction 
1.1 Research Background and Significance 

Path planning is essential for autonomous navigation in intelligent vehicles. Global methods, such 
as A* and Dijkstra’s algorithm, require complete map information and are mainly suitable for known 
static environments, whereas local methods use online sensor information and are more appropriate 
for dynamic or partially unknown environments [1,2,15]. Among local methods, the Artificial Potential 
Field method (APF) is attractive because of its simple formulation, low computational cost, and real-
time capability [1,3,4]. However, traditional APF suffers from goal non-reachability near obstacles, 
local-minimum trapping, and path oscillation, which limit its application in complex environments 
[5,8]. This study therefore develops an integrated APF improvement addressing all three limitations. 
1.2 Research Status at Home and Abroad 
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Existing APF improvements mainly address GNRON, local minima, and path oscillation. Goal-
distance factors and modified potential functions have been proposed for GNRON [5–7]. Detection 
criteria, virtual sub-goals, danger indices, and virtual walls have been used to escape local minima [8–
11,19]. Modified repulsive fields and global–local integration have also been investigated to improve 
path quality [3,12–14]. However, most existing studies address only one limitation at a time. This paper 
therefore integrates a reconstructed repulsive field, deterministic virtual sub-goal guidance, and 
adaptive step-size control into a unified framework. 
 
1.3 Main Work and Contributions of This Paper 

The main contributions are as follows: (1) a goal-distance-weighted repulsive field with 
convergence analysis for the GNRON problem; (2) a deterministic gradient-perpendicular sub-goal 
strategy for local-minimum escape; (3) an obstacle-distance-based adaptive step-size mechanism for 
oscillation suppression; and (4) integration and validation of the three components in six simulation 
scenarios. 
 
2. Traditional Artificial Potential Field Method and Its Problem Analysis 
2.1 Basic Principles of the Artificial Potential Field Method 

The Artificial Potential Field method abstracts the robot’s motion space as a virtual potential field, 
in which the robot moves from the starting point to the target point under the action of the resultant 
force of the potential field. Let 𝒒𝒒 ∈ 𝑅𝑅2 denote the current robot position, 𝒒𝒒𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 ∈ 𝑅𝑅2 the goal position, 
and 𝐪𝐪obs,𝑖𝑖 ∈ R2 the center of the 𝑖𝑖th obstacle. 

The attractive potential field function is defined as: 

𝑈𝑈𝑎𝑎𝑎𝑎𝑎𝑎(𝑞𝑞) =
1
2 𝑘𝑘𝑎𝑎𝑎𝑎𝑎𝑎𝜌𝜌2 �𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (1) 

Where 𝑎𝑎𝑎𝑎𝑎𝑎  denotes the attractive gain coefficient, and 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) = ‖𝑞𝑞 − 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔‖  represents the 
Euclidean distance from the robot to the target. The attractive force is defined as the negative gradient 
of the potential field: 

𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎�𝑞𝑞� = −𝛻𝛻𝑈𝑈𝑎𝑎𝑎𝑎𝑎𝑎�𝑞𝑞� = −𝑘𝑘𝑎𝑎𝑎𝑎𝑎𝑎�𝑞𝑞 − 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (2) 
As shown in Eq. (2), the direction of the attractive force always points toward the target, and its 

magnitude is proportional to the distance from the robot to the target. When the robot is far from the 
target, the attractive force is relatively large; as the robot approaches the target, the attractive force 
gradually tends to zero. 

The traditional repulsive potential field function is defined as: 

𝑈𝑈𝑟𝑟𝑟𝑟𝑟𝑟�𝑞𝑞� =
1
2 𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 �

1
𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� −

1
𝜌𝜌0

�
2

, 𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� ≤ 𝜌𝜌0 (3) 

When 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) > 𝜌𝜌0 , 𝑈𝑈𝑟𝑟𝑟𝑟𝑟𝑟(𝑞𝑞) = 0 . Here, 𝑟𝑟𝑟𝑟𝑟𝑟  denotes the repulsive gain coefficient, 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) 
represents the shortest distance from the robot to the obstacle, and 𝜌𝜌0 denotes the obstacle influence 
radius. Taking the gradient of Eq. (3) yields the repulsive force: 

𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟�𝑞𝑞� = 𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 �
1

𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� −
1
𝜌𝜌0

�
1

𝜌𝜌2�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜�
𝛻𝛻𝛻𝛻�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� (4) 

Driven by the resultant force 𝐹𝐹(𝑞𝑞) = 𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎(𝑞𝑞) + ∑𝑖𝑖𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟,𝑖𝑖(𝑞𝑞), the robot moves iteratively. At each step, 
it advances along the direction of the resultant force with a fixed step size δ, until it reaches the target 
or the maximum number of iterations is reached. 
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Figure 1: Basic flowchart of the traditional APF algorithm. 

 
As shown in Figure 1, the traditional APF algorithm iteratively calculates the attractive and 

repulsive forces and moves the robot along the resultant-force direction. Its computational complexity 
per iteration is 𝑂𝑂(𝑀𝑀), where 𝑀𝑀is the number of obstacles. Despite its efficiency, the method suffers 
from three inherent limitations. 

 
2.2 Analysis of the Goal Non-Reachable Problem 

When obstacles are located near the target point (𝜌𝜌(𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) < 𝜌𝜌0), the attractive force decreases 
according to Eq. (2) as the robot approaches the target, whereas the repulsive force remains relatively 
large according to Eq. (4). When the repulsive force is greater than the attractive force, the direction of 
the resultant force deviates from the target, causing the robot to repeatedly wander near the target and 
fail to reach it. 

From a mathematical perspective, when 𝑞𝑞 → 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 , ‖𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎‖ = 𝑘𝑘𝑎𝑎𝑎𝑎𝑎𝑎𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) → 0 . However, if 
𝜌𝜌(𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) < 𝜌𝜌0, then ‖𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟‖ > 0. As a result, the resultant force at the target point is nonzero and its 
direction deviates from the target. The root cause of this problem is that the traditional repulsive force 
function is independent of the distance to the target and lacks a coordination mechanism with the 
navigation objective. 
 
2.3 Analysis of the Local Minima Problem 

A local minimum refers to a non-target equilibrium point in the potential field, namely 𝐹𝐹(𝑞𝑞∗) = 0 
but 𝑞𝑞∗ ≠ 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔. A typical scenario is a region enclosed by U-shaped obstacles: after the robot enters the 
interior of the U-shaped structure, the repulsive force generated by the bottom wall and the attractive 
force reach equilibrium at a certain point, resulting in a zero resultant force and causing the robot to 
stagnate. Assume that the U-shaped structure consists of a left wall, a bottom wall, and a right wall. 
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The bottom wall generates a backward repulsive force, while the lateral repulsive forces from the left 
and right walls cancel each other out due to symmetry. When ‖𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟,𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏‖ = ‖𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎‖, a stable equilibrium 
is formed. A similar problem also occurs in environments with symmetrically distributed obstacles: the 
lateral repulsive forces from obstacles on both sides cancel each other out, while the longitudinal forces 
reach equilibrium. 

 
2.4 Analysis of the Path Oscillation Problem 

In narrow passages, the obstacles on both sides of the robot are close to the robot, and the repulsive 
forces from the left and right sides alternately dominate, causing the direction of the resultant force to 
switch repeatedly. When the fixed step size is too large, the displacement may exceed the safe range of 
the passage, resulting in zigzag oscillations. Experimental data show that a large fixed step size (0.5m) 
leads to planning failure in complex environments, with a success rate of 0%, whereas a small fixed 
step size (0.1m) allows the robot to pass through but increases the path length by more than 30%. 

 

 
Figure 2: Schematic illustration of the three major defects of the traditional APF method. 

 
Figure 2 illustrates the three typical defects of the traditional APF method: goal non-reachability, 

local-minimum trapping, and path oscillation. These problems limit its applicability in complex 
environments. 

 
3. Improved Artificial Potential Field Method 
3.1 Improved Repulsive Potential Field Function 

To solve the goal non-reachable problem, this paper introduces a relative distance factor between 
the robot and the target based on the Ge-Cui method [5] to reconstruct the repulsive potential field 
function. The core idea of the Ge-Cui method is to make the repulsive force positively correlated with 
the distance to the target. This paper adopts its mathematical framework and selects n=2 as the distance-
factor exponent: 

𝑈𝑈𝑟𝑟𝑟𝑟𝑟𝑟
′ �𝑞𝑞� =

1
2 𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 �

1
𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� −

1
𝜌𝜌0

�
2

⋅ 𝜌𝜌𝑛𝑛�𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔�, 𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� ≤ 𝜌𝜌0 (5) 

When 𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� > 𝜌𝜌0 , 𝑈𝑈𝑟𝑟𝑟𝑟𝑟𝑟
′ (𝑞𝑞) = 0 . Here, 𝜌𝜌𝑛𝑛(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) denotes the relative distance factor, with 

𝑛𝑛 = 2 This factor makes the repulsive potential energy positively correlated with the distance from the 
robot to the target: when 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) → 0, 𝑈𝑈𝑟𝑟𝑟𝑟𝑟𝑟

′ → 0, and the repulsive force naturally vanishes. 
Unlike the original Ge-Cui formulation, the proposed framework further incorporates local-

minimum escape and adaptive step-size control. 
Taking the gradient of the improved repulsive potential field yields two components: 
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𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟
′ �𝑞𝑞� = 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟1�𝑞𝑞� + 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟2�𝑞𝑞� (6) 

The first component acts in the direction away from the obstacle: 

𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟1�𝑞𝑞� = 𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 �
1

𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� −
1
𝜌𝜌0

�
𝜌𝜌𝑛𝑛�𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔�
𝜌𝜌2�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜�

𝛻𝛻𝛻𝛻�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� (7) 

The second component points toward the target: 

𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟2�𝑞𝑞� = −
𝑛𝑛
2 𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 �

1
𝜌𝜌�𝑞𝑞, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜� −

1
𝜌𝜌0

�
2

𝜌𝜌𝑛𝑛−1�𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔�𝛻𝛻𝛻𝛻�𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔� (8) 

Theorem 1 (Convergence at the target point): When 𝑛𝑛 ≥ 2, the improved repulsive force 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟
′ (𝑞𝑞) 

is strictly zero at the target point 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔. 
Proof: When 𝑞𝑞 → 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) → 0. 

For 𝑟𝑟𝑟𝑟𝑟𝑟1 in Eq. (7), the factor 𝜌𝜌𝑛𝑛(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) tends to zero as 𝑞𝑞 → 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, while ( 1
𝜌𝜌(𝑞𝑞,𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) − 1

𝜌𝜌0
) 1

𝜌𝜌2(𝑞𝑞,𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜)
 

remains bounded near the target under the prerequisite that the target and the obstacle do not coincide, 
namely 𝜌𝜌(𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) > 0. Therefore, 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟1 → 0. 

For 𝑟𝑟𝑟𝑟𝑟𝑟2  in Eq. (8), when 𝑛𝑛 = 2, 𝜌𝜌𝑛𝑛−1(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) = 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) → 0 . Regarding the issue that 

𝛻𝛻𝛻𝛻(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) =
𝑞𝑞−𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

‖𝑞𝑞−𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔‖
 is undefined at 𝑞𝑞 = 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, it should be noted that the product 𝜌𝜌𝑛𝑛−1𝛻𝛻𝛻𝛻 = 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) ⋅

𝑞𝑞−𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔
‖𝑞𝑞−𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔‖

= 𝑞𝑞 − 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 → 0 tends to the zero vector in vector value. Therefore, 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟2 → 0.  

When 𝑛𝑛 > 2, 𝜌𝜌𝑛𝑛−1 → 0  has a faster convergence rate 𝑂𝑂(‖𝑞𝑞 − 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔‖𝑛𝑛−1) , indicating stronger 
convergence. 

In summary, at the target point, the resultant force is determined only by the attractive force 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟
′ =

𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟1 + 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟2 = 0, 𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎 → 0, and the robot is in a stable equilibrium state at the target point. 
It should be noted that the above proof requires that the target and the obstacle do not coincide, 

namely 𝜌𝜌(𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) > 0. In practical applications, this condition is always satisfied. 
 

 

Figure 3: Comparison of the Repulsive Force Field Before and After Improvement. 

 
Figure 3 shows that the traditional field retains nonzero repulsion near the goal, whereas the improved 
field makes the repulsive force vanish at the goal while preserving obstacle-avoidance capability 
elsewhere. 
 
3.2 Virtual Sub-goal Escape Strategy 

This paper designs a deterministic escape strategy: when a local minimum is detected, a virtual 
sub-goal is generated to guide the robot around the trap. 
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A local minimum is detected when the accumulated displacement over 𝐾𝐾 = 10 consecutive steps 
is smaller than the trap threshold 𝜀𝜀trap:  

��𝑞𝑞𝑡𝑡+1 − 𝑞𝑞𝑡𝑡�
𝑡𝑡0+𝐾𝐾

𝑡𝑡=𝑡𝑡0

< 𝜖𝜖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (9) 

Where 𝜖𝜖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐾𝐾 ⋅ 𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚 ⋅ 0.1 = 0.1m, indicating that the accumulated displacement is less than 10% 
of the minimum step size, which means that the robot is essentially stagnant. 

After a trap is detected, the direction of the resultant force is calculated at the current position, and 
a sub-goal is generated in the perpendicular direction: 

𝑞𝑞𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑞𝑞𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 ⋅ 𝑔𝑔^
⟂ (10) 

Where 𝑔𝑔^⟂ is the vector obtained by rotating 𝑔𝑔^clockwise by 90 degrees. If an obstacle exists 
within the range of this direction, the counterclockwise direction is selected instead, ensuring that the 
sub-goal lies outside the obstacle influence range. Here, 𝑑𝑑sub = 1.5𝜌𝜌0. After it is generated, the sub-goal 
temporarily replaces 𝐪𝐪goal in the resultant-force calculation. Once the robot reaches the sub-goal or 
leaves the trap region, the original goal is restored. The maximum number of escape steps is set to 
𝑁𝑁esc = 200  to prevent infinite loops. 

 

Figure 4: Flowchart of the virtual sub-goal escape strategy. 

 
Figure 4 summarizes the deterministic virtual sub-goal escape procedure. 
 

3.3 Adaptive Step-size Mechanism 
This paper constructs an adaptive step-size mechanism associated with the distance to obstacles: 
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𝛿𝛿�𝑞𝑞� = 𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚 + (𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚 − 𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚) ⋅ 𝑚𝑚𝑚𝑚 𝑛𝑛 �
𝜌𝜌𝑚𝑚𝑚𝑚𝑚𝑚�𝑞𝑞�

𝜌𝜌0
, 1� (11) 

Where 𝛿𝛿min = 0.1 m, 𝛿𝛿max = 0.5 m, and 𝜌𝜌min(𝐪𝐪)denotes the distance to the nearest obstacle. When 
𝜌𝜌min ≥ 𝜌𝜌0, the step size is 𝛿𝛿max, enabling efficient passage; as 𝜌𝜌min → 0, it approaches 𝛿𝛿min, allowing 
fine control near obstacles. The linear transition preserves path continuity and suppresses oscillation. 

Compared with the fixed 0.1 m step, the adaptive strategy reduced the path length and turning-
angle sum by 23.5% and 28.6%, respectively, whereas the fixed 0.5 m step failed. 

 
3.4 Overall Workflow of the Improved Algorithm 

The execution process integrating the three improvements is as follows: 
Algorithm 1: Improved Artificial Potential Field Method 

Input: start position 𝐪𝐪0 , goal position 𝐪𝐪goal , obstacle set �𝐪𝐪obs,𝑖𝑖� , and parameters 
𝑘𝑘att, 𝑘𝑘rep, 𝜌𝜌0, 𝛿𝛿min, 𝛿𝛿max, 𝑛𝑛 

Output: planned path 𝒬𝒬 = {𝐪𝐪0, 𝐪𝐪1, … , 𝐪𝐪𝑇𝑇}. 
1. Initialize: 𝑞𝑞 ← 𝑞𝑞0, 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ← 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ←false, 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ← 0 
2. while 𝜌𝜌(𝑞𝑞, 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) > 𝑑𝑑𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 and 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 < 𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 do 
3. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 if a local minimum is detected according to Eq. (9) then 
4. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞\𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 Generate a sub-goal according to Eq. (10); 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ← 𝐪𝐪sub; 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ← 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
5. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 else if 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 and (the sub-goal has been reached or the trap region has been exited) 
then 
6. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞\𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞  𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ← 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 
7. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 end if 
8. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 Calculate  𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎(𝑞𝑞)  (according to Eq. (2), with the attractive force pointing toward 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) 
9. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 Calculate 𝐅𝐅repaccording to Eqs. (6)–(8), using 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 in place of 𝐪𝐪goal 
10. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 𝐹𝐹 ← 𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎 + ∑𝑖𝑖𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟,𝑖𝑖

′  
11. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 Calculate the adaptive step size according to Eq. (11) 
12. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 𝑞𝑞 ← 𝑞𝑞 + 𝛿𝛿(𝑞𝑞) ⋅ 𝐹𝐹^ 
13. \𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ← 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 1 
14. end while 
15. return 𝒬𝒬 
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Figure 5: Overall architecture of the improved APF algorithm. 

 
Figure 5 presents the overall architecture of the proposed method, which integrates the improved 

repulsive field, virtual sub-goal guidance, and adaptive step-size control. Its computational complexity 
is 𝑂𝑂(𝑇𝑇𝑇𝑇), where 𝑇𝑇 is the number of iterations and 𝑀𝑀is the number of obstacles, which is of the same 
order as that of the traditional APF method. 

 
4. Simulation Experiments and Results Analysis 
4.1 Simulation Environment and Parameter Settings 

A two-dimensional simulation platform was developed using Python. The robot was modeled as 
a point robot, without considering its physical dimensions. Six typical scenarios were designed, and 
each scenario was repeated 50 times. The compared methods included the traditional APF, the 
improved APF, and RRT [16,17]. The same start and target points and obstacle configurations were 
used to ensure fairness. The evaluation metrics included goal reachability, path length, planning time, 
path smoothness, defined as the sum of turning angles, and the minimum safety distance. 

RRT was included only as a global-planning benchmark because it assumes complete map 
information, whereas APF relies on local sensing. The 50 repetitions were used to measure runtime 
variation for the deterministic APF methods and path-statistic variation for the stochastic RRT method. 

The simulation parameters are summarized in Table 1. For scenario S5, the start and goal positions 
were (1, 1)and (28, 28), respectively; the remaining scenarios used the configurations described below. 
The simulations were implemented in Python 3.10 with NumPy 1.24 on an Intel Core i7 processor. 

 
Table 1: Simulation Experiment Parameter Settings. 

Parameter Symbol Value Unit 
Attraction gain att 5.0 — 
Repulsion gain rep 80.0 — 

Obstacle influence 
radius 

ρ0 3.0 m 
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Distance factor 
exponent 

n 2 — 

Adaptive step-size 
range 

δ [0.1, 0.5] m 

Maximum number of 
iterations 

max 3000 — 

Goal-reaching 
threshold 

goal 0.5 m 

Trap-detection window K 10 steps 
Trap-detection 

threshold 
trap 0.5 m 

Subgoal distance sub 1.5𝜌𝜌0= 4.5 m 
Maximum escape steps esc 200 — 
Number of repetitions 

per scenario 
— 50 times 

Note: The parameter values were determined based on the results of the parameter sensitivity analysis, 
as detailed in Section 4.6. 

 
The six scenarios were designed as follows: S1, a simple open environment, 20 × 20 m with 5 

obstacles; S2, a goal non-reachable environment, with 4 obstacles near the target; S3, a U-shaped trap, 
formed by 16 obstacles; S4, a narrow passage, formed by 16 obstacles arranged as parallel passages 
with a passage width of 4 m; S5, a complex comprehensive environment, 30 × 30 m with 12 mixed 
obstacles; and S6, a symmetric-obstacle environment, with 5 symmetrically distributed obstacles. 

 
4.2 Verification of the Goal Non-Reachable Scenario 

In scenario S2, the target is tightly surrounded by four obstacles (𝜌𝜌(𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜) < 𝜌𝜌0). The traditional 
APF has a success rate of 0%, because the repulsive force at the target is always greater than the 
attractive force. In contrast, the improved APF achieves a success rate of 100%, because the distance 
factor causes the repulsive force to decay to zero near the target. 

 

 
Figure 6: Path comparison in the goal non-reachable scenario. 
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As shown in Figure 6 and Table 2, the improved APF successfully reaches the goal, whereas the 

traditional APF fails. RRT produces a shorter path because it uses complete global-map information, 
while the improved APF maintains a larger obstacle-clearance margin. 

 
4.3 Verification of Local Minimum Escape 

In the S3, U-shaped trap, and S6, symmetric-obstacle, scenarios, the traditional APF completely 
fails, with a success rate of 0%, whereas the improved APF achieves a success rate of 100% in both 
scenarios. 

 

 
Figure 7: Path comparison for local minimum escape. 

 
Figure 7 shows that the traditional APF stagnates at the force-equilibrium point in the U-shaped 

scenario, whereas the improved APF generates a virtual sub-goal and successfully escapes the trap. 
Table 2 further shows that the deterministic clockwise rule also enables successful escape in the S6 
symmetric-obstacle scenario. The improved APF succeeds in both scenarios. 

 
4.4 Verification of Path Oscillation Suppression 

In the S4 narrow-passage scenario, all three methods succeed. Because the passage is relatively 
wide, the difference between the traditional and improved APF methods is limited. 

 

 
Figure 8: Comparison of Path Oscillation in the Narrow-passage Scenario. 
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Figure 8 shows that the adaptive step-size mechanism slightly reduces directional jitter in the 
narrow passage. Its advantage is more evident in S5, where the turning-angle sum decreases by 32.9% 
and the path length decreases by 5.5%. 

 
4.5 Comprehensive Performance Comparison 

The S5 complex comprehensive environment, 30 × 30 m with 12 mixed obstacles, comprehensively 
tests the capability of the algorithms. All three methods succeed in this scenario, with a success rate of 
100%. 

 
Figure 9: Path comparison of multiple methods in the comprehensive environment. 

 
Figure 9 shows that the adaptive mechanism uses smaller steps near obstacles and larger steps in 

open regions, producing a more compact path. The quantitative results for all six scenarios are 
summarized in Table 2. 

 
Table 2: Comprehensive Performance Comparison of Multiple Methods Across Multiple Scenarios. 

Scenario Method 
Success 
Rate (%) 

Path 
Length (m) 

Planning 
Time (ms) 

Smoothness 
(rad) 

Minimum 
Safety 

Distance 
(m) 

Simple Open 
Environment 

(S1) 

Traditional 
APF 

100 25.46 ± 0.00 5.02 ± 1.02 0.00 5.76 

Simple Open 
Environment 

(S1) 

Improved 
APF 

100 25.46 ± 0.00 4.42 ± 0.88 0.00 5.77 

Simple Open 
Environment 

(S1) 
RRT 100 29.31 ± 1.02 13.47 ± 3.98 17.37 ± 3.21 3.72 

GNRON (S2) Traditional 0 — — — — 
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APF 

GNRON (S2) 
Improved 

APF 
100 43.11 ± 0.00 12.73 ± 1.43 93.55 ± 0.00 0.91 

GNRON (S2) RRT 100 20.58 ± 3.27 
28.22 ± 
38.73 

14.14 ± 4.26 0.38 

U-shaped 
Trap (S3) 

Traditional 
APF 

0 — — — — 

U-shaped 
Trap (S3) 

Improved 
APF 

100 27.69 ± 0.00 24.00 ± 1.93 68.11 ± 0.00 1.13 

U-shaped 
Trap (S3) 

RRT 100 22.30 ± 3.15 
25.34 ± 
13.12 

15.07 ± 4.72 0.82 

Narrow 
Passage (S4) 

Traditional 
APF 

100 14.19 ± 0.00 3.74 ± 0.64 1.22 ± 0.00 1.45 

Narrow 
Passage (S4) 

Improved 
APF 

100 14.18 ± 0.00 5.28 ± 0.55 1.21 ± 0.00 1.46 

Narrow 
Passage (S4) 

RRT 100 16.77 ± 1.02 8.27 ± 10.16 11.45 ± 2.39 0.75 

Composite 
Scenario (S5) 

Traditional 
APF 

100 45.13 ± 0.00 12.82 ± 1.01 77.28 ± 0.00 0.86 

Composite 
Scenario (S5) 

Improved 
APF 

100 42.66 ± 0.00 17.02 ± 1.15 51.89 ± 0.00 0.82 

Composite 
Scenario (S5) 

RRT 100 44.18 ± 1.72 
42.14 ± 
20.11 

27.67 ± 3.91 0.35 

Symmetric 
Scenario (S6) 

Traditional 
APF 

0 — — — — 

Symmetric 
Scenario (S6) 

Improved 
APF 

100 26.94 ± 0.00 8.48 ± 0.87 32.99 ± 0.00 1.12 

Symmetric 
Scenario (S6) 

RRT 100 21.34 ± 1.55 8.69 ± 3.33 15.13 ± 3.39 0.61 

Note: Values are presented as mean ± standard deviation over 50 trials; “—” denotes planning 
failure. Smoothness is measured by the sum of turning angles, with lower values indicating smoother 
paths. APF paths are deterministic; therefore, their path-related standard deviations are zero. 

 
As summarized in Table 2, the improved APF achieved 100% success in all six scenarios, whereas 

the traditional APF failed in S2, S3, and S6. In S5, the proposed method reduced the path length and 
smoothness metric by 5.5% and 32.9%, respectively. It also maintained millisecond-level planning time 
and generally provided a larger safety margin than RRT. 

 
4.6 Parameter Sensitivity Analysis 

In scenario S5, a grid search was conducted for 𝑘𝑘𝑎𝑎𝑎𝑎𝑎𝑎 ∈ {1,2,3,5,7,10} and 𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 ∈ {50,80,100,150,200}, 
resulting in 30 parameter combinations. 
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Figure 10: Parameter sensitivity analysis. 

 
Figure 10 shows that 29 of the 30 gain-coefficient combinations, accounting for 96.7%, produced 

successful paths. The only failure occurred when the attractive force was excessively weak relative to 
the repulsive force. For obstacle influence radii from 2.0 to 5.0 m, the success rate remained 100%, 
although the path length increased with the influence radius because the robot began detouring earlier. 
These results demonstrate stable performance over a broad parameter range. 
 
4.7 Robustness Test 

Two robustness tests were conducted. Across 100 random-obstacle trials, the improved APF 
achieved a success rate of 95%, compared with 75% for the traditional APF and 100% for RRT; the 
failures occurred only when dense obstacles blocked all feasible passages. Under Gaussian obstacle-
position noise in S5, the improved APF maintained a success rate of 100%, with path lengths ranging 
from 42.66 to 52.28 m. 

 
5. Discussion 
5.1 Limitations and Applicable Conditions 

Although the results confirm the complementary effects of the three proposed components, the 
method still has three main limitations. First, as a local planner, it may fail in extremely dense 
environments and may generate longer paths than global methods because it lacks complete 
environmental information. Second, the current point-robot model is limited to two-dimensional static 
environments and does not consider vehicle dimensions, kinematic constraints, sensor limitations, or 
dynamic-obstacle prediction. Third, although the method is relatively insensitive to parameter 
variations, parameter selection remains empirical and extreme gain ratios may cause failure. Practical 
deployment therefore requires obstacle inflation, kinematic-feasibility checks, dynamic perception, and 
preferably online parameter adaptation. 
5.2 Future Work 

Future work will extend the method to dynamic and three-dimensional environments, integrate 
global guidance with local APF control, develop online parameter adaptation, and validate the 
algorithm on a physical intelligent-vehicle platform equipped with real-time LiDAR. 

 
6. Conclusion 

This paper proposed an improved APF framework combining a goal-distance-weighted repulsive 
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field, deterministic virtual sub-goal guidance, and adaptive step-size control. The proposed method 
reached the goal in all six representative scenarios, resolving the GNRON, U-shaped-trap, and 
symmetric-obstacle failures of traditional APF. In the comprehensive scenario, it reduced the path 
length by 5.5% and the turning-angle sum by 32.9%. It also maintained millisecond-level planning time, 
succeeded for 96.7% of the tested parameter combinations, achieved 95% success in random-obstacle 
environments, and remained successful under obstacle-position noise. These results demonstrate that 
the proposed method improves reliability and path quality while retaining low computational 
complexity. 
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