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Abstract 

Path planning for indoor differential-drive vehicles in cluttered, dynamic environments is 
challenging, primarily due to the inherent trade-off between global path optimality and 
local obstacle avoidance responsiveness. To address this, we propose an integrated navi-
gation framework that combines a constrained-sampling Rapidly Exploring Random Tree 
(RRT*) algorithm for efficient global path generation with an enhanced Dynamic Window 
Approach (DWA) incorporating a global path consistency term into its trajectory evalua-
tion function. The method is validated through extensive simulations and physical exper-
iments on a WHEELTEC two-wheel differential-drive robot. The results demonstrate that 
the proposed approach achieves a 100% task success rate across diverse scenarios; signif-
icantly reduces both path length and travel time compared with baseline methods; and 
effectively prevents stagnation in complex obstacle configurations, such as U-shaped 
traps, by guiding local motion toward the global path. These improvements highlight the 
benefit of tightly coupling global guidance with local planning. The framework provides 
a robust and efficient solution for autonomous navigation in indoor differential-drive ve-
hicles. 

Keywords: path planning; RRT*; DWA; constrained sampling region; dynamic obstacle 
avoidance 
 

1. Introduction 
With the rapid advancement of intelligent vehicle technology, autonomous naviga-

tion in indoor environments has become a key research topic [1]. Indoor environments 
are typically complex and dynamic, characterized by dense obstacle distributions and the 
presence of unknown moving obstacles, which impose higher demands on path planning 
algorithms for differential-drive vehicles, as well as stricter requirements on the vehicle’s 
own capabilities, such as image processing performance [2,3]. Path planning is a funda-
mental task in autonomous navigation, aiming to determine a collision-free path from the 
start to the target while optimizing for shortest path length, smoothness, and safety in 
complex environments. 
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While both sampling-based planners like RRT* and metaheuristic optimization 
methods such as Ant Colony Optimization (ACO) [4,5] are capable of global path plan-
ning, they differ significantly in computational efficiency, adaptability to real-time envi-
ronments, and scalability in continuous state spaces. ACO, inspired by the foraging be-
havior of ants, relies on iterative pheromone updates to converge toward an optimal path. 
However, it suffers from high computational overhead and slow convergence in large-
scale or high-dimensional environments [6,7], making it less suitable for online path re-
planning in dynamic indoor scenarios. Additionally, ACO typically operates on discre-
tized grids, which limits path smoothness and increases memory usage. In contrast, RRT* 
is a probabilistically complete, incremental sampling-based algorithm that constructs a 
search tree directly in the continuous configuration space [8,9]. It offers asymptotic opti-
mality with relatively low per-iteration cost and naturally supports real-time sensor feed-
back and dynamic replanning—key requirements for autonomous navigation in changing 
environments. Furthermore, RRT*’s tree structure aligns well with local planners like 
DWA, enabling seamless integration of global guidance and local obstacle avoidance 
[10,11]. Therefore, this work adopts RRT* as the foundation for global planning and en-
hances it with environmental awareness and directional guidance to overcome its inher-
ent randomness and slow convergence [12,13]. 

Traditional path planning algorithms are generally categorized into global path plan-
ning and local path planning. Global path planning algorithms, such as RRT* [14,15], can 
generate an optimal global path in a known environment but struggle to perform real-
time obstacle avoidance in dynamic settings. In contrast, local path planning algorithms, 
such as DWA [16], facilitate real-time obstacle avoidance but are prone to getting trapped 
in local optima [17], resulting in suboptimal path quality. Effectively integrating global 
and local path planning to enable efficient navigation of differential-drive vehicles in com-
plex environments remains a critical research challenge. 

In recent years, RRT* has been widely applied in the field of path planning due to its 
asymptotic optimality [18,19] and efficiency. However, the traditional RRT* algorithm suf-
fers from high randomness in node expansion [20], slow convergence [21], and a lack of 
path smoothness [22], making it difficult to rapidly generate high-quality paths in com-
plex environments. To address these issues, numerous scholars have proposed various 
improvements. While Feng’s Artificial Potential Field (APF)-RRT* [23] accelerates conver-
gence through potential field guidance, its fixed field coefficients cause oscillatory paths 
in narrow passages. Our dynamic target bias strategy (Equation (11)) adaptively adjusts 
coefficients based on environmental density, eliminating oscillations. Although Wang’s 
intelligent sampling [24] improves the efficiency of the basic RRT*, its fixed threshold 
causes it to fail in environments where δ > 0.4. The dynamic density adaptation introduced 
in Section 3.3 addresses this issue. Dan’s multi-node selection [25] improves environmen-
tal adaptability but requires five fixed candidates, increasing computational load. Our bi-
directional tree mechanism (Section 3.2) dynamically adjusts connection thresholds, re-
ducing nodes by 37% while maintaining success rates. Additionally, Yan’s hippocampus-
optimized RRT* [26] enhances goal-directionality but requires heuristic retraining for dy-
namic environments. Our directional preference mechanism enables real-time adjustment 
through online obstacle distance computation. 

DWA remains one of the most widely used local path planning algorithms [27,28], 
enabling dynamic obstacle avoidance through velocity sampling and trajectory evaluation 
[29]. However, the design of its evaluation function significantly influences path planning 
performance. Traditional evaluation functions often fail to sufficiently utilize global path 
information, leading to deviations from the optimal global path or reduced safety. In re-
sponse, several scholars have proposed improvements. Wang’s obstacle count factor [30] 
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enhances DWA safety but ignores global path consistency. We address this by incorpo-
rating a global path term in the evaluation function (Equation (15)), reducing local path 
deviation by 62%. Liu’s Pdist metric [31] mitigates local optima but only works for static 
targets. Our global consistency term (Equation (14)) supports dynamic target tracking (ex-
periments shown in Section 6.2). Yang’s waypoint strategy [32] improves multi-robot co-
ordination but uses fixed 0.5 m spacing, limiting flexibility. We dynamically generate 
waypoints from RRT* global paths (Appendix B) with adaptive spacing. Wang’s heading 
angle optimization [33] decreases path redundancy but violates nonholonomic constraints. 
Our motion model (Equation (1)) strictly adheres to differential drive constraints, ensur-
ing simulation–real-world consistency (Figure 18). 

To address the aforementioned issues, we propose a single-target navigation method 
that combines the constrained sampling region RRT* algorithm with the improved DWA 
algorithm. The contributions of this algorithm to path planning are as follows: 

(1) Improvements to the RRT* Algorithm 

• Bidirectional tree collaborative search mechanism: A novel bidirectional search 
strategy is introduced, where two trees expand simultaneously from the start 
and goal points. This significantly accelerates convergence speed and improves 
path quality by reducing redundant node expansion. 

• Environmental-density-based constrained sampling region: An adaptive sam-
pling mechanism is proposed that dynamically adjusts the sampling region 
based on local obstacle density. This reduces the number of invalid nodes and 
iterations, leading to faster path finding with lower computational and memory 
costs. 

• Integration of artificial potential field with directional preference: The APF 
method is combined with a directional preference mechanism to guide node ex-
pansion toward the goal while avoiding obstacles. This enhances both planning 
efficiency and safety by minimizing unnecessary exploration near obstacles. 

• Dynamic goal bias strategy: A new goal-biasing strategy is developed that adap-
tively adjusts the sampling probability based on environmental complexity. This 
effectively reduces the risk of the algorithm getting stuck in narrow or high-ob-
stacle-density areas. 

(2) Improvements to the DWA Algorithm 

Global path consistency term in evaluation function: A global consistency term is 
added to the DWA evaluation function to ensure alignment between local trajectories and 
the global path. This prevents the robot from falling into local optima and enables more 
efficient and coherent dynamic obstacle avoidance during navigation. 

(3) Experimental Validation 

ROS-based real-vehicle experiments: The proposed algorithm is implemented and 
tested on a real intelligent vehicle platform using ROS. These experiments validate the 
effectiveness and feasibility of the improved method in both global and local path plan-
ning under realistic indoor conditions. 

This paper is organized as follows: Section 2 explains the relevant algorithms, RRT* 
and DWA. Section 3 introduces the improvements in the global and local path planning 
algorithms. Section 4 presents the integration of global and local planning, illustrated in a 
flowchart. Section 5 provides simulation results. Section 6 demonstrates the effectiveness 
and superiority of the improved RRT*-DWA through real-vehicle testing. Section 7 con-
cludes with future work. 

The core contribution of this work is the development of an integrated navigation 
framework that enables deep coordination between global and local planners for indoor 
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differential-drive robots. To address the slow convergence and high randomness of con-
ventional RRT*, as well as the tendency of DWA to deviate from global paths, we system-
atically integrate multiple algorithmic enhancements: (1) a bidirectional tree expansion 
strategy combined with a dynamic goal bias mechanism to accelerate convergence; (2) an 
adaptive sampling region constrained by local obstacle density to suppress unproductive 
exploration; (3) APF-guided directional sampling to improve path quality; and (4) a global 
path consistency term embedded into the DWA objective function, enabling the local 
planner to actively follow the global intent. This tightly coupled co-design significantly 
enhances path smoothness, planning efficiency, and obstacle avoidance robustness in 
complex and dynamic indoor environments, demonstrating clear system-level innovation. 

Note that although indoor intelligent vehicles encompass a broad range of plat-
forms—including service robots, automated guided vehicles (AGVs), and autonomous 
mobile robots—the experimental validation in this study is specifically conducted on dif-
ferential-drive vehicles, which constitute a widely adopted subclass due to their simplicity 
and maneuverability. Owing to laboratory hardware constraints, all physical experiments 
were performed using a single two-wheel differential-drive WHEELTEC ROS robot. 
While the proposed framework is designed with general applicability in mind, compre-
hensive evaluation on more advanced intelligent vehicle platforms (e.g., industrial AGVs) 
will be carried out in future work upon acquisition of additional experimental equipment. 

2. Related Works 
2.1. Global Path Planning and Local Path Planning Environment Selection 

We employ a structured grid map model for global path planning (corresponding to 
the experimental environments in Figure 10) with the following design rationale: 

1. Algorithm compatibility: The random sampling nature of the RRT* algorithm re-
quires a well-defined environmental boundary. The grid map explicitly partitions 
free space and obstacle regions using a binary matrix (as implemented in the collision 
detection function in Equation (6)). 

2. Efficiency optimization: The constrained sampling region mechanism (Section 3.1) 
relies on the grid structure to rapidly compute obstacle density δ, improving Monte 
Carlo sampling efficiency by 37%. 

3. Experimental consistency: The format aligns with the G mapping results used in 
physical experiments (Figure 18c). 

For local obstacle avoidance, a dynamic point cloud model is adopted (correspond-
ing to the U-shaped obstacle scenario in Figure 7) for the following reasons: 

1. Sensor compatibility: The DWA algorithm requires direct processing of raw LiDAR 
point cloud data (the calculation of dist(v,ω) in Equation (4) depends on real-time 
obstacle distance). 

2. Dynamic responsiveness: The point model efficiently updates the positions of mov-
ing obstacles (Section 6.2 validates the real-time avoidance capability for dynamic 
obstacles moving at 0.5 m/s). 

3. Computational efficiency: Compared with global grid maps, the point cloud model 
reduces DWA trajectory evaluation time by 62%. 

2.2. Basic Principles of RRT* Algorithm 

RRT* is an asymptotically optimal path planning algorithm that improves upon the 
traditional RRT algorithm, resulting in smoother and more optimized paths. The tradi-
tional RRT algorithm primarily explores a collision-free path from the start to the goal by 
randomly sampling points and incrementally expanding a tree structure. However, due 
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to its high randomness, the generated paths are often longer than necessary and lack 
smoothness, making them less efficient for practical path planning applications. 

To address this issue, RRT* introduces an additional rewiring step, which enables 
newly added nodes to establish better connectivity with multiple existing neighboring 
nodes, continuously optimizing the current path. Specifically, after a new node is added 
to the tree, RRT* examines the neighboring nodes within a certain radius and selects the 
parent node that results in the lowest path cost. Additionally, it attempts to reconnect its 
child nodes to ensure that the overall path remains optimized and efficient. 

The corresponding pseudo-code is shown in Appendix A. 
Once a reachable path is found, the algorithm backtracks from goal q to start q, re-

cording all the nodes along the path to form the final path. The RRT* extension method 
and the potential parent nodes are shown in Figure 1. 

 

Figure 1. Schematic diagram of RRT* extension method and potential parent nodes. 

2.3. Dynamic Window Approach 

The Dynamic Window Approach is a commonly used algorithm for local path plan-
ning in robots, known for its efficient computation and quick response time. The algo-
rithm generates multiple possible velocity combinations in the velocity space, simulates 
the robot’s motion trajectory over a short period, and selects the optimal path through an 
evaluation function, thereby achieving obstacle avoidance and goal point navigation. 

2.4. Vehicle Motion Model 

In the DWA algorithm, the robot’s motion model is based on the assumption of mo-
tion in a two-dimensional plane. Assume that the robot’s position at time t − 1 is 

( )1 1 1 1, ,t t t tX x y θ− − − −= , where 1tx −  and 1ty −  represent the robot’s position in the global 

coordinate system, and 1tθ −  represents the robot’s orientation angle. The robot’s velocity 

in the X and Y directions is represented by xv  and yv , with angular velocity, ω . As-
suming constant velocity over the time interval t, the robot’s position at time t can be cal-
culated by the following formula: 

1 1

1 1

1

2

2

t t x t

t t t x t

t t

tx x v t cos

tX y y v t sin
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2.5. Velocity Sampling 

The DWA algorithm samples the velocity space to generate multiple possible velocity 

combinations, ( ),v ω . To ensure the robot’s motion safety and feasibility, velocity sam-
pling is constrained by the following three conditions: 

1. Velocity range: The robot’s velocity v  and angular velocity ω  must be within their 
maximum and minimum velocity ranges, that is 

[ ],min maxv v v∈ , [ ],min maxω ω ω∈  (2)

2. Motor performance: Since the motor torque is limited, the robot’s acceleration and 

deceleration are also constrained. Assuming that the current velocity is cv  and cω , 

the maximum acceleration is maxv , the maximum deceleration is minv , the maximum 

angular acceleration is maxω , and the maximum angular deceleration is minω , then 
the actual velocity range of the robot within the simulation period tΔ  is 

[ ],c min c maxv v v t v v tΔ+Δ∈ −   , [ ],c min c maxt tω ω ω ω ωΔ− + Δ∈    (3)

3. Braking distance: To ensure the robot can stop in time when encountering obstacles, 
the velocity and angular velocity must meet the braking distance constraint. Specifi-
cally, the robot’s velocity should satisfy 

( )2 minv dist v, vω≤ ⋅ ⋅  , ( )2 , mindist vω ω ω≤ ⋅ ⋅   (4)

where ( ),dist v ω  represents the closest distance between the robot and the obstacle un-
der the current velocity. 

2.6. Evaluation Function 

The DWA algorithm selects the optimal trajectory from multiple possible trajectories 
using an evaluation function. The evaluation function typically consists of the following 
components: 

1. Heading evaluation function: This represents the angular difference between the sim-
ulated trajectory’s endpoint direction and the goal point, aiming to direct the robot 
toward the goal. 

2. Distance evaluation function: This represents the closest distance between the robot 
and the obstacle under the current velocity, usually using Manhattan or Euclidean 
distance. 

3. Velocity evaluation function: This represents the magnitude of the current velocity, 
aiming to make the robot move faster. 

The general form of the evaluation function is 

( ) ( ) ( ) ( ), , , ,G v heading v dist v velocity vω ω ω ω= α ⋅ + β⋅ + γ ⋅  (5)

where α , β , and γ  are the weight coefficients for each sub-function. By minimiz-
ing this evaluation function, the DWA algorithm can select an optimal trajectory that 
avoids obstacles and heads toward the goal. 

3. Path Planning Algorithms 
The primary task of global path planning is to find a feasible path for the intelligent 

vehicle from the start point to the goal point. While optimization objectives such as the 
shortest path and early obstacle avoidance need to be considered during this process, the 
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most crucial task is to obtain the basic path information. Only after the global path plan-
ning has determined the path information can the local path planning algorithm adjust 
the vehicle’s motion status locally, thus completing the entire path planning task. 

3.1. Improved RRT* Algorithm for Global Path Planning 

In the pursuit of more efficient global path planning technologies, the RRT* algorithm, 
based on the original RRT algorithm, improves the connection between new nodes and 
neighboring nodes by introducing a node re-connection mechanism, significantly enhanc-
ing the quality of the path. However, the algorithm still has limitations in response speed 
and sensitivity. Additionally, the wide sampling range in RRT* increases randomness. To 
further optimize the global path planning strategy, several improvements were made to 
the RRT* algorithm in this study. 

First, a bidirectional tree cooperative search mechanism was proposed, improving 
the efficiency and speed of the algorithm. Second, a rectangular sampling area, based on 
the start and goal points, was introduced to reduce unnecessary expansions and speed up 
the convergence of the algorithm. Finally, to reduce the randomness in node selection 
within the RRT* algorithm, an artificial potential field was used to guide the expansion of 
the random tree toward the goal point, optimizing the target bias strategy and enhancing 
the goal-directedness and exploration efficiency. 

3.2. Bidirectional Tree Cooperative Search Mechanism 

To address the issues of slow convergence and low path quality in unidirectional 
expanding random trees in complex environments, a bidirectional tree cooperative search 
mechanism is proposed (Figure 2). This mechanism expands two random trees simulta-
neously from the start and goal points and dynamically adjusts the connection threshold, 
connectd , based on the distance between the current node and the goal point. The formula 

is as follows: 

1 21 nearest nearest
connect base

max

q q
d d

d
 −

= ⋅ − 
 

│ │  (6)

where based  is the base connection threshold; 1 2nearest nearestq q−│ │ is the distance between 

the nearest nodes of the two random trees; and maxd  is the maximum distance in the 
environment. 

 

Figure 2. Bidirectional tree collaborative search. 

The core steps of this mechanism are as follows: 

Step 1: Initialize two random trees, 1T  and 2T , with the start point startq  and the 

goal point goalq
 as root nodes; set the maximum number of iterations, maxN , and the 

connection threshold, connectd . 
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Step 2: In each iteration, randomly generate a sampling point, randq . 

Step 3: Find the nearest nodes, 1nearestq  and 2nearestq , from 1T  and 2T , respectively, 

and extend the new nodes, 1newq  and 2newq , toward randq . If the distance between 1newq  

and 2newq  is smaller than the connection threshold, connectd , we connect the two random 
trees and generate an initial path. 

3.3. Sampling Area Determination Method 

There are many randomly generated extension nodes in the RRT* algorithm, most of 
which are invalid and do not participate in the final path. Furthermore, generating these 
nodes increases the overall time cost of the algorithm. To improve the algorithm’s conver-
gence speed and efficiency, reduce the number of iterations and invalid nodes, and find 
the optimal path with less time and lower memory requirements, we use the region where 

the start and goal points are located as the constrained sampling area, rC . The determi-
nation principle of the sampling area is based on the slope, k , of the line connecting the 
start and goal points. The midpoint of this line is the geometric center of the sampling 
area, and the length of the line segment is the length, L , of the rectangle. The two widths 
of the rectangle are determined by the lines passing through the start point and the goal 
point, with slopes of 1/ k− , respectively. The width, W , of the rectangular sampling area 
is adaptively adjusted using the Monte Carlo method so that the ratio, δ , of the obstacle 
area inside the rectangle to the rectangle area falls within the range of [0.3, 0.35], thus 
determining the range of the sampling area (Figure 3). When obstacles are dense, the 
width should be increased to avoid deadlock, and when obstacles are sparse, the width 
should be reduced to avoid too many invalid sampling points. The steps to determine the 
rectangular sampling area and the pseudo-code are shown in Appendix B. 

 

Figure 3. Schematic diagram of rectangular sampling region. 

In the above pseudo-code, the relevant function is as follows: 

• Input: Start point startq , goal point goalq
, obstacle map, obstacle density threshold 

range [ ] [ ]0.3,0.35,min maxδ δ = ; when δ  < 0.3, free space proportion > 70% leads to 
sampling redundancy (information entropy H(x) = −Σp(x)logp(x) < optimal value); 
when δ  > 0.35, obstacle information entropy dominates (H(obs) > H(free)), compro-
mising path safety. Table 1 shows the impact of different δ thresholds on performance 
based on 100 experimental trials. 
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Table 1. Performance metrics under different δ thresholds. 

δ  Range Avg. Path Length (m) Convergence Time (s) Collision Probability 
[0.2, 0.3) 14.2 ± 0.8 3.41 2.1% 
[0.3, 0.35] 12.7 ± 0.5 1.56 0% 
(0.35, 0.4) 13.1 ± 0.6 4.72 5.3% 

• Output: The width of the sampling area, W . 
• Steps: 

1. Calculate the Euclidean distance, L , from the start point to the goal point. This 
is the fixed length of the rectangle. 

2. Initialize the width, W , of the sampling area and the iteration step size, WΔ . 
3. Enter the loop and calculate the area of the sampling area. 
4. Use the Monte Carlo method to estimate the obstacle density, δ : 

(a) Randomly generate N points within the sampling area. 
(b) Count how many of these points are inside obstacles and calculate the ob-

stacle density, δ . 

5. Check whether δ  is within the threshold range, [ ],min maxδ δ : 

(a) If it satisfies the condition, exit the loop and return to W . 
(b) If it does not satisfy the condition, adjust W  and continue the loop. 

6. Return the final width of the sampling area, W . 

3.4. Introduction of APF Method 

The randomness of the node search in the RRT* algorithm leads to many nodes being 
expanded into invalid spaces. To address this, this section introduces the APF method 
into the improved RRT* algorithm to guide the expansion of the random tree heuristically 
toward the goal point. At the same time, reasonable repulsive distances and coefficients 
are selected to avoid collisions with obstacles, thereby enhancing the algorithm’s safety. 
Specifically, during the node expansion process of the RRT* algorithm, the attractive field 
and repulsive field are superimposed to guide new nodes toward the goal point while 
avoiding obstacle regions. The attractive field is used to guide the random tree to expand 
toward the goal, while the repulsive field is used to prevent node expansion into obstacle 

areas. Specifically, the expansion direction of each current node, nex , is determined by 

both the attractive field, ( )nA , and the repulsive field, ( )nR . The calculation formulas 
for the attractive and repulsive fields are as follows: 

( ) ( )αe goal nex -x
a goal ne,A n E x xλ − ⋅⋅= ⋅│ │  (7)

( ) ( ) ( ) ( )
( )

0

0

if  0
if  0  

r obs ne obs ne obs ne

obs ne

x x E x x x x
R

, , ,
,

n
x x

λ ρ ρ ρ
ρ ρ

− ⋅ < <=  ≥

⋅
                   

, 

, 
 (8)

where aλ  and rλ  are the attractive and repulsive coefficients, respectively; α  is the at-
tenuation coefficient, used to control the strength of the attractive field as the distance 

changes; goalx
  is the goal coordinate; nex   is the current node coordinate; obsx   is the 

nearest obstacle coordinate; ( )obs ne,x xρ  is the distance between the current node and the 

nearest obstacle; 0ρ   is the range of the repulsive field; and ( )goal ne,E x x
  and 
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( )obs ne,E x x  are the direction vectors from the goal point and the obstacle point to the 
current node, respectively. 

To further optimize the node expansion process, we propose a directional preference 
mechanism so that newly generated nodes, while growing toward the goal, are more 
likely to move away from the nearest obstacle. Specifically, for the expanded nodes in the 
RRT* algorithm, in addition to the superimposed attractive and repulsive fields, a direc-

tional preference function ( )D n  is introduced to guide the nodes to expand in the direc-
tion away from obstacles. The calculation formula for the directional preference function 
is as follows: 

( ) ( )ne obs
d

ne obs
D

x
x

n
x
x

λ
−

= ⋅
−│ │

 (9)

where dλ  is the directional preference coefficient used to control the strength of the di-
rectional preference, and ne obsx x−│ │ is the Euclidean distance between the current node 
and the nearest obstacle. 

By introducing the directional preference mechanism, the expansion direction of the 
new nodes is not only influenced by the attractive field toward the goal and the repulsive 
field from the obstacles but also dynamically adjusted according to the position of the 
nearest obstacle. This ensures goal-directedness while effectively reducing redundant ex-
pansions near obstacles, improving both the safety and efficiency of path planning. 

The specific steps for the node expansion process are summarized as follows: 

1. Calculate the nearest obstacle: For the current node nex , find the nearest obstacle, 
obsx . 

2. Calculate the directional preference vector: Calculate the directional preference vec-

tor based on the formula ( )D n . 
3. Generate the new node: Combine the attractive field, repulsive field, and directional 

preference function, ( )D n , to generate the new node, newx : 

( ) ( ) ( )rand ne
new ne goal ne obs ne

rand ne

x x
x x E x x E x x D n

x
, ,

x
λ

 −
= ⋅ + − + − 

+
│ │

 (10)

where λ  is the step size coefficient, used to control the step length of the node ex-

pansion, randx   is the randomly generated sampling point, ( )goal ne,E x x
  is the di-

rection vector from the goal point to the current node, and ( )obs ne,E x x  is the direc-
tion vector from the obstacle point to the current node. 

By superimposing the attractive field, repulsive field, and directional preference 

function, the new node, newx , grows toward the goal while being more likely to move 
away from the nearest obstacle, as shown in the expansion diagram in Figure 4. 
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Figure 4. Schematic diagram of node expansion under gravitational field, repulsive field, and direc-
tional preference function. 

3.5. Dynamic Target Bias 

Traditional target bias strategies use a fixed probability, basep , to select the goal point 
as the sampling point, which cannot dynamically adjust according to the complexity of 
the environment. This paper proposes a dynamic target bias mechanism that dynamically 
adjusts the target bias probability based on the obstacle density and path planning pro-
gress. When the nearby obstacle density is too low, the bias probability is increased to 
better approach the target point; when the nearby obstacle density is too high, the bias 

probability is decreased to prevent deadlock. The dynamic target bias, biasp , formula is 
as follows: 

1 1 1goal ne obs
bias base

max max max

x x N tp p
d N T

     
= − ⋅ − ⋅ −     



−
     

⋅
│ │

 (11)

where basep  is the base target bias, ranging from 0.1 to 0.5; goal nex x−│ │ is the distance 

between the current node and the goal point; maxd  is the maximum distance in the envi-

ronment, determined based on the actual environment; obsN  is the obstacle density near 

the current node, ranging from 0 to maxN ; maxN  is the overall environment’s obstacle 
density, obtained through preprocessing of the map; t  is the time taken for the current 

path planning; and maxT  is the maximum time for path planning. 

3.6. Path Smoothing 

Due to the randomness in node expansion, for the paths generated by the RRT* algo-
rithm, the path may contain many redundant nodes and sharp turns. To improve the 
smoothness of the path and reduce its length, we introduce a greedy algorithm combined 
with a cost function to optimize the path. The greedy algorithm works by progressively 
selecting the locally optimal nodes to remove redundant nodes, while the improved cost 
function is used to evaluate the quality of the path, thereby generating a smoother path 
that meets the kinematic constraints of the intelligent vehicle (Figure 5). 
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Figure 5. Schematic diagram of the path after node filtering. 

Specifically, the greedy algorithm selects the nodes closest to the goal point, removes 
unnecessary intermediate nodes, shortens the path, and reduces the number of turns. The 
cost function introduced in this paper further reduces the turning angles and maintains a 
certain safety distance between the path and obstacles. The formula for the cost function 
is as follows: 

( ) ( ) ( ) ( )
( ) ( )

( )

1 32

1 1

max

min ,

, , , ,

,

,

j

i j i j i j i j

i j i i j robotO Obstacles

ij prev
i j

Cost q q Dist q q Turn q q Safe q q

Dist q q d q q O r

Turn q q
v

ω ω ω

θ θ

− +∈



 = + +
 = ≥ + ε



⋅ ⋅



 ⏐ − ⏐

⋅

 =


 (12)

where ( ),i jDist q q
  represents the Euclidean distance between nodes iq   and jq  ; 

( ),i jTurn q q
 represents the turning angle between nodes iq  and jq ; ( ),i jSafe q q

 rep-

resents the minimum distance between the path and obstacles; and 1ω , 2ω , and 3ω  are 
the weight coefficients for path length, smoothness, and safety distance, respectively. Un-

der normal conditions, 1 0.1ω = , 2 0.5ω = , and 3 0.8ω = ; robotr  is the radius of the robot; 

ε  = 0.1 is the safety threshold; ijθ
 is the angle between the current line segment, i jq q

, 

and the x-axis; and prevθ
 is the angle between the previous line segment, 1i iq q− , and the 

x-axis. 
Figure 5 shows that the path before processing contains many unnecessary turns, 

increasing the travel distance and time cost. By applying the greedy algorithm to remove 
redundant nodes and using the cost function to further optimize the path’s smoothness 
and safety, a more direct and safer path is obtained. 

Although the improved RRT* algorithm can provide a smooth global path for the 
intelligent vehicle within a known environment, this is not sufficient as the final naviga-
tion route. The smoothed path might have excessive smoothing, and there might still be 
obstacles in the path. Additionally, if new obstacles suddenly appear on the path or if 
unknown regions are explored, the intelligent vehicle would still face challenges in accu-
rate navigation. Therefore, it is necessary to combine an effective local path adjustment 
algorithm with existing global path planning to achieve real-time optimization, address-
ing these challenges. This ensures that the intelligent vehicle can navigate accurately and 
safely in dynamic or previously unknown environments. 
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3.7. Improved DWA Algorithm for Local Path Planning 

To further enhance the real-time adjustment and optimization capabilities of the in-
telligent vehicle during its motion, this section will detail the vehicle’s local planning 
method. Based on the DWA algorithm, the evaluation function will be improved to accel-
erate the convergence efficiency of the algorithm, reduce the time cost of path planning, 
and achieve more efficient dynamic decision-making capabilities. 

The mobile robot studied in this paper uses a two-wheel differential drive structure, 

and its kinematic model is shown in Figure 6 (where cv  and cω  represent the linear and 

angular velocities of the chassis center point, c, and ( )x t , ( )y t , and ( )tθ  represent the 
current position and heading angle of the intelligent vehicle at time t). The two-wheel 
differential drive robot consists of two driving wheels, with both rear wheels driven by 
independent DC servomotors, providing power for the robot. The two-wheel differential 
drive structure achieves steering by adjusting the speed difference between the left and 
right wheels while maintaining the stability of the vehicle. 

 

Figure 6. Kinematic model of the two-wheel differential drive robot. 

Assuming that the intelligent vehicle moves at a constant speed, after a very short 
time interval tΔ  (approximating the trajectory as a straight line), its motion trajectory 
can be predicted using the following kinematic model: 

( ) ( ) cos ( )
2

( ) ( ) sin ( )
2

( ) ( )

c
c

c
c

c

tx t t x t v t t

ty t t y t v t t

t t t t

ωθ

ωθ

θ θ ω

 ⋅Δ + Δ = + ⋅Δ ⋅ +   
 ⋅Δ + Δ = + ⋅Δ ⋅ +  

 
 + Δ = + ⋅Δ



 (13)

Based on the analysis of Equation (13), at any time t, the vehicle’s pose can be derived 
from the velocity set, thus obtaining the displacement, orientation, and motion trajectory 
information for the time interval tΔ . Due to its simplicity and efficiency, the DWA algo-
rithm selects the best path by sampling the vehicle’s velocity vectors and evaluating the 
trajectory, making it a key tool in differential drive vehicle research. To further enhance 
the algorithm’s performance, we will next focus on optimizing the evaluation function of 
the DWA algorithm. 
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3.8. Optimization of the Evaluation Function 

In the traditional DWA algorithm, the evaluation function scores the trajectory based 
on factors such as distance to the target point, distance to obstacles, and velocity, consid-
ering only the optimal solution in the current environment. However, this evaluation 
method is prone to getting trapped in local optima in complex environments and does not 
fully utilize global path information. When encountering U-shaped or concave obstacles, 
the intelligent vehicle may become stuck, leading to navigation failure. 

To address this issue, we propose an optimization method for the evaluation function 
based on global path guidance. Specifically, the global path generated by the improved 

RRT* algorithm is introduced, and a global path consistency term, ( ),globalG v ω
, is added 

to the evaluation function of the DWA algorithm to measure the consistency between the 
local trajectory and the global path. The formula for the global path consistency term is as 
follows: 

( ) ( )
1

mi

,
1 ,

n
global

global
global

glo ap loc l_eb G ndal

G v
d

p - q

v

d

ω
ω

∈

 = +

⏐


= ⏐


 (14)

where ( ),globald v ω
 represents the shortest distance between the end of the local trajec-

tory and the global path; ( ),globalG v ω
 is a global path generated by the RRT* algorithm; 

and local_endq
 is the endpoint position of the local trajectory. 

By introducing the global path consistency term, the local path is prevented from 
falling into local optima and deviating from the globally optimal path. After incorporating 
the global path consistency term, the improved evaluation function of the DWA algorithm 
is as follows: 

( ) ( ) ( ) ( ) ( ), , , , ,dist safe global speedG v G v G v G v G vω ω ω ω ω= α⋅ + β⋅ + γ ⋅ + δ ⋅  (15)

where ( ),distG v ω  is the distance score to the next target point; ( ),safeG v ω
 is the safety 

score; ( ),globalG v ω
 is the global consistency score; ( ),speedG v ω

 is the velocity score; and 
α , β , γ , and δ  are the weight coefficients for each sub-function. 

Next, a 10 m × 10 m two-dimensional map is created to test the obstacle avoidance 
performance of the traditional DWA algorithm and the improved DWA algorithm. The 
starting point is set at (0 m, 0 m), and the goal point is at (10 m, 10 m). The black regions 
represent obstacles, the red region represents the target point, and the green area repre-
sents the local region explored by the intelligent vehicle. A U-shaped obstacle is placed in 
the mandatory path between the start and goal points. 

Figure 7 shows that the traditional DWA algorithm causes the intelligent vehicle to 
slow down and eventually stop at the U-shaped obstacle, resulting in path exploration 
failure. This is because standard DWA lacks global context and tends to get trapped in 
local minima when facing narrow passages or concave obstacles. In contrast, Figure 8 
shows that the improved DWA algorithm, guided by global path information through the 
global consistency term, actively avoids the U-shaped obstacle by selecting trajectories 
that maintain alignment with the global path. This demonstrates that the proposed en-
hancement not only improves path smoothness but also fundamentally prevents stagna-
tion by enabling proactive obstacle avoidance. 
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Figure 7. DWA trapped in U-shaped obstacle. 

 

Figure 8. Improved DWA escaping U-shaped obstacle under global path guidance. 

4. Single-Target Point Navigation Algorithm 
Due to the limitations of global and local path planning, the standard RRT* algorithm 

can generate a globally optimal path but will struggle with dynamic environments due to 
inefficient sampling and a lack of obstacle-awareness. Meanwhile, the DWA algorithm 
excels in real-time obstacle avoidance but may fall into local optima without global guid-
ance. To address these issues, we propose an improved RRT*-DWA integrated navigation 
framework. The global planner employs a bidirectional RRT* with a constrained sampling 
region, APF-guided sampling, and adaptive goal bias to enhance efficiency and safety. 
Specifically, the sampling region is restricted to a rectangle along the line connecting start 
and goal points, reducing unnecessary exploration. APF potential fields guide samples 
toward the goal while repelling from obstacles, improving convergence speed. The goal 
bias probability dynamically adjusts based on local obstacle density: higher in open spaces 
(0.2) and lower in cluttered areas (0.05), balancing exploration and exploitation. The re-
sulting global path is then smoothed and used as a reference for the DWA-based local 
planner, which incorporates a cost term for global path following to ensure consistency. 
This hybrid approach enables the intelligent vehicle to achieve both global optimality and 
robust dynamic obstacle avoidance in complex environments. The detailed algorithmic 
flow is illustrated in Appendix C and Figure 9. 
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Figure 9. Flowchart of single-target-point navigation algorithm. 

5. Simulation Results Analysis 
5.1. Comparative Results and Analysis of the Improved RRT* Algorithm 

To verify the stability and feasibility of the proposed global path planning algorithm, 
simulation tests were conducted using MATLAB R2022b. The path smoothing process 
was removed in the simulation results to better validate the core concept of the algorithm. 
The proposed algorithm was compared with several advanced algorithms in recent years, 
including RRT*-Connect, APF-RRT*, and the traditional RRT* algorithm in terms of the 
average path length, average number of nodes, and average computation time. 

Three environments were designed, each with a size of 100 cm × 100 cm and varying 
obstacle distributions, as shown in Figure 10. The simple environment contains only a few 
sparse static obstacles. The moderate environment features narrow passages formed by 
furniture-like static obstacles. The complex environment includes dense U-shaped and 
concave obstacle configurations that challenge global path planning. Figures 11–13 pre-
sent the path planning results in the complex, moderate, and simple environments, re-
spectively. In the complex environment (Figure 11), baseline methods such as RRT* and 
RRT*-Connect generate highly tortuous paths due to unguided sampling, while APF-
RRT* suffers from local minima near concave obstacles, often failing to reach the goal. In 
contrast, the proposed algorithm produces a smooth, near-optimal trajectory by integrat-
ing global path consistency into local planning, effectively navigating U-shaped traps. In 
the moderate environment (Figure 12), the proposed method demonstrates superior cor-
ridor navigation—maintaining central alignment and avoiding unnecessary oscillations—
whereas other algorithms exhibit zigzagging or excessive detours. Even in the simple en-
vironment (Figure 13), our approach achieves the most direct route, confirming its effi-
ciency without over-planning. Figure 14 illustrates the convergence characteristics of the 
four global path planning algorithms. The proposed method converges significantly faster 
and achieves a lower final path cost compared with RRT*, RRT*-Connect, and APF-RRT*. 
This improvement stems from the constrained sampling strategy, which biases random 
samples toward promising regions along the heuristic direction to the goal, thereby accel-
erating the discovery of high-quality paths and reducing redundant exploration in obsta-
cle-dense areas. Finally, Table 1 quantitatively summarizes these observations, showing 
consistent improvements in success rate, path length, and execution time across all sce-
narios. 
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Figure 10. Different simulation environments. 

 

Figure 11. Comparison of complex environment effects. 

 

Figure 12. Comparison of moderate environmental effects. 

 

Figure 13. Comparison of simple environmental effects. 
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Figure 14. Convergence curve trends of various algorithms in three environments. 

In all test scenarios, the starting point was set at (5, 5) and the goal point at (95, 95). 
Each algorithm was executed 15 times in each of the three environments, with a maximum 
iteration limit of 500; convergence is defined as the point where the average path length 
variation over the last 100 iterations falls below 1%. All four algorithms successfully gen-
erated a collision-free path from the start to the goal in all test cases. 

All simulations were conducted on a standard laptop equipped with an Intel Core 
i7-1165G7 CPU @ 2.80 GHz (4 cores) and 16 GB RAM, running Windows 11 and MATLAB 
R2022b. The proposed algorithm was implemented in a single-threaded mode without 
GPU acceleration, reflecting real-time deployment constraints on embedded systems. In 
the simulation, the maximum number of iterations for RRT* was set to 500, with a step 
size of 2.0 m and a collision detection resolution of 0.5 m. The sampling region was con-
strained to a rectangle centered along the line from start to goal, with a width of 20% of 
the map size, dynamically adjusted based on local obstacle density. For path smoothing, 
B-spline interpolation with a smoothing factor, =0.5λ , was applied to reduce redundant 
waypoints while preserving path safety. In the DWA-based local planner, the velocity 

bounds were set to [ ]0,3 m/sv∈  and [ ]1.0,1.0 rad/sω ∈ − , with a prediction horizon of 1.5 

s and a time step of 0.1 s. The cost weights were configured as obs 1.0ω =  , 0.2velω =  , 
0.5goalω =

, and global 0.8ω =
 to balance obstacle avoidance, smoothness, goal-reaching, 

and global path following. These parameters were consistent across all algorithms for fair 
comparison. The average computation time per run was measured over 15 independent 
trials, with peak memory usage below 50 MB, demonstrating that the algorithm achieves 
real-time performance on commodity hardware. 

The simulation results show that the path generated by the proposed algorithm is 
not only closer to the optimal solution but also reduces the selection of unnecessary nodes 
in non-essential areas. In contrast, the RRT*-Connect algorithm adopts a bidirectional ex-
ploration strategy, which significantly improves exploration speed compared with RRT*. 
However, its aimless exploration also generates some unnecessary nodes, leading to lower 
path quality. The APF-RRT* algorithm utilizes information from obstacles, the start point, 
and the goal point to guide the exploration tree to avoid obstacles and move toward the 
goal. Although this approach significantly reduces the generation of redundant nodes, the 
repulsive forces from clusters of obstacles may cause the algorithm to generate nodes de-
viating from the ideal path or become trapped in densely obstructed areas, thereby affect-
ing its convergence speed and path quality. Similarly, due to its aimless exploration, the 
RRT* algorithm generates many unnecessary nodes, resulting in poor path quality. 
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According to Table 2, all algorithms successfully generated collision-free paths in 
every trial across all test environments, achieving a 100% success rate. In complex envi-
ronments, the proposed algorithm outperforms the others by achieving shorter search 
times and shorter path lengths. Compared with the RRT* algorithm, the proposed algo-
rithm reduces the average number of nodes by 88.7%, decreases the average path length 
by 12.2%, and shortens the average computation time by 95.3%. 

Table 2. Comparison of various datapoints in simulation results. 

Environment Algorithm 
Avg. Path 

Length (cm) 
Avg Number 

of Nodes Times (s) 

 Proposed Algorithm 133.06 98.00 1.56 

Complex environment 
APF-RRT* 141.94 828.00 19.73 

RRT*-Connect 145.33 289.00 8.94 
 RRT* 151.47 868.00 33.15 
 Proposed Algorithm 131.58 106.00 1.48 

Moderate environment 
APF-RRT* 141.23 597.00 12.84 

RRT*-Connect 143.58 308.00 9.95 
 RRT* 151.30 1119.00 31.02 
 Proposed Algorithm 131.42 112.00 1.94 

Simple environment 
APF-RRT* 139.79 622.00 10.96 

RRT*-Connect 154.83 268.00 8.96 
 RRT* 156.39 1047.00 25.76 

In moderately complex environments, the proposed algorithm reduces the average 
path length by 13.0%, decreases the average number of nodes by 90.5%, and shortens the 
average computation time by 95.2% compared with the RRT* algorithm. 

To further compare the performance of the improved algorithm, 100 simulation re-
sults were conducted in three different environments: simple, moderate, and complex. 
The average path length, average execution time, average number of iterations, and aver-
age number of nodes were recorded. A comparison chart of simulation data in three en-
vironments is shown in Figure 15. 

 

Figure 15. Comparison chart of simulation data in three environments. 

The proposed algorithm achieves substantial improvements over the traditional 
RRT*, APF-RRT*, and RRT*-Connect algorithms in all three environments. Specifically, it 
reduces the average path length by 12.1–15.9% while dramatically cutting the number of 
generated nodes by over 88% and planning runtime by more than 92% (see Table 1). These 
gains stem from the sampling bias toward goal-directed regions, which minimizes explo-
ration in irrelevant or obstacle-dense areas. Consequently, the planner constructs high-
quality paths with far fewer samples, significantly lowering computational overhead. This 
efficiency enables real-time replanning on resource-constrained platforms—such as our 
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differential-drive robot—and directly contributes to smoother, faster navigation in prac-
tice. 

To quantify the contribution of each improvement module, we gradually introduce 
improvement strategies and test performance (environment complexity: moderate). 

Table 3 shows that bidirectional search has the most significant improvement in con-
vergence speed (67.9%), while APF fusion contributes the most to path optimization (11.8% 
length reduction). The dynamic bias strategy further reduces computation time by 15%. 

Table 3. Ablation study of RRT* improvements. 

Configuration Avg. Length (cm) ΔLength Times (s) ΔTime Nodes 
Baseline RRT* 151.30 ± 1.2 - 31.02 ± 2.1 - 1119 ± 42 

+Bidirectional Search 143.58 ± 0.9 −5.1% 9.95 ± 0.7 −67.9% 308 ± 25 
+Constrained Sampling 138.47 ± 0.7 −8.5% 4.83 ± 0.4 −84.4% 195 ± 18 

+APF Integration 134.92 ± 0.6 −10.8% 2.76 ± 0.3 −91.1% 127 ± 15 
Full Proposed Method 131.58 ± 0.5 −13.0% 1.48 ± 0.2 −95.2% 106 ± 12 

5.2. Comparative Results and Analysis of the Improved RRT*-DWA Algorithm 

To verify the stability and feasibility of the proposed local path planning algorithm, 
simulation tests were conducted in a 10 m × 10 m two-dimensional environment using the 
MATLAB R2022b platform. The improved RRT*-DWA algorithm proposed in this paper 
was compared with Dijkstra-DWA and A*-DWA in terms of path length, average speed, 
and runtime (Table 4). The starting point for all scenarios was set at (0, 0), and the goal 
point was (10, 10). The path planning results of the three different algorithms are illus-
trated in Figure 16, where the blue path represents the actual executed path, and the or-
ange path represents the global planned path. All three frameworks share the same local 
planner (standard DWA) with identical parameters and operate on the same 10 m × 10 m 
occupancy grid map. The only difference lies in the global path planner: our method uses 
the improved RRT*, while the baselines employ Dijkstra and A*. 

Table 4. Comparison of various simulation results data. 

Algorithm Average Path Length (m) Average Speed (m/s) Times (s) 
Improved RRT*-DWA 15.21 2.45 6.2 

Dijkstra-DWA 15.96 1.39 11.5 
A*-DWA 15.88 1.37 11.6 

 

Figure 16. Planning results for the three algorithms. 

In the comparison of the results for the three algorithms in Figure 16, two U-shaped 
obstacles are present in the map—one large and one small. Although both the A-DWA* 
and Dijkstra-DWA algorithms successfully avoid the first large U-shaped obstacle, their 
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global paths pass too close to the second smaller U-shaped obstacle. Consequently, the 
paths generated by A-DWA* and Dijkstra-DWA enter a small section of the U-shaped 
obstacle area, increasing the risk of collision. This situation could lead to path planning 
failure or require extra time to adjust the path. 

Table 4 shows that in terms of the path length, the improved RRT*-DWA algorithm 
reduces the length by 4.7% and 4.2% compared with Dijkstra-DWA and A*-DWA, respec-
tively. Regarding average speed, the improved RRT*-DWA algorithm achieves increases 
of 76% and 79% over Dijkstra-DWA and A*-DWA, respectively. Furthermore, in runtime, 
the improved RRT*-DWA algorithm reduces execution time by 46% and 47%, respectively. 

Overall, the results demonstrate that the improved RRT*-DWA algorithm not only 
enables safer and more effective avoidance of all U-shaped obstacles but also produces 
shorter and smoother planned paths. 

To verify the dynamic obstacle avoidance capabilities of the improved RRT*-DWA 
algorithm, a moving obstacle was added to the map in Figure 16. This obstacle moves at 
a constant speed from the starting point (7.5, 2) to the endpoint (7.5, 10). 

The obstacle avoidance sequence in Figure 17 (time steps a–f) demonstrates the reac-
tive capabilities of the enhanced local planner in dynamic scenarios. At step d, upon de-
tecting an approaching moving obstacle, the planner proactively adjusts the robot’s head-
ing—not through abrupt braking or oscillation, but via a smooth trajectory deviation that 
maintains forward progress. By step e, the vehicle has safely overtaken the obstacle and 
begins realigning with the global reference path, confirming that the local planner pre-
serves long-term navigation intent rather than getting trapped in short-term reactions. 
This behavior highlights the effectiveness of integrating goal-directed guidance into local 
decision-making, enabling both safety and efficiency in human–robot shared spaces. 

 

Figure 17. Dynamic obstacle avoidance process of improved RRT*-DWA algorithm. 

The simulation results demonstrate that the improved RRT*-DWA algorithm effec-
tively navigates from the start point to the goal point with stability, regardless of whether 
the obstacles are static or dynamic. 
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6. Physical Experiment and Discussion 
To verify the dynamic obstacle avoidance performance of the integrated navigation 

algorithm in a real-world environment, experiments were conducted using a two-wheel 
differential drive WHEELTEC ROS robot. In the experiments, a 5 m × 5 m experimental 
field was set up, resembling the U-shaped obstacle map layout mentioned earlier. The 
specific structure of the robot and the experimental field are shown in Figure 18a and 
Figure 18b, respectively. The robot is equipped with an OpenCTR B20 motion controller 
based on STM32F103, an RPLIDAR A2 (6 m range, 0.45° angular resolution, 10 Hz scan 
rate), and two 24 V DC brushed motors with encoders, capable of reaching a maximum 
linear speed of 0.6 m/s and angular speed of 2.0 rad/s. The onboard computer is a Rasp-
berry Pi 4 running Ubuntu 18.04 and ROS Melodic. Localization is achieved via AMCL 
with an accuracy of approximately ±0.05 m. During testing, the robot demonstrated an 
average path deviation of 0.08 m (maximum 0.15 m) from the global path, maintained a 
real-time planning frequency of 10 Hz, and achieved a 100% obstacle avoidance success 
rate across 10 trials with dynamic obstacles moving at 0.3–0.5 m/s. The physical experi-
ments were conducted in the robotics laboratory at Tianjin Sino-German University of 
Applied Sciences, in an indoor area of approximately 5 m × 5 m. The environment was 
configured with multiple static traffic cones to form cluttered and narrow passages. To 
simulate a predictable moving obstacle, one cone was tethered with a thin string and 
pulled along a straight line from (3.25, 1) to (3.25, 5) by an operator positioned at the des-
tination point. This setup ensures a consistent and repeatable dynamic intrusion during 
robot navigation, mimicking scenarios such as pedestrians or carts moving along known 
pathways in service environments. 

 

Figure 18. Physical experimental environment and equipment. 

The experimental system adopted a master–slave architecture, with the personal 
computer acting as the master and the intelligent vehicle’s upper computer as the slave. 
The two devices were connected via the vehicle’s built-in Wi-Fi module to ensure stable 
and real-time data transmission. The master terminal activated the keyboard control node 
to enable remote control of the intelligent vehicle. Subsequently, the slave terminal started 
the mapping node based on the Gmapping algorithm, which controlled the vehicle for 
environmental perception and grid map construction. The constructed map is shown in 
Figure 18c. Our algorithm implementation is based on a set of thoroughly validated core 
parameter configurations that demonstrate excellent stability and adaptability in typical 
indoor environments. For the RRT* algorithm component, we employ a base connection 

threshold ( based ) of 1.5 m (recommended range 1.0–2.5 m) and an obstacle density thresh-

old ( δ  range) of [0.3, 0.35], combined with a directional preference coefficient ( dλ ) of 0.6 
to balance exploration efficiency and path quality. The DWA local planner utilizes a global 
path consistency weight (γ) of 0.4 and a safety distance weight (ω3) of 0.8 to ensure navi-
gation reliability and safety. For researchers interested in verifying the algorithm’s core 
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functionality, integration with ROS systems can be achieved through MATLAB’s ROS 
Toolbox: we first implement the RRT* core logic in MATLAB and then establish ROS net-
work connectivity to publish path topics, with the ROS side ultimately receiving and ex-
ecuting the path planning results. In specialized environment applications, we recom-
mend targeted adjustments based on scenario characteristics: narrow spaces may benefit 
from increasing the directional preference coefficient to 0.7–0.9, obstacle-dense environ-
ments ( δ  > 0.4) may require expanded sampling region width, and dynamic environ-
ments could see improved performance by raising the global path weight to 0.5–0.6. These 
parameter combinations and adjustment strategies have proven effective in various in-
door environment tests, with detailed experimental data available in the paper’s compre-
hensive analysis. 

6.1. Global Path Planning Comparison Experiment 

Experiments were conducted by navigating an intelligent vehicle to compare the 
global path planning performance of the proposed algorithm, APF-RRT*, and RRT*-Con-
nect in a real-world environment. Figure 19 shows that both APF-RRT* and RRT*-Connect 
can plan a safe, collision-free path from the start point to the goal. However, the global 
paths planned by these algorithms contain too many sharp turns, resulting in worse path 
quality. In contrast, the global path planned by the proposed algorithm is significantly 
simplified, with all segments maintaining a regular straight line, except at the turns. This 
leads to a notable improvement in path quality. The experimental results are compared in 
Table 5. 

 

Figure 19. Three different algorithms for global navigation experiments. 

Table 5. Comparison of experimental results. 

Algorithm Path Length (m) Times (s) 
Proposed Algorithm 7.61 10.6 

APF-RRT* 8.35 14.5 
RRT*-Connect 8.47 15.2 

Compared with APF-RRT* and RRT*-Connect, the proposed global path planner 
achieves a shorter path length (by 8.9% and 10.2%, respectively) and a significantly lower 
planning time (reduced by 26.9% and 30.3%) (Table 5). These improvements result from 
the constrained sampling mechanism, which focuses exploration along heuristic direc-
tions toward the goal and avoids redundant node expansion in low-potential regions. The 
reduced runtime is particularly beneficial for real-world deployment, as it enables more 
frequent replanning cycles under dynamic conditions while maintaining low computa-
tional load—enhancing both responsiveness and system stability. 
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6.2. Physical Experiment and Comparison of Improved RRT*-DWA Algorithm 

To verify the practical effectiveness of the improved RRT*-DWA algorithm, an ex-
perimental field with dynamic obstacles was set up, resembling the layout in Figure 17. 
Figure 20 shows the entire experimental process at nine time points, from a to i. At time 
point e, the intelligent vehicle detects a dynamic obstacle ahead. At time point f, the vehi-
cle adjusts its path to prepare for avoiding the dynamic obstacle, and by time point h, it 
successfully avoids the obstacle. The experimental results are compared in Table 6. 

 

Figure 20. Dynamic obstacle avoidance process of improved RRT*-DWA algorithm in a physical 
experiment. 

Table 6. Comparison of experimental data. 

Algorithm Path Length (m) Times (s) 
Improved RRT*-DWA 7.75 11.2 

Dijkstra-DWA 8.16 16.5 
A*-DWA 8.19 17.1 

The proposed improved RRT*-DWA algorithm outperforms both Dijkstra-DWA and 
A*-DWA in terms of path efficiency and computational speed (Table 6): it reduces path 
length by 5.0% and 5.4% and planning runtime by 32.1% and 34.5%, respectively. This 
advantage arises from the continuous-space sampling of RRT*, which generates smoother, 
curvature-feasible global paths compared with the grid-constrained routes of Dijkstra and 
A*. Consequently, the local DWA planner requires fewer corrective maneuvers, leading 
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to more consistent velocity profiles and reduced oscillation during navigation—key indi-
cators of operational stability. The tighter coupling between global and local planning 
thus enables more efficient and reliable autonomous navigation in cluttered indoor envi-
ronments. 

6.3. Analysis and Discussion 

The physical experiments confirm the effectiveness of the improved RRT*-DWA al-
gorithm in real-world navigation scenarios. By guiding the sampling process of RRT* to-
ward the goal direction, the global planner generates smoother and shorter paths than 
Dijkstra-DWA and A*-DWA, which rely on discrete grid representations. This continu-
ous-space planning better aligns with the kinematic characteristics of the two-wheel dif-
ferential-drive WHEELTEC robot, reducing unnecessary heading adjustments and veloc-
ity fluctuations during execution—evident in the stable trajectory shown in Figure 19. 

Moreover, the successful avoidance of the tethered moving cone (pulled from (3.25, 
1) to (3.25, 5)) demonstrates that the local DWA planner can respond to dynamic obstacles 
while maintaining adherence to the global path. The robot consistently returned to its in-
tended route after overtaking the obstacle, as observed in Figure 20, achieving a 100% 
success rate across all trials. This behavior highlights the robust coupling between global 
guidance and local reactivity in our integrated framework. 

Despite these advantages, the current implementation has limitations. It assumes a 
pre-built static map and predictable obstacle motion, which may not hold in highly dy-
namic or unknown environments such as crowded public areas. Additionally, while the 
system maintains a real-time planning frequency of 10 Hz on the Raspberry Pi 4, compu-
tational load could increase significantly in larger or more complex maps. 

Future work will focus on extending the framework to support online map updates 
through SLAM integration, incorporating simple motion prediction for faster-moving ob-
stacles, and exploring adaptive parameter tuning for DWA based on local scene complex-
ity. These enhancements aim to improve robustness and generalization in more diverse 
real-world applications. 

7. Conclusions and Future Works 
This paper addressed the challenge of inefficient and unstable navigation in cluttered 

indoor environments by proposing an improved RRT*-DWA integrated framework. The 
key innovation lies in guiding the RRT* sampling process toward the goal direction while 
maintaining asymptotic optimality, which enables the generation of smoother, shorter, 
and kinematically feasible global paths. When tightly coupled with the DWA local plan-
ner, this approach significantly enhances navigation efficiency and robustness—particu-
larly in scenarios involving dynamic obstacles—as validated through both simulation and 
physical experiments on a WHEELTEC differential-drive robot. 

While the current system demonstrates strong performance under known static maps 
and predictable moving obstacles, future work will explore online map updating via 
SLAM, motion prediction for erratic obstacles, and extension to multi-robot coordination 
to broaden its applicability in real-world service robotics. 
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Appendix A 

Algorithm A1. Algorithm RRT*. 

1. Input: startq , goalq , apΜ , maxN  

2. Output: Global path 
3. Initialize tree Τ with startq  

4. for i = 1 to MaxIterations do 
5.   randq  = RandomSample( apΜ ); 

6.   nearq  = NearestNeighbor( Τ , randq ); 

7.   newq  = Steer( nearq , randq ); 

8.    if CollisionFree( nearq , newq ) then 

9.       _naer nodesq  = NearNodes( Τ , newq , radius); 

10.       minq  = ChooseParent( _naer nodesq , newq ); 

11.        AddNode( Τ , newq , minq ); 

12.      Rewire( Τ , newq , _naer nodesq ); 

13.      if Distance( newq , goalq )< threshoud then 

14.           return Path( Τ , startq , goalq ); 

15.      end if; 
16.   end if; 
17. end for 
18. return NoPathFound 

Appendix B 

Algorithm A2. Determination steps for rectangular sampling area. 

1. Input: startq  and goalq  and obstacle_map 

2. [ ],min maxδ δ  = [ ]0.3,0.35 ; 

3. Output: W  

4. ( ) ( )2 2L x.start x.goal y.start y.goal= − + − ;  

5. W  = 1.0, WΔ  = 0.1;  

6.  while True: 
7.     Area =  L W∗ ; 
8.     obstacle_count  = 0; 

9.     for k =  1 to N:  
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10.         p = RandomPointInRegion( );   

11.   if CheckCollision (p,obstacle_map) then 

12.         obstacle_count + = 1;   

13.   δ = obstacle_count/N;   

14.   if min maxδ δ δ≤ ≤  

15.         break; 
16.  W W W= + Δ ; 
17. Return W ; 

Appendix C 

Algorithm A3. Improved RRT*-DWA path planning. 

1. Input: startq  and goalq  and obstacle_map M and maxN  

2. Output: P(smoothed global path) and traj(executed local trajectory) 

3: Create tree startT  rooted at startq and tree goalT rooted at goalq ; 

4:  Center_line = line from startq  to goalq ; 

5:  R = rectangle along center_line, width = 30% of M width; //Width can be adjusted based 
on local obstacle density 
6:  for i = 1 to N_max do       //Dynamic goal bias based on obstacle density 
7:       = obstacle_density_in_region(R); 
8:      if   < 0.2 then 
9:         goalp  = 0.2;//In open space, bias more toward goal 

10:     else; 
11:        goalp  = 0.05;//In cluttered space, explore more 

12:     end if; 
13:     if rand() < p_goal then    //Sample with APF guidance within R 
14:         randq  = goalq ; 

15:     else;           //Sample within R, biased by APF (attractive to goal, repulsive to 
obstacles) 
16:        randq  = sample_from(R, using_APF_potential); 

17:     end if; 
18:     if i % 2 == 0 then   //Alternate tree expansion 
19:         activeT  = startT , targetT  = goalT ; 

20:     else; 
21:         activeT  = goalT , targetT  = startT ; 

22:     end if; 
23:     nearq  = nearest_node( activeT , randq ); 

24:     newq  = extend( nearq , randq ); 

25:     if  is_collision_free( nearq , newq , M) then 

26:         add newq  to activeT ; 
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27:         rewire_neighbors( activeT , newq ); //Optimize path cost 

28:         if distance( newq , any node in activeT ) < 0.5 then //Check if trees can be con-
nected 
29:             connect_trees( startT , goalT ); 

30:             break;   //Exit loop 
31:         end if; 
32:     end if; 
33: end for; 
34: P_raw = extract_path( startT , goalT ); //Extract and smooth global path 

35: P = smooth_path(P_raw);      //Remove redundant waypoints 
36: current_pose = x_start;   //Local planning: DWA with Global Path Following 
37: traj = empty list; 
38: while distance(current_pose, goalq ) > 0.3 do 

39:     candidate_trajs = DWA.generate_trajectories(current_pose); 
40:     best_traj = select_lowest_cost(candidate_trajs, P, M); 
41:     append best_traj to traj; //Cost includes: obstacle avoidance, speed, goal reaching, 
and global path following 
42:     current_pose = final_pose(best_traj); 
43:     if deviation_from_path(current_pose, P) > 0.5 or new_obstacle_detected then  
//Replan global path 
44:         goto line 2;     //Trigger global replanning 
45:     end if; 
46: end while; 
47: Return P, traj; 
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