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Abstract: This paper introduces a multi-indicator heuristic evaluation-based rapidly ex-
ploring random tree (MIHE-RRT) algorithm to address the key challenges of robot path
planning in complex environments. The core innovation lies in a novel dual optimiza-
tion framework that combines Hammersley sequence sampling with a comprehensive
multi-indicator heuristic evaluation mechanism. The Hammersley sequence ensures uni-
form coverage of the configuration space, while the multi-indicator heuristic evaluation
mechanism intelligently guides tree expansion through a three-dimensional evaluation
system incorporating diversity, distance, and angle values. After generating the initial
path, a pruning algorithm removes redundant points to produce an efficient and practical
final path. Extensive experimental validation in four different environmental scenarios
(semi-enclosed, maze, chaotic, and crowded) demonstrates that MIHE-RRT outperforms
RRT (rapidly exploring random tree), IBi-RRT (improved bidirectional rapidly exploring
random tree), and HB-RRT (halton biased rapidly exploring random tree) algorithms. Re-
sults show significant improvements in planning efficiency (54–88% reduction in execution
time), path quality (15–24% shorter paths), and computational resource utilization (77–94%
reduction in nodes). These excellent performance metrics not only prove MIHE-RRT’s
advantages in complex environments but also make it particularly suitable for practical
robot navigation applications requiring reliable and efficient path planning.

Keywords: path planning; RRT; heuristic evaluation; optimal path planning

1. Introduction
With the improvement of automation in various industries, climbing robots are grad-

ually integrated into daily life. With flexibility and adaptability, they can perform tasks
in complex environments such as vertical walls and ceilings, showcasing broad prospects
in industrial maintenance, building inspection, and hazardous operations. Within this
framework, path planning, as a key technology for climbing robots [1], directly affects the
robots’ operational efficiency and task quality.

In the development of path planning algorithms, path planning algorithms have
been categorized into graph search algorithms [2,3], sampling-based algorithms [4,5],
potential field algorithms [6,7], and biomimetic algorithms [8,9]. The robot path planning
algorithm needs to solve two problems: computational efficiency and applicability to
different scenarios.
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The RRT algorithm [10] is renowned for its probabilistic completeness and efficient
search capabilities, enabling planning in both high- and low-dimensional spaces through
pseudo-random sampling. However, this pseudo-random sampling characteristic brings
limitations, specifically manifesting as insufficient search space coverage due to lower ran-
domness, leading to inefficient planning and difficulties in finding effective path planning
solutions in complex environments. To overcome these limitations, Karaman et al. [11]
proposed the RRT* algorithm, which maintained RRT’s efficient exploration characteristics
while gradually optimizing paths. In RRT’s subsequent evolution, Kuffner et al. [12] pro-
posed the RRT-Connect algorithm, which improved map search efficiency, reduced time
through dual-tree expansion, and introduced greedy strategies in the auxiliary tree.

To further enhance algorithm performance, researchers have introduced various heuris-
tic strategies. Informed-RRT* [13] generates optimal paths using hyperellipsoid sampling
based on non-uniform sampling. CBQ-RRT* [14] considers kinematic constraints, optimizes
path smoothness and length, and combines bidirectional expansion to improve efficiency.
CAF-RRT* [15] uses a bi-directional RRT algorithm and parent node optimization selection
strategy to generate basic paths, then employs arc smoothing and triangle optimization
strategies to improve path smoothness and safety. HB-RRT [16] combines heuristic can-
didate pool strategy and goal-oriented strategy to provide high-quality sampling points.
Hybrid-RRT* [17] significantly improves convergence speed and success rate by combining
uniform and non-uniform sampling. CCPF-RRT [18] effectively avoids specific congested
areas and optimizes movement costs through congestion and path length cost functions.
FC-RRT [19] significantly improves path planning initialization speed and optimization
efficiency through dual-path tree searching and an improved reconnection process. The IBi-
RRT algorithm [20] combines a random node priority selection strategy and an adjustable
attraction size strategy to reduce search randomness and avoid excessive exploration in the
same area.

However, these heuristic strategies face challenges in complex environments. Al-
though Neural RRT* [21] achieves intelligent guidance of the sampling process by inte-
grating CNN (Convolutional Neural Network), it requires large training datasets and
time-consuming preprocessing. While PBG-RRT [22] improves search efficiency through
heuristic probability strategy and bias target factor, it has high computational complexity.
Although DG-RRT [23] uses gradient ascent distribution to extend paths, it still struggles
with the “dead zone” problem in complex obstacle environments. PF-RRT* [24] combines
improved artificial potential fields to alleviate local minimum problems and accelerate con-
vergence to some extent, but has high computational overhead. SARRT-RRT [25] improves
planning efficiency and quality through structure-aware cost maps and path optimization,
but cost map computation is time-consuming.

Although the RRT algorithm and its heuristic variants (such as IBi-RRT, HB-RRT,
etc.) have made significant progress in path planning, they face three major challenges in
complex environments:

1. Sampling efficiency problem: Existing algorithms generally suffer from an uneven
distribution of sampling points and insufficient sampling in key areas.

2. Balance problem: Difficulty in achieving a good balance between exploration efficiency
and path quality.

3. Computational resource problem: Many improved methods result in significant
increases in computational overhead.

These limitations seriously affect the algorithms’ performance in practical applications,
especially in scenarios requiring precise navigation.

To overcome these limitations, this study proposes the MIHE-RRT algorithm, which
improves path planning performance through three key innovations:
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1. Hammersley sequence sampling: The pseudo-random sampling of traditional RRT
often leads to the uneven distribution of sampling points, resulting in oversampling
in some areas and undersampling in others. This study adopts the Hammersley
sequence sampling technique in MIHE-RRT to ensure the uniform distribution of
sampling points in the configuration space, effectively avoiding common clustering
and sampling blind spots in traditional Monte Carlo sampling and significantly
improving spatial exploration efficiency.

2. Multi-indicator heuristic evaluation mechanism: This study proposes a comprehen-
sive evaluation system for MIHE-RRT that achieves a dynamic balance between
exploration and development by simultaneously considering three dimensions of
indicators: diversity value (to avoid duplicate sampling), distance value (to optimize
path length), and angle value (to ensure progress towards the goal). This effectively
prevents algorithms from over-exploring

3. Tree pruning algorithm: This study integrates a specialized tree pruning algorithm
into MIHE-RRT to solve the common problems of redundant nodes and unnecessary
turns in RRT-generated paths. Our algorithm significantly shortens path length,
improves path practicality, and increases execution efficiency by optimizing node
distribution and simplifying path structure.

These three key innovations—Hammersley sequence sampling, multi-indicator heuris-
tic evaluation mechanism, and a tree pruning algorithm—form the complete technical
framework of the MIHE-RRT algorithm, jointly solving the core challenges faced by tra-
ditional RRT algorithms in complex environments. Table 1 compares MIHE-RRT with
existing RRT variant algorithms in terms of key technical characteristics.

Table 1. Comparison of key characteristics between MIHE-RRT and some existing RRT variant algorithms.

Algorithm Sampling Method Heuristic Strategy Path Optimization

RRT Pseudo-random sampling None None

RRT* Pseudo-random sampling Cost function Rewiring

Informed-RRT* Elliptical region sampling Heuristic ellipse Rewiring

IBi-RRT Pseudo-random sampling

Random node preferential
selection strategy and
adjustable attraction
magnitude strategy

Quadratic B-spline curve
smoothing algorithm

HB-RRT Halton sequence Goal-directed strategy and
candidate pool strategy

Multi-level planning
algorithm

Neural RRT* CNN-guided sampling and
pseudo-random sampling Neural network prediction None

MIHE-RRT Hammersley sequence Multi-indicator heuristic
evaluation mechanism Tree pruning algorithm

As can be seen from the comparison in the table above, the MIHE-RRT algorithm
has distinct technical characteristics in terms of sampling method, heuristic strategy, and
path optimization.

The structure of this paper is as follows:
Section 2 introduces the principle of the Hammersley sequence, multi-indicator heuris-

tic evaluation, the time complexity of the algorithm, and tree pruning. In Section 3, the
MIHE-RRT algorithm and standard RRT, IBi-RRT, and HB-RRT algorithms are simulated
and compared to evaluate the performance of the MIHE-RRT algorithm. Section 4 summa-
rizes this paper’s contribution and future research directions.
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2. MIHE-RRT
This second part describes the related strategies of MIHE-RRT. Section 2.1 describes the

principle of the Hammersley sequence sampling. Section 2.2 describes the principle of the
multi-indicator heuristic evaluation mechanism. Section 2.3 describes the path-smoothing
method. Section 2.4 describes the time complexity of the algorithm.

Unlike existing RRT variants, MIHE-RRT proposes a novel dual-layer optimization
framework that organically combines Hammersley sequence sampling with the multi-
indicator heuristic evaluation mechanism. This framework not only resolves the limitations
of traditional RRT algorithms in sampling distribution but also achieves effective exploration
in complex regions through the multi-indicator heuristic evaluation mechanism. To clearly
articulate the working principle of the MIHE-RRT algorithm, we first present the pseudocode
(as shown in Algorithm 1), followed by a detailed analysis of the core components.

Algorithm 1: MIHE-RRT Algorithm

Input: Random tree T; Start point qinit; Target point qgoal ; Fixed stepsize; Error value;
Number of iterations M
Output: Optimal path
Initialize root node qstart , qgoal
T ← { qstart , qgoal}
For m = 1 to M do:

Generate 25 random candidate points using Hammersley sequence
qC ← perform collision checks on the candidate points
Obtain the total value based on the corresponding weights
qsample ← Take the point with the highest comprehensive value as the next
sampling point
qnear ← Find the nearest node in T
qnew ← Iterate in the random tree T and select the node qnear closest to qsample

as the parent node of qnew

Then qnear extends a distance to obtain qnew

If the distance between two points is greater than step then
Expand the fixed step distance in this direction to obtain qnew

Else
Connect qnew and qnear

End if
Calculate d = distance

(
qnew , qgoal )

Until d < Error value
Backtracking path
Path smoothing algorithm smooths the path
End for
Return Optimal path

2.1. Hammersley Sequence

When applying heuristic functions to guide RRT algorithms to break through spa-
tial constraints, the pseudo-random sampling used in traditional RRT algorithms has
two significant defects:

1. Insufficient sampling in key regions: As shown in the red area in Figure 1a, due
to the uneven probability density distribution of pseudo-random sampling, the al-
gorithm struggles to consistently generate valid candidate points in key areas such
as narrow passages. This prevents the heuristic function from filtering out suitable
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expansion nodes, significantly reducing the algorithm’s ability to break through
semi-closed regions.

2. Excessive sampling in redundant regions: As shown in the blue area in Figure 1a,
sampling points exhibit non-uniform clustering phenomena. This excessive sampling
in redundant regions not only wastes computational resources but also affects path
planning efficiency due to the reduced spatial diversity of candidate points, forming a
vicious cycle of increased computational overhead and decreased solution quality.
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(a) Pseudo-random sampling showing insufficient sampling in key regions (red area) and excessive
sampling in redundant regions (blue area); (b) Hammersley sequence sampling demonstrating
superior uniform distribution characteristics across the entire space.

In contrast, as shown in Figure 1b, the point set generated by Hammersley sequence
sampling exhibits superior uniform distribution characteristics. The MIHE-RRT algorithm
breaks through the pseudo-random sampling limitations of traditional RRT by introducing
the Hammersley sequence to achieve uniform spatial coverage. Unlike methods such as
Neural RRT* which require pre-training processes, it ensures low computational overhead
while maintaining high-quality sampling effects.

Research [26] indicates that Hammersley sequence sampling is an effective low-
variance sequence sampling method that demonstrates superior point distribution unifor-
mity in multidimensional spaces, effectively avoiding the point clustering and gap issues
common in traditional Monte Carlo sampling. This uniform distribution characteristic not
only ensures effective sampling in key regions but also prevents sampling point clustering,
thereby enhancing the algorithm’s ability to break through complex regions while reducing
computational overhead and improving path planning efficiency. This structured sampling
method forms a complementary optimization with the heuristic search: while ensuring
directional path exploration, it effectively eliminates the blind spots of random sampling
through comprehensive spatial coverage characteristics, thereby achieving synergistic
improvement in algorithm convergence speed and solution quality.

The generation method of Hammersley sequence sampling points is as follows:

1. The first dimension adopts uniform distribution, and the equidistant selection is i
N ,

where i is the index of the sample, and the range is 1 to N. N is the number of samples.
2. The second dimension employs the Van der Corput sequence with base b to gen-

erate a low-variance sequence. The Van der Corput sequence transforms natural
numbers into decimals within the interval [0, 1] through radix conversion and digit
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reversal, producing a uniformly distributed low-discrepancy sequence. The formula
is as follows:

vdc(n, b) =
∞

∑
k=0

ak

bk+1 (1)

Here, n represents the input natural number, b is the base, and ak is the k-th digit that
will be represented as the base b. Each point of the Hammersley sequence can be expressed
as follows:

xi =

(
i
N

, vdc(i, b)
)

(2)

It is worth noting that the base b is one of the key parameters for generating Ham-
mersley sequence sampling points, which directly affects the distribution characteristics of
the sequence in specific dimensions. Each dimension corresponds to a cardinal number,
usually a prime number (such as 2, 3, 5, etc.). The choice of base has an important influence
on the uniformity of point distribution and the coverage of multidimensional space. In the
two-dimensional space of a 100 m × 100 m map, 100 points are generated by using prime
numbers 2, 3, 5, and 7, respectively, and the distribution of observation points is observed.

It can be seen from Figure 2 that as b increases, the correlation between sampling
points increases accordingly, while the distance between adjacent nodes decreases. At the
same time, the sampling points will show a regular aggregation and some blank areas.
Insufficient uniform sampling points will limit the global exploration ability of the tree,
which may make the algorithm fall into the local minimum, unable to jump out of the
constraints of complex obstacles and reduce the path quality and computational efficiency.
Therefore, the Hammersley sequence with b = 2 is selected for sampling.
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Figure 2. Comparison of Hammersley sequence sampling with different base b: (a) b = 2 showing
optimal uniform distribution with balanced spacing between points; (b) b = 3 displaying slight
clustering patterns beginning to emerge; (c) b = 5 demonstrating increased correlation between
sampling points with visible patterns; (d) b = 7 showing further increased regularity and decreased
uniformity with noticeable blank areas.

2.2. Multi-Indicator Heuristic Evaluation Mechanism

The core innovation of MIHE-RRT lies in proposing a multi-indicator heuristic evalua-
tion mechanism, which fundamentally differs from the heuristic strategies used in existing
RRT variants:

1. Multi-dimensional collaborative evaluation: Existing algorithms such as Informed-
RRT primarily rely on single-dimensional heuristic elliptical region sampling, while
MIHE-RRT simultaneously considers three dimensions—spatial diversity, target dis-
tance, and directional angle—forming a more comprehensive evaluation system.

2. Dynamic balancing mechanism: Through weight parameters (K1, K2, K3), it achieves
a dynamic balance between exploration and exploitation, solving the problem of
excessive exploration in complex environments that occurs in other algorithms such
as RRT.
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3. Integration of local and global information: The diversity value focuses on local spatial
structure, the distance value guides the global target direction, and the angle value
optimizes local expansion efficiency, achieving an organic integration of local and
global information.

Based on the design concept of the above multi-indicator heuristic evaluation mecha-
nism, the specific algorithm steps of MIHE-RRT are as follows:

1. In the sampling phase, the point set qC of the Hammersley sequence sampling is
generated in advance.

2. For each point in the point set, calculate its Euclidean distance from all nodes in the
current tree to find the nearest point qnear.

3. Move a step from qnear to qC to obtain a new point qnew.
4. Check whether the path from qC to the nearest tree node is collision-free.
5. Points where collisions occur will be deleted, while non-colliding points are retained.

If all points in the set collide, the process advances to the next iteration.
6. After completing collision detection, the remaining points in the set will become

candidate points, with a quantity of k. The multi-indicator heuristic evaluation
mechanism then calculates a value for each candidate point and selects the one with
the highest value as the sampling point qsample for the current iteration.

The value function combines the distance value Di, the angle value θi, and the diversity
value δi. The formula is as follows:

cost
(

qC(i)

)
= K1 ∗ Di + K2 ∗ θi + K3 ∗ δi (3)

The cost
(

qC(i)

)
is the comprehensive value of the candidate point in the point set.

K1, K2, and K3 are the weights for distance value, transition value, and diversity value,
respectively.

2.2.1. Diversity Value

δi is the result of the normalization of the diversity value. The formula for δi is:

δi =
dmin

(
qC(i)

)
− dmin

min

dmax
min−dmin

min
(4)

where qC(i) is the candidate point and dmin

(
qC(i)

)
is the minimum distance from each

candidate point to the tree. dmax
min and dmin

min are the maximum and minimum values of the
minimum distances from all candidate points to the tree.

To optimize computational efficiency, only distances between candidate points and
nodes in the local region are calculated. If there are no nodes in the local region, the distance
to the nearest node is used as a reference. When dmin is small (indicating proximity to the
tree), δi approaches 0, reducing the probability of the candidate point being selected. When
dmin is large (indicating distance from the tree), δi approaches 1, increasing the probability
of the candidate point being selected.

As shown in Figure 3, when only the diversity value is taken into account, the candi-
date point farthest from qnear within the search radius will be selected as the final sampling
point, which is qC(2).
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From a local efficiency perspective, distance-based point selection prevents node clus-
tering and improves spatial coverage efficiency. From a global perspective, this approach
enhances the algorithm’s exploration capability, facilitating the discovery of feasible paths
while avoiding redundant distance calculations during tree expansion, thus improving
overall algorithmic efficiency.

2.2.2. Distance Value

Di is the result of the normalization of the distance value. The formula for Di is

Di = 1−

∥∥∥qC(i) − qgoal

∥∥∥
dmax

(5)

where qgoal is the target point.
∥∥∥qC(i) − qgoal

∥∥∥ is the Euclidean distance between the candi-
date point and the target point.

dmax represents the maximum distance in the environment. For a 100 m × 100 m map,
the maximum distance corresponds to the diagonal length, dmax = 100

√
2 m.

As shown in Figure 4, when only the distance value is considered, the candidate point
with the smallest Euclidean distance from qgoal will be selected, which is qC(4), the final
sampling point. The distance value ensures that the sampling point moves in the direction
of the target.
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Figure 4. Principle of distance value: illustration demonstrating how the candidate point (qC(4)) with
the smallest Euclidean distance to the target point (qgoal) is selected as the final sampling point when
considering only the distance value indicator, ensuring that sampling points move in the direction of
the target.

2.2.3. Angle Value

θi is the result of the normalization of the angle value. The formula for θi is

θi = 1−

∣∣∣θgoal − θC(i)

∣∣∣
π

(6)

where θgoal − θC(i) = arccos

 →
A·
→
B∣∣∣∣→A∣∣∣∣∣∣∣∣→B ∣∣∣∣

,
→
A represents the vector from the nearest node qnear

pointing to the target point qgoal , and
→
B represents the vector from the nearest node qnear

pointing to the candidate point qC(i).
As shown in Figure 5, when considering only the angle value, the candidate point

qC(4) with the minimum angle between vectors
→
A and

→
B is selected as the final sampling

point. This angular metric evaluates the alignment between the extension direction and
the target direction, which, combined with the distance value, optimizes path efficiency
toward the target.
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Figure 5. Principle of angle value: illustration showing how the candidate point (qC(4)) with the
minimum angle between vector A (from the nearest node qnear to the target point qgoal) and vector B
(from the nearest node qnear to the candidate point qC(i)) is selected as the final sampling point when
considering only the angle value indicator, optimizing path efficiency toward the target.

2.2.4. Selection of Weights for Distance Value, Angle Value, and Diversity Value

From Equation (3), it can be known that K1 represents the intensity of moving toward
the target. The larger K1 is, the stronger the intensity of moving toward the target, and
the more direct it is to reach the target point. K2 represents the alignment between the
extension direction and the goal direction. As K2 increases, it will purposefully guide the
tree to grow toward the target. K3 represents the control degree of spatial exploration. The
larger K3 is, the more spatial areas the path exploration covers, while also being able to
avoid excessive exploration of failure areas.

In order to obtain the weights for the distance value, angle value, and diversity value
that work most effectively in complex environments, the grid method is used for optimal
weight selection.

First, we set the number of points in the point set to 50. For the grid search scheme, we
set the ranges of K1, K2, and K3 to [0.1, 0.8] with a step size of 0.1, and all combinations must
satisfy K1 + K2 + K3 = 1, which generates 36 valid combinations. Each combination is tested
50 times on the map shown in Figure 6, which has a size of 200 m × 200 m. The average
values of path length, time, and number of nodes are calculated for each combination.
Finally, the top 5 combinations with the shortest time are selected for comprehensive
comparison to determine the optimal weight combination.
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Figure 6. The planning effect of the RRT algorithm and the path planning effect of the MIHE-RRT
algorithm: (a) RRT algorithm showing extensive exploration with numerous nodes (blue dots) and a
longer path (red line) from start point (green dot) to target point (red dot); (b) MIHE-RRT algorithm
demonstrating more efficient planning with fewer nodes and a shorter path, while successfully
navigating through the same environment.

The 5 combinations with the shortest time are shown in Table 2. It can be seen that
when K1 = 0.6, K2 = 0.1, and K3 = 0.3, the planning process requires the shortest time, the
number of nodes is the lowest, and though the path length ranks third, it is not significantly
different from the shortest path of 162.33 m. Comprehensively, K1 = 0.6, K2 = 0.1, and
K3 = 0.3 is selected as the weight for distance value, angle value, and diversity value in the
subsequent testing process of the MIHE-RRT algorithm.

Table 2. The 5 shortest time results.

K1 K2 K3 Path Length (m) Time (s) Number of Nodes

0.6 0.1 0.3 167.56 0.041 169.63
0.8 0.1 0.1 162.33 0.046 200.05
0.4 0.5 0.1 174.95 0.054 177.72
0.4 0.4 0.2 175.66 0.064 275.46
0.4 0.3 0.3 165.99 0.068 289.85

2.2.5. The Number of Points in the Point Set (N)

The number of points in the point set (N) generated by Hammersley sequence sam-
pling significantly impacts the algorithm’s performance in terms of time, path length, and
number of nodes. A small N reduces computational complexity but may fail to identify
high-quality candidate points. Conversely, a large N increases the likelihood of finding
high-quality candidates but substantially increases computational overhead and planning
time. To determine the optimal N, 50 experiments are conducted using MIHE-RRT in the
environment shown in Figure 6, evaluating the trade-off between time, path length, and
number of nodes.

As shown in Table 3, optimal planning performance is achieved when the Hammersley
sequence generates 25 points, resulting in a path length of 173.29 m, planning time of 0.036 s,
and average node count of 211.13.
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Table 3. Planning results under different numbers of generated points in Hammersley sequence
sampling.

N Path Length (m) Time (s) Number of Nodes

10 187.54 0.036 413.79
15 178.55 0.034 297.11
20 178.81 0.037 263.72
25 173.29 0.036 211.13
30 172.16 0.044 209.29
35 171.41 0.044 182.91
40 170.48 0.071 232.97

Figure 6 presents a comparative analysis between the RRT and MIHE-RRT algorithms.
While both algorithms successfully reach the endpoint, Figure 6a demonstrates that the RRT
algorithm requires significantly more nodes and produces longer paths than MIHE-RRT.
Figure 6b illustrates that MIHE-RRT, through its value-based sampling point selection,
achieves superior performance with fewer nodes and shorter paths, particularly effective
in navigating complex and narrow environments.

2.3. Tree Pruning

The initial path generated by the RRT algorithm is formed by connecting randomly
sampled points with straight lines, which typically contain redundant nodes and unneces-
sary turns. In order to improve path efficiency, it is necessary to optimize and simplify it.

The optimization process adopts a segment-by-segment detection method: starting
from the starting point of the path, the algorithm attempts to directly connect to further
path points. For each attempted straight-line connection, the system will perform collision
detection. If the straight path does not collide with any obstacles, all intermediate nodes
between these two points can be deleted; if a collision occurs, keep the last safely reachable
node as the new starting point and continue optimizing the subsequent path segments.

The RRT algorithm initially generates a path by connecting randomly sampled points
with straight-line segments, resulting in redundant nodes and suboptimal turns. Path
optimization is necessary to improve efficiency.

The optimization employs an iterative segment detection approach:

1. Beginning at the path’s start point, the algorithm attempts to establish direct connec-
tions to subsequent path points.

2. Each potential straight-line connection undergoes collision detection.
3. If no obstacle collisions are detected, all intermediate nodes between the connected

points are eliminated.
4. If a collision is detected, the last valid (collision-free) node becomes the new starting

point for optimizing the remaining segments.

As shown in Figure 7a, where qi represents the node position, pathpre represents the
initial path generated by the RRT algorithm; pathnew represents the optimized path. The
dark gray rounded rectangle represents obstacles.

Starting from q1, the optimization process attempts to establish direct connections
to subsequent nodes. In Figure 7a, while the attempted path from q1 to q5 collides with
obstacles, the connection between q1 and q4 remains collision-free and is selected as the
optimized segment. The optimization then continues with q4 as the new starting point.
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Figure 7. Path-smoothing principle diagram and actual effect diagram: (a) Illustration of the
path-smoothing principle showing the optimization process from initial path to smoothed path;
(b) Comparison between the initial path and the optimized path after applying the tree pruning
algorithm.

Figure 7b illustrates the optimized path (shown in green), which demonstrates sig-
nificant improvements over the initial path. Through iterative segment detection and
collision checking, the algorithm eliminates redundant nodes and unnecessary turns while
maintaining path safety. This optimization process substantially reduces path length while
preserving feasibility.

2.4. Computational Complexity
2.4.1. Space Complexity

The space complexity of the MIHE-RRT algorithm can be determined by analyzing
the key data structures and storage requirements during algorithm execution:

1. The main space requirement comes from storing the random tree structure. Each node
needs to store coordinate position, parent node reference, comprehensive value, and
node connections. If n is the total number of nodes in the final tree, this part requires
O(n) space.

2. The algorithm generates 25 candidate points in each iteration using Hammersley
sequence sampling. These 25 points are temporarily stored for evaluation. This is a
fixed space requirement of O(1), as the sample size remains fixed at 25 regardless of
the input scale.

3. For heuristic evaluation, the algorithm needs to store diversity value, distance value,
and angle value for each candidate point, as well as weight parameters (K1, K2,K3)
and comprehensive evaluation scores. Since these values are calculated for a fixed
number of candidate points (25), this also requires O(1) space.

4. Once the algorithm finds a path, it needs to store the path. Storing the final path as a
sequence of nodes and the optimized pruned path requires, in the worst case, O(n)
space as the path might include all nodes in the tree.

5. For collision detection, the algorithm needs to maintain a representation of obstacles in
the environment and temporary variables for collision checking. The space complexity
of the environment representation depends on the specific implementation but is
typically O(m), where m is the number of obstacles.

Overall, the total space complexity of the MIHE-RRT algorithm is O(n + m), primarily
determined by the random tree structure and environment representation.
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2.4.2. Time Complexity

For each iteration, the following apply:

1. When generating the point set during each of the 25 iterations, each step includes
sampling point generation O(1), finding the nearest neighbor O(n), and collision
detection O(m). The overall time complexity is O(25(1 + n + 1)), which simplifies to
O(25n + m), where n represents the current number of nodes in the tree.

2. In the best candidate selection phase of the algorithm, we need to select the optimal
point from k candidates that have passed collision detection. This process requires
performing multiple operations for each candidate point: calculating its distance to the
target O(1), finding the nearest node to it in the tree O(n), determining the relevant
nodes in the local small-scale search area O(1), and calculating various value metrics
O(1). Combining these operations, the theoretical time complexity for selecting the
best candidate point is O(kn).

3. In the step of generating a new node, extending the nearest node toward the sampling
point based on the specified step length is a basic mathematical operation with a time
complexity of O(1).

4. Finally, the algorithm adds the new node to the tree structure, which only involves
the simple addition of array elements and calculation of cost values, a constant time
operation with complexity O(1).

5. Therefore, the total complexity for a single iteration is O((25n+m) +O(kn) +O(1) +O(1)).
Simplified to O((25 + k)n + m), and since 25 and k are constants, the final complexity
is O(n + m).

3. Experimental Simulation Results and Analysis
Section 3.1 introduces the prerequisites for simulation testing. Section 3.2 introduces

the performance comparison of the MIHE-RRT algorithm on Map 1 (semi-closed), Map 2
(maze), Map 3 (chaotic), and Map 4 (crowded). The comparative tests include the RRT
algorithm, IBi-RRT, and HB-RRT algorithm.

3.1. Preparation for Simulation Testing

The simulation study utilized MATLAB 2021b (MathWorks, Natick, MA, USA) running
on a computer equipped with an Intel Core i7-10875H processor (2.3 GHz CPU frequency,
Intel Corporation, Santa Clara, CA, USA) and 16 GB RAM.

The MIHE-RRT algorithm underwent 50 test iterations on four distinct maps, with
standard RRT algorithm, IBi-RRT, and HB-RRT algorithm tested for comparison. Results
represent averages across all 50 tests. As illustrated in Figure 8, each map (all sized
200 m × 200 m) was designed to evaluate specific capabilities.

Map 1 evaluated the algorithm’s efficiency in escaping dead zones and path planning
in open areas, testing its adaptability to varying environmental characteristics. Map 2
assessed navigation through narrow channels, testing the algorithm’s handling of contin-
uous turns and dead ends. Map 3 evaluated performance amid irregularly distributed
obstacles, examining adaptability to complex spatial structures. Map 4 challenged the
algorithm’s planning capabilities in multi-objective environments, particularly its efficiency
in navigating narrow passages.
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According to the analysis of the results in Figure 9 and Table 4, the MIHE-RRT algo-
rithm exhibits comprehensive performance advantages in semi-closed environments. In 
terms of execution efficiency, MIHE-RRT achieves an average time of 0.0095 s, which is 
notably faster than its competitors—54.76% faster than the original RRT’s 0.021 s, 20.83% 
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Figure 8. Four types of maps for simulation testing: (a) Semi-closed environment with a narrow
pathway surrounded by obstacles, designed to test the algorithm’s ability to escape dead zones;
(b) Maze environment with continuous narrow passages and multiple dead ends, testing navigation
capabilities in constrained spaces; (c) Chaotic environment with irregularly distributed obstacles,
examining adaptability to complex spatial structures; (d) Crowded environment with multiple
obstacles creating narrow passages between them, challenging the algorithm’s efficiency in multi-
objective scenarios. In all maps, the green dot represents the starting point and the red dot represents
the target point, with obstacles shown in brown.

In the visualizations, starting points were indicated by green dots, target points by red
dots, and optimized paths by green lines, with obstacles shown in brown. All algorithms
were configured with 15,000 iterations and a 4 m step size. For IBi-RRT, the attractive force
coefficient is set to 1.5, and the probability threshold is set to 0.2. For HB-RRT, the candidate
pool size is 30, and δ = 0.4.

The evaluation framework centered on three critical performance metrics:
Path length (m) serves as an indicator of the algorithm’s pathfinding quality and

optimization capabilities. Computation time (s) demonstrates real-time performance,
directly impacting robot response speed—a crucial factor for real-time control systems. The
number of nodes reflects computational complexity and resource utilization, where fewer
nodes indicate more efficient searching and reduced system load, ultimately affecting the
robot’s operational efficiency.

These three interconnected metrics collectively determine the algorithm’s practical
utility. Their relationships and combined effects provide a comprehensive measure of the
algorithm’s real-world applicability in robotic systems.

3.2. Algorithm Simulation Testing

The performance of the MIHE-RRT algorithm was evaluated in four different map
environments (semi-closed, maze, chaotic, and crowded), and compared with the RRT, IBi-
RRT, and HB-RRT algorithms. The experiments comprehensively analyzed the efficiency
and effectiveness of the algorithm through path length (m), time (s), and number of nodes.

According to the analysis of the results in Figure 9 and Table 4, the MIHE-RRT algo-
rithm exhibits comprehensive performance advantages in semi-closed environments. In
terms of execution efficiency, MIHE-RRT achieves an average time of 0.0095 s, which is
notably faster than its competitors—54.76% faster than the original RRT’s 0.021 s, 20.83%
faster than IBi-RRT’s 0.012 s, and 26.92% faster than HB-RRT’s 0.013 s.
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Figure 9. Simulation results and statistical results (Map 1): (a) Path planning result of RRT algo-
rithm; (b) Path planning result of IBi-RRT algorithm; (c) Path planning result of HB-RRT algorithm;
(d) Path planning result of MIHE-RRT algorithm; (e) Comparison of path length; (f) Comparison of
computation time; (g) Comparison of number of nodes.

Table 4. Comparison of algorithm performance (Map 1).

Algorithm Environment Parameter Minimum Maximum Mean Improvement

RRT Semi-closed Path length (m) 130.93 219.71 150.39 ↑24.02%
Time (s) 0.0074 0.052 0.021 ↑54.76%

Number of nodes 216 1685 631.34 ↑94.30%

IBi-RRT Semi-closed Path length (m) 109.73 166.067 122.23 ↑6.52%
Time (s) 0.01 0.095 0.012 ↑20.83%

Number of nodes 152 315 210.10 ↑82.87%

HB-RRT Semi-closed Path length (m) 113.93 126.99 118.70 ↑3.74%
Time (s) 0.0022 0.72 0.013 ↑26.92%

Number of nodes 45 126 80.16 ↑55.09%

MIHE-RRT Semi-closed Path length (m) 110.61 121.76 114.26 -
Time (s) 0.0077 0.012 0.0095 -

Number of nodes 26 58 36 -

Regarding path planning quality, MIHE-RRT generates an average path length of
114.26 m, outperforming other algorithms with paths that are 24.02% shorter than RRT’s
150.39 m, 6.52% shorter than IBi-RRT’s 122.23 m, and 3.74% shorter than HB-RRT’s 118.70 m.
In terms of computational resource consumption, MIHE-RRT requires significantly fewer
nodes, averaging 36 nodes compared to RRT’s 631.34 (94.30% reduction), IBi-RRT’s 210.1
(82.87% reduction), and HB-RRT’s 80.16 (55.09% reduction).

The stability metrics of MIHE-RRT also show marked improvement, with time fluctu-
ations controlled between 0.0077 and 0.012 s, and path length variations limited between
110.61 m and 121.76 m, demonstrating MIHE-RRT’s superior consistency in performance.
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According to the analysis of the results in Figure 10 and Table 5, the MIHE-RRT
algorithm demonstrates comprehensive performance advantages in the maze environment.
In terms of execution efficiency, MIHE-RRT achieves an average time of 0.074 s, which is
notably faster than its competitors—70.40% faster than the original RRT’s 0.25 s, 53.75%
faster than IBi-RRT’s 0.16 s, and 72.59% faster than HB-RRT’s 0.27 s.
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Figure 10. Simulation results and statistical results (Map 2): (a) Path planning result of RRT algo-
rithm; (b) Path planning result of IBi-RRT algorithm; (c) Path planning result of HB-RRT algorithm;
(d) Path planning result of MIHE-RRT algorithm; (e) Comparison of path length; (f) Comparison of
computation time; (g) Comparison of number of nodes.

Table 5. Comparison of algorithm performance (Map 2).

Algorithm Environment Parameter Minimum Maximum Mean Improvement

RRT Maze Path length (m) 196.23 236.68 214.85 ↑14.82%
Time (s) 0.12 0.58 0.25 ↑70.40%

Number of nodes 812 3190 1526.8 ↑77.05%

IBi-RRT Maze Path length (m) 164.77 180.75 170.53 ↑−7.31%
Time (s) 0.14 1.09 0.16 ↑53.75%

Number of nodes 274 2220 563.96 ↑37.87%

HB-RRT Maze Path length (m) 177.45 198.49 187.14 ↑2.21%
Time (s) 0.05 1.37 0.27 ↑72.59%

Number of nodes 538 3199 1200.04 ↑70.81%

MIHE-RRT Maze Path length (m) 176.36 188.06 183 -
Time (s) 0.036 0.23 0.074 -

Number of nodes 189 1029 350.36 -

Regarding path planning quality, MIHE-RRT generates an average path length of
183 m, outperforming most algorithms which have paths that are 14.82% shorter than
RRT’s 214.85 m and 2.21% shorter than HB-RRT’s 187.14 m, though it is 7.31% longer
than IBi-RRT’s 170.53 m. In terms of computational resource consumption, MIHE-RRT
requires significantly fewer nodes, averaging 350.36 nodes compared to RRT’s 1526.8
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(77.05% reduction), IBi-RRT’s 563.96 (37.87% reduction), and HB-RRT’s 1200.04 (70.81%
reduction).

The stability metrics of MIHE-RRT also show marked improvement, with time fluc-
tuations controlled between 0.036 and 0.23 s, and path length variations limited between
176.36 m and 188.06 m, demonstrating MIHE-RRT’s superior consistency in performance.

According to the analysis of the results in Figure 11 and Table 6, the MIHE-RRT algo-
rithm demonstrates comprehensive performance advantages in the chaotic environment.
In terms of execution efficiency, MIHE-RRT achieves an average time of 0.075 s, which is
notably faster than its competitors—73.21% faster than the original RRT’s 0.28 s, 68.75%
faster than IBi-RRT’s 0.24 s, and 72.22% faster than HB-RRT’s 0.27 s.
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Figure 11. Simulation results and statistical results (Map 3): (a) Path planning result of RRT algo-
rithm; (b) Path planning result of IBi-RRT algorithm; (c) Path planning result of HB-RRT algorithm;
(d) Path planning result of MIHE-RRT algorithm; (e) Comparison of path length; (f) Comparison of
computation time; (g) Comparison of number of nodes.

Table 6. Comparison of algorithm performance (Map 3).

Algorithm Environment Parameter Minimum Maximum Mean Improvement

RRT Chaotic Path length (m) 299.54 388.78 343.74 ↑22.89%
Time (s) 0.21 0.43 0.28 ↑73.21%

Number of nodes 2724 5170 3625.18 ↑89.34%

IBi-RRT Chaotic Path length (m) 249.77 304.94 264.52 ↑−0.20%
Time (s) 0.13 1.63 0.24 ↑68.75%

Number of nodes 668 2734 1179.46 ↑67.23%

HB-RRT Chaotic Path length (m) 253.36 297.83 273.47 ↑3.08%
Time (s) 0.1 0.63 0.27 ↑72.22%

Number of nodes 1264 3603 2078.16 ↑81.40%

MIHE-RRT Chaotic Path length (m) 248.99 292.69 265.06 -
Time (s) 0.057 0.12 0.075 -

Number of nodes 313 608 386.56 -
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Regarding path planning quality, MIHE-RRT generates an average path length of
265.06 m, outperforming most algorithms with paths that are 22.89% shorter than RRT’s
343.74 m and 3.08% shorter than HB-RRT’s 273.47 m, though it is marginally longer (0.20%)
than IBi-RRT’s 264.52 m. In terms of computational resource consumption, MIHE-RRT re-
quires significantly fewer nodes, averaging 386.56 nodes compared to RRT’s 3625.18 (89.34%
reduction), IBi-RRT’s 1179.46 (67.23% reduction), and HB-RRT’s 2078.16 (81.40% reduction).

The stability metrics of MIHE-RRT also show marked improvement, with time fluc-
tuations controlled between 0.057 and 0.12 s, and path length variations limited between
248.99 m and 292.69 m, demonstrating MIHE-RRT’s superior consistency in performance.

According to the analysis of the results in Figure 12 and Table 7, the MIHE-RRT
algorithm maintains comprehensive performance advantages in the crowded environment.
In terms of execution efficiency, MIHE-RRT achieves an average time of 0.032 s, which is
substantially faster than its competitors—87.69% faster than RRT’s 0.26 s, 80% faster than
IBi-RRT’s 0.16 s, and 37.25% faster than HB-RRT’s 0.051 s.
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Figure 12. Simulation results and statistical results (Map 4): (a) Path planning result of RRT algo-
rithm; (b) Path planning result of IBi-RRT algorithm; (c) Path planning result of HB-RRT algorithm;
(d) Path planning result of MIHE-RRT algorithm; (e) Comparison of path length; (f) Comparison of
computation time; (g) Comparison of number of nodes.

Regarding path planning quality, MIHE-RRT generates an average path length of
155.36 m, which is 18.71% shorter than RRT’s 191.12 m and 9.31% shorter than HB-RRT’s
171.31 m, though slightly longer (8.57%) than IBi-RRT’s 143.09 m. In terms of computa-
tional resource consumption, MIHE-RRT requires significantly fewer nodes, averaging
177.71 nodes compared to RRT’s 2888.02 (93.84% reduction), IBi-RRT’s 514.46 (65.46% re-
duction), and HB-RRT’s 291.73 (39.09% reduction).
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Table 7. Comparison of algorithm performance (Map 4).

Algorithm Environment Parameter Minimum Maximum Mean Improvement

RRT Crowded Path length (m) 173.06 232.94 191.12 ↑18.71%
Time (s) 0.06 1.00 0.26 ↑87.69%

Number of nodes 636 9857 2888.02 ↑93.84%

IBi-RRT Crowded Path length (m) 125.86 172.94 143.09 ↓−8.57%
Time (s) 0.05 1.24 0.16 ↑80%

Number of nodes 146 1767 514.46 ↑65.46%

HB-RRT Crowded Path length (m) 160.32 199.69 171.31 ↑9.31%
Time (s) 0.016 0.18 0.051 ↑37.25%

Number of nodes 106 561 291.73 ↑39.09%

MIHE-RRT Crowded Path length (m) 147.63 168.76 155.36 -
Time (s) 0.016 0.13 0.032 -

Number of nodes 84 664 177.71 -

The stability metrics of MIHE-RRT continue to excel, with time fluctuations con-
trolled within 0.016 to 0.13 s and path length variations limited between 147.63 m and
168.76 m, both significantly better than other algorithms. These comprehensive results
demonstrate MIHE-RRT’s ability to maintain excellent performance and stability across
diverse environments, underscoring its practical value in path planning applications.

4. Conclusions and Future Directions
The MIHE-RRT algorithm proposed in this study demonstrates significant innovation

in two aspects:

1. Sampling strategy innovation: Compared to pseudo-random sampling used by tradi-
tional RRT, RRT*, and IBi-RRT, Hammersley sequence sampling provides theoretically
superior spatial coverage characteristics; compared to the Halton sequence used
by HB-RRT, the Hammersley sequence exhibits more uniform distribution proper-
ties in low-dimensional spaces. This study designed an innovative algorithm based
on Hammersley sequence sampling that can generate high-quality point sets with
uniform distribution and low discrepancy, providing a solid foundation for subse-
quent multi-indicator heuristic evaluation. By optimizing sampling point distribution,
the algorithm significantly reduces redundant sampling in open areas, allowing
computational resources to be allocated more rationally, thereby improving overall
efficiency. Compared to traditional sampling methods, the Hammersley sequence
provides more consistent spatial coverage characteristics, making the exploration
process more efficient.

2. Evaluation mechanism innovation: Unlike existing algorithms that rely on single
evaluation metrics (such as probability thresholds or path length), the MIHE-RRT
in this study introduces a three-dimensional evaluation system to achieve a compre-
hensive assessment of candidate points. When encountering obstacles, this study
implements diversity values in the algorithm to prevent efficiency loss by avoiding
excessive exploration of specific areas, enabling it to effectively bypass obstacles and
escape challenging situations. This study combines distance and angle values to
more purposefully guide tree growth toward the target, optimizing sampling point
distribution and reducing redundant sampling in open areas. Through multi-indicator
heuristic evaluation, this study achieves efficient path planning in complex regions.
After generating the path, this study uses MIHE-RRT’s tree pruning algorithm to
delete unnecessary nodes, thereby optimizing the global path length.
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The experiments compared MIHE-RRT with standard RRT, IBi-RRT, and HB-RRT
algorithms in four environments (semi-enclosed, maze, chaotic, and crowded). Results
show that MIHE-RRT demonstrates significant advantages in key performance metrics. In
terms of execution efficiency, MIHE-RRT is 54–88% faster than other algorithms, with the
most notable improvement in crowded environments. Regarding path quality, path lengths
are reduced by 15–24% compared to RRT, and while slightly inferior to IBi-RRT in certain
scenarios, it shows more stable overall performance. In terms of computational resources,
the required number of nodes is significantly reduced by 77–94%, greatly improving
computational efficiency. Additionally, MIHE-RRT shows minimal fluctuations in path
length and execution time across all test scenarios, demonstrating excellent algorithm
stability. It effectively addresses the sampling efficiency, balance, and computational
resource problems mentioned in the introduction, providing a robust solution for robot
path planning in complex environments.

The future research focus of the MIHE-RRT algorithm as a path planning method cen-
ters on four directions: First, we will enhance its adaptability to dynamic environments by
adjusting sampling strategies and evaluation weights in real time, enabling the algorithm to
better respond to environmental changes. Second, we will conduct algorithm comparison
and integration research by comparing MIHE-RRT with the RRT algorithm mentioned in
the research [27], the BIV* algorithm [28], the ARRT-Connect algorithm [29], and other
types of path planning algorithms. Through this comparison, we will explore the poten-
tial of algorithm integration and develop hybrid algorithms with superior performance.
Finally, we will extend the algorithm to three-dimensional applications and implement
parallel computing optimization to improve its practicality and operational efficiency in
large-scale scenarios.

It should be noted that the verification in this study was based solely on computer
simulation without physical experiments, primarily limited by the following factors: lack
of suitable robotic platforms and facilities for testing in complex environments, resources
required for constructing physical test environments (such as maze and semi-closed envi-
ronments) exceeding the current research budget, and sensor uncertainties and mechanical
execution errors in real environments introducing additional variables. We recognize the
importance of physical verification and plan to implement it in two phases in the future:
first validating core algorithm functionalities in small-scale laboratory environments, then
conducting larger-scale tests in actual scenarios with industry partners to address various
challenges in the transition from simulation to actual deployment of the algorithm.
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