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Abstract: Robotic navigation in unknown environments is challenging due to the lack of high-definition maps.
Building maps in real time requires significant computational resources. Nevertheless, sensor data can provide
sufficient environmental context for robots’ navigation. This paper presents an interpretable and mapless navigation
method using only two-dimensional (2D) light detection and ranging (LiDAR), mimicking human strategies to
escape from dead ends. Unlike traditional planners, which depend on global paths or vision-based and learning-
based methods, requiring heavy data and hardware, our approach is lightweight and robust, and it requires no prior
map. It effectively suppresses oscillations and enables autonomous recovery from local minimum traps. Experiments
across diverse environments and routes, including ablation studies and comparisons with existing frameworks, show
that the proposed method achieves map-like performance without a map—reducing the average path length by
50.51% when compared to the classical mapless Bug2 algorithm and increasing it by only 17.57% when compared to
map-based navigation.

Key words: Vector field histogram; Density-based spatial clustering of applications with noise (DBSCAN);
Oscillation suppression; Temporary goal prediction
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1 Introduction before the advent of high-definition maps, humans

could still reach destinations by following general di-

“Where can a wine shop be found to drown his
sad hours? A cowherd boy points to a cot amid
apricot flowers.”

This classical Chinese poem reflects that, long
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rections. Even in unfamiliar environments, humans
navigate effectively using short-term memory. Typi-
cally, humans tend to move in a straight line toward
their goal. When encountering a dead end or real-
izing that the target is blocked by an obstacle, they
briefly remember that the path is inaccessible and
seek alternatives. One of the primary goals of robotic
navigation is to replicate such human behavior, mak-
ing this human-like navigation strategy suitable for
robots as well.

Traditional autonomous robot navigation relies
on coarse-grained global planning over prior maps
to guide the robot toward its goal. The navigation


www.jzus.zju.edu.cn
engineering.cae.cn
www.springerlink.com

Yang et al. / Front Inform Technol Electron Eng 2025 26(11):2254-2281 2255

process usually includes two stages: global planning
and local planning. First, a global planner provides a
global solution based on prior maps, and then a local
planner continuously refines the path under its guid-
ance (Zhong et al., 2023). However, in fully unknown
scenarios, such as forest rescue or battlefield oper-
ations, where only the approximate direction and
distance are known, robots must navigate directly
using perception without global maps. Under such
conditions, the navigation task faces the following
key challenges:

1. Planning a short and smooth path toward the
goal without a prior map and with limited hardware;

2. Preventing the system from falling into local
optima during navigation;

3. Ensuring safe, collision-free navigation with-
out global information.

In previous research, various advances have been
made in mapless navigation, and several influential
studies have been published. Many existing meth-
ods have achieved navigation in relatively simple en-
vironments, and some have enabled escape from lo-
cal minima. However, these approaches still have
notable limitations. Traditional local planners and
reinforcement learning methods that directly out-
put linear and angular velocities can navigate non-
maze scenarios but tend to fall into local optima
and struggle to escape from dead ends.
inspired navigation techniques often rely on visual

Human-

input, which imposes high hardware requirements,
whereas two-dimensional (2D) light detection and
ranging (LiDAR) sensors already capture sufficient
environmental information. Therefore, this work
adopts LiIDAR-based navigation. Existing strategies
for escaping from local minima generally fall into
two categories. Ome constructs topological maps
from perception data, which suffer from step size
constraints (long steps may overlook narrow pas-
sages, while short steps increase memory costs). The
other predicts temporary goals directly, offering bet-
ter spatial efficiency, but often lacks interpretability
and produces unreasonable goal selection. This pa-
per adopts the temporary goal-based approach and
improves both the interpretability and rationality of
goal prediction. Based on this, the main contribu-
tions of this paper are as follows:

1. It proposes an end-to-end mapless naviga-
tion method, namely, E2MN, which mimics human
behaviors for collision-free navigation in unknown

environments;

2. It improves local navigation by predicting
and suppressing oscillations at frequently repeated
positions;

3. It designs a temporary goal generation strat-
egy based on 2D LiDAR data to help the robot es-
cape from dead ends or narrow obstacle-induced lo-
cal minima.

2 Related works
2.1 Commonly used local planning algorithms

The commonly used local planning algorithms
include timed elastic band (TEB) (Résmann et al.,
2012), artificial potential field (APF) (Khatib, 1985),
dynamic window approach (DWA) (Fox et al., 1997),
virtual force field (VFF) (Borenstein and Koren,
1989), and velocity obstacles (VO) (Fiorini and
Shiller, 1998; Chaudhary and Ghose, 2017). These
algorithms are typically implemented based on grid
maps, and the conversion from raw sensor data to
a usable map requires additional spatial and tempo-
ral resources. Therefore, this work selects the vec-
tor field histogram (VFH) algorithm (Borenstein and
Koren, 1991), which shares the same origin as APF
and VFF, as the baseline. VFH computes naviga-
tion decisions based on angular sectors formed from
surrounding environments, allowing it to operate us-
ing only 2D LiDAR data even in the absence of a
map (Ortiz et al., 2019). The VFH algorithm also
improves upon its predecessor VFF by resolving the
issue of blocking at narrow passages (Borenstein and
Koren, 1989). There are also algorithms specifically
designed for mapless scenarios, such as the Bug fam-
ily of algorithms (Lumelsky and Stepanov, 1987),
which suffer from issues like unsmooth paths and fre-
quent wall collisions. Kamon et al. (1996) proposed
the TangentBug algorithm, which directly guides the
robot toward the edge of obstacles within the sensing
boundary, partially improving corner handling. Tra-
ditional local planners are prone to local minima or
oscillatory behaviors and rely heavily on maps, while
Bug-type algorithms often lead to excessive detours
in indoor navigation. The method proposed in this
paper incorporates the Bug-style idea to detect and
suppress oscillations while improving path efficiency.
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2.2 Modifications to the VFH algorithm

The traditional VFH algorithm considers robot
dimensions inadequately, and most implementations
still rely on grid maps. Many improvements have
been proposed to address these limitations. Ul-
rich and Borenstein (1998) introduced the VFH+
algorithm, which applies multi-level processing to
the histogram and incorporates robot width, al-
though not rigorously. Balan et al. (2019) em-
ployed fuzzy evaluation of perception data to gen-
erate smoother paths. Ulrich and Borenstein (2000)
proposed VFH*, which achieves a global-planning-
like behavior through path prediction, but it requires
a prior map. Wu et al. (2021) combined VO with
VFH by masking histogram sectors corresponding to
collision cones. Li et al. (2016) bypassed map con-
struction and used raw sensor data for real-time de-
tection of new obstacles, improving responsiveness.
Similarly, Meng et al. (2018) used three-dimensional
(3D) sensor input to compute polar histograms based
on the distance to the nearest obstacle in each sec-
tor, avoiding grid-based maps. Ortega et al. (2024)
enhanced the obstacle avoidance safety by directly
masking sectors within the robot’s minimum turning
From a human-robot interaction perspec-
tive, Pappas et al. (2020) introduced a framework
to arbitrate between sudden user inputs and au-

radius.

tonomous commands, reducing the communication
frequency while improving the efficiency. To address
the issue of ignoring narrow passages in mapless con-
ditions, Zhang YF and Wang (2017) proposed guid-
ing the robot toward potential openings between ob-
stacles. This paper draws inspiration from strategies
for detecting hidden paths and sensor-driven navi-
gation, while further addressing limitations such as
prior map dependency and underestimated feasible
space in previous approaches.

2.3 Deep learning and reinforcement learning
models

In addition to traditional methods, mapless nav-
igation commonly leverages perception-based deep
reinforcement learning (DRL) models. The combi-
nation of deep learning and reinforcement learning
was first introduced by Mnih et al. (2013). In the
navigation domain, Jin et al. (2020) designed reward
functions based on multi-sensor perception, assign-
ing different penalties for proximity to pedestrians
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and dynamic and static obstacles, encouraging the
robot to stay away from moving agents. Tai et al.
(2017) formulated input scenes as sparse matrices to
reduce training cost and enhance the generalization.
Zhou et al. (2022) integrated long short-term mem-
ory (LSTM) into reinforcement learning to introduce
long-term memory in mapless navigation. Zou et al.
(2024) applied a double deep Q-network (DDQN)
model to generate navigation actions, while March-
esini and Farinelli (2020) used discrete deep rein-
forcement learning with parallel asynchronous train-
ing and prioritized experience replay to shorten the
training time. Cheng et al. (2023) addressed local
minima by rewarding the robot for escaping from
dead zones. To further handle dead ends caused by
missing maps, various reinforcement learning-based
approaches have been proposed. Jang et al. (2022)
introduced the hindsight-intermediate-target-based
reinforcement learning (HIT-RL) model, which se-
lects intermediate goals to avoid dead ends by re-
peatedly choosing from left, front, or right based
on learned parameters. Bektag and Bozma (2022)
combined APF with reinforcement learning using
only 2D LiDAR, where the model generates potential
field parameters such as temporary goals and attrac-
tion/repulsion values instead of direct control com-
mands. This work draws inspiration from these ap-
proaches that infer temporary goals based on percep-
tion. Human behavior imitation algorithms are often
vision-based, as human spatial awareness primarily
relies on visual input. For example, Wapnick et al.
(2021) and Liang et al. (2024) directly used images to
determine feasible paths, while Xie et al. (2020) com-
bined geographic instructions with visual navigation
to reach the target. Some methods also mimic bio-
logical navigation; Mathews et al. (2009) proposed a
memory-based coordinate marking strategy inspired
by insects to navigate without maps. This work
adopts the idea of memory-based coordinate refer-
ences, while reducing hardware requirements and en-
hancing the interpretability of decision-making.

2.4 Emerging mapless navigation methods
beyond conventional approaches

Beyond commonly used methods such as DRL
and Bug-based algorithms, several less common but
effective approaches have emerged. Ort et al. (2018)
constructed topological maps based on sensor data
in the form of Voronoi diagrams, replacing grid maps
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without relying on prior maps. Zhong et al. (2023)
also built a topological map using a dynamic vis-
ible topology tree (DVT-Tree) to plan paths, al-
lowing the robot to backtrack in dead zones and
expand branches into unexplored areas. Chaud-
hary and Ghose (2017) proposed calculating mini-
mum covering circles and extracting collision cones
by estimating the maximum and minimum angles
to handle irregular obstacles. Chen et al. (2025)
used visual data to generate topological representa-
Xu et al. (2025) also employed topological
maps in traffic low prediction research. Yan et al.
(2023) applied imitation learning to derive naviga-
tion strategies from expert demonstrations. Ali and
Liu (2023) proposed boundary-based navigation us-
ing Gaussian probability models to select boundary
points, although the model requires training data
and is unsuitable for environments where the map
size is smaller than the boundary distance. In fully

tions.

unknown environments, key geographic information
is often extracted from point clouds. For instance,
Przewodowski and Osoério (2022) used coarse sur-
face features for localization without requiring fine-
grained sensors, though the method still depends on
a map. Miao et al. (2021) applied density-based spa-
tial clustering of applications with noise (DBSCAN)
to classify obstacles, while Zhang W et al. (2021)
used deep learning to directly identify navigation-
critical points from point clouds. This work adopts
a DBSCAN-inspired approach to extract key target
points and addresses the limitations of prior meth-
ods, including poor performance in detecting hid-
den paths, high hardware requirements, and limited
adaptability in narrow spaces.

2.5 Explainability of DRL

DRL methods in complex tasks usually rely on
deep neural networks to approximate policy func-
tions or value functions. The highly nonlinear
and multi-layered structures of these networks make
their decision processes exhibit significant “black-
box” characteristics, which are difficult to interpret
intuitively (Rudin, 2019). At present, our under-
standing of the quality of explainable and transpar-
ent DRL methods has remained limited, and the
challenge of making DRL models interpretable is
substantial (Vouros, 2022). Moreover, the availabil-
ity of limited data has been shown to lead to epis-
temic uncertainty (Clements et al., 2020). In con-

trast, the algorithm proposed in this paper does not
rely on large-scale training data but instead makes
decisions based on a set of deterministic rules. Dur-
ing the path planning process, decisions such as mov-
ing forward or halting, updating the navigation goal,
and selecting temporary sub-goals all follow clear
logical rationales, thereby providing strong inter-
pretability. Furthermore, the design concept of this
algorithm is inspired by the human “route memoriza-
tion” behavior: When a path is found to be blocked,
one immediately abandons that direction; When a
potential exit is recognized, one promptly turns to
explore it. In the algorithmic implementation, this
process is reflected in the judgment and recording
mechanisms of obstacle regions (ob regions) and can-
didate goal regions (end2 regions). These mecha-
nisms render the decision-making process intuitively
understandable.

3 Problem statement

A typical robot navigation system works as fol-
lows: First, a grid map is built from sensor data. An
inflation layer is added to avoid hits. A global path
is made using this map. If new blocks are seen from
new sensor data, local planning starts to avoid them
in real time.

This method needs high-definition maps and
renders prior knowledge of the area indispensable.
However, in real tasks such as outdoor rescue, pres-
canning and map-making are often not possible.
Here, navigation must work without a map. Hu-
mans, however, can find paths in new areas using
memory and new area information. Thus, this paper
works on the following tasks:

1. Determining whether a given coordinate lies
in free space using only the current LiDAR sensor
data, without relying on an inflated grid map;

2. Navigating in complex environments without
global path guidance, using only sensor data and
short-term memory;

3. Perceiving oscillatory behaviors in the navi-
gation path and proactively predicting and suppress-
ing such oscillations.

Detailed solutions to the above tasks are pre-
sented in Section 4.



2258

4 Method
4.1 Underlying algorithm

The proposed method uses real-time percep-
tion and short-term memory. Upon receiving a goal
point, the robot heads straight for the target. Al-
though VFH enables easy obstacle avoidance in sim-
ple cases, complex environments often cause local
minima. This paper thus presents strategies to pre-
vent, detect, and eliminate local minima.

In APF, local minima are found using the zero
resultant force. However, in VFH, local minima,
which cause small-area oscillations, can be detected
by spotting oscillations (as detailed in Section 4.2).
Once found, the method mimics human behaviors:
It marks the area as a local minimum zone and uses
sensor data to find a temporary escape goal. If found,
the robot goes there, memorizes the spot, marks its
neighborhood as a temporary goal zone, applies a
penalty, and adjusts thresholds to avoid re-entry.
Section 4.3 details the temporary goal selection.

Yang et al. / Front Inform Technol Electron Eng 2025 26(11):2254-2281

To prevent local minima, this method incorpo-
rates the Bug family algorithms, which avoid lo-
cal minima in mapless navigation when a path ex-
ists. It adopts Bug-style wall-following without con-
stant turns. The integration method is described in
Section 4.4.

The algorithm framework is shown in Fig. 1.
4.1.1 Passability assessment and sector binarization

The algorithm works directly on 2D LiDAR po-
lar data without converting to grid maps. Sector
i’s binarization depends on whether distance [ along
its center line is collision-free. Common methods
only check radial distances in adjacent sectors, rais-
ing crash risks with side obstacles. Thus, this paper
uses an improved approach that compares radial dis-
tances at multiple points along the sweeping path
with an obstacle threshold to detect potential colli-
sions. Sector 4’s binarization rule is shown in Eq. (1)

at the bottom of this page.

Here, B; is the binarization result of sector 4,
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0; is the center line angle (radian) of sector 4, len;
is the obstacle distance in that sector, expand is the
robot’s radius, and [ is a fixed threshold for judging
safe passage. Sector i is a candidate valley if B; is
true.

4.1.2 Underlying VFH

algorithm

implementation of the

The target point is determined by selecting the
most suitable valley from all candidate valleys. The
basic evaluation metric is the Euclidean distance
(length) from the valley to the goal, which will be
subsequently adjusted with rewards and penalties.

As shown in Fig. 2, if the step size is too large,
hidden paths may be missed. Therefore, the for-
ward distance in this method is limited and does not
exceed one-fifth of the maximum detection range.
On the other hand, a small step size may lead to
excessive memory usage when storing path informa-
tion or generating vector maps (Zhong et al., 2023).
This issue is addressed using short-term memory.
To select a sector direction that is both open and
as close as possible to the goal, the forward dis-
tance must also be less than or equal to the Eu-
clidean distance between the current point and the
goal, preventing repeated overshooting near the goal.
For each sector, the radial length is set as L; =
min(shrink-len;, || Xend — Xnow||), where Xepq is the
planar coordinate of the final goal, X, o is the cur-
rent position, and shrink is a scaling factor between 0
and 1. Since L; is not identical to [, an additional bi-
narization check is required. If L; is found to be not
passable, the forward distance is reverted to [, and
the optimal sector is selected accordingly, as shown

Vehicle

Obstacle
I

Goal

Fig. 2 Difference in navigation paths between long
and short step sizes

in Eq. (2):

Xpur; = Li(cosy,sin 6;)|L; = min(shrink - len;,
”Xend - Xnow”)7

Xpur = Xpur, [length; = min || Xpur, — Xendl|,
T

pur-

HX})ul'H B(HXPurH) ~
Xpurtrue =1 1

(2)

Here, X, denotes the planar coordinate of the
temporary goal, Xy, denotes the planar coordi-
nate of the temporary goal represented by sector 1,
length, is the evaluation metric for each candidate
goal, Xy, is the final selected target point, and
Xpur represents Xpue /|| Xpur||. B(-) is the binariza-
tion function used to determine whether a given dis-
tance is safely passable; The candidate valleys men-
tioned earlier are selected based on whether B;(l)
is true. However, in extreme cases, all sectors may
return false after binarization. In such situations,
this method introduces another key mechanism: dual
thresholds.
tors have already been evaluated, the minimum ab-
solute distance L, can be easily obtained. The
original [ is then redefined as Ly, and if a feasi-
ble path objectively exists, a candidate valley will be
found under this new threshold. In other words, the
requirement for path openness is relaxed to ensure
the continuity of algorithm execution. This method
chooses to binarize using a fixed threshold ! instead
of L; = min(shrink - len;, || Xend — Xnowl|), because
L; depends on obstacle distance len; and may guide
the robot into narrow areas along the direct path to
the goal, causing it to stall, as shown in Fig. 3.

Since all obstacle distances across sec-

-~ Vehicle

Fixed value 1 Obstacle

Path

Binarization threshold

[ ]
Goal

Variable value L

Fig. 3 Paths under different threshold selections



2260

4.2 Detection, prevention, and elimination of
local minima

4.2.1 Detection of local minima

VFH’s persistent optimal sector selection causes
oscillatory paths during local optima. This
method detects oscillations by comparing the cur-
rent trajectories with historical paths. Two oscilla-
tion patterns exist: (1) one involves sharp directional
oscillation; (2) the other involves looping around sev-
eral nearby points. These oscillatory paths show spa-
tial proximity, temporal continuity, and repetition,
demonstrating clear spatiotemporal locality. Thus,
storing only recent path nodes suffices for local min-
ima detection.

Local minima are thus identified through the
procedure described in Algorithm 1.

Here, path denotes the sequence of past path
nodes, ra is the current heading angle, and L is
the forward distance in the direction of ra; dl is
the threshold distance used to determine the loop-
ing behavior in the oscillatory case (b), and da is the
angular threshold used to detect sharp oscillation in
oscillatory case (a); Given the locality of oscillatory
paths, n specifies the number of recent path nodes
used for backtracking.

4.2.2 Prevention of local minima

To prevent local minima during the selection
of suitable valleys, this method introduces reward
and penalty coefficients as a preventive strategy, as
shown in Eq. (3) at the bottom of this page.

Here, repeat is a penalty coefficient > 1; dly,
da;, and n; are input parameters of Algorithm 1;
Is_collision(-) is the function used in Algorithm 1
to determine whether the robot has entered a local
minimum.

After entering a navigation dead zone, humans
typically respond by walking straight in one direction
to explore possible exits rather than retracing their
steps, unless no other options are available. They
also tend to remember areas that are not passable
and avoid returning to them if lost again.

Human behavior is reflected in the algorithm
by marking the neighborhood around the oscillation
point as the ob region, followed by recomputing the
optimal sector. This time, target points within the
ob region are penalized, while sectors with headings

Yang et al. / Front Inform Technol Electron Eng 2025 26(11):2254-2281

Algorithm 1 Is_collision(path, L, ra, dl, da, n)
Require: Path, double L, double ra, double dl, double
da, int n

Ensure: bool is_collision

: Xpur < (Lcos(ra), Lsin(ra))
: is_ collision < false

: len < path.size

: Tatas ¢ arctan (Rpheslu-patphen .y )
: is_ collision < | ra — rai.s | < da

: if is_collision then

return is_ collision

else

© X NPT Wy

for i = len — 1 to max(0, len —n) do
Xpath < (path[i].z, path[i].y)
is_collision <
Xpan|? < dI?
12: if is_collision then

— =
= O

is_collision V || Xpur —

13: return is_ collision
14: end if

15: end for

16: end if

17: return is_ collision

close to the previous direction are rewarded to re-
flect the human tendency not to backtrack. If the
newly computed target point leads the robot out of
the oscillation state, it proceeds toward that point.
If oscillation still occurs after this reward—penalty
adjustment, a temporary goal must be selected (see
Section 4.3 for details). After reaching the tempo-
rary goal, the robot re-navigates toward the final
goal, and the area around the temporary goal is
marked as the end2 region. To avoid revisiting, tar-
get points in the end2 region are also penalized in
future planning. The temporary goal is expected
to guide the robot quickly out of the local minimum
while minimizing unnecessary detours, so during this
process, penalties on the ob and end2 regions are
ignored. The heading deviation from previous di-
rections is evaluated, and similar directions are re-
warded to suppress type-A oscillations. Among can-
didates with the same score, the algorithm favors
those in open areas. Therefore, after applying re-
wards and penalties, the final score is further reduced
by the obstacle distance detected in the temporary
goal’s sector, and the improved formula is updated
from Eq. (3) to Eq. (4) at the top of the next page.
Here, Xorigin represents the initially specified
global goal; beside ob; indicates whether the target
point in sector ¢ lies within the ob region, and
beside end2; indicates whether it lies within the
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. Is collisi ath,L;,ra;,dli,da1,
Xpur = Xpur,- |16Hgthi = miln (repeat s_collision(pa prazdhdarn) HXPHH o Xe“d“>' (3)

beSide_Obi = {chd = Xorigin} A (\/jSOB_sizc”Xpuri

— Xob,|| <len_ob),

beside_end?i = {chd = Xorigin} A (\/jgcndQ_sizc”chdj — Xpuri || < len_end2) R

is_smooth; = | 0; — Ohast | < da,

Xpur _ Xpuri 1engthi _ miin ((repeatls_Colhslon(path,Li,rai,dll,dal,nl) . pun_end2b651de7end2i . puH_ObbeSIde*Obi

- smooth ™= || X — Xoql)) — 0.01 - min(5, 1eni)).

end2 region; OB _size and end2_size represent the
maximum number of ob and end2 points considered
for penalty evaluation respectively, reflecting the
limit of short-term memory; len _ob and len end2
are the radii of the circular ob and end2 regions, re-
spectively; 6; is the angle of the i*" sector, and @jas;
is the current heading angle; da is the threshold for
determining whether the path is smooth; pun_end2
and pun_ob are penalty coefficients > 1 for target
points falling within the end2 and ob neighborhoods;
smooth is a reward factor between 0 and 1, which en-
courages path smoothness.

4.2.3 Elimination of local minima

This paper eliminates oscillations caused by lo-
cal minima by predicting them in advance and re-
planning the trajectory accordingly.

Even with the preventive reward—penalty strat-
egy introduced in the previous subsection, various
extreme cases still occur during experiments. The
following presents solutions for each of these cases.

If the target point still causes oscillation after
penalizing potential oscillatory candidates, the robot
does not proceed.
marked as the ob point, and a new suitable target
point is recalculated.

Instead, the current position is

If oscillation still occurs after marking the cur-
rent position as an ob point and selecting a new tar-
get, a temporary goal must be selected to help the
robot escape from the local minimum as quickly as
possible. In this paper, the terms “target” X,,» and
“goal /destination” Xenq should be distinguished. A
target is a dynamic, short-term objective generated
from sensor data for local guidance, while a goal (or
destination) is a long-term objective for the overall
navigation task.

If oscillation still occurs after switching to a new

(4)

temporary goal, or if no suitable temporary goal can
be found after oscillation, resulting in the robot being
unable to move forward, this situation is considered
as having no viable path. In such cases, similar to
human behaviors when all paths appear blocked, the
robot is allowed to tolerate oscillation temporarily
and proceed, revisiting previously explored areas in
search of undiscovered routes.

If the goal Xorigin could be directly reached
but the algorithm suggested another direction, the
robot ignores the algorithm’s guidance and proceeds
straight to the goal. If the currently reachable goal
is not the global goal end but rather a temporary
goal end2, then it is necessary to check whether the
number of current candidate temporary goals is <3.
Since an exit may contain a pair of goal points, a
candidate number <3 represents the fact that the
position of end2 is likely located in the direction of
a unique temporary exit. In this case, the robot
proceeds directly to end2.

If changing the goal temporarily relieves oscilla-
tion but leads to new oscillations in other areas, there
are two options: selecting another temporary goal or
switching back to the original goal. In this method,
temporary goals are searched within the visible range
(see Section 4.3), and to avoid unnecessary detours,
penalties for target points in the ob and end2 re-
gions are disabled during this process. If oscillation
still occurs under these conditions, it indicates that
the robot has deviated from the intended trajectory
due to various factors. In such cases, continuing to
search for new temporary goals may lead to further
deviation from the final objective. Therefore, this
method chooses to revert to the original goal.

To quantify the above situations, this method
introduces a global variable numofover to represent
the severity of the current oscillation.
able is initialized whenever the navigation goal is

This vari-
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changed and remains effective throughout the navi-
gation process. If the target point computed in the
current iteration causes oscillation, numofover is in-
cremented by 1. If the current position is within the
influence range of an obstacle and the current goal
is the original goal Xrigin, then regardless of the
computed temporary goal X, the system carries a
certain risk of oscillation. At this point, the overflow
counter flag numofover is set to 1, and the naviga-
tion goal is switched to the temporary goal. This
change of the target becomes effective in the next
navigation cycle, while the previous temporary goal
Xpur remains valid. Regardless of whether the cur-
rent position is within the obstacle influence range,
the system updates the target X, and numofover
uniformly according to the following rules based on
the actual values:

When the current navigation goal is the original
goal Xorigin and numofover >1 while a temporary
goal is available, the temporary goal replaces the
navigation goal and a new target point X, is se-
lected. To ensure rapid escape from the current local
minimum, numofover is reset to 0. If the current nav-
igation goal is a temporary goal and numofover>2,
the navigation goal is switched back to the original
goal. Since the main purpose of the temporary goal
is to escape from the local minimum, continued os-
cillation under this condition indicates a high level
of severity, and numofover is reinitialized to 1.

A variable numofstop is introduced to repre-
sent the number of times the robot fails to move
due to invalid target points X;,,. When numofstop
accumulates beyond a certain threshold, the robot
accepts and proceeds toward the oscillatory target
point X,,.. When the navigation goal is a tem-
porary goal, the priority is to escape from the cur-
rent environment, so the acceptance threshold for
numofstop is lower, making the robot more tolerant
of oscillation.

The pseudocode of the above algorithm is pro-
vided in the supplementary materials; since the al-
gorithm is described in detail within the main text,
it is not included here.

4.2.4 Dual verification mechanism for local minima

As described in the previous sections, both the
penalty for oscillatory targets and the final decision
rely on two levels of local minimum detection. For
the same L and ra, using different values of n, dl,
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and da may lead to different results. To minimize the
occurrence of oscillation, different parameter sets are
used for the two checks, with the final detection being
stricter than the penalty detection. Specifically, the
condition dl; > dl;, das > daj, and ny > n; must
be satisfied. The rationale is that if the robot is still
guided toward an oscillatory target despite a lenient
penalty check, it suggests that oscillation is difficult
to avoid in that scenario. Therefore, the elimination
strategy described in Section 4.2.3 must be applied.

4.3 Temporary goal selection strategy

This section describes in detail the process of
selecting the temporary goal, as referenced multiple
times in previous sections.

4.3.1 Sensor data reconstruction

Temporary goals are categorized into two types
as shown in Fig. 4: wall-edge type and entrance
type. The detection logic is straightforward; Iden-
tify prominent discontinuities within long-range se-
quences of consecutive point clouds to compute a
temporary goal. However, this simple method is vul-
nerable to small discrete obstacles. For example, in
Fig. 4b, the gap between table legs may be mistak-
enly identified as a temporary goal, though navigat-
ing under a table typically leads nowhere. Therefore,
the first step in selecting a temporary goal is to re-
construct the sensor data by filtering out small dis-
crete objects and retaining only continuous wall-like
structures.

This method uses DBSCAN clustering to recon-
struct sensor data by dividing the point clouds into
noise points and clusters. Small discrete obstacles,
representing valid sensor readings, are treated as
small obstacles and walls. Their distances, reflecting

A
vehicle | Goal I / : |
L ]
Vehicle,
Temporary /
B endpoints to be
2 selected
[of Q- Goal ®
@) (b)

Fig. 4 Intermediate target identification patterns: (a)
dual-mode temporary destinations; (b) false-positive
recognition at table leg intervals
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the actual LiDAR measurements, are replaced by
the nearest wall-type point’s distance. This substi-
tutes table leg distances with those of nearby walls,
as shown in Algorithm 2.

Algorithm 2 Reconstruction(scanOri)

Require: LaserScan scanOri
Ensure: LaserScan scanRe
1: DBSCAN(scanOri, 0.5, 5)
2: for ¢ =1 to scanOri.size do

3: num(i] < scanOri[i]. Associated Cluster.num
4: end for
5: scanRe < new LaserScan
6: for i =1 to scanOri.size do
7: if num[i] < 5 then
8: 7+ 0
9: while num[i + j] <5 and num[i — j] <5 do
10: if num[i + j] > num[i — j] then
11: k+—i+j
12: else
13: k«i—j
14: end if
15: numli] «+ k
16: scanRel[i] < scanOri[k]
17: break
18: end while
19: else
20: scanRe[i] +— scanOrili]
21: end if
22: end for

23: return scanRe

4.3.2 Temporary goal selection based on the recon-
structed sensor data

As shown in Fig. 4, the obstacle distance in the
sector containing the temporary goal is noticeably
greater than that in at least one neighboring sector.
For example, the wall-edge temporary goal 1 has a
longer distance than edge point A, and the passage-
type temporary goal 2 is much farther than edge
points B and C'. Additionally, sectors 1 and 2 are not
directly adjacent to A, B, or C, and there are multi-
ple consecutive sectors with significantly greater dis-
tances. Therefore, the procedure for finding a tem-
porary goal starts by checking each sector and its im-
mediate neighbors. If a neighbor has a significantly
longer distance, the current sector is marked as an
edge point, and a fixed number of consecutive sectors
in that direction are examined. If multiple consec-
utive sectors have longer distances, the farthest one
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is chosen as the temporary goal. This procedure,
outlined in Algorithm 3, generates a set of candidate
temporary goals.

After obtaining all candidate temporary goals,
the most suitable one must be selected. As discussed
earlier, each sector’s target point is evaluated using
a scoring metric, which is also applied to tempo-
rary goals. The primary objective is to stay close
to the original goal, so the evaluation is based on
the Euclidean distance between the temporary goal
and the original one. To ensure path smoothness,
the heading angle of the candidate goal is compared
with the previous heading. Additionally, the goal
should avoid inducing oscillation, particularly type 2

Algorithm 3 FindEnd2(scanRe)
Require: LaserScan scanRe
Ensure: double Xend2[][2]
 width | grleond U |
: for i = 2 to scanRe.size — 1 do
dLast < scanRe.len[i — 1] — scanRe.len[s]
dFuture + scanRe.len[i + 1] — scanRe.len|[i]
if (|dFuture| > 4 - |dLast| Vv |dLast| > 4 -
|dFuture|) A ((dFuture > 1 AdLast < 1)V (dFuture <
1 AdLast > 1)) then

A

6: if dFuture > 1 then
for j =i to i + width do

8: if scanRe.len[j] — scanRe.len[i] > 1
then

9: x — scanRe.len[j]
cos(scanRe.ra[j])

10: Yy +— scanRe.len[j]
sin(scanRe.ra[j])

11: Xenaz.PushBack((z, y))

12: end if

13: end for

14: end if

15: if dLast > 1 then

16: for j =i — width to i do

17: if scanRe.len[j] — scanRelenfi] > 1
then

18: x — scanRe.len[j]
cos(scanRe.ra[j])

19: Yy +— scanRe.len[j]
sin(scanRe.ra[j])

20: Xenaz.PushBack((z, v))

21: end if

22: end for

23: end if

24: end if

25: end for

26: return Xe,qo
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oscillation, since the robot may already be tolerating
some level of oscillation. Type 1 temporary goals are
not penalized because they may guide the robot back
to the original path direction. As shown in Fig. 5,
the algorithm prefers path a—b—c over a—b—d, as the
latter leads to redundancy. The local minimum de-
tection function Algorithm 1 from Section 4.2.1 is
invoked using parameters dls, 0, and ns.

Goal |

d c

a

Penalty type 1 oscillation Non-penalty type 1 oscillation

Fig. 5 Selection of temporary goal after receiving
oscillation

This method encourages the robot to navigate
toward open and spacious areas, so the evaluation
score decreases as the obstacle distance in the tem-
porary goal’s sector decreases. In addition, it is un-
desirable for the temporary goal to be repeatedly
selected or for the robot to enter regions where os-
cillations have previously occurred. Therefore, when
oscillation occurs, the temporary goal is selected ac-
cording to Eq. (5) at the bottom of this page. The
neighborhood range for determining whether a tem-
porary goal lies within the ob or end2 regions should
be larger than the range used for finding Xy, be-
cause it is necessary to stay as far as possible from
these two regions. If this range is smaller than or
equal to that used for X, then navigating to the
temporary goal may result in a renewed oscillation.
Moreover, the smoothing encouragement parameter
should be slightly smaller than the one used for X,
because in this algorithm an unsmoothed path of
Xpur represents a minor deviation over a short dis-

beSide_Obi = \/jSOB_sizc ||chd2_ncari
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tance, whereas an unsmoothed direction of Xepqo
leads to a deviation over a longer distance.

Here, beside ob; denotes whether the it can-
didate temporary goal lies Xend27neari within the
ob region, beside end2; denotes the criterion for

determining whether the 7"

candidate temporary
goal has been repeatedly selected, is_smooth; in-
dicates whether the next heading angle of the path
is smooth, is_collision determines whether oscilla-
tion occurs, Xenqo represents the final selected tem-

porary goal, and Xeng2 near. denotes the ith can-

didate temporary goal. th
temporary goal that has already been visited. Vari-

able “near” is the evaluation metric for the tem-

Xecnaz, represents the

porary goal, smooth near is the reward factor for
path smoothness, repeat near is the penalty term
for oscillation, pun_end2 near is the penalty co-
efficient for repeatedly selecting a temporary goal,
and pun_ob_near is the penalty coefficient for
selecting a temporary goal within the ob region.
lenx, 42 near, sector 1S the obstacle distance in the sec-
tor where the it candidate temporary goal lies, and
00X, a0 near. .sector 15 the heading angle of the center-
line of_thz;t sector. Xena2 near, -Sector refers to the
sector where Xend27neari is located. len ob near
and len _end2 near are the detection range for the
ob and end2 regions, respectively.

4.4 Passage direction reward and Bug mecha-
nism integration

When navigating through complex indoor and
outdoor environments, humans tend to explore by
entering visible passages or entrances. In the pro-
posed algorithm, this behavior is mapped to detect-
ing and rewarding passage-oriented heading angles.

If informed that the target lies on the other side
of a wall, humans tend to follow along the wall to

— Xop, || <len_ob_near,

beside _end2; = Vj<end2 sizel| Xend; — Xend2_near, || <len end2 near,

is_smooth, = | Gchdzfncari.sector — Olast | < da,

is_collision, = Is_ collision(path, || Xend2,||; raendz;, dls, 0, ns),

Xend2=Xend2 near. nearj:min(repeat near
_near, ] —

beside ob;
. pun_ob_near - . ||chd2_ncari

is_ collision;

. SmOOth_nearlsfsmOOthi . pun_end2_nearbemdeiend%

- chd“ —0.01- min(57 1enXend2_neari-SCCtor))'

(5)
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its end; however, if the traveled distance becomes
too long, they begin to doubt the chosen direction
and may turn back. This behavior is reflected in
the algorithm as a Bug mechanism with a distance
threshold.

4.4.1 Passage direction reward

The passage-type heading angle exhibits dis-
tinct characteristics: It lies between two edge points
and the sector’s distance measurement is signifi-
cantly greater than those of the neighboring edge sec-
tors. Similar to temporary goals, passage headings
must be identified through edge points.
while temporary goals typically show one-to-one cor-

However,

respondence with edge points, passage headings re-
quire a matched pair of edge points. First, all sec-
tors are traversed in a clockwise order. If the sector
counterclockwise to an edge point has a significantly
greater distance measurement, the edge point is la-
beled as a counterclockwise edge. Similarly, clock-
wise edges are defined. To determine a passage head-
ing, each detected clockwise edge point searches for-
ward for the nearest counterclockwise edge, and vice
versa. If the nearest matched edge point lies within
a threshold distance and an angular range, the two
edge points are considered the sides of a passage,
and all heading angles between them are marked as
passage headings, as described in Algorithm 4.

As this subsection focuses on rewarding specific
sectors regardless of distance, filtering out small ob-
stacles may cause the vehicle to collide with minor
objects in the passage direction. Therefore, pas-
sage detection is based on the original sensor in-
put ScanOri, rather than the reconstructed version
ScanRe introduced in Section 4.3.1. Once passage
sectors are identified, reward terms are incorporated
into the selection process of both the optimal target
point X,,r and the optimal temporary goal Xenq2,
as shown in Eqgs. (6) and (7) respectively, at the top
of the next page.

Here, is_pass determines whether the sector is
a passage sector, and pass is a reward coefficient <1.
pass_near is the passage reward parameter for se-
lecting Xenq2, and should be slightly smaller than
pass, meaning that the selection of a temporary goal
has a stronger tendency toward passage choice. Since
Xpur is the actual trajectory point taken at each
step, an excessively small pass may easily cause os-
cillations of entering and then immediately exiting a
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Algorithm 4 FindPass(scan)

Require: LaserScan scan

Ensure: double array pass
1: Initialize Direction[é] <— 0 for all i’s
2: for i =1 to scan.size — 1 do

3: dLast + scan.len[i — 1] — scan.len][i]
4: dFuture + scan.len[i + 1] — scan.len][i]
5 if |dFuture| > 4-|dLast|AdFuture > 1AdLast < 1

then
: Direction[i] < 1
7: else if |dLast| > 4 - |dFuture| A dLast > 1 A
dFuture < 1 then

8: Direction[s] + —1
: end if
10: end for

11: Initialize pass[i] + 0 for all ¢’s
12: for ¢ = 1 to scan.size do
13: if |Direction[i]| = 1 then

14: for j =i to ¢ + 20 - Direction[i] do

15: if Direction[j] = —Direction[i] then
16: for k =i to j step Direction[i] do
17: passlk] < 1

18: end for

19: break

20: end if

21: end for

22: end if

23: end for

24: return pass

passage. In contrast, Xenq2 is selected after oscilla-
tion occurs, which may indicate that the initial path
choice is incorrect; in such cases, it is acceptable to
re-enter the passage that is just exited.

4.4.2 Bug mechanism integration

Bug algorithm is a classic mapless navigation
method, and if a feasible path objectively exists, the
Bug family algorithms are guaranteed to achieve ob-
stacle avoidance. Their core idea is to follow along
the obstacle boundary upon encountering it. Many
of the oscillation scenarios in the VFH algorithm oc-
cur because the goal is blocked by a long wall, causing
the robot to oscillate near the perpendicular projec-
tion point. However, by integrating the Bug strategy
and encouraging the robot to persist in following the
wall, it is more likely to find a valid path.

The main idea of this section is to determine
whether to activate the Bug mechanism based on the
relative positions of the wall, goal, and robot. In this
work, the Bug mechanism is activated only under
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is_pass;, = 6; € FindPass(scan),

Xpur = Xpurj 1engthj = miin (repeat

is_ collision;
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. pun_endeesideiend% X pun_ObbeSide*Obi

smooth™®— "M . pagg!®-P2%i || X\ — Xenal| — 0.01 - min(5, leni)) ,

is_pass, = 0x € FindPass(scan),

end2 near,;.sector

Xendaz = Xend2 near, | M€arj = m_in(repeat near
_ p _

beside_end2;
-pun_end2 near “9°-"e

—0.01- min(57 lenxcnd2 ncar.,sccmr))'

certain conditions, which include verifying whether
the wall edge lies on the side closer to the goal, as
shown in Fig. 6a. To prevent the robot from deviat-
ing excessively, the mechanism also requires that the
distance to the goal falls within a critical threshold,
as illustrated in Fig. 6b.

The Bug mechanism in this work is essentially a
reward-based mechanism that encourages the robot
to follow the direction suggested by the Bug algo-
rithm, rather than a mandatory one. The final
decision-making still relies on the valley selection
of the VFH. The method for detecting walls adopts
DBSCAN clustering.
cluster near the robot with a distance below a certain
threshold, it is identified as a wall. The robot may
not only be adjacent to a single wall but may also be
surrounded by walls on both sides. Therefore, in this
section, clustering is performed separately for point
clouds on either side of the z axis in the baselink
coordinate frame, and the closer wall is used to de-
termine whether the robot is following the left or the
right wall. Once the side of the wall is identified, a re-
ward is applied to the Bug sectors as shown in Fig. 7.

If there exists a continuous

v
Goal

ey

Goal { Bug2 algorithm fails
(a) (b)
Fig. 6 Triggering mechanisms of the Bug algo-
rithm: (a) wall-target directional proximity activa-

tion; (b) ego-vehicle threshold-proximity activation

is_ collision;

is th, is_pass,
-smooth _near"—""°""" . pass near" "—P**

-pun_ob_nearP®side_obi. | Xend2_near, — Xendl|

(7)

This work does not apply rewards to areas directly in
front or behind the robot, since rewards for smooth
heading angles have already been introduced earlier,
and hidden passages are often located beside walls.
Excessive reward for the forward direction may cause
the robot to miss those lateral passages.

The process of determining the wall direction
based on the distance and computing the set of re-
warded sectors according to the wall orientation and
previous velocity is shown in Algorithm 5.

Thus, an additional reward term is introduced
in the candidate valley selection, as shown in Eq. (8)
at the bottom of the next page.

Here, is_bug denotes whether the sector belongs
to the reward set defined by the Bug mechanism,
and Bug is a reward coeflicient less than 1. FindBug
denotes the method for identifying reward sectors
(as described in Algorithm 5), and v, represents
the current velocity.

Goal Goal

Wall

Goal Goal

Fig. 7 Rewarded sectors
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Algorithm 5 FindBug reward sector based on wall orientation and velocity

Require: LaserScan scan, double vi,g¢
Ensure: double array raBugReward

: scanLeft < scan|0 : 7

: scanRight + scan[0 : —7]

: clusterLeftList <~ DBSCAN(scanLeft)

: clusterRightList <~ DBSCAN(scanRight)

: lenLeft < min, (min; (||clusterLeftList[i].element[j]||) | clusterLeftList[;].num > 10)
: lenRight +— min; (min; (||clusterRightList[i].element[j]||) | clusterRightList[;].num > 10)

: if lenLeft > lenRight and lenLeft > 0 then
: WallDirection < 1
10: else if lenRight > lenLeft and lenRight > 0 then
11: WallDirection < —1
12: else
13: WallDirection < 0
14: end if
15: if WallDirection > 0 and vjast > 0 then
16: return [rt/12, 7t/2]
17: else if WallDirection < 0 and v}, > 0 then
18: return [—7/2, —m/12]
19: else if WallDirection > 0 and viast < 0 then
20: return [rt/2,117t/12]
21: else if WallDirection < 0 and vj,s¢ < 0 then
22: return [—117/12, —7t/2]
23: end if

1
2
3
4
5: lenLeft «— —1, lenRight <— —1
6
7
8
9

5 Experiment and analysis
5.1 Time and space complexity analysis
5.1.1 Time complexity of EZMN

Let the total number of sectors be n, the number
of temporarily memorized ob points be o, the num-
ber of visited end2 points be e, and the number of
traced back path points for oscillation detection be
ny for sector detection, na (n2 > nq) for target point
detection, and ng for temporary endpoint detection.
Before selecting the optimal sector, it is necessary
to identify passage sectors and determine wall loca-
tions. Both algorithms are based on post-processing
after DBSCAN clustering. Generally, the time com-
plexity of DBSCAN in 2D scenarios is O(n?), where

is_bug; = 6, € FindBug(scan, last),

n is the number of 2D data points, but in 2D LiDAR
scans, neighboring point clouds are sequentially or-
dered, so proximity search requires checking only ad-
jacent sector points, reducing the time complexity of
these two steps to O(n).

After acquiring the prerequisite data, each sec-
tor undergoes passability assessment, requiring n/2
computations. If a sector is passable, further
evaluations are needed to check whether the target
point lies within the ob region or the end2 region,
or causes oscillation by comparing with all points in
the path, involving o + e 4+ n; computations. There-
fore, the total complexity of the selection process is
O((n/2 + 0+ e+ n1)n). Since in most cases n/2 is
significantly greater than o+ e + n1, the overall time
complexity can be considered as O(n?). This process

Xpur — Xpurj 1engthj _ m_in (repeatisicollisioni . pun_endzbeb‘ldeiend% . puH_ObbeSlde*Obi
i

-SMOOth™S S0ty . paggis_Pass; . pygls_bus; . | Xpur, = Xenall —0.01 - min(5, leni)) .
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may be executed twice, but the time complexity re-
mains unchanged.

Under the conventional passability assessment
strategy, which involves examining the adjacent sec-
tors, let the number of adjacent sectors inspected
be denoted as num. Then, each sector requires
num + o + e + ny operations, resulting in an over-
all complexity of O((num + o + e 4+ n1)n). Since
num+-o-+e+ny is generally a small constant, the over-
all time complexity can also be simplified as O(n).

Subsequently, oscillation detection for the target
point is performed, requiring ny comparisons, with a
time complexity of O(ng). If oscillation is detected, a
temporary endpoint must be selected. The selection
process is based on DBSCAN and involves a constant
number of computations per iteration, resulting in a
time complexity of O(n).

In summary, since the resolution parameter n
constitutes the dominant term while all other vari-
ables remain small in magnitude, the overall time
complexity of the algorithm can be simplified as
O(n?). If the conventional passability assessment
strategy with fixed neighboring sectors is adopted,
the time complexity becomes O(n).

Since this method allows for accepting oscilla-
tion in certain cases, the above procedure may be
executed multiple times, up to a predetermined max-
imum, and the time complexity remains unchanged.

After preliminary experiments, the variation
curve of computational latency with increasing reso-
lution gradually approaches a parabolic trend, con-
sistent with the theoretically derived time complex-
ity. Since device configurations vary, the latency
results from a single device have limited reference
value; therefore, the detailed latency data are not
presented in the main text but provided in the sup-
plementary materials.

5.1.2 Space complexity of E2MN

The data used by the proposed algorithm in-
clude raw LiDAR data, reconstructed sensor data
with small obstacles removed, edge point flags for
each sector, and passability indicators. All of these
are proportional to n. Additionally, the algorithm
requires storage of ob points and end2 points, whose
sizes are o and e, respectively. The path informa-
tion also needs to be stored, which could increase
significantly over time. However, based on the local-
ity principle, the algorithm only traces a fixed num-
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ber of recent path points, so it only requires storing
max(nq,ng,ng) points. Therefore, the overall space
complexity is O(n + o + e + max(ny,no,n3)). In
most cases, the values of o, e, ni, ns, and ng are
much smaller than n, so the space complexity can be
approximated as O(n).

5.2 Experimental data

The algorithm implementation, scenario con-
struction, and performance evaluation are con-
ducted on the Ubuntu-based Robot Operating Sys-
tem (ROS) platform. The experiment environment
is built using the six-robot simulated vehicle and
the Gazebo simulator, while the path-planning algo-
rithm is tested through the RViz software. For visu-
alization purposes, navigation trajectories are over-
laid onto the map using image processing tools such
as Photoshop, although the mapless algorithms do
not use any map data during the actual experiments.
The experimental computing platform uses an AMD
Ryzen 7 7700 8-core processor, and the physical vehi-
cle tests are conducted using a self-developed vehicle
with a HarmonyOS-based mainboard.

5.2.1 Experimental scenario configuration

Figs. 8a and 8b represent outdoor simple ob-
stacle scenarios and are used to test the basic func-
tionalities of the algorithm—obstacle avoidance and
escape from local minima. The remaining experi-
mental scenarios are used in evaluating path perfor-
mance, parameter sensitivity, and extreme environ-
ment experiments. Specifically, as shown in Figs. 8c,
8d, 8g, and 8h, complex indoor evaluation space, out-
door spacious environment, large dead-end area, and
small dead-end area are used for parameter sensitiv-
ity experiments, while maze environment (Fig. 8e)
and indoor narrow environment (Fig. 8f) are used
to test the algorithms’ performance under extreme
conditions.

In addition, we conduct experiments in dy-
namic environments, with the scenarios and results
presented in the supplementary materials. However,
since the proposed algorithm in this paper mainly
targets static complex environments, these are omit-
ted from the main text.
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Fig. 8 Experimental scenarios: (a) obstacle avoidance testing field; (b) local minima resolution arena; (c) com-
plex indoor evaluation space; (d) outdoor spacious environment; (e) maze environment; (f) indoor narrow
environment; (g) large dead-end area; (h) small dead-end area

5.2.2 Basic functionality testing

The following presents the test of the algo-
rithm’s basic obstacle avoidance functionality.

As shown in Fig. 9, the algorithm successfully
guides the vehicle to avoid all obstacles without
collision.

The following presents the algorithm’s response
after falling into a local optimum.

As shown in the experimental results of Fig. 10,
when the vehicle enters a local optimum, the algo-
rithm is able to guide it out of the local optimum
and eventually reach the target.

5.2.3 DBSCAN parameter selection and its effect on
the temporary goal choice

In this section, a systematic evaluation is con-
ducted on the influence of varying the two key pa-
rameters in the DBSCAN algorithm—the neighbor-
hood radius eps and the minimum number of sam-

® Start

Fig. 10 Local minimum trap handling function test

ples ming,mples—on the point cloud reconstruction
performance in Algorithm 2 and the temporary goal
selection strategy in Algorithm 3. The clustering
and navigation goal generation results under differ-
ent parameter configurations are shown in Fig. 11.

As shown in Fig. 11, when eps is large (e.g.,
1.0 or 1.5), objects such as table legs and stools are
incorrectly merged into wall clusters, reducing struc-
tural distinction. When eps is too small (e.g., 0.1
or 0.3), wall points are split into multiple clusters
due to sparse density or large spacing, causing over-
segmentation and misidentification of distant walls
as temporary goal points. Overall, eps = 0.5 pro-
vides a good balance. For mingamples, small values
(e.g., 1 or 3) retain small obstacles and degrade the
reconstruction quality, while larger values (5, 7, or
9) yield no significant difference between clusters.
To avoid misclassifying near-wall areas as isolated
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Fig. 11 Reconstructed point clouds and candidate
temporary goal points under different mingamples and
eps values
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obstacles, mingamples is set to 5.
5.2.4 Sensitivity analysis of key parameters

This algorithm involves the following main
parameters: the local minimum determination con-
ditions da and dl; the penalty coefficients for target
points falling within the neighborhoods of end2 and
ob, namely pun_end2, pun_ob, pun_end2 near,
and pun_ob near; the channel reward parameters
pass and pass_near; the reward parameter associ-
ated with the obstacle-edge bug, which is named bug
as it is inspired by the Bug algorithm; the local min-
imum penalty coeflicients repeat and repeat near;
the neighborhood range criteria for end2 and ob,
namely len ob,
len end2 near; the smoothness reward parameters
smooth and smooth near.
i.e., the parameters used in Sections 5.2.5 and
da=0.8 rad, d1=0.205 m,
pun_end2=7.5, pun_ob=10, pun_end2 near="7.5,
pun_ob near=15, pass=0.85, pass_ near=0.8,
bug=0.85, repeat=4.5, repeat near=4.5,
len ob=2m, len end2=1m, len ob near=4m,
smooth=0.75,

len end2, len ob near, and

The baseline values,

5.2.2, are set as follows:

len end2 near=2m, and
smooth near=0.65.

This section presents a sensitivity analysis of
key parameters. The parameters are grouped based
on their correlations, and a one-at-a-time (OAT)
method is used to assess each group’s influence on the
algorithm performance. For groups with correlated
parameters, their values are varied proportionally to
preserve internal consistency.

The analysis first focuses on fundamental pa-
rameters that have a decisive impact on algorithm
performance, where significant differences can be ob-
served within a single experiment.

In this experiment, two scenarios with different
structures, one wide and one narrow, are selected,
each exhibiting distinct optimal neighborhood judg-
ment ranges. As shown in the experimental results
(Fig. 12), when the neighborhood range is set too
small (Fig. 12a), the path planning process expe-
riences repeated oscillations (oscillations 1 and 2)
because the temporary goal frequently falls outside
the neighborhoods of the obstacle (ob) or the end-
point (end2), until the theoretically feasible region
is eventually covered. Conversely, when the neigh-
borhood range is set too large (Fig. 12d), the ma-
jority of temporary goals are judged to lie within
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the neighborhoods of ob or end2 (Fig. 12d), leading
to reduced discriminability among goals and likewise
inducing persistent oscillations (oscillations 1 and 2).
In contrast, when the parameters are set appropri-
ately (e.g., Figs. 12b and 12¢), only a single oscil-
lation is triggered within the same region, thereby
significantly enhancing the planning stability.

@ Start
l i [ ) 1 1—_[__‘ ‘\\ ® End
—_— _./: Ao - g
l'k |_—_-———|_—/

(a) (b)
len_ob=2.0, len_end2=1.0,
len_ob_near=4.0, len_end2_near=2.0

T ———

(c) (d)
len_ob=4.0, len_end2=2.0,
len_ob_near=8.0, len_end2_near=4.0

Fig. 12 Sensitivity experimental results of the judg-
ment range for the end2 and ob neighborhoods with
smaller judgment ranges in two scenarios (a, b), and
with larger judgment ranges in two scenarios (c, d)

As shown in Fig. 13, when the local minimum
determination conditions are too lenient (Fig. 13a),
noticeable oscillations occur. Conversely, when the
oscillation criterion is set too strictly (Fig. 13d), the
oscillation determination becomes overly arbitrary.
Since the algorithm tolerates a certain degree of os-
cillation under extreme conditions, excessively strict
criteria actually induce oscillations.

di=0.205, da=0.8

,L//

di=0.164, da=0.64

—

(a)
di=0.41, da=1.6

<
’QQ Jl

(c) (d)

5

dI=0.82, da=3.2

<

o0 1,

Fig. 13 Sensitivity experimental results of the local
minimum determination conditions with four differ-
ent values (a—d)
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Next are the reward—penalty parameters. These
parameters do not decisively affect algorithm out-
comes and show no significant differences in a single
trial, but they influence the stability and average
performance of path planning. To fully reveal their
effects, experiments are conducted in scenarios se-
lected to highlight each parameter’s impact.

This experimental scenario involves navigating
around table legs. Due to the narrow and complex
environment, oscillations are likely to occur, mak-
ing it suitable for testing the parameters repeat and
repeat _near. As shown in Fig. 14, when these pa-
rameters are entirely disabled (set to 1), the stability
is the worst and the path length is the longest. How-
ever, as the penalty strength increases, the differ-
ences among the best case, worst case, and stabil-
ity become less significant. Therefore, the sensi-
tivity of these parameters is low, yet they remain
indispensable.

In this experimental scenario, the chosen start
and goal positions require passing through a complex
area with multiple interconnected corridors, mak-
ing it suitable for testing the parameters pass and
pass_near. Asshown in Fig. 15, when these parame-
ters are entirely disabled (set to 1), the stability is the
worst, and the suboptimal paths occur as the robot
repeatedly circles around the room after missing the
correct corridor. With increasing reward strength,
the stability of the optimal path improves.
ever, when the reward strength becomes too large,

How-

it overshadows other reward—penalty terms, causing
the robot to repeatedly enter incorrect corridors and
thus leading to excessively long suboptimal paths.
Therefore, these parameters are indispensable and
exhibit a certain degree of sensitivity, with values of
0.8 or higher being the most effective.

As shown in Fig. 16, the optimal path in this ex-
perimental scenario requires the robot to follow ob-
stacle boundaries for a considerable distance, making
it suitable for evaluating the performance of the pa-
rameter bug, which encourages boundary-following
behaviors. When this parameter is entirely disabled
(set to 1), the stability is the worst, with numerous
extreme outcomes. Asthe reward strength increases,
the results become more stable; however, when the
reward strength is too high (0.5), stability declines
again, and the excessive reliance on obstacle bound-
aries causes the robot to follow incorrect edges, lead-
ing to redundant detours.

repeat_near=repeat=6
21.242477 18.078275 40.195796 68.505783 17.842264
19.044811 19.616155 19.380007 40.595210 17.784386

e

17.343496  7/10

68.505783  1/10
(a)

repeat_near=repeat=2
17.545688 17.441816 29.809094 46.693930 17.226868
19.071425 18.511092 17.666027 17.295605 17.212413
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repeat_near=repeat=4.5
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(b) ® Start
® End
repeat_near=repeat=1
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46.693930  1/10

(c)

17.343496  6/10 107.561850  1/10

(d)

Fig. 14 Sensitivity experimental results of the local
minimum penalty coefficients repeat and repeat near
with four different values (a—d)
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Fig. 15 Sensitivity experimental results of the chan-
nel reward parameters pass and pass_near with four
different values (a—d)
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Fig. 16 Sensitivity experimental results of the reward
parameter associated with the obstacle-edge bug with
four different values (a—d)

As shown in Fig. 17, this experimental sce-
nario involves passing through a doorway and easily
encountering oscillations near wall boundaries, leav-
ing an ob neighborhood. Moreover, the start posi-
tion lies in an end2 neighborhood, where oscillations
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pun_ob=20, pun_end2=15,
pun_ob_near=30, pun_end2_near=15

pun_ob=10, pun_end2=7.5,
pun_ob_near=15, pun_end2_near=7.5
30.591270 25.249631 28.441562 10.692370 25.104712 10.808636 11.217713 42.714460 35.513647 40.463277
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(a) (b) ® Start
® End
pun_ob=1, pun_end2=1,
pun_ob_near=1, pun_end2_near=1

184.596468 327.035108 30.381849 9.998377 120.942785
10.919191 10.664599 33.050142 155.815755 10.687765
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Fig. 17 Sensitivity experimental results of the
penalty coefficients for target points falling within the
neighborhoods of end2 and ob (pun_end2, pun_ ob,
pun_end2 near, and pun_ob near) with four dif-
ferent values (a—d)

327.035108  1/10

often cause the robot to retrace its path. This
makes the scenario suitable for testing the neigh-
borhood penalty parameters. When these param-
eters are entirely disabled (all set to 1), the robot
repeatedly enters the ob and end2 regions, result-
ing in oscillatory behaviors, elongated suboptimal
paths, and poor stability. With stronger penalties,
although the stability of the optimal path improves
only marginally, the robot maintains robustness by
avoiding large deviations even when it fails to follow
the optimal path. As the penalty strength increases,
the differences among the best case, the worst case,
and stability remain limited; however, overly large
penalties cause a certain decline in stability. There-
fore, these parameters exhibit low sensitivity but re-
main indispensable.

This experimental scenario requires sacrificing
a certain degree of smoothness to enter the door-
way while simultaneously maintaining the smooth-
ness when navigating past long obstacle segments at
intersections. Therefore, it is well-suited for evaluat-
ing the optimal values of the parameters smooth and
smooth near. As shown in Fig. 18, when this pa-
rameter group is completely ineffective, the robot can
enter the doorway but, due to the lack of smoothness,
takes an incorrect branch, resulting in poor stability.
As the smoothness reward increases, both the stabil-
ity of the optimal path and that of the suboptimal
paths improve. Among the four tested parameter
settings, stability is maximized when the values are
set to 0.75 and 0.65, with fewer detours in the failure
cases. Either increasing or decreasing the reward be-
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Fig. 18 Sensitivity experimental results of

the smoothness reward parameters smooth and
smooth near with four different values (a—d)

yond these values reduces stability and lengthens the
suboptimal paths. Hence, these parameters demon-
strate high sensitivity, but all parameter configura-
tions eventually allow the robot to reach the goal,
and stability is maintained to a certain degree unless
the parameters are entirely ineffective.

The comprehensive experimental results demon-
strate that all categories of parameters play indis-
pensable roles in the overall performance of the al-
gorithm, though their sensitivities vary. Among
them, the fundamental decision parameters (e.g.,
len _ob, len end2, da, and dl) exert the most sig-
nificant influence on stability and robustness, ex-
hibiting high sensitivity and thus requiring precise
tuning within moderate ranges. Reward—penalty pa-
rameters, while not directly determining task success
or failure, strongly affect path stability, length, and
smoothness. In particular, the pass and smooth se-
ries parameters show high sensitivity in optimal path
generation: Excessively low or high values degrade
the performance, whereas moderate settings (e.g.,
pass /2 0.8, smooth & 0.75) yield superior results.
The bug parameter effectively suppresses extreme
oscillations at moderate levels, though overly strong
values may induce excessive dependence on obsta-
cle edges.
exhibit relatively poor sensitivity but remain essen-
tial for mitigating persistent oscillations and ensur-
Overall, the effectiveness of pa-

The repeat and pun series parameters

ing robustness.
rameter configurations relies on balanced tuning, as
overly small or large values undermine algorithmic
stability and global optimality, whereas moderate
values achieve an optimal performance in complex
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environments. Accordingly, the parameter settings
adopted in Section 5.2.5 are as follows: da = 0.8 rad,
dl = 0.205 m, pun_end2 = 7.5, pun_ob = 10,
pun_end2 near = 7.5, pun_ob_near = 15, pass =
0.85, pass_near = 0.8, bug = 0.85, repeat = 4.5,
repeat _near = 4.5, len_ob =2m, len _end2 =1 m,
len ob near = 4 m, len end2 near = 2 m,
smooth = 0.75, and smooth near = 0.65.

5.2.5 Path performance test

This subsection aims to evaluate the obstacle
avoidance performance of the vehicle under differ-
ent path-planning algorithms given various start and
goal positions. The experiments adopt both ablation
and comparative approaches by progressively remov-
ing optimization modules from the proposed E>MN
framework to analyze each component’s contribution
to the overall performance. To comprehensively as-
sess the effectiveness of the proposed method, the
experiments also include comparisons with the rep-
resentative map-based navigation framework Move-
Base and the classical mapless navigation algorithm
Bug2. Since the proposed method does not rely
on map data and the coordinate updates may not
be timely, it occasionally fails to reach the intended
target, leading to variability in navigation outcomes
from the same initial position. Therefore, the pro-
posed method and its ablation variants are tested 10
times in each scenario, and both the best and worst
results are reported. The number of runs with simi-
lar outcomes (where the path length difference is <5)
is also documented. For Bug2, different outcomes
can result from turning left or right upon encounter-
ing obstacles; both choices are shown. As MoveBase
performs navigation based on map data with a fixed
path, only one result is presented, using the Dijkstra
algorithm for global planning and the DWA algo-
rithm for local planning, serving as the reference for
optimal paths.

This study designs a stepwise ablation experi-
ment framework to systematically validate the op-
timization effects of algorithmic modules. The spe-
cific configurations of each experimental group are
as follows:

1. Baseline algorithm. It serves as the reference
using the classical VFH architecture.

2. First-level optimized algorithm. It integrates
local minimum detection and prevention modules
into the baseline algorithm and introduces a simple
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interim target point selection strategy determined by
Eq. (9).

3. Second-level optimized algorithm. It extends
the first-level optimized algorithm by incorporating
the predictive elimination module for local minima.

4. Full-version algorithm. It replaces the in-
terim target selection strategy in the second-level
optimized algorithm with the strategy proposed in
Section 4.3.

Xonas, = <leni .cos(Qi)> 7

len; - sin(6;)

Xend = Xend2j

length; = miin (len; — || Xpur — Xenaz; ||) -
)

In the scenario of Fig. 19, since the goal is close
to the entrance direction, the path planning pro-
cess tends to exhibit exploration and trial-and-error
behaviors due to the absence of map information.
As shown in Fig. 19, the baseline algorithm expe-
riences repeated oscillations at a certain location,
resulting in a local deadlock. After the oscillation
detection mechanism is introduced, the algorithm
identifies and exits the deadlock, and then searches
for a new feasible path. With the addition of the os-
cillation prediction mechanism, the generated path
becomes smoother. When the interim goal point
search strategy is updated, the overall path stability,
smoothness, and length are significantly improved.
Compared with the Bug2 algorithm, the proposed
method achieves a shorter path even in the worst-
case trial. In the vast majority of cases, the path
length of the full-version algorithm is reduced by
19.72%, compared to the average length of the two
directions of the Bug2 algorithm. Due to the un-
avoidable exploration process, the path length is in-
creased by 110.54%, compared to the reference path
length generated by the MoveBase.

In the scenario of Fig. 20, most of the paths had
to pass through areas with a large number of small-
sized obstacles. After sensor data reconstruction de-
scribed in Section 4.3 was applied, the stability of the
path generated by the full-version algorithm is signif-
icantly improved. In the vast majority of cases, the
path length of the full-version algorithm is reduced
by 52.695%, compared to the average length of the
two directions of the Bug2 algorithm, and is only in-
creased by 12.101%, compared to the reference path
length generated by the MoveBase.
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Fig. 19 Route 1 results: (a) baseline algorithm; (b, c) first-level optimized algorithm; (d, e) second-level
optimized algorithm; (f, g) full-version algorithm; (h) Bug2 algorithm (left turn); (i) Bug2 algorithm (right

turn); (j) MoveBase framework
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Fig. 20 Route 2 results: (a) baseline algorithmj; (b, c) first-level optimized algorithm; (d, e) second-level
optimized algorithm; (f, g) full-version algorithm; (h) Bug2 algorithm (left turn); (i) Bug2 algorithm (right

turn); (j) MoveBase framework

In the scenario in Fig. 21, the goal is located in
the corner farthest from the entrances. The distance
between the goal and any entrance is longer than
the direct distance between the start and the goal,
resulting in a path that has to detour significantly
before reaching the destination. During this detour,
the trajectory initially moves farther from the goal
before turning toward it. A human may suspect
that they are on the wrong path under such circum-
stances, and the vehicle also has a high probability
of abandoning the correct route in search of alterna-
tives. As a result, the first three algorithms perform
poorly in terms of stability and path length. How-
ever, after incorporating the Bug reward mechanism
and the interim goal selection strategy described in
Section 4.3, the full-version algorithm achieves sig-

nificantly improved stability and produces a path
close to the optimal one. In more than half of the
cases, the path length of the full-version algorithm is
reduced by 55.75% compared to the average length
of the two directions of the Bug2 algorithm, and by
10.52% compared to the reference path length gen-
erated by the MoveBase.

The scenario in Fig. 22 requires the robot to
find a way out of an indoor environment. The draw-
backs of the initial VFH-based baseline algorithm are
evident, as it remains stuck in place during this task.
With the progressive addition of various optimiza-
tion modules, the resulting path becomes increas-
ingly stable and short in length. In the vast majority
of cases, the path length of the full-version algorithm
is reduced by 58.15% compared to the average of the
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Fig. 21 Route 3 results: (a) baseline algorithmj; (b, c) first-level optimized algorithm; (d, e) second-level
optimized algorithm; (f, g) full-version algorithm; (h) Bug2 algorithm (left turn); (i) Bug2 algorithm (right

turn); (j) MoveBase framework
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Fig. 22 Route 4 results: (a) baseline algorithm; (b, c) first-level optimized algorithm; (d, e) second-level
optimized algorithm; (f, g) full-version algorithm; (h) Bug2 algorithm (left turn); (i) Bug2 algorithm (right

turn); (j) MoveBase framework

two directions of the Bug2 algorithm, and by 9.42%
compared to the reference path length generated by
the MoveBase.

In summary, the contributions of each module
to the algorithm can be outlined as follows: By in-
tegrating the local minimum detection and preven-
tion modules and introducing a simple interim target
point selection strategy determined in Eq. (9), this
module primarily addresses the most critical “com-
plete stagnation” problem during navigation. When
the algorithm detects that the robot is trapped in a
local minimum region (e.g., dead ends or U-shaped
corridors), this mechanism is triggered to dynami-
cally generate a temporary escape target based on
the environmental point cloud density. Experimen-

tal results demonstrate that the majority of scenarios
that would have otherwise failed due to deadlock are
successfully reversed; although the robot’s path may
be tortuous, it ultimately finds a feasible route. This
verifies the effectiveness of this module as a funda-
mental escape guarantee.

After introducing the predictive elimination
module for local minima, this module builds upon
the previous one and aims to optimize the path
quality and efficiency of the escape process. Through
online learning and state memory, it actively predicts
and suppresses control commands that may lead to
After its introduction, although the
robot still needs to perform necessary exploration
to exit the local minimum region (paths may have

oscillations.
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twists and turns), trajectory smoothness is signifi-
cantly improved, and repetitive back-and-forth os-
cillations are greatly reduced.

After introducing the complex interim target
point selection module proposed in Section 4.3, both
path length and stability are significantly improved.
This module represents a qualitative leap from “suc-
cessful escape” to “efficient navigation.” It compre-
hensively uses long- and short-term historical infor-
mation, environmental topology, and a more refined
cost function, aiming not merely to generate a feasi-
ble escape point but to select a temporary sub-goal
that guides the robot toward the globally optimal
direction. The results manifest as significantly short
path lengths, further the enhanced trajectory sta-
bility, and the overall navigation performance ap-
proaching or in some cases surpassing existing meth-
ods that rely on prior maps. This marks a key ad-
vancement in both the intelligence and the practical
applicability of the algorithm.

In addition to the routes presented in the main
text, we have several other route experimental results
and analyses that are not shown in the main text due
to space limitations. Interested readers are referred
to the supplementary materials for details.

The average route lengths of each algorithm
across seven complex models in the main text and
supplementary materials are calculated, and the ra-
tios of the algorithmic route outcomes are compared.
It is found that, compared with the average path
length of the two directions of the classical mapless
Bug?2 algorithm, the proposed method reduces the
average path length by 50.51%, while it increases
the path length by only 17.57% relative to the navi-
gation results of MoveBase.

5.2.6 Performance in extreme scenarios

In this section, multiple experiments are con-
ducted in two extreme scenarios to evaluate the algo-
rithm’s capability in handling extreme environments.
The focus is primarily on testing the algorithm’s per-
formance in narrow corridors and maze scenarios.
Except for d1=0.13 m and da=0.51, all other param-
eters use the baseline values, allowing for a certain
degree of oscillation. The experimental results are
shown in Figs. 23 and 24.

In the maze environment tests for both direc-
tions, it can be observed that due to the constraints
of environmental complexity and the absence of a
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prior map, some experimental results exhibit the
phenomenon of misidentifying feasible paths as ob-
stacle regions (ob). This leads to the generation
of numerous ineffective detour paths. Nevertheless,
the algorithm still demonstrates a certain degree of
stability and is ultimately able to converge to the
optimal path.

In the experiments conducted in the narrow sce-
nario, the limited size of the entrance region re-
quires the algorithm to tolerate local oscillations
and attempt multiple coordinate points to obtain
an observation angle sufficient for entering the pas-

sage. Although differences in path length exist,

19.760009 16.874826 63.484850
27.958617 27.448223
16.874826

® Start

® End
63.484850

21.277701 27.009749 30.362712
22.765696 26.621670
21.277701 30.362712

(©) (d)

Fig. 23 Experimental results in the extreme nar-
row corridor scenario: (a, b) more successful and less
successful trials in direction 1 (top to bottom); (c, d)
more successful and less successful trials in direction 2
(bottom to top)

g &

~.

B Start
37.728406 58.483734 56.041257 ® End
54.657031 35.843059 48.899869
35.843059 58.483734
(a) (b)

5

o«

57.247418 98.755492 37.943057
186.274809 172.231957
37.943057 186.274809

() (d)

Fig. 24 Experimental results in the extreme maze sce-
nario: (a, b) more successful and less successful trials
in direction 1 (inside to outside); (c, d) more success-
ful and less successful trials in direction 2 (outside to
inside)
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all experiments successfully reach the target point
and the algorithm still retains a certain probabil-
ity of finding the optimal path even under extreme
conditions.

Furthermore, in both scenarios, the following
phenomenon is observed: The algorithm tends to
achieve transitions more easily from narrow regions
to wide ones, whereas the reverse traversal proves
more challenging. The underlying reason is that the
algorithm prefers motion paths through wide areas,
while the sweeping-based feasibility determination
conditions are relatively strict, thereby increasing
the decision-making difficulty of transitioning from
wide to narrow regions.

5.2.7 Performance in real environments

This part presents the algorithm’s performance
in real environments. The experiments are con-
ducted in an office scenario using our in-development
HarmonyOS LiteOS differential vehicle, as shown in
Fig. 25.

The experimental results are shown in Fig. 26.
In real environments, each odometry frame update
contains offsets and errors. Even under such condi-
tions, the algorithm guides the vehicle to the vicinity
of the target point, demonstrating its effectiveness
and robustness.

To further evaluate the performance of the algo-
rithm, a large obstacle is introduced into the afore-
mentioned spacious real-world environment to create

Fig. 25 Real-world experimental scene and vehicle
illustration: (a—c) office corridor as the experimen-
tal environment; (d) HarmonyOS vehicle drive core
board; (e) vehicle control board, composed of the
HarmonyOS core board with motor control and sen-
sor extension boards; (f) experimental vehicle, con-
sisting of the vehicle control board and chassis
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(e)

Fig. 26 Experimental results in real environments:
(a—d) RViz screenshots showing sensor data and tra-
jectory; (e) experiment photo at the starting point;
(f) experiment photo at the destination

a narrow passage scenario. The algorithm’s perfor-
mance under these constrained conditions is depicted
in Fig. 27.

In the constrained environment, the increased
number of obstacles leads to a significant rise in
the density and complexity of point cloud data. As
shown in Fig. 27c, this increase results in noticeable
drift in the odometry data, which primarily stems
from the accumulated pose estimation errors caused
by repetitive or occluded features in the environ-
ment. Despite these challenges, the proposed algo-
rithm successfully guides the vehicle to complete the
obstacle avoidance task, demonstrating its strong ro-
bustness in handling complex perceptual noise and
uncertainties in the state estimation.

5.3 Performance comparison with recent

models

This section analyzes the performance of exist-
ing models and compares them with the proposed
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Newly added
obstacle

P Despite the
Sl perceived path-
obstacle overlap

actual collision
occurred in the
experiment.

Fig. 27 Experimental results in the constrained real-

world environment: (a) obstacle avoidance experi-

ment during forward navigation; (b) obstacle avoid-
ance experiment in the reverse direction (return path
corresponding to (a)); (c, d) trajectory diagrams of
the vehicle successfully crossing the introduced obsta-
cle and navigating through the U-shaped corridor to
reach the target point; (e) experimental photograph
of the vehicle avoiding the newly added obstacle in
the actual scene; (f) experimental photograph of the
vehicle crossing the introduced obstacle and circum-
venting the U-shaped bend

algorithm. Specifically, we compare the widely used
map-based framework MoveBase (with the DWA lo-
cal planner (Fox et al., 1997)), the mapless classi-
cal Bug2 algorithm (Fox et al., 1997), the recent
topology-based method DVT _Tree (Zhong et al.,
2023), and the recent learning-based methods APF-
RL (Bektas and Bozma, 2022) and HIT-RL (Jang
et al., 2022), focusing on the spatiotemporal com-
plexity, interpretability, and related performance
aspects.

Let the sensor resolution be n, the number of
global map grid cells be N, the linear and angular
velocity resolutions be v and w, and the number of
grid cells in the local map be N;. In the DVT Tree
method, denote the average number of leaf nodes per
parent node as ¢t and the number of path nodes as
P. For learning-based methods, let the network size
Chet be the total number of neurons across all layers.

Yang et al. / Front Inform Technol Electron Eng 2025 26(11):2254-2281

MoveBase uses the classical Dijkstra and DWA
algorithms, whose performance metrics have been
extensively studied and widely adopted. The deriva-
tions of these metrics are omitted in the main text
for brevity. Readers may refer to the supplementary
materials for detailed reasoning.

Both reinforcement learning algorithms exhibit
O(Chet) time and space complexity. Designed for
mapless scenarios, neither requires a predefined
map, yet both inherit the common limitation of
learning-based methods: weak interpretability. The
APF_RL method introduces no fundamental im-
provements to the underlying APF mechanism and
thus lacks the ability to escape from local optimum
traps. In contrast, HIT RL incorporates an inter-
mediate node mechanism that effectively handles lo-
cal optima. Detailed derivations of these metrics are
provided in the supplementary materials.

The DVT _Tree method, selected for compar-
ison among topology-based algorithms, operates
without a global map but requires a local grid map.
Constructing the local map involves processing sen-
sor data with a time complexity of O(n). Leaf nodes
are then generated by traversing the local map, re-
quiring O(N7) time complexity. Subsequent pruning
of invalid leaves involves evaluating each leaf’s local
environment, resulting in O(tNy) time complexity.
Local minima are escaped by backtracking to the
parent node. The method stores the local map, sen-
sor data, and the DVT tree—with the tree size being
a constant multiple of P—yielding a space complex-
ity of O(Ny 4+ P). The approach features clear rules
and high interpretability.

Comparison of the performances among the
above algorithms and the proposed method is sum-
marized in Table 1.

6 Conclusions

This paper proposes an end-to-end mapless nav-
igation method that mimics human behaviors and
relies solely on 2D LiDAR, addressing the practical
need for autonomous navigation in unknown envi-
ronments without high-definition map support. The
method aims to solve key challenges in path plan-
ning, oscillation suppression, and local minimum
handling. The proposed algorithm is interpretable,
with each decision in the planning process based on
explicit rules and perceptual data, providing logical
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Table 1 Performance comparison of different methods

Method Time complexity = Space complexity Map handling Local optimum handling Interpretability
MoveBase O(N?) O(N) Y Y Strong
Bug?2 O(n) O(n) N N Strong
DVT Tree O(tN1) O(N1 + P) Requires rasterization Y Strong
APF RL O(Chet) O(Chet) N N Weak
HIT RL O(Chet) O(Chet) N Y Weak
E2MN O(n)/0(n?) O(n+o+e) N Y Strong

clarity and traceability. It also incorporates the ad-
vantages of the Bug algorithms in specific scenarios
(route 3 in Section 5.2.5), while overcoming their
limitations in concave spaces, effectively addressing
the common issue of local planners falling into local
minima in mapless settings. Experimental results
have shown that the proposed algorithm performs
well in terms of obstacle avoidance and handling of
local minima in simple environments. In complex
scenarios, it generates smoother paths and exhibits
more stable performance compared to the original
VFH algorithm. Compared to the classical map-
less Bug2 algorithm, the proposed method reduces
the average path length by 50.51%, and increases
it by only 17.57% compared to the MoveBase algo-
rithm results. The current algorithm still requires
prior knowledge of whether the environment is nar-
row to adjust the influence ranges of the ob and end2
regions. Future work will focus on detecting pas-
sage width and adaptively determining the values of
beside end2 and beside ob.
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