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Abstract

Mobile robots are widely used in unmanned surveying, warehouse logistics, and emergency response. However, achieving safe,
reliable, and efficient autonomous navigation in unknown environments remains challenging, where accurate environment repres-
entation and feasible trajectory planning are crucial. This paper presents an autonomous navigation method integrating lightweight
LiDAR mapping with real-time local planning for ground robots. At the perception level, an incremental single-frame point cloud
update is used to accumulate and project locally traversable space, producing a lightweight obstacle map that preserves geometric
accuracy while reducing planning computation. At the planning level, A* is employed to generate reference control points, and
uniform B-spline curves are used to optimize the trajectory while enforcing kinematic feasibility and smoothness. At the control
level, nonlinear model predictive control (NMPC) ensures accurate trajectory tracking by producing control commands that satisfy
velocity and acceleration constraints. The framework also supports low-cost evaluation in simulation. Experiments in simulated
forests, simulated indoor corridors, and real-world gardens and hallways show average navigation speeds of 2.24 m/s, 0.76 m/s,
0.43 m/s, and 0.38 m/s, respectively. Results demonstrate that the proposed method generates smooth, feasible, and safe trajectories

and completes autonomous navigation and mapping tasks across diverse environments.

1. Introduction

Autonomous mobile robots, owing to their operational flex-
ibility, have become key enabling technologies in unmanned
surveying, intelligent warehousing, emergency response, and
autonomous driving. In autonomous navigation tasks, a robot
should jointly accomplish three core functions,namely environ-
ment perception, real-time planning, and precise control, to de-
termine a sequence of control commands that safely guide the
robot from its current state to the target state (Lynch and Park,
2017).

The efficiency and success rate of navigation depend on the time
required to compute feasible trajectories, which is proportional
to the number of obstacles (spatial factor) and the length of
the predicted trajectory (temporal factor) (Xia et al., 2022). As
application scenarios expand into dense-obstacle and confined
environments, higher demands are placed on the lightweight
design, real-time performance, and robustness of navigation
systems. Specifically, a robot should maintain accurate environ-
ment representation to avoid collisions, control computational
cost to satisfy real-time constraints, and generate smooth tra-
jectories that comply with kinematic limits.

Since ground robots typically do not perform active motion in
the vertical direction, using a 2D map for environment repres-
entation is a common choice (Wang, 2013). Accordingly, some
ground robots employ single-line LiDAR sensors for autonom-
ous navigation (Zhang et al., 2020a, Abdalmanan et al., 2023,
Sun et al., 2023), aiming to maintain perception accuracy while
reducing hardware costs. Related 2D LiDAR SLAM meth-
ods (Kohlbrecher et al., 2011, Vincent et al., 2010, Grisetti et
al., 2007) offer advantages such as simple structure and low
computational overhead, but the lack of vertical perception can
lead to incomplete environment representation, thereby com-
promising navigation safety. In contrast, algorithms such as

LOAM (Zhang et al., 2014), FAST-LIO (Xu and Zhang, 2021),
FAST-LIO2 (Xu et al., 2022), and LIO-SAM (Shan et al., 2020)
generate 3D maps to compensate for this limitation. How-
ever, for ground robots, a large portion of the 3D scene lies
in unreachable regions, and such redundant data significantly
increases storage and computational cost. To reduce redund-
ancy, several studies perform preprocessing on dense ground
point clouds. Some methods identify and down-project ground
points using elevation information (Lin et al., 2020, Steinke et
al., 2023), while others extract foreground objects through point
cloud segmentation (Himmelsbach et al., 2010, Steinhauser et
al., 2008), thereby improving obstacle representation. These
highlight the need to extract effective scene information while
maintaining online performance to better support environment
representation for ground-robot motion planning.

After perceiving the surrounding environment and estimating
its own state, the autonomous mobile robot can plan a traject-
ory for the upcoming time horizon. The core idea is to com-
pute a feasible trajectory that drives the system from the cur-
rent state to a desired state, expressed as a sequence of control
inputs or intermediate states. However, strict time constraints
and limited onboard computational resources make real-time
motion planning challenging. According to their technical
characteristics, motion planners can be categorized into three
classes (Gonzdlez et al., 2015): graph search—based, sampling-
based, and optimization-based.

Graph search—based methods typically construct a graph to rep-
resent the environment and then perform search within it to
obtain a path (Dolgov et al., 2008). Several approaches im-
prove trajectory quality by refining graph structures and search
strategies (Alshammrei et al., 2022, Zhu and Sun, 2021). These
methods are generally applicable to various kinematic models
but struggle to generate high-quality trajectories with limited
discrete samples. Sampling-based planners (Kingston et al.,
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2018) explore feasible paths by randomly sampling the continu-
ous space and constructing trees or graphs. They can operate in
high-dimensional spaces, yet their computational cost becomes
substantial when solving for optimal paths in real time.

When kinematic and dynamic constraints are considered, both
search-based and sampling-based approaches should explore
a much larger state space, whereupon the problem of com-
binatorial explosion is magnified, significantly reducing plan-
ning efficiency. To address this, optimization-based methods
take trajectories generated by search or sampling as initializa-
tion, integrate higher-order state information, and compute op-
timal trajectories efficiently in continuous space using numer-
ical solvers. However, traditional optimization methods, in-
cluding path following (Wang et al., 2022) and spatial cogni-
tion techniques (Liu et al., 2022), tend to be overly conser-
vative, potentially causing robots to become trapped in com-
plex environments. Emerging optimization-based planners al-
leviate this issue by explicitly modeling obstacle avoidance as
distance constraints. Among them, Model Predictive Control
(MPC) is a widely used optimal control method (Zhang et
al., 2020b, Ammour et al., 2022, Han et al., 2023). Its core
idea is to predict future system states within a discrete pre-
diction horizon N, using a dynamic model, while optimizing
control inputs over a control horizon N, thereby anticipating
system behavior (Wang, 2009, Besselmann, 2010). Despite
these advantages, MPC-based planners typically compute tra-
jectories only within short horizons to meet real-time require-
ments, and global optimality cannot be guaranteed. Polyno-
mial trajectory optimization methods (Zhou et al., 2019, Zhou
et al., 2020, Kingston et al., 2018) minimize predefined cost
functions by adjusting polynomial coefficients and are typic-
ally employed for quadrotors without nonholonomic dynamic
constraints. Some studies extend such methods to ground ro-
bots with differential flatness (Zhang et al., 2023, Zhang et al.,
2025). However, ground robots are often subject to nonholo-
nomic constraints, such as Ackermann-steered vehicles being
unable to move laterally. Although polynomial optimization
produces smooth trajectories, it is difficult to encode such dis-
crete constraints directly. To address this, B-spline-based op-
timization is employed due to its local control property, which
facilitates efficient re-planning (Usenko et al., 2017). Further-
more, its convex hull property simplifies collision avoidance by
constraining control points (Zhou et al., 2019). The inherent
C? continuity of B-splines also ensures smooth, dynamically
feasible trajectories for nonholonomic ground robots.

This paper proposes an autonomous navigation method that
integrates lightweight LiDAR mapping with real-time local
planning for ground robots, aiming to enhance the percep-
tion—planning—control pipeline in complex environments. The
main contributions are as follows:

1. A lightweight obstacle map construction strategy that
accumulates and projects single-frame registered point
clouds within the traversable region, preserving environ-
mental fidelity while minimizing storage and computation.

2. A three-layer planning framework that includes A* con-
trol point generation, uniform B-spline trajectory optim-
ization, and NMPC tracking, enabling fast generation of
smooth trajectories and control inputs under kinematic and
safety constraints.

3. A cross-scenario evaluation pipeline that supports simula-
tion testing in Gazebo, providing an efficient and reprodu-

cible way to assess planning performance across diverse
environments.

2. Method

This section presents our autonomous navigation method, 3L-
planner, which integrates lightweight LIDAR mapping with
real-time local planning. As shown in Figure 1, the system
takes IMU and LiDAR measurements as perception inputs and
performs pose estimation and 3D mapping in parallel. Based
on these estimates, the planning module generates desired lin-
ear and angular velocity commands, which are executed in real
time to control the robot.

2.1 Lightweight LiDAR Mapping

To reduce perception blind spots and improve planning ef-
ficiency, we obtain single-frame point clouds using FAST-
LIO2 (Xu et al., 2022), and incrementally accumulate and pro-
ject them into a 2D occupancy grid map. This provides a
lightweight and efficient representation for trajectory planning.
FAST-LIO?2 fuses raw LiDAR point clouds and IMU measure-
ments through a tightly coupled iterated Kalman filter GEKF),
enabling state estimation and mapping on resource-limited plat-
forms.

State estimation is formulated by minimizing the residuals
between observed points and the map. The system state vec-
tor is defined as

Xk = [Rkv Pk; Vk; ba, bg]Tz (D

where Ry, € SO(3) denotes the rotation matrix, pr € R? the
position, v, € R? the velocity, and b,, by € R? the accel-
erometer and gyroscope biases, respectively. During propaga-
tion, IMU integration provides motion prediction, while LiDAR
points supply measurement constraints.

For each LiDAR point, the geometric residual is defined as

Z? = n; (GTIk ITLk ij - qu) ) (@)
where © p; is the point coordinate in the LiDAR frame, n;
and “q; denote the normal vector and a point on the corres-
ponding plane, GTIk = (GRIk7 prk) is the LiDAR pose,
and 'Tr, = (‘Ru,, 'pr,) represents the extrinsic calibra-
tion. The iEKF iteratively updates the state by optimizing Ax
to minimize > (z?)Q, thereby refining the state estimate and
covariance.

To achieve temporally accumulated perception, FAST-LIO2
aligns each LiDAR scan to the global map using an incremental
kd-tree. By minimizing the residuals between observed points
and the global map, the system obtains both high-frequency
pose estimates and motion-compensated 3D point clouds. We
denote the set of de-skewed LiDAR points from the k-th scan
in the global coordinate frame as

Pe={pk}" 3)

i=1

Due to range noise, a single-frame point cloud P, may miss
portions of the surrounding obstacles. In addition, a single scan
is relatively sparse and cannot fully describe the environment.
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Figure 1. Overall architecture of the proposed 3L-planner, consisting of perception, planning, and control modules.

Therefore, we accumulate consecutive point clouds in a unified
global frame to obtain a more complete obstacle observation
set:

K
M= P, 4)

k=1

where K denotes the number of accumulated scans.

Based on the accumulated obstacle set M, we construct a 3D
voxel map that discretizes the continuous space into a voxel
set V = {v;}. Each voxel maintains an occupancy probability
p(v;), binarized according to the presence of obstacle points.
Free space along LiDAR rays is marked as traversable, while
voxels near the ray endpoints are marked as occupied.

Since ground robots operate primarily on a nearly planar sur-
face, the 3D voxel map inevitably contains redundant ver-
tical information irrelevant to navigation. To preserve essential
obstacle geometry while reducing dimensionality, we extract an
effective height range H that depends on the robot’s feasible
traversal band. Voxels within this height range are then projec-
ted column-wise onto a 2D plane to form a 2D occupancy grid
for the local planning module. Let ¢, , denote a 2D grid cell
whose occupancy state is determined by the set of correspond-
ing voxels

{Vo,y,- | 2€ H}. ®)

Through this projection rule, the 3D environmental data is com-
pressed into a 2D representation in real time. Each 2D grid cell
stores an occupancy probability, providing a lightweight yet re-
liable map for local planning.

2.2 2D Local Trajectory Planning with Lightweight Map

For local planning, the proposed method uses the lightweight
2D occupancy grid as the environmental representation and ad-
apts the 3D Ego-Planner framework (Zhou et al., 2020) into a
2D form to match the motion characteristics of ground robots.

On the constructed 2D grid map, we first generate a collision-
free initial path using the A* algorithm (Hart et al., 1968). A*
finds a feasible path to the goal by minimizing the sum of the
accumulated cost and an optimistic estimate of the remaining
cost. For each grid node n, A* employs the heuristic function

f(n) = g(n) + h(n), (6)

where g(n) denotes the accumulated cost from the start to node
n, and h(n) is a heuristic based on the Euclidean distance.
By prioritizing nodes with the smallest f(n), A* efficiently
searches for a collision-free sequence of 2D control points.

Since A* produces only a discrete path, further processing is
required to obtain a temporally and spatially continuous traject-
ory. We therefore apply a uniform B-spline (De Boor, 1978) to
smooth and parameterize the initial path. A 2D B-spline curve
is defined by a set of control points and basis functions:

N
p(u) = > _ Qi Bf(u), )
i=0

where Q; are control points and BY(-) are k-th order B-spline
basis functions. Adjacent knot intervals are uniformly spaced.
When obstacles form convex regions in the 2D plane, the con-
vex hull property of B-splines ensures that if all control points
lie in free space, the resulting curve will also lie entirely in free
space, thereby ensuring trajectory safety.

To further enhance trajectory quality, we formulate a multi-
objective optimization problem on the initial B-spline curve,
jointly considering smoothness, collision cost, dynamic feas-
ibility, and goal-tracking capability:

minJ = Ay Js + Aede + ApJs + AiJi, 8)

where J; is the smoothness cost, J. the collision cost, J¢ the
feasibility penalty, and J; the goal-tracking cost. The coeffi-
cients As, Ac, Ay, and A; denote the corresponding weights,
which are selected through empirical tuning based on task re-
quirements and system performance. As the overall objective
J changes with the robot’s real-time motion state, the solver
should operate efficiently.

We employ L-BFGS (Nocedal, 1980) to solve this optimization
problem. As a limited-memory quasi-Newton method, L-BFGS
stores only the most recent m gradient vectors to approximate
the Hessian, substantially reducing memory usage. Through it-
erative refinement, L-BFGS guides the trajectory toward a near-
optimal solution while satisfying the above constraints. This
enables efficient, smooth, and computationally tractable real-
time planning on resource-limited onboard platforms, ensuring
both safety and feasibility.

2.3 NMPC Trajectory Tracking

Optimization-based trajectory generation inherently satisfies
the robot’s kinematic model. Building upon this property, we
introduce a nonlinear model predictive controller (NMPC) to
improve trajectory tracking performance.

We adopt the unicycle kinematic model to describe the planar
motion of the robot. The system state vector is defined as

x = [z, y, 0] €R?,
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where x and y denote the robot’s global position, and 6 is the
heading angle. The control input is

u=[v,w” €eR?
where v is the linear velocity and w is the angular velocity.
The continuous-time dynamics are given by
v cos @

vsinf | . ©)]
w

x =f(x,u) =

Using forward Euler discretization with sampling time 7', we
obtain
Xk+1 :Xk—f—'Tf(Xk7 uk). (]0)

To handle nonlinear dynamics, we linearize the model at each
prediction step using a first-order Taylor expansion around the
reference state x,. and reference input u,. The Jacobians are

[0 0 —wv.sind,
Ak:?: 0 0 wrcosb, |,
* oo 0
] (1n
cos@,. 0
By = g—f = |[sinf, O
Yloo1
The discrete-time linearized model becomes

where the compensation term is Oy = —T Apx,.

Given the current state x, and the reference trajectory
{x, ufPIN 1 NMPC solves the following optimization
problem at each control step:

N
inJ — ( < (i) )2 (1) 2) 13
mnd =3 (KOl + I lR). a3
where U = [u®? ... u™7T|T ¢ R?Y is the optimization
variable, ) = x® — x") is the predicted state error, and
Q = wolsn, R = wi1lan are the weighting matrices.

The control inputs are subject to box constraints:

Umin < u? < Upax, i=1,...,N. (14)

To solve the NMPC efficiently, we convert it into the standard
quadratic programming (QP) form:

min %UTHU +g’'Uu, (15)
where H = 2(B”QB + R) and g = 2B” QE.

The QP is solved online using the qpOASES solver (Ferreau
et al., 2014), and only the first optimal control input in the se-
quence is applied to the robot in a receding-horizon manner.

Through time-varying linearization and QP-based optimization,
the proposed controller outputs smooth and feasible tracking
commands at real-time frequency while strictly satisfying input
constraints.

3. Results and Analysis

Experiments are conducted in a real-world environment using
the wheeled robotic platform shown in Figure 2. The platform
is equipped with a Livox Mid-360 LiDAR and an onboard mini
PC powered by an Intel Core i9-12900H processor (14 cores,
20 threads). Our algorithm runs on Ubuntu 20.04 and is de-
veloped and integrated under the ROS1 Noetic framework. In
the simulation, An Ouster OS1-128 LiDAR sensor is employed
for perception in the simulation. LiDAR data is used solely
for environmental sensing during planning, while localization
relies on ground truth to exclude sensor noise. This setup is
specifically designed for the validation and benchmarking of
planning algorithms, and it may not fully capture the physical
characteristics of sensors in complex real-world environments.

Tl
~p ﬁxéi'ztion
aia  uls

Figure 2. Mobile robot platform used for real-world
experiments.

In our method, the local planning range is maintained as a
10m x 10 m horizontal area centered on the robot, with a ver-
tical height integration range of [0.2,2.0] m to encompass the
robot’s physical dimensions. The spatial resolution of the grid
map is set to 0.1 m, and the lightweight map update rate is set to
5Hz. Local map parameters must align with the robot’s phys-
ical dimensions, velocity, environmental complexity, and avail-
able computing power. To ensure reliable obstacle avoidance,
the map resolution should not fall below the sensor’s minimum
precision. In highly complex environments, increasing spatial
resolution while reducing maximum speed can provide finer
environmental representation and sufficient planning response
time. For safety considerations in real-world experiments, the
maximum velocity is limited to 1 m/s. In contrast, the max-
imum velocity in simulation experiments is increased to 5 m/s
to fully evaluate the algorithm’s performance.

This section evaluates the proposed method in four distinct
scenarios, including two real-world environments and two sim-
ulated environments. Tests 1 and 2 are conducted in real cam-
pus scenes, corresponding to an indoor corridor and an outdoor
garden, respectively. Tests 3 and 4 take place in simulated en-
vironments, corresponding to an indoor corridor and an outdoor
forest. The simulated scenarios are constructed based on the
CMU exploration environment (Cao et al., 2022).

Test 1 is performed in a real indoor environment (Figure 3).
The site is a typical building interior over 45 m in length and

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-XI-1-2026-245-2026 | © Author(s) 2026. CC BY 4.0 License. 248



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-1-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission I, 4—11 July 2026, Toronto, Canada

more than 15 m at its widest part, with several offices connec-
ted by long straight corridors. The repetitive wall structure and
monotonous textures tend to degrade LiDAR scan matching, in-
creasing the difficulty of localization and mapping. For clearer
visualization, the ceiling points in Figure 3 have been removed
based on height filtering.

Figure 3. Real indoor corridor environment and corresponding
point cloud.

The full trajectory executed by the robot in Test 1 is shown in
Figure 4, where the color gradient illustrates the temporal evol-
ution of the motion. The trajectory is continuous, collision-free,
and contains no reversals. From the distribution of timestamps
along the path, it can be observed that the robot significantly
slows down near corners. This behavior results from the com-
bined effects of limited local visibility, reduced obstacle clear-
ance, and the constraints imposed by the NMPC controller, in-
dicating that the system can proactively decrease velocity in
response to environmental uncertainty to enhance safety. In
contrast, the timestamp distribution becomes sparser along long
straight corridors, reflecting that the robot can travel at higher
speeds in predictable open segments. Overall, this experi-
ment demonstrates that the proposed navigation method ensures
safety and adaptively regulates motion in constrained indoor
spaces.

The key process of autonomous navigation and mapping at
a corridor corner is shown in Figure 5. As the robot ap-
proaches the turn, the lightweight local map captures the geo-
metry of nearby walls and corners in real time (black occupied
cells), which is immediately reflected in the planning module
as changes in the feasible region. As more of the environ-
ment becomes visible, the locally traversable space gradually
expands, and the optimized B-spline trajectory consistently re-
mains within safe boundaries.

Test 2 is conducted in a real outdoor garden environment, as
shown in Figure 6. This open outdoor space contains irregu-
larly distributed flower beds, shrubs, tables, chairs, and various
obstacles with significant height variations. The ground surface
exhibits rich texture changes, and illumination conditions are
complex. Compared with indoor environments, outdoor scenes
feature more diverse obstacle geometries, and LiDAR returns
are more easily affected by vegetation structure and occlu-
sions, making local environment representation and obstacle-
boundary extraction more challenging.
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Figure 4. Temporal evolution of the robot trajectory in the real
indoor corridor environment.
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Figure 5. Autonomous navigation and mapping process at a
corridor corner.

The complete trajectory executed by the robot in Test 2 is
shown in Figure 7, where the color gradient represents tem-
poral evolution. The robot maintains a stable trajectory des-
pite the presence of irregular obstacles such as flower beds,
shrubs, and ground undulations. The path remains continu-
ous, without noticeable reversals or stops. Although vegeta-
tion often leads to unstable LiDAR returns and non-uniform
point density, which make obstacle-boundary extraction more
difficult, the final trajectory still adheres smoothly to free-space
boundaries. This demonstrates that the proposed method can
effectively handle outdoor environments, maintaining reliable
perception and planning performance.

The key process of obstacle avoidance in the outdoor garden en-
vironment is illustrated in Figure 8. When the robot approaches
local obstacles such as the edges of flower beds or low vegeta-
tion, the lightweight map promptly updates obstacle boundaries
and reflects them in the planning module as a dynamic contrac-
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Figure 6. Real outdoor garden environment and corresponding
point cloud.
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Figure 7. Temporal evolution of the robot trajectory in the real
outdoor garden environment.

tion of the traversable region. As additional local point clouds
accumulate, the map gradually stabilizes, enabling the planner
to generate smooth detour paths while maintaining a safe clear-
ance to nearby obstacles. During this process, the robot first
decelerates to perform small-scale path adjustments and then
accelerates again once the avoidance maneuver is completed.
The curvature variation of the local trajectory shows that the B-
spline path exhibits smooth and natural lateral deviations during
obstacle avoidance, without sharp turns or discontinuous con-
trol commands, demonstrating the proposed planner’s ability to
regulate motion under velocity, acceleration, and steering con-
straints.

Tests 1 and 2 are conducted in real-world environments. We
required the robot to plan a return to the vicinity of the start-
ing point, and evaluated its performance using positional con-
sistency at loop closure by measuring the SLAM loop error
(the norm of the translational residual). In the garden and cor-
ridor scenarios, the loop errors are 0.21 m and 0.29 m, respect-
ively. In both experiments, the robot completed the planning
task stably, with no path failures caused by localization drift.

External View

Planning

Mapping

Figure 8. Autonomous navigation and mapping during local
obstacle avoidance in the outdoor garden environment.

Test 3 is conducted in a simulated indoor corridor environ-
ment, as shown in Figure 9. The scene covers an area of ap-
proximately 130 m x 100 m and consists of multiple long, nar-
row corridors connected to several hall areas, forming a typical
multi-branch indoor passage layout. Obstacles such as tables,
chairs, and pillars are placed throughout the environment, and
thin structures such as railings are added in certain regions, in-
creasing the complexity of the traversable space.

(b) LiDAR Point Cloud

Figure 9. Simulated indoor corridor and its corresponding point
cloud.

The complete autonomous navigation trajectory in Test 3 is
shown in Figure 10. The robot maintains continuous and well-
controlled motion, repeatedly traversing long corridors, enter-
ing and exiting halls with pillar obstacles, and completing path
switching at intersections. The temporal distribution of the tra-
jectory remains uniform, and no collisions occur throughout the
entire process. These results indicate that the proposed method
can reliably perform perception, planning, and control in large-
scale, multi-corridor, and repetitive indoor environments.
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Figure 10. Temporal evolution of the robot trajectory in the
simulated indoor corridor environment.

Test 4 is carried out in a simulated outdoor forest environment,
as shown in Figure 11. The scene spans 150m x 150 m and
contains a large number of densely distributed trees as well as
several scattered houses, resulting in a cluttered and irregular
layout.

(a) Simulation Model

(b) LiDAR Point Cloud

Figure 11. Simulated outdoor forest environment and its
corresponding point cloud.

The complete trajectory executed in Test 4 is presented in Fig-
ure 12. The robot follows a generally smooth path, and in the
central region, where tree density is highest, it performs mul-
tiple fine-grained curve adjustments without sharp turns or ex-
cessive detours. This demonstrates that the proposed method
maintains strong robustness even in environments with dense
and irregular obstacle distributions.

Quantitative metrics and trajectory performance across the four
scenarios are summarized in Table 1. In real-world experi-
ments, the maximum linear velocity remains below 1 m/s, con-
strained primarily by the smaller spatial scale and stricter safety
requirements. In the garden scene, frequent turning results in
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Figure 12. Temporal evolution of the robot trajectory in the
simulated outdoor forest environment.

a noticeably higher maximum angular velocity compared with
the indoor corridor. In contrast, to fully assess the algorithmic
capability, a higher velocity limit is configured in the simula-
tion environments. Owing to the larger spatial scale and more
flexible maneuvering space, the robot achieves linear velocities
exceeding 4 m/s and maintains a maximum angular velocity of
1.5rad/s, enabling efficient execution of long-range trajectories.

Table 1. Trajectory performance in different scenarios.

Area
(m*)

Length Time Max.v Max.w

Scenario (m) (s)  (m/s) (rad/s)

Real- Corridor 49.8 x 17.8 5121 13540 092 0.66
world Garden 12.9 x 25.7 2743 6380 0.88 1.22

Simu- Corridor 130.0 x 100.0 236.61 312.07 4.33 150
lation Forest  150.0 x 150.0 617.61 276.06 4.40 1.50

Under the same hardware configuration, we evaluated the re-
source overhead of our method in the indoor scene (Fig 9) and
the forest scene (Fig 11), including the average planning time,
CPU usage, and memory usage. We compared these results
with the 3D baseline without lightweight mapping, as summar-
ized in Table 2. In addition, we further compared the planning
time of our method with that of a baseline method based on 2D
SLAM and the TEB local planner in the same scenarios, report-
ing both the average and maximum values, as shown in Table 3.

Simulation results in Forest and Corridor scenarios quantitat-
ively demonstrate the advantages of our lightweight mapping
method for real-time planning. As shown in Table 2, by em-
ploying 3D-to-2D projection compression, our method reduces
average memory usage by nearly half, decreases CPU overhead
by approximately 7%, and cuts average planning time by over
75% compared to the 3D baseline. Furthermore, Table 3 com-
pares our approach with a 2D SLAM and TEB local planner
baseline. In the Forest scenario, our method achieves an aver-
age planning time of 0.29 ms with a maximum of 2.03 ms. In
the Corridor scenario, the average time is 0.53 ms, with a worst-
case latency of only 6.35 ms, which significantly outperforms
the baseline’s 19.32 ms. These quantitative results confirm that
our method enhances planning real-time performance and sta-
bility by reducing map data scale and collision query overhead.
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Table 2. Average efficiency comparison between the lightweight
2D map and the 3D baseline in simulation.

Scenario Method Plan Time CPU Usage Memory Usage

(ms) (%) (MB)
Ours 0.29 20.62 245.69
Forest .
Baseline 1.63 27.85 414.79
. Ours 0.53 29.31 246.95
Corridor .
Baseline 2.19 31.84 417.45
Table 3. Planning time comparison in simulation.
Scenario Method Plan Time (ms)
Avg Max
Ours 0.29 2.03
Forest .
Baseline 1.06 2.47
Corridor Ours 4 0.53 6.35
Baseline 1.68 19.32

In summary, the proposed method generates smooth, collision-
free, and dynamically adjustable trajectories across environ-
ments with varying spatial scales and obstacle distributions.
In real-world scenarios, the system adopts a safety-first velo-
city strategy, while in large-scale simulation settings, it demon-
strates efficient long-range trajectory execution. Both the tra-
jectory patterns and quantitative metrics confirm the robustness
of the proposed navigation framework across diverse condi-
tions.

4. Conclusion

This paper presents a lightweight LiDAR-based perception
and real-time local planning framework for autonomous nav-
igation of ground robots. The proposed method constructs
a lightweight local environment representation through incre-
mental point cloud accumulation and projection. By integrat-
ing A*-guided B-spline trajectory optimization with NMPC-
based tracking, the system achieves smooth, safe, and efficient
navigation. Experiments conducted in real indoor corridors,
real outdoor gardens, simulated corridors, and simulated forests
demonstrate that the method consistently produces stable and
collision-free trajectories, while exhibiting strong velocity reg-
ulation and environmental adaptability.

While the proposed method achieves lightweight mapping via
height-band projection, it is limited by the simplification of 3D
environments into 2D occupancy spaces. This dimensionality
reduction may lead to insufficient geometric detail for over-
hanging obstacles, negative obstacles, and partially traversable
structures. Furthermore, the current approach primarily targets
static scenes and lacks an integrated prediction mechanism for
dynamic objects. Consequently, its obstacle avoidance robust-
ness in highly dynamic or geometrically complex environments
requires further enhancement.

Nonetheless, compared with data-driven approaches such as re-
inforcement learning, the proposed framework offers greater in-
terpretability, with clearly defined planning and control logic.
To address the aforementioned limitations, future work will fo-
cus on incorporating dynamic object tracking and extending the
mapping module to more complex environments to further en-
hance the system’s overall stability and robustness.
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