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Abstract - For indoor autonomous vehicle systems,
environment mapping is a fundamental step for localization and
navigation tasks. This paper presents an occupancy grid
mapping method using a 2D LiDAR sensor and the Iterative
Closest Point (ICP) algorithm for scan alignment. The ICP
algorithm estimates the transformation between consecutive
scans to register data into a global coordinate frame. The
aligned LiDAR data is then used to update the occupancy grid
map based on the log-odds model. The system architecture is
modularized into sensor data acquisition, scan alignment, and
map updating blocks, improving deployability on embedded
platforms with limited resources. Simulation and indoor
experimental results with static obstacles demonstrate that the
proposed system can generate consistent maps when the robot
operates at low to medium speeds.

Key words - Autonomous vehicle; map building; occupancy grid
map; LiDAR; Iterative Closest Point

1. Introduction

In indoor autonomous vehicle systems, constructing a
map of the working environment is a fundamental step
towards robust positioning and navigation. In many indoor
scenarios, GPS is unavailable and landmarks are often
sparse, requiring the vehicle to rely primarily on on-board
range sensors to perceive its surroundings.

Occupancy grid mapping is a standard choice for such
environments. The workspace is discretized into cells,
where each cell stores the probability of being occupied or
free, typically updated using a Bayesian or log-odds model
[1]-[3]. Combined with 2D laser range finders, occupancy
grids provide a compact representation that supports path
planning, collision checking, and localization in structured
indoor spaces [2], [4]. Modern SLAM systems extend this
idea with particle filters or graph-based optimization, but
the underlying cell-wise probabilistic representation
remains the core component [3]-[6].

A significant challenge in occupancy grid mapping is
efficiently fusing range measurements acquired over time
when the vehicle pose is not perfectly known. In practice,
many existing approaches either rely on external
localization systems or assume sufficiently accurate
odometry, which may not hold in low-cost embedded
platforms. The Iterative Closest Point (ICP) and its variants
are widely used for scan alignment: given two point clouds,
ICP iteratively estimates the rigid-body transformation that

Tém tit - DSi voi hé théng xe ty hanh trong nha, viéc xdy dung
ban dd moi truong 1a budc nén tang cho céc bai toan dinh vi va
didu hudng. Bai bao trinh bay phuong phap xay dung ban dd lusi
chiém chd (occupancy grid map) sir dung cam bién LiDAR 2D va
thuat toan Iterative Closest Point (ICP) dé can chinh cac 1an quét
khéng gian. Thuét toan ICP dugc sir dung dé wéc lwong bién dbi
gilta cac 1an quét lién tiép nhdm dua dir liéu vao hé toa do toan
cuc. Dit liéu LiDAR sau cin chinh dugc sit dung dé cap nhat ban
dd luéi chiém chd theo mé hinh log-odds. Kién tric hé théng
duge mo-dun hoa thanh cac khdi thu thap dit lidu cam bién, can
chinh dit lidu quét va cap nhat ban dd, gitip tang kha nang trién
khai trén c4c nén ting nhung co tai nguyén han ché. Két qua mo
phong va thir nghiém trong mdi truong trong nha véi cac chudng
ngai vét cho thiy hé théng c6 kha ning xay dyung ban dd véi do
nhét quén cao khi robot di chuyén & tdc do thép dén trung binh.

Tir khoa - Xe ty hanh; xay dung ban dd; ban dd ludi chiém chd;
LiDAR; Iterative Closest Point

minimizes a point-to-point or point-to-line distance metric
[7], [8]. ICP has been incorporated into many 2D and 3D
SLAM frameworks to align laser scans, maintain local
maps, and support loop closure [4], [9]-[11]. In 2D indoor
mapping, sequential ICP between scans or between scans
and a reference map is often sufficient to track vehicle
motion when the sensing range is limited and the inter-scan
displacement remains moderate [10], [12], [13].

Several works have explored ICP-based occupancy
grid mapping for indoor robots. Some approaches couple
ICP with line extraction or feature-based matching to
improve robustness in corridor-like environments [12].
Others augment ICP with semantic information or robust
cost functions to handle dynamic objects and outliers in
cluttered scenes [13]. At a higher level, ICP has been used
as the front-end of graph-based SLAM pipelines that
maintain globally consistent maps through pose graph
optimization [4], [6], [10], [14]. Despite these advances,
existing solutions often involve computationally intensive
optimization or rely on additional sensing modalities,
limiting their applicability to resource-constrained
systems.

Closer to the context of this work, Vietnamese
researchers have begun to apply grid-based mapping and
LiDAR-based navigation to assistive and service robots.
For example, Ngo et al. propose a safe 2D grid map for
indoor wheelchair navigation using a LiDAR-based


mailto:tunglt@hcmute.edu.vn

ISSN 1859-1531 - TAP CHi KHOA HOC VA CONG NGHE BAI HOC DA NANG, VOL. 24, NO. 5A, 2026 99

perception system, with an emphasis on human safety and
obstacle avoidance in constrained spaces [15]. Such works
demonstrate the feasibility of occupancy grid mapping for
assistive mobility devices, but they typically assume an
existing localization framework or treat scan alignment as
a secondary component relative to higher-level planning.

In this paper, we focus on indoor mapping for a small-
scale autonomous vehicle operating in a confined lab
environment using only a 2D LiDAR as the primary range
sensor. We implement a scan-to-map ICP and log-odds
occupancy grid pipeline that runs in real time on embedded
hardware, without relying on external localization
infrastructure such as motion capture system or UWB
beacons. The architecture modularizes LiDAR acquisition,
scan filtering, ICP-based pose estimation, and occupancy
updating into discrete modules with clearly defined
interfaces. Experiments on a mobile robot show that the
system can produce consistent indoor maps at low speeds.
The main contributions of this paper are summarized as
follows: (1) an ICP formulation tuned for short-range 2D
indoor mapping; (2) a lightweight log-odds update scheme
suitable for embedded processors; and (3) an experimental
study analyzing the interaction between grid resolution,
ICP parameters, and vehicle speed.

2. Embedded Platform and Sensor Configuration

We implement the proposed mapping pipeline on a
small indoor autonomous vehicle based on a Quanser
QCar-like platform [16]. The core computing unit is an
NVIDIA Jetson TX2 module, which integrates a multi-core
ARM CPU and an embedded GPU within a low-power
system-on-chip. In this setup, the Jetson TX2 is responsible
for high-level tasks, including the LiDAR driver, ICP-
based scan registration, and log-odds occupancy grid
updates. Conversely, low-level motor control and safety
interlocks are handled by dedicated microcontroller
boards. Furthermore, the embedded system manages
auxiliary functions such as logging data and network

tion.

Figure 1. Experimental platform:
(1) RPLIDAR A2, (2) NVIDIA Jetson TX2
The platform is equipped with an RPLIDAR A2MS
sensor operating at a scan frequency of 5—15 Hz, producing
approximately 533 to 1600 range measurements per scan
depending on the rotational speed. The measurement noise
is modeled as zero-mean Gaussian with a standard
deviation of 4.83 cm, consistent with typical indoor LIDAR

performance. To ensure stable real-time processing, only
points within a limited local radius are considered in
subsequent mapping and registration steps.

A 2D LiDAR sensor is mounted rigidly on the vehicle,
positioned slightly above the ground plane. The LiDAR
provides range measurements 7; at bearing angles ¢; in its
local frame, typically at a fixed scan rate. We define the
vehicle body frame with the x-axis pointing to the right and
the y-axis pointing forward. The LiDAR frame is linked to
the body frame by a known rigid transform (R, t;) obtained
from mechanical design or simple calibration, so that each
LiDAR point can be expressed in the body frame as

body __ 7; COS ¢;

Wheel encoders and an inertial measurement unit
(IMU) are used to provide an initial estimate of the vehicle
motion between consecutive scans. These estimates are not
explicitly integrated into the probabilistic mapping
equations; instead, they are used as initial guesses for ICP
to accelerate convergence and reduce the risk of
convergence to local minima [7], [8]. This loosely coupled
design decouples motion prediction from scan matching,
enabling ICP to refine the pose estimate and effectively
compensate for accumulated drift while maintaining
computational simplicity.

All mapping operations are carried out in the global
frame, with LiDAR points first transformed to the body
frame and then to the world frame using the current
estimated pose, ensuring spatial consistency across
successive scans and facilitating incremental map
construction.

‘ LIDAR scan }—»{Scan ﬁltering}—){ ICP H Pose estimate
Map visualization }(—{ occupancy grid update }(—{ Log-odds ‘

Figure 2. The overall mapping pipeline

3. ICP-Based Scan Registration

In the proposed framework, the Iterative Closest Point
(ICP) algorithm is responsible for aligning each new
LiDAR scan to a reference representation of the
environment, thereby providing a refined pose estimate
prior to occupancy grid updates. We adopt a point-to-point
ICP formulation optimized for 2D scans. The algorithm
takes as input a measured 2D scan P = {p;}\,, a reference
point set Q = {q j}ﬂ‘-’lzl, a convergence threshold ¢, and a
maximum number of iterations [,,,. In our
implementation, the convergence threshold is set to
£=10"%, and the maximum number of iterations is
limited to [;,4,, =40 to balance accuracy and computational
efficiency. Its output is the rigid-body transformation
T = (R,t) that minimizes the following point-to-point
least-squares objective:

, 2

E(R,t) = Ei4||Rpi +t — qcn | )
where q.(;) € Q is the corresponding point for p; € P.
After nearest-neighbor association and correspondence
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filtering, a subset of N’ valid point pairs is retained for
optimization, where N' < N.

At each iteration, ICP performs nearest-neighbor
association, assigning every scan point p; to its closest
reference point g.;y. To improve robustness against
outliers and ambiguous matches, a one-to-one
correspondence constraint is enforced, ensuring that if
multiple scan points map to the same reference point, only
the pair with the smallest distance is retained, yielding

matched subsets of equal size. The centroids
1 ! _ 1 '

p =% lpi and § = %, q; are then computed, and
the cross-covariance matrix is formed as:

K=32® -0 (@-9" 3)

The optimal rigid alignment is obtained in closed form

via Singular Value Decomposition (SVD) K =U Y VT,
The rotation R and translation ¢ are derived as:

R=VUT,t=q—Rp 4

The scan is then updated by applying the estimated

transform to all its points, p; < Rp; + t, producing an

increasingly aligned set. The iteration error is evaluated as:

2
error = %Z?Zl”pi — qcl Q)

The procedure repeats until the change in error between
successive iterations falls below & or the iteration limit
Linax 18 reached.

After convergence, the estimated transformation
(R, i) is used to express the scan in the world frame and
to update the vehicle pose. If ICP returns a transformation
that maps body-frame points to the world frame as:

P’ = Ripf + ti (6)
then the planar position estimate is simply X, = t;, and
Yk = tr,, while the heading is recovered from the rotation
matrix:

R, (7

_ [7'11 7"12]

Tl

as: 0 = atan2(ry,,711).
For compact representation, the pose can be expressed

as a homogeneous transformation:

=[x ®)
0 0 1

which is used to transform the entire scan into the world

frame and serves as the pose output of the localization

module.

Ty

In our implementation, ICP operates as a LIDAR-based
registration module that estimates pose corrections through
scan matching, optionally initialized by odometry or IMU
measurements. This initialization significantly improves
convergence speed and reduces the likelihood of
convergence to incorrect local minima. The pose is updated
by left-composition:

TV = AT. T}, C)

The final transformation T;” allows the system to
recover the 2D state (x, y, ) and express the entire scan in
the world frame. To further enhance robustness and
mitigate drift accumulation, the pipeline employs a two-

stage registration strategy: (1) scan-to-scan alignment for
local motion tracking, and (2) scan-to-map alignment
against a reference submap to maintain global consistency
and minimize drift.

For clarity, the ICP algorithm and its integration into
the scan-matching-based pose estimation pipeline are
illustrated in Figures 3 and 4, respectively.

Measured scan points P = {p;}
reference points Q@ = {g;}
£
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Figure 3. Flowchart of the ICP-based scan registration process
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previous scan Sy, (k — 1)
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Figure 4. Flowchart of LiDAR-based localization using
scan matching

4. Occupancy Grid Mapping with Log-Odds

The environment is represented using a 2D occupancy
grid map, where the workspace is discretized into square
cells m;, each representing a fixed spatial resolution. In this
work, a grid resolution of 5 X 5 cm is employed to achieve
a balance between spatial accuracy and computational cost.
Each cell stores the probability that it is occupied, P(m;).
To improve computational efficiency and avoid numerical
instability, we use the log-odds parameterization:

P(m;)
1-P(m;)

L(m;) = log (10)

This transformation simplifies the recursive Bayesian
update into a linear addition of log-odds values [3], [8].
Given a new LiDAR scan transformed into the world
frame, an inverse sensor model is utilized to determine
which cells along each measurement ray should be updated
as “free” (traversed by the beam) and which should be
updated as “occupied” (at the beam endpoint where a
return is detected) based on ray-casting from the sensor
origin to the measured endpoint.

For clarity, the occupancy grid update process using the
log-odds formulation is summarized in Figure 5.

Let L,(m;) denote the log-odds of cell m after
processing scan k, and let l,.. and I, be the log-odds

increments corresponding to an occupied and free
observation, respectively. In our implementation, the log-

odds parameters are set to:

0.7 0.3
foce =M (55). rree = In (55)
Scan at time t: (rg, az)
Pose (ICP refined): (z¢, ye, 0¢)
Log-odds map at ¢ — 1: L 1(m)

cell size §

range of beam [Fin; Tmax]
log-odds parame
log-odds limits: [L,
Lo(m) = log 1=

transform (z¢, y¢) to grid (is, ji) l

beam k

T = Tt + Touax CO8(0))
Ye = Yt + Tmax sin(0k)
transform (., y.) 10 (ic, je)

Te = Ty + i c08(65)
Ye = Yz + i sin(fy)
transform (., y.) 10 (ie, Je)

Using Bresenham line
algorithm
cells on the ray:
C= {T"I sM2y. ey m,,}

Using Bresenham line
algorithm
cells on the ray:
C = {my,my,..., m,}

> e

yes

A
[[Zm) = Lo i(m) +liee || Eelm) = Lia(m) + loee |

[ £um) = Los(m) + lie_|

Figure 5. Flowchart of the log-odds occupancy
grid update process

which reflect a probabilistic preference toward
occupancy at beam endpoints and free space along
measurement rays. For each cell affected by the scan, the
update is formulated as:

Lpy(my) = L (m;) + loeer if m; is at a beam
endpoint.

Li(my) = Lg_1(m;) + lppee: if m; lies along a beam
before the endpoint

Cells that are not affected by the current scan retain
their previous values. The log-odds are clipped to a
bounded interval [L,in,lnex] to prevent numerical
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saturation and to ensure the map remains adaptable to
environmental changes.

The parameters ;.. and lf.., are determined based on
a probabilistic range-sensor model: a beam endpoint
strongly suggests that the corresponding cell is occupied,
while cells traversed by the beam are likely free [3]. In
practice, they are tuned empirically to balance the rate at
which occupancy beliefs change with the measurement
noise of the LiIDAR in indoor environments.

Once the log-odds map is updated, occupancy
probabilities can be recovered using the logistic function:

P(m) = — (11)

re~L(my)
for visualization or for use by downstream planning
modules. Importantly, the mapping stage relies only on the
ICP-refined pose estimates and does not modify them;
localization and mapping are loosely coupled, with the
occupancy grid updated based on the estimated trajectory.

5. Experiment Setup and Results

To evaluate the proposed ICP-based occupancy grid
mapping pipeline, we utilize two complementary testbeds.
The first is a lightweight Python simulator designed to
validate the ICP algorithm's performance. The second is an
embedded implementation on a Quanser QCar-like
platform operating in a real indoor laboratory environment.

5.1. Simulation-Based ICP Validation

Before integrating ICP into the mapping pipeline, we
first tested it in a synthetic scenario. The reference point
cloud (“original map”) consists of two shapes: a
rectangular room and a circular obstacle, sampled along
their boundaries (blue points in Figure 8(a)). A second
point cloud is obtained by applying a known rigid
transformation (rotation and translation) to this map and
additive Gaussian noise to every point (red points in Figure
8(a)). This cloud represents a LiDAR scan taken from a
different sensor pose. The synthetic environment spans
approximately 14 x 14 m before alignment, reflecting the
spatial dispersion introduced by the transformation and
noise. After ICP convergence, the effective aligned map is
reduced to approximately 10 x 10 m due to improved
spatial consistency.

ICP Convergence

2.0 4

154

1.0

Mean correspondence error

0.5 1

0.0

[} 5 10 15 20 25
Iteration

Figure 6. ICP convergence profile

ICP is then used to estimate the rigid transformation
that aligns the noisy cloud back to the reference. The
algorithm starts from a coarse initial estimate and
iteratively performs nearest-neighbor matching and least-

squares pose estimation until convergence. The
convergence behavior of the ICP algorithm is illustrated in
Figure 6.

And the distribution of residual distances after
convergence is shown in Figure 7.

Figure 8 shows the result: the ICP-aligned cloud
(green) almost coincides with the original map (blue) for
both the rectangle and the circle. The estimated
homogeneous transformation matrix is numerically close
to the inverse of the synthetic transform, and the remaining
error is consistent with the injected noise.

The convergence behavior illustrated in Figure 6
indicates a rapid reduction in alignment error within the
first iterations, followed by gradual refinement toward a
stable minimum. Similarly, Figure 7 shows that the
residual distances are tightly distributed around zero after
convergence, confirming accurate  point-to-point
alignment.

This experiment confirms that the implemented ICP
can reliably register two partially overlapping 2D point sets
and is suitable for integration into the scan-alignment
module of the embedded system described in Section 5.2.

Residuals after ICP {(mean=0.0475 m)

L |

Count
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Figure 7. Residual distance analysis
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Figure 8. Simulation results.
(a) Before ICP; (b) After ICP
To quantitatively evaluate the ICP registration

performance, the key metrics are summarized in Table 1.
Table 1. ICP Registration Performance

Metric Symbol Value
Initial Error €first 2.82559
Final Residual Error Clast 0.047363
Total ICP Iterations k 25
Homogeneous 0.867 —0.498 4.01
£¢ 4 T 0498 0.867 5.02
Transformation Matrix 0 0 1
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As shown in Table 1, the ICP algorithm significantly
reduces the alignment error, converging from an initial
error of 2.82559 to a final residual of 0.047363 after 25
iterations, indicating effective and stable convergence. The
estimated transformation matrix closely matches the
inverse of the applied synthetic transformation, confirming
the accuracy of the recovered pose. The small remaining
error is mainly due to the injected Gaussian noise.

Overall, the results demonstrate that the implemented
ICP method achieves reliable convergence and sufficient
accuracy for real-time scan registration in the proposed
mapping framework.

5.2. Embedded Implementation on a Quanser QCar-Like
Platform

The same mapping pipeline was then deployed on a
small four-wheel platform similar to the Quanser QCar,
equipped with a 2D LiDAR and an embedded computer.
The onboard software handles LiDAR acquisition, ICP
alignment, and log-odds occupancy grid updates. During
real-time operation, the LiDAR scan frequency ranges
from 5—-15 Hz, with 533—1600 points processed per scan to
ensure real-time performance on the embedded platform.
A separate laptop is used only for visualization and
teleoperation, ensuring that all core processing runs
onboard.

Experiments took place in an indoor lab with walls,
desks, and several static obstacles such as boxes and chairs.
The vehicle was driven manually along trajectories that
combine straight segments, gentle curves, and turns, at low
to medium speeds consistent with safe operation. Based on
odometry and IMU measurements, the observed linear
velocity is consistently bounded below 0.3 m/s, with
typical cruising speed around 0.2 m/s. Wheel encoder and
IMU data provide initial estimates of linear and angular
velocity; these are used as initial seeds for ICP between
consecutive scans. Only measurements within a limited
local radius are used to maintain point cloud density and
computational efficiency.

The occupancy grids produced onboard capture the
main structural features of the environment: walls appear
as continuous bands of occupied cells, and large objects
form compact clusters. When the estimated trajectory is
overlaid, drift remains limited for loops of moderate length,
in line with the simulation results. Situations with sharper
motion between scans (for example, quick turns or abrupt
steering impulses) occasionally lead to poorer ICP
convergence, visible as ghosting (double edges) or
smearing artifacts in the map. This behavior is consistent
with the observed transient increase in scan-to-map error
(S2M), particularly during motion transitions, where
reduced scan overlap and increased angular velocity
degrade registration quality. These artifacts are reduced by
filtering outliers in the scan and by restricting ICP to a local
neighborhood around the current pose.

Quantitatively, within the operational range v < 0.3
m/s, scan-to-scan error (S2S) remains stable in the range
0.02-0.03, indicating consistent local motion estimation.

Scan-to-map error (S2M) remains low during steady
motion and only exhibits short-lived spikes during turning
phases, after which it quickly returns to a stable level,
indicating successful re-convergence of ICP and absence
of long-term drift accumulation.

05 ICP error evolution over time (525 vs S2M)

— 525
S2M

0.4

0.3

0.

o

Registration error (m)

Time (s)
Figure 9. ICP registration error over time (S2S & S2M)

Overall, the results demonstrate that the proposed
system achieves reliable real-time mapping on embedded
hardware, given appropriate parameter selection. Although
loop closure and dynamic obstacle handling are not yet
included, the generated maps are sufficiently consistent for
downstream navigation tasks.

QCar ICP Occupancy Map

[
x> [m]

Figure 10. The correlation between reality and
the data collected by the system

6. Conclusions

This paper presented a lightweight 2-D mapping
approach that combines LiDAR-based occupancy grids
with ICP scan alignment for indoor autonomous vehicles.
The primary strength of the proposed system lies in its
high computational efficiency, enabling it to achieve
robust pose estimation and consistent map construction
while running entirely on low-power embedded
hardware. The method improves pose estimation through
scan matching and constructs consistent occupancy maps
with low computational cost. Experimental results on a
small electric vehicle platform demonstrated that the
approach reliably handles typical indoor trajectories with
minimal drift, achieving a final residual error as low as
0.047. This confirms that the system is a viable solution
for real-time indoor navigation without the need for high-
end processing units.

Despite these advantages, the current system has
several limitations. In particular, the reliance on relative
odometry without loop closure may lead to accumulated
drift over long trajectories, while the ICP-based scan
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matching can degrade under rapid motion or in dynamic
environments with moving objects. Future work will
focus on integrating the mapping module with local
motion planning (e.g., DWA) and extending the
framework with loop-closure mechanisms or additional
sensing modalities to improve scalability in larger
environments.
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