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Abstract— High-fidelity 3D mapping is a prerequisite for 
deploying location-based services, particularly for accessible 
indoor navigation. While low-cost mapping platforms, such as 
configurations based on Raspberry Pi 4, are common, they 
present significant limitations in sensor throughput and 
onboard 3D reconstruction capabilities. This work introduces 
a new ROS2 Humble–based architecture running on the high-
performance NVIDIA Corporation (NVIDIA) Jetson Orin NX 
platform. The sensing capabilities of the system are 
substantially enhanced through the integration of the Azure 
Kinect DK camera, while mapping and autonomous 
exploration rely on modern algorithms, such as Real-Time 
Appearance-Based Mapping (RTAB-Map) ROS2 and a custom 
LiDAR-based exploration script. The proposed architecture 
overcomes the constraints inherent to previous low-cost 
designs and enables a unified, efficient, and fully onboard 
processing pipeline. Functional validation confirms the 
architecture's capability to generate dense 3D maps and 
semantic data in real-time. Experimental results demonstrate 
stable Light Detection and Ranging (LiDAR) processing at 10 
Hz and robust odometry updates at 10 Hz, ensuring the 
environmental detail required for cognitive accessibility 
applications. 

Keywords-ROS2; LiDAR; indoor mapping; SLAM; cognitive 
accessibility. 

I.  INTRODUCTION 
Three-dimensional perception of indoor environments is 

a fundamental component of mobile robotics, particularly in 
tasks, such as Simultaneous Localization and Mapping 
(SLAM), path planning, and obstacle detection in assistive 
systems. In previous work [1], a low-cost prototype based on 
Do It Yourself (DIY) architecture and open-source software 
was developed, capable of generating 2D occupancy grid 
maps and 3D voxel models in real time. The system 
integrated a LiDAR sensor, a Time-of-Flight (ToF) camera, 
an Inertial Measurement Unit (IMU), and wheel encoders, all 
managed through the Robot Operating System (ROS) 2 in 
combination with Hector SLAM and OctoMap. 

Despite the results obtained, the platform used—based on 
two Raspberry Pi 4 devices—presents significant limitations. 
These include the reduced range of the ToF sensor (PMD 
CamBoard PicoMonstar), the insufficient computational 

capacity to perform onboard 3D reconstruction, and the 
inability to incorporate information beyond the pure 
geometric structure of obstacles. These constraints 
highlighted the need for more robust architecture. 
Specifically, generating high-fidelity maps for cognitive 
accessibility requires a level of environmental detail and 
density that exceeds the computational capacity of standard 
low-cost embedded boards, such as identifying landmarks 
via You Only Look Once (YOLO). This dual workload of 
processing dense Red-Green-Blue-Depth (RGB-D) streams 
and running neural networks exceeds the computational 
capacity of standard low-cost embedded boards. 

The present work addresses these needs through a 
comprehensive upgrade of the platform. The proposed 
system migrates to ROS2 Humble running on the NVIDIA 
Jetson Orin NX. This hardware upgrade is justified by the 
high computational demand of the ROS2 middleware and the 
processing of dense 3D point clouds required for high-
fidelity mapping. Unlike consumer-grade assistive devices, 
this platform operates as a dedicated mapping instrument 
intended to generate the "ground truth" of the facility. This 
distinction justifies the hardware investment, as the system 
serves as a one-off infrastructure generator rather than a 
mass-market appliance. Therefore, the use of the Jetson Orin 
NX is necessary to handle the high bandwidth of the Azure 
Kinect and the 3D reconstruction pipeline without the 
latency bottlenecks observed in low-cost embedded boards. 
While this upgrade increases the unit cost compared to the 
previous Raspberry Pi-based prototype, it is a requisite for 
the system's role as a high-fidelity mapping instrument. 
Additionally, the Azure Kinect DK camera is integrated, 
significantly improving the quality and density of sensory 
data. The perception and exploration stack adopts RTAB-
Map ROS2 for 3D mapping together with a custom 
autonomous exploration script based on LiDAR data and 2D 
occupancy grids. This approach enables robust environment 
coverage without relying on wheel-encoder-based navigation 
frameworks. 

The remainder of this article is organized as follows: 
Section 2 reviews related work. Section 3 presents the 
system architecture, which integrates the hardware platform, 
sensor suite, and software framework with the proposed 
methodology. This section details the overall workflow, 
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including calibration procedures, the autonomous navigation 
pipeline, and the processes employed for 3D mapping. 
Section 4 reports experimental results and discussion. 
Finally, Section 5 summarizes the conclusions and outlines 
future work 

II. RELATED WORK  
To properly contextualize the contribution of this work, it 

is essential to review both the fundamental techniques in 
SLAM and the software frameworks that enable modern 
robotic systems. 

In recent years, LiDAR-based SLAM has advanced 
considerably through multisensor fusion techniques, 
designed to improve accuracy and robustness. Xu et al. [2] 
provides a comprehensive overview of 3D LiDAR SLAM 
principles and compares several algorithms using real-world 
datasets, while LiDAR Odometry and Mapping (LOAM) [3] 
stands out as an optimized solution for real-time odometry 
and mapping, offering higher accuracy than comparable 
approaches. This progress in LiDAR-based SLAM has 
evolved in parallel with research on vision-based systems. 

Indeed, numerous visual approaches with different sensor 
configurations have been proposed. Macario Barros et al. [4] 
analyze visual–inertial, monocular, and RGB-D methods, 
and ORB-SLAM3 [5] extends these capabilities through 
inertial integration and multi-map management, achieving 
improved robustness in low-feature environments. Other 
visual methods [6] offer versatility but remain sensitive to 
illumination and range, while KinectFusion [7] popularized 
dense real-time RGB-D reconstruction, albeit with scalability 
limitations and the absence of loop closure. 

Alongside these algorithmic advances, research on 
accessible sensors has fostered comparative evaluations of 
low-cost devices. Gupta and Li [8] assess RGB-D and stereo 
sensors for indoor applications, whereas Tee and Han [9] 
compare three widely used 2D SLAM algorithms, such as 
Hector SLAM, Cartographer, and Gmapping, on a robot 
equipped with LiDAR, IMU, and wheel odometry. 
Complementarily, Takaya et al. [10] examine simulated 2D 
and 3D mapping using Hector SLAM and OctoMap, and 
Raveendran et al. [11] apply 3D SLAM in disaster 
environments, demonstrating its applicability under extreme 
conditions. 

Although the present work focuses on indoor 
environments, there is methodological continuity with 
outdoor mapping systems. These environments introduce 
additional challenges—environmental variability, spatial 
scalability, and illumination changes—yet share common 
techniques for sensor fusion, filtering, and state estimation. 
Yin et al. [12] address these challenges by proposing a robust 
Kalman filter for Global Navigation Satellite System 
(GNSS)–IMU fusion in Unmanned Ground Vehicles 
(UGVs), while [13] focuses on yaw and velocity error 
estimation. In parallel, the pursuit of computational 
efficiency has encouraged the use of deep learning. For 
example, Zhang et al. [14] employ PointNet to down sample 
LiDAR point clouds while maintaining low reconstruction 
error. 

In addition to algorithmic progress, the underlying 
software ecosystem has undergone significant 
transformation. The evolution of ROS has redefined the 
capabilities of autonomous systems. The transition from 
ROS 1 to ROS2 represents a fundamental shift toward more 
robust and real-time–capable architectures. Unlike its 
predecessor, ROS2 utilizes the Data Distribution Service 
(DDS) middleware, which imposes higher serialization and 
processing overheads that can overwhelm low-power 
embedded devices when handling high-bandwidth sensor 
streams. With its new DDS-based communication layer, 
ROS2 improves modularity, determinism, and safety—
critical features in complex and collaborative environments 
[15]. In parallel, the ROS2 ecosystem has matured quickly, 
consolidating advanced tools, such as the Nav2 navigation 
stack, which incorporates modern planners, recovery 
behaviors, and a modular plugin-based architecture [16]. 
Benchmarking platforms, such as Arena-Rosnav [17] and 
performance evaluation frameworks [18][19] have further 
contributed to reproducible testing and accelerated research 
in 3D mapping and dynamic navigation. These developments 
have supported recent work in hybrid robotics and low-cost 
mapping systems [2][20]. 

Within the reviewed literature, two relevant gaps are 
evident—both addressed directly by the present work. First, 
although LiDAR-based multisensor fusion is well 
established, the joint integration of Time-of-Flight cameras 
with LiDAR and wheel odometry remains relatively 
unexplored. Existing studies do not detail specific ToF 
sensor configurations, highlighting a need for better 
characterization of hybrid architectures that combine precise 
range with active depth sensing. Second, despite the 
prevalence of ROS and the growing interest in standalone 
C++ frameworks, none of the works surveyed document the 
migration of LiDAR-based 3D reconstruction systems to 
ROS2. This absence is notable, given that ROS2 offers 
substantial improvements in deterministic communication, 
modularity, and real-time performance—features that are 
especially critical in mobile platforms operating under 
computational constraints. 

Building on these observations, the architectural 
evolution presented in this work is oriented toward a 
cognitive perception platform running ROS2 Humble on the 
NVIDIA Jetson Orin NX. This transition enables the 
replacement of the original mapping stack (Hector SLAM 
and OctoMap) with advanced tools, such as RTAB-Map 
ROS2 for visual SLAM and Nav2 for autonomous 
navigation, both designed for distributed systems operating 
under high sensory load. Additionally, the exploration of 
cognitive perception techniques aligns with emerging trends 
in literature toward semantically enriched scene 
understanding through deep learning methods, such as 
YOLOv7 and YOLOv8 [21]. 

Overall, this review of related work highlights recent 
advances in perception, mapping, navigation, and robotic 
middleware, and establishes the foundations that justify the 
proposed architecture as a solution to the processing, 
sensing, and semantic limitations identified in prior systems. 
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III. SYSTEM ARCHITECTURE 

A. Hardware Platform 
Since its publication in [1], the system architecture has 

evolved from an initial proof-of-concept prototype into a 
more advanced platform oriented toward cognitive 
perception, addressing the functional limitations identified in 
the original design. The primary objective is to deploy the 
robot as a mapping instrument to generate high-fidelity 3D 
semantic maps. These maps serve as the "ground truth" 
infrastructure required to support future location-based 
services for people with functional diversity.  

Consequently, the system is designed for offline map 
generation rather than consumer-grade real-time assistance. 
The original prototype fulfilled this purpose by producing 
simultaneous 2D and 3D maps through sensor fusion of a 2D 
LiDAR, a Time-of-Flight (ToF) camera, an IMU, and wheel 
odometry, all managed in ROS (Legacy) using Hector 
SLAM and OctoMap. 

However, the initial Raspberry Pi 4 architecture struggled 
with the ROS2 stack and 3D reconstruction pipeline. The 
combined bandwidth of the LiDAR (~70 KB/s) and RGB-D 
streams saturated the CPU, causing serialization bottlenecks, 
sparse maps, odometry drift, and dropped DDS messages. 
Furthermore, insufficient resources prevented semantic 
analysis onboard, crucial for annotating accessibility 
information. These constraints necessitated a complete 
architectural redesign to eliminate performance bottlenecks 
and enable cognitive perception.  

The new architecture migrates to ROS2 Humble, 
leveraging its native support for deterministic real-time 
communication. The platform upgrades to a high-
performance NVIDIA Jetson Orin NX, essential for 
executing real-time computer vision and deep-learning 
models like YOLOv7/v8. Additionally, an Azure Kinect DK 
is integrated to provide dense RGB, depth, and point-cloud 
streams, significantly enhancing data quality compared to the 
previous ToF sensor (see Figure 1 and Table I). 

TABLE I.  COMPONENTS IN BOTH PROTOTYPES 

Specification Original Prototype  
(ROS 1) 

Migrated Platform  
(ROS2) 

Processing Unit 2x Raspberry Pi 4 
Model B (Legacy) 

NVIDIA Jetson Orin 
NX (Proposed) 

Depth / Vision 
Sensor 

PMD CamBoard 
PicoMonstar (ToF) 

Azure Kinect DK 
(RGB-D) 

LiDAR Sensor Delta LiDAR 2A RPLidar S2 
Low-level Control 
System 

ATMega2560 Arduino UNO + 
MotorShield 
(QGPMarker v5.3) 

 
Integrating the Azure Kinect DK on an ARM64 

architecture required manual compilation of the vendor’s 
Software Development Kit (SDK) and optimization of the 
sensor pipeline. To manage the estimated 5.7 Mbps system-
wide bandwidth without saturating the DDS middleware, the 
RGB-D acquisition rate was fixed at 15 FPS, while the 
LiDAR stream operates at 10 Hz. For system stability, the 
acquisition rate was fixed at 15 FPS. All sensor 
configurations were encapsulated in independent ROS2 

launch files to allow fine-grained resource allocation. During 
the migration, inconsistencies were also detected in the 
publication of the /odom topic and in the TF tree, which were 
corrected by adjusting publishing rates and recalibrating 
wheel-encoder parameters. 
 

Figure 1.  Robot implementation 

The new architecture incorporates a modern ROS2-
optimized stack for SLAM and navigation: 

• RTAB-Map ROS2 for 3D mapping and loop-closure 
detection. 

• LiDAR-based autonomous exploration using a 
custom frontier-driven strategy operating on 2D 
occupancy grids. 

• YOLOv7/YOLOv8 (experimental) for cognitive 
perception and classification of structural and 
functional barriers. 

This consolidated architecture provides a robust 
foundation for a complete real-time perception, mapping, 
and navigation pipeline, enabling advanced environment 
interpretation. Building on this foundation, the system’s 
operational workflow—which replaces the traditional 
methodology section—is presented as a direct consequence 
of the architectural design. 

 

B. Laser-Based Odometry Using RF2O 
Due to persistent wiring issues in the mecanum wheel 

encoders, reliable wheel odometry could not be obtained. As 
a result, the system adopts rf2o_laser_odometry (Range 
Flow-based 2D Odometry) as its primary odometry source. 
This method estimates the robot’s planar motion (x, y, yaw) 
by analyzing consecutive LiDAR scans, without relying on 
wheel encoder feedback. The rf2o node operates at 10 Hz, 
synchronized with the /scan topic published by the RPLidar 
S2, and publishes the transformation between the odom and 
base_footprint frames. This configuration provides robust 
local odometry suitable for SLAM and autonomous 
exploration in indoor environments, even in the absence of 
functional wheel encoders. 

Since the wheel encoders are not operational, the system 
publishes simulated joint_states at 10 Hz. These values do 
not represent real wheel positions but are used solely to 
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maintain correct visualization of the robot model in RViz2 
and ensure consistency in the TF tree. 

C. Operational Workflow Defined by the Architecture 
The system operation is structured into four consecutive 

phases that directly reflect the interaction between the 
architectural modules under ROS2. Unlike classical 
navigation pipelines, the workflow is designed for robust 
autonomous exploration and data capture, rather than goal- 
driven navigation. Figure 2 illustrates the complete workflow 
of the proposed approach. 

 

 
 

Figure 2.  Workflow of the proposed approach. 

1) Phase I. Initial System Calibration and Verification 
Within the new architecture, initial calibration ensures 

proper interaction among the Jetson Orin NX, the Arduino 
UNO motor-control board, and the primary sensors. The 
RPLidar S2 and Azure Kinect DK were integrated and 
validated, ensuring stable publication of /scan and 
configuring RGB-D capture at 15 FPS to prevent system 
load peaks (which previously exceeded 90% on the legacy 
hardware). The robot’s geometric model was verified in 
RViz2 using an updated Unified Robot Description Format 
(URDF). The transformation tree (TF) is maintained by the 
robot_state_publisher and static_transform_publisher nodes, 
ensuring consistent links between the base, LiDAR, and 
camera frames. 

 
2) Phase II. Robot Configuration and Integration in 

ROS2 
During this phase, the full ROS2 computation graph is 

launched. Sensor drivers, RF2O odometry, SLAM Toolbox, 
RTAB-Map, TF publishers, and visualization nodes are 
integrated. Simulated joint_states are published at 10 Hz to 
ensure compatibility with RViz2 and robot_state_publisher. 
No wheel-encoder-based odometry or Nav2 components are 
used in this phase. 

 
3) Phase III. Autonomous Motion Validation and 

Environment Capture 
Autonomous motion is achieved using a custom 

exploration script (smart_explorer.py). The script analyzes 
the 2D occupancy grid generated by SLAM Toolbox, detects 
unexplored frontier regions, and generates velocity 

commands on /cmd_vel. Obstacle avoidance is performed 
directly using LiDAR range data. This strategy enables 
reliable exploration without requiring accurate wheel 
odometry. 

All sensor data, including LiDAR scans, RF2O 
odometry, depth images, dummy RGB images, and TF 
transforms, are recorded using rosbag for offline analysis and 
map generation. 

 
4) Phase IV: Environment Reconstruction 

The 2D occupancy grid was generated using outputs 
from SLAM Toolbox, while the 3D reconstruction was 
obtained from the Azure Kinect DK point clouds. 

This process demonstrates that the proposed architecture 
enables robust environment capture, modeling, and 
navigation in structured indoor spaces. 

 

IV. RESULTS AND DISCUSSION 
The implemented architecture was validated through a 

series of functional tests designed to assess the stability of 
the sensing pipeline, the correctness of the ROS2 integration, 
and the operation of the autonomous navigation modules. 
The results obtained confirm the viability and robustness of 
the proposed design. 

 
1) Sensor Integration and ROS2 Pipeline Validation 

All hardware components—RPLidar S2, Azure Kinect 
DK, and the motor controller—were successfully integrated 
into ROS2 Humble. The system was configured to operate 
without wheel-encoder-based odometry due to persistent 
wiring issues in the mecanum wheels. Consequently, 
rf2o_laser_odometry was adopted as the primary odometry 
source, providing planar motion estimation based solely on 
consecutive LiDAR scans at 10 Hz, synchronized with the 
publication rate of the /scan topic. 

The ROS2 communication pipeline demonstrated stable 
performance under sustained operation, handling multiple 
high-bandwidth data streams without message loss or DDS 
instability. The LiDAR sensor published laser scans at 10 
Hz, with an average throughput of 135–138 KB/s, while the 
RF2O odometry node generated /odom updates at 10 Hz 
with a bandwidth of approximately 6–7 KB/s. The Azure 
Kinect DK was configured in depth-only mode at 15 FPS, 
resulting in a stable data rate of approximately 5.2 MB/s. 
Transform messages were published at 35–40 Hz, with a 
bandwidth of 6–7 KB/s, maintaining a consistent and 
conflict-free TF tree. These quantitative observations—
specifically the stability of the 10 Hz odometry loop—
validate that the Jetson Orin NX correctly handles the ROS2 
DDS communication overhead, solving the latency 
bottlenecks of the previous architecture. 

 
2) 2D Localization and Mapping 

Using SLAM Toolbox, the robot successfully generated 
local 2D occupancy maps in confined indoor environments. 
The mapping node produced updates at 0.5 Hz with a 
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resolution of 0.05 m/cell and an average message size of 160 
KB, maintaining global consistency without CPU saturation. 

During these tests: 
• The robot-maintained pose estimates with low drift 

over short trajectories, 
• The SLAM graph remained globally consistent, 
• Loop-closure events were registered in cases where 

the mechanical instability did not significantly 
perturb odometry. 

These experiments validate the front-end sensing and 
back-end optimization components of the architecture. 

 
3) Autonomous Exploration 

Although the ROS2 Navigation2 (Nav2) stack was 
initially considered, it was not deployed due to unreliable 
mecanum wheel encoder data, which prevented the use of 
wheel-based odometry required by Nav2. The system instead 
relies on LiDAR-based odometry (rf2o_laser_odometry) and 
a lightweight autonomous exploration script 
(smart_explorer.py) that operates on LiDAR scans and the 
2D occupancy grid generated by SLAM Toolbox. This 
approach enables robust environment coverage for mapping 
purposes without dependency on wheel odometry. 

 
4) RTAB-Map 3D Perception Pipeline (Partial 

Validation) 
 
RGB-D data from the Azure Kinect DK was streamed 

into RTAB-Map ROS2, enabling: 
• Successful initialization of the RGB-D SLAM 

modules. 
• Generation of local point clouds aligned with 

LiDAR and odometry data, 
• Registration of loop-closure hypotheses under 

favourable motion conditions. 
The 3D perception pipeline was verified to operate 

correctly under stationary and short-motion tests. 
 

V. CONCLUSION AND FUTURE WORKS 
The migration to ROS2 Humble running on the NVIDIA 

Jetson Orin NX has proven to be a strategic and effective 
response to the limitations of the original architecture. This 
transition enabled a system that is significantly more 
powerful, robust, and scalable, capable of supporting 
advanced perception and mapping stacks, such as RTAB-
Map ROS2, together with a lightweight autonomous 
exploration strategy suitable for platforms with unreliable 
wheel odometry. By distributing the workload across 18 
active ROS2 nodes, the architecture eliminates previous 
computational bottlenecks, handling a system-wide 
bandwidth of ~5.7 Mbps while maintaining stable 10 Hz 
odometry and 10 Hz LiDAR processing—metrics that are 
critical for consistent SLAM convergence. The new 
technological foundation establishes the basis for using the 
robot as a high-fidelity mapping instrument. Unlike 
consumer-grade robots, this platform prioritizes map density 
over component cost, allowing for the offline generation of 

semantically enriched cognitive maps that serve as the 
"ground truth" infrastructure for separate low-cost user 
devices.  

The results obtained confirm that the architectural 
redesign is sound and that the sensing and navigation 
modules operate correctly under controlled conditions, 
paving the way for future deployment in complex, dynamic 
scenarios. 
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