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Abstract—Autonomous navigation in unknown environments 

requires accurate simultaneous localization and mapping, reliable 

obstacle detection, and efficient path planning within a unified 

framework. This study proposes a real-time LiDAR-based SLAM-

driven navigation system for mobile robots operating in 

structured indoor environments. The developed architecture 

integrates three-dimensional LiDAR sensing, ego-motion 

estimation, scan registration, loop closure optimization, and 

collision-aware trajectory planning to achieve robust 

environmental reconstruction and safe autonomous mobility. A 

probabilistic measurement model is employed to relate sensor 

observations to robot pose and map states, while back-end 

optimization mitigates cumulative drift and enhances global 

consistency. The navigation module incorporates obstacle 

segmentation and goal-directed path generation, ensuring smooth 

and collision-free trajectories under kinematic constraints. 

Experimental validation is conducted in both incremental and full-

environment exploration scenarios using a physical robotic 

platform equipped with LiDAR and auxiliary sensors. Results 

demonstrate consistent mapping accuracy, stable trajectory 

estimation, and effective obstacle avoidance in cluttered indoor 

settings. The system maintains real-time computational 

performance while preserving the structural coherence of 

reconstructed environments. The findings confirm the reliability 

and scalability of the proposed framework, providing a practical 

foundation for autonomous robotic navigation in semi-structured 

and unstructured operational domains. 
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I. INTRODUCTION 

Autonomous mobile robots are increasingly expected to 
operate reliably in complex and previously unknown 
environments, where accurate perception and safe motion 
planning are essential for mission success. The integration of 
sensing, localization, and navigation modules has therefore 
become a central research focus in intelligent robotics. Among 
various sensing technologies, Light Detection and Ranging 
(LiDAR) has demonstrated strong capability in providing high-
resolution geometric information that supports robust 
environmental understanding under diverse lighting and weather 
conditions [1]. As illustrated in Fig. 1, LiDAR-driven navigation 
pipelines enable robots to perceive surrounding structures and 
generate actionable spatial representations for decision making. 

Simultaneous Localization and Mapping (SLAM) plays a 
fundamental role in enabling autonomy in unknown 
environments by allowing robots to build maps while 
continuously estimating their own pose. Conventional 
localization methods that rely on pre-built maps are often 
unsuitable for dynamic or unexplored settings. In contrast, 
SLAM frameworks provide adaptive mapping capabilities that 
improve operational flexibility and scalability [2]. However, 
early SLAM techniques frequently suffered from accumulated 
drift and sensitivity to sensor noise, which limited their 
effectiveness in long-term deployments [3]. Recent LiDAR-
based SLAM approaches have addressed many of these issues 
through improved scan matching strategies, loop closure 
mechanisms, and graph optimization techniques that enhance 
global consistency [4]. 

 
Fig. 1. Overall architecture of a  real-time LiDAR SLAM-driven navigation 

and collision avoidance framework for mobile robots. 

While accurate mapping is necessary, it is not sufficient for 
safe autonomy. Real-time obstacle detection and collision 
avoidance must be tightly integrated with the localization 
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pipeline to ensure reliable navigation performance. In many 
real-world scenarios, mobile robots encounter dynamic 
obstacles, irregular terrain, and partially observable 
environments. Traditional path planning methods, including 
grid-based search and sampling-based planners, can produce 
feasible trajectories but often struggle with computational 
efficiency or rapid environmental changes [5]. Consequently, 
modern robotic systems increasingly adopt unified frameworks 
that couple perception with reactive planning modules to 
improve responsiveness and safety [6]. Fig. 1 conceptually 
depicts this tight coupling between mapping, obstacle detection, 
and motion planning components. 

Another important consideration is computational efficiency 
under real-time constraints. Processing dense LiDAR scans, 
updating maps, and generating collision-free trajectories require 
significant computational resources. Systems that fail to meet 
timing requirements may exhibit delayed reactions that 
compromise safety. Therefore, lightweight and optimized 
navigation architectures have become a major research priority, 
particularly for embedded robotic platforms with limited 
onboard computation [7]. Furthermore, unstructured 
environments such as warehouses, outdoor terrains, and disaster 
response zones introduce significant uncertainty, requiring 

navigation systems that remain robust under incomplete or noisy 
observations [8]. 

Motivated by these challenges, this study proposes a real-
time LiDAR SLAM-driven navigation framework designed to 
enhance obstacle avoidance and path planning performance in 
unknown environments. The proposed system emphasizes tight 
module integration, efficient data processing, and reliable 
collision prevention, as conceptually illustrated in Fig. 1. By 
improving both perception fidelity and planning responsiveness, 
the presented approach aims to advance the practical 
deployment of autonomous mobile robots in complex and 
dynamically changing operational scenarios [9]. 

II. PROBLEM STATEMENT 

Recent advances in autonomous mobile robotics have 
produced a wide spectrum of LiDAR-based SLAM and 
navigation solutions, reflecting the growing demand for reliable 
operation in unknown and unstructured environments. As 
summarized in Fig. 2, existing research can be broadly 
categorized into LiDAR-based SLAM techniques, obstacle 
avoidance strategies, and path planning methodologies. Each 
category has evolved significantly, yet important challenges 
remain in achieving fully integrated and real-time performance. 

 

Fig. 2. Taxonomy of LiDAR-based SLAM and navigation methods for mobile robots. 

Early LiDAR SLAM systems primarily relied on filter-based 
estimation frameworks that used probabilistic inference to 
update robot pose and map representations incrementally [10]. 
These approaches demonstrated solid theoretical foundations 
but often suffered from linearization errors and scalability 
limitations in large environments [11]. To address these issues, 
graph-based SLAM formulations were introduced, enabling 
global optimization through pose graph refinement and loop 
closure detection [12]. Such methods significantly improved 
mapping consistency over long trajectories and became widely 
adopted in modern robotic platforms [13]. More recently, 
learning enhanced SLAM paradigms have emerged, 

incorporating deep feature extraction and data-driven scan 
matching to improve robustness in perceptually challenging 
environments [14]. 

In parallel, obstacle avoidance research has progressed from 
purely reactive control policies toward more predictive and 
optimization-driven solutions. Classical reactive methods 
provided fast responses using local sensor information but often 
led to suboptimal or oscillatory behaviour in cluttered spaces 
[15]. Optimization based avoidance frameworks improved 
trajectory smoothness and safety margins by explicitly modeling 
robot dynamics and environmental constraints [16]. However, 
these methods often require substantial computational resources, 
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which can limit real-time deployment on embedded systems 
[17]. Learning based avoidance strategies have therefore gained 
attention, enabling robots to infer collision-free behaviors from 
experience and adapt to complex dynamic scenes [18]. 

Path planning represents another critical component of 
autonomous navigation. Grid-based planners such as A and D 
star algorithms remain popular due to their completeness and 
deterministic behavior in structured environments [19]. 
Nevertheless, their computational burden increases rapidly with 
map resolution and environmental scale [20]. Sampling-based 
planners, including RRT and PRM, have been widely adopted 
to address high-dimensional planning problems, offering 
probabilistic completeness and improved scalability [21]. 
Despite these advantages, such planners may produce 
dynamically infeasible or suboptimal trajectories without 
additional smoothing or optimization stages [22]. Trajectory 
optimization methods have therefore been proposed to generate 
dynamically consistent and smooth paths while satisfying 
kinematic constraints [23]. 

Although substantial progress has been achieved across 
these domains, many existing systems still treat mapping, 

obstacle avoidance, and planning as loosely coupled modules 
[24]. This separation can introduce latency and reduce 
robustness when robots operate in highly dynamic environments 
[25]. Recent research trends emphasize tightly integrated 
navigation architectures that fuse perception and planning 
within unified frameworks [26]. Such integration has shown 
improved responsiveness and safety in complex scenarios [27]. 
However, achieving real-time performance while maintaining 
mapping accuracy and planning reliability remains an open 
research challenge [28]. Furthermore, many current approaches 
are evaluated primarily in structured indoor settings, limiting 
their generalization to unstructured environments [29]. 

To address these limitations, the present work builds upon 
the taxonomy illustrated in Fig. 2 and proposes a tightly coupled 
LiDAR SLAM-driven navigation framework designed for real-
time operation in unknown environments. By combining robust 
mapping, efficient obstacle detection, and responsive path 
planning, the proposed approach aims to overcome the 
fragmentation observed in prior systems and advance the 
practical deployment of autonomous mobile robots [30-34]. 

 
Fig. 3. Comparative pipeline of conventional navigation frameworks versus the proposed integrated SLAM approach . 

Fig. 3 highlights the structural differences between 
conventional navigation pipelines and more recent integrated 
SLAM-driven approaches. In traditional architectures, 
perception, global planning, and local planning are typically 
organized as sequential and loosely coupled modules. This 
design simplifies implementation but often introduces latency 
due to delayed feedback loops between mapping and motion 
control components. As shown on the left side of Fig. 3, the 
reliance on separate global and local planners can lead to slower 
reaction times when the robot encounters unexpected obstacles. 
Such limitations become particularly pronounced in dynamic or 
partially observable environments where timely decision-
making is critical for safe navigation. 

In contrast, the integrated framework illustrated on the right 
side of Fig. 3 reflects a growing research trend toward tightly 
coupled perception and planning systems. By embedding 

obstacle detection directly within the SLAM pipeline and 
enabling real-time path replanning, modern approaches aim to 
reduce computational delay and improve responsiveness. The 
presence of robust feedback loops allows the robot to 
continuously refine its trajectory based on updated 
environmental information, thereby enhancing collision 
avoidance performance. This architectural shift demonstrates 
the importance of unified navigation strategies that jointly 
optimize localization accuracy, environmental awareness, and 
motion safety in complex unstructured environments. 

Autonomous navigation of mobile robots in unknown and 
unstructured environments remains a challenging problem due 
to the simultaneous requirements of accurate localization, 
reliable mapping, and safe motion planning [35]. In practical 
deployments, robots must operate under incomplete 
observations, dynamic obstacles, and strict real-time constraints. 
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These factors often lead to accumulated drift, inconsistent map 
representations, and delayed collision responses [36]. 
Consequently, the core problem addressed in this study is the 
development of a tightly coupled navigation framework that 
ensures both geometric accuracy and motion safety while 
maintaining computational efficiency. 

Formally, the navigation problem can be expressed as a joint 
estimation and control task. Given a sequence of LiDAR 
observations 𝑧1:𝑡  and control inputs 𝑢1:𝑡  ,  the robot must 
estimate its pose  𝑥𝑡 and the environment map 𝑚 by maximizing 
the posterior probability. 

(𝑥𝑡
∗ ,𝑚∗) = 𝑎𝑟𝑔 max

𝑥𝑡,𝑚
𝑝(𝑥𝑡, 𝑚|𝑧1:𝑡,𝑢1:𝑡)      (1) 

In highly unstructured environments, this estimation 
becomes unstable due to sensor noise and environmental 
ambiguity. Errors in pose estimation propagate directly into the 
planning layer, increasing the risk of unsafe trajectories. 
Therefore, localization and mapping accuracy directly influence 
downstream navigation reliability. 

Beyond state estimation, the robot must generate a collision-
free trajectory toward a goal position 𝑥𝑔 . Let the planned path 

be denoted by 𝜏 = {𝑥1, 𝑥2 ,… , 𝑥𝑇} . The path planning objective 
can be formulated as a constrained optimization problem 

𝜏∗ = 𝑎𝑟𝑔 min
𝜏

𝐽(𝜏) 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑑(𝑥𝑡,𝑂) ≥ 𝑑𝑠𝑎𝑓𝑒 ,⋁𝑡 (2) 

Where 𝐽(𝜏)  represents a composite cost including path 
length, smoothness, and control effort, O denotes the set of 
obstacles, and 𝑑𝑠𝑎𝑓𝑒 is the minimum safety margin. In dynamic 

environments, maintaining this constraint in real time is 
particularly difficult because obstacle positions may change 
faster than the planner can react. 

To explicitly account for responsiveness, the navigation 
system must also satisfy a real-time feasibility condition. Let 
𝑇𝑝𝑟𝑜𝑐   denote the total processing latency of perception and 

planning, and 𝑇𝑝𝑟𝑜𝑐 represent the maximum allowable reaction 

time for safe avoidance. The system must satisfy 

𝑇𝑝𝑟𝑜𝑐 ≤ 𝑇𝑟𝑒𝑎𝑐𝑡                            (3) 

Otherwise, the robot may fail to avoid imminent collisions. 
Many existing pipelines violate this condition due to loosely 
coupled modules and delayed feedback loops. Therefore, the 
fundamental research problem is to design an integrated LiDAR 
SLAM-driven navigation framework that simultaneously 
minimizes estimation error, guarantees collision-free motion, 
and satisfies real-time computational constraints in unknown 
and dynamically evolving environments. 

III. MATERIALS AND METHODS 

This section presents the proposed integrated LiDAR 
SLAM-driven navigation framework for real-time obstacle 
avoidance and path planning in unstructured environments. The 
overall methodology is structured around sensor selection, 
motion modeling, measurement formulation, state estimation, 
environmental representation, and hierarchical planning. 
Moreover, this section collectively illustrates the sensing 
configuration, mathematical modeling, and system-level 
architecture. 

A. Sensor Configuration and Data Acquisition 

The navigation system employs a heterogeneous sensing 
setup consisting of monocular or stereo cameras, an inertial 
measurement unit, and a 3D LiDAR sensor, as illustrated in 
Fig. 4. The camera subsystem provides visual features useful for 
structural reconstruction and loop closure detection. The inertial 
measurement unit supplies angular velocity and linear 
acceleration measurements for short-term motion prediction. 
The 3D LiDAR sensor produces dense point clouds that capture 
geometric properties of the surrounding environment. 

 
Fig. 4. Multi-sensor configuration for mobile robot navigation including 

camera, IMU, and 3D LiDAR modules. 

The integration of multiple sensing modalities increases 
robustness under varying illumination and environmental 
conditions. Fig. 4 highlights the complementary roles of each 
sensor type, where LiDAR ensures accurate distance 
measurement, the IMU enhances motion continuity, and 
cameras provide semantic and structural cues. 

B. Ego Motion and Environmental Representation 

The ego motion of the mobile robot is modeled as a three-
dimensional state vector including position, orientation, and 
velocity. 

 
Fig. 5. Ego-motion estimation and 3D environmental representation 

framework for mobile robot localization and mapping. 

As depicted in Fig. 5, the robot motion is represented by 
translational and rotational components in Cartesian space. The 
resulting motion model is expressed as: 

𝑥𝑘 = 𝑓(𝑥𝑘−1 ,𝑢𝑘) + 𝑤𝑘 
                     (4) 

Where 𝑥𝑘 denotes the state vector at time k, 𝑢𝑘 represents 
control input derived from encoder and IMU data, 𝑤𝑘  and 
denotes process noise. 

The structural representation of the environment is 
constructed from accumulated LiDAR point clouds, forming 
either a voxel grid or an occupancy map. Fig. 5 emphasizes the 
relationship between ego motion estimation and 3D mapping. 

C. Measurement Model 

The observation process is mathematically formulated as 
shown in Fig. 6, where the sensor output is modeled as: 
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𝑥𝑘 = 𝑓(𝑥𝑘−1 ,𝑢𝑘) + 𝑤𝑘 
                       (5) 

Here, z denotes the sensor measurement, x represents the 
robot state, 𝑚 denotes the map, 𝜅 corresponds to calibration 
parameters, and ∈𝑘  is measurement noise. 

 
Fig. 6. Probabilistic Measurement Model Relating Sensor Observations, 

Robot State, Map, and Calibration Parameters 

This formulation captures the dependency of LiDAR returns 
on both robot pose and environmental structure. Calibration 
parameters ensure consistency between the coordinate frames of 
the LiDAR, IMU, and robot base. 

D. SLAM Estimation Framework 

The complete SLAM estimation process is depicted in 
Fig. 7, where multiple measurements 𝑧1 , 𝑧2 , …, 𝑧𝑁  are 
processed within the SLAM system to estimate optimized state 

variables 𝑥, 𝑚̂, 𝑘̂. 

 
Fig. 7. Nonlinear SLAM Estimation Framework for Joint Optimization of 

State, Map, and Calibration Variables 

The estimation is performed through nonlinear optimization 
by minimizing the residual error: 

min
𝑥,𝑚

∑ ‖𝑥𝑖 − ℎ𝑖(𝑥, 𝑚, 𝑘)‖2𝑁
𝑖=1  (5) 

This approach reduces cumulative drift and improves global 
consistency. The SLAM backend integrates odometry, scan 
matching, and loop closure constraints to generate a consistent 
global map. 

E. Sensor Impact on Mapping Strategy 

Fig. 8 illustrates how different sensing modalities affect 
mapping representation. Photogrammetric approaches produce 
sparse point clouds dependent on visual texture. Two-
dimensional LiDAR yields planar occupancy maps suitable for 
structured indoor environments. In contrast, 3D LiDAR 
provides dense volumetric representations capable of handling 
uneven terrain and complex geometries. 

For this study, 3D LiDAR is selected to enable robust 
perception in unstructured environments, where height variation 
and irregular obstacles are present. 

 
Fig. 8. Comparative impact of sensor modalities on environmental representation and mapping strategy . 

F. Integrated Navigation Architecture 

The integrated navigation architecture, illustrated in Fig. 9, 
represents a tightly coupled closed-loop framework that unifies 
perception, mapping, and motion planning within a single 
operational pipeline. The system begins with the 3D LiDAR 
perception module, which generates dense point cloud data 
representing the surrounding environment. These raw 
measurements undergo geometric filtering and segmentation to 
extract structural features such as walls and obstacles. 

Simultaneously, encoder readings and inertial measurement unit 
outputs provide incremental motion information, contributing to 
odometry estimation and short-term pose prediction. The fusion 
of LiDAR-based scan matching with proprioceptive motion data 
enhances robustness against drift and transient sensor noise. 

The mapping module functions in a continuous update cycle 
to improve the accuracy of the robot’s global pose estimation 
while simultaneously refining the environmental model. 
Incoming LiDAR scans are incrementally registered against 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 3, 2026 

298 | P a g e  
www.ijacsa.thesai.org 

previously stored data, enabling consistent map expansion as 
exploration progresses. Back-end optimization techniques, 
including pose graph refinement and loop closure correction, are 
employed to reduce cumulative drift and mitigate long-term 
localization errors. This process ensures structural coherence 
and geometric alignment across extended trajectories. The 
finalized map provides a reliable spatial reference that supports 
precise path planning, obstacle avoidance, and stable 
autonomous navigation decisions. 

 
Fig. 9. Integrated 3D LiDAR-based navigation architecture incorporating 

perception, mapping, and path planning modules. 

The planning subsystem follows a hierarchical structure 
comprising goal definition, path search, trajectory generation, 
and motion execution. Global path computation determines a 
collision-free route toward the designated target, while local 
trajectory optimization enforces kinematic feasibility and safety 
constraints. Obstacle detection outputs are directly transmitted 
to the planning layer, enabling real-time trajectory adaptation in 
response to environmental changes. This bidirectional feedback 
mechanism ensures that control commands are continuously 
adjusted according to updated sensor observations, thereby 
maintaining stable, collision-free, and responsive autonomous 
navigation in dynamic environments. 

G. Path Planning Strategy 

Path planning is divided into global and local components. 
The global planner computes a collision-free path using grid-
based search. The local planner performs trajectory optimization 
considering the dynamic constraints of the robot. 

The cost function used in local trajectory generation is 
expressed as: 

𝐽 = 𝛼𝐽𝑝𝑎𝑡ℎ + 𝛽𝐽𝑜𝑏𝑠 + 𝛾𝐽𝑠𝑚𝑜𝑜𝑡ℎ (6) 

Where 𝐽𝑝𝑎𝑡ℎ penalizes deviation from the global path, 𝐽𝑜𝑏𝑠 

represents obstacle proximity cost, and 𝐽𝑠𝑚𝑜𝑜𝑡ℎ  enforces 
trajectory smoothness. Coefficients 𝛼, 𝛽, 𝛾 balance navigation 
objectives. 

The system is implemented within a robotics middleware 
framework, enabling real-time message passing between 
modules. Point cloud processing is accelerated using parallel 
computation. The planning module operates at a higher 
frequency than global mapping to ensure rapid obstacle 
avoidance. 

The proposed framework integrates multi-sensor perception, 
probabilistic SLAM estimation, volumetric mapping, and 
hierarchical planning into a unified navigation architecture. The 
figures in this section collectively demonstrate the sensing 
configuration, mathematical modeling, estimation structure, and 
integrated execution pipeline. This tightly coupled design 
enables robust localization, accurate mapping, and responsive 
obstacle avoidance in complex unstructured environments. 

IV. EXPERIMENTAL RESULTS 

This section presents a comprehensive experimental 
evaluation of the proposed LiDAR-based SLAM, obstacle 
avoidance, and path planning framework under both simulated 
and real-world indoor conditions. The experiments are designed 
to assess mapping accuracy, trajectory consistency, collision-
free navigation capability, and system stability during 
autonomous operation. Quantitative and qualitative analyses are 
conducted using incremental mapping sequences, full-
environment reconstruction, and real-time navigation trials in 
cluttered laboratory settings. The presented results demonstrate 
the effectiveness of sensor fusion, pose estimation refinement, 
and integrated planning modules in generating geometrically 
consistent maps and smooth navigation trajectories. 
Furthermore, performance is examined at different exploration 
stages, including initialization, partial mapping, and full-
environment coverage, to evaluate robustness against drift 
accumulation and environmental complexity. The findings 
provide empirical evidence supporting the reliability and 
scalability of the proposed framework for autonomous mobile 
robotic applications. 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 3, 2026 

299 | P a g e  
www.ijacsa.thesai.org 

 
Fig. 10. Initialization phase of the LiDAR-based SLAM process showing partial environmental reconstruction. 

Fig. 10 depicts the initialization phase of the Simultaneous 
Localization and Mapping procedure, capturing the moment 
when the robot begins forming a partial spatial representation of 
its environment using early LiDAR measurements. At this stage, 
the mapped region is confined to one side of the environment, 
indicating that the exploration trajectory remains limited in 
spatial extent. The visible red point clusters correspond to raw 
range observations transformed into the global coordinate frame 
through incremental pose estimation derived from odometry 
integration. Because the robot has not yet completed significant 
traversal, the resulting map remains sparse and structurally 
incomplete, with only partial wall segments reconstructed. 

The fragmented vertical boundaries illustrate the combined 
effects of sensor noise, discretization artifacts, and short-term 
pose uncertainty that commonly arise before loop closure 
detection and back-end optimization are activated. Small 
misalignments between consecutive scan segments are 
observable, yet the overall geometric orientation of walls 
remains consistent, suggesting that the front-end scan 
registration process is functioning correctly. The uncharted open 
region on the right side of the map represents unexplored 
territory, which is typical during frontier-based exploration in 
early SLAM iterations. Importantly, despite the limited spatial 
coverage, the reconstructed structure maintains basic geometric 
coherence, demonstrating effective integration between ego-
motion estimation and LiDAR scan matching. These results 

confirm the validity of the proposed measurement model and 
pose propagation mechanism during the system’s initialization 
phase, providing a stable foundation for subsequent mapping 
expansion and global refinement. 

Fig. 11 presents the final Simultaneous Localization and 
Mapping output obtained after the robot completed systematic 
exploration of all accessible rooms within the experimental 
indoor environment. In contrast to the initialization stage, the 
reconstructed map now forms a closed and spatially coherent 
layout, where both external boundaries and internal partitions 
are distinctly represented by dense red point clusters. The upper 
rectangular region and the interconnected lower rooms are 
reconstructed with high geometric fidelity, indicating that 
successive LiDAR scans were accurately registered and aligned 
throughout the traversal. The continuity of wall structures across 
different sections of the environment reflects stable incremental 
pose estimation combined with effective global optimization. 
This demonstrates that accumulated odometry drift was 
successfully mitigated through loop closure detection and back-
end refinement. Although minor variations in boundary 
thickness are observable, these can be attributed to measurement 
noise, angular resolution limits, and discretization artifacts 
inherent in point cloud processing. Importantly, no significant 
structural distortions or discontinuities are visible, confirming 
that the mapping framework maintained spatial consistency over 
extended motion sequences. 
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Fig. 11. Completed indoor environment reconstruction after full SLAM exploration. 

Furthermore, the clear separation between adjacent rooms 
and the preservation of orthogonal wall geometry validate the 
robustness of the obstacle segmentation and occupancy updating 
mechanisms integrated into the mapping pipeline. Structural 
edges remain sharply defined even in regions with multiple scan 
overlaps, which suggests effective data fusion and noise 
filtering. The uniform distribution of mapped points across the 
explored area indicates sufficient environmental coverage and a 
balanced exploration strategy. The successful reconstruction of 
narrow corridors and connecting passageways further 
demonstrates the reliability of scan matching under constrained 
spatial conditions. From a navigation standpoint, the resulting 
map provides a dependable geometric foundation for global path 
planning and local obstacle avoidance. The absence of map 
tearing or misalignment artifacts ensures that planned 
trajectories will be spatially consistent with real-world 
geometry. Overall, the results confirm that the proposed 
LiDAR-based SLAM framework delivers accurate and stable 
large-scale indoor mapping performance, supporting reliable 
autonomous operation within structured environments. 

Fig. 12 illustrates the experimental validation of the 
proposed obstacle avoidance strategy in a real indoor 
environment populated with multiple static obstacles. The 
mobile robot operates within a confined room where yellow 
containers are deliberately arranged to create a structured yet 

nontrivial navigation scenario involving narrow passages and 
angular turns. The spatial distribution of obstacles forces the 
robot to continuously perceive, localize, and re-plan its 
trajectory while maintaining safe clearance distances. The 
absence of collisions and the stable posture of the robot during 
maneuvering demonstrate the effectiveness of the integrated 
LiDAR-based perception and path planning modules. The robot 
successfully navigates between closely spaced obstacles, 
indicating accurate environmental representation and reliable 
obstacle boundary detection. Furthermore, the smooth trajectory 
adjustments observed during traversal suggest that the local 
planner effectively balances goal convergence and collision 
avoidance constraints. The experiment confirms that the 
proposed navigation framework maintains real-time 
responsiveness under indoor operational conditions. These 
results validate the robustness of the system in handling 
cluttered environments, supporting its applicability to practical 
deployment scenarios where dynamic decision-making and safe 
autonomous mobility are required. 

A vertically mounted sensing mast positioned on the upper 
chassis carries a three-dimensional LiDAR unit that provides 
continuous range measurements of the surrounding 
environment. This sensor generates dense point cloud data for 
simultaneous localization, mapping, and obstacle detection. 
Complementing the LiDAR system, an onboard vision sensor 
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captures visual information to support image-based localization, 
object recognition, and potential semantic mapping tasks. The 
spatial separation of these sensors ensures a wide field of view 

and minimizes occlusion during forward motion. Sensor data are 
processed by an embedded computing module responsible for 
real-time sensor fusion, state estimation, and terrain evaluation. 

 
Fig. 12. Experimental validation of real-time obstacle avoidance in a cluttered indoor environment. 

The modular hardware architecture, including organized 
wiring and accessible mounting interfaces, indicates a design 
optimized for rapid prototyping and algorithm testing. The 
integration of both exteroceptive sensors, such as LiDAR and 
camera, and proprioceptive components, including joint 
encoders and inertial measurements, enables comprehensive 
perception and motion feedback. This unified platform supports 
simultaneous evaluation of locomotion control, real-time 
mapping, and collision avoidance strategies [37]. Overall, the 
system demonstrates a cohesive integration of mechanical 
design, sensing, and computational intelligence, providing a 
robust experimental testbed for advanced autonomous 
navigation research in structured and semi-structured 
environments. 

Fig. 13 illustrates the integrated real-time SLAM and 
navigation visualization obtained during autonomous operation 
within a cluttered indoor laboratory environment. The 
reconstructed scene is represented as a dense three-dimensional 
point cloud, where structural elements such as walls, furniture, 
and objects are clearly distinguishable through spatial clustering 

and color differentiation. The blue curve indicates the estimated 
robot trajectory, demonstrating smooth curvature and consistent 
pose updates throughout the exploration cycle. The green 
marker represents the robot’s current state estimate, while local 
coordinate axes provide orientation information in the global 
reference frame. The visualization confirms successful sensor 
fusion between LiDAR measurements and odometry inputs, as 
evidenced by the coherent alignment of environmental features 
without noticeable global distortion. The closed-loop trajectory 
suggests effective loop closure detection and back-end 
optimization, which reduces cumulative drift and enhances 
global consistency. The lower-left camera feed further validates 
correspondence between visual perception and spatial 
reconstruction, supporting multimodal situational awareness. 
The stability of the reconstructed geometry, even in regions 
containing dense objects and irregular surfaces, indicates robust 
scan registration and obstacle segmentation performance. 
Overall, the results demonstrate reliable mapping accuracy, 
trajectory estimation stability, and real-time computational 
capability suitable for autonomous navigation in complex indoor 
environments. 
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Fig. 13. Real-time 3D SLAM visualization and trajectory estimation in an indoor laboratory environment. 

V. DISCUSSION 

The experimental results demonstrate that the proposed 
LiDAR-based SLAM and navigation framework achieves stable 
and geometrically consistent performance in structured indoor 
environments while maintaining real-time computational 
capability. The incremental mapping sequences confirm that the 
front-end scan registration and ego-motion estimation produce 
coherent local pose updates even during early-stage exploration 
[38]. Although minor discontinuities appear during initialization 
due to sensor noise and limited overlap between scans, the 
subsequent global optimization phase effectively reduces 
accumulated drift [39]. The full-room reconstruction results 
validate the robustness of the back-end optimization strategy, 
where loop closure detection significantly enhances global map 
consistency and preserves structural orthogonality of walls and 
partitions. 

From a navigation perspective, the integration between 
mapping and path planning modules plays a decisive role in 
achieving collision-free mobility. The obstacle avoidance 
experiments indicate that the local planner successfully balances 
goal-directed motion and safety constraints in cluttered 
environments. The generated trajectories exhibit smooth 
curvature transitions, suggesting that the cost function 
formulation effectively penalizes abrupt steering changes while 
preserving feasible kinematic constraints [40]. The robot 
maintains stable clearance distances when navigating narrow 

passages, which confirms reliable obstacle boundary extraction 
from the LiDAR point cloud. These findings highlight the 
importance of accurate environmental representation for 
downstream motion planning performance. 

The multimodal perception configuration further enhances 
system reliability. The combination of LiDAR sensing with 
odometry and optional visual input improves state estimation 
accuracy and environmental awareness. The 3D mapping 
visualization demonstrates that structural elements remain 
spatially aligned after loop traversal, indicating that the sensor 
fusion mechanism mitigates cumulative error propagation. In 
addition, the experimental walking robot platform validates the 
adaptability of the proposed framework beyond wheeled 
platforms [41]. The stability of locomotion combined with 
consistent pose estimation suggests that the algorithmic pipeline 
is hardware-agnostic and suitable for different robotic 
morphologies. 

Despite the positive outcomes, several limitations deserve 
attention. First, the experiments were conducted in 
predominantly static indoor environments. Dynamic obstacle 
interaction was not extensively evaluated, which may affect 
performance under rapidly changing conditions. Second, 
computational scalability under large-scale outdoor scenarios 
requires further investigation, particularly regarding memory 
consumption and real-time map updates [42]. Third, although 
loop closure improves global consistency, false-positive 
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detections in visually repetitive environments could introduce 
pose correction artifacts. Future research should therefore focus 
on adaptive thresholding for loop closure verification and 
integration of semantic filtering to enhance robustness in 
complex scenes. 

Overall, the discussion confirms that the proposed 
framework achieves a balanced trade-off between mapping 
accuracy, trajectory stability, and computational efficiency. The 
experimental validation across simulation and physical 
platforms demonstrates practical applicability for autonomous 
navigation in indoor environments. The integration of SLAM, 
obstacle detection, and path planning into a unified architecture 
provides a solid foundation for further development toward fully 
autonomous robotic systems capable of operating in semi-
structured and unstructured environments. 

VI. CONCLUSION 

This study presented a comprehensive LiDAR-based 
SLAM-driven navigation framework integrating real-time 
mapping, obstacle avoidance, and path planning for autonomous 
mobile robots operating in structured indoor environments. The 
proposed system combines robust scan registration, pose 
estimation refinement, loop closure optimization, and collision-
aware trajectory generation within a unified architecture. 
Experimental results obtained from both incremental and full-
environment mapping scenarios demonstrated high geometric 
consistency, reduced drift accumulation, and reliable obstacle 
boundary extraction. The navigation experiments further 
validated smooth trajectory generation and stable clearance 
maintenance in cluttered spaces, confirming the effectiveness of 
the integrated planning module. The implementation on a 
physical robotic platform, including a walking robot equipped 
with LiDAR and complementary sensors, highlighted the 
adaptability of the framework across different hardware 
configurations. The system maintained real-time performance 
while ensuring accurate environmental reconstruction and stable 
localization. Although further evaluation in dynamic and large-
scale outdoor environments remains necessary, the findings 
substantiate the robustness, scalability, and practical 
applicability of the proposed approach. Overall, the developed 
framework provides a reliable foundation for autonomous 
robotic navigation, supporting safe mobility and consistent 
environmental awareness in complex operational settings. 
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