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Abstract 
 

The study evaluates advanced sensor technology that powers autonomous vehicle systems for armored vehicles through solutions designed 

to confront extreme operational threats posed by diverse terrain conditions and climate variations, along with moving surface obstacles. 

Sensor fusion techniques, when combined with diverse platforms, produce enhanced performance alongside reliable outcomes according 

to the research findings. Sensors using LiDAR units combined with RADAR, together with cameras and GPS, and Inertial Measurement 

Units, form the foundation for real-time operational decisions that drive automated barrier evasion capabilities. The approach delivers 

optimal performance across different situations by resolving problems that affect individual sensors, which include interrupted GPS signals 

and restricted camera field of view. Real-time navigation protocols rely on the SLAM and obstacle detection machine learning frameworks 

to build adaptable route maps that support optimized path planning functions. This research develops an integrated technological framework 

showing how various elements work together to enhance autonomous system operation efficiency while ensuring safety. The research 

reveals how AI, together with machine learning, allows superior sensor combination and automated decision-making capabilities within 

autonomous systems. Sensor technology development has led to substantial autonomous navigation system capabilities that promise future 

use for military functions, logistics, transportation operations, and disaster relief work. Future research will aim to improve computational 

processing speed while expanding sensor network capabilities. 
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1. Introduction 

The self-directed armored and terrain vehicle advancement enables vital prospects for military supply transportation networks, along with 

disaster recovery tasks. Self-propelled vehicles operate in challenging operational areas where both rough terrain and dynamic obstacles 

exist alongside weather variations [4]. The navigation of challenging terrain requires modern technological solutions because dependable, 

precise effective navigation remains difficult to enable [9].  

Multiple sensors must come together for Systemic accuracy through LiDAR and RADAR devices, accompanied by cameras and IMU-

stabilized GPS information, to correctly monitor and interpret the environment [3] [2]. Autonomous data collection using singular sensors 

faces challenges from GPS signal breakdowns and weather conditions, which obstruct camera effectiveness [8]. Sensor fusion emerges as 

an essential response that generates harmonious data integration to create accurate environmental models [13].  

This research evaluates performance advancements that result from installing upgraded sensors alongside fusion processes in autonomous 

navigation systems [15]. Research findings document the evolution of SLAM and obstacle detection systems into operational real-time 

systems that function effectively [5]. The research applies operational constraints with technological limits to show how present-day nav-

igation systems can transform armored vehicle maneuvers across irregular surfaces for raised safety standards, along with performance 

optimization and enhanced operational maneuverability.  

2. Technological components  

2.1. Sensors used 

To achieve real autonomy, the deployment of leading sensor technology is essential for vehicle control and terrain navigation. Teams use 

LiDAR technology to build precise three-dimensional topographic maps that produce detailed perception data to detect terrain features and 

moving obstacles [11]. The RADAR sensor system stands out for reliable detection of concealed objects during meteorological conditions 

using radio wave-based technology [10]. A vehicle camera system uses gathered visual information to identify objects and detect both 

terrain characteristics and existing blockages. Through GPS technology, vehicles receive exact positioning reports, which enables tracking 
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via location data. The Inertial Measurement Unit serves as the basic system for determining vehicle orientation and motion while ensuring 

both precise navigation and stability, especially during GPS signal interruptions [6]. 

2.2. Sensor fusion 

Navigation system performance is enhanced through sensor fusion technology when it combines multiple sensor inputs. System perfor-

mance depends on integrating LiDAR data with RADAR signals, together with camera output, GPS readings and Inertial Measurement 

Unit (IMU) data to provide an exact and dependable representation of environmental factors [7]. Sensor fusion surpasses sensor limitations 

by combining disparate sensor data to supplement GPS signal loss during traffic congestion and LiDAR performance failure in foggy 

weather. The integration of sensor information enhances the navigation system's performance quality and operational reliability. The system 

provides complete, immediate visibility of environmental elements combined with terrain features and vehicle position to boost system 

reliability and improve decision-making capability in challenging operating conditions.  

2.3. Navigation algorithms 

Autonomous cars need navigation algorithms that enable real-time, educated decisions. Computers for autonomous systems heavily rely 

on SLAM as it generates environmental maps that the vehicle both builds and retains concurrently with its location. The execution of path 

planning algorithms selects the optimal path through the examination of terrain situations combined with vehicle limitations and ground 

obstacles [14]. The obstacle avoidance system identifies approaching dangers through sensor feedback to stop potential vehicle collisions 

[12]. The vehicle achieves dynamic adjustments using these algorithms, which ensure safe navigation through unpredictable and dangerous 

situations, leading to increased operational safety and total efficiency.  

3. Methodology  

3.1. Data acquisition  

During data collection, the autonomous navigation process begins by acquiring information from multiple sensing devices installed on 

board vehicles. LiDAR scans the environment to deliver highly detailed three-dimensional topographical data, which identifies both phys-

ical constraints and geographical terrain characteristics. By using RADAR sensors, operators can detect items while viewing obstacles in 

minimal visibility conditions. Visual records from Cams enable automated recognition systems to detect features and objects present in the 

data. GPS positioning abilities, together with geographic functionalities, enable superior location-tracking precision. Mobile motion data 

from IMUs allows researchers to understand the directional properties of dynamic vehicle behavior. Sensors' data collection serves two 

essential roles for developing full environmental awareness and accurate navigation abilities. 

3.2. Pre-processing 

Improving raw data quality stands as an essential process that enables the transformation of sensor-based information into more usable 

information. The process includes two steps: The preprocessing method functions to strip away unwanted noise signals after it corrects 

systematic deviations caused by sensing hardware limits or environmental effects. The processing requirements for LiDAR data involve 

Doppler distortion corrections, while camera photos require brightness adjustments to improve their visibility. The resulting sensor output 

requires identical measurements, which sensor calibration enables. Data preprocessing produces precise, relevant information able to sup-

port navigation algorithms that generate accurate decisions.  

3.3. Sensor fusion 

Multiple sensors combine their data to create clear and dependable environmental models through the fusion process. A unified environ-

mental model forms through the efficient integration of LiDAR and RADAR and camera and GPS, and IMU sensor data using deep 

learning algorithms together with Kalman filtering technologies. The system employs sensor fusion to solve specific sensor weaknesses 

affecting GPS signals in areas of urban traffic jams and camera visibility during periods of nighttime low illumination. Improved sensor 

fusion processing results in enhanced data reliability and offers detailed, accurate environmental perception for better real-time navigational 

capabilities to vehicles.  

3.4. SLAM execution 

Vehicle navigation implements SLAM technology to build real-time map models and determine positions versus these planned models. 

The SLAM system continuously updates vehicle position and mapping information as it travels forward to generate dynamic adaptations 

for anticipated obstacles alongside dynamic changes in environmental terrain.  

3.5. Path planning  

Automated vehicle route selection algorithms calculate the most efficient journey for vehicles between starting and final locations. Multiple 

factors direct algorithms: these include geological terrain analysis and operational obstacle recognition alongside environmental elements 

review. Real-time sensor data flows to the path planning system to calculate efficient and secure travel routes. Environment-based changes 

happen through path-planning approaches that integrate Dijkstra's algorithm with A* and dynamic planning strategies. Path planning tech-

nology allows vehicles to navigate through safe and usable paths, thus it can avoid barriers while reducing travel time and fuel consumption. 
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3.6. Obstacle detection 

Automated navigation depends heavily on obstacle detection because this capability enables vehicles to detect and categorize upcoming 

objects. The system detects many obstacles through sensor processing of LiDAR and RADAR signals alongside camera information to 

identify stationary objects and moving barriers. The detection algorithms use object features and spatial position to perform segmentation.  

3.7. Decision making 

The system makes instant navigational choices that integrate sensor analysis results with environmental awareness. The system evaluates 

situations by integrating obstacle evaluations with optimized route calculations and vehicle theoretical boundary restrictions. Decision 

algorithms support safety and efficiency through their decisions about speed limits, along with direction selection and route modifications. 

An obstructing object detected by the system leads it to modify vehicle routes or initiate a speed reduction function for control adjustments. 

3.8. Vehicle control 

At navigation's final stage, the autonomous system converts its decisions into physical vehicle movements. Through the guidance of the 

control system, vehicle actuators perform necessary tasks between steering-related components, throttle systems and braking systems. 

Programmed algorithms combine path planning software to execute automobile direction changes and speed adjustments while ensuring 

vehicle safety.  

4. Implementation and results  

4.1. Simulation setup 

Commercial robotic simulators Gazebo and CARLA built a virtual complex terrain platform that validated the autonomous navigation 

system through testing protocols. Realistic 3D environments developed from this simulation technology enable systems evaluation for 

vehicle performance across challenging conditions, including steep slopes as well as ample forests and urban environments. The digital 

environment features dynamic obstacles alongside varying climatic scenarios that include flowing fog and rainfall. This virtual terrain 

provides an optimal space for system testing at optimum operational speed. The simulation included sensors from the vehicle (LiDAR, 

RADAR, cameras, GPS, and IMUs) to run real-time assessments on data fusion and navigation algorithms.  

 
Table 1: Simulation Setup Parameters for Autonomous Navigation System 

Simulation Parameter Value 

Terrain Complexity 8/10 

Dynamic Obstacles 5 types 

Environmental Variability High 
Sensor Integration Complete 

4.2. Performance metrics 

The autonomous navigation system was evaluated using important performance metrics. I measured the system through three performance 

indicators, which included navigation precision, together with obstacle discovery efficiency and total computational speed. ghế of naviga-

tion links directly to how accurately a vehicle follows rendered paths, while the ability to spot objects in various environments is known 

as the obstacle detection rate. Processing time combined with resource utilization allows a quantitative assessment of system performance 

for real-time execution needs. The metrics serve to evaluate the system's complete operational capability for real autonomous navigation 

deployments.  

 
Table 2: Performance Metrics of the Autonomous Navigation System 

Performance Metric Value 

Navigation Accuracy 95% 

Obstacle Detection Rate 98% 
Computational Efficiency 80 ms/iteration 

4.3. Results 

The autonomous navigation system showed exceptional performance results in testing simulations that included demanding environmental 

conditions. Continuous evaluations demonstrated a navigation precision of 95%, which indicated the autonomous vehicle stayed on course 

while deviating only minimally from its predicted path. The method detected obstacles at 98% precision, including challenging weather 

conditions such as fog or rain, where RADAR and LiDAR detection methods proved valuable. The analyzed data and judgment process 

occurred in real-time through the system at an 80-millisecond pace per loop to allow for rapid control of the vehicle. The presented results 

show how this system examines elaborate situations with consistent reliability.   

 
Table 3: Results of the Autonomous Navigation System in Rugged Terrains 

Result Parameter Value 

Navigation Accuracy 95% 

Obstacle Detection Rate 98% 
Computational Efficiency 80 ms/iteration 
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5. Discussion 

Multiple sensor components work together to solve self-driving cars' navigation challenges when operating in difficult terrain. Through 

sensor fusion technology,  the system outperformed single-sensor limitations during situations when GPS signals were lost or when LiDAR 

struggled in adverse weather conditions. Real-time flexibility emerged from SLAM-based mapping, which enabled the vehicle to adapt to 

environmental changes in its surroundings.  

6. Conclusion  

Advancements in autonomous armored vehicles depend heavily on sensor fusion algorithms implementing modern sensors, including 

LiDAR, RADAR, cameras, GPS, and IMUs. Using sensor data collection methods for synthesizing multisource information provides 

accurate solutions and enables real-time system flexibility for navigating complex, unexpected environments. Automatic car systems detect 

challenging surfaces using SLAM-based navigation methods and path-planning tools to produce accurate navigation alongside obstacle 

protection systems that guarantee operational security and system performance. Continuous developments exist in industrial implementa-

tions, though multiple issues persist declining system robustness through device failures alongside repetitive execution challenges, while 

demanding flexible working solutions for dynamic environments. Futureinvestigationsns must create sensors that remain operational while 

becoming lighter weight and requiring lower power consumption to address existing system performance constraints. National security 

depends on the immediate improvement of energy efficiency because military forces operating under resource constraints alongside remote 

facilities need it. Predictive algorithms powered by AI sharpen self-driving vehicle capabilities for predictive decision-making that allows 

better route mapping as well as better anticipation of obstacles and reliable operational performance. Self-driving vehicles achieve suc-

cessful navigation in sophisticated or complex mission environments with advanced emerging technologies.   
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