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ABSTRACT 

Simultaneous Localization and Mapping (SLAM) enable autonomous mobile robots to build a map of an 

unknown environment while estimating their own position within it. Unstructured terrain, dynamic 

environmental conditions, and sensor limitations, often encountered in off-road areas can limit the 

effectiveness of SLAM. This review analyzes SLAM methodologies applicable to off-road mobile robots, 

categorizing them into LiDAR-based, visual, multi-sensor fusion, and learning-based or semantic 

approaches. Each category is examined in terms of algorithmic principles, performance characteristics, 

and suitability for varying terrain and environmental conditions. Furthermore, to assess the performance 

of these categories evaluation metrics are utilized, including accuracy, drift rate, robustness, computational 

efficiency, and benchmarking datasets. The comparative analysis highlights trade-offs between geometric 

precision, adaptability, and computational demands, with multi-sensor fusion and semantic integration. 

Real-time operation under limited onboard computation, scalability to large unstructured terrains, 

resilience in GPS-denied and feature-scarce environments, and integration with autonomous navigation 

systems are some of the identified research gaps. The findings emphasize the need for hybrid, 

computation-aware SLAM frameworks and standardized off-road benchmarks to accelerate the 

deployment of reliable autonomous systems in challenging outdoor environments. 

Keywords-simultaneous localization and mapping; SLAM; off-road mobile robots; LiDAR-based SLAM; 

visual SLAM; multi-sensor fusion; semantic mapping; terrain adaptability; autonomous navigation 

I. INTRODUCTION  

SLAM integrates environmental mapping and self-
positioning, allowing autonomous robots to navigate 
effectively in new environments [1]. Despite SLAM algorithms 
being efficient in structured indoors and urban settings, their 
application to off-road environments is limited. This limitation 
is attributed to unstructured terrain, dynamic environmental 
conditions, and sensor limitations [2]. Off-road SLAM must 
operate with irregular ground surfaces, vegetation occlusions, 
dust, and variable lighting conditions, which can impair feature 
detection, data association, and loop closure processes [3]. 

The development of SLAM algorithms for off-road robotics 
is critical for advancing autonomous capabilities in sectors, 
such as agriculture, forestry, mining, environmental 
monitoring, and military reconnaissance [4]. The successful 
application of SLAM in these domains requires navigation with 
limited GPS availability [5]. Sensor technologies, including 
LiDAR, stereo vision, and multi-sensor fusion, can improve the 
effectiveness of SLAM to off-road scenarios. However, 
computational efficiency, accuracy, and robustness remain a 
central research concern [6]. 

A comprehensive review of off-road SLAM methodologies 
is essential to consolidate current knowledge, compare 
algorithmic approaches, and identify unresolved challenges. 
This study aims to systematically classify SLAM methods 

relevant to off-road robotics, analyze their performance in 
various terrain types, and highlight key innovations in sensor 
integration and algorithm design. The ultimate objective is to 
provide a knowledge base that guides future research and 
facilitates the development of SLAM systems capable of 
reliable operation in complex, unstructured environments. 

II. FUNDAMENTALS OF SLAM 

SLAM refers to the computational problem of constructing 
a consistent map of an unknown environment while 
simultaneously estimating the robot’s position within that map 
[7]. As illustrated in Figure 1, SLAM operates through iterative 
cycles of prediction, data acquisition, matching, and update.  
Proprioceptive sensors provide motion data for the prediction 
step, while exteroceptive sensors supply environmental 
measurements for feature matching. The update refines both 
the robot state ��  and map �� , often using probabilistic 
formulations such as the Bayes filter, as described by:  

���� , ��|�	:� , �	:�� ⊂
����: �� , ��� � ����|�� , ���	������	, ���	�����	 (1) 

This recursive process continues until a complete, accurate 
map is built. 

SLAM techniques are classified based on their sensing 
process in visual, LiDAR-based, and multi-Sensor fusion 
SLAM. To begin with, visual SLAM utilizes monocular, 
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stereo, or RGB-D cameras to extract image features and track 
them over time [8]. Subsequently, it offers low-cost and 
lightweight solutions, though performance can degrade in low-
light or texture-sparse environments. Moreover, LiDAR-based 
SLAM leverages high-precision range measurements to 
construct accurate 3D maps [9]. Consequently, it can be 
employed in environments with poor lighting but at the 
expense of higher cost and sensor weight. Finally, multi-sensor 
fusion SLAM combines data from complementary sensors, 
such as cameras, LiDAR, IMU, and GNSS, to improve 
robustness, accuracy, and adaptability, particularly in 
challenging off-road terrains, where single-sensor approaches 
may fail [10]. The categorization of SLAM approaches and 
their core pipeline components are illustrated in Figure 2. 

 

 

Fig. 1.  Generalized SLAM process flow integrating prediction, sensor 

data fusion, feature matching, and map updating. 

 

 

Fig. 2.  Classification of SLAM methods and core pipeline components for off-road mobile robots. 

The SLAM pipeline integrates several components that 
operate in a continuous loop. State estimation determines the 
robot’s pose over time using motion and observation models. It 
relies on probabilistic frameworks like the extended Kalman or 
particle filters [11]. The mapping process involves building and 
refining the representation of the environment, which may be 
metric, topological, or semantic. Furthermore, data association 
identifies the relationship between current sensor observations 
and existing map features, a critical step to maintain map 
consistency. Loop closure detects revisited locations to correct 
accumulated drift and improve global accuracy. These 
components form the main computational framework of 
SLAM, thus enabling reliable navigation and mapping even in 
unstructured and dynamic environments. 

III. OFF-ROAD ENVIRONMENTAL AND 

OPERATIONAL CHALLENGES 

Off-road environments are typically compromised due to 
highly irregular and unpredictable terrain with uneven ground, 
steep slope gradients, and deformable surfaces such as mud or 
sand. These factors significantly affect vehicle stability and 
traction, introducing additional uncertainty in motion modeling 
and complicated path planning [12]. Robot speed and 
maneuverability are also restricted by such factors, suggesting 
the need for robust localization and mapping methods [13]. 

Additionally, dynamic environmental factors, such as 
varying weather conditions, dense vegetation, airborne dust, 

and fluctuating lighting, further impair off-road SLAM 
performance [14]. For instance, rain or snow can obscure 
sensors. Bright sunlight or deep shadows affect visual feature 
detection. Moreover, vegetation and dust particles may produce 
false measurements in LiDAR scans or obstruct camera 
observations, leading to lower map quality and reduced 
localization accuracy [15]. The adaptation process of SLAM in 
these conditions involves sensor fusion strategies, dynamic 
filtering techniques, and semantic scene understanding to 
distinguish between transient and static environmental features. 

Localization in off-road is further complicated by the GPS 
signals’ unreliability, especially in forested, mountainous, or 
canyon-like environments [16]. GPS drift along long 
trajectories introduces position estimate errors [17]. Therefore, 
other localization techniques must be implemented, such as 
LiDAR or vision-based odometry. The methods should be 
integrated into the SLAM framework for consistent mapping 
and navigation.  

An additional challenge of off-road SLAM is sensor 
limitations. Noise from vibration, terrain features’ temporary 
occlusions, and calibration drift due to mechanical stress can 
impair sensor accuracy and consistency. Dust and mud deposits 
can physically obstruct lenses or LiDAR emitters, reducing 
measurement reliability. To address these limitations, SLAM 
implementations often incorporate real-time calibration, 
redundancy in sensing modalities, and error modeling to 
mitigate the impact of degraded data.  
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IV. SLAM METHODOLOGIES FOR OFF-ROAD 

MOBILE ROBOTS 

To implement SLAM in off-road mobile robots requires 
terrain adaptability, sensor availability, and computational 
constraints. As depicted in Figure 3, these approaches can be 
broadly classified into four categories: LiDAR-based SLAM, 
visual SLAM, multi-sensor fusion SLAM, and learning-based 
or semantic SLAM.  

 

 

Fig. 3.  SLAM methodologies that contribute to the framework of  off-road 

mobile robots. 

The mathematical foundation of SLAM can be expressed 
through the probabilistic estimation of the joint posterior, as 
depicted in: 

���	:� , �|�	:� , �	:��  ⊂
P���: �� , m� � ����|�� , ���	�� � ��:�,�

��:���,��:���� ��� (2) 

State estimation often employs recursive filtering, such as 
the Extended Kalman Filter (EKF), shown in: 

��� � � ��	 ! "���� # ℎ�� ��	��   (3)  

where "� is the Kalman gain. Alternatively, optimization-based 
formulations minimize a cost function over the SLAM graph, 
as depicted in: 

min�,� ∑ (�) # ℎ)��, ��‖∑��+
,)    (4) 

These formulations serve as the computational backbone 
for the diverse SLAM methodologies displayed in Figure 3. 

A. LiDAR-Based SLAM Approaches 

LiDAR-based SLAM methods can generate precise 3D 
point clouds that are less sensitive to lighting variations 
compared to vision-based systems [18]. Lidar Odometry and 
Mapping (LOAM) algorithms offer high-accuracy motion 
estimation by separating odometry and mapping tasks, thus 
enabling real-time performance even in complex terrain [19]. 
Google’s cartographer provides robust 2D and 3D mapping 
with loop closure optimization enhancing global consistency 
[20]. Robots with minimal onboard motion sensing can utilize 
hector SLAM, which relies on scan matching without definite 
odometry [21]. The LeGO-LOAM algorithm adapts LOAM 

principles for ground vehicles, incorporating ground 
segmentation to improve feature extraction in uneven 
environments [22]. 

In off-road mapping, LiDAR captures detailed terrain 
geometry, detects obstacles, and operates effectively in low-
light or night conditions. However, environments with sparse 
geometric features and limited scan matching accuracy, such as 
open fields or snow-covered areas, decrease the performance of 
LiDAR. Additionally, LiDAR sensors are sensitive to dust, 
rain, and reflective surfaces, which can introduce noise or 
erroneous measurements. To address these limitations, hybrid 
approaches often integrate LiDAR with complementary 
sensing techniques to enhance robustness. 

B. Visual SLAM Approaches 

Visual SLAM techniques utilize camera imagery to extract 
and track visual features over time. Accelerated Segment Test 
(FAST) and Rotated Binary Robust Independent Elementary 
Features (BRIEF) SLAM (ORB-SLAM) utilizes ORB 
components for efficient feature matching and loop closure. 
Furthermore, Large-Scale Direct SLAM (LSD-SLAM) utilizes 
pixel intensity information without explicit feature extraction to 
create a dense map from monocular input [23]. Visual-Inertial 
Odometry for Monocular SLAM (VINS-Mono SLAM) 
integrates monocular visual odometry with inertial 
measurements to enhance pose estimation stability during rapid 
movements or temporary visual degradation [24]. 

Visual SLAM systems in off-road environments address 
issues related to lighting variation, texture deficiency, and 
environmental occlusions. Uneven illumination, caused by 
shadows, sunlight glare, or changing weather conditions, 
restricts feature detection. Poor-texture surfaces, such as sand 
or snow, reduce the number of trackable points. Adaptive 
selection, exposure control, and photometric calibration 
techniques are employed to mitigate such issues. Additionally, 
combining visual data with inertial or depth information leads 
to improved robustness. 

C. Multi-Sensor Fusion Approaches 

Multi-sensor fusion SLAM approaches integrate sensing 
methods, such as LiDAR, cameras, Inertial Measurement Units 
(IMU), and Global Navigation Satellite Systems (GNSS) to 
enhance localization accuracy and mapping robustness in off-
road environments [25]. LiDAR collects precise geometric 
information, cameras provide rich visual context, IMUs offer 
high-frequency motion data for short-term pose estimation, and 
GNSS delivers absolute position measurements. Fusion-based 
systems combine such sensors to compensate for the individual 
limitations of each sensor. 

Sensor fusion frameworks typically employ probabilistic 
estimation techniques to integrate multi-modal data. The EKF 
and Unscented Kalman Filter (UKF) are widely employed for 
continuous position estimation to manage noise and uncertainty 
[26]. Graph-SLAM formulations model the SLAM problem as 
a graph optimization task [27]. Specifically, nodes represent 
poses and landmarks while edges correspond to sensor 
constraints, thus allows for efficient loop closure handling and 
drift correction. In off-road applications, such frameworks 
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enable consistent mapping despite GPS outages, LiDAR 
occlusions, or visual feature scarcity. Moreover, they operate in 
real time, dynamically weighting sensor contributions based on 
their reliability.  Consequently, they ensure robust and adaptive 
SLAM performance across diverse and challenging 
unstructured environments. 

D. Learning-Based and Semantic SLAM 

Deep neural network architectures, such as Convolutional 
Neural Networks (CNNs) and transformer architectures are 
utilized in learning-based SLAM approaches to enhance feature 
extraction, place recognition, and data association in 
challenging environments [28]. CNN-based models can learn 
robust, task-specific features directly from raw sensor data, 
outperforming traditional handcrafted descriptors under 
lighting variation, texture sparsity, and partial occlusion 
conditions [29]. These learning-based pipelines can be directly 
employed as standalone SLAM modules or augment classical 
systems through learned front-ends. 

In addition to this concept, semantic SLAM incorporates 
scene understanding into the mapping process, also assigning 
class labels to environmental elements [30]. Semantic mapping 
for off-road mobile robots, enables terrain classification of 
traversable ground, vegetation, water bodies, rocks, and man-
made structures to enhance navigation safety and efficiency. 
This semantic layer allows planners to integrate high-level 
contextual information into path planning. Semantically 
informative maps that are also metrically correct can be 
produced by learning-based models of semantic segmentation, 
typically trained on labeled off-road datasets, combined with 
geometric mapping approaches. Such hybrid systems have 
great potential for robust, context-sensitive autonomy over 
unstructured difficult terrain. 

V. EVALUATION METRICS AND BENCHMARKING 

The accuracy and drift rate are fundamental quantitative 
measures for SLAM evaluation. They indicate how well 
estimated trajectories align with the ground truth. The Root 
Mean Square Error (RMSE) is calculated through [31]: 

RMSE � 1	
2 ∑ ‖�3� # �)‖,2)4	    (5) 

where �3�  is the estimated position and �)  is the ground truth. 
The drift rate is expressed by: 

56789 :;9< � =>?@ �>?=
A × 100%   (6) 

where F  refers to the traveled distance. Robustness to 
environmental changes evaluates SLAM stability under 
lighting variations, weather interference, and terrain 
irregularities [32]. Algorithms are often tested using 
perturbation models that introduce noise into sensor 
measurements, as described by: 

��G � �� ! H�0, I,�    (7) 

where I denotes the noise severity. Performance is measured 
by degradation in RMSE or successful loop closures under 
such perturbations. 

Real-time performance and computational load are critical 
in off-road SLAM. Metrics, such as average processing time 
per frame JK  and computational efficiency LM , are used and 

calculated as depicted in: 

LM � NOP�QR SOTMQRRQU
VT�PW XT�>��P�)TY V)�Q   (8) 

Ensuring JK  remains below the sensor acquisition rate is 

essential for seamless navigation. 

Public datasets and benchmarks provide standardized test 
environments. While KITTI [33] and EuRoC MAV [34] serve 
structured settings, off-road evaluations increasingly use the 
RELLIS-3D [35] and Newer College [36] Datasets. These 
datasets contain the ground truth and heterogeneous sensor 
data, enabling consistent algorithm comparison across 
accuracy, robustness, and efficiency metrics. 

VI. COMPARATIVE ANALYSIS OF SLAM METHODS 

The comparison of SLAM methods based on sensor 
modality differs across LiDAR, vision, multi-sensor, and 
learning-based systems. LiDAR-based methods offer superior 
geometric accuracy in 3D mapping. However, they require 
heavier and more expensive hardware. Visual SLAM provides 
lightweight and low-cost solutions at the expense of 
susceptibility to lighting variations. Multi-sensor fusion 
approaches utilize complementary modalities to enhance 
resilience in diverse conditions. Learning-based frameworks 
facilitate semantic understanding, therefore improving 
navigation in complex and unstructured terrain. 

Terrain adaptability is a critical factor for off-road 
applications. Relevant methods are evaluated according to their 
capacity to reliably operate across uneven, deformable, and 
vegetation-rich surfaces. Furthermore, LiDAR-based methods 
excel in environments with a high number of features. Visual 
methods are successful on high-textured terrains in contrast to 
uniform landscapes such as snow or sand. Fusion-based and 
learning-augmented SLAM often exhibit superior adaptability 
by integrating geometric and semantic cues in traversability 
assessment. 

Computational requirements vary across the different 
SLAM methods, affecting their performance. Optimization-
heavy, graph-based methods may yield high accuracy but at 
increased computational cost. On the other hand, filter-based 
approaches provide faster updates with potential compromises 
in global consistency [37]. The optimization of efficient 
learning-based pipelines, supported by hardware acceleration, 
can close this gap. 

Factors, such as sensor occlusions, dust, variable lighting, 
and GNSS outages, are used to evaluate stability. The field 
results consistently show that hybrid SLAM architecture 
combining multi-sensor fusion with learning-based components 
achieves the most robust navigation performance, sustaining 
mapping accuracy and localization stability over extended 
missions. The comparative analysis highlights distinct strengths 
and limitations of the under-study SLAM methods and is 
summarized in Table I.  
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TABLE I.  COMPARATIVE ANALYSIS OF SLAM METHODS 

SLAM method Sensor modality Terrain adaptability Computational requirements Robustness in field trials Reference 

LiDAR-Based LiDAR 
High in feature-rich terrains; 

reduced in open fields 
Moderate to high 

High in stable conditions; 

affected by dust/reflections 
[18-22] 

Visual 
Monocular/Stereo/RGB-

D Cameras 

Good in textured terrains; poor 

in low-texture/low-light 
Low to moderate 

Variable; sensitive to 

lighting/occlusions 
[23, 24] 

Multi-Sensor 

Fusion 

LiDAR + Camera + IMU 

+ GNSS 

High adaptability across varied 

terrains 
High 

Very high; resilient to 

sensor failures 
[25, 26] 

Learning-Based 

and Semantic 

Camera/LiDAR + Deep 

Learning Models 

High adaptability with 

semantic understanding 
High (requires GPU) 

Very high; context-aware 

and robust 
[28-30] 

 

VII. OPEN CHALLENGES AND RESEARCH 

DIRECTIONS 

Real-time implementation of SLAM with high performance 
in off-road environments is still considered a challenge. 
Embedded platforms in mobile robots limit the complexity of 
applied algorithms without reducing processing speed. 
Lightweight algorithmic designs, efficient data structures, and 
hardware-aware optimizations are required to achieve low-
latency performance along with high mapping accuracy. 
Processes including model compression, parallel computing, 
and dedicated AI accelerators can address these limitations but 
are not yet validated. 

An additional concern in large, unstructured terrains is 
scalability. Off-road missions are frequently performed in vast 
areas with irregular topography. Consequently, the required 
SLAM systems must be able to handle long-term mapping 
without drift or map degradation. Graph-based optimization 
and hierarchical mapping structures have been proposed to 
address scalability. However, maintaining consistent accuracy 
over extensive and heterogeneous terrains remains difficult. 
Additionally, storage and memory management are crucial as 
map size and complexity grow during prolonged deployments. 

Dense vegetation, tunnels, and open fields lack 
distinguishable landmarks and interfere with both LiDAR and 
vision-based SLAM. Research into adaptive feature selection, 
sensor fusion with inertial and proprioceptive data, and 
semantic scene understanding can enhance resilience under 
such conditions. Moreover, improved performance techniques 
that integrate preceding structural or learning-based perception 
can be utilized. 

To create fully operational off-road robotic systems, their 
integration with autonomous navigation and obstacle avoidance 
is essential. SLAM outputs must communicate uninterrupted 
with path planning and control modules, providing accurate, 
low-latency localization and updated maps to support safe 
maneuvering. In summary, mapping and navigation must 
operate without overloading computational resources. 

VIII. CONCLUSION 

This review analyzed Simultaneous Localization and 
Mapping (SLAM) methodologies for off-road mobile robots. It 
is not limited to a general overview but expands to a structured 
comparative framework. This framework distinguishes sensor 
modalities, terrain adaptability, computational requirements, 
and robustness in field trials. 

Specifically, LiDAR, visual, multi-sensor fusion, and 
learning-based approaches are compared. The review 
accumulates fragmented research into a single taxonomy that 
focuses on practical applicability in unstructured terrain. In 
contrast, previous research concentrates on indoor or urban 
environments. This study presents novel insights into off-road 
challenges, such as GPS-denied localization, feature-scarce 
environments, and sensor degradation under dust, rain, and 
vegetation occlusions. During the comparison, evaluation 
metrics are utilized, including drift rate, robustness 
quantification under perturbation models, and benchmarking 
with off-road datasets such as RELLIS-3D and Newer College.  

The novelty of this review lies in linking algorithmic 
categories to real-world deployment domains. Sectors, such as 
agriculture, forestry, mining, and defense, can benefit through 
academic development with industrial implementation. The 
current work also identifies hybrid, computation-aware SLAM 
frameworks as the most promising research direction. By 
combining classical optimization with learning-based semantic 
understanding robust autonomy can be achieved. In summary, 
this integrated perspective: the current limitations are 
classified, evaluation strategies are consolidated, and a concrete 
roadmap for developing reliable, field-ready SLAM systems 
for off-road conditions is described. 
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