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Abstract. Simultaneous localization and mapping (SLAM) in unstructured environments remains a
fundamental challenge for autonomous mobile robots due to sparse geometric features, sensor degradation,
and environmental dynamics. In this study, a robust adaptive multi-sensor SLAM framework that tightly
integrates lidar, vision, and inertial data via factor graph optimization. A novel adaptive fusion strategy
dynamically adjusts the contribution of each sensor based on real-time confidence estimates, while IMU pre-
integration and online lidar-vision calibration further enhance motion prediction and cross-modal consistency.
Extensive experiments are conducted on benchmark datasets and custom unstructured field data to evaluate
the performance of the system. Results show that our approach significantly reduces localization error and
improves loop closure accuracy compared to several state-of-the-art SLAM frameworks. Moreover, the
system maintains real-time processing capability and low computational overhead, making it suitable for
deployment on embedded robotic platforms. This work not only improves the robustness and adaptability of
SLAM in complex real-world scenarios, but also lays the foundation for future extensions, including multi-
robot collaboration, learning-enhanced perception, and cloud-based large-scale SLAM systems.

Keywords: multi-sensor SLAM, unstructured environments, factor graph optimization, adaptive sensor fu-
sion, real-time robotic navigation

1 Introduction

Simultaneous localization and mapping (SLAM) plays a key role in the autonomous navigation of mobile robots
[1], especially in environments without GPS signals. While SLAM has made significant progress in structured
indoor or urban scenes [2], its performance in unstructured environments, such as forests, disaster areas, or rug-
ged off-road terrains, remains a huge challenge. These complex environments introduce unpredictable sensor
noise, dynamic obstacles, irregular surfaces, and a lack of stable geometric features, all of which reduce the reli-
ability of localization and mapping. To enhance the robustness of SLAM in such conditions, multi-sensor fusion
has become a promising solution [3]. By integrating complementary modalities such as LiDAR, cameras, inertial
measurement units (IMUs), and wheel encoders, the multi-sensor fusion framework can alleviate the limitations
of individual sensors and compensate for drift, occlusion, and feature loss. However, many existing fusion-based
SLAM systems are optimized for semi-structured environments and their performance degrades in scenes with
poor perception conditions or high dynamics [4]. Persistent challenges include the accumulated drift of inertial
sensors, the instability of visual features under low-light or motion-blurred conditions, and the sparsity of lidar
data in densely vegetated or sparsely textured areas [5]. To address these challenges, this paper proposes an en-
hanced multi-sensor SLAM framework for unstructured environments. The method introduces an adaptive fusion
mechanism that dynamically assigns confidence weights to each sensor based on real-time reliability evaluation
[6]. In addition, the method combines IMU pre-integration and lidar-vision cross-calibration to improve pose
estimation accuracy. Extensive experiments in simulated and real unstructured scenes show that the proposed
method achieves higher localization accuracy and mapping robustness compared to state-of-the-art SLAM sys-
tems.
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2 Related Work

Advances in multi-sensor fusion techniques have significantly improved the robustness and accuracy of SLAM
systems in unstructured environments. Marin et al. [7] presented an integrated multi-sensor fusion framework
that leverages an extended Kalman filter (EKF) to enhance outdoor localization and mapping. Their approach
effectively synchronized parallel estimators and maintained a high update rate despite the long runtime of
the SLAM algorithm, highlighting the importance of complex sensor integration for real-time performance.
Hierarchical SLAM frameworks that incorporate environmental interactions have also been explored. Bauer et
al. [8] proposed a hierarchical approach to consider the robot’s interaction with the surrounding environment and
validated it through experiments on an outdoor robot. The approach highlights the importance of context under-
standing in unstructured terrain, which can improve the robustness of localization and mapping. Deep learning
and human-robot interaction have been integrated into SLAM systems to improve navigation in complex envi-
ronments. Li et al. [9] proposed a hybrid system that combines brain teleoperation with deep learning-based ac-
tive perception specifically for environments with unknown moving objects. This approach highlights the poten-
tial of combining human input and advanced perception models to enhance the robustness of SLAM in unstruc-
tured environments. Santoso et al. [10] conducted an extensive study on the role of multi-sensor fusion in visual
inertial navigation systems (VINS), highlighting the importance of combining inertial sensors with cameras to
emulate human localization capabilities. Their review emphasizes that MSFS is a core technology for developing
resilient SLAM solutions, especially in environments where individual sensors may fail or provide unreliable
data. Recent developments in dense, unstructured, and dynamic environments have focused on semantic and
non-semantic methods. Endres et al. [11] proposed a robust 3D RGB-D mapping method that does not rely on
explicit object tracking or classification, making it suitable for real-time applications in environments with mov-
ing objects. This approach enhances the robustness of SLAM by avoiding reliance on semantic segmentation,
which can be unreliable in unstructured scenes. Sensor fusion strategies that combine lidar, wheel odometry, and
inertial data have shown good promise in narrow and feature-scarce environments. Junior et al. [12] introduced
EKF-LOAM, which fuses these sensors within an EKF framework to improve SLAM performance in spaces
with limited geometric features. Similarly, Tang et al. [13] used multi-sensor fusion involving vision, IMU, and
wheel odometry data to achieve accurate localization and dense 3D mapping in a greenhouse, demonstrating
the effectiveness of combining multiple modalities for complex unstructured environments. Underwater SLAM
systems also benefit from multi-sensor fusion. Ou et al. [14] proposed SVIn2, which tightly couples sonar, vi-
sion, inertial, and water pressure sensors within a nonlinear optimization framework. This multi-sensor approach
addresses the unique challenges of underwater environments and highlights the importance of leveraging sensor
complementarity for robust SLAM. In a perceptually degraded environment, Wang et al. [15] proposed a thermal
imaging-lidar fusion framework that can achieve reliable localization in tunnels and low visibility conditions.
This innovative combination shows that integrating sensors with different perceptual capabilities can significant-
ly enhance the robustness of SLAM in challenging unstructured environments. Finally, Gao et al. [16] recently
focused on improving the localization and mapping of agricultural robots operating in unstructured, GPS-free
greenhouses. Their multi-sensor fusion approach combines visual odometry, IMU, and wheel odometry, and
mitigates errors caused by uneven terrain through pre-fusion processing, which reflects the ongoing efforts to de-
velop resilient SLAM frameworks for various unstructured environments. Collectively, these studies emphasize
that powerful multi-sensor fusion, integrating visual, inertial, lidar, sonar, thermal imaging, and odometry data,
forms the backbone of advanced SLAM systems that can operate reliably in unstructured, dynamic, and percep-
tion-challenged environments.

3 System Architecture

To achieve robust and accurate localization and mapping in unstructured environments, designed a tightly inte-
grated multi-sensor SLAM framework. The system fuses complementary sensor modalities, adopts a modular
software architecture, and utilizes probabilistic models and graph-based optimization methods for sensor fusion
and pose estimation.
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3.1 Hardware Setup

The proposed SLAM system is based on a multi-sensor hardware configuration designed to capture comple-
mentary environmental and motion data in real time [17]. The sensor suite consists of a 3D LiDAR sensor that
provides dense point cloud data with a 360°horizontal field of view at a frequency of 10-20 Hz; a stereo camera
or RGB-D camera that captures synchronized RGB and depth images at up to 30 frames per second for visual
odometry and loop closure detection; an IMU that provides high-frequency accelerometer and gyroscope mea-
surement data; and an optional wheel encoder that provides incremental displacement data, which is particularly
useful for drift-resistant planar motion estimation in flat terrain scenarios. To ensure temporal consistency be-
tween asynchronous sensor streams, the system employs a software-based synchronization strategy implemented
via ROS message filters and time synchronization buffers. All sensor measurements are aligned to the IMU’s
high-frequency clock using a timestamp correction defined as:

t,\'z traw+ 5tq[)(i'et (1)

Where ¢, denotes the synchronized time, and dt,,, is the offset estimated through linear interpolation from the
master IMU clock. For precise alignment between camera and IMU data, particularly crucial for visual-inertial
odometry, a temporal offset calibration is performed by minimizing the difference between vision-derived and
IMU-measured accelerations, formulated as:

avision (ti + 5t) - aimu (ti )"2 (2)

5 . N
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Where a,,, and a;,, represent the vision-based and IMU-derived accelerations, respectively, and o7 is the es-
timated temporal shift that minimizes the accumulated squared error over N samples. This tightly synchronized
sensor configuration lays the foundation for robust and temporally coherent sensor fusion in the subsequent
SLAM pipeline.

3.2 Software Pipeline Overview

The software architecture of the proposed SLAM system follows a modular pipeline consisting of four sequential
stages: sensor data preprocessing, front-end odometry estimation, back-end optimization through factor graph fu-
sion, and key frame-based global mapping. In the preprocessing stage, raw IMU data is integrated using a pre-in-
tegration model to estimate motion between successive key-frames over the interval.

(121 @)

The pre-integrated measurements are computed as:
4
AR, Av,, Ap,= j F(a,@,b,.b,)dt 4)

Where a, and o, denote linear acceleration and angular velocity, and b,, b, are the accelerometer and gyro-
scope biases, respectively. For LiDAR input, each scan undergoes deskewing to correct for motion distortion
induced by the rotating sensor, which is compensated using the estimated IMU-based ego-motion as:

Bcorrecled: R(tl)P1+ T(tl ) (5)

Where P is the original point coordinate and R(%,), 7(,) represent the rotation and translation from the IMU
pose at time ¢,. Concurrently, RGB or depth images are processed through visual front-ends such as ORB or
FAST+BRIEF to extract keypoint features for use in tracking and mapping. In the front-end odometry estimation
phase, the visual odometry is formulated as a reprojection error minimization problem, where the optimal pose
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(R, t) is obtained by minimizing.
L= i”ui— z(RP+1)| (6)
i=l1

Where u; denoting the 2D image feature, P the 3D point, and 7z the projection function. For LIDAR odometry,
iterative Closest Point (ICP) or Normal Distributions Transform (NDT) to register adjacent point clouds by mini-
mizing point-wise distances.

L= P=T(P"")? 7)
j=1

Where T is the rigid body transformation aligning current and previous scans. The front-end modules provide
continuous odometry estimates and determine whether a frame qualifies as a key frame based on motion thresh-
olds. In the back-end, construct a unified factor graph that incorporates measurements from all modalities as
factors: IMU pre-integration, visual reprojection, LIDAR scan-matching, and loop closures. The global state X,
which includes robot poses and landmark parameters, is optimized via nonlinear least squares over all residuals.

X' = argminXZk"zk—hk(Xk )ss ”2 8)

Wher z, denotes the measurement, /, the measurement model, and Y, the associated noise covariance matrix.

Optimization is performed using incremental smoothing and mapping or batch solvers for real-time convergence.
Finally, in the mapping module, adopt a key frame-based strategy where a new key frame is inserted if the trans-
lational displacement exceeds threshold or rotational change. The global map is incrementally constructed as a
fused point cloud.

M=UT - €

k
k=1
Where P represents the local point cloud at key frame £, and T is the estimated global pose of that key frame.

This modular and tightly coupled software pipeline enables scalable and drift-resilient SLAM operation under
complex, unstructured environmental conditions.

3.3 System Execution Pipeline

The entire system architecture operates as a real-time, multi-threaded data pipeline that systematically integrates
lidar, vision, and inertial measurement data through a modular design [18]. The process begins at the sensor input
layer, where lidar data is first processed through de-skew, filtering, and scan matching modules to extract reliable
spatial constraints. These constraints can be expressed as relative pose measurements:

lid lid
i = P () + (10)

This is then converted into lidar-related measurements in the backend optimization. Meanwhile, the visual
front end processes the camera data stream, performing feature extraction, tracking, and visual odometry estima-
tion. These visual cues provide dense texture and semantic information that complements the geometric accuracy
of the lidar. Similarly, visual odometry also provides constraints:

[jvzswn — hw-sio,, (X,- , xj) + nijvzswn (1 1)
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At the same time, IMU measurements are continuously pre-integrated to capture high-frequency motion dy-
namics, especially during rapid motion or sensor degradation. IMU pre-integration follows:

lig1

AR, = If(a,w)dt (12)

I

It serves as a critical motion prior when vision or lidar input is insufficient. In the front-end stage, the system
fuses odometry estimates from lidar, vision, and IMU to derive an initial pose prediction, which can be described
as:

A L v 1
X, =wx +wx, +wx, (13)

Where w,w,w, are the modality weights. A key frame selection mechanism is used to determine whether new
observations should be retained based on a motion threshold, ensuring computational efficiency and spatial cov-
erage. These selected key-frames are then passed to the backend optimization layer, which progressively builds a
factor graph where each node represents a robot pose squares problem:

X* = argmlnz” Zij_h(xi"xj) ||§” (14)
(@i,7)

In addition to temporal constraints, loop closure detection is periodically performed using visual position
recognition and geometric verification based on appearance similarities between key frames. Once loops are
verified, they are merged into the graph to correct for accumulated drift and enforce global consistency. The op-
timized poses generated by the back-end graph optimization are used to progressively build a global map by in-
tegrating all key frame observations. This global map reflects the spatial structure and temporal trajectory of the
robot in the environment.

4 Proposed Method

This section introduces our proposed SLAM framework, which aims to improve localization and mapping per-
formance in unstructured environments through tightly coupled multi-sensor fusion in Table 1. The method is
based on a factor graph formulation that combines vision, lidar, and inertial data with an adaptive weighting and
cross-sensor calibration mechanism. The system consists of four core components: a multi-sensor fusion frame-
work, a confidence-based adaptive fusion strategy, lidar-vision calibration with drift compensation, and a robust
map building and maintenance process.

Table 1. Detailed SLAM framework

Component Core function Key technologies
Multi-Sensor Tightly coupled sensor GTSAM/Ceres solvers, IMU pre-integration
Fusion Framework  fusion using factor graphs Factor graph optimization
Adaptive Dynamic sensor weighting Confidence metrics, attention module
Fusion Strategy based on data quality temporal smoothing

LiDAR-Vision

Calibration Cross-modal calibration Checkerboard-based calibration, loop closure
& Dirift and pose drift correction Online optimization

Compensation

Map Building Efficient 3D map generation Key frame selection, voxel filtering

& Maintenance with long-term maintenance Map sparsification
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4.1 Multi-Sensor Fusion Framework

The core of the proposed SLAM system is a tightly coupled multi-sensor fusion framework based on the factor
graph optimization paradigm in Fig. 1 [19]. This design enables the system to integrate heterogeneous sensor
data into a unified probabilistic framework, where each modality contributes its own type of measurement con-
straints to the robot’s state estimation process. By modeling the temporal evolution of the robot’s motion and
combining multiple spatial observations, the system achieves high-precision localization and consistent map
building even in highly unstructured and degraded perception environments. The information provided by each
sensor is not only inherently different but also complementary to each other. The IMU captures high-frequency
motion dynamics and provides continuous pose predictions between sparse key frame updates. This is particular-
ly important in fast motion or when visual or LiIDAR tracking is lost due to poor lighting or occlusion. Instead of
being integrated separately for each frame, the IMU measurements are pre-integrated over the time interval be-
tween key frames, which significantly reduces the computational overhead and enables them to be used directly
as constraints in the optimization graph. The camera provides rich visual cues such as key points, edges, and tex-
tures, which are extracted and tracked in consecutive frames to estimate motion via visual odometry. These fea-
tures are particularly useful in environments with limited geometric structure, such as flat or texture less terrain,
where LiDAR scans may be ambiguous. Its robustness to lighting conditions and its ability to generate globally
consistent measurements make it an important source for structure mapping and loop closure detection. The
fusion process is implemented using a factor graph, where the state of the robot at each time step is represented
as a node, the measurements from the individual sensors are encoded as factors, and the edges connect the cor-
responding nodes. The graph-based formulation can fuse multiple types of constraints into a single joint optimi-
zation problem. The method is inherently scalable and can be solved incrementally as new data arrives, ensuring
computational efficiency and estimation accuracy. To solve the factor graph, we leverage state-of-the-art solvers
such as GTSAM and Ceres, which provide fast and robust optimization procedures and support marginalization
and loop closure integration. A key advantage of this tightly coupled fusion architecture is its ability to jointly
optimize all sensor inputs, rather than processing them in a loosely coupled or hierarchical manner. This allows
the system to fully exploit the inter dependencies and redundancies between sensors. For example, during camera
occlusions, IMU and LiDAR data can maintain pose tracking, while visual constraints can be reintegrated once
the occlusion is resolved. Similarly, when LiDAR scan matching becomes unreliable due to sparse geometry or
dynamic objects, visual and inertial data can stabilize pose estimation. This synergy between modalities signifi-
cantly enhances the robustness of the system, especially under non-ideal field conditions. In addition, the factor
graph framework enables seamless integration of higher-level constraints such as loop closures, motion priors,
and even semantic landmarks without requiring structural changes to the underlying system. This flexibility
makes the framework highly scalable and able to adapt to a variety of robotic platforms and operating scenari-
os. By maintaining a unified representation of the robot trajectory and the environment structure, the proposed
multi-sensor fusion framework can serve as the computational backbone of the entire SLAM system.

Factor Graph in Multi-Sensor SLAM Framework
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Fig. 1. Factor graph in multi-sensor SLAM
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4.2 Adaptive Fusion Strategy

In dynamic unstructured environments, the quality and reliability of sensor data are often non-stationary and are
easily affected by factors such as illumination changes, motion blur, terrain irregularities, occlusions, or sparse
environmental textures. Traditional SLAM assigns fixed weights to sensor modalities, which leads to drift and
failures when sensor quality degrades. The team propose an adaptive fusion strategy that adjusts sensor contri-
butions based on real-time confidence scores. For each sensor modality me {vision, LiDAR, IMU}, a confidence
score c<[0,1] is computed:

Cvixinnz f\’z(Ninliers’ O-reprqf’ Dfeat)
clidar = ﬁ (pscan ’ eICP ’ 7geom ) (15)
cimu = f;'(o-g’ Ga’ b)

as

scribe gyroscope/accelerometer noise and bias. High-confidence sensors dominate, while degraded ones are
down-weighted. Temporal smoothing prevents overreaction to transient noise:

Where N, is the number of tracked features, p,.,, scan density, e, registration residuals, and o, o,, b de-

& () =ac,(t)+(1-a)é,(t-1) (16)

Thus, sensor fusion becomes a context-aware, time-consistent process, improving pose estimation accuracy
and robustness under complex conditions.

4.3 LiDAR-Vision Calibration and Drift Compensation

Accurate and robust sensor fusion fundamentally relies on precise spatial and temporal alignment between the
involved sensor modalities [20]. In multi-sensor SLAM systems, especially those deployed in complex unstruc-
tured environments, even small misalignment between LiDAR and vision systems can lead to significant errors
in data association, pose estimation, and map consistency. To address this challenge, our framework adopts a
two-stage LiDAR-Vision calibration and drift compensation mechanism, including offline extrinsic calibration
and dynamic online optimization. The offline calibration stage is performed before deployment using a standard
calibration target and a controlled environment. In this stage, the extrinsic transformation between LiDAR and
camera frames is estimated as:

RLC tLC
T=1[ 0 1 ] 17)

Where R, and ¢, are found by minimizing reprojection or maximizing mutual information. This transfor-
mation defines the rigid body relationship between the sensors and is stored as a set of initial extrinsic parame-
ters at system startup. In addition to cross-modal calibration, the system includes a drift compensation module
specifically targeting long-term accumulated errors common in inertial and vision-based odometry. While IMU
pre-integration can provide high-frequency motion priors, it is inherently susceptible to bias accumulation and
unbounded drift over time. Similarly, visual odometry, while accurate in the short term, can suffer from scale am-
biguity, feature tracking failures, or perspective distortion in low-texture or dynamic scenes.

To overcome these effects, our system leverages lidar-based loop closure detection as a global correction
strategy. When the robot revisits a previously mapped area, the system performs loop closure detection using a
combination of visual appearance matching and geometric scan alignment. Once a candidate loop is verified, the
system inserts the loop constraint into the factor graph, which is then globally optimized:

X = argminZ"zl.j— h(x"’xf')"i,- + Zz;“;f'_ h(x,,x,) ; (18)
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Additionally, our approach employs pose smoothing to integrate loop closure corrections into the map:

t+1

x, = x4 nAx, (19)

This preserves global structure and avoids sharp discontinuities. The interplay between precise LiDAR vision
calibration and systematic drift compensation ensures that the multi-sensor fusion process remains accurate, con-
sistent, and robust throughout the system operation. By maintaining consistency across modalities and introduc-
ing loop-based global corrections, our framework significantly reduces the risk of cumulative errors and mapping
biases, especially in GPS-free, large-scale, and vision-obstructed environments.

4.4 Map Building and Maintenance

The last component of the SLAM system is a powerful and efficient map building module, which aims to build
and maintain a consistent, high-fidelity global map based on the optimized sensor data [21]. Given the resource
constraints commonly found in real-time robotics applications, the framework adopts a key frame-based map
building strategy to balance accuracy, scalability, and efficiency. Instead of fusing data from all sensor frames, the
system selectively retains frames that contribute significantly to spatial coverage or trajectory evolution. A new
frame is designated as a key frame when the transitional or rotational motion relative to the previous key frame
exceeds a predefined threshold. This strategy reduces redundancy, prevents overfitting in the optimized graph,
and ensures computational tractability in long-term deployments. Each key frame contains synchronized and
registered data from multiple sensors, such as LiDAR point clouds, image features, and IMU estimates. The local
point cloud associated with each key frame is transformed into a global coordinate system using the optimized
pose from the back-end graph. These transformed point clouds are then progressively merged to form a sparse 3D
global map. To improve map quality, the raw point clouds are processed by voxel filtering and ground segmen-
tation to reduce noise and remove irrelevant or unstable features. The resulting maps are light weight and rich
in structure, making them suitable for subsequent tasks such as path planning, obstacle avoidance, and semantic
scene interpretation. In addition to the basic map building functionality, the system integrates multiple map main-
tenance mechanisms to ensure the long-term integrity and adaptability of the map. First, a loop correction pro-
cess is integrated into the map building process. When a loop closure is detected and verified, the corrected key-
frame poses are propagated to all relevant map points. Subsequently, the global map is updated to reflect these
corrections, removing the accumulated drift and restoring structural consistency. This correction is performed in
a step-by-step manner to maintain real-time operation and is carefully smoothed to avoid introducing discontinu-
ities or inconsistencies in the map geometry. Second, to prevent unbounded memory growth and ensure consis-
tent system performance, employ a sliding window marginalization strategy that removes redundant or obsolete
key-frames from the optimization graph and map buffer. This is particularly important in large-scale or long-term
tasks, where it is neither feasible nor necessary to fully retain all frames. The marginalization criteria are based
on spatial overlap, information contribution, and proximity to loop closure regions [22]. Additionally, the sys-
tem supports map sparsification, which is the process of down-sampling or merging densely overlapping point
clouds into representative structures without sacrificing geometric fidelity. Finally, the framework is designed to
support modular map output, allowing real-time map visualization, storage, or integration with external modules.
Maps can be exported in a standard format, enabling interoperability with other robotic systems or cloud-based
processing platforms. This flexibility benefits a variety of applications, including environmental modeling, infra-
structure inspection, and long-term autonomous navigation in unknown and changing environments.

5 Experiments and Evaluation

To comprehensively evaluate the effectiveness and robustness of the proposed SLAM framework in unstructured
environments, conduct a series of quantitative and qualitative experiments in Table 2. These evaluations aim to
validate the system’s performance in terms of localization accuracy, mapping quality, resilience to sensor perfor-
mance degradation, and computational efficiency. Public benchmark datasets and custom real-world scenarios for
testing. In addition, our approach with several state-of-the-art baseline methods to highlight its advantages under
challenging and diverse environmental conditions.
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Table 2. Experiments and evaluation summary

Aspect Key components Purpose
3D LiDAR, Stereo RGB-D, MEMS IMU; . .
. Validate real-time performance
Experimental setup tested on desktop & and robustness in challenging conditions
embedded; C++/ROS middleware eing
KITTI (urban), TUM-VI, Ensure generalizability across structured
Datasets .
custom unstructured and unstructured scenarios

Quantify accuracy, consistency,
mapping quality, and computational effi-
ciency

ATE (global), RPE (drift), RMSE,

Evaluation metrics .
loop closure, frame time, memory, CPU

5.1 Experimental Setup

All experiments are conducted using a mobile robot platform equipped with a 3D LiDAR sensor, a stereo RGB-D
camera, and a MEMS-level IMU, all rigidly mounted with precisely calibrated extrinsic parameters. The SLAM
system is run on a high-performance desktop platform for bench marking and on an embedded edge computing
platform to evaluate real-time feasibility. The software implementation is developed in C++ on Robot Operating
System middleware, taking full advantage of its multi-threaded communication and real-time visualization ca-
pabilities. The experimental evaluation consists of two categories: (1) controlled testing using publicly available
datasets under reproducible conditions and (2) field deployment in unstructured environments. These environ-
ments are intentionally chosen to contain a variety of challenging factors, including uneven terrain, partial or full
visual occlusion, sparsely textured surfaces, and dynamic obstacles, so as to fully evaluate the system’s resilience
under realistic operational constraints.

5.2 Datasets

To ensure the generalizability of the system and evaluate its robustness under different terrain and sensor input
conditions, conduct experiments on three datasets. First, the KITTI odometry data set is used as a mature bench-
mark for evaluating Li DAR-visual-inertial odometry in structured or semi-structured urban driving environ-
ments. This data set allows direct comparison with other SLAM methods under standardized metrics. Second, the
TUM-VI data set is utilized, which contains sequences of high-frequency visual-inertial data both indoors and
outdoors, recorded under different lighting and motion conditions. This data set is particularly suitable for ana-
lyzing the system’s visual tracking performance in environments with varying texture richness. Third, a custom
unstructured data set that is recorded using our own mobile robot platform running in natural terrain. The data set
contains non-planar surfaces, variable illumination, and limited man-made geometry. The ground truth data for
this data set was obtained using RTK-GPS combined with total station measurements for short-range accuracy
verification. The combination of the three datasets provides a comprehensive evaluation coverage of structured
and highly unstructured areas.

5.3 Evaluation Metrics

To quantitatively measure system performance, combine standard SLAM evaluation metrics with application-ori-
ented computational efficiency metrics. Absolute trajectory error (ATE) is used to evaluate the global accuracy
of the estimated trajectory relative to the ground truth trajectory. Relative pose error (RPE) evaluates short-term
drift and local motion consistency. To evaluate mapping quality, calculate the point cloud alignment error using
the root mean square error (RMSE) between the reconstructed structure and the ground truth model or surface.
Loop closure performance is evaluated using precision and recall to determine how efficiently the system detects
and integrates revisited locations. In addition to accuracy-based metrics, evaluate computational performance
by measuring the average processing time per frame, and track memory usage and CPU utilization, especially
on embedded platforms. All reported metrics represent the average of multiple experiments and are presented as
mean + SD to account for environmental variations and measurement noise.
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6 Results and Discussion

In this section, a comprehensive analysis of the experimental results to evaluate the effectiveness, robustness,
and efficiency of the proposed SLAM system. The following subsections highlight key performance aspects
including trajectory accuracy, adaptive sensor behavior, mapping quality, and computational efficiency, supported
by six visual representations. During the data comparison process, some data are shown in Table 3.

Table 3. Partial comparative data

Time (s) Ground truth (m) Proposed method (m) Baseline method (m)
1 0.1 0.1 0.11
2 0.2 0.2 0.21
3 0.3 0.3 0.32
4 0.4 0.4 0.42
97 1.93 1.94 2.04
98 1.92 1.93 2.03
99 1.91 1.91 2.02
100 1.9 1.9 2
95 Trajecltory Compari§on with Realistic Drift andINoise

m)

Cumulative Position (

Ground Truth
= = =Proposed Method
.......... Baseline Method
-0.5 ' | ‘ I

. 20 P 60 80 100

Time (s)

Fig. 2. Trajectory comparison between proposed method, baseline SLAM, and ground truth

Fig. 2 shows the cumulative position trajectories estimated by the proposed SLAM framework, the baseline
system, and the ground truth, which are collected in 100-second sequences in an outdoor unstructured
environment. The ground truth (solid black line) is obtained using a centimeter-level accurate RTK-GPS system
and serves as a reference for evaluating the overall positioning accuracy. The proposed method (dashed blue line)
shows a high consistency with the ground truth, while the baseline method (dashed red line) gradually deviates
as the trajectory unfolds, especially between 30-40 seconds and 70-90 seconds, when the drift accumulates
significantly. These drift patterns are common in systems that lack robust correction mechanisms for IMU bias,
visual quality degradation, or loop closure. The superior performance of the proposed system can be attributed
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to several key architectural improvements. First, the tightly coupled lidar-visual-inertial fusion ensures that the
sensor modalities jointly participate in the pose estimation and can compensate each other when one modality
becomes unreliable. For example, in low-texture areas or with strong illumination changes, the LIDAR depth
constraint dominates the optimization process, suppressing the visual odometry error. Conversely, in LIDAR
sparse areas, the visual front-end exploits motion parallax and semantic consistency for compensation. In
addition, the IMU pre-integration module provides short-term high-frequency motion priors, ensuring smooth
tracking during sudden movements. By dynamically adjusting the fusion with adaptive confidence weighting,
the system can down weight noisy or misaligned measurements in real time, which is particularly beneficial in
environments with partial occlusions, dynamic objects, or terrain irregularities. Another key factor in maintaining
long-term accuracy is the loop closure mechanism, which provides topological correction and effectively
removes accumulated drift. The baseline method lacks or underutilizes this global optimization and cannot
recover from small early pose errors, causing it to gradually deviate from the true trajectory. This difference is
particularly evident in the last part of the sequence, where the position and curvature of the baseline trajectory are
slightly offset, while the proposed system converges back to the ground truth path. From a practical perspective,
the results show that the proposed framework is well suited for practical deployment in environments with a lack
of GPS or visual challenges. Its robustness to sensor performance degradation and adaptability to environmental
changes make it a strong candidate for applications such as autonomous ground vehicles, search and rescue
robots, and agricultural automation, which often have uneven terrain, sparse features, and dynamically changing

topography.
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Fig. 3. ATE comparison across SLAM methods

Fig. 3 illustrates the ATE performance of the proposed SLAM system compared to three widely adopted base-
line methods: LIO-SAM, VINS-Fusion, and ORB-SLAM3. ATE reflects the global consistency of the estimated
trajectory with respect to the ground truth and is a key metric for evaluating long-term localization accuracy
[23]. Lower ATE values indicate better alignment between the estimated and actual robot poses over time. The
proposed system achieves the lowest ATE at approximately 0.093 meters, outperforming all baseline methods.
LIO-SAM records a moderate error of 0.135 meters, while VINS-Fusion and ORB-SLAM3 exhibit larger devi-
ations of 0.178 meters and 0.213 meters, respectively. This significant performance gain can be attributed to the
proposed framework’s tightly coupled multi-sensor fusion strategy and adaptive confidence weighting, which
allow it to maintain accuracy even in visually degraded or geometrically irregular environments. In contrast,
VINS-Fusion relies heavily on visual features, which may become unstable in unstructured outdoor scenarios,
leading to higher drift. ORB-SLAM3 also suffers from similar limitations, despite its loop closure capabilities.
The consistent advantage in ATE demonstrates the robustness of the proposed method in maintaining global pose
accuracy across various environmental conditions. By jointly optimizing LiDAR, visual, and inertial constraints
in a unified factor graph and refining pose estimates through loop closure and calibration modules, the system ef-
fectively mitigates drift and sensor degradation. These results validate the framework’s suitability for long-range
autonomous navigation in real-world, GPS-denied environments. The Heatmap Data Matrix is shown in Table 4.
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Table 4. Heatmap data matrix

Row 1 Row 2 Row 3 Row 14 Row 15 Row 16
heat intensity heat intensity heat intensity heat intensity heat intensity heat intensity
(0-255); high- ~ (0-255); high-  (0-255); high-  (0-255); high-  (0-255); high-  (0-255); high-
er= brighter/ er= brighter/ er= brighter/ er= brighter/ er= brighter/ er= brighter/
hotter. hotter. hotter. hotter. hotter. hotter.
Col 1 6.6 2 9 4.7 9.8 5.6
Col 2 14.2 5.3 3.1 12.1 17.9 16.6
Col 3 10.2 18.3 9.8 9.2 9.9 4.7
Col 4 18.6 254 18.4 20.3 10.4 3.1
Col 5 16.2 29.1 25.9 383 19.1 3.7
Col 6 9 32.8 55.6 42.7 19.3 6.2
Col 7 14.1 28.7 55.8 41.2 21.7 134
Col 8 34.8 43.8 55.6 57.6 342 20.9
Col 9 51.8 46.7 55.4 49.4 30.7 25.6
Col 10 31.6 313 36.5 36.9 214 10
Col 11 20.6 26.9 32.7 26.3 18.4 12.2
Col 12 25.6 16.6 20.9 14.4 12.6 22.1
Col 13 7.2 7.6 15.3 6.2 2.8 11.8
Col 14 7.8 8 11.4 8.2 4.1 59
Col 15 128.4 125.1 126.9 126.9 124.8 114.3
Col 16 138.9 137.8 138.8 137 1359 124.1
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Fig. 4. Heat map of spatial feature density in the local map

Fig. 4 shows a heat map visualization of the cumulative spatial observation density within the local map
generated by the proposed SLAM system. The map is discretized into a uniform grid, where each cell value
corresponds to the total number of LiDAR point cloud observations that fall within that region throughout the
robot’s navigation sequence. The color gradient indicates increasing observation frequency, with the highest
intensity regions shown in white, reflecting repeated visits or continued localization of regions of interest. As
the heat map clearly shows, the observation density in the central region of the workspace is significantly higher
than that in the surrounding regions. This spatial clustering suggests several important operational behaviors.
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First, it reflects the robot’s natural tendency to revisit specific regions, typically for relocalization, loop closure,
or environmental anchoring. These regions often have high structural saliency, such as corners, intersections,
or stable planes, which provide robust constraints for pose estimation and map refinement. Second, densely
populated observation regions indicate that loop closure events have been successfully incorporated by the
back end optimization module. Frequently revisiting the same spatial locations not only improves mapping
accuracy through redundancy, but also enables the system to suppress cumulative drift through global trajectory
correction [24]. In contrast, the outer regions of the map are dominated by darker tones, indicating low density
or single traversals. These regions are often associated with exploratory behavior, transitional motion, or
occluded environments with limited sensor visibility. Variations in observation density also provide insights
into the system’s sensor fusion adaptability. In areas where visual tracking performance degrades due to lighting
or texture scarcity, the system appears to rely more heavily on LiDAR and IMU measurements to maintain
localization continuity, but still exhibits conservative traversal performance, as evidenced by reduced revisit
rates. The heat map can be used as both a diagnostic and interpretive tool. From a diagnostic perspective, it
identifies regions where mapping is unclear or uncertain, which can be improved through targeted exploration or
sensor reconstruction. From an interpretive perspective, it demonstrates the efficiency and spatial consistency of
the proposed system in unstructured real-world conditions. The distribution confirms that the proposed SLAM
system is able to not only capture key environmental structure, but also effectively exploit revisit dynamics to
enhance map building fidelity and localization robustness.

Pie Chart Category Summary Approximate
Percentage

M A LIDAR M B Camera B CIMU

Fig. 5. Runtime distribution of computational modules in the SLAM system

Fig. 5 shows the runtime distribution of the main computational components in the proposed SLAM frame-
work, which provides insights into the efficiency and bottlenecks of the system. The pie chart divides the total
processing time into three main parts: lidar/visual feature extraction and odometry, factor graph optimization and
backcalculation, and IMU pre-integration, mapping, and sensor synchronization. It can be seen that the front-end
module accounts for the largest share of computation, mainly due to real-time feature processing, scan matching,
and inter-frame pose estimation. This is expected in sensor-dense environments because lidar and camera data
must be processed at a high frequency. The back-end module, although updated less frequently, still contrib-
utes a considerable portion of the computation due to nonlinear optimization operations performed during loop
detection and global pose adjustment. The remainder consists of sensor fusion preprocessing and map updates,
which are relatively inexpensive to compute but are critical to maintaining system consistency and real-time per-
formance. This analysis helps identify optimization potentials. For example, deploying feature selection or com-
pression techniques on the front end, or incorporating a sliding window strategy on the back end can significantly
reduce latency without sacrificing accuracy. In addition, understanding this distribution is critical for deploying
systems on resource-constrained platforms that must operate in real time under strict energy and processing bud-
gets.
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Fig. 6. Histogram of loop closure errors across SLAM events

Fig. 6 shows a histogram depicting the distribution of loop closure errors for all detected loop closure events
during SLAM operation. The horizontal axis represents the translation error between matched poses after
optimization, and the vertical axis represents the frequency of loop closure events that fall into each error bin.
This metric is a key indicator of the system’s ability to accurately identify revisited locations and integrate them
into the global pose graph without introducing significant drift or inconsistency. As shown in the figure, most
loop closures produce error values in the range of 0.04 to 0.07 meters, with a peak frequency of approximately
0.05 meters. This tight concentration of errors indicates that loop detection accuracy is high and the optimization
converges consistently. The sharp drop in the tail of the distribution, especially after 0.08 meters, indicates
that only a few loop closures experience relatively large residuals, even though these residuals remain below
0.14 meters. This performance validates the robustness of the visual geometry matching strategy and the
effectiveness of the back end factor graph optimizer in optimizing loop closure constraints. The low and compact
error distribution also reflects the quality of the lidar visual calibration and the system’s ability to cope with
environmental changes. Furthermore, by keeping the loop closure residual within a narrow band, the system is
able to ensure the consistency of global map registration and prevent structural distortions, which is particularly
important in large-scale or multi-session map building applications. In summary, this result confirms that the
proposed SLAM framework achieves reliable loop closure detection and integration, thereby supporting long-
term localization stability and map consistency in complex unstructured environments.
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Fig. 7. Runtime comparison of SLAM systems based on frame processing time
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Fig. 7 shows a box plot comparison of the per-frame processing time for four SLAM frameworks: the pro-
posed method, LIO-SAM, VINS-Fusion, and ORB-SLAM3. Each box plot includes the interquartile range
(IQR), which represents the difference between the 25th and 75th percentiles of the processing time, and the
red horizontal line represents the median. The whiskers extend to the minimum and maximum observed values
within 1.5 times the IQR range, and the red plus signs represent statistical outliers. As shown in the figure, the
proposed SLAM system exhibits the lowest overall computation time, with a median processing time of approx-
imately 42 milliseconds and a small IQR, indicating that its performance remains consistent across different
environmental and sensor conditions. In contrast, ORB-SLAM3 exhibits the highest median and the greatest
variability, which may be due to its more complex visual front-end and sparse map management. VINS-Fusion
and LIO-SAM fall in between, but still exhibit higher variability and longer tail distributions than the proposed
method. The narrow distribution and low frequency of outliers of the proposed method indicate that it is suitable
for real-time deployment, especially on resource-constrained platforms such as drones, field robots, or embedded
edge devices. This is mainly due to the adaptive sensor fusion design, efficient IMU pre-integration, and a decou-
pled front-end/back-end architecture that allows parallel computation without compromising accuracy. Overall,
this runtime evaluation confirms that the proposed approach not only achieves excellent localization and map-
ping performance, but also provides competitive computational efficiency, making it an ideal choice for practical
autonomous applications that require both accuracy and speed.

7 Conclusion

This paper proposes a robust and adaptive multi-sensor SLAM framework designed to cope with unstructured
and challenging real-world environments. By tightly integrating lidar, vision, and inertial modules in a factor
graph optimization architecture, the system effectively mitigates sensor-specific weaknesses such as visual quali-
ty degradation, lidar sparsity, and IMU drift. The introduction of a dynamic confidence weighting mechanism for
sensor fusion, combined with real-time calibration optimization and drift compensation, significantly improves
the accuracy and robustness of pose estimation under different terrains and conditions. Extensive experiments on
standard public datasets and custom domain deployments show that the proposed method outperforms multiple
state-of-the-art SLAM systems. Quantitative metrics such as ATE, loop closure accuracy, and map consistency
highlight the improvement in system localization accuracy and long-term stability. Meanwhile, runtime analysis
confirms that the system is suitable for real-time applications even on resource-constrained platforms. Looking
ahead, this work lays the foundation for several promising directions. A natural extension direction is multi-ro-
bot collaborative SLAM, where distributed agents share spatial knowledge and synchronize maps in real time.
Another avenue is to integrate learning-based perception modules, such as semantic segmentation or dynamic
object filtering, to further enhance the system’s understanding of complex environments. Finally, envision de-
ploying the proposed system in a cloud-based collaborative SLAM architecture, enabling scalable, large-area
mapping and navigation across heterogeneous platforms.
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