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Abstract 
Simultaneous Localization and Mapping (SLAM) always contains a core challenge for 
autonomous systems, that is, single-sensor architectures are often not enough in 
complex real-world environments. We propose a theoretical framework that combines 
stereo vision, LiDAR, IMU, and GPS, achieving high precision and robustness by adding 
their complementary strengths. The framework systematically addresses sensor fusion, 
state estimation, loop closure, and map representation, and also lays out a perfect 
experimental blueprint. The challenging aim is to orient SLAM research toward practical 
autonomy, with a focus on robustness, accuracy, and computational efficiency. 
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1. Introduction 

Solving SLAM is central to achieving full autonomy for mobile robots, UAVs included, and a 
dependable system must simultaneously build a map and track its own pose within it. Although 
existing research has produced mature solutions for controlled settings, deploying SLAM in 
unstructured, dynamic real-world environments remains difficult because every sensor type has 
inherent weaknesses-vision degrades under poor lighting or low texture, LiDAR gives accurate 
geometry but at heavy computational cost and with sparse clouds, IMUs supply high-rate data yet 
drift over time, and GNSS (e.g., GPS) provides absolute fixes but loses reliability indoors or in urban 
canyons. Our argument is that high precision and resilience stem not from perfecting any single sensor 
but from fusing complementary ones; multi-sensor fusion has become essential to counter these 
deficits, and by combining stereo cameras, LiDAR, IMU, and GPS, a SLAM system can keep 
performing even when some inputs deteriorate. Accordingly, the research emphasis shifts from 
single-stream algorithms to architectures that cope with heterogeneous, asynchronous data and 
produce a unified state estimate [1]. This paper delivers a theoretical review of how these sensors 
cooperate, adopting a hierarchical state estimation model with factor-graph optimization as the 
backbone, and integrating visual features, LiDAR returns, IMU preintegration terms, and GPS 
coordinates as probabilistic constraints [2]. The contributions are threefold: a systematic fusion 
strategy covering the full sensor suite, a unified handling of sparsity, synchronization, and outlier 
rejection, and an end-edge-cloud resource allocation perspective bridging theory and deployment. 
Ultimately, this review serves as a foundational reference for future robust autonomous navigation. 

2. Literature Review 

SLAM research has undergone substantial evolution from its early days, with successive waves 
emphasizing different mathematical formalisms and sensor configurations. A comprehensive 
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historical account is offered by the influential work of Cadena et al., who partition the field into the 
classical age (dominated by probabilistic filtering), the algorithm-analysis age (concerned with 
computational efficiency and data association), and the ongoing robust-perception age (focused on 
high-level understanding and sustained long-term operation) [3]. The earliest foundations rested on 
filtering approaches-above all the Extended Kalman Filter (EKF-SLAM) and Rao-Blackwellized 
Particle Filters (FastSLAM)-which sequentially updated a joint posterior over robot poses and 
landmarks. Yet EKF-SLAM’s linearization errors and its computational burden in large environments 
eventually prompted a major reorientation. 

Today, nonlinear optimization has overwhelmingly taken over as the dominant paradigm. Casting 
SLAM as a pose-graph optimization solved via sparse least-squares minimization marked a genuine 
turning point [4]. This graph-based strategy, which underpins systems like ORB-SLAM, proves both 
more accurate and better able to scale to large environments through loop closures [5]. The 
achievements of visual-inertial navigation are especially visible in tightly integrated systems such as 
VINS-Mono, which exploits preintegration theory to combine IMU readings with visual observations 
inside a fixed-lag smoothing framework [6]. The formalization of keyframe-based visual-inertial 
odometry via nonlinear optimization, and its demonstration of real-time capability on resource-
limited platforms, was later advanced by Leutenegger et al. [7]. 

In parallel, LiDAR SLAM has progressed considerably, with algorithms like LOAM attaining high 
precision by decoupling high-frequency odometry from lower-frequency mapping [8]. That said, 
fusing LiDAR with other sensors is a more recent and still highly active research frontier. Some 
studies have investigated loosely coupled fusion, where independent odometry estimates from 
separate sensors are combined, while others have pursued tightly coupled fusion, where raw 
measurements are fed directly into the optimization. The latter generally yields superior accuracy, 
albeit at greater computational expense. The inclusion of absolute GPS measurements to counteract 
drift in VIO or LIO (LiDAR-Inertial Odometry) is essential for large-scale navigation, as explored in 
systems like VINS-Fusion [9]. 

Despite these advances, a notable gap remains in the theoretical literature. Numerous studies 
concentrate on fusing just two sensors-say, vision plus IMU or LiDAR plus IMU-but a holistic 
theoretical framework that explicitly models the quadruple combination of Vision, LiDAR, IMU, and 
GPS is far less common. Many existing solutions are also architected as monolithic software blocks, 
with comparatively little theoretical attention directed toward the computational infrastructure needed 
for real-time execution on UAVs. Furthermore, the theoretical handling of severe sensor degradation, 
and the fusion of semantically rich visual information with geometric LiDAR data for robust 
dynamic-object handling, remains an open challenge [10]. The present review aims to bridge this gap 
by synthesizing a unified theoretical framework that approaches multi-sensor fusion from end to end-
starting from probabilistic modeling and extending all the way to computational architecture-thereby 
furnishing a principled foundation for systems that are not merely accurate, but also robust and 
efficient. 

3. Multi-Sensor Data Fusion: Complementary Strengths and Theoretical 
Foundations 

The success of multi-sensor SLAM rests on how well complementary modalities are integrated. 
Stereo vision delivers texture and color for feature matching but degrades in poor light or low-texture 
areas; LiDAR gives accurate, illumination-invariant geometry, yet its point clouds are sparse and 
expensive to process; IMUs supply high-rate motion cues but drift over time due to bias; and GPS 
offers absolute positioning, though it fails indoors or in GPS-denied zones. Fusing these streams relies 
on Bayesian estimation-specifically, estimating the posterior over trajectory and map given all 
observations. Since exact computation is infeasible, two approximation families dominate: filtering 
and smoothing. Filters like the Extended Kalman Filter (EKF) recursively update the current state, 
are computationally light, but suffer linearization errors, struggle with non-Gaussian noise, and 
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cannot re-linearize past states after new information (e.g., a loop closure). That is why graph-based 
optimization (a smoothing method) has become the standard for high-precision SLAM. It builds a 
graph with nodes as robot poses at keyframes and edges as probabilistic constraints from sensor 
measurements-IMU gives tight successive-pose constraints, visual features link multiple keyframes, 
and loop closures or GPS add long-range constraints to correct drift. Solving this amounts to a 
Maximum a Posteriori (MAP) problem, reducible to nonlinear least squares, minimizing weighted 
squared errors. The framework is modular, allowing new sensors to be added as extra constraints 
within the same optimization. 

4. State Estimation: Graph-Based Optimization and Key Constraints 

Graph-based optimization provides a flexible backbone for multi-sensor state estimation by modeling 
nonlinear pose-measurement relationships within a single mathematical structure. The graph has 
nodes (robot poses-3D position and orientation-at keyframes) and edges (factors) that encode 
probabilistic constraints, through which sensor data enter the system. Several factor types arise: 
odometry factors from high-frequency sensors, notably the IMU preintegration factor, which 
constrains relative motion between consecutive keyframes using integrated accelerometer and 
gyroscope readings, giving a high-rate but drift-prone prior; visual factors from observing 3D 
landmarks, where each feature detection creates a reprojection-error constraint linking the keyframe 
pose to the landmark’s 3D position (stereo vision enables direct landmark initialization); LiDAR 
factors via scan-matching (ICP or NDT) that align point clouds across keyframes to produce relative 
pose constraints; GPS factors that provide absolute position constraints in a global frame (e.g., UTM) 
to counteract drift; and loop-closure factors, which are most powerful for global consistency-when 
place recognition detects a revisited location, a constraint is added between the current and historical 
poses, and after optimization this corrects drift along the entire loop. Solving the resulting nonlinear 
least-squares problem minimizes the sum of squared Mahalanobis distances of all residuals. Modern 
solvers exploit the graph’s sparse connectivity (mostly temporal or loop-closing links) for efficiency, 
yielding a maximum-likelihood estimate of trajectory and map that balances high-frequency relative 
constraints (IMU/odometry) against absolute and global ones (GPS/loop closures). 

5. Loop Closure and Mapping Theory 

Loop closure and mapping are essential beyond state estimation for sustained long-term operation 
and for producing a usable spatial model. Loop-closure detection eliminates drift and acts as long-
term memory through two steps: place recognition (comparing current input-e.g., bag-of-words for 
visual features or scan-context for LiDAR-against a past database) and constraint integration. Once a 
match is found, geometric consistency must be verified (e.g., via RANSAC) to avoid false positives; 
after verification, a new factor is added between the two poses and the graph is re-optimized, 
distributing error correction across the entire trajectory and greatly improving global accuracy. 
Mapping builds a world model from the optimized trajectory and raw data. The representation 
depends on the application: a dense point cloud (from aggregated LiDAR scans or stereo depth maps) 
is straightforward but storage-heavy; a Truncated Signed Distance Field (TSDF) fuses depth 
measurements into a grid storing distance to the nearest surface, enabling high-quality reconstruction 
and handling noise; for navigation, lighter options like occupancy grids or elevation maps suffice. 
The cutting edge is semantic mapping, which adds object-level labels (e.g., “car,” “building,” “road”) 
by fusing pixel-wise semantic predictions from a deep neural network on camera images with the 
geometric map. Such semantic maps enable higher-level reasoning-e.g., understanding that a 
sidewalk is passable for pedestrians but not vehicles-substantially boosting autonomy and intelligence. 

6. Theoretical Analysis of Experimental Validation 

Validating the theoretical principles above requires rigorous experimentation. Though this paper is 
purely theoretical, we outline a validation framework with challenging test scenarios and quantifiable 
metrics for accuracy, robustness, and efficiency. Scenarios should stress different aspects: an “Urban 
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Canyon” with tall buildings blocking GPS and causing multipath tests reliance on VIO and LiDAR 
when absolute positioning fails; a “Low-Light/No-Texture” environment like a tunnel or at night 
challenges the visual front end, assessing LiDAR-IMU fusion robustness; and a “High-Dynamic 
Environment” like a crowded square tests dynamic-object handling and outlier rejection, requiring 
the system to separate static background from moving clutter to avoid map corruption. Performance 
would be measured by standard metrics: Absolute Trajectory Error (ATE) as root-mean-square error 
against ground truth for global accuracy; Relative Pose Error (RPE) for local odometric drift over 
short segments; map accuracy via point-to-point distance against a ground-truth model; 
computational latency (per-frame time and global optimization duration after loop closure) for real-
time confirmation; and robustness as catastrophic failure rate (complete track loss) across multiple 
runs. A well-founded system should achieve low ATE and RPE, high map fidelity, acceptable latency, 
and near-zero failure rates across all scenarios. 

7. Discussion 

This paper presents a theoretical SLAM framework that fuses stereo vision, LiDAR, IMU, and GPS 
via graph-based optimization, leveraging their complementarity to surpass single-sensor limits. It 
covers probabilistic state estimation using factor graphs, loop closure, map representations, and a 
validation framework with standard metrics and challenging scenarios. Several limitations persist: 
the framework assumes near-perfect calibration, though in practice vibration or temperature shifts 
cause drift, so online self-calibration jointly estimating calibration parameters with the SLAM state 
is needed; dynamic environments demand richer probabilistic data-association that tracks moving 
objects rather than rejecting outliers; the implicit assumption of unlimited computation is unrealistic, 
as fusing dense visual and LiDAR data in large-scale settings creates heavy optimization problems, 
requiring scalable solutions like pose-graph compression, incremental smoothing, and distributed 
computation across end-edge-cloud architectures; and semantic vision data and LiDAR geometry are 
often fused only post-hoc, whereas tighter integration in geometric-semantic SLAM-where semantics 
actively refine geometric estimates-would yield more intelligent navigation. 

8. Conclusion 

This research and imagination offer a foundational framework for multi-sensor fusion in SLAM, 
which is built on a unified graph-based optimization that integrates stereo vision, LiDAR, IMU, and 
GPS to achieve robustness and high precision where single-sensor systems fail. It systematically 
covers state estimation, loop closure, and mapping. The limitations are: computational scalability, 
and loose semantic-geometric coupling-define a clear future research agenda, sensor calibration drift 
and dynamic environment handling. Addressing these challenges will allow the proposed principles 
to evolve into deployable systems, improving autonomous navigation toward the reliability that 
complex real-world applications demand. 
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