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Abstract. Robots operating in unfamiliar and unstructured surroundings can now perform better with Simultaneous
Localisation and Mapping (SLAM) thanks to dynamic sensor fusion. By building a system that can adaptively combine the
data streams of vision, inertia, and LiDAR through online reliability analysis and dynamic weight adjustment, this work aims
to address the long-standing problems of robust real-time localisation and mapping (SLAM). To increase the system's
resilience to sensor dropouts, environmental variations, and abrupt scene changes, continuously evaluate each sensor's
degree of trust in the suggested system and dynamically modify its weights while it is in use. The approach has been proven
to reduce root-mean-square trajectory error by more than 30% when compared to static fusion and single-modality baselines,
and it has been confirmed in both structured indoor and challenging outdoor experiments. The findings of the robustness
test demonstrate that the system can still map and locate the robot normally after 40 frames following a sensor failure.
According to ablation research, both are required for online reliability estimation and adaptive fusion to operate consistently.
The aforementioned findings indicate that the technique has been refined to lower the mean latency to less than 40
milliseconds for designing real-time processing. In general, this approach has raised the bar for SLAM's resilience, precision,
and effectiveness in domains lacking prior information and environmental consistency presumptions.
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Introduction

Many high-level accomplishments in self-navigating ground vehicles, aerial drones, and other complex-
environment industrial and service robots have been made possible by the application of Simultaneous
Localisation and Mapping (SLAM) in the creation of autonomous robotics [1]. In order to enable safe and
adaptable operation of robots in real surroundings, SLAM aims to have a system jointly develop a model of the
environment and its own location in the absence of a pre-built map. Over the past few decades, this subject has
garnered substantial research [2]. For high-demand applications, such as extended-range exploration,
infrastructure inspection, dynamic logistics, etc., robust localisation and trustworthy mapping are currently
required; manual operation or global reference systems cannot be used [3]. Many researchers have integrated
the benefits of multiple sensors, including cameras, IMUs, and LiDAR, to create high-precision, stable, multi-
modal systems, even though the previous work only employed one type of sensor [4]. Robots can avoid issues
like moving objects, a lack of roughness in the surroundings, and sensor noise by combining these numerous
sensors in a variety of settings [5]. However, sensor bias, perceptual aliasing, and abrupt changes in scene
structure make typical SLAM pipelines vulnerable to failure in open or unfamiliar situations [6].

Recent studies on multi-sensor fusion have been conducted in light of the aforementioned issues. Integrate a
variety of sensory data to enhance position and orientation accuracy and solve issues that a single sensor model
may have, such as drift, range ambiguity, scale inconsistencies, etc. [7]. Additionally, dynamically fused sensor
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fusion techniques have demonstrated good performance in handling non-stationary settings and automatically
modifying the weightings of different sensors to adapt their influence on the fly [8]. In order to identify outliers
and quantify measurement uncertainty, state-of-the-art techniques include statistical models, confidence-
weighted filtering, or learning-based procedures. They can also consistently recover following a sensor failure
[9]. Even though the aforementioned are useful, many of the existing approaches rely on static fusion strategies,
heuristic parameter tweaks, or inadequate adaptation to new contexts, making them unsuitable for responding
to large or abrupt changes in the environment [10].

This study presents a dynamic, context-aware sensor fusion technique for new-generation SLAM applications in
light of current technological shortcomings and the need to employ autonomous systems in unique and
unpredictable situations. A multi-sensor fusion structure has been used to improve the accuracy of the map and
strengthen the robustness of SLAM in order to adapt to various changes in the working environment. In light of
the necessity for self-tuning and fault-tolerant characteristics in the fusion process, this study attempts to
address the existing issues with SLAM systems in uncontrolled environments, hence offering new paths for
autonomous exploration and operation in real-world scenarios.

Related Work

Progress and Challenges in SLAM for Unknown and Unstructured Environments

The topic of autonomous mapping without previous information in many situations has improved with the
development of Simultaneous Localisation and Mapping (SLAM), which has progressed from early probabilistic
filtering models to scalable systems based on factor graphs and pose graph optimisation [11]. SLAM systems are
currently not very stable in unfamiliar or unstructured contexts, though; problems including perceptual aliasing,
dynamic scene features, and environmental ambiguity frequently result in inconsistent mapping or localisation
failure [12]. Dealing with moving objects, maintaining trajectory accuracy in low-feature or textureless areas,
and recovering from localisation loss in unpredictable places are recurring issues [13].

Although many conventional SLAM algorithms still make simplifying assumptions or employ fixed thresholds
that limit their practical applicability, researchers have recently worked to increase the robustness of SLAM
systems in non-stationery and feature-scarce situations [14]. Even while some modern methods that combine
LiDAR and vision-inertial data have done rather well in challenging conditions, they still have issues including
uneven sensor distribution, sensitivity to changes in light, and relatively substantial mapping errors in dense
areas [15].

Advances and Limitations in Multi-Sensor Fusion

Currently, multiple-sensor fusion is needed to integrate complementary data from vision, IMU, and LiDAR in
order to guarantee the stability and accuracy of SLAM initialisation and trajectory tracking under uncertainty
[16]. Probability-based fusion techniques, like factor graph optimisation and Bayesian filtering, have been
applied to increase data association reliability and robustness to partial sensor failures [17]. The majority of
existing multi-sensor SLAM systems are not suitable for situations with sudden or unpredictable changes in
operation because they either use empirical, manually calibrated weights or have preset fusion parameters [18].

As contemporary sensor systems have evolved, a variety of types have progressively emerged, and issues
including disparate collection schedules, uneven measurement rates, and sensor drift are now rather significant
[19]. These fusion frameworks' calibrations, inadequate temporal synchronisation, and restricted real-time
processing capabilities limit their practical adaptability and scalability, particularly when dealing with abrupt
sensor changes or environmental disruptions [20].

Shortcomings of Current Dynamic Fusion Approaches and Research Gap

Even while adaptive fusion has advanced, many dynamic approaches still rely on heuristic outlier rejection
procedures or preset uncertainty models, which makes them vulnerable to real-world changes [21]. Algorithms
are not really context-aware since they may perform poorly or become unstable in situations including sudden
sensor deterioration, abrupt changes in the environment, or malevolent adversary interventions [22]. Though
they may overfit to the training environment and fail to explain actions in safety-critical applications, learning-
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based dynamic fusion techniques are similarly promising but come with computational costs and generalisation
hazards [23]. One major unresolved issue in SLAM research is autonomous and dependable performance in
unpredictable or dynamic contexts that is nonetheless effective and comprehensible [24].

Consequently, creating SLAM frameworks that are both context-aware and self-adaptive remains a significant
research challenge; that is, they must be able to dynamically react to both gradual and abrupt changes in the
operating environment, intelligently modify sensor weights, and robustly filter out outlier information. For usage
in the state-of-the-art of robot research and application, a technique for continuous, dependable SLAM in
extremely wide or unconstrained environments has been devised to solve this shortcoming [25].

Theoretical Framework

System Framework Overview

To accomplish robust, real-time localisation and mapping in unfamiliar and challenging situations, a modular
and hierarchical architecture has been developed for the suggested dynamic sensor fusion SLAM system. LiDAR,
inertial, and optical sensors are the three types of data sources used at the bottom of the system to create a
SLAM back-end. In order to get continuous motion priors in the event of visual obstruction or scan sparsity, the
core data flow starts with a synchronised acquisition of high-rate inertial measurements. Hybrid geometric and
photometric tracking is used because inertial inputs are time-synchronized with visual observations from a multi-
camera array, such as a stereo or RGB-D system.

Planar patches, edge points, and other conspicuous geometric features that are resilient to both texture-poor
and intensely lighted circumstances are retrieved for dependable registration after the raw LiDAR scans are
processed independently using a solid feature extraction method. To increase the global map's consistency over
a long baseline and lessen visual ambiguity, add a set of sparse restrictions from each LiDAR scan to the joint
optimisation layer.

During the bundle adjustment of multi-sensory constraints, a global fusion engine acts as the system's
computational hub and dynamically modifies the degree of confidence or impact of each sensor stream. The
signal-to-noise ratio, field-of-view occlusion, and scene-dependent deterioration effects of all sensory inputs are
calculated using an online sensor reliability estimator. All multi-rate sensor data will be combined into a tightly-
coupled factor graph model using real-time calibration and temporal synchronisation procedures.

The corresponding modules for sensor-specific preprocessing, data association, spatial-temporal alignment, and
outlier rejection are all rather straightforward, as seen in Figure 1. The modules are linked to the higher
optimisation module, and the global optimum of the platform's trajectory and the environment map's structure
are found using probabilistic inference and direct optimisation. Because the system is plug-and-playing
adaptable, future additions of new sensor types can satisfy real-time needs for unstructured and unfamiliar
settings.
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Figure 1. System Architecture of Dynamic Sensor Fusion SLAM: Synchronized Multi-Sensor Streams, Dynamic Fusion Engine, and
Centralized Optimization Block.

Dynamic Sensor Fusion Algorithm

Our SLAM framework's dynamic fusion algorithm is based on an accurate and flexible integration technique for
a variety of sensors in the face of real-world uncertainty. The system's fusion engine continuously gathers data
from all sensor streams, including vision, inertia, and LiDAR, and dynamically modifies the weights of this data
based on scene conditions and signal strength.

In order to minimise noise in inertial data, detect reprojection errors in visual features, and confirm geometric
consistency of LiDAR points, the raw sensor data will be debiased and filtered at the time of acquisition. The
multi-sensor graph propagates only well-conditioned measurements. As a result, misleading local minima in the
downstream optimisation are prevented and the spread of correlated noise is decreased.

The core of the dynamic fusion is an online sensor trust evaluator, which quantifies each sensor's instantaneous
reliability using both statistical and information-theoretic metrics derived from their recent performance history.
The adaptive weight wit assigned to each sensor i at time t is computed as a normalized function of predicted
measurement covariance, spatial consistency, and real-time entropy of observations. The fusion update rule for
the robot's state vector X, thus considers the full weighted multi-sensor information, in contrast to conventional
static models.

N
X; = arg min ;z wi||zi — h,'(xt)”;i_t1 Eq.(1)

X é
t i=1

Here, z; . denotes the observation from sensor i at time ¢, h; is the corresponding observation model, Z;, the
covariance, and w} they learned reliability.

Sensor weights are updated recursively based on a predictive reliability score, which incorporates the last K
time steps and penalizes abrupt deviations via a temporal smoothing prior:

Wt — exp (—aSirt)
"X exp(—aS;,) Ea.(2)

where S; ; is a composite score reflecting the Mahalanobis innovation distance, entropy variation, and transient
failure flags, and a is a sharpening parameter ensuring rapid downweighting of unreliable streams.

For handling outliers and sudden sensor failures, we introduce a two-stage rejection mechanism. First, a
statistical innovation test detects anomalous updates by thresholding the normalized residuals:
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) 1/2
Reject: ”Zi,t — hi(xt)” >y (tr(ZirtD Eq.(3)
where y is adaptively set based on the ambient environmental variability.

Secondly, at the graph level, loop-closure and global consistency checks utilize a robust loss function from the
generalized M-estimator class, markedly suppressing the effect of isolated or persistent outliers within the multi-
sensor trajectory reconstruction:

EZ

P =17 1

,&€ € { All residuals in the fused factor graph } Eq.(4)

In addition to these measures, the algorithm dynamically estimates the uncertainty envelope for each state via
higher-order unscented transforms, propagating both sensor noise and process uncertainty through nonlinear
dynamics:

2L+1

P, = Z O [f L ue1) = X (X ueq) — %7 Eq.(5)
m=1

where f is the nonlinear prediction model, u;_; the control input, w,, weights, and L the system state
dimension.

The fusion process actively leverages cross-modality correlation by quantifying mutual information between
sensors at each step. If the mutual information of a given sensor falls below a dynamic threshold, its relative
weight is automatically decreased in the fusion scheme:

I(Zi,t; Zj,t') <T= Wlt l Eq(6)

This tightly-coupled and context-aware fusion mechanism enables the SLAM system to sustain high-precision
mapping and localization even as underlying sensor conditions, scene statistics, or operational complexity evolve
unpredictably.

Adaptivity to Unknown Environments

A flexible mode that can adapt to changes in this state and automatically alter algorithm behaviour in real time
is necessary given the current unpredictable operational environment. To allow the fusion engine to
systematically modify the operation of sensors, noise models, and failure response mechanisms in response to
changes in the environment and sensor health, a Layered Adaptivity Module has been introduced to the
proposed framework.

Environmental awareness is achieved by constructing a compact set of environmental descriptors at each time
step. These descriptors encapsulate feature density, motion saliency, illumination variance, and geometric
structural cues extracted from sensor data streams. The system maintains a real-time environmental complexity
score, C;, derived by aggregating spatiotemporal statistics and recurrence indicators over a sliding window. This
metric is fundamental to modulating the system's estimation confidence and fusion aggressiveness. The
environment-aware adjustment of fusion fidelity is formalized as:

1
1+ exp (—k(C; — Co)) Ea.(7)

Be

where f3; acts as a non-linear gating factor for measurement covariance inflation, C, is the nominal complexity
baseline, and k controls the sharpness of adaptivity. When C; rises, for example due to rapidly changing
appearance or dense dynamic obstacles, the system inflates measurement noise covariances, thereby
automatically reducing the influence of less reliable sensor updates in the optimization.

In parallel, the SLAM engine continuously monitors each sensor's functional status by integrating cross-modal
consistency checks and internal quality scores. Sensor health is scored through a recurrent evaluation
framework, producing a vector h; that captures recent failure modes, dropout rates, and drift trends. This vector
modulates the sensor trust parameters and triggers redundancy logic:

h, = ;std(z;e—r.e) + A,A7;, + A3 farop i Eq.(8)
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where std(zi,t_”) is the rolling standard deviation of the sensor's measurements over a temporal window
T,Ar;, represents the rate of innovation change, fy.p,; is the dropout count, and 4, are sensor-specific
weighting coefficients.

The system's fault-tolerant mode will be triggered if a protracted decline in sensor quality or hardware
breakdown is detected. This procedure will enhance the uncertainty of the compromised measurements and
automatically reroute fusion priorities to the more dependable modalities. The method will transition to a
conservative state-propagation mode if a missing sensor is necessary for geometric observability, and it will
continue to do so until the sensor health improves.

Together, environmental sensitivity and autonomous sensor health management preserve the SLAM system's
accuracy and stability in the face of abrupt environmental changes, significant obstruction, or partial sensor
failure. Building an adaptive, robust autonomous system that can operate regularly in unfamiliar circumstances
is therefore essential.

Experimental Procedures

Experimental Platform and Scenarios

Atactically positioned high-frequency inertial measurement unit (IMU), a stereo vision system with synchronised
global shutter cameras, and a cutting-edge multi-beam LiDAR are all features of the experimental platform.
Every module should be fixed to lessen the impact of outside disturbances, and calibration should be done
continuously on uneven terrain and during high-dynamic manoeuvres. With an end-to-end pipeline response
time of less than 50 milliseconds, the onboard computational stack is a real-time Linux distribution with a Jetson
Xavier AGX for high-level parallel perception and adaptive fusion.

Experiments will be carried out both outside and in a challenging indoor environment. A sizable industrial area
with shiny surfaces, high illumination gradients, both stationary and moving objects, and a variety of occlusion
and appearance aliasing scenarios is used to construct up indoor trajectories. Rough terrain, grass and gravel,
shifting sunshine, shadow passages, and dynamic occlusions from moving targets and ambient elements like fog
are all characteristics of outdoor missions. To find module failure sites, stress tests are conducted on each sensor
independently before integrating them all. Every deployment is continually validated using closed-loop
calibration targets, and sub-millisecond time synchronisation and high-precision spatial calibration are always
maintained. figure 2 depicts the sensor's topology, fields of view, and rationale for layout; for simplicity, this
picture will be cited frequently in the ensuing analysis.

223



Dynamic Sensor Fusion Algorithm Enhances SLAM Performance in Unknown Environments
https://doi.org/10.64972/jaat.2025v3.205p17e:218-233

Robot Platform Core

0?}0 :
D
) ¢ el o
ereo Vision Camera Real-Time Calibration IMU Sensor - 6-DOF

- High Resolution, Wide FoV - & Synchronization Inertial Measurements

g @

Edge Computing
120° Front Unit

3 | fedm fiies niioritan
. 5 \ /
Field-of-View ~ -
- _ 360° Surround
120° Multi-Beam LiDAR Field-of-View
~ 360° Dense 3D Mapping s ) \\
Direct geometric percaption, |

robust to lighting

Captures 3D structure
and appearance

Provides accurate
motion priors

Viestiss iplngetcomamceal

Omnidirectional
Motion Sensing

120° nmetric perception,
robust to lighting

All raw sensor streams are synchronized, SLAM Map & Trajectory Modular plug-and-play design, supporting
pre-processed and dynamically fused in real “@ Output - Real-Time future sensor expansion.
time to enhance localization and mapry ah Mapping & Localization

Figure 2. Experimental Sensor Arrangement and Platform Architecture for SLAM Validation.

Evaluation Protocols and Metrics

Motion-capture beacons are used to create an indoor reference, while RTK-corrected GNSS and survey markers
are used for outdoor location. All experimental trajectories are referenced to centimeter-level ground-truth.
Conduct the experiment in a variety of settings, at varied speeds, and with numerous sets of active sensors.
Trajectory error, estimate uncertainty, processing speed, and robustness to simulated sensor failure are all
included in performance quantification.

The trajectory error is measured using a temporally synchronized root-mean-square error formulation, explicitly
modeling spatial and temporal drift accumulation:

1/2

1 T
RMSE = (?L ”pest (t) = Dref (t)llz dt) Eq.(9)

where pe: (t) and p,es () represent estimated and ground-truth positions along the trajectory.

To gauge the information gain and calibration stability with respect to baseline methods, the Information
Consistency Index is computed by comparing log-determinants of covariance matrices for fused versus single-
modality solutions at synchronized keyframes:

K
ICI = lz |10g detpfusion (k) - log dethaseline (k)l
K log detPpygon (k) Eq.(10)
where Pygon and Py,eeiine are error covariances at instant k.

Frame processing performance and overload resilience are quantified using the aggregate throughput index as
follows:

[ = 12 fsout
S & from + (16| + 64]) Eq.(11)

with f2"' the output (processed) frequency, fi"°™ the nominal input frequency, and ¢ a penalty factor
incorporating platform angular velocity and acceleration.
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System resilience to unexpected sensor failures is quantified by fault tolerance, where recovery time and
estimation quality after induced sensor outages are aggregated into a single metric:

N
1 Atree
FIS =5 @ 1-exp (-=2)] F.12)
n=1

In this equation, ®,, marks the system's recovery status, At; is the recovery interval, and t the characteristic
robustness timescale.

Summary and Control Design

In order to verify the adaptability and computational stability of the SLAM system, all experimental procedures
strive for reproducibility and establish high requirements for environmental complexity and dynamic scenarios.
For statistical verification, the same path is traversed several times at different speeds, light levels, and sensor
activation modes. To evaluate the lower-level fusion and adaptability mechanisms, create controlled sensor
drop-out and recovery cycles.

Holistic performance evaluation is captured through an integrated metric constructed to weight trajectory
accuracy, throughput, and multi-sensor consistency in a unified scale:

RMSE ) ATI ICI
+ w, + w3 —
RMSE, ATI, ICI,

where weights w4, w,, and w5 are scenario-dependent and reference values are set by baseline performance in
ideal conditions.

For closed-loop trajectory validation, execution consistency is tracked by comparing planned and actual control
command time series across all trials:

M
1
_ - plan _ t
CCF =+ Zl lum™"™ = uss Eq.(14)
m=

with uf;'fm and U3 representing expected and enacted platform inputs at index m.

Together, these experimental strategies quantitatively establish the proposed framework's efficacy for dynamic
sensor fusion SLAM in unpredictable and previously unmodeled domains.

Evaluation of Experimental Results

Mapping and Trajectory Performance

The aforementioned evaluation of both quantitative data and qualitative observations demonstrates that the
proposed dynamic fusion SLAM framework has outperformed static fusion or single-modality approaches in
terms of mapping accuracy and trajectory precision. In the controlled indoor assessment environment using
ground-truth motion capture, as illustrated in Figure 3, the system has consistently shown a lower cumulative
trajectory error than conventional methods, particularly for complex loop-closure paths with repeating elements
and transient occlusions [26]. Add real-time sensor reliability adaptation to keep the algorithm from losing
accurate global registration in the face of sudden feature loss or light changes that quickly impair vision-or-
inertial-only solutions.

An example indoor mission's trajectory overlay is shown in Figure 3(a). The ground-truth path is compared with
trajectories from single-sensor, static fusion, and dynamic fusion configurations. In regions with significant
lighting gradients, Dynamic Fusion only slightly deviates from the reference and minimises lateral drift. The
variation in root-mean-square error with distance travelled is depicted in Figure 3(b). By modifying the trust
mechanism, dynamic fusion keeps error persistence within a sub-decimeter envelope when single-modality
solutions build drift and deviation, especially when dealing with long ambiguous or low-feature portions [27].

Adaptive multi-sensor fusion can also be used in outdoor performance, as illustrated in Figure 3(c). Endpoint
displacement and loop-closure failure in static methods are more likely to occur on unstructured terrain with
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fluctuating light conditions, shifting shadows, and weak geometric features. Globally consistent maps that can
be successfully relocalized following sensor dropout or in reaction to abrupt environmental changes have been
consistently created by Dynamically Fused Fusion [28].

(a) Trajectory Density Heatmap (b) Error Profile
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Figure 3. Trajectory Comparison with Dynamic, Static, and Single-Modality Fusion. (a) Trajectory Overlay; (b) Error Profile; (c) Outdoor
Mapping.
The variance in mapping and tracking of known and unknown environments across all benchmarks demonstrates
that, in the absence of strong prior knowledge or regulated lighting, the adaptive algorithm must evolve
autonomously based on sensor influences and maintain a high-precision map [29]. This demonstrates the
method's viability in real-world applications in dynamic and unmapped areas [30].

Robustness and Failure Analysis

Introduce a number of targeted disruptions, such as sensor dropouts, abrupt changes in the environment, and
quick platform movements, to systematically test the resilience of the suggested dynamic sensor fusion SLAM
system. When at least one sensor mode experienced sporadic failure or dynamic interference, the adaptive
fusion algorithm outperformed the baseline static and single-sensor configurations in every trial, maintaining
trajectory continuity and map consistency.

Three typical disturbance scenarios that have been thoroughly examined based on failures are displayed in
Figure 4. The localisation success rate during simulated sensor outages is displayed in Figure 4(a): The dynamic
method maintains a continuous real-time tracking rate of over 90% and quickly recovers following sensor
restoration, whereas static fusion drastically decreases upon loss of vision or LiDAR. The trajectory divergence
index in the case of a high-density moving item or an abrupt shift in light is shown in Figure 4(b). Dynamic fusion
may correct these anomalies and re-align to the global map within a minor displacement, whereas the static and
single-sensor approaches have substantial estimation leaps or transitory mapping collapse [31]. The time-to-
reconvergence following sensor recovery is compared in Figure 4(c); even after a prolonged period without
sensors, the adaptive technique typically shows faster relocalization and is frequently within tens of frames.
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Figure 4. Robustness and Recovery with Dynamic Fusion: (a) Sensor Dropout Success Rate; (b) Divergence Index; (c) Reconvergence Time.
To further evaluate robustness, Figure 5 displays the distribution of errors under adversarial and stochastic
disturbances. The distribution of posture estimate errors over a sequence of occlusions is as follows, as
illustrated in Figure 5(a): the dynamic fusion system stays relatively near to the mean, while the variance of
errors in the static and mono-sensor systems increases dramatically. For inertial-only or visually-weighted
approaches, correlated noise in the IMU channel typically causes rapid drift, as seen in Figure 5(b). At this point,
dynamically fuse the sensor data to restrict errors to a tolerable range for the mission and avoid major
divergence in the system state [32]. The resistance to prolonged visual degradation, such as several consecutive
image dropouts, is seen in Figure 5(c); dynamic fusion leverages LiDAR and inertial data to keep tracking when
other approaches totally lose localisation.
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The aforementioned research indicates that the adaptive fusion approach can still function reasonably well in
hostile situations while somewhat enhancing the system's fault tolerance in the event of transient sensor failures
[33]. In actual life, the first one will also be used in an unclear or safety-sensitive location, where standard SLAM
is likely to perform poorly.

Efficiency and Component Ablation

For real-time, mission-critical robots, strictly minimise computing overhead to satisfy the need for high-
performance operation in dynamic fusion SLAM. The system can nevertheless provide timely feedback for
autonomous control in all experimental scenarios, with an average end-to-end processing delay of less than 40
ms. The overall calculation performance of the primary fusion modes is displayed in Figure 6. The CPU and GPU
utilisation during normal operation and stress tests is depicted in Figure 6(a). While the addition of dynamic
sensor reliability estimation is comparatively minor when compared to static fusion, the total resource usage
has not reached the saturation limit. Embedded devices with limited resources might benefit from a tiny margin,
which must always maintain high efficiency [34].

The dynamic fusion system can maintain peak-rate data processing under a heavy-load condition by choosing
the most dependable sensor stream because, as Figure 6(b) illustrates, the frame throughput is still reasonably
high when the platform speed and data volume are significant. The distribution of processing latency under full
sensor input density and partial sensor dropouts in the system is depicted in Figure 6(c). In the event of brief
environmental or sensory disruptions, distribute processing resources adaptively to prevent backlogs and
maintain a sub-critical latency in every situation.
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Figure 6. Computational Efficiency and Latency for Dynamic Fusion SLAM: (a) CPU/GPU Utilization; (b) Frame Processing Rate; (c) Latency
under Sensor Dropout.

To ascertain the specific contributions of these system modules and sensor inputs to the overall performance,
ablation experiments of the components were conducted. The result of methodically eliminating the essential
algorithm is depicted in Figure 7. The root-mean-square trajectory error following the individual suppression of
the vision, IMU, or LiDAR streams is shown in Figure 7(a); it demonstrates how fragile vision loss is in sparse-
feature situations and how severe LiDAR absence is in geometrically confusing or open regions. The duration to
relocalization following sensor loss simulation is depicted in Figure 7(b); only dynamic fusion with all adaptation
mechanisms activated can accomplish quick and stable state recovery. The mission success rate at various
phases of progressive system degradation is depicted in Figure 7(c), and full dynamic fusion performs noticeably
better than others under difficult multi-sensor situations [35].
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Figure 7. Ablation Effects on SLAM Performance: (a) Error with Sensor Removal; (b) Relocalization Time; (c) Mission Success Rate.
The two systems will cooperate to sustain steady and high-performance functioning in the challenging and
unpredictable outdoor environment, according to the aforementioned analysis. The dynamic fusion system's
fault-tolerant and highly efficient design has raised the bar for dependable computing performance in multi-
sensor SLAM.

Conclusion

The adaptive sensor-fusion SLAM architecture presented in this paper greatly increases the resilience of
mapping and localisation in environments lacking a priori maps. The suggested system exhibits strong robustness
to transient faults, environmental changes, and modality-specific failures by dynamically modifying the
contribution of each sensor stream based on the real-time trust evaluation. To provide continuous, high-
accuracy state estimation in bad weather, vision, an inertial measurement unit (IMU), and LiDAR data are tightly
integrated, adaptively weighted, and outliers eliminated. The experiments were conducted in a number of
challenging indoor and outdoor settings, and it was discovered that the adaptive fusion approach generally
outperforms both the static fusion and single-modality baseline approaches in terms of lowering trajectory
errors and enhancing loop-closure performance. Ablation investigations have also demonstrated the need for
adaptive components; without them, autonomous driving would not be able to recover quickly and maintain
map consistency following a sensor failure.

An structured approach for context-aware sensor fusion in SLAM has been made possible by the fusion model.
By using data-driven adaptation and quantifying and reacting to real-time signal confidence, this framework
overcomes the constraints of rigid, pre-configured fusion techniques, resulting in the realisation of a fully
autonomous and self-tuning navigation system. In actuality, the platform's computing efficiency and adaptability
may be utilised to create embedded robotic gear, making it possible for long-term environmental observation
systems, mobile robots, and autonomous cars. It is appropriate for many real-world applications that are not
guaranteed to have acceptable surroundings and sensors since it has demonstrated the ability to adapt to
various situations and handle signal loss or other issues in inclement weather.
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Nevertheless, certain essential avenues for further research are absent. The existing system is stable, but it
hasn't yet employed peer-to-peer collaboration or high-level semantic reasoning to speed up and stabilise large-
scale construction site mapping. Long-term, more integrated learning-based identification and distributed SLAM
techniques will be needed due to calibration changes, mechanical degradation, or ongoing low-quality
observations. To create scalable, cross-domain, and all-weather autonomous systems, keep shrinking algorithms
for devices with limited resources and expand empirical validation in real-world, long-term operating conditions.
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