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Abstract— In the field of robotics and unmanned systems
navigation, proper location finding and map-making are
important for efficient operation, especially in ever-
changing and intricate landscapes. However, relying on
only one sensor often results in poor accuracy and
robustness. To address this issue, this article focuses on
exploring the idea of sensor fusion to achieve localization
and mapping. By utilizing multiple sensors such as lidar,
cameras, IMUs, and wheel encoders, a comprehensive
perception of surrounding conditions can be obtained. In
this paper, various fusion algorithms are analyzed, such as
the extended Kalman filter or region proximity method,
and they are integrated to leverage the capabilities of each
sensor in compensating for their respective weaknesses.
The performance of the proposed sensor fusion
methodology in enhancing localization accuracy and
mapping integrity is tested through the simulation
experiments as well as real-Life implementations. The
findings underscore the significance of multi-sensor
fusion in overcoming the constraints of single-sensor
systems and advancing the capabilities of autonomous
robots in navigating challenging environments.

Index Terms— Sensor Fusion, Localization, Mapping,
Lidar, Cameras, IMU, Wheel Encoders, Extended Kalman
Filter, Region Proximity Method, Autonomous Navigation

l. INTRODUCTION

Research on multi-sensor fusion is extensive. New
ideas and techniques for robot localization are
frequently reported in papers.

Numerous sensors are used in the robotics sector to
sense both interior and outdoor environments, but each

sensor has unique characteristics. The act of
combining information from several sensors is known
as "sensor fusion," and it is used to lessen potential
ambiguity in autonomous mobile robots. These days,
a wide range of sensors, including ultrasonic, digital,
gyro, accelerometer, magnetometer, laser scanner, and
vision, may be integrated into an autonomous mobile
robot for multi-sensor fusion.

The three primary categories into which Brooks and
lyengar  classify  sensor  combinations  are
complementary, competing, and cooperative. Three
distinct architectures—centralized, decentralized, and
hierarchical—can be used to arrange data fusion.
Taking into account that the primary goals of this
study are to categories the key sensors, fusion
techniques, and surroundings for the localization of
the autonomous mobile robots, along with goal of
connecting the various sensor configurations that are
employed.

Sensor Fusion

Fig 1: Example of sensor fusion (DigiKey)

1. LITERATURE SURVEY

Sr.

TITLE AUTHORS PUBLI CATION
YEAR

PROPOSED METHADOLOGIES | RESEARCH GAP

A Systematic Carlos 2019
Mapping Study | Eduardo
on Multi-sensor | Magrin,

The purpose of the study is to | One of the missing gaps in
determine patterns and gaps in | research present in this
sensor fusion approaches utilized in | study is the lack of
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Fusion in Robison mobile robot positioning. In an | diversity, which restricts
Wheeled Mobile | Cris Brito, organized way, researchers | this exploration to only one
Robot Self- Eduardo formulated research objectives, | famous fusion algorithm
localization Todt performed extensive searches in | named Kalman filter. This
multiple databases, narrowed down | gap gives a chance for
key articles, extracted data from | scholars to go ahead and
them, conducted analysis and | investigate new fusion
validation for their findings. Based | methods like  neural
on the study results, vision, | networks or  particle
ultrasound, laser, and encoder | filtering that can lead to
sensors are the most common types | improved mobile robot
used in multi-sensor fusion systems, | localization results across
with the Kalman filter being a | different  environmental
predominant fusion method. conditions.
Multi-Sensor Zhongwei 2022 Extended Kalman Filter Fusion: | In this research paper, I find
Fusion Hua*, Integrates wheel odometer and IMU | that there is a Gap in the
Localization and | Dongdong data to enhance robot localization | combination of  depth
Mapping of He accuracy by mitigating drift errors. | camera and 2D lidar data
Indoor Mobile Region Proximity Fusion: Combines | for indoor mobile robot
Robot 2D lidar and depth camera data | localization and mapping,
using a proximity algorithm to | which emphasizes that
improve mapping integrity by | strong fusion algorithms
incorporating richer visual | are needed to overcome
information into laser mapping. environmental challenges
as well as  sensor
constraints.
Analysis on Yijing 2023 Two multi-sensor fusion methods, | The research paper
Simultaneous Zhangl, Jia LIO-SAM and LVI-SAM, are | addresses the gap in
Localization and | Liu, Ya presented in the research study for | simultaneous localization
Mapping of Zhao, the simultaneous localization and | and mapping (SLAM) for
Mobile Robot Linlin Hou mapping (SLAM) of mobile robots. | mobile robots in
Based on Two , Yunxi Using factor graphs, LIO-SAM | challenging environments.
Multi-sensor Zhang closely connects the lidar and | It proposes multi-sensor
Fusion inertial odometry for a highly | fusion algorithms, LIO-
Algorithm optimized method. In order to | SAM and LVI-SAM, to
extract features from the lidar scans, | improve SLAM
it additionally integrates GPS data | performance by integrating
for global localization and IMU pre- | lidar, visual, and inertial
integration to estimate position and | sensors
velocity. In the meanwhile, LVI-
SAM expands on this fusion by
adding a visual-inertial subsystem
that uses the VINS-Mono algorithm.
A Sensor Fusion | Hoang-Anh | 2023 Using the extended Kalman filter | The study focuses on the
Approach for Phan, Thu technique, the suggested | indoor 3D mapping
Improving Hang Thi methodology combines data from | problem, and suggests a
Khuat, wheel  encoders, an inertial | sensor fusion technique to
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Implementation | Phuc Vinh measurement unit (IMU), and an | increase speed, accuracy,
Speed and Nguyen, indoor positioning system (IPS) | and quality. However,
Accuracy Of Hieu Dang based on ultrasonic technology. To | lighting problems and
RTAB-Map Van, Dong increase the precision, speed, and | variations in terrain still
Algorithm Based | Huu Quoc quality of indoor 3D mapping, it | pose challenges in spite of
Indoor 3D Tran, Bao forecasts the robot's condition and | progress. This is done by
Mapping Lam Dang updates sensor readings. integrating  data  from
ultrasonic-based IPS, IMU
and wheel encoders to
improve mapping
performance.
Large-scale Liang Yul, | 2021 The paper proposes a SLAM method | These techniques have
scene mapping Luo Jie2, based on multi-sensor fusion to | limitations especially in
and localization | Luo overcome limitations in unknown | unfamiliar environments
based on multi- | Haoru3, Liu environments. Methodologies | where GPS signals are
sensor fusion Sijiad include IMU-enhanced lidar | either absent or weak. This
accuracy, lidar feature extraction, | therefore calls for SLAM
factor graph optimization, loop | algorithms that can
closure detection, and NDT-based | successfully steer through
positioning. and chart such
surroundings by
overcoming the constraints
that come with using a lone
sensor.
Enhancing Rut 2024 This research paper suggests | It provides three techniques
Indoor Mobile Yatigul, techniques for improving the | to enhance indoor mobile
Robot Noppadol performance of indoor mobile | robot localization using
Localization Pudchuen, robots in localization by | multi-sensor fusion.
through the Aran implementing sensor fusion of | However, there can be few
Integration of Blattler, multimodal Sensors. Two | gaps in future research. It
Multi-Sensor Wisanu experiments  combining  visual | has not been compared with
Fusion Jitviriya odometry, IMU and wheel odometry | different methods in terms
Algorithms with EKF (Extended Kalman filter) | of accuracy and depth of
and UKF (unscented Kalman filter) | evaluation. Besides, it
have been conducted to correct the | cannot be easily replicated
biases in accurate and robust | in the real-world, lacking
localization. Robot mind-mapping | related problems which can
of the environment using SLAM | also be explored and
algorithms (e.g. ORB-SLAM?2) | studied in this existed
helps to overcome the drawbacks of | research.
standard SLAM, and thus offers a
cost-effective solution for accurate
robot localization in the domain
where the resources are limited.
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I1l.  SENSOR TECHNOLOGIES

1. Sensor Types Overview

This section presents an overview of various sensors
incorporated in localization and mapping systems. The
investigated sensor categories include inertial sensors,
cameras, LIDAR, radar, GNSS, and environmental
sensors. Each of these sensors has its exceptional
abilities and properties, whose fusion results in
complete environment perception.

2. Pros and Cons of Sensors

Inertial sensors are compact and provide real-time
feedback, but suffer from drift and noise. Cameras
offer rich visual information but are sensitive to
lighting and computationally intensive. LiDAR
provides accurate 3D data but is expensive and has
limited resolution. Radar offers long-range detection
but has lower resolution and can suffer from clutter.
GNSS provides global coverage but can be blocked in
urban areas. Environmental sensors are cost-effective
but have limited coverage and may lack accuracy in
extreme conditions.

3. Selection Criteria for Sensor Fusion

Selecting the appropriate sensors for fusion involves
considering factors such as accuracy, update rate, cost,
power consumption, and environmental robustness.
This section outlines the key criteria that influence
sensor selection and integration into localization and
mapping systems.

IV.  SENSOR FUSION TECHNIQUES

1. Sensor Data Integration

To explain the procedure of sensor data integration, it
is important to say that the fusion of raw sensor
measurements is required to create an augmented view
of the world. Under this heading, we examine different
techniques which include timestamping, coordinate
transformations, and data fusion architectures that are
used in synchronizing and aligning sensor data.

2. Filtering and Smoothing Algorithms

An important role in the estimation of the state of the
system and processing noisy data from sensors is
played by filtering and smoothing algorithms. This
chapter introduces classical and contemporary
filtering techniques, such as Kalman filters, particle
filters, and Bayesian estimation methods.

IJIRT 164128

311+ Original Data . i

2 Smoothed Data Using 'loess’ b

T o, : ]

0 i . ]
0 5 10 15

S Original Data .t )

2r Smoothed Data Using 'Moess' b

1 L

ol

b ¢

0 5 10 15
Fig 2: Filtering and Smoothing (Mathworks.com)

3. Probabilistic Approaches

Probabilistic approaches provide a principled
framework for modeling uncertainty in sensor
measurements and system state estimation. Bayesian
inference, Markov localization, and graph-based
SLAM (Simultaneous Localization and Mapping) are
discussed in this subsection, emphasizing their
effectiveness in handling uncertainty in localization
and mapping.

V. SENOR FUSION ALGORITHM

"Sensor fusion" algorithms combine data from several
sensors to generate a more accurate and reliable status
report for a system or environment. These algorithms
define the weighing, processing, and integration of
data from several sensors, making them crucial to the
sensor fusion process. In this section, we will look at
some of the most popular and often used sensor fusion
approaches, including Bayesian networks and Kalman
filters particle filters.

1. Kalman filters

A popular and well-known sensor fusion method that
offers an ideal approximation of the state of a linear
dynamic system based on imprecise and noisy
observations is the Kalman filter. The Kalman filter,
created by Rudolf E. K&lméan in the 1960s, has been
used in a variety of fields, such as robotics, finance,
and navigation. Prediction and updating are the two
primary processes of the algorithm. Using a linear
model of the system dynamics, the filter predicts the
state at the subsequent time step in the prediction
phase. Process noise is included to allow for model
inaccuracies. In the update stage, the filter creates a
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more accurate state estimate by combining the most
recent measurement and the predicted state, each
weighted by its associated uncertainty.

The Kalman filter's capacity to offer an ideal
approximation under specific circumstances is one of
its main benefits. In particular, the filter works best
when the process and measurement noise have a
Gaussian distribution, the system dynamics and
measurement models are linear, and so on. For
example, tracking an object's position in two
dimensions with a GPS or radar system. Furthermore,
the computational efficiency of the Kalman filter
renders it appropriate for real-time applications and
systems with constrained processing resources, such
as autonomous cars and robot mapping and
localization.

The Kalman filter employs a sequence of state
prediction and measurement update stages to update
its belief about the monitored object's state as
information from the sensor flows. The processes for
updating and predicting are explained-below.
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Fig 3: Kalman filter (https://medium.com/)

But there is also certain limitation associated with the
Kalman filter. The estimations from the Kalman filter
could not be precise if the noise or the models are
nonlinear or non-Gaussian. It disregards historical data
and long-term patterns, which occasionally results in
estimations that are not ideal. Furthermore, a
substantial amount of computing resources is needed,
particularly when working with complicated models
or high-dimensional systems. Finally, its fault
tolerance is restricted.
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2. Particle Filter

The Sequential Monte Carlo (SMC) approach, which
is another name for the particle filter, is a potent sensor
fusion algorithm that's used to estimate the state of
non-Gaussian and non-linear systems. The particle
filter can handle complicated, non-linear dynamics
and measurement models, unlike the Kalman filter,
which is dependent on linear assumptions.

A collection of weighted particles is used by the
particle filter to represent the state probability
distribution. With respect to the available data, each
particle represents a potential state of the system, and
its weight indicates how likely that state is to occur.
The algorithm consists of three main steps: sampling,
weighting, and resampling.

A) Sampling: Using a proposed distribution that
roughly resembles the genuine distribution, a new set
of particles is created in this stage by taking a sample
from the current state probability distribution. The
dynamics of the system or a combination of the
dynamics and the most recent measurement may serve
as the basis for this proposed distribution. Take the
challenge of estimating a robot's position, for instance.
In this instance, the robot's location at the previous
time step may serve as the prior distribution, and the
particles might be produced by introducing a tiny
quantity of random noise into the previous position
estimate.

B) Weighting: The particles' weights are then adjusted
in accordance with the most recent measurement.
Higher weights are assigned to particles exhibiting
more consistency with the measurement, whereas
lower weights are assigned to those exhibiting less
consistency. Assume, for instance, that the robot has a
range sensor and that each particle's estimated position
is used to compare the measured and predicted ranges.
Higher weights are given to particles that produce
predicted measurements that are near to the actual
measurement, while lower weights are given to
particles that produce projected measurements that are
far from the actual measurement.

C) Resampling: Lastly, the current set of particles is
resampled to create a new set, with the likelihood of
picking each particle being proportionate to its weight.
The representation of the state distribution is
concentrated on the most likely areas thanks to this
resampling process, which makes sure that particles
with low weights are replaced by more likely particles.
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The resampling stage will produce a new set of
particles with a greater fraction of the 10 high-weight
particles, for instance, if there are 100 particles and 10
of them have weights that are noticeably higher than
the rest.

Initial Distribution

Sampling
oo 0000000000e 00
Weighting

Resampling

°*ope
Fig 4: Particle filter (lancaster.ac.uk/)

Particle filters can be less effective than Bayesian
networks when dealing with high-dimensional
systems, particle degeneracy, proposal distribution,
and non-Gaussian distributions.

3. Bayesian networks

When expressing and making sense of probabilistic
correlations between variables in a system, Bayesian
networks are an effective tool.

Bayesian neural networks are a useful tool for
modelling interactions between sensor readings, the
underlying system state, and other important factors,
including ambient conditions or sensor calibration
parameters, in the context of sensor fusion. A
systematic and effective strategy to reason about the
system state and its uncertainty is to clearly reflect
these linkages in the network.

Environmental monitoring is a real-world application
of sensor fusion utilising Bayesian networks. Assume
that several sensors monitoring temperature, humidity,
and contaminants are part of an air quality monitoring
system.

V. APPLICATIONS OF SENSOR FUSION
1. Autonomous Vehicles
Sensor fusion is a critical component that allows

autonomous vehicles to successfully localize (know
where they are), map (build a representation of the
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environment), perceive (know what is happening
around them), and make decisions in a real-world
environment that is often intricate and deceptive. This
subsection will examine the role of sensor fusion in
autonomous  vehicle  localization, = mapping,
perception, and decision-making.

2. Robotics and Automation

In robotics and automation, sensor fusion is used to aid
in localization and mapping for tasks including robot
exploration, manipulation, and navigation. The task is
described in the instruction that follows, along with an
input that adds further information. Compose a reply
that fulfils the request in the right way. In robotics
applications, sensor fusion refers to the process of
merging data from many sources of sensors to increase
operating autonomy and efficiency. Augmented
Reality and Virtual Reality

3. The Augmented Reality and The Virtual Reality
Sensor fusion

It is crucial to provide rich context for concrete
applications such as immersive augmented reality
(AR) and virtual reality (VR) by supporting spatial
awareness and interaction. This  subsection
summarizes applications of sensor fusion in AR/VR.
4. Industrial and Infrastructure Monitoring

Industrial and Infrastructure Monitoring In industrial
and infrastructure monitoring, sensor fusion is used to
enable real-time monitoring of assets, equipment, and
structures to support maintenance and safety
applications. Topics discussed in this section include
sensor fusion in structural health monitoring,
predictive maintenance, and environmental sensing
applications.

Numerous industrial applications and industries,
including manufacturing, energy, transportation, and
mining, can benefit from the use of sensor fusion for
condition monitoring.

"® | = Sensor Fusion
=

ot el

Fig 5: Embedded.com
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VII. FUTURE TRENDS AND INNOVATION

1. Deep Learning Sensor Fusion: Neural networks for
multi-sensor data fusion to get End-to-end learning for
better accuracy.

2. Semantic Sensor Fusion: Geometric data fusion
with semantic information, Enhancing context-aware
localization.

3.Edge Computing and Real-Time Processing: Sensor
data processing onboard for low-latency response.
which will be Efficient algorithms for real-time fusion.
4. Adaptive Fusion Strategies: Adjusting fusion
weights based on sensor reliability and Handling
dynamic environments effectively.

5. Privacy-Preserving Fusion: Protecting privacy
while maintaining accuracy.

6. Collaborative Mapping and Crowdsourced
Localization: Sharing map updates and cues among
vehicles and robots, which can be useful in Utilizing
crowdsourced data for better accuracy.

CONCLUSION

In summary, sensor fusion indeed serves as a building
block for localization and mapping in the context of
autonomous systems. This method has provided a
convenient, efficient, and reliable alternative for
localization and mapping tasks in dynamic and
complex environments. Through extensive study, its
fusion algorithms, such as the extended Kalman filter
and the region proximity method, are designed in such
a way to leverage the strengths of the sensor data in
question, which are compensated by the data
limitations presented by the sensors. The simulation
and real-world experimental results have successfully
demonstrated that sensor fusion can significantly
improve the accuracy of localization as well as
mapping accuracy. Moreover, out mites the fused
pose. In the future, deep learning sensor fusion,
semantic sensor fusion, edge computing, adaptive
fusion  strategies,  privacy-conscious  fusion,
collaborative mapping, and further research and
innovation will enable the use of sensor fusion in
autonomous systems, especially for optimization and
improvements, such as accurate positioning and
mapping for autonomous vehicles and industrial
monitoring, among other applications. There is a
promising future for sensor fusion!
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