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Abstract

Autonomous robots face significant challenges in path planning and continuous motion planning in indoors
due to their ability to navigate within these complex spaces. These complex problems arise in a wide range of
application environments, including indoor areas such as corridors, rooms, and similar spaces. This study
presents a comparative simulation analysis of path-finding techniques employed for indoor autonomous robot
navigation. Conventional path-finding techniques, including VVoronoi diagram and potential field, have been
selected to illustrate these established methods. However, they were found to be unreliable and insufficient in
coping with the intricacies of real-world situations characterised by non-linearity. Various artificial
intelligence techniques were evaluated to showcase the superiority of artificial intelligence over conventional
methods. The methods included genetics algorithm and neural networks. The use of these artificial intelligence
methods proved their ability to handle complex navigation tasks with greater ease and strength, highlighting
their vital contribution in overcoming obstacles. Additionally, we utilize the well-known A* algorithm as a
benchmark to evaluate and compare the performance of filtering techniques, particularly Kalman and particle
filters in the context of path tracking under diverse conditions, including scenarios with gaussian and
exponential noise. Through these analyses, we shed light on the performance of Kalman and particle filters
when applied in conjunction with the A* algorithm for path tracking, offering valuable insights into their
effectiveness in real-world, noisy environments.

Keywords: Adaptive Path Planning; autonomous robot navigation; path tracking.

1. Introduction

Today, autonomous robots are capable of executing various tasks with exceptional accuracy and speed while
maintaining safety. An entirely autonomous robot has the capacity to perceive and analyse its surroundings,
identify objects, and execute an action or manipulation within that setting. Autonomous robots have shown great
potential and efficiency, particularly when compared to automated guided vehicles, due to their capability to
navigate without reliance on guidance devices or centralized control [1]. Obstacle avoidance requires directing a
robot's movement to navigate predictable or unpredictable obstacles. The application of a diverse range of
algorithms including soft computing, image processing, control systems, statistical techniques, and conventional
techniques allow for effective autonomous navigation, even in dynamic environments [2]. The robot's current
location and sensor data affect its motion. When given a map and an intended goal point, path planning is
necessary to determine a path from the starting position to the goal position [3]. However, there might be several
potential paths available, considering the unrestricted area in which the robot can operate. Path planning
algorithms aim to obtain the optimal path or an acceptable approximation to it. The optimal path generally is
defined as the one with the lowest computational cost [4].

Conventional methods include Voronoi diagram, potential field and the like. Voronoi diagram propose a
mathematical approach to define obstacles and optimize robot path [5]. Potential field use potential field
calculations to determine robot paths and avoid obstacles [6]. Soft computing refers to the use of inexact
calculations to solve computationally complex tasks. This approach allows for solutions to problems that may be
too difficult or time-consuming to solve using current hardware. Soft computing is different from hard computing
as it tolerates imprecision, partial truth, uncertainty, and approximation. The human mind serves as a role model
for soft computing [7]. Much research has been conducted on applying soft computing techniques such as neural
networks, genetics algorithm, and more to path planning and navigation problems. Genetics algorithm use natural
selection principles to solve optimization problems and improve paths [8]. Artificial neural networks (ANNS)
enhance the learning capabilities of robots and help them better understand their surroundings [9]. The A*
algorithm has proven to be a reliable approach for solving pathfinding problems [10].

This paper discusses navigation techniques in indoors, path planning methods. The techniques analysed are
divided into two categories: conventional methods and artificial intelligence (Al) methods. In this study, we also
examine path tracking algorithms to comprehensively analyse navigation specifically the Kalman filter and
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particle filters. The Kalman filter has proven successful in tracking moving objects in real-time scenarios [11].
Particle filter is a robotics technique that utilises the Monte Carlo method. Its principal goal is to update the robot's
position distribution by incorporating new observations [12].

The remainder of the paper is organized as follows: Section 2 addresses the complications of navigating in
ever-changing surroundings that autonomous robots face and highlights the significance of simultaneous
localization and mapping (SLAM). Section 3 an examination of a range of conventional techniques for path
planning and navigation, encompassing Voronoi diagram, and potential field. In Section 4, analysis of Al
techniques, including genetics algorithm and neural networks. Section 5 showcasing filtering techniques for path
tracking, particularly Kalman and particle filters. Section 6 discusses the advantages and disadvantages of Al
techniques in comparison to conventional methods and reports performance metrics for Voronoi diagram,
potential field, A* algorithm, genetics algorithm and neural networks. Finally, the paper is summarized and
concluded by Section 6.

2. Explanation of Autonomous Robot Navigation Problem

2.1. Mobile robots

Mobile robots are capable of locomotion and are not limited to a single physical location. They can be designed
to operate in vast workspaces and explore uncharted territories, enabling them to successfully navigate their
environment, whether it is in the air, on land or underwater. Additionally, the term “mobile robot” refers to robots
that have the ability to move, as opposed to stationary robots. These robots can be remotely controlled via guidance
systems to carry out specific tasks. Alternatively, they can operate autonomously. Mobile robots have the
capability of navigating unfamiliar environments without requiring human interaction or guidance devices. The
key components of a mobile robot typically include a controller, which is typically a microprocessor or personal
computer, control software, sensors tailored to the specific requirements of the robot, and actuators that allow the
robot to move within its environment. Mobile robots can be manufactured in any size, depending on their intended
tasks and the location where they will operate [13-15].

Figure 1. A simplified model of mobile robot. Figure 2. DD visualization of the parameters.

Figure 1 shows a simplified model of a mobile robot with mounted motors on its chassis, facilitating its
mobility. The choice of the motors depends on the planned tasks for the robot. The robot is capable of moving in
forward or reverse directions, altering its movement by adjusting the speed differential of its wheels. This
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approach is known as the differential drive (DD) and can be implemented using two separately wheeled robots.
DD is a popular and easily controlled approach. Figure 2 visualises the parameters of DD approach.

In the DD method, the robot is capable of movement along both the x and y axes, as well as changing direction
on this coordinate plane. Consequently, the robot possesses three degrees of freedom (DoF). The matrix presents

the DoF in Eq. (1).
X
q= M 1
2]

0, rotation of the robot about z-axis. (x, y), position of the robot on the x-y coordinate plane. For the robot to
change direction, it is essential that both wheels turn at different speeds. Additionally, the radius of the wheels
plays a significant role. Egs. (2) and (3) demonstrate the correlation between the angular velocity of the wheels
and their corresponding linear velocity.

‘R=r-w-R (2)
L L 3)

r, wheel radius in meters. w, left and right wheel speeds, in radians per second. Egs. (4) and (5) illustrate the
results, presenting the speed v in meters per second and the angular velocity w in radians per second.

v-R({)+ v-L(t)

v(t) = > (4)
() = v-R(t)— v-L(t) (5)
r-c
rc, wheelbase in meters. All of these equations provide us with the mathematical depiction of this
system Eq. (6).
x(t) cos(@ (t)) -v(t)
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Eq. (7) depicts a kinematic model of the system.
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q, derivation of the state vector is the outcome of alterations in both x-axis and y-axis speed and angular
velocity [16-18].

2.2. Navigation

One of the primary areas of research in the field of robotics concerns applications of autonomous robot
navigation. The intelligent robotic navigation system refers to the robot’s ability to locate a path while avoiding
obstacles and reach the target point from a predetermined starting point by means of sensors, control and
navigation software, all without any human intervention. The robot must update its position constantly during its
journey, monitor its surroundings, and develop strategies to achieve its objectives, whilst simultaneously
executing these tasks. Moreover, these determinations need to be made in real-time [19].

Typically, an odometer is used to calculate position in solving an autonomous robot navigation issue.
However, this creates the need for a map. Localisation through odometry information obtained from wheel
velocities involves determining the position, direction and angle of the robot using an encoder with the coordinate
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plane as reference. The rotational speed of the wheels is used to calculate the direction of the robot, which is
essential for localisation. However, relying solely on the robot’s own position calculations does not suffice for
navigation purposes. The robot must be aware of its starting point, current location, and destination. A map is
necessary for conveying this information, and the starting point should be indicated on the map for the robot’s
guidance.

2.3. Simultaneous localisation and mapping

The autonomous robot must safely perform various tasks with a high degree of autonomy. The crucial aspect
is that the robot follows the desired approach. However, for the robot to achieve this objective, answering two
core questions is paramount: “Where am 1?” and “What does the outside world look like?” The first question is
connected to the issue of localisation, which demands that the robot knows its position to attain its purpose [20].

On the other hand, the second query concerns environmental data gathering. The robot seeks to identify the
appearance of the external environment. This task is known as mapping in scientific literature. In this process, the
robot endeavours to create a map or layout of the surrounding external world by relying on its sensory data [21].

In addition to the previously stated information [16], the localisation and mapping problem involves
determining the location of a robot and acquiring environmental information. The SLAM problem was first
introduced in a paper [22] and has gained popularity among researchers and mobile robotics communities over
the past twenty-five years [23].

Since its inception, SLAM has been extensively applied in various field. In the past, the extended Kalman
filter (EKF) was widely employed to address this issue [24]. Subsequently, particle filter solutions were introduced
[25]. Currently, Kalman filters continue to be a popular method for solving the SLAM problem. However, visual
SLAM techniques are gaining widespread recognition in the field [26].

3. Conventional Techniques Used in Navigation Applications

3.1. Voronoi diagram

Numerous researchers have employed the VVoronoi diagram as an effective tool in their previous studies. The
Voronoi diagram is defined as the division of a plane with n points into distinct areas, wherein each area contains
only one generating point, and all of the points within a given area are closer to its generating point than any other.
A sensor-based system capable of determining the safest path for robots within their operating environment have
been introduced [27]. An alternative approach for safe navigation in the presence of obstacles is founded the
generalised Voronoi diagram (GVD) [28]. The drawback of this technique is the computation of the entire GVD,
which is very expensive and is often used for offline applications and global path planning [29]. Alternatively, it
is feasible to estimate the GVD through specific algorithms applied to the Voronoi tessellation of the sensor
measurements [30]. Another option is to discretize the known map into cells and use computer vision techniques
[31] based on distance transforms [32]. However, these methods necessitate a balance between accuracy and
computational load, particularly in cluttered and limited environments.

3.2. Potential field

Potential field methods are commonly utilised within the field of mobile robotics for the purposes of both path
planning and motion control. Potential field method introduced, which incorporates a repulsive potential field
around the obstacles and forbidden zones to enable collision avoidance, while employing an attractive potential
field around the end goal to guide the robot towards its target. Path planning can be categorized into two
subgroups: universal planning, where the robot has full knowledge of its environment via a pre-existing map
before initiating movement, and local planning, where the robot builds a map of its surroundings as it moves
towards its target. The potential field method can be applied to both universal and local planning techniques [33].

The potential field method provides effective and straightforward solutions to navigation issues. Nevertheless,
a significant drawback is that robots may also encounter local minima because an obstacle usually generates a
repulsive field locally, which can negate desirable target behaviours. Currently, extensive research is underway
to address this challenge actively. Demonstrated the efficacy of simulated annealing in overcoming this problem,
a previous study showed promising results [28]. Full or partial details of obstacles can be used to change the
potential field surrounding them, in order to avoid local minima [34-36], or by modelling obstacles geometrically
through envelopes [37]. Another enhancement to avoid local minima involves including multiple attractive points
in the target instead of just one point [38] or virtual obstacles can be added to move away from local minima [39].
The artificial potential field can be improved by introducing a potential density alongside obstacles to aid in path
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planning using a quasi-geodesic curve [40]. Strategies for navigating local minima can also incorporate
behavioural tactics, including wall tracking [41].

4. Artificial Intelligence Techniques Used in the Navigation Applications

4.1. Genetics algorithm

The genetic algorithm is a widely used search technique for optimising results. Its inspiration comes from the
study of evolutionary biology encountered in nature. The algorithm searches for the best possible solution through
natural selection in a complex multidimensional space. In the genetic algorithm, the population generated at first
is random and the possible solution to the problem is referred to as a population. The fitness value of each solution
is determined by the objective function of the problem. After selecting more suitable solutions to the problem,
genetic operations such as mutation and crossover are applied to produce a new population comprised of better
candidates. This process is repeated until the maximum number of generations have been generated or until an
acceptable fitness value is obtained. This method is utilised to generate and analyse optimised outcomes in various
applications.

Genetic algorithm has been proposed for motion planning in robots, specifically targeting a single point
instead of the whole workspace [42]. A motion planning procedure has also been proposed for load-carrying
robots, utilizing GA to find optimal solutions and fuzzy logic for plan implementation [43]. An evolutionary
algorithm has been proposed to address the issue of autonomous robot navigation in an environment where there
are several unknown polygonal obstacles [44]. Genetics algorithm (GA) are potent search techniques, grounded
in natural selection and featuring crossover, mutation, and favourable gene selection processes. They have the
potential to cover large spaces unlike standard search and optimisation methods.

The term “chromosomes” is used to describe potential solutions to a problem. The population comprises
these chromosomes collectively. Each population undergoes fitness function calculation one at a time. The fitness
function enables the creation of a selection process, challenging the chromosomes to survive until the end of this
process. Usually, the chromosomes that suit best have higher chances of selection. Finally, genetic operations
such as crossover and mutation are applied to these new solutions. After applying genetic operators to
chromosomes, a new population is generated [45]. The success of the new population is then recalculated, taking
into account the suitability of each new chromosome. Finally, the best chromosome is identified, resulting in an
optimal or near-optimal solution. GA is currently being utilised to solve path planning problems, with examples
of such studies found in the literature.

Path planning task using genetics algorithm has been successfully executed in an unfamiliar environment
[46]. The simulation results indicate the efficacy of genetics algorithm in resolving navigation issues in dynamic
settings.

The primary limitation of genetics algorithm is their inability to determine when an exact solution has been
reached, as solutions of near-optimum quality are accepted instead. Consequently, the solution obtained is not
necessarily optimal. Furthermore, executing the algorithm again on the same problem with identical input can
produce substantially different outcomes. As a result, it is challenging to discern the best solution for these reasons
[47].

4.2. Artificial neural networks

ANN:Ss are able to learn through rapid data processing [48]. ANNs have greatly contributed to the development
of autonomous robots in the field of robotics, particularly in kinematic and dynamic modelling and path planning.
An autonomous robot is capable of moving around in its operating environment. Through the use of ANNSs, robots
can acquire decision-making abilities that were previously exclusive to humans. However, the robot requires
physical capability to execute its decisions. In accordance with a study [49], a path planning system founded on
dynamic ANNSs has been proposed by a researcher. This system has the capacity to navigate a robot on a level
area encircled by stationary or dynamic obstacles. The ANN employed for path planning has been taught using
an extended back propagation approach, whilst an artificial potential field technique has been utilised to ensure
the avoidance of collisions. Other ANNs have been employed to improve the avoidance of stationary obstacles.
This approach was suggested when mobile robot navigation systems were first comprehended [50, 51]. A multi-
layer feedforward ANN architecture was developed by researchers, who transformed the problem into a
classification issue to simplify the output. Training samples for the ANN controller were accumulated using
reinforcement Q-learning technique. The ANN controller runs in the background and trains itself once more by
using its backup signal during the interaction with the environment. The result of this study indicates that a
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hybridised technique, converging these two methods, offers a superior solution to this type of problem than
applying either technique in isolation.

ANNs comprise highly concurrent building blocks that exhibit clear design principles. This enables ANNSs to
be utilised in complex systems. Whilst ANN architectures cannot rival conventional methods for performing error-
free numerical operations, they offer superior solutions to problems involving ambiguity, prediction, or
classification.

ANNSs have numerous advantages. One benefit is the ability to update weight coefficients between agents to
perform specific tasks. For example, related weight coefficients are updated until the neural network model
performs in the desired manner. Consequently, learning is completed by this neural network model. ANNs are
commonly used in efficient learning problems and pattern recognition applications.

4.2.1. A* Algorithm

The A* algorithm is a particularly effective approach to solving the pathfinding problem. This algorithm aims
to find the shortest path from a starting point to a destination. The A* algorithm combines two key components:
actual cost and estimated cost. The actual cost represents the total cost of travelling from the starting point to a
node. The estimated cost, on the other hand, represents the estimated cost of getting from that particular node to
the destination node. These two costs allow the A* algorithm to select the most appropriate node at each step [52].

Over time, significant improvements have been made to the algorithm and numerous studies have been carried
out. Iterative deepening versions have been developed that make the A* algorithm run faster and avoid excessive
memory usage [53]. Epsilon optimisation refers to an improvement that allows the A* algorithm to find an optimal
solution within a specified tolerance range in addition to the shortest path [54]. Research focusing on the
development of heuristics that improve the performance of the A* algorithm is crucial [55]. A parallel version of
the A* algorithm has been defined to run quickly on multi-processor systems [56]. The hybrid A* algorithm is
used to solve larger and more complex problems by combining the A* algorithm with other search methods [57].
In this study, the A* algorithm is preferred to make the comparisons more understandable, as it’s a well-known
and fundamental path planning algorithm.

5. Filtering Techniques for Path Tracking

5.2. Kalman filter

In navigation applications, one of the most popular methods is the Kalman filter [58]. Due to its capability to
extract advantageous information from disruptive data and its minimal computational and memory demands, it is
utilised within numerous application domains like spacecraft navigation, robotics motion planning, wireless
sensor networks, and signal processing [59]. Filters can be thought of as designs that reduce input data and parse
it into desired output data in navigation applications. The Kalman filter assumes that the system is linear.
Therefore, all system dynamics and measurements can be expressed as continuous-time linear differential
equations and discrete-time difference equations. The uncertainty in state values and measurement updates
follows a zero-mean Gaussian distribution. When the system is perfectly linear and all noise follows a zero-mean
Gaussian distribution, the most efficient state observer is the Kalman filter [60]. In Eg. (8), the discrete time
difference equation is presented:

Xk+1 = ka + Buk + Wi (8)

x represents the state vector of estimated values. The matrix F determines changes in future states based on
the current state, while matrix B determines changes based on input data. I/ is a random variable with a Gaussian
distribution of zero mean (wi ~ N(0,Q®)), and U represents the input value. When this equation is time
dependent rather than time independent, it can be expressed as follows:

X = Fi» Xg—q + B up + wy )
As the matrices F and B take different values at varying time intervals, they are incorporated in the Eq. (9)
with index k. These shifts can either depend on time or may be a result of external data. The F& matrix is known

as @ in literature [61, 62]. The equation for updating the measurement can only be expressed in discrete time and
is as follows:
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Z, = Hk * Xk + U (10)

The measured values z@ correspond to the state values x@ through the matrix HE. A random variable, vector
v, follows a white Gaussian distribution (v® ~ N (0, R®)) and influences the measured value.

The Kalman filter uses the above equations to estimate the mean of state x2 and calculate the covariance
matrix PR for this estimation. The initial estimate for the mean is x,, while P, represents the initial covariance
matrix. The filter then generates new states by applying the dynamic equations.

5.3. Particle filters

Particle filters are estimation techniques that deploy the Sequential Monte Carlo (SMC) method in non-linear
and non-Gaussian Markovian state spaces. They are utilised in cases where the Kalman filter would be ineffective
because of non-Gaussian or non-linear parameters. The issue involves utilizing known state probabilities and
predicting future states p(xB|xE_,) based on current state values. Additionally, measurement likelihood
p(yB@|x@) is obtained through measurement prediction equations [63]. Based on these functions, the equation for
state estimation can be expressed as follows [64]:

p(x¢|y1:e-1) = fp(xtlxt—l)p(xt—l|y1:t—1)dxt—1 (11)

Using the previous measurements (y;..—1) EQ. (11) calculates the probability of the state at the future time
interval x@. The update equation is then applied to include the present measurement values y@ into the problem
[65].

p(yB[x@)p (xBy1:c—1)
J p(yBIx@)p (xB|yy.—1)dxB

p(xely1.e) = (12)

Eq. (12) updates the probability from the previous time interval to the current time interval with the latest
measurement, y[.

Particle filters are advantageous in determining nonlinear, non-Gaussian distributed systems. One drawback
of particle filters is that they necessitate a large quantity of particles when used to portray multidimensional state
spaces.

6. Simulation Studies & Results

In this paper we have carried out a comparative analysis of path planning algorithms, dividing them into two
main categories: conventional and Al techniques. The algorithms under consideration encompass a diverse set,
including potential field, VVoronoi diagram, A* algorithm, genetic algorithm, and neural networks. The motivation
behind this study is to evaluate the performance of these algorithms in a discrete environment, similar to a grid
world. This assumption simplifies the representation of the environment and the robot’s movements. The robot
under consideration is holonomic, meaning that it is free to move in any direction without constraints. This
assumption allows us to explore a wide range of path planning algorithms without worrying about non-holonomic
constraints. The initial position and the target point are known in advance, and the robot is equipped with complete
knowledge of the map of the environment.

The map shown in the Figure 3 simulates an indoor environment with a structured layout designed to challenge
path planning algorithms. The dimensions of the map are 120 metres in width and 60 metres in height, with a grid
size of 1 metre per cell. A notable feature of this map is the inclusion of seven different rooms, each contributing
to the complexity of the path planning task. These seven rooms are arranged in a grid-like pattern running from
the top left to the bottom right of the map. Room 1, located in the top left corner, serves as the robot’s starting
position, culminating in Room 7, located in the bottom right corner, which serves as the target point. Each room
is connected by corridors and separated by walls or obstacles, presenting a complex navigation challenge. With a
robot radius of 1 metre, precision is required to traverse the map effectively while avoiding obstacles and finding
an optimal path, making this map a realistic and complex testbed for evaluating path planning algorithms in indoor
environments.

The performance of path planning algorithms is assessed according to factors such as path length and execution
time, providing useful insights into their effectiveness and efficiency in navigating these complex environments.
We will now present a detailed analysis of the algorithm’s functionality in an intricate indoor setting. Our analysis
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employs both quantitative data and visual representations to provide a comprehensive overview of the algorithm’s

performance.
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Table 1 provides visual representation which demonstrate the calculated paths from the starting to the goal
destination for each of the algorithms of the paths produced by diverse path planning algorithms in the specified
environment outlined in Figure 3.

The potential field algorithm encountered difficulties and didn’t reach the goal point. It became imprisoned
within the primary area located at the environment’s upper left corner. This outcome is consistent with the
method’s susceptibility to local minima. The VVoronoi diagram method achieved the objective but took longer and
produced an inefficient route. The estimated path exceeds 170 metres in length. This behaviour is in line with the
Voronoi approach’s tendency to favour open space and may require post-processing for optimal path refinement.
The A* algorithm exhibited its well-documented strength by generating the second shortest path. Specifically, it
produced a path that was approximately 1.5 metres shorter than the path produced by the genetics algorithm
approach. This finding aligns with A*’s ability to optimally balance exploration and exploitation while employing
heuristic information, indicating the high degree of path optimisation achieved by the A* when navigating the
intricate indoor environment. The approach employing genetic algorithm differentiated itself through
accomplishing the third shortest path and finishing the task in under ten seconds - notably ai methods are quicker
than conventional techniques. This confluence of a reduced path length and rapid computation confirms Genetics
algorithm as an admirable selection in this setting. The Long Short-Term Memory (LSTM) model emerges as the
dominant path planning algorithm among the assessed alternatives, also outpacing both A* and genetics
algorithms. This neural network-based technique demonstrated outstanding results, excelling notably in its
adaptability and efficiency in navigating complex indoor environments. This adaptability is particularly valuable
where traditional algorithms may struggle due to their fixed rules and heuristics. The LSTM model, using its
sequence-based data processing and memory retention, outperformed its counterparts in producing the shortest
path and completing the task in a remarkably short amount of time, thereby ranking as the optimal choice for path
planning in this specific setting. Notably, the model achieved a mean absolute error (MAE) of 0.0584 and a loss
value of 0.0109 during training. Further exploration and refinement of the LSTM-based approach could provide
even more promising results in intricate indoor environments.
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Table 1. Simulation results of the algorithms
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Table 2 displays the path lengths calculated by all algorithms on the map and their respective computation
times in comparison.

Table 2. Path length (m) and computation time (sec) comparisons of algorithms.

Potential Field Voronoi Diagram A* Algorithm Genetic Algorithm LSTM
Path Length Not Found 170.10 130.04 131.24 128.33
Computation Time Not Found 28.58 2.74 8.54 0.17

In this study we also employed a simulation analysis aimed at evaluating the effectiveness of filtering
techniques under different noise conditions. Two distinct scenarios were examined: one incorporating Gaussian
noise and the other integrating exponential noise. These analyses serve as a valuable preliminary investigation
into the efficacy of Kalman and particle filters. In both experiments, a robot navigated through a known
environment from a specified starting point to a goal point covering a total length of approximately 130.04 metres
using an A* path planning algorithm while facing the challenge of noisy sensor measurements and motion
commands. The results of these experiments highlight critical insights into the filtering system’s behaviour.
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Figure 4. Path tracking using the Kalman filter with added Gaussian noise
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Figure 5. Path tracking using the Kalman filter with added exponential noise

Figure 4 illustrates the path taken by the robot using the Kalman filter with added Gaussian noise scenario.
The Kalman filter efficiently reduced the tracking error to approximately 136.54 metres, successfully guiding the
robot to the goal. The filter’s ability to achieve this high level of accuracy in the presence of Gaussian noise
emphasizes the robustness and effectiveness of the Kalman filter for state estimation. The tracking error was used
as a valuable metric for evaluating the filtering system’s performance under this specific noise type, with an
execution time of 9.19 seconds for this scenario. Conversely, during the experiment shown in Figure 5, featuring
exponential noise, the Kalman filter exhibited a tracking error of around 140.97 metres, signifying a slightly higher
level of inaccuracy compared to the Gaussian noise scenario. Although the robot ultimately reached its goal
successfully in both scenarios, the results clearly indicate that Gaussian noise, with its symmetric and bell-shaped
distribution, yields better tracking performance when compared to non-Gaussian exponential noise. This
difference is expected, as Gaussian noise is more amenable to the linear, minimum mean square error estimation
framework of the Kalman filter. The execution time for the Kalman filter in this scenario was 9.13 seconds.
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Figure 6 exhibits the path taken by the robot after the application of the particle filter in a scenario with
Gaussian noise. The tracking error, which measures the discrepancy between the estimated and true path taken by
the robot, is found to be 132.08 metres. This indicates the average deviation between the Particle Filter’s estimated
path and the ground truth path. Since the filter estimates the robot’s position based on noisy measurements and
motion, minor deviations from the true path are expected. Additionally, the tracking error might be slightly
affected by the resampling process, as particles with lower weights may not accurately represent the true path.
The execution time for the particle filter with Gaussian noise was 10.44 seconds. On the other hand, in particle
filter with added exponential distribution scenario as depicted in Figure 7 indicates that the robot successfully
reached the goal with a tracking error of 124.82 meters. Notably, this value is lower than the tracking error in the
Gaussian noise scenario. This suggests that the particle filter with an exponential distribution may perform better
under these specific noise conditions, even though the execution time for this scenario was slightly longer at 13.33
seconds.

These findings offer valuable insights into the comparative performance of filtering techniques. It’s interesting
to note that the particle filter outperformed the Kalman filter in the presence of Gaussian noise, contrary to our
initial expectations due to its adaptability and ability to handle a variety of noise distributions effectively. The
particle filter's flexibility and resampling mechanism enable it to maintain accurate state estimates, even in cases
where Gaussian noise is expected. This suggests that for certain scenarios or noise characteristics, the particle
filter might be a more suitable choice for state estimation. The longer execution time of the particle filter compared
to the Kalman filter’s execution time is likely due to the particle filter’s probabilistic nature and resampling
process, which requires more computational resources.

7. Conclusion

In conclusion, the area of self-governing robot direction is swiftly progressing, with different conventional and
artificial intelligence methods at hand to aid robots in navigating intricate environments. Conventional methods
such as VVoronoi diagram and potential field have limitations in handling indoor environments, whereas artificial
intelligence methods such as genetics algorithm, and neural networks provide increased adaptability and strength
in managing complex navigation tasks.

The A* algorithm has been demonstrated as a fundamental method for resolving pathfinding issues, and the
integration of artificial intelligence approaches with conventional practices has the capability to construct
navigation systems that are more durable and effective. The adeptness of robots to navigate unfamiliar
surroundings without human intervention or guidance mechanisms has the potential to revolutionize numerous
sectors.
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Nevertheless, there remain significant obstacles to the advancement of fully autonomous robots, involving the
necessity for precise and sturdy sensing, mapping, and localization, as well as the aptitude to operate
instantaneously. Overcoming these issues will demand additional research and development in field like computer
vision, machine learning, and sensor technology.

In addition, the simulation study emphasizes the significance of considering the noise characteristics when
selecting a filtering technique. The choice between Kalman and particle filters should be based on the specific
requirements of the application and the underlying noise distribution, as highlighted by the results obtained in our
experiments. These findings provide valuable guidance for practitioners in the field of state estimation and
robotics, enabling them to make informed decisions about filter selection based on the noise conditions they are
likely to encounter in real-world applications.

The realm of autonomous robot navigation is an innovative and dynamically growing research domain with
enormous capacity for transforming numerous aspects of our daily lives. With advancing technology and novel
applications, a greater number of autonomous robots are projected to emerge in the future, substantially enhancing
efficacy, productivity and safety in multiple industries.
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