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Abstract: The demand for effective indoor positioning and navigation systems has surged in response
to the increasing reliance on accurate location services within environments where traditional GPS
is ineffective. This paper presents a comprehensive overview of the current landscape of indoor
localization technologies, highlighting their applications across various industries. Despite significant
advancements, challenges such as signal interference and dynamic obstacles persist, hindering the
accuracy and efficiency of existing systems. To address these issues, we propose an algorithm that
integrates advanced indoor mapping techniques with an iterative A* pathfinding approach. Our
Algorithm utilizes Received Signal Strength Indicator (RSSI) values to ascertain user location through
trilateration, while a user-friendly graphical interface allows for intuitive barrier placement and
dynamic checkpoint selection. This framework not only improves navigation accuracy in complex
indoor environments but also enhances operational efficiency by facilitating optimal pathfinding.
Through empirical validation, our approach demonstrates a significant reduction in search times and
an increase in productivity, underscoring its potential to transform indoor navigation practices. The
findings contribute to the ongoing discourse on indoor positioning technologies, offering a robust
solution to the challenges faced in navigating intricate indoor spaces.

Keywords: indoor positioning; navigation; localization; pathfinding; trilateration; indoor navigation;
RSSI; A*

1. Introduction

In recent years, the global market for indoor positioning and navigation systems has experienced
substantial growth, propelled by the increasing demand for precise location services in environments
where traditional GPS signals are inadequate [1]. Industry reports indicate that the indoor positioning
and navigation market was valued at over USD 8.3 billion in 2023, with projections to exceed USD
25 billion by 2030, reflecting a compound annual growth rate (CAGR) of more than 16% over the
next decade [2]. This surge underscores the critical reliance on indoor location services across various
sectors, including retail, healthcare, and manufacturing. Given that 80% of the global population is
expected to spend up to 90% of their time indoors [3], the demand for robust and accurate navigation
systems in complex indoor spaces is more pressing than ever.

Industries such as logistics and manufacturing are increasingly adopting indoor localization
systems to enhance operational efficiency [4], while the retail sector leverages these technologies to
elevate customer experiences through targeted location-based services [5]. Research indicates that
implementing indoor navigation tools can boost productivity by up to 30% in warehouse management
[6] and reduce search times by as much as 25% in expansive facilities [7]. However, despite these ad-
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vantages, current indoor localization technologies encounter significant challenges related to accuracy,
signal interference, and the ability to navigate dynamic environments filled with obstacles.

As our world becomes more interconnected, the demand for advanced navigation systems has
surged, particularly in indoor settings where traditional Global Positioning System (GPS) signals fall
short [8]. The rapid expansion of wireless networks has facilitated innovative localization techniques,
utilizing technologies such as Wireless Fidelity (Wi-Fi) and Bluetooth [9]. These methods, based on
trilateration and signal strength analysis, present viable solutions for tracking individuals and assets
within intricate indoor environments. As urban landscapes grow increasingly complex, the necessity
for effective navigation tools capable of functioning under these conditions becomes paramount.

Indoor localization systems find diverse applications, from enhancing user experiences in retail
and hospitality environments to supporting autonomous robot movement in warehouses and factories
[10,11]. These systems often rely on algorithms that utilize signal strength measurements for accurate
positioning. The Received Signal Strength Indicator (RSSI) is particularly effective in this context,
providing real-time data that reflects device proximity to access points (APs). By leveraging RSSI
values, localization systems can estimate user positions and adapt dynamically to environmental
changes, offering a flexible solution for indoor navigation.

Despite advancements in indoor positioning technologies, challenges persist [12]. Signal interfer-
ence, arising from physical barriers and environmental noise, can significantly undermine the accuracy
of RSSI-based localization [13]. Also, the presence of multiple obstacles complicates pathfinding, as
traditional algorithms often struggle to navigate around barriers while maintaining optimal routes
[14]. Consequently, there is an urgent need for sophisticated algorithms that can merge localization
data with efficient pathfinding strategies to ensure seamless navigation through complex indoor
environments.

The algorithm proposed in this paper addresses these challenges by integrating advanced indoor
mapping techniques with a refined pathfinding approach. Our algorithm features a user-friendly
graphical user interface (GUI) that facilitates intuitive barrier placement, creating a scalable represen-
tation of the physical environment. This model empowers users to define start and end points and
select multiple checkpoints along their desired routes. Using RSSI values, the system identifies the
three closest APs and applies a trilateration algorithm to accurately determine the indoor location of
the user. This synthesis of user-driven environment mapping and advanced localization techniques
forms a robust framework for navigating through obstacles.

To optimize the pathfinding process, we implement an iterative A* algorithm that assesses
potential routes based on a cost function derived from Manhattan distance calculations. This iterative
approach ensures a balance between computational efficiency and the identification of the most optimal
path. By dynamically rearranging checkpoints according to proximity, the algorithm enhances traversal
efficiency within the indoor environment, enabling users to navigate effectively while accommodating
the constraints of their surroundings.

The proposed algorithm not only emphasizes pathfinding efficiency but also addresses the ne-
cessity of robust performance in real-world scenarios. To validate the simulation results, practical
experiments were conducted using a two-wheeled bot, demonstrating the effectiveness of the opti-
mized path generated by the algorithm. The data derived from the simulation was transferred to
an Arduino microcontroller, allowing the bot to navigate through a scaled version of the simulated
environment with remarkable accuracy. These experiments underscore the practical applicability of
our proposed algorithm and highlight its potential to enhance navigation experiences across various
indoor settings. The proposed algorithm’s main contributions are summarized as follows:

1. Provides a user-friendly GUI to simulate real-world spaces, allowing for barrier placement and
indoor mapping before real-world application.

2. Accurately determines the user’s location using signal strengths from the three nearest APs
without requiring additional hardware.
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3. Utilizes existing infrastructure (APs) and trilateration techniques to reduce the need for additional
resources, maintaining high efficiency and low operational costs.

4. Dynamically rearranges user-defined checkpoints to find the most computationally efficient path,
balancing speed and accuracy.

5. Reduces unnecessary nodes in the path by eliminating redundant points, improving computa-
tional efficiency and runtime without sacrificing accuracy.

6. Translates optimized path data into real-world robot navigation, proving the algorithm’s applica-
bility and effectiveness in practical indoor environments.

This paper is organized as follows: Section 2 introduces foundational concepts and essential
background information for understanding the proposed algorithm’s development. Section 3 offers a
comprehensive review of related work, highlighting existing approaches, methodologies, and their
limitations in indoor positioning and navigation. In Section 4, we detail the proposed algorithm and
its core features. Section 5 evaluates the algorithm through simulations and practical experiments.
Section 6 discusses the proposed algorithm from various aspects, including its practical applications in
real-world scenarios and acknowledging its limitations. Also, it outlines potential avenues for future
research. Finally, Section 7 concludes the paper by summarizing its key contributions.

2. Preliminary

To build an efficient and accurate indoor localization and pathfinding system, it is essential to un-
derstand the core principles that underlie these technologies. Indoor positioning systems, particularly
those based on RSSI measurements, rely on the relationship between signal attenuation and distance
to estimate user locations. However, the presence of obstacles and signal interference complicates this
process, necessitating advanced techniques to enhance accuracy. Once localization is achieved, the
A* algorithm is widely used for pathfinding, offering an effective solution for navigating complex
indoor spaces. This section delves into the foundational concepts of RSSI-based localization, trilatera-
tion, signal interference, and adaptive pathfinding, highlighting the key challenges and strategies for
optimizing performance in dynamic environments.

2.1. Indoor Localization using RSSI

Indoor localization systems frequently rely on the RSSI as a primary metric for estimating the
distance between wireless devices [15]. RSSI measures the strength of the signal transmitted from
an AP to a receiver, with signal attenuation providing an approximate indication of distance. Given
that signal strength diminishes in proportion to the square of the distance, RSSI data can be used
to triangulate the receiver’s location. This process is typically conducted using trilateration, which
calculates the user’s position based on distance estimates from three or more known AP locations.

However, indoor environments introduce a range of complexities that can affect the accuracy of
RSSI measurements [16]. Physical barriers, such as walls and furniture, as well as environmental factors
like signal reflection and absorption, create noise in the signal, often leading to imprecise localization.
To overcome these challenges, techniques such as filtering (e.g., Kalman filters) or machine learning
models can be employed to smooth fluctuations in signal strength and improve location estimates. The
design of the localization system must carefully consider the trade-off between increasing the density
of APs to enhance accuracy and managing the complexity introduced by overlapping signals, which
can lead to ambiguity in the trilateration process.

2.2. Trilateration and Signal Interference

Trilateration, as the primary method of location estimation in RSSI-based systems, depends on the
accuracy of the distance data derived from signal strength [17]. The success of trilateration is influenced
by the spatial configuration of APs. Optimally placed APs provide distinct, non-overlapping coverage
zones that improve the precision of location estimates. In contrast, suboptimal placement or dense
networks can result in overlapping zones, causing interference and ambiguity in the user’s position.
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Signal interference is further exacerbated by the nature of indoor environments, where signals are
scattered, reflected, or absorbed by obstacles. Consequently, the effective signal range varies across
different spaces, introducing inconsistencies in the RSSI readings. Advanced filtering techniques are
often integrated to counteract this interference, ensuring smoother signal transitions and more accurate
localization outcomes. Understanding and mitigating the effects of signal interference remains a
critical challenge in the design of robust indoor positioning systems.

2.3. Pathfinding with the A* Algorithm

Once the user’s position has been accurately established, the next challenge is efficient navigation
within the indoor environment. The A* algorithm is widely utilized for pathfinding due to its ability
to balance exploration and efficiency [18]. It operates by calculating a cost function for each possible
route, combining both the known distance traveled from the starting point and a heuristic estimate
of the remaining distance to the destination. The heuristic, often based on the Manhattan distance in
grid-based environments, guides the algorithm towards the most promising paths while avoiding
computationally expensive detours.

The strength of A* lies in its flexibility and adaptability. In scenarios where new obstacles emerge
or dynamic changes occur within the environment, A* can dynamically update its search parameters
to reflect the altered landscape. This is particularly useful in indoor environments, where users
may encounter shifting obstacles such as movable furniture or temporary barriers. By continuously
recalculating potential routes based on real-time information, A* ensures that the navigation system
remains both efficient and reliable, even under changing conditions.

2.4. Integration of Localization and Pathfinding

The fusion of RSSI-based localization and A* pathfinding represents a comprehensive approach
to indoor navigation. Once trilateration provides an accurate position estimate, the A* algorithm can
generate the most efficient path while considering potential obstacles and environmental constraints.
The iterative nature of A*, combined with real-time updates from the localization system, allows for
dynamic rerouting as the user’s position or environment changes.

Moreover, user-driven factors—such as preferred routes or checkpoints—can be seamlessly
integrated into the pathfinding process, allowing for more customized navigation experiences. For
example, in scenarios where users must navigate through specific checkpoints or avoid certain areas,
the system can adjust paths in real time, optimizing the route based on both user preferences and
environmental factors. This interplay between localization and adaptive pathfinding forms the
backbone of sophisticated indoor navigation systems, ensuring both precision and flexibility in complex
indoor environments.

3. Literature Review

The section provides an overview of the principles and advancements in indoor localization
technologies and path-planning systems for indoor navigation that are relevant to our work.

3.1. Indoor Localization

Choosing the right indoor localization technology that has the perfect balance between accuracy,
and cost of implementation has always been a challenge in developing a reliable system [19]. As
the number of smart device users is increasing, it has become easier than ever to retrieve necessary
information from such devices for localization [20]. Even with improvements in technology, the
performance of indoor localization technology depends heavily on the parameters used for location
estimation [21]. Other external factors such as indoor interference, noises, multi-path effect, and
channel conditions can also impact the performance of the localization algorithm.

Some of the widely used technologies for indoor localization are Visible light communication
(VLC), Computer Vision, Ultrasound, Bluetooth, ultra-wideband (UWB), and, Wi-Fi [19]. Each tech-
nology has its benefits and drawbacks. VLC has high accuracy and low power consumption but the
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cost of implementing the system for complete indoor coverage is very high and requires the object
being localized to be in line-of-sight [22]. Computer vision-based localization processing images and
video provided by cameras to locate objects. Such systems require detailed knowledge of the indoor
environment and generally have a high computational cost due to the processing of large quantities of
data [23,24]. Ultrasound technology has high accuracy and is resistant to multipath effect but the cost of
implementation is high, energy efficiency is low and it is highly susceptible to environmental noise[25].
In [26], the authors implemented pulse compression using a modified binary phase shift keying (BPSK)
demodulator at the receiver end to improve energy efficiency and reduce impact due to environmental
noise but the localization accuracy decreased due to the additional computation. Bluetooth technology
can be used for localization due to the availability of such technology and its low power consumption
but it has a higher cost of implementation and is less accurate compared to the other methods due
to its limited range and fluctuations in signal strength [27]. UWB has very high localization accuracy
and low latency but it has very limited coverage, high computational cost, expensive to cover a large
area with this technology and the accuracy falters if there are any obstacles between the UWB anchors
and tag [28]. Poulose et al. [29] proposed a deep learning approach where UWB data was used by
long short-term memory (LSTM) networks to estimate and predict the user position and improve
localization accuracy. The results show that the implementation of the LSTM network improves the
localization accuracy compared to the conventional methods but there is no mention of the increase of
computational cost. The increase in computational cost will have a large impact on the viability of
such models for various scenarios that require real-time or large-scale localization.

Wi-Fi is one of the most widely used wireless technologies for indoor localization due to its
availability, no line of sight requirements, low implementation cost, no additional hardware or software
requirements, and reasonable accuracy [19,30,31]. The Wi-Fi devices which are usually called access
points (APs) are connected to the user’s devices and these signals can be analyzed using its parameters
to locate the device [32]. Internal characteristics related to Wi-Fi use signal parameters such as time-of-
flight (ToF), angle of attack (AoA), channel state information (CSI), and RSSI for indoor localization
[19]. The algorithms can be used individually or can also be combined depending on the requirements
of the system and the available resources. ToF-based localization uses the signal propagation delay
to estimate the distance between the AP and the device and locate the device using trilateration. In
[33], the authors described the various stages to simulate a ToF-based indoor localization system.
Authors in [34] combine ToF with RSSI to improve localization accuracy and reduce the localization
measuring time. AoA estimates the angle at which the signal arrives at the device from different
APs. The advantage of using this parameter is that the location can be estimated with two APs in a
2D environment [19]. However, as the distance between the APs and the device becomes larger, the
error in location estimation also increases [35]. Kotaru et al [36] used CSI and RSSI to implement a
super-resolution algorithm to improve the AoA and ToF calculations for indoor localization such that
the multipath effect is minimized. CSI shows the best performance in terms of localization accuracy
and latency as it is resistant to the multipath effect but one major issue is that many of them are not
widely available on standard router network interface card (NIC) [37].

Due to low computational complexity and no additional cost of implementation, RSSI becomes
the choice of localization parameter. Wi-Fi technology utilizing RSSI-based trilateration algorithm
provides an accurate estimate of the indoor position in real-time [38]. This method uses the log-distance
path loss model for distance estimation. However, the accuracy decreases due to the multipath effect
and environmental noise. In [39], the authors used the non-linear iterative least squares method
for estimating the location of APs and also the parameters of the path loss model to improve the
localization accuracy of devices. Yang et al. [40] propose data preprocessing techniques using Gaussian
filters to preprocess the RSSI data, the transmitted power and path loss exponent are measured using
least-squares curve fitting during distance calculation, and Bayesian filters are used to further reduce
errors in distance calculations. Both theoretical and practical experiments were conducted on both
LOS and NLOS scenarios and the results show that the proposed system improves the accuracy of the
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RSSI-based localization. However, due to the additional computational requirements of both [39] and
[40], the localization delay increases, and further experiments are required to analyze the performance
of the models on large indoor spaces.

3.2. Path Planning

Path planning algorithm intends to identify the most efficient route from one place to another
that minimizes travel distance and time while bypassing obstacles and environmental restrictions
[41]. Path planning within indoor settings is a greater test as the transversal paths are restricted and
the nature of the obstacle fluctuates. Relying on the structure of the indoor settings, path planning
algorithms are classified as either static path planning or dynamic path planning frameworks.

Static path planning presumes that the layout and obstacles remain unaltered throughout nav-
igation. The algorithms applied for static path planning determine the optimal route through the
environment assuming the layout does not shift over time. Therefore, the pathway generated by a static
path planning algorithm represents the global solution for the specified layout [42]. However, static
path-planning algorithms fail when the layout or barriers modify or shift over time. The formulation of
dynamic path-planning algorithms conquers these challenges and adapts the route dynamically in real
time by analyzing the alterations to the environment. The path generated by dynamic path-planning
algorithms is the locally preferred result as the route given was the finest corresponding to the structure
of the outline at points in time. Dynamic path planning algorithms provide a superior approximation
of the ideal route as they align strictly with real-world scenarios where the elements in the environment
are not consistently static [43].

Static path planning systems can use sampling-based, graph-based, heuristic, or artificial intelli-
gence (Al) algorithms to find the optimal path [44]. These algorithms represent the indoor environment
as a graph where each available position for movement is called a node. The objective of the algorithm
is to move from the start node to the end node while transversing through the fewest nodes possible.
Some of the most popular static path planning algorithms are the Dijkstra Algorithm, A* Algorithm,
Particle Swarm Optimization (PSO), Ant-colony Optimization (ACO) Algorithm, and many more [41].
Dijkstra Algorithm uses a greedy approach to find the shortest path to the goal without considering the
viability of the path citepgunawan2019implementation. The path provided only takes the shortest path
from the current position to the next position without considering the complexities of the environment
or estimating the distance to the target node. To overcome this, the A* algorithm is used which is a
heuristic search algorithm that combines the Dijkstra Algorithm with the Breadth First Search (BFS)
algorithm [45]. Yu et al. [46] combined ACO with the A* algorithm where ACO determines the
ordering of the targets and the A* algorithm is used to transverse through the nodes individually in
an environment with dense obstacles for autonomous underwater vehicle (AUV). The authors use
representative-based estimation (RBE) to estimate a cost graph that can be used by ACO to determine
the traveling order of the targets. The proposed system increases the computational complexity and it
will cause significant delays in determining the most optimum path for large spaces with dense obsta-
cles. Huang et al. [47] combined PSO with the A* algorithm to overcome the individual weaknesses of
each algorithm such as low path accuracy and the existence of redundant nodes of the A* algorithm
and reduction in path accuracy for too many objects in the large environment of PSO. The proposed
system performed better than the individual algorithms but the model was evaluated theoretically on
a small space. Further analysis of the performance of the model is needed for large complex spaces as
the additional computation and deletion of transition nodes might decrease the path accuracy.

The path-planning algorithm can also be chosen depending on the nature of the indoor environ-
ment or the objective of navigation [48]. Algorithms such as crowd-aware fastest path query (CAFPQ)
or r least crowded path query (LCPQ) find the optimized path towards the target point based on the
number of both static and dynamic objects present in indoor environments [49]. Such systems mainly
rely on accurately mimicking the random movement of crowds in indoor spaces and do not perform
well in scenarios where the flow of crowd cannot be captured properly.
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For dynamic path planning, the rapidly exploring random tree (RRT) algorithm is one of the
most popular algorithms. The algorithms can find an optimized path quickly for environments with a
high percentage of obstacles and high-dimensional (multi-floor) spaces [50]. Other researchers have
modified the RRT algorithm to improve its path-planning performance. A heuristic RRT algorithm
has been proposed by [51] that can find the optimal path through an indoor environment without
modeling the environment. Bruce and Velso [52] proposed an improved RRT algorithm that uses a
probabilistic RRT approach to determine the nodes to transverse through from a list of random nodes
that contains nodes from previous runs of the algorithm. When the subject of path planning for people
in indoor spaces is considered, static path planning is implemented in most cases as the individuals can
avoid obstacles just by moving around them and large indoor spaces do not have large obstructions
moving around.

3.3. Indoor Navigation Systems

Indoor navigation systems address the challenges of accurate positioning and routing in enclosed
spaces while also leveraging path planning algorithms to ensure efficient and reliable path planning
[53]. Suryaprakash et al. [53] implement such a system for mobile robots by using a vision-based
approach to map the indoor space using cameras, utilizing sensors such as accelerometer, gyroscope,
and ultrasonic sensors to estimate the robot’s position and orientation concerning its initial position
and finally employs probabilistic roadmap (PRM) algorithm to find the best path to goal. Other
systems such as Kantawong [54] also use vision-based approaches to find Quick Response (QR) codes
to determine its position in a known floor plan for static path planning or use RFID traffic cones and
exit signs placed inside the indoor environment to localize itself for dynamic path planning. Zou and
Xie [55] use UWB-based trilateration systems for indoor localization and then find the most optimized
path for navigation using the A* algorithm and dynamic window approach (DWA) algorithm. Wang
et al. [56] use a similar approach as [55] for path planning but it uses simultaneous localization
and mapping (SLAM) for mapping the area and localizing the robot. Although these systems show
promising results, further analysis is required regarding the computational cost and indoor localization
implementation cost. The systems also have a high indoor mapping time and path planning algorithm
execution time which indicates that such systems have room for further optimization to make them
viable for real-world application.

Multi-target indoor navigation systems are an extension of traditional indoor navigation systems
where a user or object can be efficiently guided through multiple target positions in a complex indoor
environment. One crucial area of application of multi-target indoor navigation systems is search
and rescue (SAR) operations. Dong et al. [57] considered situations for coal mine disasters where
the A* algorithm was implemented to get the initial path through the coal mine and afterward local
multiobjective evolutionary algorithm was implemented to further optimize the path. Other SAR
operation systems tackle multi-story building navigation [58] to locate and rescue multiple targets
by converting the multi-story indoor environment into a graph. However, such systems have only
been tested in simulations and lack practical experimental analysis. Due to the challenging indoor
scenarios for SAR operations, such systems do not try to tackle the issue of indoor localization in
emergencies but rather utilize prior knowledge of the indoor space for navigation. Systems can also be
designed in such a way that the efficiency of the path planning algorithm increases as the number of
target nodes increases [59]. However, all of the systems mentioned do not provide the user the ability
to dynamically map the indoor environment and lack information regarding the accuracy of indoor
localization.

4. Proposed Algorithm

In this section, we will describe in detail the proposed algorithm, the algorithm being used, and
the key features of our algorithm.
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4.1. Algorithm Overview

The proposed algorithm integrates multiple features aimed at optimizing pathfinding in a sim-
ulated environment that mirrors a scaled version of a physical space. Users can customize this
environment via a barrier GUI, allowing for precise placement of walls and obstacles. Once the
environment is established, the user’s position is determined through RSSI data, utilizing the three
nearest APs. To ascertain the user’s indoor location, a trilateration algorithm processes this information,
ensuring accurate positioning at key points within the environment.

Following this, the user specifies a starting point, an endpoint, and any desired checkpoints. These
coordinates are seamlessly translated into the simulation environment. An iterative A* algorithm
then rearranges the checkpoints to identify the path with the least computational cost while efficiently
navigating through all checkpoints to reach the destination. This approach strikes a balance between
computational efficiency and optimal pathfinding.

The heuristic value of each iteration of the A* algorithm is based on the distance between a set of
two points (x1,y1) and (x2, y2) that is found using Manhattan distance (Dyfanhattan), Equation (1).

Dwanhattan = ‘x2 - X1| + |y2 - ]/1| (1)

Once the optimal path is determined, additional node reduction techniques are applied to mini-
mize the number of nodes traversed. The algorithm tracks key performance metrics, including total and
average runtime, the number of steps from origin to destination, and overall memory usage. Finally,
the optimized path data is transmitted to the microcontroller of a robot for real-world implementation.
The complete flowchart of the proposed algorithm is illustrated in Figure 1.
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Figure 1. Flowchart of the Proposed Path Planning Algorithm

4.2. Core Features
This section outlines the core features of the proposed algorithm. Subsequently, Subsection 4.3
will compare these features with the related works presented in Section 3.

4.2.1. Adjustable

The proposed system is initiated by mapping the physical indoor environment to the simulation
grid. Barriers are allocated in the simulation grid that are considered obstacles in the environment
and the path planning algorithm needs to work around those obstacles to find the best path. To make
the barrier placement dynamic and adjustable, a GUI was implemented. The users can click on the
grids to place the barriers according to the indoor environment they want to simulate. The GUI for the
barrier placement also ensures that the number of barriers or size of the barriers does not exceed the
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grid size. The GUI assigns coordinates to the selected grids in the (x, y) plane that will be used later
when determining the best path. The Figure 2 shows the different simulation environments created
using the GUI- Figure 2(a) is the initial simulation environment with no border or path barriers, Figure
2(b) is the environment with only border barriers and Figure 2(c) is the environment with both border
and path barriers.

100 100

10 20 30 a0 50 60 70 80 90 100 10 20 30 20 50 60 70 80 90 100

(a) Environment with no barriers. (b) Environment with borders.

100

10 20 30 40 50 60 7 80 90 100

(c) Environment with both border and path barri-
ers.

Figure 2. The different simulation environments generated using the GUIL

4.2.2. Traceability

To trace the user and the checkpoints indoors, the RSSI data found from the APs is used. The
RSSI values range between [—90, —30]dB, and the higher the value, the closer the object is to the AP.
It is assumed that the user and the checkpoints have a device connected to the Wi-Fi network which
helps determine the RSSI value. The 3 nearest APs to the user or the checkpoints are determined based
on the RSSI values. The system in [60] is used to find the RSSI values and also the estimated indoor
position based on the 3 nearest APs using the trilateration algorithm. The RSSI value depends on the
transmitted power which is given by:

PLp = PLy — 107 log,, (di) @)
0
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where, PLp is the difference between transmitted power and received power, PLy is the path loss
in dB, gamma is the path loss exponent, d is the Euclidean distance between the object and the AP and
do is the reference distance. The value of gamma in buildings with obstacles ranges between |[2,4] and
for this, the value of gamma selected is 3. The value of PLy is negligible and hence set to 0 while the
value of dy is set to 1m. To find the RSSI value using PLjoz, we use

RSSI = PLp — PLin¢ — PLytp — PLagt €)

where, PLyy; is the loss due to signal interference, PLyyp is the loss due to the multipath effect and,
PL g is the loss due to signal attenuation. The values of interference, multipath, and attenuation are in
the range [0, 1]. The RSSI values of all APs are determined according to the distance from the user or
the object and the values are sorted afterwards. The 3 APs with the highest RSSI values are chosen and
then the estimated distance of the object from the chosen RSSI are used to find their coordinates for
the indoor space using trilateration. The equation used in trilateration for i-th AP which is given by
AP; = (x;,y;) and the object coordinate C = (x, y) with distances d; from AP; to C, is given as:

Aiog =2 (x;i — x0) 4)
Air=2-(yi — o) )
bi = dy — dF + x7 — x5+ yi — y5 (6)

fori =1,2,3, where (xg, yo) are the coordinates of the AP closest to the object which is used as a
reference, and dj is the distance from the object to the reference AP. To solve the system and derive the
coordinates of (x,y), we model it as a system of linear equations:

X

y

AT =0 7)

where, matrix A and vector b are found using the equations (4), (5) and (6). Now we solve the
system using the least square method using

;

Using equation (8), the coordinates for all the checkpoints and the user are derived which will be

= (ATA) AT (8)

used in the A* algorithm.

4.2.3. Waypointing

The algorithm for the proposed system is designed such that the user can transverse through
multiple checkpoints before reaching the goal. The indoor location of the checkpoints would also be
determined using the RSSI-based trilateration algorithm. The path planning algorithm would sort
the checkpoints according to the distance from the current user location. After the user moves from
the start position to the first checkpoint, the checkpoints get sorted again and the process repeats till
the user reaches the goal. This ensures that the checkpoints are sorted according to the direction in
which the user moves and the algorithm can find the global best path to the goal. For the simulation
environment, the crucial points and the APs are visualized using different colors as described in Figure
3.
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For the proposed system, environments with ¢ checkpoints have been investigated where the
value of ¢ is between [0, 5]. The environment with the start point, end point, and all the checkpoints
along with the 3 nearest APs for each critical point is shown for all the environments in Figure 4. The
impact of having only borders compared to the no border simulation environment will be on the
algorithm run time and the memory usage which will be explained further in Section 5.
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(a) Simulation environment with no barriers. (b) Simulation environment with borders.

(c) Simulation environment with both border and path barriers.

Figure 4. The different simulation environments generated using the GUIL

4.2.4. Navigational

After the coordinates of the barriers, the user, and the checkpoints are determined using trilatera-
tion, the iterative A* algorithm is used to find the best route for the user that navigates through all
the checkpoints to reach the goal. Initially, it is assumed that each (x, y) coordinates on the grid which
are referred to as nodes have a value of co. The calculated indoor location of the user is defined as the
starting point. The A* algorithm calculates the cost of moving from one point to another based on

f(n) = g(n) +h(n) ©)

where, 1 is the current node with coordinates (x,, y,), g(n) is the cost to reach node n from the
starting point, h(n) is the heuristic estimate of the cost to reach the desired checkpoint, and f(n) is
the total cost of moving to the current node from the previous node. The costs are calculated using
equation (1).

At the starting point, the value of g(n) is 0 and the value of f(n) is based on h(n). The algorithm
then calculates the cost of moving to the 4 neighboring nodes of the current position. The previously
set values of co for each node get replaced by the actual cost of moving to the node which is given
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by equation (9). The algorithm ensures that it moves to the neighbor node with the lowest cost and
the neighbor node becomes the current node. Only the 4 neighboring nodes in straight directions are
considered as we are using Manhattan distance as the cost function.

For the first iteration of the algorithm, the start point is the initial location of the user and
the checkpoints are considered as the goal. The algorithm iterates through all the checkpoints and
determines the closest checkpoint based on the number of steps required to reach it. The checkpoint
with the lowest number of steps from the start point is found and the algorithm makes it the new
starting point and removes it from the list of checkpoints while also saving the path taken. The process
is repeated till the last checkpoint becomes the starting point and then the algorithm determines the
path to goal. The total number of iterations for the proposed system is defined by

k
Total iterations =1+ ) i
i=1

(10)

where, k is the number of checkpoints excluding the start point and the goal. If there is no
clear path to the checkpoints or the goal, the algorithm cannot determine the best path and hence
requires the user to input other checkpoints or goals to find the best path. The path given by the
iterative A* algorithm starts from the start point, passes through all the checkpoints, and finally reaches
the endpoint. The path provided by the proposed algorithm for 5 checkpoints for the 3 different
environments are shown by Figure 5.
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(a) Path found in environment with no barriers. (b) Path found in environment with borders.

(c) Path found in environment with both border and path barriers.

Figure 5. The initial path given by the iterative A* algorithm in the different simulation environments. (a) Path
found in an environment with no barriers. (b) Path found in an environment with borders. (¢) Path found in an
environment with both border and path barriers.

Analysis of the paths found show that there is no difference in path for both the environments
with no barriers and the environment with border barriers which can be seen in Figures 5(a) and
5(b). The environment with path border takes a different route as the routes shown previously have
obstructions. The route found for the simulation environment of Figure 2(c) is shown in Figure 5(c).
The path found is longer as it needs to avoid the path barriers but it will be the best path towards the
goal for the given indoor arrangement.

4.2.5. Optimization

The iterative A* algorithm finds the best path but must travel through all the nodes in the path.
This increases the memory usage, path travel time, power required to transverse through the path,
and computational cost. To reduce the number of nodes in the path, a node reduction technique is
implemented. As Manhattan distance is used as the cost function, the paths determined will only be
straight. The algorithm used for node reduction is described in Algorithm 1.
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Algorithm 1: Path Optimization via Redundant Node Removal
1: i < len(path) -2
2: whilei > 0do
3 x_ml < path[i] [0] - path[i - 1][0]

x_m2 < path[i + 1][0] - path[i] [0]

y_ml <—path[i] [1] -path[i - 1][1]

y_m2 < path[i + 1] [1] - path[i] [1]

if (x_m1 = 0 and x_m2 = 0) or (y_m1 = 0 and y_m?2 = 0)) and path[i] != checkpoint then

delete pathl[i]

end if

10 i+i—1

11: end while

12: return path

Y X NGk

where, path is the complete path generated by iterative A* algorithm that consists of (x,, y,)
coordinates of node n. As the path provided is straight lines, checking the gradient would not yield
results in cases where the path is moving only in the x-direction. To overcome this issue, the values
are checked separately. The algorithm compares difference in x and y coordinates of node n with the
previous node 1 — 1 and next node n + 1. also, the algorithm checks if the current node is one of the
checkpoints or not. If the current node is between a straight line of nodes and is not a checkpoint, node
n gets deleted from the path variable. The path derived after node optimization is shown in Figure 6
where the algorithm only keeps only the crucial and the turning path nodes for navigating through the
environment.


https://doi.org/10.20944/preprints202501.0356.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 January 2025 d0i:10.20944/preprints202501.0356.v1

17 of 39

(a) Path found in environment with no barriers. (b) Path found in environment with borders.

(c) Path found in environment with both border and path barriers.

Figure 6. The optimized path given by the iterative A* algorithm in the different simulation environments.

4.3. Qualitative Comparison

In this section, we present a qualitative comparison between the proposed algorithm and other
approaches discussed in Section 3. The comparison focuses on the following core features: adjustability,
traceability, navigational, and optimization in indoor navigation systems. Table 1 presents the results,
with each feature marked by a v to indicate support or a X to indicate its absence. This analysis
offers a concise view of the strengths and limitations of each method, providing a clear understanding
of how the proposed algorithm compares to existing alternatives.

Most of the research reviewed in Section 3 have been categorized according to the features
they offer in Table 1. Studies conducted in [23,25-27,29,33—40] only work with indoor localization
technology to improve its accuracy or reduce the computational complexity while [42] only finds the
path from start to the goal. Other studies such as [45,47,51,52] implement a path planning algorithm
and then post-processes the path to improve the path efficiency. Research conducted in [46,57,58]
only focuses on multi-target path planning whereas [48,49,53-55] combines both localization and path
planning for indoor navigation but does not consider multiple target points. The proposed systems
in [56] and [59] combine an accurate indoor localization algorithm with an efficient path planning
algorithm. However, [56] can dynamically map the environment using SLAM but does not consider
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Table 1. Comparison with The Discussed Works, Where v': Feature Supported, and X: Not Supported

Study Adjustable Traceability ~Waypointing Navigational Optimization
[25-27,33-40] X v X X X
[42] X X X v X
[45,47,51,52] X X X v v
[46,57,58] X X v v v
[48,49,53-55] X v X v v
[56] v v X v v
[59] X v v v v
Ours v/ v/ v v/ v

multiple target points whereas [59] can include multiple target points during navigation but is based
on a given indoor environment and cannot make changes to it. Our proposed system includes all the
features to provide the user with a comprehensive multi-target indoor navigation system that is also
applicable to real-world scenarios.

5. Evaluation

In this section, we evaluate the proposed algorithm using both simulations and practical exper-
iments. We detail the experimental setup and present the results of both approaches for the indoor
path planning model. Two algorithms were tested: the Basic A* algorithm and the proposed Iterative
A* algorithm.

5.1. Simulation Evaluation

This section details the comprehensive simulation evaluation performed to assess the performance
of the Basic A * and Iterative A * algorithms under various environmental conditions.

5.1.1. Simulation Setup

The simulation experiments were meticulously conducted to evaluate the performance of the
Basic A* and Iterative A* algorithms under various environmental conditions. The setup is as follows:

e  Hardware Configuration: Experiments were executed on a Windows 10 laptop equipped with an
Intel Core i7-8750H processor and 16 GB of RAM.

e  Simulation Environment: A 100 x 100 indoor grid was used to simulate different conditions.
Three distinct scenarios were investigated:

1.  Environment 1: No obstacles or borders, serving as a baseline for performance evaluation.

2. Environment 2: An environment featuring boundaries, hypothesized to influence the total
and average execution times without affecting the algorithm’s path.

3. Environment 3: This scenario included both borders and obstacles, aiming to assess the
algorithms’ performance in more complex navigation situations.

¢ Evaluation Metrics: The algorithms were evaluated based on the number of different checkpoints
that needed to be visited excluding the start and end nodes. The performance evaluation was
done based on the average algorithm execution time, memory usage, total path length, number of
turns taken, and the number of nodes after reduction.

5.1.2. Indoor Localization Simulation Result

RSSI-based trilateration algorithm was implemented to locate the start point, endpoint, and
checkpoints indoors. Initially, the 3 closest APs to each of the key points were determined based on
their RSSI values, and the distance from the nearest APs was determined using the path loss distance
model. Finally, the trilateration algorithm was implemented to estimate the coordinates of the key
points. The actual coordinates of the key points were kept constant throughout the simulation. Table 2
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shows the actual coordinates of the key points, the estimated coordinates of the key points in all the
simulated environments, and the error of estimation which is calculated using Equation 11.

|xest - xact| + |yest - yact|
|xact + yact|

Error Percentage (%) = ( ) x 100% (11)

Table 2. Indoor Localization Results

Indoor Map  Estimated Coordinates (xest, Jest) ~Actual Coordinates(xact, Yact)  Error (%)

(50, 8) (50, 10) 3.33
(71, 93) (69, 91) 2.5
(38, 49) (37,51) 341
Environment 1 (16, 73) (18, 76) 5.32
(60, 59) (57, 56) 5.31
(72, 27) (72, 26) .02
(50, 91) (50, 90) 0.71
(50, 7) (50, 10) 5.0
(72, 94) (69, 91) 3.75
(38, 49) (37,51) 341
Environment 2 (16, 72) (18, 76) 6.38
(61, 60) (57, 56) 7.08
72, 27) (72, 26) 1.02
(50, 92) (50, 90) 1.43
(50, 8) (50, 10) 3.33
(71, 93) (69,91) 2.5
(38, 49) (37,51) 341
Environment 3 (16, 73) (18, 76) 5.32
(60, 59) (57, 56) 5.31
(72, 27) (72, 26) .02
(49,91) (50, 90) 1.43

It can be seen from Table 2 that the setup of the environment has minimal impact on the per-
formance of the indoor localization algorithm. The approximated error in the position calculation
ranges between 0.71% and 7.08%, with the average errors being 3.09% for Environment 1, 4.01% for
Environment 2, and 3.19% for Environment 3 which highlights the accuracy and consistency of the
localization algorithm used. The results prove that RSSI-based trilateration is not only accurate for
indoor localization but also remains the most cost-effective method in terms of implementation and
computational overhead.

5.1.3. Path Planning Simulation Result

The optimized paths generated by the Basic A* algorithm for the different checkpoints are shown
in Figure 7 for environment 1, Figure 8 for environment 2, and Figure 9 for environment 3 while
the path given by Iterative A* is shown in Figure 10 for environment 1, Figure 11 for environment
2, and Figure 12 for environment 3. The paths provided by both algorithms show that they follow
nearly identical paths when the number of checkpoints is low (less than 2). This is due to the best
path through the checkpoints towards the goal remaining relatively straightforward and the limited
number of checkpoints allows for a direct traversal without significant deviation. However, as the
number of checkpoints increases, the Iterative A* algorithm performs much better and can sort the
checkpoints better for transversing while minimizing unnecessary detours. This path optimization
capability of the Iterative A* algorithm is evident in Environment 3 where the presence of obstacles
introduces additional complexity. The Basic A* algorithm has a more rigid approach where it only
moves through the checkpoint sequentially. This approach can work well in simple scenarios but as
the obstacles and number of checkpoints increase, the simple approach becomes inefficient.
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| o e |e e
0
.‘o.oco ocooo|o
&
o e | e
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Figure 7. Optimized paths derived by the Basic A* algorithm for 0-5 checkpoints in Environment 1.
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(a) Basic A* for 0 Checkpoints (b) Basic A* for 1 Checkpoint
(c) Basic A* for 2 Checkpoints (d) Basic A* for 3 Checkpoints
(e) Basic A* for 4 Checkpoints (f) Basic A* for 5 Checkpoints

Figure 8. Optimized paths derived by the Basic A* algorithm for 0-5 checkpoints in Environment 2.
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(a) Basic A* for 0 Checkpoints (b) Basic A* for 1 Checkpoint
| |

(c) Basic A* for 2 Checkpoints (d) Basic A* for 3 Checkpoints
| I

(e) Basic A* for 4 Checkpoints (f) Basic A* for 5 Checkpoints

Figure 9. Optimized paths derived by the Basic A* algorithm for 0-5 checkpoints in Environment 3.
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(e) Iterative A* for 4 Checkpoints

(b) Iterative A* for 1 Checkpoint

(d) Iterative A* for 3 Checkpoints

(f) Iterative A* for 5 Checkpoints

Figure 10. Optimized paths derived by the Iterative A* algorithm for 0-5 checkpoints in Environment 1.
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(a) Iterative A* for 0 Checkpoints (b) Iterative A* for 1 Checkpoint
(c) Iterative A* for 2 Checkpoints (d) Iterative A* for 3 Checkpoints
(e) Iterative A* for 4 Checkpoints (f) Iterative A* for 5 Checkpoints

Figure 11. Optimized paths derived by the Iterative A* algorithm for 0-5 checkpoints in Environment 2.
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a) Iterative A* for 0 Checkpoints b) Iterative A* for 1 Checkpoint
p p

¢) Iterative A* for 2 Checkpoints d) Iterative A* for 3 Checkpoints
p p

(e) Iterative A* for 4 Checkpoints (f) Iterative A* for 5 Checkpoints

Figure 12. Optimized paths derived by the Iterative A* algorithm for 0-5 checkpoints in Environment 3.
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Table 3. Performance Comparison of Basic A* and Iterative A* Algorithms In Environment 1
Performance Type Basic A* Algorithm Iterative A* Algorithm
Checkpoints 0 1 2 3 4 5 0 1 2 3 4 5
Average Time (s) 0.003 0.030 0.036 0.040 0.029 0.037 0.003 0.030 0.029 0.033 0.027 0.024
Algorithm Iterations 1 2 3 4 5 6 1 2 4 7 11 16
Memory usage (MB) 262 290 292 319 319 354 260 277 285 3.04 3.06 344
Path Length (m) 84 130 236 281 333 423 84 130 155 195 261 260
Turns 0 3 5 7 9 11 0 3 3 7 9 11
Nodes 85 131 237 282 334 424 85 131 156 196 262 261
Nodes After Reduction 2 6 9 12 15 18 2 6 8 12 15 18

Table 3 presents the performance comparison between the Basic A* and Iterative A* algorithms in
environment 1. The data reveals that the average algorithm execution time of the Iterative A* algorithm
gets lowered compared to the Basic A* algorithm as the number of checkpoints increases and the
Iterative A* algorithm also has lower memory consumption compared to the Basic A* which indicates
that the proposed algorithm is optimized. The reduction in memory usage becomes significant when
considering larger and more complex indoor environments where resources are limited and the
Iterative A* algorithm can manage memory more efficiently while maintaining low execution time.
The total path length used by both algorithms further demonstrates the superior performance of the
Iterative A* algorithm. As the number of checkpoints increases, the ability of the proposed algorithm
to reduce the path length also improves significantly. It is also able to reduce the number of turns
and number of nodes required after redundant node removal. As there are no obstacles present in
environment 1, the impact of the algorithm for reducing the number of turns and removing redundant
nodes can be analyzed better in environment 3. Overall, the Iterative A* algorithm consistently
demonstrates enhanced performance over the Basic A* algorithm, particularly as the number of
checkpoints increases. The path lengths and the number of nodes evaluated also reveal a noticeable
improvement in the Iterative A* algorithm, emphasizing its efficiency in navigating through multiple
checkpoints.

Table 4. Performance Comparison of Basic A* and Iterative A* Algorithms In Environment 2

Performance Type Basic A* Algorithm Iterative A* Algorithm
Checkpoints 0 1 2 3 4 5 0 1 2 3 4 5
Average Time (s) 0.011 0.064 0.092 0.089 0.061 0.065 0.007 0.062 0.063 0.076 0.056 0.056
Algorithm Iterations 1 2 3 4 5 6 1 2 4 7 11 16
Memory usage (MB) 274 284 290 291 332 332 263 28 28 288 322 313
Path Length (m) 84 130 236 281 333 423 84 130 155 195 261 260
Turns 0 3 5 7 9 11 0 3 3 7 9 11
Nodes 85 131 237 282 334 424 85 131 156 196 262 261
Nodes After Reduction 2 6 9 12 15 18 2 6 8 12 15 18

In environment 2, the performance metrics are presented in Table 4. The results indicate that
adding a border to the environment only impacts the memory usage and the average execution time
of both algorithms while the rest of the performance metrics remain almost the same. There is a
significant increase in average execution time and memory usage as the number of checkpoints grows
in Environment 2 while the path length is almost the same as in Environment 1. However, the Iterative
A* algorithm remains superior in terms of both memory and time efficiency compared to the Basic A*
algorithm. The introduction of borders increases the complexity of pathfinding, but the Iterative A*
still manages to maintain a lower node count and shorter paths.
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Table 5. Performance Comparison of Basic A* and Iterative A* Algorithms In Environment 3
Performance Type Basic A* Algorithm Iterative A* Algorithm
Checkpoints 0 1 2 3 4 5 0 1 2 3 4 5
Average Time (s) 0.008 0.097 0.135 0.113 0.113 0.147 0.008 0.088 0.091 0.109 0.113 0.111
Algorithm Iterations 1 2 3 4 5 6 1 2 4 7 11 16
Memory usage (MB) 279 291 291 306 339 359 263 275 280 301 329 357
Path Length (m) 86 132 243 330 398 513 84 130 156 238 295 311
Turns 0 3 7 15 19 25 0 1 5 13 19 19
Nodes 87 133 244 331 399 514 85 131 157 239 296 312
Nodes After Reduction 2 6 12 20 25 32 2 5 9 18 25 26

Lastly, we evaluate the performance in Environment 3, as illustrated in Table 5. As obstacles have
been introduced in Environment 3, there are blockades in the path that the path-planning algorithms
must navigate around. The findings indicate that, while all the performance evaluation metrics
increase with the number of checkpoints, the Iterative A* algorithm maintains its edge over the Basic
A* algorithm. The table shows that the Iterative A* algorithm improves its optimization performance
significantly in environments with obstacles when compared to the Basic A* algorithm. The data
highlight that the Iterative A* algorithm not only handles the increased complexity more effectively but
also delivers better performance in terms of path length and node reduction, illustrating its robustness
in navigating challenging environments.

Overall, the simulation results across all conditions demonstrate a clear trend: the Iterative A*
algorithm consistently outperforms the Basic A* algorithm, showcasing its effectiveness in a variety of
pathfinding scenarios. The implications of these findings are significant, suggesting that the Iterative
A* algorithm is better suited for applications requiring efficient navigation in complex environments.

5.2. Practical Evaluation

In order to validate the simulation results, a two-wheeled bot was run on the derived optimized
path. The path data was transferred from the simulation environment to an Arduino microcontroller.
Excluding the Arduino board, the bot only had an MPU-6050 sensor attached to it to ensure it made
exactly 90-degree turns and followed the Manhattan path generated by the Iterative A* algorithm.

5.2.1. Practical Setup

Figure 13 shows the two-wheeled bot used for conducting the practical experiments. The mi-
crocontroller used the optimized path data to navigate through a scaled version of the simulated
environment. Various runs of the bot demonstrated that it was able to navigate collision-free through
the environment while moving through the desired checkpoints.

i ¢ T T—
(a) Top View of the Bot (b) Side View of the Bot
p

Figure 13. Bot used for validating simulation results. (a) Top view of the bot. (b) Side view of the bot.
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5.2.2. Practical Result

The practical evaluation of the Iterative A* algorithm was carried out using the two-wheeled bot
described. The primary objective of the practical analysis was to assess the bot’s ability to navigate
through a real environment by following the optimized path data derived from the simulation. Figure
14 shows an image of the bot navigating through the environment. The performance of the bot was
compared against the simulation results to validate that the path provided by the Iterative A* algorithm
ensures collision-free travel through the checkpoints with a minimal number of turns in the most
optimized path. The overall evaluation confirmed that the optimized paths generated by the Iterative
A* algorithm are practical and the bot can travel through the given path to reach the desired destination

while moving through the checkpoints.

(a) Practical Run 1 (b) Practical Run 2

Figure 14. Practical run images of the bot. (a) Practical Run 1. (b) Practical Run 2.

5.3. Quantitative Comparison

Table 6 shows the quantitative comparison between the Basic A* and the Iterative A* algorithm
and highlights the improvements the proposed system makes compared to the basic algorithm in
terms of key performance metrics—average execution time, memory usage, path length, the number of
turns and the nodes remaining after node reduction—across the different environments. The formula
used to calculate the improvement is shown in Equation 12. The proposed model was not compared
with models present in other literature as the indoor environments differ from each other according to
the arrangement of the indoor space, the grid size of the space being considered, the hardware used
for simulating the environment, and the lack of evaluation of the models based on key performance
metrics other than the path length. Adhering to so many external factors makes it extremely difficult to
compare models from different literature with one another. For all the environments, it was observed
that the number of turns and node reduction did not improve significantly unless obstacles were
present in the environment.

Basic A* Metric — Iterative A* Metric

Improvement (%) = Basic A* Metric x 100% (12)
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Table 6. Quantitative Improvement Comparison of Iterative A* Over Basic A* Algorithm

Environment Checkpoints Average Time (%) Memory Usage (%) Path Length (%) Turns (%) Nodes Reduction (%)

0 0.00 0.76 0.00 0.00 0.00
1 0.00 448 0.00 0.00 0.00
Environment 1 2 19.44 2.40 34.32 40.00 11.11
3 17.50 4.70 30.60 0.00 0.00
4 6.90 4.08 21.62 0.00 0.00
5 35.14 2.82 38.53 0.00 0.00
0 36.36 4.01 0.00 0.00 0.00
1 3.13 0.70 0.00 0.00 0.00
Environment 2 2 31.52 1.38 34.32 40.00 11.11
3 14.61 1.03 30.60 0.00 0.00
4 8.20 3.01 21.62 0.00 0.00
5 13.85 5.72 38.53 0.00 0.00
0 0 5.73 2.33 0.00 0.00
1 9.28 5.50 1.52 66.67 16.67
Environment 3 2 32.59 3.78 35.80 28.57 25.00
3 3.54 1.63 27.88 13.33 10.00
4 0.00 2.95 25.88 0.00 0.00
5 24.49 0.56 39.38 24.00 18.75

Environments 1 and 2 have similar improvements for metrics such as path length, number of turns,
and node reduction as both environments do not have any obstacles and the impact of having borders
in the environment can be seen on the average execution time and the memory usage. Figure 15 shows
the average execution times for the Basic A* and Iterative A* algorithms across three environments. It
can be seen both from Figure 15 and Table 6 that for Environment 1, the Iterative A* algorithm can
achieve a lower execution time of up to 35.14%, 31.52% for Environment 2, and 32.59% in Environment
3 compared to the Basic A*. This ensures the total algorithm run time is almost similar for both the
algorithms even though the Iterative A* algorithm has a higher number of iterations. The Basic A*
algorithm suffers from increasing execution times as it follows the sequence of checkpoints without
dynamic optimization.

The proposed algorithm also optimizes the memory usage for all the environments and different
numbers of checkpoints as shown in Table 6 and Figure 16. The proposed system can reduce memory
usage up to 4.70% for Environment 1, 5.72% for Environment 2, and 5.73% for Environment 3. By effi-
ciently reordering the checkpoint and minimizing unnecessary nodes, Iterative A* avoids unnecessary
usage of memory that Basic A* incurs. The difference in memory usage becomes more apparent as the
number of checkpoints increases and this reflects the Iterative A* algorithm’s ability to handle larger
and more complex environments without consuming excessive resources.

The comparison of path lengths shown in Figure 17, the number of turns and nodes after reduction
is shown in Figure 18. The results from the Table 6 and the graphs show that the Iterative A* algorithm
can achieve a higher path efficiency of up to 38.53% for both Environment 1 and Environment 2 while
also achieving an improvement of 39.38% for Environment 3. In terms of reducing the number of
turns, the proposed algorithm can achieve an improvement of up to 66.67% in Environment 3 but
on average, the improvement is about 11.81% across all the Environments. In terms of obtaining the
lowest number of nodes after node reduction, the Iterative A* algorithm also achieves optimization
performance of up to 25% which is most significant in Environment 3 which has obstacles. The high
path efficiency shows another critical advantage of the Iterative A* algorithm as it can minimize path
length while significantly reducing the number of turns and the number of nodes explored.
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6. Discussion

In this section, we discuss the practical benefits and applications of the proposed algorithm,

highlighting its organizational convenience, user-centric design, and resource efficiency.
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6.1. Organizational Convenience

The proposed algorithm facilitates an organizational convenience by allowing organizations to
utilize the simulated tool/code prior to implementing the actual algorithm. This initial phase focuses
on mapping the physical indoor environment into a simulated grid layout. The grid is designed by
uniformly distributing APs, enabling accurate indoor tracking via RSSI data.

To enhance user interaction, a GUI captures user inputs for barrier placement, dynamically
reflecting any adjustments made. This approach ensures the placement of barriers does not exceed grid
boundaries, facilitating the identification of the shortest path while avoiding obstacles. The dynamic
GUI is illustrated in Figure 2, underscoring its role in fostering user engagement.

6.2. User Convenience

Enhancing user convenience is a central goal of the iterative A* algorithm and path optimization
features. Following the determination of user and checkpoint coordinates, the iterative A* algorithm
computes the most efficient route that navigates through all checkpoints to reach the final destination.
The algorithm initiates with all nodes assigned an infinite cost and recalibrates based on user movement
and proximity to checkpoints, as illustrated in equation (9). In the initial iteration, the algorithm
identifies the nearest checkpoint based on the minimum steps required, effectively streamlining user
navigation. The total iterations are defined by equation (10).

6.3. User Experience

To further enhance user experience, a node reduction algorithm is integrated to optimize the
path determined by the iterative A* algorithm. This process reduces the number of nodes in the
path, ensuring a smoother trajectory. The algorithm operates by evaluating straight-line paths and
eliminating unnecessary nodes, as described in Algorithm 1.

The node reduction algorithm operates by assessing each node’s position relative to its neighbors,
ensuring only relevant nodes remain. This careful consideration results in a path that maintains clarity
while reducing computational overhead, ultimately benefiting the user’s navigation experience.

6.4. Cost Efficiency

The integration of RSSI-based trilateration and multiple checkpoints emphasizes cost efficiency,
utilizing existing environmental elements without the need for additional infrastructure. The algorithm
leverages RSSI data to estimate user positions and the locations of checkpoints. By identifying the
three nearest APs based on the highest RSSI values, the algorithm calculates user and checkpoint
coordinates using established trilateration equations.

This efficiency is further highlighted by the ability to manage multiple checkpoints, allowing users
to traverse a dynamic path through the indoor environment while utilizing the same infrastructure.
The algorithm recalibrates checkpoint distances based on user movement, ensuring that the path
remains optimal.

6.5. Energy Efficiency

Energy efficiency is a critical feature of the proposed algorithm, setting it apart from traditional
pathfinding methods. By focusing on minimizing computational overhead, the algorithm not only
reduces execution time but also conserves the system’s energy resources, making it especially suitable
for environments where battery-powered devices, such as robots or IoT systems, are in operation. This
efficiency is achieved through the combination of iterative processing and node reduction techniques,
both of which ensure that the algorithm calculates the shortest, most optimized paths with minimal
resource consumption.

For instance, as seen in the simulation results presented in Tables 3, 4, and 5, the Iterative A*
consistently outperforms the Basic A* algorithm in terms of memory usage and path length. This
optimization directly correlates with lower power consumption. A robot employing the Iterative A*
algorithm, for example, would require fewer computational cycles to compute paths, resulting in
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reduced energy usage and extended operational time. The reduction in nodes, particularly after the
node reduction phase, further amplifies this energy-saving characteristic, as fewer nodes translate to
less processing and less strain on the hardware.

In addition, the algorithm’s efficiency in navigating complex environments, such as those with
borders and static obstacles, showcases its ability to handle increased complexity without a propor-
tional rise in energy consumption. By leveraging efficient pathfinding strategies, the algorithm avoids
the pitfalls of traditional approaches that may unnecessarily expend energy recalculating redundant
paths or processing excessive nodes. This distinction is vital in real-world applications, such as
search-and-rescue operations or warehouse automation, where energy efficiency directly influences
the system’s overall performance and sustainability.

6.6. Application

The proposed algorithm has a wide range of practical applications, particularly in environments
where indoor navigation, positioning, and path optimization are critical. Its adaptability makes it
highly suitable for industries and sectors that require efficient movement through complex indoor
spaces while accounting for obstacles and varying layouts.

One key application is in automated warehouse management. In modern warehouses, robots and
autonomous vehicles are increasingly used to streamline inventory management and product retrieval.
By leveraging the proposed algorithm, these systems can dynamically navigate through warehouse
aisles, avoiding barriers such as shelves or temporary obstructions. The use of RSSI-based trilateration
ensures precise indoor positioning, enabling the algorithm to guide robots along the most efficient
paths, even as the environment evolves due to rearranged inventory or new shelving configurations.

In healthcare facilities, such as hospitals or large medical centers, the algorithm can be used
for guiding autonomous service robots or for providing real-time navigation assistance to both staff
and visitors. These environments often feature complex layouts with multiple checkpoints—such
as patient rooms, medical supply areas, or operating theaters—that must be reached efficiently. The
proposed pathfinding and node reduction techniques ensure that essential services are delivered
quickly, improving overall facility efficiency and enhancing patient care.

Another potential application lies in smart building management. Modern smart buildings rely on
sophisticated systems to monitor and control various functions, from lighting and security to heating,
ventilation, and air conditioning (HVAC). The proposed algorithm can be integrated into these systems
to assist with tasks such as monitoring maintenance robots as they navigate through buildings to
perform inspections or repairs. The ability to adapt to real-time changes in the environment ensures
that these systems can operate continuously, even when unforeseen obstacles are introduced.

In the field of indoor rescue operations, particularly in situations where GPS signals are unavail-
able or unreliable, such as underground facilities or high-rise buildings, the algorithm can play a
pivotal role. Rescue robots equipped with the algorithm can efficiently navigate disaster-stricken
environments, locating survivors and delivering critical supplies. The combination of RSSI-based
positioning and optimized pathfinding minimizes delays, which is essential when time-sensitive
operations are involved.

Moreover, the algorithm finds practical use in indoor retail environments. Retailers are adopting
technology-driven solutions to enhance customer experience, such as in-store navigation apps that
guide customers to products in large, complex shopping centers or supermarkets. The proposed
algorithm, when implemented in such systems, can offer precise directions while accounting for
temporary store rearrangements or high-traffic areas, thus improving both customer satisfaction and
operational efficiency.

Finally, in robotic swarm intelligence, the algorithm can serve as a key component in coordi-
nating multiple robots working together in enclosed spaces. Swarm robots, used in tasks such as
environmental monitoring, cleaning, or surveillance, need to efficiently cover an area without colliding
with one another or missing any sections. The algorithm’s ability to handle multiple checkpoints and
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dynamically adjust paths based on real-time positioning allows for smooth and efficient coordination
of these swarms, maximizing their coverage while minimizing operational costs.

6.7. Limitations and Future Considerations

While the proposed algorithm offers a robust solution for indoor positioning and navigation,
several limitations must be acknowledged. First, the reliance on RSSI-based trilateration introduces
inherent inaccuracies due to signal interference, multi-path effects, and fluctuations in signal strength
within indoor environments. Such variations can reduce the precision of location estimates, particularly
in dynamic environments with high-density barriers or reflective surfaces. To mitigate this, future
research could explore the integration of alternative localization techniques, such as time-of-flight or
angle-of-arrival measurements, which may provide more stable and accurate positioning in complex
indoor environments.

Another limitation pertains to the scalability of the iterative A* algorithm when applied to
large-scale environments. As the number of checkpoints increases, the computational cost and time
required for path optimization grow exponentially. This limitation becomes especially apparent
when dealing with highly cluttered environments where numerous obstacles must be accounted for.
Future improvements could focus on optimizing the search space and incorporating hierarchical or
multi-level pathfinding techniques, which would allow for faster computations without sacrificing
accuracy. Additionally, leveraging parallel computing or cloud-based solutions could significantly
reduce computation time, making the algorithm more suitable for real-time applications in larger,
more complex environments.

The node reduction technique, while effective in simplifying paths, may occasionally eliminate
nodes that contribute to smoother trajectories, particularly in environments where fine-tuned naviga-
tion is essential. Future research could explore adaptive node reduction strategies that preserve critical
waypoints based on the specific characteristics of the environment, user preferences, or the robot’s
physical constraints.

Moreover, the current algorithm does not account for dynamic changes in the environment,
such as moving obstacles or alterations in the layout post-deployment. Addressing this limitation
will require future work to integrate real-time environmental updates and re-calculations into the
pathfinding process. This could involve combining machine learning techniques to predict obstacle
movements or incorporating simultaneous localization and mapping (SLAM) to adaptively update the
environment in real-time.

In terms of applicability, while the algorithm has been successfully implemented in a controlled
simulation and later deployed on a microcontroller, its performance in real-world environments is still
subject to constraints such as hardware limitations, sensor accuracy, and environmental unpredictabil-
ity. Future work should explore more extensive real-world testing in various settings, including highly
dynamic environments, to better assess the algorithm’s robustness and adaptability. Investigating
the potential of integrating additional sensory inputs, such as lidar or computer vision, could further
enhance the algorithm’s effectiveness in diverse real-world scenarios.

Finally, expanding the algorithm’s applicability to multi-agent systems is a promising direction.
Coordinating multiple robots to navigate complex environments introduces additional challenges
in path planning, collision avoidance, and resource optimization. Future research should focus on
developing distributed algorithms that allow multiple agents to operate efficiently within the same
environment, further extending the versatility of the proposed solution.

7. Conclusion

In this paper, we presented a comprehensive algorithm designed to optimize indoor position-
ing and navigation. By integrating multiple features such as RSSI-based trilateration, iterative A*
pathfinding, and node reduction, the algorithm achieves both efficiency and accuracy in navigating
dynamic environments. The user-friendly interface allows for seamless customization of barriers and
checkpoints, ensuring the tool adapts to a wide range of indoor layouts. This adaptability, combined
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with the algorithm’s cost efficiency through the use of existing infrastructure, demonstrates its practical
applicability.

Key performance metrics, including computational runtime, memory usage, and the number of
steps required, highlight the algorithm’s balance between complexity and performance. Furthermore,
the incorporation of a node reduction technique enhances the efficiency of pathfinding, reducing the
computational burden without sacrificing precision. The algorithm’s deployment onto a microcon-
troller for real-world implementation bridges the gap between theoretical simulation and practical
use.

In conclusion, this algorithm not only addresses the complexities of indoor navigation but also
offers a scalable and adaptable solution that can be implemented across diverse environments. Its
integration of user interaction, computational optimization, and real-world applicability positions it as
a valuable contribution to the field of indoor positioning systems.
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