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Abstract: It’s getting more and more important in school and business to be able to find your
way around inside buildings as network technology and smart phones become more common.
Wi-Fi technology has a lot of potential for use because it is widely available in general open
spaces. The majority of the currently available methods of predicting locations based on a
collection of annotated Wi-Fi observations make use of trilateration or machine learning
techniques. In order to instruct the models, a mixed learning strategy must be developed. This
approach combines controlled, unsupervised, and semi — supervised learning methodologies to
maximise the value of the gathered data. Extensive trials indicate that our method allows the
models to acquire useful information from unlabelled data with gradual gains. Furthermore, it has
the potential to achieve impressive performance in terms of localisation and navigation in an
indoor environment that is complicated and contains obstacles.

Keywords: indoor localisation; wireless technology; decode model for indoor localisation;
indoor navigation task; HPO; hyperparameter optimisation.
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1 Introduction

One of the primary objectives of the next Sixth Generation
(6G) communications has been suggested to be achieving
indoor localisation with an accuracy of less than 10 cm
(Yassin et al., 2017). Given that it has the ability to spark
both the current and the next industrial revolution, this
makes logical. Indoor localisation finds usage in several
applications like as tracking and asset management in
warehouses, self- governing robot navigation, patient
monitoring in assisted living facilities and numerous others
(Laoudias et al., 2018). Measurements from certain fixed
landmarks are taken in order to localise, or locate, a target
device. The collection of markers that the localisation
system uses is called a map. The global positioning system
(GPS), which determines receiver positions using satellites,
has long been advised for outdoor localisation. This has
been the recognised approach to localisation. Unfortunately,
GPS signals are not suitable for interior localisation since
they cannot pass through building roofs and walls.
Furthermore, the inside situation is considerably more
challenging than the outside scenario because to the
increased multipath issues caused by many reflections and
barriers that block the direct line-of-sight (LoS) contact
between the transmitter and the receiver. Simultaneous
localisation and mapping, or SLAM for short, is closely
connected to the idea of localisation as it builds the map at
run-time using measurements from the device that is
designated as the target (Aslan et al., 2021). This has the
benefit of not requiring the application to have the details of
the map coded into it. For applications meant for practical
use, considerations including scalability, cost, setup, and
recurring expenditures must be made while choosing an
installation method for translation.

Indoor location has been the focus of research on a
number of technologies, including as Bluetooth low energy
(BLE), ultra-wide band (UWB), inertial measurement unit
(IMU), and Wireless Fidelity (Wi-Fi). This is owing to the
fact that these technologies are readily available in current
cellphones, which has led to their widespread adoption in
modern homes and workplaces. Consequently, the unit cost
of such gadgets has decreased as a result of their increased
availability. Due to this particular reason, they have been
selected as the target population for this study. There are a
lot of reasons why other technologies that are either
included in a contemporary smartphone or that are
accessible at a reasonable cost have not been regarded as the
primary goals of this investigation. Every one of these
technologies that have been described has both positives
and negatives associated with it. The Data Fusion (DF)
approach is often utilised in order to maximise benefits
while simultaneously minimising drawbacks. It has been
shown that DF is a common approach in the area of indoor
positioning (Haque et al., 2019). DF has been used in a
broad variety of domains.

1.1 Related work

During the last 10 years, indoor localisation has been a
subject of study that has been actively pursued, and there
are several surveys that are accessible on this subject. The
technology and methods that are accessible on smartphones
are the primary focus of the studies written. This specific
study route is extremely comparable to the one that was
pursued in the work that is now being discussed. However,
with the advent of new technologies like BLE AoA
determination and UWB integration in modern smartphones
(He and Chan, 2015), the 2017 study by Davidson and
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Piché is no longer valid. Moreover, Naser et al. omitted to
include UWB into their investigation and failed to assess the
accuracy they were able to get across different technologies
in the literature. The authors of examined many wireless
indoor localisation techniques. Among these technologies
are WiFi, FM radio, and long-range broadband-area
networks (LoRaWAN). None of them took advantage of the
widely accepted method of indoor localisation by inertial
methods, which is made possible by the low-cost equipment
needed. The restricted their discussion to inertial IPS and
concentrated only on this specific approach. The efficacy of
an inertial intrusion prevention system (IPS) is increased,
according to the paper, when it is integrated with another
IPS that uses a different technology. A thorough analysis of
this specific DF method was published in Harle (2013). The
authors of the research looked at a range of technologies
and how they were combined. Three categories exist for
data fusion: homogeneous (describing a system based on a
single technology and one or more measurement types),
hybrid (referring to the combination of multiple
technologies and measurements), and heterogeneous
(describing the use of multiple technology types with a
single measurement type, such as RSS). The latter includes
using an inertial IPS in conjunction with other technologies.
WiFi and inertial were determined to have the most stated
mentions of any pairing (Harle, 2013). The authors also
discussed the potential use of machine learning (ML) to
address the dilemma of decision-making.

A number of studies have been done over the years that
have been about ML. The writers of looked into a lot of
different machine learning (ML) use cases and methods.
They also made comparisons between systems that did and
did not have ML. They gave a full study of the problems
with the methods currently used in the papers, along with
possible ways to fix these problems. In their study of
machine learning, writers focused on WiFi RSS tracking,
which is a very narrow field. In addition, they gave an in-
depth summary of the machine learning techniques utilised
in RSS tracking. The writers of looked at machine learning
methods for indoor location and paid special attention to
SLAM, which stands for simultaneous localisation and
mapping. The second paper was about visual SLAM, which
had many important parts like loop closure, optical flow,
Visual Odometry (VO), and more. Although the first one
and the second one both looked at the same SLAM areas,
we wanted to add direct performance measures to their
evaluations of the methods.

1.2 Motivation and contribution

Our selection of the technologies that were examined is
supported by the rationale that is presented in the next
section.

An in-depth investigation of the technologies that are
used for indoor localisation was carried out, with a specific
focus on the degree to which the technology is suitable for
installation.

It’s important to be aware of the boundaries of current
methods for indoor localisation and to think about what
other areas of study might be possible in the future.

1.3 Outline of paper

The remainder of this work is divided into the following
sections. Section 2 offers a comprehensive overview,
highlighting the many methods that may be used in
conjunction with an indoor positioning system (IPS) and
providing performance statistics from the relevant literature.
At the conclusion of this part, a comparison is made
between the various technologies that have been discussed
in detail with relation to important performance criteria.

2 Related work

There are a lot of papers that examine the various
approaches to indoor placement and compare and contrast
different tactics. Angulation, scene analysis, and closeness
are some of the indoor localisation algorithms that were
examined by Liu et al. (2007). In addition to this, their study
investigates performance parameters such as accuracy,
precision, complexity, resilience, scalability, and cost. It is
being examined to implement technological solutions such
as GPS, radio-frequency identification (RFID), wireless
local area network (WLAN), Bluetooth, UWB, and cellular,
among others.

Within the scope of their comprehensive investigation of
wireless indoor localisation methods, the authors of Amjad
et al. (2023) investigated a variety of strategies from the
perspective of the device concerned. In their analysis, the
scientists compared systems that were reliant on a particular
device vs. those that were independent of that device, taking
into account aspects such as precision, cost, scalability, and
energy efficiency.

The Wi-Fi fingerprinting technique was investigated by
Xiao et al. (2016) with a particular emphasis placed on two
essential aspects: advanced location methods and successful
technology implementation tactics. During the course of the
research, a variety of methods that make use of spatial and
temporal signal patterns were investigated. Accessibility to
interior places, supplemental data for position estimation, as
well as constraints and claimed average accuracy, were
some of the specific aspects that were taken into account.

Researchers Hassan et al. (2015) looked at the use of
visible LED light technology for interior placement. They
looked at a variety of technologies, including as GSM, BLE,
and Wi-Fi, with a focus on cost, complexity, accuracy,
resilience, and the ability to reuse several infrastructures. It
was also evaluated by Latif et al. (2022) that the
effectiveness of several localisation techniques was
evaluated.

Gu et al. (2009) also looked at a number of indoor
location methods, with a focus on mobile WiFi networks.
In their in-depth study, they looked at a lot of different
choices, some of which were for business and some were



146 S. Panda et al.

for research. The options were picked based on factors such
as cost, speed, reliability, complexity, user preferences,
business access, and restrictions. They found the same thing
that other studies had found: each answer is made with a
different technology, works best in certain situations, and is
built in a certain way.

In their study Tiglao et al. (2021) presented a complete
review of the various smartphone-based indoor localisation
algorithms that are currently used. For the purpose of
classifying the methods, a classification system is offered,
and the conclusion that was reached is that every approach
has its own set of advantages and disadvantages. An
observation was noted that route loss prediction methods
provide a high degree of accuracy in some scenarios, but
fingerprinting approaches work extremely well when the
training step is executed effectively. Based on what the
person wants, the right method is picked. In the long term,
the researchers want to make an indoor localisation system
that works smoothly, uses little power, and is accurate down
to the centimetre level.

Liu et al. (2003) have proposed an accurate and low-cost
real-time interior locating approach using Pedestrian Dead
Reckoning (PDR) and iBeacons. In addition, this work
introduces a PDR and iBeacon fusion approach to address
location jumps and drifting issues. Furthermore, the
research proposes a heading direction filtering- based PDR
method. Real-time tracking tests were used to determine
that starting position errors and orientation disturbances had
less of an impact and that the trajectory’s accuracy had
increased.

By creating a customised iBeacon protocol that was
specifically adapted to the problem, Conte et al. (2014)
showed the utilisation of BLE for the purpose of addressing
occupancy detection. Their technology, which they name
BLUESENTINEL, offers an easy and scalable solution for
occupancy detection. It does this by using the current
cellphones of users in conjunction with beacons that are
strategically placed. The results of their trials shown that it
is possible to acquire precise findings with a single beacon
in each room, which is in contrast to other systems that need
a greater number of antennas. The BLE protocol’s built-in
power efficiency offers further proof that their plan is
workable. The accuracy achieved by BLUESENTINEL is
equivalent to that of more complex approaches, despite the
fact that it is fairly simple.

Zone-level occupant localisation was made possible via
a non-intrusive BLE-based method that did away with the
need for a specialised mobile application. Then, these are
turned into RSSI tuples, which are then used by guided or
semi-supervised machine learning methods to find out
where the people living in the zones are. The semi-
supervised grouping method worked well with less training
data and work, while the supervised ensemble model was
more accurate and had a higher fl-score. Furthermore, the
supervised ensemble model had higher accuracy. This
strategy worked well, as shown by a case study done in an
office context. As a consequence, occupancy profiles were
created, which provide valuable details about the activities

of tenants. Facility managers may get important insights
about occupancy levels by using this recommended
strategy, which is essential for efficient building
management.

An extensive examination of indoor localisation systems
was presented by Anda et al. (2021), This system uses
wireless ultrasonic sensors to identify the user’s location in
conjunction with an environmental map to allow features
related to user-environment interaction. The goal of the
technology is to enable safe and efficient movement of
people in interior spaces. Using the Multi-Trilateration
Algorithm (MTA), the RESIMA system proved to be
appropriate for the application area that was being
discussed. The deployment challenges related to wireless
sensor networks (WSNs) were examined in detail. Since
sensor nodes are dispersed and must continue to function in
order to collect and disseminate data, optimising node
dispersion was essential for smart cities. An analysis of the
work that had already been done in the area was carried out,
and coverage approaches were classified into several
methods. This document discusses the research efforts that
have been made to reduce the number of deployed nodes in
order to minimise the amount of power that is used. This
paper presents a full comparison of different methods,
taking into consideration the benefits and downsides
associated with each of them individually.

Obeidat et al. (2021) provide a detailed review of the
methods and technologies that include wireless technology
and indoor localisation techniques. There are many different
technologies that are included in the survey that pertain to
localisation systems. These technologies include satellite-
based navigation, inertial navigation systems, magnetic-
based navigation, sound-based technologies, optical-based
technologies, and radio frequency (RF)-based technologies.
Various techniques for object localisation are also
investigated, including dead reckoning, scene analysis,
proximity-based techniques, and triangulation. The most
popular approaches and strategies for translation are also
covered in this section. The capacity of a strategy to give
great accuracy while using a minimum amount of
processing resources is ultimately what determines which
approaches are the most powerful. The researchers
Sadowski et al. (2020) did a thorough study in which they
compared how well the Trilateration, K-Nearest Neighbour
(KNN), and Naive Bayes methods worked. Technology
from the Internet of Things (IoT), such as Zigbee, BLE,
and Wi-Fi, were used in the study. The tests used three
datasets from the real world. Each one showed a different
kind of room with a different amount of noise. KNN
with a parameter value of k=4 was the most precise and
ideal localisation technique. It beat out Naive Bayes by a
point. KNN turned out to be the most precise and correct
method.

A selection of these linked works is summarised in the
table that may be seen below (Table 1).

Our study aims to investigate several indoor location
methods using wireless signal technologies. Unlike other
research, our paper uses analytical techniques and
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simulations. The Grid-Based RSS method, the Trilateration
algorithm, and the Centroid algorithm are some of the
techniques under investigation. The following factors were
used to judge these systems: how well they worked, how
accurate they were, how well they blocked noise, how much
memory they used, and how well they could change to
different technology situations.

Simulations took into account the degrees of noise, the
different forms of technology (Wi-Fi, ZigBee, and BLE),
and the location of tag nodes. The findings of the study
provide a full knowledge of the benefits and drawbacks
associated with each technique, while also highlighting the
relevance of addressing particular application requirements
such as the amount of noise, the positioning of tag nodes,
the kind of technology, and the volume of the dataset. In
order to facilitate the optimisation of calibration methods
and the enhancement of accuracy, all calculations were
carried out using the cloud-based GPU platform Google
Colab. Our results support the process of choosing
workable indoor localisation solutions by offering helpful
insights into the capabilities and limits of these three
approaches under various conditions.

Table 1 A selection of the referenced works is summarised in
the table below
Parameter
Localisation ~ Wireless settings
techniques technology Experimenta Tag placement/
Ref: no. used used [ settings scalability
Latif PF-DOA, Wi-Fi, Simulation  Consider noise
etal.  Weighted ZigBee and two real- but not
(2022) centroid, and BLE  world dimension;
Markov Grid, datasets Random,
Differential boundary and
RSS diagonal tag
placement
Tiglao Weighted Wi-Fi, iMinds Consider tag
(2021) centroid ZigBee,  testbed/2 placement and
(range-based), and real-world  dimension
Proximity- Bluetooth environment
based (range-
free)
Liu Trilateration, BLE Real-time Consider

and Li Fingerprinting positioning  boundary tag

(2003) experiments placement

Conte, BLE-based BLE A real Consider tag

(2014) iBeacon environment placement but not
witha dimension
prototype
system

Ando Machine BLE Two real- Occupancy

etal. Learning world density in

(2021) datasets (2 irregular zones.

different Larger zones
office areas  include more
with 650 m”> beacons to ensure
and 248 m?) signal coverage,
divided into  with a total of 39
zones beacons

The key contributions of this paper can be outlined as
follows:

e An examination of the many indoor localisation
techniques, such as the Centroid algorithm, the Grid-
Based RSS technique, and the Trilateration algorithm.
Evaluating their effectiveness in various wireless
situations, adjusting for route loss, and adjusting for
setting dimensions.

e  Simulations that were exhaustive and meticulous were
carried out under a variety of experimental conditions.
A comprehensive analysis of the performance of each
approach was carried out, with characteristics such as
efficiency, accuracy, and adaptability across a variety
of technological situations being taken into
consideration.

e A comprehensive investigation of the parameters that
have an impact on the effectiveness of each localisation
approach, including noise levels, the kinds of
technologies (Wi-Fi, ZigBee, and BLE), as well as tag
node density and architecture is required.

In order to optimise calibration methods and provide
insights into the selection of acceptable indoor localisation
approaches, the execution was carried out utilising the
cloud-based GPU platform that Google Colab provides.

3 Methodology

The purpose of this part is to present a full explanation of
our approach, which includes two deep models for the
tasks of indoor localisation and navigation, as well as a
hybrid learning strategy for the deep models that have
limited data resources. This section will attempt to offer a
comprehensive description of the technique that we adhere
to.

3.1 Deep encode—decode model for indoor
localisation task

The majority of our models, as shown in Figure 1, are built
on a traditional neural network known as the variational
autoencoder (VAE). The encoder and the decoder are the
two main parts of the VAE network. The VAE network is
made up of these two parts. Due to the fact that it
incorporates explicit regularisation into the latent space, this
design has the potential to make the reconstruction more
resilient than the conventional autoencoder. This is because
it prevents the possibility of overfitting occurring during the
generating process.

The VAE network with links that are tightly joined is
called ‘DF-VAE’. The ResNet design gave rise to this idea.
Just to be clear, we start by making a decoder with 32, 64,
64, and 2 output channels. It has four layers that are all
linked to each other. The encoder builds different levels of
intermediate models from either the state data or the RSSI
data. The next thing to do is to build a symmetric decoder
whose layers are connected to the encoder’s layers. As the
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channel. This is completed at each stage. It also improves
the gradient flow and trains a deeper network in the process.

decoding process goes on, each layer has to add the
encoder’s similar output to the current output channel by

Figure 1 DF-VAE for reconstruction learning and DED-LM and DED-AM for location categorisation and action choice (see online
version for colours)

Q 1 2 3 4 5 6 RSSI
1 |
{} Position Agent DED-AM —> Action -
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(a) lllustration of a typical indoor navigation environment {b) Deep reinforcement learning model for indoor navigation

Figure 2 Indoor navigation (a) and deep reinforcement learning (b) (see online version for colours)
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We provide a deep reinforcement learning model based
on the MDP architecture in the work we have put together.
DED-AM, or the deep encode-decode action model, is
intended to be included into an agent. It is composed of a
DF-VAE network and two further completely connected
layers with four and 64 output channels, respectively. The
process starts when the agent receives the current state data,
which includes the target’s distance, position coordinate
(row and column numbers), and RSSI. This data will then
be used to create a four- dimensional score vector, which
will allow the user to choose whether to go left, right,

3.2 Deep reinforcement learning model for indoor
navigation task

We show the process of indoor travel as a Markov decision
process (MDP) when we have an example that takes place
inside, as shown in Figure 2. This is a statistical system used
to show decision-making at the decision- making level
when the results are uncertain and can be changed by the
actions of the person making the decision. The MDP is
made up of different states, actions that can be taken, a
reward function that gives each state—activity pair a number

value, and a state transition function that tells you how
likely it is that an action will change the MDP from one
state to another.

forward, or back. Based on the completed task, the learning
environment obtains the next state and reward value,
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respectively, by using the reward and state transition
functions in the subsequent step. Throughout this process,
the DED-AM model may be trained to choose the action
that consistently results in the highest reward. This will
provide the optimum path from a beginning point to the
desired end point.

3.3 Hybrid learning approach for deep models with
limited data

The learning method is split into four parts so that
different deep models can be made from the data that is
provided.

To train the DF-VAE model, we first utilise all of the
RSSI data, tagged or not. Now, by reassembling the input
data, we want to use unsupervised learning to get feature
models that are not task-specific. The repair loss is
computed using the following method.

The learned weights from the DF-VAE model are used
to set up the DED-LM model in the second step. Next, we
use the semi-supervised learning method to gradually
increase these weights on the RSSI data that has not been
labelled. For more specifics, we begin by using the labelled
data to train a crude DED-LM model. Next, we use the
training model to label the unnamed data with high-quality
labels by setting a score level that can be changed. Because
of this, we can get the effects we want. This is how the
localisation loss measure is defined:

K
Loep 1w = _Z v log(p,) ()
=1

The number C shows a pre-generated label, also known as a
ground-truth label, for the kth row or column. It has a value
of 1 if the sample is collected there and a value of 0
otherwise. The predicted chance, shown by the letter P, is

what you get when you apply the softmax function to the
model’s output.

4 Experimental setup and results

Due to its changing nature in unpredictable settings with
space-time constraints, as explained in, RSS is hard to
calculate. In an effort to overcome this issue, a DT case
study employs trial RSS data gathered from real
circumstances in order to test the suggested CPS technique.
For the purpose of determining both and, it is a standard
practice to conduct experiments.

P(dB) = P.(dB)+10log,, K ~107log,, [dij ~9(dB) ()

0

4.1 Data collection

The research is dependent on the WLAN communication
infrastructure that is already present within the building.
This infrastructure dictates the fixed number of access
points (APs) and their location throughout the facility.

Through the use of an interactive RP generator, the
quantity of RPs and their location are determined on an
individual basis for each area, and this applies to both the
training and tested phases. It is necessary to freeze the outer
markers and waypoints before beginning the process of data
collecting in order to prevent any meddling from humans.
Some of these RPs have been positioned in such a way that
they take into account the presence of walls and other
barriers that may make it difficult to navigate specific
locations. The distance between each RP is established at
0.9 m, and the number of RPs is dispersed in accordance
with this distance. The corresponding results are presented in
Figure 3.

Figure 3 The map of experimental areas and measurement sites (Karakusak et al., 2023) with white arrows depicts training (a—c) and
testing (d—f) reference point placements and orientations (see online version for colours)

(d) Area 1

'/ '\ '\ d

(b) Area 2
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Consequently, equation (6) shows that the fingerprint matrix
F(pp) may be expressed mathematically by considering the
d APs and n number of RSS samples received at the ith RP.

rss|  rss; ... rss)

me = F(p[) =
1 2
¥Ss, ¥SS, ... TSS

p=[r. n] ®
d

An RSS sampling is performed at each point while the
subject is moving, and the sample rate is set at one sample
per second. The characteristics of the RP planner and the
number of APs that were observed are shown in Table 2,
which also includes the number of train and test points that
are located in each region.

4.2 Data preparation

However, these qualities often cause issues in interior
environments. When signals travel over many paths,
multipath fading occurs due to transmission, reflection, and
diffraction off of distinct surfaces. This is the result of the
signals taking many different routes. Factors such as
ambient changes or human movement may also result in
shadow fading and path loss situations. Both of these
circumstances may manifest at the same time. These
discrepancies may reduce the accuracy of placement as the
location estimators construct their image of the
surroundings using the radio map. This is done so that
the location estimators may be told where they are by the
radio map.

4.3 Experimental evaluation

It’s easier to understand because the RMSE loss function
uses the same unit of measurement as the real places and
gives a number to the standard deviation of forecast errors.
This makes it easy to see how big the error is compared to
the given position unit, which is given in meters.

4.4 Hyperparameter optimisation (HPO)

The procedure of tweaking hyperparameter values, which is
shown in Table 2, is an essential step in the process of
developing deep learning models that are both effective and
accurate. It is common for this procedure to be empirical,
and it is dependent on the particular qualities of the dataset
that is being entered.

Table 2 MLP, LSTM model 1, model 2, and cross-validated
grid search hyperparameters
Hyperparameters MLP LSTM Model I LSTM Model 2
lag_size - 3 3
hidden_layer 5 2 2
memory_unit 42 130 130
batch_size 27 6 130
epochs 60 40 40

The cross-validation splitting method is used in this method
to look at all the possible setups by trying all the different
hyperparameter pairs as a whole. Ten times through the
algorithms of interest, a set of real-world tests were
conducted. This was done so that the random nature of the
learning methods could be taken into account. When the
factors for each case were chosen, both the mean number
and the standard deviation were taken into account. It was
decided to use the values that gave the lowest RMSE. It also
has the best hyperparameter values that were found.

5 Discussion and conclusions

Why do we need to study this? In order to learn how and
what parts of a cyber-physical wireless home tracking
gadget do their job. A cognitive digital twin has five traits
that this design makes sure it meets. This design is different
from other studies in that way. It is talked about in
Section 3.1 how to grow, know what’s going on around it,
not need people too much, get information quickly and
properly, and have a good network for talking to each other.

Table 3 makes this clear.

Table 3
results

Comparing problem statements and experimental

Problem statements

Assessments of results

1. Scalability: The system should
be adaptable enough to function in
challenging remote environments
as well as a range of inside ones.

2. Situational Awareness:
To help people make better
judgements, the technology
should enhance situational
awareness.

3. Reduce the need for human
presence: To reduce labour costs
associated with data gathering and
to enhance facility and staff
safety, the system should reduce
the need for human presence in
the field.

4. Reliable and effective data
collecting: For more precise
positioning techniques, the system
should provide reliable ground-
truth data collection.

5. Effective communication
network: The system must have a
reasonable update latency in order
to provide timely and useful
information for the smooth
integration of digital and physical
places.

1. The system may be expanded to
generate radio maps for
fingerprinting-based methods by
using self-governing mobile data
collectors guided by a digital twin.
Even though just one mobile robot is
considered, the approach may be
adjusted to support fleets of many
robots, making it suitable for large
interior spaces with multiple floors.

2. To increase human cooperation
and foster a better knowledge of
interior surroundings, the system
offers a graphical user interface and
a synchronised 3D digital twin
environment.

3. The technology has reduced
manpower costs associated with data
collection by replacing human effort
with autonomous Wi-Fi site
surveying. This lessens the physical
effort required for data collection
and maintenance, improving human
safety in hazardous circumstances.

4. More accurate and efficient data
collection was achieved by using the
SLAM algorithm and interactive
reference point decision-making for
Wi-Fi site surveys.

5. Software tools and digitalisation
are implemented using a de facto
standard ROS architecture. Its
networked software communication
architectures aid in the coordination
of an indoor positioning ecosystem
that is both cyber-physical.
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The graphical user interface and synchronised three-
dimensional digital twin environment both contributed to
an increase in situational awareness, which in turn enabled
human operators to make more information —based
decisions. The method reduced the amount of money spent
on labour costs while simultaneously raising safety
standards by using autonomous Wi-Fi site surveying to
lessen reliance on human intervention.

The purpose of this method is to lessen the bad effects
of changes in RSS over time that are caused by factors in
the surroundings. It could also make operations that happen
from afar safer and more effective, especially in places
where regular fingerprinting methods might not work or be
possible, like in dangerous or faraway areas. The
technology can give workers accurate information about
their location without them having to go to the building in
person. This is especially helpful in nuclear plants where
people are not allowed to go or it’s risky to do so.

Through the use of a graphical user interface and a
digital twin, they are able to assume control of the robot and
aid it in moving itself through the process of teleoperation.
The robot will be able to restart its mission to gather the
remaining fingerprint sites after it has been moved. These
approaches may be used in situations when there is no
human observer present.

The probable insufficiency of the suggested CPS design
in terms of handling the robustness of the communication
network and the restrictions of computing resources in a
variety of contexts is one of the limitations of the design. It
is possible that this may lead to unforeseen difficulties,
problems with dependability, and performance concerns
during the installation of the system. There are a few
different approaches that may be used in order to overcome
these constraints. These techniques can be combined with
data reduction techniques or edge computing to reduce
bandwidth usage and enhance system stability.

The physical environment pertaining to wireless
coverage may alter as a consequence of these well-informed
decisions on channel design. These improvements can
include the ability to identify locations with fluctuating Wi-
Fi signal strengths, dead zones, and sources of interference.
These insights may then be used with the adaptive decision-
making process to choose RPs and APs that are used around
an area of interest in order to reduce positioning error.
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