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Abstract

Naser Helal Alrowahi, “Indoor positioning system Using Machine Learning”, M.Sc. Thesis,
MSc.electrical and computer engineering, Department of Electrical and computer Engineering,
Khalifa University of Science and Technology, United Arab Emirates, December 2024.

Indoor positioning has garnered significant attention from researchers and developers due to
the rapid advancement of technology and artificial intelligence. However, this field still
encounters numerous challenges and limitations, particularly in achieving a balance between

efficiency and accuracy.

Indoor positioning systems significantly benefit various sectors, such as healthcare, smart
homes, and smart transportation systems. Nonetheless, the intricate and ever-changing
infrastructure of the indoor environment necessitates continuous improvement and

development.

The indoor environment is rich in signals, including Bluetooth and WiFi, which can be detected
using different techniques such as received signal strength (RSS) and channel state information
(CSI). Each technique possesses unique features that can be extracted. Through the utilization
of machine learning algorithms like support vector machine, decision tree, and other
techniques, as well as more advanced methods such as deep learning, the system can extract
features and establish relationships while accounting for noise and signal distortion to achieve

indoor positioning and environment identification.

The accuracy of an indoor positioning system hinges on the quality and quantity of data, as
well as how the data is processed and presented to enhance the feature extraction process. This
paper will discuss different localization technologies and techniques, explore various artificial
intelligence approaches, and examine different preprocessing techniques to enhance the output

of indoor positioning systems.

Indexing Terms: Indoor Positioning Systems (IPS), Machine Learning Algorithms, Received
Signal Strength (RSS), Channel State Information (CSI), Deep Learning for Indoor
Localization.
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Chapter 1: Introduction

This chapter overviews localization as a trending topic that attracts researchers and developers.
It highlights the motivation for this research, the problem statement, and the methodology; at
the end of this chapter, the thesis outline will be defined.

1.1 Motivation of research

Nowadays, people live a different life than they used to 10 years ago; the technology wheel is
running so fast day by day, which impacts the lifestyle of humans and their needs. In 2024,
there will be 7.1 billion smartphone users, representing approximately 4.4% more than the
previous year [1]. Many people these days own smart devices such as tablets, laptops, smart
watches, smart rings, etc. According to [2], 90% of people in the USA spend their time in the

indoor environment, either at work, at home, or shopping.

As smart cities, the Internet of Things (IoT), and 5G continue to advance, the reliance on smart
devices for daily tasks is increasing. Indoor localization, a key application of this trend, allows
people to navigate and track objects within indoor spaces.

Defining or predicting the coordination of a user or a device in an outdoor or indoor area can
be defined as outdoor/ indoor localization. For outdoor localization, the signal comes from the
state in a space, which leverages the cellular network and depends on the direct signal from the

state or cellular towers [3].

Indoor localization can use the same concept as outdoor localization; however, instead of
having a satellite or cellular tower, there are signal emitters such as access points that provide
connectivity to the users in that area, which can be considered a wireless-based technique; also
there are many other techniques such as optical-based localization, which used the picture taken
from that environment to estimate the location based on the visual information and by applying

computational processing technique [4].

Indoor localization plays a significant role in enhancing many sectors, such as health care,
where patients can be defined and tracked during pandemics and medicine can be served
without having person-to-person interaction, reducing the risk to the medical crew. The
technology can also be used to enhance the experience of people in a shopping mall where they
can navigate to reach the product they are looking for, which will reduce the time needed for

shopping, and parents can use it to track their kids inside the mall. This technology can support



rescue operations for emergencies such as earthquakes or conflicts by tracking them from the

smart devices they wear or have, reducing the time and saving more lives.

The indoor environment has unique dynamic circumstances, which may affect the technique

for indoor localization.

Health care Shopping mall
+ i
.

Disasters managment Warehouses

Figure 1: Sectors for indoor localization application

1.2 Problem statement and objectives

Artificial intelligence (Al) is a trending topic used in many sectors to fill the gaps limited to
classical technologies and applications. In other words, Al has been created to enhance and
improve the capability of old technology applications in terms of complexity, behaviour,

efficiency, etc.

Considering the conditions of the indoor environment, Al may reduce the application's
complexity and increase the accuracy of location estimation. Work done in [5 to 8] will be a

kick-off point.
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Figure 2: Process to build Al Applications
A comparison between different machine learning algorithms and different preprocessing
techniques will be tested and discussed to reach a point where the application can be considered
efficient, considering the condition of the indoor environment and whether there is a line of
sight (LOS) or no-line of sight (NLOS).

1.3 Research challenges and possible approach

The indoor environment has unique circumstances that make applying positioning inside
buildings challenging. However, nowadays, most indoor environments have access points that
connect people to the internet. An access point emits a signal (transmitter) received by users'

devices (receivers).

The signal travels through a medium to reach the receiver, consisting of obstacles of different
sizes, materials, and shapes. These will affect and distort the signal in many ways; since the

signal travels in an indoor environment (closed box), it will keep reflecting on the walls.
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Figure 3: Possible approach
During this project, the signal behaviour will be studied and considered to minimize the effect

of signal distortion, reducing the impact of the localization process.

Different indoor environments will be considered, which are classified as the following: high-
cluttered, medium-cluttered, low-cluttered, and open space. Each environment will be divided
into grids, and each grid point will have sweep iteration in different frequency steps. The data
structure will be discussed later. The challenge here is the high amount of data and the reduction
of the data to speed up the process without affecting system accuracy. Since the system will
use an Al algorithm, discovering the optimal algorithm for this type of application is

challenging.



1.4 Thesis outline

The paper is structured into six comprehensive chapters. In Chapter One, the introduction
covers the motivation behind the research, the problem statement, the objectives, the research
challenges, and potential approaches. Chapter two delves into an in-depth background and
literature review of indoor technologies, techniques, and machine learning algorithms
applicable to indoor positioning. Chapter three meticulously presents the dataset and its
mathematical representation, along with an exploration of various preprocessing techniques.
Chapter four elaborates on the methodology used to obtain and discuss the results. Chapter
Five provides a thorough summary of the findings, while Chapter Six meticulously documents

the references used in the paper.



Chapter 2: Overview of localization technologies and techniques

This chapter represents the background of indoor localization, exploring different technologies
and techniques used for localization in indoor environments. The indoor localization

techniques will be split into classic and machine learning which considered as Al approaches.

2.1 Localization technologies (signals)

Indoor environments can be rich with different signals, which are mainly used to provide
connectivity between users. These signals can be used to provide location services by applying
different techniques, which will be expressed later. [9] represent many indoor technologies,

such as the following:

2.1.1 WIFI

WIFI is a technology that is widely used in the indoor environment to provide wireless local
or global connectivity. Depending on the band and device, which gives privileges, WIFI can
range from 100m to 1000m. Nowadays, most devices support WIFI technology. However,
WIFI is mainly used to provide connectivity, not to support localization services; therefore, an

algorithm that can be an extra layer must be applied to activate positioning services.

2.1.2 Bluetooth

Bluetooth is a wireless technology comprising a physical and Mac layer. It is an old technology;
therefore, an improved version covers a higher range, a higher data rate, and optimized power
consumption. Most devices support Bluetooth technology.

2.1.3 Zigbee

ZigBee is a wireless technology like Bluetooth. However, ZigBee provides a higher data rate
transmission and has high power consumption. This technology is usually used when multi-
hop routing and network organization are needed. The main challenge here is that few devices

currently support this type of technology.

2.1.4 Visible light

Usually, this type of technology is used to create security for valuable items in museums; the
way it works is by using a light emitting diode (LED), which works as a transmitter; on the
other side, a receiver detects the signal that is coming from LED. This means this technology
must satisfy line-of-sight (LOS) between transmitter and receiver, which can be challenging

indoors.



2.2 Localization techniques

As mentioned earlier, the indoor environment is filled with various wireless technologies
emitting different signals. These signals are primarily intended to establish connectivity
between devices and the internet. Therefore, techniques and algorithms will be added to make

the signal valuable for localization services.

2.2.1 Angle of arrival (AOA)

The "angle of arrival,” also known as the directional of arrival, is used to define the location of
an object by calculating the distance and angle at the receiving device [12]. This approach is
primarily based on geometric principles to ascertain the location by intersecting the lines of
bearing formed by radial lines to each receiving antenna. The principle of angle of arrival is
like the concept of outdoor positioning using satellites. Therefore, at least two signal beams are
required at the receiving antenna to observe the location. The accuracy of identifying the
location can be improved by having more signal beams at the receiving antenna [13]. Most
antennas lack the ability to compute the angle of the signal. Adding this capability may increase
the device's cost. Moreover, as this technique resembles satellite localization principles, a line-

of-sight scenario is required, which presents one of the indoor challenges and limitations [14].

AN

' -~ \’ angle A

crossing

Location

Figure 4: Angle of arrival

2.2.2 Time of flight
Measuring the time of flight or arrival involves determining how long it takes for a signal to
reach the receiver based on the speed of light and time, which allows the system to calculate
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the distance. In indoor environments with multiple transmitters, the receiver's location is where
the beams intersect, or conversely, the transmitter can detect the signal returning, representing
the time of return. In this case, the time should be divided by two since the signal travels back
and forth in the space [15].

Time-of-flight techniques require both the transmitter and receiver to be synchronized with the

exact time source and time stamp that will be transmitted with the signal.

No line of sight (NLOS) will negatively affect the quality of the technique. Multipath will also
affect the readings and calculation, increasing the range of approximate locations [15].

Figure 5: Time of arrival / flight

2.2.3 Fingerprinting

Fingerprinting is a technique that can be used in both machine learning and non-machine
learning approaches. The main idea is to gather basic information about the environment, which
can act as an offline database for location tracking. This information includes the strength of
the received signal from various grid points in the area as well as the phase and the location
based on the previous parameters. During the online stage, the system will compare the current
signal reading with the stored database information to estimate the device's location. However,
to define the location, the reading must be compared with all the database information, which
can be computationally expensive in terms of power and time for large databases. The
traditional approach does not support adaptive learning, which can impact the system's

performance when the indoor environment changes [15].



2.3 Machine learning techniques

It is a technique where the leverage for Al technology is used to extract the features of the data
as well as relationships in the offline stage, where the data is collected and processed. A
machine learning algorithm extracts the relations of the data to link it with the location. Once
the machine learning algorithms learn enough and show an optimistic testing accuracy, the
application can be moved from offline to online, start measuring real-time data, and do the
localization tasks. Depending on the application's complexity and data type, different types of
Al algorithms and techniques can be used. In this section, different Al algorithms will be

discussed.

2.3.1 Decision tree

A decision tree (DT) is an Al algorithm that works similarly to the (else, if) statement in
classical programming. However, in DT, the feed-in data is the input and the ground truth; in
indoor localization, the input data is signal measurements (real and imaginary), the ground truth
is the environment type and the coordination (X, Y), the decision tree algorithm will define the

conditions; however (if, else), the conditions and input have to be predefined to get the output.

DT is a machine learning algorithm that consists of three main nodes: root node, internal node,
and leaf node, which will show the output result. The difference between this node is the
incoming/ outcoming edges, representing the connections between nodes; the root node will
have only an outgoing edge; the internal node, considered a decision node, will have an
incoming and outgoing edge. The leaf node will represent the algorithm's output, with only an

incoming edge [5].

The process of building up the DT is during learning. The DT will keep splitting; in other
words, it will have more conditions to reduce the uncertainty parameter. DT can be built at
different depths (simple, medium, complex), as it has been used in [5] for the classification

process of defining the environment or the location of the signal.
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Figure 6 Structure of decision tree (DT).

2.3.2 Support vector machine

Support vector machine (SVM) is an Al algorithm used for classification and regression tasks;
however, it has more advantages in the classification tasks. SVM can handle linear and non-
linear relationships. In indoor localization tasks, SVM is mainly used to obtain floor levels
using regression [10] with different Wi-Fi signals for each floor. The floor can be obtained by
projecting all Wi-Fi signals into a space; the signal will be mixed in a one-dimensional space,

and the process is done using a kernel.

The kernel is a machine learning algorithm that applies a linear classifier to non-linear data by
projecting it into higher-dimensional space. Wi-Fi signals should be considered on different
floors or other rooms, as mentioned in [11]. Data is projected in two-dimensional space to
express more about it, and linear classifiers must be obtained using dot products. However, the
data is non-linear (different floors/ different rooms), so mapping them into higher-dimensional
space separates them between two environments. However, mapping features into higher
dimensional space is expensive. Using the kernel in SVM will find the function representing

higher dimensional mapping without performing the mapping.

SVM has many advantages, including speed, ease of construction, and strong generalization
ability. However, as with many machine learning algorithms, the output accuracy will be low

if the data is not accurate enough or selected carefully [9].
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Figure 7: Support Vector Machine (SVM) for two environments

2.3.3 K-nearest neighbor (KNN)

KNN is a type of machine-learning algorithm that is used for classification purposes. KNN
algorithm creates clusters of data in a space, where each one of the clusters considers a type of
environment or coordination in a space. The classification process is performed based on the
type of neighbor data. In indoor localization (environment identification), assuming there are
four classes, which can be expressed as the following: 1) low clattered, 2) medium cluttered,
3) high cluttered, and 4) open space. When a new data sample is added to the space, the
algorithm will predict which classes the sample is based on the number of neighbors that have
been predefined in the algorithm (K value); based on that, if the K, for example, has been
assigned to 5, then if there are three neighbors from the low cluttered environment and two
from open space environment, the sample data will be assigned to the low cluttered

environment [5].

However, taking only the number of neighbors cannot always be accurate. In some cases, based
on the previous example, the two samples related to an open-space environment are closer than
samples from a low-cluttered environment. Therefore, another version of the k-nearest
environment considers the distance between the data sample and the neighbors, called weighted
K-NN.

In the normal KNN, each neighbor contributes equally to the sample data; however, W-KNN
depends on the Euclidean distance and the number of neighbors that can accurately compute

and classify the sample data.

Based on [5], the main challenge of KNN and W-KNN is that they are not the best choices for
large data sets. As the number of clusters increases, the algorithm's accuracy will be negatively
affected.

11
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Figure 8: K-Nearest Neighbor (KNN) algorithm.

2.3.4 Deep learning

Machine learning algorithms extract features from the data, which learn the relationship
between the input and the output. Further, as big as the number of data to learn from is as high
as the accuracy and the extracted features, there are limitations regarding the classical machine
learning algorithms when using an extensive data set; at some point, no accuracy improvement
can be achieved. Therefore, deep learning algorithms such as ANN and CNN can be used to

overcome these limitations.

A neural network consists of three main blocks: 1) input layer, 2) hidden layers, and 3) output
layers. Each layer consists of several neurons responsible for extracting features and

performing the learning process during forward and backward propagation.

A convolutional neural network (CNN) is like an NN; however, it has a filter that reduces the
number of learning parameters; in other words, the learning parameters in CNN equal the filter

size.

In [9], CNN has been using indoor localization, mapping the location with the received signal

strength RSS for classification purposes.

Input layer  hidden layers output

Figure 9: Structure of Deep Neural Network (DNN)
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2.4 Localization architecture

Different types of localization architectures are utilized for various applications and purposes.
Indoor localization typically involves two core components: a transmitter (access point) and a
receiver (smartphone or smart wearable device). Tracking system, the access point passively
detects the smartphone signal and determines the device's location based on the known
locations of the access points. The second approach involves a navigation task where the
smartphone detects signals from different access points. As a result, localization architecture

can work in two directions [16].

Tracking Navigating
o Access points  Access points @ /_\i
LT 7 — CM N
= i =
® s @ n ¥

points Y I

Smartphone

oS

Smartphone

Figure 10: Localization architecture
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Chapter 3: Data preparation

This chapter introduces the data used to train and test the Al engine to achieve indoor

environment identification as well as positioning tasks and data preprocessing techniques.

3.1 Data-set

The dataset comprises channel coherence function readings gathered from four different
environments at Khalifa University Abu Dhabi: 1) high cluttered, 2) medium cluttered, 3) low
cluttered, and 4) open space. Each environment includes two types of readings: 1) static mode
and 2) moving mode. In the static mode, there is always a line of sight, while in the moving

mode, there is no line of sight.

Each environment has been divided into 13X13 squares, starting from (0,0). Each square in the
lower left corner represents a grid point, with 200 sweeps (readings) and 101 frequency steps,
ranging from 2.4 GHz to 2.5 GHz, with steps of 0.1 GHz.

00 @

13,13)

Figure 11: Each environment has been divided into (13,13) grid. The arrows show the

sequence of the grid.

3.2 Mathematical representation
The data has been meticulously gathered and organized into four distinct environments based

on the cluttering level. Each of these environments is composed of 101 frequency steps, with

14



each step replicated 200 times at the Abu Dhabi campus. Throughout this comprehensive
process, each environment has been divided into 13 x 13 grid squares starting from (0,0), which
can be denoted as (X, Y) [5].

The represented data will be considered a 4-dimensional tensor and can be denoted as (M). The

four dimensions can be detailed as follows:

- Nx: number of x-axis points
- Ny: number of y-axis points
- Nf: number of frequency steps

- Nr: number of repetitions or sweeps in each environment

The following equation can express the mathematical representation:

M e RNxxNnyfor

Each tensor element is condensed to a single measurement at a specific point in the grid. For
example, the element M(x,y,f,r) represents the measurement at row x, column 'y, frequency step

f, and repetition r.

Reading of a single point

Nf- number of
A frequency steps
101

Y [ 2 4
.‘7
[N
N
y-axis (13)
Nr- number or
l repetitions
200
P>

x-axis (13)

Figure 12: 4-Dimensions tensor
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3.3 Data preprocessing

Data Preprocessing is an essential initial step before analysing data. During this stage, the data
is transformed and cleaned to prepare it for further processing. The primary goal of data
preprocessing is to enhance the quality of the data, improve the system's performance for
machine learning or statistical modelling, and increase efficiency in terms of processing and
computing power. This process significantly boosts the system's performance and efficiency,

giving confidence in its effectiveness.

Data preprocessing does not always mean reducing the number of features. It also means

preparing the data so that an Al engine can obtain useful relations and learn from it.

3.3.1 Principal component analysis

Principal component analysis (PCA) is a widely used preprocessing technique for reducing
data dimensionality, simplifying training, and aiding in data visualization. PCA effectively
transforms higher-dimensional data into lower-dimensional data while retaining the essential
features. However, it's important to note that this technique involves a trade-off between

simplicity and accuracy [17].

To conduct principal component analysis, several steps must be taken to ensure data quality
and preserve essential features. First, the data should be standardized to ensure it is all on the
same scale, preventing a large variance range from dominating a smaller one. This involves
transforming the data to a comparable scale by subtracting the mean from each value and
dividing the result by the standard deviation. Once the data is standardized, the next step
involves computing the covariance matrix. This matrix helps to understand how the variables
in the input data vary in relation to each other and to identify redundant information. The
covariance matrix is symmetric; positive numbers indicate correlated relations, while negative
numbers indicate an inverse correlation. By analysing the covariance matrix using eigenvectors
and eigenvalues, uncorrelated components can be determined, also known as principal
components. The eigenvector represents the direction of the principal components, while the
corresponding eigenvalue is the coefficient assigned to the eigenvector. Once these
components with the most valuable information are identified, the feature vector is derived,
representing the final shape of the principal component analysis and displaying only the
selected components. This ultimately leads to dimensionality reduction by choosing only those

principal components that contain the most valuable information.
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Figure 13: Principle component analysis process chart

3.3.2 T-SNE

T-distributed stochastic neighbour embedding (t-SNE) is a widely used preprocessing
technique for visualizing data. It involves transforming higher-dimensional data into lower-
dimensional data while preserving the local structure of the data. This method maintains the
relationships between neighboring data points, making it suitable for clustering and visualizing

complex data [18].

To achieve t-SNE, several steps are involved. First, the algorithm constructs a probability
distribution that measures the pairwise similarity between samples in dimensional space. This
is done by defining the probability that comes from the average distance between samples.
Higher probability represents high similarity and lower distance between neighbors. The key
feature is using a Gaussian distribution to model similarities in higher dimensions.

Next, t-SNE maps the data to a lower-dimensional space by creating the same probability
distribution that reflects the pairwise similarity in the high-dimensional space. Kullback-
Leibler divergence is used to minimize the distribution difference between the original and
lower-dimensional space. Kullback-Leibler divergence measures how much data is lost to
represent the data in the lower-dimensional space; the aim is to minimize the difference
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between the real distribution in higher-dimensional space and the approximate distribution in

the lower-dimensional space.

The technique's main advantage is its capture of non-linear relationships and complex data
relations. However, with a large amount of data, the computation can be expensive and does

not always retain global relations between different clusters.
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Chapter 4: Approach

In this section, the outcomes of implementing a variety of algorithms will be analyzed for
indoor identification as the initial stage, followed by a detailed examination of the localization
task as the next stage. An in-depth review of the input data used for training the modules,

including discussions on data sources, preprocessing techniques, and feature selection.

4.1 Indoor identification

To achieve an accurate indoor localization system, a machine learning algorithm must be
employed to conduct precise indoor identification. This algorithm will ascertain the optimal
approach for identifying indoor environments, including open, highly cluttered, medium, and

low-cluttered areas.

Indoor Location=
Indoor . .
Input data set . e . localization environment +
identification . A
(positioning) coordination

Figure 14: Indoor localization process

The following table shows the accuracy and algorithm types for performing indoor
identification tasks; the results will be discussed later in section (4.5). All algorithms have been

repeated ten times, and the average has been written.

Table 1: Indoor identification accuracy

Algorithms DT4 DT20 DT60 DT100 KNN5 WKNN5 KNN10 WKNN10 CNN‘
Accuracy 57.4% 69.9% 70.3% 66.7% 77.28% 75.8% @ 76.5% 778%  91.4%

4.2 Formatting the data

In section (3), it is noted that the data encompasses channel transfer function readings, featuring
real and imaginary numbers corresponding to magnitude and phase readings for individual data
points. The frequency range spans from 2.4 GHz to 2.5 GHz, with a step size of 0.01 GHz.

Each step involves 200 sweeps across a 13 by 13 grid.
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To facilitate improved feature extraction, the input vector has been reshaped to a two by 101
matrix, while the training sample consists of a 196 by 200 matrix. This reshaping enables easier
feature extraction for the algorithm, allowing related data with the same frequency bandwidth
to be presented jointly. For each grid point, real and imaginary values for all frequency steps
are concatenated into a two by 101 matrix. This approach ensures that various bandwidth
utilizations can be covered during training, thus enabling the study of the system's behavior

across different frequency ranges for the same grid point.

4.3 Indoor positioning
The process of indoor localization involves training a separate module for each specific
environment. The input vector is 2 by 101, representing real and imaginary numbers in

sequence across the entire bandwidth for each coordinate.

Indoor positioning is classified as a regression task, where the module is tasked with predicting
a continuous value, specifically coordinates, based on extracted features and relationships from
the training process. The algorithm's performance will be evaluated using Root Mean Square
Error (RMSE), a metric that quantifies the disparity between predicted and actual values for
regression models. RMSE computes the square root of the average of the squared variances
between ground truth and predicted values, as depicted in the following equation, where n
denotes the number of samples [19]. Table 2 represents the performance of positioning tasks
with different algorithms. All algorithms were repeated ten times, and the average value was

written.
L&
RMSE = |~ Oreat = Vpreaictea) "2
i=1
Table 2 Indoor positioning performance
 Algorithms ~ DT~ KNN5  WKNN10 CNN  Environment |
RMSE 0.43m 0.49m 0.26m 0.26m Medium Clattered
0.53m 0.76m 0.32m 0.32m High cluttered
0.25m 0.5m 0.23m 0.23m Low clattered
0.7m 0.81m 0.39m 0.39m Open space
Processing 40s 96s 120s 720s
time
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4.4 Data preprocessing

Data preprocessing refers to manipulating, rearranging, and cleaning data before it is used for
analysis or model training. It is a critical step in data analysis and machine learning in addition
to data visualization. The purpose of data preprocessing is to ensure that the data is in a format
that is suitable for the specific analysis or model being used. This can involve tasks such as
handling missing data, normalizing the data, and removing irrelevant features. By performing
data preprocessing, the quality of the data is improved, making it more suitable for training
machine learning models and obtaining meaningful insights from the data. In the context of the
given text, the dataset contains two main features: real and imaginary, which respectively
represent the magnitude and phase of the signal over a 1GHz bandwidth. This information is

crucial for understanding and processing the data effectively.

Principle component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE)
are frequently employed in data analysis to reduce the dimensionality of high-dimensional
feature spaces. PCA focuses on finding the directions of maximum variance in the data and
projects the data onto a new coordinate system. At the same time, t-SNE is particularly effective
at visualizing high-dimensional data in two or three dimensions, preserving the local structure
of the data points. Both methods are valuable for gaining insights into the relationships and
variations within the data while facilitating visualization and interpretation [18][21].

Given that the dataset only contains two features, an alternative approach will be explored such
as reducing the bandwidth or frequency step of the data used for training the model. In other
words, the number of frequency points will be reduced. This approach will help analysing and
understanding the impact of reducing the bandwidth on the model's accuracy for classification
tasks related to environment identification, as well as its performance for regression tasks

related to indoor positioning.

Various scenarios will be examined using the entire bandwidth, as outlined in tables (1) and
(2). The second scenario involves utilizing only 70% of the bandwidth, as shown in Tables (3)
and (5) , and additionally, a scenario utilizing 20% of the bandwidth has also been analysed, as
shown in Tables (4) and (6).

Table 3: Indoor identification accuracy using 70% of the bandwidth

Algorithms DT4 DT60 KKNN5 WKNN10 CNN
Accuracy 54% 67.8% 76.9% 76% 91.4%
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Table 4: Indoor identification accuracy using 20% of the bandwidth

Algorithms
 Accuracy 46% 57% = 64.5%

DT60 KKNN5

WKNN10 CNN

91.4%

Table 5: Indoor positioning performance using 70% of the bandwidth

Algorithms
RMSE

DT KNN5 WKNN10 Environment
0.42m 0.56m 0.5m Medium Clattered
0.74m 1.1m 0.8m High cluttered
0.3m 0.55m 0.35m Low clattered
0.8m 0.9m 0.8m Open space

Table 6: Indoor positioning performance using 20% of the bandwidth

Algorithms
RMSE

DT KNN5 WKNN10 Environment
0.5m 0.6m 0.58m Medium Clattered
Im 1.2m 0.95m High cluttered
0.5m 0.9m 0.7m Low clattered
1.25m 1.31m 1.2m Open space
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Chapter 4: Discussion

The model has been evaluated using various machine learning algorithms across different
environments, clustered into high-cluttered, medium-cluttered, low-cluttered, and open-space
environments, and tested across different bandwidth utilization with a training size of 70% and
testing size of 30%. The study focused on decision trees (DT), K-nearest neighbors (KNN),
and deep learning algorithms, which are convolution neural networks (CNN), that have been
proposed in [8]. Since the main goal is indoor positioning, the performance has been assisted

with two main tasks: environmental identification and indoor positioning.

Before predicting the location, the environment should be identified, which can be considered
a classification task. Table (1) represents the accuracy of each algorithm by utilizing the full
bandwidth. The accuracy parameter is calculated based on the ratio of correct predictions to
the number of total predictions made by the model, which can be presented as the following

equation [22].

A _ No.of Correct Predictions < 100
ceuracy = Total Predictions

The Design Trees (DT) algorithm displayed varying levels of result accuracy based on the
depth of the tree. It was observed that the accuracy of the algorithm improved as the depth of
the tree increased, with the accuracy increasing from 57.4% at a depth of 4 to 70.3% at a depth
of 60, representing a significant 22.47% improvement. However, it is important to note that
this improvement is not necessarily linear. This was evident when, at a depth of 100, the
accuracy dropped to 66.7%, a decrease of 5.12% from the accuracy at a depth of 60. This
demonstrates that the relationship between depth and accuracy is not always straightforward

and may not always lead to continuous improvement [22].

K-nearest neighbor (KNN) has shown an impressive result as a minimum of 75.8% up to 77.8%
where different numbers of neighbors have been tested in addition to weighted K-nearest
neighbor (WKNN), by increasing the number of neighbors; the accuracy didn’t really change
that much, by going from K=5 to K=10 the result went from 77.28% to 76.5%, however by
adding weight (distance) to the algorithm the result went from 75.8% to 77.8% respectively.
The idea behind it is that using a smaller number of neighbors provides better results when the
local pattern is relevant, which may provide better accuracy; however, when increasing the

number of neighbors, the point may include a non-relevant pattern, which reduces the accuracy
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and also smooth the boundaries between clusters. By adding weight to the (KNN), the closer
the neighbors are, the more relevant the data points are to the algorithm, which makes the
algorithm focus more on the nearest neighbors, and by increasing the number of neighbors with
respect to distance, the data point will have access to more information allowing the system to

make a reliable prediction especially when neighbors are not equally relevant [23].

Using a convolutional network provides the most accurate result, with an accuracy of 91.34%,
which supports what has been mentioned in [8]. CNN can capture local dependence in RF
signal data, which allows it to extract meaningful patterns. These patterns help identify the
environment by capturing the spatial structure of the signal and provide more accurate results

than classical machine learning.

As mentioned in section (4.4), data preprocessing will be done by minimizing the utilization
of the bandwidth; Table (3) and Table (4) represent the accuracy after reducing the utilization
of the bandwidth.

accuracy full bandwidth

100.00%
80.00%
60.00%
40.00%
20.00%

0.00%

Accuracy 70% of the Accuracy 20% of the
bandwidth bandwidth

DT60 KNN5 WEKNN10

Figure 15: Shows the effect of reducing the frequency points for environment identification.
This process has been done on classical machine learning algorithms.
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DROPED ACCURACY BY USTILIZING 70% DROPED ACCURACY BY USTILIZING 20%

@OT4 mOT60 mEKNNS mWEKNNIO mDT4 mOTe0 mKNNS mWENN1O

Figure 16: Shows the accuracy drop percentage by reducing the frequency points.
The number of frequency points and the bandwidth utilization have a proportional relationship
with accuracy. Reducing these factors will decrease accuracy, but it's important to understand
the extent of this impact and how it affects the model's performance compared to using the full
bandwidth.

According to Figure 16, utilizing 70% of the bandwidth led to a decrease in accuracy ranging
from 5.92% to 0.49%, while utilizing 20% of the bandwidth resulted in a decrease in accuracy
ranging from 19.86% to 16.54% compared to using the full bandwidth. Therefore, there's a
trade-off between bandwidth utilization and model performance, considering computing

power, time, and accuracy.

When utilizing 70% of the bandwidth, decision trees (DT) had a larger effect which
demonstrates the algorithms are sensitive to data reduction, while K-nearest neighbors (KNN)
showed high resilience when data was reduced as well and KNN can be considered as robust
algorithm in a scenario where computational power and bandwidth are constrained specially in

a classification task.

In the indoor positioning model, system performance is assessed using the root mean square
error, as outlined in section 4.3. Different machine learning algorithms have been evaluated,

focusing on a regression task to predict continuous values that will represent the coordination.

Table (2) displays the RMSE results in meters, with the RMSE value being scaled in meters by
multiplying by 12.5, representing the spacing between grid points. The results vary based on
the algorithm and the condition of the environment in terms of the cluttering level. The best
overall performance was observed in a low-cluttered environment with minimal noise in the

data, where the algorithms successfully captured the relationship between the data points.
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Specifically, the decision tree (DT) showed an RMSE of 0.25m, while KNN, with a value of
5, resulted in 0.5m, and WKNN, with a value of 10, resulted in 0.56m. A deep learning
algorithm with the same structure as mentioned in [8] has been used here; however, it was used

for the regression task, with a result of 0.23m.

RMSE(m)
09
08
0.7
06
05
04
03
02
01
0
oT KNN 5 WENN10 CMM
B Medium clattered High cluttered Low clattered Open space

Figure 17: performance of different algorithms by utilizing the full bandwidth in different

environment conditions.

Figure 17 shows the diversity of RMSE values with different algorithms as well as different
environmental conditions; regarding the figure above, an open space environment has less
performance accuracy, which means a considerable RMSE value, which happened due to a
lack of reflection, which some sometimes support the model to identify relations and extract
features from the data according to [24] the author represent how cluttered environment can
lead to reflection which supports the indoor positioning system by providing additional signal
path that enhances the ability of indoor positioning. What can be noticed in the above graph is
that the predictions of location are worse when having open space as well as a highly cluttered
environment. For a highly cluttered environment, according to [15], the multipath can reach a
point of extreme, making the signal very hard to process due to noise, making it difficult for

the indoor positioning system to identify the relation between data.

The impact of reducing frequency points on indoor positioning systems has been examined

using various algorithms to assess the effect on RMSE.
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Figure 18: performance of different algorithms by utilizing part of the bandwidth in different

environment conditions.

Reducing the bandwidth utilization to 70% has a less significant impact on the decision tree.
In a medium-cluttered environment, using a decision tree decreased from 0.43 to 0.42 meters,
indicating an improvement. However, the distance increased from 0.7 to 0.8 meters in an open
space environment. The high-cluttered environment had a more significant impact, with the

RMSE rising from 0.53 to 0.74 meters, representing a 39.62% increase.

On the other hand, using a weighted KNN of ten neighbors in the medium-cluttered
environment resulted in a decrease from 0.53 to 0.5 meters. In an open space, it increased from
0.7 to 0.8 meters. In the low-cluttered environment, there was a decrease from 0.56 to 0.35
meters, indicating an improvement of 37.5%. In a highly cluttered environment, the distance

increased from 0.68 to 0.8 meters, representing a 17.65% increase.

By reducing the bandwidth further to reach bandwidth utilization of 20%, the figure above
shows that the decision tree has less impact when reducing the frequency points in a regression
module, taking into consideration the environmental condition as well as the performance
needed, which represent the ability of decision tree to capture the relations by splitting which
can still be effective even when reducing data. However, utilizing only 20% of the bandwidth
reduces all algorithms' performance. The decision tree shows an excellent ability to capture
features, especially for regression tasks that represent the ability to use key decision points
during splitting. However, KNN algorithms were stable when reducing the data up to 70%,
and when the frequency points were reduced to 20%, the RMSE degraded, which shows the

algorithm's dependency on a large amount of data to achieve regression tasks.
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Chapter 5: Conclusion

This paper presents a highly accurate indoor positioning system that contains classification and
regression tasks, which are used to identify the environment and predict the coordinates. The
paper discussed different indoor technologies and techniques that can be used to achieve the
task, as well as different machine learning algorithms such as decision trees (DT), weighted
and non-weighted K-nearest neighbors (KNN) with different hyperparameters tuning, interim
of depth, and a number of neighbors. the performance of each algorithm has been examined,
which shows the ability of each algorithm to achieve classification and regression tasks, K-
nearest neighbor has better performance for environment identification. On the other hand, the
decision tree can capture more features and produce better performance in indoor positioning
(regression task). Data preprocessing has been applied by reducing the utilization of the
bandwidth since there are only two features, and the effect of lowering frequency points has
been examined and tested to show the ability of algorithms to capture features and relations to
achieve environment identification as well as indoor positioning. The paper shows the effect
of the environmental conditions in terms of cluttering level and how that affects the
performance, especially when reducing bandwidth utilization. The best performance of the
system was low and medium cluttered environment. As well as Deep learning algorithms such
as convolutional neural networks have been tested and showed the best result in terms of
environment classification with an accuracy of 91.4% and an RMSE value for regression tasks
in alow cluttered environment of 0.23 meters. Which proves the ability to capture more

features by utilizing the full bandwidth.

Indoor positioning systems involve intricate tasks that are influenced by numerous factors.
These factors include system efficiency in terms of running time and computing power,
environmental conditions such as cluttering level, algorithm performance, and the desired
accuracy and predictions. Achieving optimal performance in indoor positioning systems
requires carefully balancing these various elements to best suit the environment's specific

requirements and constraints.
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Chapter 6: Future Work

This research has shown encouraging results in indoor positioning, focusing on two main tasks:
classification and regression. The classification task identifies different indoor environments,
enhancing our understanding of their functions, while the regression task predicts accurate

coordinates to improve navigation.

However, there are still areas for improvement. Enhancing classification algorithms could
boost environmental identification accuracy, and developing advanced models for coordinate
prediction may increase location tracking reliability in complex settings. Addressing these
aspects will enhance the effectiveness of this research and contribute to advancements in indoor

positioning technologies.

Enhancing algorithm performance can be achieved through the development of hybrid
algorithms that integrate classical machine learning techniques with modern deep learning
approaches. By doing so, we can take advantage of each methodology's unique strengths,

leading to more robust and accurate models.

For instance, classical machine learning algorithms often excel in scenarios with smaller
datasets and provide interpretable results, while deep learning models excel in handling large
and complex datasets with high-dimensional features. By combining these two approaches, we
can create systems that not only perform better but also offer insights into their decision-

making processes.

Furthermore, it is essential to investigate reinforcement learning, which focuses on training
algorithms to make decisions in dynamic environments through trial and error. This adaptive
capability allows systems to learn and modify their behavior in entirely new situations, making
them more flexible and efficient. By incorporating reinforcement learning into our hybrid
frameworks, we can enhance the algorithms' ability to navigate, learn, and thrive in changing

environments, ultimately improving their effectiveness in real-world applications.

Additionally, it is important to examine the influence of emerging wireless technologies,
particularly those that operate at very high frequencies and offer high bandwidth capabilities.
These advancements can significantly alter the overall system performance, introducing new
levels of complexity in both design and implementation. It would be beneficial to analyze how
these technologies affect the accuracy of data transmission and reception, as well as the

potential challenges they pose in terms of interference, signal integrity, and system
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management. Understanding these factors will provide valuable insights into optimizing the

performance of wireless communication systems in the future.

Numerous evaluation metrics can be incorporated into future work to assess the system's
performance more comprehensively. Among these metrics are the F1 score, mean specificity,
and mean recall. Each serves a vital purpose, depending on the specific domain in which the

system is applied.

For instance, in the healthcare sector, the F1 score, which balances precision and recall, can be
crucial when diagnosing conditions to minimize false positives and false negatives. Mean
specificity, which measures the true negative rate, is particularly important in industries where
distinguishing non-cases is essential for patient safety. Similarly, mean recall is vital when
ensuring that the system identifies as many relevant cases as possible, especially in scenarios

like disease outbreak detection.

In industrial applications, these metrics can help optimize processes by accurately identifying
defects or anomalies in production, thereby enhancing overall efficiency. Lastly, in areas
focused on quality of life, such as smart home technologies or urban planning, the choice of
metrics will significantly influence user satisfaction and operational effectiveness. Thus,
selecting the appropriate evaluation metrics is crucial and can substantially impact the system's

effectiveness in achieving its intended purpose across various domains.
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