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Abstract

The demand for indoor localization services for indoor environments, and indoor positioning
based on fingerprinting has attracted significant interest due to its high accuracy. Working with
data having class imbalance has led to biased localization results, with lower accuracy. In this
paper, we presented a class imbalance problem solution using an autoencoder model with RSSI
fingerprint data. The autoencoder architecture includes two phases. In the first stage, the
autoencoder is trained using a large dataset of fingerprint samples, irrespective of their location
labels. In the second phase, the data generated through the autoencoder are augmented with the
original data. Further, we used two mathematical approaches such as KL- Divergence and
Euclidean Distance, to evaluate the localization and checked the accuracy with classifiers, such
as a KNN, SVM and RF. Experimental results are presented to ensure that the autoencoder-based
indoor localization approach offers a promising solution to mitigate the class imbalance problem

in fingerprint data by effectively reducing location error.
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Chapter 1

Introduction

Object, person, and asset detection or navigation in a closed environment have been essential in
modern life. An indoor localization system has made it possible, for users to precisely locate
things, persons, or assets inside a building using cell phones, mobile devices, tracking tags, or
other devices. To detect, a device's position, the system can make use of several RSSI Wi-Fi
signals and the strength of those signals. The position can be approximated, by connecting the
signal strengths of many Wi-Fi access points spread across the indoor area. Fingerprint-based
indoor localization with WiFi data is used to examine the distinctive features of WiFi signals to
pinpoint a user's, object's location inside an indoor environment [1]. It is predicated on the idea
that WiF1 signals behave differently depending on the environment due to elements like signal
strength, interference, and pattern of signal transmission. The method entails compiling a
database of signal fingerprints that represent the various indoor locations' distinct WiFi signal
patterns. This is achieved through an offline training phase in which WiFi signal data from
several access points (APs) located across the environment is gathered. Compared to GPS signals
it can be stated that GPS relies on satellite signals, and these signals can be significantly
attenuated or completely blocked in indoor spaces [2]. On the contrary, WiFi signals are readily
available in most indoor environments as WiFi access points are commonly installed indoors.
This makes fingerprint-based WiFi data more suitable for indoor localization where GPS signals
may not be accessible. GPS primarily provides two-dimensional (latitude and longitude)

positioning information, which is insufficient for multi-floor indoor environments.



Fingerprint-based WiFi data can be utilized to achieve vertical positioning as well, enabling

localization on different floors within a building.

1.1 Applications of ILS

There are several application extents of indoor localization and specific real-time applications
discussed below.

Localization, Tracking and Navigation - There are many objectives of ILS such as tracking
down the static position of any object and monitoring the real sequence of positions of objects
that are in motion. It navigates gently under indoor environments such as buildings, malls,
universities etc. Moreover, the viability of a WiFi-based indoor positioning system for
construction sites is presented by [3]. The technique was developed for monitoring construction
sites and tracking the locations of construction resources, including labour, materials machinery,
and vehicles using the fingerprint process of Received Signal Strength Indication (RSSI) from
the Access Point (AP). One of the indoor localization systems, which is based on RFID
technology and a hierarchical structure of classifiers, can localize patients in a hospital [4].
Further, it also has an application, an effective and wearable mobility aid for people who are
suffering from a visual disability, completely established on 3D computer vision and machine
learning techniques [5] etc.

Tracking Assets and Monitoring Warehouse - To achieve cost-effective asset management,
real-time indoor localization for asset tracking through Bluetooth location-based indoor
positioning system technology has been applied [6]. Further, indoor locating technology analyzes
the real-time locating and usage of RFID radio frequency identification technology and helps in

monitoring warehouse commodities [7].



Autonomous Vehicle Navigation - Indoor Localization systems including the concept of 2D
wireless indoor positioning helps to navigate autonomous vehicles based on Radio Frequency
Identification (RFID) technology [8]. Recently in research, it has shown that a localization
scheme for drones is called PILOT (High-Precision Indoor Localization for Autonomous
Drones), which is specifically designed for indoor environments [9]. PILOT responses on
ultrasonic acoustic signals to evaluate the drone’s target location. Flying autonomously, drones
need to be informed of their location constantly. Based on their current position and the final
destination, navigation commands will be generated and drones will be guided to their
destination. Localization can be easily conducted in outdoor environments, through GPS signals
and drone inertial measurement units (IMUs). Other research has shown that UWB localization
paired with inertial-based dead reckoning algorithms is more accurate and reliable in tracking
and navigating robots in indoor environments [10]. The robots are equipped with an inertial
measurement unit. Multiple UWB anchors are embedded in a closed environment and
communicated within the anchor network. At the same time, the UWB tag on the robot overhears
the communication and locates itself within the building using Time Difference of Arrival

(TDoA) calculations.

1.2 Motivation

Although fingerprint-based localization is a promising way for indoor localization, it suffers
from the challenge of repetitive site surveys. Collecting data from each location point is a tedious
task. Data needs to be collected during a long period, to cover the dynamicity of the data over
time. Every location point may not be accessible every time, thus resulting in a class imbalance
in the dataset. Class imbalance often affects the performance of ML models. In general, ML

classifiers typically have more bias towards the major class and cause bad classification of the



minor classes, which in turn reduces the system's accuracy. This work is aimed to address this
research challenge by analyzing the dataset’s sample distribution concerning class labels and
augmenting synthetic fingerprint data for the classes with lower sample counts, generated by the

autoencoder model.

1.4 Contribution

In this work, our contributions are as follows.

— An algorithm has been proposed based on an autoencoder to generate synthetic data for the
location points with the lower number of sample counts to reduce the class imbalance in
localization datasets.

— Similarity between original and generated data is checked using KL-Divergence and Euclidean
distance measurements.

— The proposed algorithm is validated through experiments on real-life benchmark datasets.

1.5 Scope of the Work

The autoencoder-based indoor localization approach has an extent to reduce the class imbalance
problem in fingerprint data. The research work has been completed, with the designing of a deep
neural network architecture (Autoencoder). The experiment can be performed both in large and
small datasets It also integrates different mathematical algorithms such as KL-Divergence and
Euclidean-Distance to calculate a symmetrical measure of the relative difference between two

probability distributions. Further helps to make localization accuracy more accurate.



Chapter 2

Related Work

2.1 Machine Learning Framework for ILS

The machine learning framework, for Indoor Localization, is mentioned below;

Data Collection - The very first step was data collection, where we gathered two datasets such as
- 1. JU-IndoorLoc and 2. UJI-IndoorLoc datasets. For the JU-IndoorLoc datasets RSSI signal
values were collected from every possible training point of the university building of Jadavpur
Building. With the help of a mobile application, data were collected from the RSSI signal of
WiFi access points (APs). Besides that UJI-IndoorLoc dataset was downloaded from the internet

resources.

2.2 Survey of deep learning for ILS

Autoencoder is an autonomous artificial neural network which determines how to compress and
encode data efficiently and then learns how to rebuild the data again from the diminished
encoded portrayal to a representation that is as similar to the original input as possible [11]. An
autoencoder network is integrated into a pair of two connected networks such as an encoder and
a decoder. The process initiates with the encoder compressing the original data. Then, the
decoder decompresses the data to regenerate data as close as possible to the original data input.
Researchers have used autoencoders in the domain of indoor localization for various purposes.
Wi-Fi-based indoor localization has attracted great interest due to its ubiquitous access in many
indoor environments. Although the accuracy deteriorates in complex indoor propagation

environments, that results in variable received signal strength (RSS). Here autoencoder improves



the accuracy of indoor localization by omitting the noisy signal RSS. The AutLoc system
includes both an offline training phase and an online localization phase. In the offline training
phase, the deep autoencoder is edified to denoise the measured data and then build the RSS
fingerprints according to the trained weights. For the online localization phase, three machine
learning algorithms are adopted, which are random forest regression, multi-layer perceptron
classification and multi-layer perceptron regression, to estimate the location. Averaging over the
results of three algorithms, we then obtain the final estimated location. Simulation results justify
the superiority of the proposed AutLoc system over previous indoor location schemes in vast
scenarios [12]. In another research, RSS measurements from available transmitter sensors are
used in the fingerprint localization method work based on received signal strength (RSS) in
wireless sensor networks [13]. This method collects data from electronic gadgets with internal
sensors and implements a novel algorithm that takes advantage of deep learning and extreme
learning machines. With the help of an autoencoder, it extracts high-level features that help in
improving the localization execution in the feature extraction and the classification [14]. Another
work has proposed the development of a semi-supervised deep learning method that will be able
to train a prediction model from a small set of annotated Wi-Fi observations and a massive set of
non-annotated ones [15]. The method is based on the variational autoencoder deep network that
is complemented with an additional component of structural projection that will be able to
further improve the localization accuracy in a complex, multi-building and multi-floor
environment. The author considered several different network compositions which combine the
classification and regression subtasks to achieve optimal performance. The evaluation of the
method was accomplished on the public IndoorLoc dataset. It was found to maintain

state-of-the-art localization accuracy with a very limited amount of annotated data.



2.3 Comparison of DL Techniques

To learn from and generate predictions from complicated data, a subsection of machine learning
called deep learning focuses on training artificial neural networks with several layers. Here are a
few prevalent deep-learning strategies:

1. Convolutional Neural Networks (CNNs): CNNs are widely used in computer vision tasks,
such as image classification, object detection, and image segmentation [16]. They leverage
convolutional layers to automatically learn hierarchical representations of input data, capturing
local patterns and spatial relationships.

2. Recurrent Neural Networks (RNNs): RNNs are made to handle sequential data, such as time
series or text. They can capture temporal interdependence and model context over time.
Researchers have developed a pavement deterioration prediction model using RNNs in which
rutting depth was predicted utilizing periodic survey data ranging from 1987 to 2016 [17]. They
found that the RNN model produced higher prediction accuracy than the conventional linear
multiple regression and multi-layer perceptron methods. Popular RNN variations that deal with
the vanishing gradient problem include Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU).

3. Generative Adversarial Networks (GANs): A generator and a discriminator are the two neural
networks that makeup GANs. While the discriminator tries to tell the difference between actual
and fake data, the generator aims to produce artificial data that mimics real data. GANs have
been used to create images, enhance data, and transfer styles with success [18].

4. Autoencoders: Neural networks that have been taught to reconstruct their input data are
autoencoders [19]. They are made up of an encoder that converts the input into a representation

in a lower-dimensional latent space and a decoder that retrieves the input from the latent space.



For applications including data denoising, dimensionality reduction, and anomaly detection,
autoencoders are employed.

5. Transfer Learning: Transfer learning involves leveraging pre-trained deep learning models
trained on large datasets and fine-tuning them for specific tasks or domains with limited data
[20]. By using pre-trained models as a starting point, transfer learning helps in improving
performance and reducing the need for extensive training data.

6. Reinforcement Learning: Although not exclusive to deep learning, deep reinforcement
learning combines deep neural networks with reinforcement learning algorithms. Agents learn to
make sequential decisions by interacting with an environment and receiving rewards or penalties.
Deep Q-Networks (DQNs) and Proximal Policy Optimization (PPO) are popular deep
reinforcement learning algorithms [21].

7. Attention Mechanisms: Attention mechanisms are used to focus on relevant parts of the input
during processing [22]. They have been widely adopted in natural language processing tasks,
such as machine translation and text summarization. Attention helps models weigh different
input elements based on their importance, improving performance on complex tasks.

8. Transformers: Transformers are a type of deep learning architecture that utilizes attention
mechanisms. They have revolutionized natural language processing and achieved state-of-the-art
performance in tasks like language translation, sentiment analysis, and question-answering [23].
Transformers allow for the parallel processing of input sequences and capture long-range
dependencies effectively.

These are just a few examples of deep learning techniques. The field is rapidly evolving, and
researchers continue to develop new models, architectures, and approaches to tackle a wide

range of complex problems.



10

2.4 Summary

Each DL technique has its strengths and is suited to specific problem domains. CNNs excel at
visual tasks, RNNs are ideal for sequential data, GANs generate synthetic samples, Transformers
are powerful for natural language processing, and RL enables learning through interaction.
Researchers and practitioners choose the technique based on the requirements and objectives of

the task at hand.
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Chapter 3

Proposed Methodology

3.1 Problem Definition

Collecting a large number of RSSI signal values, for any specific indoor location is challenging,
due to long time-consuming, environmental hindrances, the erratic behaviour of signal
propagation and random variations of RSSI samples for any fixed location. Wifi positioning
indoors is difficult because the relation between Received Signal Strength (RSS) and the position
does not follow any specific parametric forms. Even large RSSI signal values reflect a class
imbalance when there are many more instances of some specific classes’(majority classes) than
others. In such circumstances, standard classifiers tend to be overwhelmed by the large classes

and ignore the small ones. In our scenario, for any specific location X i where i is the class label

and k the number of instances or samples is not the same for # number of access points. So, to
construct a solution to this class imbalance problem, we proposed a methodology that is

Autoencoder-based Data Augmentation of RSSI fingerprinting for Indoor Localization.

3.2 Autoencoder-Based Framework

To reduce class imbalance present in a dataset, at first we compute the number of samples for
every location. The sample count m which is most common among all the locations is the target
sample count. We aim to augment data samples to each location so that its sample count becomes

equal or equal to m.
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An autoencoder-based framework has been proposed in this work to generate label-specific
synthetic data having distributions similar to the original data. To deal with the class imbalance
problem, we select a particular sample count x and consider all the locations having sample
count x. RSSI vectors of all such locations form the input data for AE.

To understand the complex and crucial pattern among the labels and RSSI vectors, The AE has
been trained with the required number of layers and the necessary numbers of neurons in each
layer. The structure of the AE is represented in Fig/. The AE has a total 7 number of layers,
among which fast three layers act as an encoder, and the last three layers act as a decoder. The
innermost layer, which is the middle layer is known as the bottleneck layer, here the features are
compressed maximum. The structure of AE is designed in such a way, that the intensity of
compression is equal, from each previous to the next layer. To obtain this, for each dataset, the
total number of features nm is divided by 4 since both the encoder-to-bottleneck and

bottleneck-to-decoder have 4 layers each. The first encoding layer contains # neurons. After that

in each layer % neurons get reduced from their corresponding previous layer, up to the

bottleneck layer. After that starting from the decoding layer % neurons are added in each layer.

As an output, the output layer contains n neurons generating data having n attributes and \ the
number of samples as input data. After we get the unlabelled data generated by the AE, the
completed data is divided into b batches each containing x samples. For i in the range 1 to b the
similarity between the original data of label i and the generated data of batch i is investigated

with KL-divergence. The detailed findings of the results are mentioned in Chapter 5.
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Fig 1:- The Architecture of the Autoencoder



3.3 Algorithm

Training Phase

1. Input: Raw Input Data ie; C ; the number of classes, C ' number of samples, and n

number of AP.

1.1 Label-wise sample count. (C ; number of classes for C , max and n» number of AP).

C > Ck for n no AP

L
max

1.2 Normalization of Dataset. (x the values for all / number of corresponding locations)

X min(x1, x2, ..., xn)

x max(x1, x2, ..., xn)

! normalized (x/ - min_val) / (max_val - min_val)

1.3 Autoencoder:

1.4 Denormalization of Dataset.
x min(x1, x2, ..., xn)
x ——max(x1, x2, ..., xn)

max

X _ (x/_normalized * (max_val - min_val)) + min_val
l Denormalized - - - -

1.5 Kl-Divergence: To assign a label to the generated dataset.
1.6 Euclidean Distance: To assign a label to the generated dataset.

1.7 Data Augmentation (Original Dataset+Generated Dataset)

2. Classifier:- Checking the accuracy to predict location from Augmented and Test data.
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3.4 Workflow

ML Classifier Predicted
Raw Data (Original Data / > location
Test Data)

Y 1

Data Filtering. oat
Sample Count). Augmentation. [ )

7 I

x number of

Generated Data.

samples
Normalization Validation of

Batch & Label

' 1

Autoencoder. |———p-Denormalization

Training Phase

Fig2:- Workflow Model

Before augmenting the dataset we used two statistical measurement theories, to calculate the
distance of the location point between the input dataset and the generated dataset. The two

theories are 1) KL-Divergence and 2) Euclidean Distance.
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e KL - Divergence: The relative statistical evaluation that is often used to quantify the
difference between the location point of the input dataset and the generated dataset

distribution [24]. Let us understand the equation below;

D, () |14(9) = ¥ p(x) In LB --mreemee eql  (Joyce, 2011)

xeX

If, D is the dataset which is having the values of KL Divergence of the location points, then p(x)
is the location point probability distribution of the input dataset and q(x) is the probability
distribution of the generated dataset. Though KL Divergence measures the distance between two
distributions, it is not a distance measure. It is because KL Divergence is not a metric measure. It
is not symmetrical: the KL from input p(x) to generated q(x) is generally not the same as the KL

from generated q(x) to input p(x).

® [Fuclidean Distance: The length of a line segment connecting two location points in a
dataset is the Euclidean distance between them [25]. Let's examine the following

equation.;

D £ P q = \/ (q L, "D 1)2 + (q2 — pz)2 - e¢¢q2 (Kannoujia et al., 2022)

Here p denotes the location points probability of the input dataset and q denotes the locations
points probability, of the generated dataset. It depicts the distance between any two points on the
real line as the absolute value of the numerical difference of their coordinates of, their absolute

difference in the dataset. Thus p and q are on a real line.

Summary:- The methodology helps in reducing the class imbalance using data augmentation.

Throughout collecting the raw input and filtering it by taking the max samples C . for the label C -


https://en.wikipedia.org/wiki/Real_line
https://en.wikipedia.org/wiki/Absolute_value
https://en.wikipedia.org/wiki/Absolute_difference
https://en.wikipedia.org/wiki/Absolute_difference

17

The method consists of two-phase the training phase and the other location prediction phase. In
the autoencoder, the training phase reduces the number of neurons and reconstructs the data.

Finally, the data are augmented and checked for location estimation with the test data.
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Chapter 4

Dataset Details

4.1 JU-IndoorLoc

The JU-IndoorLoc'[31] the dataset used in the experiment RSSI value has been collected with
cell grid sizes of Imx1m from three floors of our University building using an Android
application such as the 3rd, 4th and 5th floors. JUIndoorLoc dataset, containing 25,364 samples,
is divided into two datasets: Such as 1) Training Data which consists of 23,904 samples and

Test Data 1,460 samples. Both the dataset consist of havel77 attributes including 172 AP.

4.2 UJI-IndoorLoc

The UJI-IndoorLoc’[32] dataset was the official database used in the IPIN2015 competition. The
dataset is having 529 attributes including 520 AP. The Universitat Jaume has three buildings with
four or more floors and roughly 110.000 metres square total integrated into the UJlIndoorLoc
dataset. It can be applied for classification, such as identifying actual buildings and floors, or
regression, such as estimating actual longitude and latitude. It was developed in 2013 using 25

Android smartphones and more than 20 distinct users.

! https:/drive.google.com/open?id=1_z1qhoRIcpineP9AHkfVGCIB2Fd e-fD
2 https://www.kaggle.com/datasets/giantuji/UjilndoorLoc
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Chapter 5

Experimental Results & Discussions

The result of the methodology for different datasets are mentioned below. The impact for
different datasets varies due to their other parameters such as sample instances of the labels,
number of AP and overall input shape. Further, the Autoencoder is tuned according to the input

of the datasets, from assigning the neuron in the hidden layer to the bottleneck.

5.1 Set Up

To complete the experiment, the two datasets were used ie; JU-IndoorLoc and UJI-IndoorLoc.
The JU-IndoorLoc dataset used in the experiment was collected, through the mobile application
in the building of Jadavpur University. We filtered the data and selected the 4th-floor dataset
whose label instance was 8. The dataset consists of 51 labels and 172 AP for training the
Autoencoder model.

We trained the UJI-IndoorLoc data set was the official database used in the IPIN2015
competition. The dataset consists of 520 AP and for training the autoencoder our Train data was
the label whose sample instance was 10 and we found 6 labels to have 10 instances. Our Test
data was the label whose instance count was 30, we found that 6 labels have 30, so we took 5

samples from every 6 labels.
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5.2 Convergence Analysis

Fig 3 & Fig 4 show our model's training loss and validation loss. It also points out how well the
Autoencoder model has fitted the training data, further the validation loss demonstrates how well

the model fits new data.

0.018
0.016
0.014
0.012

0.0
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Fig 3: Training Loss & Validation Loss for JU-IndoorLoc Data

Fig 3 is the graphical representation of both Training Loss and Validation Loss of the
Autoencoder model that has been trained, with the JU-IndoorLoc dataset. Here we can see that
the model has been trained, with 20 Epochs and the training loss has gradually decreased within
every epoch, which indicates, there are fewer errors in the model and the model fits the training

data effectively. Further validation loss has been also gradually low, but that is comparatively
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higher than the training loss, which resembles the model that has fitted well and can generalize

on new data.
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Fig 4: Training Loss & Validation Loss for UJI-IndoorLoc Dataset

Fig 4 is the graphical representation of both Training Loss and Validation Loss of the
Autoencoder model that has been trained with the UJI-IndoorLoc dataset. Here we can see
similar findings that the model has been trained with 20 Epochs and the training loss has
gradually decreased within every epoch, which indicates there are fewer errors in the model and
the model fits the training data effectively. Further validation loss has also gradually been low
but that is comparatively higher than the training loss which resembles the model, has fitted well

and can generalize on new data.
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5.3 Handling Class Imbalance

To handle the class imbalance problem, we have used the autoencoder to augment the data and
later calculate the KL-Divergence and Euclidean distance to its corresponding original input data.
In the beginning accuracy of both dataset are evaluated with the classifier. And further by
completing data filtering, and augmenting to label assigning the whole process is completed.
Finally, the accuracy of the generated dataset is also checked. values for the different classifiers

are presented below in Table 1.
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Fig 5:- Counts of class instances of JU-IndoorLoc Dataset for class imbalance.
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Fig 5 is the graphical representation of instances counts of the classes of the JU-IndoorLoc
dataset. Here we find that every class is having a different number of instance counts, which

clearly states, that the dataset is having class imbalance.
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Fig 6:- Counts of Label in UJI-IndoorLoc Dataset for class imbalance.

Fig 6 is the graphical representation of instances counts of the classes of the JU-IndoorLoc
dataset. Here we find that every class is having a different number of instance counts, which

clearly states, that the dataset is having class imbalance.
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+ Generated Data 1 +
Generated Data 2 +
Generated Data 3

t-data

Train Data Test Data KNN SVM RF

JUIndoorLoc-Training-data | JUIndoorLoc-Tes 98.836 % 94.931% 99.726 %
t-data

JUIndoorLoc-Training-data | JUIndoorLoc-Tes 98.836 % 94.931% 99.178 %

+ Generated Data 1 t-data

JUIndoorLoc-Training-data | JUIndoorLoc-Tes 98.836 % 94.931 % 99.315 %

+ Generated Data 1 + t-data

Generated Data 2

JUIndoorLoc-Training-data | JUIndoorLoc-Tes 98.836 % 94.931 % 99.315 %

Table 1:- Accuracy of Original and Augmented JU-IndoorLoc Datasets
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Fig 7: Accuracy of Original and Augmented JU-IndoorLoc Datasets.

As we trained the model with the Training data and Test data for JU-IndoorLoc Dataset that has
been provided to us. The label presented in the Test dataset, are not present in the Train dataset.
We didn't manipulate or edited the dataset to check the accuracy at its original. Later for every
4th floor 8 samples augmented generated data our Test data was the same. So the accuracy seems

to be almost the same.

Accuracy of UJI-IndoorLoc Dataset

Train Data Test Data KNN SVM RF
UJI Train UJI Test 62.868 % 58.823 % 83.456%
UJI Train_minu | UJI Test minus 81.25 % 56.61 % 90.44%
S
UJI Train_minu | UJI Test minus 81.25 % 58.82 % 90.44 %

s+
Denormalised g

enerated setl

Table 2:- Original and Augmented UJI-IndoorLoc Datasets
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Fig 8:- Original and Augmented UJI-IndoorLoc Datasets

In Table 2 the UJI Train_minus dataset depicts all the same values as the UJI Train dataset with

minus assigned. The dataset has been created for training the autoencoder model in the process

of normalization, where a positive value depicts a dummy value or no signal of the fingerprint

dataset. So to overcome the problem we integrated minus to all the values.
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For JU-IndoorLoc Dataset
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Fig 9: KL-Divergence of JU-IndoorLoc Dataset

Fig 9 represents the KL-Divergence of the 50 batches of input and generated dataset of the
JU-IndoorLoc Dataset. 1t shows that Batch 0 has the highest value of KL-Divergence and Batch

17 has one of the lower values among other batches. So we plotted another graph regarding

Batch 0 and Batch 17 for all labels presented in Fig /0.
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Fig 10: KL-Divergence of Batch 0 & Batch 17 of JU-IndoorLoc Data

Fig 10 represents the graphical representation of KL-Divergence of all the labels referencing
Batch 0 and Batch 17 and it shows that, for every label the maximum value is associated with

Batch 0 and the minimum with Batch 17. Here the maximum value of the KL- Divergence lies

between 0.4
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Fig 11: KL-Divergence of Label 0 & Label 17 of JU IndoorLoc Data
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Fig 11 is the graphical representation of KL-Divergence of all the batches after assigning labels,
referencing Label 0 and Label 17. It shows that for every label the maximum value is associated
with Label 0 and the minimum with Label 17. This signifies that the graph is similar to the
pre-labelled graph ie presented in Fig /0. So we can say the class labels are assigned properly to

all the batches.
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Fig 12: Euclidean Distance of JU-IndoorLoc Data

Fig 12 represents the Euclidean Distance of the 50 batches of input and generated dataset of the
JU-IndoorLoc Dataset. It shows that Batch 0 has the highest value of Fuclidean Distance and
Batch 17 is having lower value than other batches. So we plotted another graph reference to

Batch 0 and Batch 17 presented in Fig /3.
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Fig 13: Euclidean Distance of Batch 0 & Batch 17 of JU-IndoorLoc Data

Fig 13 represents the graphical representation of Euclidean Distance of all the labels referencing
Batch 0 and Batch 17 and it shows that for every label the maximum value is associated with
Batch 0 and the minimum with Batch 17. Here the maximum value of the Euclidean Distance

lies within 1.
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Fig 14: Euclidean Distance of Label 0 & Label 17 of JU-IndoorLoc Data
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Fig 14 is the graphical representation of the Euclidean Distance of all the batches after assigning
labels, referencing Label 0 and Label 17. We find that for every label the maximum value is
associated with Label 0 and the minimum with Label 17. This signifies that the graph is similar
to the pre-labelled graph ie presented in Fig /3. So we can say the class labels are assigned

properly to all the batches.

For UJI-IndoorLoc Dataset
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Fig 15: KL-Divergence of UJI-IndoorLoc Data

Fig 15 represents the KL-Divergence of the 5 batches of input and generated dataset of
UJI-IndoorLoc Dataset. Here we can find that Batch 0 has the highest value of KL-Divergence
and Batch 2 is having lower value among other batches. So we plotted another graph regarding

Batch 2 for all labels presented in Fig 6.
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Fig 16: KL-Divergence of Batch 0 & Batch 2 of UJI-IndoorLoc Data

Fig 16 represents the graphical representation of KL-Divergence of all the labels referencing
Batch 0 and Batch 2 and we find that for every label the maximum value is associated with Batch

0 and the minimum with Batch 17. Here the maximum value of the KL- Divergence lies between

0.3.
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Fig 17: KL-Divergence of Label 0 & Label 2 of UJI-IndoorLoc Data
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Fig 17 is the graphical representation of KL-Divergence of all the batches after assigning labels,
referencing Label 0 and Label 2. We find that for every label the maximum value is associated
with Label 0 and the minimum with Label 2. This signifies that the graph is similar to the
pre-labelled graph ie presented in Fig /6. So it can be said that the class labels are assigned

properly to all the batches.
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Fig 18: Euclidean Distance of UJI-IndoorLoc Data

Fig 18 represents the Euclidean Distance of the 5 batches of input and generated dataset of the
JU-IndoorLoc Dataset. Here also we can find that Batch 0 has one of the highest values of
Euclidean Distance and Batch 2 is having lower value among other batches. So we plotted

another graph reference to Batch 0 and Batch 2 presented in Fig 79.
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Fig 19: Euclidean Distance of Batch 0 & Batch 2 of UJI-IndoorLoc Data

Fig 19 represents the graphical representation of Euclidean Distance of all the labels referencing
Batch 0 and Batch 17 and we find that for every label the maximum value is associated with
Batch 0 and the minimum with Batch 17. Here the maximum value of the Euclidean Distance

lies within 1.
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Fig 20: Euclidean Distance of Label 0 Label 2 of UJI-IndoorLoc Data
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Fig 20 is the graphical representation of the Euclidean Distance of all the batches after assigning
labels, referencing Label 0 and Label 17. We find that for every label the maximum value is
associated with Label 0 and the minimum with Label 17. This signifies that the graph is similar
to the pre-labelled graph ie presented in Fig /9. So we can say the class labels are assigned

properly to all the batches.

5.4 Comparison with other CNN Models

AlexNet[29] and ZFNet[30] are both deep convolutional neural network architectures that have
made significant contributions to the field of computer vision. While they share similarities in
their basic structure, ZFNet is a modified version of AlexNet which gives better accuracy. There
are some notable architectural differences between the two models. The key differences are as
follows: ¢ Deeper architecture: ZFNet has a slightly deeper architecture with an increased
number of layers compared to AlexNet. Specifically, ZFNet has 8 layers of learnable weights
(convolutional and fully connected layers) compared to AlexNet's 5 layers. ¢ Filter size: ZFNet
introduced a novel concept by using smaller filter sizes in the initial layers compared to AlexNet.
While AlexNet used an 11x11 filter size in the first layer, ZFNet reduced it to a 7x7 filter size.
This change was motivated by the observation that smaller filters can capture more fine-grained
details in the early layers of the network. « Convolutional layer configuration: ZFNet introduced
a specific configuration of convolutional layers to capture more detailed information. In
particular, it used a combination of small filter sizes and a larger stride in the early layers to
increase the receptive field while reducing the spatial dimensions. This configuration allowed
ZFNet to capture both local and global features effectively. ¢ Visualizing network activations:
Another notable difference is that ZFNet introduced a technique for visualizing network

activations, which was not explicitly presented in the original AlexNet. This visualization
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technique helped me understand how the network learns and what features it captures at different

layers.

5.5 Summary

Overall the experiment results, from both datasets, JU-IndoorLoc and UJI-IndoorLoc presented
an excellent percentage of accuracy for the localization. The graphical representation from - to -
showed from predicting the distribution points for the input and generated dataset with the help
of KL-Divergence and Euclidean distance has been effective. But the main observation that has
to be noted is that the JU-IndoorLoc dataset accuracy was wonderful both before and after
augmentation, their accuracy seems to have a slighter change in the accuracy. But for the
UJI-IndoorLoc it looks different, the accuracy before and after the augmentation has a great

change where the dataset after the augmentation gives an accuracy of 90%.
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Chapter 6

Conclusion & Future Work

6.1 Conclusion

In this thesis, we proposed an autoencoder-based indoor localization approach to address the
class imbalance problem in fingerprint data. The objective was to improve the accuracy and
reliability of indoor localization by effectively handling the imbalance in the datasets. Our
experimental results demonstrated the effectiveness of the proposed approach in reducing class
imbalance and improving indoor localization accuracy. By training the autoencoder on the
fingerprint dataset, we successfully learned robust and discriminative features that captured the
underlying patterns in the data. The autoencoder's ability to reconstruct the input data helped in
mitigating the impact of class imbalance and enhancing the performance of the localization
model. We implemented and evaluated two Algorithms to handle the class imbalance problem,
including KL-Divergence and Euclidean Distance. Our experiment showed that original data and
generated data led to improved localization accuracy. In conclusion, this thesis successfully
addressed the class imbalance problem in fingerprint data for indoor localization through an
autoencoder-based approach. The results demonstrated the significance of leveraging
autoencoders for feature learning and dimensionality reduction, leading to enhanced accuracy
and robustness. By effectively reducing the class imbalance, our approach has the potential to
improve the performance of indoor localization systems and contribute to the advancement of

location-based services in various domains.
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6.2 Future Work

Researchers can investigate and create more sophisticated autoencoder architectures created
specifically for RSSI fingerprinting. To more effectively capture the spatial and temporal
properties of the RSSI data, this could entail novel network topologies like convolutional
autoencoders or recurrent autoencoders. Other sensor modalities, such as WiFi, Bluetooth, or
interior data, can also offer important information for indoor localization with RSSI data in
addition to multi-modal fusion [26]. To increase, the precision and robustness of indoor
localization systems, future research can concentrate on combining several senses utilizing
autoencoder-based techniques. Additionally, by creating realistic and diverse synthetic samples
with GANs and autoencoders, one may balance the dataset and enhance the effectiveness of the
localization system [27]. In different control and decision-making tasks, deep reinforcement
learning (DRL) algorithms have demonstrated success [28]. To enable intelligent
decision-making, such as dynamic localization, researchers might investigate the integration of
autoencoder-based localization systems with DRL approaches. Finally, the availability of
benchmark datasets that are standardized and assessment measures specific to autoencoder-based
indoor localization can enable fair comparisons between various approaches and spur additional
study. In the future, developing such datasets and establishing suitable evaluation metrics will

enable thorough analysis and comparison of various methodologies.
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