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ABSTRACT

WEARABLES-BASED USER IDENTITY RECOGNITION
THROUGH IMAGE REPRESENTATION OF MOTION
SENSOR DATA SEQUENCES AND PRETRAINED

VISION MODELS

Rabia Ela Ünlü

M.S. in Electrical and Electronics Engineering

Advisor: Billur Barshan Özaktaş

July 2025

The common methods employed in User Identity Recognition (UIR) and verifi-

cation are often vulnerable to cyber attacks, requiring more robust solutions. Mo-

tion sensor data and biometric data are used in tackling both the UIR and Human

Activity Recognition (HAR) tasks. These tasks are mostly accomplished by using

Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTM), and

CNN-LSTM hybrid models. We propose a method that employs pretrained CNN

and vision transformer-based models to achieve the UIR task by classifying image

representations of sensor data. We conduct a comparative study by evaluating the

performance of various pretrained networks in the image classification task by pro-

cessing four activity datasets comprising raw data sequences. We construct a new

hybrid architecture which combines DeiT-B and DenseNet201 models in a parallel

configuration. This study also compares two kinds of preprocessing methods which

are spectrogram and wavelet spectrogram and introduces a novel approach that is

fundamentally distinct from these methods. This technique fuses raw data, spectro-

gram, and wavelet spectrogram information. The DeiT-B model obtains the highest

accuracy as 99.76% on the DSA Dataset; however, our new hybrid architecture that

combines DeiT-B and DenseNet201 performs superior.

Keywords: Wearable sensors, motion sensors, accelerometer, gyroscope, magnetome-

ter, user identity recognition, human activity recognition, deep learning, transfer

learning, pretrained models, preprocessing methods.
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ÖZET

HAREKET SENSÖRÜ VERİ DİZİLERİNİN GÖRÜNTÜ
TEMSİLLERİ VE ÖNCEDEN EĞİTİLMİŞ GÖRME
MODELLERİ İLE GİYİLEBİLİR CİHAZ TABANLI

KULLANICI KİMLİK TANIMA

Rabia Ela Ünlü

Elektrik ve Elektronik Mühendisliği, Yüksek Lisans

Tez Danışmanı: Billur Barshan Özaktaş

Temmuz 2025

Kullanıcı kimliği tanıma ve doğrulama süreçlerinde yaygın olarak kullanılan

yöntemler, siber saldırılara karşı sıklıkla savunmasız kalmakta ve bu süreçler daha

sağlam çözümler gerektirmektedir. Bu bağlamda, hareket sensörü verileri ve bi-

yometrik veriler alternatif çözümler olarak kullanılmakta ve bu durum insan hareketi

tanıma görevini gündeme getirmektedir. Bu görev, genellikle evrişimli sinir ağları,

uzun kısa süreli bellek ve söz konusu iki tip modelin birleştirilmesiyle oluşturulan

hibrit (melez) modelleri kullanılarak gerçekleştirilmektedir. Bu çalışmada, sensör

verilerinin görüntü temsillerini sınıflandırarak kullanıcı kimliği tanıma görevini

gerçekleştirmeyi amaçlayan, önceden eğitilmiş evrişimli sinir ağları ve dönüştürücü

tabanlı modelleri kullanan bir yöntem önerilmiştir. Zaman serisi ham verilerinden

oluşan dört farklı aktivite veri kümesi kullanılarak önceden eğitilmiş çeşitli ağların

görüntü sınıflandırma görevindeki başarımları değerlendirilmiş ve karşılaştırmalı bir

çalışma gerçekleştirilmiştir. Ayrıca, DeiT-B ve DenseNet201 mimarilerini birleştiren

yeni bir hibrit mimari geliştirilmiştir. Bunlara ek olarak, bu çalışma spektrogram

ve dalgacık spektrogram olmak üzere iki farklı önişleme yöntemini karşılaştırmakta

ve bu yöntemlerden yapısal olarak farklı olan özgün bir yaklaşım sunmaktadır. Söz

konusu yöntem, ham veri, spektrogram ve wavelet spektrogram bilgilerini birleştiren

bir füzyon (tümleşim) tekniği olarak öne çıkmaktadır. DeiT-B modeli, DSA veri

kümesinde %99.76 doğruluk elde etse de, DeiT-B ve DenseNet201 tabanlı hibrit mi-

marimiz daha yüksek performans (başarım) göstermiştir.

Anahtar sözcükler : Giyilebilir sensörler, hareket sensörleri, ivmeölçer, dönüölçer,

manyetometre, kullanıcı kimliği tanıma, insan hareketi tanıma, derin öğrenme,

öğrenme aktarması, önceden eğitilmiş modeller, önişleme yöntemleri.
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Chapter 1

Introduction

1.1 Problem Definition

The increase in the usage of smart devices has enhanced the importance of cyber-

security. Under cybersecurity, User Identity Recognition (UIR) and verification are

important tasks that have drawn considerable attention recently. Traditional methods

have been employed to handle these tasks which are the use of passwords and finger-

prints. However, these methods have weaknesses as they can become inefficient as a

result of processed and exploited attacks. To overcome these issues, motion sensor

data and biometric data are utilized [1]. Various human activities can be differenti-

ated by processing motion sensor data for the purpose of Human Activity Recognition

(HAR). Accelerometers, gyroscopes, and magnetometers serve as the primary types

of motion sensors. Fig. 1.1 presents typical raw sensor signals of each axis of each

three sensor type from the DSA Dataset, collected from User 1.
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Figure 1.1: Typical raw sensor signals available in the DSA Dataset.

Many works based upon Machine Learning (ML) and Deep Learning (DL) methods

process sensory data to classify users [2]. Commonly used approaches are Convolu-

tional Neural Networks (CNNs), Long Short-TermMemory (LSTM), and CNN-LSTM

hybrid models [3]. These methods focus on either HAR or UIR, both of which are

classification tasks (Fig. 1.2). Some of the works feed sensory data to models in the

form of images [4], [5], [6] so that the classification of raw data sequences turns into

an image classification task. The most commonly employed models utilized in image

classification are CNN architectures and transformer-based models. Data augmenta-

tion is an important process since the amount of images is often not sufficient for the

model to work accurately. Another important concept to improve the performance

of DL models is the incorporation of Transfer Learning (TL). With the help of TL,

pretrained models are leveraged, resulting in more accurate results. The method
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proposed in this work aims to apply pretrained CNN and transformer-based models

to tackle the UIR task by classifying image representations of motion sensor data

(Fig. 1.3).

Figure 1.2: DL-based HAR.
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Figure 1.3: The UIR method proposed in this work.

1.2 Related Work

1.2.1 User Identification with Motion Sensor Data

Raval and Anwar [7] achieve passive UIR by processing data acquired by smart phone

sensors. They compare five models which are Multi-Layer Perceptron (MLP), Sequen-

tial Neural Network (SNN), CNN, Support Vector Machines (SVMs), and Bidirec-

tional LSTM (Bi-LSTM). Shi et al. [8] set up a UIR framework called SenGuard. The

authors of that work employ four sensor modalities which are voice, multitouch, loca-

tion, and locomotion. They use a tri-axial Micro-Electromechanical System (MEMS)

motion sensor. Kim et al. [9] propose a LSTM-based UIR method using accelerome-

ter data from smart shoes. They train the model with walking data of random sizes

acquired from different locations. Lopez et al. [10] manage inertial gate UIR by using

data collected by smart phone sensors and feed these data into a Recurrent Neural

Network (RNN). Qin et al. [11] propose a framework for smart phone sensor UIR

4



(SSUI) which is of hybrid nature since it includes both CNN and RNN. Mekruksa-

vanich and Jitpattanakul [12] present a novel framework for multi-class wearables-

based UIR. In this two-stage framework, first they classify the activity type, followed

by user identification based on the classified activity. They train the framework with

data collected from motion sensors and attain the highest accuracies by using CNN

and LSTM. In addition, they implement hybrid structures which are CNN-LSTM

and Convolutional LSTM (ConvLSTM). Ehatistam-ul-Haq et al. [13] present a novel

multi-class UIR scheme for the authentication of smart phone users where the users

are identified again based on their activities. In that work, the Bayes Net classifier

outperforms other classifiers in accurate classification of the selected activities.

1.2.2 Image Representation of Motion Sensor Data

Jafari et al. [14] generate images from time-series data collected from different types

of sensors. Then, the authors extract the features to realize the classification task.

They feed the images into a CNN to handle different tasks such as HAR and stress

detection. The main difference between this work and ours is that in Jafari’s work, the

authors implement a CNN architecture whereas in our work, we employ pretrained

CNN-based and transformer-based image classifier models. Wang and Oates [15]

generate images based on time-series data through the use of Gramian Angular Fields

(GAF) and Markov Transition Fields (MTF). They feed the images into a CNN

architecture to accomplish the classification task. Jiang and Yin [16] generate images

by first converting sensory data into a Signal Image (SI), followed by applying the

two-dimensional (2D) Discrete Fourier Transform (DFT) for creating activity images.

For the classification task, they implement a CNN with two layers, which is adopted

by filters in order as 5×5, 4×4, and 2×2 average pooling layers. Xu et al. [17]

convert one-dimensional (1D) sensor data into 2D images through the use of GAF;

then, they adopt a data fusion network called as Fusion-MdkResNet. Ahmad and

Khan [18] generate activity images as SI, GAF, MTF, and Recurrence Plot (RP)

images. The similarity between this work and ours is the implementation of ResNet-18

for classification but it differs from our work in the use of Canonical Correlation based

5



Fusion (CCF). Bakshi [19] employs ViT with attention layer for fall and activity

detection. The author utilizes accelerometer data collected from a waist-worn sensor,

applies the Short-Time Fourier Transform (STFT) to the data, and subsequently

generates STFT spectrogram images. The experiments differ according to various

types of patch sizes and attention heads. Benegui and Ionescu [20] convert tri-axial

signals acquired from motion sensors into gray-scale images. They apply a CNN for

feature extraction and employ binary SVMs for classification.

1.2.3 Image Classifier Models

A network that has already been trained on a large dataset produces an already

pretrained model, which is typically distinguished by a high level of generalization.

The two primary methods for TL are feature extraction and fine-tuning. In feature

extraction, some existing layers are used as they are and a layer for classification is

added to the model. In fine-tuning, some layers are not frozen and are available for

training; these adjust the learned parameters by using custom data.

Some pretrained models are given data-augmented images as input. These models

differ according to whether they are based on CNN or transformer. Their approaches

of processing visual information and architectural design are where they diverge the

most.

CNNs employ convolutional layers to extract information in a hierarchical fashion,

while transformers directly capture global dependencies and relations across picture

patches through the application of self-attention processes. The UIR task is consid-

ered as a multi-class classification task where each class corresponds to a different

user. The CNN models that we have used are Residual Network-18 (ResNet18) and

Densely Convolution Network-201 (DenseNet201). He et al. [21] introduce the ResNet

model to overcome the degradation problem caused as a result of increase in depth.

This model solves this problem by making residual connections instead of full trans-

formations. ResNet passes the output to the following layer or block by performing an

element-wise addition. First, they consider ResNet18 (meaning that this architecture

6



is 18 layers deep) and ResNet34. After that, they employ ResNet with 50, 101, and

152 layers. Huang et al. [22] propose DenseNet201 to solve the problem caused as a

result of vanishing gradients. DenseNet establishes direct connections between each

layer and all the preceding layers, which makes the gradient flow better. They try

DenseNet121 (which is a CNN that is 121 layers deep), DenseNet161, DenseNet169,

and DenseNet201. Dosovitskiy et al. [23] introduce ViT to show transformers can be

implemented in image classification instead of CNNs. In this architecture, the authors

divide the images into patches, following this by linear embedding, and lastly giving

these to a transformer encoder. Touvron et al. [24] present DeiT to manage the image

classification task in situations when there is not sufficient amount of data. DeiT is

also a variation of ViT which has the same architecture as ViT. There is a small dif-

ference between them as the input token of DeiT has an additional distillation token.

This token takes information from another network, that enables the model to learn

both from the dataset and the other network. Liu et al. [25] handle high resolution

images by using a transformer with shifted windows, named as Swin transformer. The

difference between ViT and Swin comes from these windows: ViT uses multi-head

self attention mechanism while Swin transformer uses multi-layer shifted windows.

In our work, we have implemented ResNet18 and ResNet152 to observe the effect of

depth on the performance of image classification. The transformer-based models that

we have used are ViT, Data-efficient Image Transformer (DeiT-B), and Swin-B. We

employ TL through these pretrained models and freeze the pretrained weights except

those of the classification layer. Then, we update the classification layer according

to our task and add a linear layer with 512 neurons, a Rectified Linear Unit (ReLU)

activation layer, a dropout layer (with 0.3 rate), another linear layer (number of neu-

rons differ according to number of class in the dataset), and a LogSoftmax activation

layer.
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1.2.4 Transfer Learning for User Identification

Transfer learning (TL) has become a potent method in user identification tasks, es-

pecially when labeled data are hard to acquire or prohibitively expensive. By utiliz-

ing knowledge from pretrained models, referred to as source domains, on large-scale

datasets, TL allows for effective adaptation to specific domains, referred to as tar-

get domains, like biometric recognition, activity-based identification, or sensor-based

user profiling. CNNs and transformer-based architectures pretrained on benchmark

datasets (e.g., ImageNet) have been fine-tuned to classify users based on image repre-

sentations of motion or behavioral patterns in the context of vision-based and inertial

sensor-based user identification. This method enhances generalization and reduces the

training time, particularly when working with imbalanced or small-scale datasets.

We can observe TL methods under three perspectives, which are (i) solution-

oriented, (ii) data-oriented, and (iii) model-oriented solutions. Since we have used a

model-oriented approach in this work, we transfer model architectures and parame-

ters. The first type of model-oriented TL is parameter sharing. This method includes

transferring parameters, mostly weights. Certain layers of the source model are kept

fixed. The second type is model initilization. This comprises starting training by

using the weights derived from a pretrained source model. The third type of model-

oriented TL is modular transfer, which means transferring only particular modules

rather than the entire model.

Several studies have revealed the effectiveness of TL in HAR, which is closely re-

lated to user identification. Researchers have fine-tuned models pretrained on general

image classification tasks using spectrograms or wavelet-transformed images derived

from motion sensor data, achieving improved performance compared to training from

scratch. Similarly, transformer-based models such as Data-efficient Image Transform-

ers (DeiT) and Vision Transformers (ViT) have exhibited outstanding performance

in identifying temporal dependencies and fine-grained patterns that are essential for

differentiating across users with comparable motion profiles.

Apart from model-level transfer, researchers have investigated domain adaptation
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methods including aligning feature spaces or employing adversarial training strate-

gies to close the gap between source and target distributions. These methods further

improve robustness when implementing UIR systems across devices, sessions, or envi-

ronmental conditions, as also demonstrated in recent work by Barshan and Koşar [26]

where bidirectional transfer learning between HAR and UIR tasks was successfully

implemented.

Overall, TL continues to play an essential role in advancing UIR systems, enabling

scalable, precise, and data-efficient solutions across a range of input modalities and

deployment circumstances.

1.3 Contributions and Outline of the Thesis

Two main components of this work are tackling the UIR task by processing mo-

tion sensor data and using time-series motion sensor data in the form of images.

The main contribution of this thesis is to present a comparative study on the per-

formance of different kinds of pretrained networks in classifying time-series motion

sensor data based on four different datasets represented in image form. We construct

a new hybrid architecture which combines two pretrained networks which are DeiT-B

and DenseNet201 in parallel form. In addition to these, we compare two kinds of

preprocessing methods which are spectrogram and wavelet spectrogram.

The remainder of this thesis is organized as follows. The present chapter describes

the related work based on application of image representations of the motion sensor

data and handling the UIR task with Neural Networks (NN). Chapter 2 gives an

overview of the proposed approach based on image generation. The chapter begins

with a description of the four datasets employed in this study, followed by explaining

the method adopted in image generation. We detail our method by presenting the

preprocessing stages and the implemented cross-validation techniques. Furthermore,

we emphasize the procedure for hyper-parameter tuning performed for each dataset

in relation to the corresponding models and provide details on implementation and
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resources. Lastly, we share our performance analysis with accuracy scores. Chapter 3

describes the data augmentation methods applied to the datasets and the utilized

image classifier models. We present our novel hybrid structure and provide the results

of our experiments in terms of four performance metrics: accuracy, precision, recall,

and f1 score. Additionally, we provide the training times of the CNN-based and

transformer-based models for each dataset. Chapter 4 summarizes the work presented

in this thesis, draws conclusions, and suggests some future research directions.
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Chapter 2

Generating Image Representations

for Enhanced User Identity

Recognition: A Novel Image

Generation Method

2.1 Datasets

In this subsection, we describe the four datasets used in this study. The first dataset

was acquired by our research group and the remaining three are benchmarking

datasets, all publicly available. We summarize the properties of the four datasets

in Table 2.1. The given number of images is without augmentation.

1) Daily and Sports Activities (DSA) Dataset: Nineteen different daily and

sports activities are performed by eight subjects (four male, four female) [27], [28],

[29]. Each subject has five sensor units placed on their chest (torso), right/left arm,

and right/left leg. Each sensor unit collects data by using three tri-axial sensors that

are accelerometer, gyroscope, and magnetometer at a sampling rate of 25 Hz. Data
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acquisition is performed through 45 signal channels (5 sensor units×3 sensor types×3

axes). The activities are performed for five minutes and data are segmented into

non-overlapping five-second segments and stored in segmented form. This dataset is

balanced since data recorded from each user for each activity type is represented with

an equal number of image representations.

2) USC-HAD Dataset: This dataset comprises 12 activities performed by 14

subjects (seven male and seven female) [30]. The activities are: walking forward,

walking left, walking right, walking upstairs, walking downstairs, running forward,

jumping, sitting, standing, sleeping, elevator up, and elevator down. Each user is

represented with a different number of recordings corresponding to his/her activities

which makes this dataset imbalanced. A MotionNode is used as the sensor unit

which is extremely small in size and connected to a miniature laptop. The right

hip is selected as the location to wear the sensor unit. Data are collected by using

accelerometer and gyroscope, both tri-axial, resulting in six readings from each sensor.

The sampling frequency is selected as 100 Hz.

3) MotionSense Dataset: An iPhone 6s in the subject’s front pocket with

SensingKit is employed, which collects information from Core Motion framework on

iOS devices [31]. Six activities in 15 trials are performed by 24 participants of different

genders (14 men and 10 women), ages, heights, and weights. The six activities are,

walking, sitting, standing, jogging, going upstairs, and downstairs. Accelerometer

and gyroscope are utilized to collect the data, again with six readings taken from

each tri-axial sensor. The data are collected with a sampling rate of 50 Hz and the

sensor readings include altitude, gravity, user acceleration, and rotation rate.

4) UCI-HAR Dataset: The dataset contains activity recordings of 30 partici-

pants between the ages 19 and 48 as they perform six activities [32]. A mobile phone

(Samsung Galaxy S2), carried on the subject’s waist, is used. The recorded activities

are: walking on a flat surface, walking upstairs, walking downstairs, sitting, stand-

ing, and lying. The number of samples for each user differs, making this dataset

also imbalanced. Consequently, the number of images associated with each user for

identifying his/her activity is different. Data from an accelerometer and gyroscope
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are collected at a sampling rate set of 50 Hz. Both of these sensors have tri-axial

structure so that six readings are taken from each sensor unit at the same time. The

dataset contains 7,352 train and 2,947 test samples. Accelerometer data which are

provided in this dataset comprise total acceleration and the body component of the

acceleration. The body component of the acceleration is obtained by subtracting the

gravitational component of acceleration from the total acceleration.

Table 2.1: Properties of the four datasets used in this thesis. The given number of
generated images is without augmentation.

dataset no. of sampling frequency dimensions of no. of
subjects (Hz) segments images

DSA [?] 8 25 125×9 480
USC-HAD [30] 14 100 500×6 342

MotionSense [31] 24 50 250×6 1366
UCI-HAR [32] 30 50 128×6 1692

2.2 The Proposed Methods

In the first image generation method (Method 1), we map acceleration time-series

data to the red channel, gyroscope data to the green channel, and magnetometer data

to the blue channel. In the second image generation method (Method 2), grouping

is done based on the axes of each sensor modality. We encode the x-axes of the

accelerometer, gyroscope, and magnetometer to the red channel, the y-axes to the

green channel, and the z-axes to the blue channel. We introduce a novel image

generation approach (Method 3) in which acceleration time-series data are assigned

to the red channel, spectrogram data to the green channel, and wavelet-transformed

data to the blue channel (Fig. 2.1). Unlike the other image generation techniques

that we have used, the RGB images produced with this method encapsulate signal

characteristics both in the time-domain and the frequency-domain.
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2.2.1 Generating the Image Sequences

To manage the UIR task, we have selected a common activity included in all four

datasets which is walking. In our experiments, we have focused on the walking activity

across all four datasets. For the DSA Dataset, we generate the images by using data

from activity A9, which corresponds to walking, recorded from the sensor unit on

the torso. In the USC-HAD and UCI-HAR Datasets, walking corresponds to activity

A1. For the MotionSense Dataset, we chose and then combined the files named as

wlk7, wlk8, and wlk15. These files are all related to the walking activity where the

only difference between them is their duration. The number of constructed images

corresponding to each user differs, depending on the sampling frequency, duration of

each recording, and the number of users involved in acquiring these datasets.

In generating the image sequences, we have taken the following steps: We divided

the raw data sequences in each dataset into three channels. Each channel is made up

of three groups as there are three axes. Fig. 2.1(a) illustrates the image generation

process in Method 1. The first group comprises the accelerometer data, the second

one contains the gyroscope data, and the last one includes the magnetometer data.

Fig. 2.1(b) depicts the image generation process in Method 2. In this method, we

define the x-axes data of the accelerometer, gyroscope, and magnetometer as the

first group, their y-axes data as the second group, and their z-axes data as the third

group. We used the raw data sequences in segmented form, meaning the sequences

are divided according to the sampling frequency of the dataset and the duration of

the measurement. For instance, in the DSA Dataset, there is no need to segment the

dataset since the dataset is already available in segmented form. We generate images

based on the segments.

A difference arises if spectrogram data are used instead of raw data. Each 1D

sequence is represented as a 2D sequence as a result of frequency data generated

based on the Fourier Transform (FT). The process for generating images by using

spectrogram data is similar to the one based on raw data. We have scaled the data

into the [0−255] interval. Most of the computer vision models are designed to process

raw pixel values in this range without requiring additional normalization. Therefore,
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we did not apply further normalization to the data. After scaling the data, we have

turned these scaled data into Red, Green, Blue (RGB) images. By using bicubic

interpolation, we have resized the images to 224×224, which we illustrate in Fig. 2.1.
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(a) (b)

(c) (d)

Figure 2.2: Sample images generated based on the (a) DSA, (b) USC-HAD, (b)

MotionSense, and (d) UCI-HAR Datasets.

We observe in Fig. 2.2 that the generated images have different patterns, which

provide us with insights regarding the dataset. For instance, analyzing the color

composition of these images enables us to deduce the types of the sensors involved

in the data collection process. The image in Fig. 2.2(a), consists of red, green, and

blue colors and their combinations, since all three types of sensors in this dataset

(accelerometer, gyroscope, and magnetometer) provide data, whereas in Fig. 2.2(b),

the image comprises only red and green colors, and their combinations. This is

because accelerometer and gyroscope are the two sensor types used in the USC-HAD

Dataset (no magnetometer).
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2.2.2 Preprocessing

2.2.2.1 Preprocessing the Data for Spectrogram Image Generation

In the experiments that use spectrogram images, we have transformed each time seg-

ment of the data by taking the magnitude of its STFT [33]. The segment length of the

DSA Dataset was 125 samples. The resulting spectrograms have the dimensionalities

of 63×9×3. The STFT operation can be mathematically formulated as:

STFT{x}(m,ω) =
∞∑

n=−∞

x[n]w[n−m]e−jωn, (2.1)

where w[n−m] denotes the window function centered around time m.

2.2.2.2 Preprocessing the Data for Wavelet Spectrogram Image Genera-

tion

In some of the experiments, we need to produce wavelet spectrogram images. To

do this, we have employed the Discrete Wavelet Transform (DWT) [34]. When we

take the DWT of a given time sequence, two coefficients which are called the approx-

imation and detail coefficients are calculated. For our task, it is proper to use the

approximation coefficient since it is more focused on major structure and retains the

low-frequency components of the frequency spectrum. We chose the mother wavelet

as Daubechies 1 (db1), since this works well in capturing edges, textures, and con-

stant variations in images. The DWT operation can be mathematically formulated

as:

approximation coefficients: aj[k] =
∞∑

n=−∞

x[n]ϕj,k[n], (2.2)

detail coefficients: dj[k] =
∞∑

n=−∞

x[n]ψj,k[n]. (2.3)
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2.2.3 Cross Validation

Cross-validation techniques are applied when the amount of data is limited. It is

important to investigate the performance of cross validation with the use of unseen

data. We have used a robust type of this technique, which is called k-fold cross

validation to test the performance of our image generation technique where we chose

the k parameter as five (Fig. 2.3). Thus, we divided the images into five folds. We

trained the model also five times. In each training, we used four folds as the training

set and the remaining one as the validation set. In addition, we found the values of

the parameters which are batch size and learning rate that give the highest accuracy

with the help of cross validation. Because three of the four datasets that we have

employed are imbalanced, we have applied stratified cross-validation considered in

our work [35]. In some parts of the work, we have applied hold-out cross-validation,

a widely used method in which the dataset is split into train and test sets using a

fixed ratio. Bergstra and Bengio [36] also employed this method for hyper-parameter

optimization.

Figure 2.3: Five-fold cross validation (val.: validation).

19



Fig. 2.4 displays the training and validation accuracy and Fig. 2.5 depicts the train

loss values both across the five folds for the DSA Dataset. Each fold gives results

similar to the others. We have used the ResNet18 model. Table 2.2 presents the

accuracy and loss values of each fold at the last epoch. The results for the five folds

are observed to be close to each other. The average training accuracy is 98.06 ± 0.25%

and the average loss is 1.17. The average value of the test accuracy is 98.13 ± 0.32%.

Table 2.2: Training and test accuracy, train loss across folds in processing the DSA

Dataset.

folds training accuracy (%) test accuracy (%) train loss

1 98.26 97.76 1.17

2 97.70 98.40 1.18

3 98.14 98.16 1.17

4 97.90 97.84 1.18

5 98.28 98.48 1.17

average accuracy: 98.06 ± 0.25 98.13 ± 0.32 1.17

Figure 2.4: Training and test accuracy across the five folds in processing the DSA

Dataset.
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Figure 2.5: Train loss across the five folds in processing the DSA Dataset.

2.2.4 Hyper-Parameter Selection

The commonly used hyper-parameter methods [36] are grid search, random search,

and Bayesian optimization.

In grid search [37], the hyper-parameter space is discretized into a predefined set of

values, and all possible combinations are systematically evaluated. Since this method

involves evaluating every possible combination, its major drawback is its heavy com-

putational load.

Bayesian optimization [38] is a probabilistic approach, which estimates an objective

function and selects the next set of hyper-parameters.

The third method is random search, which selects the parameters randomly, trains

and scores the parameters. This method is adopted by Nugroho and Suhartanto [39]

for tuning hyper-parameters of DenseNet. We have implemented this method in our

work. We defined sets for the hyper-parameters to tune and considered 10 trials for
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each combination.

In TL, the optimizer and the loss function are regarded as hyper-parameters; how-

ever, we have not tuned them. We have implemented the Adam optimizer and the

Cross Entropy loss function.

In Table 2.3, we tabulate the test accuracy and train loss results in the hyper-

parameter tuning phase for DenseNet201 in processing the DSA Dataset. We present

the optimized hyper-parameters of each model based on the DSA Dataset in Table 2.4.

Table 2.3: Hyper-parameter tuning results of DenseNet201 model in processing the

DSA Dataset.

batch size learning rate test accuracy (%) train loss

32 0.001 94.19 ± 0.57 0.21

16 0.1 12.32 ± 0.43 2.09

64 0.1 11.84 ± 0.91 2.08

16 0.001 91.65 ± 1.07 0.26

64 0.5 12.24 ± 0.71 2.10

16 0.3 12.24 ± 0.82 2.13

256 0.01 93.27 ± 1.01 0.28

256 0.5 12.26 ± 0.77 2.09

64 0.001 94.95 ± 0.92 0.17
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Table 2.4: Optimized hyper-parameters of the six models in processing the DSA

Dataset.

model batch size learning rate

ResNet18 64 0.001

ResNet152 256 0.001

DenseNet201 256 0.001

ViT-B 16 0.01

DeiT-B 128 0.00001

Swin-B 32 0.0001

Table 2.5: Optimized hyper-parameters of the six models in processing the USC-HAD

Dataset.

model batch size learning rate

ResNet18 256 0.001

ResNet152 128 0.001

DenseNet201 64 0.001

ViT-B 16 0.5

DeiT-B 32 0.00001

Swin-B 32 0.00001

Table 2.6: Optimized hyper-parameters of the six models in processing the Motion-

Sense Dataset.

model batch size learning rate

ResNet18 128 0.001

ResNet152 16 0.01

DenseNet201 64 0.001

ViT-B 16 0.01

DeiT-B 64 0.00001

Swin-B 32 0.00001
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Table 2.7: Optimized hyper-parameters of the six models in processing the UCI-HAR

Dataset.

model batch size learning rate

ResNet18 256 0.001

ResNet152 128 0.001

DenseNet201 16 0.001

ViT-B 128 0.001

DeiT-B 128 0.0001

Swin-B 64 0.00001

We have tuned the hyper-parameters using training and validation sets. To ensure

a reliable tuning process, we adopt k-fold cross validation. After selecting the optimal

hyper-parameters, we evaluated the model performance on the test set. In our hyper-

parameter tuning process, we implemented random search over a predefined set of

candidate values for each parameter. We applied 10-repeated 5-fold cross validation

since the DSA Dataset has a limited amount of data. We split the training data into

five folds. We utilized one fold for validation and the remaining folds as the training

set and identified the optimal values of the hyper-parameters based on the average

performance across the folds. The balanced nature of the DSA Dataset allows the

use of accuracy as the main evaluation metric.

2.3 Implementation and Resources

We have conducted the image representation of motion sensor data in Spyder [40].

We have implemented the pretrained models by using PyTorch library [41] in Python.

Since the UIR task by using images is computationally intensive, to overcome the com-

putational burden, we have used Google Colab platform [42] which provides NVIDIA

Tesla K80 GPU.
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2.4 Experimental Results and Discussion

We first implement two experiments for the image generation procedure. These are

observing the effect of resizing techniques and domain of data. In addition, we com-

pare Method 1 and Method 2. After that, we propose a new approach for image

generation.

2.4.1 Effect of Resizing Techniques

In this part, we analyze the effect of resizing techniques. These techniques are nearest

neighbour, bilinear interpolation, and bicubic interpolation. We have employed the

standard resizing technique, which is bicubic interpolation, in the remaining experi-

ments.

(a) (b) (c)

Figure 2.6: Images generated by using (a) bicubic, (b) nearest neighbour, and (c)

bilinear interpolation.

Fig. 2.6 displays the images that we have generated by using these techniques. All

of them are based on data recorded from User 1 in the DSA Dataset.

In this chapter, as we employ only the DSA Dataset which is balanced, we provide

the accuracy results to measure the performance of the image generation techniques.

In contrast, in the following chapter, the study goes beyond accuracy and evaluates
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three other performance metrics (precision, recall, and f1 score) to achieve a more

comprehensive performance analysis.

2.4.1.1 Accuracy Scores of Different Image Resizing Methods

Table 2.8: Accuracy scores (%) of different image resizing methods.

Model Bicubic Nearest Neighbour Bilinear
ResNet18 97.98 ± 0.46 97.40 ± 0.19 98.06 ± 0.32
ResNet152 97.90 ± 0.31 97.47 ± 0.50 98.37 ± 0.28
DenseNet201 98.16 ± 0.35 97.21 ± 0.52 98.35 ± 0.24
ViT-B 98.30 ± 1.29 97.87 ± 0.60 98.03 ± 0.70
DeiT-B 99.34 ± 0.14 99.25 ± 0.19 99.18 ± 0.21
Swin-B 99.12 ± 0.41 98.81 ± 0.27 99.17 ± 0.24

The images generated using bicubic and bilinear interpolation result in the highest

accuracy values in every model as displayed in Table 2.8. The two techniques give

quite similar results. The images generated using the nearest neighbour image resizing

method gives lower accuracy, since this technique causes discontinuities in images.

2.4.2 Effect of Domain of Data

Secondly, we observe the effect of domain of data in three different forms as raw

data, spectrogram data, and wavelet spectrogram data. We have used the magnitude

resulting from taking the STFT of the sensor data while creating spectrogram images

based on motion sensor data. To create the wavelet spectrogram images, we apply

DWT to sensory data.

26



(a) (b)

Figure 2.7: Images generated by using the (a) spectrogram data and the (b) wavelet

spectrogram data.

While generating the image in Fig. 2.7(a), we use the spectrogram data which we

calculate based on the DSA Dataset. We create the second image given in Fig. 2.7(b)

with the wavelet spectrogram data. The sensor readings employed in both parts of

Fig. 2.7 belong to User 1 of the DSA Dataset.

2.4.2.1 Accuracy Scores of Images Generated from Different Domains

Table 2.9: Accuracy scores (%) of different models fed by images generated from
spectrogram and wavelet spectrogram data.

Type of data ResNet18 ResNet152 DenseNet201 ViT-B DeiT-B Swin-B
spectrogram 97.72 ± 0.27 97.31 ± 0.36 97.39 ± 0.24 96.22 ± 1.04 98.19 ± 0.26 94.76 ± 1.09
wavelet
spectrogram 97.50 ± 0.31 97.63 ± 0.27 97.24 ± 0.44 98.17 ± 0.77 98.85 ± 0.46 95.53 ± 1.75

The model DeiT-B gives the highest accuracy when the spectrogram data are

used, as displayed in Table 2.9. We intend to see the difference of the accuracy and

computation time of the model, caused as a result of using images produced by raw

data and spectrogram data by comparing the values in Table 2.9 with the values in

Table 2.10 which are based on raw data. Overall, a negligible amount of difference

occurs between the performance of the models as a result of giving images based on

raw data and spectrogram data as input. The raw data images yield better results in

all models employed in this study.
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The model DeiT-B also results in the highest accuracy by using the wavelet spec-

trogram data as we can observe in Table 2.9. The main purpose of creating wavelet

spectrogram images is to investigate the performance of the pretrained model when

images produced by spectrogram data and wavelet spectrogram data are given as

input. The results achieved with all of the models are quite similar when compared

with the ones that use spectrogram images. Out of the six models that we have con-

sidered and included in our experiments, four of them (ResNet152, ViT-B, DeiT-B,

and Swin-B) result in higher accuracy when we provide wavelet spectrogram images

as input. The wavelet spectrogram images perform better than spectrogram images,

since DWT is usually more effective for our task as it can capture features at different

scales and resolutions when it is compared with STFT.

2.4.2.2 Accuracy Scores of Images Generated with Different Methods

Table 2.10: Accuracy scores (%) of different models for the DSA Dataset (Method 1).

Model ResNet18 ResNet152 DenseNet201 ViT-B DeiT-B Swin-B

98.25 ± 0.31 98.25 ± 0.23 97.95 ± 0.44 98.30 ± 1.29 99.76 ± 0.37 96.20 ± 1.67

Table 2.11: Accuracy scores (%) of different models for the DSA Dataset (Method 2).

Model ResNet18 ResNet152 DenseNet201 ViT-B DeiT-B Swin-B

98.48 ± 0.22 98.80 ± 0.26 98.69 ± 0.59 98.67 ± 0.50 99.29 ± 0.32 95.88 ± 1.92

To investigate the effect of the image generation method on the accuracy results, we

compare the results in Table 2.10 with those in Table 2.11. For each model, DeiT-B

with Method 1 gives better results.
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2.4.3 Results of the Novel Image Generation Method

We have developed a new image generation method (Method 3) in which, we have

given acceleration raw time-series data to the red channel, acceleration spectrogram

data to the green channel, and acceleration wavelet data to the blue channel. The

resulting RGB images differ from those of the other two techniques (Method 1 and

Method 2) that we have implemented in image generation, since these images carry

information related to both raw data and frequency. Table 2.12 presents the results

of this model.

Table 2.12: Accuracy scores (%) of different models for the DSA Dataset ( Method 3).

Model ResNet18 ResNet152 DenseNet201 ViT-B DeiT-B Swin-B
96.63 ± 0.49 96.31 ± 0.31 96.46 ± 0.49 96.09 ± 0.98 97.55 ± 0.54 93.85 ± 1.85

To make a comparison between our feature fusion image generation technique and

the other two methods that we have implemented, Tables 2.10, 2.11, and 2.12 should

be compared. Our new technique demonstrates slightly lower performance compared

to the other two techniques, with a maximum accuracy difference of 2.58% observed

across the models.

In this chapter, we have presented our image generation approach and preprocess-

ing techniques. We examined the impact of resizing techniques and domain of data on

model performance and introduced a novel image generation method that integrates

both time-domain and frequency-domain information.
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Chapter 3

User Identification Based on Image

Representations: A Novel Hybrid

Architecture

In the previous chapter, we have investigated different image generation methods

and compared them. In the present chapter, we introduce a novel hybrid network

architecture that combines DeiT-B and DenseNet201 models in parallel form and

investigate its performance.

3.1 Data Augmentation

DL models need huge amount of data to acquire satisfactory results. Augmenting

the data is necessary to enhance the performance of the model as it enriches datasets

by creating variations of the existing data [43]. This is done by applying diversified

transformations to the original images. Since models work with different types of

data as a result of data augmentation, they can generalize better. This technique

reduces overfitting and improves the performance of the model. We have applied the

following data augmentation techniques on original images (see Fig. 3.1): random
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affine (1 and 2), random horizontal flip, random perspective, random resized crop,

random rotation, and random vertical flip. In addition to these techniques, we have

applied different variations of color jitter and Gaussian blur on the datasets.

(a) original image (b) random affine 1 (c) random affine 2

(d) random horizontal flip (e) random perspective (f) random resized crop

(g) random rotation (h) random vertical flip

Figure 3.1: The original image and its data augmented variations.
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3.2 Experimental Results and Discussion

3.2.1 Effect of TL and Data Augmentation

Our aim is to observe the effect of data augmentation and TL. We have implemented

four cases on the DSA Dataset as (i) augmentation and pretrained weights are used,

(ii) only augmentation is employed, (iii) only pretrained weights are used, and (iv) nei-

ther augmentation nor pretrained weights are employed.

3.2.1.1 Accuracy Scores of TL and Data Augmentation

Table 3.1: Effect of data augmentation and TL in processing the DSA Dataset on the
accuracy (%).

use of augmentation and pretrained weights number of images DenseNet201
augmentation and pretrained weights 6240 97.95 ± 0.44
augmentation 6240 97.80 ± 0.30
pretrained weights 480 80.62 ± 2.99
neither 480 79.37 ± 2.98

In Table 3.1, we identify that, the highest accuracy is achieved when both augmen-

tation and pretrained weights are employed. Implementing pretrained weights is more

important than applying augmentation, since the case which includes employing data

augmentation [case (ii)] gives better accuracy than the case which includes utilizing

pretrained weights [case (iii)]. By adopting pretrained weights, the model starts with

the features which it has already learned. These weights provide transfer of useful

knowledge. However, in the absence of data augmentation as a result of insufficient

data, the model may potentially result in lower performance. On the other hand, data

augmentation increases size and variability of data, which helps prevent overfitting.

However, the augmentation techniques may produce distortions which can cause the

model not to learn the task. In the case when neither of them are used [case (iv)],

the accuracy is the lowest as expected.
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3.2.2 Accuracy versus Epoch and Loss versus Epoch Graphs,

and Training Time Tables

In this experiment, we have observed and compared the accuracy scores of the pre-

trained models for different HAR datasets. Figs. 3.2–3.9 indicate the performances

of the DL models we have considered by showing the accuracy versus epoch and the

loss versus epoch graphs for each of the four datasets. In addition to that, we have

measured the training times of the models for the four datasets that we have consid-

ered in Tables 3.2–3.5. These tables display the (i) total training time and the (ii)

training time per image.

3.2.2.1 DSA Dataset

Figs. 3.2 and 3.3 show the accuracy versus epoch and loss versus epoch plots for the

pretrained models in processing the DSA Dataset. For the DSA Dataset, we have

acquired the highest accuracy by using the model DeiT-B and the lowest accuracy

by using the model Swin-B. Referring to Table 3.2, ResNet18 takes the least amount

of time to train, whereas we observe that Swin-B takes the longest time to train.

Table 3.2: Total training time of CNN-based and transformer-based models in pro-
cessing the DSA Dataset (4445 images).

Model Type Models total training time (s) training time per image (ms)

CNN-based
ResNet18 164.36 36.97
ResNet152 209.85 47.20

DenseNet201 366.11 83.34

transformer-based
ViT-B 250.37 56.31
DeiT-B 230.81 51.91
Swin-B 400.19 90.01
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(a) (b)

(c) (d)

(e) (f)

Figure 3.2: Accuracy and train loss of the CNN-based models for the DSA Dataset:

(a)-(b) ResNet18, (c)-(d) ResNet152, and (e)-(f) DenseNet201.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.3: Accuracy and train loss of the transformer-based models for the DSA

Dataset: (a)-(b) ViT-B, (c)-(d) DeiT-B, and (e)-(f) Swin-B.
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3.2.2.2 USC-HAD Dataset

We illustrate the performance metrics of the models attained by using USC-HAD

Dataset in Figs. 3.4 and 3.5. For this dataset, the model DeiT-B achieves better

accuracy and the model ViT-B results in lower accuracy. We observe in Table 3.3

that ResNet18 takes the least and Swin-B takes the longest amount of time to train.

Table 3.3: Total training time of CNN-based and transformer-based models in pro-
cessing the USC-HAD Dataset (3556 images).

Model Type Models total training time (s) training time per image (ms)

CNN-based
ResNet18 111.92 31.47
ResNet152 158.97 44.70

DenseNet201 152.29 42.82

transformer-based
ViT-B 179.27 50.41
DeiT-B 165.24 46.47
Swin-B 272.12 76.52
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(a) (b)

(c) (d)

(e) (f)

Figure 3.4: Accuracy and train loss of the CNN-based models for the USC-HAD

Dataset: (a)-(b) ResNet18, (c)-(d) ResNet152, and (e)-(f) DenseNet201.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.5: Accuracy and train loss of the transformer-based models for the USC-

HAD Dataset: (a)-(b) ViT-B, (c)-(d) DeiT-B, and (e)-(f) Swin-B.
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3.2.2.3 MotionSense Dataset

For the MotionSense Dataset, the DenseNet201 model obtains the highest accuracy,

whereas the Swin-B model obtains the lowest, as depicted in Figs. 3.6 and 3.7. In

addition to its least favorable performance, once again Swin-B takes the longest time

to train, ResNet18 takes the shortest, as displayed in Table 3.4.

Table 3.4: Total training time of CNN-based and transformer-based models in pro-
cessing the MotionSense Dataset (14206 images).

Model Type Models total training time (s) training time per image (ms)

CNN-based
ResNet18 452.17 31.83
ResNet152 603.38 42.47

DenseNet201 637.26 44.86

transformer-based
ViT-B 714.57 50.30
DeiT-B 643.32 45.28
Swin-B 740.95 52.16

39



(a) (b)

(c) (d)

(e) (f)

Figure 3.6: Accuracy and train loss of the CNN-based models for the MotionSense

Dataset: (a)-(b) ResNet18, (c)-(d) ResNet152, and (e)-(f) DenseNet201.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.7: Accuracy and train loss of the transformer-based models for the Motion-

Sense Dataset: (a)-(b) ViT-B, (c)-(d) DeiT-B, and (e)-(f) Swin-B.
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3.2.2.4 UCI-HAR Dataset

Figs. 3.8 and 3.9 show that DeiT-B attains the peak accuracy among all of the models

in procesing the UCI-HAR Dataset. The Swin-B model attains the lowest accuracy.

When we inspect the results in Table 3.5, the Swin-B model requires the longest

training time, while ResNet18 requires the shortest.

Table 3.5: Total training time of CNN-based and transformer-based models in pro-
cessing the UCI-HAR Dataset (17955 images).

Model Type Models total training time (s) training time per image (ms)

CNN-based
ResNet18 546.01 30.41
ResNet152 737.41 41.07

DenseNet201 779.60 43.42

transformer-based
ViT-B 876.22 48.80
DeiT-B 791.22 44.06
Swin-B 907.75 50.55
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(a) (b)

(c) (d)

(e) (f)

Figure 3.8: Accuracy and train loss of the CNN-based models for the UCI-HAR

Dataset: (a)-(b) ResNet18, (c)-(d) ResNet152, and (e)-(f) DenseNet201.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.9: Accuracy and train loss of the transformer-based models for the UCI-

HAR Dataset: (a)-(b) ViT-B, (c)-(d) DeiT-B, and (e)-(f) Swin-B.
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(a) Accuracy of all six models. (b) Loss of all six models.

Figure 3.10: Accuracy and train loss of all the models in processing the DSA Dataset.

Overall, for all four datasets, DenseNet201 and DeiT-B models yield the highest

accuracies and the Swin-B model results in the lowest. We can also observe this fact

in Fig. 3.10 which summarizes the results of the six models over the DSA Dataset.

Among all models, Swin-B requires the longest training time, whereas ResNet18 is

the shortest to train.

The effect of depth of the model to the accuracy results can be observed by com-

paring the results of the models ResNet18 and ResNet152. In all of the four datasets

that we have considered and processed, ResNet152 gives higher accuracy compared to

ResNet18. This result is expected since deeper neural networks have better capacity

to learn complex patterns.
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Table 3.6: Training time per image (ms) of the different models for the four datasets.

Model DSA USC-HAD MotionSense UCI-HAR

no. of images 4445 3556 14206 17955

(augmented)

ResNet18 36.97 31.47 31.83 30.41

ResNet152 47.20 44.70 42.47 41.07

DenseNet201 83.34 42.82 44.86 43.42

ViT-B 56.31 50.41 50.30 48.80

DeiT-B 51.91 46.47 45.28 44.06

Swin-B 90.01 76.52 52.16 50.55

As we can see in Table 3.6 which summarizes the training time per image results,

for all four datasets, ResNet18 model requires the least, and Swin-B takes the longest

training time. Given that the accuracy of Swin-B is also the lowest, we can conclude

that it is not a preferred model.

We acquire the accuracy values presented in Figs. 3.2–3.10 after applying hold-out

cross-validation, whereas we obtain the accuracy values in Tables 3.7–3.10 through

k-fold cross validation to better measure the model’s performance. The difference

between two evaluation results is due to the difference in the validation methods.

Based on the accuracy values in Tables 3.7–3.10, by using the images generated from

each dataset in our study, the success of the metrics of DeiT-B in processing all

of the datasets identifies it as the most favorable, while the model Swin-B results

in the lowest accuracy. The DeiT-B in processing the DSA Dataset, obtains the

highest accuracy of 99.76%. The performance on the MotionSense Dataset is quite

similar. The testing times of the models vary between 30–90 ms per image. In terms

of accuracy, precision, recall, and f1 score (Tables 3.7–3.10) all six models perform

better in processing the MotionSense Dataset.
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Table 3.7: Accuracy, precision, recall, and f1 score (%) metrics of different models

for the DSA Dataset (Method 1).

Model Accuracy Precision Recall f1 Score

ResNet18 98.25 ± 0.31 98.26 ± 0.31 98.25 ± 0.31 98.25 ± 0.31

ResNet152 98.25 ± 0.23 98.27 ± 0.23 98.25 ± 0.23 98.25 ± 0.23

DenseNet201 97.95 ± 0.44 97.96 ± 0.44 97.95 ± 0.44 97.95 ± 0.44

ViT-B 98.30 ± 1.29 98.38 ± 1.10 98.27 ± 1.36 98.29 ± 1.30

DeiT-B 99.76 ± 0.37 99.78 ± 0.38 99.78 ± 0.34 99.77 ± 0.37

Swin-B 96.20 ± 1.67 96.40 ± 1.52 96.19 ± 1.68 96.22 ± 1.68

Table 3.8: Accuracy, precision, recall, and f1 score (%) metrics of different models

for the USC-HAD Dataset (Method 1).

Model Accuracy Precision Recall f1 Score

ResNet18 96.25 ± 2.72 96.34 ± 2.71 96.22 ± 2.73 96.25 ± 2.72

ResNet152 97.73 ± 0.63 97.76 ± 0.63 97.67 ± 0.69 97.69 ± 0.67

DenseNet201 97.93 ± 0.48 97.97 ± 0.43 97.91 ± 0.40 97.92 ± 0.42

ViT-B 98.49 ± 0.36 98.54 ± 0.36 98.43 ± 0.39 98.47 ± 0.38

DeiT-B 99.28 ± 0.17 97.99 ± 2.53 97.98 ± 2.58 97.98 ± 2.55

Swin-B 95.70 ± 0.80 95.78 ± 0.90 95.67 ± 0.92 95.62 ± 0.91
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Table 3.9: Accuracy, precision, recall, and f1 score (%) metrics of different models

for the MotionSense Dataset (Method 1).

Model Accuracy Precision Recall f1 Score

ResNet18 99.69 ± 0.08 99.69 ± 0.08 99.70 ± 0.07 99.69 ± 0.07

ResNet152 99.67 ± 0.12 99.67 ± 0.13 99.66 ± 0.12 99.66 ± 0.12

DenseNet201 99.68 ± 0.12 99.68 ± 0.12 99.66 ± 0.11 99.67 ± 0.12

ViT-B 98.73 ± 0.46 98.72 ± 0.52 98.77 ± 0.45 98.74 ± 0.49

DeiT-B 99.69 ± 0.16 99.70 ± 0.13 99.68 ± 0.19 99.68 ± 0.16

Swin-B 95.37 ± 0.90 95.43 ± 0.83 95.37 ± 0.95 95.31 ± 0.92

Table 3.10: Accuracy, precision, recall, and f1 score (%) metrics of different models

for the UCI-HAR Dataset (Method 1).

Model Accuracy Precision Recall f1 Score

ResNet18 98.04 ± 0.16 98.02 ± 0.18 97.96 ± 0.16 97.98 ± 0.17

ResNet152 98.39 ± 0.16 98.38 ± 0.15 98.35 ± 0.17 98.36 ± 0.16

DenseNet201 98.24 ± 0.11 98.24 ± 0.14 98.18 ± 0.13 98.20 ± 0.13

ViT-B 95.32 ± 1.20 95.47 ± 1.18 95.27 ± 1.18 95.30 ± 1.23

DeiT-B 99.00 ± 0.26 99.00 ± 0.23 98.97 ± 0.27 98.98 ± 0.25

Swin-B 85.66 ± 2.62 86.55 ± 2.72 85.42 ± 2.61 85.49 ± 2.78

3.2.3 Adapted Open-set User Identification Method

For consistency of our image generation technique in the UIR task, we adopt the

open set UIR framework proposed by Benegui and Ionescu [20] on the four datasets

(Fig. 3.11). Their framework includes both image generation for classification and

the UIR task. They produce gray-scale images and use a custom CNN followed by

a SVM as their model. Among the models that we have considered, we choose the

DeiT-B as the feature extractor since it acquires the highest accuracy in our closed-set
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experiments. Unlike the closed-set UIR task which we implement in this work where

both train and test sets include data from all users, in open-set identification, we split

the dataset into disjoint subsets of known and unseen users. Specifically, we use six

train and two unseen users in the DSA Dataset, 10 train and four unseen users in

the USC-HAD Dataset, 17 train and seven unseen users in the MotionSense Dataset,

and 21 train and nine unseen users in the UCI-HAR Dataset. We train the DeiT-

B model on the training set and extract the classification token (CLS) embeddings.

We compute user centroids for the training users. We replicate the idea in Benegui

and Ionescu’s work for each user in the test set and build a binary SVM. We train

a radial basis function (RBF) kernel SVM per unseen user. For each classifier, we

interpret the embeddings of the unseen users as positive samples, while we take the

embeddings of the other users as negatives. For testing, we pass each unseen user

through the feature extractor. We feed CLS token embeddings to all binary SVMs.

If a classifier recognizes the user, we assign that label. We calculate and tabulate

the evaluation metrics for these unseen users (Table 3.11). Overall, the accuracy

ranges from 89% to 97%. We observe the lowest performance in processing the DSA

Dataset, likely due to its relatively small number of users, which increases intra-class

variability and makes it hard to detect unseen users. The model performs superior

on the USC-HAD Dataset as a result of moderate number of users. In contrast, for

larger datasets such as MotionSense and UCI-HAR, the results are still high; however,

the recall values show the difficulty of this open-set method. This is likely due to the

increased number of classes and greater intra-class variability, which makes it harder

for the model to generalize to unknown users.

Table 3.11: Accuracy, precision, recall, and f1 score (%) metrics of the open-set

method for the four datasets.

dataset Accuracy Precision Recall f1 Score

DSA 89.17 91.10 89.17 89.04

USC-HAD 96.97 97.32 97.00 96.99

MotionSense 92.20 93.84 92.99 92.45

UCI-HAR 90.59 91.57 90.56 90.48
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[CLS] token
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decision

Figure 3.11: Open-set user UIR method.

3.2.4 A New Hybrid Structure

We attempt a new hybrid architecture which combines the DeiT-B and DenseNet201

models, since these two models attained high accuracy values individually; therefore

it is more likely to obtain a better accuracy by using them in a hybrid structure in

parallel form. Although hybrid models that integrate CNNs and transformers have

been explored, a parallel combination of DeiT-B and DenseNet201 has not been con-

sidered to date. While DeiT-B deals with global relationships, DenseNet201 captures

fine-grained, local details. These characteristics make this hybrid architecture both

suitable to global and local feature extraction tasks. In this hybrid model, DeiT-B
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extracts global features whereas DenseNet201 extracts local features. Once the fea-

tures are extracted, we concatenate these features and pass them through a linear

layer (Fig. 3.12). In this experiment, the DSA Dataset is processed.

input image

DeiT-B

(global branch)

768-D extracted features

DenseNet201

(local branch)

1920-D extracted features

concatenated features

2688-D vector

linear classifier

(2688 → 8)

model output

(8 classes)

Figure 3.12: Block diagram of the proposed parallel hybrid architecture combining

DeiT-B and DenseNet201 models.

3.2.4.1 Performance Comparison of the Hybrid Model with the 2D CNN

Model

In this part, we compare the performance of our proposed hybrid model with that

of 2D CNN. This is mainly because the 2D CNN model ranked the second-best in

our earlier work [44]. Inspecting Fig. 3.13 indicates that our hybrid model exhibits

superior performance compared to the 2D CNN model. Again, we obtain the accuracy

values in Fig. 3.13 using hold-out cross validation; conversely, we acquire those in
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Figs. 3.14, 3.15, and Table 3.12 employing k-fold cross validation. Table 3.12 displays

the four performance metrics of our proposed hybrid model and 2D CNN on the DSA

Dataset. Our hybrid model performs better than 2D CNN by about 0.5% in all four

performance metrics.

The total training time of our proposed hybrid model lasts 2040.3 seconds as shown

in Table 3.13. This training time is shorter than that of the 2D CNN model.

Table 3.12: Performance metrics (%) of the hybrid and 2D CNN models in processing

the DSA Dataset.

Model Accuracy Precision Recall f1 Score

hybrid model 99.86 ± 0.33 99.86 ± 0.31 99.87 ± 0.32 99.86 ± 0.32

2D CNN 99.36 ± 0.11 99.37 ± 0.12 99.36 ± 0.12 99.36 ± 0.12

Table 3.13: Training time comparison of the hybrid and 2D CNN models in processing

the DSA Dataset.

Model total training time (s) training time per image (ms)

hybrid model 2040.3 0.008174

2D CNN 2060.4 0.008255

Statistical Significance of the Comparison Results: To assess the statistical signif-

icance of the comparison results, we compare our hybrid model with the 2D CNN

model by performing a statistical significance test on the DSA Dataset. To conduct

this test, we use the accuracy values in Fig. 3.14. After applying a paired t-test [45],

we obtain a highly significant difference between the models (t = 6.626, p < 0.00001),

which proves that our hybrid model performs better. We perform the Wilcoxon

test [46] to show whether this superiority could be a result of a random variation or

not. The results (W = 0, p = 0.00042) also confirm that the observed performance

is not due to a random variation. For consistency, we apply the paired t-test and

Wilcoxon test on the UCI-HAR Dataset as well (Fig 3.15). The result for paired
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t-test (t = 9.410, p < 0.001) indicates that our model performs better than the 2D

CNN model. Also the Wilcoxon test (W = 0, p = 0.00063) supports this conclusion.

(a) Hybrid model accuracy. (b) Hybrid model train loss.

(c) 2D CNN accuracy. (d) 2D CNN train loss.

Figure 3.13: Performance of the hybrid and 2D CNN models on the DSA Dataset:

(a) hybrid accuracy, (b) hybrid train loss, (c) 2D CNN accuracy, and (d) 2D CNN

train loss.
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Figure 3.14: Accuracy of the hybrid and 2D CNN models on the DSA Dataset.

Figure 3.15: Accuracy of the hybrid and 2D CNN models on the UCI-HAR Dataset.
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3.2.5 Comparison of Our Results with Existing Studies

For making a comparison between our model and the recent studies, we choose eight

recent works [11], [12], [14], [16], [17], [18], [19], [20]. The works that we consider differ

in their image generation techniques, but they may also vary in task type (e.g., HAR,

UIR, user verification), dataset selection, and model architecture. Quin et al. [11]

propose a hybrid architecture as it combines CNN and RNN for managing the UIR

task. The accuracy is 96%. In Mekruksavanich and Jitpattanakul’s work [12], their

CNN-LSTM model gives 91.776% accuracy on the UCI-HAR Dataset and 92.432%

accuracy on the USC-HAD Dataset. Jafari et al. [14] create images by converting

time-series data into 2D matrix form and address the physical activity classification

task by employing CNN, achieving an accuracy of 98%. Jiang and Yin [16], generate

activity images in SI form and apply a new heterogeneous two-stream CNN model.

This work also adopts the UCI-HAR Dataset and reports an accuracy of 97.90%.

However, in Tables 3.7–3.10, we observe that, by using ResNet18, ResNet152, and

DenseNet201 models, the UCI-HAR Dataset achieves higher accuracy. This result is

expected since pretrained models generally perform superior. We evaluate our novel

method on the DSA Dataset, therefore a direct comparison with [16] is not possible.

Xu et al. [17] produce images by the help of GAF. Again, the only similarity is the

use of the USC-HAD Dataset. The authors of the study adopt a Fusion-MdkResNet

network which results in 89.48% accuracy. Ahmad and Khan [18] utilize ResNet18,

which is relevant to our work and they also add CCF. They create images by adopting

SI, GAF, MTF, and RP and their model achieves 98.3% accuracy. Bakshi [19] adopts

ViT for the fall-type classification task and generates spectrogram images by applying

STFT. The two publicly available datasets they have employed result in 99.9% and

99.8% accuracy. Even though the related studies are not identical and not directly

comparable, they have some properties in common and as presented in Table 3.14,

our hybrid model achieves the highest accuracy in the UIR task.
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Study Task Model
Image
Generation Accuracy (%)

Qin et al. [11] UIR CNN + RNN

nowhere

(raw time-series) 96

Mekruksavanich

&Jitpattanakul [12]

UIR CNN + LSTM

nowhere

(raw time-series) 91.776 UCI-HAR

-

92.432 USC-HAD

Jafari et al. [14] HAR SensorNet CNN 2D signals 98

Jiang & Yin [16] HAR Two-Stream

CNN

SI images 97.90 UCI-HAR

Xu et al. [17] HAR Fusion-

MdkResNet

GAF 89.48 USC-HAD

Ahmad & Khan [18] HAR ResNet18 + CCF
SI, GAF, MTF,
RP 98.3

Bakshi [19] Fall-type

classification

ViT spectrogram

(STFT)

99.9 / 99.8

Benegui & Ionescu [20] UIR Pretrained CNN

+ SVM

gray-scale

images

96.7

Proposed

hybrid model UIR DeiT-B +

DenseNet201

Method 1 99.86 ± 0.33

Table 3.14: Comparison of related studies in terms of task, model, image generation

technique, and performance.

In this chapter, we have discussed the effect of TL and data augmentation on DL

model performance. We evaluated the results based upon the CNN and transformer-

based models. Furthermore, we have proposed a novel hybrid model structure that

leverages the strengths of both DeiT-B and DenseNet201.
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Chapter 4

Summary, Conclusions, and Future

Work

In this thesis, we have conducted a comparative analysis on the performance of

the CNN-based and transformer-based pretrained networks, in the image classifi-

cation task by using four publicly available datasets which are DSA, USC-HAD,

MotionSense, and UCI-HAR. The first dataset was acquired by our research group

and the remaining three are benchmarking datasets. The considered pretrained mod-

els are: ResNet18, ResNet152, DenseNet201, ViT-B, DeiT-B, and Swin-B. In the first

chapter, we have conducted a literature review addressing user identification with mo-

tion sensor data, image representation of motion sensor data, and transfer learning

for user identification. In the second chapter, we first focus on two approaches that

involve grouping datasets by sensor type (Method 1) and axis type (Method 2) to

create the RGB components of the image. Then, we have proposed a novel im-

age generation technique (Method 3) that fuses raw data, spectrogram, and wavelet

spectrogram information. Besides this, we have made a comparison on image gener-

ation techniques. The benefit of this method is that it carries both time-domain and

frequency-domain information. Another contribution of the thesis is creating spectro-

grams as input to the DL models. We have created spectrograms by using STFT and

DWT. The wavelet spectrogram images affect the performance of the models more
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than the spectrogram images.

In the third chapter, we evaluated the six models on four publicly available datasets

and four performance metrics. DeiT-B and DenseNet-201 prove superior to the other

models. We have proposed a new parallel hybrid model which combines DeiT-B and

DenseNet201. To evaluate our proposed model’s performance, we have trained each

pretrained model on each dataset utilized in this work. DeiT-B model, in processing

the DSA Dataset, shows better performance when compared with the other models;

however, our new hybrid architecture performs superior. We designed four experi-

mental scenarios to examine the effects of pretrained models and data augmentation.

We observe that the use of data augmentation has more impact on the model’s per-

formance when compared with pretrained models.

The present study focused on comparing the performance of the pretrained models

with different types of image generation methods. In future work, alternative image

generation techniques and different model architectures can be investigated instead

of employing only pretrained networks. During the evaluation phase of our hybrid

model, we also trained the 2D CNN model using the DSA Dataset. As a potential

direction for future research, we may connect our hybrid model with a 2D CNN. One

can further investigate different input types for the RGB channels of the images.
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