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APPLICATION OF DEEP LEARNING METHODS IN HUMAN ACTIVITY 

RECOGNITION  

ABSTRACT  

Traditional sensor-based human activity recognition (HAR) has been defined as a 

time-series data classification problem and requires feature extraction. The current 

HAR systems still lack transparent, interpretable, and explainable approaches that can 

generate human-understandable information. This thesis proposes an approach, called 

Human Activity Recognition on Signal Images (HARSI), which defines the HAR 

problem as an image classification problem to improve both explainability and 

recognition accuracy. The proposed HARSI approach transforms the smart sensor data 

into some visual images to take advantage of the strengths of convolutional neural 

networks (CNN) in handling image data. The experimental results carried out on a 

real-world dataset showed that a significant improvement was achieved by the 

proposed HARSI model compared to the traditional machine learning models. The 

results also showed that our method outperformed the state-of-the-art methods in terms 

of classification accuracy. 

 

 

Keywords: Human activity recognition, machine learning, deep learning, smart 

sensor systems, explainable artificial intelligence.
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İNSAN AKTİVİTESİ TANIMADA DERİN ÖĞRENME YÖNTEMLERİNİN 

UYGULANMASI 

ÖZ 

Geleneksel sensör tabanlı insan aktivitesinin tanınması (HAR), bir zaman serisi 

verisi sınıflandırma problemi olarak tanımlanmıştır ve özellik çıkarımı gerektirir. 

Mevcut HAR sistemleri, insan tarafından anlaşılabilir bilgiler üretebilen şeffaf, 

yorumlanabilir ve açıklanabilir yaklaşımlardan hala yoksundur. Bu tez, hem 

açıklanabilirliği hem de tanıma doğruluğunu geliştirmek için HAR problemini bir 

görüntü sınıflandırma problemi olarak tanımlayan, Sinyal Görüntülerinde İnsan 

Aktivitesi Tanıma (HARSI) adlı bir yaklaşım önermektedir. Önerilen HARSI 

yaklaşımı, görüntü verilerinin işlenmesinde evrişimli sinir ağlarının (CNN) güçlü 

yönlerinden yararlanmak için akıllı sensör verilerini bazı görsel görüntülere 

dönüştürür. Gerçek dünya veri seti üzerinde gerçekleştirilen deneysel sonuçlar, 

önerilen HARSI modeli ile geleneksel makine öğrenme modellerine kıyasla önemli bir 

gelişme kaydedildiğini göstermiştir. Sonuçlar ayrıca, yöntemimizin sınıflandırma 

doğruluğu açısından son teknoloji yöntemlerden daha iyi performans gösterdiğini 

göstermiştir. 

 

Anahtar kelimeler: İnsan aktivitesi tanıma, makine öğrenmesi, derin öğrenme, akıllı 

sensör sistemleri, açıklanabilir yapay zekâ. 
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CHAPTER ONE 

INTRODUCTION 

 

1.1 General 

 

Human activity recognition (HAR) is the task of correctly identifying human 

activities (i.e., walking, eating, standing, and working) by analyzing smart sensor data. 

It is useful for understanding the behavioral human patterns in a smart sensor-based 

system (SSS).  The HAR systems have been successfully used in various domains such 

as assisted living and healthcare (Hassan et al., 2020 and Kanjilal & Uysal, 2021), 

biometric user identification for security (Mekruksavanich & Jitpattanakul, 2021), 

well-being in smart homes (Mihoub, 2021), evaluating employee performances in 

smart factories for Industry 4.0 (Mohsen et al., 2021), body motion analysis in sports, 

and monitoring safety (falls, injuries, and collisions) in an environment (Madokoro et 

al., 2021). 

Activity recognition is a significant indicator of participation, quality of life, and 

lifestyle. Human activities carry a lot of information about the context (i.e., a person's 

identity, personality, and mental state) and help systems to achieve context awareness. 

For example, patient activity recognition is critical in analyzing treatment progress and 

can provide context information for decision-making for better treatment and care. 

Similarly, rehabilitation specialists and therapists can remotely benefit from 

information on patient activities outside of a health center. Having detected the 

activities, a broad range of analyses (i.e., activities by age group, by gender, by 

location, by day of the week) can be performed to answer the questions of where and 

when users do which types of activities. It can help detect abnormalities in surveillance 

systems, therefore, preventing any unfavorable consequences. Using wearable sensors, 

HAR applications detect the actions of the users to provide them with intelligent 

personal assistance and recommendation. In the military, it is important to recognize 

the activities of the soldiers to provide feedback to their managers that assist them in 

real-time Consequently, there are numerous potential computing systems where 

recognizing human activities plays an important role. 
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The main issue with the current human activity recognition systems is they have 

been considered black-box systems, using non-understandable sensor data and 

providing predictions without being able to explain them. Without explainability and 

transparency, a HAR model is not trustworthy for making real-world decisions, 

especially the high-risk ones in smart sensor systems. This study aims to provide an 

interpretable, basic, reliable approach to HAR problems.  

 

1.2 Main Contributions of the Thesis 

 

     The main contributions and novelty of this thesis can be listed as follows. (1) It 

proposes an approach, called Human Activity Recognition on Signal Images (HARSI), 

which converts the time series data to signal images and feeds them into a CNN for 

the classification task. (2)  It provides an important attempt by improving human-level 

explainability for smart sensor data by using signal images in the field of HAR. (3) 

This study is also original in that it compares the performances of different CNN 

architectures on signal image data in terms of accuracy to determine the best one for 

HAR. (4) The proposed method outperforms both the classical machine learning 

methods (i.e., k-nearest neighbors, support vector machines, multi-layer perceptron, 

decision trees, AdaBoost, and random forest) and the state-of-the-art methods on the 

same dataset.  

 

1.3 Purpose 

The main purpose of this study is to build an effective deep-learning model that 

solves HAR problems. We developed the HARSI approach that accurately recognizes 

six human activities, including walking, jogging, standing, sitting, downstairs, and 

upstairs. The experimental results showed that a significant improvement was 

achieved by the proposed method compared to the traditional machine learning 

methods and the state-of-the-art methods in terms of recognition accuracy. 
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1.4 Organization of the Thesis 

 

     The thesis consists of seven chapters. The remainder of this thesis is structured as 

follows: 

 

     Chapter 2 explains recent studies on HAR that use a deep learning technique. 

 

     Chapter 3 describes deep learning and convolutional neural network. 

 

     Chapter 4 describes the proposed HARSI approach in detail. 

 

     Chapter 5 provides a brief description of the data and presents the experimental 

results. 

 

     Chapter 6 provides a discussion and compares the HARSI approach with other 

machine learning methods. 

 

     Chapter 7 gives conclusion remarks and opportunities for further research. 
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CHAPTER TWO 

LITERATURE REVIEW 

 

Research in the field of HAR is becoming increasingly important with the rapid 

development of smart sensor systems (Shalaby et al., 2022). Especially, HAR is of 

great significance in the Internet of Things (IoT) applications which include sensor 

and communication technologies. Different sensor types have been utilized in the HAR 

systems, including wearable sensors (Bijalwan et al., 2021, Ferrari et al., 2022, 

Manjarres et al., 2022, Bhat & Khan, 2021, Bozkurt, 2021), vision-based 

sensors/cameras (Khan et al., 2022, Khan et al., 2022, Tasnim et al., 2021), health 

sensors (Maitre et al., 2021), and environmental sensors (Madokoro et al., 2021, 

Hwang et al., 2021, Ronald et al., 2021).  The ambient sensor-based HAR applications 

detect activities from the sensors that are installed at fixed locations (i.e., home, 

factory) or placed on a fixed object (i.e., fridge, door, toilet flush). In this study, we 

focused on wearable sensors since they provide many advantages like privacy 

protection, wide coverage area, and high robustness when modeling an activity 

classifier.      

 

Wearable sensors are lightweight (few grams), small-size (few mm), easy to 

program, and low-cost. Using either a strap or an adhesive, they can be easily attached 

to many different body parts (i.e., arm, waist, shoulder, wrist, or leg) depending on the 

human activities being studied (Manjarres et al., 2022, Pei et al., 2021). The 

accelerometer (A) (Yen et al., 2021, Alawneh et al., 2021) is one of the widely used 

sensors to collect acceleration data related to human activity. Besides the 

accelerometer, gyroscope (G) and magnetometer (M) sensors are attached to the body 

in various ways for monitoring their actions at a particular point in time. The 

combination of the sensors (A, G, M) can also provide useful information when 

analyzed by machine learning methods to recognize human activities (Elsts & 

McConville, 2021). Most HAR systems (Ghate & C, 2021, Thakur & Biswas, 2021) 

have been currently developed by smartphones since phones contain several sensors 

(i.e., A, G, M) and they are practically wearable, useful, and easy-to-use computing 

devices with high computing power and storage. 
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Deep learning (DL) is one of the most exciting technologies that implement 

symmetry in computer science. In the literature, deep learning (DL) techniques have 

been proven to be powerful in activity classification. The recent studies on human 

activity recognition that used deep learning technology are given in Table 2.1. A 

variety of DL methods have been successfully used for HAR such as recurrent neural 

networks (RNN) (Alawneh et al., 2021, Ghate & C, 2021, Buffelli & Vandin, 2021, 

Alhersh et al., 2021) long short-term memory (LSTM) (Irfan et al., 2021, Al-Wesabi 

et al., 2021, Chen et al., 2020), autoencoder (AE) (Mihoub, 2021), deep neural network 

(DNN)  (Hassan et al., 2020, Bijalwan et al., 2021, Bozkurt, 2021), and convolutional 

neural networks (CNN) (Hoai Thu & Han, 2021, Stuart & Manic, 2021).     

Table 2.1 Summary of the recent human activity recognition studies that used deep learning 

techniques. (SG: Self-Generated) 

Ref Year 

Method 

Descr

iption 

Sensor 

Types 

Dat

a 

Senso

r 

Locat

ion 

Numbe

r  

of 

Activiti

es 

Sensor

-Data-

Based 

Signal

-

Image

-

Based 

X

A

I 

C

N

N 

D

N

N 

RN

N 
LSTM 

A

E 

(Sh

ala

by 

et 

al., 

202

2) 

2022 √  √ √  

Chan

nel 

state 

infor

matio

n 

(CSI) 

based 

HAR 

Wireless 

signal 
CSI Room 6 √ X X 

(Bij

alw

an 

et 

al., 

202

1) 

2022 √ √  √  

Gait 

patter

n 

analy

sis 

A, G, M SG  

Center 

of 

mass 

7 √ X X 

(Fe

rrar

i et 

al., 

202

2) 

2022 √     

Perso

naliza

tion 

in 

HAR 

A, G, M 

Uni

MiB 

SH

AR 

Pocke

t 

17 

√ X X 
Mot

ion 

Sens

e 

6 

Mob

iAct 
15 
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Table 2.1 Continues 

(M

anj

arre

s et 

al., 

202

2) 

202

2 
√   √  

HAR 

from 

piezo

electri

c-

based 

kineti

c 

energ

y 

signal

s 

KEH 

transdu

cers 

KEH 
Hand, 

Waist 
5 √ X X 

(Bh

at 

& 

Kh

an, 

202

1) 

202

2 
√     

Featu

re 

extrac

tion-

based 

appro

ach 

A 
WISD

M 

Pocke

t 
6 √ X X 

(Bo

zku

rt, 

202

1) 

202

2 
√ √  √  

Comp

arativ

e 

study 

on 

classi

fying 

huma

n 

activit

ies 

A, G 
UCI-

HAR 
Waist 6 √ X X 

(Kh

an 

et 

al., 

202

2) 

202

2 
√  √   

Gestu

re 

recog

nition 

in 

video

s 

Camera SG Room 4 √ X X 

(Ha

ssa

n et 

al., 

202

0) 

202

1 
 √    

HAR 

from 

highl

y 

sparse 

body 

senso

r data 

A, 

RFID 

Room

set1 

Chest 4 √ X X 
Room

set2 

(Ka

njil

al 

& 

Uys

al, 

202

1) 

202

1 
√  √ √  

Featu

re 

extrac

tion-

based 

appro

ach 

A, G, 

M 

UniMi

B-

SHAR 

Pocke

t 
17 √ X X 
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Table 2.1 Continues 

(Me

kruk

sava

nich 

& 

Jitpa

ttana

kul, 

2021

) 

2021 √   √  

Biom

etric 

user 

identi

ficati

on 

A, G 

UCI-

HAR 

Waist 

6 

√ X X 
USC-

HAD 
12 

(Mih

oub, 

2021

) 

2021   √ √ √ 

HAR 

in 

smart 

home

s 

Env. 

sensors 

Orang

e4Ho

me 

Room 24 √ X X 

(Mo

hsen 

et 

al., 

2021

) 

2021 √   √  

Indust

ry 

4.0-

orient

ed 

appro

ach 

A 
WISD

M 

Pocke

t 
6 √ X X 

(Ma

doko

ro et 

al., 

2021

) 

2021 √   √  

Huma

n 

pose 

and 

motio

n 

estim

ation 

Camera 

SG Room 

5 

√ X X Env. 

sensors 
8 

(Kha

n et 

al., 

2022

) 

2021 √   √  

Hybri

d 

deep 

learni

ng-

based 

model 

Motion 

Kinect 

sensor 

SG Room 12 √ X X 

(Tas

nim 

et 

al., 

2021

) 

2021 √     

HAR 

using 

skelet

on 

datase

ts 

Camera 

UTD-

MHA

D 
Room 

27 

√ X X 
MSR-

Actio

n3D 

20 

(Mai

tre et 

al., 

2021

) 

2021 √     

Featu

re 

fusion

-

based 

appro

ach 

A, G, 

M 

MHE

ALTH 

Ankle, 

Arm, 

Chest 

12 √ X X 
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Table 2.1 Continues 

(H

wa

ng 

et 

al., 

202

1) 

20

21 
√   √  

Causa

lity 

featur

e 

extrac

tion 

based 

appro

ach 

Env. 

sensor

s 

Aruba  

Room 

10 

√ X X 

Milan 15 

Cairo 13 

(Ro

nal

d et 

al., 

202

1) 

20

21 
√   √  

HAR 

based 

on the 

Incept

ion-

ResN

et 

model 

A, G 
UCI-

HAR 
Waist 6 

√ X X 

Env. 

and 

body 

sensor

s 

Opport

unity 

Room, 

Body 
18 

A 
Daphne

t 

Legs, 

Hip 
2 

A, G, 

M 

PAMA

P2 

Chest, 

Ankle 
18 

(Pei 

et 

al., 

202

1) 

20

21 
   √ √ 

Multi

ple 

domai

n DL 

frame

work 

A, G, 

M 
SG 

Head, 

Wrist, 

Leg 

12 √ X X 

(Ye

n et 

al., 

202

1) 

20

21 
√     

Featu

re 

fusion

-

based 

appro

ach 

A, G 

SG 

Waist 6 √ X X UCI-

HAR 

(Irf

an 

et 

al., 

202

1) 

20

21 
√   √  

Reco

gnizin

g 

transit

ional 

activit

ies 

A, G 

HAPT 

Waist 

12 

√ X X 

HAD 5 
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Table 2.1 Continues 

(Al

aw

neh 

et 

al., 

202

1) 

2021   √ √  

HAR 

using 

time 

series 

data 

A 

UniMi

B 

SHAR 

Pocke

t 
17 

√ X X 
A 

WISD

M 

Pocke

t 
6 

A 
UCI-

HAR 
Waist 6 

(Els

ts 

& 

Mc

Co

nvil

le, 

202

1) 

2021 √     

HAR on 

microco

ntrollers  

A, G, 

M 

PAM

AP2 

Hand, 

Chest, 

Ankle 

12 √ X X 

(Gh

ate 

& 

C, 

202

1) 

2021 √  √ √  

Hybrid 

deep 

learning-

based 

approach 

A, G 
UCI-

HAR 
Waist 

6 √ X X 

A 
WISD

M 

Pocke

t 

(Th

aku

r & 

Bis

was

, 

202

1) 

2021 √     

Feature 

fusion-

based 

approach 

A, G 

SG 
Pocke

t 

6 √ X X 
UCI-

HAR 
Waist 

(Bu

ffel

li & 

Va

ndi

n, 

202

1) 

2021 √  √ √  

Attentio

n-based 

mechani

sm 

A, G 
HHA

R 

Hand, 

Chest, 

Ankle 

6 

√ X X 

A, G, 

M 

PAM

AP2 
12 

A, G 
USC-

HAD 
12 

(Al

her

sh 

et 

al., 

202

1) 

2021 √  √   

HAR 

using 

multimo

dal 

sensors 

Multi-

modal 

CMU-

MMA

C 

Room 11 √ X X 

(Ch

en 

et 

al., 

202

0) 

2021    √  

Multimo

dal 

complex 

HAR  

A, G, 

M 

Lifelo

g 

Pocke

t, 

Wrist, 

Chest 

9 

√ X X 

PAM

AP2 

Wrist, 

Arm, 

Chest, 

18 
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Table 2.1 Continues 

(H

oa

i 

Th

u 

& 

Ha

n, 

20

21

) 

2021 √   √  

Hiera

rchica

l 

hybri

d 

deep 

learni

ng-

based 

appro

ach 

A, G 

UCI-

HAPT 
Waist 12 

√ X X 
Mobi

Act 

Pocke

t 
11 

(St

ua

rt 

& 

M

an

ic, 

20

21

) 

2021 √     

Resou

rce-

constr

ained 

HAR 

EMG 

sensors 

Myo-

TL 

Elbow

, 

Wrist 

9 

√ X X 

Db5 18 

Our 

Approac

h 

√     

Hum

an 

activi

ty 

recog

nition 

on 

signal 

imag

es 

(HA

RSI) 

A 
WISD

M 

Pocke

t 
6  √ √ 

 

In the literature, most HAR studies (Bhat & Khan, 2021, Bozkurt, 2021, Yen et 

al., 2021, Khan et al., 2022) focused on the identification of daily living activities such 

as standing, sitting, and walking. However, some previous studies try to detect more 

specific types of activities such as cheating activity in an exam (Khan et al., 2022), 

rope jumping (Elsts & McConville, 2021), shopping (Chen et al., 2020), housekeeping 

(Hwang et al., 2021), and sports activities (i.e., basketball, bowling, boxing, and 

tennis). Besides these high-level activities, some works (Kanjilal & Uysal, 2021, Irfan 

et al., 2021) have been focused on the transitions between the activities such as stand-

to-sit or sit-to-stand. In this study, we built a CNN model to recognize six different 

activities, including walking, jogging, standing, sitting, downstairs, and upstairs. 

 



11 
 

Typically, a HAR framework contains the following stages: data collection, data 

pre-processing, feature extraction, feature selection, training, performance evaluation, 

classification, and decision-making. Using raw sensor data directly in machine 

learning is usually not practical since it doesn’t carry sufficient information to 

distinguish different human activities. In other words, only one particular value at a 

specific time instant of an action doesn't carry enough information to describe the 

activity itself. For this reason, the standard HAR studies involve the feature extraction 

phase to transform time-series data into samples that summarize the data over a fixed 

period. In general, frequency-domain features and time-domain features are extracted 

from the raw sensor data, such as max, min, median, mean, peak-to-peak value, 

standard deviation, the number of zero crossings, skewness, kurtosis, and signal 

entropy [Anna Ferrari]. In the literature, some studies (Maitre et al., 2021, Yen et al., 

2021, Thakur & Biswas, 2021) mainly concentrated on this issue since it plays an 

important role in the final system performance. 

 

  HAR models can be considered in two categories: per-subject (personalized) and 

cross-subject (generalized) models. In per-subject models, both the training and testing 

data are all from the same individual since each person has unique characteristics of 

movements, such as speed corresponding to its physical properties (i.e., age, gender, 

height, and weight) and habits. On the other hand, in cross-subject models, the training 

and testing data come from all the persons. They provide many advantages such as 

working on a large amount of data to build a robust classifier and dealing with a single 

classifier, instead of multiple ones.   

 

Our study differs from the studies aforementioned here in several aspects. In our 

study, we do not use the features that were extracted from sensor data like most HAR 

systems; rather, we transfer time-series data into signal images that reflect the 

properties of activities. Here, we present a detailed analysis of the performances of 

different CNN architectures on human activity signal image data for the first time. In 

addition, in this study, we provide human-level explainability for smart sensor data in 

the field of HAR. We aim to provide an explainable artificial intelligence (XAI) 

approach that can give human-understandable information and prediction. To the best 
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of our knowledge, both concepts together (signal image-based HAR and XAI) have 

not been studied so far. 
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CHAPTER THREE 

BACKGROUND INFORMATION 

3.1 Deep Learning 

Deep learning is a subset of machine learning that uses neural networks consisting 

of multiple hidden layers for prediction tasks. The main learning types are supervised 

learning, semi-supervised learning, and unsupervised learning.  

Deep learning architectures like convolutional neural networks have been applied 

to many research areas such as computer vision, human activity recognition, natural 

language processing, drug production, analysis of images in medical applications, and 

environmental science.  

“Deep” adjective shows using layers more than one in a neural network. Deep 

learning is a modern variation that is related to an unlimited number of network layers 

of bounded size (Wikimedia Foundation, 2022) 

 

3.2 Convolutional Neural Network (CNN) 

CNN is a deep artificial neural network that generally contains more than one 

different neural network layer. Each layer contains many neurons. CNN has many 

layers in it such as the pooling layer, convolutional layer, and fully-connected layer. 

The complete design of a CNN is shown in Figure 3.1. In the figure, there are 3 pooling 

layers, 1 input layer, 1 output layer, a fully connected layer, and 3 convolutional layers. 

Data is taken by the input layer, and it is preprocessed in this layer. Features are 

extracted at the convolutional layer. The pooling layer decreases the number of 

features. At the intermediate level, convolutional layers work together with the pooling 

layers. The fully connected layer is responsible for summarizing all results from each 

layer, and it gives a final result. The last layer, namely the output layer, produces 

algorithm results which are extracted by the connected layer and its outputs. (Wan et 

al., 2019). 
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Figure 3.1. Convolutional Neural Network model 
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CHAPTER FOUR 

MATERIALS AND METHODS 

 

4.1 General Description 

Human activity recognition is a problem of classifying data obtained from sensors 

into well-defined actions performed by humans, e.g., walking, jogging, and sitting. 

Recognition of activities is a challenging time-dependent task since there is no single 

and precise way or formula to define specific movements. Machine learning methods 

have played a major role in the analysis of sensor data for providing real-time feedback 

in HAR applications. 

In a HAR system, an accelerometer sensor embedded in an IoT device is placed at a 

specific location on the human body and is synchronized to emit data in an IoT 

environment. The accelerometer measures three-dimensional acceleration referenced 

with the earth’s gravity during dynamic states. The sensor generates a signal along the 

x-axis, y-axis, and z-axis at a time step t ϵ {1,2,…, T}. Accelerometer measurements 

are collected in a time interval for a person. For this sensor, the sensing data along time 

can be represented by a multi-dimensional time series S = [ s1, s2, ..., st, ...] where st is 

the sensing signal of the sensor placed at a body location at time t. Each signal record 

has six attributes {datetime, sensorID, x-axis, y-axis, z-axis, activity}.  

A single measurement is not enough to classify an activity because of the time-

dependent nature of activities. To deal with this problem, S is segmented into multiple 

frames, called windows, and then, each frame is mapped into a predefined activity 

label. In our study, temporal segmentation through the sliding window technique is 

necessary to define the boundaries of signal images. Each image is annotated by an 

activity from a label set, which is denoted by ai ϵ {A1, A2, …., Am}, where m is the 

number of potential activities to be recognized. For instance, the class labels can be as 

follows: A1=walking, A2=sitting, and A3=stairs.  

The activity recognition problem can be described as follows. Given a recorded 

signal time series S, the task is to detect an activity (e.g., walking) that infers human 

behavior in a period. 
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In the proposed approach, time series data is converted to images by drawing three 

lines according to the recorded x-y-z values, and then, the images are fed into a CNN 

for the image classification task. 

 

In a traditional HAR system, features used for activity classification are commonly 

extracted from time-series sensor data by using statistical methods such as max, min, 

mean, peak-to-peak value, standard deviation, the number of zero crossings, skewness, 

kurtosis, and entropy. However, this input data cannot be readable and interpretable 

by humans, as can be seen in Figure 4.1. To overcome this problem, we propose an 

approach that provides human-level explainability for smart sensor data. For instance, 

when the numeric feature vector [339,27,0.3,0.4,0.08,0.06,0.05,0.07, ...] is seen by a 

human, it cannot be directly associated with the "walking" activity since it lacks visual 

representation. 

339,27,0.35,0.4,0.08,0.06,0.05,0.07,0,0,0,0,0,0.06,0.05,0.08,0.09,0.06,0.13,0.13,0.24,0,0.09,0.1,0.02,0.12,0.

2,0.14,0.05,0.11,0.1,0,0,10,-0.23,1193.75,561.76,2625,2.39,4.45,2.72,3.2,5.13,3.2,11.14,Walking 

1,6,0,0,0,0,0,0.02,0.04,0.1,0.06,0.01,0.01,0.02,0.07,0.08,0.02,0.02,0,0.01,0,0,0.02,0.01,0.01,0,0.05,0.07,0.0

2,0.01,0.03,0.01,0,0.23,-0.02,625,650,900,2.16,0.5,0.68,10.94,3.29,10.94,2.43,Jogging 

3,15,0.1,0.1,0.1,0.1,0.09,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.09,0.1,0.09,0.1,0.1,0.1,0.09,0.1,0.1,0.1,0.1,0.1,

0.1,0.1,0.08,0.12,0,8.92,-0.21,300,1683.33,2200,3.49,3.34,1.78,4.41,4.1,4.41,10.19,Upstairs 

2,13,0.1,0.11,0.1,0.14,0.1,0.1,0.1,0.08,0.1,0,0.1,0.09,0.1,0.1,0.12,0.13,0.09,0.12,0.09,0,0.09,0.13,0.09,0.1,0.

11,0.1,0.1,0.12,0.1,0,0,9.56,2.02,1000,850,3450,1.27,1.98,1.55,1.62,2.75,1.62,10.1,Downstairs 

428,27,0.21,0.23,0.2,0,0.12,0.07,0,0.06,0.02,0.11,0.1,0.11,0,0,0.21,0,0,0.19,0.14,0.26,0.07,0.03,0,0.02,0.04,

0,0.04,0.11,0.17,0.52,0,9.32,1.23,510.71,203.19,275,3.12,0.09,0.1,3.13,0.21,3.13,9.91,Sitting 

432,35,0.2,0.42,0.12,0.1,0,0.05,0,0.03,0.01,0.05,0.05,0.07,0,0.08,0,0,0.29,0,0,0.47,0.09,0.12,0.25,0,0,0.25,0

,0.15,0,0.16,0,9.36,2.82,300,260.81,285.29,2.39,0.05,0.05,2.4,0.2,2.4,10.07,Standing 

Figure 4.1 Sensor data that cannot readable and interpretable by humans. 

 

Rather than extracting features from time-series sensor data, we assemble x-axis, 

y-axis, and z-axis accelerometer signal sequences into an image to enable CNNs to 

learn the optimal features automatically from the signal image for the human activity 

classification task. In other words, we propose an approach, called HARSI, which 

transforms numerical sensor data into image format data and builds a CNN model that 

enables human activity recognition on these signal images. The main purpose of our 

study is to provide an interpretable and robust approach to HAR problems. 
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To provide human-level explainability for smart sensor data, we propose an 

approach that visualizes the data with charts, as can be seen in Figure 4.2. Generating 

signal images makes data understandable for humans. Each chart can be easily 

associated with activities by humans. For example, Figure 4.2 corresponds to the 

"jogging" activity since both the amplitude and frequency of the signal are high as a 

result of the high velocity and displacement of the person on the ground. 

 

Figure 4.2 shows sample signal images that include the x, y, and z axes values of 

an accelerometer sensor (Ax, Ay, and Az) over time for each activity. The activity 

images can be easily understandable, interpretable, and explainable by humans since 

each one has different characteristics. For example, walking is more periodic than 

standing. Jogging requires higher effort and power than walking since it requires more 

intense muscle contractions. It can also be seen that very low x-y-z-values are observed 

for sitting. Moreover, a human may require different relaxation times when going 

upstairs, and sometimes, he/she stops to have a rest, moves slowly, and spends more 

time because he/she feels tired. The acceleration curve of going downstairs is similar 

to going upstairs, but the cycle of motion is shorter. These observations are also 

consistent with the energy harvesting from human activities. Sitting and standing 

activities are non-periodic since they are stable and straightforward postures, while 

other activities are mainly repetitive and quasi-periodic. 
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Figure 4.2 Explainable sensor data for each human activity. 

 

     Figure 4.3 shows a general overview of the proposed HARSI approach. The 

approach mainly includes the following stages: data collection, data transformation, 

training, testing, and classification. The data collection stage comprises obtaining raw 

signal values from an accelerometer sensor embedded in a smartphone when 

performing human actions. After that, the collected raw data is transferred to a server 

through communication technology such as Bluetooth or WiFi. In the data 

transformation stage, the time-series signal data is divided into fixed-size segments, 

called windows, by using a sliding-window method. After that, an image is generated 

for each window by drawing lines on sample values. Here, each signal image 

corresponds to a single activity such as standing, sitting, or walking. In the training 
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stage, each signal image is fed to CNN as an input vector, and then CNN learns 

different features of the image through different layers. In the classification stage, the 

CNN model gives insight according to the features of the signal image. In other words, 

the CNN model predicts a given input image according to the class probabilities of 

activities, such as standing, sitting, jogging, walking, upstairs, and downstairs. In the 

testing stage, the performance of the CNN model is assessed by using a test set to 

evaluate how well it recognizes human activities. If the prediction accuracy of the 

CNN model is an acceptable level (i.e., >80%), it can be further used to recognize real-

time human activities. Afterward, the final prediction can be considered in a decision 

support stage to guide the decision-maker. Each stage in the workflow involves several 

research questions to be addressed. Furthermore, since the environment of HAR 

systems is dynamic and ever-evolving, it is required to update the model periodically 

by following the same stages to achieve high accuracy consistently.   

 

Figure 4.3 The general workflow of the proposed HARSI approach.  
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As seen in Figure 4.3, the CNN contains an input layer, multiple hidden layers, and 

an output layer. Signal image data are processed layer-by-layer, where the output of 

each layer becomes the input for the next layer. Each layer contains multiple units, 

which are denoted by Ui
l to indicate the ith unit in layer l. The hidden layers are 

composed of convolutional, pooling, and fully connected layers.  

Convolutional layer (CL): They are used as feature extractors to automatically 

obtain high-level representations of input images. Formally, a feature map is extracted 

using a convolution procedure as follows: 

𝐹𝑗
𝑙+1 = 𝛼 (∑ 𝐾𝑗,𝑖

𝑙

|𝐹𝑙|

𝑖=1

𝐹𝑗
𝑙 + 𝑏𝑗

𝑙) (4.1) 

 

where Fj
l denotes the jth feature map in layer 𝑙, |Fl | is the number of feature maps in 

layer 𝑙, α() is an activation function,  bj
l is a bias vector, and K(j,i)

l represents the kernel 

applied on feature map i in layer 𝑙 to obtain jth feature map in layer (𝑙 + 1). 

Pooling layer (PL): Pooling layers are used to reduce dimensionality, as well as 

the number of parameters. A PL is usually inserted between successive CLs in a CNN 

architecture. Formally, max pooling is given by: 

𝑣𝑖
𝑙+1 = max

1≤𝑘≤𝑟
(𝑣𝑖+𝑘

𝑙 ) (4.2) 

where 𝑟 is the pooling size and vi
l refers to the value of the 𝑖th unit in layer 𝑙. 

Fully connected layer (FCL): After multiple CLs and PLs, the classification 

process is handled in a fully connected layer, which produces an output vector as given 

in Equation (3) 

𝘇𝑙+1 = 𝑣𝑖
𝑙𝘄 (4.3) 

  

where w represents a weight vector and vector z includes non-normalized log 

probabilities. The output of the FCL is fed into a softmax classifier, which predicts the 

activity label as follows: 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝘇𝑖) = P(𝑜 = 𝑎 | 𝘇𝑖) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝑚
𝑗=1

 (4.4) 
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where a is an activity label, o denotes the output of the classification model, zj 

represents the jth element of log probability vector z, and m is the number of class 

labels. The predicted activity label (al) for a given image is assigned to the one with 

the highest probability as given in Equation (5). 

𝑎𝑙 ← argmax𝑎=1
𝑚 P(𝑜 = 𝑎 | 𝑖𝑚𝑎𝑔𝑒) (4.5) 

 

4.2 Formal Definition 

Let the raw dataset D be a set of instances collected by an accelerometer sensor. 

Each instance in dataset D includes a set of pairs of x-y-z axis values and the 

corresponding activity label, which is denoted by D = {(x1, y1, z1, a1), (x2, y2, z2, a2). 

(xn, yn, zn, an)}, where n is the number of instances. In other words, ai is the activity 

(class label) belonging to the axes values of the sensor (xi, yi, zi). The output attribute 

O = {a1, a2, ... , an} has m different human activities, which is denoted by ai ϵ {A1, A2, 

…. , Am} for i = 1, 2, … , n. For example, in a four-activity classification (sitting, 

standing, stairs, walking), the class labels of the instances are A1=sitting, A2=standing, 

A3=stairs, and A4=walking.  

 

In the proposed HARSI approach, the raw sensor data is transformed into signal 

images using a sliding window method. In this process, a large time-series data is split 

into fixed-sized chunks, referred to as windows, and a single activity label is assigned 

to all the samples within the window. A window is defined as a set of consecutive 

sequences such that S = {sr, sr+1, ..., sr+w-1}, where w refers to the window size and r 

corresponds to an arbitrary position, such as 1 ≤ r ≤ n-w+1, where n is the data size. 

An image is generated for each window by drawing lines on sample values. Each 

signal image is labeled with the corresponding activity a. A sliding-window method 

can be performed in either a non-overlapping or overlapping way. A non-overlapping 

method indicates that the values in one image do not intersect with the values of the 

other successive image, i.e., w1 ∩ w2 = ∅. On the other hand, an overlapping method 

is defined by a particular percentage, which indicates how many samples from the 

previous image are repeated in the current image, i.e., w1 ∩ w2 ≠ ∅. In this study, we 

prefer to use the non-overlapping image technique to prevent information duplication.  
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Definition 1 (window). A window is defined as a set of consecutive sensor 

measurements obtained within a time interval such that w = {sr, sr+1, ..., sr+q-1}, where 

q refers to the window size and r corresponds to an arbitrary position, such as 1 ≤ r ≤ 

n-q+1, where n is the data size.  

 

After generating windows, a single activity label ai ϵ {A1, A2, …. , Am} is assigned 

to each window {(w1, ai), (w2, ai),…, (wn/q, ai)} such that all the samples within the 

window belong to the respective class. After that, an image is generated for each 

window by drawing lines on sample values. Each signal image is labeled with the 

corresponding activity a.  

 

Definition 2 (activity). An activity is a human movement characterized by a body 

action or posture, e.g., walking. An activity label ai ϵ {A1, A2, …. , Am} is associated 

with an image that is generated from a window with fixed length (q) by segmenting 

the raw sensor data D, where m is the number of potential activities to be recognized. 

 

The problem studied in this study is to detect a corresponding activity implicated 

in a certain temporal sequence based on the classification. In other words, the aim of 

HAR is to build a model M(image, •) to infer the correct activity label for a given 

image, where • denotes all the parameters to be learned during the training process. 

 

Definition 3 (activity recognition task). Given a set of training images with their 

corresponding activity labels and a query image, the aim is to find a mapping function 

𝑓 : image → activity that correctly infers the human behavior for the query image. The 

predicted activity label should be as similar as possible to the actual class label. 

Therefore, the task is to build a classification model M by minimizing total loss L(M). 

 

A crucial factor in a sliding window method is to select a suitable window size to 

achieve high recognition accuracy since the ideal window size varies in accordance 

with the characteristics of the signals being processed. In general, the small window 

sizes can be useful to detect faster-changing activities better; however, using short 

windows may lead to misclassification because some vital information about a 
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complex activity may not be captured by multiple windows. On the other hand, large 

windows provide to detect complex activities and semi-complex activities. However, 

a large window generates a signal image that belongs to more than one human activity, 

and this leads to a decrease in recognition accuracy. Considering this tradeoff, 

researchers usually determine the optimal window size by trying empirical values and 

assessing classification accuracy. In this study, the size of each window was set to 100 

samples since the dataset was collected at a rate of 20 samples per second, and it is a 

sufficient sampling value to make a reasonable prediction for human activity.   

 

Figure 4.4 shows the pseudocode of the proposed HARSI method. In the algorithm, 

first, a sliding window technique is used to split accelerometers sensor data (D) into 

windows with size w. In other words, it segments data streams into windows of equal 

length. For a dataset with n samples, the algorithm generates n/w windows, where each 

one ranges between i*q and i*q+q-1 for i = 0,1,...,n/q.. After that, an image is 

generated for each window by drawing lines on sample values. Here, a small window 

is shifted along the continuous data stream converting contiguous portions of sensor 

readings into images. Each image is labeled with the corresponding activity. A CNN 

classifier M is then trained on the signal image dataset. In the final step, the activity 

(class label) of each unseen image in the test set T is predicted by using the classifier.   

     Two-stage detectors such as Regions with Convolutional Neural Networks (R-

CNN) (Girshick, Donahue, Darrell, & Malik, 2014), Faster R-CNN (Ren, He, 

Girshick, & Sun, 2017), Feature Pyramid Network (FPN) (Lin et al., 2017) classify 

objects in two phases. In the first phase, candidate regions are generated from the input 

image and after that, classes and bounding boxes are created using these regions. 
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Algorithm Human Activity Recognition on Signal Images (HARSI)  

Inputs:  D = {(x1, y1, z1, a1), (x2, y2, z2, a2),…., (xn, yn, zn, an)} 

        q: window size 

        T: Test set  

Output:  O = {o1, o2, ..., ot} a set of outputs for test images 

Begin:  

         for i = 0 to n/q do 

            W = Ø 

            for j = i *q to i * q + q - 1 do 

               W = W U (xj, yj, zj,) 

               activity = aj  

            end for 

            image = ConvertToImage(W) 

            I = I U <image, activity> 

         end for 

         M = CNN(I)   

         foreach image i in T do 

            o = Classify(M, i)  

            O = O U o   

         end foreach 

         Return O 

End 
Figure 4.4 HARSI approach algorithm 
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CHAPTER FIVE 

EXPERIMENTAL STUDIES AND RESULTS 

This section presents a detailed study that had been carried out to evaluate the 

performance of the proposed HARSI method. The effectiveness of the method was 

demonstrated on a real-world dataset by using different CNN architectures, including 

AlexNet, ResNet, SqueezeNet, DenseNet, and VGG. The parameter settings and the 

number of parameters for each CNN architecture are given in Table 2.1. The structures 

of CNNs are different from each other in several aspects such as the number of 

parameters and the number of layers. For instance, ResNet34 consists of a residual 

network with 34 layers. Compared to ResNet50, the DenseNet121 has more layers, 

whilst VGG19 has fewer layers. Some parameter settings are common in all models, 

i.e., rectified linear unit (ReLU) was used as an activation function and the output 

probability was calculated by Softmax. As the nature of the models used, batch layers 

predate each ReLU. In all models, Adam and Cross Entropy were used as the optimizer 

and loss function, respectively. These techniques have lately gained popularity and 

performed promising outcomes for deep learning applications.   

 

In this study, optimal learning rate parameters were determined for each model 

separately to speed up the training process, adapt itself to the problem, and strengthen 

the generalization ability of the classifiers. While a low learning rate slows the 

convergence of the training process, a high learning rate can cause an unpleasant 

divergence in performance. Therefore, a suitable learning rate is vital for obtaining a 

satisfactory performance, however, finding an appropriate learning rate is both 

laborious and hard to decide. To solve this problem, we used the lr_find() method in 

Fast.AI, which is a deep-learning library built on top of PyTorch. This method works 

on the principle of using a very low learning rate initially to train a mini-batch and 

calculate the loss. In the next step, the method trains the next mini-batch with a small-

scale higher learning rate than the previous one until it finds a learning rate where the 

model diverges. The optimal learning rate values determined for each model are listed 

in Table 5.1. 
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Table 5.1 Parameter settings and the number of parameters. 

Model Lea

rn 

Rat

e 

Activati

on 

Functio

n 

Optimiz

er 

Loss 

Functi

on 

Total 

paramet

ers 

Total 

trainabl

e 

paramet

ers 

Total 

Non- 

trainabl

e 

paramet

ers 

HARSI 

ResNet34 

2e-3 RELU 

(Rectifi

ed 

Linear 

Unity) 

Adaptiv

e 

Momen

t 

Estimati

on 

Cross 

Entrop

y 

21,815,

104 

547,456 21,267,

648 

HARSI 

ResNet50 

6e-4 25,617,

472 

2,162,5

60 

23,454,

912 

HARSI 

ResNet101 

1e-3 44,609,

600 

2,214,7

84 

42,394,

816 

HARSI 

AlexNet 

2e-3 2,736,9

60 

267,264 2,469,6

96 

HARSI 

DenseNet12

1 

4e-4 8,010,6

24 

1,140,4

16 

6,870,2

08 

HARSI 

SqueezeNet_

v1.0 

2e-3 1,265,8

56 

530,432 735,424 

HARSI 

SqueezeNet_

v1.1 

1e-3 1,252,9

28 

530,432 722,496 

HARSI - 

VGG16 

1e-3 15,253,

568 

538,880 14,714,

688 

HARSI - 

VGG19 

2e-3 20,565,

824 

541,440 20,024,

384 

 

       One of the main differences between the CNN models is the number of 

parameters, which can reflect the computational complexity of the model. It may be 
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noted that as the number of total parameters increases, the time required for training 

usually increases. There are two categories of parameters, one is trainable parameters 

(i.e., weights of connections between layers) that are continuously updated to reduce 

the loss, and the other one is non-trainable parameters (i.e., biases) that are not 

optimized during the training process. For instance, in VGG19 architecture, the 

number of trainable parameters is 541,440, while the number of non-trainable 

parameters is approximately 20 million. As seen in Table 5.1, SqueezeNet has the 

smallest total number of parameters than others, whilst ResNet101 has the largest. The 

architectures have approximately 2, 15, and 25 million parameters for AlexNet, 

VGG16, and ResNet50, respectively. These values may be associated with 

computational complexity, where the higher the number of parameters, the greater the 

computational load during the training process. 

The method was implemented in Python by using the PyTorch framework and 

various libraries such as Fastai, NumPy, Pandas, Scikit-Learn, Matplotlib, and 

Seaborn. In this study, the CNN models were trained on a computer equipped with an 

Nvidia GTX 1060 graphics card using the Cuda toolkit to make use of the GPU 

computational capability and reduce implementation time through a rapid and simple 

design. 

 

5.1 Dataset Description 

In order to show the effectiveness of the proposed approach, the WISDM (Wireless 

Sensor Data Mining) dataset (Kwapisz et al., 2011) was used in the experiments.  It 

was released by the Laboratory at Fordham University in the United States. This 

dataset is one of the important and popular large-scale benchmark datasets in the field 

of HAR. It has been used in many studies so it is suitable for making comparisons with 

previous works. (Baysari et al., 2022, Cengiz et al., 2022) The dataset is appropriate 

for detecting activities. Before collecting the data, the researchers obtained approval 

from the University Board since it was research on human subjects and involved some 

risks, i.e., the subject could fall down while jogging. The data collection process was 

fully monitored and guided by researchers in the laboratory environment to ensure the 

quality of the data. The dataset contains routine motion patterns with a significant 

number of processable movement samples. The dataset has 1,098,207 samples that 
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were collected from 36 different participants while performing six activities. The 

percentages of each activity in the dataset are as follows: Jogging 31.2%, Downstairs 

9.1%, Walking 38.6%, Upstairs 11.2%, Standing 4.4%, and Sitting 5.5%. While 

collecting sensor data, the participants are requested to carry a smartphone in their 

front pockets. With this experiment setup, accelerometer data were retrieved at each 

50 ms, which means 20 samples per second from a smartphone while participants are 

acting activities. The raw dataset consists of x-, y-, and z-axis values obtained by an 

accelerometer sensor. 

 

In this study, image representations are first generated from the raw x, y, and z 

values in the accelerometer sensor data. In other words, we converted the time series 

data into signal images by drawing three lines on sample x-y-z values. Here, a small 

window was shifted along the continuous data stream converting contiguous portions 

of sensor readings into images. In the generated images, x, y, z drawing lines are 

represented with different colors; red, green, and blue, respectively. While generating 

charts from sensor data values, attention was paid to choosing a fixed range for all the 

graphs. Accordingly, the max and min values were found by searching the x, y, z axes 

values in the dataset. The vertical range of the graph in each image approximately lies 

between [20, -20]. The horizontal range of the graph was set to 100 samples since the 

dataset was collected at a rate of 20 samples per second, and therefore it is a sufficient 

range to make a reasonable prediction for activity. Each image is labeled with the 

corresponding activity, such as standing, sitting, or walking. To create a balanced 

dataset, 400 images were generated for each activity; therefore, in total, 2400 images 

were generated. Figure 4.2 shows sample signal images for each activity. 

 

By transforming numerical sensor data into image data, we aim to improve both 

explainability and recognition accuracy. The generated images provide human-level 

explainability for smart sensor data. Since each image reflects the properties of 

activities, they can be easily interpretable by humans. Rather than solving a time-series 

data classification problem, we define the HAR problem as an image classification 

problem. In this way, we provide an interpretable and robust approach to HAR 

problems.   
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5.2 Experimental Studies 

In this study, we split the dataset into an 80% training set and 20% test set. The 

test set contains 100 images from each category, therefore, it includes 600 images in 

total. Four different metrics were used to evaluate the performance of each CNN 

architecture: accuracy, recall, precision, and f-measure. Accuracy is the fraction of 

correct predictions of the model to total prediction. Equation (1) shows how the 

accuracy rate is calculated, 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
 (5.1) 

 

where TP is true-positive, FP is false-positive, TN is true-negative, and FN is false-

negative. Precision provides how precise the model is out of the samples predicted 

positive, and how many of them are actually positive. Recall indicates how many of 

the actual positives the model capture through classifying it as positive. F-measure 

offers a single score that balances both the concerns of recall and precision values. 

Equations (2), (3), and (4) show the calculations of precision, recall, and f-measure 

values, respectively. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =    
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (5.2) 

 

 

𝑅𝑒𝑐𝑎𝑙𝑙  =    
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (5.3) 

 

𝐹𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2 ×  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑟𝑒𝑐𝑎𝑙𝑙
 (5.4) 

 

5.3 Experimental Results 

The effectiveness of the proposed approach (HARSI) was demonstrated on a real-

world dataset by using different CNN architectures, including Alex Network 

(AlexNet), Residual Network (ResNet), Visual Geometry Group (VGG) Network, 

SqueezeNet, and Dense Convolutional Network (DenseNet). These CNN architectures 
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were selected because of their popularity, high robustness, proven efficiency, and 

ability in image classification. 

 

Table 5.2 shows the performance of the proposed HARSI method on different 

CNN architectures for the same dataset. Based on the accuracy rates, it is possible to 

say that all the CNN models have good classification ability. However, VGG19 is the 

most successful model among them with a 98% of success rate. Following this, 

ResNet34 has also a high accuracy rate (97.33%) in distinguishing human activities. 

This success is the result of the strengths of CNNs in classifying images. CNNs are 

capable of extracting key features directly and effectively from images, learning useful 

information layer-by-layer, and successfully classifying them in different classes. 

Table 5.2 The performance of the proposed HARSI method on different CNN architectures. 

 
Model Accuracy (%) Precision Recall F-Measure 

HARSI - ResNet34 97.33 0.97433 0.97333 0.97326 

HARSI - ResNet50 96.00 0.96054 0.96000 0.96006 

HARSI - ResNet101 97.17 0.97194 0.97166 0.97161 

HARSI - AlexNet 89.17 0.89018 0.89166 0.89077 

HARSI - DenseNet121 96.67 0.96669 0.96666 0.96667 

HARSI - SqueezeNet_v1.0 89.67 0.90025 0.89666 0.89725 

HARSI - SqueezeNet_v1.1 93.00 0.92915 0.93000 0.92937 

HARSI - VGG16 96.83 0.96871 0.96833 0.96826 

HARSI - VGG19 98.00 0.97999 0.98000 0.97999 

 

 

In addition to accuracy, we also evaluated the performance of the proposed HARSI 

approach on different CNN architectures in terms of recall, precision, and f-measure 

metrics. The values of these metrics are ranged between 0 and 1, where 1 is the best 

value. As can be seen in Table 5.2, the recall value obtained by the VGG19 model is 

closer to 1 than the others. This means that the VGG19 model often tends to give better 

predictions than the rest. As can be observed, the VGG16 model also outperformed 

the others in terms of precision and f-measure, as well. 
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In Figure 5.1, the loss values in both the training and validation processes are 

shown. While the vertical axis indicates the loss value, the horizontal axis represents 

the number of batches processed.  In initial batches, the training loss is higher than the 

validation loss. As can be seen, both the training and validation losses reduce with the 

increase of the batches. The training loss and validation loss converged after 

approximately 200 batches were processed. When the minimum validation loss was 

obtained, the training process was stopped to avoid overfitting. 

 

Figure 5.1 Loss values in the training and validation processes. 

 

Figure 5.2 presents the confusion matrix to show the predictive performance of the 

proposed HARSI method on each human activity separately. According to the matrix, 

it is possible to say that the model usually had no difficulty in distinguishing human 

activities. For example, 98 out of 100 walking activities were predicted correctly; 

however, only 2 of the walking activities were misclassified by the classifier. Although 

each activity was recognized with a high accuracy rate, downstairs and upstairs 

activities were slightly confused with each other. It can be concluded from the 

confusion matrix that the best accuracies were achieved on the sitting, standing, and 

jogging activities. 
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Figure 5.2 Confusion matrix obtained by the proposed HARSI method. 

 

Figure 5.3 shows the execution times of the proposed HARSI method on different 

CNN architectures in minutes. Although all the times are close to each other, AlexNet 

and SqueezeNet are the fastest ones among their counterparts. They are followed by 

the ResNet34 model (1.11 minutes). The VGG models are also efficient in terms of 

training time (1.19 and 1.24 minutes). The DenseNet model may take a longer time 

(1.28 minutes), especially handling large image datasets. This is probably because of 

the higher number of layers in its architecture. Similarly, the required time for training 

ResNet101 is higher than others since it has a higher number of parameters to be 

assessed. The size and resolution of the images are also factors that affect computation 

time. When the sizes of the images are reduced by the resizing process, the time 

required for analyzing them decreases, and therefore, the performance of the HAR 

system is positively affected. 

 

Figure 5.3 The execution time of HARSI method on different CNN architecture 
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CHAPTER SIX 

DISCUSSION 

 

6.1 Comparison with the Classical ML Methods 

In order to show the superiority of our method, we compared it with the classical 

machine learning methods such as support vector machines (SVM), multi-layer 

perceptron (MLP), decision tree (DT), logistic regression (LR), naive Bayes (NB), k-

nearest neighbors (KNN), AdaBoost, and random forest (RF). Table 6.1 presents the 

related works, which used the WISDM dataset (Kwapisz et al., 2011), along with the 

methods and the corresponding accuracy rates. It can be concluded from Table 6.1 that 

the proposed HARSI method outperformed the other methods (Bhat & Khan, 2021, 

Suwannarat & Kurdthongmee, 2021, Kolosnjaji & Eckert, 2015) with a 13.72% 

improvement on average. Employing HARSI achieved higher accuracy (98%) than the 

traditional machine learning models on the same dataset. 

 

Table 6.1 Comparison of HARSI with the classical ML methods 

Reference Year Method 
Accuracy 

(%) 

Bhat and Khan  2022 
Support Vector Machines 87.40 

Random Forest 86.10 

Suwannarat and 

Kurdthongmee  
2021 

Decision Tree 82.00 

Logistic Regression 68.00 

Multi-Layer Perceptron 80.00 

Neural Networks 94.00 
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Table 6.1 Continues 

Vijayvargiya et 

al. 
2021 

Decision Tree  89.76 

Linear Discriminant Analysis 86.64 

Gradients Boosting 89.65 

K-Nearest Neighbors  92.54 

Bagging 92.48 

Random Forest 92.71 

Linear Kernel SVM 78.55 

RBF Kernel SVM 89.07 

Polynomial Kernel SVM 92.48 

Semwal et al.  2021 

Random Forest  79.38 

K-Nearest Neighbors 75.04 

Decision Tree 77.60 

Gradient Boosting  74.80 

Kee et al.  2020 

Random Forest 83.35 

Neural Networks 77.02 

Decision Tree (J48)  75.96 

Reduced-Error Pruning (REP) Tree  74.64 

K-Nearest Neighbors 72.08 

KStar  71.84 

Naive Bayes  63.89 

Support Vector Machines 55.45 

Jalal et al. 2020 
Random Forest 92.78 

Support Vector Machines 91.39 
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Table 6.1 Continues 

Khare et al.  2020 

Neural Networks 89.10 

Decision Tree  87.45 

Support Vector Machines 95.13 

Linear Support Vector Classifier  86.20 

Logistic Regression 81.10 

Random Forest 82.10 

Arigbabu  2020 Support Vector Machines 82.00 

Xu et al.  2020 Multi-Layer Perceptron 86.95 

Lu et al.  2019 

K-Nearest Neighbors 92.00 

Support Vector Machines 93.50 

Bagging 93.80 

Ignatov  2018 

Random Forest 82.66 

K-Nearest Neighbors 66.19 

Xu et al.  2018 Support Vector Machines 82.27 

Quispe et al.  2018 

Naive Bayes  80.12 

Decision Tree 81.02 

K-Nearest Neighbors 77.58 

Support Vector Machines 80.93 

Azmi and 

Sulaiman  
2017 

Naive Bayes Tree 87.70 

Multi-Layer Perceptron 77.52 

DT + LR + MLP 91.62 

NB Tree + MLP 96.35 
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Table 6.1 Continues 

Walse et al.  
2016 

 

AdaBoost+J48 97.83 

AdaBoost + REP Tree 97.33 

AdaBoost + Random Tree 95.69 

AdaBoost + Random Forest 94.44 

AdaBoost + Hoeffding Tree 87.84 

AdaBoost + Decision Stump 57.31 

Catal et al.  2015 

Decision Tree (J48) 86.08 

Logistic Regression 77.52 

Multi-Layer Perceptron 88.81 

J48 + LR + MLP 91.62 

Zainudin et al.  2015 

Decision Tree (J48) 92.40 

Logistic Regression 84.30 

Multi-Layer Perceptron 91.70 

J48 + LR + MLP 93.00 

Kolosnjaji and 

Eckert 
2015 

Neural Networks with Dropout 85.36 

Random Forest 83.46 

Kwapisz et al.  2010 

Logistic Regression 78.10 

Decision Tree (J48) 85.10 

Multi-Layer Perceptron 91.70 

Our Approach 
Human Activity Recognition on 

Signal Images (HARSI) 
98.00 

 

6.2 Comparison with the State-of-The-Art Methods 

Table 6.2 shows the performance improvement of our method over the state-of-

the-art methods (Mohsen et al., 2021, Bhat & Khan, 2021, Bozkurt, 2021, Alawneh et 

al., 2021, Ghate & C, 2021, Suwannarat & Kurdthongmee, 2021, Zhang et al., 2020, 

Abdallah et al., 2015) in the literature. The results were taken directly from the 
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referenced studies since the researchers used the same dataset (Kwapisz et al., 2011) 

with our study. It can be concluded from the Table 6.2 that the proposed HARSI 

method outperformed the other methods with a 7.06% improvement on average. 

Table 6.2 Comparison of HARSI with the state-of-the-art methods 

Reference Year Method 
Accuracy 

(%) 

Bhat and Khan  2022 

Convolutional Neural Networks - 

Transfer Learning  
90.40 

Convolutional Neural Networks 88.20 

Mohsen et al.  2021 

Convolutional Neural Networks + Long 

Short-Term Memory 
97.76 

Long Short-Term Memory 96.61 

Convolutional Neural Networks 94.51 

Bozkurt  2021 Deep Neural Networks 93.00 

Alawneh et al.  2021 Vanilla RNN + LSTM + GRU 97.13 

Ghate and 

Hemalatha  
2021 

Convolutional Neural Networks + 

Random Forest 
97.77 

Deep Neural Networks 74.00 

Deep Neural Networks + LSTM 81.00 

Deep Neural Networks + Gated 

Recurrent Unit (GRU) 

80.00 

Convolutional Neural Networks 88.00 

Convolutional Neural Networks + 

LSTM 

94.00 

Convolutional Neural Networks + GRU 82.00 

Suwannarat 

and 

Kurdthongmee  

2021 Deep Neural Networks 95.00 

 

 

 



38 
 

Table 6.2 Continues 

Zhang et 

al.  
2021 

Residual Network 95.66 

Convolutional Neural Networks 92.19 

Lin et al.  2021 
Deep Convolutional Neural Networks 

(DCNN) 
91.25 

Zihao et 

al.  
2021 

1D Convolutional Neural Networks  91.12 

1D Convolutional Neural Networks + 

Fuzzy Neural Network 
92.96 

Garcia et 

al.  
2021 

Ensemble of Auto-Encoders (EAE)  82.00 

KNN + Very Fast Decision Tree + Naive 

Bayes (EkVN) 
73.00 

Lima et 

al.  
2021 

NOvelty discrete data stream for Human 

Activity Recognition (NOHAR) 
93.00 

Sena et al.  2021 
Deep Convolutional Neural Networks 

Ensemble 
89.01 

Ramesh et 

al.  
2021 Convolutional AutoEncoder (CAE) 95.60 

Dhammi 

and 

Tewari  

2021 

Convolutional Neural Networks 95.00 

Long Short-Term Memory 97.50 

Wenzheng  2020 Convolutional Neural Networks 93.25 

Peppas et 

al.  
2020 

Deep Convolutional Neural Networks 94.18 

Region-based CNN 93.68 

Mehmood 

et al.  
2020 Convolutional Neural Networks - DenseNet 94.65 

Aswal et 

al.  
2020 Bidirectional Long Short-Term Memory 94.10 

Jalal et al.  2020 Genetic algorithm-based classifier 95.37 

Khare et 

al.  
2020 

Convolutional Neural Networks 83.98 

Long Short-Term Memory 95.45 

Xia et al.  2020 LSTM- Convolutional Neural Networks 95.75 
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Table 6.2 Continues 

Agarwal 

and Alam  
2020 Lightweight Recurrent Neural Network - LSTM 95.78 

Zhang et 

al.  
2020 Multi-head Convolutional Attention  95.40 

Huang et 

al.  
2020 

Two-Stage End-to-end CNN with data 

augmentation (TSE+CNN+Aug) 
95.70 

Xu et al.  2020 

Gramian Angular Field + Multi-Dilated Kernel 

Residual Network 
96.83 

Long Short-Term Memory 87.53 

1D Convolutional Neural Network 93.66 

Mukherjee 

et al.  
2020 

EnsemConvNet (CNN-Net + Encoded-Net + CNN-

LSTM) 
97.20 

Tang et al.  2020 Convolutional Neural Networks 97.51 

Beirami 

and 

Shojaedini  

2020 

Convolutional Neural Networks 94.11 

Residual Network  95.72 

Residual Network of Residual Network (ROR) 96.73 

Arigbabu  2020 

Convolutional Neural Networks 81.70 

Recurrent Convolutional Network (RCN) 94.00 

Recurrent Convolutional Network + SVM 91.50 

Zhang et 

al.  
2019 

U-Net 96.40 

Mask Region-based CNN (R-CNN) 86.20 

SegNet: A Deep Convolutional Encoder-Decoder 

Arch. 
95.70 

Full Convolutional Network (FCN) 87.90 

Deep convolutional and LSTM (CovLSTM) 94.80 

Long Short-Term Memory 93.80 

Convolutional Neural Networks  94.10 
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Table 6.2 Continues 

Pienaar 

and 

Malekian 

2019 
Long Short-Term Memory-Recurrent Neural 

Networks 
93.81 

Lu et al. 2019 

Supervised Regularization-based Robust 

Subspace (SRRS) 
93.50 

Robust Principal Component Analysis (RPCA) 85.70 

Latent Low-Rank Representation (LLRR) 91.90 

Joint Embedding Learning and Sparse 

Regression (JELSR) 
73.40 

Principal Component Analysis (PCA) 92.30 

Linear Discriminant Analysis (LDA) 71.50 

Manu et 

al.  
2019 Long Short-Term Memory 97.00 

Xu et al. 2018 Convolutional Neural Networks 91.97 

Quispe et 

al.  
2018 Multivariate Bag-Of-SFA-Symbols (MBOSS) 83.35 

Varamin 

et al.  
2018 Deep Auto-Encoder-Set Network 94.90 

Chandini  2018 Long Short-Term Memory 97.00 

Ignatov  2018 Convolutional Neural Networks 93.32 

Dungkaew 

et al.  
2017 

Impersonal Smartphone-based Activity 

Recognition (ISAR) 
75.21 

Chen et al.  2016 Long Short-Term Memory 92.10 

Abdallah 

et al.   
2015 

Stream learning for mobile Activity 

Recognition (STAR) 
71.20 

Our Approach 
Human Activity Recognition on Signal Images 

(HARSI) 
98.00 
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CHAPTER SEVEN 

CONCLUSIONS AND FUTURE WORK 

 

7.1 Conclusions 

Standard HAR has been defined as a time-series data classification problem and 

uses feature extraction data, which cannot be readable and interpretable by humans. 

Transparent and explainable HAR systems are required that can generate human-

understandable information. For this purpose, an approach, called Human Activity 

Recognition on Signal Images (HARSI), is proposed in this study. The proposed 

approach creates image representations of the time series sensor data to improve both 

explainability and recognition accuracy. It takes advantage of the strengths of CNNs 

in handling image data. In the experimental studies, we demonstrated the effectiveness 

of the proposed HARSI approach on a real-world dataset. 

The main debates in the field of HAR and our solutions can be summarized as: 

• In HAR, the ideal input data format is still a subject of much debate and there 

are various ongoing works for improving the accuracy of the models. Traditional HAR 

has been defined as a time-series data classification problem and requires feature 

extraction. In contrast, we transfer time-series data into signal images that reflect the 

properties of human activities. It avoids the need to perform an explicit feature 

generation and selection stage. We improved accuracy by working on signal-image 

data, instead of numerical time-series data. 

• Many applications in HAR have used classical machine learning methods such 

as DT, SVM, MLP, NB, LR, KNN, and RF. However, the performance of these 

methods is still highly debated. In this study, we take advantage of the strengths of 

deep learning approaches. 

• Another debate is how to design CNN architecture to be able to obtain good 

performance. For example, the number of layers and parameter settings are still 

subjects of much debate. In this study, we compared nine different CNN architectures 

to determine the best suitable one. 

• In the activity recognition community, there is an open debate on providing 

explainability in the HAR systems. The main problem is how to increase the 

transparency and interpretability of the models. In this study, to increase human-level 
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explainability, we visualize the data with charts since generating signal images makes 

data understandable for humans. 

• Another ongoing debate is which activities can be predicted more precisely. 

This study showed that the best accuracies were achieved in the sitting, standing, and 

jogging activities due to their diverse natures. 

The proposed HAR model can be connected to many different fields of study such 

as health monitoring, fitness tracking, home and work automation, and self-managing 

system. With the rapid technological developments in smartphones, the model can 

enable new opportunities for developing informative systems on a large scale to 

perceive and act on what users (i.e., your children, elderly mother, or sick family 

member) are doing. Recognizing human activities is important for the treatment of 

patients which can provide useful feedback to clinicians since the activity is associated 

with health. For example, it can be used to monitor patients in rehabilitation since the 

functional status of a person is an important parameter in this area. Besides, it could 

be used to offer activity-aware services to the smartphone users like movement 

recommendations. Several lifestyle diseases and movement disorders are associated 

with inactivity and therefore, our model can be used to give information to prevent 

them from diseases. The users can participate in the tracking of their activities for the 

sake of health, fitness, or other purposes due to its strength in providing personalized 

support. 

7.2 Main Findings 

The main findings of the study can be concluded as follows:  

• The proposed approach improves human-level explainability for smart sensor 

data by using signal images in the field of HAR.  

• The proposed HARSI approach improves the recognition accuracy in the HAR 

problems by converting time-series data to image data.  

• The experimental results showed that HARSI successfully (98%) recognized 

six daily human activities, including walking, jogging, standing, sitting, downstairs, 

and upstairs. 

• According to the experimental results, it can be concluded that the best suitable 

and consistent CNN model for the WISDM dataset is VGG19. It achieved the best 
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results on all the metrics (accuracy, precision, recall, and f-measure). Therefore, this 

model can be successfully used to identify human activities.  

• The prediction accuracy changes according to human activities. Among the 

activities, sitting, standing, and jogging were correctly predicted by the proposed 

method. On the other hand, the model had a little difficulty in classifying downstairs 

and upstairs activities with an accuracy of 95% for the WISDM dataset. 

• The accuracy of image classification changes slightly depending on the quality 

(resolution) of the signal images.  

• A significant improvement (13.72% on average) was achieved by the proposed 

HARSI model compared to the classical machine learning methods such as KNN, DT, 

SVM, NB, LR, MLP, AdaBoost, and RF.  

• Our approach achieved higher classification accuracy than the state-of-the-art 

approaches. It outperformed them by 7.06% on average on the same dataset.   

• The proposed HARSI approach has the potential to expand the application of 

machine learning in many different sectors, thanks to its advantages. 

 

7.3 Future Work 

Future work can be focused on using the proposed approach for constructing new 

models, including more types of activities. Moreover, the impact of smartphone 

location on the performance of the proposed approach can be investigated in a future 

study. 

One limitation of this study is related to sensors such as signal delays, noises, 

damages, battery capacity, and shelf-life. However, this limitation is also valid for all 

other wearable sensor-based HAR applications. It can be overcome in the future with 

developments in sensor technology. Another limitation is that it focuses on single-

person activity detection. In the future, we plan to adapt it for recognizing group 

activities such as handshaking and hugging. 
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