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ABSTRACT

AN EFFICIENT MODEL FOR HUMAN ACTIVITY RECOGNITION
USING CONVOLUTIONAL NEURAL NETWORK (CNN)

AL-GBURI, Hussein Riyadh Hussein,
M.Sc., Information Technologies, Altinbas University,
Supervisor: Asst. Prof. Dr. Abdullahi Abdu IBRAHIM
Date: 06/2021
Pages: 51

Information can be obtained from individuals through the systems of classifying and recognizing
human activities at any time. These systems are used in different areas such as the detection of
diseases, improvement of physical therapy stages, development of smart home projects. In this
study, the data obtained from accelerometer and gyroscope sensors on smart phones are used. Most
of the studies in the literature are unable to analyse higher-level features and their relationships
based on machine learning and deep learning techniques. Convolutional Neural Network (CNN)
model is a very suitable deep learning approach due to its ability to obtain high level and sensitive
features. The deep learning-based approach that includes this background has been used in the
classification of various human activities in the experiments in our study. In the experiments, the
classification performance accuracy rate was measured by giving different input parameters, layer
and network units to the relevant network models. As a result, it has been shown that six different
classes are classified with high accuracy, achieving a classification performance of approximately
97.98%.

Keywords: CNN, human activity recognition, ELM, KNN, DT.



OZET

EVRIMSEL SiNiR AGI (CNN) KULLANARAK INSAN
FAALIYETLERININ TANIMA ICIN ETKILi BiR MODEL

AL-GBURI , Hussein Riyadh Hussein,

Yiiksek Lisans, Bilgi Teknolojileri, Altinbas Universitesi,
Danigsman: Asst. Prof. Dr. Abdullahi Abdu IBRAHIM
Tarih: 06/2021
Sayfa Sayisi: 51

Bilgi, herhangi bir zamanda insan faaliyetlerini siniflandirma ve tanima sistemleri araciligryla
bireylerden elde edilebilir. Bu sistemler hastaliklarin tespiti, fizik tedavi asamalarinin
iyilestirilmesi, akilli ev projelerinin gelistirilmesi gibi farkli alanlarda kullanilmaktadir. Bu
calismada akilli telefonlarda ivmedlger ve jiroskop sensorlerinden elde edilen veriler
kullanilmistir. Literatiirdeki ¢alismalarin ¢ogu, tist diizey 6zellikleri ve bunlarin makine 6grenimi
ve derin 6grenme tekniklerine dayali iliskilerini analiz edememektedir. Evrisimli Sinir Ag1 (CNN)
modeli, st duzey ve hassas 6zellikler elde etme yetenegi nedeniyle ¢ok uygun bir derin 6grenme
yaklagimidir. Bu arka plani iceren derin 6grenmeye dayali yaklasim, calismamizdaki deneylerde
cesitli insan etkinliklerinin siniflandirilmasinda kullanilmistir. Deneylerde, ilgili ag modellerine
farkli girdi parametreleri, katman ve ag birimleri verilerek siniflandirma performans dogruluk
orani Ol¢iilmiistiir. Sonug olarak, alt1 farkl: sinifin yiiksek dogrulukta siniflandirildigi ve yaklasik%

97,98'lik bir siiflandirma performansina ulasildig1 gosterilmistir..

Anahtar Kelimeler: CNN, insan aktivitesi tanima, ELM, KNN, DT.
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1. INTRODUCTION

Today, the rapid development of technology and as a result of this development, mobile device.
The study conducted by the German statistics company Statistica supports this situation.
The study, it was stated that the average number of mobile phones worldwide is approximately
It is expected that this number will gradually increase and reach a total of 2.87 mobile phones by
2020. A similar situation is seen in wearable devices, except for mobile phones. According to the
Visual Network Index Global Mobile Data Traffic Forecast Report, wearable devices in the world
will reach from 109 million to 578 million in 2019, and 97% of mobile data traffic will be
generated by mobile devices [2].

The rapid development of technology and the widespread use of mobile devices naturally mean
that these devices adapt to this development in terms of hardware. Smartphones are equipped with
better, more precise and diverse hardware every day. Today, in an average mobile phone, GPS,
high resolution cameras and sensitive sensors that serve different purposes (such as accelerometer,
gyroscope, light sensors) have become standard. The gradual decrease in the prices of mobile
devices, the increase in their hardware efficiency, and the advantages of portability have been

effective in these developments [3].

The hardware developments, lead applications in smart phones have become available for solving
different and specific problems. One of these studies is the detection of human activities using
smart phones. The definition of human activities is a field of study that is used in a wide variety
of fields and is still difficult to apply. It is used in various fields such as analyzing the daily
movements of people in the field of health, fall detection applications for elderly people, smart

homes, and ensuring home security [4].

There are basically two approaches regarding the definition of human activity. The first of these
approaches is the detection of the movements of the person or persons in the environment by image
processing methods by means of various cameras placed in different positions in an environment
[5]. However, these methods cause the cameras to be placed in a limited area, so that an application
to be developed can be developed in a limited space. Although methods based on image processing
are used in large areas, they need an infrastructure support. In addition, system setup costs are

higher than the data mining methods to be mentioned [6].
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Another method used in the field of human activity and becoming increasingly common is the use
of data mining methods in the solution of the related problem. This method is generally based on
the principle of solving this problem by processing the data obtained from sensors placed in
different parts of the body in accordance with data mining methods while performing different
types of movements and converting the related problem into a classification problem by
considering human activities as different classes. It is tried to detect different types of motion by
using different classification algorithms over the data set created over the raw data obtained from
mobile sensors. Different algorithms such as Decision Tree (DT), Naive Bayes Classifier (NB),
Multilayer Perceptron (MLP), Support Vector Machines (SVM) are frequently used in such

studies.

Human activity is subdivided into gestures, atomic actions, person-to-object or person-to-person
interactions, group actions, behavior and events depending on their complexity [7]. Also, a bottom-
up approach then many researchers discover human activity. The main stages of these systems are:
feature extraction, training and classification of actions, detection and segmentation of actions [8].
Although there has been a lot of research on this topic, it remains an active area of research with

complex research topics such as the analysis of interventions to support living in smart homes [9].

Recognized activities can include daily activities such as walking and sitting, as well as sports
activities such as jumping and running on a treadmill. More recent work on the automatic detection
of daily activity focuses on machine learning algorithms that are based on the simultaneous input
of different sensor modes, e.g. B. visual, inertial, acoustic, force, pressure, tension, physiological
and kinetics, among others [10,11] ... Gathering information on user actions under comfortable
living conditions in smart homes and recognizing abnormal behavior in order to help the elderly
or people with special needs are complex research tasks.

Motion sensors make it possible to determine position and orientation information based on the
measurement of physical quantities that are directly related to the movement of the body part in
which they are positioned. HS are used to detect and track body movement in an almost unlimited

field of study activity recognition,

Until today, it has only been used to track the movement of man-made vehicles, including aircraft,

ships, submarines, cars, and more recently, wheeled and legged robots. But recent developments



in Microelectromechanical systems (MEMS); It has led to the development of a new generation of

motion sensors.

Analysing movements and actions has a long history and interacts with various disciplines such as
psychology, biology, and computer science. In recent years, sensor-based human HT has played
an important role in the field of computer science due to its wide use in daily life. Evaluation of
movement and posture and general for the kinematic analysis of behavior, progress in sensor
technology and advanced methods in signal analysis are greatly utilized. Understanding the user's
needs with the development of wearable devices with embedded sensors and it has become
possible to collect data that can be analyzed to provide personalized services. Being able to
recognize a person's situation has come to provide us with valuable information that can be used

as input for other systems.

The general compounds of human activity recognition presented in the Figure 1.1.

Human Gesture Sensor
Gesture
l Data
Human
Activity h

Machine / Algorithm / Interpreter

Figure 1.1: Human Activity Recognition [12]

Sensors: Sensors act as a bridge that connects the physical environment and industrial electrical /
electronic devices. These devices have a wide range of uses such as control, protection and

monitoring in the industrial process process.



One can mention hundreds of types of sensors produced today. Incredibly fast developments in
microelectronics technology allow a new invention or a new application type to be developed

every day.

Sensor or sensor is the name given to the sense organs of automatic control systems. Just as
humans perceive what is happening in their environment with their sense organs, machines also
perceive values such as temperature, pressure, speed, and the like, through their sensors. For
example, a temperature sensor creates an electric potential difference (voltage) between its legs
depending on the changing ambient temperature. When this information is transferred to a

microcontroller, a closed loop temperature control unit is obtained.

The path designed to solve a problem or reach a determined goal, the steps of the process
followed are called an algorithm. Algorithms are a set of operations that have a clearly defined
beginning and an end. The solution ways and sequences to be processed to achieve the goal are
determined and the algorithm follows this order to reach the most logical solution. The first
algorithm is presented in Al-Khwarezmi's "Hisab-el Algebra and Al Mugabala” and the word
algorithm comes from the name of Al-Khwarezmi. The term algorithm often appears in
mathematics and computer science.

In this study, our goal is to developed new techniques based Al to developed new and effective

algorithm to deal with this issue.
1.1 QUESTIONS OF THE STUDY

After analysing the previous studies and the field of the human activity recognitions, several
questions are occurred and in this study we will answered these questions to enrichment the

research field:

What is the human activity recognition? We tried to answer this question by presented several
studies and techniques presented in this filed and also discuss the development of this filed
after deploying the smart phones.
What is the best Al techniques applied to develop human activity recognition applications?
several techniques presented in this field such as deep learning, machine learning, and data

mining.



How we can developed effective Al based application for presenting remarkable results when
compared with previous studies. The aim is to developed Al model based feature extraction
techniques which lead to decrease the computation time. this lead also to reduce the hardware

requirement for the application
1.2 THESIS STRUCTURE
Chapter 1: Introduction and brief Access to the problem field.
Chapter 2: related works and literature review
Chapter 3: material and methods
Chapter 4: results and discussions

Chapter 5: Conclusion and future works



2. OVERVIEW

2.1 LITERATURE REVIEW

In the literature, there are studies that consider the human activity definition problem as a
classification problem and consider it as a solution to this classification problem. On the basis of
these studies, it is based on the detection of these class tags with the attributes they obtain from

sensor data, taking each human activity as different class tags.

Bao and Intille collected data from a total of 20 different subjects by placing 5 uniaxial
accelerometers on different parts of the human body, such as the hips, wrists and ankles [13]. They
trained 20 different human activities they collected from 20 different subjects with example-based
learning, decision trees, Naive Bayes classifiers using Fourier Transform attributes and achieved
a success close to 80%. Similarly, Banos et al. Tried to detect walking, running, standing and

sitting movements by using accelerometers placed on different parts of the body [14].

Using a triaxial accelerometer, Niskham and Nikhil attempted to detect walking, running, standing,
sitting, climbing stairs, climbing stairs, brushing teeth, and sweeping [15]. They concluded that
majority voting classifiers were more successful than other classifiers. They also stated that it was

impossible to distinguish between tooth brushing and stair climbing activities.

Kwapsiz et al. Detected an activity using three-axis accelerometer data obtained from an android
device [16, 17]. They derived different properties such as average acceleration, standard deviation,
and mean absolute deviation. They used the data set they obtained for the training of 3 different
classifiers (Logistic Regression, Decision Tree and MLP). They stated that the models of the
Decision Tree had higher performance than other models. In their results, it was observed that the

performance was low due to the similarity between the stairs and climbing stairs.

In [18], 5 different human activities have been tried to be determined by using 13 different wave
attributes in time and frequency space. The data set was collected from 7 different subjects, 2 of
whom were women, aged 27-35. After obtaining 13 different time and frequency attributes from
69400 sensor data, they trained their systems with the C4.5 algorithm and Artificial Neural
Networks. According to the results they obtained, they achieved a 94.13% success rate with the
C4.5 algorithm.



Wu et al. Used gyroscope data together with accelerometer data for their human activity system
[19]. According to their results, when used with accelerometer data, gyroscope data contributes to
the establishment of more successful models. Similarly, in the study conducted in [20], a detection
system for 7 different activities is presented by using accelerometer and gyroscope sensors together
with GPS data. Like most studies in the literature, the Decision Tree algorithm has achieved the

best result in the human activity detection system.

Lee and Cho [21] identified sitting, walking, staircase movements and running movements, which
they first described as action, in their two-stage HMM structure. With a second HMM model based
on the actions they have achieved, they tried to detect different human movements, which they call

shopping, traveling by bus and moving state, which are their main objectives.

Kim et al. Used the Hidden Markov Model Ensemble (HMME) method [22]. They applied feature
extraction on 3-axis accelerometer data. They obtained Decision Profiles (DP) from this data by
using HMM models they created for different activities. They measured the similarities of DPs
they obtained with Decision Templates (DTs) created for each activity and determined the type of
an action. They compared their method with different classifiers and found that it was the most

successful model after MLP.

Ranao and Cho presented a 2-stage activity detection system in their studies [23]. Apart from the
acceleration data, they also used gyroscope data in the system they developed. In the first stage,
which they call rough classification, they tried to determine whether a movement is a stationary or
a moving action. According to whether the type of movement is stationary or mobile, they

determined the real class of the activity by using one of two different HMMs in the second stage.

Han et al. Performed human activity identification with a versatile HMM that allows backward or
skipped transitions [24]. They also took into account the gravity-induced bias and tried to
compensate for this situation in the data. They implemented their systems over the obtained tilt
compansated data. As a result, they concluded that inclination correction techniques are a powerful
model against the rotation of the sensor and their versatile HMM model is more successful than a
left-to-right unidirectional HMM.



In their study in [25], Mannini and Sabatini achieved a very high success with the Continuous
Time Hidden Markov Models for 7 different basic human activities, using the data set they used

in their work in [26] of Bao and Intille.

2.2 Al TECHNIQUES

2.1.1 Machine learning

Machine Learning) is a category of algorithms that makes software programs more accurate at
predicting results without explicitly programming. The mainstay of machine learning is to create
algorithms that can take input data and use statistical analysis to predict an output while updating

output as new data emerges [27].

The processes involved in machine learning are similar to data mining and predictive modeling.
Both require searching data to search for patterns and adjust program actions accordingly. Many
people are familiar with machine learning from shopping online and posting ads for purchases.
This is because recommendation engines use machine learning to personalize online ad delivery
in near real time. Beyond personalized marketing, other common machine learning use cases
include fraud detection, spam filtering, network security threat detection, predictive maintenance,

and building news feeds [28].
2.1.2 KNN

KNN algorithm is one of the easy-to-implement supervised learning algorithms. Although it is
used in the solution of both classification and regression problems, it is mostly used in the
solution of classification problems in industry. KNN calculates the distances between
neighbors, finds the closest neighbors and labels the data according to classes. KNN is one of
the most popular machine learning algorithms due to its resistance to old, simple and noisy
training data. However, it also has a disadvantage. For example, it requires a large amount of
memory space when used for large data, since it stores all states while calculating distance.
The main purpose of classification is the process of determining which class the objects belong

to by looking at the properties of the objects [29].

Initial, discovery the KNN: scheming the Euclidean distance between the two facts or tuples.

X1 = (xll, X122y ven ven xln), XZ = (le, X292, ...xln), the fO”OWing fOI‘mU|a in eq (21)
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dist(xy1,x13) = \/Z?=1(xi1 + xi2)?
(2.1)

In real operation, to avoid wide gap weight of different starting characteristics In the value
domains, the value of the property is normalized as follows in eq (2.2):

— _  v—ming
maxp—ming

(22)

Where the minimum and maximum values of the features represented by min, and max,
respectively. The normalized and non-normalized eigenvalues represented by v~ and v.

Furthermore, the classification calculated according to the equation (2.3).
Cx = argmax Yyex, [(Cy =)
(2.3)

Where X, is the KNN contain y, C represented the labe. The value 1 mean that the I(.) is true. Or
()=0.

2.1.3 Decision Tree

Decision trees are a classifier that starts from a single root and progresses to decision nodes
and ends in tagged leaves. Decision trees are included in the scope of supervised machine

learning [30]. Decision trees Easy to apply
A.lt can be easily combined with database systems

B. Easy to interpret
C. Low cost
D. Algorithms applicable to all variables (qualitative, quantitative, continuous, discrete) to

have



E. Frequently used for reasons such as reliable results It is one of the algorithms.

The algorithm consists of roots, decision nodes, branches and leaves. The place where the process
begins is the root. Quality tests are performed on decision nodes. Test results can be seen on
branches, and finally leaves represent classes. Decision trees divide big data into small groups
using the method of induction [31].

2.1.4 Support Vector Machines

Supporter vector machines (DVM) is a machine learning method developed by Vladimir Vapnik
and Alexey Chervonenkis in the late 1960's. This learning method is a controlled classification

algorithm and is based on statistical learning theory [32].

DVM is a frequently used classification method in high dimensional data. It is applied by training

on data. That's why it is within the scope of supervised machine learning.

DVM (Supporting Vector Machines) makes the separation of classes by ensuring that a line of
appropriate value is found. The lines drawn must be drawn in such a way that they pass from the
furthest point to the classes. It was used for the first time to model two-class linear data. SVM,
which has developed over time, has also been used in the modeling of more than two-class and
non-linear data. The working principle of DVM is to estimate the most appropriate decision

function (hyperplane [33].

Supporting Vector Machines create the classification process by converting it to the squared
optimization process. Thus, the quantity of transactions performed during learning decreases. In
this way, faster solutions can be produced compared to other algorithms. Thanks to this skill, the

volume of large data sets useful.
2.1.5 Neural Network

Acrtificial neural networks (ANN), which is a machine learning algorithm designed on the basis of
biological neural networks, consists of neurons, cell bodies, dendrites and axons belonging to the
biological nervous system. Axons are extensions that enable information transfer. Its main task is

to communicate with other neuronal cells through junction points called synapses. Each of the

10



nerve cells with many nerve cells is in communication. It receives signals from many nerve cells
at the same time. If these impulses are above a certain threshold level, they reach other neurons
[34].

Acrtificial neural networks (artifical neural networks), the human nervous system It is an
information processing system developed with inspiration from the networks that create it. They
are computer programs made by analogy with biological neural networks. In other words, there
are weighted links that connect parallel and distributed information processing structures, each

consisting of processing units with its own memory.

Acrtificial neural networks collect information with examples, after making generalizations, when
faced with new situations that they have not met before, they can make a judgment about new
situations based on the information they have learned before. Thanks to these learning and

generalization abilities of artificial neural networks

It has found application areas by spreading rapidly in many branches of science and has

successfully found solutions to very complex problems [35].
2.1.6 AdaBoost

AdaBoost algorithm from English Adaptive Boosting words It is derived. Yoav Freund and Robert
Schapire were the first to recommend AdaBoost. One of the important features that make
AdaBoost the most popular machine learning algorithm is that it is superior to others in terms of
speed, and the other is that it uses less memory. In addition, AdaBoost is preferred because of its

applicability and strong theoretical basis.

AdaBoost is one of the community learning algorithms and can be used to determine classification
or regression. In the initial case it starts with an even distribution for each sample. Then, according
to his performance, the strongest remained weak finds the classifier. It then updates the weights
and focuses on the misclassified sample. In this way, a strong classifier is created as the strongest
weak classifiers are gathered together at the end of a certain number of iterations. This increases

the classification success [36].

It has been applied to many pattern recognition problems such as activity and person recognition.

AdaBoost aimed to increase the performance of algorithms mainly used for classification in order

11



to obtain a better accuracy. In this context, it tries to correct the attributes classified incorrectly by

the classification algorithms [37].

12



3. MATERIAL AND METHODS

3.1 DEEP LEARNING

Artificial intelligence is systems or machines that perform various tasks similar to human
intelligence and constantly improve themselves. Since they are systems that can learn from
artificial intelligence errors that emerged in the 1950s, it constantly improves the system. Machine
learning emerged in the 1980s and is to process a given data set and make predictions or classify.
There are two types of learning in machine learning algorithms: supervised and unsupervised
learning [38].

Supervised learning is learning from tagged data. Both the input and the desired result are defined.

Accuracy feedback on the forecast is made by the individual.

Unsupervised learning is the process of learning from unlabeled observations. With the result data,
there is no need for training. The algorithm itself derives from data to result. It is expected to

discover by itself.

Machine learning, like artificial intelligence, has not shown a significant development for many
years. In the 1990s, data mining increased in popularity, and in the early 2000s, deep learning
began to develop. The reasons for the failure in the 90s, insufficient data sets, computers are very
weak and insufficient in terms of CPU, and incorrect initialization Incorrect nonlinear activation
functions Over time, the development of technology has enabled computers to increase their
performance. Computers that were insufficient in artificial intelligence processes got stronger, data
access became easier and the data sets needed by algorithms increased, and existing algorithms
were improved or new algorithms were developed. Thus, development began to be observed in

artificial intelligence applications.

Deep learning can be carried out with or without supervision. In deep learning, it learns the
distinctive features by itself with lots of data entry. The more data input for the learning process,
the more successful it will be. Data goes through multiple layers. Top layers are layers that add
more detail. then, there are three main types of deep learning, -Multilayer Perceptron (Multilayer
Perceptrons), Convolutional Neural Networks (CNN),and Recurrent Neural Networks [39]. Many

applications developed using deep learning techniques such as:

13



A Face recognition system

B. In voice recognition systems

C. Itisused in vehicles with autopilot feature or driverless vehicles.

D. Inalarm systems, instead of constantly checking the camera records, technologies such as
activating the alarm system only in case of unusual movements are possible thanks to
deep learning.

E. It eliminates the loss of time in cancer researches in the health sector. Deep learning
algorithms in which cancerous cell samples are introduced are both faster and more
successful in diagnosing whether new cells are cancerous or not.

F. Image enhancement

G. In recommendation systems, to offer music and movie suggestions that can be liked

H. Deep learning methods can also be developed in cyber threat analysis. Apart from the

examples given above, many examples can be given.

3.2 Convolutional Neural Network (CNN)

It is a particular type of advanced nutrition of the neural network that can draw inspiration from
the biological processes that occur in the visual lobes (primarily biological brains). It is the solution
to many artificial vision problems in artificial intelligence, such as image and video processing.
CNN is a multilayer network (MLP) with a unique topology, which contains multiple hidden levels
[40] It is differing from traditional MLPs by combining a number of locally connected layers that
is used for feature extraction, followed by a number of fully connected(FC) layers which is used
for classification [41] .The CNN network is mainly used for object recognition in image
processing, handwriting recognition, and voice recognition, as they will automatically extract the
distinctive characteristics of their levels from the initial input information without any proper
normalization. This type of module is useful for data entry with internal structures (such as images)
and where fixed functionality should be found. One of the main problems of using CNN is to avoid
manually designed input functions, which may not be obtained by looking at general problems
[42]. See figure 3.1.
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Figure 3.1: Classification Using CNN [43].

Represents the feature map and the learning torsion core (filter) respectively. The cross line
between the last two layers indicates the fully connected layer. Each pixel in the input image
represents a neuron in the input feature map. On CNN, each layer contains multiple feature maps
organized into a two-dimensional and two-dimensional network of neurons. Each core of the
weight will be combined with all the feature maps in a specific layer to generate a feature map in
the next layer. This process is responsible for extracting the local characteristics from the input
image [44].

The concepts of local contact and universal weights are applied to convolutional layers, where
each neuron receives information the same size as the torsion nucleus from a small area (receptor
domain) of the previous layer, which makes the number of weights relatively small. For example,
if the nucleus size in a particular convolutional layer is 3 x 3, meaning there are only 9 weights,
the local connection confirms that the enabled CNN produces a strong response to capture local
entities (such as curves, edges, and edges in the input image)) [45].

Convolutional Layer

The main task of a convolutional layer is to recognize the local relationships of features in the
previous layer and assign shapes to feature maps. Due to the convolution of the neural network,
the image is divided into perceptrons, creating a local reception field, and finally, the perceptron
is compressed into a characteristic map of m2 x m3 size. Therefore, this map stores information
about the position of elements in the image and their correspondence to filters. Therefore, each
filter has a spatial shape due to its position in the volume to which it is applied. [49]. The function
of ConvNet is to convert the image into an easy to process format without losing the key
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functionality to get the right predictions. This is important when you need to design an architecture
that supports large amounts of data as well as functional training. [50]. Mathematical model of

convolutional layer presented in Equation 3.1.

X = fQmxi b * W) + by,
(3.1)

Suppose we have an image [32x32x3] in which the first and second dimensions represent width
and height and the third dimension represents the size of the color channel of the image, e.g. B.
RGB (red green blue). ... If we have a filter of dimension [4x4] (width and height), every neuron
of the convolutional layer has a weight tensor of dimension [4x4x3]. The last clock is 3 because
the input has 3 channels and a different filter is required for each input channel. Also, if the
convolutional layer consists of 32 neurons, the size of the layer becomes [32x4x4x3], each
parameter can be trained [36]. As mentioned above, the filter passes through the input image and
the output size depends on the length of the slide, also known as the pitch. When the step is set to
1, the filter scrolls one pixel for each dot product operation. If the distance is set to n, the filter is
shifted by n pixels after each dotted product operation. Increasing the step value by 28 results in
less output as more pixels pass through the filter. Another parameter of the convolution operation
is called padding. This parameter is filled with zeros around the input boundary to maintain the
spatial size of the input volume so that the width and height of the input and output are the same.
Spacing and padding are hyperparameters for folding layers and should be optimized for the
problem. The scrolling convolution filter can be applied to different sizes depending on the input.
In a one-dimensional (1D) convolution, the filter flows along an axis that can be transient. The
result of a one-dimensional convolution method is a one-dimensional matrix. With 2D
convolution, the filter runs along two axes (X, y) and creates a 2D matrix. Convolutional 3D scrolls
the filter along 3 axes (X, y, z) and the output has a 3D volume. Most levels of convolution apply
2D convolutions to 3D data because there is a filter for the third dimension. For 3D data, the 2D
filter moves along the x and y axes. Hence the output is also a 2D matrix with a 3D volume. As
shown in Figure 2.6, the connectivity model of convolutional layers also differs from fully
connected layers. Folding layers are locally connected layers. If the size of the input image is
[32x32x3] which contains 3 color channels and the neuron in the convolutional layer contains

[4x4] filters, each channel has its own filter with a total size of [4x4x3]. Each filter [4x4] within
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the neuron is rotated with an input image channel. Therefore, convolutional layers use the local
interconnection model instead of assigning each filter to each input channel, as is the case with

fully interconnected layers [47].
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Figure 3.2: Activation Function [48].
A. Local Connectivity

When it comes to multidimensional inputs like images, as we saw above, it is impractical to
connect neurons to all neurons in the previous range. Instead, we connect each neuron to only one
local area of the input volume. The spatial extent of this connection is a hyperparameter called the
receptor field of the neuron (this corresponds to the size of the filter). The length of the gutter along
the depth axis is always the same as the depth of the inlet volume. It is important to re-emphasize
this asymm etry in the way we work with measurements of spatial dimensions (width and height)
and depth: connections are local in space (in width and height), but are always complete throughout

the entire depth of the volume entrance [49].
B. Parameter Sharing

The parameter sharing scheme is used to control the number of parameters at the convolution level.
Using the example above, you can see that the first conv-layer contains 55 * 55 * 96 = 290,400
neurons each with 11 * 11 * 3 = 363 weights and 1 slope. In total, this only adds up to 290400 *
364 = 105705600 parameters in the first level of ConvNet. It is clear that it is a lot.
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It turns out that with reasonable assumptions, the number of parameters can be reduced
significantly. If the function is useful for computation in one spatial location (x, y), then in another
location (x2, y2). That is, setting a 2D depth portion as a depth portion (e.g., volume [55 x 55 x
96] has 96 depth portions each of [55 x 55]) to constrain neurons to each depth portion. Use the
same weights and offsets. With this parameter sharing scheme, the first convection layer in this
example only has 96 sets of unique weights (one for each depth layer), making a total of 96 * 11
* 11 * 3 = 34,848 weights. unique or 34,944 parameters. There are. (+96 bias). Or 55 * 55 neurons
in each depth segment now use the same settings. In fact, as it propagates backwards, each neuron
in the volume computes a gradient for its weight, but these gradients are added to each depth

segment and only update one set of weights for each segment [50].
C.Fully Connected Layers

Lastly, after applying multiple convolutional and max pooling and at the end of convolutional and
pooling layers, the high-level features in the neural network are finished by fully connected layers.
Where in fully connected layer each single neuron is connected to each single neuron from the
preceding layer. There are no layers after a fully connected layer [51,52, 53]. Also, not anymore,
they have spatial located (it can be visualizing as one-dimensional. The main goal behind the Fully
Connected layer is to utilize their features for identifying the fed date into different classes
dependent on dataset for training, for the identification work, a lot of the features from
convolutional and pooling layers may be best, likewise may be blends of those features stunningly
better [54].

2, exp(wlx®)

m N T
E(W) = lzz 1{y(i) — r} log exp(wy x*)

i=1r=1

(3.2)
D. Non-linear Activation Function

Activation functions are really important to learn complex and non-linear mappings between the
input and output. CNNs without non-linear activation functions would simply be a linear
regression model, unable to model complicated non-linear functions [55]. The main purpose of
using CNN is to make sense of something which is complex, high dimensional and non-linear such

as videos, audio, images etc. This shows the importance of activation function in CNNSs. There are
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different kinds of non-linearities such as Sigmoid, Tanh-hyperbolic tangent and Rectied linear
units (ReLU) [56]. Figure. 3.3 shows the plot of all the three functions.

Figure 3.3: Activation Function [57].
This function mathematically can represented as shown below:
f(x) = max(0,x) 3.3)

Why ReLU is important: The goal of ReLU is to give ConvNet non-linearity. | want ConvNet to

know the real world data, so there are no negative linear values.
E. Stride

Stride is the number of pixels in the input matrix. If the step is 1, we move the filters 1 pixel at a
time. If the step is 2, we move the filters 2 pixels each, and so on. The picture below shows that a

two-step step will work [58, 59].
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Figure 3.4: Stochastic Gradient Descent with Momentum algorithm [64]
3.3 GRADIENT DESCENT OPTIMIZATION ALGORITHMS

e Stochastic Gradient Descent with Momentum

SGD and its variants are probably the most used optimization algorithms for machine learning,
especially for deep learning tasks [60, 61, 62]. However, It can be slow without acceleration
method such as momentum. When loss curvature is high and gradients are consistent but small,
momentum acceleration method is designed to accumulate the gradients using moving average of
past gradients. Momentum method introduce a velocity term that helps to accelerate consistent
gradient direction. Momentum coefficient a € (0; 1] adjusts how previous gradient contributions
affect the current momentum step. 0.5 and 0.9 are typical values of momentum coefficient. SGD

with momentum update is defined in Figure 3.5.
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Algorithm 1 Stochastic Gradient Descent with Momentum

Require: Learning rate e, momentum parameter o
Require: Initial parameter #, initial velocity
while training stopping criterion not met do

Sample a mini-batch of m examples from training set: z,, z, ...z, with
corresponding labels y1,y2 . .. ym
Compute gradient estimation g +— =V > ,(L(f(z:;6), %))
Compute velocity ¥ +— al? — eg
Apply parameter update 6 < 6 + o

end while

Figure 3.5: Stochastic Gradient Descent with Momentum algorithm [65]
Adaptive Learning Rate Optimizers

Learning rate is the most sensitive parameter that strongly affects performance of a model. It is
also known that model cost highly relies on some parameters from model’s parameter space. This
brings up the idea of using separate learning rates per parameter based on their sensitivity, also
adapting per parameter learning rates automatically. Earlier heuristic is increasing the learning rate
if partial derivative sign of loss with respect to a model parameter remains the same, oppositely,
decreasing the learning rate in case of gradient changes sign [66]. In this approach, parameters
with larger partial derivatives have accelerated decrease compared to parameters with small partial
derivatives. Even though this approach helps some models, keeping historical partial derivatives
from beginning of training to end can introduce earlier and excessive decrease in the effective
learning rate for some cases. Rmsprop modifies AdaGrad algorithm to address its excessive
decrease on learning rate by weighted moving average of gradient history. Instead of AdaGrad,
Rmsprop keeps moving average of gradients history with a new hyper-parameter that adjusts how
historical gradients impact moving average besides current gradient. Aside from AdaGrad and
Rmsprop, Adam optimizer combines Rmsprop and momentum optimizers benefits. Adam
optimizer computes two historical moving average estimates which keep gradients and squared of

gradients respectively [67]. There is also correction of initial bias of moving average of gradients
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and square of gradients in Adam that is also an addition to Rmsprop algorithm. Although Adam is
capable to work with different models with default values, some cases still requires global learning

rate and other hyper-parameters tuning.
3.4 TRANSFER LEARNING

Transfer learning is essential machine learning tool for solving the underlying problem of poor
training data. We try to transfer knowledge from the supply area to the target area, weakening the
belief that training and testing data lead to significant positive effects in many areas that are
difficult to improve due to poor training data [68, 69]. There are many pretrained organizations

and the reasons for using pretrained models are listed below:

A. First, it needs additional computational power to train the large models on huge datasets.
B. Second, high time taking to train the network up to several of days.

There are several categories of transfer learning listed below:

C..Instances-based deep transfer learning:
Instance-based portable deep learning is a group of training courses in the target area,
limited to the resource area by applying a specific approach to weight correction and
applying the appropriate weighting principles to these selected examples. Possibilities to

choose as an add-on for.

C. Mapping-based deep transfer learning: Mapping-Driven Deep Learning describes how to
map source and destination field examples to new functional areas. Examples for both

domains in this new data area are and are potentially suitable for corporate DNNSs.

D. Network-based deep transfer learning: Reconditioning of a restricted network previously
trained in the domain of the deep learning provider of the distribution network, including
the parameters related to that network configuration, indicates that it will be broadcast as
part of the DNN applied to the target domain. He says: “NN is comparable to the
processing mechanisms of the human brain and an iterative and continuous step of

generalization.
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Researchers present several previously formed networks, and these networks are used in many

classification problems [70].

3.4.1 AlexNet

AlexNet is a CNN channel hosted by Alex Krizhevsky. AlexNet was involved in ImageNet's core
work on image recognition in 2012. The network was ranked in the top five errors with a 15.3%

rate, down 10.8% from its completion rate.

AlexNet is the name of a convolutional network that has had a great impact on machine learning,
especially in deep learning computer vision applications. As you know, we won the 2012
ImageNet LSVRC competition by a wide margin (26.2% (second place) with an error rate of
15.3%). Network - Yang LeCun et al. But LeNet was deeper in a convolutional layer that applies
multiple filters layer by layer. Consists of 11x11, 5x5.3x3, line, max connection, interrupt, data
increase, ReLU trigger, SGD with pulse. Activating Connected ReLU after fully connected layer
with all stacking layers. AlexNet trained with two Nvidia Geforce GTX 580 GPUs simultaneously
for six days, splitting the network into two channels.

AlexNet has eight levels. The convolutional layer was the first 5 geotags, some of which had the
maximum level of clustering, the fc layer shown in the last three, and the activation function [71]
was not applied. Shown improved training accuracy for Thane and Sigmoid. The AlexNet structure

presented in the Figure 3.6.
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Figure 3.6: AlexNet Structure [72]
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3.4.2 GoogleNet

A major improvement in GoogleNet uses a framework called Inception [73]. Inception is typically
a network architectured network, and the optimal low-density LAN architecture repeats itself
spatially from start to finish. Three inception architectures are presented for different
environments. Inception usually calculates the layers in front of the expensive 3x3 and 5x5 turns

with 1 x 1 turns [74]. The structure of GoogleNet represented in Figure 3.7.
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Figure 3.7: GoogleNet Structure [74]

The GoogleNet Architecture is 22 layers deep, with 27 pooling layers included. There are 9
inception modules stacked linearly in total. The ends of the inception modules are connected to
the global average pooling layer. Below is a zoomed-out image of the full GoogleNet architecture.

Furthermore, the structure of the GoogleNet presented in detail dorm in Table 3.1.

Table 3.1: GoogleNet Structure [75].

patch size/ output #£3x3 F#HXD

type stride size depth #lx1 reduce #3x3 reduce #E5x5 prai params ops

convolution TxT/2 112x112x64 1 27K 34M
max pool 3x3/2 56 %56 x64 1]

convolution 3x3/1 56 x56x192 2 64 192 112K 360M
max pool 3x3/2 2B x28x192 L]

inception (3a) 28 % 28x 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28 x 28 x 480 2 128 128 192 32 96 64 AROK 304M
max pool 3x3/2 14x14x480 ]

inception (4a) 14x14x512 2 192 96 208 16 48 64 364K T3M
inception (4b) ldx 14 =512 2 160 112 224 24 64 64 437K 88M
inception (4c) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x528 2 112 144 288 32 64 64 SE0OK 119M
inception (4e) 14x14x832 2 256 160 320 32 128 128 BAOK 170M
max pool 3x3/2 TxTx832 0

inception (5a) TxTx832 2 256 160 320 32 128 128 1072K S4M
inception (5b) TxTx1024 2 384 192 384 48 128 128 1388K 7IM
avg pool TXT/1 1x1x1024 o

dropout (40%) 1x1x1024 L]

linear 1x1x 1000 1 1000K M

softmax 111000 ]
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3.4.3 ResNet101

The thread depth has increased, but the accuracy will not necessarily improve. However, there are
some near-clean issues in ResNet. Greater depth, which requires a change in weight at the edges
of the net, slightly improves the estimate of the stock layer [76]. Add-ons are required parameters.
The structure of ResNet101 presented in Figure 3.8.
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Figure 3.8: ResNet101 Structure [77]

3.4.4 DenseNet201

DenseNet was recognized for the astonishing presentation on the cutthroat object recognition
standard tasks like ResNet101 and Alexnet. The initial effort to solve huge scale image recognition
task by deep CNN, earned the first place and second place in localization and recognition
assignment separately. DenseNets have numerous exciting benefits: they improve the vanishing-
gradient problem, improve feature reproduction, promote feature recycle, and significantly

decrease the number of parameters [78]. The structure of DenseNets201 shown in Figure 3.9.
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Layers Output Size | DenseNet-121(k = 32) = DenseNet-169{k = 32) l DenseNet-201(k = 32) | DenseNet-161(k = 48)
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block 1 x I conv [ 1x 1 conv [ 1 x I conv 1x1conv |
56 6 6 6 6
n S 3 x 3 conv i | 3 x 3 conv * 3 x 3conv ) | | 3x3conv s
Transition Layer 56 x 56 1 x 1 conv
(1) 28 x 28 2 x 2 average pool, stride 2
Dense Block 1 x | conv 1 x 1 conv 1 x 1 conv | [ 1x1conv
28 x 28 12 12 12 12
(2) a 3 x 3 conv & 3 x 3 conv A 3 x 3 conv * 3 x 3 conv 5
Transition Layer 28 x 28 1 x 1 conv
B ¢ Mx14 | . 2 x 2average pool, stride2 ) )
Dense Block 1 % 1 conv [ 1% 1conv 1 % 1 cony 1 % 1 conv
@ | MM | ax3eomw [ ¥ || 3x3comv | X% || 3x3conv | X% || 3x3c0m | X
Transition Layer 14 x 14 1 x 1 conv
3) Tx17 2 x 2 average pool, stride 2
Dense Block 1 x I conv [ 1x1conv | 1 x 1 conv 1 x I conv
J 4
@) s 3x3conv | *" | | 3x3c0mv | *P || 3x3c0mv | ¥ | [ 3x3comw | *?
Classification I x1 7 x 7 global average pool
Layer ' 1000D fully-connected, softmax

Figure 3.9: DenseNet201 Structure [79]

3.45VGG-16

Oxford University Simonyan and Zisserman are developing sixteen floors, sixteen of which three
are fully connected at the folding level. A CNN using only a path with a 3 x 3 filter and pad, and
the path is up to VGG-16 with a 2 x 2 filter of 2. To reduce the number of parameters in the CNN,
a small filter used 3x3 is applied to all convolutional layers with a filter with an error rate of 7.3%
[80]. VGG-19 is capable of recognizing various images, classifying videos, finding objects, etc.
The structure of VGG-16 shown in Figure 3.10.
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Figure 3.10: VGG16 Structure [81]

3.5 HUMAN IDENTIFICATION WITH FINGER VEIN IMAGE USING CNN BASED
KNN AND DT METHOD

Inthissection,an efficient method based CNN and KNN are presented for human action recognition
with action images using deep learning. Inthe first stage, we prepare the vein images which each
vein images of each person saved in one folder. The aim of this stage is seperae the data of each
person which can analyse and learned with CNN model. In the second stage, the framework
separed the images into train and test groups automaticly. The aim of this stage is to train the model
with selected data and test it with other data to ensure that the model learn well or what is the
learning rate of the model. Then, the network that we applied consist from two parts feature
extraction part and classifier. The feature extraction part which is done by using CNN the aim of
this part is extracted high level features such as arc and Circle. The pretrained networks used in
this section to avoid overfitting and to obtain best features for classification rate. In the second part
of the network we applied KNN, DT and Extreme learning machines (ELM) which are not applied
in previous studies for finger vein image classification. Then, the proposed method structure

presented in the Figure 3.11.
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Figure 3.11: Proposed Method.
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4. EXPERIMENTS AND DISSCUSION

Human activity classification systems aim to indicate the action that is carried out by defining the
environment in which we are living with the data obtained from humans. This way about the person
Information can be obtained when requested. Human movements in general; It is divided into three
main groups as short events, basic activities and complex activities. If we give an example to the
movements called short activities; While it can be called the transition from sitting position to
another position, walking is a basic activity. Finally, movements performed in association with
different objects and individuals are complex movements. Playing an instrument and various sports
movements are examples of complex activity groups. In this study, the movements within the basic
activities group were classified. Within this activity group, 6 basic movements are specified.
These; It includes three static activities, including standing, reaching, and sitting, and three
dynamic activities, including walking, climbing and climbing stairs. The basic description of the

constructed structure is shown in Figure 4.1.
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Figure 4.1: Random Subsampling [82].
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Several experiments are executed in various scenarios, the experiment and the result were assessed
using various measurements, the act of various experiments was compared and the results were
highlighted. The experimental implemented by using MATLAB2020 as tool. The dataset features
that explained in the chapter 3 used as input to the proposed system that written by using
MATLAB2020.

41 EVALUATION PARAMETERS

In this section four parameters are calculated for face recognition problem to evaluate our proposed
method the calculated statistical parameters are: Accuracy is how close a measured value is to the
actual (true) value. The confusion matrix is used to evaluate the results of our method by
calculating several parameters such as: True positives (TP), True negatives (TN), false positives
(FP), and false negatives (FN).

4.2 RANDOM SUBSAMPLING

In this method, random sub-sampling validation is track for a secure amount of K iterations.
Throughout apiece iteration it used random sampling minus spare, in instruction to choice a secure
amount of S examples that brand up the examination set and are excepted from the training
procedure of the perfect. The experiential test statistics are then be around over all iterations. The

Figure 4.1 represented the process of the validation using Random Subsampling.
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. total samples

Figure 4.2: Random Subsampling [83].
4.3 |IMPLEMENTATION

Four experiments were conducted to evaluate the performance and classification of a CNN-based
system for HAR using two sensors on a Samsung Galaxy S2 smartphone. The first and second
experiments are repeated with filter size and number of filters, respectively. The third experiment
explores the possibility of changing the number of layers in the network for the CNN algorithm to
see if it can improve network performance. The last experiment is to increase the number of
training periods for the data used. The level of precision was recorded for each scenario. The

learning and testing phase mainly works for:

HAR containing 10,298 samples for six daily human activities. While 70% of the data set is used
in the training phase, the remaining 30% is used in the testing phase. Each sample was taken from

a smartphone battery and gyro sensors.

In this section, the results of our method presented and discussed in both the accuracy and the
execution time for two methods that’s applied for human identification with finger vein image.

The main evaluation parameter for evaluating our method was calculated as shown in Eq (4.1)
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_TP+TN

4.1
Total (4.1)

Where ACC represented the accuracy of the system, TP presented the true positive, TN represented
the true negative, and Total represented the total estimation of the system and the results presented
in Figure 4.2 and 4.3.

For post-test, the number of periods is increased from 300 to 1000 to determine the trend in system
accuracy. The X-axis represents the number of periods that we have increased from 300 to 1000,
and the Y-axis represents the level of precision that each epoch has achieved in our experience.
The number of periods is the number of iterations throughout the training until the completion of
the CNNet training algorithm. In this experiment, each increase in age lasts longer than the

previous one, and the average yield for this test is 98.70%. During our experience, we have found

You need to take care of determining the correct amount of workouts because multiple workouts
will not show significant changes or trends in system performance. To speed up our solution, just
use a GPU instead of a CPU.

Three experiments applied to evaluate the presented methods CNN-based DT, KNN, and ELM.
The results of these studies presented below and compared which show that the ELM based CNN

presented best results.
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Figure 4.3: Comparisons with previous studies

Our method presented best results than all common studies that are published in well known
journals. Our method combines the power of the CNN in the feature extraction stage with the
power of the CNN in the classification stage. These resaons lead to presented best results than

previous studies in both accuracy and execution time.
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5. CONCLUSION

In this study, training and tests were carried out to classify 6 human activities of UKSB cells
created with a dataset created by collecting accelerometer and gyroscope data within smart phones.
In these tests, by giving different input parameters to UKSB cells, the highest value was obtained
as 97.98% success rate. Compared to other artificial neural networks (eg multilayer perceptron),
CNN stands out because it can automatically process attributes from the data set and automatically
analyze the temporal relationship. For these reasons, CNN was preferred in our study. In this
review, the current status of the articles that do the activity recognition process is shown. First, the
introduction of activity recognition, the sensors used, simple and complex activities, the general
method used and then the steps in the activity recognition process were discussed in detail. The
current situation in this area has been revealed and the studies conducted have been compared in
many respects. It has been determined that the success of new generation deep learning techniques
compared to classical methods, battery consumption, model update alternatives, data set sizes have
not yet been analyzed in detail and comparatively. Another obvious point is to recognize mixed
activities. Few activity recognition studies have studied mixed activities and only one of the results
is positive. Along with mixed activity, another potential field of study is overlapping activities.
For example, driving while talking on the phone, listening to music while walking, watching
movies while traveling. Another issue similar to mixed activities is the recognition of social,
collective activities rather than one-person activity. One of the problems encountered in the articles
is the device orientation and location problem. Few articles have provided both device orientation
and activity recognition independent of location. More attention should be paid to this issue in
order to make an application that will be used by people in daily life. The potential study issue
regarding the use of sensors is to choose a dynamic sensor. Instead of using fixed and the same
sensors to recognize all activities, using the sensor dynamically according to the activity can give
positive results. In the studies conducted so far, the problems of recognizing daily activities and
determining the type of transportation have been discussed separately. These two problems should
be taken together, especially in order to keep track of a person's movement integrity throughout
the day.
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