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ABSTRACT

HUMAN ACTIVITY RECOGNITION USING DEEP CONVOLUTIONAL NEURAL
NETWORK
Elif Kevser TOPUZ
Department of Cyber Security
Supervisor: Asst. Prof. Dr. Yasin KAYA
January 2021, 52 pages

Human activity recognition problems involve the processes of recording and analyzing a
person's daily life to identify people's behavioral patterns. Various methods such as Video-
Based activity recognition and Sensor-Based activity recognition have been developed to
collect activity data. Studies have been carried out by recording activities such as walking,
sitting, running, jumping, climbing stairs, climbing stairs by means of depth sensors, wearable
(portable) devices, and RGB cameras. Systems have been developed especially in the fields of
health, the internet of things, smart cities, transportation, and security with activity recognition.
Activity-sensitive approaches have been developed for security monitoring and threat detection
through activity recognition. By monitoring activity-based anomalies, potential threats can be
identified, and appropriate precautions can be taken. Data collection has become extremely
easy because of accelerometer, gyroscope, magnetometer sensors found in almost any smart
device. Deep learning methods such as ANN, CNN, RNN, and LSTM are used to classify the
obtained data.

In our research, we mainly focused on sensor-based activity recognition. Classification tasks
were done using 1-D Convolution Neural Network feeding the raw data from the UCI-HAR
dataset using accelerometer and gyroscope data. Raw data filtered using Median Filter. We
didn't apply any mathematical or statistical feature extraction methods to the data. For the
experimental results, we implemented 6, 7, and 12 classes activity recognition, and achieved
accuracies of 96.95%, 95.03%, and 93.08%, respectively.

Keywords: Deep Learning, CNN, UCI-HAR, Human Activity Recognition, Sensor Based

Activity Recognition



OZET

DERIN OGRENME YONTEMLERI KULLANILARAK INSAN AKTIVITESI
TANIMA

Elif Kevser TOPUZ
Siber Glivelik Anabilim Dali
Danmigman: Dr. Ogr. Uyesi Yasin KAYA
Ocak 2021, 52 sayfa

Insan aktivitesi tanima problemleri, insanlarin davranis kaliplarinin belirlenmesi igin bir kisinin
giinlik yasamin1 kaydetme ve analiz etme siireglerini igerir. Aktivite verilerini toplamak igin
video tabanli aktivite tanima ve Sensor temelli aktivite tanima gibi gesitli yontemler
gelistirilmistir. Derinlik sensorleri, giyilebilir (tasinabilir) cihazlar ve RGB kameralar
araciligiyla insanlarin yiirlime, oturma, kosma, ziplama, merdiven inme, merdiven ¢ikma gibi
aktivitelerini kayit altina alinarak ¢aligmalar yapilmistir. Aktivite tanima ile 6zellikle saglik,
nesnelerin interneti, akilli sehirler, tasimacilik ve giivenlik alanlarinda sistemler gelistirilmistir.
Etkinlik tanima yoluyla giivenlik izleme ve tehdit algilama i¢in faaliyete duyarli yaklagimlar
gelistirilmistir. Faaliyet bazli anormallikler izlenerek potansiyel tehditler tespit edilebilir ve
uygun Onlemler alinabilir. Hemen hemen bir¢ok akilli cihazda bulunan ivmedlcer, jiroskop ve
manyetometre sensorleri sayesinde veri toplamak oldukga kolaylasmistir. Elde edilen verileri
smiflandirmak i¢cin ANN, CNN, RNN ve LSTM gibi derin 06grenme yOntemleri
kullanilmaktadir.

Arastirmamizda esas olarak sensdr tabanl aktivite tanimaya odaklandik. [vmedlger ve jiroskop
verilerinden olusan UCI-HAR veri setindeki ham veriler kullanilarak 1 boyutlu konviilasyonel
sinir ag1 ile siiflandirmalar yapildi. Datalar izerinde matematiksel veya istatistiksel herhangi
bir 6znitelik ¢ikarimi yapilmadi. Ham veriler median filtreleme ile filtrelenmistir. 6, 7 ve 12
aktivite iizerinde gerceklestirilen deneylerde sirasiyla 96.95%, 95.03% ve 93.08% siniflandirma
dogrulugu elde edilmistir.

Anahtar Kelimeler: Derin Ogrenme, CNN, UCI-HAR, insan Aktivitesi Tanima, Sensor

Tabanli Aktivite Tanima
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1. INTRODUCTION

People’s behaviors, activities, ways of doing activities, and many issues related to this process
have always been some of the main issues that attracted the attention of researchers. Recording,
classifying and recognizing human activities have been one of the most remarkable research
topics with the developments in detection and data processing technologies. In recent years,
smart devices (smartphone, smartwatch, music player, etc.) which are found in almost every
human include sensors such as accelerometer, gyroscope, and magnetometer. This made easier
data collection and classification process. In this way, Human Activity Recognition (HAR) has
been used in many areas such as health assessment, environmentally supported living systems,
smart building, sports and exercise, building energy management, and security systems. HAR
problem can be used to detect activity-based anomalies in daily life. Wrigkas et al. (\Vrigkas,
Nikou, & Kakadiaris, 2015) divided human activities into 6 categories according to their
complexity. Behaviors are physical activities related to the psychological state and personality
of the person (Martinez, Yannakakis, & Hallam, 2014). Actions are everything that happens in
a particular situation. They describe the social actions of people (Lan, Sigal, & Mori, 2012).
Gestures represent the primitive movements of one's body parts (Yang, Saleemi, & Shah, 2013).
Atomic action represents a single movement of a single person (Ni, Moulin, Yang, & Yan,
2015). Group actions are described as actions performed by a group (Tran, Gala, Kakadiaris, &
Shah, 2014). Human-to-object or human-to-human interactions are movements in which more

than one person or object interacts (Patron-Perez, Marszalek, Reid, & Zisserman, 2012).

HAR problems include the processes of recording and analyzing a person's daily life to learn
about people and behaviors. Various methods have been developed to collect and classify
activity data. Das Antar et al. (Das Antar, Ahmed, & Ahad, 2019) examined the methods used
for the activity recognition problem in two groups; video-based activity recognition (Bodor,
Jackson, & Papanikolopoulos, 2003; Madabhushi & Aggarwal, 1999; Niu & Abdel-Mottaleb,
2005; Park et al., 2016; Robinovitch et al., 2013; Shieh & Huang, 2009) and sensor-based
activity recognition (Asghari, Soleimani, & Nazerfard, 2020; He, Zhu, Su, & Tentzeris, 2020;
J. Liu et al., 2020; L. Zhang et al., 2020). In our research, we mainly focused on sensor-based
activity recognition. Sensors are devices used to convert physical quantities into electrical

signals, such as heat, distance, shake, gravity, pressure, position, sound waves, and acceleration.



In our daily life, sensors are used in most of the places in daily life, most of the items we use
such as smartphone, tablet, smart home systems, ships, cars, hospitals, smart home appliances,
aircraft radar systems, and navigation systems. In recent studies, it was observed that sensor
data provide more information about people. With sensors, diseases can be detected by
monitoring the heartbeats and brain signals of people and inferences can be made about people
and their feelings (Acharya, Oh, Hagiwara, Tan, & Adeli, 2018; Israel, Irvine, Cheng,
Wiederhold, & Wiederhold, 2005; Jalal, Quaid, & Hasan, 2019). Activity classification can be
performed by recording the activities of people with sensors (Clarkson, Mase, & Pentland,
2000).

Researchers basically divided sensor-based activity recognition into 3 categories; wearable
sensor-based, environmental sensor-based, and smartphone sensor-based activity recognitions.
Wearable sensors are smart sensors that track body movements. Biological sensors (ECG and
EMG), smart watch are the main wearable sensors. Environmental sensors are sensors placed
at a specific point in the environment. Radar, camera, temperature, proximity, and motion
sensors are some of these sensors. Smartphone based sensors are sensors that can detect motion
changes, changes in the environment and magnetic fields in mobile phones. Accelerometer,

gyroscope, magnetometer, GPS, and proximity sensor are sensors found in many smartphones.

In the literature, human activity data were mostly recorded using accelerometer, gyroscope, and
magnetometer sensors. While creating the PAMAP2 (Reiss & Stricker, 2012b) dataset, the data
of 18 activities of the subjects were collected using accelerometer, gyroscope and
magnetometer. It contains sensor data for 18 activities performed in daily life such as walking,
sitting, driving, cycling, ironing, watching TV, and playing football. UniMiB SHAR (Micucci,
Mobilio, & Napoletano, 2017) dataset consists of accelerometer sensors recorded from 30
subjects for use in fall detection. Accelerometer and gyroscope data of 51 subjects for 18
different activities were recorded using smart phones and smart watches, and WISDM (Weiss,
2019) dataset was created. UCI-HAR (Anguita, Ghio, Oneto, Parra, & Reyes-Ortiz, 2013a)
dataset contains the gyroscope and accelerometer signals of the basic 6 activity data and also
takes into account the signals that refer to the sitting-to-stand phase which called transition

activities.

The second step is the classification of activities recorded by sensors. Artificial intelligence,
machine learning, and deep learning methods are used to classify recorded activities. Support
Vector Machine (SVM) (Anguita, Ghio, Oneto, Parra, & Reyes-Ortiz, 2012), Ada Boost,



Decision Tree Classifiers (Reiss, Hendeby, & Stricker, 2013), Multi-Layer Neural Network and
Fuzzy Logic (Kim & Helal, 2014), Multi-Layer Perceptron (MLP) (Walse, Dharaskar, &
Thakare, 2016), AdaBoost.M1 algorithm, Random Forest, J.48, Naive Bayes (Walse,
Dharaskar, & Thakare, 2017), Long-Short Term Memory (LSTM) (Eyobu & Han, 2018),
Convolutional Neural Network (CNN) (Sikder, Chowdhury, Arif, & Nahid, 2019), LSTM-
CNN (Xia, Huang, & Wang, 2020) and hybrid methods (Zhu, Chen, & Ye, 2020).

In the field of security, studies are carried out to identify people from human activities and to
identify their identity (G. Li, Huang, & Xu, 2017)(Topuz & Kaya, 2019). As a result of detailed
analysis of the data received from wearable sensors by using learning methods, it has been seen
that human identification and authentication systems can be developed (Gholamrezaii & Taghi
Almodarresi, 2019). The authors made predictions about the age ranges of people from walking
data from the 3D accelerometer sensor (Terrier & Reynard, 2015). In the study conducted in
2005, the signals produced by the sensors embedded in the portable device were used (Ailisto,
Lindholm, Mantyjarvi, Vildjiounaite, & Makela, 2005). Nowlan's study on identity
identification in 2009 performed the identification of individuals using the biometric features
of human gait with the help of a sensor consisting of an accelerometer and gyroscope. The
movements of the individuals were determined in three different ways with 30 degrees
difference in 6 different ways. The collected data were evaluated with the K-Nearest Neighbor
algorithm and 95% success rate was achieved (Nowlan, 2009). In addition to the individual
studies conducted by the researchers, big companies carried out similar studies. Google
developed a project called ABACUS in 2016 to secure personal data on mobile devices. In this
project, they developed a system, classifying people according to walking data by using the
human activity recognition (HAR) method with the data they collected from 1500 people from
different continents. The researchers used the outputs of deep learning methods (such as CNN
and RNN) to extract the features from the data recorded and achieved the highest accuracy rate
of 69.41% (Neverova et al., 2016). In 2017, a system called iWalk was developed to
authenticate the mobile user. This system collects data based on accelerometers placed on
smartphones and uses the HAR method to determine whether the current user is the owner of
the phone. The application decides whether the user owns the phone within a certain period of
time. If it decides the phone doesn't own it, it will perceive it as lost and generate alerts. The

proposed method achieved an average correct detection rate of 97.80% (G. Li et al., 2017).



The studies show that recognizing events using the sensors of smartphones or a similar device
is feasible. There is a need to develop approaches that provide accurate and reliable
performance for HAR. Moreover, the performance of these models needs to be increased to use
in real-world applications. This motivated us to develop a rapid and accurate approach to HAR.
In literature, a lot of experiments have been applied for the HAR problem. But most of them
used sensor data after signal processing and some complex features calculated from the signal
using mathematical and statistical methods. Researchers used basic activities such as running,
walking, etc. for HAR problems. If we want to recognize human activities or behaviors more
detailed, we should examine complex postural transition activities. In our model, we used raw
data in the UCI-HAR dataset. Experimental results were calculated using 6, 7, and 12 activities
including postural transition activities. In the study, deep learning hyper parameters were
investigated in order to obtain the best results. Experiments were conducted to determine the
effect of the classification results of using different sensor data individually and together. As a

result of experimental tests, it was seen that the proposed model achieved promising results.



2. LITERATURE REVIEW

This research focuses on smartphone sensor-based HAR using UCI-HAR dataset. There are
many datasets for the HAR in literature, especially gyroscope and accelerometer sensor data.
Some of these databases are PAMAP2 (Reiss & Stricker, 2012a), UCI-HAR(Anguita, Ghio,
Oneto, Parra, & Reyes-Ortiz, 2013b), WISDM (Weiss, Yoneda, & Hayajneh, 2019). The data
includes signal data obtained by collecting sensor signals such as accelerometer, gyroscope,
and magnetometer of smart devices. Mostly, the researchers have used basic activities for HAR,

except postural transition activities.

In the study conducted by Kirkan et al. (Kirkan, Samet;Karabey, Isil;Bayindir, 2016),
accelerometer sensors were used found in modern smartphones. Many classification algorithms
were applied to the experiments performed with 10 different activities, including standing,
sitting, lying, walking, running, eating, getting up with a lift, getting off with an elevator,
driving, and cycling. The classification rate of 96% was achieved in the Random Forest
classification algorithm. Tuan Dinh Le & Chung Van Nguyen (Le & Van Nguyen, 2015)
conducted experiments with the UCI-HAR dataset using various machine learning methods.
They achieved a 96.18% classification rate using the Decision Tree algorithm. In a study
implementing LSTM in 2018, researchers achieved 90% accuracy using the UCI-HAR dataset
(Zhao, Yang, Chevalier, Xu, & Zhang, 2018). Researchers obtained accuracy rate of 97% with
their Divide and Conquer Based 1D CNN model (Cho & Yoon, 2018). Researchers (Hassan,
Uddin, Mohamed, & Almogren, 2018) proposed a model based on Deep Belief Neural
Network, and they made experiments with 12 activities from UCI- HAR dataset. They achieved
accuracy and error rate of 95.85% and 4.14%, respectively. Myo et al. (Myo, Wettayaprasit, &
Aiyarak, 2019) used ANN to classify UCI-HAR data and achieved 98.32% accuracy rate. Bilal
et al. (Bilal, Shaikh, Arif, & Wyne, 2019) applied different feature extraction methods to UCI-
HAR dataset and WISDM dataset to classify activities. They implemented MLP, SVM, and LR
classification methods. They added a post-learning data engineering method to their model and
achieved an accuracy rate of 99% for both datasets. In 2019, Irvine et al. (Irvine, Nugent, Zhang,
Wang, & Ng, 2020) collected 24 activities (data from daily activities such as brushing teeth,
going to the toilet, washing dishes, etc.) data from 246 people. Participants' data were recorded

three times a day, in the morning, noon and evening, for a week. In the study conducted to



improve the dataset. Machine learning was performed using NN and as a result, an 80.39%
success rate was achieved. In 2019 (Wu & Zhang, 2019), researchers applied 2 different
encoding algorithms to the UCI-HAR dataset: Gramian Angular Field encoding algorithm
ramian Summation Angular Field (GASF) and Gramian Difference Angular field (GADF).
Later, they applied the 8-layer Deep CNN model that they proposed to 4 different groups, which
they created from the only accelerometer and gyroscope data. They achieved their best
performance of 94% using GADF applied accelerometer data. Fan et al. (Fan, Jia, & Jia, 2019)
applied 3 feature extraction algorithms to the dataset: Fisher score, ReliefF, and Chi square.
They reached 99% success rate using the Decision Tree algorithm. Shah et al.(Zaki, 2020) used
Logistic Regression, Gradient Boosting, Random Forest, Gaussian NB, and KNN algorithms
and UCI-HAR dataset. They obtained accuracy rate of 96.20% using Logistic Regression. In
2019, researchers (M. Zhang, 2019) achieved 95.38% accuracy rate using LSTM network.
Using UCI-HAR, Motion Sense, and MobiAct dataset, researchers classified activities using
KNN, ResNet, and SVM. The accuracy calculated as 96.46% for the UCI-HAR dataset (Garlisi,
2019). T-WaveNet, one of the tree structured neural networks, was used in the study conducted
with OPPORTUNITY (OPPOR), UCI-HAR, BCICIV2a, and NinaPro DB1 datasets. As a result
of the study performed on four different datasets, 97% performance was achieved for the UCI-
HAR dataset for 6 activities (M. Liu, Zeng, Lai, & Xu, 2020). CNN and RNN models proposed
in the study with MotionSense and UCI-HAR datasets. As a result of the tests of the models,
90% classification performance was obtained for 6 activities for the UCI-HAR dataset
(Taghanaki & Etemad, 2020). Researcher (Arigbabu, 2020) achieved an accuracy rate of 97.4%
using their Recurrrent Convolutional Neural Network (RCN) model. Tufek et al. (Tufek et al.,
2020) achieved 90% performance rate using CONV1D in their experiments. They used CNN
and LSTM to calculate experimental results on the UCI-HAR dataset. The researchers used raw
data. Kun Xia et al. (Xia et al., 2020) tested the hybrid LSTM-CNN model and used similar
datasets such as UCI-HAR and WISDM. They achieved a 95.78% classification accuracy rate
for the UCI-HAR dataset. In another study, the researchers (Ramachandran & Pang, 2020)
developed a CNN model using WISDM and UCI-HAR datasets. In this study, they
implemented their model with 6 activities in the UCI-HAR dataset, they achieved a 94%

success rate using transfer learning for the CNN model.



3. MATERIALS AND METHODS

HAR process consists of 4 stages; data collection, data preprocessing, deep learning, and
activity classification. Figure 3.1.1 shows these stages. The data obtained from the subjects are
sent to the pre-processing step, passed through the Median filtering and windowing steps, and
prepared for the deep learning step. In the deep learning step, after the data is trained, tests are

performed to classify the activities.

Data Pre-processing Deep Learning Activity Classification

W

A

Figure 3.1.1: Activity recognition steps: Data Collection, Data Preprocessing, Deep Learning and Activity

Classification

In this study, we used the UCI-HAR dataset. The dataset contains triaxial angular velocity and
linear acceleration signals received from the smartphone's gyroscope and accelerometer
sensors. The sampling rate of the signals for both sensors is 50 Hz. Collected signals are
processed with 3rd order median filtering to reduce noise. Data was transposed after windowing
with 128-size sliding windows and we got one-dimensional data. To make the experiments, the
data were divided into groups according to the number of activities and the sensor data included.
To find optimum values of the learning rate, optimizer, batch size, epoch, output unit size of
convolutional layer and hidden unit size of convolutional layer. The experimental tests were
evaluated with the same test users. While finding optimum values, we have only evaluated
according to accuracy and loss values. Training and testing processes were carried out with a
deep learning model written in python language. Keras and Tensorflow libraries are used to
construct the model. Our evaluation metrics were F1 Score, Precision, Sensitivity, Specificity,

Accuracy, and Loss value.



3.1. Dataset

Basically, the human activity recognition process consists of the steps in Figure 3.1.1. The data
collection step represents obtaining data. UCI-HAR dataset was used in our experiments. This
dataset contains the accelerometer and gyroscope sensor data of 30 users. The researchers
recorded the data in a controlled laboratory environment at a frequency of 50 Hz (per 20
seconds). They recorded the data of each participant in two different ways. In the first stage, a
waist bag was placed on the user's waist and the mobile device was placed inside the bag, in

the second stage, the waist bag was attached to the chest height or where the user wanted.
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Figure 3.1.2: Activity Numbers

While gathering data, users were recorded with a camera to label activities. Figure 3.1.2 shows
the number of labeled samples of 12 activities. Table 3.1.1 shows activities and their labels. 6
basic activities (walking, walking upstairs, walking downstairs, sitting, standing, lying) were
recorded for each subject, also postural transition data of 6 activities are also labeled (stand-to-
sit, sit-to-stand, sit-to-lie, lie-to-sit, stand-to-lie, lie-to-stand.). To conducting the experiments,
the data divided into groups according to the number of activities and the sensor data included.



Table 3.1.1: Activity Labels

Labales for Activity
12 activities 7 activities 6 activities
Id Label Id Label Id Label
1 Walking 1 Walking 1 Walking
2 Walking upstairs 2 Walking upstairs 2 Walking upstairs
3 Walking downstairs 3 Walking downstairs 3 Walking downstairs
4 Sitting 4 Sitting 4 Sitting
5 Standing 5 Standing 5 Standing
6 Lying 6 Lying 6 Lying
7 Stand-to-Sit 7 Postural Transitions
8 Sit-to-Stand
9 Sit-to-Lie
10 Lie-to-Sit
11 Stand-to-Lie
12 Lie-to-Stand
Table 3.1.2:Data Groups
Type Activity Sensor
Number

1 6 Acc+Gyro

2 12 Acc+Gyro

3 7 Acc+Gyro

4 6

5 12

6 7

7 6 Gyro

8 12 Gyro

9 7 Gyro

Table 3.1.2 demonstrates data groups: Type 1 contains, gyroscope and accelerometer data, Type
4, only accelerometer data, and type 7 only gyroscope data, for 6 activities. Type 2, gyroscope
and accelerometer data, Type 5, only accelerometer data, and type 8, only contains gyroscope
data, for 12 activities. Type 3 contains, gyroscope and accelerometer data, Type 6, only

accelerometer data, and type 9 only gyroscope data, for 7 activities.

As seen in Table 3.1.2, the activity numbers were set as 6, 7, and 12. Groups containing 6
activities include the data of walking, walking upstairs, walking downstairs, sitting, lie and
standing activities. Groups containing 12 activities include 6 transition activities besides the

basic 6 activities. Groups containing 7 activities classified 6 transition activities with a single

label. In other words, it includes 6 basic activities and 1 postural transition activities.




3.2. Pre-processing

The dataset contains triaxial angular velocity and linear acceleration signals received from the
gyroscope and accelerometer sensors of a smartphone. The sampling rate of the signals for both
sensors is 50 Hz. Collected signals were processed with 3rd order median filtering to reduce
noise. Data was transposed after windowing with 128-size sliding windows and one-

dimensional data created for the next steps.

3.2.1. Median Filtering
The noise of the signal occurs during data recording or collecting. This noise terribly affects

the signal processing operations. Thus, it must be eliminated to decrease these effects. The
median filter is a non-linear digital filtering method that used to remove noise from a signal or

image. Noise reduction is a specific pre-processing stage to increase the results of later stages.
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Figure 3.2.1: Normal signal example for 4 second
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Figure 3.2.2: Median filtered signal for same 4 second

The main idea is to remove the noise from the data by replacing each input value with the
median of other neighboring input values. Figure 3.2.1 shows the original signal and Figure 3.2.2
shows the same signal after passing through the median filter.

10



Median(L+,L —) =L D

For each value in the selected column, the filter selects the values that come one before and
after the column. The value in the output column is the median of these three values in 37¢
median filtering. So, the median will be the same for the first column and second column. Thus,

the median of the L+ and L- will be L as you can see in Formula 1.

3.2.2.  Windowing Operation

At this stage, we prepared the data using 128 size sliding windows which had a 50% overlap.
This overlap means that the starting point of the next window is shifted left by 64 samples. 6 *
128(2.56 seconds) shaped windows were created to represent one action. Figure 3.2.3

demonstrates windowing operation stages.
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Figure 3.2.3: Windowing Operation

Table 3.2.1: Windowed data in x, y, z-axis for accelerometer and gyroscope sensors

acc_X acc_Y acc_Z gyro_X gyro_Y gyro_Z
0 0.918056 -0.112500 0.509722 -0.054978 -0.069639 -0.030849
1 0.911111 -0.093056 0.537500 -0.012523 0.019242 -0.038485
2 0.881944 -0.086111 0.513889 -0.023518 0.276417 0.006414
125 0.934722 -0.138889 0.031944 -0.045815 0.490830 -0.380264
126 0.923611 -0.144444 0.056944 -0.143553 -0.041539 -0.656680
127 0.923611 -0.144444 0.056944 -0.227853 0.091019 -0.982882
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Table 3.2.1 shows the windowed data samples. The first three columns contain the values of the
accelerometer sensor and the last three columns contain the values of the gyroscope sensor in
the X, y, and z-axis. After the windowed data were created, the data were transposed as in Hata!

Yer isareti basvurusu gecersiz..

Table 3.2.2: Example from transposed windowed data

0 1 2 125 126 127
acc_X 1.020833 1.025000 1.020833 1.022222 1.022222 1.023611
acc_Y -0.125000 -0.125000 -0.125000 -0.119444 -0.120833 -0.125000
acc_Z 0.105556 0.101389 0.104167 0.094444 0.087500 0.091667
gyro_X  -0.002749 -0.000305 0.012217 0.031765 0.031460 0.021380
gyro_Y  -0.004276 -0.002138 0.000916 0.002443 -0.000305 0.003971
gyro_Z  0.002749 0.006109 -0.007330 -0.003665 -0.001527 -0.000305

After the data was transposed, 12637 windows with size 128 * 6 were created. As a result,
combining all windows, 12637 * 770 size dataset was created. The last two columns were

subject Id and action class label.

3.3. Deep Learning Methodologies Used in The Study

Deep learning enables us to train the artificial intelligence that can predict the results of a given
dataset and to work with larger data and more complex artificial intelligence algorithms. Deep
learning includes Artificial Neural Networks (ANN) that imitate the human brain and can be
used in many areas such as visual object recognition, speech recognition, and signal
classification. ANN is an information processing technology that analyzes existing data and
creates new information from this data. A typical ANN consists of the input layer containing
one or more nodes (neurons), the hidden layer, and the output layer. The ANN architecture with
the structures of the neurons is shown in Figure 3.3.1. Each link between neurons is associated
with a numerical value called weight. In this way, the effects of the data on neurons can be
adjusted as desired. Before the data coming to the artificial neuron reaches the next neuron, it
is multiplied by the weights of the connections and transmitted to the activation function. A
neural network without the activation function will have limited learning. Learning of the neural
network in nonlinear situations is provided by using the activation function. Basically, the input
layer used to detect the properties of data (signals, pictures etc.) that are sent to the network and

the output layer calculates result values. Hidden layers are connections between the input and
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output layers, each designed to produce a specific output for an intended result (Okwu &
Tartibu, 2021).

Input Hidden Layer Output

Figure 3.3.1: Basic ANN Structure

3.3.1. Convolutional Neural Network

CNN is a neural network which generally used for classification based on image processing
problems. It achieves very high success in problems such as image classification and object
detection (Simonyan & Zisserman, 2015)(loffe & Szegedy, 2015) using 2D CNN. In addition,
1D CNN often used in classification problems based on sensor data and achieved high
performance (Burger, Qian, Schiele, & Helms, 2020) (F. Li, Shirahama, Nisar, Koping, &
Grzegorzek, 2018) (Moradi, Aghapour, & Shirbandi, 2019). CNNs consist of neurons
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organized in three dimensions. It processes the height, width, and depth. Unlike standard neural

networks. Neurons in any layer depend on only one region of the preceding layer.

| —
I =

Input

A\

’ Output

Convulation Pooling Fully-Connected

Convulation Pooling
Flatten

Figure 3.3.2: Basic CNN Layers

Basic CNN structure consists of three layers; convolutional layers, pooling layers, and fully
connected layers. The structure of a typical CNN is demonstrated in Figure 3.3.2. The
convolational layer used to detect the properties of the signal or image and send results to the
network. The pooling layer reduces the number of weights and checks the availability of
incoming data. The flattening layer prepares the data from the pooling layer for the fully
connected layer. The fully connected layer is a classical neural network layer that used in

classification.

3.3.1.1.  Convolutional Layer
The convolutional layers start with the calculation of the scalar product of the weights and input
data. The output values of the neurons to which the input data are connected be determined by
calculating. This layer performs the normalization of the data and using an activation function

nonlinear data definition of properties to the neural network.

Batch normalization is one of the techniques that can be used to normalize the activations in
the intermediate layers of deep neural networks. In addition to providing a regulating effect, it
also shows a resistance to the extinction gradient of the deep neural network during training. In

this way, it reduces the training time and allows the model to perform better.

Activation functions help normalize the output of each neuron between 1 and 0 or -1 and 1. The

purpose of the activation functions is to adjust the weight and threshold (bias) values.
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Relu, Sigmoid, Tanh, and Softmax activation functions are among the most frequently used
functions. Rectified Linear Unit (ReLU) returns the input directly as an output if the input is
positive. If the input is negative, it returns zero. ReLU is more effective than other functions
because all neurons are not activated at the same time and a certain number of neurons are

activated. Thus, this reduces computation load.

R(z)=max(0,z)

A
v

Figure 3.3.3: ReLU

In some cases, the gradient value is zero because the weights and bias values cannot be updated
during the backpropagation step in the training of NN (Sharma, Sharma, & Athaiya, 2020). The
sigmoid function maps input values between the range O and 1. This can be treated as
probabilities of data points of a particular class and used for binary classification. Unlike the
sigmoid function, the softmax function can be used for classification problems with more than
two classes (Milosevic, 2020). The softmax function is a combination of multiple sigmoid

functions.

3.3.1.2. Pooling Layer
Generally, pooling is used after the convolution layer to reduce the size of the output of the
convolution layer and reduce the complexity in subsequent layers. It can be thought of as the
decreasing resolution of images for image processing. Pooling does not affect the number of
filters. Maximum pooling is one of the most common types of pooling methods. It continues
by taking the maximum value from the pool formed (Milosevic, 2020).
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Figure 3.3.4: Maximum Pooling

In Hata! Basvuru kaynagi bulunamada., there is a 4x4 matrix representing the first input. W
hen a 2x2 filter is passed over our input, a new output is created by taking the maximum values
in the regions where the filter is applied.

3.3.1.3.  Flattening Layer
The depth of the output of the pooling layers can be more than one. The Flatten layer combines
the output from the convolution layers to create a flat structure. Thus, it can be used as input to

the fully connected layer. (Milosevic, 2020).

3.3.1.4.  Fully Connected Layer
The fully connected layer is the layer where the learning process takes place. Data from the
flattening layer is trained here. This layer applies the working logic in classical neural networks.
The properties are kept in the neurons in the layers and the learning process is carried out by

changing the weights and biases (Milosevic, 2020).

3.3.2.  Optimizers

Optimization algorithms are used to minimize the error rate. Adam optimizer is one of the
stochastic gradient descent-based optimization algorithms. Optimization algorithms such as
Adam, adamax, stochastic gradient descent, adagrad, adadelta are frequently used algorithms.

Adam optimizer is more suitable for problems with big data and unstable targets. It is also a
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more applicable and efficient algorithm in practice. The learning rate is a setting parameter that

determines the step size in each iteration in an optimization algorithm.

3.3.3.  Proposed CNN Model
Since the activity classification problem is a one-dimensional time series problem, a one-
dimensional convolutional neural network (1DConv) was used in our study. The layers and

parameters used in our proposed deep NN model are shown in Table 3.3.1.

Table 3.3.1: Proposed CNN Model

Layer (type) Output Shape Param #
ConvlD (None, 768, 256) 2816
Batch_normalization (None, 768, 256) 1024
Activation (None, 768, 256) 0
MaxPooling1D (None, 384, 256) 0
ConvlD (None, 384, 128) 327808
Batch_normalization (None, 384, 128) 512
Activation (None, 384, 128) 0
MaxPooling1D (None, 192, 128) 0
ConvlD (None, 192, 128) 163968
Batch_normalization (None, 192, 128) 512
Activation (None, 192, 128) 0
MaxPooling1D (None, 96, 128) 0
ConvlD (None, 96, 64) 81984
Batch_normalization (None, 96, 64) 256
Activation (None, 96, 64) 0
Flatten (None, 3072) 0

Dense (None, 1024) 3146752
Activation (None, 1024) 0
Batch_normalization (None, 1024) 4096
Dropout (None, 1024) 0

Dense (None, 2048) 2099200
Activation (None, 2048) 0
Batch_normalization (None, 2048) 8192
Dropout (None, 2048) 0

Dense (None, 7) 14343
Batch_normalization (None, 7) 28
Activation (None, 7) 0

Total params: 5,851,491
Trainable params: 5,844,181
Non-trainable params: 7,310
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The proposed model consists of 4 convolutional layers, 1 flatten and 3 fully connected layers.
Hyperparameter optimization performed to minimize the loss function and determine the best
parameters. The next section shows hyperparameter optimization results. We implemented
experimental tests according to different learning rates, batch sizes, optimizers, and epoch size.
To construct an effective CNN model, we tried model optimization techniques that determine
the size and depth of the convolution layers.
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4. RESULTS AND DISCUSSIONS

We used the UCI-HAR dataset to evaluate the proposed model. In the tests, the data were
divided into training (%70) and test (%30) subsets. These subsets were subject dependent, so
the subjects used in training were completely different from test subjects. Training and testing
processes were carried out with a deep learning model written in python language. Keras and
Tensorflow libraries were used in the model. Our evaluation metrics were F1 Score, Precision,
Sensitivity, Specificity, Accuracy, and Loss value. We have only used Type 2 which includes

all activities for hyperparameter optimization.

4.1. Evaluation Metrics

Many metrics are used to measure the performance of classification models. Some of these are
accuracy, loss, F1 score, sensitivity, precision, and specificity. In this study, the results are
metrics such as accuracy, loss, f1 score, sensitivity, and specificity. Accuracy is the number of
predictions where the predicted values are equal to the actual values. So, it is the ratio of correct
predictions to all predictions as you can see in Formula (2).

Number of correct predictions TP + TN 2
Total number of predictions ~ TP + TN + FP + FN

Accuracy =

Loss is also known as the cost function. It provides a more detailed perspective on how accurate
the model is performing. Unlike accuracy, the value is not a percentage. It is equal to the sum
of errors made for each sample in training and testing sets. Loss is often used in the training
process to find the "best™ parameter values for the model. The aim of the training process is to
minimize this value. The most common loss functions are log loss and cross-entropy loss (gives

the same result when calculating error rates between 0 and 1).

Sensitivity (Formula 3) represents the percentages of correctly defined positive values and
specificity (Formula 5) correctly defined negative values in the dataset. In the measurement of
a dataset, accuracy is the proximity of the measurements to a certain value. Precision (Formula
4) is defined as the proximity of the measurements made to each other. The terms "positive"
and "negative" do not represent the utility of any value, but its presence or absence. F1 Score
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value shows the harmonic mean of Precision and Recall (Sensitivity) values and its formula

shown in (6).
Recall(Sensitivity) = L ®3)
TP + FN

.. TP (&)

Presicion = TP T FP
.. IN (5)

Specificity = TN T TP
Presicion * Recall (6)

F1 Score = 2 %

Precision + Recall

= True Positive (TP) is the case where the output of the algorithm outputs YES when the
actual state is YES,

= False Positive (FP) is the case where the output of the algorithm outputs NO when the
actual state is YES.

= True Negative (TN) is the case where the output of the algorithm outputs NO when the
actual state is NO,

= False Negative (FN) is the case where the output of the algorithm YES when the actual
state is NO.

4.2. Hyperparameter Optimization

The data were divided into train data and test data for hyperparameter tuning. 70% of the users
selected as train data and the remaining 30% are selected as test data. The same users (2, 4, 9,
12, 13, 26, 18, 28, and 24 are test users.) (Anguita et al., 2013b) used in our tests to compare
our results with the other researchers’ results. This made the comparison of our results to the
results of the other studies more fairly. Optimization was made for the learning rate, optimizer,
batch size, epoch, dept of the CNN layers, and output unit size of CNN layers. While finding

optimum values, we evaluated according to accuracy and loss values.

Updating parameters in deep learning works by deriving backward derivatives
(backpropagation) and multiplying these derivatives by the parameter called the learning rate.

Since finding the best learning rate (LR), some values in different ranges were tested. If the
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learning rate is high, it causes overfit (excessive memorization), if the learning rate is small, the

training takes too long because the training proceeds with small steps.

Table 4.2.1: Accuracy for different learning rates

Learning Rate Accuracy Loss

0.1 0.9279 0.0659
0.01 0.9171 0.0776
0.001 0.9308 0.0465

We first tried different LRs and the best learning rate value determined as 0.001. As you can
see in Table 4.2.1 when the LR was set as 0.1, the accuracy decreased to 92.79%. When LR
was determined as 0.01 and an accuracy rate of 91.71% was obtained. We achieved the highest
accuracy rate of 93.08% using LR as 0.001.

In deep learning, since it is difficult to train large datasets, the data need to be divided into small
groups (batches). The training cycle is done on small batches selected, so it can be possible to
train the deep learning model more efficiently. The batch size parameter determined when

designing the model, means how much data processes at the same time.

Table 4.2.2: Model perofmance calculated using different batch sizes

Batch size Accuracy Loss

64 0.9308 0.0465
128 0.9131 0.0561
256 0.9221 0.0392
512 0.9308 0.0418

Table 4.2.2 shows the results of the test performed with different batch size values. The results
show that 64 and 256 batch size values gave the best results. The results were remarkably close
to each other. The batch size value was determined as 64 to ensure that the dataset did not give
memorization results, especially for postural transitions. In order not to make the batch size

value too large, the 64-batch size value is chosen.

Optimization algorithms such as Adam, Adamax, Stochastic Gradient Descent (SGD),
Adagrad, Rmsprop are methods used to minimize the error rate. There are some differences
between these optimization algorithms in terms of speed and performance. To find the best
optimization algorithm for our model, tests were performed using Adam, Adamax, Adagrad,

SGD, and Rmsprop optimizers.
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Table 4.2.3: Model perofmance achieved using different optimizers

Optimizer Accuracy Loss

Adam 0.9308 0.0465
Adamax 0.9300 0.0418
AdaGrad 0.8791 0.1119
SGD 0.8316 0.1329
RMSprop 0.9292 0.0544

Table 4.2.3 shows the results of the tests. Especially, the results of the tests were performed using
the Adam and Adamax algorithms obtained remarkably close results to each other. According
to test results, the best result was achieved using Adam optimization algorithm with a small

difference.

Table 4.2.4: Accuracy for different output unit sizes

Hidden unit size Accuracy Loss

64-128 0.9342 0.0478
128-256 0.9340 0.0490
256-512 0.9342 0.0472
512-1024 0.9371 0.0479
1024-2048 0.9308 0.0465

Table 4.2.4 shows the results of different output unit sizes. It can be seen from the table that the
accuracy and loss values are very close to each other. Thus, the lowest loss value was selected
to develop the deep learning model. Using 1024-2048 hidden unit size for fully connected

layers, we achieved the best test accuracy and the smallest loss value.

Table 4.2.5: Accuracy for different dept of hidden unit sizes

Depth of Hidden unit size Accuracy Loss

32-64-128 0.9276 0.0551
64-128-256 0.9255 0.0320
32-64-128-256 0.9290 0.0526
32-64-128-256-512-1024-2048-4096 0.9221 0.0518
2048-1024-512-256-128-64 0.9168 0.0513
1024-512-256-128-64 0.7767 0.1594
512-256-128-64 0.9245 0.0408
256-128-64 0.9271 0.0369
128-64 0.9255 0.0397
64-128-128-256 0.9345 0.0412
256-128-128-64 0.9308 0.0465
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To investigate the depth of our model, we conducted tests with hidden unit size values of
convolutional layers. In Table 4.2.5, the tried unit size values are shown. It was seen that the 256-
128-128-64 value gave the highest accuracy result.

How much the model is trained is an important issue. If the data is not trained enough or
overtrained, the data is memorized. Thus, this issue needs to be balanced. Usually, when the
epoch increases, accuracy will increase, but after a certain value, the data starts to be
memorized. All previous tests were performed with 100 epochs. To determine the best number

of epochs, the training was run at 250 epochs to observe the change in accuracy and loss values.
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Figure 4.2.1: Loss over epochs
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Figure 4.2.2: Accuracy over epochs

24



In our experiments, when we try to find true epoch size, 20 percent of the training data was
selected as validation data. Hata! Basvuru kaynag bulunamadi. shows the change of loss v
alues of train and validation data according to epochs, and Hata! Basvuru kaynagi
bulunamadi. demonstrates the change of accuracy values according to epochs. As you can see
in Hata! Basvuru kaynagi bulunamada., sharply decreased in the loss values of the validation d
ata between 0-50 epochs, and the accuracy value increased sharply in Hata! Bagvuru kaynag
bulunamadi.. After the 100th epoch, the loss and accuracy values are almost stable, so our

epoch value is set to 100.

After parameter optimization, we achieved best values for hidden unit size, batch size,
optimization algoritm and learning rate parameters. Best parameters we found; batch size=64,

optimizer=Adam, learning rate=0.001, hidden unit size=1024-2048, and epochs=100.

4.3. Experimental HAR Results
In the experiments, tests were carried out with the proposed 7-layer deep CNN model.
Evaluation metrics are F1 score, sensitivity, specificity, and accuracy. Table 4.3.1 shows HAR

resulsts.

Table 4.3.1: Human Activity Classification Results

Type  F1 Score Sensitivity Specificity  Accuracy
1 97% 97% 99,37% 96,95%
2 81% 80% 99,34% 93,08%
3 95% 95% 99,17% 95,03%
4 92% 92% 98,31% 91,65%
5 63% 70% 98,16% 79,73%
6 91% 91% 98,50% 91,10%
7 79% 80% 95,80% 79,01%
8 72% 70% 98,16% 81,18%
9 78% 79% 96,32% 78,41%

When the results were examined in detail, it was observed that the results with the only
accelerometer and only gyroscope data between Types 4-9 were lower than Type 1, Type 2,
and Type 3. When the sensitivity and F1 score values of these results were examined, it was
seen that the dataset performed lower in some results. These lower achievements are also
reflected in accuracy values. However, accuracy values and other determinant values also show

high performance for Type 1, Type 2, and Type 3.
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Figure 4.3.3: Confusion Matrix for Type 8

Figure 4.3.1 shows the confusion matrix of Type 2 which includes gyroscope and accelerometer
data of 12 activities. Figure 4.3.2 shows the estimation of only accelerometer data, and Figure 4.3.3
shows the estimation of only the gyroscope data for 12 activities. In Figure 4.3.1, it is observed
that the false predictions are distributed homogeneously, and the accuracy value is 93,08% for
Type2. In Figure 4.3.2 and Figure 4.3.3, it is Seen that some incorrect predictions are over-repeated

for certain activities. When looking at only accelerometer or only gyroscope data, the activities
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were predicted accurately with lower performance, but higher performances were obtained
when accelerometer and gyroscope data were evaluated together.

Table 4.3.2: Detailed Results for Type 2 (12 activities)
Activity ID F1 Score Sensitivity Specificity

1 0.98 0.99 0,99
2 0.97 0.96 0,99
3 0.98 0.98 0,99
4 0.90 0.85 0,98
5 0.92 0.97 0,97
6 0.99 0.99 0,99
7 0.75 0.71 0,99
8 0.67 0.68 0,99
9 0.62 0.62 0,99
10 0.64 0.63 0,99
11 0.63 0.59 0,99
12 0.66 0.62 0,99

We achieved a 79,73% accuracy rate for Type 5 and the confusion matrix is shown in Figure
4.3.2. For the gyroscope, we achieved an 81,18% accuracy rate. If we examine Table 4.3.2, the
correct prediction rate is less in activities between 6-12, which are transition activities,

compared to other activities. Thus, postural transition activities are more complex to recognize.
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Figure 4.3.4: Confusion Matrix for Type 1
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Figure 4.3.5: Confusion Matrix for Type 4
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Figure 4.3.6: Confusion Matrix for Type 7

Figure 4.3.4 shows the confusion matrix of gyroscope and accelerometer data of 6 activities
(Type 1) and we achieved an accuracy rate of 96,95%. Figure 4.3.5 shows the confusion
matrix of Type 4 (only accelerometer data), and we obtained an accuracy rate of 79.01%. The
confusion matrix of Type 7 (only the gyroscope data) shown in Figure 4.3.6 and an accuracy
rate of 79.01% was achieved.

Table 4.3.3: Detailed results for Type 1

Activity ID F1 Score Sensitivity Specificity

1 0.99 0.99 0,99
2 0.99 0.99 0,99
3 0.99 1.00 0,99
4 0.92 0.86 0,99
5 0.93 0.98 0,97
6 1.00 1.00 1.00

Table 4.3.3 shows the values obtained from the test results for 6 activities. When the table is
examined in detail, it is observed that the results of some activities are quite successful. In
addition, it was observed that some wrong predictions were made consistently for the same
activity. Although the sensitivity and precision values may seem low for some activities, the
overall accuracy value is acceptable.
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Figure 4.3.9: Confusion Matrix for Type 9

1: Walking, 2: Walking_Upstairs, 3: Walking_Downstairs, 4: Sitting, 5: Standing, 6: Liying, 7:
Postural transitions. Figure 4.3.7 shows the confusion matrix of gyroscope and accelerometer data
of 7 activities. Figure 4.3.8 shows an estimation of only accelerometer data, and Figure 4.3.9 shows

an estimation of only gyroscope data, for 7 activities, and detailed results shown in Table 4.3.1.

29

- 500

400

- 300

- 200

- 100

Figure 4.3.8: Confusion Matrix for Type 6
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Table 4.3.4: Detailed Results for Type 3

Activity ID F1 Score Sensitivity Specificity

1 0.99 0.98 0,99
2 0.97 0.96 0,99
3 0.99 0.99 0,99
4 0.89 0.84 0,99
5 0.92 0.97 0,97
6 0.99 0.99 0,99
7 0.87 0.88 0,98

Table 4.3.4 shows the values obtained from the test results for 7 activities. In general, it was
observed that false predictions were made for the same activity, as observed in 6-activity and
12-activity results. Some of the sensitivity and precision values decreased due to incorrect
predictions made for the same activities. As a result, the overall accuracy is acceptable as seen

in Table 4.3.1.

4.4. Discussion

In literature, a lot of experiments have been applied for the HAR problem but most of them
used sensor data after processing the signal and extracting some features from the signal. While
researchers doing experiments, they used basic activities such as running, walking, etc. If we

want to recognize activities or human behavior, we should research postural transition activities.

Table 4.4.1: The performance comparison with other studies

Method Accuracy Feature Activity
Extraction Number

(Tufek et al., 2020) 1D CNN (5 Layer) 94% X 6
(Xia et al., 2020) LSTM-CNN 95.78% V4 6
(Arigbabu, 2020) RCN 97.4% v 6
(Cho & Yoon, 2018) Divide and Conquer-Based 97% v 6

1D CNN
(Hassan et al., 2018) Deep Belief Network 95.45% v 12
(Zhao et al., 2018) LSTM 90% J 6
(Ramachandran & Pang, CNN-+Transfer Learning 94% V4 6
2020)
Proposed Model 1D CNN 96,95% X 6
Proposed Model 1D CNN 95.03% X 7
Proposed Model 1D CNN 93.08% X 12
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Some studies, their results, and used methodologies are shown in Table 4.4.1. Most of them
used 6 basic activities from the UCI-HAR dataset to recognize human activities and also applied
feature extraction to data. (Tufek et al., 2020) used raw data signals for 6 activities from the
UCI-HAR dataset. The researchers divided the data into 75% train 25% test data. Their
proposed 1D CNN model consists of 2 convolution layers, a max-pooling layer, a fully
connected layer, and 2 dropout layers. They use ReLu as the activation function. Arigbau
(Arigbabu, 2020) allocated 10% of the UCI-HAR dataset for testing and randomly selected the
test data, and achieved 97% performance rate using the 2-layer RCN model. By creating a total
of 8 LSTM cells, Zhao et al. (Zhao et al., 2018), proposed a model with 2 hidden layers and
determined 70% of the dataset as training data and they obtained an accuracy rate of 90%. Xia
et al. (Xia et al., 2020) proposed a 2-layer model with 64 neurons and achieved 95.78% success
rate in their model. Cho et al. proposed the Divide and Conquer-Based approach and they
obtained 97% accuracy rate using six activities from the UCI-HAR dataset (Cho & Yoon,
2018). Hassan et al. (Hassan et al., 2018) used median and low-pass Butterworth filters on the
dataset. They applied statistical feature extraction methods such as mean, median, and
correlation to the signals and obtained 561 features. We used raw data in our experiments. We
achieved an accuracy rate of 96,95% using our CNN model. We also applied our model to 7
activity classes and 12 activity classes; results are shown in Table 4.3.1. Although we didn't use
any complex feature extraction and pre-processing steps, our model achieved promising results.
The lack of complex pre-processing and feature extraction steps increases the usability of the

model for real-time applications.
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5. CONCLUSIONS

HAR process basically consists of 3 steps as data collection, pre-processing, and classification.
In the pre-processing step, median filtering was applied to the raw data in the UCI-HAR
Dataset. Then, the data was transposed after the windowing step was performed using 128 sized
floating windows, and the dataset with 12637 rows and 770 columns were created. Data were
divided into groups according to the number of activities and the sensor data included. Groups
containing 6 activities include the data of walking, walking upstairs, walking downstairs,
sitting, lie and standing activities. Groups containing 12 activities include 6 transition activities
besides the basic 6 activities. Groups containing 7 activities includes 6 basic activities and 1
postural transition activities. Since the activity classification problem is a one-dimensional time
series problem, 1D CNN was used in our study. Comparisons were made for the learning rate,
the optimizer, batch size, and output unit size. The same users were tested to make the
comparison fairly (2, 4,9,12,13,26,18,28, and 24 are test users). Thus, 30% of the users were
selected as test data and the remaining 70% were used as training data. The best parameters
are batch size is 64, the optimizer is Adam, the learning rate is 0.001, hidden unit size is 1024-
2048, and epochs is 100.

We didn't apply any mathematical or statistical feature extraction methods to the data. For the
experimental results, we implemented 6, 7, and 12 classes activity recognition, and achieved
accuracies of 96.95%, 95.03%, and 93.08%, respectively. When we used only accelerometer or
gyroscope data, we got low accuracies on our experiments While combining two sensors data,
we achieved more acceptable results. As you can see in Table 4.3.1, we obtained highest

accuracies for Type 1, Type 2 and Type 3.
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6. RECOMMENDATIONS

When the confusion matrices of the algorithms applied in the Experiments and Results section
IS examined, it is seen that while the algorithms generally predict an activity, their false
predictions are on the same activities instead of displaying a general distribution. Therefore, the
similarities between the signal data of these activities should be examined and development
should be achieved on the same dataset with new studies on this subject. In our future studies,
activity recognition problems can be used to detect activity-based anomalies in daily life and
real-life applications can be developed.
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