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ABSTRACT

OPTIMAL FEATURE TUNING MODEL BY VARIANTS OF
CONVOLUTIONAL NEURAL NETWORK WITH LSTM FOR
DRIVER DISTRACT DETECTION IN IOT PLATFORM

FARHAN, Hameed Mutlag Farhan
Ph.D., Electrical and Computer Engineering, Altinbas University

Supervisor: Asst. Prof. Dr. Ayca KURNAZ TURKBEN
Date: July / 2024
Pages: 89

Nowadays, traffic accidents are caused due to the distracted behaviors of drivers that have
been noticed with the emergence of smartphones. Due to distracted drivers, more accidents
have been reported in recent years. Therefore, there is a need to recognize whether the driver
is in a distracted driving state, so essential alerts can be given to the driver to avoid possible
safety risks. For supporting safe driving, several approaches for identifying distraction have
been suggested based on specific gaze behavior and driving contexts. Thus, in this paper, a
new Internet of Things (loT)-assisted driver distraction detection model is suggested.
Initially, the images from IoT devices are gathered for feature tuning. The set of
Convolutional Neural Network (CNN) methods like ResNet, LeNet, VGG 16, AlexNet
GoogleNet, Inception-ResNet, DenseNet, Xception, and mobilenet are used, in which the
best model is selected using Self Adaptive Grass Fibrous Root Optimization (SA-GFRO)
algorithm. The optimal feature tuning CNN model processes the input images for obtaining
the optimal features. These optimal features are fed into the Long Short-Term Memory
(LSTM) for getting the classified distraction behaviors of the drivers. From the validation of
the outcomes, the accuracy of the proposed technique is 95.89%. Accordingly, the accuracy
of the existing techniques like SMO-LSTM, PSO-LSTM, JA-LSTM, and GFRO-LSTM is
attained as 92.62%, 91.08%, 90.99%, and 89.87%, respectively for dataset 1. Thus, the
suggested model achieves better classification accuracy while detecting distracted behaviors

of drivers and this model can support the drivers to continue with safe driving habits.

viii



Keywords: Driver Distract Detection in loT , Optimal Feature Tuning Model,
Convolutional Neural Networ, Long Short-Term Memory, Self Adaptive Grass Fibrous

Root Optimization.



OZET

I0T PLATFORMUNDA SURUCU DIKKAT DAGILMASINI
ALGILAMAK iCiN LSTM iLE EVRIMSEL SiNiR AGININ
CESITLERIYLE OPTIMUM OZELLIiKLI AYAR MODELI

FARHAN, Hameed Mutlag Farhan

Doktora, Elektrik ve Bilgisayar Miihendisligi, Altinbas Universitesi
Danigman: Dr. Ogr. Uyesi. Ayca KURNAZ TURKBEN
Tarih: Temmuz / 2024
Sayfa: 89

Gliniimiizde akilli telefonlarin ortaya c¢ikmasiyla birlikte fark edilen siiriiciilerin dikkat
dagimiklig1 nedeniyle trafik kazalar1 meydana geliyor. Dikkatsiz siiriiciiler nedeniyle son
yillarda daha fazla kaza rapor edildi. Bu nedenle, siiriiciiniin dikkati dagilmis bir siiriig
durumunda olup olmadiginin anlasilmasma ihtiya¢ duyulmakta ve olas1 giivenlik
risklerinden kag¢inmak igin siirliciiye gerekli uyarilar verilebilmektedir. Giivenli siirlisi
desteklemek igin, belirli bakis davranisina ve siiriis baglamlarina dayali olarak dikkat
daginikligini belirlemeye yonelik ¢esitli yaklasimlar 6nerilmistir. Bu nedenle, bu makalede
Nesnelerin Interneti (IoT) destekli yeni bir siiriicii dikkat daginikligini tespit etme modeli
onerilmektedir. Baslangigta, Ozellik ayarlama icin IoT cihazlarindan gelen goriintiiler
toplanir. ResNet, LeNet, VGG 16, AlexNet GoogleNet, Inception-ResNet, DenseNet,
Xception ve mobilenet gibi Evrisimli Sinir Ag1 (CNN) yontemleri kiimesi kullanilir ve
burada En 1yi model, Kendini Uyarlayan Cim Fibroz Kok Optimizasyonu (SA) kullanilarak
secilir. -GFRO) algoritmasi. Optimum 6zellik ayarlama CNN modeli, optimum 6zellikleri
elde etmek i¢in girig goriintiilerini isler. Bu optimum o6zellikler, siiriiclilerin siniflandirilmis
dikkat dagitma davranislarini elde etmek i¢in Uzun Kisa Siireli Bellege (LSTM) beslenir.
Sonuglarin dogrulanmasindan 6nerilen teknigin dogrulugu %95,89'dur. Buna gére mevcut
tekniklerin dogrulugu SMO-LSTM, PSO-LSTM, JA-LSTM ve GFRO-LSTM gibi veri seti
1 ic¢in sirastyla %92,62, %91,08, %90,99 ve %89,87 olarak elde edilmistir. Model,

stiriciilerin dikkat dagitict davraniglarini tespit ederken daha iyi simiflandirma dogrulugu

X



elde etmekte ve bu model, siirliciilerin giivenli siiriis aligkanliklarina devam etmelerine

destek olabilmektedir.

Anahtar Kelimeler: IoT'da Siiriicii Dikkatinin Tespiti, Optimal Ozellik Ayarlama Modeli,
Evrisimsel Sinir Agi, Uzun Kisa Siireli Bellek, Kendini Uyarlayan Cim Lifli Kok
Optimizasyonu.
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1. INTRODUCTION

I0T [1] is rapidly recognized in the field of wireless communication. loT communicates and
transfers information to millions of people, objects, and devices all over the world. Desktop
interactions with computers will be no longer in the next generation. The technologies all
around the world are developing as the growth of objects and surroundings is increasing [2].
All these things will be in the form of a network in the future. These things include switches,
tags, and Radio-Frequency Identification (RFID) devices [3]. The unique term “things” can
exchange information and interact with one another to achieve a common goal. In this case,
a cloud-based system is introduced to provide service to all users. This cloud-based device
connects all dissimilar devices and offers services to the users [4]. Among them, the
Information Technology Service (ITS)-cloud-based approach is implemented to enhance
vehicle-to-vehicle security and communications [5]. ITS-cloud delivers various services
such as business applications, cloud backup, research applications, and correspondence
applications. The 10T devices have high security [6]. In this research work, the development
of Artificial Intelligence (Al) is utilized for implementing smart technology into cars and
gives new communication between cars and their drivers. Al has played an important role in
the developed of smart vehicular network-based 10T for accident prevention methods. The
main features of Al are that it has not only avoided the detection problem of diabetes drivers
during driving times. Moreover, it has introduced an Al warning scheme which is utilized to
minimize traffic accidents when the drivers come across to unavoidable distractions.
Additionally, the recent advanced benefits of Al in this research work is helped to avoid the
distraction of drivers and the other features for detecting the hand location, head location,

and pupil diameter.

The people are always engaged in activities like texting, drinking, applying makeup, and
talking on the phone while driving the vehicle. The drivers should be alert of these activities
and need to focus on driving to prevent accidents [7]. The manufacturers of automobiles
should provide advanced intelligence systems on vehicles to alert drivers and to detect
distracted drivers [8]. Advanced devices are introduced to detect the inattention of drivers.
Some models were built to observe, monitor, and detect distracted drivers effectively [9].
The microphones and other electronic devices within the vehicles help to alarm the signal to

the drivers when get distracted and avoid the risk of accidents [10]. The main cause of the



accidents was related to the improper behavior of drivers. The behavior of speeding, drunk
driving, and not wearing seatbelts are also included in the bad behavior of drivers. Real-time

problems can be tackled and prevented by adopting deep learning techniques [11].

Deep learning approaches are proposed to classify the behavior of drivers using 2D cameras
and to extract the image features [12]. The video screening and classification method is
introduced to detect the movements of the drives accurately. Support Vector Machine
(SVM)-based deep learning approach is used to detect the task of distracted drivers [13].
Distracted drivers are classified with CNN and identified as the cause of detection. The
classification of the cause of distraction is very essential to avoid the risk. The cause of the
distraction is dissimilar, and it needs to be found and dealt with accordingly [14]. The images
from the dashboard of the vehicle are gathered and subjected to neural networks and then,
the category of distraction is recognized [15]. Deep learning has shown better performance
in visual representation tasks. Particularly, CNN has achieved high accuracy in image
recognition tasks [16]. Various deep learning methods such as VGGNet, GoogLeNet,
recurrent neural network (RNN), and AlexNet attain progressive results in time series

problems and language issues like machine translation and speech recognition [17].
1.1 MOTIVATION OF THE STUDY

In recent years, the integration of the Internet of Things (iot) with advanced machine learning
techniques has shown significant potential in enhancing road safety by detecting driver
distractions. One promising approach involves leveraging Convolutional Neural Networks
(cnns) combined with Long Short-Term Memory (LSTM) networks to accurately identify
and predict distracted driving behaviors. This research aims to optimize feature tuning in
such models to improve the performance and reliability of driver distraction detection

systems deployed on iot platforms. The motivation for this research is:

a. Increasing Road Safety:

i. High Accident Rates: Driver distraction is a major cause of road accidents globally.
According to the World Health Organization, a significant percentage of road traffic
accidents are due to distracted driving. Detecting and mitigating such distractions can

potentially save countless lives.



Preventive Measures: By identifying distractions in real-time, appropriate preventive
measures can be taken, such as alerting the driver or taking control of the vehicle,
thereby reducing the risk of accidents.

Advancements in Machine Learning:

Effectiveness of CNNs and LSTMs: CNNs are highly effective in feature extraction
from visual data, while LSTMs excel in sequence prediction tasks. Combining these two
architectures can enhance the model's ability to understand and predict driver behavior
over time.

Optimal Feature Tuning: Fine-tuning the features extracted by CNNs and processed by
LSTMs can significantly improve the accuracy and efficiency of distraction detection
models.

Advancements in Machine Learning:

Effectiveness of CNNs and LSTMs: CNNs are highly effective in feature extraction
from visual data, while LSTMs excel in sequence prediction tasks. Combining these two
architectures can enhance the model's ability to understand and predict driver behavior
over time.

Optimal Feature Tuning: Fine-tuning the features extracted by CNNs and processed by
LSTMs can significantly improve the accuracy and efficiency of distraction detection
models.

Integration with loT Platforms:

Real-time Data Processing: 10T platforms enable real-time data collection and
processing from various sensors installed in vehicles. This allows for immediate
detection and response to driver distractions.

Scalability and Deployment: 10T platforms facilitate the deployment of driver
distraction detection systems on a large scale, ensuring that a wide range of vehicles
can benefit from this technology.

Challenges in Driver Distraction Detection:

Variability in Distractions: Driver distractions can vary widely, from using a mobile
phone to interacting with passengers. Developing a model that can accurately detect

such a wide range of distractions requires robust feature extraction and processing.



1.2

Real-time Constraints: Ensuring that the detection system operates in real-time with
minimal latency is crucial for practical deployment. This necessitates efficient feature

tuning and model optimization.
OBJECTIVE

Enhance Detection Accuracy: Improve the precision and recall rates of driver
distraction detection models by optimizing feature extraction and tuning processes.
Minimize Latency: Develop models that can operate with minimal delay, ensuring
timely detection and response to distractions.

Ensure Robustness: Create models that can reliably detect various types of distractions
under different driving conditions.

Facilitate Deployment: Design models that can be easily integrated into existing loT

platforms for widespread use.

The motivation behind this research is to leverage the strengths of CNNs and LSTMs in

creating an optimal feature tuning model for driver distraction detection. By integrating these

advanced machine learning techniques with loT platforms, we aim to develop a robust,

accurate, and scalable solution that enhances road safety by mitigating the risks associated

with distracted driving.

1.3

RESEARCH GAP AND CHALLENGES

The existing works have faced various challenges that are shortly given as follows.

The existing detection models produce the dissimilarity between the classified data and
the public dataset, which results in performance loss. So the adoption of hybrid deep
learning approaches will enhance the existing problems.

The existing model does not consider any spatial-temporal correlation, and so, the
improved LSTM can be incorporated to deal with the spatial-temporal forecasting
problems.

The detection of facial information is unclear in the existing model, so, the fine-tuning
of features using CNN variants is implemented to detect the drowsy and fatigue drivers

and provide high recognition accuracy.



d. The recognition of distracted drivers was focused on a single angle with low image
quality, which may lead to affect the proper detection. Hence, improved deep-learning
approaches have to be developed to detect the behaviour of drivers at different angles

with better prediction accuracy.
1.4 RESEARCH CONTRIBUTION

The major significance of this work is described here.

a) To adopt an advanced driver distraction detection model with the help of an 10T platform
along with the intelligent deep structured model and optimization algorithms for
accurately detecting distracted behavior to avoid road accidents. This performance
improvement in the designed model is done and so, it can be applied to the driver

assistance systems to find appropriate solutions for drivers.

b) To implement the optimal feature tuning model with the nine variants of CNN such as
“LeNet, AlexNet, VGG 16, GoogleNet, ResNet, Inception-ResNet, DenseNet,
Xception, and mobileNet” for obtaining the optimized features with the help of a novel

SA-GFRO algorithm to improve the classification performance.

¢) To suggest the deep structured technique named M-LSTM for categorizing the distracted
behaviors by their actions using the proposed SA-GFRO by the parameter optimization

to improve the classification accuracy and precision of the suggested method.

d) To validate the efficacy of the offered distracted driver detection approach with different

meta-heuristic approaches and classifiers using several quantitative metrics.

The remaining section of the developed model is described as follows. The section 1l
explains the related works and the problems. In section Ill, the proposed distracted driver
behavior model and its dataset description is depicted. In section 1V, the optimal feature
tuning model is carried out. In section V, the developed M-LSTM and the proposed
algorithm are introduced. In section VI, the attained results of the proposed model are

discussed. In section VI1II, the developed distracted driver detection with 10T is summarized.



1.5 THESIS STRUCTURE

This thesis was organized and divided into 5 chapters, The first chapter was divided into 5
sections such as introduction, Problem statements, research contribution and thesis
orginaziton. While the second chapter included the literature review, related work, we
present our methodology in chapter three and in chapter four we discussed explained the
ruslts that get out after implementation of our methodology. The last chapter, called chapter

five included the conclusion and the future work.



2. LITERATURE SURVEY

2.1 BACKGROUND

IoT technology is becoming ubiquitous in today's society, affecting every aspect of our lives.
One of the technologies that can help with today's problems is the Internet of Things (10T),
which is also quite affordable [18] This technology is a component of a new industrial
revolution that is bringing previously unheard-of levels of efficiency to a number of
industries, including smart cities, e-health applications, the automotive sector, and
agriculture [19]. In addition to the incredible results of 10T technology, the countless
features of 10T platforms provide a multitude of devices and apps. According to the well-
known adage that characterizes two sides of a coin, this technology entails security issues
related to user data confidentiality, access control, public infrastructure, emerging threats,
etc. [20] Although implementing 10T platforms serves the primary goal of increasing
efficiency, there are a number of security risks that come with IoT devices since they create
a lot of data that is sent to the internet[21]. The primary obstacles are large volumes of data,

heterogeneity, collectivity, and extra aspects of Internet of Things services.

In order to enhance driver convenience and vehicle safety, driver monitoring systems have
long been essential. The extraction of features is an essential step in the identification of

driving behavior [22].

During the digital development and the artificial intelligence revolution in areas of life,
especially the industrial field. Detecting driver distraction and determining his behavior
while driving a vehicle is one of the most important topics in industrial and academic fields
that researchers are currently focusing on [23]

Human life and safety are among the most important things in our world, and driver

distraction threatens human life and exposes them to danger while driving [24].

Driver distraction is defined as shifting attention toward a competing activity away from
important driving activities, such as Using phone while driving, talking with the person next
to the driver, trying to reach an object in the back seats, eating or drinking something while
driving and focus on using the stereo and radio buttons while driving without due attention

and observing the correct driving conditions, etc [25].
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Traffic accidents cause the death of many people, an estimated 1.9 million people annually,
according to World Health Organization statistics for the year 2023. [26].

We find that most of the causes of these accidents are the result of driver distraction, so
driver distraction is the main factor causing these accidents that pose a great danger to

people’s lives, and which often lead to direct death or serious injuries that sometimes end in

death [27].

This important study addresses all the factors that may affect the driver while driving the

vehicle and distract him.

Using the techniques of artificial intelligence, machine learning and deep learning
algorithms that were used in this thesis in order to build a system that can identify driver

behavior and detect whether a car driver is distracted or not.

Therefore, this system can be used in several fields and applications in daily life, including
developing the driver’s command and control system, developing the autonomous driving
system for the driver’s safety and controlling the vehicle the moment his attention is
distracted, which helps the traffic police recognize the speed of the vehicle. The cause of the
accident, and it is also likely that this system will be developed and adopted by self-driving

car manufacturers.
2.2 RELATED WORKS

In 2020, Omerustaoglu et al. [28] proposed a new model to incorporate sensor data into an
image-based driver distraction detection method to enhance the simplification capability of
the system. Two-stage driver distracts detection systems were assembled to analyze the nine
distracted behaviors. Transfer learning and fine-tuning methods were adopted to create a
vision-based CNN approach. Then, the image data and sensor were linked together to create
the LSTM-RNN approach. With the fusion of these two techniques and the incorporation of
the sensor data was given into the visual-based driver distraction detection method, it has

increased the overall efficacy of this proposed technique using a benchmark dataset.

In 2020, Kumar et al. [29] proposed a new CapsNet-based model to detect the distraction
behavior of drivers. This method was similar to the CNN model and has reduced parameters

close to CNN. The results have determined the distraction of drivers and prevent the risk of
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accidents. The driver’s inattention, hand movements, and other activities were possible to
monitor and alter them from the cause of high risk. This suggested model has outperformed
well on real-life data and the classification accuracy was increased for commonly used

metrics.

In 2019, Botta et al. [30] planned to create a real-time and non-invasive of visual distraction
detection model using real-life data and vehicle dynamics. The data were attributed to the
direct resolution of output weights. The presence of null elements in the matrices has caused
run-time errors in the trained network. Various genetic approaches were involved to explore
the input weights. The proposed method has shown better performance on pseudo pseudo-

inversion model.

In 2021, Huang et al. [31] have suggested a new driver behavior detection model. The DBD
model has low accuracy due to insufficient data, and the negligence of texture information
and multi-level structure. Then, a new approach with the support of Mish was introduced.
The gradient saturation was prevented and ensured a better driving behavior model. The
weight data was used to train the Mish from the first process. The simulation outcomes of
the offered model have attained high accuracy, real-time performance, and simplification
while tested with other traditional techniques.

In 2021, Zhang et al. [32] have introduced a deep learning network compiling of three
modules. The multi-scale feature fusion has aimed to study spatio-dependency from different
modalities and temporal dependence from all modalities. ConvLSTM Encoder-Decoder
model was utilized to perform the classification phase. In the detection process, the UMMFN
reconstruction error was calculated to resolve the fine-grained detection. The validation of

the offered approach over other existing approaches has given significant performance.

In 2020, Huang et al. [33] have developed a Hybrid CNN Framework (HCF) with a deep
learning approach. The pre-trained techniques like Xception, ResNet50, and Inception V3
have enhanced the accuracy of a driving detection system. These pre-trained models were
required to extract the behavior features of drivers. The obtained features from the pre-
trained model were independent. The extracted features were integrated to attain inclusive
information. Finally, HCF was applied to detect the hand movements and anomalies. An

enhanced dropout algorithm was proposed to prevent the overfitting problems associated



with training data. The offered HCF method has gained a higher accuracy rate and helped
the drivers to sustain safe driving.

In 2021, Pal et al. [34] proposed a CNN-based model to detect and classify distracted drivers
and provided a probable solution to the trouble. The activities of the drivers were monitored
with a CNN model and the warning signals alerted the drivers to prevent the risk of accidents.
This suggested model has taken ten dissimilar classes to classify the behavior of drivers.
Hence, nine drivers were distracted by some events and one was driving safely. When one
driver was found distracted, he would be warned with an alarm to avoid the chances of an

accident.

In 2021 Rao et al. [35] proposed a CNN-based approach to detect the distracted driver's
behavior with the data collected from the vehicle cameras. The images were contrasted with
the PCA technique and reduced the correlation of pixel matrices. Also, multi-layered CNN
model was evaluated and the parameters were optimized. The offered approach has enlarged
the accuracy in detecting distracted drivers and outperformed the other machine learning

approaches.

In 2018, Zhang et al. [36] developed a novel color visual saliency segmentation algorithm,
which was utilized to enhance and normalize color values to capture color information. The
author has implemented a Radial Symmetry Transform (RST) algorithm to enhance the
computation efficiency and also decrease the false alarm rate. At last, the simulation findings
have revealed that the recommended method enlarged the robustness and achieved a better

accuracy rate.

In 2019, Minhas et al. [37] investigated diverse approaches to detect the driver’s drowsiness
according to the openness and closeness of eyes for detecting the driver’s drowsiness. Based
on the situations of the unavoidable effect, adequate details of the driver’s situation are

transmitted to the Police Base station.

In 2021, Akrout et al. [38] developed a fusion system according to the detection of
somnolence, yawn, and 3D head pose estimation. The major scope of this recommended
method is to identify the driver's uncommon action by investigating the behaviors of the
face. In the end, the recommended method was validated by publically available databases

and revealed the advanced performance of the recommended fusion system.
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2.3 PROBLEM STATEMENT

The risk of accidents on the road is increased owing to the behavior of drivers. Distracted
driving can be detected and to prevent the risk of impacts by implementing various learning
approaches. The existing advanced features and challenges of the designed distracted driver

detection model are discussed in Table 1.

LSTM-RNN [28] has video screening to detect the actions of drivers and includes mobile
sensors to detect the backward and forward motions of drivers. However, it suffers from
performance loss such as the viewpoint of camera and non-identical car models and it

requires data from multiple drivers to increase the reliability.

DDBD [29] specifically tackles the distraction caused by the usage of mobiles and has shown
promising results in posture classification. But, it does not detect visual features like face

and eye movements and it is unable to detect the drowsiness of drivers.

Genetic pseudo-inversion [30] analyzes the real-time visual distractions. However, it causes
overlapping of data. DDBD-HBCL [31] generalizes high performance in real-time
applications and has gained high accuracy in training the behavior images of drivers. But, it

is hard to recognize the characteristics of drivers due to poor image quality.

UMMEFN [32] increased the quality of the driver’s visual awareness and introduced
microphones to analyze the sounds and voice. But, it cannot detect all facial expressions due

to low light.

HCF [33] assists the drivers in maintaining safe driving habits and resolves the convergence
problem and maximizes the training speed. But, it is incapable to detect the behavior of

drivers from all angles, and detection of driver’s behavior is impossible at night.

CNN [34] monitors the driver’s state and prevents from accidents and also recognizes the
behavior of the driver via a sound alert or vibration in the seat. However, it occur mis-

classification errors and it causes overfitting problems.

PCA-CNN [35] brightens the captured driving images and it also reduces the data noise.
However, it takes a long time to train the recognition model. These challenges help in

implementing a new driver distraction model using IoT and deep learning.
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Table 2.1: Reviewing Different Detection Models Of Driver’s Distraction.

Author Techniques Advantages Disadvantages
[citation]
However, it suffers from
Omerustaoglu | LSTM-RNN It has video screening to detect performance loss such as
et al. [28] the actions of drivers. the viewpoint of camera
It includes mobile sensors to and  non-identical  car
detect the backward and models.
forward motions of drivers. It requires data from
multiple drivers to increase
reliability.
It does not detect visual
Kumar et al. DDBD It is suitable for the real-world features like face and eye
[29] environment related to the movements.
driver distraction model. It is unable to detect the
It has shown promising results Tiness of drivers.
in posture classification for the
distracted driver detection
model.
It does not have the ability
Botta et al. | Genetic pseudo- It analyzes real-time visual to handle other types of
[30] inversion distractions. distractions like face or eye
movements and non-visual
features like drowsiness
detection.
It is hard to recognize the
Huang et al. | DDBD-HBCL It generalizes high characteristics of drivers
[31] performance in  real-time

applications.
It has gained high accuracy in
training the behaviour images

of drivers.

due to poor image quality.
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Table 2.1: Reviewing Different Detection Models Of Driver’s Distraction" Table Continoued".

It cannot detect all facial

Zhang et al. | UMMFN It increased the quality of the expressions due to low
[32] driver’s visual awareness. light.
It has introduced microphones
to analyze the sounds and
voice.
But, it is incapable of
Huang et al. | HCF It assists the drivers in detecting the behavior of
[33] maintaining  safe  driving drivers from all angles.
habits. The detection of a driver’s
It resolves the convergence behavior is impossible at
problem and maximizes the night.
training speed.
However, it has
Pal etal. [34] | CNN figironitors gigliriver oflc misclassification errors that
and prevents from accidents. affect the efficacy of the
developed approach.
However, it has less
Rao et al. | PCA,CNN It brightens the captured generalization ability.
[35] driving images.

It recognizes the behaviour of
the driver via a sound alert or

vibration in the seat.
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3. METHODOLOGY

3.1 DETECTION OF DRIVER DISTRACTION MODEL USING IOT NETWORK
AND DEEP STRUCTURED MODEL

3.1.1 10T Framework for Smart Vehicular Network

Intelligent Transport Systems (ITS)-based 10T seeks more attention in the research areas for
solving the issues related to road safety. An efficient approach needs to be developed for
minimizing the traffic hazards and also for saving the lives of the people, which also reduces
the death rate increase due to accidents. Very essential research is progressed for these
problems and also for gradually decreasing the response time through the accident. Diverse
techniques are developed based on these perspectives, especially in the Vehicular Ad-hoc
Network (VANET), where all the moving vehicles are represented to be the node. Here, the
accidents are detected and reported through the alert messages using the radio frequency
module. Another approach is implemented with limited switches for detecting an accident,
in which mobile communications are utilized for transmitting the alert message, and accident
location can be tracked with the help of the Global Positioning System (GPS) module.
Alternatively, Smartphones are used for detecting vehicle crashes with an Android app, in
which the system computes the tilt angle variations through the accelerometer sensor detects
the speed with the GPS, and finally, sends an accident alert decision. Certain systems
concentrate on some of the preventive methodologies for saving human lives. Similarly,
some approaches focus on avoiding drunken driving through the installation of alcohol
sensors into the steering wheel. Further, it stops the driver from driving when the person is
identified to be intoxicated on calculating his/her alcohol content in the oxygen. Here, the
data is collected from diverse sensors and also used in the event logs for extracting the
essential features for the accident detection model. Also, numerous computational models
are utilized for detecting accidents, which employ regression trees, neural networks, and
nearest neighbors. These systems employ 10T sensors for collecting data to detect accidents
after it occur. Thus, it is not essential for road safety, where the core aim is to detect the
accident prior to its occurrence. Also, the driver’s behavior is said to be the major factor for
accidents and so, 10T technology plays a major role in collecting effective data regarding

distracted driver behaviors. The main problem is that utilizing single sensors for collecting
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the data in accident detection may produce a false positive rate. The general architecture of
loT-aided detection of driver distraction is depicted in Fig. 3.1.
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Figure 3.1 : Smart Vehicular Network Based lot For Accident Prevention.
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3.1.2 Recorded Datasets

The offered detection of driver distracted approach gathers the data from two different

datasets that are given as follows.

a)

b)

2 o T

Dataset 1: The developed model collects the required images from the State Farm
Distracted Driver Detection database [39]. Here, the dataset is incorporated with the
driver images, who perform certain actions like texting, makeup and reaching behind,
talking on the phone, and eating. The data is involved with ten categories for predicting

the behavior of driver distraction using both the train and text data.

Dataset 2: The dataset has been collected by some Turkish centers for teaching car
driving. All cars for driving lessons are equipped with schools to monitor the activities
and efficiency of the driver and coach. This work, in turn, takes advantage of this dataset
in order to monitor the driver's dispersal during the activities that occur while driving.
Note, that all these videos are recorded and published on the YouTube channels of those
centers. They refer to the names of the schools that were used to collect the dataset and

the links to their YouTube pages as follows:

The first school was named “BalgatKeremSiiriictiKursu” and its link on [40].

The second school called is “e direksiyonEnes SAHIN™ and its link is on [41].

The third school is named “DireksiyonGelistirmeMerkezi” and its link on [42].

The fourth school is “DireksiyonEgitimi Mustafa OzkanAkademi” and its link on [43].

The considered images for the developed model are indicated asIM},"d””, where p =

1,2,...,P and Pvisualize the average of garnered driver images from the corresponding

dataset. The ten classes of sample images are shown in Fig.3.2 and .3.3.
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(1): “Safe

Driving"

):
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the Phone-

Right
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“Texting-
left”

(5):
“Talking on
the phone-
left”

(6):
“Operating
the Radio”

Figure 3.2: Sample Distracted Driver Images From Dataset 1.
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(7):
“Drinking”

(8):
“Reaching
behind.”

(9): “Hair
and

makeup”’

(10):
“Talking to

passenger”

Figure 3.2. Sample Distracted Driver Images From Dataset 1. "Figure Continued".
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Figure 3.3 : Sample Distracted Driver Images From Dataset 2 As The Real-Time Data.
3.1.3 Proposed Architecture and Description

Various types of evidence have revealed that distracted driving is the major cause of vehicle
accidents and crashes. For influencing safe driving, different approaches are developed in
detecting distracted driver behaviors that mainly focus on some driving contexts and gaze
behaviors. Based on these aspects, it is very significant to perform the accurate detection of
driver behavior for practical counter-measures. Yet, there is no clear definition for the
distraction but sometimes, it may cause misunderstanding about the distraction to be

overlapped or inattention of driver behaviors such as workload and drowsiness.
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Further, driver distraction is defined to be “the diversion of attention away from activities
critical for safe driving towards a competing activity that causes accidents”. This is also
expanded by integrating with the driver inattention concept which means no attention or
insufficiency towards the critical activities on the safe driving. Also, the existing models
suffer from inadequate performance in the data collection and are also not many
representatives of the driving population that show distracted behavior as a secondary task.
Hence, IoT technology can be involved in collecting efficient data regarding distracted driver

behaviors to achieve effective classification performance.

Moreover, computer vision-based approaches overtake all other algorithms mainly with the
help of hardware computations, neural networks, and camera technology, and also can
extract complex data features. Deep learning frameworks like CNNs are used broadly for
processing complex images. On the other hand, the detection of driver behavior can lead to
overfitting problems and also causes detection failures in practical applications when using
a single pre-trained model for feature extraction. Hence, it is essential to adopt a novel
detection of driver-distracted approach using an optimal feature tuning model that is

pictorially presented in Fig. 3.4.
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The developed driver distraction detection model is implemented using loT technology and
deep structured approaches along with optimization algorithms. The required images of the
driver's behaviour are collected with the support of IoT for generating more detailed
information from the image. The collected images are fed into diverse variants of CNN such
as ResNet, VGG16, Xception, Inception-ResNet, GoogleNet, DenseNet, MobileNet,
AlexNet, and LeNet to acquire the attributes of the distracted behaviours of the driver. These
combined features extraction model is developed for acquiring the more precise features of
the images without any loss of information. The extracted features are then considered for
choosing the accurate features by tuning through the proposed SA-GRFO to enhance the
efficiency of the suggested model. The optimal features are used for the categorization stage,
where the modified LSTM is involved in classifying the behaviours of distracted drivers.
The core aim of the developed approach is to improve the accuracy and precision of the

proposed driver distraction identification model.

3.2 OPTIMAL FEATURE TUNING MODEL USING IMPROVED META-
HEURISTIC CONCEPT

3.2.1 Feature Extraction by Different Variants of CNN

The recommended detection of driver distracted model utilizes the optimal feature tuning
model with various variants of CNN like Resnet, VGG16, Xception, Inception-Resnet,
Googlenet, Densenet, Mobilenet, Alexnet and Lenet for extracting the deep features. The
fascinating application areas for CNN are speech recognition, video processing, natural
language processing, and object detection. It has great learning capacity owing to the usage
of much extraction of feature phases which is utilized to learn representations from data
automatically. The spatial or temporal correlation is a significant feature for CNN variants
and also it can have the ability to extract valuable characteristics from data. Owing to these

precocious features, the CNN variants are picked for this work.

a. LeNet [44]: The proposed distracted driver detection model uses the input
imagesIM;',"d”" for extracting the features to detect distracted driver behavior using
LeNet. It is a common CNN model with integration of convolutional, activation,

pooling, and fully connected layers. It is also comprised of a supplementary set of
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convolutional, pooling, and activation layers for enhancing the classification
performance by introducing the non-linearity function into the network. Here, the
convolutional layer implies the convolution operation to acquire the attributes. When
the size of deep features is increased, the size of the filter is kept to be 5%5, and the filter
size will be gradually increase. The convolutional and pooling layers are performed with
the extraction of features, where the extracted features are obtained for the proposed
model from the pooling layers of LeNet. The acquired features from the pooling layer

of LeNet are presented asFEée"et that is counted to be 150528.

b. AlexNet [45]: The proposed distracted driver detection model uses the input
images/ Mzg"d”” for extracting the features for detecting distracted driver behavior using
Alexnet. The convolution layers are used for acquiring the image features. Then, the
pooling layers are used for reducing the size of the obtained features simplifies the
network computation complexity. Finally, the fully connected layers are utilized for
changing the 2D-feature vector into a 1D-feature vector. The acquired features from the

pooling layer of AlexNet are presented asFEf**¢* that is counted to be 3072.

c. VGG16 [46]: The proposed distracted driver detection model uses the input
images/ M{,”d’"i" for extracting the features for detecting distracted driver behavior using
Vgg1l6. It is according to the CNN architecture that helps to extract the features since it
has the capacity to get more than 1000 features from a single image. This method
contains one pooling layer and three convolution layers, which are repeated to make 16
layers of architecture. In every convolution layer, the filters with 3x3 size are presented
at all the layers. The last stage is used for estimating the low-level features along with
the filters, which are used for obtaining high-level as well as moderate-level features

over the segmented images. The features get though the pooling layer of VGG16 are

represented byFE;?® that is counted to be 150528.

d. GoogleNet [47]: The proposed distracted driver detection model uses the input
imagesIM;',"d”" for extracting the features for detecting the distracted driver behavior
using the Googlenet approach. Convolutional filters under different sizes are utilized for
getting various receptive fields. The training phase is initiated with the input deep

features in the Googlenet, which is given into the three convolution layers. These layers
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extract the low latitude features with the help of 3x3 kernels in addition to the one max
pooling layer. Then, the three pooling layers are incorporated into the network to get the
features with high dimensions from the input deep features. The acquired features

through Googlenet’s pooling layer are represented asFEjg‘mEt that is counted to be

268203.

e. ResNet [48]: The proposed distracted driver detection model uses the ResNet50 technique
for extracting significant features from the input images/ M;;"d””. This approach is
developed with the skipping connections and also with nearly three layers of ReLU and
batch normalization. The remaining block presented in the ResNet is depicted as shown
in Eq. (9).

Ol =]J(in,U + in) (3.1)

Here, the residual map is given by the function/ and the output layer is depicted by
Oland the input layer is indicated byin. The acquired features through the ResNet50°s

pooling layer are indicated byF E;,¢™¢* that is counted to be 784.

f. Inception-ResNet [39]: The proposed distracted driver detection model uses the input
images/ M{,”d”” to extract the features for detecting the distracted driver behavior using
Inception-ResNet-v2. It is used to obtain the features for the classification process. The
reason for choosing the residual connection is that it rejects the degradation problems at
the time of deep structure and ensures the significant feature information such as
location, color, size, and texture. The acquired features from the pooling layer of

Inception-ResNet-v2 are presented asF E 'S that counted to be 150528.

g. DenseNet [50]: The proposed distracted driver detection model uses the input
images/ M;',nd”” for extracting the features for detecting distracted driver behavior using
DenseNet. This network is composed of various dense blocks along with the transition
layer architecture that will overlap the multilayer neural network. Neighboring
Convolutional neural networks are combined to form the residual block. The acquired
features from the pooling layer of DenseNet are presented asF E{**™ that is counted to be
150528.
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h. Xception [51]: The proposed distracted driver detection model uses the input

imagesIM;;"d”” to extract the features for detecting distracted driver behavior using the
Xception model. The input deep featuresIM;',"d”” are termed as convolutional kernels

that are given for getting the image features. Here, the obtained outcome is depicted in
Eq. (10).

Bp = f(CKp * Bp_1 + cp) (3.2)

Here, the activation function is expressed byf(-), convolution operation is symbolized
by“*”, convolution kernel is shown byCKp, an outcome from Pt"convolution layer is
considered byBp and the offset parameter is depicted bycp. The features obtained through

the Xception’s pooling layer are represented asFE,, °? that is counted to be 150528.

i. MobileNet [49]: The proposed distracted driver detection model uses the input
imageslM{,"d”" to extract the features for detecting distracted driver behavior using
MobileNet. Depth-wise convolution is “the step of filtering the input without creating
new features”. Thus, the process to produce new features is called combined point-wise
convolution. Finally, the concatenation of two layers was called depth-wise separable
convolution. This model utilizes the depth-wise convolutions to imply a single filter to
the input and then uses 1x1 convolutions (point-wise) for generating the linear
combination of output from a depth-wise layer. The acquired features from the pooling

layer of Mobilenet are represented asF E;°® that is counted to be 268203.

3.2.2 Optimal Feature Tuning Model

The extracted features from all the variants of CNN such as Resnet, VGG16, Xception,
Inception-Resnet, Googlenet, Densenet, Mobilenet, Alexnet, and Lenet are considered
individually for tuning and obtaining the optimal features. The solutions (each model) are
given in the proposed SA-GFRO for obtaining more accurate results in the classification
phase. If the features from LeNet obtain the bounding value of 0, then these features won’t
be selected as the optimal feature. It is necessary to acquire the bounding value of 1 for the
extracted feature while processing with the proposed SA-GFRO. Then, the features with the
bounding value of 1 are selected for the optimal tuning model. The optimal feature tuning
model with the suggested SA-GFRO is depicted in Fig. 3.5.
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Figure 3.5: The Procedure of Optimal Feature Tuning Model Using Nine CNN Variants.

26




3.2.3 FEATURE CONCATENATION

The optimal features from the nine CNN versions are combined for utilization in the
classification phase. The optimal features from the Resnet, VGG16, Xception, Inception-
Resnet, Googlenet, Densenet, Mobilenet, Alexnet, and Lenet are concatenated into a single
set of deep features that is denoted by FTfOomC =
F Ealex FEP916 FE:QOTlet FETesnet ppinres ppden ppxcep

{ hooTEL R TRk TRk Loonom } whereh = 1,2,...,Tand
FE‘mOb

14

the total number of extracted features is represented byT.

3.3 MODIFIED LSTM ARCHITECTURE FOR IOT-ENABLED DRIVER
DISTRACTION DETECTION

3.3.1 LSTM Model

The concatenated featuresF E/°" are utilized in the M-LSTM [28] for classifying distracted
driver behaviors to avoid traffic accidents. To enhance the effectiveness of the, the recurrent
structures are utilized, where there is no necessity to store the output in the external
memories. The recurrent structures presented in this classifier reduce the complexity while
computing the network. Four different modules are presented and they are “cells, input gate,
output gate and forget gate”. The cell holds the data that are further moved to the input and
output gate. The forget gate is employed to determine the information passed over the
network which is shown in Eq. (11).

cly = o(Bly - [kly—1, FE°)ul + wlg) (3.3)

Here, a sigmoid activation function is denoted aso , and the resultant output obtained from
the hidden state is expressed bykl;,. The weight matrices are represented
asBl, Bly;, Bly;, Blg;, the cell output is indicated bygl,;, the forget gate is denoted byGl,,
the input variable is represented byF E{°™ and the output gate is shown byql,;. The involved
biased values at these gates are portrayed bywl., wlg, wl,, wlg,. Further, the input gate is

designed in Eq. (12).

gly = o(Bly; - [kly—y, (FEFP™) ] + wis) (3.4)
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A new cell gets updated with the sigmoid function, where the new vectorG l,;is generated as

given in Eqg. (13).
Gl, = tank!l (Blhl : [kz”_l, (Fu"ff)”] + wlhl) (3.5)

The old cell is upgraded into the novel cell by connecting the previous state with the forget

gate. Moreover, it also incorporates certain parameters into it as depicted in Eq. (14).
Gly = gly * Glyq +cly * Gltl (3.6)

At last, the outcome gate offers the cell state based on the outcome obtained through the

sigmoid of the output gates that are depicted in Eq. (15) and Eqg. (16).
qly = o(Bly; - [kly—y, (FEF™) ] + wly) (3.7)
kly = qlg * tank 1(dly) (3.8)

The sigmoid activation function in the network is expressed bygand the hyperbolic tangent

is represented bytanh.
3.3.2 Proposed SA-GFRO

The suggested detection of driver distracted model with 10T employs the offered SA-GFRO
for tuning the number of suitable hidden neurons and epochs of LSTM and performs the
optimal feature tuning model for improving the overall efficacy of the developed approach.
GFRO [52] algorithm is chosen for the proposed model as it has the potential to solve real-
time optimization issues and also able to balance the exploitation and exploration phases.
However, it suffers from issues related to local optimum and does not achieve the required
convergence rate. To resolve these conventional challenges of GFRO, an enhanced
algorithm named SA-GFRO is developed with adaptive features. Thus, the SA-GFRO
algorithm is developed for solving the baseline issues. In the proposed SA-GFRO, the step
size equation ccis estimated using the improved concept according to best fitness and current

fitness values.

GFRO [52] is the meta-heuristic algorithm based on the behavior of the grass plant's

regeneration and their fibrous root system. Here, the population is produced in a random

28



manner and the seeding process is used to distribute into the solution into the search space.
After performing the optimization process, a newly generated population is obtained that is
in the range of P1)),,, < Plyew < PL3..,, Where the terms Pl} ,andPl}.,are denoted as the
lower range and upper range among the population variable. The new population is

comprised of several parameters like a best value that is computed in Eq. (9).

99pst = min(f (swrm)) € rP (3.9)

Here, the termf denotes the mean square error function andD represents the problem
dimension. The elementPl,,, includes the total number of grassesgs that are acquired
through the best valuegg,s:, which are frequently diverted by the basic grassesgs; that

involve the step size less thanPly,,,. It is shown in Eq. (10).

gs = ||(0.5 x PD) x ( vy E) )|| (3.10)

avrg(MSE)+min(MSE)

Here, the computation (0.5 x Pl)equals to the maximum number of newly produced grass
branches. The final methodology ofPI[},, consists of new grass that is computed
through(Pl — gs — 1)that can also be changed by the influence of survived best initial
grassesSGgy,that is shown in Eq. (12). Further, all the newly generated greasesgs, are

computed using Eq. (11).

gs, = ones(gs, 1) X gspst + 2 X max(Ply,,,)
X (a(gs,1) — 0.5) X gsps; (3.11)

SGgr = gs, + 2 X max(Pl3,,,)
x (o(Pl — gs — 1,1) — 0.5) x PI%,,, (3.12)

Here, the variableanotes the arbitrary value that is in the interval of[0,1] and the one’s

column vector is indicated byones(-)and then, the new population is described in Eq. (13).

Plyew = [gsbst;gsm;SGgr] (3.13)

Here, the absolute rate of minimization in the MSE is considered, which needs to be less

than or equal to already defined variables like tolerance valuee and then, the global stack
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gets increased and obtained to the maximum predefined value. Further, the next local search
Is given in Eq. (14).

Q = min (MSE) (3.14)
j=1,..,Pl

BSTuin = k"llin. (@) (3.15)

""" <e (3.16)

.....

Then, the locally changed best values for the hair root location are computed in Eq. (17).
Qgsbst(lrj) = avrg(gspst) + gSpst(1,j) + ccy X (60— 0.5) (3.17)

Here, the variablecc,refers to the random variable of ccthat is the step size equation updated

with the adaptive concept of fitness in the proposed SA-GFRO. This is shown in Eqg. (18).

bstfit
Cc =
fit(j)

% Pl (3.18)

Finally, the stopping conditioneg will be verified and terminated during the iterations. The

pseudo code of the suggested SA-GFRO is given in Algorithm 1.
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Algorithm 1: Proposed SA-GFRO

Initialize the overall grass population
Determine the parameters
Compute the fitness function for entire grass solutions
Arrange the solution according to their fitness value
Compute the step size formulation using the Eq. (18).
While (until the stopping criteria) do
Update the new branch grasses using Eq. (11)
Update the survived best initial grasses using Eqg. (12)
Satisfy the condition related to the tolerance valueegiven in Eq. (16).
End While
Update the hair root location using the Eq. (17)
Return the best optimal solution
End

End

The proposed SA-GFRO has enhanced its searching behavior on high-dimensional search
space. It also ensures the superior convergence in acceleration and provides most effective

global optimal solution. The flow diagram of the recommended SA-GFRO algorithm is

visualized in Fig.3.6 and .3.7.
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Adaptive optimization is a concept that performs dynamic recompilation on the section of
the algorithm based on the current iteration. Whereas, self-adaptive optimization can
continuously modify the network to improve the algorithm’s performance based on runtime
behavior. The major intent of using the self-adaptive optimization concept is to adaptively
provide priority to pertinent strategies on diverse issues in the optimization process. It is
utilized to enlarge the applicability of the developed SA-GFRO algorithm. In addition, the
purpose of the self-adaptive concept is to analyze issues like combinatorial optimization
problems, multi-objective optimization problems, and global numerical optimization

problems.

Figure 3.6: Dataflow Diagram for The Suggested SA-GFRO.

adaptive behavior.
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Hence, the offered SA-GFRO approach offers better efficiency through self-
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Figure 3.7: Flowchart of the Suggested SA-GFRO.
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3.3.3 Modified LSTM Model

The developed model detects the distracted behavior of the driver in an accurate manner
using the LSTM along with the aid of suggested SA-GFRO. The detection outcomes from
the proposed model are obtained as different classes of driver’s behavior that may be safe
and distracted activity. The main intention of the developed approach is to improve the
detection accuracy as well as precision that is formulated in Eq. (17).

1
Ofn = agmin | —~
N 5, }( Ay+PrJ (319)

Here, the variable HN/™, . denotes the hidden neurons andEp;?, is presented as epochs of
the LSTM, respectively. The offered SA-GFRO is used for tuning the hidden neurons in the
interval of[5,255] and the epoch counts in the range of[5,20]. Accuracy Ayis “the closeness
of the measurements to a specific value” as given the Eq. (18).

(ip+in)
(ip+in+jp+jn)

Ay = (3.20)
Here, “the true positive and true negative values are shown as ipandin, respectively, and
false positive and false negative values are given as jpandjn, respectively”. Precision Pr is
“the fraction of relevant instances among the retrieved instances” given as in Eq. (19).

__p
r=t (3.21)

The detection of distracted behaviors of drivers is performed with the implemented O-LSTM

as shown in Fig.3.8.
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Figure 3.8: LSTM-Based Distracted Driver Behaviour Classification with IoT.
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4. RESULTS AND DISCUSSIONS

4.1 SIMULATION SETUP

The experiments were carried out by performing the comparisons between the developed
and baseline heuristic algorithms and also with the classification techniques. The population
size was considered as 10 and maximum iterations were observed to be 10 for the
experiments to validate the efficacy of the recommended distracted driver detection model.
The proposed HSWOA was compared with other meta-heuristic algorithms such as “Spider
Monkey Optimization (SMO) [53], particle swarm optimization (PSO) [54], Jaya
Optimization (JA) [55] and GFRO-LSTM [52] and machine learning algorithms like Deep
Neural Network (DNN) [56], Recurrent Neural Network (RNN) [57], Convolutional Neural
Network (CNN) [34], and LSTM-RNN [28]”. The platform utilized for estimating the
recommended distracted driver detection model was Python and certain simulation
validation was employed for testing the developed approach using diverse quantitative
metrics. The parameters of the recommended SA-GFRO-LSTM method are shown in Table
2.

Table 4.1: Parameters of the SA-GFRO-LSTM Method.

Techniques | Parameters | Description Range
Eyc Standard Potential [0,1.2]
A Tafel Line Slope [0,1]
Iy Anode [0,100]
Iy, Cathode [0,100]

GFRO B Constant [0,1]
I Current Limitation Density | [0,10,000]
R, Area-Specific [0,1]

Resistance
HN/™ Hidden Neurons [5,255]
LSTM Ep® | Epochs [5.20]
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4.2 EFFICIENCY METRICS

The efficiency metrics used for the developed distracted driver detection model are given as

follows.

(@ MCC: Itis a metric to analyze binary classifications performance while testing that is
equated in Eq. (40).
ipXin—jpxjn

MCC = ———————— 4.1)
J(ip+jp) (ip+jn) (in+ jp) (in+ jn)

(b) Specificity: It is the quantity of correctly recognized negative observations that are

computed in Eq. (41).

in

SPTY =

(4.2)

in+jp
(c) NPV: Itis the sum of all positive and negative observations that is computed in Eq. (42)

NPV = 2 (4.3)

in+jn

(d) F1-score: It is computed from the recall and precision values while testing that is in Eq.
(43)

2ip

F1=2x (4.4)

2ip+jp+jn

(e) FDR: Itisto compute the predicted number of false positive observations according to

precision values that are given in Eq. (44).

FDR = 22— (4.5)
jp+ip

(F) Sensitivity: It is the quantity of correctly recognized positive values as in Eq. (45).

SEN = 2 (4.6)

ip+jn

(g) FPR: Itis the quantity among the counts of false events incorrectly classified as positive

(false positives) as in Eq. (46).
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FDR = & 4.7)
jp+in
(h) FNR: It is the quantity of positive observations that produce false test outcomes with
the corresponding test that is shown in Eq. (47)
jn

FNR = (4.8)

jn+ip

4.3 DATASET 1 VALIDATION WITH DIFFERENT CLASSIFIERS

The evaluation is done to estimate the efficacy of the offered approach with baseline
GFRO-LSTM provides 4.54%, 3.2%, 5.56%, and 7.95% higher accuracy than the
comparative algorithms like SMO-LSTM, PSO-LSTM, JA-LSTM, and GFRO-LSTM,
respectively when observing at the learning percentage of 70. While noticing other measures
for the implemented model, it is revealed that the highest performance rate has been obtained
on detecting the distracted behaviors of the drivers. Thus, the implemented model has scored

better efficiency than the baseline models.
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Figure 4.1: Recommended Detection of Driver Distracted Model Evaluation With Baseline Meta-

Heuristic Algorithms Regarding : A) "Accuracy".
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Figure 4.2: Recommended Detection of Driver Distracted Model Evaluation With Baseline Meta-

Heuristic Algorithms Regarding : B) "F1-Score".
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Figure 4.3: Recommended Detection of Driver Distracted Model Evaluation with Baseline Meta-
Heuristic Algorithms Regarding: C) "FDR".
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Figure 4.4: Recommended Detection Of Driver Distracted Model Evaluation With Baseline Meta-
Heuristic Algorithms Regarding :D)"FNR".
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Figure 4.5: Recommended Detection of Driver Distracted Model Evaluation With Baseline Meta-
Heuristic Algorithms Regarding : E) "FPR".
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Figure 4.6: Recommended Detection of Driver Distracted Model Evaluation With Baseline Meta-
Heuristic Algorithms Regarding : F) "MCC".
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Figure 4.7: Recommended Detection of Driver Distracted Model Evaluation With Baseline Meta-
Heuristic Algorithms Regarding : g) “NPV".
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Figure 4.8: Recommended Detection of Driver Distracted Model Evaluation With Baseline Meta-

Heuristic Algorithms Regarding: h) “Precision".
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Figure 4.9: Recommended Detection of Driver Distracted Model Evaluation With Baseline Meta-
Heuristic Algorithms Regarding i) "Sensitivity".
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Figure 4.10: Recommended Detection of Driver Distracted Model Evaluation with Baseline Meta-

Heuristic Algorithms Regarding : j) "Specificity”.
4.4 DATASET 1 VALIDATION WITH DIFFERENT CLASSIFIERS

The estimation of the developed model is done by performing the comparison with different
classification techniques at different learning percentages as depicted in Figures below. The
developed SA-GFRO-LSTM secures superior accuracy, which is observed to be 0.6%, 1.3%,
1.4%, and 3.6% than the DNN, RNN, CNN, and LSTM-RNN, respectively at the learning
percentage of 35. When analyzing the negative metrics such as FNR, FDR, and FPR the
developed model stays at the lower position that shows the minimum error occurrence in
detection performance. Thus, the distracted behaviours of the driver have been detected with

high accuracy when tested with the baseline techniques.
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Figure 4.11 : Accuracy Validation of The Recommended Detection Of Driver Distracted Model
Model with Existing Classifiers Regarding: “(A) Accuracy.
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Figure 4.12: Accuracy Validation of The Recommended Distracted Driver Detection Model With
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Figure 4.13: Accuracy Validation of The Recommended detection of Driver Distracted Model
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Figure 4.14: Accuracy Validation of The Recommended Detection Of Driver Distracted Model
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Figure 4.17: Accuracy Validation of The Recommended Detection of Driver Distracted Model
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Figure 4.18: Accuracy Validation of The Recommended Detection of Driver Distracted With
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Figure 4.19: Accuracy Validation of The Recommended Detection of Driver Distracted Model
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Figure 4.20: Accuracy Validation of The Recommended Detection of Driver Distracted Model

With Existing Classifiers Regarding: j) “Specificity”.
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45 DATASET 2 VALIDATION WITH DIFFERENT META-HEURISTIC
ALGORITHMS

The developed SA-GFRO-LSTM-based detection framework is evaluated by comparing it
with the various optimization algorithms that are depicted in Figures below. by considering
different observations with varying learning percentages. The suggested SA-GFRO-LSTM
provides 3.52%, 4.76%, 4.76%, and 6.02% better accuracy when compared to SMO-LSTM,
PSO-LSTM, JA-LSTM, and GFRO-LSTM, respectively. The efficacy of the offered

approach was revealed to be the best among the comparative algorithms.

2 | @ SNOLSTM2T)
| @ PSO-LSTM [28)
@ pLsTm29)

90 4 =« » GFROLSTM [26]
O SAGFROALSTM

s 4

AcOuracy
=
o

n4a

- -y -

0 %0 o0 N 80
Leamng Percentage |)

Figure 4.21: Estimation on Recommended Detection of Driver Distracted Model With

Conventional Meta-Heuristic Algorithms Regarding “(a) "Accuracy".
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Figure 4.22: Estimation on Recommended Detection of Driver Distracted Model With

Conventional Meta-Heuristic Algorithms Regarding “ (b) "F1-Score".
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Figure 4.23: Estimation on Recommended Detection of Driver Distracted Model With
Conventional Meta-Heuristic Algorithms Regarding: (c) "FDR".
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Figure 4.24: Estimation on Recommended Detection of Driver Distracted Model With

Conventional Meta-Heuristic Algorithms Regarding : (d): “FNR".
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Figure 4.25: Estimation on Recommended Distracted Driver Detection Model with Conventional
Meta-heuristic algorithms Regarding : (e) “FPR".
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Figure 4.26: Estimation On Recommended Detection of Driver Distracted Model with

Conventional Meta-Heuristic Algorithms Regarding: (f) “MCC".
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Figure 4.27: Estimation On Recommended Detection of Driver Distracted Model With
Conventional Meta-Heuristic Algorithms Regarding: (g)“ NPV.
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Figure 4.29: Estimation On Recommended Detection of Driver Distracted Model With
Conventional Meta-Heuristic Algorithms Regarding: (i) “Sensitivity".
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Figure 4.30: Estimation On Recommended Detection of Driver Distracted Model With
Conventional Meta-Heuristic Algorithms Regarding: (j) “Specificity”.

4.6 EVALUATION OF THE PROPOSED MODEL WITH VARIOUS
ALGORITHMS

The effectiveness of the developed distracted driver detection model is made into
comparison to show the betterment of the model with different classification strategies as
displayed in Figures below. by considering the learning percentage. The implemented SA-
GFRO-LSTM gives 42.85%, 66.67%, 85.18%, and 63.3% higher precision than the DNN,
RNN, CNN, and LSTM-RNN at the learning percentage of 35. Hence, the superior efficacy
of the developed model is achieved, which is observed through the analysis with existing

models.
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Figure 4.31: Accuracy Validation Of The Offered Detection of Driver Distracted Model with
Existing Classifiers Regarding: “(a) Accuracy".
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Figure 4.32: Accuracy Validation Of The Offered Distracted Driver Detection Model With
Existing Classifiers Regarding “(b) F1-Score,”.
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Figure 4.33: Accuracy Validation Of The Offered Detection of Driver Distracted Model with

Existing Classifiers Regarding: “ (c) FDR".
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Figure 4.35: Accuracy Validation Of The Offered Detection of Driver Distracted Model With
Existing Classifiers Regarding: (e) “FPR".
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Figure 4.36: Accuracy Validation Of The Offered Detection of Driver Distracted Model With

Existing Classifiers Regarding: (f) “MCC".
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Figure 4.37: Accuracy Validation Of The Offered Detection of Driver Distracted Model with
Existing Classifiers Regarding: (g) “NPV".
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Figure 4.38: Accuracy Validation Of The Offered Detection of Driver Distracted Model With

Existing Classifiers Regarding: (h) "Precision”.
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Figure 4.40: Accuracy Validation of The Offered Detection of Driver Distracted Model With
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4.7 EVALUATION OF THE PROPOSED MODEL WITH VARIOUS

ALGORITHMS

The implemented distracted driver detection model is compared with various heuristic
algorithms as shown in Table 3. The developed SA-GFRO-LSTM is 3.06%, 4.8%, 4.91%,
and 6.22% superior to the SMO-LSTM, PSO-LSTM, JA-LSTM, and GFRO-LSTM,
respectively at the accuracy analysis. The developed model has showcased the effectiveness

of accurately detecting the distracted behaviours of the drivers when correlating with the

diverse algorithms.

Table 4.2 : Overall Efficacy of The Recommended Model.
Measures | SMO-LSTM PSO-LSTM JA-LSTM GFRO-LSTM SA-GFRO-
[53] [54] [55] [52] LSTM

Dataset 1
“Accuracy” 92.62 91.08 90.99 89.87 95.46
“Sensitivity” 92.6 91.1 91.2 89.7 95.5
“Specificity” 92.6222 91.0778 90.9667 89.8889 95.4556
“Precision” 58.239 53.1505 52.8696 49.6403 70.0147
“FPR” 7.3778 8.9222 9.0333 10.1111 4.5444
“FNR” 7.4 8.9 8.8 10.3 45
“NPV” 92.6222 91.0778 90.9667 89.8889 95.4556
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Table 4.3:

Overall Efficacy of The Recommended Model.

“FDR” 41.761 46.8495 47.1304 50.3597 29.9853
“F1-Score” 71.5058 67.1334 66.9358 63.9116 80.7953
“MCC” 69.9162 65.4181 65.2437 62.0545 79.5036
Dataset 2

“Accuracy” 88.06 88.97 88.96 87.5 92
“Sensitivity” 87.7 89 88.6 87.5 91.9
“Specificity” 88.1 88.9667 89 87.5 92.0111
“Precision” 45.0205 47.265 47.2281 43.75 56.105
“FPR” 11.9 11.0333 11 12.5 7.9889
“FNR” 12.3 11 11.4 12.5 8.1
“NPV” 88.1 88.9667 89 87.5 92.0111
“FDR” 54.9795 52.735 52.7719 56.25 43.895
“F1-Score” 59.498 61.7412 61.6134 58.3333 69.674
“MCC” 57.4175 59.8284 59.6323 56.25 68.0188

61




4.8 EVALUATION ON PROPOSED MODEL BASED ON DIFFERENT
CLASSIFIERS

The developed driver distraction detection model is evaluated for its performance regarding
different metrics as shown in Table 4. The proposed SA-GFRO-LSTM provides 24.86%,
13.42%, 9.8%, and 6.45% elevated performance in accuracy than the DNN, RNN, CNN and
LSTM-RNN, respectively. On observing analysis results, it is confirmed that the developed
model provides enhanced efficiency in detecting the distracted behaviours of the drivers than

the comparative techniques.

Table 4.4: Overall Evaluation Of Implemented Driver Distraction Detection Model With

Different Classifiers.

Measures | DNN [56] | RNN [57] | CNN [34] | LSTM-RNN SA-GFRO-LSTM
[28]

Dataset 1
“Accuracy” 75.6 84.13 86.04 88.67 95.46
“Sensitivity” 76.4 84.2 86.2 88.8 95.5
“Specificity” 75.5111 84.1222 86.0222 88.6556 95.4556
“Precision” 25.7412 37.0762 40.6604 46.5165 70.0147
“FPR” 24.4889 15.8778 13.9778 11.3444 04.5444
“FNR” 23.6 15.8 13.8 11.2 45
“NPV” 75.5111 84.1222 86.0222 88.6556 95.4556
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Table 4.5: Overall Evaluation Of Implemented Driver Distraction Detection Model With Different

Classifiers.
“FDR” 74.2588 | 62.9238 | 59.3396 53.4835 29.9853
“F1-Score” 38.5081 | 51.4827 | 55.2564 61.0519 80.7953
“MCC” 34.0887 | 48.923 53.0104 59.1248 79.5036
Dataset 2
“Accuracy” 73.68 81.11 0.83.77 86.42 92
“Sensitivity” 74.1 80.9 0.83.7 85.9 91.9
“Specificity” | 73.6333 | 81.1333 | 0.83.7778 86.4778 92.0111
“Precision” 23.7958 | 32.2696 | 0.36.4388 41.3776 56.105
“FPR” 26.3667 | 18.8667 | 0.16.2222 13.5222 7.9889
“FNR” 25.9 191 0.16.3 141 08.1
“NPV” 73.6333 | 81.1333 | 0.83.7778 86.4778 92.0111
“FDR” 76.2042 | 67.7304 | 0.63.5612 58.6224 43.895
“F1-Score” 36.0233 | 46.1363 | 0.50.7734 55.8518 69.674
“MCC” 30.9243 42.938 0.48.1251 53.5353 68.0188
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4.9 EVALUATION OF PROPOSED MODEL BASED ON RECENT DIFFERENT
DEEP LEARNING STRATEGIES

An evaluation of the distracted driver detection method is given in Table 5. The accuracy of
the proposed SA-GFRO-LSTM provides 2.76%, 4.01%, 3.91%, and 2.61% more advanced
than DDBD, DDBD-HBCL, UMMEFN, and HCF for dataset 1. The precision of the proposed
SA-GFRO-LSTM provides 4.53%, 5.13%, 3.75%, and 2.44% elevated performance than
DDBD, DDBD-HBCL, UMMEFN, and HCF for dataset 2. Hence, the proposed distracted

driver detection model provides more advanced performance than the existing methods.

Table 4.6: Evaluation Of Proposed Detection of Driver Distracted with Different Classifiers.

Metrics DDBD [19] | DDBD- UMMEN [22] HCF [23] SA-GFRO-
HBCL [21] LSTM

Dataset 1
“Specificity” 90.13 90.01 92.15 93.40 95.90
“Sensitivity” 90.25 89.70 91.91 93.53 95.87
“F1-Score” 90.14 89.77 91.97 93.43 95.86
“FDR” 9.98 10.15 7.97 6.68 4.16
“Precision” 90.02 89.85 92.03 93.32 95.84
“FPR” 9.87 9.99 7.85 6.60 4.10
“FNR” 9.75 10.30 8.09 6.47 4.13
“NPV” 90.13 90.01 92.15 93.40 95.90
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Table 4.7: Evaluation Of Proposed Detection of Driver Distracted with Different Classifiers.

“Accuracy” 90.19 89.85 92.03 93.47 95.89
“MCC” 80.39 79.71 84.06 86.94 91.77
Dataset 2

“Accuracy” 86.37 88.50 89.71 91.42 95.89
“Sensitivity” 86.61 88.43 89.64 91.46 95.87
“Specificity” 86.13 88.57 89.78 91.38 95.90
“Precision” 86.03 88.41 89.64 91.28 95.84
“FPR” 13.87 11.43 10.22 8.62 4.10

“FNR” 13.39 11.57 10.36 8.54 4.13

“NPV” 86.13 88.57 89.78 91.38 95.90
“FDR” 13.97 11.59 10.36 8.72 4.16

“F1-Score” 86.32 88.42 89.64 91.37 95.86
“MCC” 72.74 77.00 79.42 82.84 91.77
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4.10VALIDATION OF THE DEVELOPED MODEL REGARDING MULTIPLE
DIFFERENT CLASSES OF DISTRACTION ACTIVITY

The estimation of the designed model regarding multiple different classes of distraction

activity using the deep learning model for datasets 1 and 2 is shown in Fig.4.42 and 4.43.

The accuracy of the recommended approach was achieved at 93.6% in a safe driving class.

While taking the texting left class, the accuracy of the offered approach is attained as 94.1%.

Moreover, a better accuracy rate can be achieved in the class “Talking to a Passenger” for

datasets 1 and 2. Thus, the simulation findings of the developed model have revealed that it

attains better accuracy on all classes of driver behaviors for all datasets.
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Figure 4.41: Validation Of the Developed Model Regarding Multiple Classes Of Distraction

Activity For Dataset 1 With Respect To (A) Algorithms.
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Figure 4.42: Validation of the Developed Model Regarding Multiple Classes of Distraction
Activity for Dataset 1 with Respect to (A) Classifier.
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Figure 4.43: Validation of the developed model regarding multiple classes of distraction

activity for dataset 2 with respect to (a) Algorithms.
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5. CONCLUSION

This Dissertation has introduced a novel detection of a driver-distracted model using
suggested SA-GFRO along with the offered M-LSTM approach with the 10T sector. The
gathered input images using l1oT were initially given into the different variants of CNN.
These extracted features were considered for the selection model using the proposed SA-
GFRO to get the best features for detection. Then, the best features were given to the
developed M-LSTM for detecting the distracted behaviors of the drivers. The parameters in
the LSTM were tuned with the support of developed SA-GFRO to elevate the detection
performance. The comparison has been shown that 24.86% superior to DNN, 13.42% better
than RNN, 9.8% improved CNN than, and 6.45% higher than LSTM-RNN when considering
the accuracy analysis. Hence, it was confirmed that the developed distracted driver detection
model has elevated efficiency in detection using developed M-LSTM with the help of

developed M-LSTM when compared with the baseline algorithms.
5.1 FUTURE WORK

A drawback of this work is that the real-time dataset is not considered and also needs to
collect data from more drivers to increase the reliability of the system. In the future, we will
try to improve the reliability of the model by collecting more public as well as real-time data.
Especially, the data related to multiple drivers and driving styles will be added that helps to
enhance the generalization ability of the distracted action detection model.

69



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

REFERENCES

Shivani sharma, Shoney sebastin,”loT based car accident detection and notification
algorithm for general road accidents”, International Journal of Electrical and Computer
Engineering, Vol, pp. 4020, 2019.

A. Kashevnik, R. Shchedrin, C. Kaiser and A. Stocker, "Driver Distraction Detection
Methods: A Literature Review and Framework,"” IEEE Access, Vol. 9, pp. 60063-
60076, 2021.

S. Kaplan, M. A. Guvensan, A. G. Yavuz and Y. Karalurt, "Driver Behavior Analysis
for Safe Driving: A Survey," IEEE Transactions on Intelligent Transportation Systems,
Vol. 16, no. 6, pp. 3017-3032, Dec 2015.

S. M. Iranmanesh, H. Nourkhiz Mahjoub, H. Kazemi and Y. P. Fallah, "An Adaptive
Forward Collision Warning Framework Design Based on Driver Distraction,” IEEE
Transactions on Intelligent Transportation Systems, Vol. 19, no. 12, pp. 3925-3934,
Dec. 2018.

T. Liu, Y. Yang, G. Huang, Y. K. Yeo and Z. Lin, "Driver Distraction Detection Using
Semi-Supervised Machine Learning," IEEE Transactions on Intelligent Transportation
Systems, Vol. 17, no. 4, pp. 1108-1120, April 2016.

A. Fasanmade et al., "A Fuzzy-Logic Approach to Dynamic Bayesian Severity Level
Classification of Driver Distraction Using Image Recognition,” IEEE Access, Vol. 8,
pp. 95197-95207, 2020.

M. Wollmer et al., "Online Driver Distraction Detection Using Long Short-Term
Memory," IEEE Transactions on Intelligent Transportation Systems, Vol. 12, no. 2,
pp. 574-582, June 2011.

F. Tango and M. Botta, "Real-Time Detection System of Driver Distraction Using
Machine Learning," IEEE Transactions on Intelligent Transportation Systems, Vol 14,
no. 2, pp. 894-905, June 2013.

70



[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

XiaoLu, LiZheng, Haodong Zhang, Wuhong Wang, Zhong Lin Wang, Chunwen Sun,
"Stretchable, transparent triboelectric nanogenerator as a highly sensitive self-powered
sensor for driver fatigue and distraction monitoring"”, Nano Energ, Vol 78, pp.105359,
December 2020.

Y. Liang, M. L. Reyes and J. D. Lee, "Real-Time Detection of Driver Cognitive
Distraction Using Support Vector Machines,” IEEE Transactions on Intelligent
Transportation Systems, Vol. 8, no. 2, pp. 340-350, June 2007.

Mabrook S.Al-Rakhami, Abdu Gumaei, Mohammad Mehedi Hassan, Atif
Alamri,Musaed Alhussein, Md. Abdur Razzaque, GiancarloFortino, "A deep learning-
based edge-fog-cloud framework for driving behavior management”, Computers &
Electrical Engineering, Vol 96, pp.107573, December 2021.

Mohammad Shahverdy, Mahmood Fathy, Reza Berangi, Mohammad
Sabokrou,"Driver behavior detection and classification using deep convolutional
neural networks", Expert Systems with Applications, Vol 149, pp. 113240, 1 July
2020.

Mohammad Naim Rastgoo, Bahareh Nakisa, Frederic Maire, Andry Rakotonirainy,
Vinod Chandran,"Automatic driver stress level classification using multimodal deep
learning”, Expert Systems with Applications, Vol 138, pp.112793, 30 December 2019.

Rateb Jabbar, Khalifa Al-Khalifa, bMohamed Kharbeche, Wael Alhajyaseen,Mohsen
Jafari,Shan Jiang,"Real-time Driver Drowsiness Detection for Android Application
Using Deep Neural Networks Techniques”, Procedia Computer Science, Vol 130, pp.
400-407, 2018.

Andrei Aksjonov, Pavel Nedoma, Valery Vodovozov, Eduard Petlenkov, Martin
Herrmann,"A Novel Driver Performance Model Based on Machine Learning”, IFAC-
Papers On Line, Vol 51, pp. 267-272, 2018.

S. M. Iranmanesh, H. Nourkhiz Mahjoub, H. Kazemi and Y. P. Fallah, "An Adaptive
Forward Collision Warning Framework Design Based on Driver Distraction,” IEEE

71



[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Transactions on Intelligent Transportation Systems, Vol. 19, no. 12, pp. 3925-3934,
Dec. 2018.

Tim Jannusch, Darren Shannon, Michaele Voéller, Finbarr Murphy, Martin Mullins,
"Cars and distraction: How to address the limits of Driver Monitoring Systems and
improve safety benefits using evidence from German young drivers", Technology in
Society, Vol 66, pp. 101628, August 2021.

Riaz, Faisal, et al. "Internet of Things Based Driver Distraction Detection and
Assistance System: A Novel Approach.” Adhoc & Sensor Wireless Networks 44
(2019).

M. A. Khan, T. Nawaz, U. S. Khan, A. Hamza and N. Rashid, "loT-Based Non-
Intrusive Automated Driver Drowsiness Monitoring Framework for Logistics and
Public Transport Applications to Enhance Road Safety,” in IEEE Access, vol. 11, pp.
14385-14397, 2023,

Gumaei, Abdu, et al. "A deep learning-based driver distraction identification

framework over edge cloud.” Neural Computing and Applications (2020): 1-16.

Naseri, Raghda Awad Shaban, Ayca Kurnaz, and Hameed Mutlag Farhan.
&quot;Optimized face detector-based intelligent face mask detection model in loT

using deep learning approach.&quot; Applied Soft Computing 134 (2023): 109933.

Khan, Muhammad Qasim, and Sukhan Lee. "A comprehensive survey of driving
monitoring and assistance systems." Sensors 19.11 (2019): 2574.

Fernandez, Alberto, et al. "Driver distraction using visual-based sensors and
algorithms." Sensors 16.11 (2016): 1805.

Moslemi, Negar, Mohsen Soryani, and Reza Azmi. "Computer vision-based
recognition of driver distraction: A review." Concurrency and Computation: Practice
and Experience 33.24 (2021): e6475.

72



[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

Hungund, Apoorva P., Ganesh Pai, and Anuj K. Pradhan. "Systematic review of
research on driver distraction in the context of advanced driver assistance systems."
Transportation research record 2675.9 (2021): 756-765.

Azarbakhsh, Habibollah, et al. "Mortality rate and years of life lost due to road traffic
accidents in Fars Province, 2004-2019." Iranian journal of public health 52.9 (2023).

Arevalo-Tamara, Andrea, et al. "Distracted driving in relation to risky road behaviors
and traffic crashes in Bogota, Colombia." Safety science 153 (2022): 105803.

Furkan Omerustaoglu, C. OkanSakar, Gorkem Kar, "Distracted driver detection by
combining in-vehicle and image data using deep learning", Applied Soft Computing,
Vol 96, pp. 106657, November 2020.

Deepak Kumar Jain, Rachna Jain, Xiangyuan Lan, Yash Upadhyay, Anuj Thareja,
"Driver distraction detection using capsule network”, Neural Computing and
Applications, Vol 33, pp.6183-6196, 2021.

Marco Botta, Rossella Cancelliere, Leo Ghignone, Fabio Tango, Patrick Gallinari,
Clara Luison, "Real-time detection of driver distraction: random projections for
pseudo-inversion-based neural training"”, Knowledge and Information Systems, Vol
60, pp.1549-1564, 2019.

Tao Huang, Rui Fu, Yunxing Chen, "Deep driver behavior detection model based on
human brain consolidated learning for shared autonomy systems", Measurement, Vol
179, pp. 109463, July 2021.

Yuxin Zhang, Yigiang Chen, Chenlong Gao, "Deep unsupervised multi-modal fusion
network for detecting driver distraction”, Neurocomputing, Vol 421, pp. 26-38, 15
January 2021.

C. Huang, X. Wang, J. Cao, S. Wang and Y. Zhang, "HCF: A Hybrid CNN Framework
for Behavior Detection of Distracted Drivers,"” IEEE Access, Vol. 8, pp. 109335-
109349, 2020.

73



[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

Ankit Pal, Subasish Kar, Manisha Bhart, "Algorithm for Distracted Driver Detection
and Alert Using Deep Learning", Optical Memory and Neural Networks, Vol 30, pp.
257-265, 2021.

Xuli Rao, Feng Lin, Zhide Chen, Jiaxu Zhao, "Distracted driving recognition method
based on deep convolutional neural network™, Journal of Ambient Intelligence and
Humanized Computing, Vol 12, pp. 193-200, 2021.

Tao Zhang, Jie Zou & Wenjing Jia "Fast and robust road sign detection in driver
assistance systems," Applied Intelligence, Vol 48, pages 4113-4127, 2018.

Abid Ali Minhas, Sohail Jabbar, Muhammad Farhan & Muhammad Najam ul Islam
"Smart methodology for safe life on roads with active drivers based on real-time risk
and behavioral monitoring,” Journal of Ambient Intelligence and Humanized
Computing, 2019.

Belhassen Akrout & Walid Mahdi "A novel approach for driver fatigue detection
based on visual characteristics analysis,” Journal of Ambient Intelligence and

Humanized Computing, 2021.

Anna Montoya, Dan Holman, Taylor Smith, Wendy Kan. State Farm Distracted Driver
Detection. https://www.kaggle.com/c/state-farm-distracted-driver-detection/data,
2016.

BalgatKeremSiirticiiKursu,https://www.youtube.com/c/BalgatKeremS%C3%BCr%
C3%BCc%C3%BCKursu”, Youtube.

EdireksiyonEnesSAHIN, https://www.youtube.com/channel/UCGKCPmgeYWUuJv
mWHgwn6Pw”, Youtube.

DireksiyonGelistirmeMerkezi, “https://www.youtube.com/c/%C3%9CmmetTA%C5
%9ECIDireksiyonGeli%C5%9FtirmeMerkezi”, Youtube.

DireksiyonEgitimiMustafaOzkanAkademi, “https://www.youtube.com/c/S%C3%BCr
%C3%BCc%C3%BCAdaylar9eC4%B1E%C4%9FitimKanal%C4%B1Mustafa%C3
%96zkan”, Youtube.

74



[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

Chuan-Wei Zhang, Meng-Yue Yang, Hong-Jun Zeng, Jian-Ping Wen, "Pedestrian
detection based on improved LeNet-5 convolutional neural network,” Journal of

Algorithms & Computational Technology, 11 September 2019.

Salma Anber, Wafaa Alsaggaf and Wafaa Shalash,"A Hybrid Driver Fatigue and
Distraction Detection Model Using AlexNet Based on Facial Features,” Electronics,
Vol 11, no. 2, 17 January 2022.

H. Qassim, A. Verma and D. Feinzimer, "Compressed residual-VGG16 CNN model
for big data places image recognition,” IEEE 8th Annual Computing and
Communication Workshop and Conference (CCWC), pp. 169-175, 2018.

P. Salavati and H. M. Mohammadi, "Obstacle Detection Using GoogleNet,"
International Conference on Computer and Knowledge Engineering (ICCKE), pp.
326-332, 2018.

S. Hernandez Sanchez, R. F. Pozo and L. A. H. Gémez, "Driver Identification and
Verification From Smartphone Accelerometers Using Deep Neural Networks," IEEE
Transactions on Intelligent Transportation Systems, Vol. 23, no. 1, pp. 97-109, Jan
2022.

W. Kim, H. -K. Choi, B. -T. Jang and J. Lim, "Driver distraction detection using single
convolutional neural network," International Conference on Information and

Communication Technology Convergence (ICTC), 2017.

Dr. Ali Hussein Hasan, Alaa Abdulraheem Yasir, Dr. Mustafa J. Hayawi,"Driver
Drowsiness Detection Based On the DenseNet 201 Model,” Vol 12, no. 13, 2021.

Z. A. Varaich and S. Khalid, "Recognizing Actions of Distracted Drivers using
Inception v3 and Xception Convolutional Neural Networks," International Conference
on Advancements in Computational Sciences (ICACS), 2019.

Hanan A. R. Akkar, and Firas R. Mahdi, "Grass Fibrous Root Optimization
Algorithm", International Journal of Intelligent Systems and Applications, VVol.9, no.6,
pp.15-23, 2017.

75



[53]

[54]

[55]

[56]

[57]

Kavita Gupta, Kusum Deep and Jagdish Chand Bansal,"Spider monkey optimization
algorithm for constrained optimization problems,"Soft Computing, Vol. 21, pp. 6933—
6962, 2017.

D. Sandberg and M. Wahde, "Particle swarm optimization of feedforward neural
networks for the detection of drowsy driving," IEEE International Joint Conference on
Neural Networks, pp. 788-793, 2008.

K. Gao, Y. Zhang, A. Sadollah and R. Su, "Jaya algorithm for solving urban traffic
signal control problem,” International Conference on Control, Automation, Robotics
and Vision (ICARCV), 2016.

D. Feng, L. Rosenbaum and K. Dietmayer, "Towards Safe Autonomous Driving:
Capture Uncertainty in the Deep Neural Network For Lidar 3D Vehicle Detection,"
International Conference on Intelligent Transportation Systems (ITSC), 2018.

Oluwatobi Olabiyi, Eric Martinson, Vijay Chintalapudi, Rui Guo,"Driver Action
Prediction Using Deep (Bidirectional) Recurrent Neural Network,"Machine Learning,
7 Jun 2017.

76



