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ABSTRACT

Recently, the number of road accidents has been increased worldwide due to the distraction of the
drivers. This rapid road crush often leads to injuries, loss of properties, even deaths of the people. There-
fore, it is essential to monitor and analyze the driver’s behavior during the driving time to detect the
distraction and mitigate the number of road accident. To detect various kinds of behavior like- using cell
phone, talking to others, eating, sleeping or lack of concentration during driving; machine learning/deep
learning can play significant role. However, this process may need high computational capacity to train
the model by huge number of training dataset. In this paper, we made an effort to develop CNN based
method to detect distracted driver and identify the cause of distractions like talking, sleeping or eating by
means of face and hand localization. Four architectures namely CNN, VGG-16, ResNet50 and MobileNetV2
have been adopted for transfer learning. To verify the effectiveness, the proposed model is trained with
thousands of images from a publicly available dataset containing ten different postures or conditions of
a distracted driver and analyzed the results using various performance metrics. The performance results

Accuracy

showed that the pre-trained MobileNetV2 model has the best classification efficiency.

© 2022 The Author(s). Published by Elsevier Ltd.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

Every day, thousands of people die due to road accidents, with
the Middle and Lower-Middle-Class countries having the greatest
mortality rates (Agrawal et al, 2019; Eraqi, Abouelnaga, Saad &
Moustafa, 2019; Yan, Coenen & Zhang, 2016). Many car accidents
occur worldwide, and 90% of them are caused by human or driver
mistakes. According to WHO (World Health Organization, 2020),
the number of deaths caused by road accidents is approximately
1.35 million each year and on average, 64 people die every day.
Road accident is a major problem in many developing countries
including Bangladesh. More than 5000 people were killed in road
accidents across Bangladesh in 2019, an unprecedented increase
from the previous year’s projections. The number of deaths in road
crashes increased to 5227, with 788 more people killed than in
2018. The annual report (Kamruzzaman, 2020) of Nirapad Sarak
Chai (We Want Safe Roads), a non-profit organization dedicated to
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road safety stated that the key causes of road accidents are unqual-
ified and unskilled drivers, vehicles with technological faults, poor
traffic control, a lack of public awareness, reckless vehicle speeds
on highways, faulty road constructions, and inadequate enforce-
ment of traffic laws.

According to the statistics of Bangladesh Jatri Kalyan Samiti
(The Daily Star, 2020), in 2016- the number of road accidents was
4312 and the number of deaths was 6055, in 2017- the number of
road accidents was 4979 and the number of road death was 7397,
in 2018- the number of road accidents was 5514 and number of
deaths was 7221, in 2019- number of road accidents was 5516 and
number of road death was 7855 shown in Fig. 1. Of all, 18.99%
buses, 29.81% trucks, 21.4% motorcycle, 9.35% auto-rickshaw and
others vehicle are involved in road accidents. Therefore, the graph
showed that 90% of the road accident are occurred due to abnor-
mal behavior of the driver such as driver’s eating or drinking, op-
erating radio, talking to others, texting or talking over cell phone
etc. To reduce such non-professional activities, machine learning
can play a significant role by detecting the distracted driver activ-
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ities and notify the driver to stop while these activities occur to
prevent accidents.

Machine learning especially deep learning is concerned with
the development and implementation of models or algorithms
that enable a system to gain the necessary knowledge based on
prior experience or data sets. Monitoring and analyzing the dis-
tracted driver behavior and hence addressing the problem using
machine learning has been popular and attracted the researchers
as an emerging solution nowadays. Using smart system like on-
board camera or computer can be used to collect driving data and
drivers’ postures. This information can be used to train a variety of
machine learning models such as- support vector machine, neural
network and deep neural networks to learn driving behavior and
identify abnormal activities like- sleeping, talking to others, or eat-
ing during the driving (Alvarez, Garcia, Naranjo, Anaya & Jimenez,
2014; Kouchak & Gaffar, 2019; Morton, Wheeler & Kochenderfer,
2016). In this concern, our primary goal is to design a convolu-
tional neural network-based architecture that can easily detect and
identify the distracted driver. Recently, researchers are exploring
machine learning methodology to realize driving behaviors, build-
ing automated driver assistance facilities to mitigate road traffic in-
cidents. Deep learning algorithms have demonstrated impressive
performance by extracting various useful information from real-
time image processing and computer vision due to the huge com-
putational capabilities.

To detect various kinds of distracted behavior of a driver like
using cell phone, talking to others, eating, sleeping or lack of
concentration during driving, deep learning models can generate
warnings for the distracted driver periodically. Fig. 2 depicts the
schematic diagram of the current study.

We utilize various Convolutional Neural Network (CNN) archi-
tectures such as VGG-16, ResNet50, and MobleNetV2 and analyze

the results using appropriate classification evaluation metrics such
as average training loss, validation accuracy, training accuracy for
various test experiments. We have found that the proposal can
effectively detect various abnormal and distracted behavior such
as drinking, talking and texting, etc. of a distracted driver. In this
study, we focus on developing a CNN-based approach for detecting
distracted drivers and determining the source of distraction. Thus,
the outcome of this work may reduce the number of accidents ac-
cordingly if we can build an automated system in real time. The
contribution of this paper is as follows:

e Propose a convolutional Neural network-based (CNN) based
driver distraction detection model that uses various architec-
tures like Resnet50, MobileNetV2 along with transfer learning.

For performance comparison, several experiments are con-
ducted using a different number of images collected from a
publicly available dataset. This dataset comprises thousands of
images with ten different gestures of a distracted driver includ-
ing sleeping, talking to others, using cell phone etc.

Finally, to verify the effectiveness, appropriate validation met-
rics such as average training time, accuracy, validation and
training accuracy are considered and the results show that
ResNet50 and MobileNetV2 architecture outperform the others
models.

The remainder of the paper is arranged as follows. Section 2
provides a brief review of previous studies regarding the identifi-
cation of distracted driver behavior using machine learning algo-
rithms. In Section 3 and 4, we describe the proposed methodology
along with the CNN architectures adopted in the proposal. Section
5 presents the findings of the experiments as well as a discussion.
Finally, section 6 concludes this study with future works.
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2. Literature survey

Machine learning techniques are now being used in several ap-
plications. For example, cyberbullying detection (Islam et al., 2020),
Human biometric recognition, medical record diagnosis (Ahamed
et al, 2021; Ahmed et al, 2021), and human activity are some
of the applications mentioned here. This section describes some
related literature related to our work that is relevant to machine
learning and deep learning approaches.

2.1. Machine learning approaches

Nowadays, machine learning algorithm to be trained using real-
time images to detect distracted drivers is becoming more popu-
lar. For instance, Feng and Yue (2019) built a more inclusive dis-
tracted driving dataset using ten categorized images. They used a
variety of machine learning approaches, including linear SVM, soft-
max, naive bayes, decision tree, and neural network, where the
SVM classifier had the highest classification accuracy of 72.80%.
Fernandez, Usamentiaga, Cartis and Casado (2016) explored the use
of an SVM-based detector to determine if a driver is using a cell-
phone while driving. Images of drivers’ faces were used to conduct
the investigation. The hidden Markov model (HMM) is designed to
detect driver behavior (Iversen, Mpgller, Morales & Madsen, 2016).
AdaBoost and Hidden Markov models are explored by Craye and
Karray (2015) to detect distracted behaviors of a driver but this
approach is based on data generated in an indoor environment.

Using machine learning and fuzzy set theory, authors proposed
a novel approach for testing driver distraction while performing a
secondary task like chatting on a mobile phone, which is inves-
tigated as the secondary activity (Aksjonov, Nedoma, Vodovozov,
Petlenkov & Herrmann, 2017, 2018a). There are several different
methods, such as artificial neural networks or multi-layer percep-
tron classifiers, that have been studied to model the behavior of
any distracted driver (Bejani & Ghatee, 2018; Jabbar et al., 2018).
For example, the driver models using machine learning algorithms
such as ANN and ANFIS are presented (Aksjonov, Nedoma, Vodovo-
zov, Petlenkov & Herrmann, 2018b).

Nowadays, researchers can easily acquire eye and vehicle dy-
namics data, enabling them to investigate relations between these
data and a driver’s stress (Boril, Omid Sadjadi, Kleinschmidt &
Hansen, 2010; Lanat‘a et al.,, 2014). Traditional machine learning
approaches were mainly utilized in the literature to manually ex-
tract features from data and then integrate the features to con-
struct stress detection models (Nakisa, Rastgoo, Tjondronegoro &
Chandran, 2018). Even though the handmade features technique
produces outstanding results, appropriately extracting meaningful
and representative qualities is always a challenge. Furthermore,
the method of handcrafted features needs specialized knowledge
and is more prone to noise and data volatility. As a result, sev-
eral academics have developed multimodal data-based stress level
detection algorithms. The authors developed a driving simulator
that combines multimodal data, such as video data (facial activity)
and physiological data, to assess stress levels (Benoit et al., 2009).
To measure the driver’s stress levels, the model used facial move-
ments such as blinking, yawning, and head tilting, as well as ECG
and electrical skin reactions. The authors presented a methodology
to identify and predict driver stress levels and driving performance.
Physiological signals, video recordings (eye data, head movement),
and environmental data are multimodal data. With an accuracy of
86%, the model employed a support vector machine (SVM) classi-
fier to discriminate between two stress levels (no stress and stress)
(Rigas, Goletsis & Fotiadis, 2011).

Aksjonov, Nedoma, Vodovozov, Petlenkov and Herrmann
(2018a) proposed a hybrid technique by combining a modified
machine learning algorithm and fuzzy logic to detect and evaluate
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driver distraction while conducting secondary tasks. Their model
includes a subsystem that measures the deviation of drivers
from their normal activities. The driver distraction is calculated
using the Fuzzy logic. Torres, Ohashi and Pessin (2019) offered a
non-intrusive method for automatically distinguishing between
drivers and passengers when reading a message in a vehicle. They
collected data from smartphone sensors and fed the data into
their machine learning model. In various settings, they simulated
and assessed seven cutting-edge machine-learning techniques.
The authors’ model includes Convolutional Neural Network with
Gradient Boosting.

2.2. Deep learning approaches

The researchers have recently shown that Deep learning ap-
proaches have outperformed conventional machine learning strate-
gies for automatically detecting distracted postures. For exam-
ple, deep learning is used to classify driver stress levels (Rastgoo,
Nakisa, Maire, Rakotonirainy & Chandran, 2019) while tracing
the drivers’ movements and recognize their behavioral patterns
(Galarza, Egas, Silva, Velasco & Galarza, 2018). The authors de-
veloped a CNN-based framework that recognizes and reveals the
source of driver distraction. The efficiency of their enhanced
VGG16 architecture is increased by 96.31% Baheti, Gajre and Tal-
bar (2018). Yan et al. (2016) examined CNNs to detect distracted
behavior using four different distraction postures.

Using a Deep Learning algorithm, Abouelnaga, Eragi and
Moustafa (2017) developed real-time distracted driver posture clas-
sification. Deep learning models such as AlexNet, InceptionV3, Ma-
jority Voting Ensemble, and GA-Weighted Ensemble were used to
evaluate the proposal. For driver behavior prediction via sensory-
fusion architecture, the authors used the Recurrent Neural Net-
works (RNNs) algorithms (Jain, Singh, Koppula, Soh & Saxena,
2016). They have tracked the driver's face and head position and
combined the driver’s features from both inside and outside the
vehicle using GPS, road camera, and vehicle dynamics. Kim, Choi,
Jang and Lim (2017) suggested a system for detecting driver dis-
traction using RestNet50 and MobileNet CNN models. However,
their analysis only looked at two types of distractions: looking in
front and not looking in front postures. Mase et al. (2020) pro-
posed a hybrid deep learning model that combines pretrained In-
ceptionV3 and stacked Bidirectional LSTMs for detecting the dis-
tracted behavior with an accuracy of around 92.70%. Ou and Kar-
ray (2019) proposed a generative adversarial network-based driver
distraction detection system (GANs). The author used the Internet
to gather a diverse data set of drivers in various driving conditions
and behavior patterns and train generative models for a variety of
driving scenario.

Shahverdy, Fathy, Berangi and Sabokrou (2020) suggested a 2D
Convolutional Neural Network (CNN) for detecting driver distrac-
tions and identified five types of driving styles using driving sig-
nals such as acceleration, gravity, throttle, speed, and Revolutions
Per Minute (RPM), including normal, aggressive, distracted, drowsy,
and drunk. They presented a three-phase strategy based on a
lightweight 1D-CNN to detect driving behavior from vehicle signals
(Shahverdy, Fathy, Berangi & Sabokrou, 2021).

Majdi, Ram, Gill and Rodriguez (2018) recommended CNNs to
detect driver distraction postures and applied the U-Net CNN ar-
chitecture for collecting context around the objects. The Distracted
Driver dataset from the American University in Cairo (AUC) was
used to train their model. When compared to Support Vector
Classifiers and other CNN designs, their findings indicate a sig-
nificant improvement concerning accuracy level. Similarly, Eraqi
et al. (2019) suggested for utilizing four distinct CNN architec-
tures to create a weighted ensemble of CNNs. Next, the CNNs
are trained using the AUC distracted driver dataset’s five separate
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picture sources: raw images, skin-segmented images, face images,
hands images, and face and hands images. According to the results,
individual CNNs exhibited the best accuracy when trained on raw
images. Following that, the predictions from the various CNNs are
merged using a weighted Genetic Algorithm (GA), and the find-
ings demonstrate that the fusion is more accurate than standalone
CNNs and majority voting fusion.

3. Methodology

The process of detecting abnormal behavior of a distracted
driver is presented in Fig. 3. In the proposal, firstly, the image
is preprocessed for training the model with different postures of
the driver including, eating, cell-phone texting, talking to others.
Secondly, the pre-trained Convolutional model consists of differ-
ent CNN-based deep learning architecture including ResNet50, Mo-
bileNetV2 has been adopted to identify the distracted behavior of
the driver. Finally, the model is evaluated using the testing data
images and we analyze the results of the proposal.

The steps that are carried out in the proposal are explained in
this section:

1. Input Dataset: To train any learning model, we need to input
images that represent the status of any distracted driver like
gossiping, sleeping, or eating during the driving. This raw data
can be collected using on-board computer system or external
camera. We use an ideal dataset that contains thousands of im-
ages for our implementation.

2. Preprocessing: Preprocessing the images before fitting them
into the learning module is essential to obtain accurate results.
For example, we have to rotate and resize the system’s input
images.

3. Convolutional Neural Network: The CNNs are trained on raw
images and can automatically extract high-level features from
raw input features that are used for the detection, classifica-
tion, and segmentation. Different architectures like ResNet50,
VGG16, and MobileNetV2 are incorporated in our model. These
architectures apply a filter to an input image to generate a fea-
ture map that summarizes the presence of detected features.
The pooling layer is responsible for reducing the size of the ex-
tracted vectors which minimize the required computational en-
ergy to process the data by dimensionality reduction. In addi-
tion, it can identify and extract the dominant feature that are
necessary for effective classification or detection process. Fi-
nally, the fully connected layers are similar to the traditional
multi-layer perceptron neural network that connects every neu-
ron layer-wise. Here, backpropagation is applied to every itera-
tion of training make the system learn.

4, Classification: In this phase, the CNN identify each of the dis-
tracted behavior based on the learned experience of the previ-
ous phase.

4. Pre-trained model transfer learning

Transfer learning which is one of the studies in deep learning
is implemented in multi-tasking and idea drift. Transfer learning is
popular in deep learning, given the massive resources necessary to
train deep learning models or the vast and hard datasets on which
deep learning models are taught. In deep learning, transfer learn-
ing only works if the model features learned in the first task are
general. In transfer learning, we train a base network on a base
dataset and task, then re-purpose or transfer the acquired features
to a second target network to be trained on a target dataset and
task in transfer learning. This approach is more likely to succeed if
the characteristics are generic, i.e., applicable to both the base and
target tasks, rather than being particular to the base job. Trans-
fer learning can be used in someone’s predictive modeling prob-
lems. Two mainly used transfer learning approaches are the de-
velop model approach and pre-trained model approach.

For the classification of image data, a large number of high per-
forming models have been developed and deployed on ILSVRC (Im-
ageNet Large Scale Visual Recognition Challenge). ImageNet, which
is the source of the picture used in the competition, has led to
a number of advancements in convolutional neural network con-
struction and training. Furthermore, many of the models that were
used in the competitions were published under a permissive li-
cense. These models can be utilized in computer vision applica-
tions as the foundation for transfer learning. The learning features
are helpful and the models learn to detect the generic features
from the images. The models achieve state-of-the-art performance
for specific image identification tasks and remain effective for the
tasks for which the models were actually developed. Fig. 4 shows
the basic of transfer learning.

Pre-trained model weights are very easily accessible because of
having freely downloadable features. The model weights and expe-
dient APIs are downloaded and used in the same model architec-
ture using several deep learning libraries, including Keras.

To derive the precise and succinct features set from the train-
ing data, transfer learning can be used and we adopted four CNN-
based architectures for effective deep features extraction: simple
CNN, VGG-16, Resnet50, and MobileNetV2. Since these architec-
tures were pre-trained on a large image dataset, they managed to
learn a strong representation of low-level features such as edges,
rotation, lighting, and patterns, which can be used to extract deep
features from new distracting images. Thus, these models can be
useful for extracting specific features using transfer learning con-
cepts. Below, we describe each of the model precisely.
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4.1. Convolutional neural network

A convolutional neural network (CNN) is a deep neural network
used to classify images and detect object. A CNN has three layers:
a convolutional layer, a pooling layer, and one or more fully con-
nected layers as shown in Fig. 5.

4.1.1. Convolutional layer

ConvNet is motivated by the arrangement of the Visual Cortex
and is akin to the connectivity pattern of Neurons in the Human
Brain. This layer extracts features from the input image and gen-
erates a feature map that characterizes the presence of those fea-
tures. Convolution retains the spatial relationship between pixels
by learning the deep features of tiny small squares of an image
(Yamashita, Nishio, Do & Togashi, 2018).

4.1.2. Pooling layer

These layers reduce the spatial dimensions of a large input im-
age. Spatial pooling, also known as down sampling, is a technique
for reducing the dimensionality of each map while preserving es-
sential data. Max pooling, which produces the maximum value in
the input features and average, is one of the most popular pooling
techniques.

4.1.3. Fully connected layer

This layer is similar to a multi-layer neural network in terms
of functionality. This layer predicts how closely each value corre-
sponds to each class in a classification task after the features have

been extracted by the convolution layers and down sampled by the
pooling layers.

4.2. VGG-16

The VGG-16, as shown in Fig. 6, is one of the most well-known
CNN architectures, with 16 convolutional layers and a highly stan-
dardized architecture. VGG-16 is a simpler architecture model that
uses fewer hyperparameters and is a popular choice for extract-
ing features from images using transfer learning (Dash, 2019). The
convolution layer, for example, employs 3 x 3 filters with a stride
of one and 2 x 2 max-pooling with a stride of two.

4.3. ResNet50

ResNet50 is a 50-layer deep CNN with 48 Convolution layers,
one MaxPool layer, and one Average Pool layer. ResNet links the
nth layer input directly to the (n+x)th layer, allowing for the
stacking of additional layers and can be used for image recognition
shown in Fig. 7. In comparison to standard classification architec-
tures such as VGG-16, ResNet-50 has demonstrated faster perfor-
mance and lower computational costs (S Jahromi et al., 2019).

4.4. MobileNetV2

The MobileNet-v2 is a deep convolutional neural network with
53 layers. It's a powerful feature extractor that can detect and seg-
ment objects. It is built on an inverted residual structure, with
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residual connections between bottleneck layers shown in Fig. 8
(Seidaliyeva, Akhmetov, Ilipbayeva & Matson, 2020).

4.5. Architectural comparison

VGG-16, ResNet50 and MobileNetV2 are three basic transfer
learning architecture of CNN. The performance accuracy of these
models depends on various factors including the nature of dataset,
the number of layers, the number of epochs, and batch size dur-
ing the simulation. Table 1 shows the architectural comparison of
the pre-trained transfer learning networks. Table 1 demonstrates
that MobileNetV2 has a lower number of weights and the model is
faster than the other models. Our experimental results also shows
that MobileNetV2 provides a higher level of accuracy.

5. Experimental results analysis

The proposed approach is evaluated and validated on an Intel
Core i7 processor with a 4 GB graphics card, a 64-bit windows op-
erating system. Firstly, we describe the dataset for the experiments.
Then, we evaluate our model using several experiments and show
the results in detail.

5.1. Dataset

We have collected a large number of images from the State
Farm Distracted Driver Detection competition hosted by State Farm

(Kaggle, 2016). This dataset contains a large number of images that
comprise ten different class postures of the distracted driver as
shown in Table 2 and some example of driver images are depicted
in Fig 9.

5.2. Experimental setup

For our experiments, we take 4000 and 6000 images from the
dataset for two different experiments where each of the set con-
tains almost equal number of images of each 10 classes. We choose
80% images for training and 20% for validation or testing for each
experiment.

5.3. Data preprocessing

Before applying the model, the images are needed to prepro-
cess such as rotation, resizing, and so on. Firstly, the input images
are resized from 640 x 480 to 224 x 224. Next, the image is con-
verted from RGB to BGR by subtracting the mean value (103.939,
116.779, 123.68) depicted in Fig. 10. Each pixel value was sub-
tracted from the RGB mean value over all pixels. Mean subtraction
is used since training our algorithm requires multiplying weights
and applying biases in order to trigger the activation during the
back-propagation.
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Table 1
Architectural Comparison of VGG-16, ResNet50 and MobileNetV2.
SL Properties VGG-16 ResNet50 MobileNetV2
1. image 224x224x3 224x224%3 224x224x3
2. weight Imagenet Imagenet imagenet
3. size 528 98 14
4. Total layers 16 50 53
5. Convolution layer 13 48 53
6. Max pool 5 1 1
7. Activation function Softmax Softmax Softmax
8. Total parameters 138.3 million 25.6million 3.5 million
Advantages/Limitations
VGG16 e It is painfully slow to train.
e Weights are quite large.
ResNet50 e Lower complexity than VGG-16.
e Deeper than VGG-16.
MobileNetV2 e Faster than others.

e Low-power models parameterized to meet the resource constraints.
e Preferable in vision-based mobile and embedded applications.

Normal drive(cO) Texting with right hand(C1)  Take coffee or drink(C6)
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Talking with right hand(C4)  Doing hair & makeup (C8) Talking with left hand(C4 )

Fig. 9. Example Images of Drivers.

. 50 150
0 100 20 300 40 500 600 (224x224) (224 x224),RGB to BGR

(640x480)

Fig. 10. Image Preprocess Pipeline.

5.4. Results of experiment —1 5.5. Results of experiment —2
Fig. 11, 12, 13 and 14 depicted the training and testing accuracy In this experiment, we evaluate our model using 6000 images
and loss respectively of this experiment. Table 3 summarizes the from the dataset. Fig. 15, 16, 17 and 18 depicted the model accu-

performances of different architectures. From the table, it is clear racy and loss respectively. Table 4 analyzes the average accuracy

that MobileNetV2 provides highest accuracy around 99.68% while of the models. The table shows that MobileNetV2 provides high-

exhibits the lower training loss among them. est training and testing accuracy around 99.98% and 98.12% respec-
tively.
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Fig. 19. Class-wise Confusion Matrix.

Table 5 and 6 represent the class-wise average accuracy. Fi-
nally, Fig. 19 represents the confusion matrix of the experiment for
ResNet50 and MobileNetV2.

5.6. Suitableness for embedded application

MobileNets are lightweight deep neural networks ideal for mo-
bile and embedded vision applications. MobileNets are low-latency,
low-power models that have been parameterized to satisfy specific

10

use cases’ resource constraints. As a results, this model outper-
forms ResNet50 and VGG-16 in terms of speed. In addition, model
generates a light weight that is 32 times less than VGG-16. Fur-
thermore, in real-world applications such as autonomous vehicles
or robotic sights, object detection can be accomplished on a com-
putationally constrained platform. MobileNetV2, a network for em-
bedded visual applications and mobile devices, was developed to
address this problem. As a result, MobileNetV2 is preferable for
mobile and embedded vision applications with minimal resources.
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Table 2
Distracted behavior class distribution.
Class  Bahavior
Cc-0 Safe driving
C-1 Texting on right hand
C-2 Cell-phone talking on right-hand
C-3 Texting on left Hand
C-4 Cell-phone talking on left-hand
C-5 Operating the radio
C-6 Drinking
Cc-7 Reaching Behind
C-8 Hair and makeup
Cc-9 Talking to passengers

Table 3
Accuracy Results of Experiment-1.
Model Name Training Loss  Training Testing Loss Testing
Accuracy Accuracy
Simple CNN 0.1770 95.38% 0.1521 96.06%
VGG-16 0.0021 98.27% 0.4488 92.45%
ResNet50 0.0313 99.31% 0.2606 95.10%
MobileNetV2 0.0035 99.68% 03177 89.38%
Table 4
Accuracy Results of Experiment 2.
Model Name Training Loss  Training Testing Loss Testing
Accuracy Accuracy
Simple CNN 0.1170 96.79% 0.1175 97.45%
VGG-16 0.0016 97.08% 0.0360 94.01%
ResNet50 0.0881 97.93% 0.2753 94.28%
MobileNetV2 0.0035 99.98% 0.0937 98.12%
Table 5

Class-wise Accuracy Results for ResNet50.

Class Experiment-1 Experiment-2
C-0: Safe driving 98.06% 51.29%
C-1: Texting on right hand 95.50% 90.59%
C-2: Cell-phone talking on right-hand 100.00% 100.00%
C-3: Texting on left Hand 99.95% 85.56%
C-4: Cell-phone talking on left-hand 100.00% 98.15%
C-5: Operating the radio 100.00% 100.00%
C-6: Drinking 99.98% 100.00%
C-7: Reaching Behind 99.85% 100.00%
C-8: Hair and makeup 98.93% 99.28%
C-9: Talking to passengers 95.51% 90.59%

Table 6
Class-wise Accuracy Results for MobileNetV2.

Class Experiment-1 Experiment-2
C-0: Safe driving 73.11% 99.41%
C-1: Texting on right hand 55.68% 99.82%
C-2: Cell-phone talking on right-hand 99.81% 100.00%
C-3: Texting on left Hand 99.55% 99.98%
C-4: Cell-phone talking on left-hand 98.27% 94.62%
C-5: Operating the radio 92.67% 100.00%
C-6: Drinking 62.91% 79.12%
C-7: Reaching Behind 39.48% 99.59%
C-8: Hair and makeup 98.51% 99.80%
C-9: Talking to passengers 84.73% 99.98%

6. Conclusion

Driver distraction is one of the major problems worldwide.
We have designed a convolutional neural network-based architec-
ture for detecting the driver distraction behaviors and the cause
of distraction. Various architectures such as Simple CNN, VGG-16,
ResNet50 and MobileNetV2 are adopted as the training models. Ex-
tensive experiments have been conducted with an ideal dataset

1
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to verify the model. We have found that the ResNet50 and Mo-
bileNetV2 provide higher accuracy of 94.50% and 98.12% respec-
tively. The proposed model results can be used to design real-time
driver distraction detection systems. Though the proposed model
provides high accuracy, a real-time test-bed implementation can
make the work more effective. In future we are planning to de-
velop an android application to detect distracted driver in real
time.
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