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Driver distraction represents a major cause of traffic accidents, posing a
serious threat to human life. In this review, we present the latest research
findings of driver distraction detection based on convolutional neural
networks (CNNs). In general, the analysis of driver behavior while driving is
represented by either detecting driver drowsiness or attention diversion from
driving by other activities, all of which fall under the definition of driver
distraction. Facial features are often the basis for detecting driver
drowsiness. In most papers, it is typically done by eye blinking, yawning,
and head movement. As for the driver attention diversion, it is through the
position of the hand and face. It involves many activities, text messages,
making phone calls, adjusting the radio, consuming beverages, reaching for
objects behind the driver, applying makeup, interacting with passengers, and
other similar distractions. However, suggesting new methodologies in driver
distraction detection and choosing appropriate CNN-based techniques is a
big challenge given the wide variety experiments and studies in this field.
Therefore, previous papers should be revisited to produce new methods by
taking advantage of the techniques used. As a result, this paper reviews
research approaches and reveals the effectiveness of CNN in detecting driver
distraction. Finally, the article lists techniques that can be used as
benchmarks in this context.
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1. INTRODUCTION

Distracted driving has become a dominant cause of traffic accidents [1]. According to the National
Highway Traffic Safety Administration (NHTSA), distracted driving refers to any action that diverts a
driver’s focus away from safely operating the vehicle, and includes anything that shifts attention from the
task of driving [2]. Based on its report from the United States, between 2011 and 2020, approximately
32,483 people lost their lives in crashes influenced by driver distraction. In 2020 alone, distraction-related
fatalities reached 3,142 nationwide, accounting for 8% of all motor vehicle deaths, marking an increase of 23
compared to 2019. Crashes involving distracted driving represented 14% of injury crashes and 13% of all
police-reported traffic accidents that year. Among drivers aged 15 to 20 involved in fatal crashes, 7% were
reported as distracted, making this age group the most affected by distraction during deadly accidents.
Additionally, 396 fatalities were linked specifically to cell phone-related distractions, comprising 13% of all
deaths involving a distracted driver. In 2020, distracted driving was responsible for the deaths of 587 non-
occupants, including pedestrians, cyclists, and other individuals [3].
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There are many reasons for distraction that can lead to impaired driving and accidents. The use of
mobile phones is one of the main causes of distraction. In fact, using mobile devices is not the only cause of
distraction, but according to NHTSA, it also includes, talking or texting on your phone, eating and drinking,
talking to people in your vehicle, fiddling with stereo, entertainment or navigation system [2]. The centers for
disease control and prevention (CDC) identifies three main categories of distracted driving: cognitive, visual,
and manual. Cognitive distractions occur when a driver’s mind wanders away from the task of driving,
meaning that even if their body remains in a proper driving posture, their focus is mentally diverted. Visual
distractions happen when a driver’s eyes are taken off the road due to fatigue, drowsiness, inattention, or the
use of smartphones. Manual distractions involve temporarily taking the hands off the steering wheel to
perform tasks such as using a phone, eating or drinking, grooming, or interacting with passengers [4].
Previous work has aimed to address the issues related to detecting driver fatigue and drowsiness [S]-[7] as
visual distraction, and detecting attention diversion from driving by other activities [8]-[10] as manual
distraction. However, the studies still lack attention to cognitive distraction. Even the definitions of cognitive
distraction are not completely agreed upon in the field of driving safety. Some researchers have defined
cognitive distraction in ways that overlap with visual distraction [11], or with the concept of driver mental
workload [12]. Other studies define it as shifting attention to secondary tasks that are not related to the
driving task [1]. In fact, from my point of view, current studies have not paid enough attention to the driver’s
feelings and psychological state as cognitive distraction, for example. Although Chan and Singhal [13] in old
study analysed the relationship between emotional side and cognitive distraction. To achieve this goal, a driving
simulator was used, and the emotional words were divided into three categories: neutral, negative, and positive.
In addition, Chand and Karthikeyan [14] proposed a model composed of two main components: detecting driver
fatigue and analyzing the driver’s emotional state to prevent reckless driving. They combined fatigue
assessment with emotion analysis, observing that driver behavior can vary across multiple states, including
normal, fatigued, aggressive, disturbed, and under the influence of alcohol.

Recently, a variety of methods have been proposed for driver distraction detection. Euclidean aspect
ratio (EAR) [15], [16], percentage of eyelid closure (PERCLOS), frequency of open mouth (FOM) [17],
support vector machine (SVM) [14], [17]{19] model, long short-term memory (LSTM) [20], [21],
convolutional neural networks (CNN) [14], [19]-[23]. EAR which measures the distance between vertical
and horizontal eye landmark points by using an Euclidean distance method to detect the eye state [15].
PERCLOS represents the proportion of frames in which the eyes are closed relative to the total frames within
a given time period, while FOM refers to the proportion of frames in which the mouth is open compared to
the total frames over the same time interval [17]. The SVM model is especially suitable for classification
tasks involving small sample sizes [20]. LSTM is a specialized variant of the recurrent neural network
(RNN), typically used with CNN, and can effectively capture the time information of the input image
sequence [24]. RNNs are well-suited for analyzing time series data; however, they are generally not regarded
as effective for image processing tasks. However, CNN is the most promising way in computer vision-based.
It is the most established algorithm among various deep learning models [25]. CNNs resemble standard
neural networks in that they are composed of neurons with learnable weights and biases [26]. It is very
widely used to perform image classification, object detection, image recognition, face recognition and several
other tasks related to image processing [27].

Since the solution is based on CNN, this will lead researchers to select the best among a set of
techniques to achieve their goal, such as preprocessing techniques, model architecture and CNN’s
approaches, datasets, and methodologies. The dealing of each of these technologies may sometimes differ
depending on the type of distraction. Detecting driver distraction requires real-time driving monitoring.
Therefore, the video is captured by either a smartphone camera or an attached camera. Birrell and Fowkes
[28] recorded videos with four cameras mounted inside the vehicle. The first camera, attached to a
smartphone, recorded high-definition video focused on the driver’s face. The other three cameras recorded in
standard definition: two monitored the forward and rearward driving scenes, while the third captured the
activity on the smartphone. As for Mali et al. [29] used the front camera of a smartphone to capture images of
the driver, and then feed the images to the smartphone for image processing. Furthermore, many other things
should be considered for those recordings. It will be discussed in section 2. A typical CNN architecture
consists of three main layers: a convolutional layer, a pooling layer, and a fully connected layer [26]. The
arrangement and configuration of these layers define the model, which is subsequently designed and trained
on a dataset to address a specific problem. However, a pre-trained model refers to a network created and
trained by others on a large dataset, intended to address a problem similar to the one at hand. Most studies
reuse well-known pre-trained models, including VGG-16 and VGG-19, which are adopted by [30], [31],
ResNet by [32], [33], and GoogleNet (Inception v1) by [34]. Training the models from scratch would spend a
serious amount of time as well as consume huge data. Several references have shown reviews on pre-trained
models, such as [35], [36]. In fact, the pre-trained model is often used in combination with one of the
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“Transfer learning” or “Fine tuning” approaches. The major challenge identified that each of the reviewed
studies used different datasets to achieve their goals. In addition, these datasets are often limited, and some of
them are not public. ImageNet is one of the most popular public datasets. The ImageNet project is a large
visual database designed for use in visual object recognition software research. More than 14 million images
have been hand-annotated by the project to identify the objects present in each image, and for over one
million images, bounding boxes are also included. ImageNet encompasses more than 20,000 categories [37].
There are also datasets that are more relevant to a specific topic, such as StateFarm for distracted driver
detection that is used by Omerustaoglu et al. [38]. Due to the limited datasets, some researchers tend to train
their models on their own dataset such as [39].

This paper will provide a review of driver distraction detection, considering the reliance on CNNs at
all stages, leveraging appropriate techniques, and proposing new approaches in this field. This review will
discuss driver distraction based on CNN with focusing on network input, pre-trained models, datasets, and
methodologies. Finally, recommendations will be presented in conclusion to derive new methods for
detecting driver distraction using CNN techniques.

2. NETWORK INPUT

CNN is specifically designed to process input images. These images are extracted from video
frames of drivers while driving. Videos are captured by cameras mounted in the car. The researchers
typically prepare the input images during a pre-processing step, then feed them into the network. They use
various techniques to achieve that. Preprocessing the input images occurs more or less in the following set of
common stages, as shown in Figure 1.
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Figure 1. Input images pre-processing

2.1. Video acquisition/specification

During this stage, the video obtained from a fixed camera or smartphone is divided into individual
frames for further analysis [40]. Video is captured in two ways. The first is suitable for visual distractions such
as drowsiness detection systems, where only the driver’s face is captured. The second is suitable for other
distraction detection systems, which can use multiple cameras in different directions. The target is mostly the
hands and head. Tran ef al. [41] proposes a deep learning approach to detecting distracted driving behaviors.
The images captured using two cameras, by which the body movements and face of the driver are monitored
respectively. Chen et al. [24] presented a driver drowsiness estimation system. They use a mobile phone camera
positioned in front of the driver's face to capture various shots of facial expressions, including eyes and mouth.

The video specification is related to video speed (frames per second (FPS)) number of frames,
infrared camera (IR), grayscale or RGB, and image resolution. All of them could affect directly the result of
model. According to Magan et al. [42], it is crucial to determine the appropriate frame rate at which the
camera communicates with the system. A high frame rate may increase system load due to the large number
of FPS that require processing, whereas a low FPS can adversely affect system performance. For instance,
given that the average blink duration ranges from 100 to 400 ms [42], a frame rate of 10 FPS may suffice to
detect blinks while preventing system overload. The total number of frames depends on both the video
duration and the FPS. Magan et al. [42] evaluate 600 frames each time a new frame is captured by the
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camera. They evaluated the driver’s drowsiness level at a given moment using data collected from the
preceding 60 seconds. Some researchers tend to use an infrared camera as an IR camera allows one to
construct vision-based systems that can work in different light conditions, for example during the night or
during bad weather events [43]. Jabbar et al. [44] record with infrared camera to obtain night-time video. The
resulting content is 9.5 hours of videos that have a resolution of 640480 at 30 FPS. While some rely on
RGB cameras. In addition, others convert frames to grayscale, since most libraries that used to detect objects
take grayscale images, such as OpenCV. Image resolutions are often determined on the basis of models and
proposed methods. Table 1 shows how the papers prepocessed the input images.

Table 1. Preprocessing the input images-video specification

Authors Camera FPS Frames Image Image Behavior Distraction ~ Accuracy
number resolution color type (%)
Florez et al. [45] - 25 7,500-3,000 112x112 Gray- Fatigue Visual 99.71
scale
Jabbar et al. [44] Mobile camera/ 30 600,000 640x480 Infrared Fatigue Visual 88
on dashboard camera
Ghazal et al. [46]  Dashboard 14. - 100x100 Gray- Fatigue Visual 95
camera 9 scale
Tran et al. [41] Dual cameras:in 8 - 64x64 RGB Fatigue, texting, Visual 96.7
front of the phone, radio, reaching  Manual
driver/right side backward, adjusting
of the driver hair or makeup, and
interacting with
passengers
Magan et al. [42] Camera mounted 10 600 64x64 - Fatigue Visual Training
under the front data: 60
mirror Testing
data: 60
Fuzzy: 93

2.2. Data augmentation

Data augmentation refers to the process of artificially generating new data from existing training
datasets. Common techniques include resizing, flipping, rotating, cropping, and padding. This approach helps
mitigate issues such as overfitting and limited data availability, while enhancing model robustness and overall
performance [47]. For example, Jabbar et al. [44] utilized CodeBox to create additional images by applying a
series of augmentation operations to those extracted from video frames, as illustrated in Figure 2 in addition,
Table 2 shows other data augmentation articles examples.

Figure 2. Data augmentation [44]

Table 2. Preprocessing the input image-data augmentation
Authors Data augmentation Behavior Distraction type Accuracy
Florez et al. [45] Rotation range: 20% Fatigue Visual 99.71%
Horizontal: true
Fill mode: nearest
Result: 5 images of each image
Chand and Brightness range: 75% Fatigue, drunken, reckless Visual 93%
Karthikeyan [14]  Rotation interval: 2 degree Cognitive
Sheer range: 2%
Zoom transformation interval:

+2%
Chen et al. [4] Spatial stream: cropping, rotating, Texting, phone, radio, Manual Enhance the
horizontal flipping, and shifting. reaching, reaching backward, accuracy by
Temporal stream: random adjusting hair or makeup, and approximately
cropping and horizontal flipping. interacting with passengers 30%
Aytekin and Random rotation Fatigue Visual 91%

Mengik [30]
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2.3. Feature extraction

It is a method of CNN that recognizes key patterns in an image for classification purposes. Feature
extraction in drowsiness detection systems depends mainly on extracting the coordinates of facial landmarks
from the image, such as eyes and mouth. This aims to classify driver fatigue through yawning and eyes
blinking, such as [24], [42], [46]. As for other driver distraction detection systems, they are not limited to
extracting the facial landmarks. Zhang et al. [48] extracted facial, mouth, and hand features from images
captured by a camera mounted on the vehicle’s dashboard. Tran ef al. [41] extracted facial and body features
using two cameras, one mounted in front of the driver and the other on the driver's right side. Figure 3 shows
face and eyes feature extraction and Figure 4 shows body feature extraction examples. Studies use various
techniques to extract these features, Yan ef al. [21] investigate the contextual cues that most significantly
influence specific driver actions by analyzing skin-like regions. Skin regions are initially extracted using a
Gaussian mixture model (GMM) trained on skin images, and subsequently processed by R*CNN to classify the
driver’s actions.

Figure 3. Face or eyes feature extraction [46] Figure 4. Body feature extraction [20]

Seshadri et al. [49] employed a histogram of oriented gradients (HOG) in combination with an
AdaBoost classifier, trained separately for each side of the facial regions, to categorize mobile phone usage as
right hand, left hand, or none. Das et al. [50] introduced a video-based hand detection dataset in an automotive
environment and utilized an aggregate channel features (ACF) object detector. Ghazal et al. [46] employed a
learning-based approach for face detection that relies on the Haar-like features proposed by Viola and Jones,
combined with cascade classifiers. To optimize processing efficiency, an integral image is utilized to minimize
the computational cost of initial image processing and to enable fast calculation of rectangular features. The
value of the integral image at any point (X, y) is computed in a single pass over the original image and
represents the sum of all pixel intensities located above and to the left of (x, y), as expressed in (1).

I(x,y) =i(x,y) + I(x—1y) + I(x,y—1) + I(x—1,y—1), (1

Where the integral image is Y,r<x /<y i(x', ') , and i (X, y), is the original image.

To enable rapid and accurate face detection, the authors applied the AdaBoost algorithm to construct
a lightweight yet effective face detector derived from the calculated image feature values obtained through
the integral image method. Haar-like features and a cascade of classifiers were utilized to identify both facial
regions and specific subregions such as the eyes and frontal face. This section provides a brief overview of
several feature recognition techniques, with additional examples summarized in Table 3.

Table 3. Preprocessing the input image-feature extraction

Authors Measure Behavior Distraction type Accuracy
Florez et al. [45] Eye Fatigue Visual 99.71%
Chand and Eye under conditions like: Fatigue, drunken, reckless Visual 93%
Karthikeyan [14] fatigue, drunkenness and Cognitive

aggression
Chen et al. [4] Distraction behavior Texting, phone, radio, Manual Increase the
reaching backward, adjusting accuracy rate by
hair or makeup, and nearly 30%
interacting with passengers
Jabbar et al. [44] Yawning, reduced blink Fatigue Visual 88%

rate, head nodding,
conversations, and drowsy
eyes

A review of driver distraction detection while driving based on convolutional neural (Ghady Alhamad)
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2.4. Region of interest

The region of interest (ROI) typically refers to the significant and relevant portions of an image. By
focusing on the ROI, unnecessary processing of non-essential image areas can be avoided, thereby improving
computational efficiency [51]. Figure 5 illustrates examples of ROI extraction used in different studies.
Florez et al. [45] proposed a method for detecting driver drowsiness by concentrating on the eye region, as
illustrated in Figure 5(a). Out of the 468 landmarks identified during the facial landmark detection phase, only
four points were selected to define the ROI. In the MediaPipe face mesh model, the selected points were 63,
117, 293, and 346, which, when connected, form an irregular quadrilateral representing the ROI. Then, they
proposed a method for ROI correction to correct the selected irregular area. Seshadri et al. [49] extracted
another ROI, with different method.

The Viola and Jones face detection algorithm was employed to identify the subject’s face in the
initial frame of a video. The facial landmarks localized in this first frame were then used as initialization
points for tracking in subsequent frames. A total of 49 facial landmarks were detected by the algorithm.
During the training phase, regions of interest were cropped for both positive and negative class samples
based on the facial alignment results. As illustrated in Figure 5(b), rectangular crops of size 50x80 were
generated, using landmark 18 as the top-right corner and landmark 23 as the top-left corner of the cropped
region. These regions were utilized to create positive and negative class samples corresponding to cases in
which subjects were either holding or not holding a cell phone in their left or right hand. Table 4 presents a
list of papers with regions of interest and facial method used.

(a) (b)
Figure 5. ROI extraction of (a) eyes open and eyes closed and (b) right hand and left hand [45], [49]

Table 4. Preprocessing the input image-ROI extraction

Authors Facial method ROI Behavior Distraction type  Accuracy (%)

Chen et al. [24] CNN-LSTM Face/eyes Fatigue Visual 75

and mouth
Chirra et al. [52] Haar cascade Eyes Fatigue Visual 96.42
Park et al. [53] VGG-FaceNet Face Fatigue Visual 73.06
Phan et al. [54] Dlib Face/eyes Fatigue Visual 97

and mouth
Hashemi et al. [31] Viola and Jones Face/eyes Fatigue Visual Avg. 96.42
Seshadri et al. [49] Supervised descent Hands Using cell phone Manual

method (SDM)
algorithm

3.  PRE-TRAINED MODELS

Pre-trained CNNs refer to models that have been previously trained on large-scale datasets
(e.g., ImageNet) and subsequently adapted to perform diverse tasks such as image classification, object
detection, and facial recognition [55]. For example, The VGG-16 architecture is a pre-trained CNN designed
for image classification. Trained on a large-scale and diverse dataset, it can be efficiently fine-tuned to
perform accurately on domain-specific image classification problems [55], [56]. Pre-trained models can serve
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as a foundation for various tasks, even when these tasks differ significantly from the original training
objective. This approach is referred to as transfer learning. Leveraging pre-trained models allows for
considerable savings in both time and computational resources that would otherwise be needed to train a
neural network from scratch. Moreover, by fine-tuning the pre-trained model on a specific dataset, it can be
adapted to a particular problem, often requiring substantially less data [55]. Table 5 presents comparison
between the most famous pre-trained models. The studies reused pre-trained models in their purposed
methods. They sometimes tend to use more than one model at the same time in comparing the accuracy of
their results. Some examples are presented in Table 6.

Table 5. Comparison of pre-trained models [56]

Model/Paper Size Parameters Top-1 Top-5 Depth Default
(MB) accuracy (%) accuracy (%) image size

Xception/Chollet et al. [57] 88 22,910,480 79 94.5 126 229%229
VGG-16/Simonyan et al. [58] 528 138,357,544 71.3 90.1 23 224x224
VGG-19/Simonyan and Zisserman [58] 549 143,667,240 71.3 90 26 224x224
ResNet-50/He et al. [59] 98 25,636,712 74.9 92.1 - 224x224
Inception-V3/Szegedy et al. [60] 92 23,851,784 77.9 93.7 159 229%229
MobileNet-V2/Sandler et al. [61] 14 3,538,984 71.3 90.1 88 224x224

Table 6. Pre—trained models used in studies

Authors Measure Pre-trained models Behavior Distraction Accuracy (%)
type
Guetal [17] Eye/mouth AlexNet, ResNet, MSP- Fatigue Visual 97.12/98.6,
NET (developed new) 97.8/98.5,
98.1/98.9
Florez et al. [45] Eye ResNet-50-V2, Inception-V3, Fatigue Visual 99.7,99.3,99.4
VGG-16
Chen et al. [4] Distraction VGG-16 Texting, phone, radio, Manual Increase the
behavior reaching backward, adjusting accuracy rate
hair or makeup, and by nearly 30%
interacting with passengers
Aytekin et al. [30] Eye and VGG-16 Fatigue Visual 91
mouth

4. DATASETS

One of the main challenges in this process is identifying a sufficiently large public dataset that
adequately represents the expected outcomes for such systems. Therefore, this section provides a list of some
public datasets in this field with detailed information about each which can be used as a benchmark.

i)  National Tsing Hua University (NTHU) dataset: this dataset comprises 22 subjects from diverse ethnic
backgrounds, recorded under both daytime and nighttime conditions. Simulated driving scenarios
included behaviors such as Yawning, reduced blink rate, head nodding, conversations, and drowsy eyes.
Videos were captured using an infrared camera at a resolution of 640x480 pixels and 30 FPS [62].

ii)  Southest University Driving-posture (SEU) driving-posture dataset: developed by Zhao et al. [63]. this
dataset consists of videos captured using a side-mounted Logitech C905 CCD camera under daylight
conditions, with a resolution of 640x480 pixels. A total of 20 drivers in the dataset, comprising ten
males and ten females.

iii) ZJU eyeblink dataset: consists of 80 video clips from 20 individuals, with each individual contributing
four clips: frontal view without glasses, frontal view with black-frame glasses, and upward view
without glasses. Eye images are classified as open or closed and separated into training and testing sets.
The dataset contains 7,000 open-eye images (5,770 for training, 1,230 for testing) and 5,570 closed-eye
images (1,574 for training and 410 for testing), with each image sized 24x24 pixels [64].

iv) Closed eyes in the wild (CEW) dataset: this dataset contains online images of approximately
2,423 participants from multiple racial groups, including Asians and light-skinned non-Asians. Among
these, 1,192 images feature closed eyes and 1,231 show open eyes. The images were selected from the
labeled faces in the wild (LFW) database [65].

v) DROZY dataset (ULg multimodality drowsiness database): includes 14 participants (3 males and
11 females), each contributing videos roughly 10 minutes long, accompanied by psychomotor vigilance
test (PVT) scores measuring drowsiness. Time-synchronized Karolinska sleepiness scale (KSS) ratings
are provided for each participant [65].

vi) Eye and mouth detection (EMD) dataset: comprises 36,764 eye samples and 15,185 mouth samples
from 21 volunteers. The dataset covers real-world driving conditions, including participants with or
without glasses, frontal and lateral views, as well as day and night environments [17].

A review of driver distraction detection while driving based on convolutional neural (Ghady Alhamad)



4422

) ISSN: 2252-8938

vii)

5.

Yawn detection dataset (YawnDD) dataset: contains recordings of 322 drivers in real-car conditions, captured
with in-car cameras. The dataset is divided into four classes—yawn, no-yawn, open-eye, and closed-eye—
totaling 2,900 samples: 726 closed-eye, 726 open-eye, 725 no-yawn, and 723 yawn images [30].

METHOD
In this section, proposed approaches and mechanisms adopted in 4 papers to detect driver distraction

will be listed, in completion of the techniques and methods presented in the previous sections.

5.1. Chen et al. [24]/2020

They introduced a driver drowsiness detection model that integrates factorized bilinear feature

fusion with an LSTM-based recurrent convolutional network to accurately identify signs of driver sleepiness,
as illustrated in Figure 6. The primary contributions of their research include:

i)

5.2.

Design of a novel multilevel driver drowsiness estimation system composed of the following main
components: extraction of deep feature representations associated with the driver’s eyes and mouth
from the dataset; fusion of features related to fatigue indicators; and temporal modeling of fatigue
features through a long short-term recurrent convolutional network (LSTM).

Regarding fatigue feature fusion, they proposed a new factorized bilinear feature fusion model suitable
for multi-model feature input and performed bilinear fusion of the extracted deep feature representations
of eyes and mouth to solve the limitations of the feature linear fusion process.
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Figure 6. Overview of the proposed framework architecture [24]

Magan et al. [42]/2022
The aim of this work is to develop a system capable of estimating driver fatigue using sequences of

images in which the subject’s face is clearly visible. The system includes the following components:

i)
ii)
iii)
iv)
v)

vi)
vii)

5.3.

They perform fatigue detection tasks at a given moment based on the analysis of a sequence of images
for the last 60 s.

In this study, two alternative solutions are presented, focusing on minimizing false positives.

The first approach employs a combination of a RNN and CNN.

The second approach utilizes deep learning techniques to extract numerical features from the images,
which are then processed by a fuzzy logic-based system.

A Gaussian blur was applied to the original image to minimize noise and soften edges, ensuring that the
main content and structure of the image remained largely unaffected.

The DLIB library was used to detect the facial region within each image.

Face coordinates were determined using HOG features in conjunction with a linear SVM.

Chen et al. [4]/2020
They developed a two-stream CNN architecture for distraction detection, as depicted in Figure 7.

The architecture operates as follows:

i)
ii)

The model comprises three main sub-networks: a spatial stream convolutional network, a temporal
stream convolutional network, and a fusion network.

The spatial and temporal streams are responsible for extracting spatial and temporal features,
respectively, which are subsequently combined within the fusion network.

Int]J
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iii) Leveraging transfer learning, the spatial stream network is constructed based on the well-known VGG-16
architecture, allowing the use of pre-trained weights from the ImageNet dataset.

iv) Initially, average pooling across the temporal dimension is applied to 10 consecutive RGB frames, and
the output is then forwarded to the subsequent layers of the spatial stream network.

v) Finally, the fusion network comprising two convolutional layers and two fully connected layers-merges
the spatial and temporal representations to classify ten distinct types of distracted driving behaviors.

5.4. Ghazal et al. [46]/2018
A low-cost and real-time embedded system for fatigue detection is proposed in this study using
CNN. The paper includes many ideas, as follows:
i)  Pre-trained model weights were loaded to leverage transfer learning and reduce reliance on large-scale
datasets.
ii)  Face detection was applied to define the ROI.
iii) The study focused on solutions suitable for resource-constrained devices, aiming for a scalable, cost-
effective, and robust implementation. For this purpose, a Raspberry Pi 3 Model B was employed due to

its affordability.
Spatial Stream ConvNet
Video 10 RGB Frames
TS &
m_ >,
)
E : > Fusion Network
NS ) : 4 10
" Motion Estimation via
TVL' Method Dlavacid
Temporal Stream ConvNet Behaviors

20 Optical Flow Frames

Figure 7. Driver distraction system flowchart [4]

6. CONCLUSION

The driver distraction detection systems play an assistant role in protecting the driver from traffic
accidents. Deep learning models have the potential to become a mainstream solution due to their high
accuracy and stable robustness, provided that sufficiently large datasets are available for training. This paper
reviews a selection of case studies conducted between 2014 and 2024 that focus on deep learning and CNN-
based approaches. Many successful studies have demonstrated the effectiveness of CNNs in detecting driver
distraction, sometimes combined with other techniques, have high accuracy, and have advantages and
disadvantages. The methodologies proposed so far in all the papers are effective and can integrate together to
launch new creative findings and ideas. There are three types that can be used to measure level of distraction
(cognitive, visual, and manual). It can be noted that the papers reviewed focused more on visual and manual
distraction than on cognitive distraction, because researchers did not pay sufficient attention to cognitive
distraction. Perhaps the largest problem however is that the definitions typically refer to distraction as a
reduction of attention, but never define attention. Actually, cognitive distraction has a negative impact on
driving and can lead to serious accidents. As a result, we recommend digging more into cognitive distraction
by taking advantage of CNN and the techniques reviewed. It is also recommended to build large public
dataset covering this aspect to support broader studies.
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