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Introduction
Many safety connected driving supporter 

schemes decreased the danger of four-wheeler 
accidents, and investigations depicted 
weariness to be a major reason of four- wheeler 
accidents. A car organization announced an 
idea that whole deadly accidents (17%) would 
be attributed to weary drivers. Many revisions 
showed by Volkswagen AG specify that 5-25% 
of all accidents are produced by the sleeping 
of driver. The lack of concentration damage 
steering actions and decrease response period, 
and revisions illustrated that sleepiness raises 
threat of crashes this figure point the demand 
for a dependable intelligent driver sleepiness 
sensing system. The aim is to create an 
intelligent processing scheme to avoid road 
accidents. This can be done by period of time 
monitoring the drowsiness and warning driver 
of inattention to prevent accidents. Based on 
the literature survey, the driver's drowsiness 
can be detected based on three factors such 
as physiological, behavioral, and vehicle-
based measurements. But these approaches 
pose some disadvantages in certain real- time 
scenarios. So, we aim to apply Deep Learning 
algorithms to this problem statement. Our 
methodology is to use a Convolutional Neural 
Network (CNN). CNN offers a computerized 
and effective way to categorize the driver as 
drowsy or non-drowsy correctly.

Literature Survey
A simple approach to detecting eyes [5] 
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calculate the length of the intensity alteration 
in the eye region. It does not take into account 
other physiological factors such as blink 
rate, yawning, head movement, etc. It is not 
suitable for real-time processing. The decision 
was made on framing the utilization of two 
dimension CNN [2] for characteristic activity. 
It does not take into account the spatial-
temporal relationship. It uses simulated datasets 
and does not consider features such as head 
movement. The characteristic state learning 
conceptualizations [6] provided an effective 
learned characteristics to categorize the driver 
drowsiness. It uses a complex structure for 
feature extraction. The selected picture series 
the rating of video data set were tagged hand-
operated.

Spatial and impermanent information 
[8] were incorporating the represention of 
movement vectors. A deep residual CNN 
model [3] is used to classify the opening or 
closing of the eyes. The CNN is operated only 
on a single image-based method. Google Net 
[9] focuses only on yawning and uses frame 
by frame prediction. So, it requires a lot of 
memory. The analysis of head position, mouth 
and eyes condition [4] is done. It does not 
take into account the temporal dependencies. 
As an alternative of supplying natural pixel 
values as information [1], the selected facial 
characteristics are rendered. The feature 
Extraction procedure is not explained clearly. 
The importance of temporal dependencies 
learning [10] was attached for all electrode 
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and changes spatial input activity. Electro Encephalo Graphy 
(EEG) signal have struggle to create computational algorithms 
for fatigue detection. CNN with information increase [7] and 
joined datasets gives a slightly lower accuracy when compared 
to previous approaches connected characteristics, considering 
eye blink period, opening speed and amplitude. The existing 
system uses the orientation of facial characteristics for drowsy 
detection. The value of these characteristics is known as a time 
ordering inside a successive form. Fatigue sensing techniques 
are invasive and not commercially viable. The method of 
calculating the whole action of driver from the transport forms 
do not work with small sleeping. The issue with the standard 
framework is that it depends on hand craft wink characteristic. 
This activity disregard numerous enlightening facial evidence 
that affect drowsy. Facial landmark features detected using dlib 
library suffer from normalization issues.

Proposed System
Our proposed system will provide a solution for monitoring 

driver's drowsiness. The cons of the existing system in extracting 
only selected hand-crafted features is overcome by using 
custom-designed CNN by giving an input driver image. Now 
the driver will be continuously monitored by a webcam. The 
video captured is converted into a sequence of frames. For each 
frame, the face and eye are detected using predefined classifiers 
available in opencv called haar cascade classifiers. Eye images 
are extracted and sent to a series of 2D CNN layers (5x5, 3x3 
kernel valid padding), max-pooling layers(2x2) and finally, the 
fully connected dense layer classifies whether eyes are closed or 
not. A score is calculated based on eye closure. If both eyes are 
closed consecutively in 15 frames then the system predicts as 
drowsy and an alarm sound is triggered to alert the car operator. 
The categorization of driver drowsiness is done correctly and 
the normalization issues in the existing model are eliminated by 
using custom- designed CNN.

System Architecture
Figure 1 depicts the flow of the system to be created. In the 

initial step, the driver is monitored by using a webcam. The 
video input is converted into a sequence of frames. In each 
frame, driver's face and eyes are detected by using haar cascade 
classifiers. The detected eyes are stored as images to form a 
data set for CNN. The system also provides provision for the 
preparation of the eye data set to train CNN model. To train the 
image and to increase the number of data sets Data augmentation 
is done. The images of both eyes are then subjected to a series 
of image preprocessing steps such as grayscale conversion, re-
sizing and normalizing, etc. It is then fed to a pre-trained CNN 
model consisting of convolution layers, max- pooling layers, 
and dense layers to predict eye closure. Based on the prediction, 
a score is calculated. If the system finds the driver as drowsy, 
then an alarm will be triggered to alert the driver.

Implementation Description
The modules are Face and eye detection, Preprocessing and 

labeling, Data Augmentation, Enhanced CNN, and Triggering 
Alarm. OpenCV provides pre-trained models in the Face and 
eye detection module, using a load method The pre-trained 
forms are placed in the folder of OpenCV information. The 
system will use prior trained Haar models to observe the picture 
of eyes. Cascade Classifier is formed and loads the essential 
XML file using its method. Afterward, the multiscale method 
provides bound rectangle for the observed eyes. We prepared our 
dataset by preprocessing and labeling the eyes images obtained 
through a webcam as open and closed eyes. The extracted eye 

images were converted into grayscale images, resized to 24x24 
pixels, and normalized. We did not collect new data for the Data 
augmentation module, rather we transform the already present 
data. We achieve data augmentation using Keras in which it 
accepts the ranges for rotation, brightness, shear, zoom, etc as 
parameters. Each of CNN layers has various arguments that can 
be modified and execute various tasks on the input information 
as shown in Figure 2. We have used relu activation function in 
convolutional layers with kernel size of 3x3. Softmax activation 
function is used in fully connected layers to give the outcome as 
either open or closed eyes. CNN is trained with adam optimizer

Fig. 1 System Architecture of CNN

Fig 2. Enhanced CNN Architecture

We use Pygame library to give warning to the driver while 
starting sleep. The score value is used to find how long the 
driver has closed eyes. If the eyes are both closed, we increase 
the score and when eyes are open, we decrease the score. We are 
drafting the outcome to display the actual time condition of the 
driver. The model summary details the layers involved in CNN, 
input shape.

Performance measures
The analysis of the face detection schemes is shown in table.I.

Techniques Features count Dataset Accuracy
Geometric 38400 47 90

Mixture-Distance 23800 685 94
Eigen faces 26400 860 95
CV_DNN 22500 880 97.05

Enhanced DNN 30800 1000 99.10

Table I. Face detection schemes analysis
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The accuracy speed of Figure 5 and loss of Figure 6 is quicker 
than predictable training. We used the augmented database in 
order to train and the original database for test as presented for 
applying open and closed eye images.

Table II shows the count of pictures in closing the eye is less 
than the count of opening the eye.

Table IV displays the investigation completed on ResNet, 
AlexNet, VGGNet and ProposedNet of images for Epoch-10.

Fig.  Model accuracy of Enhanced CNN

Fig. Model loss of Enhanced CNN

Image Types Original Database Augmented Database
Eye opened 4563 24680
Eye closed 3867 20430

Table 2 . Databases - original and augmented images

Testing
After training the CNN, testing is done with a data set 

consisting of 1000 images of both closed and open eyes. A 
classification report is generated as shown in Table III. We 
estimate the suggested drowsiness recognition technique by 
parameters. Precision means the proportion of actual affirmative 
interpretations to the entire count of interpretations. Recall is 
the proportion of properly expected interpretations to whole 
interpretations in real eye yawn.

Average Precision Recall f1-score Support
0.0 1.0 0.34 0.51 500
1.0 0.60 1.00 0.75 500
Accuracy - - 0.67 1000
Macro avg 0.80 0.67 0.63 1000
Weighted avg 0.80 0.67 0.63 1000

Table 3 Classification report

Techniques Epoch-10
ResNet 20.42
AlexNet 23.17
VGGNet 20.85

ProposedNet 11.39

TABLE IV: EPOCH-10 ACCURACY

The confusion matrix of real and untrue-positive ratings:
Array( [ [169,331],
[0,500] ], dtype=int64)
The Receiver Operating Characteristic curve is plotted as 

shown in Figure 7 denote testing information with the suggested 
technique built on the quantity of training periods.

Fig. 7. ROC curve of Enhanced CNN

Fig. 8.Detection of face and eye

Fig. 9. Alert state

Fig. 10. Drowsy state
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Figure 8 depicts the face and eye sensing using haar classifier.
Figure 9 depicts that the left and right eyes are both open. 

Therefore, the person is in alert state.
Figure 10 shows that both left and right eyes are closed.

Therefore, the person is in drowsy state

Conclusion
A model for drowsiness sensing depends on effective CNN 

architecture, planned to observe drowsiness based on eye 
closure. The implementation started preparing image datasets 
for both open and closed eyes. 75% of the data set is used for 
the custom-designed CNN training and the balance 25% of the 
dataset is utilized for test purposes. First, the information video 
is transformed into frames and in each frame, the face and eyes 
are detected. The enhanced CNN supplied an automated and 
effective learned characteristics that aid us to categorize the 
opening or closing of eyes. If the closing of eyes occur in 15 
successive frames, an alarm is triggered to alert the driver. The 
proposed CNN gives a training accuracy of 97% and a testing 
accuracy of 67%. For future works, extra face characteristics 
can be added to give more accuracy in detection. We can also 
combine vehicle On-Board Diagnostics sensors with the facial 
features extracted.
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