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Abstract: The human eye is a vital source of collecting information worldwide via daily observation. The
computer science area recognizes it in research as a human-computer interaction. Human blink is an integral
part of this observation as a research topic. Several studies have been conducted on eye blinking and left-right
eye movements. Previous studies conducted on the eye blink consider the availability of hardware devices high
in the budget, high Precision, and low light exposure, unlike our study, which uses low-budget devices as
simple as a webcam and more versatile usable techniques, incredibly both dim and high light to name a few.
This study offers the observational approach via ResNet101v2, VGG-19, and Convolution Neural Network
(CNN) architectures. Outperforming both VGG-19 and CNN in this study, ResNetl01v2 achieves an
impressive accuracy of 98.2%. In contemporary times, deep learning in Al is taking an advanced form. This
study attempts to provide a new insight into the real-world implementation of the eye blink.

Keywords: eye blink detection; deep learning; human computer interaction (HCI); image
recognition

1. Introduction

The eye plays a vital role in computer science, like human-computer interaction. One of the
helpful nonverbal behavioral clues for resolving various issues is the blinking of the eyes. Several
eye-blinking applications exist, such as identifying driver fatigue and typing applications [1]. Most
of the data we gather about the world is obtained through our eyes. Thus, the most vital sense in our
system is vision. Several image processing and computer vision modes detect and monitor eye
movements, eye tracking, and blinking [2]. Eye tracking offers findings that are being used more and
more frequently in neurology, psychology, and ophthalmology to diagnose patients [3]. That is why
it is essential to have a system that will enable precise eye tracking and provide information about
the eye’s direction and the motions that resulted in creating that path. The process of locating an eye
in a video frame and using that information to determine the direction of the look is called eye
Movement. It is essential in research and development, like product design and cognitive science. An
eye-tracking system combines several devices with networked software to measure eye movements,
counters, and positions, linking the results to the same eye in a series of images taken one after the
other over time. Due to their versatility, eye trackers are becoming increasingly common in almost
every industry [4]. Machine learning methods are employed to enhance eye-movement tracking
techniques, Precision, and durability in estimating the position of the cornea in the eye and pupil’s
center. A gaze estimating algorithm independent of the subject’s and cell phones’ relative movements
then uses the qualities [5]. The adaptive real-time eye blink detection system offers a non-intrusive
and cost-effective solution for detecting eye blinks only with a webcam. However, there are several
factors on which the methods will not rely, like sensitivity to the environment, user-specific
challenges, real-time processing requirements, and also limited robustness. Even though many
experiments on gaze engagement have been published, the efficiency of these approaches in
intelligent interaction under real-world conditions still needs to improve [6,7]. This paper presents
an approach to eye blink detection by applying RestNet101V2, VGG-19, and convolution Neural
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Network(CNN) Architectures. The CNN architecture is known for its process in image-related tasks
in which convolutional layers are used for feature extraction.VGG-19, known for its flexibility, and
RestNet101V2, incorporating residual blocks to address vanishing gradient issues, offer alternative
approaches for eye Blink detection. The training, validation, and testing results provide insight into
each architecture to select the most suitable architecture for eye blink detection. This paper is
organized as follows: section 2 covers literature Review. Section 3 describes the methodology used in
this paper. The section contains results and discussion. The section presents a conclusion.

2. Literature Review

This section explores all the eye blink detection systems and their applications [8]. They
developed a system to identify the eyes and face for driver tracking. The recurrent neural network-
based system is presented in this approach. That network is trained using a synthetic event-based
dataset called Neuromorphic-HELEN, which is simulated and has precise bounding box annotations.
Furthermore, a technique is suggested to identify and evaluate the eye blinks of drivers by utilizing
the excessive temporal resolution of event cameras. Blinking behavior gives more information about
how tired or sleepy a driver is. The authors claim they have shown promising results. However, this
system needs to be improved when drivers wear glasses [9] —proposed an eye blink detection system
based on a camera to identify the driver’s drowsiness during drawing. In this approach, the Dataset
is collected from driving simulator experiments with the help of a remote camera. The eyelids’
velocity is calculated using a threshold determined by a k-means clustering algorithm. According to
the author, his system shows promising results regarding waking and drowsiness. However, this
system is not reliable when the driver wears the glasses. Similarly, [10] developed a volunteer eye
blinking detection system, and real-time data is handled with the help of an intelligent computer
vision detector. The convolutional neural network and support vector machine are trained on
different datasets, and performance is evaluated using different datasets such as ZJU, Cew, and ABD
datasets. The 97% accuracy and 92% F1 score are obtained on the eye blink and ABD dataset. [11]
introduce a system based on a convolutional neural network for eye blink detection. That system
might be utilized to identify the driver’s drowsiness level. From the results, it can be concluded that
the system’s performance is outstanding using the threshold algorithm. However, there is a problem
in detection when the eyes are moved up and down [12], and a motion vector analysis-based eye
blink detection system has been proposed. Such motion vectors are obtained with the help of the
Gunnar-Farneback tracker and analyzed by utilizing the state machine. The motion vector in the
proposed approach is normalized with the help of intraocular distance. The motion vectors are
normalized to gain the invariance in the eye region size. In this suggested approach [13], a metaverse
system was proposed whose purpose was to add any wordless data. The middle step of this approach
was to perform a task in which the data about closed and open eyes was carried out with the help of
MediaPipe. The results obtained from the extraction process showed a remarkable performance. The
results showed an increase of 86.70% in the number of proper identifications in the circumstances of
wearing glasses. The results obtained were better than those of the previous studies within the same
domain. Moreover, the data collected through the outcomes proved enough for the virtual character
to move. However, due to the limited number of experimental scenarios, verifying whether the
system can be utilized for general purposes is essential. In addition to the limited experiment
situation, integrating the proposed approach with a Metaverse system is essential. This integration
will allow the researchers to test the actual functionality of the suggested technique.

Furthermore, the study suggested by [14] shed light on a live method for recognizing ASL
gestures. ASL, American Sign Language, utilizes advanced machine learning and computer vision
techniques to recognize tasks. The described method utilizes the Convolutional Neural Network and
Mediapipe library, which are used for ASL sorting gestures and feature extraction. When this
proposed method was tested, it showed remarkable accuracy. The results showed an accuracy of
99.95% in identifying all ASL alphabets. This remarkable accuracy proved that the study presented
can be utilized in communication devices by people with different hearing problems. The suggested
method can also be utilized for other sign languages, including hand gestures. This approach could
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improve the lives of individuals who have difficulty hearing. The presented research is about
Mediapipe and CNN and their effective utilization in recognizing live sign language, thus resulting
in advancements in machine learning and computer vision. The methodology described by [15]
presents eye-tracking techniques. The presented study is conducted using a business-orientated
webcam, which is used to identify the iris of the eye. A component of eye tracking study is detecting
the iris’s center. The suggested study utilizes the technique of observing the center of the iris under
visible light instead of utilizing any particular eye-tracking device. Later on, observing the iris’s
center under the influence of visible light is utilized as input for a consumer-grade webcam for eye
tracking, which is inexpensive compared to other webcams. With the use of the suggested eye-
tracking technique approach, the movements of the eye are easily trackable. The presented eye
monitoring techniques provide us with information about our visual patterns, like counting the
blinks of the eyes, defining neglect, and the way a pupil of the eye responds to various surprises. The
presented approach discussed eye monitoring technologies. Although eye monitoring is standard, its
application and investigation can be comprehensive and complicated. The suggested research of [16]
discussed a basic app created based on the Mediapipe framework. The manuals presented in this
study are also referred to as technical instruction documents or user guides for particular systems
designed to help individuals. The purpose of manuals is to reduce individuals’ discomfort by
assisting them with the technical issues they experience in their usage. The stated discomfort is
reduced by providing the user manual that includes step-by-step instructions for managing a specific
system that helps the user recognize, comprehend, and resolve those technical issues. During the
experiment, a live picture was captured using Kinect. Later, a range of hand gesture data was trained,
and every hand motion was recognized. After that, the identified hand motion data was delivered to
the system of the app’s user manual. The individual can store the data in the application’s user
manual according to the identified hand motions. To make the application’s user manual more
convenient to utilize and transform the manual from a manual to a user-friendly one, the presented
study suggested including hand motion detection utilizing MediaPipe in the suggested app.
Similarly, the approach presented by [17] describes a novel approach to correctly identifying eye
blinks. The advantage of this study is that the individual does not require any background
limitations, nor is the user required to wear any mark or sensor. Moreover, manual startup is not
necessary for the suggested method. Also, the described approach works perfectly fine with offline
and online scenarios. The proposed method takes the whole video and automatically checks the eye
as open or closed. In addition, the suggested method is also assessed on the individuals who wear
glasses. The results obtained from this assessment demonstrated the usefulness of the approach. The
suggested solution is straightforward to set up and utilize. It just needs one inexpensive webcam and
PC, which is entirely gentle. In this paper, a robust methodology and benchmark dataset are
presented, described by [18], for the placement of significant reference points, which helps improve
the accuracy of iris extraction. The Dataset of iris reference points was utilized to carry out numerous
learning sessions for the VGG19, ResNet50, VGG16, and MobileNetV2. Meanwhile, ImageNet
weights are utilized for model initialization. Measurements of the model loss, model capacity, and
Mean Absolute Error (MAE) are taken to assess and verify the suggested model. The outcomes
obtained from the measurements for specific factors show that the suggested model operates better
than alternative approaches. If the comparison is taken out for the suggested method towards the
other models, the suggested method shows the MAE values of 0.33 for ResNet50, 0.60 for
MobileNetV2, 0.34 for VGG19, and 0.35 for VGG16. These models show an average reduced reaction
time of 75% and a reduced size of 60%. The photos of the eye were gathered, and the suggested
technique was utilized to label them. The Dataset described in this study is now openly accessible for
academic use. This study’s result is a more compact model that provides real-time detection. This
suggested model provides the precise identification of iris reference points. In addition, the model is
utilized to collect iris reference point annotations supplied to the model. In this suggested paper, [19]
described a technique that is utilized for blink detection. The suggested technique utilizes 3D
landmarks for identification. The suggested study will first discuss the previous studies of blink
datasets. After discussing previous studies, the accuracy of the suggested work will be evaluated.
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Then, the results achieved after applying the described study will be discussed. Furthermore, the
presented methodology demonstrates the eye blink detection technique’s applicability in the non-
physical form of stress identification. This suggested methodology will facilitate reducing stress in
the professional healthcare domain.

Table 1. Systematic Literature Review.

Author Dataset Techniques Findings
[8] Event-Based Dataset Recurrent Neural Network  85% and 97% Precision and
recall were achieved,
respectively.
[91 The Dataset is collected from K-means Clustering N/A

simulator experiments

[10]  Autonomous Blink Dataset Convolutional neural A 97% accuracy and 92% F1
networks and SVM are score were obtained.
utilized.
[11] Training and testing datasets ~ The convolutional Neural 90% Accuracy is achieved.

were collected while training. Network model is utilized.

[12] Researcher’s night Datasetis ~State Machine is utilized for ~ 86% and 80% Precision and

utilized vector analysis. recall were obtained,
respectively.
[13] N/A MediaPipe Technique is 86% outcome is achieved
utilized
[14] ASL Dataset is utilized Convolutional Neural 99% accuracy is achieved
Network is utilized.
[15] N/A MediaPipe and OpenCV N/A
technology are utilized
[16] A custom dataset of hand MediaPipe framework is 95% accuracy is achieved.
gestures is created. utilized.
[17] The custom dataset is utilized The AdaBoost algorithm is 98% accuracy is achieved
utilized

[18] A custom dataset from videos ResNet50, MobileNet, Vggl6 ~ Maximum 90% accuracy is
is created. and Vgg19 is utilized. achieved.

3. Proposed Methodology

In this study, we propose a new detector for eye blink or eye movement detection. Eye blink
detection applications are increasing daily due to their crucial role in detecting the driver’s
drowsiness while driving and for disabled people who can blink their eyes. Eye blink and eye
movement detection are more challenging as compared to eye location. The proposed investigation
provides a system that can detect the eye blink or eye movement (left or right). With eye blink
detection, the proposed method can count the blink of eyes.

3.1. Data Gathering:

The first stage in gathering data for investigations in the suggested system is data gathering. The
Dataset of images is extracted from the video [30]. The video is randomly selected from the internet.
After extracting frames from the videos, the data is categorized into four kinds: open eye, closed eye,
left eye, and right eye. Two thousand one hundred sixty-two images are used for training, 322 for
testing, and 722 for validations.
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(c) (d)
Figure 1. Sample Images (a) Open Eye, (b) Closed Eye, (c) Left), (d) Right.

Proportion of each observed category in the training set

left

right

close

Figure 2. Dataset proportion for each category in the training set.

3.2. Image Preprocessing

Preprocessing is considered a procedure of transformation that is applied to data to make it
worthwhile for various computer vision techniques. The preprocessing method transforms the
unclean and noisy data into a pure data set. With the help of image processing techniques, the
analysis can be performed efficiently by understanding the image’s content. The primary purpose of
image processing is to detect the interest points inside the image. These interest points are utilized
for feature extraction. Preprocessing aims to optimize the image data by eliminating disruptive
distortions and enhancing elements essential for additional processing. The proposed methodology
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applies the data preprocessing technique to the input images before giving the data to computer
vision models. The image’s noise is removed, and the image is enhanced for feature extraction.

3.3. Convolutional Neural Network

CNN has demonstrated impressive accomplishments. CNN, whose complete form is a
convolutional Neural Network). Deep learning is regarded as one of the most significant neural
networks. The convolutional neural network, based on computer vision, allows people to accomplish
tasks previously thought to be unattainable, like intelligent medical care, face recognition, and
autonomous vehicles [20,21]. A convolutional neural network is considered a feedforward neural
network that can extract features from data with the help of convolution structures. The features were
extracted manually in the traditional feature extraction procedure, but in convolutional neural
networks, there is no need to extract the features manually. CNN’s architecture takes inspiration from
visual perception [22]. CNN kernels are unique receptors that are capable of reacting to multiple
features. An artificial neuron is equivalent to a biological neuron. Activation functions resemble the
process by which neuronal electric signals are only passed on to the following neuron when they are
above a specific threshold. CNN is preferable to general artificial neural networks in many ways:
every neuron is now only coupled to a limited selection of neurons from the preceding layer rather
than all. That reduces parameters and improves overall convergence. Even more parameter reduction
is possible when a set of interconnections carry identical weights. A pooling layer uses image local
correlation to down-sample an image and minimize the quantity of data while maintaining
meaningful information. Eliminating insignificant features also helps to lower the total range of
parameters. Because of these three attractive features, CNN is becoming one of the foremost
representative models in the deep learning industry. CNN has three layers [23]. The convolutional
layer is the very beginning layer of the CNN. Meanwhile, the pooling layer comes in second place
inside CNN. Then, moving forward comes a fully connected layer, the third layer of CNN. A CNN
framework is created whenever those layers are combined.

3.3.1. Convolutional Layer

The main objective of the convolutional layer is to find the output of neurons linked with the
input neuron’s local region. This output is calculated by taking the scaler product among local regions
of inputs and their weights. The function of ReLu is to employ the activation function like the sigmoid
function on the output, which is generated by the preceding layer.

3.3.2. Pooling Layer

The pooling layer would subsequently conduct out-down sampling across the input’s spatial
dimensions, thus lowering the activation’s parameter count.

3.3.3. Fully Connected Layers

The next layer of the CNN is the total layers. The work of these layers is to do the tasks that are
present in conventional ANNSs. In addition, these layers also try to generate class values via the
activations. The generated class values will then be utilized for classification. Moreover, ReLu can be
utilized among these layers to increase efficiency. By employing down sampling and convolution
approaches, CNNs may provide class scores for regression and classification by transforming the
initial input layer by layer via this straightforward transformation process.
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Feature Extraction Classification

Figure 3. CNN Architecture.

3.4. VGG-19

The VGG network stands for visual geometry group, and it is also known as a deep neural
network [24], which consists of multilayered operations. VGGNet uses the specific Dataset of
ImageNet. The core base of VGGNet is the CNN model. The main advantage of VGG-19 is its
flexibility. This network includes 3 x 3 convolutional layers positioned on top to rise with complexity
level. This makes the use of VGG-19 beneficial. Max pooling layers were employed as a controller in
VGG-19 to lower the volume capacity. Two fully connected layers employed Four thousand ninety-
six neurons [24]. VGGNet DNN input data was derived from the vessel-segmented images.
Convolutional layers were utilized for feature extraction during the training stage, and several of the
convolutional layers’ linked max pooling layers were employed to lower the dimensionality of the
features. The features from the image are extracted with the help of the first convolutional layer,
which consists of 64 kernels with a 3 x 3 filter size. The feature vector is generated with the help of
fully connected layers. To reduce dimensionality and select features from the visual data to enhance
classification outcomes, the obtained feature vector underwent further processing through SVD and
PCA [25]. Decreasing the highly dimensional data utilizing PCA and SDA is a significant challenge.
Compared to previous reduction approaches, PCA and SVD are quicker and more statistically stable,
making them more valuable. In the end, the classification is performed with the help of the softmax
activation function using 10-cross validation.

3.5. ResNet101V2

ResNet101V2 is considered a residual network and an extended version of the ResNet
framework [26]. ResNet101v2 architecture includes high-performance multiple layers [27]. The
primary distinction between version (V2) and version (V1) is that version (V2) applies batch
normalization before every weight layer. ResNet is a convolutional neural network that can solve the
vanishing gradient issue with the help of residual blocks [28]. Residual block is considered a critical
point in ResNet101v2. Shortcut links in certain blocks let the network drop layers throughout
backward and forward propagation. This architecture enables practical training of profound
networks by avoiding the vanishing gradient issue. ResNet101v2 also includes enhanced activation
methods and batch normalization, which help accelerate learning convergence. ResNet101v2
provides a reliable option for image identification jobs because of its careful design, which allows it
to collect complex information inside images. The structure of ResNetl01v2 was distinguished
through its deep stack of residual blocks. Two 3x3 convolutional layers, encircled through ReLU and
Batch Normalization activation operations, comprise every residual block [29]. The remaining links
guarantee that gradients flow smoothly, which enables the structure to train efficiently, particularly
as it gets deeper. There are four primary components in the design, and each one has several auxiliary
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blocks. ResNet101v2’s ability to learn intricate hierarchical features using images is facilitated by its
depth, making it an excellent tool for pattern recognition across various datasets.

P
Normal

5
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FCI FC2  FC3 FC4 V

Images /%7 Max 3%3 128 64 32 2 RA
conv Pool .
64 64 Modified stage
filters Gl

Pre-trained stage

FC: Fully connected Layer

Figure 4. RESTNET101V2 Architecture.

4. Results

That section explains the experimental findings of the suggested methodology. The Dataset of
images is extracted from the video to evaluate the performance of the proposed system [30]. The
video is downloaded from the internet, and the frames of open eye, closed eye, left eye, and right eye
are extracted from the video. The total number of frames is 3206, divided into training, testing, and

validations.
1000 + N train
s test
mmm validation
800 -
600 -
400 A
200 A
0 -

= e 5 3
= @ =3
= Y T

Figure 5. Dataset division.
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Training and Validation Accuracy for ResNet101V2
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Figure 6. Validation as well as training accuracy for ResNet101v2.

Training and Validation Accuracy for VGG19

—

Accuracy

0.4 1

—— Training Accuracy
—— WValidation Accuracy

o 2 4 6 8
Epoch

Figure 7. Validation as well as training accuracy for VGG19.
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Training and Validation Accuracy for CNN
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Figure 8. Validation as well as training accuracy for CNN.

Training and Validation Loss for CNN
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Figure 9. Validation as well as training loss for CNN.
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Training and Validation Loss for VGG19
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Figure 10. Validation as well as training loss for VGG19.

Training and Validation Loss for ResNet101V2
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Figure 11. Validation as well as training loss for ResNet101v2.

4.1. Comparative Analysis
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When comparing ResNet101v2, VGG16, and CNN, it can be concluded that ResNet101v2 gains
a higher accuracy than VGG19 and CNN. The accuracy for ResNet101v2 is 98.2%, and the accuracy
of VGG19 and CNN is 59% and 94%, respectively. The below Figure shows the accuracy of all the
models.

Comparison of Model Accuracies

] 0.982 |
1.0 (0.946 |
0.8 1
> 0.6 1
[
©
-
(]
£
0.4 -
0.2 -
0.0 -

VGGIQ ResNetl01lv2
Models

Figure 12. Comparison between CNN, VGG19 and ResNet101v2 accuracies.

True Label: right, Predicted Label: right True Label: open, Predicted Label: open

n-

(b)

True Label: left, Pred\cted Label: left True Label: close, Predicted Label: close
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Figure 13. RestNet101V2 Model Testing on dataset Result, (a) Right, (b) Open (c) Left), (d) Close.

4. Discussion and Conclusions

In this study three different models used for detecting eyes convolutional neural network(CNN),
VGG-19, RestNet101V2 shows how these three models excel in detecting eyes blinks in video frames.
Among the three models RestNet101V2 model overpowered bothVGG-10 and CNN, and achieved a
remarkable accuracy of 98.2%. The major benefits of of using RestNet101V2 model is its strength
which lies in its use of residual block, which helps in resolving the vanishing gradient problem- a
common issue occur while training a deep neural networks. Using These features in the model helps
in performing accurate and helps in growing the network into its deeper state. It makes it suitable for
tasks like detecting eye blinks under various lightning conditions.

On the other hand, VGG-19 which is famous for its flexibility and higher accuracy in image
classification, showed lower accuracy as compared to RestNet101V2. One of the reason for this lower
accuracy in this study is because VGG-19 has simpler architecture which may not able to detect the
nuances of eye blinks as effectively as RestNet101V2 residual connection. Also VGG-19 has large
number of parameters which require more computational resources and can lead to over fitting if not
properly managed. CNN model in the study shows the lowest accuracy as compared to other two
models. It is because models like RestNet101V2 and VGG-19 have advantages of their advanced
architecture like residual connections and deep layered for a task like eye blinks detection to get a
higher accuracy.

This study also highlights an exciting aspect that the use of affordable equipment, such as simple
webcam, to collect data. It makes the system more practical and accessible to the real world use,
specifically in scenarios like where the cost-effective is major concern. The versatility of the system to
work in various lighting conditions like low light, and bright light, making it suitable for working in
various environment. Useful techniques like noise removal, and image enhancement plays a crucial
role in pre-steps for preparing the data for effective feature extraction by models. These steps ensure
that models can accurately detect the different categories open, closed, left, right eye state.

To conclude this paper, this article offers a comprehensive approach to eye blink detection
utilizing the ResNet101v2, VGG-19, and Convolutional Neural Network (CNN) architectures. Results
show how well these models perform on datasets taken from online motion pictures, thus classifying
images into four categories: open, closed, left, and right eyes. With the help of canceling noise and
enhancing features, the preprocessing step dramatically improves the models’ performance and
optimizes the input data for computer vision applications. Moreover, the CNN architecture provides
a strong foundation for detecting eye blinks with its convolutional, pooling, and fully linked layers.
Furthermore, ResNet101v2’s residual blocks and VGG-19’s adaptability clarify why both models
perform better when analyzing complex images. Achieving quite an impressive accuracy of 98.2%,
ResNet101v2 outperformed both VGG-19 and CNN in the comparative analysis. Despite its accuracy
and convergence rate, ResNet101v2 can effectively handle problems like vanishing gradients, making
it a reliable option for complex image recognition. The researcher is confident that there are practical
ramifications, particularly for applications where precise eye blink detection is essential, such as
human-computer interfaces or driver fatigue monitoring. Proper knowledge about the advantages
and disadvantages will help the apprentices choose the best deep-learning architecture for their
desired tasks, allowing them to make well-informed decisions. Furthermore, as computer vision
develops, this work advances real-world implementations. It expands deep learning across various
domains by offering insightful information about how CNN, VGG-19, and ResNet101v2 are used for
eye blink detection.
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Abbreviations

The following abbreviations are used in this manuscript:
3D Three Dimensional

ANN Artificial Neural Network

CEW Closed Eyes in The Wild

CNN Convolutional Neural Network
DNN Deep Neural Network

PC Personel Computer

PCA Principal Component Analysis
ReLu Rectified Linear Unit

SDA Stacked Denoising Autoencoders
SVD Singular Value Decomposition
VGG Visual Geometry Group
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