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Abstract

This paper introduces the use of Shi-Tomasi algorithm for drowsiness detection by percentage of eye
opening estimation. The authors use the method of eye corner detection to increase the accuracy of eye
feature detection because eye corners are more stable for tracking. Eye corners have sharp edge
information. In the proposed work, the eye corners within the eye ROI are detected, hence, all the good
corner features are obtained. The focus will be placed on designing a system that will accurately set
percentage of eye closure to monitor the eyes state in real-time.

Keywords: Region of Interest, Electroencephalogram, Shi-Tomasi Algorithm, Facial Salient Points, Corner
Detection.

Introduction

People’s drowsiness refers to an abnormal feeling of being sleepy. Those who are drowsy may fall asleep
in inappropriate situations or at inappropriate times. The high prevalence of drowsiness is a result of
lifestyle choices, changing sleep-cycle and use of medications which leads to the increase in stress and
fatigue. Being drowsy while at work or even while driving can cause accidents. Number of approaches
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have been investigated and applied to characterize drowsiness using physiological measures and ocular
measures. Physiological measures are based on physiological signals such as brain waves, heart rate, pulse
rate, and respiration. EEG (Electroencephalogram) is one device that measures the response of the body
such as drowsiness and alertness. Another method that have shown the way to detect drowsiness is by
means of ocular measures. These methods measure person’s eye state, duration of eye closure, eye gaze
movements and blink rate using computer vision system.

One recent study entitled “Estimation of Eye Closure Degree Using EEG Sensors and its Application in
Driver Drowsiness Detection” Li (2014) presents an approach to compute the ECD (eye closure detection)
using EEG sensors instead of video-based methods. Its system exhibits a linear relationship with changes of
the occipital EEG. This new ECD estimation method not only addresses the video-based method
drawbacks, but also makes ECD estimation more computationally efficient and easier to implement in EEG
sensors in a real time way.

Another research study entitled “Eye State Detection Using Image Processing Technique” Vijayalaxmi, et.
al. (2015) proposed an algorithm for determining the state of an eye, based on the mean and standard
deviation of eye image. The algorithm also used skin segmentation and Lab transform to detect face and
eye by using ROI (region of interest) as basis of detection. For most of the cases, this algorithm works to
the satisfaction. However, in some cases, the algorithm fails to detect and recognize the state of the eye.

A research study entitled “Automated Video-based Measurement of Eye Closure for Detecting Behavioral
Micro Sleep” Malla, et. al. (2010) focused on localizing face, eyes, and eyelids positions to measure ratio
of eye closure. This study has poor detection on lower eyelid due to passive top-down system approach in
which the face is the first one to be detected until the system detects the eye part. Furthermore, the LELy
detection was poor because fewer eyelashes at the lower eyelid produced poor contrast in image intensity.
For this reason, the accuracy of the eye closure detection is reduced.

To eliminate the inaccuracy of eye closure detection, the authors proposed the Shi-Tomasi Corner
Detection Algorithm that tracks good corner features within the ROI. Since there is a problem of poor
detection in the lower eyelid, the algorithm presents a way to detect the corners with the region of interest
including the left, right, upper and lower points of the eye. This study will use the percentage of eye
opening to determine the degree of drowsiness Kaddouhi, S., et. al. (2017).

The system starts by capturing the face of the user. Once the camera detects the face of the user, the system
will generate a video clip which will be needed in the process of the Shi-Tomasi Corner Detection. The
frontal face of the user will be detected by using Haar-like Cascade Classifier. The next process is the eye
detection which also uses the Haar-like Cascade Classifier. When the eye is finally detected, extraction of
the eye corner features can now be performed by using the Shi-Tomasi Algorithm. The percentage of the
eye opening depends on the ratio of the distance of the upper and lower eyelid. The algorithm also provides
a method that will determine the percentage of the eye opening to identify the degree of drowsiness of the
user Hasan, Md., et. Al (2016).

The remaining part of the paper is organized as follows: Section (2) discusses the theory about Shi-Tomasi
algorithm, how it works and how it is applied in the system to detect the drowsiness by percentage of eye
opening estimation; Section (3) presents the results and discussion; and Section (4) presents the conclusion
where the summary of the contribution of this work and identify areas for further work is presented Dkhil,
M., et. al. (2017).

Theory

The system for detecting the percentage of eye opening and determining the state of drowsiness is equipped
with the use of computer with a 2.2 GHz 4GB RAM, administering Windows 10. The program is
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implemented in Python, a general purpose high level programming language with the use of Anaconda and
OpenCYV library. The camera is placed in front of the user and positioned such that the face takes up the
majority of the image. The optimum distance between the user and the camera is about 30-50cm.

A. Detecting the percentage of eye opening using the Shi-Tomasi algorithm for determining the state
of drowsiness

Figure 1 illustrates how the system works step by step. Starting from a video sequence until a face is
detected. The system begins by facing in front of the camera to perform face detection to know if a face
exists and to limit search space as well to avoid false detections. This process used Haar-like Cascade
Classifier. Once a face is detected, a set of cascade of boosted classifiers were used to detect the eye in the
facial geometry. Then an eye tracking algorithm is proposed to track the eye positions in the subsequent
frames. Features are then extracted and calculated from eye regions to classify eye state. Finally, the result
of the eye state detection is analyzed to decide whether the driver is actually drowsy or not. If it happened
to be in a drowsy state, an alarm will alert the person. Each step of the proposed drowsiness detection
system is established.

Tideo Seguence

Face Detection

Eve Detection arnd
Trackingo

Ewve Feature Extraction
CShi-Tomasi Cormer
Detection’)

Percentage of Eyve
O peningo

Drowsiness
Detection

Alarzn
Figure 1. Conceptual Framework

Face and Eye Detection: Face detection is achieved by using Haar-like cascade classifier shown in Figure
2. The training of the classifier is done in OpenCV. A set of positive and negative samples are taken for
training. Positive samples are the ones which contain faces, while negative samples are the random images
which contain non-faces. The OpenCV software helps create a vector file which is a combination of cross
product of all the positive and negative samples. The result of the training operation, which is an XML file,
is used for detecting the facial region in the upcoming frames.

The next step is eye detection which is performed on the facial region. Like the face, a Haar-like cascade
classifier is trained for eyes too. A set of positive and negative samples are taken for training. Positive
samples are images containing eyes while negative samples are the random images containing the non-eye
region. The result of the training operation is XML file which is used for detecting the eyes. Eye detection
is shown in Figure 3.

ISSN: 2308-7056 Cruz, Estanislao, Modina, Montoya, Unida & Tolentino (2018) 3



R

B
A www.irbas.academyirmbr.com January 2018
S International Review of Basic and Applied Sciences Vol. 6 Issue.l

Figure 2. Face Detection Figure 3. Eyes Detection
Shi-Tomasi Algorithm: When the eyes are fully detected, extraction of eye feature points can now be
performed by using the Shi-Tomasi algorithm. Given the values of the coordinates (x,y) of each feature
points located in the eye edges and corners, percentage of eye opening can now be acquired. The
percentage of eye opening in a still image can be computed by finding the ratio of the current distance
between upper eyelid and lower eyelid detected in the eye region of the image with respect to the distance
between the upper and lower eyelid when fully open. The distance between upper and lower eyelid is
computed by using the distance formula between two points given the x and y coordinates shown in
equation (1).

D=[(A—B)*+(A-B))’1" (1)
Where:

D - distance formula between two points
(A« Ay) — coordinates of point A
( B, By ) — coordinates of point B

Using only the vertical distance of eye is not enough to correctly measure the percentage of eye opening
with varying distances between the user and the camera as such distance changes the apparent distance
between the upper and lower eyelids as measured from the facial image data. To solve the problem, the
proponents include the horizontal distance of the eye, which is the distance between the corners of the eye,
and calculate the ratio between vertical distance and horizontal distance of the eye. Horizontal distance is
also acquired by using equation (1) given the coordinates of the inner and outer corners of the eye. Eye
feature points’ position is shown in Figure 4.

Figure 4. Eye Feature Points (Right)
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Where:

(X1 y1) — coordinates of upper eyelid
( X2,y ) — coordinates of lower eyelid
(X3, ys ) — coordinates of outer corner
( X4,Y4) — coordinates of inner corner

Finally, the estimated percentage of eye opening can be obtained by dividing the current ratio (Ratio cyrrent))
of the distance between upper and lower eyelid to the distance between the corners of the eye to the ratio
(Ratioguy openy) OF vertical and horizontal distances of the eye when it is fully open. Ratioguy open) iS
computed during the first few frames in which the user is expected to be in alert condition or in fully open
eye state.

% eye opening = (Ratiocyrreny/Ratiogyily open)) X100 (3)

In general, a typical eye blink lasts usually between 0.1 to 0.4 seconds. Any blink that lasts longer than the
specified range is considered a prolonged closure of eyes and can be an indicator that the user is drowsy. In
this study, if the eyes are detected having a percentage of eye opening from 20% (eyes with 80% closed) to
0% (fully closed eyes) for more than 0.5 seconds, or a certain number of consecutive frames depending
on the frame rate, the user is considered in drowsiness state. An alarm is then generated to wake up or
warn the user that he/she is drowsy.

B. Determining the significant correlation between percentage of eye opening using Shi-Tomasi
algorithm and EEG reading

In this study, the authors used EEG equipment (Sandman SD32 system) for monitoring the brainwaves.
The subject was seated in front with a distance of 30-50 cm away from the camera. The subject was sleep
deprived for more than 12 hours to record the actual drowsiness a person’s brain signals may indicate.
EEG recording were taken from the subject together with a synchronized video taken from the camera
placed in front of the subject. Electrodes were placed on subject’s scalp. In order to increase the connection
between electrodes and scalp surface, special conductive EEG paste were used. Two electrodes were placed
at the back of the head (occipital lobes) where most alpha is located namely the O1 and O2 channels as
shown in Figure (e). Another pair skin electrodes are located for EOG (eletrooculogram) readings on both
sides of the eyes which are designated as E1 and E2 channels for monitoring eye movement as illustrated in
Figures (b), (c). Also, two reference electrodes were placed on the head behind the ears labeled as channels
M1 and M2 as indicated in Figures (a), (e). A single electrode is placed on the forehead to serve as ground
as shown in Figure (d). Electrode placements of recorded EEG have been shown in Figure 5.

¥

(d)
Figure 5. Different Placement of Electrodes
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The authors record EEG data, where state of drowsiness were observed. Drowsiness is determined in terms

of frequency changes

from beta to alpha waves. This alpha waves signals range from 8-13 hertz depending

upon the brainwaves response.

After recording, data is analyzed in frame per second consisting of 150 samples each for eye opening
percentage and for brainwave frequency. The results will be compared by the corresponding percentage of
the eye opening captured by the camera through saved video and the frequency of brainwaves read in the
EEG. Pearson test of correlation between two different variables is used to measure the statistical
relationship or association. The Pearson correlation coefficient gives information about the magnitude of
the association, or correlation, as well as the direction of the relationship. The computed value of Pearson r
is then interpreted to know the degree of correlation.

Table 1. Degree of Correlation

If the value is near + 1, then it said to be a perfect correlation: as one variable

Perfect increases, the other variable tends to also increase (if positive) or decrease (if
negative).
. If the coefficient value lies between + 0.50 and + 1, then it is said to be a
High degree

strong correlation.

Moderate degree

If the value lies between + 0.30 and + 0.49, then it is said to be a medium
correlation.

Low degree

When the value lies below + 0.29, then it is said to be a small correlation.

No correlation

When the value is zero.

To determine if the correlation between percentage of eye opening and brainwave frequency is statistically
significant, the p value (population correlation coefficient) must be compared to a significance level using

alpha = 0.05.

Table 2. Statement of the Hypothesis

Hypothesis Condition
There is no significant correlation
Null (HO) | between the eye percentage and p=0

frequency from EEG reading.

There is a significant correlation
Alternative | between the eye percentage and p#0
(H1) frequency from EEG reading.

Table 1 shows the null and alternative hypotheses and the conditions to be accepted for Pearson test. To be
able to know the association of two variables, obtaining the r value is necessary. The authors used the

formula:

Where:

Ty — 25 LY
r=— —= = (4)
oo Ex) )"

JEx == ((DyF - 505

X - Eye opening percentage
y — Brainwave frequency
n — Time in seconds or the sample size
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Second, the value of the test statistic is calculated using the formula:

n—2
t=r |— (5)

\|1—J"

Where:

r - Pearson correlation coefficient
n - Sample size

To test whether p =0 or p # 0, the authors need to compare the test statistic to a critical value of t found in
t-distribution table with 148 degrees of freedom (since 150 - 2 = 148) with a-value of 0.05. If t value
computed is greater than the critical value of t, the null hypothesis is rejected. For a condition t > t critical,
also means to a statement that p is not equal to 0.

The authors will make use of a scatterplot to represent the data graphically which consists of plot of points
of two variables x and y, where the x variable represents the percentage of eye opening and the y variable
represents the frequency in hertz from the output of EEG reading. The straight line equation of the
scatterplot is obtained using linear regression which can be done in excel. The general equation of straight
line is:

y=mx + b (6)
Where:

y — brainwave frequency

X — eye opening percentage

m - slope (gradient) of the line
b —y intercept

Using linear regression, the slope (m) and the y intercept (b) of the best-fit line can be obtained by using the
following formulas:

Where:

r - Pearson coefficient

S, - Standard deviation of x
Sy - Standard deviation of y
i - mean of X

¥ - mean of y

Results and Discussion

In the experiment, the subject was seated and his eyes were monitored using a webcam placed in front of
him. Electrodes were placed in the subject’s scalp at the same time to measure brainwaves activity using
EEG. Not all electrodes of the EEG have been used since the experiment focuses only to monitor the
alertness of the subject from awake to drowsy. EEG signal can be classified on the basis of its amplitude
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and frequency range. The patterns that are most reliable in consistence and occurrence are beta waves,
alpha waves, theta waves and delta waves.

Table 3. Classifications of EEG

EEG Frequency
Beta wave 13-30 Hz
Alpha wave 8-13 Hz
Theta wave 4-8Hz
Delta wave 05-4Hz

Table 3 shows transition from wakefulness to sleep and can be described as a shift towards slower
frequencies in the EEG. The Beta waves (13-30 Hz) characterizes mainly on the awakening, the increase of
the vigilance and the attention. Alpha waves (8-13Hz) are observed when a patient is awake and resting
with eyes closed. Alpha waves are common in the awake and relaxed condition and can be used as a first
measure of drowsiness. When drowsiness appears, the first sign is a rise in alpha activity. Later in the
process, the alpha waves diminish and are replaced by theta waves. Theta waves occur in the early stages of
sleep. While Delta waves occur during the deepest sleep. The data gathered from experiment consists of
beta, alpha, and theta waves.

Time  134:31PM LSLO03PM  1:54:33PM 1:55:55PM

sstorg |
o [

| ok — 05

Figure 6. EEG and Video Recording Time

In Figure 6, there are two computers used for gathering the data — a pc and a laptop. The pc was intended
for EEG reading while the laptop was set for a video recording of the percentage of eye opening. Before the
authors start collecting data, these computers were both set at the same local time.

Data acquisition of the subject started from 1:34:31 PM to 1:55:55 PM with a total time duration of 1282
seconds. Video monitoring of a laptop lasted for 21 minutes and 24 seconds while EEG still took a
continuous reading.

Unfortunately, there were times when EEG readings produced artifacts. These unwanted signals must not
be included for these are unclassified brain activities due to recorded electrical signals arising from sites
other than the brain. The authors then just picked continuous signals without any interference involved.
Authors found the time with the most stable EEG readings which started from 1:52:03 PM to 1:54:33 PM
with a span of 150 seconds as shown in Figure 4.7. This is where analyzation and interpretation of data will
be coming from.

Data gathered is composed of Beta waves as the indication of alert condition shown in Table 4, which is
acquired during 1063™ to 1065™ seconds of the video monitoring. The alpha waves are noticed to decrease
in frequency which denotes transition from awake to drowsiness as illustrated in Table 5, which is acquired
during 1121% to 1124" seconds. A total alpha loss or theta wave appearance is a sign of extreme drowsiness
or early signs of sleep as indicated in Figure Table 6, which is acquired during 1178™ to 1181 seconds.
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Table 4. Image Sequence with Beta Waves
Independent 0
Variable oA)e?i/r? Frame EEG Graph Fre(q:;)n Yy
Time(sec) pening
| 14Hz
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Table 5. Image Sequence with Decreasing Alpha Waves
Independent 0
Variable o/oeﬁ%e Frame EEG Graph Fre(q;s; cy
Time(sec) pening
| | 11Hz
1121% 76 ’ 7‘;. | |
nd !
1122 20 i,?c | 11Hz
0O T
1123rd 66 A 10Hz
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1124™ <Y |
45 2 _, 9Hz Alpha
{ |
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Table 6. Image Sequence with Loss of Alpha

Independent

0
variable og’elrii)fg Frame | EEG Graph FrE(qFL:Ze)ncy
Time(sec)

1178" 0 PR | 7 Uz
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|

1179" 1 ‘JC‘ 7 Uz
1‘3 .rm\f"\-w/\w\rvf? Theta
| . |

1180" 0 ".gc‘ [ 7h
] - E A A Theta
I ! '

1181% 0 ’“?c‘ : 7 Hz

, Theta

Video monitoring and EEG readings were recorded for 2.5 minutes. The authors asked for help and
guidance from an EEG specialist for analyzing the recorded EEG data. The results are compared to find the
correlation between eye percentage and EEG reading. Percentage of eye opening and EEG reading is
recorded every second for a total of 150 samples. The scatterplot below shows the result of Pearson
correlation coefficient where r is 0.5765, indicating a positive linear correlation or direct relationship
between percentage of eye opening and EEG reading. The equation of the best-fit line or the straight line in
the scatterplot is y = 0.029x + 8.411, showing a positive slope of the straight line. It denotes that when
percentage of eye opening increases, frequency of brainwaves recorded from EEG reading also increases as

illustrated in Figure 7.
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During the 150 seconds of data gathering, graphs of the response of both the eye opening and EEG reading
are acquired. As the systems perform the detection, corresponding variations were analyzed as shown in

Figure 8.
IOOW s v

3

Eye Opening %

0 | LA A
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Time(sec)
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Frequency(Hertz)
=
=
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Figure 8. Percentage of Eye Opening and EEG Reading

To evaluate if the acquired Pearson correlation coefficient has statistical significance, the computed
absolute t value must be greater than the t critical value. In this case, t critical value is 1.6551 which means
that the computed t value is above the critical region. The null hypothesis is rejected indicating that there is
significant correlation between percentage of eye opening and EEG reading as presented in Table 7. The
computed value of correlation coefficient r = 0.5765 is interpreted as a high degree of correlation
(coefficient value lies between + 0.50 and + 1) which means it has a strong correlation.

Table 7. Test of Significance of the Correlation Coefficient

R tvalue |t critical Decision Degree of
value Correlation
05765 | 85833 | 1.6551 | Reject HO Poméfly

In the first problem, the authors should find data on how Shi-Tomasi Corner Detection Algorithm can be
used in detecting the corners of the eyes for the measuring of the percentage of eye opening. The video data
or the sequence of frames captured by the camera went through different phases. The training of face and
eye detection using Haar-like cascade serves as the basics of the proposed algorithm which lead to the input
for detecting the eye corners. When the system has prepared the detection of eye corners, the output was
used to compute for the percentage of eye opening. The result is affected by the lighting condition of the
place where it is performed. The authors found out that when face detection is not working properly,
process of measuring would be affected.

Significant correlation of the system with EEG system is the second problem to be analyzed. It will indicate
the responsiveness of system compared to brainwaves which is used as a means of measuring drowsiness.
The experiment is conducted to record a video of a drowsy patient. The subject is sleep deprived for more
than 12 hours to easily draw-out a state of being awake to drowsy. The authors used Pearson r correlation
as statistical treatment for correlation of percentage of eye opening and EEG readings. The result for the
detection of drowsiness has significant values. The computed t-value of 8.5833 is greater than the t-critical
value which represents the rejection of the null hypothesis. This means that the correlation is statistically
significant and not a chance occurrence. The findings denote that as the percentage of eye opening
decreases, alertness also decreases. From the results, it is evaluated that some misclassified detections are
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caused by having EEG artifacts. It can also be observed that the illumination darkens the eyelid part
causing instances of poor detection. Compared to the previous study, this system has reached another step
on detecting the drowsiness. The Shi-Tomasi Corner Detection algorithm that is used in this study is
certainly effective in detecting the eye corners for the measuring of percentage of eye opening.

Conclusion

A new approach for eye state detection is presented in this paper. The authors of this study developed a
system that is reliable for monitoring drowsiness by estimation of eye opening percentage.

Based on the data gathered, the authors were able to obtain the results in detecting the percentage of eye
opening using the Shi-Tomasi algorithm for determining drowsiness that does not only focus on fully
closed eyes. Upon selecting the 4 feature corners of the eyes and obtaining the 2D coordinates, ratio is then
computed, corresponding to the percentage of eye opening. The system performed eye percentage detection
ranging from 0 to 100 percent. The data has an average eye opening percentage of 42.1867 which means
that the subject shows longer period of being drowsy than in awake state. It is proven through EEG reading
that having an average brainwave frequency of 9.6333 within the range of alpha frequency, indicates signs
of drowsiness. Instances of poor detection of eye corners are observed because of the lighting condition.

In order to recognize genuine signals generated by the brain, the authors suggested the use of some
algorithms in dealing with artifacts to be able to eliminate the main sources of interference encountered in
the electroencephalogram (EEG) system.
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