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Abstract

Fatigue leads to tiredness, exhaustion, and sleepiness. Driving in fatigue con-
ditions is considered dangerous and can cause serious road accidents. Accord-
ing to reports about 25% of road accidents are due to driver drowsiness.
The main reason behind drowsiness is fatigue. While driving continuously
on long trips, drivers feel sleepy. In this paper, we proposed a novel approach
that is efficient enough to detect driver drowsiness accurately. An intelligent
system, that can quickly and precisely determine whether the driver is feeling
drowsiness or not during driving and can also generate a warning in real-time
scenarios is implemented. Thus, resulting in reducing the number of accidents
that take place due to the drowsiness of the drivers as well as the death rate.
In this paper, drowsiness is detected by observing facial features such as Eyes
and Mouth.

Keywords: Eye aspect ratio (EAR), mouth aspect ratio (MAR), facial
landmarks, drowsiness.
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1 Introduction

A technology developed for vehicle safety that prevents accidents when the
reason is due to being drowsy is identified as Driver Drowsiness Detection
System (DDDS). Various research reports suggest that 20-25% of all acci-
dents are due to driver drowsiness which may be as high as 50% on certain
roads [1, 2]. An evaluation was performed in recent times which indicated
that around 1,200 deaths and 76,000 accidents every year are contributed by
fatigue-related crashes [3, 4]. The harm and the damage, drowsiness brings
on the road, preparation and proper approach should be taken to overcome
the adverse effects. The carelessness of the driver [17, 18], the absence of
readiness during riding, and distraction contribute to the overall damage
caused. Drowsiness and driver attention diversion are two main reasons for
road accidents. Drowsiness generally occurs due to fatigue wherein a driver’s
attention is diverted if he is not paying attention or got lost in his thoughts.
It is represented via the present withdrawal of attention from the road. The
decrease in traveling performance, high disturbance, and an enhanced danger
of a crash crisis is the sort of effects that might be required in both driver
distraction and drowsiness [5, 6].

Driver drowsiness detection requires precise identification of drowsiness
during nighttime driving. Various methods have been used for detection and
identification of the drowsiness of the driver such as CNN (Convolutional
Neural Network), ANN (Artificial Neural Network), SVM (Support Vector
Machine), and ECG (Electrocardiogram). Here we are using facial land-
marks extractor to identify the region of interest such as eyes (open/closed),
mouth (open/closed), and determine whether the person is feeling drowsy or
not [7, 8].

The rest of the paper is organized as follows: Section 2 presents a related
study along with challenges in driver drowsiness detection techniques. The
proposed model is presented in Section 3 and the research methodology used
to explain the work is shown in Section 4. Section 5 discusses results and
finally, Section 6 concludes the paper.

2 Related Study

In this section, various research techniques and approaches are analyzed.
The authors in [3], propose a robust and non-intrusive system for monitoring
driver’s fatigue and drowsiness in real-time scenarios. SVM is used to extract
the face region from video frames and Circular Hough Transform (CHT)
is further applied to eyes and mouth extracted regions. In [4], the authors
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proposed a lightweight android application to detect driver drowsiness using
various machine learning algorithms. Here adaptive thresholding is employed
to sense drowsiness. Maximum accuracy of 84% is achieved using Forest
Classifier. Driver drowsiness detection using image processing [20] focuses
on drowsiness detection by processing the driver’s eye image. In [21], the
authors proposed a camera based DDDS. Haar features are used for face
detection and a forest classifier is applied to locate eye regions. In [22],
an eye blink sensor is proposed using PIC 16F877A for DDDS to prevent
accidents. Across various research papers, some common challenges that are
being faced using different techniques [19, 33] are:

2.1 Accurately Identifying Time for the Alarm to Beep

The main objective of our work is to precisely determine whether the driver
is feeling drowsy or not and raise the alarm or the warning at the correct time.
The fraction of delay in the beep of the alarm will increase the chances of the
accident or failure [10].

2.2 Quality of the Image Being Fed as Input

For this work, the laptop webcam may be unable to detect and identify the
drowsiness because of the low-quality video capturing power or low perfor-
mance in low lighting conditions. So, there is the need for an alternative;
low-cost equipment that can replace it and have a better image capturing
power such as an additional webcam [11]. This cost can be reduced by using
the mobile phone [34] as an alternative webcam and feeding its video as input
to the laptop or the machine on which we are measuring the drowsiness [12].

2.3 Significant Change or Drop of Accuracy With or Without
Spectacles

Detecting drowsiness accurately with and without spectacles is another chal-
lenge that needs to be dealt with as it is seen that there is a significant amount
of loss of accuracy with the spectacles during the process of detection of the
drowsiness of the driver [13, 14].

2.4 Frame Drop During the Image Feed

The feed from the webcam sometimes shows frame drops or lagging of
frames that means the frame that is being extracted is sent to the model or
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system with the delay of fractions of seconds and the fraction of delay in
the beep of alarm or the warning will increase the chances of the accident or
failure [15, 16].

3 Proposed Multimodal Driver Drowsiness Detection
Model

In this work, the eye aspect ratio (EAR) and mouth aspect ratio (MAR)
is used to detect drowsiness. Here, facial landmarks extractor is used to
determine landmarks that are employed to compute EAR and MAR. Based
upon calculations done by both the ratios, it is determined whether the driver
is feeling drowsy or not. Initially, a threshold is set for both the EAR and
MAR that is calculated for all the targeted frames [23, 24].

Values of EAR and MAR for a certain number of consecutive frames
are checked to confirm whether the same crosses the threshold or not. If it
crosses, the alarm is raised to alert the driver to take a break or stop driving.
The threshold value for EAR is set to 0.22 and that for MAR is set to 10 for
our proposed model [25]. Apart from that, 68 Facial Landmarks extractors
that will extract 68 facial landmarks of a person’s face are used. These
landmarks are in a 2D coordinate system and by using these values, EAR and
MAR ratios are computed. The iBUG300-W dataset was used to train the 68
facial landmarks model to extract 68 facial landmarks coordinates. Figure 1
shows the representation of facial landmarks of a person using 68 points.

Figure 1 Facial landmarks of a person.
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3.1 EAR (Eye Aspect Ratio)

The method determines the landmark positions, which enables us to extract
a single quantity EAR, which defines the extent of opening of the eye in the
targeted frame [26]. EAR is the average sum of vertical landmarks divided by
horizontal landmarks of both eyes. A series of low EAR values doesn’t mean
that a person is blinking. Figure 2 shows the six landmark p1, p2, p3, p4, p3J,
and p6 that are used to calculate the EAR using Equation (1). A normal blink
has three features:

1. A normal human blink every 7 — 11 seconds.

2. When normal human blinks, eyes are closed for a fraction of seconds
(0.13 - 0.28 sec).

3. A normal human blink with utmost 2 blinks at any instance.

If a driver violates any one of the three conditions it means he is in a state
of drowsiness.
(Ip2 — p6[ + [p3 — p5])
2 [pl — p4|

Using the “68 Facial Landmarks” model we get 68 landmarks coordinates
of the face but for calculating EAR we need only eye landmarks so only
the eye region is cropped. After that vertical distance between p2, p6, and
p3, p5 and the horizontal distance between pl, 4 is calculated. Finally, the
EAR is computed by dividing vertical distance with horizontal distance. The
same procedure is followed for the other eye EAR’s for both the eyes are
averaged [27, 28].

EAR = )

Figure 2 Computing EAR through eye landmarks.
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3.2 MAR (Mouth Aspect Ratio)

MAR can be calculated by using the facial landmarks of the mouth. Like
EAR we assign these landmarks values like A, B, C, D, E, F, G, and H shown
in Figure 3. Using these points vertical distance between C-D, E-F, H-G, and
horizontal distance between A-B is calculated and these values are used to
calculate MAR using Equation (2).

|CD| + |EF|+ |GH])

_(
MAR = 3% |AB|

2

It can be observed that the value of MAR is zero when the mouth is
closed but its value increases when the mouth starts to open and reaches its
maximum value when the mouth is wide open [29], which is generally the
case of yawning. Algorithm 1 predicts the drowsiness.

Algorithm 1: Prediction of Drowsiness

1. Initialize the python “dlib’s face detection” model as a ’detector’ to
detect the face and the “68 Facial landmarks” model as a ’predictor’
to extract facial landmarks.

2. From 68 landmarks of the left eye, right eye, and mouth are used.

3. A video stream is fed as input from the camera.

4. Loop over all the frames to detect the faces

a. Extract a frame

b. Resize the frame

c. Convert the frame to grayscale
d. Detect faces

Figure 3 Computing MAR through mouth landmarks.
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5. Loop over the face detected and apply the predictor

a. Compute the average EAR by using the EAR of both eyes.

b. Calculate MAR for the mouth

c. IFEAR < EAR_THRESHOLD indicates a closed eye for the frame

d. Count the number of consecutive frames for which the eye remains
closed

e. If EAR < EAR_THRESHOLD, raise the alarm

f. IF MAR > MAR_THRESHOLD Show the alert (Person in Yaw-
ing)

Figure 4 shows the process for raising the alarm if EAR crosse the

threshold.
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Figure 4 Flowchart of the process followed.
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4 Research Methodology Used
4.1 Dataset Used

A dataset consisting of videos of 60 — 90 seconds of persons driving the car
and feeling drowsy and yawing at different instances of time is used. The
dataset also contains the video frames of the same video labelled as if the
person’s eye is closed or he/she is yawning or not in a particular frame. We
used the same for [30, 36] detecting the accuracy and for the testing part of
our model. So, there are videos of 50 different persons with their frames as
eyes closed, yawning or not [31, 32].

4.2 Performance Measure

In this paper, we use multiple parameters like EAR, MAR and predict with
accuracy that the driver is drowsy or not in real-time scenarios. For detecting
drowsiness using EAR we take several threshold values for EAR and from
the results, [33, 34] it can be observed that the EAR value oscillates around
0 — 0.30 slightly when eyes are slightly open, but it drops drastically when
the eyes are closed. It was observed that an EAR value below 0.22, for
consecutive 50 frames indicates that the person’s eyes are closed. So, our
classifier will check the next frame against the threshold and if EAR goes
above the threshold, the number of frames for which EAR is below the
threshold is reset to 0. Similarly, it can be observed that while a person is
yawning using MAR [35].

We are using Equation (3) for calculating the Correct rate that is the
difference between the Total Frames and the detection Failure divided by
the total number of the frame. For example, if we are extracting frames from
the video and let say the total number of frames is 1700 and we are not able
to detect the drowsiness in 170 frames, so the correct rate is the difference
between total frames and detection failure divided by a total number of

frames. . .
Total Frames — Detection Failure
Correct Rate = 3)
Total Frames

5 Analysis of Results

EAR/MAR, the threshold applied for both Eye Aspect Ratio and Mouth
Aspect ratio, and the number of the frames are used for calculating drowsi-
ness. Figures 5(a), 6(a) and 7(a) show the real-time values of the EAR,
MAR, and Drowsiness Count for various subjects used in this paper. Dwcnt
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Figure 5(a) Real-time drowsiness check on recorded video — subject 1 [36].
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Figure 5(c) Frames v/s MAR - subject 1.

is the count of drowsiness of the driver. The graph of EAR vs frames of
corresponding subjects is shown in Figures 5(b), 6(b) and 7(b). MAR vs
frames of corresponding subjects is shown in Figures 5(c), 6(c) and 7(c).
It can be seen, how the EAR and MAR change if we close our eyes that are
shown as the dip in the graphs and Peaks for the moment when our mouths
are open.

Figure 5(a) shows how our method is working on a recorded video present
in the dataset that is recorded in real-time while driving the car. Figure 5(b)
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Figure 6(a) Real-time drowsiness check on live video — subject 1.
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Figure 6(c) Frames v/s MAR - subject 1.

shows the analysis of the Frames vs Eye Aspect ratio and Figure 5(c) shows
the frames vs Mouth aspect ratio. The dips in Figure 5(b) show that the Eye
Aspect ratio is below the given threshold that is 0.22 in our case. The peaks
shown in Figure 5(c) show that our Mouth aspect ratio is greater than the
threshold value that is 10 in our case and if the eye is closed for a particular
number of frames it will show the drowsiness alert. Dwcent is a variable that
stores the count of frames in which the driver is drowsy or feeling drowsiness
or is yawning or yawning and drowsy. Both our models will work fine in all
three cases.
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Figure 7(a) Real-time drowsiness check on live video — subject 2.
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Figure 7(c) Frames v/s MAR - subject 2.

Analysis on different subjects is performed and detection failure is calcu-
lated using Equation (3). Different persons with different eye sizes, gender,
ages group, and with and without glasses are selected for analysis of the result
and the overall comparison is shown in Table 1. Table 1 shows some decrease
in accuracy for a person with small eye size and case if the person is wearing
glasses. Figure 8 shows the graphical representation of comparison between
accuracy for the different instances and is plotted between instances vs correct
rate.

After performing the analysis on an already made dataset we checked our
model on our pre-recorded videos to analyze the result. The videos are made
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Table 1 Different instance of driver and features (dataset)

Eye Eye Total Detection Correct Average
Instances Age Gender Size Glasses Frames  Failure  Rate (%) Rate
Instancel 21 Male Large No 1700 168 90.11
Instance2 22 Female  Small No 2000 229 88.5
Instance3 25 Male Medium No 1500 157 89.5 88.4
Instance4 23 Male Medium No 1800 198 89.0
Instance5S 22 Male Large Yes 1000 136 86.4

Table 2 Different instance of driver and feature (live)

Eye Eye Total  Detection Correct Average
Instances Age Gender Size Glasses Frames  Failure  Rate (%) Rate
Instancel’ 22 Male Large Yes 1100 90 91.80
Instance2’ 23 Male Small No 1000 125 87.5 89.1
Instance3’ 22 Male Medium No 1200 130 89.16

Correct rate vs Instances

o W
]
(= =
g &
S
[ 45 ]
=)
g7
" 12 13 14 15 1 12 13
Instances

Figure 8 Instance v/s correct rate (dataset).

in a home environment without a person driving. Figures 6(a), 7(a) show
the real-time analysis. Figures 6(b) and 7(b) is showing the analysis of Eye
Aspect Ratio vs Frames and Figures 6(c) and 7(c) show the analysis of Mouth
Aspect Ratio vs Frames. The analysis of the result is shown in Table 2, and
we are using Equation (3) for correct rate calculation and Figure 8 shows the
graphical representation of our analysis.

6 Conclusion and Future Work

From the results we get, it can be concluded that the Driver Drowsiness model
implemented using EAR and MAR have an average correct rate of about 88.4
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percent and can produce promising results. In this work, we extract the region
of interest, and based upon the dataset available, scores were calculated to
sense drowsiness. As compared to the CNN-driven model, the accuracy is
lower, by 2.1 percent but the parameters considered are much reliable. As
a future task, additional parameters can be employed for frames with low
light. This can be also integrated with various public transport vehicles like
cab services to monitor whether the driver is feeling drowsy or not and thus a
way to decrease the number of accidents taking place. It can be also integrated
with the hardware to automatically stop the vehicle if the driver is feeling
drowsy even after the alarm.
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