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Abstract

Real-time Eye Blink Detection
System for Driver’s Side Face in
Autonomous Driving Environment

Bonhak Ku
Graduate School of Practical Engineering

Seoul National University

As many cars in the second level of autonomous driving (SAE level 2) start
to appear, drivers are shifting their gaze to the car’s entertainment system
instead of focusing on driving. However, there are still several steps left
ahead until we reach the stage of fully autonomous driving. Meanwhile, we
need a system that can help drivers focus on the road and avoid drowsiness.

Previous studies focused on methods for detecting drowsiness have
been conducted in a manual driving environment when the driver is look-
ing straight ahead, not in an autonomous driving environment when driver
is looking in different directions. Therefore, this study researched and de-
veloped a drowsiness prevention system in an autonomous driving environ-
ment by a non-contact method, using a camera. The system warns drivers to
stay focused on driving when they are paying attention to the entertainment

system or feeling drowsy.
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The drowsiness of the driver was determined by the following steps.
First, the driver’s face was recognized, followed by the main points of the
driver’s face. Then, the necessary main points of the eye and mouth were
found. Finally, the pose of the head was determined through the found main
points. Additionally, the system was designed with an algorithm that cor-
rects the eye size when the head is turned to the side, a task many systems
in the market fail to achieve.

In this paper, OPENCV was mainly used in the python development
environment. High-performance MobileNet-SSD is adopted as a face detec-
tion model. For facial landmark detection, regression trees were used. As for
the head posture, the Perspective-n-Point method using the 2D coordinates
of the face points found earlier, were used to estimate the direction of the
face rotation, and also correct the size of the eye from the side view of face.

Through this study, it was confirmed that in a level 2 autonomous driv-
ing environment, the driver’s drowsiness can be better detected when the
driver is looking to the side. Applying the results of this study on a real
word product will help determine the driver’s drowsiness more accurately,

thus securing software competitiveness.

Keywords : Real-time, autonomous driving, drowsiness detection

Student Number : 2021-26571
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