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Abstract: Drowsiness poses a serious challenge to road safety and various in-cabin sensing tech-
nologies have been experimented with to monitor driver alertness. Cameras offer a convenient
means for contactless sensing, but they may violate user privacy and require complex algorithms
to accommodate user (e.g., sunglasses) and environmental (e.g., lighting conditions) constraints.
This paper presents a lightweight convolution neural network that measures eye closure based on
eye images captured by a wearable glass prototype, which features a hot mirror-based design that
allows the camera to be installed on the glass temples. The experimental results showed that the
wearable glass prototype, with the neural network in its core, was highly effective in detecting
eye blinks. The blink rate derived from the glass output was highly consistent with an industrial
gold standard EyeLink eye-tracker. As eye blink characteristics are sensitive measures of driver
drowsiness, the glass prototype and the lightweight neural network presented in this paper would
provide a computationally efficient yet viable solution for real-world applications.

Keywords: drowsiness detection; glass; lightweight; driving; convolution neural network

1. Introduction

Drowsiness is a “state of low alertness” [1], i.e., “a tired state, between sleeping and
being awake” [2]. Previous researches have shown that drowsiness is a leading cause of
traffic accidents that result in serious injury or death [3–5]. According to a report by the
AAA Foundation for Traffic Safety, from years 2009 to 2013, 21% of fatal crashes involved a
drowsy driver [6]. In a recent naturalistic study, more than 3500 drivers were monitored
for months with in-vehicle cameras and sensors while they drove their cars. The results
showed that drowsiness, quantified with the percentage of eye closure (PERCLOS), was
identified in 10.6–10.8% of the crashes that caused significant property damage or injury [7].
To improve road safety, various in-vehicle sensing technologies have been employed to
detect driver drowsiness in real-time [8–10]. Most notably, researchers have frequently
resorted to camera-based solutions that rely on various visual features of the eye, mouth,
head, or body to assess driver states, e.g., fatigue or distraction [11–13].

The cameras used to detect drowsiness are typically installed inside the car (e.g., on
the dash), providing a remote-sensing solution that has no physical contact with the driver.
This remote camera solution is more driver-friendly than wearable sensors such as EEG
and ECG; however, the camera is an add-on that is difficult to integrate into the consoles of
existing vehicles. While car makers are moving forward to install remote camera-based
drowsiness detection devices as part of their advanced driving assistance systems (ADAS),
the immediate impact of this solution is limited as it is impractical to install such devices
on a sizable portion of the estimated 1.446 billion vehicles already running on the road [14].
Furthermore, drowsiness detection devices that rely on in-cabin remote cameras need to
process human face, eye, head, and body features in a complex and fast-changing driving
environment where the lighting condition varies from time to time. The algorithm is
complex and the computing power required for the onboard computer is high. Last but not
the least, camera-based drowsiness detection devices inevitably cause privacy concerns
and may hinder adoption among drivers.
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Wearable drowsiness detection devices are less ideal when user comfort is concerned;
however, wearable devices such as glasses do have several advantages over the in-cabin
remote camera solution. Most importantly, the sensors (e.g., camera or proximity sensor)
on wearable devices are close to the eyes and thus can easily obtain high-quality data that
we can use to extract eye states (e.g., blink) or gaze information. This greatly simplifies the
drowsiness detection algorithms. Additionally, the sensors monitor only part of the human
face (mostly the eyes) and are less prone to privacy issues. Compared to wearable devices
such as EEG and EOG, glasses are more acceptable as many people wear sunglasses for
protection against glare while driving.

This paper reports a wearable drowsiness detection system that images the eye area
via a hot mirror and uses a lightweight convolution neural network to measure the eye area.
The eye area was used to estimate the widely used eye closure measures that are sensitive
to drowsiness, i.e., PERCLOS and blink rate. We also compared the output of this wearable
device to an industrial gold standard EyeLink eye-tracker. The main contributions of the
present work are summarized as follows:

• built a wearable glass that can be used to extract drowsiness metrics such as PERCLOS
and blink rate under the challenging lighting conditions of everyday driving;

• created a real-time Lightweight Glass Network (LGN) capable of reliably monitoring
eye-opening with a budget camera and affordable wearable computing device;

• benchmarking tests show that the LGN-based wearable glass can detect blinks with
an accuracy comparable to industrially recognized EyeLink eye trackers.

The rest of this paper is organized as follows: Section 2 briefly reviews two lines
of research work closely linked to the research topic of this paper. Section 3 describes
the hardware design of the glass prototype and the architecture of the Lightweight Glass
Network (LGN). The experiment used to validate the system output is described in Section 4,
and the results of the experiment are presented and discussed in Section 5. Section 6
concludes the paper with a discussion of future research work.

2. Related Work

Previous studies have examined three categories of measures for drowsiness detection,
i.e., physiological measures (e.g., EEG; for a review, see [15]), vision-based measures
(eye closure, yawning, head pose, etc.; for a review, see [8]), and driving dynamics (lane
position, speed control, etc.; for a review, see [16]). Driving dynamics can be extracted from
in-vehicle or smartphone sensors. However, these measures are an indirect measurement
of the driver’s state. Physiological and vision-based measures, on the other hand, provide
direct drowsiness measures via wearable (e.g., EEG electrodes) or remote sensors (e.g.,
eye-tracking cameras). The physiological measures (e.g., alpha wave in EEG) are the
most sensitive ones; however, vision-based measures are more promising for large-scale
consumer adoption. Related to the present work, both physiological and vision-based
methods can be used to measure eye features sensitive to driver drowsiness (e.g., blink rate
and PERCLOS).

2.1. EOG-Based Drowsiness Detection

Before video-based eye-tracking was widely available, electrooculography (EOG) was
a technology psychologists used to track human eye movements (see [17], for a review). In
addition to gaze information, the EOG signal also contains abundant information about the
eyelid movements which can be used to derive measures sensitive to driver drowsiness,
e.g., blinks or PERCLOS (for a recent review, see [18]). For instance, in a recent study
by Xue et al. [19], EOG electrodes were used to extract an eye closure measure, which
was then used as a key parameter to assess driver fatigue. Schmidt et al. [20] developed
a very detailed algorithm for blink detection in EOG signals and compared EOG-based
blink measures with those extracted from eye-tracking cameras in manual and automated
driving scenarios. EOG-based eye metrics have proven useful in lab tests; however, such
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devices are difficult to implement in real-world driving scenarios due to environmental
noise and user acceptance.

2.2. Camera-Based Drowsiness Detection

Compared with EOG-based eye feature measurement, camera-based devices can be
installed inside the cabin to provide a remote sensing solution that requires no physical
contact with the driver (see [21] for a recent review). In the past two decades, various
algorithms have been developed to retrieve visual features that are sensitive to driver
drowsiness. For instance, Maior et al. [22] developed a deeply learned facial expression
analysis algorithm that used eye and mouth features to detect driver fatigue. By extracting
the eye aspect ratio and mouth aspect ratio from facial landmarks, Cheng et al. [23] built
a model to assess fatigue with logistic regression. Bamidele et al. [24] designed a non-
intrusive and low-cost driver drowsiness detection solution based on face and eye tracking.
Madireddy et al. [25] built a non-intrusive drowsiness detection system based on Raspberry
Pi and OpenCV. In their system, an SVM was employed to extract visual features, such
as eye and mouth aspect ratios, blink rate, and yawning rate. Kumar et al. [26] utilized a
camera and Harr’s feature classifier to extract the eye area for driver drowsiness detection.

Eye and mouth features are the most frequently used features for remote camera-based
drowsiness detections [22–28]. In this type of system, face landmarks are extracted as the
first step to identify eye and mouth features. Having the driver on a real-time camera
would unavoidably introduce privacy concerns. In addition, the eyes typically occupy a
fairly small portion of the images captured on camera, making the algorithms for detecting
eye features vulnerable to head movements, fast-changing lighting conditions, and glares
on glasses. These issues can be easily overcome by head-mounted devices, which offer a
plug-and-play solution for existing cars that do not have cameras built in. In this line of
research work, head-mounted eye-tracking glasses have long been used to examine driver
drowsiness both in the lab and in natural driving scenarios [29]. Using SMI (SensoMotoric
Instruments) eye-tracking glasses, Gao et al. [30] used a support vector machine (SVM)
to analyze PERCLOS [31] to evaluate driving fatigue with time series data. Utilizing SMI
eye-tracking glasses, Paletta et al. [32] obtained gaze density mapping by fusing scene
camera images and gaze information to evaluate driver distraction. In addition to cameras,
it is also possible to use other types of sensors to monitor eye state with glasses. For
instance, He et al. [33] monitored the eye blink of drivers with the proximity sensors built
into a Google glass. They examined how blink rates relate to driving dynamics, such as
braking response time and lane keeping. These research works show that a wearable glass
can be a practical solution for driver drowsiness detection.

3. Methods

As noted, drowsiness can be effectively monitored with the various visual features
extracted from the eye, mouth, head pose, etc. [33]. This paper presents a drowsiness
monitoring system based on a wearable glass prototype that monitors the eye closure
state in real-time with a lightweight network. The three core modules of this system are
illustrated in Figure 1.
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Wearable glass prototype: At the core of this system is a wearable glass device that
captures images of the eye area in real-time. The lens of the glass was replaced by a hot
mirror to allow images of the eye to be captured by an RGB camera installed on the temple
of the glass (see Figure 2). The RGB camera has an infrared filter, much like in a traditional
video-based eye tracker, except that the camera is close to the eye and sits by instead of in
front of the eye.
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Figure 2. The hardware structure and the optical path of the wearable glass prototype. (a) Key
components of the wearable glass; (b) The optical path of the camera.

Lightweight Glass Network: The eye image is processed by a compact data processing
unit and then forwarded to a lightweight deep learning network. For convenience, we will refer
to this network as a Lightweight Glass Network, or LGN for short. For privacy considerations,
the RGB camera was set to record low-resolution images, so it will not have a clear view of the
iris. The LGN outputs 6 keypoints that mark the boundary of the eyelids, with which the eye
area not covered by the eyelids is estimated and streamed as time series data.

Eye closure detector: Eye closure states, most notably blink, are monitored based on
the size or the aspect ratio of the eye area.

The workflow of the proposed system is briefly summarized in Algorithm 1. As shown
in Algorithm 1, real-time images obtained with the RGB camera and the hot mirror are first
resized and normalized to meet the input requirements of the LGN. The LGN will output
Gaussian probability maps (EG), and the eyelid keypoints (Ek) are extracted based on the
highest probability pixels of EG. Then, the open eye area (Sk) is calculated and stored along
with a time label (Skt). Finally, eye closure measures, e.g., eye blinks (Eb), can be extracted
from the open eye area sequence.

Algorithm 1 The Workflow of Our Glass Prototype

Input: Real-time eye images, Ei;
Output: Eye closure measures, Eb;
1. initial Ei = Ø, Eb = Ø;
2. E1 ← Process the eye images to meet the input demand of LGN;
3. EG ← Obtain Gaussian probability maps with E1;
4. Ek ← Extract eyelid keypoints from the highest probability pixels of EG;
5. Sk ← Calculate eye open area with keypoints Ek;
6. Skt ← (Sk, t);
7. Eb ← Extract eye closure measures from the open eye area sequence Skt;
8. return Eb;
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The structure of the glass prototype, the architecture of the LGN network, and the
algorithm for eye closure detection are described in detail in the following subsections.

3.1. The Wearable Glass Prototype

The structure of the glass prototype and the working principle of a hot mirror is
illustrated in Figure 2.

The glass consisted of a frame, a hot mirror that replaces the len, an infrared light
source (LED), an RGB camera, and a data processing unit (Raspberry Pi Zero W). A hot
mirror was used mainly because cameras installed on the rims (just below or in front of
the eyes) unavoidably involve wires going through the hinges, which complicates the
hardware design. This is one of the reasons that in commercial eye-tracking glasses, the
temples cannot be folded like an ordinary pair of glasses. The other reason for using a hot
mirror is that it helps to block infrared light in the environment from interfering with the
eye images captured on the camera. However, the hot mirror allows the passage of visible
light, so the glasses do not obstruct the view of the driver.

To maintain good contrast for the eye image reflected on the hot mirror, an infrared
LED was installed by the camera to provide sufficient illumination in various lighting
conditions (e.g., at night or under direct sunlight). Furthermore, the infrared light source
can be used to control the quality of the image captured by the camera. If the infrared
light is turned on, the camera will capture clear infrared images reflected on the hot mirror.
Otherwise, the camera will lose track of the eye, as the captured image will be blurry and
not suitable for eyelid keypoints detection. A Raspberry Pi Zero was chosen as the data
processing unit because the I/O options allow for fast prototyping. This data processing
unit can be replaced by any chip that has image processing and neural network capabilities.

3.2. The Lightweight Glass Network (LGN)

As shown in Figure 1, the eye image captured on camera is sent to a lightweight deep
learning network (LGN) to extract the eyelid keypoints, and the architecture of the LGN is
shown in Figure 3. As shown in Figure 3, the LGN has two modules: a Feature Extraction
Module and a Keypoint Regression Module. Using a fourth-order network, the Feature
Extraction Module extracts multi-scale features of the eye area; these features are sent to
the Keypoints Regression Module to retrieve the pixel coordinates for the eyelid keypoints.
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3.2.1. Feature Extraction Module

As illustrated in Figure 2, the eye images are captured by a camera attached to the
glass temple. Because the line of sight of the camera reaches the hot mirror with an
angle, the captured eye images are inevitably distorted, making it difficult to estimate the
eyelid keypoints. To resolve this issue, an hourglass network [34] was used in the Feature
Extraction Module to extract features from eye images and subsequently fuse features with
the raw eye images at different scales. The Feature Extraction Module will output 6 feature
maps, each containing the position information of an eyelid keypoint.

The Feature Extraction Module shown in Figure 3 was adapted from an hourglass
network, which was a fourth-order residual [35] module in essence. Nesting one single
residual network into another will reduce the scale of a feature map by half. To obtain
features at different scales and to estimate the keypoints from coarse to fine [36], 3 residual
network modules (Res_1 ~ Res_3) were nested into the feature extraction module of LGN.

The structure of a single residual network is shown in Figure 4. A single residual network
contains an upper branch and a parallel lower branch. When an image is processed by the
three convolutional modules in the upper branch, the number of feature channels is changed
based on the output settings, and meanwhile, the size of the input feature map remains
unchanged. In the lower branch, the input feature map is down-sampled by the max-pooling
layers, reducing the feature map by half. The down-sampled feature map is also sent to three
convolutional modules, which share the same structure as the upper branch. For the output
of the lower branch, an up-sampling process is performed via nearest neighbor interpolation
to make the number of feature channels match its counterpart in the upper branch. In the
last step, the feature maps output by the upper and lower branches are added in a pixel-wise
fashion, and the fused features are used to compensate for gradient disappearance.

Sensors 2023, 23, 3475  7  of  17 
 

 

 

Figure 4. A single layer of the residual module in the Feature Extraction Module. 

3.2.2. Keypoints Regression Module 

The output of the Feature Extraction Module is a batch of 6 feature maps. Based on 

these feature maps, the Keypoints Regression Module will generate Gaussian probability 

maps for each of the eyelid keypoint through supervised training [37]. The eyelid key‐

points were then estimated with the pixel position of the highest probability. An eye im‐

age with the extracted keypoints is illustrated in Figure 5 (left panel). The red dots are the 

model predicted keypoints, and the blue dots are the ground‐truth labels. The Gaussian 

probability maps used to estimate the eyelid keypoints are presented in the right panel. 

 

Figure 5. An illustration of the extracted eyelid keypoints (left panel) and the corresponding Gauss‐

ian probability maps estimated by the Feature Extraction Module (right panel). 

For model training, a Mean Squared Error (MSE) loss function was used to compare 

the predicted heatmap against a ground‐truth heatmap, which consists of a 2D gaussian 

centered at an eyelid keypoint. The MSE‐based loss function is presented in Equation (1), 

where xi(h, w)  is  the  feature probability map,  i  represents  the  i‐th predicted keypoint, 

𝑥∗ ℎ,𝑤   is the feature probability map of the i‐th ground‐truth keypoint. In Equation (1), 

N is the total number of eyelid keypoints, and N was 6 in the present work. 

𝐿𝑜𝑠𝑠 ∑ ∑ ‖𝑥 ℎ,𝑤 𝑥∗ ℎ,𝑤 ‖     (1)

3.2.3. Dataset and Training Setup   

As shown in Figure 2, the camera was attached to the glass temple and imaged the 

eye area from an extreme angle. This unique setup means that a new dataset must be first 

created to train the LGN network for eye closure estimation. The LGN network was in‐

tended to be a lightweight and easy‐to‐deploy network, so a small dataset is sufficient to 

ensure model convergence. Unfortunately, to the best of our knowledge, all freely acces‐

sible near‐eye datasets cannot be used to train the LGN network, as the camera view of 

these open‐source datasets is drastically different from that of our in‐house glass system 

(see Figure 5 for a sample camera image). Therefore, we collected a total of 4400 images 

from 7 participants (4 males and 3 females) to create the small sample dataset. We then 

Figure 4. A single layer of the residual module in the Feature Extraction Module.

3.2.2. Keypoints Regression Module

The output of the Feature Extraction Module is a batch of 6 feature maps. Based on
these feature maps, the Keypoints Regression Module will generate Gaussian probability
maps for each of the eyelid keypoint through supervised training [37]. The eyelid keypoints
were then estimated with the pixel position of the highest probability. An eye image with
the extracted keypoints is illustrated in Figure 5 (left panel). The red dots are the model
predicted keypoints, and the blue dots are the ground-truth labels. The Gaussian probability
maps used to estimate the eyelid keypoints are presented in the right panel.



Sensors 2023, 23, 3475 7 of 17

Sensors 2023, 23, 3475  7  of  17 
 

 

 

Figure 4. A single layer of the residual module in the Feature Extraction Module. 

3.2.2. Keypoints Regression Module 

The output of the Feature Extraction Module is a batch of 6 feature maps. Based on 

these feature maps, the Keypoints Regression Module will generate Gaussian probability 

maps for each of the eyelid keypoint through supervised training [37]. The eyelid key‐

points were then estimated with the pixel position of the highest probability. An eye im‐

age with the extracted keypoints is illustrated in Figure 5 (left panel). The red dots are the 

model predicted keypoints, and the blue dots are the ground‐truth labels. The Gaussian 

probability maps used to estimate the eyelid keypoints are presented in the right panel. 

 

Figure 5. An illustration of the extracted eyelid keypoints (left panel) and the corresponding Gauss‐

ian probability maps estimated by the Feature Extraction Module (right panel). 

For model training, a Mean Squared Error (MSE) loss function was used to compare 

the predicted heatmap against a ground‐truth heatmap, which consists of a 2D gaussian 

centered at an eyelid keypoint. The MSE‐based loss function is presented in Equation (1), 

where xi(h, w)  is  the  feature probability map,  i  represents  the  i‐th predicted keypoint, 

𝑥∗ ℎ,𝑤   is the feature probability map of the i‐th ground‐truth keypoint. In Equation (1), 

N is the total number of eyelid keypoints, and N was 6 in the present work. 

𝐿𝑜𝑠𝑠 ∑ ∑ ‖𝑥 ℎ,𝑤 𝑥∗ ℎ,𝑤 ‖     (1)

3.2.3. Dataset and Training Setup   

As shown in Figure 2, the camera was attached to the glass temple and imaged the 

eye area from an extreme angle. This unique setup means that a new dataset must be first 

created to train the LGN network for eye closure estimation. The LGN network was in‐

tended to be a lightweight and easy‐to‐deploy network, so a small dataset is sufficient to 

ensure model convergence. Unfortunately, to the best of our knowledge, all freely acces‐

sible near‐eye datasets cannot be used to train the LGN network, as the camera view of 

these open‐source datasets is drastically different from that of our in‐house glass system 

(see Figure 5 for a sample camera image). Therefore, we collected a total of 4400 images 

from 7 participants (4 males and 3 females) to create the small sample dataset. We then 

Figure 5. An illustration of the extracted eyelid keypoints (left panel) and the corresponding Gaussian
probability maps estimated by the Feature Extraction Module (right panel).

For model training, a Mean Squared Error (MSE) loss function was used to compare
the predicted heatmap against a ground-truth heatmap, which consists of a 2D gaussian
centered at an eyelid keypoint. The MSE-based loss function is presented in Equation (1),
where xi(h, w) is the feature probability map, i represents the i-th predicted keypoint,
x∗i (h, w) is the feature probability map of the i-th ground-truth keypoint. In Equation (1),
N is the total number of eyelid keypoints, and N was 6 in the present work.

Lossgaussian =
1
N ∑N

i ∑hw ‖xi(h, w)− x∗i (h, w)2‖ (1)

3.2.3. Dataset and Training Setup

As shown in Figure 2, the camera was attached to the glass temple and imaged the
eye area from an extreme angle. This unique setup means that a new dataset must be
first created to train the LGN network for eye closure estimation. The LGN network was
intended to be a lightweight and easy-to-deploy network, so a small dataset is sufficient
to ensure model convergence. Unfortunately, to the best of our knowledge, all freely
accessible near-eye datasets cannot be used to train the LGN network, as the camera view
of these open-source datasets is drastically different from that of our in-house glass system
(see Figure 5 for a sample camera image). Therefore, we collected a total of 4400 images
from 7 participants (4 males and 3 females) to create the small sample dataset. We then
developed an OpenCV-based labeling tool to manually annotate the recorded eye images
with six eyelid keypoints (see Figure 6). The labeled images and eyelid keypoints were used
to construct Gaussian probability maps to improve model performance. During training, a
subset of 1000 female and 1000 male eye images was randomly selected from the images
for model evaluation.

Using this dataset, we trained the LGN network with an MSE-based loss function
(Equation (1)). The training process involved minimizing this loss function over a set
number of epochs. Raw eye images were preprocessed and sent to the LGN network, and
the Gaussian probability maps constructed from the input images served as supervision
for model training. A stochastic gradient descent (SGD) optimizer was used, and the
initial learning rate was set to 0.001. The learning rate was reduced by a factor of 0.1 every
10 epochs during training. The training platform was a Dell Precision 3050 workstation
equipped with an Nvidia GeForce RTX 2080 graphics card (Nvidia, Santa Clara, CA, USA),
and the training process took about 1 h to complete.
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4. Experiment

An experiment was carried out to validate our hardware prototype and the LGN
network. As shown in Figure 3, the output of the lightweight network is a set of keypoints
marking the boundary of the eyelids. With these keypoints, one can easily derive an eye
aspect ratio or eye area measure, which can then be used to detect blinks or calculate a
PERCLOS measure. Eye blink rate and PERCLOS are sensitive measures for drowsiness
detection. The experiment presented here examined if the eye-closure measures (blink
rate and PERCLOS) derived from the network output closely correlate with that from an
industrially recognized EyeLink eye-tracker.

4.1. Testing Setup

The experimental setup is illustrated in Figure 7. In the experiment, the human
participant wore the glass prototype and watched the visual contents on a 65-inch display.
The glass prototype was powered by a portable phone charger and it wirelessly connected
to a router to stream the captured eye images to a Dell Precision 3050 workstation. The
workstation processed the images with the lightweight LGN network to retrieve eyelid
keypoints and the eye area in real-time. An EyeLink eye-tracker was used to record pupil
and gaze data simultaneously with the glass prototype. This video-based eye tracker has
a tracking latency below 2 ms and the real-time eye tracking data, i.e., gaze position and
pupil size, were accessible from the workstation via an Ethernet connection to the same
router the glass prototype connected to.

The data recorded by the EyeLink eye-tracker contains information about the pupil
area; however, it detects blinks only when the pupil is no longer visible to its infrared
camera. So, the blinks reported by EyeLink are the period during which the eyes are
fully closed. The blink durations reported by the tracker are much shorter than the actual
durations of the eyelid movements. The hot mirror blocked infrared light and thus the
EyeLink tracker could not see the left eye of the subject. In the experiment, the EyeLink
tracker tracked the right eye only.
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4.2. Testing Protocol

The goal of this experiment was to prove a concept. Three subjects (lab members) were
recruited to participate in the experiment and each was tested for 15 min. At the beginning
of a testing session, the EyeLink tracker was calibrated with a standard 9-point calibration
procedure. Once recording started for both the EyeLink tracker and the glass prototype,
the subject closed his/her eyes for about 15 s. This period of eye closure helps to align the
glass and EyeLink data for offline analysis and comparison.

4.3. Measuring Eye Closure

Two eye closure measures were used to validate the glass prototype and the LGN
output, notably, eye blink rate and PERCLOS. Eye blink rate was defined as the number of
blinks per minute [38]. The field has seen several different definitions for PERCLOS [39,40],
but it is frequently estimated as the percentage of eye closure per minute. Here, eye closure
is defined as the duration during which the eyelids have covered over 80% of the eye area
over a 1 min time window [40].

4.3.1. Eye Closure Measures Based on EyeLink Pupil Data

Blinks are periods with missing samples with the EyeLink tracker. To estimate the
blink rate, we used a 1 min moving window and counted the number of blinks detected
by the EyeLink tracker. The tracker, however, does not provide an accurate estimate of
the blink start and end time. So, a PERCLOS measure cannot be derived directly from
the blink durations reported by the tracker. To obtain a better estimate of the start and
end time of a blink, the present study reexamined the pupil area data with an intuitive
yet robust algorithm [41,42]. During a blink, as the upper eyelid moves down, it does not
occlude the pupil instantaneously, but rather, the tracker sees the pupil area quickly reduce
to zero and rebounds as the eye reopens. The blink start and end time are the time points
at which the EyeLink tracker starts and stops to report “no pupil”. However, the actual
eyelid movement starts much earlier and stops much later than the “no pupil” period. The
algorithm first searches backward in time to find a sample at which the pupil size no longer
increases and marks it as the true start time, then searches forward in time to find a sample
at which the pupil size no longer increases and marks it as the true end time. To calculate
PERCLOS, we used 20% of the newly estimated blink duration as an approximation of the
eye “closure” period of a blink.
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4.3.2. Eye Closure Measures Based on Glass Data

The LGN network output contains keypoints marking the boundary of the eyelids,
with which the eye “area” can be easily estimated. With the eyelid keypoints, it is also
possible to derive a height-width ratio (i.e., eye aspect ratio, or EAR for short) for drowsiness
detection [43]. In the present study, an area measure was used for easy comparison with
the pupil area data recorded by the EyeLink tracker. The LGN network outputs eye area at
30 Hz and these time series look much like EOG signals recorded with electrodes placed
above and below the eye (see Figure 8 left panels). The signal drops as the upper eyelid
moves down, reaches a local minimum as the eye is fully closed, and rebounds as the eyelid
moves up. Thus, the present work borrowed an algorithm from a previous EOG study [44]
to detect blinks. The working principle of this algorithm is similar to the one we used
for blink detection on the EyeLink pupil size data. Briefly, the algorithm first up-samples
the eye area signal to 250 Hz and then looks up the local minimums, then it searches the
nearby samples for stable points at which the eye area signal no longer increases and marks
these samples as blink start and end points. To estimate the blink rate, we used a 1 min
moving window and counted the number of blinks detected by the algorithm. To estimate
PERCLOS, we also used 20% of the estimated blink duration as an approximation of the
eye “closure” period of a blink.
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Figure 8. The eye blinks detected from the glass (left panel) and EyeLink (right panel) data recorded
from Subject #2. Red lines represent the eye area data from our glasses; Green lines represent the
pupil area data from the EyeLink eye-tracker. The detected blinks are marked with gray strips.
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5. Results and Discussion
5.1. Performance of the Blink Detection Algorithms

Two slightly different algorithms were used to estimate the start and end time of
blinks for the EyeLink pupil area data and glass eye area data. Figure 8 shows the blinks
detected from the glass eye area data (left panel) and the EyeLink pupil area data (right
panel) recorded from Subject #2 (see Figures 9 and A1 for example blinks detected from the
data recorded from Subject #3 and #1). The three rows contain data recorded at the start of,
and 7.5 and 14.5 min into a recording session. The vertical strips in Figure 8 represent the
eye blinks. As is clear from this figure, the blinks detected from the glass output largely
agree with those detected from the EyeLink pupil data.
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It is clear that the blinks detected from the glass data were much longer than that
detected from the Eyelink pupil area data. This was no surprise as the glass prototype
measured the eye area and the EyeLink tracker measured the pupil area only. When
the upper eyelid moves down, the camera will lose sight of the pupil before the eyelids
reach the bottom; when the eyelid moves up, the pupil will likely become fully visible
before the eyelid movement stops. This between-device difference will not affect the blink
rate measure, but the PERCLOS measure may differ across devices. The most important
message in the figure is that the glass prototype and the LGN network output can be used
to correctly detect eye blinks.

The total number of blinks detected from the glass and EyeLink data and the mean
blink durations are presented in Table 1. Overall, the glass prototype detected on average
93.9% of the eye blinks reported by the Eyelink trackers. However, bear in mind that
there were false blink detections by both the EyeLink tracker and the glass prototype.
For instance, the EyeLink tracker detects blinks based on missing data samples; however,
missing samples could also be the result of device failure or the head moving outside the
trackable range. Some blink detection failures are illustrated in Figure 9. In the first row,
two temporally adjacent blinks were detected from the EyeLink data between 20–22 s;
however, only one blink was detected from the glass eye area data. The failure on the
glass side was most likely because the sampling rate of the glass prototype was much
lower (30 Hz) and consequently, the glass is not sensitive to very short blinks. However,
this is not always the case. Note that in Figure 9 (third row, left panel) the glass also
recorded two short and consecutive signal troughs that were seen in the EyeLink pupil
signal, showing that the LGN network was very sensitive to eye closures.

Table 1. Total number of blinks detected from the glass and EyeLink data and the average blink
duration.

Blink Count Blink Duration *

Subject Glass Eyelink Glass Eyelink

s1 666 706 0.43(0.20) 0.30 (0.17)
s2 472 514 0.40 (0.21) 0.19 (0.12)
s3 131 137 0.59 (0.31) 0.21 (0.14)

* Blinks longer than 2.0 s (11 in total) were excluded from the table; numbers in the parentheses are SDs.

5.2. Blink Rate and PERCLOS

To validate the PERCLOS and blink rate measures derived from the output of the LGN
network, a 1 min moving window was used to calculate the PERCLOS and blink rate on
the time series data, with steps of 0.1 s. The PERCLOS (left panel) and blink rate (right
panel) over the three recording sessions are presented in Figure 10.

There is no uniformly agreed definition of PERCLOS. Nevertheless, most people
define eye “closure” as the eyelids covering over 80% of the pupil or eye area. As a close
approximation, the present study defines eye closure as 20% of the duration of an eye blink
and PERCLOS is the percentage of eye closure time over a 1 min interval.

As shown in Figure 10, the PERCLOS measures derived from the two devices co-varied
in some time windows. Several methods have been developed to quantify the similarity
or distance between time series [45]. We chose the Pearson correlation to quantify the
temporal similarity in PERCLOS between the two devices because a correlation coefficient
is straightforward to interpret. Specifically, a correlation coefficient of 0 and 1.0 would
suggest no similarity and perfect match between two time series, respectively. In this
analysis, we first calculated the correlation in PERCLOS between the two devices for each
subject, then we tested the correlation coefficients against 0 with a one-sample t-test. A
correlation coefficient (r) of 0.10, 0.30, and 0.50 is regarded as small, medium, and large,
respectively [46]. The results revealed medium-sized correlations between the two devices
(rmean = 0.286, rsd = 0.118), which were stronger than 0, t(2) = 4.194, p = 0.052. The moderate
correlation between the two devices is understandable as eye closure was defined differently
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across the two devices. The pupil makes up only a small portion of the eye area. For the glass
prototype, eye closure measures the period during which the eyelids covered the eyeball; for
the EyeLink tracker, eye closure was the period during which the eyelids covered the pupil.
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Figure 10. The PERCLOS (left panel) and blink rate (right panel) measures calculated from the
three recording sessions.

As is clear from Figure 10, the blink rate estimated from the glass output largely
matches that estimated from the EyeLink tracker. Statistical analysis revealed strong
correlations in blink rate between the two devices (rmean = 0.729, rsd = 0.110), which were
stronger than 0 as well, t(2) = 11.511, p = 0.007. As discussed in the previous section, the
total number of blinks identified from the glass output on average was about 93.9% of that
identified by the EyeLink tracker. This performance in detecting blinks was outstanding
considering that the output speed of the glass (30 Hz) was approximately 1/17 of the speed
of the EyeLink tracker (500 Hz).
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These results clearly show that the glass prototype was a sensitive measurement device
for eye closures. The effectiveness of the PERCLOS and blink rate measures in drowsiness
detection should be further validated with empirical studies that manipulate the level of
drowsiness of vehicle drivers. Nevertheless, the present results clearly show that the glass
prototype and the LGN network provide a viable solution for deriving measures that are
sensitive to driver drowsiness.

6. Conclusions

This study focuses on a key issue in traffic safety, i.e., developing a wearable, reliable, and
user-acceptable drowsiness detection system. Remote camera-based systems rely on in-cabin
camera(s) that monitor the facial and body features of the driver; privacy concerns among the
drivers and the required hardware modifications may seriously hinder market adoption.

Compared to classic remote camera-based systems, the proposed wearable glasses
utilize close-up images of the eyes instead of relying on the facial and body features of the
driver. This approach allows for precise quantification of eye closure using sensitive mea-
sures such as PERCLOS and blink rate, effectively circumventing privacy issues associated
with traditional methods.

The glass prototype developed in the present work images the eye area via a hot mirror
and measures eye closure with a lightweight deep learning network (LGN). The LGN
network extracts keypoints that mark the eye area between the eyelids. The experimental
results showed that the wearable glass prototype, with the LGN network in its core, was
highly effective in detecting eye blinks; it detected on average 93.9% of the eye blinks
reported by a gold standard EyeLink eye-tracker. More importantly, the blink rate derived
from the glass output was highly consistent with the EyeLink tracker, showing that the LGN
framework is a computationally efficient yet viable solution for real-world applications.

To conclude, the wearable glass presented in this paper is an efficient and reliable
solution for driver eye closure monitoring. In future work, the Raspberry Pi Zero board can
be replaced with a small factor chip to improve power efficiency. Moreover, efforts will be
made to make the glass lighter and more comfortable to wear. An experiment would also
be conducted to validate the drowsiness detection performance of our glass in naturalistic
driving scenarios.
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