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Background: Drowsiness is one of the major factors that cause crashes in the transportation industry.
Drowsiness detection systems can alert drowsy operators and potentially reduce the risk of crashes. In
this study, a Google-Glass-based drowsiness detection system was developed and validated.
Methods: The proximity sensor of Google Glass was used to monitor eye blink frequency. A simulated
driving study was carried out to validate the system. Driving performance and eye blinks were compared
between the two states of alertness and drowsiness while driving.
Results: Drowsy drivers increased frequency of eye blinks, produced longer braking response time and
increased lane deviation, compared to when they were alert. A threshold algorithm for proximity sensor
can reliably detect eye blinks and proved the feasibility of using Google Glass to detect operator
drowsiness.
Applications: This technology provides a new platform to detect operator drowsiness and has the potential to reduce drowsiness-related crashes in driving and aviation.
© 2017 Elsevier Ltd. All rights reserved.
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1. Introduction
1.1. Risks of drowsiness
Drowsiness signiﬁcantly increases the risk of crashes in driving
and aviation. The AAA Foundation for Trafﬁc Safety surveyed over
14,000 crashes from 2009 to 2013 and estimated that drowsiness
was involved in 21% of the fatal crashes (Tefft, 2014). Similarly, the
National Transportation Safety Board estimated that drowsiness
was involved in up to 21% of self-reported crashes in the aviation
industry (Akerstedt et al., 2003).
Despite these risks, drivers continue to drive even when they are
drowsy. A survey study by the National Sleep Foundation showed
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that 54% of adult drivers admitted to driving a vehicle while drowsy
(National Sleep Foundation, 2010). A previous survey study showed
that as many as 37% of adult drivers admitted that they fell asleep
behind the wheel, of which, 13% of them did so on a monthly basis
(National Sleep Foundation, 2005). This may not be that surprising
since 48% of Americans don't get enough sleep due to early
morning/night shifts and unusual work schedules (Åkerstedt,
€ et al., 1998; Stutts et al., 2003),
2003; Allen et al., 2014; H€
arma
and long monotonous tasks like driving are highly susceptible to
the effects of sleep deprivation (Papadelis et al., 2006).
1.2. Impact of drowsiness
The impact of drowsiness on driving is comparable to drunk
driving (De Waard and Brookhuis, 1991; Williamson and Feyer,
2000). Drowsiness can lead to impaired ability to perceive visual
information (Hancock and McNaughton, 1986; National Sleep
Foundation, 2010), lack of attention towards the driving environment, vigilance decrements (Bourgeois-Bougrine et al., 2003;
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Brown, 1994), and slower reaction time (National Sleep Foundation,
2010; Ueno et al., 1994). Drowsy drivers are also more likely to have
lapses in judgment and delays in information processing (Lyznicki
et al., 1998; National Sleep Foundation, 2010). Drowsy drivers
typically have more unstable driving performance (Ting et al.,
2008; Thiffault and Bergeron, 2003), for example, higher speed
variability (Fairclough and Graham, 1999), impaired responses to
speed changes of the vehicle in front of them (De Waard and
Brookhuis, 1991), more instability in lane keeping, and potentially
major lane departures (De Waard and Brookhuis, 1991; Fairclough
and Graham, 1999; Ingre et al., 2006).
1.3. Factors contributing to drowsiness
Many factors may lead to drowsiness, such as sleep hygiene,
€rm€
time of day, age, physical ﬁtness, and alcohol consumption (Ha
a
€ et al., 1998). For example, drivers who had
et al., 1988; H€
arma
drowsiness-related crashes were more likely to have poorer sleep
quality, have multiple jobs, and drive for longer amounts of time
(Stutts et al., 2003). Nighttime driving can be up to 3 to 6 times
more dangerous than daytime driving (Akerstedt et al., 2001;
Varghese and Shankar, 2007). In addition to the low visibility
during nighttime driving, there is an increased sleep tendency and
decreased cognitive function during 2e7 A.M., regardless of sleep
schedule (Mitler et al., 1988).
Overconﬁdence in level of alertness may also amplify the risks of
drowsy driving. Drivers often underestimate how drowsy they
really are (Brown, 1994; Itoi et al., 1993; Mitler et al., 1988). Most
adults try to compensate for lack of sleep using various methods,
such as drinking coffee, but overestimate the effectiveness of these
methods (Mitler et al., 1988).
1.4. Approaches to detecting drowsiness
Different approaches have been investigated to detect drowsiness, including computer vision algorithms observing facial and eye
images, wearable sensors to monitor physiological measurements,
and driving dynamics.
Computer vision technology is a non-intrusive method to
monitor drowsiness. It uses one or multiple cameras to monitor
driver's face and eye images (Azim et al., 2014). Eye-tracking can be
seen as a special case of computer vision based drowsiness detection which focuses on drivers' eye movements, especially eye blink
and percentage of eye closure. Eye blink is directly associated with
drowsiness (For example, see Cafﬁer et al., 2003; Chen et al., 2014;
Ganage and Dixit, 2011; Jayasundera et al., 2014; Kurylyak et al.,
2012). Eye blink is often detected using advanced computer
vision together with devoted and specially-designed camera. For
example, Kumar and Bhowmick (2009) used an IR camera to detect
eye blinks by tracking pupil. Pathangay et al. (2016) used an RGBD
camera to detect drowsiness by combining eye blinks/eye closure
and heart rate. The combined computer vision algorithm with
devoted camera approach suffers from many limitations. For
example, the camera system cannot reliably detect face, eye, and
eye blinks at nighttime, for unevenly lighted faces, and for dark skin
colored users. Users are not very willing to purchase expensive
devoted system to monitor drowsiness. Thus, in this article, we
proposed a new wearable proximity-sensor approach to detect eye
blinks and drowsiness, in a hope to address the limitations of the
camera-based blink/drowsiness detection system.
Despite the beneﬁt of non-intrusiveness, computer-visionbased drowsiness detection often requires expensive cameras and
infrared illuminators (He, 2013). In addition, lighting conditions, car
vibration, and head tilting can pose further challenges to the
computer vision algorithms (Azim et al., 2014; He et al., 2014).

Advanced machine learning algorithms are often needed to supplement the computer vision algorithms in uncertain environments (Deng et al., 2016a) and to handle images with noise and
illumination changes (Deng et al., 2012).
Physiological measures, such as brain waves, heart rate, respiration and skin conductance, often provide high precision results
for drowsiness detection (Bergasa et al., 2006). Electroencephalograms (EEG) can be used to detect driver drowsiness by monitoring
the amplitude of brain waves (Kong et al., 2012). Gamma waves, in
particular, are used to measure level of drowsiness (Kong et al.,
2012). This method is considered to be highly reliable since the
brain waves are closely associated with mental and physical activities (Kar et al., 2010; Kong et al., 2012).
However, the brain wave approach requires electric nodes,
which are uncomfortable, expensive, and difﬁcult to use in realworld driving (Azim et al., 2014; Healey and Picard, 2005). Heart
rate has also been shown to be indicative of drowsiness. Heart rate
decreases and heart rate variability increases when drivers are
drowsy (O'Hanlon and Kelley, 1977; Helander, 1978; Egelund, 1982;
Lal and Craig, 2002; Rogado et al., 2009). Heart rate variability alone
was able to detect drowsiness with an accuracy rate of 90% (Patel
et al., 2011). Flat and slow respiration rate is another indicator for
drowsiness (Bundele, 2008; Bundele and Banerjee, 2009; Krajewski
et al., 2008). Galvanic skin response, measured by electrical
conductance on skin and an indicator of autonomic nervous system
activation (Healey and Picard, 2000), can also contribute to the
drowsiness detection.
These physiological indicators can be combined to create a
comprehensive detection method for drowsiness (Bundele and
Banerjee, 2009). However, these measures are often collected by
placing sensors on the body and can be uncomfortable (Azim et al.,
2014). Also, physiological measurements like heart rate depend on
individual differences such as age and health status, which makes it
challenging to create a model that can be generalizable to all users.
Moreover, the noise from car vibration, body movement and insecure attachment of sensors during driving pose further challenges
in signal processing for satisfactory system accuracy.
Driving dynamics, such as lane position and steering behavior,
can serve as another approach for drowsiness detection (Azim et al.,
2014; Rimini-Doering et al., 2001). While this method is not
intrusive, it is hard to generalize the machine-learning model based
on driving dynamics to various drivers, vehicle types and road
conditions (Azim et al., 2014).
See Table 1 for comparisons of various approaches to monitoring
drowsiness.
1.5. Google Glass
The recent boom of wearable devices (such as Google Glass and
J!NS MEME) (Ishimaru et al., 2014b) provides new platforms to
develop more practical drowsiness detection technologies. Google
Glass may be a more practical, more reliable and faster approach
than a camera-based system (He, 2013). Google Glass sensors (i.e.
accelerometer and proximity) can be sampled at over 100 Hz, much
faster than an average camera or smartphone cameras, which is
usually around 15 Hz. Google Glass sensors are also more reliable
than computer-vision algorithms, which often perform poorly under low lighting conditions and depend heavily on users’ skin, eye
color, and head tilt angle. Moreover, Google Glass and other
wearable devices with proximity sensors (such as Vigo smart
Bluetooth device) are multiple-purpose devices. Device owners
may have purchased Google Glass for many other reasons, such as
for texting (Wu et al., 2016; He et al., 2015), GPS navigation (Beckers
et al., 2017), and hands-free calling. If it is feasible to detect
drowsiness with wearable proximity sensors, the drowsiness
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Table 1
Comparisons of various approaches to monitor drowsiness.
Sensors

Dependent Variables

Advantages

Limitations

Citations

Eye-tracking

Eye blinks

⁃ Non-intrusive
⁃ Comprehensive indicators

⁃ Costly
⁃ Noise (glasses, head movements, etc.)

Accelerometer Sensors

Head movements
Brain's electrical activity

Low intrusiveness
Low cost
Reliable
High temporal resolution

⁃ Noise from sensor location and car vibrations

EEG

⁃
⁃
⁃
⁃

Heart Rate

Heart rate

Respiration Rate

Respiration rate

⁃
⁃
⁃
⁃

High accuracy
Low cost
Low intrusive
High accuracy

Azim et al., 2014;
He et al., 2014;
Yang et al., 2012
Amini et al., 2011;
Dong et al., 2014
Azim et al., 2014;
Kar et al., 2010;
Kong et al., 2012
Rogado et al., 2009;
Patel et al., 2011;

Galvanic Skin Response

Skin conductance

⁃ Easy to attach

Driving Dynamics

Lane position, speed etc

Proximity Sensor

Eye blinks

⁃
⁃
⁃
⁃
⁃
⁃

Nonintrusive
Easily accessible
Low cost
Low cost
Reliable
Commercially available

⁃ Costly
⁃ Uncomfortable
⁃ Environmental artifacts (e.g. head movement)
⁃ Confounded by age and health, exercise

⁃ Sensor may slip
⁃ Uncomfortable
⁃ Noises from environmental weather
⁃ Noise (vehicle type, road condition, etc.)
⁃ Generalizability
⁃ Cannot track eye movement, such as
ﬁxation duration

Bundele, 2008;
Healey and Picard, 2005
Bundele and Banerjee, 2009;
Steele et al., 2004
Azim et al., 2014

Ishimaru et al., 2014a,b

system will cost nothing or only a small software service fee for
users with existing ownership of Google Glass. This potential huge
reduction of the cost, improvement of reliability, and reduction of
intrusiveness may make drowsiness detection system begins to be
popular among drivers. However, the utilization of proximity sensors to detect drowsiness is new and has not been scientiﬁcally
studied yet.
This project used the sensors of Google Glass to monitor the
frequency of eye blinks. A simulated driving study was also conducted to explore the feasibility of using the proximity sensor to
monitor driver drowsiness.
2. Methods
2.1. Participants
Twenty-three experienced drivers (including 13 females and 10
males) were recruited by posters and online advertisements
(M ¼ 25.0 years of age, SD ¼ 3.7 years). All participants had a valid
driver license. To qualify for the study, participants had to have at
least three years of driving experience, with normal or corrected to
normal vision ability, no medical constrain, and no motion sickness,
alcoholism, drug abuse. Participants were allowed to wear contact
lenses, but they were not allowed to wear spectacles since they
would interfere with Google Glass. Participants were asked to avoid
caffeine and tea for four hours before the study and to avoid alcohol
for 24 hours before the study. The study happened in the time
frame from 8am to 8pm.
2.2. Apparatus and tasks
The driving scenarios were created using HyperDrive Authoring
Suite™ Version 1.6.1 and Drive Safety's Vection Simulation Software™ Version 1.6.1. The driving simulator consisted of three 2600
ASUS monitors (1920  1080). Drivers sat approximately one meter
away from the front monitor, at a visual angle of 75.55 . The
monitors simulated the driving environment through front and
side windows. Vehicle dynamics were sampled at 60 Hz. The
simulator used a Logitech Driving Force GT steering wheel and
pedals for driving operation input. Fig. 1 depicts the driving
simulator.
Google Glass is a monocular optical Head-Mounted Display

Fig. 1. HyperDrive driving simulator with driver wearing Google Glass.

(HMD), which is similar to a 2500 high deﬁnition screen viewed from
eight feet away. The display was placed in front of the right eye, and
the participants were allowed to adjust the display to the angle
they were most comfortable with. Google Glass was worn like a
regular pair of spectacles. Google Glass had a 1.2 GHz dual core
processor and 640  360 resolution display. They wore Google
Glass during all the experimental conditions. Please see Fig. 2 for an
example of Google Glass.
There is a built-in proximity sensor in Google Glass pointing
towards the wearer's right eye. When the eyes blink, the readings of
the proximity sensors will change accordingly. See Fig. 4 for a demo
of the proximity sensor value in a sample eye blink event. We used
a threshold algorithm to detect eye blinks (Ishimaru et al., 2014a).
The thresholds for eye blinks events were calibrated individually
(see Fig. 4).
The infrared proximity sensor in Google Glass (as shown in
Fig. 3) was commonly used in smartphones. The proximity sensor
emits infrared lights and monitors the amount of reﬂected infrared
light to calculate the distance to objects. During an eye blink event,
the eyelid will change the distance of the infrared proximity sensor
to the eye, thus causing a spike in the vector of the proximity sensor
value (as shown in Fig. 4). A moving time window with a window
width of 2 s was used to learn the optimal thresholds for eye blinks.
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Fig. 2. Google Glass with structure labels.
Fig. 4. The changes of the proximity sensor value during an eye blink event.

Each data point within the time window was mean-centered as the
sensor value minus the average of all sensor values in the time
window (Ishimaru et al., 2014a). Based on former research, the
threshold for eye blinks was set in the range of 3.0e7.0 (Ishimaru
et al., 2014a). The optimal threshold was calculated with a step of
0.1 ranging from 3.0 to 7.0 for each participant.
Two scales were used to estimate the level of sleepiness of the
participants. The Stanford Sleepiness Scale is a one-item scale for
sleepiness in a given moment (Hoddes et al., 1973). The Karolinska
Sleepiness Scale is a one-item scale developed by the Karolinska
Institute and is a quick measure of “state” sleepiness (Akerstedt and
Gillberg, 1990). The Stanford Sleepiness Scale has been shown to be
sensitive to deﬁcits in alertness (Herscovitch and Broughton, 1980)
and the Karolinska Sleepiness Scale has been used in several studies
to measure driver drowsiness (Kozak et al., 2005). The two scales
measure how sleepy a person is in a given moment. Please refer to
Appendix for detailed information about the scales.
2.3. Driving task
A standard car-following task on a straight three-lane freeway
was used to measure driving performance, as rear-end collision is
one of the most common types of crashes and frequently used in
simulator-based driving studies (He et al., 2014; Strayer et al.,
2003). Participants were instructed to follow a leading vehicle
with a two-second headway time. Both the participant and the
leading vehicle stayed in the center lane. The leading vehicle drove
at a speed of 55 miles per hour (mph) and braked at random time
intervals. We instructed the participants to brake as soon as the
leading vehicle braked.
Lateral wind gusts were simulated randomly every three to
eight seconds with duration of up to three seconds. The strength of
the lateral winds ranged from 1000 to 2000 N. Participants were
instructed to adjust their lane positions whenever they noticed the
car deviated from the center of the middle lane.

2.4. Procedure
Upon arrival at the lab, participants ﬁrst signed an informed
consent form, then ﬁlled out a demographic survey, and passed a
vision ability test. They were then instructed to practice driving in
the simulator for 10 min while wearing Google Glass. The participants were instructed to blink their eyes as soon as they heard an
auditory prompt of beeping from Google Glass. Each event was
carried out 20 times while the proximity sensor and accelerometer
sensor value logged at 50 Hz by a customized Google Glass application. These values collected in the calibration procedure were
used to determinate the individual-based thresholds to detect eye
blinks. This threshold algorithm has been commonly used for event
detection (Ishimaru et al., 2014a,b), and was inspired by the wink
detection feature of Google Glass.
When the participants became comfortable with the driving
task, they self-evaluated their drowsiness states using both the
Karolinska Sleepiness Scale and Stanford Sleepiness Scale. They
then drove in three driving sessions continuously, each lasting
30 min. The ﬁrst, second and third sessions were labeled as shortdrive, medium-drive, long-drive sessions hereafter. At the end of
each driving session, they reported their drowsiness states again.
Eye blinks and vehicle dynamics were automatically recorded by
the Google Glass and the HyperDrive simulation software respectively. The experiment lasted for about three hours. At the end of
the studies, participants were paid at $10 per hour for their
participation.

2.5. Data analysis
Driving performance was assessed using the braking response
time, the mean headway distance, the standard deviation of lane
position (SDLP) and the number of lane excursions. Brake response

Fig. 3. Demonstration of the proximity sensor in Google Glass and iPhone.
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time was measured from the onset of the lead vehicle braking until
the initiation of a braking response by participant vehicle. A brake
response was operationally deﬁned as a minimal depression of 1%
of the brake pedal (Strayer et al., 2006). A lack of braking response
was deﬁned as a failure to brake within 5 s after the lead vehicle
braked. Headway distance was measured from the rear end of the
lead vehicle to the front bumper of the subject vehicle. Larger
values of SDLP indicated poorer lane-keeping performance and
higher risk of lane departure. A lane excursion was deﬁned as a shift
to a new lane for less than three seconds followed by a return to the
previous lane.
All dependent variables were submitted to repeated-measure
analyses of variance (ANOVA) with drive sessions (short, medium
and long drive sessions) as the only within-subject factor. IBM SPSS
v18.0 was used in the statistical analysis. Bonferroni adjustments
were included to correct for multiple comparisons. Mean differences were considered signiﬁcant at the 0.05 alpha level.

3. Results
3.1. Self-reported drowsiness
Participants drove 90 min in the formal simulated driving sessions. Due to the monotonous scenario and dark environment in
driving simulators, it takes shorter period to induce driver drowsiness. An earlier study also observed signiﬁcant drowsiness effects
within 50 min of test trial in a driving simulator (Eoh et al., 2005).
The average self-reported drowsiness level at the last session is 6.46
with a range from 3.67 to 9 for the Karolinska Sleeping Scale. The
average self-reported drowsiness level at the end is between 6
(Some signs of sleepiness) and 7 (Sleepy, but no effort to keep alert).
This indicates our study manipulation has successfully induced
drowsiness.
The self-reported drowsiness in the Karolinska Sleepiness Scale
(as shown in Fig. 5) revealed a signiﬁcant main effect of driving
sessions, F (2, 44) ¼ 57.33, p < .001, h2p ¼ 0.72. The self-reported
drowsiness rating was lowest in the short-drive session
(M ¼ 4.26, SD ¼ 1.20) compared to the medium-drive (M ¼ 5.34,
SD ¼ 1.28) and long-drive session (M ¼ 6.46, SD ¼ 1.28), t
(22) ¼ 5.96, p < .001 and t (22) ¼ 8.71, p < .001 respectively. The
drowsiness rating in the medium-drive session was also lower than
that in the long-drive session, t (22) ¼ 6.51, p < .001. The selfreported drowsiness measured by the Stanford Sleepiness Scale
produced similar results. Thus, the self-reported drowsiness for the

Fig. 5. Self-reported drowsiness in the Karolinska Sleepiness Scale. (The stars indicate
signiﬁcance level. * represents p  .05; ** represents p  .01; *** represents p  .001.
This applies to stars in other graphs in this article).
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Karolinska Sleepiness Scale indicated that our experiment manipulation was successful to incur states of drowsiness.
3.2. Eye blinks
The blink frequency per minute (bpm) (as shown in Fig. 6.)
produced a main effect for the driving sessions, F (2, 44) ¼ 5.22,
p ¼ .009, h2 ¼ 0.19. Pair-wise comparisons showed that the blink
frequency was smaller in the short-drive (M ¼ 10.46 bpm,
SD ¼ 3.93bpm) and medium-drive (M ¼ 11.03 bpm, SD ¼ 3.15 bpm)
than the long-drive session (M ¼ 11.79 bpm, SD ¼ 2.78bpm), t
(22) ¼ 3.27, p ¼ .004 and t (22) ¼ 2.08, p ¼ .05 respectively. Higher
blink frequency was observed in long-drive session, indicating
higher levels of drowsiness.
3.3. Braking response time
The braking response time showed a main effect for the driving
sessions, F (2, 44) ¼ 3.77, p ¼ .031, h2 ¼ 0.15. As shown in Fig. 7, the
braking response time increased as driving duration increased.
Pair-wise comparisons showed that the braking response time in
short-drive session (M ¼ 1.19s, SD ¼ 0.23s) was signiﬁcantly lower
than that of long-drive session (M ¼ 1.33s, SD ¼ 0.28s), t (22) ¼ 3.34,
p ¼ .003. The braking response time in medium-drive session
(M ¼ 1.25s, SD ¼ 0.35s) and short-drive session did not differ from
each other, t (22) ¼ 1.18, p ¼ .25, nor did medium-drive session and
long-drive session, t (22) ¼ 1.36, p ¼ .19.
3.4. Headway distance
The mean headway distance (as shown in Fig. 8.) did not produce a main effect for the driving sessions, F (2, 44) ¼ 0.9, p ¼ .92,
h2 ¼ 0.004. Pair-wise comparisons showed that the mean headway
distance did not differ among driving sessions, all ps > 0.10.
3.5. Standard deviation of lane position
The standard deviation of lane position (SDLP) produced a main
effect for the driving sessions, F (2, 44) ¼ 5.25, p ¼ .009, h2 ¼ 0.19. As
shown in Fig. 9, SDLP gradually increased as driving duration
increased. Pair-wise comparisons show that SDLP in short-drive
session (M ¼ 0.40 m, SD ¼ 0.07 m) was signiﬁcantly lower than
that of medium-drive session (M ¼ 0.44 m, SD ¼ 0.11 m) and longdrive session (M ¼ 0.45 m, SD ¼ 0.09 m), t (22) ¼ 2.47, p ¼ .02 and t

Fig. 6. Blink frequency as time increases. Error bars in all ﬁgures hereafter indicate
within-subject 95% conﬁdence intervals based on the main effect of task (Loftus and
Masson, 1994).
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Fig. 7. Braking response time as drive duration increases.

Fig. 9. Standard deviation of lane position as time increases.

Fig. 10. Number of lane excursions as time increases.

Fig. 8. Mean headway distance as time increases.

(22) ¼ 3.31, p ¼ .003 respectively. The SDLP in the medium-drive
session did not differ from long-drive session, t (22) ¼ 0.70, p ¼ .49.
3.6. Lane excursions
The number of lane excursions produced a main effect for the
driving sessions, F (2, 44) ¼ 3.16, p ¼ .05, h2 ¼ 0.13. As shown in
Fig. 10, the number of lane excursions gradually increased as
driving duration increased. Pair-wise comparisons showed that the
number of lane excursions in short-drive session (M ¼ 4.87,
SD ¼ 3.53) was signiﬁcantly lower than that of long-drive session
(M ¼ 8.43, SD ¼ 8.44), t (22) ¼ 2.17, p ¼ .04. The number of lane
excursions in medium-drive session (M ¼ 7.80, SD ¼ 9.27) did not
differ from short-drive session, t (22) ¼ 1.70, p ¼ .10, nor did
medium-drive session and long-drive session, t (22) ¼ 0.58, p ¼ .57.
4. Discussions and conclusions
To reduce the risks of driver drowsiness, we developed a Google
Glass application to monitor eye blinks. Past research has shown
that drowsiness can increase hazard response times and cause
poorer driving performance (Bourgeois-Bougrine et al., 2003; Ting
et al., 2008; Thiffault and Bergeron, 2003; He et al., 2014; Lee et al.,
2016). In this study, drowsy drivers produced longer braking

response time, lower braking response rate, more lane deviation,
and a higher number of lane excursions. These results resonate
with past studies and indicate higher risks of rear-end collisions
and lane-departures (He et al., 2014; Lee et al., 2016). Previous
research has shown that distracted drivers may adopt a compensatory strategy for risky distracted driving by increasing their
headway distance from the lead vehicle to decrease the chances of a
collision (He et al., 2014). Can drowsy drivers exhibit similar
compensatory strategy employed by distracted drivers? The
drowsy drivers in this study did not exhibit such compensatory
strategy, producing similar headway distance across driving sessions. Thus, insufﬁcient or lack of compensatory strategy, such as no
increase in headway buffers, may put drowsy drivers at higher
risks, compared to distracted drivers.
Due to the dangers of drowsiness, it is important for drivers to
adopt safer strategies, such as avoiding night-time driving, alcohol
and medication, avoiding rushing to destinations, getting a proper
amount of sleep, and consuming caffeine (National Sleep
Foundation, 2010), or taking longer breaks at rest stops (Philip
et al., 1999).
Unfortunately, even if these strategies were adopted, drivers
often misjudge just how sleepy they are (Brown, 1994; Itoi et al.,
1993; Mitler et al., 1988) and may still be under the risk of
drowsy driving. A sensitive and user friendly drowsiness detection
system can reduce the risk by issuing early warnings to alarm the
drivers and make them aware that they are putting themselves in
danger. This is particularly important for professional drivers (e.g.
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truck, bus and taxi drivers) who are quite prone to falling asleep
behind the wheel, due to long driving hours and overconﬁdence
about their driving skills.
However, existing drowsiness detection systems (e.g. eyetracking and EEG) are often limited by the price, intrusiveness,
and practicality. Several of the current drowsiness detection
methods require purchasing special equipment and placing sensors
on the driver. This Google-Glass-based drowsiness detection technology provides a portable and affordable alternative to existing
drowsiness detection systems. It may also be more accessible and
popular to users with the coming age of wearable technology.
Google Glass is comparatively easier to set up than most other
drowsiness detection technology. And unlike other drowsiness
detection systems, Google Glass has several other functions such as
texting and GPS navigation, which may increase incentive to purchase and use it.
There were limitations with this initial study, such as only using
subjective rating scales to measure drowsiness. Future studies
should further validate this application by using objective measures
(e.g. brain waves) and comparing it to other drowsiness detection
technology (e.g. proximity sensors). Future studies should also test
the Google Glass application in real world driving settings. The
vehicle dynamics and road unevenness may add more noise to the
proximity sensor value and thus require adaptation of the thresholding algorithm to detect eye blinks. Future algorithm development efforts may consider emerging machine-learning algorithms,
such as reinforcement learning and deep learning, to improve the
prediction performance of algorithms across participants and
driving scenarios. For example, a recent study demonstrated that
the reinforcement deep neural network algorithm could train an
agent to self-explore an unknown environment and thus has great
potential to be applied to real-world driving conditions (Deng et al.,
2016b). More over, it would be interesting to test our proposed
approach using wearable proximity sensor to detect eye blinks and
drowsiness with a broader age range and examine the technology
acceptance levels of drivers at different age.
The Google-Glass-based drowsiness detection technology is also
limited by the fast battery consumption. When using the app,
Google Glass needed to be charged every three hours. The battery
limitation of the Google Glass may become less problematic as
battery technology advances over time. Another limitation is that
blink detection is difﬁcult for drivers wearing corrective lens or
sunglasses. Eyewear technology should be further improved to
have longer battery life and a higher number of proximity sensors.
Future technology improvement for the system may consider
adding electroencephalogram sensor to wearable glasses.
This research contributes to the efforts of detecting driver
drowsiness by providing new technology for real-time drowsiness
detection using Google Glass. This technology has important implications for improving driving safety. Since drivers often
misjudge how drowsy they are, this system allows them to better
assess the level of risk they are at and properly compensate for it.
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Appendix
Stanford Sleepiness Scale (Herscovitch and Broughton, 1980)
Please circle the item which best describes your current sleepiness level.
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1 ¼ Feeling active, vital, alert, or wide awake
2 ¼ Functioning at high levels, but not at peak; able to
concentrate
3 ¼ Awake, but relaxed; responsive but not fully alert
4 ¼ Somewhat foggy, let down
5 ¼ Foggy; losing interest in remaining awake; slowed down
6 ¼ Sleepy, woozy, ﬁghting sleep; prefer to lie down
7 ¼ No longer ﬁghting sleep, sleep onset soon; having
dream ¼ like thoughts

Karolinska Sleepiness Scale (Akerstedt and Gillberg, 1990)
Please circle the item which best describes your current sleepiness level.
1
2
3
4
5
6
7
8
9

¼
¼
¼
¼
¼
¼
¼
¼
¼

Extremely alert
Very alert
Alert
Rather alert
Neither alert nor sleepy
Some signs of sleepiness
Sleepy, but no effort to keep alert
Sleepy, some effort to keep alert
Very sleepy, great effort to keep alert, ﬁghting sleep.

References
Åkerstedt, T., 2003. Shift work and disturbed sleep/wakefulness. Occup. Med. 53 (2),
89e94.
Akerstedt, T., Gillberg, M., 1990. Subjective and objective sleepiness in the active
individual. Int. J. Neurosci. 52, 29e37.
€rte, L.G., 2001. Night driving, season, and the risk of
Akerstedt, T., Kecklund, G., Ho
highway accidents. Sleep 24 (4), 401e406.
Akerstedt, T., Mollard, R., Samel, A., Simons, M., Spencer, M., 2003. Meeting to
discuss the role of EU FLT legislation in reducing cumulative fatigue in civil
aviation. In: Presented at European Transport Safety Council, Brussels, 2003.
Allen, A.H., Park, J.E., Adhami, N., Sirounis, D., Tholin, H., Dodek, P., et al., 2014.
Impact of work schedules on sleep duration of critical care nurses. Am. J. Crit.
Care 23 (4), 290e295.
Amini, N., Sarrafzadeh, M., Vahdatpour, A., Xu, W., 2011. Accelerometer-based onbody sensor localization for health and medical monitoring applications.
Pervasive M1obile Comput. 7 (6), 746e760.
Azim, T., Jaffar, M.A., Mirza, A.M., 2014. Fully automated real time fatigue detection
of drivers through Fuzzy Expert Systems. Appl. Soft Comput. 18, 25e38.
Beckers, N., Schreiner, S., Bertrand, P., Mehler, B., Reimer, B., 2017. Comparing the
demands of destination entry using Google Glass and the Samsung Galaxy S4
during simulated driving. Appl. Ergon. 58, 25e34.
Bergasa, L.M., Nuevo, J., Sotelo, M., Barea, R., Lopez, M.E., 2006. Real-time system for
monitoring driver vigilance. IEEE Trans. Intelligent Transp. Syst. 7 (1), 63e77.
Bourgeois-Bougrine, S., Carbon, P., Gounelle, C., Mollard, R., Coblentz, A., 2003.
Perceived fatigue for short-and long-haul ﬂights: a survey of 739 airline pilots.
Aviat. space, Environ. Med. 74 (10), 1072e1077.
Brown, I.D., 1994. Driver fatigue. Hum. Factors 36 (2), 298e314.
Bundele, M.M., 2008. Identiﬁcation of body parameters for changes in reﬂexes of a
vehicular driver under drowsiness/fatigue/stress conditions. Publ. Proceeding
Front. 123e131.
Bundele, M.M., Banerjee, R., 2009. Detection of fatigue of vehicular driver using skin
conductance and oximetry pulse: a neural network approach. In: ACM Proceedings of the 11th International Conference on Information Integration and
Web-based Applications & Services, pp. 739e744.
Cafﬁer, P.P., Erdmann, U., Ullsperger, P., 2003. Experimental evaluation of eye-blink
parameters as a drowsiness measure. Eur. J. Appl. Physiology 89 (3e4),
319e325.
Chen, D., Wang, Z., Zhuo, Q., Wu, F., 2014. A New Algorithm for Fatigue Detection in
Driving. Foundations of Intelligent Systems. Springer Berlin Heidelberg.
De Waard, D., Brookhuis, K.A., 1991. Assessing driver status: a demonstration
experiment on the road. Accid. analysis Prev. 23 (4), 297e307.
Deng, Y., Ren, Z.Q., Kong, Y.Y., Bao, F., Dai, Q.H., 2016a. A hierarchical fused fuzzy
deep neural network for data classiﬁcation. IEEE Trans. Fuzzy Syst. 99.
Deng, Y., Dai, Q., Wang, R., Zhang, Z., 2012. Commute time guided transformation for
feature extraction. Comput. Vis. Image Underst. 116 (4), 473e483.
Deng, Y., Bao, F., Kong, Y.Y., Ren, Z.Q., Dai, Q.H., 2016b. Deep direct reinforcement
learning for ﬁnancial signal representation and trading. IEEE Trans. Neural
Netw. Learn. Syst. 99, 1e12.
Dong, H., Ugalde, I., Figueroa, N., El Saddik, A., 2014. Towards whole body fatigue

480

J. He et al. / Applied Ergonomics 65 (2017) 473e480

assessment of human movement: a fatigue-tracking system based on combined
semg and accelerometer signals. Sensors 14 (2), 2052e2070.
Egelund, N., 1982. Spectral analysis of heart rate variability as an indicator of driver
fatigue. Ergonomics 25 (7), 663e672.
Eoh, H.J., Chung, M.K., Kim, S.H., 2005. Electroencephalographic study of drowsiness
in simulated driving with sleep deprivation. Int. J. Industrial Ergonomics 35 (4),
307e320.
Fairclough, S.H., Graham, R., 1999. Impairment of driving performance caused by
sleep deprivation or alcohol: a comparative study. Hum. Factors 41 (1),
118e128.
Ganage, D.G., Dixit, V.V., 2011. Eye blink detection in real time video for driver
drowsiness detection system. Digit. Image Process. 3 (7), 370e374.
Hancock, S., McNaughton, L., 1986. Effects of fatigue on ability to process visual
information by experienced orienteers. Percept. Motor Skills 62 (2), 491e498.
€rm€
€nninen, O., 1988. Physical
Ha
a, M.I., Ilmarinen, J., Knauth, P., Rutenfranz, J., Ha
training intervention in female shift workers: I. The effects of intervention on
ﬁtness, fatigue, sleep, and psychosomatic symptoms. Ergonomics 31 (1), 39e50.
€rm€
€blom, T., Alikoski, T., Heinsalmi, P., 1998. Combined
Ha
a, M., Tenkanen, L., Sjo
effects of shift work and life-style on the prevalence of insomnia, sleep deprivation and daytime sleepiness. Scand. J. Work, Environ. Health 300e307.
He, J., 2013. Drowsiness detection and management. J. Ergonomics 3, 118.
He, J., Roberson, S., Fields, B., Peng, J., Cielocha, S., Coltea, J., 2014. Fatigue detection
using smartphones. J. Ergonomics 3, 1e7.
He, J., Choi, W., McCarley, J.S., Chaparro, B., Wang, C., 2015. Texting while driving
using Google Glass: promising but not distraction-free. Accid. Analysis Prev. 81,
218e229.
Healey, J., Picard, R., 2000. SmartCar: detecting driver stress. In: 15th International
Conference on IEEE Proceedings of Pattern Recognition, vol. 4, pp. 218e221.
Healey, J., Picard, R.W., 2005. Detecting stress during real-world driving tasks using
physiological sensors. IEEE Trans. Intelligent Transp. Syst. 6 (2), 156e166.
Helander, M., 1978. Applicability of drivers' electrodermal response to the design of
the trafﬁc environment. J. Appl. Psychol. 63 (4), 481.
Herscovitch, J., Broughton, R., 1980. Sensitivity of the stanford sleepiness scale to
the effects of cumulative partial sleep deprivation and recovery oversleeping.
Sleep 4 (1), 83e91.
Hoddes, E., Zarcone, V., Smythe, H., Phillips, R., Dement, W.C., 1973. Quantiﬁcation of
sleepiness: a new approach. Psychophysiology 10, 431e436.
Ingre, M., ÅKerstedt, T., Peters, B., Anund, A., Kecklund, G., 2006. Subjective sleepiness, simulated driving performance and blink duration: examining individual
differences. J. Sleep Res. 15 (1), 47e53.
Ishimaru, S., Kunze, K., Kise, K., Weppner, J., Dengel, A., Lukowicz, P., Bulling, A.,
2014a. In the blink of an eye: combining head motion and eye blink frequency
for activity recognition with google glass. In: ACM Proceedings of the 5th
Augmented Human International Conference, p. 15.
Ishimaru, S., Uema, Y., Kunze, K., Kise, K., Tanaka, K., Inami, M., 2014b. Smarter
eyewear: using commercial EOG glasses for activity recognition. In: ACM Proceedings of the 2014 International Joint Conference on Pervasive and Ubiquitous. Computing: Adjunct Publication, pp. 239e242.
Itoi, A., Cilveti, R., Voth, M., Dantz, B., Hyde, P., Gupta, A., Dement, W.C., 1993. Can
Drivers Avoid Falling Asleep at the Wheel. AAA Foundation for Trafﬁc Safety,
Washington, DC.
Jayasundera, O.M.B., Kavindya, M.D.A., Guruge, T.L., Senevirathne, D.W.,
Jayaweera, Y., 2014. I-blink: drowsiness detection and warning system. Compusoft Int. J. Adv. Comput. Technol. 3 (11).
Kar, S., Bhagat, M., Routray, A., 2010. EEG signal analysis for the assessment and
quantiﬁcation of driver's fatigue. Transp. Res. Part F Trafﬁc Psychol. Behav. 13
(5), 297e306.
Kong, W., Zhou, Z., Zhou, L., Dai, Y., Borghini, G., Babiloni, F., 2012. Estimation for
driver fatigue with phase locking value. Int. J. Bioelectromagn. 14 (3), 115e120.
Kozak, K., Curry, R., Greenberg, J., Artz, B., Blommer, M., Cathey, L., 2005. Leading
indicators of drowsiness in simulated driving. In: Proceedings of the Human
Factors and Ergonomics Society Annual Meeting, vol. 49. SAGE Publications,
pp. 1917e1921. No. 22.
Krajewski, J., Wieland, R., Batliner, A., 2008. An Acoustic Framework for Detecting
Fatigue in Speech Based Human-computer-interaction. Computers Helping
People with Special Needs. Springer Berlin Heidelberg.
Kumar, K.S.C., Bhowmick, B., 2009. An Application for Driver Drowsiness Identiﬁcation Based on Pupil Detection Using IR Camera. International Conference on
Intelligent Human Computer Interaction, Ihci 2009, January 20-23, 2009.
Organized by the Indian Institute of Information Technology, Allahabad, India,
pp. 73e82.
Kurylyak, Y., Lamonaca, F., Mirabelli, G., 2012. Detection of the eye blinks for

human's fatigue monitoring. IEEE Int. Symposium Med. Meas. Appl. Proc. 1e4.
Lal, S.,K., Craig, A., 2002. Driver fatigue: electroencephalography and psychological
assessment. Psychophysiology 39, 313e321.
Lee, B.L., Lee, B.G., Chung, W.Y., 2016. Standalone wearable driver drowsiness
detection system in a smartwatch. IEEE Sensors J. 16 (13), 5444e5451.
Loftus, G.R., Masson, M.E., 1994. Using conﬁdence intervals in within-subject designs. Psychonomic Bull. Rev. 1 (4), 476e490.
Lyznicki, J.M., Doege, T.C., Davis, R.M., Williams, M.A., 1998. Sleepiness, driving, and
motor vehicle crashes. JAMA 279 (23), 1908e1913.
Mitler, M.M., Carskadon, M.A., Czeisler, C.A., Dement, W.C., Dinges, D.F.,
Graeber, R.C., 1988. Catastrophes, sleep, and public policy: consensus report.
Sleep 11 (1), 100.
National Sleep Foundation, 2005. National Sleep Foundation Sleep in America Poll.
National Sleep Foundation, Washington DC.
National Sleep Foundation, 2010. Drivers Beware Getting Enough Sleep Can Save
Your Life This Memorial Day. National Sleep Foundation, Arlington, VA.
O'Hanlon, J.F., Kelley, G.R., 1977. Comparison of performance and physiological
changes between drivers who perform well and poorly during prolonged
vehicular operation. In: Vigilance. Springer US, pp. 87e109.
Papadelis, C., Kourtidou-Papadeli, C., Bamidis, P.D., Chouvarda, I., Koufogiannis, D.,
Bekiaris, E., Maglaveras, N., 2006. Indicators of sleepiness in an ambulatory EEG
study of night driving. In: Engineering in Medicine and Biology Society, 2006.
EMBS'06. 28th Annual International Conference of the IEEE. IEEE,
pp. 6201e6204.
Pathangay, V., Kalra, A., Yadhunandan, U.S., Thangappan, A., Jain, R., 2016. Drowsiness detection by combining eye closure and non-contact heart rate variability
using RGBD camera. In: Presented at 38th Annual International Conference of
the IEEE Engineering in Medicine and Biology Society, Orlando, FL, 2016.
Patel, M., Lal, S.K.L., Kavanagh, D., Rossiter, P., 2011. Applying neural network
analysis on heart rate variability data to assess driver fatigue. Expert Syst. Appl.
38 (6), 7235e7242.
Philip, P., Taillard, J., QUERA-SALVA, M.A., Bioulac, B., Åkerstedt, T., 1999. Simple
reaction time, duration of driving and sleep deprivation in young versus old
automobile drivers. J. Sleep Res. 8 (1), 9e14.
Rimini-Doering, M., Manstetten, D., Altmueller, T., Ladstaetter, U., Mahler, M., 2001.
Monitoring driver drowsiness and stress in a driving simulator. In: Proceedings
of the First International Driving Symposium on Human Factors in Driver
Assessment, Training and Vehicle Design, pp. 58e63.
pez, E., 2009. Driver fatigue
Rogado, E., García, J.L., Barea, R., Bergasa, L.M., Lo
detection system. In: IEEE International Conference on Robotics and Biomimetics, pp. 1105e1110.
Steele, T., Cutmore, T., James, D.A., Rakotonirainy, A., 2004. An investigation into
peripheral physiological markers that predict monotony. In: Road Safety
Research, Policing and Education Conference (Peer Reviewed). Retrieved from.
http://www.rsconference.com/pdf/RS040107.pdf.
Strayer, D.L., Drews, F.A., Johnston, W.A., 2003. Cell phone-induced failures of visual
attention during simulated driving. J. Exp. Psychol. Appl. 9 (1), 23.
Strayer, D.L., Drews, F.A., Crouch, D.J., 2006. A comparison of the cell phone driver
and the drunk driver. Hum. Factors 48, 381e391.
Stutts, J.C., Wilkins, J.W., Osberg, J.S., Vaughn, B.V., 2003. Driver risk factors for
sleep-related crashes. Accid. Analysis Prev. 35 (3), 321e331.
Tefft, B.C., 2014. Prevalence of Motor Vehicle Crashes Involving Drowsy Drivers,
United States, 2009e2013. Rep. Prepared for the American Automobile Association (AAA) Foundation for Trafﬁc Safety, Washington, DC.
Thiffault, P., Bergeron, J., 2003. Monotony of road environment and driver fatigue: a
simulator study. Accid. Analysis Prev. 35 (3), 381e391.
Ting, P.H., Hwang, J.R., Doong, J.L., Jeng, M.C., 2008. Driver fatigue and highway
driving: a simulator study. Physiology Behav. 94 (3), 448e453.
Ueno, H., Kaneda, M., Tsukino, M., 1994. Development of drowsiness detection
system. In: IEEE Proceedings of Vehicle Navigation and Information Systems
Conference, 1994, pp. 15e20.
Varghese, C., Shankar, U., 2007. Passenger Vehicle Occupant Fatalities by Day and
Nightea Contrast (No. HS-810 637).
Williamson, A.M., Feyer, A.M., 2000. Moderate sleep deprivation produces impairments in cognitive and motor performance equivalent to legally prescribed
levels of alcohol intoxication. Occup. Environ. Med. 57 (10), 649e655.
Wu, X.H., He, J., Ellis, J., Choi, W., Wang, P.F., Peng, K.P., 2016. Which is a better invehicle information Display? A comparison of google glass and smartphones.
J. Disp. Technology.12(11) 1364e1371.
Yang, F., Yu, X., Huang, J., Yang, P., Metaxas, D., 2012. Robust eyelid tracking for
fatigue detection. In: The 19th IEEE International Conference on Image Processing (ICIP), pp. 1829e1832.

