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Bakalérska praca predstavuje problém detekcie mikrospanku vodic¢a. Podl’a znamych rieSeni
danej problematiky vieme, Ze inava moze byt detegovand prostrednictvom analyzy frekven-
cie Zmurkania. Ciel’om bakalarskej prace je navrhnuit’ spol’ ahlivi detekciu Zmurknutia, ktora

by mohla byt’ pouZitd v systéme na detekciu mikrospanku.

Uvod je venovany definovaniu problému mikrospanku. Jadro price analyzuje dostupné riese-
nia v oblasti problematiky a predstavuje metddy na detekciu a sledovanie tvére a o¢i. Zaver
analyzy obsahuje zhodnotenie sicasného stavu oblasti a prehl’ad dostupnych metéd detekcie

zmurknutia.

V préci navrhujeme opis stavu uzatvorenosti oka na zaklade SVM Kklasifikatora (angl. Sup-
port Vector Machine) a deskriptora vzorky oka — Vertikdlnej Projekcie Intenzity (angl. In-
tensity Vertical Projection), SIFT deskriptora a vlastnych gradientovych deskriptorov. Dalej
sa sustred’'ujeme na detekciu Zmurknutia za pomoci sekvencnej analyzy snimkov, ktord
dosahuje lepSie vysledky ako detekcia optickym tokom z prace Divjak—Bischof (2009).
Navrhované metddy boli otestované na datach od rd6znych subjektov za odliSnych svetelnych

podmienok.
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The bachelor thesis introduces a problem of driver’s microsleep detection. According to the
state-of-the-art, sleepiness can be detected using the analysis of the eye-blink frequency. The
goal of the bachelor thesis is to propose a reliable eye-blink detection algorithm, which could

be used in the microsleep detection system.

Introduction is devoted to the microsleep problem definition. The thesis core analyzes cur-
rently available solutions of this problem and it presents face and eye detection and tracking

methods. Analysis conclusion describes eye-blink detection algorithms.

Afterwards a proposal of eye state description algorithms based on SVM (Support Vector
Machine) and feature descriptors is presented — Intensity Vertical Projection, SIFT descriptor
and own gradient descriptors. Further focus is put on our own eye-blink detection methods
based on sequential frame analysis, which achieves better results than Divjak—Bischof opti-
cal flow detection method. The proposed methods were tested with datasets obtained from

different subjects under different light conditions.
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Chapter 1

Introduction

A human needs to sleep. Sleep is not an option, it is necessary and inevitable to regenerate
the human body. The longer a man tries not to sleep, the more he or she feels tired and
needs to rest. Due to fatigue and an effort of prolonging consciousness — microsleep can
occur. Microsleep is a short and unintended episode of sleep, which can last from a fraction
of a second up to thirty seconds [AASM 1991].

It is a result of sleep deprivation or a sleep debt. It can be also caused by a sleep disorder,
medication usage, mental fatigue or other neurological disorders. Microsleep can happen
anytime. However, it is the most dangerous when it happens during situations, which demand
your focused attention like driving.

Microsleep usually occurs without driver’s awareness and it is accompanied with a blank
stare, a nodding head or prolonged eye closure. Its consequences are impairment of a driving
performance and clear judgment, lack of driver’s awareness, short-term memory deficit or
increasing of reaction time. It can even happen with open eyes.

A driver is not capable of answering to external stimulation, what causes that he or she does
not have to notice a red traffic light, an incoming curve, a road narrowing or an oncoming
vehicle. Obviously, this could lead to serious traffic accidents.

There are many available solutions to avoid the microsleep. Some of them are cheap and
simple, but also not so reliable. Others are quite accurate, but they require expensive tech-
nologies and complicated algorithms. Nevertheless, they do not guarantee real-time detec-
tion.

According to the report [Dinges et al. 1998], eyelid closure and eye-blink activity belong
to the most reliable signs of fatigue and microsleep. Therefore, we want to focus on eye
tracking and eye-blink analysis. We want to propose a solution, which would be simple and
available enough and still sufficiently accurate and reliable. The driver could be tracked by
the front camera of a smartphone. In the case of incoming microsleep, an alarm will sound.
This simple action could prevent the driver from falling asleep and avoid an accident.

1.1 Traffic

Microsleep is one of the main factors causing fatal traffic accidents along with alcohol or
other narcotics and overestimation of abilities (Figure 1.1). A study from Australia and
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Figure 1.1: Microsleep is a serious traffic problem.!

New Zealand says that driving after 17 to 19 hours of vigilance equals to driving with blood
alcohol concentration of 0.05% [Williamson — Feyer 2000]. Sleeping for 5 seconds at the
speed of 130 km/h on a highway corresponds to 180 meters passed by a car. This could be
a significantly long distance, which could lead to a fatal accident without awareness of the
driver.

According to National Highway Traffic Safety Administration [NHTSA 2011] 2.5% of fa-
tal accidents in the USA between years 2005 and 2009 were caused by microsleep, which
resulted to more than 5000 fatalities. However, amount of microsleep crashes could have
be much higher because it is very difficult to determine whether microsleep was the real
cause or not and also what level of fatigue could lead to the crash. Study from VirginiaTech
Transportation Institute [Klauer 2012] says that even more than fifth of accidents happen due
to fatigue and drowsy driving.

Signs of an accident caused by microsleep:

* single car on a roadside,

highway collision,

driver did not try to brake or avoid an obstacle,

¢ driver was alone in the car,

accident happened early in the morning.

1.2 Prevention

Microsleep is preceded by fatigue and drowsiness. An important part of its detection and
prevention is to recognize signs, which signalize incoming microsleep:

* yawning,
* slow and frequent blinking,
* eye scratching,

* poor concentration,

'mttp://upload.wikimedia.org/wikipedia/commons/e/el/Car_crash_1.3jpg [last
access: 16.11.2013]
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tired or sore eyes,

* restlessness and boredom,

* slow reactions,

* not remembering last kilometers of a road,

* feeling irritable,

* making fewer and larger steering corrections,
* missing road signs,

* loosing ability to stay in the lane,

* blurred vision.

A reduce ability of driver’s own sleepiness judgment, fighting the fatigue and an effort to stay
awake belong to the natural signs of falling asleep in the car, too.

Having one of these signs says it is a very high chance of microsleep and the driver should
take a break.

Microsleep occurs mostly under these conditions:
* during long journey on a highway or a monotonous road,
* between 2am and 6am (when your circadian rhythm tells you to sleep),
* between 2pm and 4pm (especially after eating),
* after sleeping less than normal at night,
* after taking medication which can cause sleepiness,
* after night shifts or long hours at work.

According to [Akerstedt et al. 2001], driving at night or in the early morning is approximately
five times more dangerous than driving during a daytime.

Prevention is certainly one of the most effective way of avoiding microsleep [Accidents 2001,
Higgins — Bernie 2011]. First step of prevention is to realize that you are sleepy and need
to rest. Microsleep often occurs when you overestimate your abilities and try to reach the
goal destination as soon as possible. It is important to realize the necessity of a short break.

If you feel tired, take a break. Just few minutes of sleep can help you and bring a momentary
regeneration to your body and mind. It is also called a power nap®. However, be aware of
the fact that the nap lasting more than 30 minutes can bring you to deep sleep and it will be
hard to wake up and concentrate back on driving.

Before you drive, have a good sleep. Most of adults need from 7 to 9 hours of daily sleep.
When you drive, take a break regularly. Avoid medication which cause sleepiness and defi-
nitely avoid alcohol.

Moreover, positively affects an open car window or just a right air-condition adjustment (not
cool, but not so warm either). The Buddy system (Figure 1.2) is also a reliable method. It
means you are driving with a passenger who is talking to you, what supports you in staying
awake.

http://www.sleepforall.com/microsleep.htm [last access: 22.8.2013]
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Figure 1.2: Talking to friends will help a driver to stay awake?.

If you really do not want to stop the car and have a rest, try to avoid anything what demand
your constant attention. Coffee works too, but be careful because caffeine takes about 30
minutes to affect.

Alongside all these advices and hints there are many prevention and detection systems avail-
able to avoid or detect microsleep. They are discussed in the next chapter.

Our goal is to propose a real-time application, which would detect fatigue and incoming mi-
crosleep of a driver in a vehicle. Nevertheless, nothing compares to good sleep and avoiding
of driving sleepy.

1.3 Requirements

According to [Dinges et al. 1998], determination of eye-blink duration, eye-blink frequency
and eye lid closure are one of the most reliable detection methods. Therefore, we decided
to detect and track the driver’s eyes with a camera to achieve the best results. To keep the
solution affordable, we consider to use the front camera of a smartphone.

Smartphones are highly available to the most of drivers and they are easy to use. According
to [Stern et al. 1984], eyelids are closed for 50 ms during the fastest eye-blink, therefore
smartphone cameras with a 30 frames per second are sufficient for this matter.

We want to create a simple application which will use real-time and accurate algorithms for
blink features’ measuring. Obviously, we want to achieve a reasonable trade-off between the
computational time and the detection rate. Detection should be fast enough to operate in the
real-time and robust enough to alarm the driver in the case of microsleep.

Our solution should be non-intrusive so the driver would have minimal worries with smart-
phone control and maintenance. We should avoid false positive detections as much as pos-
sible so that the application would not annoy the driver. User interface should be simple
to understand and easy to use.

We want to focus on the detection under good light conditions what in our case means day-
light. However, we require to use algorithms which work with a grayscale image. Therefore,
our solution should be easily extendible to detect microsleep even at night using an infrared
camera or an additional infrared light projection.

Shttp://www.automedia.com/Blog/post/Teen-Texting-Logic-Extreme-
Mileage-Long-Commutes—Indy-500-Pace-Car—-More.aspx [last access: 16.11.2013]
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Summarization of requirements for our microsleep detection smartphone application is as
follows:

* real-time and accurate detection algorithms,

* high detection rate,

low false positives,

* low computational requirements,

algorithms working with grayscale images,

* non-intrusive and simple solution,

simple graphical user interface.
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Chapter 2

Microsleep Detection Systems

Efficient prevention certainly involves many commercial and non-commercial detection sys-
tems which detect fatigue, drowsiness and microsleep using different technologies. We can
divide them into non-eye based systems and eye based systems. Unlike non-eye based sys-
tems, eye based detection systems use eye detection and eye tracking to determine, whether
the driver is falling asleep.

In fact, most systems focus on fatigue detection instead of microsleep detection, because
almost always it is fatigue what appears first. This is logical approach since the microsleep
detection may not come on time. Therefore, it is necessary to identify fatigue before driver
falls asleep and alert him or her properly.

2.1 Non-Eye Based Detection Systems

Non-eye based systems do not use sight organs to detect fatigue or microsleep. Many of
them are commercial and popular, however they are not so accurate. They are not so reliable,
because they rely on characteristics, which do not have to be clear signs of microsleep. This
may cause an undesirable false microsleep identification. However, they may also reveal
fatigue in a lot of cases.

We can divide these systems into two groups: vehicle based systems and human monitoring
based systems.

2.1.1 Vehicle based systems

This type of detection systems is based on tracking of a driver and a car behavior on the
road. There are several products on the market, which are developed by car companies and
subsequently they are mounted in vehicles for an extra charge. These systems offer tracking
of a driver’s routine behavior, his or her driving habits and a driving pattern. They can
determine a level of fatigue and alert the driver properly with a visual or an acoustic signal.

Volvo developed Driver Alert Control (DAC)', which determines the driver’s fatigue level by
monitoring of traffic lines and vehicle control. Traffic lines are tracked by a camera installed

'https://www.media.volvocars.com/global/enhanced/en-gb/Media/Preview.
aspx?mediaid=12130 [last access: 22.8.2013]
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Figure 2.1: Volvo’s Driver Alert Control tracks road lanes and notifies the driver in case of
emergency’.

behind the inner rear window. When a motion indicating sleepiness occurs, system evaluates
the fatigue level and alerts the driver to take a break (Figure 2.1). Very similar system is also
used in Ford’s Driver Alert>.

Mercedes-Benz offers Attention Assist®. In the first 20 minutes of driving, system creates
driver’s profile including information about his or her driving style. Subsequently, the profile
is constantly compared with actual data from sensors. System evaluates data of more than
70 factors, which determine whether the driver is drowsy or not.

Volkswagen developed Lane Assist* which helps to keep a vehicle in the current lane in case
of microsleep. It detects a position of the vehicle on the roadway by a camera mounted
behind the inner rear window. When the car is going out of the lane, the steering wheel is
turned in an opposite direction. This causes that the car does not leave the lane and the driver
remains safe. Volkswagen also offers a fatigue detection system similar to other systems.

Driver Drowsiness Detection® was made by Bosch company. System detects driver’s drowsi-
ness using driving behavior analysis. It contains a steering angle sensor, a camera with the
lane assist, other additional information, e.g. vehicle speed, turn indicator, duration of travel.
System evaluates all factors and calculates a warning index which can trigger an alert.

2.1.2 Human monitoring based systems

Human monitoring based systems are detection systems which monitor a human behavior,
his or her physical state and other biological features to determine the level of fatigue and in-
coming microsleep. Most of them are products that are popular and available on the market,
because of their relatively low price. However, we can mark them as less reliable detection
systems due to their low detection quality.

A German company offers a product named Stopsleep®. It is an anti-sleep alarm which can
be put on fingers. It measures the conductivity of the skin, which reflects the brain activity.

http://www.euroncap.com/rewards/ford_driver_alert.aspx [lastaccess: 22.8.2013]

3http ://www.euroncap.com/rewards/mercedes_benz_attention_assist.aspx
[last access: 22.8.2013]

4http://www.volkswagen.co.uk/technology/proximityfsensing/lanefassist
[last access: 22.8.2013]

Shttp://www.sae.org/events/gim/presentations/2012/sgambati.pdf [last access:
22.8.2013]

Shttp://www.stopsleep.de/ [last access: 22.8.2013]


http://www.euroncap.com/rewards/ford_driver_alert.aspx
http://www.euroncap.com/rewards/mercedes_benz_attention_assist.aspx
http://www.volkswagen.co.uk/technology/proximity-sensing/lane-assist
http://www.sae.org/events/gim/presentations/2012/sgambati.pdf
http://www.stopsleep.de/
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Figure 2.2: Nap alarm can be put behind the ear and it sounds when the head drops®.

This product is available at the cost of 150€, but the producer does not provide any technical
data or detection rates.

Holux company from Taiwan developed a device called driver hypo-vigilance/fatigue detec-
tor’. The device is put on your seat belt and subsequently, it determines the fatigue level by
heart rate analysis. After a limit is exceeded, an acoustic signal alerts about the incoming
microsleep.

Maybe the most wide-spread and low-cost sleepiness detectors are called personal nap
alarms or just nap alarms (Figure 2.2). The machine is put behind the driver’s ear and it
beeps when his or her head drops down. This happens due to an electronic position sensor.
Nap alarm is a clever solution, but it is very hard to estimate its detection rate and accuracy.
Alarms are sold on the internet for a few dollars®.

A yawning measurement belongs to more complicated detection methods. Yawning detec-
tion in [Hariri et al. 2011] contains face detection and tracking, mouth contour detection with
further mouth tracking and yawning detection based on changes in a mouth region. The face
is detected by an algorithm using a skin color and a location of the face features like eye-
brows, nose, eyes and mouth. This approach was tested on several videos in different light
conditions and for different yawning types. The method is able to detect yawning with 80%
detection rate.

Work presented in [Vural et al. 2007] uses a detection system, which targets on data analysis
of a spontaneous behavior of a driver. It reveals relations between facial movements and
a fatigue state or sleepiness. In addition, the system tracks head and steering movements
to evaluate the precise behavior of the driver in moments just before microsleep. Testing
was performed using camera detecting human faces during a virtual driving in a computer
game between midnight and 3am. It shows up drivers yawn even less than normal in the last
minute before microsleep.

"http://www.holux.com/hcEN/en/products/products_content.jsp?pno=413 [last
access: 22.8.2013]

8http://napzapper.com/ [last access: 22.8.2013]

http://napzapper.com/images/VV-GH-03. jpg [last access: 17.11.2013]
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2.2 Eye Based Detection Systems

Eye based detection systems are focused on driver’s eye detection and tracking. Many of
them measures a value called percentage of closure or PERCLOS. PERCLOS is the percent-
age of time when eyes were 80% to 100% closed over a one minute interval. The term was
first used in 1994 in the research [Wierwille et al. 1994] and it is considered to be a reliable
and accurate determination of the driver’s fatigue level [Dinges 1998]. Work in [Kozak et al.
2005] presented a finding that sleep deprived drivers have higher PERCLOS values, longer
reaction time and higher tendency of making mistakes. These measures were carried out
during a three-hour simulator driving test of fully rested as well as sleep deprived drivers.

Smart Eye AB company from Sweden introduced Smart Eye Pro 5.10'°. Smart Eye is a 3D
Remote Eye Tracking system that provides real-time monitoring of head position and angles,
gaze direction, eyelid openness and pupil size. This solution promises fast calibration, au-
tomatic initialization and available data output. However, it uses eight cameras set up from
different angles, what is quite costly. Similar commercial solution is called EyeAlert'!.

In work of [Smith et al. 2003], the authors presented a system for analyzing of a driver visual
attention. Their method starts with detection of facial features like lips, sides of the face
and even a yawning using color characteristics. Eyes are tracked using the combination of
three strategies. First, an image intensity of the eye region is used to locate the pupil. Sec-
ond, skin color information is used to find eyes, if necessary. Third, eyes can be tracked by
an affine tracker, which computes affine transformation using the location of the eye in pre-
vious frames. After that, the system determines the bounding box of the face to calculate the
head rotation so that eye-blink and eye closure can be determined. The method was tested
under various daylight conditions. The system does not belong to real-time algorithms.

In [Brandt et al. 2004], a visual driver surveillance system based on eye-blink detection was
introduced. Blinks are detected using an analysis of the optical flow in the eye region. The
system is also not considered as real-time.

In [Jietal. 2004], authors developed an online non-intrusive monitoring prototype for driver’s
fatigue detection. For the estimation of the fatigue level several software implementations
were used: real-time eye tracking, eyelid movement parameters computation, eye-gaze es-
timation, facial-pose determination, facial expression analysis. Eye tracker is based on the
combination of the Kalman filter and mean shift tracking. Kalman filter predicts a bright
pupil position, but the trace can be lost after sudden head movement or unwanted face rota-
tion. Therefore, it is supported with the mean shift tracker, which works with an intensity
distribution of the eye region. However, the mean shift tracker does not have a capability
to correct itself, hence the combination. System uses two cameras with an infrared illu-
minator to brighten up the driver’s face. Therefore, the prototype is based on a grayscale
image.

A similar solution was presented in [Bergasa et al. 2006]. Their prototype of a computer
vision system for driver’s vigilance monitoring achieves high detection performance in the
PERCLOS estimation. The system measures ocular parameters by fitting of two ellipses us-
ing the modification of the algebraic distance algorithm for conics approximation [Fitzgib-

Ohttp://www.smarteye.se/productseye-trackers/smart—-eye-pro-2-6-cameras

[last access: 22.8.2013]
"http://www.eyealert.com/ [last access: 22.8.2013]
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bon — Fisher 1995]. This algorithm is available in OpenCV'? library. Other tested parameters
are eye closure duration, blink frequency, nodding frequency, face position, and fixed gaze.
Monitoring was tested on ten video sequences of real driving situation mostly at night and it
achieved 93.12% correctness of PERCLOS results.

Work of [D’Orazio et al. 2007] proposed a solution for driver’s sleepiness monitoring which
does not consider skin-segmentation or frame background. It uses Hough transform and eye
validation algorithm based on neural networks to detect right eyes’ positions. The second
step of the method is the behavior analysis. During initial moments of observation, a normal-
behavior model is built to identify driver’s normal act behind the steering wheel. This model
is characterized by head movements and eye-blink data. As we can see, the solution does not
require any face detection.

Authors in [Flores et al. 2008] came up with a non-intrusive system which detects the
sleepiness of a driver using graysscale images. A face is detected using Viola — Jones al-
gorithm [Viola — Jones 2001], which creates an imaginary rectangle around a face. The face
is tracked using neural network-based tracker in conjunction with The Condensation Algo-
rithm (CA). CA was proposed in [Isard — Blake 1998] and it is a method for active contours
tracking using a stochastic approach. This tracker detects the precise position of the face
using a previous frame. Eye are detected using face anthropometric properties based on face
database and further they are tracked by CA tracker. For eye state determination, Support
Vector Machine (SVM) is used [Cortes — Vapnik 1995, Cristianini — Shawe-Taylor 2000].
SVM is avialable in LIBSVM"? library. The system estimates the sleepiness by the amount
of consecutive frames with closed eyes.

In papers [Garcia et al. 2010] and later in [Garcia et al. 2012], authors proposed a vision-
based drowsiness detector, which can detect a driver in a realistic driving simulator. This
detector is based on an infrared stereo camera (Figure 2.3). The camera is mounted behind
the steering wheel so it can track the driver’s face in frontal orientation to the camera. The
detector constantly tracks eyes and estimates the PERCLOS. For the best estimation, PER-
CLOS values were compared to results of several psychological experiments. First, face and
eyes are detected using Viola — Jones detector and detection failures are then corrected using
Kalman filter. Subsequently, the sequence of filters is used to improve the frame quality so
the PERCLOS can be estimated more accurately. PERCLOS is calculated from the ratio
between the iris height in the frame and the nominal value assigned during a ten-second cal-
ibration at the start of the tracking. This detector reaches high recall (90.68%) and low false
positive rates using their own database consisting of 25 hours of driving records. However,
the system uses an infrared stereo camera what makes it an expensive solution with high
hardware requirements.

Authors in [Lenskiy — Lee 2012] proposed another system based on measuring of eye-blink
rate and eye closure duration. This method uses skin-color segmentation for finding faces
in a frame and Circular Hough transform for iris detection [D’Orazio et al. 2004].

2.2.1 Blink waveform fatigue estimation

The work of [Suzuki et al. 2006] describes a system, which uses eye-blink information to de-
termine the level of consciousness of a driver according to the blink waveform. The system

2http://opencv.org/ [last access: 6.9.2013]
Bhttp://www.csie.ntu.edu.tw/~cjlin/libsvm// [last access: 7.9.2013]
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Figure 2.3: Garcia’s detector consist of infrared stereo camera mounted behind the steeering
wheel [Garcia et al. 2012].

uses an infrared pulsed light projection and a camera mounted in the inner rear mirror to cap-
ture the driver in various light conditions. Face and eyes are detected using three-layered
neural network with four-direction edge characteristic detection method. The authors as-
sume that neural network learning was performed on sample images with more than 80%
visibility of an upper lip and both eyes. The learning process was performed more than
60000 times.

Subsequently, eyelids are detected as follows (Figure 2.4): First, an image is divided into
several vertical sections. For each section, candidates for upper and lower eyelids are de-
fined as the maximal and minimal differential values of the gray level distribution. These
candidates are grouped in five sections, two of them are chosen to represent the upper and
lower eyelid. All five sections are then used to calculate the eye gap — an average of distances
between eyelid candidates. In fact, the eye gap is the degree of eye openness. This method
is considered as robust, but authors admit that detection results can be affected by the varied
shape of a human eye.

Using the eye gap, we can estimate the eye openness over time, i.e a blink waveform. Mea-
sures in this paper show that the eye gap decreases rapidly when the eye-blink starts. After
the eye reaches the minimal value (eye is considered as closed), the eye gap starts to increase
gradually. However, blink duration and blinking frequency also vary for different drivers.
Therefore, the system can not use a method of the default threshold limit to classify eye-
blinks. To determine the right start and end point of blinking, a zero-crossing of the blinking
waveform is used (Figure 2.5). The method uses second order derivative of the waveform
to assign zero-cross points.

Authors present a new and more robust method for the estimation of the consciousness level
— 3-factor method. The presumption of the driver’s drowsiness starts with the calculation of
these three ratios or factors, which are retrieved from the blink waveform:

* Long blink ratio — ratio of eye-blinks longer than a threshold to the total blink count.
* Closure rate — ratio of the total time when eyes were closed to the total time measured.
* Blink rate — number of eye-blinks per one minute.

Each of these three factors has its own correlation with the fatigue level of the driver. Thus,
authors decided to estimate Y — the weighted sum of these factors (Equation 2.1), which
indicates a strong relation to the consciousness of the driver. Value Y is calculated through
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Figure 2.4: Eyelid extraction using the maximal and minimal values of the gray level distri-
bution and sections grouping [Suzuki et al. 2006].
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Figure 2.5: Zero-crossing of the blinking waveform with second order derivative of this
waveform. We can see desired start and end points of the blink [Suzuki et al. 2006].
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Table 2.1: Distribution of consciousness states according to Z; and Z, values with observed
impressions [Suzuki et al. 2006].

State Range Facial impressions Other impressions
fast and constant blinks right posture
Normal 7y <0 quick eye movement no actions other
wide opened eyes than driving

yawn
frequent mumbling

frequent posture change

Very Sleepy | 71 >0, Z; >0 long blinks shaking and bowing head

slow blinks

>
Sleepy 2120, Z3<0 narrow blinks

the multiple regression analysis, for each individual extra.
Y=w - -L+wy -C+ws-B 2.1

where wi, wy and ws are unique weights of each individual, L is the Long blink ratio, C' is
Closure rate and B is Blink rate.

However, the human body and its physiology can change with time so Y can reflect some
inaccuracies and also can contain a noise. Thus, the authors use weighted moving average
7 (Equation 2.2) of some consecutive Y values. Tests of Z values prove that it is a more
accurate parameter for determination of the fatigue level.

Z:Zak-Yi_k+b (2.2)
k=0

Y;_x value represents Y at time ¢ — k. Z as the result can be considered to be a status of the
driver.

Weights estimation was calculated using discriminant analysis proposed by the authors.
Moreover, this method distinguishes two variables Z; and Z, (Equation 2.3), that divides
consciousness into three states (Table 2.1).

Zy =Y ap-Yip+b

0 (2.3)

Zy= 3 ¢ Yip+d
k=0

The authors further analyzed the system for n = 1,2 and 4. The best results were achieved
for n = 4, when the highest correlation between presumed value and the state of drivers was
reached. The method was experimentally verified on fifteen subjects and results were com-
pared to a visual observation of the consciousness level. However, authors did not present
any data related to the computational time or the effectiveness of the solution.

2.2.2 Horizontal symmetry calculation

The automatic drowsy driver monitoring and accident prevention system presented in [Danis-
man et al. 2010] uses the pupil analysis based on Horizontal Symmetry Calculation (HSC).
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Figure 2.6: Horizontal Symmetry Calculation to determine the eye state. The method uses
the difference image of the upper and lower eyelid half in the eye image [Danisman et al.
2010].

The system receives input color frames from a video camera and continuously measures the
eye-blink duration of a driver. Detection starts with a face detection using Viola — Jones
algorithm. Subsequently, the neural network-based detector is used for the precise eye pupil
position estimation. This algorithm is available in STASM'* library — C++ software library
for finding face features in faces. STASM is presented as a variation of Active Shape Model
mentioned in the work of [Cootes et al. 1995]. After pupil detection, the head rotation angle
is calculated using the vertical position of both pupils. If eye detection in the next frame
fails, the angle helps to determine the right face and eye position.

Consequently, pupils are analyzed using HSC to determine whether the eyes are Open or
Closed. First, normalization (often called contrast stretching) is performed to improve the
image quality. Then pupil region is divided in two halves using the axial symmetry around
the line crossing centers of both pupils (Figure 2.6). Created halves represents the upper and
lower eyelid regions. These halves are fold over. If the eye is open, then the folded fragment
preserves its circular shape symmetry, unlike the closed eye. Therefore, difference between
upper half and lower half is estimated (Equation 2.4), where Iy is the horizontal symmetry
of the eye, I’ is the normalized image, V' F' (Up (I')) is the vertically flipped upper half of
the image and Low (I’) is the lower half of the image.

Iy = VF (Up(I')) — Low (I') (2.4)

After that, the cumulative sum I, of the difference image /4 for the whole image is

Yhttp://www.milbo.users.sonic.net/stasm/ [last access: 28.8.2013]
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calculated (Equation 2.5).

width,height o
]sum - Z ]dif (27]) (25)

i=0,i=j

The eye state I, 1s determined according to the threshold limit 7" and the I, value
(Equation 2.6).

- Open Loy < T
Lstate = { Closed Loy >T } (2.6)

If the I, reaches higher values, a brighter output image of the eyes is created, what results
in the Closed eye state. Authors selected default threshold limit 7" = 12000, what achieves
the lowest false positives according to their own experiments.

Authors defined three drowsiness states according to [Caffier et al. 2005] based on the blink
duration (BD) as follows:

¢ Awake with BD < 400 ms,
* Drowsy with BD > 400 ms and BD < 800 ms,
* Sleeping with BD > 800 ms.

This means that a car going 90 km/h passes only 20 meters until an alarm signal is given
to the driver in the Sleeping state. The mentioned algorithm was tested on ZJU'" database
and it achieved 94.8% accuracy for eye-blink detection.

2.2.3 Pixel difference blink estimation

Work presented in [Kurylyak et al. 2012] solves the problem of another non-intrusive vision
based system which detects eye-blink to determine the fatigue level of a driver. The specialty
of this approach is that it does not detect face, but it starts right away with eye detection using
Viola — Jones algorithm. To speed up the eye-tracking algorithm, the authors assume that
person does not move significantly away from the camera during the tracking. Therefore,
eyes are repeatedly detected only if an important movement within the eye region is noticed.
Otherwise, the eye region from the previous frame is used. Even if a small movement is
detected, new eye regions are considered from the enlarged area from the previous frame.
Thus, the system avoids processing of a whole frame to increase the performance. Eye
blink determination starts, when the difference between the current and previous frame is
estimated for the each eye (Figure 2.7). If the number of different pixels is higher than
a default threshold, the current frame is considered to be the frame when blink appeared.
Boolean value F'(t) (Equation 2.7) determines, whether the blink was found or not. If the
F(t) = 1, the blink appeared.

( > mask(t) ~T and >~ mask;(t) = lT) or
1

CARD(mask,(t)) CARD(mask;(t)) 2
F(t)= ’ > masky (t) 1 > mask(t) 2.7
*) <CARD(maskr(t)) >5T and  GxRSmash@) > T) 27
0, otherwise

Bhttp://www.cs.zju.edu.cn/~gpan/database/db_blink.html [last access: 27.8.2013]
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(a) (b) (©
Figure 2.7: Difference between first frame with open eyes (a) and second frame with closed

eye (b) forms the difference image (c). Red rectangle are the eye region and green rectangles
represents detected eyes [Kurylyak et al. 2012].

.-

(a) (b) © (d)

Figure 2.8: Grayscale image of an open eye (a) is converted to a binary image (b). Grayscale
image of a closed eye (c) is converted to a binary image (d). Degree of eye openness can be
determined from the binary images [Kurylyak et al. 2012].

Values mask, (t) and mask, (t) are the difference masks between the current and the previ-
ous frame of the right and the left eye, C ARD is the cardinality of the input mask, 7" is the
default threshold. 7" is estimated as a minimal number of pixels, which must differ in a frame
to classify blink. In this paper, the predefined threshold value 7' is determined experimen-
tally as 0.15. As we can see, the number of different pixels of one eye is compared to the half
of the threshold (%T) in any case. This approach considers two things: First, a non-uniform
change of the illumination for each eye in consecutive frames is not rejected. Second, a vol-
untary blink is excluded from further analysis, when one eye is open but another is closed
(eyes do not blink simultaneously).

The analysis of the frame difference indicates a change that happened. However, it does
not say anything about the direction of the change, whether the eye was opening or clos-
ing. To determine the movement direction, the system uses analysis of consecutive frames
with vertical and horizontal projections. Vertical (horizontal) projection is the sum of pixels
in each row (column) of an image. First, the difference image is converted to a grayscale
and the Otsu’s algorithm [Otsu 1979] is used to threshold the image to a binary image. Then
vertical projection with its maximal value is used to determine a degree of eye openness
(Figure 2.8).

Authors presented that data should be further analyzed to avoid detecting a voluntary blink.
Thus, corrections are performed:

* detection of eye closure longer than one second could not mean a spontaneous closure,
therefore an alarm is given,

* detection of two consecutive blinks with short repeat period is considered as one blink,

* detection of more than two following eye blinks is considered as voluntary, so they are
eliminated from the further analysis.

Subsequently, the fatigue level can be determined according to involuntary eye-blink infor-
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Figure 2.9: Workflow diagram of proposed application.

mation, e.g. ratio between the closed eyes and open eyes in a particular period of time can
be measured. The detector can detect the driver successfully from the one meter distance
and the horizontal head rotation up to 30 degrees. Even though the system was not tested
in real driving situations, it can be certainly used in vehicles. It was tested with five subjects
in a daytime and even at night. It achieved an average accuracy of 94.48% for the test set of
5 videos of people captured in daytime and nighttime conditions.

2.3 Summary

Currently, there are many microsleep and fatigue detection systems. Some of them are non-
eye based — they are focused on detection through monitoring of driver’s and car behavior.
Usually, they are already available in vehicles — Driver Alert Control (DAC) by Volvo, Atten-
tion Assist by Mercedes-Benz or Lane Assist by Volkswagen.

Other systems are focused on monitoring of human biological features connected to incom-
ing microsleep. Commercially available are Stopsleep or Holux’s hypo-vigilance/fatigue de-
tector. Systems specialized on facial features tracking were presented in [Vural et al. 2007,
Hariri et al. 2011].

The most important type of detection in this field is eye-based. Eye-based detection systems
detect fatigue and microsleep using eye or pupil tracking with following eye-blink frequency
measuring or PERCLOS estimation. Many of them use infrared cameras or light projections
and work with a grayscale image — [Ji et al. 2004, Bergasa et al. 2006, Suzuki et al. 2006,
Garcia et al. 2010, Kurylyak et al. 2012], other use skin-color segmentation or different
detection methods and they work with a colored image — [Smith et al. 2003, D’Orazio et al.
2007, Danisman et al. 2010, Lenskiy — Lee 2012].

During the analysis of this field we did not find any microsleep detection system, which
would use a smartphone. Therefore, we want to propose a simple and available eye based
detection system, which would use a smartphone with its front camera and real-time al-
gorithms based on a grayscale image. We decided to focus on an eye-blink detection and
analysis, which would lead to an effective and reliable microsleep detection.

By analyzing the afore mentioned methods it was derived that fatigue or microsleep detection
can be decomposed into the workflow depicted in Fig 2.9. All parts of the fatigue detection
are essential. To use fast and accurate methods, it is necessary to analyze particular steps
individually. Thus, in the Chapter 3, different approaches of face and eye detection and
tracking algorithm are considered and Chapter 4 provides eye-blink detection algorithms.
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Chapter 3

Face and Eye Detection and Tracking

Eye based microsleep detection requires constant monitoring of human face and eyes. There-
fore, it is important to use real-time algorithms. Successful eye-blink detection is preceded
by face and eye detection and eye tracking. In this chapter we analyze the chosen algorithms,
which offer such solutions.

3.1 Viola - Jones Face Detection

Viola — Jones object detection framework [Viola — Jones 2001; 2004] is one of the most
popular breakthroughs in object detection. It uses a cascade of boosted simple classifiers
working with Haar-like features [Papageorgiou et al. 1998]. The method is suitable for a fast
detection of pre-learned objects, but it is mostly used for face detection. The algorithm pre-
sented by Viola and Jones is implemented in OpenCV'! library. It can be also used to detect
parts of a face, e.g. eyes.

The proposed algorithm uses a sliding-window approach, which is moving over the image.
For each sub-window a Haar-like (Figure 3.1) feature is computed. After that, the current
feature i1s compared to the set of learned features in the cascade structure to reject or accept
the object.

The authors came up with fast and accurate detection algorithm. They mentioned three
improvements, which noticeably speed up the detection algorithm:

* Integral Image — increases the speed of feature computing.
* Learning method based on AdaBoost — speeds up re-sorting of the classifier set.
* Cascade structure — greatly increases speed of feature classifying.

The proposed algorithm is feature-based, because it considers features instead of pixels
to achieve better performance. It uses Haar-like features (Figure 3.1a): two-rectangles, three-
rectangles and four-rectangles. These features represent the difference between the sum of
pixels of specific inner rectangles. In work of [Lienhart — Maydt 2002], the authors proposed
anovel set of Haar-like features to use in Viola — Jones algorithm. New rectangles are rotated
by 45 degrees (Figure 3.1b). This improvement decreases average false alarm rate by 10%.

"http://docs.opencv.org/modules/objdetect/doc/cascade_classification.
html [last access: 25.8.2013]
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(a) Examples of original rectangles (b) A novel set presented by Lienhart and
proposed by Viola and Jones Maydt, which contains rotated rectangles
[Viola — Jones 2001]. [Lienhart — Maydt 2002].

Figure 3.1: Haar-like features.

For the rectangles calculation the integral image is used, which results in significant speed
improvement. The integral image at positions z,y contains the sum of the pixels located
left and above of the x, y, inclusive (Equation 3.1), where ii (z, y) is the integral image and
i (x,y) is the original image.

ii(z,y)= Y i) 3.1)

' <z,y'<y

The integral image can be calculated using only a few operations at the current region. Once
it is estimated, all Haar-like features can be computed in constant time. Moreover, using the
recurrent equations, the integral image can be calculated only in one pass over the original
image.

The paper further proposes a learning method based on feature selection and classifier train-
ing using AdaBoost. AdaBoost or Adaptive Boosting was first introduced by Freund and
Schapire in [Freund — Schapire 1997]. The method uses sub-window 24 x 24 pixels. Each
sub-window contains many rectangles, which slow the whole process. Many of them can be
excluded from further analysis. Thus, AdaBoost is an effective method that selects only crit-
ical and important features from a rectangle. It is based on modification of weak classifiers
into one strong classifier.

One of the major speed improvements of Viola — Jones algorithm is Cascade classifier.
A cascade rejects lots of negative sub-windows. Vast majority of sub-windows are unimpor-
tant, because they represent non-objects, e.g. the background. Cascade uses set of simple
classifiers to sort sub-windows in the first step. After that, series of more complex classifiers
can be used to analyze their perspective sub-windows. Single stages of the cascade are made
of classifiers using AdaBoost. In work, a complete cascade has 38 stages with more than
6000 features. In average, just 10 stages where used in the test on 507 faces (75 million sub-
windows). System was compared to the Rowley’s implementation of neural network-based
face detector [Rowley et al. 1996] and it achieved 15 times faster detection.

Many approaches have been presented to detect face and eyes using AdaBoost algorithm
since Viola and Jones. Eye detection improved by 2D cascaded AdaBoost classifier frame-
work based on the work in [Niu et al. 2006]. Other face and eye detection using learning
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Figure 3.2: The block diagram representing the framework architecture [Kalal et al. 2012].

method to extract features based on recursive nonparametric discriminant analysis was pro-
posed in [Wang — Ji 2007]. Work in [Choi et al. 2011] mentioned face and eye detection us-
ing AdaBoost training with Modified Census Transform (MCT) [Froba — Ernst 2004] based

features.

3.2 TLD Object Tracking

A novel tracking framework TLD — Tracking-Learning-Detection was proposed in [Kalal
et al. 2009] and later with improvements in [Kalal et al. 2012]. The framework includes
three parts (Figure 3.2):

* tracking — frame-to-frame tracker tracks an object while it is visible.

* detection — object detector tries to localize an object so the tracker could be reinitial-
ized, if needed.

* learning — P-N learning part estimates detection errors and it tries to update the detec-
tor so that it will not make same mistakes in the future.

The authors proposed Face-TLD [Kalal et al. 2010b], what is a human face tracker in an un-
constrained video based on TLD.

3.2.1 Detection

Detector scans the current frame using the sliding-window and it decides whether the object
occurs in the frame — it is a binary classifier. Considering all possible object scales, there
are many possible patches to be scanned. Therefore, patches need to be classified fast. The
system uses three stages which rejects or accepts patches containing three stages:

* patch variance — this stage rejects about 50% of patches using gray-value variance
filter.

* ensemble classifier — in this stage patches pass through a pixel comparison.
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* nearest neighbor (NN) — remaining patches are classified using the NN classifier.

Detector uses an Object model — a data structure representing an object, which contains a col-
lection of positive and negative patches M = {p{, p3, dots, p;,, py . p , dots, p, }, where p;
is the first positive patch and p; is the first negative patch. Detector further uses a model
to measure the similarity of the current patch and surrounding patches in the model.

3.2.2 Tracking

The tracker is based on a Median-Flow tracker [Kalal et al. 2010c] proposed by the same
authors. It is frame-to-frame object tracker, which provides tracking object movement until
it is visible. Naturally, failure probability of the tracker is quite high.

The tracker determines number of points that are shifted from the bounding box according
to the previous frame. The bounding box is an imaginary rectangle which surrounds the
desired object. The authors use the Lucas — Kanade tracker [Tomasi — Kanade 1991] and its
pyramidal implementation [Bouguet 2000]. The Median-Flow tracker fails when the object
moves out of the frame or when fast movement occurs. To determine the trace loss, median
displacement is used. The tracker is considered to be failed if median |d; — d,,| > 10 pixels,
where d; is the displacement of the single point and d,,, is the median displacement. Such
a displacement causes that the bounding box does not appear. Therefore, it is necessary
to find the object as soon as it reveals itself again. TLD uses Integrator which merges De-
tector and Tracker and it combines their bounding boxes. The result of this conjunction is
an output bounding box. The authors realized that this method can achieve real-time and
long-term tracking.

3.2.3 Learning

The main contribution of the work in [Kalal et al. 2012] is the improvement of the learning
part of TLD. P-N learning is used to monitor and evaluate the detector, identify its errors and
correct the detector to the avoid same errors in the future. Learning uses P-experts and N-
experts. P-experts identify the false negatives and N-experts identify the false positives. The
experts contribution is that they extend the training set with positive and negative training
examples. Training set is used to train the classifier (Figure 3.3). The task of P-experts is
to generalize the detector and obtain new possible object variations. This expert exploits
the fact that objects move along a trajectory. It tries to find reliable parts of the trajectory
which results in new positive samples. N-expert’s task is to obtain examples of background
or obstacles or other negative elements. The main idea is that the tracked object occupies
only one place in the frame so many negative elements can be discarded very quickly. The
P-N learning is widely analyzed in [Kalal et al. 2010a].

TLD has open implementations available?**. Therefore, it can be freely used to track the
driver — his or her face or eyes.

http://gnebehay.github.io/OpenTLD/ [last access: 28.8.2013]
Shttps://github.com/zk00006/0penTLD [last access: 28.8.2013]
“http://libcev.org/doc/doc-t1d/ [last access: 28.8.2013]

22


http://gnebehay.github.io/OpenTLD/
https://github.com/zk00006/OpenTLD
http://libccv.org/doc/doc-tld/

Chapter 3. Face and Eye Detection and Tracking Tom4as Drutarovsky

unlabeled data
Classifier
classifier
labeled data o parameters
Training Training >
Set
labels
[-] examples
P-N
[+] examples experts

Figure 3.3: The block diagram of the P-N learning process. Training process starts with
inserting the labeled data to the training set. This set then trains the classifier using the
supervised learning. The classifier classifies the unlabeled set that is then evaluated by P-N
experts. Experts revise the set and add examples to the training set [Kalal et al. 2012].

Figure 3.4: The face with correctly detected and highlighted facial landmarks [Milborrow
2007].

3.3 Active Shape Model Face Detection

One of the face detection methods is Active Shape Model (ASM) proposed in [Cootes et al.
1995]. ASM is used to localize facial features of a human face. This approach is imple-
mented in C++ STASM? library, which provides an improved variation of ASM presented
in [Milborrow 2007, Milborrow — Nicolls 2008].

ASM is first trained on a set with manually labeled facial landmarks marked before training.
A landmark is a distinguishable face feature, e.g. right pupil (Figure 3.4). The two main
ideas of landmarks finding are:

* Attempt to identify every facial landmark independently from other landmarks.
 Correct the position of founded landmarks based on some predefined relations.

According to these two points, ASM consists of two sub-models: shape model and profile
model.

Shttp://www.milbo.users.sonic.net/stasm/ [last access: 28.8.2013]
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Figure 3.5: Image pyramid — each image is a quarter from previous one [Milborrow 2007].

The profile model characterizes neighborhood of each landmark — it works locally. It is used
to determine how the area around a landmark should look like. During the training this area is
processed and the model is created. After that, when the detector tries to estimate a landmark
position, an actual landmark neighborhood is compared to the profile model. The result is
that landmark point is set to the most fitting position. This new position is also called the
suggested shape.

The shape model tries to correct the global shape of the landmarks — it works globally. Since
the profile model can be inaccurate, it can disorder points globally. The shape model’s task is
to organize landmarks naturally so the result is the lifelike face. This model consider shape
distortions and it generates a shape & using an average shape from the training (Equation 3.2),

=2+ ®b (3.2)

where 7 is the mean shape, @ is a matrix of selected eigenvectors and b is a parameter vector.

Searching in ASM is provided by image pyramids. Image pyramid is down-scaled version of
the previous image (Figure 3.5). The detector searches in each pyramid level starting from
the smallest image. Then it continues to upper images with best face shape from the previous
level. Each level uses the same shape model, but the profile model is special. ASM was used
in [Yang et al. 2012] where the authors presented an eye tracker based on a conjunction of
ASM and KLT tracker based on [Shi — Tomasi 1994]. Further, the tracker is used to track eye-
lids and then to determine the fatigue level. Facial landmarks extraction was also presented
in [UTicar et al. 2013] where the authors use Deformable Part Models to form a face shape
and Structured Output SVM [Tsochantaridis et al. 2005] for learning features parameters of
the detection. This solution provides an open source library called Flandmark®.

ASM based detector is a good choice for global face detection and for facial feature estima-
tion. However, we want to focus on eye region or eye pupil detection. Thus, detection of
other features could decrease the performance of the detector.

3.4 Pupil Localization

In work [Ciesla — Koziol 2012], the authors compared three approaches used for pupil lo-
calization. All algorithms were implemented and tested using static images and also web-
camera images. Algorithms are considered to be real-time.

Shttp://cmp.felk.cvut.cz/~uricamic/flandmark/ [last access: 29.8.2013]
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Figure 3.6: Original input image (a) is binarized using CDF (b). Afterwards, it is filtered
using erosion (c). The pupil center location can be then estimated (d) [Asadifard — Shan-
bezadeh 2010].

3.4.1 Cumulative Distribution Function

The first approach called Cumulative Distribution Function (CDF) was proposed in [Asadi-
fard — Shanbezadeh 2010]. The method tries to localize the center of a pupil using CDF, but
it demands the frontal position of a human face.

After the face is detected using Viola — Jones algorithm, the method divides the face region
into two vertical halves — top and bottom. The top half is then divided into left and right
horizontal halves. Each half is considered to be a region of interest (ROI) and it contains one
eye (Figure 3.6a). Working with ROI speeds up the computation. ROI is filtered using CDF
(Equation 3.3), where P(w) is a probability of existence of the pixel with intensity w.

CDF (r) = > P (w) (3.3)

The filter changes each pixel intensity [ (z,y) according to the threshold 0.05, which was
found experimentally (Equation 3.4).

., {9255, CDF(l(z,y)) < 0.05
Fiwy) = { 0, otherwise (3.4

The result is a binarized filtered image (Figure 3.6b). Afterwards, an erosion morphological
operation is applied to eliminate singular white pixels (Figure 3.6¢). The pupil center is then
estimated by comparison with the original image (Figure 3.6d).

3.4.2 Projection Functions

Another approach was presented in [Zhou — Geng 2004]. The authors use vertical and hori-
zontal projection functions of the pixel intensities to determine the pupil location within the
eye region.

The input image of the eye region can be divided into several subsections, which are bordered
accroding to the significant change in vertical or horizontal projection intensity (Figure 3.7).
As we can see in the horizontal projection direction, there are four rapid intensity changes. x;
and z, represent corners of eyelids — these are not so important for further analysis. However,
x3 and x4 are important because these points border the iris in a horizontal way. Same
changes can be watched in the vertical projection direction. The iris is vertically bordered
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Figure 3.7: Relation of projection functions to the pupil location. Axis x represents horizon-
tal projection with five significant points. Point z is the center of the pupil in the horizontal
direction. Axis y means vertical projection and ¥, is the center of the pupil in the vertical
direction [Zhou — Geng 2004].

Figure 3.8: Usage of image projection function to locate eyelid corners in the horizontal
direction (x1, x2) and in the vertical direction (y;, y»). Darker curve represents a projection
function and brighter curve means the first derivative of the projection function [Zhou — Geng
2004].

by y; and y,. Therefore, the center of the pupil (z¢,yo) can be computed geometrically
(Equation 3.5).

T3+ T4 _ Y1+ Y2
D) ) Yo 2

Ty = (3.5)
The solution depends on usage of the most effective projection function (Figure 3.8). In this
paper authors chose General Projection Function (GPF), which combines Integral Projec-
tion Function (IPF) and Variance Projection Function (VPF). GPF combination is presented
in Equation 3.6, where GPF}, (y) is horizontal GPF and GPF, () is vertical GPF of I(x, y)
intensity of a pixel at the location (X, y).

GPF}, (y) = (1 — o) IPF} (y) + aVPF, (y)

GPF, (z) = (1 — a) IPF,’ (z) + aVPF, (z) (3.6)

Contribution of both projection functions IPF and VPF is controlled with a parameter o,
where 0 < o < 1. The best result was achieved for a = 0.6. Projection functions are quite
popular. An eye detection system based on color characteristics and a projection function
was proposed in [Kumar et al. 2002].
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Figure 3.9: Input eye image (a) and eye edges detected using Canny algorithm (b) [Asteriadis
et al. 2006].

3.4.3 Edges Analysis

Edges analysis method was proposed in [Asteriadis et al. 2006]. An input image is filtered
using Gaussian blur filter and then it is processed by edge detection algorithm developed by
Canny [Canny 1986]. The output is a binary image (Figure 3.9). Afterwards, vertical and
horizontal lines sharing the highest number of points with edges are considered. However,
this method is not as accurate as the previous methods.

3.5 Summary

We described successful the Viola — Jones algorithm, which uses a cascade of classifiers
based on Haar-like features. Then we looked at the problem of real-time and long-term
tracking provided by TLD tracker and facial landmarks recognition problem solved by Active
Shape Model. Other solutions of pupil localization were proposed using CDF algorithm,
Projection functions and Edge analysis. Real-time eye tracking offers us good conditions
to use effective eye-blink detection algorithm to estimate eye-blink information. The chosen
algorithms of this problem are discussed further in Chapter 4.
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Chapter 4

Eye-blink detection

When it comes to microsleep detection, eye-blink detection is essential. Eye-blink and eye
closure information have a strong relation to fatigue and microsleep detection [Dinges et al.
1998]. It is known that blink frequency [Stern et al. 1994] and blink duration [Hékkénen et al.
1998, Schleicher et al. 2008] can be very good signs of incoming microsleep. In this chapter
we analyze some of the most used methods and algorithms, which recognize eye-blink.

4.1 Correlation Score

In the paper [Grauman et al. 2001] authors present a real-time vision based system, which
automatically detects eye-blink and measures the duration of eye-blink to control a computer.
The system is proposed to help disabled people. The idea is to control mouse clicks with long
voluntary blinks and to distinguish them from involuntary blinks.

Eyes are detected using the correlation coefficient over time. The system does not need
any manual initialization, because it can be initialized all by itself using initial blinks. This
paper offers the real-time and non-intrusive system, which does not require face detection or
an additional light source. It can work continuously at 30 frames per second.

During first moments of working, an eye location is automatically obtained from the motion
analysis of the blink i.e. blinklike motion. First, a bi-directional image [D], ; (Equation 4.1)
is created, which expresses the difference of brightness for all pixels (i, j) of two consecutive
frames.

4.1)

[D];; = ’<[E]u - [Ft—l]m‘)

F} is a current frame and F;_; is a previous frame. Subsequently, thresholding method forms
a binary image, which indicates regions of motion, e.g. blink. The image is further processed
through the erosion, which removes all captured redundant motions (Figure 4.1). Several
filters are then used to remove pairs of non-blink representatives. Weighted Mahalanobis
distance further eliminates all other non-blink motion pairs. In this part also an open eye
template is acquired.

After a successful eye localization, the system learns how an open eye appears so it can
be used in the next phase of blink detection, when the eye closure is estimated. Tracking
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Figure 4.1: Left picture is the original binary image representing a motion change in two
consecutive frames. Right picture is a binary image processed through the erosion to remove
redundant motion pixels [Grauman et al. 2001].

is performed using a simple algorithm based on normalized correlation coefficient R(x,y)
(Equation 4.2).

R(z,y) ZZ’=0 > =0 To (@, y) Lo (x + 2",y +y)
T,Y) =
\/ZZ’=O Z;U':o To (o, y,)z ZZEO Z?:o Io(x + ',y + y/)2

To(2y) =T y) =T, Iz +a"y+y)=1(z+2",y +y) —I(2,y), T (2',y) and
I («',y') are the brightness of the pixels (x, y) in the template and source image, respectively.
T is the average of pixels in the template raster and I (x,y) is the average of pixels in the
current searching window. R(zx,y) is a value between -1 and 1 and it measures similarity
between the open eye template and a small region around the eyes from the previous frame.
This value is verified 30 times per second so it is essential to critically evaluate whether the
trace is lost. A default threshold F' = (.55 is set according to tests. If the correlation value
R(z,y) falls under the threshold F', the system starts the process of reinitialization.

4.2)

When the eye is being closed, it stops to resemble the open eye template, what can be very
useful during tracking. The system follows correlation scores obtained from the tracker.
According to the changing correlation of the open eye and its open eye template, an eye-blink
waveform can be established. Experiments were also carried out on the correlation of the
closed eye and its closed eye template to compare and confirm wavelet results (Figure 4.2).
However, the closed eye template is not used in the system. Subsequently, the correlation
score is binarized to achieve the partition of the wavelet in two states: Open and Closed. This
happens according to the threshold O = 0.85, which was set experimentally. O represents
the minimal correlation score needed to classify an eye as open. Using thresholds O and F/,
each frame can have even three final states: Open, Closed, Unfound. The blink duration can
be further used to determine the way of user’s interaction with a computer.

The system works with a grayscale image of 320 x 240 dimension. It was tested on 15 sub-
jects, all were distant 60-120 centimeters from the camera. The subjects were told to blink
naturally and frequently, they could move slightly. After manual re-count, 98% of eye-blinks
were successfully detected, only few false negatives. Therefore, total detection rate of 95.6%
was estimated. The same authors later proposed an extension of this system, which uses also
eyebrow detection to control a computer [Grauman et al. 2003]. Robust reimplementation of
the mentioned system was provided in [Chau — Betke 2005], where the authors improved the
algorithms to achieve better results using common web-camera instead of a CCD camera.
The system works with a grayscale image of 320 x 240 dimension. It was tested on 15 sub-
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Long-Short-Short Blink Pattern:
Correlation Scores for Open Eye vs. Closed Eye
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Figure 4.2: Correlation scores over time determine the openness of the eye. Binarized scores
are reached according to the threshold O = (.85, what is minimal value to declare an eye as
open. Blink duration can be clearly calculated from gaps between the binarized correlation
scores. [Grauman et al. 2001].

31



Chapter 4. Eye-blink detection Tomas Drutarovsky

Figure 4.3: The picture (a) shows successful detection of face and eyes using AdaBoost
detector. In picture (b) we can see absence of detection due to face rotation [Lee et al. 2010].

jects, all were distant 60-120 centimeters from the camera. The subjects were told to blink
naturally and frequently, they could move slightly. After manual re-count, 98% of eye-blinks
were successfully detected, only few false negatives. Therefore, total detection rate of 95.6%
was estimated. The same authors later proposed an extension of this system, which uses also
eyebrow detection to control a computer [Grauman et al. 2003]. Robust reimplementation of
mentioned system was provided in [Chau — Betke 2005], where the authors improve algo-
rithms to achieve better results using common web-camera instead of CCD camera.

A similar approach was presented in [Krolak — Strumitto 2012]. The method also uses Viola
— Jones face detector to detect face and correlation scores to determine eye-blinks. However,
eyes are detected using geometrical dependencies of the face. The authors use the fact that
eyes are 0.4 of the imaginary line from the top of the head.

4.2 Eye Region Pixel Amount

Work in [Lee et al. 2010] presents an approach, which measures eye-blink using eye region
characteristics. The method consists of three components: usage of AdaBoost face and
eye detector in conjunction with KL T-based detection method, eye closure estimation based
on two features and finally, eye state determination using the SVM classifier. However, the
biggest contribution of this work is the method, which can detect eye-blink even at different
face positions and rotations.

The method starts with capturing of an RGB image from a camera. After that, a face and eyes
are detected using AdaBoost algorithm proposed in [Lienhart — Maydt 2002]. Nevertheless,
this method is not so confident when face is rotated or turned (Figure 4.3). Therefore, KLT
feature tracker [Bouguet 2000, Tomasi — Kanade 1991] is used to compensate the failure
of AdaBoost. KLT tracker works using the correlation computing between its features by
measuring mean square error.

After the image is captured, its quality needs to be enhanced. Few filters were tested in this
work, but authors decided to use an illumination normalization method. First, the original
image of an eye region (Figure 4.4a) is used to obtain an illumination component using the
31 x 31 median filter (Figure 4.4b). The size of the median filter is set according to experi-
ments in the eye detection field. Subsequently, the image is inverted (Figure 4.4c) and then
the illumination-compensated RGB image is acquired (Figure 4.4d). The picture is binarized
(Figure 4.4e) according to the automatically determined threshold.
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Figure 4.4: Image processing — original image (a) is filtered using median filter (b) and then
it is inverted (c). Illumination-compensated RGB image (d) is the binarized (e) [Lee et al.
2010].
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Figure 4.5: Arrow signifies the highest intensity projection value [Lee et al. 2010].

The work presents two measured features F'1 and F'2. F'l is the cumulative difference of
black pixels in the eye region estimated from the binary image (Figure 4.4d) in successive
frames. The authors assume that number of black pixels in a closed eye image is higher
than in an open eye image. Although, there is a problem with estimation when the tracking
subject is moving closer to the camera and back, because it causes eye enlargement and pixel
increase. To avoid this problem, the method uses the cumulative difference counting with
an adaptive threshold. This threshold changes due to the accumulated difference over time.

The second feature F'2 represents a ratio of an eye height to an eye width. To calculate F2,
a binarized eye region is processed through erosion and dilation filters. Then using a maximal
vertical projection of black pixels, we can exactly estimate whether the eye is open or closed.
An open eye has greater value of this ratio, because it has higher maximal projection value
(arrow in Figure 4.5).

For the correct eye openness estimation, the authors use the features F'1 and F'2 as input val-
ues to SVM classifier [Cortes — Vapnik 1995]. SVM or Support Vector Machine is a method,
which can classify and recognize patterns according to its input. In this paper three SVM
classifiers are used for three different rotation angles to determine the eye state of the subject.

This approach was tested on three datasets: ZJU!, Talking Face Video? and own dataset
consisting of 5 videos with 1500 frames and 83 blinks on 640 x 480 frame resolution at 15
fps. The method achieved precision of 95.14% at eye detection in rotated faces and 94.1%
at eye-blink detection in datasets.

"nttp://www.cs.zju.edu.cn/~gpan/database/db_blink.html [last access: 27.8.2013]
http://www-prima.inrialpes.fr/FGnet/data/01-TalkingFace/talking_face.
html [last access: 28.8.2013]
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Figure 4.6: Eye-blink detection workflow diagram [Divjak — Bischof 2009].

4.3 Optical Flow Based Detection

The prototype of computer vision system based on optical flow measurement was presented
in [Divjak — Bischof 2009]. The system measures eye-blink features to prevent computer
users from Computer Vision Syndrome (CVS) [Yan et al. 2008]. The subject is monitored
with a conventional web-camera. The prototype uses AdaBoost detector [Lienhart — Maydt
2002] to detect face and eyes. If the face is not frontal directed, then Lucas-Kanade algo-
rithm [Tomasi — Kanade 1991, Bouguet 2000] is used to reconstruct the face region. Blink
detector is based on the work presented in [Heishman — Duric 2007] with certain improve-
ments. For the blink estimation, the authors proposed the following steps also depicted
in Figure 4.6:

» computing of the optical flow of face region proposed in [Zach et al. 2007],

* compensation for face movement removal,

optical flow normalization,

rotation of flow vectors,

¢ estimation of the main flow direction,

raw blinks extraction using adaptive threshold.

The system measures three blink-related data every second:
* blink frequency,
* average blink duration,
* average eye closure duration.

These variables are compared to previous data and can be used to predict eye fatigue. The
authors guarantee the system to work real-time at 20-30 fps. The systems was compared
on ZJU, Talking Face Video and own database (10 videos, 3 subjects, 150 blinks). The
authors claim that their approach can detect blink with accuracy of 90%.
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Figure 4.7: Point A is first local minimum of IVP function and it represents eyebrow. Point
B is second local minimum of IVP function and it represents iris. Point C' is local maximum
of IVP function and it represents the skin area between an eyebrow and an iris. Curve is

rotated by 90 degrees to visualize relation between IVP and the eye frame better [Dinh et al.
2012].

4.4 Vertical Intensity Projection

The authors in [Dinh et al. 2012] presented a method of eye-blink detection using intensity
vertical projection (IVP). IVP is the total pixel intensity in a frame row. The proposed method
works with a color image.

The method uses the fact that an iris has a lower intensity vertical projection value than other
regions. As we can see in Figure 4.7, IVP function has two local minimum considering one
eye. the first minimum (point A) belongs to the eyebrow. The second and more important
minimum (point B) represents the center of an iris or a pupil. On the other hand, IVP
function has often one local maximum (point C), which means the brightest area between
an eyebrow and an iris. When blink occurs, the IVP curve is changing. It is obvious that
IVP of points around point B is increasing — B area is narrowing and C' is widening. This
observation is used to determine a blink.

The method uses the fact that an iris has a lower intensity vertical projection value than other
regions. As we can see in Figure 4.7, IVP function has two local minimum considering one
eye. the first minimum (point A) belongs to the eyebrow. The second and more important
minimum (point ) represents the center of an iris or a pupil. On the other hand, IVP function
has often one local maximum (point C'), which means the brightest area between an eyebrow
and iris. When blink occurs, the IVP curve is changing. It is obvious that IVP of points
around point B is increasing — B area is narrowing and C' is widening. This observation is
used to determine a blink.

The authors define Eye opening parameter (Equation 4.3), where | E'F| is a distance between
point £ and F' and |DE| is a distance between points D and E (Figure 4.8). Thus, eye
opening is a ratio of the iris area to the skin area. When the eye is closing, the eye opening
parameter is decreasing because the iris is disappearing and vice-versa. This parameter also
allows us to determine whether the eye is open or closed using suitable threshold.

|EF|

m 4.3)

Eye opening =

The authors further implemented this solution based on the already mentioned method and
Viola — Jones detection algorithm to detect the face. It is essential to be aware of that the
proposed method can also be used in grayscale image systems.
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Figure 4.8: IVP function of one eye. Distance between point D and FE is the skin area
between an eyebrow and an iris and the distance between point £~ and [’ represents the
iris [Dinh et al. 2012].

4.5 Summary

In this chapter, we analyzed methods of eye-blink detection. The first method was built
to help disabled people and it is based on the correlation score of eye samples. Another
method called eye region pixel amount uses pixel intensities in the eye region to reveal
a closed eye. It processes an input frame with several filters and it uses SVM classifier
to determine one of two possible eye states. For eye-blink detection, optical flow detection
method calculates blink-like movements and Vertical Intensity Projection compares projec-
tion function characteristics. We decided to propose and test own eye-blink detection algo-
rithms in Chapter 5, which are inspired by the previously analyzed methods.
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Chapter 5

Proposed Detection Algorithms

Blink detection is a challenging problem. In our work, we consider two main branches of
blink detection algorithms.

The first group of detection methods belongs to a static blink detection, which uses the fact,
that we can determine the current eye state (open or closed) for each eye frame from the
video sequence independently. Based on these methods, we can analyze captured eye states
to reveal blinks.

Another group of blink detection methods is based on the sequential frame analysis, which
considers moves within the eye region from a sequence of consecutive frames. According
to series of expected moves, we can discover significant blink-like behavior.

5.1 Static Blink Detection

Static blink detection determines the current eye state from each frame separately. We can
decide, whether the eye is open or closed according to a suitable image descriptor and SVM
classifier. Before the SVM returns binary response, it has to be trained on static positive and
negative samples represented by the image descriptor. The trained SVM can be then used for
the real-time state prediction.

In this section, we describe several methods for a descriptor construction. The first imple-
mented and tested method is based on the intensity projection. The second used method
is a well-known SIFT descriptor [Lowe 2004], which uses image gradient information. In-
spired by SIFT, we propose another gradient descriptors, which use gradient orientations and
magnitudes to describe the eye sample.

5.1.1 Intensity Vertical Projection

Our Intensity Vertical Projection (IVP) descriptor was developed by following the work pre-
sented in [Dinh et al. 2012]. An open and a closed eye differ in distribution of the IVP.
A vertical projection is the average row intensity counted as a sum of pixel intensities for
each frame row and divided by the number of frame columns (Equation 5.1). IVP values
form an IVP function for the whole frame, which we consider as the image descriptor. The
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Figure 5.1: IVP function of the open eye has only one local minimum at the row 15, because
the sample consists of many dark pixels in the iris area.

IVP functions of both eye states differ in their peaks’ distribution and size. In general, the
open eye sample has:

* higher amount of dark pixels,
* visible iris — lower IVP values around the eye center,
» minor and darker region between an eyebrow and eyelashes,

» smaller differences in the vertical image cross-section.

cols—1

5;% i(z,y)

IVP(z) = (5.1

cols
In addition, the area between the eyebrow and eyelashes is responsible for strong separation
of the eyebrow and the iris peak. All these features contribute to the descriptor construction
and SVM classification. Eq. 5.2 (Eq. 5.3) represent the IVP descriptor functions of the eye
samples from Figure 5.1 and Figure 5.2, respectively. Different courses of IVP functions
contribute to the significant SVM discrimination.

O = [95,89,83,78,70, 64,59, 57, 55, 54, 52, 49, 45, 41, 38, 37, 38, 40, 44, 48,

5.2
53,58, 63,67,73,78,82,86,91, 96, 100, 104, 106, 108, 111] (>2)

C = [72,65,61,60,54,52,53,56, 61, 65,68, 72, 73, 73, 70, 67, 65, 62, 57, 52,

5.3
49,49, 50,53, 57,64, 73,81, 89,96, 102, 106, 108, 111] (>3)

Implementation

The key parameter of our IVP implementation is the size of the descriptor. Eye samples can
have different number of frame rows — the descriptor size varies between 18 to 36 elements.
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Figure 5.2: IVP function of the closed eye has two local minima (near the row 5 and 20). As
we can see, a bright region between the eyebrow and eyelashes divides function on these local
minima, which represents the main difference comparing to the open eye sample. However,
the IVP is potentially dependent on the eyebrow’s presence.

Therefore, we can not send them directly to the SVM training (SVM requires equal size of
all input samples). We perform function resampling to achieve an equal input vector size.

Before the SVM training, each input vector is normalized by scaling to fall in between 0
and 1 [Hsu et al. 2003] according to its minimal and maximal projection value. Examples of
normalized vectors O and C' are shown in Equation 5.4 and Equation 5.5. These vectors are
also normalized to the size of 30 elements. We use the standard SVM algorithm (regularized
support vector classification) with a linear kernel type.

Onorm = [0.78,0.69, 0.600.50, 0.390.31, 0.27, 0.24, 0.22, 0.18, 0.13,
0.06,0.01,0.00, 0.02,0.07,0.13, 0.20, 0.28, 0.36, 0.43, (5.4)
0.52,0.59, 0.65,0.73,0.81, 0.7, 0.92, 0.95, 1.00]

Chrorm = [0.37,0.25,0.19,0.14, 0.06, 0.06, 0.10, 0.19, 0.26, 0.32, 0.38,
0.39, 0.36,0.30, 0.26,0.21,0.12, 0.04, 0.00, 0.01, 0.05, (5.5)
0.12,0.23,0.40, 0.54, 0.68, 0.80, 0.89, 0.94, 1.00]

A disadvantage of the IVP method is that there are many various of eye types. Every subject
can have different eyebrow, eyelashes or an eye closure appearance, what can cause unpre-
dictable IVP behavior. Moreover, the SVM can reach lower success ratio due to absence of
eyebrows.

5.1.2 SIFT descriptor

SIFT feature descriptor is widely used in the computer vision [Lowe 2004]. In our work,
we use SIFT to describe eye states in order to demonstrate gradient characteristics of eye
samples. We locate one keypoint in the image center (we consider that an eye center or
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an iris is located in the image center) with the default orientation value of O degrees and
keypoint size set to the one eight of the column number — size = cols/8. This keypoint size
was chosen empirically, so the SIFT descriptor overlays the whole eye sample.

Before the SIFT is calculated, the input eye frame is filtered using 3 x 3 Gaussian filter
to smooth unimportant edges. An output SIFT descriptor consists of 128 elements — binned
gradient orientations, which are invariant to the scale transformations. The descriptor is
further normalized by scaling to fall in between O and 1 values and then it can be used
to train the SVM. SVM train parameters were set similarly as in the IVP function testing.

5.1.3 Gradient descriptors

To achieve better results than SIFT descriptor, we developed our own descriptor, which is
dependent on the image gradient information. Our goal was to construct a gradient descriptor
with better adaptation for the eye state determination problem. One of the most significant
characteristics for the human discrimination of eye states is an ability to recognize a shape.
A shape is often described by gradient orientations. We want to use that fact and build
a feature descriptor which could help a computer to discriminate different eye states using
gradient orientations. We propose the gradient calculation and orientation sorting for each
eye sample. This work was presented in [Drutarovsky 2014].

Gradient calculation

The first step of descriptor construction is the gradient calculation from the image. We
assume that the input eye sample contains nothing but an eye aligned to the center of the
sample. This could be achieved using Viola — Jones eye detector. After successful detection,
we align rectangles according to the pupils using the modified gradient pupil locator [Timm
— Barth 2011], which offers open source implementation'. In the case of the closed eye
sample, we assume that eyelashes or eyelids’ link is located in the center of the sample.

Our method uses Sobel operator for the edge detection, because it is partly rotation invari-
ant. Sobel operator achieves better results for computation of diagonal edges than the edge
detector which uses [—1, 0, 1] kernel and an image preprocessed with Gaussian filter.

An input image is decomposed into derivatives — horizontal image gradients dx and vertical
image gradients dy. Using these two images we can compute gradient magnitude m for
each pixel as a maximum of absolute values from both images (Equation 5.6). We can also
compute gradient orientation « using an arctangent function (Equation 5.7). This approach
was inspired by the work presented in [Arbelaez et al. 2011].

My, = maz(abs(dr, ), abs(dy..y)) (5.6)
dx
oy, = arctan ﬂ) 5.7
Y ( Yz y

'"https://github.com/trishume/eyeLike [last access: 4.4.2014]
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weight
\\\

column

Figure 5.3: The graph represents a relation between sample columns and the function expo-
nent. Weight map gives the highest weight to the pixels located in the eye samples center.
According to our modified gradient pupil locator, we assume that the eye center is located
in the image center.

Weight map

In our gradient descriptor, we use a weight map to adjust weights of values which are added
to the orientation bins (Figure 5.3). This map is used to control the weight of image pixels
so the pixel in the center of the image (., y.) has higher weight than the pixel at the image
border. Each point in the eye sample has own weight w, ,. In our algorithm, the weight
function is calculated as an exponential function dependent on the particular pixel position
in the frame and using a constant value C' (Equation 5.8). Exponent values were chosen by
empirical tests. This approach is inspired by the FREAK descriptor [Alahi et al. 2012] which
uses knowledge about human’s retina and vision sharpness.

Ny (ZL’ - xc)g + (y - yc)2
Wey = €5 0y = C (1 - \/ ENENN > (5.8)

Orientation function

After these operations, we have two essential values for each image pixel so we can sort
gradient orientations into 360 bins (Algorithm 1). Each gradient orientation is dispersed
from —10 to 10 degrees and classified into bins to avoid errors in orientation calculation.
We consider only gradients with higher magnitude values to avoid non-significant gradients.
In our work, we tested two approaches — with and without gradient weighting. No weighting
causes that the appropriate bin is increased by 1. Weighting increases appropriate bin by
corresponding value from a weight map. A difference between weighted and non-weighted
orientation sorting can be seen in Figure 5.4 and Figure 5.5.

The next step in the gradient descriptor construction is the processing of the 360-binned
orientation function. An input orientation function has a lot of local minima and maxima,
therefore we smooth the function. Each bin is smoothed using an average value from the four
closest bins. We smooth the function until it has 4 extremes exactly — two minima and two
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Algorithm 1 Sorting into orientation function.

INPUT: gradient magnitudes and angles
OUTPUT: binned orientation function

1: procedure SORTING(magnitudes, angles)
2 function <0 > initialize output vector with zeros
3
4 for v <+ 0,rows — 1 do
5: for y < 0,cols — 1 do
6 if magnitudes(x,y) > threshold then
7 if angles(x,y) < 0 then > angles preprocessing
8 temp < angles(z,y) + 360
9: else
10: temp < angles(z,y)
11: end if
12: weight +— weight_map(z,y) > get specific weight
13: for i < temp — 10,temp + 10 do > +10 degrees dispersion
14: function(i) < function(i) + weight > increase specific bin
15: end for
16: end if
17: end for
18: end for
19:
20: return function

21: end procedure
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Figure 5.4: An average orientation function of 150 open eye samples (from SmallEye
dataset) with bin dispersion and without weighting. A non-weighted function considers all
gradients to be equal for bin sorting.
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Figure 5.5: An average orientation function of 150 open eye samples (same as in Figure 5.4)
with bin dispersion and with weighting. Weighting affects the contribution of significant
gradient around an iris.

0 45 90 135 180 225 270 315

orientation bin

Figure 5.6: An orientation function of open eye samples. The function is averaged from 200
samples from SmallEye dataset. As we can see, the function has two local maxima and the
first maximum has a higher value.

maxima. As we consider aligned eye samples, these extremes are often around 0, 90, 180,
270 degrees. We use the fact that open eyes (Figure 5.6) have a maximum with the highest
value around 90 degrees, but closed eyes have a higher maximum around 270 degrees bin
(Figure 5.7). That is because an open eye has more gradients oriented vertically up near the
eye center. Moreover, an open eye sample has bigger disperse of the maximum peak caused
by higher amount of horizontal orientations around the iris.

The smoothed function is then aligned to the first local maximum. Rotation invariance can
be guaranteed by shifting bin values according to the rotation angle. This angle can be
computed as an angle between a line connecting both irises and a horizontal frame line.

bin size
NS
e

0 45 90 135 180 225 270 315

orientation bin

Figure 5.7: An orientation function of closed eye samples. The function is averaged from
200 samples from SmallEye dataset. The function has also two local maxima, but the second
maximum has a higher value.
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An orientations function with 4 extremes is used to construct the final gradient descriptor
(Algorithm 2). Our proposed descriptor consists of 8 numbers — four pairs. Each pair rep-
resents one extreme or peak and consists of two numbers rate, , and distance,,. rate,,
represents a rate of the peak height among other peaks. This means that the summed size
of the all four peaks gives 1. distance,, represents the number of bins located between
the considered peak and the closest right peak. A descriptor O,, represents a descriptor of
an averaged vector of 200 open eye samples (Equation 5.9).

Algorithm 2 Descriptor construction from the orientation function.

INPUT: binned orientation function
OUTPUT: gradient descriptor with 8-elements

1: procedure CONSTRUCTION( function)
2 descriptor < 0 > initialize the output descriptor with zeros
3 repeat
4 SMOOTH( function) > average each value considering 4 nearest neighbors
5: until GET_PEAKS_NUMBER( function) = 4
6:
7 ALIGN_FUNCTION( function) o> align to the maximum with the highest value
8
9 for i < 0, GET_PEAKS(function) do
10: descriptor(2 x i) - GET_RATE(function) > peak height rate
11: descriptor(2 = i + 1) <— GET_DISTANCE( function) > peak distance from first
right neighbor
12: end for
13:
14: return descriptor > function returns the gradient descriptor with 8-elements

15: end procedure

O, = [0.59,0.30,0.10,0.18,0.24, 0.22, 0.07, 0.30] (5.9)

5.1.4 Evaluation and discussion

Static detection algorithms were tested with own dataset — SmallEye. Our dataset consists of
300 open eye samples and 300 closed eye samples (640x480) of the six individuals sitting
in front of the camera without eyeglasses. Eye samples were acquired using Viola—Jones eye
detector and our gradient pupil locator at the average resolution of 24 x 24 pixels. A crucial
point of the testing is SVM classifier. SVM was trained on other 100 open eye samples
(negative samples) and 100 closed eye samples (positive samples) from the dataset. The
testing was performed on other 200 positive samples and 200 negative samples.

Intensity Vertical Projection was tested using several descriptor sizes. Best results were
achieved for the descriptor size of 30 elements, because SmallEye samples have average row
number around 30 rows.

Our gradient descriptors are dependent on the iris location (for the open eye) and eyelashes
(for the closed eye), therefore we consider that these features are located in the middle of the
eye frame.
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Table 5.1: Testing of static detection algorithms was performed on SmallEye dataset. We
show true positive rate (correct closed eye estimation) and false positive rate (wrong closed
eye estimation) for different descriptor sizes. The best results were achieved for SIFT
method, however our weight gradient method reaches comparably good results.

Method Descriptor size | TP FP
Ivp 15 80.0% | 23.0%
Ivp 20 80.3% | 28.0%
Ivp 25 79.5% | 33.2%
IVP 30 81.3% | 19.2%
IVP 35 81.3% | 31.0%
SIFT 128 89.8% | 13.2%

No weighted 8 67.5% | 26.5%
Weighted 8 86.3% | 18.0%

Test results show that the gradient weighting of center pixels prefers significant gradients.
A weighting method achieves better results than a non-weighting method, because it consid-
ers eye center gradients with higher weights. The non-weighted method does not emphasize
desired eye features. However, the best results were achieved using SIFT method — 89.8%
on closed eye samples and only 13.2% of false positives. Although our gradient method
does not achieve the performance of SIFT descriptor, we use only 8 descriptor elements,
SIFT uses 128 elements. Test results can be seen in Table 5.1.

Static methods and SVM are not so confident because they do not achieve full performance.
Our gradient descriptors are dependent on the precise eye alignment in the frame, therefore
it can cause detection problems with wrongly located eyes. SVM can decide only between
an open and a closed eye, therefore static detection usage can also cause difficulties in precise
blink determination. We decided to move along and try blink detection using sequential
frame analysis.

5.2 Sequential Blink Detection

A second type of blink detection is a sequential method, which uses analysis of consecutive
frames to estimate possible blink occurrence. In contrast to static detection methods, this
approach can not determine the actual eye state (open or closed) in every point of the input
video sequence. However, the sequential analysis uses feature moves within the eye region
to estimate blink-like behavior.

A sequential method is based on the KLT Tracker [Tomasi — Kanade 1991, Bouguet 2000],
which is a well-known feature tracker. KLT uses the intensity and spatial characteristics of
input features to find new features’ positions according to their optical flow.

Our proposed method tracks both eyes separately, which supports the control of blink moves
for each eye. After eye detection, features are placed in eye regions and they are tracked
using an optical flow calculation. Every new feature set is processed to detect errors and
outliers.

Subsequently, we estimate eye centers and eye rectangles. Features are then sorted into
cells, which help to consider moves in different parts of the eye region. These moves are
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Figure 5.8: Initial feature grids. Figure (a) represents the grid of an eye rectangle with width
of 44 pixels — grid has 306 features. Figure (b) represents the grid of an eye rectangle with
width of 73 pixels — grid has 262 features.

used to identify blink-like behavior. We propose two methods for blink determination based
on sequential analysis — Cell method and Move bins method. Both methods use the following
preprocessing.

5.2.1 Feature placement

The first step of eye tracking is the feature placement in eye regions. We detect eyes’ po-
sitions using the Viola — Jones detection algorithm [Viola — Jones 2001]. After the face
detection, we detect both eyes to obtain eye rectangles. Consequently, we fill them with
features regularly (grid of points to track), with spacing adaptive to the rectangle size (Fig-
ure 5.8). An adaptive feature grid is suitable for different eye sizes or distances from the
camera. New feature placing is performed during the reinitialization. Therefore, each reini-
tialization can return various size of the feature vector, so we need to consider initial points
number for further analysis.

5.2.2 Feature tracking

Feature tracking is performed by KLT tracker, which tries to find a new location for every
input feature point. Nevertheless, tracking is not one hundred-percent sure. Hence, we need
to verify new features after every tracking iteration. First, we verify features using the optical
flow control, which removes points from future iterations when its optical flow is not found.
Second verification is a major shift control. Feature points can move unnaturally with major
shift across the frame. Therefore, it is highly probable that such points flow is wrongly
estimated. We also remove these points from future iterations. The final feature control
is the outlier control. Each point is verified according to its distance from the eye center.
Points with higher distance than the default threshold are considered as outliers. An outlier
is removed from further analysis, but it is not removed from future iterations — an outlier
point can return to its previous location in the next frames (their exclusion could decrease
tracking precision).
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5.2.3 Eye center and bounding rectangle

To identify outliers, we need to consider one reference point — an eye center. This point is
calculated as the average point (average of x-coordinates and y-coordinates) from all feature
points for each eye, separately. Based on the both eye centers, we can count eye distance
using the regular Euclidean distance. An eye distance is directly proportional to the subject
distance from the camera. This key parameter helps us to set suitable blink thresholds.

An estimation of the eye rectangle (bounding box) is a more complex problem. We can not
use the initial rectangle size during the tracking, because a subject can move towards and
backwards the camera, what leads to the rectangle resizing. Therefore, we use histogram
of point distances from the eye center (Algorithm 3). After each tracking iteration, set of
features is sorted into bins according to their distance. Optimal rectangle dimensions and
position is then estimated using the distance gap — a sequence of three bins, which carry
small amount of feature points. The distance gap is located after the bin holding the global
maximum (Figure 5.9).

Algorithm 3 Eye rectangle estimation according to feature points.

INPUT: feature points and eye center point
OUTPUT: rectangle bounding eye (non-outlier feature points)

1: procedure GET_RECTANGLE(points, center)

2 hist < 0 > initialize the distance histogram with zeros
3 for : < 0, points — 1 do

4 distance <— EUCLIDEAN(points(i), center)

5: hist(distance) < hist(distance) + 1

6: end for

7 max <— FIND_MAX_BIN(histogram,)

8

9: for i < max, histogram — 1 do
10: if hist(i) < T and hist(i + 1) < T and hist(i +2) < T then
11: distance_gap <1
12: break
13: end if
14: end for
15: rectangle <— CREATE_RECT(points, center, distance_gap)
16:
17: return rectangle > final bounding box of considered points

18: end procedure

We can say, that the distance gap is a boundary separating outliers from the considered
points. The obtained rectangle radius and the eye center is then used to construct a final eye
rectangle. As it was mentioned before, outliers are not removed from the future tracking
iterations, they are only excluded from the further analysis in the current iteration.
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Figure 5.9: Histogram of point distances from the eye center. A vertical line represents
a separator of outliers from considered points. Threshold of the distance gap used in our
work is set to a 5-point bin.

Figure 5.10: An eye rectangle is divided into 3 x 3 cells. Each cell group points from its
area, what leads to the observation of noticeable changes in different eye parts. We are
mostly interested in cells 1 and 4.

5.2.4 Cell method

The first proposed sequential method for blink determination is Cell method. The method
usage for an eye-blink status decision can be seen in Algorithm 4. After getting the best eye
rectangle, the eye (feature points) is divided into 9 parts — 3 x 3 cells (Figure 5.10). For
each cell, we calculate an average vertical point move (across the y-coordinate). Therefore,
we can estimate an approximate move of points in different eye cells. Using the sequential
analysis, we can calculate a tendency of move changes using the moves within the current
and the previous frame (Equation 5.10).

change(i) = current(i) — previous(i), i € (0,8) (5.10)

In 3 x 3 cells of the eye rectangle, a blink appears as a significant vertical move in the middle
cells (numbers 3, 4 or 5), but only minor vertical move in the upper cells (number 0, 1 or 2).
Our method uses the statistical variance of these 6 cells to evaluate the diversity of moves
in the cells. If the variance of the current frame is high enough, it indicates a move in the eye
region, which is not natural for the global moves (up or down shifting). On the other hand, it
is the sign of eye-blink or other eye feature movements.

To mark and separate these unwanted eye feature moves (eyebrow or iris movement), we
consider the blink as the conjugation of two moves — down move and up move. Down move
of an eyelid (comparison to down head move can be seen in Figure 5.11) is accompanied
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Algorithm 4 Cell method usage for an eye-blink status decision.

INPUT: current and previous moves vector, current state of the state machine, distance
between eye centers, FPS count
OUTPUT: eye-blink status — boolean value

1: procedure CELL_METHOD_STATUS(current, previous, state, distance, fps)
2 fori < 0,5do
3 change(i) < current(i) — previous(i)
4: end for
5:
6 threshold < distance x const/ fps > variance threshold
7 upper < change(1)
8 lower < change(4)
9:
10: if state = 0 then
11: if move in positive direction and GET_VARIANCE(change) > threshold then
12: state <— 1 > down eye-lid move occurred
13: end if
14: else if state = 1 then
15: if move in negative direction and GET_VARIANCE(change) > threshold then
16: state < 0 > up eye-lid move occurred
17: return true > blink occurred
18: end if
19: end if
20:
21: return false > blink did not occur

22: end procedure
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a) Down head move

80% | 100% | 63%
66% 86% 66%

b) Down blink move
49% | 100% | -8%
270% | 301% | 71%

varianceA = 0.013 * varianceB

Figure 5.11: Move changes in the first 6 cells of the eye rectangle during down head move
(a) are accompanied with lower variance value (all feature points move almost equally) than
during down blink move (b) (cell 4 shows higher positive change than cell 1).

a) Up head move

-133% | 100% | -80%
-98% | -96% | -67%

b) Up blink move
-161% | -100% | -221%
-83% | -940% | -683%

varianceA = 0.006 * varianceB

Figure 5.12: Move changes in the first 6 cells of the eye rectangle during up head move
(a) are accompanied with lower variance value (all feature points move almost equally) than
during up blink move (b) (cell 4 shows higher negative change than cell 1).

by the positive change in the cell 4 (y-coordinate rises), which is more remarkable than the
move in the cell 1. On the contrary, up move of an eyelid (comparison to up head move can
be seen in Figure 5.12) is accompanied by the negative change in the cell 4 (y-coordinate
falls), which is also more remarkable than the move in the cell 1.

Moves participating in blinks are chosen by the variance threshold, which chooses higher
variance values — moves, which represent significant inner changes. The threshold was set
empirically according to the tests (Equation 5.11). Its value is dependent on these parame-
ters:

* Eye distance:

— Distance between both eyes is directly proportional to the subject distance from
the camera.

— Eye size affects the change intensity during the blink.

* FPS (frames per second):
— Frame rate of the input video sequence also influences the change intensity.
— More frames per second causes, that variance of cell moves is smaller.

* Constant:

— Constant value was chosen according to tests.
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Figure 5.13: After machine initialization, the state machine is in State 0. After down blink
move, the state changes into State 1. After up blink move, the state change into State 2 — blink
occurred. State 1 can also change, when machine is in a current state for too long. Frame
count threshold of the state machines is dependent on the frame rate of the video sequence.

1
T = dist x — X const (5.11)
fps

The conjunction of eye moves and variance threshold reveals blinks. Down blink move and
up blink move are assigned to states of the state machine (Figure 5.13).

5.2.5 Move bins method

The second proposed sequential method for blink determination is Move bins method. This
method uses the fact, that blink moves in the eye region bring series of vertically oriented
moves with various relative movement. On the other hand, head moves are accompanied
with similar features’ movement. We count vertical shift for each considered feature as the
difference between their y-coordinates. After that, each move is sorted into corresponding
bin according to its orientation (positive moves belong to other bins than negative moves).
Therefore, we can separate down blink moves from up blink moves.

For both sorted bin vectors (up vector and down vector), we count the number of nonzero
bins. Comparison of these two numbers reveals the size and direction of the blink-like moves.
Down eyelid movement causes that bins of the down vector are filled with higher values than
bins of the up vector (Figure 5.14). On the other hand, up eyelid movement fills the up bins
more than down bins (Figure 5.15).

Blink is naturally compound of down eyelid move followed by an up eyelid move. Therefore,
we consider the sequence of these two moves to reveal blink occurrence. We use conjunction
of a state machine and experimentally found threshold to determine such sequence. The state
machine consists of the following states:

» STATE O:

— Initial machine state.
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Figure 5.14: Comparison of up and down vector during the down eyelid movement. Down
vector bins (values below zero) are more fully than up vector bins, because more features
move vertically down than up.
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Figure 5.15: Comparison of up and down vector during the up eyelid movement. Up vector
bins (values above zero) are more fully than down vector bins, because more features move
vertically up than down.

STATE 1:
— This state is set to current, when down move occurs.

— Typically, a blink starts with one significant down move.

STATE 2:

— The state is set to current, when up move occurs.

STATE 3:

— This state is set to current, when up move occurs again (up move expected at
more than one frame gives better results — lower false positives).

STATE 4-:
— The state is set, when blink occurred.

— A sequence of blink moves ends and the state machine can be set to the STATE
0.

Furthermore, states can be also changed when blink frame count exceeds a default threshold.

Although a number of nonzero bins in the move vectors is a very reliable sign of inner eye
moves, this method is not so confident as proposed cell method, because it is hard to find the
suitable threshold for consideration of blink-like moves’ separation.
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Figure 5.16: In figure (a), we can see initial feature points. Figure (b) represents the state of
feature points after 3 blinks. We can see that many points are snapped to corners and edges
of eye features. Therefore, reinitialization is necessary to obtain a new regular grid.

5.2.6 Reinitialization

A crucial point of our sequential algorithms is feature reinitialization. Wrongly assigned eye
features can easily decrease the true positive and increase the false positive rate. An irregular
feature grid causes, that sequential analysis can be negatively affected (Figure 5.16). There-
fore, reinitialization is necessary for the correct working of cell sorting and move counting.

Hence, our algorithms reinitialize (achieve its initial state) after several events:
¢ large number of lost feature points,
¢ after blink occurrence,
e over time, after constant number of frames.

Reinitialization restores all parameters to its initial values. However, it is necessary to pre-
serve the current state and blink frames count, because the reinitialization can occur during
the important machine state — a blink in progress could be ignored.

5.2.7 Evaluation and discussion

Our methods based on sequential analysis of consecutive frames were tested on two datasets.
Our dataset consists of 8 videos with 4 individuals. The dataset is quite challenging, because
it contains one video with individual wearing glasses. In addition, videos were recorded
under different conditions with faces mostly oriented directly to the camera, but natural
face movements and other intensive non-blink moves should be expected, too. The dataset
contains over 82600 frames (640x480) and 353 blinks. All videos were recorded using
Logitech C905 webcam with standard 30 FPS frame acquisition.

The second dataset Talking Face Video (Talking) is free to use? and it contains 5000 frames
(720x576) with 61 eye-blinks. A tested subject is a man taking conversation during the
record. His face is mostly oriented directly to the camera and slightly turned aside (Fig-
ure 5.17), what causes minor problems with precise eye detection.

http://www-prima.inrialpes.fr/FGnet/data/01-TalkingFace/talking_face.
html [last access: 7.4.2014]
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Figure 5.17: The subject participating in the video record has the face slightly turned aside.

Table 5.2: Results of our sequential blink detection methods on both datasets. TP represents
true positive count (successful detected blinks) and FP stands for false positive (wrongly
assigned blinks). We compared our method to optical flow method proposed in [Divjak —
Bischof 2009].

Method Dataset TP FP
Move bins Own | 82.1% | 28.3%
Cell Own 85.0 | 18.9%
Move bins Talking | 70.5% | 17.3%
Cell Talking | 96.7% | 9.2%
Divjak & Bischof | Talking | 95.0% | 19.0%

Using our cell sequential detection method, we achieved the detection rate of 96.7% on Talk-
ing Face Video. We failed to detect only two blinks, which happened during the downward
sight, therefore the change of the blink moves is not so significant (Table 5.2). We compare
our cell method to work presented in [Divjak — Bischof 2009], which uses optical flow blink
determination. We achieved better results with higher true positive rate and false positive
rate, too.

The move bins method does not reach so a high precision as the cell method, because it is
harder to find suitable thresholds for algorithm working. Furthermore, the move bins method
has bigger problems with sudden face movements and unnatural face mimicry.

Blink detection using our cell method is stable during almost every natural subject’s behavior.
It is reliable even in decent face movements, what makes the solution suitable for future use
in microsleep detection applications. We present cell the method as our best solution for the
problem of eye-blink detection.

5.3 Summary

This chapter summed up all detection algorithms, which were tested within this bachelor
thesis. We looked into the problem of static detection using the conjugation of image de-
scriptor and SVM classifier. We proposed own gradient descriptors, which were compared
to well-known SIFT descriptor and own implementation of intensity projection descriptor.
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We achieved comparable results to best SIFT method.

The second part of this chapter was devoted to the sequential analysis methods. We presented
Cell method and Move bins method, which reached even better results on Talking Face Video
dataset than Divjak and Bischof optical flow method.
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Chapter 6

Conclusion

The bachelor thesis deals with the problem of microsleep detection using the eye-blink anal-
ysis. The first part of bachelor thesis was aimed at the state-of-the-art analysis. We looked at
the available commercial and non-commercial solutions with confident detection rates. Sub-
sequently, we analyzed microsleep detection systems proposed in several research papers.
The stress was put on face and eye detection and tracking systems discussion, because they
belong to primary parts of blink detections.

Our aim was to build an application, which could monitor a driver to predict incoming mi-
crosleep. We were not able to develop a solution with eye-blink frequency and duration
analysis to obtain level of driver’s sleepiness. However, we aimed at the construction of
a reliable eye-blink detector, which is a crucial part of microsleep detector. A proposition
and testing of own blink detection methods was presented in the second part of the bachelor
thesis.

We proposed own gradient descriptor based on weighting of the significant eye gradients.
Gradient descriptor with SVM achieves comparable results to SIFT descriptor. Furthermore,
we implemented and tested Intensity Vertical Projection method, which is our own modifi-
cation of the method described in [Dinh et al. 2012].

Another group of the proposed blink detection methods was based on sequential analysis
of consecutive video frames. We developed and tested a sequential blink detector, which
achieved better results on Talking Face Video dataset than the solution proposed in [Divjak
— Bischof 2009]. Our solution works stable under natural conditions and behaves confident
even during face movements. We consider our solution as very courageous and perspective
for future usage in microsleep detectors or other eye-blink based applications.

We build two own datasets for the purpose of testing in this bachelor thesis. Own SmallEye
dataset consists of static open and closed eye samples. Another dataset consists of challeng-
ing video records of 8 individuals.
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Appendix A

Technical Documentation

All methods of our solution are implemented in C++ language using the OpenCV library
version 2.4.6. We list the most important OpenCV functions we use in our programs:

* DescriptorExtractor::compute (...) — functions computes specific descriptor from
an input frame and a keypoint vector.

* Sobel (...) — function applies generalized Sobel operator to an input frame.

* convertScaleAbs (...) — function scales array elements, compute absolute values and
convert them to 8-bit unsigned integers.

* normalize (...) — function normalizes an input vector according to parameters.
* CvSVM::predict (... ) — function predicts a response from SVM from an input sample.

* CascadeClassifier::detectionMultiScale (...) — functions detects object in an input
image.

* calcOpticalFlowPyrLK (. ..) —function computes optical flow using multi-scale Lucas-
Kanade algorithm (function tries to find a new position for each input feature point).

Almost every method uses eye detection using Viola — Jones detection algorithm. We use
haarcascade_frontalface_default.xml file to detect face in each framw.The we
use haarcascade_mcs_eyepair_big.xml file to detect eye pair, which is more pre-
cise than separate eye detection using haarcascade_eye_tree_eyeglasses.xml.

In this bachelor thesis we proposed and implemented a couple of methods aimed at an eye-
blink detection. We show the most important ones. The following function is used to create
orientation function in gradient descriptors (static detection), which consists of 360 bins
(Listing A.1). Each bin is adjusted with value from the weight map. Therefore, we can get
rid of non-significant gradients.

Next listing represents partial pseudocode of sequential analysis detection algorithm using
the cell method (Listing A.2).

Another interesting function is the calculation of bounding box for feature points in the
sequential analysis methods (Listing A.3). This algorithm is essential, because bounding
box of an eye region affects the precision of cell sorting method.

In thesis we use the cell method to determinate whether a blink occurred or not (Listing A.4).
Status determination of eye cells is a primary part of our sequential analysis algorithm. We
perform determination for each eye separately using two individual state machines.
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Listing A.1: Gradient calculation using weights

Mat gradientWeightMatTemp (Mat image) {
Mat angles = getGradientAngles (Mat image);
Mat magnitudes = getGradientMagnitudes (Mat image);
Mat bins;

//sort angles into bins

for (int y = 0; y < angles.rows; y++) {
for (int x = 0; x < angles.cols; x++){
if ((int) magnitudes.at<uchar>(y, x) > 10){

//get particular bin
if (angles.at<float>(y, x) < 0){
temp = roundf (angles.at<float>(y
, x) + 360.0);

else{

temp = roundf (angles.at<float>(y

X))

}
weight = weights.at<float>(y, x);
increaseCurrentBin (temp, weight);
//+-10 degrees dispersion
increaseNeighbourBins (temp, weight);

}

return bins;
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Listing A.2: Blink detection using sequential analysis.

void blinkDetection () {
initializeVariables ();
previous = getFrame ();

while (true) {

current = getFrame

if (initialize) {

()

initializeVariables ();
eyes = getEyes (current);

leftFeatures = placeFeatures (eyes|[0]);
rightFeatures = placeFeatures (eyes[l]);

initialize = false;

leftFeaturesNext
leftFeatures,

rightFeaturesNext
rightFeatures,

removeBadPoints

)

opticalFlow (current, previous,
dots) ;

opticalFlow (current, previous,

dots) ;

(leftFeaturesNext, rightFeaturesNext);

leftCenter = getCenter (rightFeaturesNext);
rightCenter = getCenter (rightFeaturesNext);
leftRect = getRectangle (rightFeaturesNext, leftCenter);
rightRect = getRectangle (rightFeaturesNext, rightCenter)

14

removeQutliers (leftFeaturesNext, rightFeaturesNext,
leftRect, rightRect);

leftCellsCurrent
leftRect);

rightCellsCurrent

rightRect);

sortPointsInCells (leftFeaturesNext,

sortPointsInCells (rightFeaturesNext,

leftBlink = getStatus (leftCellsCurrent,
leftCellsPrevious, dots);

rightBlink = getStatus (rightCellsCurrent,
rightCellsPrevious, dots);

if (leftBlink ||

rightBlink) { println (‘‘'BLINK!");}

if (lostPoints > threshold) {initialize = true;}

swap
swap

swap
swap

if (keyPressed) {
break;

(leftFeaturesNext, leftFeatures);
(rightFeaturesNext, rightFeatures);

swap (leftCellsCurrent, leftCellsPrevious);
(rightCellsCurrent, rightCellsPrevious);
(current, previous);

69



Appendix A. Technical Documentation Tomas Drutarovsky

Listing A.3: Bounding box of eye region features.

Rect getRectangle (vector<Point2f> points, Point2f center) {
vector<int> histogram (200, O0);

float radius, xDist, yDist;
//histogram sorting according to~the radius from the eye center

for (int i = 0; 1 < points.size (); 1i++){
xDist = points[i].x - center.x;
yDist = points[i].y - center.y;

radius = sqgrtf (xDistxxDist + yDistxyDist);
histogram[ (int) roundf (radius)]++;

}

//looking for global maximum value

int max = 0, maxIndex = 1000;
int cutIndex = 0;
for (int i = 1; i < histogram.size () - 1; i++){
if (histogram[i] > histogram[i+l] && max < histogram[i]) {
max = histogram[i];
maxIndex = 1i;

}

//looking for the distance gap

for (int i = maxIndex; i < histogram.size () - 1; i++){

if (histogram[i] <= 5 && histogram[i+l] <= 5 && histogram
[142] <= 5){

//cut distance from radius
cutIndex = 1ij;
break;

}

//adjusting dimensions of the final rectangle
cutIndex = cutIndex=*0.8;

Rect rect;

rect.x = center.x — ((float) cutIndex) +1;
rect.y = center.y - ((float) cutIndex) +1;
rect.width = cutlIndexx*2;

rect.height = cutIndexx2;

return rect;
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Listing A.4: Bounding box of eye region features.

bool getStatus (vector<float> current, vector<int> currentCount, vector<
float> previous, vector<int> previousCount, int distance, int &state,
int &blinkFrame, float fps) {
vector<float> currentMoves (9, 0);
vector<float> previousMoves (9, 0);
vector<float> change (6, 0);

//cell changes calculation

for (int i = 0; i < 6; 1i++){
currentMoves([1] = current[i] / currentCount[i];
previousMoves[i] = previous[i] / previousCount[i];
change[i] = currentMoves[i] - previousMoves[i];

}
//threshold was chosen according to~tests
float threshold = distance » 0.00068 % (30/fps);

float upper = changell];
float lower = changel[4];

if (state == 0){
if (lower - upper > 0 && lower > 0 && getVariance (change
) > threshold) {

state = 1;
blinkFrame++;
}
}
else if (state == 1) {
blinkFrame++;

if (blinkFrame < 3){
state = 1;
}
else if (blinkFrame > 4) {
state = 0;
blinkFrame = 0;
}
else if (lower - upper < 0 && lower < 0 && getVariance (
change) > threshold) {
state = 2;

if (state == 2){
state = 0;
blinkFrame = 0;
//BLINK occurred
return true;

//blink did not occur
return false;
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User Guide

To be able to run our prototypes, there are several requirements:
1. Qt5.1.1,
2. OpenCV 2.4.6 compiled for Qt 5 (can be also downloaded from attached DVD),
* default directory: c:\opencv\
3. Whole project solutions directories copied to your hard drive,

4. If the OpenCV installation is not in the default directory, it is necessary to change paths
in all .pro files.

After correct installation you can open one of the proposed projects in Qt Creator. All solu-
tions require changes in source code to run program properly with requested parameters or
input paths. We provide following project solutions, which are also attached on the DVD:

¢ QGradient methods, SIFT and IVP method

descriptor building

static testing on images

offline video testing

online video testing

* Sequential analysis methods

sequential testing on images

offline video testing

online video testing

annotation parsing and evaluation

Gradient descriptor methods

Our gradient methods are implemented in the project gradient. It is necessary to adjust
global variable binsNumber value to 8, which represents the number of elements in the result
descriptor. After that, openFiles and closedFiles variables need to be set, because they
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represent amount of positive and negative input values. Location of input SVM classifier can
be also changed. Furthermore choice variable can be changed to 1 in case of non-weighted
gradient method and 2 in case of weighted gradient method. After running the project, result
values of dataset samples are printed in the console.

Method can be tested online and offline on video sequence in the project bachelor, which
provides testing and SVM building framework. It is necessary to adjust input paths in the
file menu.cpp and builder. cpp.

SIFT method

SIFT descriptor is implemented in the project gradient. It is necessary to adjust global
variable binsNumber value to 128, which represents the number of elements in the result
descriptor. After that, openFiles and closedFiles variables need to be set, because they
represent amount of positive and negative input values. Location of input SVM classifier can
be also changed. Furthermore choice variable need to be changed to 3. After running the
project, result values of dataset samples are printed in the console.

Method can be tested online and offline on video sequence in the project bachelor, which
provides testing and SVM building framework. It is necessary to adjust input paths in the
file menu. cpp and builder. cpp.

IVP descriptor method

IVP descriptor is implemented in the project gradient. It is necessary to adjust global
variable binsNumber, which represents the number of elements in the result descriptor. After
that, openFiles and closedFiles variables need to be set, because they represent amount
of positive and negative input values. Location of input SVM classifier can be also changed.
Furthermore choice variable need to be changed to 4. After running the project, result values
of dataset samples are printed in the console.

Method can be tested online and offline on video sequence in the project bachelor, which
provides testing and SVM building framework. It is necessary to adjust input paths in the
file menu. cpp and builder. cpp.

SVM training

Static methods are tested using SVM, which can be build in project the bachelor, which
provides testing and SVM building framework. It is necessary to adjust input paths in the
file builder.cpp and to choose method for SVM building.

Sequential methods

Sequential methods can be tested in the project blinkFinal, which offers more global vari-
ables (parameters) to change:
e cyePair — if true, then Viola — Jones uses haarcascade_mcs_eyepair_big instead

of haarcascade_eye_tree_eyeglasses.
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* debug — if true, then program shows debug image with visualized features and eye
rectangles.

* saving —if true, then program saves blink values to save path.

* fpsFromFile —if true, then FPS values are taken from the input text file.

* stepMode — if true, then it is possible to step the debug using the arbitrary key.
* print —if true, then output debug prints in the console.

* pictures —if true, then input samples are image form, not video.

After successful testing using sequential analysis, we can evaluate tests using the project
blinkReader, Which parses created output blink file and it evaluates tests according to the
annotation file. We can choose between picture or video blink reader.

Video Recorder

We offer our video recorder in the project videoRec2, which is able to record video files for
purpose of testing. It is recommended to download x264 video codec.
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Abstract. State-of-the-art algorithms offer a real-time human face and eye
detection which can be used to detect eye-blink. In this paper we present a
feature descriptor. Gradient orientations and magnitudes are used to build the
feature descriptor. We use the difference between samples of open and closed
eyes. Gradient descriptors are further used to train the SVM. SVM can predict
the open or closed eye state from the given input data. Due to the knowledge of
the state of the eye (open or closed), eye-blink frequency and duration can be
computed. These parameters are used to establish the level of sleepiness what
can be used to prevent the driver from incoming microsleep.

1 Introduction

Today’s technologies offer us the opportunity to capture video of a driver in the car. Information
about eye openness can contribute to the estimation of blink frequency and duration. These two
values are considered to be the main signs of sleepiness [10]. Further analysis of these parameters
can contribute in microsleep prevention.

Webcams and smartphones are available and provide a real-time image acquiring with sufficient
frame resolution. World of computer vision knows algorithms for human’s face and eye detection
and tracking what can be used for real-time eye sample processing. This leads to ideas of blink
detection and eye state determination. Several works are devoted to the distinction between open
and closed eye, but all of them have gaps in the robustness of the solution. That is because of
different environment conditions, illuminations changes and various eye appearances.

Our goal is to construct a gradient orientation descriptor, which could describe open and closed
eyes differently so it could be used to train the Support Vector Machine (SVM) [2]. We propose
a method of gradient information calculation from the frame and processing them so the gradient
features are more distinguishable. Knowing the difference between open and closed eye provides
several advantages. We can use the information to detect eye-blinks or percentage of eye closure.

* Bachelor study programme in field: Informatics
Supervisor: Ing. Andrej Fogelton, Institute of Applied Informatics, Faculty of Informatics and Information
Technologies STU in Bratislava

HIT.SRC 2014, Bratislava, April 29, 2014, pp. 1-8.
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2 Related work

The automatic drowsy driver monitoring and accident prevention system was presented in [3]. The
system analyzes pupils using Horizontal Symmetry Calculation (HSC). The system receives input
colored frames from a video camera and measures the eye-blink duration of a driver constantly.
After face detection the neural network-based detector is used for the precise eye pupils position.
The head rotation angle is calculated using the vertical position of both pupils. If eye detection in
the next frame fails, the angle helps to determine the right face and eye position. Detected pupils
are analyzed using HSC to determine whether the eyes are Open or Closed. HSC uses the fact that
folded closed eye samples have more difference pixels than open eye samples. Mentioned algorithm
was tested on ZJU database and it achieved 94.8% accuracy for eye-blink detection. This method is
dependent on samples’ quality and precise eye alignment and cropping.

Work presented in [7] solves the problem of blink detection using the frame pixel difference.
Authors estimate blink when the pixel intensity difference of consecutive frames is higher than the
preset threshold. Method also uses thresholds to consider a non-uniform change of the illumination
for each eye in consecutive frames and also an exclusion of voluntary blinks from the further analysis.
Similar method was proposed in [6] where authors localize eye positions according to the significant
change of the intensity in the consecutive frames. After successful eye localization, the system
learns how an open eye appears so it can be used in the next phase of blink detection. Eye closure
is estimated due to correlation score between current eye template and learned template examples.
Mentioned algorithms require video samples with no bigger face moves and uses relatively many
thresholds.

In the paper [5] authors proposed a vision-based drowsiness detector which can detect a driver
in a realistic driving simulator. This detector is based on the infrared stereo camera. The detector
constantly tracks eyes and estimates the percentage of closure also known as PERCLOS. For the best
estimation, PERCLOS values were compared to results of several psychological experiments. First,
face and eyes are detected using Viola — Jones detector [12] and detection failures are then corrected
using Kalman filter. Subsequently, the sequence of filters is used to improve the frame quality so
the PERCLOS can be estimated more accurately. PERCLOS is calculated from the ratio between
the iris height in the frame and the nominal value which is assigned during a ten-second calibration
at the start of tracking. This detector reaches high recall (90.68%) and low false positive rates using
their own database consisting of 25 hours of driving. However, the system uses an infrared stereo
camera what makes it an expensive solution with high hardware requirements.

Another method of eye state determination is measurement of pixel amount in eye regions.
Authors in [4] presented a method of eye-blink detection using intensity horizontal projection (IHP).
The method uses the fact that iris has lower IHP value than other regions around the eye. This means
that closing of the eyelid causes noticeable changes in the histogram of IVP values. On the other
hand, algorithm presented in [8] measures eye-blink using intensity vertical projection (IVP). After
applying the median filter, the IVP of eye regions without eyebrows is measured. It is considered
that the ratio of maximal IVP to minimal IVP for the open eye is higher than for the closed eye. Open
eye has also higher maximal IVP value than closed eye. Although these methods seems obvious,
they work accurately only for specific eye types. Therefore we can not consider them robust and
reliable enough.

3 Gradient Orientation Descriptor

One of the most significant characteristics for the human discrimination of eye states is an ability
to recognize shape. Shape is often described by gradient orientations. We want to use that fact and
build a feature descriptor which could help the computer to discriminate different eye states using
the gradient orientations. We propose the gradient calculation and orientation sorting for each eye
sample. We use weight map to adjust weights of values which are added to the orientation bins.
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3.1 Gradient calculation and sorting

First step of descriptor construction is the gradient calculation from the image. In this paper we
do not discuss face and eye detection and tracking. We assume that the input eye sample contains
nothing but eye aligned in the center of the sample. In our work we used Viola — Jones detector to
obtain eye rectangles. After that, we align rectangles according to the pupils using the gradient pupil
locator. In the case of the closed eye sample, we assume that eyelashes or eyelids’ link is located in
the center of the sample.

Our method uses Sobel operator for the edge detection, because it is partly rotation invariant.
Sobel gives better results in computing diagonal edges than the edge detector which uses [—1, 0, 1]
kernel and image preprocessed with Gaussian filter.

Input image is decomposed into derivatives — horizontal image gradients dx and vertical image
gradients dy. Using these two images we can compute gradient magnitude m for each pixel
as maximum of absolute values from both images (Equation 1). We can also compute gradient
orientation « using the tangent function (Equation 2). This approach was inspired by the work
presented in [1].

Mg,y = max(abs(dzy y), abs(dyg y)) (1)
Oy = tan(dey y, dys ) (2)

Another important operation is constructing of the weight map. This map is used to control the
weight of the image pixels so the pixels in the center of the image have higher weights than pixels at
the image border. Each point in the eye sample has own weight w,, , = €™+, In our algorithm, ng ,
is linear interpolation between 0 for border pixels and 12 for center pixels, according to the pixels
position in the weight map. Exponent values were chosen due to the empirical test results. This
approach is inspired by the FREAK descriptor [11] which used knowledge about human’s retina and
vision sharpness.

After these operations, we have two essential values for each image pixel so we can sort gradient
orientations into 360 bins. Each gradient orientation is dispersed from —10 to 10 degrees and
classified into bins to avoid errors in orientation calculation. Appropriate bin is increased with
value from weighted map. However, we consider only gradients with magnitude higher than 10 (we
consider magnitude values from 0 to 255) to avoid non-significant gradients.

3.2 Orientations function

Following step of the gradient descriptor construction is the processing of the 360-binned orientation
function. Input orientation function has a lot of local minima and maxima, therefore we smooth
the function. Each bin is smoothed using average value from the four closest bins. We smooth the
function until it has 4 extremes exactly — two minima and two maxima. As we consider aligned
eye samples, these extremes are often around 0, 90, 180, 270 degrees. We use the fact that open
eyes (Figure 1) have maximum with highest value around 90 degrees, but closed eyes have higher
maximum around 270 degrees bin (Figure 2). That is because an open eye has more gradients
oriented vertically down near the eye center. Moreover, open eye sample has bigger disperse of the
maximum peak what is caused by higher amount of horizontal orientations around the iris.

Smoothed function is then aligned to the first local maximum. Rotation invariance can be
guaranteed by shifting bin values according to the rotation angle. This angle can be computed as the
angle between line connecting both irises and horizontal line.

Orientations function with 4 extremes is used to construct the final gradient descriptor. Our
proposed descriptor consists of 8 numbers — four pairs. Each pair represents one extreme or peak
and consists of two numbers rate, , and distance, ,. rate, , represents the rate of the peak height
among other peaks. This means that summed size of all four peaks gives 1. distance, , represents
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Figure 1. Orientations function of the open eye samples. Function is averaged from 200 eye samples. As we
can see, function has two local maxima and first maximum has higher value.
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Figure 2. Orientations function of the closed eye samples. Function is averaged from 200 eye samples. Function
has also two local maxima, but second maximum has higher value.

the number of bins located between considered peak and the closest right peak. Descriptor O
represents descriptor of averaged vector from 200 open eye samples (Equation 3).

O =10.59,0.30,0.10, 0.18,0.24, 0.22, 0.07, 0.30] 3)

4 Evaluation

Both types of eye states (open and closed) are used to train the SVM classifier. In this paper we
construct the SVM from 200 open eye and 200 closed eye samples. Trained SVM is used for further
state prediction. Testing was performed on other 200 open and 200 closed eyes and results are
summarized in the Table 1.

Evaluation of the descriptors’ accuracy was performed on our own eye dataset, which consists
of the six individuals sitting in front of the camera. Eye samples were acquired using Viola — Jones
eye detector and gradient pupil locator at the average resolution of 24 x 24 pixels.

Our method based on the gradient orientations and image weighting achieved accuracy of 87.8%.
We have compared our final gradient descriptor to two other methods.

First of the compared methods is the gradient descriptor without weighting. Absence of weight-
ing supports the fact that the strong links like eyelashes or eyebrows can cause loss of accuracy. This
eye features have strong gradients which are not ignored as in the weighting method. Therefore the
method achieved accuracy of 71.0%.

Another compared method is SIFT descriptor [9]. Our implementation of the descriptor has one
point of interest located in the center of the sample with interest area stretched on the whole sample.
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Table 1. Results of all tested methods. TP represents true positive rate (correctly identified closed eye) and TN
represents true negative rate (correctly identified open eye).

Method TP TN overall
No weighted | 67.5% | 74.5% | 71.0%
Weighted 93.5% | 82.0% | 87.8%
Sift 95.0% | 93.5% | 94.3%

Final descriptor has 128 dimensions — quantized gradient directions, as usual. This descriptor
achieved accuracy of 94.3%.

5 Conclusion

In this paper we proposed the method of constructing feature descriptor based on gradient orientations.
Our solution involves gradient orientations calculation and sorting, weighting and descriptor building.
Descriptors of open and closed eye samples were used to train the SVM, which is used to predict
results. Proposed method achieves accuracy of 87.8%.

Although we do not achieve the accuracy of SIFT descriptor, our descriptor consists of 8
numbers only which might result in the potential performance increase. Our method depends on the
eye alignment what can affect the gradient orientations and subsequently the feature descriptor. We
consider the result encouraging and see the potential of the method in the further enhancement.

We want to focus on the location of significant eye regions and use them to adjust the weighting.
Moreover, we want to use the improved descriptor to implement eye-blink detector. Knowing the
information about the current eye closure can lead to the estimation of the blink duration and blink
frequency. Our future aim is to build a detector with fair trade-off and acceptable solution robustness.
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IIT.SRC 2014 poster

Poster was presented at Student Research Conference in Informatics and Information Tech-
nologies as presentation of our IIT.SRC paper Eye-Blink Detection Using Gradient Orienta-
tions [Drutarovsky 2014].
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Resumé

1 Uvod

Clovek potrebuje spanok. Spanok nie je moZnost'ou vol'by, ale je to nevyhnutnd sucast’
nasho Zivota. Cim viac sa snaZfme nespat’, tym viac sa naSe o¢i zatvdraji. VzhI'adom k
snahe prekonat’ spanok, moZe I'udské telo upadnit’ do mikrospanku. Mikrospédnok je kratky
a nevedomy moment spanku, ktory moze trvat’ od zlomku sekundy aZ po tridsat’ sekund.
Pri¢inou mikrospanku st ¢asto poruchy spanku, mentalne poruchy, lieky alebo neurologické
problémy. Mikrospanok mdze nastat’ takmer kedykol'vek, avSak najnebezpecnejSie je, ak
nastane pocas Soférovania.

Mikrospdnok casto nastane bez vedomia vodica a je sprevddzany prazdnym pohl’adom do
dial’ky, alebo padnutim hlavy, & prediZzenym uzatvdranim oka. Dokonca mdZe nastat’ aj pri
otvorenych ociach. Existuje mnoho rieSeni ako sa vyhnit' spanku za volantom. Niektoré su
lacné, ale nie az tak spol’ahlivé. Iné st pomerne narocné na vypoctovu techniku, no ich pres-
nost’ aj tak nie je zarucend. Stiidie hovoria, Ze zatvaranie o¢ného vietka a aktivita zmurkania
patria k najspol’ ahlivej§im znakom prichodu mikrospanku. Z tohto dovodu sa chceme zame-
rat’ na sledovanie o¢i a analyzu Zmurkania. Chceme pontknut’ rieSenie, ktoré by bolo jed-
noduché a dostupné a pritom spol’ahlivé a dostato¢ne presné. Ciel’om je vytvorit’ aplikdciu,
ktord by vedela detegovat’ Zmurknutie a jeho analyzou by prispela k odhaleniu prichddzaju-
ceho mikrospéanku.

1.1 Poziadavky

Nasim ciel'om je vyvinat aplikéciu, ktord by poskytovala kompromis medzi presnost'ou
rieSenia a jednoduchost’ ou pouzitych metdd. Nase rieSenie, ktoré by detegovalo vodica, musi
spliat’ niekol'’ko nasledujucich poziadaviek:

e presné algoritmy detekcie, ktoré pracuju v redlnom Case,
e akceptovatel' ny pomer uspesnej detekcie,

e nizke mnoZstvo faloSnych pozitivov,

e algoritmy pracujuce nad Ciernobielou snimkou,

e nevnucujlce sa riesenie.

Aj ked’ sa chceme zamerat’ na detekciu za dennych podmienok, poZzadujeme algoritmy pra-
cujuce s ¢iernobielou snimkou. Chceme, aby naSe rieSenie bolo I'ahko rozsiritel'né o infra-
cervenu kameru, ktord by vedela detegovat’ aj v noci.

2 Analyza dostupnych rieSeni

Efektivna prevencia pred mikrospdnkom v sebe urcite zahffia mnoZstvo komercnych aj ne-
komercnych rieSeni, ktoré si schopné odhalit’ spanok alebo tnavu vodica. Tieto systémy
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modZeme delit’ na dve skupiny: detekcné systémy zaloZené na snimani oci a tie, ktoré oci
nesnimaju.

2.1 Systémy nesnimajuice oci

Tieto detekEné systémy nesnimaji oci vodica, ale na zdklade inych podnetov sa snaZia od-
halit’ mikrospanok alebo aspoil inavu. Nie st dostatocne spol’ahlivé, avSak ich popularita
je vysoka vzhl'adom k ich cene a dostupnosti. Mnoho sticasne najznamejSich automobilo-
vych spolo¢nosti pontka integrované systémy, ktoré dokdzu analyzovat’ spravanie vodica a
tym pddom odporuclit’ prestidvku v pripade podozrivého spravania. Medzi také systémy pat-
ria Driver Alert control od Volvo, Driver Alert od Ford, Attention Assist od Mercedes-Benz,
Lane Assist od Volkswagen alebo aj Driver Drowsiness Detector od Bosch.

Inymi systémami na detekciu spanku sd systémy monitorujice prvky l'udského tela. Na-
pZapper je zauSny pristroj, ktory sa aktivuje v pripade padnutia hlavy. Stopsleep pontka
naprstok, ktory na zdklade vodivosti koze dokaze predpovedat’ tnavu. Holux vyvinul pds
merajuci aktivitu srdca, ktord Casto odpoveda redlnej situdcii vodica na ceste.

2.2 Systémy snimajice oci

Druhou skupinou detekénych systémov su systémy, ktoré snimaju oci vodica a na zdklade
merani dokazu urcit’ a predpovedat’ mnoho charakteristik mikrospanku. Jednou z ddlezitych
charakteristik je aj PERCLOS, o vyjadruje percentudlne uzatvorenia oka. Analyza tejto
hodnoty dokédze verne opisat’ aktudlny stav cloveka — jeho stupeni inavy. Niektoré systémy
vyuZzivaji Houghovu transforméciu na urcenie pozicie zrenicky a tym padom aj jej PERC-
LOS, avsak tieto metddy nevykazuji dostatoCne vysoky pomer uspesSnosti.

Iné rieSenie pontka detekciu unavy na zdklade analyzy krivky Zmurkani. RieSenie vyuZiva
detekciu tvare a o¢i za pomoci neurénovych sieti. Nasledne sa pomocou analyzy pixelov v
oblasti o¢i vyextrahuju prvky oci, ktorych analyza poskytne parametre potrebné na urcenie
Zmurknutia. V préci autori meraji pomer dlhych Zmurknuti k celkovému poctu Zmurknuti,
pomer Casu kedy boli oci zavreté k celkovému Casu simuldcie a tieZ aj frekvenciu Zmurknuti
za jednu minutu.

RieSenie pomocou horizontdlnej symetrie vyuZiva geometrické vlastnosti oka. Kazda dete-
govand vzorka oka sa podrobi analyze, kde je snimka rozdelend na polovice horizontidlnou
Ciarou. Tieto dve polovice sa prelozia a vypocita sa rozdiel intenzit prislichajicich pixe-
lov. Na zdklade prednastaveného prahu sa nasledne rozhodne o stave oka — otvorené alebo
zavreté.

Vd’aka analyze dostupnych rieSeni sme zistili, Ze postup metdd nasho algoritmu by mohol
byt nasledovny:

e detekcia tvare,

detekcia oci,

sledovanie odi,

detekcia Zmurknutia,

analyza Zmurknuti.
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3 Detekcia a sledovanie oc¢i a tvare

Medzi hlavné Casti ndsho algoritmu by nepochybne mali patrit’ algoritmy, ktoré dokdzZu de-
tegovat’ tvar a oCi a popripade ich aj sledovat’. Je podstatné, aby takéto algoritmy pracovali
v redlnom Case a tym paddom by nespomal ovali beh programu.

Asi najznamejSim algoritmom na detekciu objektov, rozsireny na detekciu tvare a oci je
Viola—Jones algoritmus navrhnuty v roku 2001. VyuZziva kaskadu klasifikatorov s Haarovym
prvkami. Metéda pouZiva posuvné okno, ktoré sa postiva cez snimku a odhal’uje detegované
objekty. Pre urychlenie algoritmu sa v algoritme nachddzaji vypocty za pomoci integrdlne
obrazku, metédy ucenia zaloZenej na AdaBoost a tiez Struktdra kaskad, ktord filtruje od
negativnych pod-okien.

Dal§fm zaujimavym rieSenim problému detekcie a sledovania objektov je TLD tracker. Ide
o doposial’ nezndmy algoritmus, ktory je schopny sledovat’ objekt na po sebe iducich snim-
kach. Jeho princip je zaloZeny na sprdvnom spojenim troch prvkov:

e tracking — sledovanie,
e learning — ucenie,
e detection — detegovanie.

Sledovanie objektu sa deje na zdklade KLT trackeru. Faza ucenia je spojena s vyuZitim P-
expertov a N-expertov, ktori dokdzu rozhodovat’ o pritomnosti alebo nepritomnosti objektu
na snimke. Detektor vyuziva Object model, ktory reprezentuje mnoZinu doposial’ nau¢enych
pozitivnych a negativnych vzoriek.

Medzi pomerne uspe$né detekcie tvare a charakteristickych prvkov tvare patri aj Active
Shape Model. Algoritmus je schopny s celkom vel’kost’ presnost'ou urcit’ polohu prvkov
tvare na zdklade deformacnej mapy tvdre.

Z oblasti pocitacového videnia pozndme aj algoritmy poskytujice lokalizaciu zrenicky po-
mocou projekénych funkcii alebo na zaklade analyzy hran.

4 Detekcia zmurknutia

Medzi najspol ahlivejSie metddy odhalenia inavy alebo mikrospanku patri detekcia Zmurk-
nutia a jej naslednd analyza. Podl’a dostupnych vyskumov vieme, Ze informdacie ohl’adom
frekvencie, dlzZky a spdsobov Zmurkania ndm pomahaji urcit’ stupen tnavy.

Prvou z analyzovanych metdd je Korelacnd metéda. Pomocou rozdielu po sebe iducich sni-
mok sa nédjde presna poloha oci. Potom ako mame lokalizované obe oci, algoritmus sa na-
uci vzorku otvoreného a zatvoreného oka. Ndsledne sa v redlnom Case porovnévaju ziskané
vzorky s povodnymi vzorkami a urCuje sa miera koreldcie. Vhodnymi prahmi dokdZeme od-
delit’ ziskané vzorky na otvorené a uzavreté oCi. Takéto urCenie v Case vytvara korelacnu
krivku, ktora slizi na urCenie frekvencie a dfiky Zmurkania.

DalSou metédou, ktora sliZi na odhalenie Zmurknutia, je metéda mnoZstva pixelov v oblasti
o¢i. Regién o¢i md pri oboch stavoch oka (otvorené alebo uzavreté) rozdielny prejav. V praci
rozoberajucej tento pristup autori vyuZzivaju rdzne filtre na vhodné spracovanie regiénu oci —
medidnovy filter, invertovanie, iluminacnd kompenz4cia a binarizdcia. Vystupom je bindrny
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obrazok oblasti o¢i, ktorym vieme vyratat’” pocet pixelov s najniZSou intenzitou. Pomocou
SVM Kklasifikédtora vieme v redlnom Case rozhodovat’ o stave oka.

Detekcia Zmurknutia je mozna aj vyuZzitim optického toku. Monitorovanie obyCajnou we-
bovou kamerou vracia snimky, nad ktorymi je vyhl'adand tvéar ¢loveka. Nésledne sa urci
Zmurknutie pomocou tychto krokov:

e vypocet optického toku nad tvéarou,

e normalizdcia optického toku,

e roticia toku vektorov,

e odhad hlavného smeru toku,

e cxtrakcia Zmurknutia pouZzitim adaptivneho prahu.

Pomocou tychto krokov dokdZeme merat’ frekvenciu Zmurkania, priemerna dlzka Zmurknu-
tia, priemernd dlzka uzatvoreného oka.

Vertikdlna projekcia intenzity pixelov je poslednd z analyzovanych metdd. Projekcia inten-
zity v kazdom riadku je vlastne suma intenzit pixelov. Spojenie hodnét projekcie pre vSetky
riadky vytvara projekénu funkciu. Na zdklade geometrickych charakteristik tejto krivky do-
kdZeme vypocitat’ pomer hovoriaci o otvorenosti oka. Problémom tejto metddy moze byt
roznorodost’ typov o¢i 'udskej populécie.

5 Navrhované detek¢né algoritmy

Detekcia Zmurknutia je ndarocny problém. V nasej praci uvazujeme dva hlavné typy detekcie
Zmurknutia — staticka detekcia snimkov a detekcia pomocou sekvencnej analyzy.

5.1 Staticka detekcia zmurknutia

Prvym typom detekcie Zmurknutia je statickd detekcia, ktord rozhoduje o stave oka (otvorené
alebo uzavreté) pre kazdy snimok samostatne. O stave oka mo6Zeme rozhodovat’ na zaklade
vhodného deskriptora a SVM Kklasifikatora. Predtym ako klasifikdtor vriti bindrnu odpoved’
na vzorku oka, musi byt natrénovany na statickych pozitivnych a negativnych vzorkach. V
tejto sekcii opisujeme niekol'’ko metdd na konstrukciu deskriptora.

5.1.1 Vertikalna projekcia intenzity

Nasa implementacia Vertikdlnek projekcie intenzity (VPI) vyuZiva fakt, Ze otvorené a za-
tvorené oko maju rozdielny prejav v rdmci VPI. Vertikdlna projekcia je priemernd intenzita
pixelov v riadku vypocitand ako ich suma vydelend poctom pixelov. VPI funkcia celej vzorky
je povazovany za deskriptor. Oba druhy stavov oka maji rozdielne VPI funkcie — liSia sa v
cet tmavych pixelov, viditel'nt zrenicku (Co zniZuje VPI hodnoty), mensSiu a tmavsiu oblast’
medzi zrenickou a obo¢im a menSie rozdiely vo vertikdlnom priereze funkcie. VSetky tieto
menované charakteristiky priddvaju k diskriminativnosti klasifikdtora, ¢o je vel’'mi potrebné
pre spravne rozliSovanie v SVM.
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5.1.2 SIFT deskriptor

V naSej prici sme implementovali aj zndmy SIFT deskriptor. Vyuzivame SIFT, aby sme
demonStrovali potencidl gradientov pre rozliSovanie stavov o¢i. SIFT deskriptor je vyratany
nad jednym kI'icovym bodom umiestnenym v strede obrdzka, s nulovou orientdciou a s
vel'kost’ ou kI'icového bodu, ktory pokryva celi snimku. Vel'kost’ kI'ti¢ového bodu bola
vybrand na zdklade testovania. Pred vypoctom SIFT deskriptora filtrujeme obrazok pomocou
Gaussovho filtra. SIFT deskriptor je 128 prvkovy vektor, ktory je invariantny voci otoceniu.

5.1.3 Vlastné gradientové deskriptory

InSpirovany SIFT deskriptorom sme vyvinuli vlastné gradientové deskirptory, aby sme de-
monStrovali vhodnejSie prisposobenie gradientov na problém opis stavu oka. Nasa metéda
ponuka kalkulédciu gradientov a triedenie orientécii.

Vypocet gradientov sa deje pre vSetky snimky, ktoré maji oko zarovnané na stred snimky.
Metdda vyuZziva Sobelov operdtor na filtrovanie hrdn. Nésledne su nad obrdzkom vypocitané
derivaty gradientov v horizontdlnom aj vertikdlnom smere. Vysledkom su ziskané orientécie
a sily gradientov.

Dolezitym bodom tohto algoritmu je konStruovanie vahovej mapy. T4 sa vyuZiva na prispo-
sobenie hodndt priznacnejsich gradientov, ktoré sa nachddzaji v strede snimky — v strede
oka. Mapa vah mé najmenSie hodnoty na krajoch snimky a maximdalnu hodnotu v strede
snimky. Medzi hodnoty st vyritané na zdklade exponencidlnej funkcie. Tento pristup bol
inSpirovany FREAK deskriptorom.

OrientaCnd funkcia je poskladana vytriedenim orientécii gradientov do binov. Po triedeni
je funkcia vyhladena na Styri lokdlne extrémy. Tieto extrémy su pouZité na vytvorenie des-
kriptora, ktory mé osem prvkov. Styri dvojice vyjadruji vzdialenosti od susednych binov
a pomer vel'kosti extrému k ostatnym extrémom.

Hodnotenie tejto metddy ukazalo, Ze nad dobre zarovnanymi ocami funguje metdda relativne
spol’ahlivo, avSak nie aZ tak spol’ahlivo ako SIFT. Testovanie prebehlo na naSom vlastnom
datasete s vlastnymi snimkami oci, ktoré boli ziskané od 6 subjektov. Vel'’kost’ datasetu je
200 pozitivnych a 200 negativnych snimok.

5.2 Sekvenéna analyza

Druhy spdsob detekcie Zmurknutia je zaloZeny na sekvencnej analyze po sebe idicich sni-
mok. V naSej praci vyuZivame KLT Tracker, ktory dokdze sledovat’ body roztrisené v ob-
lastiach oc¢i. KLT Tracker pouziva charakteristiky intenzity a priestorového rozmiestnenia
vstupnych bodov na ziskanie vystupnych bodov.

Nasa metdda sleduje o¢i samostatne. Po inicializacii pomocou Viola—Jones algoritmu roz-
miestnime v oblastiach o¢i body, ktoré budu sledované trackerom. Body st rozmiestnené
podl’a pravidelnej mriezky prisposobujuc sa vel’kosti okna. Trackovanie mé za dlohu ndjst’
posunutie bodu, ktory don vstupuje. Trackovanie v§ak mo6Ze poskytovat’ aj faloSné posunutia,
ktoré musime oSetrovat’ eSte pred spracovanim tychto bodov. Body s priliSnym posunutim
alebo body vzdialené od stredu oblasti si nazyvani outsajdermi.
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Prinosom naSej metédy je vypocet obvodného Stvorca, ktory uvaZuje vzdialenosti bodov
od stredu oka. Body st vytriedené do binov na zédklade ich vzdialenosti od stredu oblasti.
Pomocou binov sa ndjde medzera vzdialenosti, ktora urcuje hranicu outsajderov.

Rozhodovanie o vyskyte zmurknutia ma na zodpovednosti bunkova metéda. Stvorec oka
je rozdeleny na 9 rovnakych &asti. Zmurknutie sa prejavuje vnitornymi pohybmi, ktoré su
zloZzené z pohybu dole a ndslednym pohybom hore. Spravne uréenie takychto pohybov sa
odhaduje pomocou testom ziskaného prahu a tiez je zdvislé od FPS, pretoze vysSie FPS
poskytuje viac snimkov, kde sa zmeny prejavujd v menSom.

Druhou navrhovanou metédou pre detegovanie Zmurknutia je metéda zmeny pohybov. Pre
kazdd snimku zatriedime bod do vhodného binu na zdklade vel'kosti jeho vertikdlnej zmeny
a to pre kladny a zdporny smer zvlast' . Podl’a pozorovania je Zmurknutie sprevadzané znacne
vys$S§im poctom nenulovych binov ako iné zarovnané pohyby. Tento fakt vyuZivame v stavo-
vom automate, ktory taktiez vyZzaduje pohyb dole s naslednym pohybom hore.

Dolezitym prvkom algoritmu je reinicializacia. Reinicializovanie obnovuje pdvodné hodnoty
a znovu rozmiestiiuje body oci. Nastdva v tychto pripadoch:

e vysoky pocet stratenych bodov,
e nastalo Zmurknutie,
e po istom pocte snimok (uplynuty cas).

Bunkova metdéda dosahuje vel'mi dobré vysledky na Talking databaze s iba dvomi neza-
chytenymi Zmurknutiami. Nasa metdda dosiahla teda 96.7% tspeSnost’, Co je lepSie ako v
analyzovanej préci zaloZenej na optickom toku.

6 Zaver

Bakaldrska praca sa zaoberd problémom mikrospanku za vyuZitia detekcie Zmurknutia. Pr-
vou Cast'ou préace je analyza dostupnych rieSeni. Charakterizovali sme aj komercné a ne-
komercné riesenia. Nasledovne sme analyzovali detekéné systémy, ktoré pouzivaji rdzne
prvky pocitacového videnia na detekciu Zmurknutia. Detekcia tvare a o¢i bola spolu s ich
sledovanim analyzovana v d’alSej kapitole.

Nasim ciel’om bolo vybudovat’ aplikdciu, ktord by dokdzala monitorovat’ vodica a predpove-
dala by prichddzajici mikrospanok. Neboli sme schopny vyvinidt' takito aplikaciu zaloZenu
na analyze frekvencie a dizky Zmurknutia, av§ak zamerali sme sa na skontruovanie spol’ah-
livého detektor Zzmurknutia. Prave on je hlavnym prvkom tuspesnej detekcie mikrospanku.
Névrh a testovanie vlastnych metdd bolo navrhnuté v druhej Casti bakalarskej prace.

Ponukli sme vlastné rieSenie za pomoci deskriptora gradientov, ktory vyuZiva priznacné gra-
dienty oCi. Spojeneie deskriptora a SVM dosahovalo porovnatel'né vysledky ako SIFT des-
kriptor. Dalej sme implementovali a testovali Vertikdlnu Projekciu Intenzity.

Dal3ou skupinou navrhnutych algoritmov na detekciu murknutia boli takzvané sekvenéné
analyzy po sebe iddcich snimok. Vyvinuli sme a testovali detektor Zmurknutia, ktory do-
siahol lepSie vysledky ako rieSenie navrhované v praci Divjaka a Bischofa. NaSe rieSenie
povaZujeme za dostatocne perspektivne na vyuzitie v aplikaciach pre detekciu mikrospanku
alebo inych aplikdciach pre Zmurknutie.
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