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Abstract|

protot yp e driv er fatigue

This pap er describ es a real-time online

monitor. It uses remotely

located CCD cameras equipp ed with activ e IR illu-

minators to acquire video images of the driv er. Var-

ious visual cues typically characterizing the level of

alertness of a person are extracted in real time and

systematically ~ com bined to infer the fatigue level of

the driv er. The visual cues emplo yed characterize

eyelid movement, gaze movement, head movement,

and facial expression. A probabilistic  mo del is dev el-

oped to model human fatigue and to predict fatigue

based on the visual cues obtained. The sim ultane-

ous use of multiple visual cues and their systematic

com bination yields a much more robust and accurate

fatigue characterization than wusing a single visual

cue. The system was validated under real life fatigue

conditions  with human sub jects of dieren t ethnic

backgrounds, dieren t genders, ages, with/without

glasses, and under dieren t illumination conditions,

and it was found reasonably robust, reliable and ac-
curate in fatigue characterization.
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has becomea problem of serious concernto scoci-
ety. Driverswith a diminished vigilance level su er
from a marked decline in their abilities of percep-
tion, recognition, and vehicle cortrol and therefore
poseseriousdangerto their own life and the livesof
other people. Statistics shaw that a leading cause
for fatal or injury-causing trac acciderts is due
to driverswith a diminished vigilance level. In the
trucking industry, 57%fatal truck acciderts are due
to driver fatigue. It is the number 1 causefor heavy
truck crashes.70% of American driversreport driv-
ing fatigued. The National Highway Trac Safety
Administration (NHTSA) [1] estimates that there
are 100,000 crashes, which are causedby drowsy
driversand result in more than 1,500fatalities and
71,000 injuries ead year in U.S. With the ewver-
growing tra ¢ conditions, this problem will further
deteriorate. For this reason,developing systemsac-
tively monitoring a driver's level of vigilance and
alerting the driver of any insecure driving condi-
tions is essetial to accident prevertion.

Many e orts [2], [3], [4], [S], [6], [7]. [8]. [9], [10],
[11], [22], [13], [14], [15], [16], [17], [18], [19], [20],
[21] have beenreported in the literature for devel-
oping active safety systemsfor reducing the number
of automobile acciderts due to reduced vigilance.
The techniques can be classi ed into the following

categories[22].

Readiness-to-grform and tness-for-duty tech-



nologies
Thesetechnologies[10], [11], [12] attempt to assess
the vigilance capacity of an operator beforethe work
is performed. The tests conducted to assessthe
vigilance level of the operator consistof two groups:
performance-basedr measuringocular physiology.
Mathematical models of alertness dynamics
joined with ambulatory technologies
The technologies use the mathematical models to
predict operator alertnessand performance at dif-
ferent times based on interactions of sleep, circa-
dian, and related temporal antecedens of fatigue
[13], [14], [15].
Vehicle-basedperformancetechnologies
Thesetechnologiesdetect the behavior of the driver
by monitoring the transportation hardware systems
under the control of the driver, such as driver's
steering wheel movemens, driver's acceleration,
braking and gear changing [16], [17], [18].
In-vehicle, on-line, operator status monitoring
technologies
The technologiesin this category seekto real-time
record some bio-behavioral dimension(s) of an op-
erator, such asfeature of the eyes,face, head, heart,
brain activity, reaction time etc., during driving
[19], [20], [21].

for measuremets, the technologiescan be further

According to the methods used

divided into three types. The rst type employs
electroencephalographmeasures(EEG), based on
which most of successfulequipmerts deweloped are
for o -line fatigue monitoring. Also, there is an on-
line version called \Mind Switch" that usesa head-
band device,in which, the electrodesare embedded
to make contact with the driver's scalpsoasto mea-
sure the brain waves. Ocular measuresare usedin

the secondtype, which is consideredas the most

suitable way for on-line monitoring. So far, many
eye blinking, pupil response, eye closure and eye
movement monitors have been dewveloped. Other
physiological/bio-behavioral measuresused in the
third type include tone of facial muscles(facial ex-
pression), body posturesand head noddings.

Among di erent techniques, the best detection
accuracy is achieved with techniquesthat measure
physiological conditions lik e brain waves, heart rate,
and pulse rate [9], [23]. Requiring physical contact
with drivers (e.g., attaching electrodes), thesetech-
nigues are intrusive, causing annoyanceto drivers.
Good results have also been reported with tech-
niguesthat monitor eyelid movemert and eye gaze
with a head-mourted eye tracker or special con-
tact lens. Results from monitoring head movemert
[24] with a head-mourt deviceare alsoencouraging.
Thesetechniques,though lessintrusive, are still not
practically acceptable. A driver's state of vigilance
can also be characterized by the behaviors of the
vehicle he/she operates. Vehicle behaviors includ-
ing speed, lateral position, turning angle, and mov-
ing courseare good indicators of a driver's alertness
level. While thesetechniques may be implemented
non-intrusively, they are, nevertheless, subject to
seweral limitations including the vehicletype, driver
experiences,and driving conditions [3].

Peoplein fatigue exhibit certain visual behaviors
easily obsenable from changesin facial featureslike
the eyes,head, and face. Visual behaviors that typ-
ically re ect a person'slevel of fatigue include eyelid
movemen, gaze,head movemen and facial expres-
sion. To make use of these visual cues, another
increasingly popular and non-invasive approac for
monitoring fatigue is to assessa driver's vigilance

level through visual obsenation of his/her physical



conditions using a remote cameraand state-of-the-
art technologiesin computer vision. Tecniquesus-
ing computer vision are aimed at extracting visual
characteristics that typically characterize a driver's
vigilance level from his/her video images. In a re-
cert workshop [25] sponsored by the Department
of Transportation (DOT) on driver's vigilance, it
is concluded that computer vision represens the
most promising non-invasive technology to monitor
driver's vigilance.

Many e orts have beenreported in the literature
on deweloping active real-time image-basedfatigue
monitoring systems[26], [2], [3], [6], [8], [9]. [4], [5],
[27], [28], [29], [30], [31], [32], [33]. These e orts
are primarily focused on detecting driver fatigue.
For example, Ishii [8] et al introduced a system for
characterizing a driver's mertal state from his facial
expression. Saito et al [2] proposeda vision system
to detect a driver's physical and mertal conditions
from line of sight (gaze). Boverie et al [4] described
a systemfor monitoring driving vigilance by study-
ing the eyelid movemert. Their preliminary evalu-
ation revealed promising results of their system for
characterizing a driver's vigilance level using eye-
lid movemert. Ueno et al [3] described a system
for drowsinessdetection by recognizing whether a
driver's eyesare open or closed,and, if open, com-
puting the degree of eye openness. Their study
showedthat the performanceof their systemis com-
parable with those of techniquesusing physiological
signals.

Although the success of the existing ap-
proaches/systemsfor extracting characteristics of a
driver using computer vision technologies, current
e orts in this area, howewver, focus on using only a

single visual cue sudh as eyelid movemert or line

of sight or head orientation to characterize driver's
state of alertness. The systemrelying on a single vi-
sual cue may encourter di cult y whenthe required
visual features cannot be acquired accurately or re-
liably. For example,driverswith glassescould pose
seriousproblem to thosetechniquesbasedon detect-
ing eye characteristics. Glassescan causeglare and
may betotally opaqueto light, making it impossible
for camerato monitor eye movemen. Furthermore,
the degreeof eye opennessmay vary from peopleto
people. Another potential problem with the use of
a single visual cue is that the obtained visual fea-
ture is often ambiguous, therefore can not always be
indicativ e of one'smental conditions. For example,
the irregular head movemert or line of sight (like
briey look badk or at the minor) may yield false
alarms for such a system.

All those visual cues,however imperfect they are
individually , if combined systematically, can pro-
vide an accurate characterization of a driver's level
of vigilance. It is our belief that simultaneous ex-
traction and use of multiple visual cuescan reduce
the uncertainty and resolve the ambiguity presert in
the information from a single source. The system-
atic integration of thesevisual parameters,however,
requires a fatigue model that models the fatigue
generationprocessand is able to systematically pre-
dict fatigue basedon the available visual aswell as
the relevant contextual information. The systemwe
proposecan simultaneously, non-intrusively, and in
real time monitor seweral visual behaviors that typ-
ically characterize a person'slevel of alertnesswhile
driving. Thesevisual cuesinclude eyelid movemert,
pupil movemert, head movemen and facial expres-
sion. The fatigue parameterscomputed from these

visual cuesare subsequetly combined probabilisti-



cally to form a composite fatigue index that could
robustly, accurately, and consisterlly characterize
one'svigilance level. Figure 1 givesan overview of

our driver vigilance monitoring system.
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Fig. 1. A owechart of the proposed driv er vigilance moni-

toring system

The paper consistsof three parts. First, the pa-
per focuseson discussionof the computer vision al-
gorithms and the necessaryhardware componerts
to extract the neededvisual cues. Second,after ex-
tracting thesevisual cues,the issueof sensorydata
fusion and fatigue modeling and inference is dis-
cussed. Finally, experiments under real life condi-
tions are conductedto validate our driver vigilance

monitoring system.

1. Eye Detection and Tra cking

Fatigue monitoring starts with extracting visual

parameterstypically characterizing a person'slevel

of vigilance. This is accomplishedvia a computer
vision system. In this section, we discussthe com-
puter vision system we deweloped to acdhieve this
goal. Figure 2 provides an overview of our visual
cues extraction system for driver fatigue monitor-
ing. The system consistsof two cameras: one wide
angle camerafocusing on the faceand another nar-
row angle camera focusing on the eyes. The wide
anglescameramonitors head movemert and facial
expressionwhile the narrow angle cameramonitors
eyelid and gazemovemerts. The systemstarts with

eye detection and tracking.
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Fig. 2. Overview of the driv er vigilance monitoring system

The goal of eye detection and tracking is for sub-
sequen eyelid movemert monitoring, gazedetermi-
nation, face orientation estimation and facial ex-
pression analysis. A robust, accurate, and real-
time eye tracker is therefore crucial. In this re-
seard, we proposereal-time robust methods for eye
tracking under variable lighting conditions and face
orientations, based on combining the appearance-
based methods and the active IR illumination ap-

proach. Combining the respective strengths of dif-



ferent complemenary techniques and overcoming
their shortcomings, the proposed method usesac-
tiveinfrared illumination to brighten subject's faces
to producethe bright pupil e ect. The bright pupil

e ect and appearanceof eyes (statistic distribution

basedon eye patterns) are utilized simultaneously
for eyes detection and tracking. The latest tech-
nologies in pattern classi cation recognition (the
Support Vector Machine) and in object tracking
(the mean-shift) are employed for eye detection and
tracking basedon eyesappearance.

Our method consists of two parts: eye detec-
tion and eye tracking. Figure 3 summarizes our
eye detection and tracking algorithm. Someof the
ideaspreserted in this paper have beenreported in
[34],[35]. In the sectionsto follow, we summarize

our eye detection and tracking algorithms.
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Fig. 3. The combined eye tracking o wchart

A. Image Acquisition System

Image understanding of visual behaviors starts

with image acquisition. The purpose of image ac-

quisition is to acquire the video imagesof the driver
facein real time. The acquired imagesshould have
relatively consistent photometric property under
dierent climatic/am bient conditions and should
produce distinguishable featuresthat can facilitate
the subsequeh image processing. To this end, the
person'sfaceis illuminated using a near-infrared il-
luminator. The use of infrared illuminator seres
three purposes: rst it minimizes the impact of dif-

ferert ambient light conditions, therefore ensuring
image quality under varying real-world conditions
including poor illumination, day, and night; second,
it allows to produce the bright/dark pupil e ect,

which constitutes the foundation for detection and
tracking the proposedvisual cues. Third, sincenear
infrared is barely visible to the driver, this will min-

imize any interferencewith the driver's driving.

Speci cally, our IR illuminator consists of two
sets of IR LEDs, distributed ewvenly and symmet-
rically alongthe circumferenceof two coplanar con-
certric rings as shown in Figure 4. The certer of
both rings coincideswith the camera optical axis.
TheselR LEDs will emit non-coheren IR energyin

the 800to 900 nanometer region of the spectrum.

Fig. 4.

con guration

An actual photo of the two rings IR illuminator



The bright pupil image is produced when the in-
ner ring of IR LEDs is turned on and the dark pupil
imageis producedwhen the outer ring is turned on.
This is cortrolled via a video decader. An example
of the bright/dark pupils is givenin Figure 5. Note
the glint * appears on both the dark and bright

pupil images.

_ Bright pupils =

(a) bright pupils with glints

Glint

(b) dark pupils with glints

Fig. 5. Bright and dark pupil images with glints

B. Eye Detection

Eyestracking starts with eyesdetection. Figure
6 givesa owchart of the eye detection procedure.
Eyesdetection is accomplishedvia pupils detection

due to the useof active IR illumination.
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Fig. 6. Eye detection block diagram

Eyes

Speci cally, to facilitate pupils detection, we have

lthe small bright spot near the pupil, produced by cornea
re ection of the IR light.

deweloped a circuitry to syndhronize the inner ring
of LEDs and outer ring of LEDs with the even and
odd elds of the interlaced image respectively so
that they canbeturned onand o alternately. The
interlaced input image is de-interlaced via a video
decder, producing the evenand odd eld imagesas
shown in Figure 7 (a) and (b). While both images
share the same badground and external illumina-

tion, pupils in the even images look signi cantly

brighter than in the odd images. To eliminate the
badground and reduce external light illumination,

the odd image is subtracted from the even image,
producing the di erence image as shown in Figure
7 (c), with most of the background and external il-

lumination e ects removed. The di erence imageis
subsequetly thresholded. A connectedcomponert
analysisis then applied to the thresholdeddi erence
image to identify binary blobs that satisfy certain
sizeand shape constraints as shown in Figure 8 (a).
From Figure 8 (a), we canseethat there are still sev-
eral non-pupil blobs left becausethey are so similar
in shape and size that we can not distinguish the
real pupil blobs from them. Sowe haveto useother
features.

From the dark pupil image as shown in Figure 8
(b), we obsened that ead pupil is surrounded by
the eye region, which has an unique intensity dis-
tribution and appearsdi erent from other parts of
the face. The appearanceof an eye can therefore be
utilized to separateit from non-eyes. We map the
locations of the remaining binary blobs to the dark
pupil images and then apply the Support Vector
Machine (SVM) classi er [36], [37]to automatically
identify the binary blobsthat correspondto eyes. A
large number of training imagesincluding eyesand

non-eyeswereusedto train the SVM classi er. Fig-
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Fig. 7. (a) Even eld image (b) Odd

ure 8 (c) showsthat the SVM eye classi er correctly
identify the real eye regionsas marked and remove
the spurious ones. Details on our eye detection al-

gorithm may be found in [34].

C. Eye Tracking Algorithm

The detected eyes are then tracked frame to
frame. We have developed the following algorithm
for the eye tracking by combining the bright pupil
basedKalman Iter eyetracker with the meanshift
eye tracker [35]. While Kalman Itering accourts
for the dynamics of the moving eyes, mean shift
tracks eyes based on the appearance of the eyes.

We call this two-stageeye tracking.

After locating the eyesin the initial frames, the
Kalman ltering is activated to track bright pupils.
Kalman Iter pupil tracker works reasonably well
under frontal face orientation with eye open. How-
ever, it will fail if the pupils are not bright due to
oblique face orientations, eye closuresor external
illumination interferences. Kalman lter also fails
when suddenhead movemert occursbecausehe as-
sumption of smooth head motion hasbeenviolated.
Therefore, we proposeto use mean shift tracking
to augmert Kalman ltering tracking to overcome

this limitation. If Kalman Itering tracking fails in

(b)

(©

eld image (c) The dierence image

a frame, eye tracking basedon mean shift will take
over. Mean shift tracking is an appearancebased
object tracking method which tracks the eyeregions
accordingto the intensity statistical distributions of
the eye regions and doesn't need bright pupils. It
employs the mean shift analysisto identify an eye
candidate region, which has the most similar ap-
pearanceto the giveneye model in terms of intensity
distribution. Therefore, the meanshift eye tracking
cantrack the eyessuccessfullyunder eye closure or
under oblique face orientations. Also, it is fast and
handlesnoisewell. But it doesnot have the capabil-
ity of self-correctionand the errors thereforetend to
accunulate and propagateto subsequeh framesas
tracking progressesand evertually the tracker drifts

away.

To overcome these limitations with mean shift
tracker, we proposeto combine the Kalman lIter
tracking with the mean shift tracking to overcome
their respective limitations and to take advantage
of their strengths. Speci cally, we take the follow-
ing measures.First, two channels (eye imageswith
dark pupil and bright pupil) are usedto characterize
the statistical distributions of the eyes. Second,the
eye'smodel is contin uously updated by the eyesde-

tected by the last Kalman ltering tracker to avoid



(@) (b)

Fig. 8.

(a) The thresholded dierence image marked with possible pupil candidates; (b) The image marked with possible

eye candidates according to the positions of pupil candidates; (c) The image marked with identied eyes

the error propagation with Mean Shift tracker. Fi-
nally, the experimental determination of the opti-
mal window size and quartization level for mean
shift tracking further enhancethe performance of

our technique.

The two trackers are activated alternately. The
Kalman trackeris rst initiated, assumingthe pres-
enceof the bright pupils. When the bright pupils
appear weak or disappear, the mean shift tracker
is activated to take over the tracking. Mean shift
tracking cortinues until the reappearance of the
bright pupils, when the Kalman tracker takesover.
Eye detection will be activated if the mean shift
tracking fails. These two stage eye trackers work
together and they complemen ead other. The ro-
bustnessof the eye tracker is improved signi cantly.
The Kalman ltering and mean shift tracking algo-

rithms are discussedin [38], [34].

The eye detection and tracking algorithm is
tested with dierent subjects under di erent face
orientations and di erent illuminations. These ex-
periments reveal that our algorithm is more robust
than the corvertional Kalman Iter based bright
pupil tracker, especially for the closedeyesand par-

tially occluded eyes due to the face orientations.

Even under strong external illuminations, we have
achieved good results. Video demosare available at

http:==www.ese.rpi.edu= cvrl=Demo=demo:html.

1. Eyelid Movement Parameters

Eyelid movemert is one of the visual behaviors
that re ect a person'slevel of fatigue. The primary
purposeof eye tracking is to monitor eyelid move-
ments and compute the relevant eyelid movemernt
parameters. Here, we focus on two ocular measures
to characterize the eyelid movemert. The rst one
is Percertage of Eye Closure Over Time (PERC-
LOS) and the secondis AverageEye Closure Speed
(AECS). PERCLOS has been validated and found
to be the most valid ocular parameter for monitor-
ing fatigue [26].

The eye closure/opening speedis a good indicator
of fatigue. It's de ned asthe amount of time needed
to fully closethe eyesor to fully openthe eyes. Our
previous study indicates that the eye closure speed
of a drowsy person is distinctiv ely di erent from
that of an alert person[38].

The degreeof eye opening is characterized by the
shape of pupil. It is obsened that as eyes close,
the pupils start getting occluded by the eyelids and

their shapesget more elliptical. So, we can usethe



ratio of pupil ellipse axesto characterize degreeof
eye opening. The cumulative eye closure duration
over time excluding the time spent on normal eye
blinks is usedto compute PERCLOS. To obtain a
more robust measuremehn for thesetwo parameters,
we compute their running average (time tracking).
To obtain running average of PERCLOS measure-
ment, for example,the program cortin uously tracks
the person's pupil shape and monitors eye closure
at ead time instance. We compute these two pa-
rameters in 30 secondswindow and output them
onto the computer screenin real time, so we can
easily analyze the alert state of the driver. The
plots of the two parameters over time are shawvn
in Figure 9. Also, video demos are available at

http:==www.ese.rpi.edu= cvrl=Demo=demo:html.
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Fig. 9.
movement parameters: the top one displays AECS parameter

(a) Detected eyes and pupils (b) Plots for eyelid

and the bottom one displays PER CLOS parameter.

IV. Face (Head) Orient ation Estima tion

Face (head) pose cortains information about
one'sattention, gaze,and level of fatigue. Facepose
determination is concernedwith computation of the
3D faceorientation and position to detect such head
movemens as head tilts. Frequert head tilts indi-
cate the onsetof fatigue. Furthermore, the nominal
faceorientation while driving is frontal. If the driver
facesin the other directions (e.g., down or sideway)
for an extended period of time, this is due to ei-
ther fatigue or inattention. Face pose estimation,
therefore, can indicate both fatigued and inatten-
tive drivers. For this study, we focuson the former,

i.e., detection of frequert head tilts.

We present a new technique to perform the 2D
face tracking and 3D face pose estimation syn-
chronously. In our method, 3D face poseis tracked
by Kalman Filtering. The initial estimated 3D pose
is usedto guide facetracking in the image, which is
subsequetly usedto re ne the 3D faceposeestima-
tion. Face detection and poseestimation work to-
gether and bene t from ead other. Weak perspec-
tive projection is assumedso that face can be ap-
proximated as a planar object with facial features,
sudh as eyes, nose and mouth, located symmetri-
cally on the plane. Figure 10 summarizesour ap-
proach. Initially , we automatically detect a fronto-
parallel face view basedon the detected eyes [35]
and somesimple anthrop ometric statistics. The de-
tected face region is used as the initial 3D planar
facemodel. The 3D faceposeis then tracked start-
ing from the fronto-parallel facepose. During track-
ing, the 3D facemodel is updated dynamically, and
the facedetection and face poseestimation are syn-

chronized and kept consistert with ead other.
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Fig. 10. The o wchart of face pose tracking

We will discussour face posetracking algorithm

briey asfollows.

A. Automatic 3D Face Model and Pose Initializa-

tion

In our algorithm, we should have a fronto-parallel
face to represen the initial face model. This ini-
tialization is automatically accomplishedby using
the eye tracking technique we have deweloped [35].
Speci cally, the subject starts in fronto-parallel face
pose position with the face facing directly to the
cameraasshownnin gure 11. The eyetracking tech-
nigue is then activated to detect eyes. After detect-
ing the eyes,the rst stepisto computethe distance
deyes betweentwo eyes. Then, the distance between
the detected eyes, eyeslocations and the anthrop o-
metric proportions are usedto estimate the scope
and the location of the facein the image automat-
ically. Experiments show that our face detection
method works well for all the faceswe tested. Ex-
ample of the detected frontal face region is shovn

in Figure 11. Once the face region is decided, we

10

will treat it as our initial face model, whose pose
parametersare usedasinitial faceposeparameters.
Compared with the existing frontal face detec-
tion methods, ours takes full advantage of the de-
tected eyesto guide the detection of the frontal face,
and it is simple, robust and automatic. In [39], we
also demonstrate the tolerance of our face initial-
ization to slight deviations from the fronto-parallel
faceposeand to perturbations of initial positions of

the face.

B. Face Pose Tracking Algorithm

Given the initial faceimage and its posein the
rst frame, the task of nding the facelocation and
the face posein subsequen frames can be imple-
mented as simultaneous 3D face posetracking and
face detection described in [39].

Based on the detected face posein the previous
frame, we can usethe Kalman Filtering to predict
the face posein the next frame. But the predic-
tion based on Kalman Filtering assumessmooth
face movemerts. The prediction will be o signi -
cantly if head undergoesa suddenrapid movemert.
To handle this issue,we proposeto approximate the
face movemert with eyes movemert since eyescan
be reliably detected in ead frame. Then the nal
predicted face poseis basedon combining the one
from Kalman Filtering with the onefrom eyes. The
simultaneoususeof Kalman Filtering and eye's mo-
tion allowsto perform accuratefaceposeprediction
even under signi cant or rapid head movemerts.
Details on our face pose estimation and tracking
algorithm may be found at [39].

The proposedalgorithm is tested with numerous
image sequence®f di erent people. The image se-

guencesinclude a person rotating his head before
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Fig. 11. The initial face model

an un-calibrated camera,which is approximately 1:5
meter from the person. Figure 12 shons sometrack-
ing resultsunder di erent facerotations. It is shavn
that the estimated poseis very visually convincing
over a large range of head orientations and chang-
ing distance between the face and camera. Plots

of three face poseangles! ; ; are shown in Fig-

ure 13, from which we can seethat three face pose .

anglesvary consisterily and smoothly asthe head

http:==www.e&se.rpi.edu= cvrl=Demo=demo:html.
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Fig. 13. The results of face posetracking. The plots show
the sequencesof three estimated rotation angles through the

image sequence.

To quartitativ ely characterize one's level of fa-

tigue by face pose,we introduce a new fatigue pa-
rameter called NodFreg, which measuresthe fre-
guency of headtilts over time. Figure 14 shows the
running averageof the estimated headtilts for a pe-
riod of 140seconds.As can be seen,our systemcan

accurately detect head tilts, which are represened

in the curve by the up-and-dowvn bumps.

30,

Fig. 14. Head tilts monitoring

over time (seconds)

V. Eye Gaze Determina tion and Tra cking

Gazehasthe potential to indicate a person'slevel
of vigilance. A fatigued individual tends to have a
narrow gaze. Gazemay alsoreveal one's needsand
attention. The direction of a person's gazeis de-
termined by two factors: the orientation of the face
(face pose), and the orientation of eye (eye gaze).
Face pose determines the global direction of the
gaze,while eye gazedeterminesthe local direction
of the gaze. Global gaze and local gaze together
determine the nal gazeof the person. So far, the
most common approac for ocular-based gaze es-

timation is basedon the determination of the rel-
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Fig. 12. Face and face pose tracking results for images randomly selected from one video sequence. The white rectangle

indicates the tracked face region and the white line represents the normal of the face plane, which is drawn according to the

estimated face pose.

ative position between pupil and the glint (cornea
re ection) via a remote IR camera[40], [41], [42],
[43], [44], [45], [46]. While corntact-free and non-
intrusiv e, these methods work well only for a static
head, which is a rather restrictiv e constraint on the
part of the user. Even a chin rest is often usedto
maintain the head still becauseminor head move-
ment can fail these techniques. This posesa sig-
ni cant hurdle for practical application of the sys-
tem. Another seriousproblem with the existing eye
and gazetracking systemsis the needto perform
a rather cumbersome calibration processfor eadh
individual. Often re-calibration is even neededfor
the sameindividual who already underwert the cal-
ibration procedure, whenewer his/her head moved.
This is becauseonly local gazeis accourted for while

global gazedue to face poseis ignored.

In view of theselimitations, we presen a gazees-
timation approac [47] that accouns for both the
local gaze computed from the ocular parameters
and the global gazecomputed from the head pose.
The global gaze(face pose)and local gaze(eye gaze)
are combined together to obtain the precisegazein-
formation of the user. Our approad, therefore, al-
lows natural head movemert while still estimating

gazeaccurately. Another e ort is to make the gaze

estimation calibration free. New usersor the ex-
isting userswho have moved, do not need undergo
a personal gaze calibration before using the gaze
tracker. Therefore, the proposedgazetracker can
perform robustly and accurately without calibration
and under natural head movemerns.

An overview of our algorithm is given in Figure
15.

Eye Tracking

l

Pupil & Glint
Tracking

Pupil & Glint
Parameters
Extraction

l

Gaze Estimation
via Hierarchical
GRNNS

!

Eye Gaze

Fig. 15. Major components of the proposed system

A. GazeEstimation

Our gazeestimation algorithm consists of three
parts: pupil-glint detection and tracking, gazecali-
bration, and gazemapping.

Gaze estimation starts with pupil & glint detec-



tion and tracking. For gazeestimation, we cortinue
using the IR illuminator as shaown in Figure 4. To
produce the desired pupil e ects, the two rings are
turned on and o alternately via the video decader
we dewveloped to produce the so-called bright and
dark pupil e ect asshown in Figure 5 (a) and (b).
The pupil detection and tracking technique can be
usedto detect and track glint from the dark images.
Figure 16 (c) shaws the detected glints and pupils.
Given the detected glint and pupil, we can use
their propertiesto obtain local gazeand global gaze.
Figure 16 shaws the relationship betweenthe local
gazeand the relative position betweenthe glint and

the pupil, i.e., the pupil-glint vector.

©

Relativ e spatial relationship between glint and

Fig. 16.
bright pupil center usedto determine local gazeposition. (a)
bright pupil images, (b) glint images; (c) pupil-glin t vector

indicating local gaze direction.

Our study in [48] showsthere existsa direct corre-
lation between3D faceposeand the geometricprop-
erties of the pupils. Speci cally, pupil size, shape,
and orientation vary with face pose. It is therefore
to capture 3D face poseusing pupil geometric prop-
erties. 3D face poseprovides the global gaze.

In order to obtain the nal gaze,the factors ac-
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courting for the head movemernis and those a ect-
ing the local gazeshould be combined. Hence, six
parameters are chosen for the gaze calibration to

y1 r1
x and vy are the pupil-glint dis-

get the parameters mapping function: X,

, Ox and gy.
placemen. r isthe ratio of the major to minor axes
of the ellipse that ts to the pupil. is the pupil
ellipse orientation and gy and g, arethe glint image
coordinates. The choice of thesefactors is basedon
the following rational. x and y accourt for the
relative movemert betweenthe glint and the pupil,
represening the local gaze. The magnitude of the
glint-pupil vector can also relate to the distance of
the subject to the camera. r is usedto accourt
for out-of-plane face rotation. The ratio should be
closeto one when the face is frontal. The ratio
becomeslarger or lessthan 1 when the face turns
either up/down or left/righ t. Angle is usedto ac-
count for in-plane facerotation around the camera
optical axis. Finally, (gx;gy) is usedto accourt for

the in-plane head translation.

The use of these parameters accourts for both
head and pupil movemen since their movemerts
will introduce corresponding changesto these pa-
rameters. This e ectiv ely reducesthe head move-
ment in uence. Given the six parametersa ecting
gaze,we now needto determine the mapping func-
tion that mapsthe parametersto the actual gaze.
This mapping function can be approximated by the
Generalized RegressionNeural Networks (GRNN)
[49]. GRNN featuresfast training times, can model
non-linear functions, and has been shovn to per-
form well in noisy ervironments given enoughdata.
Speci cally, the input vector to the GRNN is

h i
g= X yr O Oy



TABLE |
Gaze classifica tion resul ts for the GRNN gaze
classifier. An avera ge of gaze classifica tion

accura cy of (96% accura cy) was achieved for 480

testing data not included in the training data
ground truth estimated result correctness
(mapping target #)
(target #) 1 2 3 4 rate (%)
1 114 4 2 0 95
2 0 117 0 3 97.5
3 2 3 111 4 92.5
4 0 0 0 120 100

A large amourt of training data under dierent
head positions is collectedto train the GRNN. Dur-
ing the training data acquisition, the useris askedto
xate his/her gazeon ead prede ned gazeregion.
After training, given an input vector, the GRNN
can then approximate the user'sactual gaze.

Experiments were conductedto study the perfor-
manceof our gazeestimation technique. Table V-A
shows someresults. An average of gaze classi ca-
tion accuracy of (96% accuracy) was achieved for
480 testing data not included in the training data
asshawn in the confusiontable V-A. Details on our
gazeestimation algorithm may be found in [47].

Given the gaze, we can compute a new fatigue
parameter named GAZEDIS, which represens the
gazedistribution over time to indicate the driver's
fatigue or attention level. GAZEDIS measuresthe
driver's situational awareness.Another fatigue pa-
rameter we compute is PERSAC, which is the per-
certage of saccadeeye movemen over time. Sac-
cade eye movemerts represen the deliberate and
consciousdriver action to move eye from oneto an-
other place. It therefore can measurethe degreeof

alertness. The value of PERSAC is very small for
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a personin fatigue. Figure 17 plots the PERSAC

parameter over 30 seconds.

VI. Facial Expression Anal ysis

Besideseye and head movemerts, another visual
cue that can potentially capture one's level of fa-
tigue is his/her facial expression. In general, peo-
ple tend to exhibit di erent facial expressionsunder
di erent levels of vigilance. The facial expressionof
a personin fatigue or in the onset of fatigue can
usually be characterized by lagging facial muscles,
expressionlessand frequert yawnings.

Our recen researt® has led to the developmert
of a feature-basedfacial expressionanalysis algo-
rithm. The facial features around eyes and mouth
represen the most important spatial patterns com-
posing the facial expression. Generally, these pat-
terns with their changesin spatio-temporal spaces
can be usedto characterize facial expressions. For
the fatigue detection application, in which there are
only limited facial expressions,the facial features
around eyesand mouth include enoughinformation
to capture theselimited expressions.Soin our re-
seard, we focus on the facial features around eyes
and mouth. We use 22 ducial features and three
local graphs as the facial model (shown in Fig.18).

In our method, the multi-scale and multi-
orientation Gabor wavelet is usedto represen and
detect each facial feature. For ead pixel in the im-
age,a set of Gabor coe cien ts in the complexform
can be obtained by cornvolution with the designed
Gabor kernels. These coe cien ts can be used to
represen this pixel and its vicinity [50]. After train-
ing, these coe cien ts are subsequetly usedfor fa-

cial feature detection.

After detecting ead feature in the rst frame,
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Fig. 18. The facial features and local graphs

a Kalman Filter-based method with the eye con-
straints is proposedto track them. The Kalman
Iter is usedto predict the current feature positions
from the previous locations. It puts a smooth con-
straint on the motion of ead feature. The eye po-
sitions from our eye tracker provide a strong and
reliable information that giveswhere a rough loca-
tion of faceis and how the head movesbetweentwo
consecutie frames. By combining the head motion
information inferred from the detectedeyeswith the
predicted locations from the Kalman Filtering, we
can obtain a very accurate and robust prediction of
feature locations in the current frame, even under
rapid head movemert. The detected features and
their spatial connections are used to characterize

facial expressions.Details can be found in [51].

A series of experiments are conducted in [51]
, and good results are achieved under large head
movemens, self-acclusion and dierent facial ex-
pressions. Figure 19 shaws the results of a typi-
cal sequenceof a personin fatigue. It consists of
blended facial expressions.The personin the scene
yawned from the neutral state, then movedthe head
rapidly from the frontal view to the large side view
and back to the other direction, raised the head up
and nally returned to the neutral state. During
the head movemerts, the facial expressionchanges

dramatically.

For now, we focus on monitoring mouth move-
ment to detect yawning. A yawning is detected
if the features around mouth signi cantly deviate
from its closedcon guration, especially in vertical
direction. There are 8 trackedfacial featuresaround
the mouth asshown in Figure 20. Also, asshown in
Figure 20, the height of the mouth is represerted by
the distance betweenthe upper-lip and the lower-
lip, and the width of the mouth is represerned by
the distance betweenthe left and right mouth cor-
ners. The degreeof mouth opening is characterized
by the shape of mouth. Therefore, the opennessof
the mouth can be represetted by the ratio of mouth
height and width.

We dewelop a new measure of facial expres-
sion, YawnFreg, which computesthe occurrencefre-

guency of yawning over time. Figure 21 shows the
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Fig. 21. The plot of the opennessof the mouth over time. The bumps A; B;C;D;E;F are the detected yawns.

Fig. 20. The facial features to be tracked around the mouth
and the mouth width and height used to represent the open-
nessof the mouth.

plot of YawnFreq over time, and a yawning is rep-

reseried by an up-and-down bump.

VII. Fatigue Modeling Using Bayesian

Netw orks

As we discussedabove, human fatigue generation
is a very complicated process. Seweral uncertain-
ties may be preser in this process. First, fatigue
is not obsenable and it can only be inferred from
the available information. In fact, fatigue can be
regardedasthe result of many contextual variables

such asworking environments, health and sleephis-

tory. Also, it is the causeof many symptoms, e.g.
the visual cues,such asirregular eyelid movemerts,
yawning and frequert headtilts. Second,human's
visual characteristics vary signi cantly with age,
height, health and shape of face. To e ectively
monitor fatigue, a systemthat integrates evidences
from multiple sourcesnto onerepreserativ e format

is needed. Naturally, a Bayesian Networks (BN)

model is the best option to deal with such an issue.

A BN provides a medchanism for graphical repre-
sentation of uncertain knowledge and for inferring
high level activities from the obsened data. Specif-
ically, a BN consists of nodes and arcs connected
together forming a directed acyclic graph (DAG)
[52]. Each node can be viewed as a domain variable
that cantake a setof discrete valuesor a contin uous
value. An arc represerts a probabilistic dependency
betweenthe parent node and the child node.

A. Fatigue Modeling with Bayesian Networks

The main purposeof a BN model is to infer the

unobsened everts from the obsened or contextual



data. So,the rst stepin BN modeling is to identify

those hypothesis everts and group them into a set
of mutually exclusive everts to form the target hy-
pothesisvariable. The secondstepis to identify the
obsenable data that may reveal something about
the hypothesis variable and then group them into

information variables. There are also other hidden
states which are neededto link the high level hy-
pothesisnode with the low level information nodes.
For fatigue modeling, fatigue is obviously the target
hypothesis variable that we intend to infer. Other
contextual factors, which could causefatigue, and
visual cues,which are symptoms of fatigue, are in-

formation variables. Among many factors that can
causefatigue, the most signi cant onesare sleephis-
tory, circadian, work condition, work environment,

and physical condition. The most profound factors
that characterize work ervironment are tempera-
ture, weather and noise; the most signi cant fac-
tors that characterize physical condition are ageand
sleepdisorders;the signi cant factors characterizing
circadian are time of day and time zonechange;the
factors a ecting work conditions include workload
and type of work. Furthermore, factors a ecting

sleep quality include sleep ervironment and sleep
time. The sleepervironment includesrandom noise,
badkground light, heat and humidity.

The vision system discussedin previous sec-
tions cancompute seweral visual fatigue parameters.
They include PERCLOS & ACSE for eyelid move-
ment, NodFreq for head movemert, GAZEDIS and
PERSAC for gazemovemen, and YawnFreq for fa-
cial expression. Putting all these factors together,
the BN model for fatigue is constructed as shovn
in Fig.22. The target node is fatigue. The nodes

above the target node represen various major fac-
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tors that could lead to one'sfatigue. They are col-
lectively referredto ascontextual information. The
nodes belowv the target node represent visual ob-
senations from the output of our computer vision
system. These nodes are collectively referred to as

obsenation nodes.

B. Construction of Conditional Prokability Table
(CPT)

Before using the BN for fatigue inference, the
network needsto be parameterized. This requires
specifying the prior probability for the root nodes
and the conditional probabilities for the links. Usu-
ally, probability is obtained from statistical anal-
ysis of a large amount of training data. For this
researt, training data come from three dierent
sources. First, we obtain sometraining data from
the human subjects study we conducted. These
data are usedto train the lower part of the BN fa-
tigue model. Second,seeral large-scalesubjective
surveys [1], [53], [54], [55] provide additional such
data. Despite the subjectivity with these data, we
use them to help parameterize our fatigue model.
They were primarily usedto train the upper part of
the fatigue model. Sincethesesurveyswerenot de-
signedfor the parameterizations of our BN model,
not all neededprobabilities are available and some
conditional probabilities are therefore inferred from
the available data usingthe so-callednoisy or princi-
ple [56]. Third, still someprior or conditional prob-
abilities are lacking in our model, they are obtained
by subjective estimation methods [56]. With the
methods discussedabove, all the prior and condi-
tional probabilities in our BN model are obtained,

part of which are summarizedin Table I1.
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Fig. 22. Bayesian Network model for monitoring human fatigue

C. Fatigue Inference

Giventhe parameterizedmodel, fatigue inference
can then commenceupon the arrival of visual ev-
idencesvia belief propagation. MSBNX software
[57]is usedto perform the inferenceand both top-
down and bottom-up belief propagations are per-
formed. Here we use sometypical combination of
evidencesand their results are summarizedin Table
I1.

From Table 111, we can seethat the prior prob-
ability of fatigue (e.g. when there is not any ev-
idence) is about 0:5755 (ref#l).

of single visual evidence does not usually provide

The obsenation

conclusive nding sincethe estimated fatigue prob-
ability is lessthan the critical value 0:95% (ref#2
and ref#3). Even when PERCLOS is instantiated,
the fatigue probability reaches0:8639, which is still
below the threshold 0:95. This indicates that one

visual cue is not su cient to conclude if the per-

2a hypothesized critical fatigue level. It may vary from

application to application

sonis fatigued. On the other hand, when conmbined
with somecontextual evidences,any visual param-
eter can lead to a high fatigue probability (ref#4).

This demonstratesthe importance of contextual in-
formation. The simultaneous obsenation of abnor-
mal valuesfor two visual parameters(ref#5) sud as
NodeFeq and PerSAC can lead to a fatigue prob-
ability higher than 0:95. This makes sensesince
they quantify fatigue from two dierent perspec-
tives: oneis gazeand the other is head movemen.
Any simultaneous obsenation of abnormal values
of three or more visual parameters guaranteesthat
the estimated fatigue probability exceedsthe criti-

cal value. The simultaneous presenceof seweral con-
textual evidencesonly leadsto a high probability
of fatigue, even in the absenceof any visual evi-
dence. These inferenceresults, though preliminary
and synthetic, demonstrate the utilit y of the pro-
posed framework for predicting and modelling fa-

tigue.



TABLE 11

Prior Pr obability Table
Nodes State Prob. Notes
Random _noise yes 0.15 average
no 0.85 | of [1] [53]
Light on 0.13 average
o 0.87 | of [1] [53]
Heat high 0.24 average
normal 0.76 | of [1] [53]
Humidit y high 0.19 average
normal 0.81 | of [1] [53]
Sleep_time su cien t(> 6h) 0.90 [53]
loss(< 6h) 0.1
Napping > 30min: 0.22 [53]
No 0.78
Anxiet y yes 0.28 average of
no 0.72 [1] [53]
Sleep_disorder yes 0.08 average
no 0.92 | of [1] [53]
Workload heavy 0.15 [53]
normal 0.85
Time drowsy_time 0.26 [1]
Activ e_time 0.74
Time _zone changed 0.17 [1]
no 0.83
Temperature high 0.15 average
normal 0.85 | of [1] [53]
Weather abnormal 0.10 average
normal 0.90 | of [1] [53]
Noise high 0.15 average
normal 0.85 | of [1] [53]
Work _type tedious 0.2 average
normal 0.8 of [1] [53]

D. Interfacing with the Vision System

To perform real-time driver's fatigue monitoring,
the visual module and the fusion module must be
combined via an interface program such that the
output of the vision system can be usedby the fu-
sion module to update its belief in fatigue in real
time. Sud an interface has been built. Basically,

the interface program periodically (every 0:03 sec-
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TABLE 11

The inference resul ts of fatigue Bayesian netw ork

model
Ref. No. | Evidences Instantiated Fatigue Prob.
1 No any evidence 0.5755
2 YawnFreq (high) 0.8204
3 PERCLOS (high) 0.8639
4 AECS (slow), 0.9545
Sleeptime (insu cien t),
Time (drowsy time)
5 YawnFreq (high), 0.9552
AECS(slow)
6 Sleep time (insu cien t), 0.8363
Time (drowsy time),
Temperature (high)

ond) examinesthe output of the vision module to
detect any output change. If a changeis detected,
the interface program instantiates the correspond-
ing obsenation nodesin the fusion module, which
then activates its inference engine. The interface
program then displays the inferenceresult, plus cur-
rent time as shown in Fig. 23. Besidesdisplaying
current fatigue level, the interface program also is-
suesa warning beepwhen the fatigue level reaches

a critical level.

VI 1l. System Valid ation

The last part of this researt is to experimen-
tally and scierti cally demonstrate the validity of
the computed fatigue parameters as well as the
composite fatigue index. The validation consistsof
two parts. The rst part involvesthe validation of
the measuremenh accuraciesof our computer vision
techniques, and the secondpart studiesthe validity
of the fatigue parametersand the composite fatigue
index that our system computes in characterizing

fatigue.
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Fig. 23. The visual interface program panel. It displays the composite fatigue score over time.

A. Validation of the Measurement Accuracy

We presen results to quartitativ ely character-
ize the measuremeh accuraciesof our computer vi-
siontechniquesin measuringeyelid movemert, gaze,
faceposeand facial expressions.The measuremets
from our systemare comparedwith those obtained

either manually or using corvertional instruments.

This section summarizesthe eye detection and
tracking accuracyof our eye tracker. For this study,
we randomly selectedan image sequencethat con-
tains 13;620 frames, and manually identied the
eyes in eah frame. The manually labelled data
serwesasthe ground-truth data, and they are com-
pared with the eye detection results from our eye
tracker. The study shows that our eye tracker is
quite accurate,with a falsealarm rate of 0:05% and

a misdetection rate of 4:2%.

Further, we studied the positional accuracyof the
detected eyes as well as the accuracy of the esti-
mated pupil size (pupil axesratio). The ground-
truth data are produced by manually determining
the locations of the eyesin ead frame as well as
the size of the pupil. The study shows that the
detected eye positions match very well with man-
ually detected eye positions, with a RMS position
errors of 1:09 and 0:68 pixels for x and y coordi-
nates respectively. The estimated size of pupil has

an averageRMS error of 0:0812.

Finally, we study the accuracy of the estimated
face pose. To do so, we use a head-mourt head
tracker that tracks head movemerts. The output of
the head-mourt headtracker is usedasthe ground-
truth. Quantitativ ely, the RMS errors for the pan

and tilt anglesare 1:92 degreesand 1:97 degreesre-



spectively. This experiment demonstratesthat our
face pose estimation technique is su cien tly accu-

rate.

B. Validation of Fatigue Parametersand the Com-

posite Fatigue Swre

To study the validity of the proposedfatigue pa-
rameters and that of the composite fatigue index,
we performed a human subject study. The study
included a total of 8 subjects. Two test bouts were
performed for ead subject. The rst test wasdone
whenthey rst arrivedin the lab at 9 pm and when
they were fully alert. The secondtest was per-
formed about 12 hours later early in morning about
7 am the following day, after the subjects have been
deprived of sleepfor a total of 25 hours.

During the study, the subjects are asked to per-
form a TOVA (Test of Variables of Attention) test.
The TOVA test consistsof a 20-minute psychomo-
tor test, which requiresthe subject to sustain atten-
tion and respond to a randomly appearing light on
a computer screenby pressinga button. TOVA test
wasselectedasthe validation criterion becausedriv-
ing is primarily avigilance task requiring psychomo-
tor reactions, and psychomotor vigilance. The re-
sponsetime is usedasa metric to quantify the sub-
ject's performance.

Figure 24 plots the averageresponsetimes ver-
sus average PERCLOS measuremets. The gure
clearly shows the approximate linear correlation be-
tween PERCLOS and the TOVA response time.
This experiment demonstratesthe validity of PER-
CLOS in quartifying vigilance, as characterized by
TOVA responsetime.

In addition, we want to demonstrate the corre-

lation between PERCLOS and fatigue. For this,
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Fig. 24. PERCLOS versus TO VA response time. The two
parameters are clearly correlated almost linearly. A larger
PERCLOS measurement corresponds to a longer reaction
time.

we comparedthe PERCLOS measuremets for two
bouts for the sameindividual. The comparisonis
shown in Figure 25, whereit is clear that the PER-
CLOS measuremets for the night bout (when the
subject is alert) is signi cantly lower than the morn-
ing bout (subject is fatigued). This not only proves
the validity of PERCLOS to characterizefatigue but
alsoprovesthe accuracyof our systemin measuring
PERCLOS. Similar results were obtained for other
visual fatigue parameterswe proposed.

We also study the validity of the composite fa-
tigue index our fatigue monitor computes. Figure
26 plots the TOVA performanceversusthe compos-
ite fatigue score. It clearly shavsthat the composite
fatigue score (basedon combining di erent fatigue
parameters) highly correlateswith the subject's re-
sponsetime.

It is clearthat the two curves' uctuations match
well, proving their correlation and co-variation,
therefore proving the validity of the composite fa-

tigue scorein quantifying performance.
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Fig. 25. PERCLOS measuremerts for evening (blue) and morning (red) bouts.

Fig. 26. The estimated composite fatigue index (blue) versusthe normalized TO VA responsetime. The two curvestrack

each other well.

IX. Conclusion

Through researt presened in this paper, we de-
veloped an non-intrusiv e prototype computer vision
systemfor real-time monitoring a driver's vigilance.
First, the necessaryhardware and imaging algo-
rithms are developedto simultaneously extract mul-
tiple visual cuesthat typically characterize a per-
son's level of fatigue. Then, a probabilistic frame-
work is built to model fatigue, which systematically

combinesdi erent visual cuesand the relevant con-

textual information to producea robust and consis-

tent fatigue index.

These visual cues characterize eyelid movemert,
gaze, head movemert, and facial expression. The
main componerts of the system consist of a hard-
ware systemfor real time acquisition of video images
of the driver and various computer vision algorithms
and their softwareimplementations for real time eye
tracking, eyelid movemert parameterscomputation,

eye gaze estimation, face pose determination and



facial expressionanalysis. To e ectively monitor
fatigue, a BN model for fatigue is constructed to
integrate these visual cuesand relevant cortextual

information into one represenativ e format.

Experimert studiesin areal life ervironment with
subjects of dierent ethnic badgrounds, dierent
gendersand ageswere scierti cally conducted to
validate the fatigue monitoring system. The valida-
tion consistsof two parts. The rst part involvesthe
validation of the measuremen accuracyof our com-
puter vision techniques,and the secondpart studies
the validity of the fatigue parameters we compute
in characterizing fatigue. Experiment results shov
that our fatigue monitor system is reasonably ro-
bust, reliable and accuratein characterizing human
fatigue. It represerts state of the art in real time

on-line and non-intrusiv e fatigue monitoring.
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