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ABSTRACT KEYWORDS
Aiming at the fact that psychological state can be reflected by eye Eye tracker;
movement and pupil size, an affective assessment method based on the Joint model;
joint model of eye movement trajectory and pupil scaling was proposed in KPCA;
this paper. Firstly, the experimental apparatus was developed to capture Classification;

and transmit the eye images. Secondly, multiple advanced image Affective assessment.
processing algorithms were synthetically adopted to extract the pupil.
Both the position and size of the pupil were obtained. Thirdly, the joint
model with the eye movement trajectory and pupil scaling was constructed
asfeature vector, which was subsegquently processed with kernel principal
component analysis (KPCA) agorithm to reduce its dimension. Finally,
the nearest neighbor classifier was built according to the dimensionality
reduction information to implement the classification of the samples. With
proper experimental method designed for collecting samples, thisapproach
can be used for affective assessment. Experimental results had
demonstrated the good practicability of our study.
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INTRODUCTION

Pupil size and eye movement are demonstrated
closaly related to psychol ogical states and mental ac-
tivities, which gainwideattentionsin recent years. The
foundation of these studiesliesinthe preciselocdiza-
tion of the pupil. Sincethepupil can not beclearly dis-
tinguished fromiris, and, the pupil sizewill vary withthe
intengity of theambient light, theinfrared LED lamps
areusudly usedto providestableillumination. Litera-
tures® 2 presented practica methodsfor pupil extrac-
tionintheimages captured by infrared cameras. An-

other issueisto measurethe pupil size, which can be
quantitatively indicated by the pixel count of the pupil
areaor diameter. Many efficient approacheshad been
proposed for pupil sizeanalysist®®. EMokhayeri et.d.
proposed a hybrid approach for the pupil diameter
measurement!, which consisted of five stages, includ-
ing data acquisition, pre-processing, edge detection,
edgelinking and diameter computation.

The eyesarethewindows of the soul. The pupil
scaleis closely related to psychological reaction,
which can not be controlled by the subjectivewills
of the participants. Usually, the pupil will expandin
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terror, tension, anger, love, pain and other condi-
tions. On the contrary, it will shrink in disgust, fa-
tigueand worry.

Theclassfication of rel axation and depress onemo-
tion can aso beimplemented through anayzing the pu-
pil size® 7. Anapproach was presented in literature’®
to recognizethe affective states of relaxation and stress
of acomputer user. After theabrupt changesintheraw
PD sgndswerediminated with wavel et denoising and
Kaman filtering, theauthors constructed arandomtree
classifier to classify thetwo affective states. With the
accuracy of 86.78% achieved, theresults showed that
thePD isapromising physiologica signa for affective
assessment. Another practical function of PD investi-
gationisthat PD signal can be served asthe basis of
visua impairmentsfor visual correction. Jian Huang
et.al.l® proposed avision correction method for com-
puter usersbased onimage pre-compensation. An ad-
justment of thewavefront function used for pre-com-
pensation wasimplemented to match the viewing pupil
sze

Inaddition, thepsychologicd activitieswill dsore-
sponseto the eye movement trgjectory. Some psycho-
logicd scholarsare devoted to explorethe essential re-
| ationshi p between eye movements and emotion. With
acomputer basadinteractivetraining smulaion, Heether
C.Lum et.al. revealed the relationship between eye
movementsand emotion regulation training. It demon-
strated that the eye movements can be applied to adap-
tiveemotiontraining systems?.

Our research teamshave conducted nystagmusre-
search for pathological analysis via
videonystagmography for many years. The perfect hard-
ware and software system have been established for
image capture, transmission and processinginthe host
computer. Thissystem can be applied for affectiveas-
sessment through eye movement trgjectoriesand pupil
sze. Theemotion classficationisfocusedin our studly.
Thefeaturevectorsare constructed withjoint informa-
tion modd of eyemovementsand pupil Size, whichare
served as samplesfor training and testing. In order to
improvetheability of classfication, thedimensonality
reduction technique of KPCA isadopted to extract the
principa features. Thenearest neighbor dlassfierisbuilt
for affective assessment. Thefollowing sectionswill
describeour work in detail.

SAMPLE CONSTRUCTION
WITH THE PUPIL FEATURES

Pupil localization and itssizeanalysis

Pupil localizationisthefirst step of our study. Ac-
curate extraction of the pupil iscrucial to the subse-
quent works. Theentire procedurefor pupil localiza-
tion consists of several stages, such as binarization,
morphology operations, connectivity andyd's, congtraint
conditionsdefinition for removinginterference, etc. Af-
ter thepupil issuccesstully discriminated, it can beused
for pupil sizeand the coordinates of center point com-
putation. Thiswork has been amply described in our
previous paper*,

Joint modeling for featurevectorsconstruction

Thestrategiesof how to choose and organizethe
featuresof the samples serioudy affect the performance
during pattern recognition and object classification. The
eyemovement trgectory and pupil scaling aresyntheti-
caly concerned according tothetimeorder to built joint
model. Supposing that the coordinates and the size of

thepupil aredenoted as (x, y) ands, respectively, the
pupil scaling z isdefined asequation (1):

2=100* (S—Syy0) / Sy &
where s, representstheminimum pupil sizeof dl the
250 frames. Each sample consistsof 250 framesde-
rived from the testing period of 10 seconds. If
X, ¥, and z aredefined toindicatethe X, y, zof the j th
frame, thefeaturevector of asamplecan beconstructed
8S(X0s Y1 20 Xo1 Yoo Zoseoes Xesr Yasor Zaso) - 1€ dimension
of the feature vector is 750. Assuming that total m
sampleshave been acquired, synthetically, they can be
denoted as a mxn matrix A, wheren=750. AiS
caled samplematrix.

CLASSIFIER DESIGN

Dimensionality reduction based on KPCA

Kernd principa component andyss(KPCA) isan
extenson of principa component anadysis(PCA) using
techniquesof kernel methods. Using akernd, theorigi-
nally linear operationsof PCA aredoneinareproduc-
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ing kernel Hilbert space with anon-linear mapping.
KPCA isadopted to reduce the dimension of thefea-
turevector. The operationtoretrievetheprincipa com-
ponents of thesamplematrix A consistsof thefollow
steps.

a) Thekernel function should be chosenfirstly. 2-
order polynomid kernd functionissdectedfor KPCA
inour study. Then, the mx m standard kernel matrix

K iscomputed according to the sample matrix A , re-
ferringtoequation (2).

n 2
K; :{quajkﬂ} i,je{L2,..m @)
k=1

Assumethat K 'isthenormd form of thematrix K ,
it can be used in subsequent work.

b) Through solving the characteristic equation of
matrix K ', which knowsasK v = Av, theeigen val-
ues, and the corresponding eigen vectorsy are ob-
tained. After dl theeigen valuesand eigen vectorsare
sorted in descending order by the absoluteva ue of the
eigen values, we can get the meigen values

caled 4,,...,4,,and the corresponding eigen vectors
V...,V . Theeigenvector v, i {1, 2,..m} isam-di-
mension vector.

c) Theformert eigenvauesof 4,,..., 4, arechosen,

where 0 < t < m. Thenumberisdetermined by equa-
tion (3).

j m
t=argmin{j|> A4 /D % >0.9 &)
i=1 i=1

je{1,2,...m
Then, the t eigen vectorsy,,...,Vv, corresponding to
Ay A, @estandardizedto «, ..., o, by equation (4).

ak:Vk/\/Z

Thestandard eigenvectorse, ..., o, arecaled prin-

cipal components. They arecombinedtoa mxt ma
trix asa .

d) Theprojection valuesof the m samplesrelated
to the principal components matrix ¢ are computed
according to equation (5). The matrix called can be
obtained. Where, each row isat-dimension vector.

Y=K"-«a ®

k=121t 4)
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Classifier buildingfor affective assessment

Classifier isused for determining the category of
thetesting sample. In our work, thefeatures after di-
mensionality reduction are gpplied to ca culatethe Eu-
clidean distance. The nearest neighbor classifier with
the Euclidean distanceisbuilt. Supposethereare stest
sample, and, each one isan-dimension vector, they
can combineto a sxn matrixT , called test sample
matrix. Thedimens on of thematrix should also bere-
duced before classification.

a) Thekernd matrix of should becomputedfirstly.
With thesamekerne functioninequation (2), theker-
nel matrix iscomputed according to equation (6).

KT, =| St v T2
i = s ik Ajk j=12,...,m (6)

where KT;, t, anda,, arethe member of the matrix

KT, T ad A, respectively. Thematrix should bestan-
dardized to normal formas.

b) Withtheprincipa componentsmatrix ¢ obtained
previoudly, theprojection va ues of the s test samples
arecomputed accordingto equation (7). The sxt ma
trix named \\ can be obtained. Where, each row rep-
resentsthe dimensionality reduction information of a
certaintest sample.

W=KT"-« ()

¢) Considering anarbitrary row inmatrix\y , itisa
t-dimension vector. Supposethat the vector isdenoted
as[w,,w,,...w] , itsEuclidean distancesto any row of
matrix y in equation (5) are calculated, referring to
equation (8).

i:l2,...,m )

where d, isthe Euclidean distance of the inspected

test sampletothe j thtraining sample. Theclassof the
training samplewith minimum Euclidean distanceis
regarded asthe class of theinspected test sample. It
meansthat the affective staterecorded during thetrain-
ing sampleiscollected representsthe affective state
of the subject corresponding to the inspected test
sample.

Au Tudian Yourual



BTAIJ, 8(12) 2013

Yuxing Mao et al.

1661

————, FyurL PAPER

EXPERIMENTAL RESULTSANALYSS

Theexperimentsareimplemented to verify theeffi-
ciency of theapproach inthisstudy. Firstly, the experi-
mental method should bedesigned accordingtotheredl
applicationtarget. Inoneof our experiment, we collect
10 pictures, and, each onerepresentsaspecia scene
of afamoustourist spot in China. During the experi-
ment, the pictures display on the computer screen al-
ternately. Each picture stays for 10 seconds before
switching to another one. The participantsareasked to
observethepictures, meanwhile, they need to answer
agroup of questions according to whether they have
been to the scene showninthe pictures.

GroupA, for the participantswho havebeentothe
cene

a) Whereisit?

b) When did you go there?

¢) What impressed you most there?

Group B, for the participantswho have not beento
the scene:

a) Whereit may be?

b) If youwant to go there, when do you planto go?

¢) Who do you want to go there with?

Twenty undergraduates have been asked to par-
ticipateintheexperiments. Therefore, weobtained 200
samples. According to their real experiences, 112
samples were belonged to group A, and, therest 88
sampleswererelevant to group B. Webuilt two sample
setsfor training and testing. Each sample set wascom-
posed of 100 samples, including 56 and 44 samplesin
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groupA and group B, respectively. Thus, the100train-
ing samplesand 100 test sampleswere achieved for
our experimenta study.

Thefeature vector of any samplewas constructed
asdescribed in section 3.2. Thedimension of thefea
turevector is750, denoted as. Let represent apointin
3-D space, , each sample can be regarded as ajoint
distribution of 250 pointsin the 3-D space. Figurel
and Figure 2 represent asample derived from group A
and group B, respectively.

In Figurel and Figure 2, picture (a) represented
thedistribution of 250 3-D pointsrelated toasample,
and, picture (b) showed thevarying of the pupil scaing
aongwithtime. Accordingto theagorithmintroduced
previoudy, we computed thedimens onality reduction
information of and corresponding to thetraining sample
and thetest sample. Then, for any test sample, the Eu-
clidean distanceto every training samplewas cal cu-
lated. Thus, we obtained 100 Euclidean distances cor-
responding to the 100 training samplesfor each test
sample.

Figure 3 showsthe Euclidean distancesof 10test
samplesto the 100 training data. Among them the 5
curvesinchart (a) representsthe 100 Euclidean dis-
tancesof 5test samplesderived from groupA, and, the
5test samplesin chart (b) comefrom group B. Asmen-
tioned above, theformer 56 training samplesbeongto
groupA, it meansthat thefirst 56 valuesin chart (a)
represent the Euclidean distances between test samples
in GroupA and thetraining samplesin GroupA. smi-
larly, thelast 44 valuesin chart (a) represent the Euclid-
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Figurel: Thesamplederived fromtheparticipant who havebeen tothescene; (a) 250 pointsin 3-D space of thesample; (b)

Thecurveof pupil scaling-time of thesample
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Figure2: Thesamplederived from the participant who have not been tothe scene; (a) 250 pointsin 3-D spaceof thesample;

(b) Thecurveof pupil scaling-timeof thesample
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Figure3: TheEuclidean distancesof several test samplesto all thetraining samples; (a) fivetest samplesderived from

groupA; (b) fivetest samplesderived from group B

ean distancesbetween test samplesin Group A and the
training samplesin Group B. Chart (b) reflect the op-
posite situation to chart (a). Figure.3 showsthat the
Euclidean distances of two samplesfrom samegroup
areobvioudy lessthan thosefrom different group, there-
fore, the classification will implement successfully.
Through design efficient experiment to get proper
samples, thisapproach can beused for other affective
assessment.

CONCLUSON

Eye movementsand pupil size are demonstrated

closely related to mental activity. We proposed an af -
fective assessment method based on thejoint modd of
eyemovementsand pupil scainginthispaper. In order
toimprovethereliability and robustness, the KPCA
agorithmisadoptedtoretrievetheprincipa features of
the samples. The nearest neighbor classifier with the
dimensiondity reductioninformationisbuilt toredize
the assessment of the psychol ogicd state of the partici-
pants. In our futurework, moreefficient experimental
methods should be designed according to the applica
tion requirements. Through training with the samples
gathered specidly for the gpplication objective, theclas-
sifier can be applied to some other situations of psy-
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chologicd stateseva uation, such asliedetecting, crimi-
na suspect discriminating.
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