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Abstract—This paper presents a new framework to describe tremely kind deed. Moreover, the processes of expressive facial

individual facial expression spaces, particularly addressing the expressions contain individual differences such as differences
dynamic diversity of facial expressions that appear as an excla- of face shapes among people.

mation or emotion, to create a unique space for each person. We ) o )
name this framework Facial Expression Spatial Charts (FESCs). Regarding this difference, Akamatsu described that human

The FESCs are created using Self-Organizing Maps (SOMs) faces present diversity of two types: static diversity and dy-
and Fuzzy Adaptive resonance Theory (ART) of unsupervised namijc diversity [3]. Static diversity is individual diversity that

neural networks. In the experiment, we created an original . . . . o . .
facial expression dataset consisting of three facial expressions— is configured by facial componential position, size, location,

happiness, anger, and sadness—obtained from 10 subjects during €tC., consisting of the eyes, nose, mouth, and ears. We can
7-20 weeks at one-week intervals. Results of creating FESCs identify a person and determine their gender and impressions
in each subject show that the method can adequately display using static diversity. We are able to move facial muscles

the dynamic diversity of facial expressions between subjects, 5 express internal emotions unconsciously and sequentially

in addition to temporal changes in each subject. Moreover, we : L :
used stress measurement sheets to obtain temporal changes of or express emotions as a message. This is called dynamic

stress in each subject for analyzing psychological effects of the diversity. Eacial exprgssions are expressed as a shift from a
stress that subjects feel. We analyzed relations between numerous nheutral facial expression to one of changed shapes of parts and
individual facial expression patterns and psychological stress overall configurations constructed with the face. For studying

values. _'?feS“'tS show that facial expressions when i”ﬂ“enc$d bly facial expression analysis, we must consider and understand
stress differ among subjects. Moreover, we estimated stress levels not only static diversity but also dynamic diversity.

of four grades using Support Vector Machines (SVMs). The mean
estimation rates for all 10 subjects and for 5 subjects over more For organizing and visualizing facial expression spaces, this
than 10 weeks were, respectively, 68.6 and 77.4%. paper presents a novel framework to describe the dynamic
AR'T”dSCJ‘;m;SF;SFi‘ga' Expression Spatial Charts, SOMs, Fuzzy  gjversity of facial expressions. The framework accommodates

' ' ‘ dynamic changes of facial expressions as topological changes
of facial patterns driven by facial muscles of expression [4].
For that reason, the framework is suitable to describe the

A face sends information of various types. Humans carichness of facial expressions using Arousal Levels (ALs).
recognize intentions and emotions from diverse informationThe target facial expressions are happiness, anger, and sadness
that is exhibited through facial expressions. Especially forfrom the basic six facial expressions to represent expression
people with whom we share a close relation, we can feelevels as a chart with axes of each expression quantitatively
and understand health conditions or moods directly fromand visually. From temporal facial expression images, we
facial expressions. For the role of facial expressions in humanse Self-Organizing Maps (SOMs) that contain self-mapping
communication, it is desirable to develop advanced interfacesharacteristics to extract facial expression categories according
between humans and machines in the future [1]. to expressions. We also use Adaptive Resonance Theory (ART)

In the 1970s, from a study to determine how to expresghat contains stability and plasticity that enable classification
emotions related to facial expressions, Ekman and Frieseto integrate categories adaptively under constant granularity.
defined six facial expressions shown by people feeling si¥We infer relations between categories created by Fuzzy ART
basic emotions (happiness, disgust, surprise, sadness, angard ALs based on Russell's circumplex model. This paper
and fear) that are apparently universal among cultures. Thegresents Facial Expression Spatial Charts (FESCs) to represent
described that these are basic facial expressions because théypgnamic diversity of facial expressions as a dynamic and
associated emotions are distinguishable with high accuracgpatial chart. For the experiment, we created original facial
However, real expressions are blended intermediate faci@xpression datasets including images obtained during 7-20
expressions that often show mixtures of two or three emoweeks at one-week intervals from 10 subjects with three
tions. Human beings often express various facial expressiorfacial expressions: happiness, anger, and sadness. Experimental
simultaneously. For example, eyes can express crying but thesults show that our method can visualize and quantify
mouth can express a smile when someone is moved by an efacial expressions between subjects and temporal changes for

I. INTRODUCTION
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creating FESCs in each subject. We use stress measurement
sheets to assess temporal changes of stress in each subject for
analyzing psychological stress, which includes the subjects that
affect facial expressions. We analyze relations between FESCs
and psychological stress values. Moreover, we estimate stress

levels from FESCs.

Il. AROUSALLEVELS AND FACIAL EXPRESSIONSPATIAL
CHARTS

As described in this paper, we introduce ALs as an index Oﬁ;gg.;ezr.\er!:treoggjsu(r;.()f the proposed method from acquisition of facial images
guantification of facial expression spaces. ALs show quantized
values of the arousal dimension of the vertical axis on thgacial deformity that invariably arises from expressions on dif-
Russell's circumplex model [5] portrayed in Fig. 1(a). All ferent facial patterns that differ in each person, as represented
emotions are constellated on a two-dimensional space: thg, FACS. This paper presents Facial Expression Spatial Charts
pleasure dimension of pleasure-displeasure and the arousglescs) as a new framework to describe facial expression
dimension of arousal-sleepiness. As described in this papegpaces and patterns of ALs constituting each facial expression.
we specifically examine the arousal dimension on Russell'\s described in this paper, our target facial expressions are
circumplex model. We define ALs as a quantized value ohappiness in the first quadrant, anger in the second quadrant,
topological and geometrical changes of facial pattems fromyng sadness in the third quadrant of Russell's circumplex
the neutral facial expression, which is the basis of each facighodel. Fig. 1 shows the correspondence relation between
expression space. \We consider that we are able to extract thgssell's circumplex model and an FESC. The value of each
dimension of ALs from facial expression images because W&yis on the FESC shows the maximum values of ALs. The
are examining intentional facial expressions. When creating-gsc is created by the connection among maximum values of
facial expressions, humans move facial muscles irrespectivg| g
of pleasure or displeasure while maintaining a certain mental
status, although elements of the pleasure dimension are in- lll. PROPOSED METHOD
cluded in the expression. Therefore, as experiments or datasets Akamatsu described the adaptive learning mechanisms nec-
to examine intentional facial expressions, the expression paessary for modification according to individual characteristic
terns are strongly correspondent to the arousal dimension. ligatures of facial expressions because the processes of expres-
contrast, the pleasure dimension is evaluated using a stresi®n differ among individuals. For example, a subject expresses
sheet that is often used in the field of psychology because facial surface changes of a certain size; the expressions and
is difficult to address it in intentional facial expressions usedheir sizes differs among individuals because the shapes of
for our experiment. faces differ among people. Therefore, in this study, our target
Facial expression spaces are spatial configurations of eadhintentional facial expressions of a person. We use SOMs for
facial expression that are used to analyze semantic and polaktracting topological changes of expressions and normalizing
characteristics of various emotions portrayed by facial expreghat are compressed in the direction of the temporal axis. In
sions [3]. They represent a correspondence relation betwedact, SOMs perform unsupervised classification input data into
the physical parameters that present facial changes expresseednapping space that is defined preliminarily. After classi-
by facial expressions and the psychological parameters théitation by SOMs, facial images are integrated using Fuzzy
are recognized as emotions. Psychological parameters can B&T, which is an adaptive learning algorithm with stability
extracted from psychological experiments to take cognitiveand plasticity. Fuzzy ART performs unsupervised classification
decisions related to emotions. Physical parameters must k@ a constant granularity that is controlled by the vigilance
described based on a certain standard of types and based on gaameter. Therefore, using SOMs and Fuzzy ART, time-series



datasets showing changes over a long term are classified with &
certain standard. Fig. 2 depicts an overview of the procedures
used for our proposed method. Detailed procedures of Feature

extraction, category classification with SOMs, category inte- !ll

gration with Fuzzy ART, and stress estimation with SVMs are
explained below.

Input

Input

A. Feature extraction images | 1 ayer

For this study, we use view-based feature representation Vieil P tor |
of holistic images, not feature-based representation such as L__weights [ | VSrancevarameter |
AUs. Actually, feature-based representation is superior to view- (2) SOM (b) Fuzzy ART

based representation for detailed description of local feature
changes related to expressions. In contrast, feature-based reg
resentation demands high calculation costs for the process of . , , ,
extracting and tracing feature points. Moreover, feature-baseifPically includes two layers: the input layer and the mapping

representation contains problems of precision and stability itfYer- Al units on the mapping layer are connected to all

cases of numerous samples being processed automatically. R§its of the input layer while maintaining weights between
our method, we use view-based representation after convertirfPth 1ayers. When a set of input data is propagated, a unit
images with filters of Gabor wavelets showing similar char-Wh0se weights are the most similar to the input data is burst.
acteristics to those of a human primary visual cortex. OuMVeights on the burst unit and its neighbor units are updated
processing target is to extract ALs from pattern changes of onf? b€ close to the input data, which is the learning of SOMs.
facial expression from neutral facial expression. Therefore, weiMilarity among input data limits the features of topological

consider that the changed parts are apparent on the featf&ving that are reflected in the distance of the burst unit on

space after converting Gabor wavelets, without tracking off'€ one-dimensional or two-dimensional units. According to
feature points based on AUs the progress of learning, similar feature weights are mapped

The period during which images were obtained was exlo neighbor units; other units are mapped to separate units.

panded from several weeks to several months. We were unabge, Integration of facial patterns with Fuzzy ART
to constrain external factors completely, e.g. through lighting The input data are classified in the fixed number of units of

variations, although we took facial expression images in CONthe mapping layer. Therefore, classification results are relative.

stant conditions. Thgrefore, n .the.flrst step, brlghtness vaIueﬁ] contrast, classification under the fixed granularity is required
are preprocessed with normalization of the histogram to th‘l""or long-term datasets in each subject. In our method, facial

target images. In the next step, features are extracted using G&(pression categories are integrated with Fuzzy ART to learn

bor wavelet filtering. In the field of computer vision and imageWeights of SOMs

processing, information representation of Gabor wavelets is a The use of ART, which was proposed by Grossberg et al., is
ﬁopular r_nethloc:]for an |.nf9rmat;]on_-pfroces§|ng model based 0Q ¢ retical model of unsupervised and self-organizing neural
uman visual characteristics. The information representation qf .y vorks forming a category adaptively in real time while

Gabor wavelets that can emphasize an arbitrary feature with iniaining stability and plasticity. Actually, ART has many
inner parameters shows the same characteristic of respong riations: ARTL, ARTL.5, ART2, ART2-A. ART3. ARTMAP.
selectivity m a receptive field. ) . . Fuzzy ART, Fuzzy ARTMAP, etc.q. We use Fuzzy ART
At the final step, we applied downsampling for nois€ 4| “intg which analog values can be input. Fig. 3(b) depicts
reduction an.d. compression of the data size. In th's_ metho network architecture of SOMs. The network architecture of
we set the initial position of the template to contain facial Fuzzy ART consists of three fields: Field O (FO) of receiving

parts for capturing facial images. We use template-matching, o ' qata, Field 1 (F1) for feature representation, and Field 2
methods to trace the region of interest of a face in real tlquZ) for category representation.

However, the trace results of the region of interest yield errors
caused by body motion. These errors can be removed throudh Allocation of ALs to FESCs
the procedure of downsampling. The downsampling window The facial expression categories classified by SOMs and
that we set is10 x 10 pixels. The dimension of the target integrated by Fuzzy ART are sorted in the order of ALs
images is compressed frogd x 90 pixels to8 x 9 pixels. from the neutral facial expression category. For this dataset,
the number of images of neutral facial expression is the
maximum. The neutral facial expression category is selected
For classification according to ALs, 200-frame images ardo the maximum number of images. The ALs are sorted by
normalized in a constant range. In this method, we used SOMsprrelation values in each category. The center of an FESC
which are unsupervised neural networks with competitiveis AL O, which represents a neutral facial expression. With
learning in neighborhood regions. Fig. 3(a) depicts a networkncreasing ALs, facial expression categories are assigned to
architecture of a SOM. The network architecture of SOMsthe outside of the triangle.

Fig. 3. SOMs and Fuzzy ART.

B. Classification of facial patterns with SOMs



subjects, but images were taken during 7-20 weeks at one-
week intervals. Details of subjects are five females (Subjects
A, B, C, and D were 19; Subject E was 21) and five males

(Subjects F and J were 19; Subjects G, H, and | were 22)
university students.

We began to take facial expression images when a subject
became accustomed to the experimental environment after
" ' some trials. Considering generality and usability, we used a

- USB camera (Qcam, Logicool; Logitec Corp.). We set the
-

80 pixels

environment to simulate a normal indoor condition (lighting
by fluorescent lamps). We took frontal facial images to include
the region containing facial components such as the eyebrows,
) ROT eyes, nose, and mouth. We previously indicated to subjects to
restrain the head position as much as possible. The images
were fit to the constant range including the facial region.
We used a method using Haar-like features and Boosting for
E. Facial expression dataset tracking a face region to adjust the centers of imagés [

Fig. 4 depicts captured images. We set the region of interest

Human show facial expressions of two types: spontaneous, <" o pixels including the eyebrows, eyes, nose, mouth
facial expressions and intentional facial expressions. Taking & .ais and jaw, which all contribute t’o the’impre’ssion of’
steady and long-term dataset without regard to a camera ar'gz< ' '

A . .a whole face as facial feature components. Our target facial
a situation is a challenging task, although spontaneous fau% pressions are happiness, anger, and sadness, which were all

e?fpr(?s slons prestgnt tk'l/? advanta?he of correspgndf!fngtdlrelc;[!y E&pressed intentionally. One set of datasets consisted of facial
aniection or emotion. Moreover, the cause-and-efject rela Ior?expression image sequences with neutral facial expression and
of facial expressions from emotions is uncertain. In contrasteaCh facial expression to be indicated. As an assumption, we

intentional facial expressions are useq as a communicatio g cteq subjects to express an emotion 3—4 times during the
method to communicate something positively to other persoqmage-taking time of 20 s. One set of data consisted of 200

especially in social communication. We set a target to creatg o with the sampling rate of 10 frames per second
an original international facial expression datasets to obtain '

a long-term facial expression dataset for selected subject&. Stress measurements
Moreover, intentional facial expression datasets are suitable g his study, we used stress measurement sheets known

to keep the number of subjects as a horizontal dataset. as the Stress Response Scale 18 (SRS-18) by Suzuki et al.
Open datasets of facial expression images are released 19y The SRS-18 comprises question sheets that can measure
some universities and research institutes to be used genera sponses related to psychological stress easily in a short time
in many conventional studies for performance comparisons ofnq record many that we meet in our daily life. Specific
facial e>_<pression recognition or autor_natig analysis qf faCiabsychological stress responses are gloom, anxiety, and anger
expressions [1]. However, the specifications vary in eacliemotional responses), lethargy and difficulty concentrating
dataset, and among datasets. As static facial images, thgognitive responses), decreased efficiency of work (behavioral
dataset presented by Ekman and Friesen is a popular dataggfponses), etc. caused by stressors. This sheet can measure
comprising collected various facial expressions used for visualiregg responses according to three factors: dysphoria or anx-
stimulation in psychological examinations of facial expressioqety' displeasure or anger, and lassitude. The SRS-18 has 18
cognition. As dynamic facial images, th.e Cohn—-Kanade d_atas‘_%fuestions that can elicit answers of four types: strongly no,
and the Ekman—Hager dataset are widely used, especially {i, yes, and strongly yes. The scores for answers correspond
experimental applications [7]. In recent years, the MMI Facialespectively to zero to three points. The range of total points
Expression Database presented by Pantic et al. [9] has becomeg_g4 points. A high total score indicates a high level of
a widely used open dataset containing both static and dynamigsychological stress. Moreover, four grades of Level 1 (weak),
images. These dyngmlc datasets contain a §uff|0|ent numbegye| 2 (normal), Level 3 (slightly high), and Level 4 (high) are
of subjects as a horizontal dataset. However, images are tak@fyssified from the points. Subjects complete this sheet before

only once for each person. No dataset exists in which the samgying facial expression images to reduce the effect from stress
subject has been traced over a long term. As described in thigyecking results.

paper, we created an original dataset to take facial expression
images over a long period in each subject as a vertical dataset. IV. EXPERIMENTAL RESULTS

A. Results of FESCs

Fig. 5 presents results of temporal changes of ALs of
We took images of three facial expressions with 10 subjectiappiness, anger, and sadness. The horizontal axis depicts the
over a long term. The terms of taking images differed amondrames that consist of 200 frames in each dataset. The vertical

90 pixels

(a) Acquired images (200 flames)

Fig. 4. Set of target images and regions of interest.

F. Acquisition of facial expression images
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relation coefficients. Tabl@? portrays correlation coefficients
between stress values and ALs in each facial expression of 10
subjects. Correlation coefficients show various patterns among
subjects. Subject | is a typical case of a positive correlation.
All facial expressions show positive correlations, especially for
sadness, which shows 0.609. Subject F is a typical case of
a negative correlation. Subjects C and J show no significant
correlation coefficients for any facial expression. Particularly,
the FESCs of Subject C have no marked changes, although
she exhibits strong stress with a high value.

() 2nd week

Hapiness

(¢) 9th week

() 20th week

Fig. 6. Facial expression spatial Charts (Subject A).

C. Estimation of stress levels

axis depicts ALs. We marked the dashed vertical lines to the The degree of actual facial expressions is modified by

start and terminal positions of expression. The subject showe\éarlous types of psychological effects, a situation, atmosphere,

. . . etc., although spontaneous and intentional facial expressions
expressions of three or four times during one dataset. In thlgre triggered by emotional changes and intentional social
dataset of Subject A at the ninth week, happiness is expressed

three times; anger and sadness are expressed four times. Start

and terminal timings of expression are represented as changes
of ALs. The ALs are changed according to the expressions,
although the result contains slight variation. Fig. 6 depicts
some examples of FESCs. The FESCs show temporal changes
of facial expression patterns that changed in each week in the
same subject. We consider that the changes are attributable to
psychological effects. In the next, we will analyze these results
with stress that is assessed as measured using the SRS-18.

100
90 oo 1 81y 846
80
70
60 T 50.0

50.0
T 4297

50
40

Estimation rates [%]

20 -
B. FESC and Stress values

Fig. ?? portrays temporal changes of stress values and ALs
in facial expressions of Subject A. We next analyze effects
between psychological stress and facial expressions with cor-

I J
Subject

Fig. 8. Stress estimation results with SVM



restrictions, such as when one makes a fake smile. In this studgf facial expressions created by emotion as an individual
we have acquired facial expression images continually during apace in each person. The ALs are created by categories that
long period in an identical situation. The FESCs show variousre classified by SOMs and integrated with Fuzzy ART. The
distributions in each week. Therefore, the ALs that show thé=ESCs are created with the axes of ALs of three facial expres-
degrees of expressions in our method differ each week. Isions (happiness, anger, and sadness) based on the Russell’s
this experiment, we specifically examine the effect betweermircumplex model. We created an original facial expression
expressions and stress from psychology for estimating streskataset of 10 subjects (five male subjects and 5 female subjects)
levels from FESCs. for seven weeks. Using this dataset, our method can express

We used SVMs [11], which have high recognition capabil-individual facial expression spaces using FESCs. Moreover, we
ity, for mapping input data to a high dimensional space usingised SRS-18 for measuring the stress levels of each subject
kernel tricks. We evaluated estimation rates using Leave-Ondsefore taking images. We analyzed the effects of psychological
Out Cross Validation (LOOCV). The estimation targets arestress using FESCs. The results show that happiness and
stress evaluation values of four steps: Level 1 (weak), Level 8adness are affected by stress in most subjects.

(normal), Level 3 (slightly high), and Level 4 (high). Herein,  Future studies must evaluate intentional and spontaneous
the distribution of target datasets is 48.6% of Level 2, 33.6%acial expressions for discrimination using symmetry proper-
of Level 1, 13.1% of Level 3, and 4.7% of Level 1. We usedties of the horizontal direction to represent facial expression
Radial Basis Functions (RBFs) as a kernel function for SVMsrhythms created by individual patterns of time changes of ALs.
We set the parametey, which controls the distribution of Moreover, we will seek to increase the number of subjects for
Gauss functions, to the inverse number of input vectors. horizontal studies between subjects and to capture long-term

Fig. 8 portrays stress estimation results of 10 subjects. Theatasets for vertical studies in each subject to analyze and to
mean estimation rate is 68.6%. The highest estimation ratelucidate relations between facial expressions and stress.
is 90.9% of Subject B. Subsequently, the estimation rates of
Subjects G and F are, respectively, 84.6% and 81.8%. The
estimation rate of Subject A, who had facial expression images The authors would like to thank fellow engineers at Smart-
taken the most times, is 80.0%. In contrast, the estimation ratd3esign Co. Ltd. for providing much appreciated advice and
of Subjects C and | are the same: 50.0%. The lowest estimatid@" developing a system for taking facial images for these ex-
rate is 42.9% of Subject J. The data lengths of Subjects J arReriments. We also thank the 10 students at our university who
C are, respectively, only seven and eight weeks. We considd¥articipated as subjects by letting us take facial images over
that this is a difficult problem for SVMs to create a classifier ofSUch a long period. This work was supported by a Grant-in-Aid
four categories from such few data. Therefore, we selected tHr Young Scientists (B) No. 21700257 from the Ministry of
datasets of these subjects for more than 10 weeks. The me&flucation, Culture, Sports, Science and Technology of Japan.
estimation rate of Subjects A, B, F, G, H, and | is 77.4%. We
consider that the estimation performance will be improved if ) i ) ) )
long-term datasets of more than 10 weeks were obtained 6! '\T/IH(-:I-D e, IEth'r?Ae' Egth:‘EraE”ézTr:;‘;ngt,\'ﬂﬁA\'};'ész's ,ﬂg?;'ﬂﬁggf?ﬂ;
continue to obtain vertical datasets. Dec 2000.

Using our method, we achieved efficient estimation off2] P. Ekman and W. V. Frieserf, Unmasking the Face: A Guide to
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