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Facial Expression Recognition with Consideration of Physiological
Signals

Student: Jeng-Shiun Tsai Advisor: Dr. Chuan-Yu Chang

Graduate School of Computer Science & Information Engineering
National Yunlin University of Science & Technology

ABSTRACT

Facial expression and emotion expression is very important in life. We can know

what the emotion he is by observing people facial expression, body movement, and the

features of physiological signals. However, it should be realized by learning. Emotion
expression plays an important role in human interaction, and it helps people realize to
what they feel to each other.

A facial expression recognition system with consideration of physiological
signals is proposed. In this system, facial features are extracted from specific feature
points in facial images. The physiological features vector consists of three physiological
signals, skin conductivity, finger temperature and heart rate. These features are set to
inputs of radial basis function neural network (RBFNN) is applied to classify four
emotions, love, joy, surprise, and fear. By combining the characteristic of facial and
physiological features, we can achieve facial expression recognition. The experiment

result shows that the proposed method can achieve good performance.
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The infraorbital The infraorbital Lip corners are
and closed. triangle and triangle is pulled obliquely. | lower portion of
center of the pushed upwards. the nasolabial
upper lip are Upper lip is furrow are pulled
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p(n)="¢ Kk=012L-1 2.6)
n

B n LRGP Pid Ao A R e hF i oL ARG o AREen
ol o (2.5)5% P78 2 B S oA AT 5 5
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N k=042 L1 2.7)

S =T() =2 P ()=

nj
= n
Flut o gd (2.6)5 My~ B Ar neshE - Tk p T R ARk s
Rtk © JE 18— 1 ARG ol ) B o

Bl 212 2" BB B ATFRE ~ 5 AJ2 2 |OD A fF - Bt ATl % o
Sl R 5 05 ARILiES s BV EGY  BEIRY Rt s AL Ei
1iEAET = ~ + 73 plenddpcgk -

B 212 W~ RBSHATIER  ZCAI22 |OD bz &

BTACZFPET TS Bl g 1 Aw e x IE T AR RPN
P REEd RGB #4 = HIS end 227 B (Ark 2.13 #77) > '5'—\_'_%"}']'* HIS =
H(Hue)d»‘/,}’B’»/J~%?25)§z + 3+ 350 B ¥ IFieA E ks @i F L #I?]P\rﬂ

mm@%ﬁ%%ﬁé’ﬁ%ﬁﬁﬁaél’@m#:po B 214 5 - BEit2% o
iR Pl T 2 A A Bl B eert g oY BB (2 B L R R - E QLR
G? T R BREAD P AT KRBT ERRY TS B
IS B B L LB R TR el T TS BRAFEL o §] 215 L T Ak

LIRSSE A S
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Rlack

B 213 HIS¢ #4%3 F2 A4 ¢ T 5

B 214 7 %2 HHue)z B i5E - it %k

Bl 2.15 o = 3 e

23 Fh¥mke £
#2280 SHEIIN LA BB 0 E - AR BE L PR
& i (normalize) 4+ AciE > £ 4 & R el R ERLR S R A D R ik

R > @ B F| - e B oo B 216 L A ke B E AR o
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AT 1 448 4%
25

Y

5 121845 3B
3t GE 2B AR AR

A
A RN AU
R TSR
ffi
Y
S0k

Bl 216  # ff e

W

BN AR R

R L B R L AoR 217(@) T c B BE16 5 = L

MR B2 T R RSP AR BEINBE RN R B4 TR

)

s biplo B5-105 2R AR B11N I3 A B ST T A R g 12 14
AE LT L L AW E o @ BLACBLOFEAE TS 4o B 2.17(D) 1 0 & BREERLAE R
4o
n=dist(3,8) - a=dist(2,4) - b=dist(1,3) -~ c=dist(1,6) -~ d=dist(6,8) -~
e =dist(7,9) ~ f=dist(4,5) ~ g=dist(9,10) -~ h=dist(5,12) -
| = dist(mid(3,8),11) -~ j=dist(10,14) ~ k=dist(11,13) ~ |=dist(12,14) (2.8)
H ¢ dist (X,y) 5 B:(X, Y) 8 &S 2 4438 & (Euclidean norm) > mid(x, y) 7 B:(X, y) e
‘%L, o

d 0 E B AT F AT E N R e e o & R R A G R 0 T L
AAFRET > T3 §R PR 0 ATUF R R FRGER TR S B AR
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BPRN ETRER A A g R FIN A R RN F- B RE R
it ends (T > BT PR AR T R B E DI E > R AT

a=a/n ~ b'=b/n ~ c¢'=c/n ~ d'=d/n ~ e'=e/n ~f'=f/n ~g'=g/n -
h'=h/n ~ i=i/n ~ j=j/n~ kK'=k/n ~ I'=1/n (2.9)
Bfsf gt RSP acE R & & B DL AR S ciE(non) o B - ik

o B (0ff) » 3+ 5 4o

off, =a'-non(a’) off, =b'-non(b’) off, =c'-non(c')

off, =e'-non(e') off, = f'—non(f") off, = g'-non(g’)

off, = h'=non(h’) off, =i'—non(i") off, = j'=non(j')

off, =k'—non(k") off, =1'-non(l") (2.10)
# ¥ non(*) = non(®) PE AN ACE o

non(n)

Mo AT U A

F = [off,,off, ...,off ' (2.11)

- 4 Qg
B
5 10
1
12° “14
13
(@ (b)

Bl 217 (&R cEL 2 BAEYE (@) B2 & Pk (b) HEkEER TR
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B PR G A pd EARLORE o TR R T RN Dl BR
AW - BRFR R vRER I EROERNGN AR L o AR E M

AR ¥ L2 BN > E 4o {977 2 B AT dT > B {8 L T

2 AL & o

kol S - e RS BT oo T AT R

R}?lg_}i ~ B’_;ﬁii ~ V:i'\'—'}';]‘j;; NN _3“ o

wih- B o A4 wow s P F % B (SA node)s IR PR Rt ikl h 5
BiED 2t e 5o 2§ ATiE(RI 3 1P IRA) Tk B ® i % 3 B (AV node)

&0 #EF TR %’%’d B AT R E(R 31QM)I 2t w g 24

'v;,_‘iiﬁﬁ(r‘] AR e'Ké’\) @g R e 2 Té‘i‘p%‘%ﬁ'fg%ﬁ ’ Mjﬁ’_?ﬁ@'«ﬂ’fﬁﬂ
'}'V’A'\?:E-% é /:P- (@31T%K’47\)’b%\"‘—k’\->5f§ ° }ﬁj\ﬁ/mml“%ng““ﬁlu;ﬁ
PEOET RO PRI LML o 93 e T Fl(Electrocardiogram, ECG)

FiF % MR T Bou ) R IR LA A s itimie N dh R L o W

REBA RIEB UK § T R U e WAL R
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—Ph—p
PREM | QRS Wa

v QT &K

B 3.1 PQRST 43 i

e

EMG(electromyography) 3t 55 7 § 33 25 » v & fvep ﬂ(‘%ﬁﬂfr » IR &R e

AR MR R A g b R AR S R 0 B3R D

AR WRaREs Fl g 7 Fasg R 2 Fice A4 R eep JLG IR

Foe R (TR RS AN ERNT R BRAF AR 0
PR F o T AR R DT RIS 2 S &6 o7 Bl(surface EMG) - BI3.2%

£

T W

5 s
-
0.1
s
E
-0.0 -
-0.1
+
- [
R e e e I e e e e T e e e A B e
M &101 S22 52:03 5204 s208 S2:06 s2:.07 52:08 s209 g2:10 g2:11 s2:12 s2:13 S2:1

B 3.2 "7 & r]# &)
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ARTEF R

A K T = F J&(galvanic skin response, GSR) » * # Z A K T #F &
(electrodermal response, EDR) ~ # 4 7 = & #t(psychogalvanic reflex, PGR) » & &_&
J§ & % & Jis(skin conductance response, SCR) o izdp e & A § t T + B 4 - i

¥y AR A H:jw;,ap% , T&ggzzgm BRrmeh®d o 2 F2 AR L kR

it APEF A RIE KRR R E D E HE o B 33 ALK T R

g fins=SUUEY

+

I e e e L R B e e e B e e L I S B S B e e e B e L L I E B s e e e S B B
M %9:43 49144 49:45 49:46 4947 4945 49:49 43:50 4951 49152 49:53 4954 49155 49

B33 ARKR=F R

EEER
UL K A om PR R PR 5 A K & (skin temperature) 0 A KR R A & &
Kps LKL R R oo f S PRI %o R@iﬁ’.&)’jf‘ug’ﬁ oy

R LKA KRR LERY TR > a2 g LA
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20,245 -
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¥
v
20,295 -
om0
Y7777
" Ema 270 10 i e 713 i 015 716 i i e 7 a7

B34 AEER

’ ‘\_L‘
BLIAVII LI Ny
= ;& (blood volume pulse) ¥ B = pFfF p jiife F K - B 6k &, F R

FR O OMNELEDE DA LA HTRAT o LB ) A BB S B FF T

i F A RS E ok F e R4 o @ R b B0 AL B R L B R
B o
j -Lo3 =
-1.70 -
k-
-1.75 -
+ -1.80 -
M nzi 2nzd 2725 i nzr 218 29 ] il 3 k] 4 2nis
B35 mirE
583

rE w3 (respiration)id ¥ 7 ARG SRR R K BLE > ATIURE SRR T LRI E 9L

PRt P AER RED] o d 2 E BAER AT R A (A LR PTG
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N (heart rate) y PG F;%Tﬁﬁvmﬂ“g‘ﬁ JET e AP PN F 1 e ;A
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=
£
& 4,‘

N |

8 -
+ B N S S S |
= 8 -

Y777 T T T T
M 4638 46:39 46:40 4641 46142 46:43 4544 46145 4646 46:47 46:48 4649 46:50
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32 A AT HAIEE Fikw T
AR 2 g o AR 82 Bl L F T = F B(GSR)~ 4 8 (Temp)

A W e £ 0 2

foou % (HR) » $HEZ 64 T2 (P05 AL » Aef 9 51

T AEAC ] 3.8 Ao o

B B T AL RE B S
(GSR) (Temp) (HR)

Y

HUSE AT L B

v
A& JE IR A

B 3.8 & 1205 pJY i 47 B

$NE AP HEPEAEF LA R S ARG R

BT o BE S5 A 2885 ({GSR ~ Temp ~ HR}) » S,f; PR hE mBiE s Pl

e RUREVIER N

y S2 —min(S?) (3.)

" max(S°)—min(S?)

~

He SOL4magienF4 e 2550 4 ASY m B RN GiE; max(S)fe min(S?)

AEl A ST8 g o] 0 AP AT s NSk - B A B R
PR EArR S A - AER AR s LA BRI TR LR E

E

ES - LRSS DR = VAl
El ﬂE(_r ' b ,jjtaﬂ»\‘aﬁ.;



BTk Bl aE BHE2L S s BI R T e 2% RS0 5 kB

FERTEE . 30 TR Sy et Btk

KT~

1
7 =T >sq (32)

m=(k—L)*T +1

Pe =™ ™ " T (3.3)
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e i
3 A g e

& o - o X AR S #ic(Radial Basis Function, RBF)#a4! 5 4

R
B MU AOfEE e £ 2 4 ST e £ PR A

41 X8 K S#(RBF)JEA &R

Lz A % & #ic(Radial Basis Function, RBF) &
LA S

S N -
3 ﬁ%»i@ﬁ@éfrﬁ%&%

[mmyﬁﬁﬁﬁiﬁ%%ﬁﬁﬁﬁfﬁ’
m@,lk, o e f% 2 fﬁizrh?f] 4.1 911 > @ 24’@?])‘%1 ‘K%Q‘k%&ﬁ%j"é] >+ RBF
RAY L B S AT R T
fi(x)= Z B (X:C,)
(4.1)

= Zwik¢k (”X — G ”2)

¢ X eR™ g » o B 0 g £ RBF AT B R Sl Wy A R R B

|| % 7% % 3% §E 3t (Euclidean

HEAESKBEREA SA 2 FdBEaEe -
norm) > N £_i% £ "k i 5~ B#c ¢, e R™ 4 7 RBF 4 5 Peﬁl%l > B
% #r(Gaussian) s #c0 B (4.1) ;¢

Y
I

Z B e o Bho m RBF#EAY S ? aifl K O

FILH A 4T L
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fi(x)= Z W —el,)
= (4.2)

N
=> w exp([-Jx—c,[ 1 57])
k=1

A o BB B BN R 0 A R K AT A
— max (43)

B od A7 P o B2 ek & Euclidean et
Flgt o R - BANERSFEY FE b2 eh 5 5 4 "% % (stochastic gradient

method) » #* 3£ 1= % & fic(cost function) it & & 4- T -

J(n) = E\e(n)\
4.4
- ;[y () - zwk (M), e, (I (4.4)
1 WS A
2 [ydesued (n) ZWk (n) exp(—O'sz)]
Pl A B AT f2Nd T AN S e AT
0
w(n+2) =w(n) = 2, == I (0)] e (4.5)
= w(n) + g, e(n)y (n)
cy(N+h=c, (nN)—p,— 6 J(n) o =c, ()
o(mw, (1) (4.9)
=c, () + 1, (k) Hx(n),c, (n),o Hx(n)—c, (n)]
k
0
o (nN+1)= O'k(n)_ﬂga_'l (Moo (m)
O
(4.7)

— o (M) + e‘”)!Zkgn)c»{x(n),ck(n) o () —c,
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He
w(n) = [¢{x(n),c,(n), o, },.... ¢x(n),cy (n), o 31" * €(N) = Viegireg (M) = Vi (N) > Vigesireg (N) A
WH BN uy,u,and u, 5 F G E Y Sl 3
53 RBF 840 S e B i B 2 ) B 7 VLR 3 40T T
Stepl: AR AFT ALY SEE PG & RBF ¢ o gL o
Step2: 1935(4.3)7 3 B 84 SRR Y S BA LT R o
Step3: Mg E 2 A dn it B Y i 'fr'@?] IR iR E o
Stepd: f1* (4.2) ;%3 % 5:3}&&{;67@ e
Step5: 1945 (4.5) ~ (4.6) ~ (4.7)5° { #THE ¥ i o

Step6: # R drach| Bk 8 ; F Pl w 3| Stepd -

xl rT m=N
WwoeR""
L &4
X, % z =)
¥ ,
L] . ‘
L] L] N
vz > ym
B 4
x!?
[nput layer Hidden layer Output layer

B 4.1 252 & S5 (RBF)SEA e B o028 1R
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42 Je* LEAASEIFH S RES S FRHKe LB rRE 4
'r%

rmE 2 B kT A K S B A G e B2 (radial basis function neural
network, RBFNN) » & #* & [F4fce £ 1 3 4 A s £ 4 v,.]@?] * 1B w]
RBFNN(RBFNNI1 2 RBFNN2):& {7 2" g2 g2 > &8 RBFNN1 2 RBFNN2 33" 't
At FARYRA G E K £ E A B ke & A ‘%'Hia?l »~ 7] RBFNN1 %
RBFNN2 kB3 » SigplEis = By gi;—] 2k en-2pg L Mte fé_ﬁs?l >3
RBFNN3 kM4 o = 118 » BFRlechi e £ 1 2 2 B ke £ 4
“#; ~ RBFNN1 2 RBFNN2 + 7 91— oo £ {52 i » RBFNN3 - &1 7 1/ 3 4 45

AR S YA Lx‘? -i% B] 4. 2 5 =S % r’g'fﬂ%"?é"i - A% [B] ©

/ AP TR
&rﬁfmm /f——m» RBFNNI o F i 5 R
w R
» RBFNN3
'. & TR By o A
RBFNN2 | -
e % » > R

Rl 4.2 T%‘i’“ﬁ%‘*& A%

By /Lw_f»_’\]% \3,& F'K‘J Kk Ft’— ﬁ/\ E’ E\ =\ g 13 ﬁ‘ /i y & g ;,.l‘gﬁ]:? -F;‘ff'fE‘Jgﬁ)‘Eb
£ o Bl 4.3 & RBENN J¢ 8] - s & g sl 5 3 do(fear) ~ & (love) ~ £ (joy){=
#37(surprise) » » RBFNN1 i@?] »e B 5 & e £ (F)» RBFNN2 2 ﬁiﬂ o g
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52 Ao £ (P - Bl 4.4 v 4.5 4 5 5 RBFNNI fv RBFNN2 e s 2 4
) o & RBENNL " SFEfL e o gy » & e £(F)3 (T8 » » £ 0 7 o ghom 3
RAEVRAOFALY S F R EE > R A PRFILEd  fro, o RO
A e B E Y AR E P o FRBTACE AT LG g e 3 KRR & BrenfEl
tp ke & RBENN2 2V UPF£7 o B~ 2 I sipfies £ (PO (T8~ » &

Boloacts » NPT 00k gl ek 2 fRR 2 TR gL T enfddg o

H_,' T c {m N
. ¢| A :{ 2; > 1! "
X,
& &~ - ) > Vi
L] ) L
L] ; i &
: - : e -
‘ é"\] s ‘ Z - .I‘Mrrp.l'.'.\'l'
X,
Input layer Hidden layer Output layer

B 4.3 & & RBF #g4! 35 g o 87 2 FE i 42

off (a)
M} T e I{m N
. ¢] A = E > 1{.’.",'
off (b) v
» » - ' =@ - R,
L L )
: A
: : = > R,
B 4 s > R,
off (1)
Input layer Hidden layer Output layer

Bl 4.4 RBFNNI 2 3§ % H Bl
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I’VT c !{m N

le! w P A l,‘,(- z > R,
¥ h Bz - R
;!:J'cn.-f.
A . . .
) : : z > Rff_.
u™
2 gn Ax > R,
[nput layer Hidden layer Output layer

Bl 4.5 RBFNN2 z 3§ 78 5 Bl

& RBFNN1 2 RBFNN2 2"t % 2 {8 1 & B B0 R ehd e £ {od 250
# v £ (F fv PY#ij »~ RBFNN1 2 RBFNN2: 4 %] 71§ RBFNN1 2 RBFNN2 %]
3o @,] 412 % RBFNNL1 % E'HEJ » © Re(Re= [Rer, Re1, Rrj, Res]) ° RBFNN2 ¥ I'J%J
i £ Rp (Re = [Rer, Rei, Rpj, Rps]) o #-0t oy i e & 0 — 5 & Re(Rr=[Rrr, R,
Rrj, Res, Ret, Rer, Rej, Res]) » #5 ~ 5] RBENNS % (820 o+ p e % R b 2 85
AR E o L BB By A % o B 4.6 5 RBFNNS i i 2 1R ©

BIRGEIS BT o iRl e i e £ (F)fe 2 g fiee £ o (P~ =
] RBFNN1 2 RBFNN2 - 7 |- & ipl3is sodiy 5 & Re fobij i £ R Re v
Rp £ &= Rro 3= RR%] »~ 3] RBFNN3 % ieip|z& £ 18 m@?l 2% v & RrR(RrR =[Rrs,

Ren, Rej, Rs]) » Bodhe = B0 & 0 R B T 2 8 i 0 s g % o
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Hidden layer Output layer
Bl 4.6 RBFNN3 2 4 % 14 B
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'

3«%

- E 1+ % %% (emotion exciting) § & Xz & X itk 54 8 e
2ILELT AL o W1 5.1 A B E F S F LA P AL B KR
A s R E 0 gk A F T K Ji(galvanic skin response, GSR) ~ 45 i (finger

temperature, Temp) 2 < Z (heart rat, HR) % # 32 5L 54 > o pF X 32 K f o ETIRE

o

=
W

cHER RIS L FE R RIS2 S EBFFRER DA 500
FE g pE Ok APER O - KAV R LY PR 73 o(fear) -

€ (love) ~ £-# (joy)f- E-37(surprise) i< ¥ ¥ F #f2c k %% 3 HBLE > § bl4e B 5.3
AT Fhd SR R R Rl gew I F da(fear) ~ € (love) ~ -2 (joy) fr B
#T(surprise) > & 5.1 R E T AN oI o § AR GE PR IE o X R g
PWEFRGAr2 AL £ p edliosr™ & o B 54 L rjc A RRETHEZ

bl FI55 5 5tfch A UL AT kRS2 bl -

36



®ok o mR

LN

l\\ I W|EMH e RIABIRS T

POt E

B 51 HExsdsks T8

00 W Zan, B e
B 52 HHEFIRBEL R

37




% 5.1

% |o(fear)

f TR 2
fe 224
g’-—%lﬁt o

2 3R H Fo B E B ATAD

rokARfoRs PR AS S AR A Fet A kA T

€ (love) Pop UL o mERELT ) FERFF RS F
o 2 ople B RF Fla BRI E D R ER 2T 32k
RS HE R E Mo o BRRTE AT L F
FHETPRE o BETZELA TP IS EPA A T EA KT
RS- A G R L B2 A 4o
£-# (joy) EABEE T PR Ao ZARPE R R AR T A A

| % pr;'frl R

£-37 (surprise)

BT 4 - RA BRI RAT PR ERE P

MRS - L mA s R RTF R

T H T2

i

38




:‘Dslou ®

theYNC.com

‘

iEo0= ﬁmﬁﬁi@ﬂj&f 2 A W<lis = S Y m_ki,‘:

(d) E=7
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Bl 5.4 AR GFT R &0 (T ta(fear) 5 (b) € (love) 5 (c)E-#(oy) ;5 (d)E=T

(surprise)
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U aL-
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AH-

f - 31‘32:
(b)
= 1o -
100 -
= ag -
(vl N
o 50 -
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i 60 =
= cn J
5}
+
v
4
+
(9) (h)
=
&
M 1 = 105 -
29‘25-_ .
§ ma- g 95 -
| an -
¢ BB- + a5 -
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(k) ()
155 AmEAFAEFFHHELFH(L I RE) (@)~ Y s T 1wz GSR -~ Temp -

HR 2085 5 (d-f)4 %] % & 22 GSR ~ Temp ~ HR 285 ;5 (g-i)A ] % P-#2 GSR -
Temp ~ HR &3 5L 5 (j-1) A %] 5 B372 GSR ~ Temp ~ HR 73t 5L



AR AL RN SO AR S BN SRR TN 0 Mk s BRI
JAFFE (Japanese Female Facial Expression)# i3 42 £[13] > # ¢ 3 10 B p A+ |+
£ 149 P HG(W 56) ¢ 27 TH - mAF LB BT A5 f0FF 0 £ 5.2

LA R g -

% 52 JAFFE % % {56 #ic

L 3 [mEE [pr (B [45 &4
5k e 28 30 31 30 30 29
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5.2 fr¥pE R M2 R
kRl o HGRPPFRER F Y 6 LR E L o ek T 240 RN
Ar R AR B 02 Lo gL 0 ¢ 70w BN o 3 da(fear) ~ € (love) ~ -2 (oy) fr BT

(surprise) o ¥3* S AR K MR A PR R L F;ndz 3G A e i

BB AR RE B LR TR AR R R o PPN g o

AP e BN RERF LR R S 10 /480 F 005 B 1= > 970 6 B A 4 fE
Frige 010 fidiamnsi- £ 4 4800 £ R4pF A A > @ HE 2 T LA AU (4
ST AL 240 LT A I BAGAPHEF Y 0 2BARLT i LR
Fhtg R A 0 FP AE FamiELY o PR R L F ) 20 £ TR ot i R0

Riga
S

Rt B R X i R A UL B e e g IR Y o AP 104

t‘k

gk R T F A 1ok o Ft 10 fyai s G 10 SRE R BRIV
PR Y o FIG A PR P RGIR h RREERIANR Y Ly @
Fhhens Byt FA mAG - R FREFRABE TAEH T ER
TR R HE R AP B SRR LRI TR A A
fof R e R e BRI RN AP b o) e I R A FD R
A g~ 1) RBENNL 0500 i fiof) 0 30 & 4k & § 10 RI 5 4% & 4 » 3]
RBFNNL % ipli# o 4 SRUBL0 0 o Bod fiof) shd IOUiih & 1000 U & i) »
] RBFNN2 % 3" 800 i $icf) 02 JLIUH & (ERIGE R & B~ 71 RBFNN2 s ip 3
% RBFNN1 2 RBFNN2 e/ ¢ > F] 5 B8R ¥ i A F > 1 B
L jr AR Sl B ETS e R E P Y 3 Fuy A% 5010 ueE 0.09 0
Mok 5 0.05 » fTachE % 5 7% B% % = dc 5000 = & A8 4 758 ] >t 1000 gt
g & FREE R 43 0.01~0.0001 2 & ; RBFNNI ~ RBFNN2 2 RBFNN3 2
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it wp3d RBFNN1 2 RBFNN2 > .12 % & & =3 #cpl;# RBFNN3 - % 5.3
% RBFNNL1 pli#z 4 F 2 /% » 4 54 5 RBFNN2 2. # 3228t /% » £ 55 3

RBFNN3 2_ & & £ e 1L 82 it /g o
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Abstract

A facial expression recognition system with
consideration of physiological signals is
proposed in this paper. Facial features extracted
from specific feature points in facial expression
images are combined as facial feature vectors.
The physiological features vector consists of
three physiological signals, skin conductivity,
finger temperature and heart rate, are used to
analysis. A learning vector quantization (LVQ)
neural network is applied to classify four
emotions, love, joy, surprise, and fear. Facial
and physiological features extracted from the
specific designed emotion-exciting experiments
are used to train and test the classifier.
Experimental results show the recognition
system can correctly identify facial expressions
and physiological emotions.

Keywords: facial expression, physiological
signals, emotion, neural networks.
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I. Introduction

Human emotional expressions play an
important role in human-to-human interaction,
and help people realize what they feel to each
other. Some common expressions are facial
expression, body language, word choices, tone
of voice, posture, and physiology response.
Besides word choices and tone of voice, posture,
body language and human facial expression are
visible emotional reactions that accompany with
some physiological signal changes.

Among the visible emotional reactions,
facial exprsions often cause various facial
feature changes while emotion are excited. Thus,
the conspicuous and detectable face features can
be used to detect different emotions. According
to face features, such as position of eyebrows,
eyes, and mouth, we can determine what the
facial expression is because the variation of
these face features are more than other face
features. A well known facial expression model
is given by Ekman and Friesen in [1]. They also
identify six basic human emotions: Fear,
Surprise, Sad, Anger, Disgust, Happy [2] and
their associated facial expressions. Hammal [3]
propos a method to extract face feature points
from eyes, eyebrows, and mouth in the face
image. In facial expression recognition (FER),
early attempts by Suwa [6] wuse pattern
recognition to recognize facial expression. Since
then, Samal and Iyengar [7], Pantic and
Rothkrantz [8], Fasel and Luettin [9], and Wang
[10] have produced automatic FER approaches
from dynamical video sequences or static
images. In addition, Gabor Wavelet has been
applied to recognize facial expression in
frequency domain [4] [5].

Physiological signals are usually used as
features to recognize emotions. Physiological
signal pattern of emotion recognition has
important applications in medicine, psychology



and physiology, mental disorder, and human-to-
computer interaction. These applications can
potentially help in assessing and quantifying
stress, tension, anger, and other emotion that
influence health. Because physiological signals
reaction is non-autonomic nerves in physiology,
we are not able to control these signals change
while emotion is excited. This characteristic can
be wuseful information. Common human
physiological signals are skin conductivity,
blood volume pressure, respiration,
electromyogram (EMG), electrocardiogram
(ECQ), electroencephalographic (EEG), finger
temperature, heart rate, and else. In emotion
recognition areas, some researches have used
physiological signals as features to determine
and classify different kinds of emotions.
Rosalind [11] analyzes four kinds of signals to
classify eight classes of emotions. Kim [12]
proposes a physiological signal-based emotion
recognition system using three signals to

recognize three and four categories, respectively.

Takahashi [13] reports an emotion recognition
system identifying five emotions from three bio-
potential signals.

In this paper, we propose a novel approach
for facial expression recognition by considering
human physiological signals. We combine facial
expression with physiological signals to
recognize four kinds of emotion (fear, love, joy,
and surprise). Although the facial expression
sometimes is not corresponding to the
physiological emotion, we try to find the general
relationship between them and fine out what the
real emotion is. This paper is organized as
follows. In Section 2, the data samples which
we collect is described. Our methods are
presented in Section 3. The experimental results
are provided in Section 4. Finally, the
conclusions are given in Section 5.

II. Facial Expression and Physiological
Signals Acquisition

An experiment is designed to acquire and
record facial expressions and physiological
signals. The acquisition procedure is shown in
Figure 1. We put three physiological signal
sensors on the subjects’ body surface to gather
the galvanic skin response (GSR), finger
temperature (Temp), and heart rate (HR).
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Simultaneously, in front of the subjects there is
a camera which will catch their face and record
face images while they watch video from
monitor. In order to excite subjects’ emotions
(fear, love, joy, and surprise), the subjects are
requested to watch several designed video
segments. By watching the video segments,
emotions of the subjects are excites;
physiological signals are recorded by sensors
and the facial expressions are also captured by
the camera.

output i
Subject B -
N a~
/
input i S
- put_ Camera Vldef) sequence
Excite image
emotion
N Physiological Physiological
inputV signal sensor signals

Figure 1. The schematic diagram of the emotion-
exciting and emotion acquisition environment.

II1. Methods

In this section, we will present our methods
in three parts - facial expression, physiological
signals and facial expression recognition

1. Facial Expression

To recognize the facial expression, we first
detect and track the face region; second extract
respective feature points from the detected face
region; third calculate respective face features;
and last construct the facial expression model
and recognize different facial expressions in the
detected region. Detail process are shown in
Figure 2 and described in the following

subsections.
e . Detect 14
Facial video » Face detection > ctect -
feature points
\\//\
Input feat lue i !
. nput feature value in
Expres.51.0n P NN Calcule_lte 12
recognition .. . . feature distances
training/classification

Figure 2. The flow chart of facial expression
recognition.



1.1 Face Detection

There are many methods using ellipse
template matching strategies to detect the face
regions. To detect faces robustly, in our prior
work [14], we proposed an adaptive color space
switching method, which can automatically
detect and mark face regions in video frames.
The method adaptively selects an appropriate
color space according to varying environment. It
can detect multiple faces under complex
background environment and variable lighting
condition. Figure 3 shows two results as
examples of the face detection.

(b)

Figure 3. Samples of face detection (a) face
detection in color image; (b) face detection in gray
scale image.

1.2 Feature Points

To extract enough significant feature points
of a face, we define and extract fourteen feature
points, from eyes, eyebrows, and mouth. The
points are 3 points on each eye, 2 points on each
eyebrow, and 4 points on the mouth. These
locations of significant feature points are shown
in Figure 4(a). These feature points are the basis
in determining the facial expression.

1.3 Feature Distances

Based on the 14 feature points extracted
from face, we define 12 feature distances. The
feature distances are calculated by Euclidean
distance as shown in Figure 4(b).

Because the size of the detected face region and
the feature distances are varying with different
people and different environment instance, the
feature distances are normalized by the distance
between the inner corners of two eyes in
advance. This is based on the fact that the inner
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corners of two eyes are stable and invariant for
an individual person. The normalized feature
distances are calculated by following equation:

(1)

where n denotes the distance between the inner
corners of two eyes, the X" and X represents

X =X"/n, Xelab,..l}

nor

the normalized distance and  the original
distance that existing facial expression,
respectively. Similarly, we acquire the natural
face expression (the face without any expression)
as the comparison basis of face expression. The
normalized feature distance of the natural face
expression is computed by following equation:

)

Where n denotes the distance between the inner
corners of two eyes, X“<®and X""** represents

X0 =X""/n , Xela,b,...,l}

nor

the normalized and original distance of the
feature distances captured from natural
expression, respectively. Accordingly, we get
two sets of normalized distances, consisting of
expression and natural features.

(b)

Figure 4. (a) The feature points in the face; (b) the
feature distances among the feature points.

1.4 Facial Feature Vector

After obtained two sets of normalized
feature distances, we define the feature offset
vector of the facial expression. Compared with
the natural expression, we can obtain the
characteristics of facial expressions. The feature
offset vector is defined as:

off ( X)=X2-X" X efa,b,...I} 3)
Therefore, Eq. (3) can be re-described as:
F =[off (a),off (),....off (D] 4)



2. Physiological Signals

Physiological signals are more sensitive than
facial expression, thus are usually used for
emotion recognition. The framework of the
emotion recognition comprises following steps:
(1) collecting three raw physiological signals; (2)
preprocessing these signals; (3) calculating
signals as feature vectors; and (4) constructing
physiological signal models and recognizing
different emotions. The processes are shown in
Figure 5. Details of the processes are described
in the following sub-sections.

Calculate Input feature B .
feature vector [ vector in NN to |—» m‘“{"_“
train and classify recognition

Figure 5. The schematic flow of emotion recognition
using physiological signals.

GSR

Skin Temp

Preprocessing

Heart Rate

2.1 Signals Extraction

In collecting the raw physiological signals,
three physiological signals, skin conductivity
(GSR), finger temperature (7emp), and heart rate
(HR) are measured. There are two critical
moments, when the signal patterns are extracted,
first, the subject makes facial expressions and
second, the similar trend of large variation
happens while comparing to others. Every
period of the signal segment is ten seconds,
where data patterns are extracted every 0.05
seconds. Therefore, a ten-second signal segment
has two hundred data patterns.

2.2 Signals
Feature vector

Preprocessing and Signals

Because the exciting degree varies and
physiological signals are varied with different
subjects, the normalization is required on each
signals of the subjects. Let O represents the
physiological signals which are GSR, Temp, and
HR, then, S° represents the mth value of . The

normalized equation is defined as:
S S2—min(S?%)
" max(S?)-min(S?)

)

where $°is a data set of physiological signals
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GSR, Temp, and HR;S}; is the mth normalized

value of ¢ ; max (SS) and min (SS) are the
maximum and the minimum value of S‘s,
respectively. The normalization is performed
individual on each the physiological signals of
the subjects. In other words, the physiological
signals should not be normalized with that of the
other subjects.

We compute the mean of sub-segment

which is extracted from §2 of each emotion.
Let 4 be the mean value which represents kth

sub-segment of $° and is calculated by each
emotionSNj as follow:

k*T  ~

ﬂk‘ == ZS:?;

T m=(k=1)*T+1

(6)

where T is total numbers of each sub-segment.
The u of each emotion is organized as a

feature vector Z; which is defined as follow:

GSR

Z, =y

Temp HRAT
7

s by (7

3. Recognition of Facial Expression and
Emotion based Physiological Signals

After the previous steps, we have obtained
feature vectors of the facial expression and
physiological signals from a specific simulated
emotion exciting experiment. These vectors are
used to train the neural network, which is
adopted to classy the different emotions. After
training, new feature vectors, which are different
from that are used in the training process, are
used to test the trained neural network which
determines the emotions of the testing feature
vectors.

3.1 Learning Vector Quantization Classifier

We use a learning vector quantization (LVQ)
neural network to classify the facial expression
and emotion. Learning vector quantization
neural network is proposed by Kohonen [15] [16]
which is one kind of supervised learning method.
The LVQ learning process is that suppose there
1s input training a group sample of M dimension
vector, which can think a group samples in M
dimension space, and each sample has its
classification which has classified center.



Therefore, LVQ determinates the classified
center of each classification by samples in the
sample space. LVQ has two layers, which is
input and output layer. The neural network
architecture for LVQ is shown in Figure 6.
Suppose that i. x = F and Z; is the input
vector in LVQNNI1 and LVQNN?2, respectively,

where F =[off (a),0ff (b),...,off (D] and

Rl 1™ 1" as defined previously. ii.

Z, =
y = {Yfear, Yioves Yjoys }’surprise} 1s output vector
both in LVQNNI and LVQNN2. The w,

represents the weight vector defined as:
(8)

where j = {fear, love, joy, surprise}; N = {N;, N>}
is input vector dimension which N;is 12 which
is {a, b,..., I} of F in LVQNNI and N, is 3
which is {GSR, Temp, HR}of Z in LVQNN?2,
respectively.

Each input vector should be classified in
terms of its actual category number in advance
and represents as . in LVQNNI and LVQNN2

individually. C,, which in LVQNNI1 and
LVQNN2 individually is corresponding
category label of each neuron weight vector.

The determination of winner neuron is
computed by Euclidean norm, is represented as:

)

T
W, =W Wi Wiyl

2
Xi _WjHZ

mind(x;,w,) = min

where d(x,,w,)is selected the shortest Euclidean

distance which between each neuron and input
vector. The neuron which has the shortest
distance with input vector is winner neuron.
This also indicates that the input vector is
associated with the classification of winner
neuron. Hence, by comparing the category
number of the input vector C . and the category

label of winner neuron C,,» We can judge the

classified result is correct or not. If it is correct
or not, we do two kinds of update process with
weight vector w:

1. if the category label of winner neuron C,, is

equal with the category number of the input
vector C,, thatis C, =C,, the updated mode

1S:

w,(k+1) = w, (k) + u(o)x, —w, (k)] (10)
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2. if the category label of winner neuron C,, is

not equal with the category number of the
input vector C,, thatis C, =C,, the updated

mode is:

w(k+1) = w, () = ub)Lx, —wy (k)] (11)

where , is learning rate, and k is iteration

number.

After two kinds of update process, when the
classified result is correct, the winner neuron
would be close the input vector; on the contrary,
when the classified result is not correct, the
winner neuron would be far from the input
vector. In the end, the weight vector will adjust
to the better location which fits in with the
category number of input vector after iteration.

The LVQ algorithm steps can be generalized
as following:

Step 1: Randomly selecting the weight vector
w,(0) and initializing. Set up learning

rate » and iteration numberk.

Step 2: Compute the Euclidean distance
between input vector x, and neuron,

and decide winner neuron in equation
(8).

Step 3: Use equation (9) and (10) update weight
vector.

When the weight vector updates slightly or
has no update, the network will be convergent
and stop the algorithm, otherwise return Step 2.
Furthermore, we can adjust the iteration number
and learning rate so that the network learns
better.

.V fear
[nput
Vector: Viove
X, =
i

- N ,

=12 } Joy
Yy SUrprise

Figure 6. Neural network architecture for learning
vector quantization. The output classes y = {Yar

Yioves ony, y‘mrprlse}°



3.2 Pattern Classification using LVQ Neural
Network

The obtained face feature wvectors and
physiological signals feature vectors are
classified by two learning vector quantization
neural networks (LVQNNSs), respectively. The
classification process is shown in Figure 7.

Each input feature vector is compared with
its LVQNN with the Euclidean distance. For an
unknown emotion, the distance between
individual classes of two LVQNNSs is summed
up. The final classification result is decided by
the one has the least summation value. For
example, the final summation result of class 1 is
calculated by sum up the output value of class 1
of LVQNNI1 and the output value of class 1 of
LVQNN2. Similarly, we can calculate the

summation results of class 2, class 3, and class 4.

Finally, the class has the minimum summation
value is the classification result.

I

Figure 7. The training and classification processes

Output
classification
result

Face feature
vector

S
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Final
classification
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Output
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IV. Results

From the emotion exciting experiment, we
collected 240 static facial images and their
corresponding physiological signals including
four kinds of emotion (fear, love, joy, and
surprise) from 6 subjects. The duration of
physiological signal of each emotion is ten
seconds. The first five seconds of physiological
signal samples are used for training the
LVQNNSs, and the remaining samples are used
for testing. The sampling rate of the
physiological signal and the camera is 20Hz.
Samples of facial expression image are shown in
Figure 8 and three samples of physiological
signals are shown in Figure 9.

The training epochs and learning rate of
learning vector quantization neural networks are
set as 5000 and 0.01, respectively. To evaluate
the recognition capability of facial and
physiological features, we compared the
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Figure 8. Samples of facial expression images: (a)
fear; (b) love; (¢) joy and (d) surprise.

recognition rate individually by only use the
facial features, physiological signals and
combination of the facial and physiological
features. Table 1 shows the recognition result by
facial features. Table 2 shows the recognition
result by physiological signals. The recognition
results for combination of the facial and
physiological features are given in Table 3.

By comparing results in Table 1-3, we find
that the average emotion recognition ratio with
is not so high. This may explain as followings.
The subjects may realize an event and have
emotion response instantly after watching the
event clip. But the facial expression may not be
significant if they do not want to make an
expression. In our acquisition environment, the
subjects are watching the video clips along.
Another problem is that the video should excite
one certain emotion of subjects, but the facial
expression of subjects appears another emotion,
such as surprise becomes joy. Moreover,
exciting emotion degree by watching the same
video is not so identical based on physiological
signals of each subject. The exciting emotion
degree may be high or may be low. These
problems could confuse us to recognize,
therefore, this part is not so good. If the facial
expression is more identical, the recognition rate
would be better.
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Figure 9. Samples of physiological signals for four
emotions in black area:(a-c) the GSR, Temp and HR
signals of fear;(d-f) GSR, Temp and HR signals of
love;(g-i) the GSR, Temp and HR signals of joy;(j-1)
the GSR, Temp and HR signals of surprise.
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Table 1. Recognition Result of facial features

Fear | Love Joy | Surprise | Acc%

Fear 13 16 1 0 43.3%
Love 1 28 0 1 93.3%
Joy 0 4 20 6 66.7%
Surprise 2 8 7 13 43.3%
Total 55.8%

Table 2. Recognition result of physiological signals

Fear | Love Joy | Surprise | Acc%
Fear 15 0 2 13 50%
Love 0 27 3 0 90%
Joy 5 5 15 5 50%
Surprise 4 0 24 80%
Total 67.5%

Table 3. Recognition Result of combination of facial
and physiological features

Fear | Love Joy | Surprise | Acc%
Fear 17 2 2 9 56.7%
Love 29 1 0 96.7%
Joy 0 16 9 53.3%
Surprise 0 26 86.7%
Total 73.3%

V. Conclusions

In this paper, we propose a facial expression
recognition system with consideration of
physiological signals. We analyzed external
(facial expression) and internal factors
(physiological signals) of human responses to
judge what the inherent emotion is. The average
recognition rates are 55.8%, 67.5% and 73.3%
by using facial expression, physiological signals,
and combination of both, respectively. Because

everyone 1is unique and be exists many
unexpected factors which affect the raw
physiological signals, we conclude four

generalized expression models from 6 subjects.
The absence of the “ground truth” makes the

emotion recognition directly by using
physiological signals seems to be a big
challenge.

Possibly a reasonable results will achieve
when the system has dealt with manifold
modalities, such as body language, word choices,
tone of voice, posture, body movement, and
other physiological signals. Even consideration



with more information such as user location,
time of day, proximity to different personality
people, and the direct response of user’s diction
analysis should become more effective in
building a long term model of human emotional
response.
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