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Mol AaAe FHigko]l =AY A$, cross validation”| BS Fo] A A3 2

A HAZ = overfittingF= A ol A 2 = Ao},

O AFFYH oF 9 daugFel v AEsiAct. o/ 99 daugFe
71€7] sl7 ¥ (gradient descent)? HAAFTH S ZIE/Mdo=z st 9k 4 (19)

S oY wim +1) 2 A wim)l Awm)E dg ko]t

w(m +1) = w(m) + Aw(m) (19)
71€7] S7AHEe BR g 29 Y Aol ;S HAE e HO=Z 2 (20)9]

1 c 1
J(w) ZE,;(": —n ) =2 - (20)

e = 9714 Awm)s Fate WS AAdd. 4 (2009 J(wE wE vEstd

Awm)s 7+ + A

ow (21)
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$4 2Egn 2uge 87 A4 Q0F Zugs 24U dAwEw,)
2 vtk v EE A2 chain-ruled] 9J3lA A (22) & Zo] YEldAgd 4 9
o,
oJf o] Onet, 5 Onef,
= ) =5, —%
ow,, Onet, Ow, ow,; (22)

Chain-ruleol <& RS 2 (22)dlA J & netyol 28] wEd 4 §,2

el o

_as
Onet,

k

0, © THAl chain-ruledl] 984 2ol Mg wm Qlen o] Ao gt 2o] 3
o] tk_Zk,7]' H o}
& A a

o, =— =——. =(t, — "(net
* Onet, 0z, Onet, (=201 (net,)

a8, 7FEAE o]FolW AA(net)e FEA (W) gE(y)e] wow xdd
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4.4 Support Vector Machine ( SVM )

SVM< 199596 Viadmir Vapnikoll 23] o] sEl A2 EA= 27 93
Aotd st or FAGqARTYH FAqAE EFH 2 5 e 2AWES
ol &= B FEF o] th(Vapnik 1999). Lol SVME &&3 A9 o] &4 <
A, dE 9, SAAA T Y A4 EopEd oyt FA W

A ggor] FFHT 9

AA Nz 3 o]y Hofd = SV

T7F AL FdE Aol 7] Wil 1 Aes £46 = 227

oy

HAgo] o] Folx 7] Aol AFEAZE AF setvlE s ZA S oF
e ghebvl g kel wel SVMe AT ZEtAAl "o o€ g AA s ek
st A H e s RAelA ntdE g E5 0 F Abol o BHY A (trade-off) & 2
olF= 2 EH(penalty) W C @3 HIAE SVMel A&He= AdSs
(kernel function)®] tepw|golth, & AFoA = Aol AP C ¢ g 4

Asta, o]2 uygo g g Ades 9 RBF AdTSdSES 43 vAyg SVM

SVMel A = ¢t

i

o] ¥R 4% v ¥A g

fr

SVM ®##77] %% A8 gdgdely x9 A A E (support vector ) X;
FE o83 O(X), O(X, )& HAE F, =4 F1H(feature space)
4 (O(s) R, — R, (p>>n)) o A9+ KX X)&

ol &otH A E(input space)d SAH ol Aol o] W] Ay ol At
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= A tH(Scholkopf et al. 1999).
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a3 4-5 & A3 SVM HYrpd EF7] (maximum margin classifier )& Ho]F

ANA p= |w| ez [wl 7 Ax7 H= A9 g AR F). 9
o] A3 e AgzAstel A3 (Constrained Optimization) & A+ 12 9 Y
(primaDel A 9 A3 23 JF(dual) o2 Y= F At}
12 el A 12 W wet boll whel Hastwojof a4, o] & glad= e
(Lagrange multipliers) a; & o]-&3lA Fd3d v 2

L(w,ba)= é (we w) - gla,-{[ (x;=w) - bly;- 1}

(e;=20.¥)

o] A9 ¢t (saddle point)= 27 HsiM w&3 2L 214 72+ Utk
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.”A'ppr'I weciors

o] AE ol g AojAE BFUHL thed prh

flx)y=sign( 25 yai(x; x)- b,)

suppori vectors
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g T& Ak

bp= — [(wg=x (1)) + (wy=x(-1))]

1
2

AZIM x x (D= o4 WF AAMH, x « (- 1) 74 "5 AA

#E 2 o)1) g th(Vapnik 1999).

Ei((x; ). (w.b)y.r)y= &= max (0,7 - y,(w+x;+ b))

=06 >k E A4S doly (z;, y)v FE BEFE AL ousiy, &3k W g
© gty 22 dolHEe] 2HWAA v ro] HHYE HoY Jde=AE FH5
= Az 7l @ (Cristianini et al. 2000).

$5% A% AL BAEN EeRY £8 2489 & = 0(i=1,, L)
Doy @ oworb) = 1§ B REaE WA g A6 Cike

#H & 3}el oF g th(Cortes , and Vapnik 1995).

1 2 r
r(w.§) = S IwlF+ C X &
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RBF 714 (radial basis function kernel)

fla)= sign(zaiff,.ﬂx—xil) —bj

=1

A7 K (X —X|) & % 98 Aolo] A [X—X[o] d& WA Fa, 7}

FrEg e obdel 2

A ks Q)

ok

B

Kz, z;) = ex
(z, ;) D ( Py

)

dutd o w2 RBF 719da+ AAHNEHG H5 deolHite f2d= g9 da

o, o714 AAHE = RBFY T4l drh. Fho]l 7125 &g (smoother)
2
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¥ 5-2. Z} featureztol w2 T AY AZF (P value = 0.05)
Featurel | Feature 2 | Feature 3 | Feature 4 | Feature 5 | Feature 6
(mean of |(median of| (Variance | (mean of | (ZCC of | (mean of
EVs) EVs) of RRI) RRI) GSR) SKT)
el o 0 0 X 0 0

p value 0.0036 0.00092 0.00019 0.409 0.00359 | 0.000012

( EVs : Eigenvalues, RRI : RR interval, ZCC : Zero crossing Count, SKT : Skin

Temperature )

54 2% 7 stebuiel dad BAH 452 98 T testd 4B Ak,
ttest(BA)E F AU FTe Fol7t FALOE FARAE RAP W Be

@ FAA Jlgelt Qudew, T ogud FFL muss BAPEE

A F4/d50E @
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53 HHQ

5.3.1 A8 233 (Linear Discrimination Function) % 7}
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5.3.2 Reduced Model #H 7}

3 5-4. Orderdl @& Reduced Model& ©] &3 A% H7} (5 feature)
lorder | 2order | 3order | 4order | 5order | 6order | 7order | 8order | 9order | 10order
Testl| 073 | 081 | 0.83 | 0.82 | 0.85 | 0.83 | 0.85 | 0.85 | 0.88 | 0.63
Test2| 0.64 | 0.75 | 0.79 | 0.77 0.8 0.82 | 0.82 0.8 0.8 0.82
Test3| 065 | 075 | 0.77 | 0.81 | 0.85 | 0.84 | 0.88 | 0.88 | 0.86 | 0.87
Testd| 0.75 | 0.78 0.8 0.81 0.8 081 | 0.83 | 0.82 | 0.86 | 0.88
Tests| 0.66 | 0.71 | 0.69 | 0.78 | 0.76 | 0.78 0.8 0.79 | 0.82 | 0.79
H 069|076 | 077 | 0.8 | 0.81 | 0.82|0.84 | 0.83|0.84 | 0.8

3 5-5. Orderdl @& Reduced Model& ©] &3 A% H7} (6 feature)
lorder | 2order | 3order | 4order | 5order | 6order | 7order | 8order | 9order | 10order
Testl| 0.8 0.85 | 0.88 0.9 091 | 092 | 095 | 092 | 093 | 0.86
Test2| 0.8 0.8 081 | 0.84 | 0.85 | 0.91 | 091 0.9 0.94 0.9
Test3| 0.75 | 076 | 0.83 | 0.85 | 0.86 | 0.91 | 0.92 | 0.92 0.9 0.91
Test4| 0.79 | 0.83 | 0.87 | 0.89 0.9 094 | 094 | 095 | 094 | 0.95
Tests| 0.76 | 0.85 | 0.86 | 0.87 | 0.89 | 092 | 093 | 093 | 0.94 | 0.93
B 078 082|085 | 0.87 | 0.88 | 0.92 | 0.93 | 0.93 | 0.93 | 0.91

¥ 5-4. 9 ¥ 5-5. & order°l W& Reduced Model?]
= (Order)?®] Reduced Model®] *=2

o
)
pe

T UEda AT AsE SURAVIEAN AgEE

feature® U 9 order ¥ W 7} 2 AE& YEeEldyg
FAEE 43 T3 F(median)o] A S =

_55_

T dom™ 6 feature’} 5 featureR Tt AWIH o7

4YEE Prhsn g,
AHEE eha vy
e A



2 g Et A5 oW ¥e5s AREE FobAAW AN BRI BA
of golAsl W 10 orderith ¥ & A5 TN Ages AL, A5 A

Ab B =E ovld #AY o2, Reduced modelol A4 on7h gltta #Awsla

r
Gl
o,
N
:o{::
f
32
e

1710 orderd =9 242 WA 71HA AT 2}

0.95
0.9

0.85
0.8 Fo7 m —e— 5 feature
0.75 // —m— 6 feature
0.7

4

0.65
0.6

298 5-1. Order®l W& Reduced Model& o] &3 A3w 57}

(5 feature, 6 feature)

Ao 2 pre_processing AleA g HA FLAHES A F du. FANEE
gl

=9 2 UeuA diFs 2 AAZ 83 M E Aow T
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5.3.3 214 3] 2 % (Neural Network: Multilayer Perceptron) 3 7}

% 56 AANZGS o]&e FIdE H7} (5 feature, 6 feature)

5 feature 6 feature
Testl 85.8 93.9
Test2 89.3 88.8
Test3 87.8 914
Test4 86.1 93.2
Testb 86.5 93.6
i 87.1 92.2

BRI & Q1A o] A N3 2 A< >
approximator)Z &4 v, AAIFIZFe FHWH  Fole  Error back
% (Rumelhart et al. 1986)& 93] 3dFdrh. Error back
propagation 8t T8FaLzb st o] Al E¥ Y AAEFH A oA E FHAs
7] Y3k o= 7% a7 (gradient descent) &2 5
.

A Ne2REH FE2H A dEUHE 499 5 2 &
=N

7] (universal

propagation? i 2]

=
T G55 ASsY T EEAEY ExWE ] Q27 Fletcher’F AlAI g 107 "Rt}
w7} 2] WkE 8k % (Tteration) $Auh. o] w] WhEg 52 EH Q1A W =

o
7Fs 2 ghol Overfitting® A =& 3000 o2 A g-& F A,
"l T

Y E ¢ 9

o] iRl AFolA AR e HoluAIRE B A 2ol=
AR FE HolH Y ¥ fEetH, A = HA T (objective function)
of FXE ZHAoE wgstA R Agmr UE ¢ dve BAASE HAx
ATt

2 A¥ 5 featuredl A HiF 87.1%9 AFEE yetWow 6 featureol X Hit
92.2%9 A¥gd=E YelWth Aoz FAHJS W vud =& FA¥=Es Y
Bz 9lom 5 fold cross validationS 3] SgE 1502 HAE:N 2 43
oA Htol 24T AFAE U BI 2 T Abgel o Ao

Al e
HE7E g o A8sd F 9 £ 435 HoE AoE Jldeta
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5.3.4 RBF kernel2 ©o] &3 SVM H7}

® 5-7. SVME o] &3 AHgE A7 (5 feature, 6 feature)

5 feature 6 feature
Testl 100 96.99
Test2 100 100
Test3 100 95.69
Testd 100 97.74
Testb 98.87 97.6
i 99.77 97.61

A F7FA AP EEI ¢ Reduced model, A1 43292 AeS H7dg. o2 5 A
dalzgol MY T& AvEs YUERAT AAZIRY JA 95%0]Fe A= E
YEtW A @7 wiitel AA AR dis] A&t e oA AE F
8% R AEA 9 statistical learning methodE°] 712 &4
= Wy o] SVMe| Y [Vapnik 1995].
oy Algs dido= 7 *H]O]Fﬂ% FEYP3 FE9 HoHE H®
Asted 9 B2 HolEHE FE3 6 featured o]l thE ¢

n =1y
2 Aes e AT SVM A= 1%—?74 g 275 YErWT
o

fr

feature’t S 7Fst¥ Cgt gex C
o] gro]l Z7tete wEl Z7bE 7] Wi CEHS TAA 7 trainingS 35 o).

283 SVM-Z kernelell &) 2vh#] 2 @S w4 et deA 7] wWE
o RBF Kernel®] A8& SVMe A5 oo v & Aol& 7Hx oA &+

I} [Saunders 1998].

;O(

Ao® AR AFHEE HAES
SVME 53 YEeEd = 5 featured W 99.77%¢ AFT=Z YEW 6
featured W 97.61%9 A& Yedr. dadldo2 5 featured] =7 =

=7 2
AL trainingd BFE= EA Ao F 9gFS FA g SVMY A= 7
AEE dolgHel didt 5 T893 7tA 95%Y ALdEE vette Ao 99
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535 47hA LnFFol dF AAAA A% @t

100
95
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75 05 feature
70 B 6 feature
65
60
55
50
LDF RM NN SVM
a8 5-2. % Y feature seto] wWE Z+ duglEe HrFHA AeHr}
LDF A3 ¥ RM : Reduced model, NN :Neural network
% 5-8. F 7/H9 feature setd] W& 7 dag =9
HoAd A5H 7t
5 feature 6 feature
LDF 66.1 78.2
RM 79.6 88.2
NN 87.1 92.2
SVM 99.8 97.6
¥ 5-8. 9 1% 5-2. & F MY feature el ZF dugFo W HI=E H
7Fe Aol MukH el dugF AeS HEAcoz AHstd SVM > 2174 3]
Z% > Reduced model > AP FHTF A2 A5 ey, 2 dagls
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F1 o} o} o} o o} o o) o X X o X X
F2 o} o} o o o o 0 X 0 X X 0 X
F3 o} o o o X X X X X o X X X
F4 o o o X o X X X X o X X X
F5 o} o} X X X o X o 0 X X X 0

F6 o) X X X X X X X X X X X X

LDF|77.9 | 66.0 | 64.6 | 64.6 | 73.1 | 64.9 | 72.8 | 61.9 | 64.1 | 55.6 | 59.5 | 62.9 | 57.2

RM| 93.0 | 87.8 | 955 |94.4|87.1 |87.5|86.0|68.9|76.2|723|68.0|69.8|57.2

NN|92.2 |91.4|88.8 |86.3|77.9|757 759|735 |73.4|53.2|64.7|66.6 | 63.6

SVM| 100 | 90.3 | 87.6 | 87.6 | 82.2 | 85.6 [82.2 | 71.4|79.9|59.6 |61.9|70.8]65.7

( F1 : Eigenvalues® 3, F2 : Eigenvalues® % 3+3#k, F3 : RR interval®] #4Fgt, F4
RR interval®] #H 3k, F5 @ GSR ¢ 5A 3, F6 : SKT9 EAF )
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ABSTRACT

A Study of Emotional State Detection Algorithm

using Bio-signal

Lee, Chung Ki
Dept. of Electrical Engineering
The Graduate School

Yonsei University

The goal of this thesis is to develop the emotional state detection algorithm
which responses according to user’s emotions. For this, we tried to distinguish
emotions of human using biosignal parameters of ANS(Autonomous Nervous
System). Why we especially focused on ANS is that ANS can not be
adjusted by one’s will and can reflect the changes in emotions. So we selected
GSR, HRV and SKT as representative parameters which show the changes in
ANS among many parameters of ANS. 25 subjects were participated for the
Emotion-Experiment. We chose some video materials which can induce
negative emotion or positive emotion from the supine subject and measured
GSR, HRV and SKT while they are watching that materials. The data from
those three parameters GSR, HRV and SKT were segmented and we analyzed
and extracted the features of each segment. The results showed that there is a
big difference between the positive and negative emotions. This paper shows
that we can exactly distinguish two emotions using a few biological

parameters.

Key words : Detection of Emotional State, Bio-signal, Algorithm Evaluation
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