I:%’rfﬁll EREE R
Vol.50, No.4, 356/365 (2014)

EERFIHIRI R ST ICED CRTERE ) AL MNEEZ 1 —F N3y b

PR K BR E ATE R K
£ om o — -t B F

A Reduced-dimensional Recurrent Probabilistic Neural Network

Based on Time-series Discriminant Component Analysis

Hideaki HAYASHI*, Keisuke SHIMA**, Taro SHIBANOKI®,
Yuichi KuriTA* and Toshio TsuJi*

This paper outlines a probabilistic neural network developed on the basis of time-series discriminant compo-
nent analysis (TSDCA) that can be used to classify high-dimensional time-series patterns. TSDCA involves
the compression of high-dimensional time series into a lower-dimensional space using a set of orthogonal trans-
formations and the calculation of posterior probabilities based on a hidden Markov model that incorporates a
Gaussian mixture model expressed in the reduced-dimensional space. The analysis can be incorporated into a
neural network so that parameters can be obtained appropriately as network coefficients according to backprop-
agation through time-based training algorithm. The network is considered to enable high-accuracy classification
of high-dimensional time-series patterns and to reduce the computation time taken for network training. In
the experiments, the validity of the network was demonstrated for high-dimensional artificial data. The results
showed that the network can achieve high discrimination performance in a relatively short learning time. The
applicability to biosignal classification was also demonstrated through an EEG discrimination experiment.

Key Words: neural network, dimensionality reduction, pattern classification, hidden Markov model, Gaussian
mixture model

Y, BETCEFHDEFNNGA =S F=a—F N3y b

LRl POSEMBRIIRET AL T, F— 5 EEBRENEE

Rumelhart 5 V2 & o TIRES W ABRES R =2 -5
Wiy F7—2% (Neural Networks: JA\T, NN LBEE) (3%
RE B FIABATTRETH Y, EEOEREERLHHTES
MMPREBRNEFT AL, 8T STy — RIS
CIEH SN TE2D9 72k 21F Kelly & 2 % Hasclsteiner
£ N3 M MEFR NN 2 V586 (Electromyogram:
LT, EMG &m43) i (Electroencephalogram: LT,
EEG LB&E) DR ATV S,

EMG % EEG % L O4MFES 08y — 2 RFIEEIC AW
SNBANT— 713D SRS ERERTH L7100,
755 — VRBIBEILEE, AT — 7 HE) HERBEENEOR
EMBCRATSNG. BERIHGOHEILZ, HoOohLOHE
OHRHEELTEDNT A — 5 2 fES 5 HES—KYT

* RRRFERFRIFEMREN REEHHL 1-4-1

bl v (1 Ry Ny N R B o A
gL BRERE 79-5

* Graduate School of Engineering, Hiroshima University,
1-4-1 Kagamiyama, Higashi-Hiroshima

** Faculty of Engineering, Yokohama National University,
79-5 Tokiwadai Hodogaya-ku Yokohama
(Received November 1, 2013)

MR T ARAD R ENTWVS, 512 Tsuji H RS
EH 5 E 7V (Gaussian Mixture Model: LLF, GMM &
#E0) iR~ 3 7% 7))V (Hidden Markov Model: VLT,
HMM & B550) #8A L7 NN 248%E L, EMG ® EEG & ¥
DEFESEHBVHETRNTEL I LEZRLTVS O,

ARG OBRIMEIC BT, SEHTEOERIRE LN NOESR
WIZEED SHINEN L HRE IS T 2L EXH L7100, 5
FORHICSBROBRBE RV BEEA Y Vv ERRT
OB E T L TRV 2 N RA SR TE LT,
LA Lad s, ANPERITT TR R OHEE SIS
BoTETNNT A-FDOWENRBL 2B TRL, #
BIIERGEHPLEL 2 5MENH 5.

chzst L, ANF— s 0HTHERERELLIZIANK
TR EH LTl 2 AR S hTwa, 2k 21E, Giiler
% 1913 EMG 155 0 RE BRI xS L EHS5# (Principle
Component Analysis: LT, PCA &#&50) % v CEAT
ICEMEL, SR 7 Oy RdR- bRy S5-I 0%
RV BB 2 TREL L7z, $£7:, Lawrence b 'VIiZHTHE
b=y 71X BRTESE NN 12X 2852 MAa8bE, B
EERHACB L., LaLid s, ThonFEiEkTE

TR 0004/14/5004-0356 © 2013 SICE

o




AMEBHMESRIS H50% B4F 201494 i

Mg L - MABR L & SRS 2L ENH B0, KT
ERBREDANNZ PV EFHOTEL /Y — BBHFT4 2
BIREEIE 0,

77, Bu HILRICIEMHOEBZMIC BT GMM 2K
FTHIET, AR PVORTESE 7~ 7 559 GMM
DIXT A — 5 & ERWIREETRE L HE S5 (local Dis-
criminant Component Analysis: J\'F, DCA L Bs&E) 2%
RELTEBY, 52 Tsuji 51 DCA # NN IZRELTS
Fx 20 EMG E50OMIEII L Twa ¥, #2721, DCA
CATIT— & DRERTIIEMEZ ZI8 L CHEME A L7252
E3TELWVWA®, EEG D& kg iioimuiEe v i
NTBILBEWETHS. 7, #HHSH (Linear Dis-
criminant Analysis: L\'F, LDA &838) &) AL v MR
NN Z2HAEDETRERY T — & %158 - #53 5 HiE L RE
ENTVWA MW, ANF— 5 OB EEI G SR
5%, IRy — CEREEAR YRS S 3T ARV,

FITHRBLTIE, ANF— 5 OBEZHIEE*ER L TE
- BNTEL LHICHIRL A LIRS S — kBl
v, BERYVHIBIE G54 (Time-series DCA: LLF, TSDCA
LEED) RIRET B E LB, TSDCA %% v b7 — 2 #i%
WBRBELZH LYY S L2 P NN #ET 5. BEEFVE,
FEHEREBRTHEHBEECTANF— ¥y 2 E&HL, KTE
OB Y DT GMM 2 FESHIE NS b 2 HMM
IR EIRET A ET, ANBRAT— 9 D& 7 7RI
THREGHERFEBTHIENTESL, TRICLYERHEH
ICTBEFNINT A—F & 3R E D,
BRI AT A BERYI T — 5 125 5 SR 4 AR
T&5.

LT, 2. Ti##%E+ 5 TSDCA 122\ Tk, 3. TIRE NN
D3y b7— g Y2 THBET S, 4. £ 5. T
i, BENN 2HWAERTALT— 7 O#EERS & U
EESHINERICE HIRE NN OFMMEEMETL, BkicE
EHET A,

2. BERIHFIKS S (TSDCA)

HMM (3= 2 7881 -> TEBYT 2ARKREL, S
BB LHNERD SRS NIERETLTH), Fh
HF— 5 0N ZLIZECHYOATV S, HFI2 HMM Ol
TR RE B SR B % 1K 5€ L 7= Continuous Density
HMM (LLF, CD-HMM t#it) L AVvSh TS,
Baum 5 ™35 X SNBEF— 576 EM 7V T X4
THMM DG A =5 R THT L) XL REL.
# 7z, Tsuji 512 GMM B® CD-HMM % NN O#iE~E
L, /87 A= 8 ZEROIBBCEZILERLLY.
LA L A&A55, BH O CD-HMM Tk A D RTINS
Eb e >T GMM D737 A= S BHMHIT 5720, BRTO
WG 7 — & 2 MY 5 Z EXRBETHS, OB,
B CIE Bu H I & - TRES N/ DCA %# CD-HMM 2
HAT B = & CERTTOBRIIF — & #ERTTIER L TR

WTBEFNEERS.

2.1 SRTHRINF—2OER

Wi, d REOBRHIF—% 2(t) € REOBEITA ¢
(c=1,---,C; C 7 IA%) (s 2 PHMHRLHMT
BIEREL, ANF—5 z(t) % d RTEOF L BIEHEMN
~NEfTHEBE L ) HIFH. —i CD-HMM T, A
HEMIZBVTEF— & GMM BOBREENEE b2
HMM 1289 LIRET 5. s L TRRETE, EEk
DIFFZERICBOTANNRY PdiaryR—3 7 MMk,
REH K. » CD-HMM 1259 LIREL, HifzhRs bV
/™ (1) € RY 2 XRO LS ERT 5.

wl(c.k,m) () = V(c'k'm)T(m(t) _ I-t(c'k'm)) 1)

Rl k=1, Ke,m=1, -+, Mg Thh, plekm ¢
REGAHNZEMIBVTI L F—2 2 b {c,k,m} KBTS
F— T DEHNRY b, Viekm) o R 13 d KTEDUZE
W6 d' RICIZES S 2RO ERBEREBRITI
T3, 172, [T SHFIOERE EDT.

COEE, JEMSNIHEMICBVYTERENT— 5
LUF om # B BB HE ) .

g(z(t);c, k,m)
’ _;, .
— (Qﬂ_)—“? lzl(c.k,m)l 2 exp[,(/)(c,k,m)(t)] (2)

w(c.k,ﬂl) (t)
1

= = () () T R (@)
p2rsl, Eekm) o pd'xd 4 gt ASIZERNIC B 55
s fiITHITh 5.
2.2 EHBEOEE
BgHhnF— & 5 GMM B CD-HMM (265 & Fhid,
ANTF =% z(t) DY T A c\Ix$ B UHERER P(clx(t)) (&L
FOLH)CHETES.

Kc
P(clz(t)) = )_ Pl kla(t))

k=1
Kc
05 (t)
= : (@)
; T T e (®)
af (1) = Ebg(2(1)) »)

Ke

af(t) = Y afi(t — D abi(a(t)

k=1
(1<t<T) (6)

P, Yk R TR BT BIRE R B0 k DBBRER,
bE(z(t)) 1 () HIE LAY T A ¢ DIRIE k B 6 OYiLFE
FEFRDLLTBY, R 7 & Pc, k)|e=0 125 L\,

o &, JUARER b (2(t)) PRTEMBEOZMIZE VT
(2) X% 120I XK= PETE GMM 2 728, (6)
KD vk bk (2(D)) 12,



il 2014
358 T.SICE Vol.50 No.4 April

Me,r
e kbE (@ () = Z Ve kT kmg(E(t); c kym)  (T)
m=1
Led. 12720 Tekm 12 GMM OREETH 5.

Dk )iz, TSDCA AN SN BRTOMRS| 7 — ¥
DRTEEML, SRR 7 AT HHEEROHM
ZMEELETS.

2.3 EFIOEWAE

FBOEFNMICEENIEHD/INT A — 513, EHRPER
A% 3L R ET AL ENDH S, 152 HMM O
KEOFERF— 5 BLETHY, FBT— 0L h0HEL
3EE%/87 A — 5 DWEENBREEL 25 THEEIHL. 2D
BRI L Tsuji S I3 BMBALZT4 95 2 & THMM DY
FGA—I R LWL VRBCRBTELI L 2RLEO.

T, (1) RB L) RERBITHIE ANNXT PV D
REMTRBT LI E&HER 5. 7, RIEEMHHR DTN
7 MVE

ﬂ(c,k.m) — V(c.k,m)T“(c,k.m) (8)

EBE, BB ANRS PV X(E) = [1,20)T)T e R4 &
DT of575) Owekn) £e%ds.
_ﬂgc,k,m) Vl('zi,k,m) . ‘/l('::i,k,m)
My lekm) o : Do : 9)

«(c,k,m) (c,kym) (c,k,m)
—Lg Vay e Vi

I, @R () RREATH OWER™ L AJx s
MU X(t) DRICEDT ZEHTE D,
w'(c'k’m)(t)
— V(c'k'm)T(:B(t) _ p,(c,k,m))
— V(c,k.m)Tm(t) _ ﬂ(c,k,m)

— (I)W(c‘k'm)X(t) (10)
DX,
& k,m(t) = Yo kTek,mg(x(t); ¢, k,m) (11)

EBE, a0t OHBELEDZIETH LR L
X' @R (1) 123 LTI T 5.

log Ez’,k,m(t) = (2)W(c.k',k.m)Xl(c,k,m)(t) (12)

TIT, FENT b @Qwlek km) iy

(2) gy (ek” esm)

d 1
= (108 2 +108 e m — 5 log 2 — 2 log &™),
1 :
_Eslgf,lk,m)i _slgféklm)a ttty I(lf:i’:lM)v R}
1 ks 1 i(eok,
—5(2- 815)8'GE™. ',—58'.(;,'2:’")] (13)

THY, s,gf'lk'm), e ,s"(;',';;’") 3 ATF (El(c,k,m))—l RS
% 0 I OR Y ADFLIT, iz jOEEL i4 Ok &

0, (1) P0L.a 0 "I’OAA')
1

“’M""“'"“,O:'.A.n (OF: (”0:-; (1)

x ()

x,(1

RN

. 1 . ’ :
. % : . 0F (1y
W AC Ko Meac) | -

w'

x,(0) _'@/

Fig.1 Structure of the proposed neural network
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Table 1 Average discrimination rates and learning time for

each K¢ and M

(a) Discrimination ratcs

(b) Leamning time

Akl 2 3

1 2 3

723%11.2 | 76.8494 | 79.2+9.1

1.00.1 52%1.0 | 15.1%15

763+9.8 | 79.3%+9.0 | 78.7+8.2

1.9%0.1 | 10.5%1.6 |30.7+3.6

77.0£99 | 79.3+83 | 79.1+8.1

2.8+0.2 | 15.542.1 | 48.7+£7.0

Average = Standard deviation [%]

" Average = Standard deviation (s]

X, BFHEOMAEIK LTHEAN 1% T Holm #1225
(BB ER TR 27225, a=0.607 Dk XRE
NN (K. =1, Mcy = 1) & HMM, #£ NN (K. = 2,
M.x=2) &£ HUM O ENTHEZENDHD, a=08,09
DL ETRTOBMICBWTHEERERMERLL.

Table 1 (ZiREH K. = 1,2,3 BL oy F—% > Mk
My = 1,2,3 DENEFROMAE DT 5 FHMGI%
LEPBMERT. SOLE, d =1Lk Zoffion
L, A&KkH# 1% T Holm S S BILBRE 2 TR o 72
LA, BURICHLTE (Ke=1, Mg =1) & (Ke =2,
Mok =2), (Ke=1, My =1) & (Ke =2, Mcy = 3),



il 2014
362 T.SICE Vol.50 No.4 April

iy =={J= Discrimination rate

& === Learning time o

£ 100 80 g

a 80 60 m.

o

g 60 40 =
]

g 40 20 8

. 20 0 @

z O 5 4 3 2 1

Q d'
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