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A Study on the Bayesian Recurrent Neural Network
for Time Series Prediction
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Abstract : In this paper, the Bayesian recurrent neural network is proposed to predict time series data. A neural network
predictor requests proper learning strategy to adjust the network weights, and one needs to prepare for non-linear and
non-stationary evolution of network weights. The Bayesian neural network in this paper estimates not the single set of weights
but the probability distributions of weights. In other words, the weights vector is set as a state vector of state space method,
and its probability distributions are estimated in accordance with the particle filtering process. This approach makes it possible
to obtain more exact estimation of the weights. In the aspect of network architecture, it is known that the recurrent feedback
structure is superior to the feedforward structure for the problem of time series prediction. Therefore, the recurrent neural
network with Bayesian inference, what we call Bayesian recurrent neural network (BRNN), is expected to show higher
performance than the normal neural network. To verify the proposed method, the time series data are numerically generated
and various kinds of neural network predictor are applied on it in order to be compared. As a result, feedback structure and
Bayesian learning are better than feedforward structure and backpropagation learning, respectively. Consequently, it is verified
that the Bayesian reccurent neural network shows better a prediction result than the common Bayesian neural network.
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1.1 218230 o5+ HYEE

McCulloch®} Pitts(1943) A& 2172 E(neuron)©] K.
A AAE IEFHAA FIHEQ REE AAEA-
McCulloch-Pitts &2 ()7} Zo] &3} 7154 HHE &
A B3 A7E shte] 8443 ES(activation function)ol)
Agste wAeg AlkEn, a9 13 2. 8493 ¢
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Fig. 1. Implementation of neuron.
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Fig. 2. Architecture of MLP.
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Fig. 3. Examples of recurrent neural networks.
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2.2 Hlolxjet =EF 0|3FH t 4o JExe =3

Mackay(1992)= (13} #o] 4173w 7HEAE Aewg
2] FeiiesE Rl O]% Hjo] At &l 23]
s dste WS Adste] wejAet 217 H(Bayesian neural
network, BNN)o|2} A3t uH18]. oZa} 734l 748 whiE
3] Ae|H4=2] cpdficonditional probability density function)
< T8k Hlo)At FE4] YE DAEE AAF] =3
W v 2ok A AL 218049 2o, e
Blo] 27) pdf Hwol Y _)=nwg) 7} Foize of @
A M- pdf KwY) & F3he F wA #Holtk

2.2.1 05 CHA

& SAE AN k— 1M pdf Kwyyl Vi) 7 F
oS W 3 WEAG T AH kA ARd FER
F(prior pdf) KwjY, ) & F3l= HAoH, f=AHL
oh 2tk

Y,
o) v, ) —Higelid)

_f If’(wkywk—pyfe—l) dw
= AY,_) b1

_ f Kwy, We—1» Yk—l)
p(wk—p Yk—l)

®
. P(wk—p Yk—l)
AY,y)

= f Hwdwe Dfwp—| Yy ) dwp—

Wy

(8)o| 4] transition density$l Pwlw,_;) o | <8,

Hw )l Y po)) 7F L)V, ) 2 AASIe & 5
Rom, Hwjw,,) £ o3 o] HolHr)

b (wk|wk_1) = 2 (Wk’Wk_l)

p(wk_l)
_ D (Wpd iy, Wpy)
_f o) dd ,_,
:f D (W d oy, Wye 1) p(dyq Wy y) dd ©)
Hd oy w iy y) pw 1) k=1

:fp (wild -1, wi-)p (dypi|lwy—y ) dd )y

=f S (w,—w, 1 —d,_Dp (d,_)dd,_,
( ? (dk—llwk—l):p (dk—l))

A71A g de 7 ()T we i dea S €3 3
S ol FFPPAE BT wrt TARE vERH,
pdplwi-D)=0(ds-) A R F L3 4,9 v,
7t HAS A delel SEHolghe 7 wielth

2.2.2 A4l oA

AN GAE A kA BEA V2t EOSS W (10)
o] wlolz FAE Tl A FEREE AREA AS g
SR Z(posterior pdf) Hw | Y ) & F3l= 4ot
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b (yk|wk ).D (wklyk—l )
P (yk| Yk—l ) (10)

P (wklyk ):

(10014 Sx(ikelihood) P(¥ 4w p) = ZRRA)
o3 theat el Ageojdck

_ypwy) o DY v wy)
ﬂ(y k|wk) = p(l;)k)k _f 2(wkk) k dvk
:f P (Y pvpWa) ﬁ(vk,wk)d
b (vy,wy) p (wy
1y

:fp (yk|vk,wk)l> (U;ka) dUk

= f 0 (yp—&wpx ) —vp (vdv,

=3 (109 B2 2y Y, & AFss 9% Ao
2 evidence densityZ}il® E2|H, I AL o3 2ok
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Kwp Yyy)
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shd, BNN9| sehe|e]l 78 gl oA 7153
o Abd QE‘:‘ EE 7KL & W, #5H vl 23
T FHE Fot] AN FEEEE AL I A &

EEXEY 7ltﬂ%k(mean)»‘li“1 7FEAE FHT o] A
< d¥og TAshd a9 49 2 2uh BNNO| 8
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oA thatd A9 Ate] desitke Zoltk ofjg A
e AL g o H7] Wi BE&AHQ HE AR
< A AAF A o] dasit

@ prediction

AL
e I

P Equati
PO pORfF>— )

t
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Fig. 4. Recursive Bayesian inference : prediction and update.
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oA Aol EAe WolAL AT AA Hgol
01 743 2 QAel s Rl mad AR 54
420 Fo) Wylol WasiH, o)z Slal HPH 24
E ¥ (numerical integration)¥} EE|7}E2 2 & EH(Monte Carlo
integration) S5} 0& A AWAEL AT 5 HIOL

FARBEe O BEINS 522 A5 24 BHE
(gid) 9ol oY BEZ SAAAE Rolth 2 A4
SN BEgrol AMEE Uelx] Tqiel thsirie waby
(interpolation)-&- ©]-8-3}c Alskgte} o] jt WHH-2 Kitagawa
(1987) ol o3 ol &= F o, HFE 9] Bl Fhol &
& Hopo] HE siEsith 28y b FEe Afde
AR 2pdo] FU1gl wet Ak BEFErt 43 S
SIEE, BNNZ 22 AT mdo| Addele Hgetx] &
t 2H7EE HEY2 FEHES P olEE B
g F4o AR gs FEES o839 T3k WHOE,
E¥ 42 HE I (random number)E ABAsle] HMEESS
Qe Fol dEUAe HEgoTA dske FHE go=
ZARTIE etk oE B0 (137 2L HE #AE
Azl 1A

= fR,,g (x)dx (13)

(13)¢] AHEFrE gla) = f (Da(x)z HAE3 <
& Bajale (14)9) 22 Juz TS 5 Uk

1= [ fn(x)a (14

A71A #(x) =0, fR"ﬂ(x)dx=1 a8l (x)

of e 7o Yridel o(x) & pdf 2 ANT F 9
th ol FEEX (o et EXE N> AE
2 A8 dold & Yuke JHY slelA, 2 AZSS
Ax)ol Ye F 2 HaS e Ae=2A (13)e] HE3
< Ao E UiIg & Qitks Aol EHFEER AR
o]t}(15)

=z

o1
g 2 /%) as)

A= BH7EE NS RS dE] 143 24
2 H18A7)e 7otk olHE 2AMEY A¥Te Bold
AMEES ol EFT} AMES g7t Fadid 77k E
FE I MEEY H7ed s2Eade sl FEF
¥, & pdfel] 717492 Aeoltk

ol a(x)9 MEE(upport)ZHE N(>1)7H MEE
£ Bohlle ¥E2% FHsampling strategy)o] ZR3hH, of
A O F acceptance rejection sampling, Markov chain Monte
Carlo, importance sampling 2] #Ho] Utk A7), o]
At 7 A3 2 AN HES BESE BANA ®)
(10)o) 2gH e RS ZHIERE FRHo= 4
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e H8& FEA o8 BHFEE 7 (recursive Mon-
te Carlo method)o]2k 3t} o]2idl 7oA, 885 &
R R AEFES Boln 4 AErin 7HRE Fol
‘TS JIE AT 1Ela AEE BSAT) £
ol e wEHo s HEEE IPA A2E B
NAEE Sk olg AAFe 5RO QlF &8 B
A2Z 7IW e BEF gegak: F2vH20)

Az &8 2HIEE JPHe HolAt FTWel 7
AEHeR &5 importance sampling YHE MEY
Agez A ZHIFEZ 7ol &% EHIEEHY
o] gukxQl gHIEREY e He, B% m(x)7t A
7ol whel wWalng dA% ez xdHRA geve 3
ot £ mEFIEEYE FAl ol B wEoAE
¥ A2 importance sampling WY £ 3141 sampling
importance resampling(SIR)S ¥wHE-FH o 7 ALl o|AS
recursive SIR, & H|o]A|¢t HEAE @l(bootstrap) HE] 2}
a= etk £ HolMe thedt o] recursive SIRS] 3%
Be uet 4pe Ptk WolAd AYe) ¥ A
16)3t (17l A el skt

FHAf -
O —

=
=

H

=

P(y/e] w;, ) w) Y )

o

Kl Vo) =[ Kwp| whw] V) dop, (17
Recursive SIRS ¢4 Hw] Yy M ¥ M(= =N,
r& AENY HEZ w]'ol ke AR soln A%
At & wit~Kw )Y, ) o, meb wdrles Ae
PIEER.CIM D 2714 ﬁ&wk—u&) o]r}.
1) 012 BADA (16)0] HE3 SR AR}l Bk,
= Aylw, )l oE=s wrl N B9 A)5E(resample

with replacement) Ho] M2L M) E)Z9 AF wi:ri-”_q
< detk AE de AEZe JFe 2AHe=

Aw YY) & e . wi~pw,]Y)

) A% deA Wi gEuA (4D Ags
BoslEE Hiol o3 thew e AuE Aok

X N '
Kwy| Y 2—]1\7 Z}ﬁ(wkﬂl wz:)
=71Vlﬂ(wk+1lu};f) +1’(wk+1|7'”21:) +"'+13(Wk+1lwzlg*)
A7 B S7AA HEE 25 A& AsiAE o)y
3 9% UEol Aoy N2e WBEL Vol

W, ol% 9% PFoln BT PEe o) e 4
PolA @ A8, B el AES AATE Rolnk
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webd A2 A wine Hwe|w® 258 =17
0 M= N)H FE3he] U0l Aolw, 1 B

Hwe YD) & arech : wiiy ~Kw, )| Y)

B3 (2) o]Fo] HF (D2 Bopt B AL vhEgo
ZH recursive SIRQ] &arg]Eo] Al&H) recursive SIR &
1ES vel FEFEY] Ryt AR wairte o
e TABME 23 59 2U21] oW Qst RE Baks
ehith danpgo g, 22800 7ttt AT 7R 9
EJE oot FEor Agshks A Foll A7le o
A AR EAE SEHE dEo WS HEoRN 3§
ZA3lgrk ol@ldt WhAS E3le] BNNe| 7p%3x] F4d 1
& F£3HQ Zolrl esiRong, oA AAE =9
EAlol BNNg 288 4= glrh

2.4 A oI=Z 2I3H lo|x|eh gk Al
%% Bde vAYE 540 B AALY Bl

l‘:_
e el Hsl AddoE ke dE 458 AdE 4
oh ES 479 FINE, o B30z WolA FE
o]-§sh= BNN& ©o]-§3ic}k 32 BNNES AlAlE #l59
2 83t 1 Aeg sk A7) olFoFT
[22-25]. BPS ©]-&3l= 4174l digh BNN9| dutaQl 2
AL, 7FsAe] A gro] obet 7heA)e] &5 IE
3 EEEH S AR G AT A 13t
(confidence interval)-g &FE 4 Y= Holth 2E]a 7)
&) A5 E T I #1F JA¥oR s 24 glol A
A A8E BT FgFd o8 F U] Wi AAHo=
RBoh U 2dS AAE 5 ok
E3], BNNS AR&§ol glo] &
(recurrent architecture), & RNN9] 7%
9] dZolghs BEHE HIME o
T2 O 53 A5 Hole AL®: delA ) uE
o]t} o]2j3t wjo] x|t 4=8+ 17K Bayesian-recurrent neural

network, BRNN)-2- 1% 69|x9} o] FrAI3ict

Az me YO

| A |
Poh3 ~p0n 1Y) t 'y
(Bl
n tpcate
P L] (resapiing)
Py W) | : | y b
EREREE RN EE
W 2227 3%382222222
f Ja ~p0% [ Y5) Ry
g- prediction
W }Z ~pwa 1Y) RS

49 5. Recursive SIR datgl5el] @ el dd 4.
Fig. 5. Evolution of particles through recursive SIR algorithm.

RO - Xssh - AlAREZS =2X H 10 2, H 12 = 2004, 12

TPl B wie) o] B =R 2YFogRE
F71AQ1 A¥ S ke Avk A737e] FelE BRNNS T
sttt

AHE BRNNS 4232 #AA A7 p7iAe #5X
YV r—1,""Yr—p2 7490k B 2 AZG2 7]
A & Ao 4L F=E drh RN T 44
of @} 2459 =E(mode)e ¢
A2 o]gEth A% Hlus fstd 9
Aike =29 e 47 43 o

= wAg Vier1d
22 3 AHY =28 Holgith o]z3
T 7FAE 28k Qe 7HeA]
wgE 7t aAHE FHFo N A S U

RNN 23 o]g35le] AJAIE 215
2 olZde modEe nolth AMY Rl f44¢
g1sp) A8 £54 2de A9 AP o HolEE 4
AL, 7 A7 2l oE g vim AEU

3.1 2t tiolefel ATt M3

2URE g The ) (197 2L w4 vlo]
B VB AT (19 nAgRS Yxskn o,
3 F719] Alztulsquare wave) AE-S EFAA BIRAA
% FHAES P

e
e ol
2
2
g
2
2
gt
jos]

NN

=
=

A

. 25% ,_ B
x,=0.5bx ’”1+_—(1+x2k_1) +8cos(1.2(k—1))

v = (x 4+ 6square(0.05(k— 1)) +3)/10 (18)
X dolg ye 28 y=1E, A%y 14

de=1% 2R, F AL p=107HAZ 3t et
W 19 73 2ok

Bias
input

Previous
data
input

= o

Hidden layer

Input layer

Qutput layer

Context
units
input

38 6. NAYE S-S AT WolA & A7 (BRNN).
Fig. 6. Bayesian recurrent neural network for time series
prediction.



Journal of Control, Automation and Systems Engineering Vol. 10, No. 12, December 2004 1301

Foi AAE A5 Ug AZS {3 vkt AF%
BHE AR ARG HAY AEFAES Yo R &
o I g A e AFEe ¢ 9A old 43
(one-step-ahead prediction)S 4=3§3lt}. A7) skge @
FX| & Holso|HA ulE AW 7HEAE FAske 22
%l(online) otk AW FEAQ AL FYH,
zZt AR A5 AEALE vinste AR HaAFges
MSE)E Atghct g &3 3% 2E Ak 47
Wl FeE ste, ofebx RNN 31 BRNN9| ¢ 243
=9 M) 28 F9] context wnit7} @ o7 HrlEch
231 BNN 2 BRNNS] A-ds B2 AP oA
7texe] BEE Jehl7] $3 FEshs ME £E 2
A AZ 2RS4 o3 F2E ueoZ & BRNN
S olg3e g} AAIES AFIATE ol g stEA
wy® AR FEETdT Hw) Y, )7F A7) ot Wdst
= H3HE 38 8 A + ok

3.2 A1 &4

- AR Lz W H|A : feedforward A A% feed-
back A173=}

gutAQ) MLP T-Z(feedforward)e] A7z 43 =
(feedback)] A178%<] RNNY A5 & 45< Hwsls]
o SERe $Us BPE olgsigiom, nay 2
e 2 99} 1004 Re uieh 2ok MLPY 739-9F RNN
9] A% MSE:= 7Hz} 0.25449) 023412 A= ow, o)
A Q) W PRel AAHRY #8722 73 A
Anol Hrh & 42 45E A,

. Ego] WE W : 7o) vhe BP s vl
BRI

BP ShEH# wlolAQt SkFHE ol&3lE W dF
A& Bl o AT FR= FUsH duky
Q1 M 724 MLPE o]g38l3len, vl A9 ZAd= 2
g 117} 12004 RE upe} 2ok BP 592 A-5-9} wol
Aot k59l 75 MSEx b2} 0.25449) 0.1907% Al4ks

0 20 40 80 700 120

60
Time

a8 7. A% oA vlole e A
Fig. 7. Realization of target data.

Row, webr] UdnkAQl BP AwtETh welAet 2178
o]l Bt} £ dF A& 7RItk

- BNNz} BRNNS] Hlil

ol AR T 7RA] T3-o] A elA Egh nie}h 2
o] FZoAE RNNo], Sl A= BNNo| 7tz 9915
Hole Z& ¢ 4 Utk webd RNN3 BNNS 2@
BRNN©] dubzQl BNNETE o3 A50] £& Ao2 )
e, o]Z 18 137 14eA FI3IHch

BNNY 7499 BRNNQ! 7% MSE: ztzb 0.19073%
008282 AXFEIYTE. whEbaAl BNNo| &3 F2E A8
BRNNo| Rt} 22 dFA%S 77t

due) wojdy A¥, B =Fo)A A BRNN 29
< HAE, By 548 7 AAIE AfelE 3
°oF JET dFL T F A S AT F ok

. Posterior density

Time o

a9 8. A wyd AR EEdEd Wil

Fig. 8. Evolution of posterior density for weight wy,.

Estimation

60
Time

1% 9. Feedforward 217347} feedback 217499 <& A%
H] 3.

Fig. 9. Prediction performance of feedforward and feedback
network.



1302

3 T T T T
2* + i 1
@ L AT Gt
7] L Y
2 or 0, 4 s P g
= +, R TR
-1t + ]
w7t o
ol J
"
-3 ~é —II 0 2 3
Estimation with BP
3
2k +“ + +. *
o 4l e kS
= + L A
® 0 + + *
3 + ;;&%’ﬁ +7 4
= +
B e
-2| //-p;“ +  *
-3 -2 -1 (o] 1 2 3

estimation with Bayesian inference

Z1% 10. MLP9} RNNO.2RE] A& 477} gke] Wl
Fig. 10. True value versus estimates from MLP and RNN.

— True
BP
- - Bayesian

23 11 BP 49 WOl At Se) dF A wlm
Fig. 11. Prediction performance of BP and Bayesian learning.

3 T =
ot
, X e
o
44 H A
21 + :%3 ";+fﬁ4+3ﬂ+ +
] + e +
w 0 +. e f
g L
ara +
2 /,,'-f‘z'ﬁ +
-
3le”
3 2 -1 0 2 3
Estimation with BP
3 T
e H
2 e
§ e -
% 1 + ++ 4_-0:*’1:'}3}%4/4 : " J
E 0 ++ §»"‘?"mﬂ * "
PEAE Lo R
E TR T
1 A B
ug,m‘%' A +
2 e
3 = 1 1
3 2 1] 2 3

-1
Estimation with Bayesian inference

3 12 BP S} HlolAet SgoRRE ge &
&t el Wl

Fig. 12. True value versus estimates from BP and Bayesian

o2l

learning,

Z1¥ 13. BNN¥} BRNN9] o=
Fig. 13. Prediction performance of BNN and BRNN.

s vlIL

3
2l ++“ _ﬂ;bf-&':“
-&/ +
ﬁ 1h + +++-¢‘3§ .
@
g Of S e ol
& %y‘i@* +

True stats

0
Estimation with BRNN

1% 14. BNN#} BRNNO.ZHE A& =Xzta) 2hzke] HnL
Fig. 14. True value versus estimates from BNN and BRNN.

o &2
B =olxe AAD Ao A5 9% wolAet
4176‘”0‘01] gate] Areidink B4 ol&, e 37
I 2 AL 5H FollA TS o1&
HE 548 7He AIAIE Asol Bt 2310
73”0*?4: 22 Hjo|Aet AAYL: sHEA

oZ H>

>

e

2HE o83 AoE, o] 3
=3 2e7leR e 53
611 AR e THExe S8
TEE A QE&W VRS s Ho AR FA4T
T Ao 53] AAE A5 S ZAA oME F
FElel A8l o EEH0RR, &8 7X2E e W
oJAIt ABFE AFstA olE AAL dlFl A8

HO1AISF 8 A8 #-84E AT AT 2o
PolMe vidd, A Ad AAQL ARE F8 240
2 st o] Wi AEel dish 3 DAl I o Fe A
58}9510111 AR =8 FHEE 24T 24E %7}11
Jd dHom Hrlshs At A7FWe] 7FEE A=t
88 F2o WE val 43 da AT 7320 MLPR
o =% 7329 RNNo| 1 253 g% Heg Btk =



Journal of Control, Automation and Systems Engineering Vol.

3 oter gl ol Wlm AF 23 DA BP Shel

A9-HT} wo|A|Qt Bk} A9Vt ¥ 948 AFE JEhY
Atk olHF AREL wigew, W T2 BNN 3
T3%1 BRNN®] o= 453 7sz} H] 315}k BRNNo| 713
T dS s THRIYE A sk HlelAt
£ AAge a2 5497 ”EHZ-‘]OE B Adge 873
B2 it 57 i =Evhe ol slod, dukel
ATl wis] s} Sl JlojM Azt $AdE HolE
2 At oF A7)t 883 A9 fr&sich weby A
g 5ot 88 HET o] v 31 ARRY AER AL
2 oAl ALY dFel &-82 & vk =3 wolA)
Qb A Fee e AYEE, B =AM o
2 AAQ #A8e) d= B mut ol)a} AlAW o]2o]
HEd 7 e gE o Zoklx A8 7l oy
S wolAet AR FRE B =AY 2o] A
FHZ HPIHE 2o 4 Hes 7IoE & Atk
o3
11 A3, Ao AAE B4 dF o8, AEAL
2003.

[2] o197, dF WHe o)al, AR, 1999

[31 C. Chatfield, Time-series forecasting, Chapman & Hall/
CRC, 2000.

[4] P. J. Brockwell and R. A. Davis, Introduction to time
series and forecasting, Springer, New York, 2002.

{[S] R. G. Brown and P. Y. C. Hwang, Introduction to
random signals and applied Kalman filter, John Wiley &
Sons, 1997.

[6] G. Kitagawa, "Non-gaussian state-space modeling of
nonstationary time series", Journal of the American
Statistical Association, vol. 82, no. 400, pp. 1032-1036,
1987.

[71 G. C. Franco and R. C. Souza, "A comparison of
methods for bootstrapping in the local level model",
Journal of Forecasting, 21, pp. 27-38, 2002.

[81 O. A. Alsayegh, "Annual energy consumption prediction
using particle filters", Seventh International Symposium
on Signal Processing and Its Applications, vol. 2, pp.
571-574, 2003.

[9] A. C. Tsakoumis, S. S. Vladov and V. M. Mladenov,
"Electric load forecasting with multilayer perceptron and

2002 6th Seminar on Neural
in Electrical Engineering, pp.

elman neural network",
Network  Applications
87-90, 2002.
[10] J. Zhang, K. S. Tang and K. F. Man, "Recurrent NN
model for chaotic time series prediction”, 23rd Interna-
tional Conference on Industrial Electronics, Control and

Instrumentation, vol. 3, pp. 1108-1112, 1997.

10, No. 12, December 2004

(1]

[2]

(13]

(14]

(15]

{16]

(17]

(18]

[19]

(20]

(21]

[22]

(23]

[24]

[25]

1303

M. Crucianu, "Bayesian leaming for recurrent neural
networks", Neurocomputing, 36, pp. 235-242, 2001.

C. M. Bishop, Neural Networks for Pattern Recognition,
Oxford University Press, 1995.

J. Durbin and S. J. Koopman, Time Series Analysis by
State Space Methods, Oxford University Press, 2001.

N. J. Gordon, D. J. Salmond and A. F. M. Smith,
"Novel approach to nonlinear/non-Gaussian bayesian state
estimation”, Radar and Signal Processing, vol. 140, Issue
2, pp. 107-113, 1993.

T. L. Song,
Automation, and Systems Engineering, vol. 9, no. 6, pp.
413-419, 2003.

D. Pena, G. C. Tiao and R. S. Tsay, A course in time
series analysis, John Wiley & Sons, 2001.

V. Kadirkamanathan and M. Niranjan, "A function
estimation approach to sequential learning with neural
5, pp. 954-975,

"Filtering theory", Journal of Control,

"

networ]
1993.
D. J. C. Mackay, “A practical bayesian framework for

, Neural Computation, vol.

backpropagation networks”, Neural Computation, vol. 4,
no. 3, pp. 448-472, 1992.

R. M. Neal, Bayesian learning for neural network,
Lecture Notes in Statistics No. 118, Springer-Verlag, New
York, 1996.

N. Bergman, Recursive Bayesian estimation : navigation
and tracking applications, LinkSping University, 1999.

J. F. D. Freitas, M. Niranjan and A. H. Gee, "Hybrid
sequential Monte carlo’kalman methods to train neural
IEEE Interna-
tional Conference on Acoustics, Speech,
Processing, vol. 2, pp. 1057-1060, 1999.
T. Zhang and A. Fukushige, “Forecasting time series by
Proceedings of the 2002
International Joint Conference on Neural Networks, vol.
1, pp. 382-387, 2002

E. H. Tito, G. Zaverucha, M. Vellasco and M. Pacheco,
“Bayesian neural networks for electric load forecasting”,

networks in non-stationary environments”,

and  Signal

bayesian neural networks”,

6th International Conference on Neural Information
Processing, vol. 1, pp. 407 - 411, 1999.

A. Vehtari and J. Lampinen, “Bayesian neural networks
for industrial applications”, Proceedings of the 1999 IEEE
Midnight-Sun Workshop on Soft Computing Methods in
Industrial Applications, pp. 63-68, 1999,

M. Crucianu, R. Bone and J-P. A. De Beauville,
"Bayesian learning for time series prediction with
exogenous variables", International Joint Conference on
Neural Networks, vol. 4, pp. 2594-2599, 1999,



1304

g g

20029 A AABAFER F
ST AAH2004). 2004~ A
AR ZE. BARoF= Time-Series
Prediction, Bayesean Recur-rerent Neural
Network.

= H N

1978 AAMd] AH71gsl) £ B
hl AAK1980). FuEHA BFAK(1988).
19893~ A Aguistu Ar)1Fsa o
4 BARoR=s DSP AeAe] 2 3-8

Mo - THS3E - AIAEE

s =2X H 10 A, M 12 5 2004. 12

ut 5

1996\d oldh HAE e £, A3
AR 2E(1996-1999).  AA oot
4AH2003). 2003~ Frisky u}
AMd. #AEolE  Filtering Theory
% Visual Tracking.

ub X uf

1977 AAd] 7188 £, Kansas
State Univ tshl AAK1985). Ftist
2 ¥RRK1990). 199223~ =) QA A
71AAFE Y ng IRk 2RY
2, AsAo], EHAE Ao} 2 S-&.



