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Abstract

MEG source image reconstruction, an important and difficult problem in image processing applications, is

formulated as ill-posed inverse problem. so regularization is necessary. Here, we adopt stochastic regularization,

i-e. , based on Markov random field and Bayesian theory. Additionally. the concept of line process is introduced. The

experiments show the effectiveness of this method.

Keywords Stochastic regularization, Markov. Bayesian, Reconstruction, Ill-posed

1 5%

ETFR#AE MEG HRBER®R. XTHREMEEER
REESHAEAQER.R—HHYRRNGSERENSED
AREHER.EFRE—THEMAS.WEREDIT AT
X RS XERFE . ERENRELSEREN.A
T M T %4 Hadamard 25 A B9\ R FE LR A & ) REAY
wWr.

BEARASNILRES.CLRUETREN LK.M Wang
) 2 /| 4 MNLSE (Minimum-Norm Least-Squares Esti-
mation) 77 ¥ . Matsuura 2513 5542 tH SMN (Selective Mini-
mum Norm)J# k. Pascual-Marqui 2042 { LORETA (Low
Resolution Brain-Electromagnetic Tomography) .Gorodnitsky
£ WH 53 F FOCUSS (FOCal Underdetermined:System
Solver ) 3E FF f& B & 09 BF X . Huang®1 3% A MEM (Maximum
Entropy Method) . Phillips 2551 Baillet 271 % Hassont®#
K AT Bayesian B ERIER. £ . Hk@ams
AR HAERESHEONEGHBIET HRNBEBE . FHRA
BRI SR AN TR KA S TR ERR
B A EEG.IMRI . RTWE . XBERFHRRE.

34 BIRER FE . AL & SE BT R 2 LN
BEMSE.BRBLETREFEFAGS TEEZNEL . BILFEY

B[ A\ —A 3538 B9 %5 ¥ . B B IE WU Cregularization ) B 10 By TR
AEMUMERERD . EMAEMERMOBRHERERRNT
FRREEALEPHBNEFBRERE BEHARIES . &
FRAATHRARSESFENECENRRAF M —&
ERFA.METAFTEAFSHEFSERNKERZ B A
AREVMBBHITHREHY —THRAEEHTORL.EN
Ay R R MR B (F MR LR AR Z My —fir
B8 RA1ME . 2T Tikhonov IE WIHY ¥ & #: IF W ML T LA
HERNBENE BRAFBERMEXRBHARTFE @K
WEMEB.EER. EMEGHAEHRRP. BHRE
Bayesian ST RAER TAREYLEIE MM B WA RER
FIRTREHREENZEE.

2 HigS5HE

AR EED . miEEEnd THRAERmS 2N
EMENMIELRXAXTRANLSEIERN RS .
Hari(1986) #l Hamalainen 2§ (1988) &t 5 3% 4 4t B 41 1E W 75
ERATFEGQER. ZE Clarke (1991)3 3| A3 MEG jfi[]
B BB ES mESERME.

IR W HYIZ R 4E 9 IE N o A e SRR\ Y
AU BRRAARABTREE —TBAM - RBEARBEEAER
B &AM L Bayesian AT Rt R A CRE S RN

HOERFNEVIAWITHARBFESITU(HES 602111D.5 % WL, . TEIFEFHRLIBRNRELFEBHE.

BmeEd—BHBm L e ER R T T RE . R
BLRERYEN.

£ % x#

1 Williamson T, Thorpe C. A trinocular stereo system for highway
obstacle detection. In: Proc. of IEEE Int. Conf. on Robotics and
Automation, 1999,3:2267~2273

2 Okutomi M, Kanade T. A multiple-baseline stereo. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 1993, 15

(4).:353~363

3 Mandelbaum R, Hansen M, et al. Vision for autonomous mobili-
ty. image processing on the VFE-200.In: Proc.of IEEE
Intl. Symposium on Computational Intelligence in Robotics and
Automation (CIRA), Intelligent Systems and Semiotics (ISAS).
1998. 671~676 .

4 Tao Y, et al. Fourier-based separation technique for shape grad-
ing of potatoes using machine vision: Transaction of the ASAE.
1995.38 (3): 949~957



http://www.cqvip.com

B EEERE . BWE— M EEERORE T . H—KS
By BEE—ITXTRASHNGBRO6 . F 2GSRI
APXTRESHHNIAREHERGEEEE—1TLTHE
BEHBMES A FZOTELTFHENLHRER RIS
B MBS B {5 85 4R B il it Bayesian ¥ER, & H — 1%
FRBSHNERI M. FEIWEE—FEN,. —RERYE
RS . RARKE Y IEE (Maximum A Posteriori, MAP)
Al HER] X EESEPT LUK i R MR X 2 S 8.

EX—AHET ASEEEERS, TS EEB3%Tk
MM BRGEIEN RS A AMHERDS MRS
RIEHE MRS A T RERF 3 IR A & 8 L5 A B IR
% iHiE %, — A K B Markov B #l 3% (Markov Random
Field, MRFY BB 342 B R 40 115 HE .

EEGERTIR, M Geman RBUIEE T AGIHE
SatrEit R ks B, B HIEX BT Markov
Fid\ 1% B Bayesian (W WE R Z G, 2T IS EE L&
BEABEREZIE. FEE ARSI Bk E BT
ABITRBOELS, Bicb I Z N A TESXE®RGE .,

2.1 BARFREEMSIT MAP &R

Bayesian & it Bitd . B K RBMEATHENRET —
HEURFEHER. X B AARMERFHEEE TN
B ERERER FELEEL RO EERE L
HERE—BOENERINEESE.

W BEL EHIE v, FRBEEAD =, 113 Bayesian E

B, XA EEOT AR R K — SR B R A B
P(le)P(I) D)
e(y)

B BRI oz EH TR loglex )], Bl &R
KA A H
max p(x|y) =max(log[e'(—y‘|;%—;()i(—£)°]} =

+log(p(x)) —loglply)) 2)
HPBJE—ANBRGHE> /7, SER@QETE. T2
BAT . AR ESEMRZMNEYRET..(ORXA
max p(z|y)=max{log(p(y|x))+log(p(x))~+const} =max

{log (p(y | x)) +log(p(z1)} (3)
XEERIBE AT M T H S — TP SRR I AT A 33
B, BPER FZ R IE NMEER R | Ax— vyl 55 = A HBARYF
M. ERETABREGEER, YT IER ISR IENFIR
@O X B ¥R A Markov BRI, RE ST HAS,

2.2 Markov Bfif\ 3%

Markov B#l3% & Markov 8 (O M EHEY R . £4
TREAZITHTARITYEXKABR. CRET TEEEE
HIEEATEHRAKENTHRLHEE.

AR, RE Markov BHL3% I iZ #i i BT B & 47
B & A BUR, (B5X R 5B 10 B3 SR N8 T S0 B MR e IS AR Y
BAXEREEMAIT . FRETELEBRAHABKAHEE
W50 BR A B R 53 5K . T Gibbs BRI B —FHERRETE
R YE S F Markov HiNLG, X A EREEERE S A
HmE LN EBRBREAR,

* F Markov BEYLI% 3 B AL L B R 55 10 R 89 25 TR IK
A OEE—ITRRERK: (DRAETEEAPRELBTED

2 GiD TR — A BRI BREEBC (B oG —exp(—

plzlyy=

max {log (p(y | x))

TEV.0O) R Z RS RHCEE— LA HOER.T
e 76

D000 http://iwww.cqvip.com|

BV (OREEOBEERY NIRRT ES C AR
B x ZV.GOWRAER B RMNRERNKNH AL L.
OMGDREEHER, W RBBR T LR ERE.
FHREFBRBGENTEFEEEGHRA S EXERIE
FHIR O .

12 B 89 SR (F 3R R 3 b 18 R 1B SE (E Y R 3. X
T/ R 25 5 18] B 51 B 38 BE 0k BOE S L 4 7 BT LA B
WtEEY B S TREATEENA Gibbs R£# 317
Markov & L#fTIC S WHWRIE . LB BIHTRIS
.

2.3 ReeERRE

£5t T X o4, 0T IE L RE B A B R IR AR
A RRTES R IR R AN RY b, AT A4 B R T 1B e iR

6=Gp
e b AN BHRGEIR R .G A5 HER. p HE
BRFHERESHBER REIEININ 6 M G PRt &K
ROBAHEERAHEROERE . ETUEIT TED
R E BT

p=max p(p|5) =max{log{p®|p))+log(p(p)) )
I I
HAPUREBEH oI VBN 2.8
1 1
P(blp)=-2”—azexp(—é?||b—cpl|2} (5)
SRHMEERERY T E.

p(PREREKNCRME. RAEREA N Markov B
P3G BLAY R M Gibbs 2376 . H

p(p)=exp(—#§)¢c(p)} %)
Hb 2. (I BE5HE CHXNHEE.O HBEIMER XK.
XHL.EEGMEORAALRINTLEIE WAL S

p=arg minp(p|b)=argpmin(l|b—Gp|l2+7§)¢(p)} N

E¥ ¥ =20, 4 F Tikhonov IE N &8 & ¥, 2 3BT
MR HMFEEMN . ER _KEHEEIENTHAR,
W36 2 Tikhonov 1IE W, ) iX BB RO E X 2 9 & ¥ 1F NI 2 B8
PLERIB— MR _ KB MERXRITE.itHEBRRE,
BHTFEMERMGERBEEHESET LK. b ERFEE
H—EABEEBELR AT EEREREAKTTFE.
BERAHZIENEALDEBHRS SR EOEE. 80
WHEBEZRNZREERX RS . EXEBNHHRE N, @R
RYFEN . BEEME S ENBERESEAZER N TES
BEBANSZBFEER KN E URRFEEFRRNBA.

° O, WM#a LW MIREREN
s —: AT&AE

o]

- |« 2dsgs

Bl BRESLLR

EREZHRAHLE HEESFEERMA — Markov
BEYLHAR AL, b & AR o MO IR A XM R B 17 (2
FRERRMARMNERRERE, KPS T & « FREIR
EHEE, A —THEN _HEE v R FAERE LA HESEH
B EREETIER . ERREREAETAEE — 8 BH. U
WAFEAR . RZ . WASRTR—FBRBXAGXHEH
EGERREY  ERM KX ERE RS &HBNNFEE, R
XNEBEBBEBZ M REHE, TREETHIEESBER


http://www.cqvip.com

BRREEBRARXFARS . BHFESIA_HHLLERE
HITHR O HARU,

G—1.7

Goj—D NG G+D

G+1.5

2 HEZEMES LB —BBRRE

RO R B B/MMEXEEHTT FRBRIERENER R
BH/MEREBRBREERE ARKIE XERXA B
BERK AEZRR . TEXME KRR
E..,=a2

((u;.,—u..,_l)’(l—w.".,)-+—(u._,+l—u.,,)z(l—wl'.,+1)+) @
ety — iy, 20 —wh D+ (g, — 0, )21 —whyy )

P R v F ot T O BN R EH v HIK
¥ h i R R GELE R X R AN RS S A RRAER
B SINXFRERERA R 7 vk BB G 72 R 1E N e/ F
WEsps . B EREABRESXIEZ FAAARHEL. £
ROABYPBEN—FX w BETT,w R B EHRO
1. Bp

Eu=2wi(—w)) )
HIRFE w; =0 I A PR E SR .2 H v H A,

TR @MDGEAAN ) BT FAN Y B

p?=arg'min{{E{?llb—cpllz}-f-a{E..,—{—YE..,}}=argpminE

N (10)
FRAAY R B R L5 P 31T 4 S R
B End, T EEE R ES: B St B X RN
USIA—HRAMNERETERBRXTSHFEETIRMNZ
HEEBRANLRE, REXBERENFIE LIRS ES
BREREREMNRR _HEBENRIE XHFESIABERN
& AR/ BRG ERVERES B —ERHMEL,
EHMEHBERES.

D000 http://iwww.cqvip.com|

3 HESERETR

BRI KN -y B (—4X 4, —4 X em?, [GFE H0. 5cm. F
A28 . RNBREMT x-y BHNEMIAE, BF
FTF 8.8 —-PTPEEREF (z.y)=(—1,1D.p=
7.6nAm; B AP BB F:Cxy)=10(02.5, —2), p =
2.5nAm W BFEESS T2 HE X STEEFTHAEE
4cm it MEG IERBHFETH B NERG BB N EEN
BESERB 5B EREBRHBSEIE. S5 ETFH
SRAE=ANRIFRE LSRR E R (WED LR
SRR 3 BER R . 0L R R R A SRy
4.8 ESAEHAEES& 24 M4em 4, KPP KH(—3,3)X(—
3.)em! . HFREBHHEENFA Y RBRES R . BEE
BHEMECE. U=/ RE AR L&
BENERTEAFER . YR ESHENESFME ., EEH

BHTREIARKEENMESERER.
w} s

g | °

3 = N

;) a a & s, a 4 a

E)ﬂn a A a & ]

: . G
0 5 0 s ® >

measured point index

B3 FERAY I B R BUE

TRPMARIARA, (5% K& SNR = 10log

(Do) Do mn?) 25 %5 30dB, B 56 3 i A7 HE 00 B /MEAS
T 4 A9 B4 AT AR 3 B L /M T RS A
BV A ¥IHE E . R E BRI E F Markov B #11% ! Bayesian
R M — S X RSB RK MY TK, WES,
o 86 B 4 15— B 5 4 E O P

I T 3
A AN o N A
o N I
PN A SN Nt .
SR 3 St -
= [ KCRDRNEC AN I
E ['] T~ WY 2% LR Y g 0
S PAN- TN MRS o
X N iy R
-1 *,‘;\ Svaatl ¢ ] 1
-2 S, 2

z(cm)
W M o O = N W

Hs E@#R

XBERARRBTEAR BN FEER, BREBUS/NMEE

THER PG ER ST . E RN RERK . BRSIEE

077.



http://www.cqvip.com

BEM.DIMMHERNMERPETIOTFEXEZLRBR
BEZRHEERR . BERMNGHE T U —SHRIES
.

iR 7E A Markov B#Li%#0 Bayesian BigJF R Y
R A8 BF 7T A9 Selk b L Phillips 25158 F 9 Markov #7%
BENERAREFE. —P RSN TRBREENE
FROBBEFHRBRERTIESE. S —TEHABERF
BRIE BB YA L2 2 .Chipman ZMIFEIELT T FREA K
MiTHE.BXRRHT TR I RIFESEKE
(blind point source restoration), H AR A MSIE IR R
BRFAHGIBREUTRX EERNZ B —F . BB H
B ERM.ERERTHRBRFHFEN Z#tH Markov B
HLiphY Gibbs #EESFH BB P EERT . REBH B W
RCLBATHMNBER. MAXRENH T ERIEHQER
MK E SR P LTRSS AR RROR S B, Uk
WEBHAEN . MAEXPAENENRCHAENL BHT
B AL ENRBEEEREICIESE.

it . B F MEG fRBEE R R ERDIERR. FEAH
mE&wEEREEteas s . LB EB MRISHERIIGER
A8 R sle 4R 43 i BT Y B P b 20 5 4 A S B L e R M Rl 5
RN THEEFE . X ER T LR ER EXRFRT/E,
BrUA R T —2# TEH TR E T BT LB A Y SChr BB 3
B B9 B REBF 5 .

£ & X W

1 Wang J Z. MNLS inverse discriminates between neuronal activity
on opposite walls of a simulated sulcus of the brain. IEEE
Trans. Biomed. Eng. .1994,41(5) :470~479

2 Matsuura K, Okabe Y. Selective minimum-norm solution of the
biomagnetic inverse problem. IEEE Trans. Biomed. Eng. . 1995,

D000 http://iwww.cqvip.com|

42(6) :608~615

3 Pascual-Marqui R D. Reply to comments by Hamalainen. Ilmoie-
mi, Nunezul. ISBET Newsletter, W. Skrandies,1994(5):16~21

4 Gorodnitsky I F. George J S. Rac B D. Neuromagnetic source
imaging with FOCUSS.:a recursive weighted minimum norm algo-
rithm. Elec. clin. neuro. .1995,95:231~251

5 Huang M, Aaron R, Shiffman C A. Maximum entropy method for
magnetoencephalography. IEEE Trans. Biomed. Eng. . 1997. 44
(1).:98~102

6 Phillips ] W, Leahy R M. Mosher ] C. MEG-based imaging of fo-
cal neuronal current sources. IEEE Trans. Med. Imag. . 1997.16
(3):338~348

7 Baillet S,Garnero L. A Bayesian approach to introducing anatomo-
functional priors in the EEG/MEG inverse problem. IEEE Trans.
Biomed. Eng. ,1997,44(5):374~385

8 Hasson R, Swithenby S J. A Bayesian test for the appropriateness
of a model in the biomagnetic inverse problem. Inver. Prob. .
1999.15:1439~1454

9 Nicolaos B K, Anastasios N V. Regularization theory in image
restoration-the stabilizing functional approach. IEEE Trans. A-
cou. Spee. Sig. Pro. ,1990,38(7):1155~1179

10 Geman S, Geman D. Stochasitic relaxation, Gibbs distributions
and the Bayesian restoration of images. [EEE Trans. Pattern
Anal. Machine Intell. ,1984,6:721~741

11 Morris R D. Image sequence restoration using Gibbs distributions:
[Ph. D. thesis]. Trinity College

12 Wang J, Wang Y, Chi Z. Continuous Reconstruction of Density
Image from Compton Scattered Energy Spectra with Neural i"let—
work. IEE Proc. Sci. Meas. Technol. ,1999.146:235~239

13 ChipmanB A. Jeffs B D. Blind multiframe point source image
restoration using MAP estimation. In. Proc IEEE, 1999. 1267 ~
1270

(L& F6IW)
GRETFHEEAEFERRUTEN AL ERLARILLS
B) . FEMNERLRERE. T -SREFAFITHEENR
E40 FHRER HH W RSIABFEN T HIERA.
BT ZEK 4R B 4F 5 B L@ Bk X 24t ImageRender K464
BB, IEZEHETT H P K.

£ ¥ xR

1 Willmott A J.et al. Face cluster radiosity. In: Proc. of the Tenth
Eurographics Workshop on Rendering. Springer-Verlag / Wien,
1999. 293~304

2 Stamminger M, et al. Bounded clustering - finding good bounds on

- 78

clustered light transport. In:Conf. Proc. of Pacific Graphics '98.,
1998

3 Smits B,et al. A clustering algorithm for radiosity in complex en-
vironments. In: Proc. of SIGGRAPH ’'94, Computer Graphics
Proceedings, Annual Conference Series. p435~442

4 Sillion F X‘.et al. A unified hierarchical algorithm for global illu-
mination with scattering volumes and object clusters. IEEE
Transactions on Visualization and Computer Graphics, 1995, 1
(3):240~254

5 Muller G,et al. Automatic Creation of Object Hierarchies for Ra-
diosity Clustering. Technical University of Braunschweig, 2000

6 Hasenfratz J-M.et al. A Practical Analysis of Clustering Strate-
gies for Hierarchical Radiosity. EUROGRAPHICS '99



http://www.cqvip.com

