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Abstract: With brain PET ( positron emission tomography ) image information, a recognition
method based on hemisphere symmetry feature of tensor space was proposed to identify the
epilepsy lesions of PET ( positron emission tomography ) images. Firstly, the SUV ( standard
uptake value) of each voxel in brain PET images was calculated and the third order tensor based
on SUV was constructed. Then, the hemisphere symmetry feature was extracted and the
hemisphere symmetry tensor model was built. Next, a multi linear principal component analysis
(MPCA) algorithm was used for feature selection of hemisphere symmetry tensor model. Lastly,
the support vector machine (SVM) was used to identify the epilepsy. The results show that the
epilepsy lesions of the brain PET images can be effectively identified by the proposed algorithm,
which can be used as a computer aided diagnosis way to help doctors with epilepsy disease
diagnosis.
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Fig. 1 Schematic diagram of FDG-PET temporal lobe
metabolic abnormalities

2.2 ETF MPCA H4FERE 4

H1 T2 Xt 4l PET EUSHEATHESY , 5 %) 5
ARG A RR R SUV #H171HR. 71545 2
FIRY 2 G Xof R 32 A 1 50 G 2 R R AR A A, o
BOTA G | PR B30 5 P AR AE 4 Ok
VEPEIE AR T 0 2R 85 0 2K

F W 43 43 Br ( principal component analysis,
PCA) S d5c 5 ) 0 28 MR R AiE W 20k 1 0 177
33T B B2 e AR R BB 4 43 1) A
TR — > 22732 1 52 2% ) A 15 A Ay A 4 2 1] ) 75
BRI SR TR PCA R FH 310 4 ik R A 1Y B 4, 5
TORE T A RS TP e — S e i A 1) i L A
BALHR/NFEA [R]E. 22 26 P 32 23 B (multi-
linear principal component analysis, MPCA )" &
PCA 7E 5 4 (1 %€ fift. A SCHFI F MPCA ¥ 5k i
(tensor ) $& 5% £ ] 12, fiff 12 5 78 ARG 525 [H) i2F
A7, PR o Ak 9 v 4 i 1t A IS S R
AN MPCA J&—Fh JC B 2 2] Jr ikt H s 25



%7 2B,

A F R E T w6 6 s T AR AR AR S 5 AR A 925

Vi) B S 38 AU 4 235 ) 2 7 AN T B AR R AR 1] 4 DL
YrJ.

W3 ok X, X,, -, X, e RV HER
MPCA Wi A, M J& B4R FE A A B @it 3 4>
(n=3)HHHHEU" e R n=1,2,3 #HH
ek AR E Y, =X, x UV x U x UY",
P, <I, KRB I x I, x I, W H] P, x
P, xP,.

B R T

{U™ e R N = argmax ¢,. (2)

vy ... u(N)

M o o M
H, g, =X IlY, -Y|L,Y=(/M) Y Y,.
m=1

MPCA ¥ e 2 ik 1 55 B ok &, HLAR RS
[RIAE R . 75 SE BRI A2 5 SR T 2% 1
i) Yoy ,;H\:EF' {Ye R *P2xPs ,y € Rmvrs | iy
TCR M 2 AT HET Y MPCA 250 19 S 4k
[ SCHk[5 ]

3 WU o ISR Y AT

HSEHET MPCA X5k %R 1 PET EIRHY
iR R EE AR 3447 W 4, SR i 4 AR Sy S 1)
4L (support vector machine, SVM) "' 7" 4325 2%
4 A A TR (9 532 B BR AR

1) %A PET K%, i+ i A R R 19 SUV If
K H R on o 3 Br PET 5Kt X, X,, -, X,, €
R M ORI GRREARAN L.

2) FEECEIXTFREERRE 3R sk e
XXX, X, e RS Hp I =L/2 -n +
1, SR R IR X R EE R AIE P T AR AR AN

3) T MPCA Xf ikt X, X}, -, X}, e
ROV BT RESE AFBVFFAE R 2y, , -y, )

4) ¥y, oy, | TER SVM 34505 A
HENL IR 43 A SR 3 - fold 3¢ LB HIE
FE5025 RO B .

N TR R, T (3) , 0 (4) 0
(5) S BITHRREA I 43 M R R, BURE Ry,

RSV Ry
Ry =(a +B)/(a+p) . (3)
Ry =a/(a, +B;) . (4)
Ry =B/ (a; +B,) . (5)

Horp o SEDMAER IR 3N REAR AN B 2 I ki
BEARN G o S R AR R IE 3 IR AR AR o 2
BERFUN TE H INREAS A B, B, 2 TE B U0 ki
FEARAEL B, JEAE BRIIMIGNR i A5

4 SLIRERE

g T BAEAR ST A R 2l e B 11 45
W 12 9 1E & % PET EHRPE R SE508s. B
#17 PET HfZATAE & 6 h UL I, TLHFIRET
HIKEESTF — FDG. 22§ 7> /INe I FF iR ik A 7
PSR AL TAE. SRJ5 X RSy FDG - PET 14
PEATHR VAL A o 3T 0 AR B 53] 128 x 128 x 35
PSR, A SCE AP 5 0 MATLAB 2014b.

SER L 2 x 2 B A HRAR 2 I R R A
BSR4, 43 B 3T MPCA 5 PCA R4t )5
B B IE %1 A SVM K KNN ( K - nearest
neighbor) " 4 JS . MR A R O REAE 5 48 07 1
RANF B 532 1 1 4 T[] (1 43 A A, /)
MPCA - KNN, MPCA - SVM, PCA - KNN, PCA
- SVM, 73 AT RGO S S S 5. 3 JEAN RN 1
7.

&1 PCA X MPCA & KiERI R 5 R EFRE
Table 1 Epilepsy classification accuracy rate of PCA

classification model and MPCA classification
model %

PCA MPCA

KNN SVM KNN SVM

72.3 80 91.3 96.5

MFE 1 LA ), MPCA — KNN 23 28 i %
4 91.3% ,MPCA — SVM 4325 HEffi %4 96. 5% ,
PCA - KNN 73 K i fifi %8 72.3% ,PCA - SVM
SYIUERRR N 80% . ToIe F A Fh oy 28, 3T
MPCA FFRIE AL T IR0 TF PCA B4 75,

SRR X TO NN SR e R B E AN
SR 2 2,3 x 3,4 x4 K/NRIAR 42
TR B R I HE AT 52 56 3 ik MPCA 48 )5, F
FIFH SVM, KNN 4328855028 Bl R /Nt 43 e
RN 2 Fis.

F2 BIEAN S RERHEM

Table 2 Effect of template size on the results of
classification %
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Table 3 Comparison of several epilepsy
recognition methods
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