MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2023,32(6):286—292 [doi: 10.15888/j.cnki.csa.009148] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

~ S =~ —
ETZLEFENNESEER R ZIREEIR
vz I
AR, R, A
(PR 22 HUFREE B, KR 030006)
W{E/E#: 25, E-mail: lisy75@sxu.edu.cn
OB SRS RR S H L AR 4 2 1 B R T A B R 2 A BURG KR 2 ST TR 4 W e 2%
ANFAE, 28 T PR b3 2 T AR O A5 S EA B8 o8 S5 P BRI (R 9K AR 55 IR, S 1 i T 2 Sk R
T3 2% 55 B RY 1) 2 B 28 EUB 43 2R (ML-M-GAT). M AR AR 22 3L R ShRA5 & 1L (5 B A0 2 B2, A
2 SR BTN 2 SRR R R TR, R F AR 2 b 25 18 SURHAE 5 BB RHIE AT Rl &, AN K AR 28 A S
5 FR 2815 SUME B RN B 22 5 2 G 4y ZRASE A e S 36 UE AR ST BT B AR B ) RUTE, 7R A T U 4 VOC-2007 Al
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Multi-label Image Classification Based on Multi-head Graph Attention Network and Graph Model

SHI Xiu-Yun, LI Shun-Yong, HAN Xiang
(School of Mathematical Sciences, Shanxi University, Taiyuan 030006, China)

Abstract: Multi-label image classification is a research hotspot in multi-label datq( classification. The existing multi-label
image classification methods only learn the visual representation features of images and ignore the relevant information
between image labels and the correspondence between label semantics and image features. In order to solve these
problems, a multi-label image classification model based on a multi-head graph attention network and graph model (ML-
M-GAT) is proposed. By using label co-occurrence and attribute information, the model builds a graph model, and it
employs the multi-head attention mechqnism toslearn the attention weight of the label. In addition, the model utilizes label
weights to fuse label semantic features and image features, so as to integrate label correlation and label semantic
information into the multi—iabel image classification model. In order to verify the effectiveness of the proposed model,
experiments are carried out on the public datasets VOC-2007 and COCO-2014, and the experimental results show that the
average mean accuracy (mAP) of the ML-M-GAT model on the two datasets is 94% and 82.2%, respectively, which are
better than that of CNN-RNN, ResNet101, MLIR, and MIC-FLC models and are 4.2% and 3.9% higher than that of
ResNet101 models, respectively. Therefore, the proposed model can improve the performance of multi-label image
classification by using image label information.
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i H AR SN A

TG 73 I8 K 2 R MR AR P 2 Bt L ih 4, fH
e B A M SR VR 2 AR HE 0 2K ) R

J7 1A ARG g 2 ) Bk, BN K T AR5 (K-nearest
neighbors, KNN), 37 E [ 2 H1 (support vector machine,
SVM)P) 45 3 SR T Bbz 2 BB 40 2K, TR BE 5 I S0,
Bl in & A £ W 4% (convolutional neural networks,
CNN). EHEFM L (graph convolutional networks,
GCN) 5 Re W AR 1 Hh 42 B UK R AE H T 2 4525 K 43
I, AHIRER 7 A Y 2 o1 EUR AL 0 s RAIE, 728
T EUEAR B SRR S B A SRR — MR T 2 3k
PV = AL ) G 22 BR 25 40 AR Y, sl i e v 22 3k
PR T I ML, 0 BB AR (e e I BCE 475 2], 3K
FRPRAE 2 T AN BRAE DG G 2R 0 b 28 1 2 A
H 5 BB R AT Rl
IRSIEATE AL COIES SIPS GIIISTKIES

ANEE T RAE (R (R AH G O Rt AT B 7 R T
PR 2 1] 26 B A8 2 AT G 3 JE A A D e i
B BR28 2 18] 1) Ok 245 B AT R 40 R Y. AR 48
TR FH AR AH A AS B AL B S K ] DL 2 A 25 1
By REES N—Wr . ZBr MR 5% Amorim
D) BT — b T RURR A8 4 2 o PR 3 1 ) 2
52U, R Y R B 2 AR%5 50 2. Huang 251 $EH
TAEZA I KB 2 R4 KL LLSF, %07
R A RABR N oo K, i i A 2] A
FBRAE R 2 B R R AR BEAT S FRAR 25 43 2K, iX
LT BN — B RUR, H 2 kA 2O H BB AR %
2 AV F AR B A A 9% 45 B Huang 260 R H T
LPLC DU 2 A5 AL 3 i 27 > J) 35 1 o b2

FHRAEHEAT 2452590 25, Wang 251 #2111 CNN-RNN R |

2 ] FRAS VE SURHIE R L e bRA AR DS e, Rl A
= BRSO HESE b Chen s 42 1 T 3
GCN 1 2 hn 2 MG 7 BB, 1% 77738 i ResNet101
FR TR 5 0 PR ARG, 38 3 P4 U 2 2% (GCN))
2 STRRAASAE. SR FE O i A AR (7 £ 2
264 (CNN) BEAIHEZR, AT L[5 AR 4050 22 2 MR
FRAEE SIS BRTRR 2 261, I3 CNN AR [ 4
88 38 2% 5] 2 bR TR AN 88 B, TR 9 4% 18
FULE 2 b5 BG4 2 P R S AR A7 Hb 2% T BEAGRR E DA J%
PR b 2 5 AT, (L 25 190 45 0 0 R A1 2 o o A 7
LAy R AR 1 1) B ST, R 22 () 2
T R TR 2 ST R U230 AT R 49 AT 55
FEHUAS T BT 4 R

W IR L 2 ST Bk — P AR, TR L2
JS2 TSV SE 8 2 UE S5 T, T L i i o 5
B B0 5 = A E B TS 73 2K 1 B, Transformer
FRIATIR B RN T AR L 9 33 1) AL, RN e RE A 2
B2 FE E s B, Transformer 45 & M 1 EE
BAEE B gats 7 U £ SkiE B 71U (multiple head
attention, MHA)!'", FIE AR TR F 2L AEE
JIBUEI ) =4k 5 =4y K07, R 2 IHT I EE =
FIREGR ) 3] AN R )R AT 2 JSE SRR AR A 170 22 [
FR R BR A5 2T K 45 SR Bl uﬁt‘ﬁé%ﬁﬁ@ i Ktk
A, 24 AU ARG 2 S I B PRI SG 4 R
{iE, i85 SRR SR BRI X il B R R 2
LR FIE R J2 i 5 A, A6 T S A 8 53 A
LW Stk Re. TR N SR T — P A MR B I
HPEAE 5 ORI T 2 3k B R U CNN A, 7]
F 2 Sk BE R JIHLHI 22 51 N B 10 A SRR AL, S
TR R IRS B S IR RE .

BT UL, ASCHR M T 2 Sk B L
5 EBEA I 2 b 2 R 73 BA A (multi-label image
classification algorithm based on multi-head graph
attention network and graph model, ML-M-GAT), %%
TR FIARAEFL IO R 5 h5 2 & VA5 S AR, fif
FI 22 S B B 27 ST bR A8 B VE = AR, JER A
REACERE bR 22 1 SURFIE 5 R RHIE I {7 R A, ATITHE
PR I AR A SUAS R RN R ARG B 4y
Arh. S, TEP R ATFBUE 4 L5 2RI AL T 0 LE
e, Bk T ARSCRTHERIG 1 Kb

1 AHE

ASCHEH ML-M-GAT, 1Z 575 £ B 4 AN 545
F5T ResNet101 F A BURRHE SR IUBEEL . T30l ik
NG bR 28 ) E G it . BT 2 kAR
WU R FR 251 55 A 2 SIS DA R B T R 5 R AL 11
oy AR, BRG] 1 Fs.

& 1 AT %0, ML-M-GAT FJH ResNet101 #5747
B — 3k 4\ R HURRAE, SR 1] ik N AR RS SR A5 FR 25
(AL R N R R, 45 A b 28 288 3] S B o Bt 48y 1) 85
1, ¥ hr 255 B BN 2 Sk B = B3R A bR 25 (]
ANKF FRAH 5 5% AL AR . D ACiZ AR SRS, 76 E%
REAE $ OB L J5 V8 DR AIE P 4R RS 8, f S P 4 5 1)
EUGRHIE 5 bR 280 B IR AT Rl G, f N\ 2 652557
AR BAT 4 ST
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1 ML-M-GAT #Rgiky - & =

1.1 ER4FAEIRER-FRUERRIR

5% 75 M 4% (residual network, ResNet) 7E 20154 o

He 25"V 4R HY, f# ¥ T CNN *ﬁ?&iﬁ%ﬂﬂﬁ RV )
JENE. TR, BE'&E:W%%“T&E‘]%: ResNet50. ResNetl01
s Q1P 2 s GREE U4 AN X 51t 4 Hok %
7, 54 EGHZE G R EA N, &5
ReLU HR#132] H(X).

Weight layer

FX)

Weight layer

FOX)+X

HX)

2 Residual block fEHk =

¥

MLM-CAL IR EU.”%iﬁﬁé%j:Ull%ﬁ?E‘] ResNet101
R, FF15 4 ResNet101 BELIR 5 (458 22 B 4L, 1%
J2 BB MR SN 9 2 048, i 1 4 B BB
SR REFIASHOE, (202508 2 048
T 1 51 4 G A S . ML-M-GAT ¥ 113
I, RSP 224%224 54N ResNet101 EHREFAER
RS, $A R R A AES R £, $ SRR (1):

fi = fresNet (Ii: Oresner) € RW XD W

oA, fresnet 78 ResNet101 FEFRFEFR IS, [, &R
550 KBS, Oresnet 771 ResNet101 BG4 AE TR HU S 1Y
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%%%ﬁt\*W H. D752 ETkE f . 5 5@

N T AN B RHE S AR 28 T E AT R A,
VT FiC UG FRHE 545 257 B SR H R I 4E B, 75 220
Z R BB R TK & £ AT R 4E. R, 7 s oKAE
B B0 B B A6 45 B 9T WA A, ML-M-GAT £ &
GRS IR BRI TR & £ K. 530N 1, Rk
HFEXHEES D 47 B4k, ML-M-GAT @it — 25
2 convl #3 BIBE4E J5 FIRFE & x, THEERE LR (2):

Xi = feonvi (fi36convi) € R? (2)

H, fronmt BARBRE convl, Oeon KR BFZE convl
HIZHL, d NBE4E TR IETK & X, E‘Jéﬁi&.\
12 fREmEEnEsnEr |

T4 5 BUE L B2 P AL, = (1, b, -+, 1,], ML-
M-GAT il i i1Z5 Word2Vec #5711 3404 17 1)
%%\é‘%%ﬁﬁiai eR?. T Z A% UG HHE P hr 2
TR E e /N T bR 28 4 R AE 10 B 4 FE a7, IX AR
F ML-M-GAT " M-GAT Fr%8iE & J1AE 2 5] #i
SRAF 2 b5 25 B G EHE £ A AR 25 18] I AN X PR AE 96 O6 &R,
[F) B 48,2 38 B 2 EUEARHAE 5 A5 253 2 I A B il ik
FEH B 4EFEANULHD 1981, (At ML-M-GAT XH— 2%
TZE conv2 XTARZE i 4E R AL 7] & AT B4, 1F B %
=X (3):

d, = feomv2 (ai;Ocomva) €RY (3)

H, fronvs BARBFZE conv2, Oeonr T Rn R Z conv2
ISR, a7 )9 W4 Ja R AL W Ba! ) 4E 5. BT et B
H EME bR 2515 B IR A R bR 28 2R ) L B o0 R A BE
P e REXC, C NN S FIEEL ML-M-GAT @it 4 it
% b 25 R B 4R P S AR A I BB, AR
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i H AR SN A

I 5hR%E 1 R AR IR py=P|1). py Fox AbR%
I ARSI P ARRE [ RN AR O, THEE R =X (4):

pij=P(1ll) = % “4)

Horh, Q; FRIRAREE 1, 15 2 b 2 50 45 b H B s TR,
Qy FRRIRRE 1, T 1 16 2 bR BB 48 Hh TR It LA s iR
H dis (@) WRSLEEE p#py, B4R FRAES I 3L
KRR PONAEXRRAERE. 0 3 iR, MR R %
AR VOC-2007 52 o1 kA 28 45 P

0.8
. 0.6

Person . .
Bird -

Cat -

Cow -
Dog -
Horse -
Sheep -
Aecroplane -
Bicycle -
Boat -

Bus -

Car -
Motorbike -
Train -

Bottle - 0.4
Chair -
Diningtable -
Pottedplant -
Sofa -
Tvmonitor - - 0.2
-0

3 VOC-2007 HHR RS ILIU 2 T ALk

1 Bl 3 A AL VOC-2007 i 4 i person” i %5 5
HAFRZE A A7 AE5RZY P IO R, B 24 “horse™ “tvmo-
nitor” 5 bR 25 H I 38 AT A1 B 2 “person” AR A 1 HE I,
{H bR 25 DTERAE R A AEXS AR 7] A, 24 “person” bR H
B, “horse” “tvmonitor” 45 b s A — & FEBE H I, R
BARZE L IAAFAEA XS IR R . :

ML-M-GAT & X EI& 2 528545 B KA NG, =
VLE, FoR AT s G Vi = g, va, - v MUK 2 hr2 8
PRt R A AL AE) = ler.er, - ecRAE AR
S I RIE LR 2R, I MR I A 1l Bk 1 95 A
RRAEMR S B A5 A 2 B py>0 B, 4579 50 v, BI5Y
Ry ZIERE— A R, IR A R AR A 2 L ELR
FHEFE P EITCER py MF B IRSS A )14,

1.3 M-GAT fRE R NINEF SJHER

ML-M-GAT R £ 3k 7% & /1B (multi-head
graph attention network, M-GAT)!"") 2% > Z bR 15 %
P R PARE A A FRAH R R R, AN BB Z AR5 15
BEG =V, E}, &1 M-GAT Jaki i br 2 AL E

JEFEZ e ROXC,
£ M-GAT 45— GAT ™, ¥ el £ 2 43
B[R SR A jE‘JH”i)\zE”%D%.”ﬁﬁ%#T%, 233 (5)
PSR AR B 7SR LE BT AT B TR A N )
ii%ﬁb%%&eg?.
el(.j.) = LeakyReLU (Zl’(l)T (ZEZ)Ilz(jI))) (5)

Horh, 20 = Wil a0 e RV FORTE B 1%, W e RMX
HBNEE BB, LeakyReLU WA 4, 1184
HHEIE . , g "

ST R i A AR RUATIE b, BRI R
A LRI )R8, AL A= (6).

()
o exp(e;;)

DI
Sk, NG)FR R 0 ST A T
A A, o st (5) IR A

A5 AR A R E TR 2k, 3 LR 80 R
WaHATRHE, 113 (7) BT T T AR RS
SIS .

W = (3 i ) g
Horln, () FR AL PESIE 5L, of) F 3 (6) 881
AR IO ) R, 2O 1 A R R T R
B 5, ML-M-GAT il i 2% (8) ¥4 % ANk /1#
e th 5 R e A MO 6 4

K
1
+1) _ _ k vk, (D
h; —O'(Kkgl E jEN(i)a/ijW hj ] ®)

Hp, K NZ SEB L, o(OFRRAEL RIS R
B, NORNEIET A BRENKT S — AR
TWRES, af.j?%vﬂait (6) BEIH— L EER TR
¥, WA E AR, RO AR T AR E T S
BRHIE.
14 AF/IRR

ML-M-GAT ¥ M-GAT Fr#e Ui 2 bR = J1HL
HEEME Z 545 I BURRHIE ) & x; AH T, 193] 2 b5
ZEUG R ERHE, Bad — EAaERE o )G, 5315 —
ik BB I 2 AR 28 4y T 45 B 9, B TE R R
= (10).

[0

(6)

$i = fre (in§9fc> eRC )
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Horh, fre RN BIERE fo, 07 KR REEZ fc MBHL,
Z RNZFRZEE R IRE R, x; N FE4E 5 i BHERRE
I £

B REE— 5K 22 bR AE BEUE IR 2 S T 45 2R, ML-M-
GAT f# ] multi label soft margin loss 1 T F 45 2K
BRI, BT A = (11).

C
LGi.yi) =é Zyz'j 108((1 +exp (‘yif))_l)
j=1

+(1 —)’ij)log[ 1 i"ii—(y_fy)J)] (10)

Hp, C ORI EAIREL, y; € RONEITK Z Hr25 B R

B SERR A, Vi Ny j MR, NIPAMLOE i M IT R |

ML-M-GAT B SE R AN 5k 1 s,
B 1. ML-M-GAT B 5 i 7 "

1]
N BREE 1=, Iy, BIRL RS A L=l . L), BB
D, VERE LB K, FREFIERL C.
i TMAR LA Y=[51.92,9n]

=

1) for (i=1 to N) do

2)  fi=/ResNet101(li.0ResNet101)

3)  xi=feonv1 (fisBeonv1)

4)  a;=Word2Vec(L;)

5)  al=feonv2(@isOconv2)

6)  pij=P(lll;)

7 GEVLEL ViI={viva, vehE=ler,easect
8)  Z=MultiHeadGAT(G))

9)  di=fre(Zxi:04c)

10) return Y=[$1.,92, . 9n ]

2 SRR
21 IWIMERESSHRE -
%%iﬁxiﬁﬂ%%ﬁﬁ;@%%*ﬁﬂ A R,
I 2 A2 b2 BUE HORA AT S 36, FFAE 2 MR AR
2T 5 20 31 ) 25 B 2 FR 14003 2K B3 0 47 0T . ML-M-
GAT ff [ Python #E4T 4 FE, B335 : Python 3.9,
PyTorch 1.12.1, fH SGD 1E AR AL A5
ML-M-GAT ' ResNet101 B HFEHE I 283515 %
P25 R B REAE 7K & f; 1) B TE 2L D=2048, i & Z
conv 1 1532 B4 5 IFRFE 1) & x, I 4E8L d=C, C NZ b
25 UG HHE 4R AR S I A R4, TIIZR Word2Vec #%
R SRAG N N 1) b 2 v 4 RAE 7] & a; 1 4EHLd” = 1024,
Wi B RE conv2 15 B B 4E R AE 9] & o) (1 4 $a” =
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256, M-GAT 1 2 Syt B ALK Sk 2 K=8. W E WA
222305 0.01, YIRS 100.
2.2 SLIHIRENA

SE364# ) PASCAL visual object classes challenge
2007 (VOC-2007)2"! #1 Microsoft COCO 2014 (COCO-
2014)" FdE4E. vOC-2007 Hidi4E T train. valida-
tion. test 3£4 9 963 FKEIR, Fr2F S 35IHH 20, COCO-
2014 HAEAES train. test FLA5 123 558 K EIG, Hr%5 i
FHHCN 80. K VOC-2007 %%%g%%ﬁﬁ%wl%iﬂﬂ
R, BT COCO-2014 i 4 151 B Te K, HM 82 783
3K 124 50 R B B 20 000 3K FEGHE A 47 1
Z5. |8 4 29 VOC-2007 $Hi 4153437451, 1 5 59 COCO-
2014 HHEAE 13 5y 7481

q

Dog  Potted plant  Horse Bus Bicycle
Person Dining table Person Car Person Person
Chair Person
K4 VOC-2007 it 88 53 7~ 1l
o
Bowl Horse Fork Person Tie Person
Broccoli Person Cake  Motorcycle,  Person Banana
%
Orange Potted plant Hand bag ‘\r . Orange
K5 COCO-2014 HAmE 57745l

5
L3§%ﬁﬁ%ﬁ
AR PS4 IME RS FE (mean average precision,
mAP). “FIEIFEREE (class precision, CP). P15
5] (class recall, CR) BRI (overall precision,
OP). #K-F-3) 4 [A] (overall recall, OR) 1E N £ b2 K
1G5 BRI PR A Fig AR,

H T COCO-2014 4N A .2 40 000 25K
BI&, WOA SCHE EAT DA I AT A 0K A B AL
0 400 5k EMEAE 2364, FEALHE 3 7%, B 3 &
AR SE IS VAN P8 bR 1993 0P IEAE N i 5 R AR A3 47
2.4 KINLERSHT

ML-M-GAT 7£ VOC-2007 $t#i4E F %k 30 %5
mAP CLATAH] 90% H T A, loss LA FEZ 0.1
PLF H# T . ML-M-GAT ££ COCO-2014 % #i4:
FUNZE 50 )G mAP C& 1L %] 80% & THEA, loss

23
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i H AR SN A

WOk E 0.1 LR THE.

#%H CNN-RNN. ResNetl01. MLIR. MIC-FLC
It 4 Fh 2 A5 BB B EE S AR AT ML-M-GAT
B BEAT X EL S256 2 . CNIN-RNIN'Y 3 it 35 A5 b 22 oA
28 55 7 B 40 45 I 245 2 STRR S SURFIE M DA B bR 2
MM, &SI 2 AR B8 42 95, B+ ResNet101™
TR 1) 22 A 2 BB A B o 5| NFR 222 21, fif ik
TG RN 2 7115 B AR 3 I A2 PO s S B &R
FAFE ) . MLIR™ 72 ] ResNet101 X G 34T R E
PRI FE R G TR B IHUE, K bR 2 A AR
PR B A JLIEAE ) B 25 (] 58 Il 2 bR 25 B 43 2. MIC-
FLCP® Ji 3 28 5 2 5] 22 bR 4 2% B8 F0H JAG I 245 S B
ZRRER G RME. % 1 8 5 MEIEE VOC-2007
BymsE LRsLn st R, & 2 N 5 ML COCO-2014
B AE FISEIG s R, ﬂn*ﬂ?%i@%&%‘éﬁﬁﬁ%fﬁ%m.

%1 VOC2007 KRELE I i35 45 5 (%)

R . "mAP CP OP CFlI CR
CNN-RNN 84.0 — — — —
ResNet101 899 807 820 820 832

MLIR 919 853 859 819 787
MIC-FLC 904 847 855 820 795
ML-M-GAT 940 955 964 820 821

#2 COCO-2014 HEs FrISin 4R (%)

Hik mAP CP oP CF1 CR
CNN-RNN 62.0 — — — —
ResNet101 783 802 708 728  66.7

MLIR 80.5 79.1 840 674 587
MIC-FLC 80.0 788 840 662 572
ML-M-GAT 82.2 858 869 682 679

H 2 1 A, A ETE VOC-2007 $iiidE b

mAP £ 5] 7 94.0%, % § CNN-RNN | ResNet101,
MLIR. MIC-FLC B, mAP 5 MIRTF 7 10%- 4.1%-
2.1% 3.6%; CP fll,OP HLF T 95.5% F1 96.4%, K
g % EE R TR A CF1 A3 82%, 5 ResNet101
AT MIC-FLC B4R CR 153 82.1%, LK T ResNet101
LR

FH 2 AT, ASCHEIESE COCO-2014 $ia4E -
mAP A F| T 82.2%, #H# T CNN-RNN . ResNetl01+
MLIR. MIC-FLC #%, mAP 43 5$2F+ T 20.2%-
3.9%- 1.7%- 2.2%; CP il OP #{i& 5] T 85.8% £ 86.9%,
NPT EEEE T BB AL; CF1 L2 T 68.2%, AR T
ResNet101 #8; CRIAF| | 67.9%, A FTA X L E %

AL,

HY SR 56 45 R AT DU B, ASSCRr g i) — Al 2
S R IR 5 R 1) 2 AR 2 BB G0 SRAR Y (MIL-
M-GAT), FA B I 2 hR2 R 73 FEHCR.

3 4R

T TEIR EUGKR 2 Z R A OGO R, 2R TH 2 4x
R EMB 2r FBEAURS L () — KB FE AR, A SCHRH —F
T2 S R R AL 5 PR B BRGS TR 1R 4 St
B (ML-M-GAT), i 45 8 /£ 7] FdeResNet101 #251 $2 X
5 45 R e, R ST R A £
SISk T B UL ST b B U R
FIRUE, FEF) P bR A B AR SURFAE 5 R R 1
HEATRG, AR bR 25 A SC M 5 AR 808 A5 B\ 3
Z b2 G oy AL JEE 7E VOC-2007 A COCO-
2014 #4154 Fh 2 Ar%5 BUR 40 KRB AT R b S
557341, ML-M-GAT 1E 2 2 Ar 38 BUE 4 25 br EHL
FHBF 5 R, B0 TR B 2. B S 2 AR
KR B PR A 3 A AN YT 1) R, ISP RE A 43 A £
FEREHR N

SE Rk
Zhou NR, Liu XX, Chen YL, et al. Quantum K-nearest-

neighbor image classification algori'fhm\" . based on K-L

—_

transform. International Journal of .Iheor'etical Physics, 2021,
60(4): 1209-1224. s

2 Yousefi 8, f\/lir%aee S, Almohamad H, er al. Image
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