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Weakly Supervised Fine-Grained Image Classification Based on Attention Mechanism

LI Wen-Shu, WANG Zhi-Xiao, LI Shen-Hao, ZHAO Peng
(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Fine-grained image classification is challenging due to the difficulty in the effective learning of discriminative
objects in images. Therefore, this study proposes a weakly supervised fine-grained image classification algorithm based
on the attention mechanism. This algorithm can accurately locate and identify the semantically sengitix;e features in fine-
grained images. First, on the basis of the classic convolutional neural network, the overall information of an object can be
expressed by the linear fusion of features. Then, the discriminative details of the featur@s are further extracted through the
visual attention mechanism to obtain a more complete fine-grained feature expression. The proposed algorithm combines
linear fusion with the attention mechanism and it can be regafded as a network model of multi-network-branch
cooperative training and joint optimization. Thus, the network model can better express the overall and local information.
Experiments on three publicly available fine-grained identification datasets show that the proposed method is superior to
the baseline method and achiéve;s the advanced classification level.

Key words: fine-grained image classification; bilinear network fusion; attention mechanism; weakly supervised learning

1 515 AN R ZOR SO W R R KRR R, 47 5
AT LA R PR 0 SRBR I I X IR JEE 2 AR 2 A 45 “UE X HE rR e A2 B2 P R K,
Hriz TS TR AR, SR T A S B IRARAFLE. 1 1T SRR 240 A B AR 2 P A 2 218 B I3 19 G

O B4 : HEFRHGEE SHER R (2018YFB1004901); #ivl 4 HiA T H AT H (2019C25014); #4434 (LY17C090011)
Foundation item: National Key R & D Program of the Ministry of Science and Technology of China (2018YFB1004901); Key Program of Zhejiang Provincial
Department of Science and Technology (2019C25014); Fund of Zhejiang Province (LY 17C090011)
AR ] : 2020-12-31; AR A]): 2021-01-29; SR I ] 2021-02-26

232 AR H 1 Software TechniquesAlgorithm

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/8141.html
http://www.c-s-a.org.cn/1003-3254/8141.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.008141
http://www.c-s-a.org.cn

20214F 55304 %5 103

http://www.c-s-a.org.cn

i H AR SN A

BRI PR A FE R 2R S, KiEME
AR AN E R R R FE, R E S T AFER R
st IRV 3 8 25 455 ) TF SEALAN o 7 25 R0 AR JiE 28
B (g 2020 QAR O AT Ay R
CLEEAF 7T AT 2 3 L R i B e 3 A0
s ) H AR 0 22 S R AR R R B AR AR
B PR
1.1 AR EEG S EXNARHESIRK

BEE T AU S IR T, TR 22 ST HR )
ZH TR S 2 BUR 4 2R o) . e, 5 R 22 ) 2
(Convolutional Neural Network, CNN) & I/ & 5 >] fift ik
SRR ARRIE N 2% 2 —. 2015 4F, [ TE SR T
W ZEHH 22 [ 4% (Residual Network, ResNet)!'! S H] 1 5

VR (¥ 0 2 A, JF HLSIN T 5% 22 Ab FEL 80 70 fi v 4 SR

FLH TR, LA T B RO, 2017 4, Google 1BA 2
U LA 1R LR 4 N K 8 Tnception-V3U'?,
P X N 1 AR 17 2 A i B R A £,
TR AT 0 15 TR — AR R R P, A
IRk C P Eo At PATES S ESLP
U0 R, I BT 2O AR BE PR A2 (3
%) [ 5 FLL. ZRRLIEE FEHG 02 HRK FE S8 I3,
6] 25 5 S DML, ok L RE A B T 0N R 2
DX 55 Hy AR [ 19285

YR P55 4 2 ST AT 1 S A TV £ i 7
HE/ S PEERE. KT I A T2 5 4 B 43 s SRR
{2 58 31 FL A, 30t IE 3500 6 5 5 A2 3 1
fy (SR [13,14] 3 B30 FORE /3 PHERE AT A 103

B, HH AT SR LR SR AN A B B A R ). ORI |

HE S AT R AR AN bR (3 L, T 2 0
SR TR Y AT S5 N

Lin 652 17—l S0 0 0L P 251, st %
AU O T SR, A5 AN i i
Z IR LR AR 5, AT 38 T 2 B 2 i ¢ ik
G S5 3 T UL 0 45 4 1 — Pl AL 1 B2 P 25 U
1190 S 8 A R O 7 A 2 R G I e
2 R A R P 5 2R, — B RS B0 4 1 % ik e
1. LR RO R B S B IR R 2
MR H LA 4 ) B

SR PRV BAHE RO LA ™10 T LA 2 A4 X
ST G030 5 HE T2 90 O 6 ) 5 22 e A
S D0, TS8R A PR 1 43 2 i, R X4

{iE 4 R R A TR Bk 3 T R HE s 3 ) B4 4,
7T H LB B S P AR FE PR 49 2, Fu 0% 440 7
— T A1 %, R BT 55 2 16 AOIBE 2, M TLHG 25
1 RS B2, 7625 R 536 AT M 25 511X 49 J8 K IX
D J £ RRE R KR AT 22k %07 v B MR T R 2
O A25 8, (LN 4 R IS8, N T 3B 7
1 RN 722 % A R, B TR IS A R
GEHOTE RS 17 EE02 ) MR (B B PO 7 0 A B0
KB 78 4 2 ik BUR IS . <)
12 BN SEAE R AOFTSE A S S TR

NKH 5 R TAF(E = FIL %, 24 N HR7E 32 4
55 5L B R B RS FE A2 2 5, 0t BB AE
Bl I 2 T P E RGBT 15 5
{4, 36 342 N KR 2 G5 b O 2 S WL, 3 — WL
Ho b T SR . 3 JLAE, T LR o
FIHUR R RO, BT AR 4 5 B A B
VR JEE 2 ST T 248, 308 B 9B 77 s 3ot 5T BRI VR
IR (mask) (7% 2%, WIS AR VR IBLE, 4
FEY B0 G B ke WA 2 0380 0 3 T DA 93 7
SHR T 204 o 7 [ o

2 0 AN PR 2 Do B8 2 R %, RIK 43
SEA T 43 L REFORAIAL. FErb, IR R4 KA 55,
2020 4 Yan 251250 $5 Hy 9100 £ R 76 AR TR 194 2
e, 72 1 5. B 0 A R R S, R IR K%
IR P 05 A B AL . T DA 4R T —
2 ] s i O G2 2 0 S 5 B 5K

N o ot A S0 B, S B i e A
BE S OBLE 2 5. BRI R %, 3K R I
#45 RGB =AM, BB 1% BRI e B2 1030
3, HE T X R R IGHEAT T 4. A0 IE A 2
TER BRI L 0 B BARASANE  202 J5 RT 1 49
B, AELFE AT 55 7R 3 R 05 /S0 0 0 0 5 I
PERL. ZEF 0, Li P - T SKnet W28 457 SKnet
S A TS B 77 2k T % SR TR KRG
S, FL R o S S N R 4 R T 34
6 HxWxC [IEAE B E ST N C f— 4, A&
Ji 8 3o R A A S LR S5 0 JEL U
R L (9 M AL

BUA (077 15 4 BB RO S T, fH 2 1
4t A0 AE B AT MR B 4 SR AT, 5 — 7T, f
Y 8 90 26 100 4 kI 4 i 2 ML 45 550 . A% S e

Software TechniquesAlgorithm #1F4i AR« 5%: 233

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2021 4F 45304 55101

R

1) 38 A 4 1 i AN [R) 3 T (1) AR i S AN (=) i T
Z AN E AR G, AT HG 5 1 A X 45 1 T4 BE

2) @I VE R IR B 2 R B S i
YT HB I TN W28 Il 5, BE— 51248 B ) PR
REAE, LB THARL A R0 g

3) JE I 3 X A R D X Sy S AR ISR A 3L =l
GRS R, EAZ IR RAE A0RLE RGN o 22 53 1 40 715 R AIE
(14 [ T, SHE T 4 J=) AR I P 27 )

2 FEFIER I INUH AR R 7 A A

15 BB AR 7 2R, ) SR I AR B A 5 R o
BT MR BERTR R AR T MR T

a— ResNet-34

BT

B IIHLH )55 B 4k FE EHE 7325 (ATtention mechanism
Convolutional Neural Networks, AT-CNN) 2% > 757
LA Bl 58 725 =) AR E BRI b o SCRBURRR . %07V
T R4 BB RN 2% 7572 (ResNet!' ), Inception-Net!'
S5 PEHCEMG R RFAE B 2 X 2658 I XU T A Y 4 3R
T GIDRL FEE RS AIE (1 B AR A5 S ARG I 55 B A 21 T
2, BRI 38 8 E AT HE Y 5 07 128 2 2 R AR JRONTE
T 7 W 28 R O 40 T R AR B R AR RE 775 SR fE il 3
PR 2% A = ) I 28 FL T I 2% 2 ji@ﬂ”?)‘ﬁ, 38 i ) 2%
X AL R G ﬂﬁﬁi?@ﬁ%ﬁ RIERE 1. A T7
VEAS AT i SRHE B B, T LA S AL
YAk & E@Jﬁﬁ?iiﬁé@, SEPL T AR FE i 3 i £ 95
B RATS, SRR E 1 B,

AR

— . .
—= O Painted bunting
— o Laysan albatross
. = o Cardinalini
sy | |- |[|”|]_._ q °
q4—:
—
—
a—— O Ringed kingfisher
= O Crested auklet
Softmax Loss
FER 1M 4% ResNet-34
)
) =
B R y L

21 ENENT
ERLE 5 SR NSRRI 2R, 1 SE il 5 B 22

% (ResNet, Inception-V3) 1f: Sy 5Tl 4% (BaseNet) k- '

L ¥
Tﬁéﬂy\%%%ﬁ. SR AR A L AR IE R LSS (Convl,
Conv2) 2%, EAT 05 H A A SRR A AR I, 3k A5 &
Fow, W 2 Fios.

o
.
Convl NG
— :ﬁ
.\m.n | e—
AR HHE P —1 >
BaseNet X .
: Conv2 '\n —
- . N ———
> . UREy=
S
Bl2 ML

B 1R NI ZRE R, X Rom BRI 46 5
iEGRESE A MIESE
X = BaseNet(I) (1)

234 A ARH 1 Software TechniquesAlgorithm

Horp, FRORFHER X85 5 8UZ Conv 1 R TT & HIHHIE
FERE, fe Rk, Jhrh, mBORRHEEIKEE R, kRoR
R R RS R ONCNE S (% (G E R 7 NI E SR (RSP @i

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

2021 4F #5304 55 103

http://www.c-s-a.org.cn

i EN RSN

i B Z Conv2 15 B TT 5 IR E A RS £/ e Rk,
Conv1 fConv2 & E B THTE 3.1 1540 k. @
X AT AN R AR B BRI RIE, A

1
G=—f-f
mn
xLx1")y {x,x") (x1,x,")
1| 2,2y (,x0") (x2,%n")
=— . . ) . 2
mn : : - :
Com>x17) {Xmyx2") o> X"

X (2) 1, SR BEHEFEG e R™, i B fH 1 5idT
(RIVERAE [ th 85 AN T8, i € 1,2, om, x/ Fom £/ IS
AT (BUERE A 28 j N BIE), je 1,2, ,n. WFUHAT LA
B, AR SR BINEREGH M EA TR NIEIE L

150 7 P AR, AT AT LA 3 410 SR AR Pl e 38 38 2 1) ) 24

%Tﬁ%mﬁﬁiﬂﬁmﬂwm T
719 —1k.. ﬁf‘a#ﬁ?%iﬂﬁ@%éﬁﬁﬁ@%ﬁi@%g, it
AT 457 5 1 ARAE LA — 4k, AR A R0 s

g =vec(G) (3)
s = sign(g) \/IgTI 4)
Cmain = 5/|l5]] (%)

55 S5 R IE Conain TE N EUE I iR A 3RIE, 1% 22 Softmax
e AT i 38 i PR BB 5 DI .
2.2 GEESNNE

25 B R ST 122200 AT DUAT SR B R R i
VAR B 23 )AL L, (R 2006 B R 3 AT 55 75 B e
PR LR VERE R AL E. J9ith, AR SIS

Oy R VR AE SR BURIE R N P AD R RO

%ﬁ%ﬂﬁﬁﬁﬁﬁ%ﬁi%ﬂ&%&%ﬁ*%ﬁ
%%E%ﬁﬁﬁiﬁﬁ%%%ﬁﬁﬁ%%%%%;mA
8 2 o 4 51, 08 P B L B LA
BRI RRRE S, b
22,1 VERJIRHESEEL

I 2 11 0 B 86, i N O e 5 A 5
10 I R 52 7 5t D) 46 % 5 AR AL T A Ak, 2% 7T LB 46
0280 3 X 0

BN B — B 51 (B BRSOt L 215 51
KANHCx Hx WHIHHE L, AR HEE A Cx 1 x 1
F T 0 1 B, I I R 8, e o 1 2
(O L 2 A R (g% R B % 7 0 8 7
W3 BT, BT 4 2 2 9 4% B e B4 PP 63

QI BT ORERE, RSO M B 7 B P 4 T
LK T 0 B £ 5 S B BT PR - 3 %)
T B 0 1 3 LA S R0 2 55 s
23],

(@) BB
B3 IR 2l

(b) FFAEE I 1]

REAE B PR A8 g R RT DA A I 2R B A A ) R Ak
(A7 B . 13 B A0RLEE R ) 2% (B AL, 75 2
THRURRAE B AN [R] 38 ) FE A, 0 MG e i — 2D i ik
FEH.

TSIl 32 /4 5 ST AR n ANMFIERE P p2sc o
pu(B 0 ANETE):

P1,p2,°*» pn = BaseNet(I) (6)

XF n B IE 53 9 T35, SR G KRR 1594 i TE A
XTI, il Awi,i€ (0,n): \ \

g; = mean(p;), i € ©.n) (7
g N
W= —2 ®)
2 Vi
=1

L w8 KR R 1 B )RR B Y e Y
BT m AR AE RS B R SIS (mask), IWIIAE &2
AR T AS 30 B AR FE () 5 3 RRAE. AR — B R EUR
=K 4.
mask =wy+wy+---+wy, ©
222 VEEIIMZE
MNRFAE B Hr 3 BB 2 A B B 3B AR A B B S,
TS HERD (mask) BAERE TSR (B0 2 R AE) £
Ji B HR R EH R, 188 Liention-
Lattention = I'mask (10)

Cattention = CONV(Lagtention) (11)

PR AR I3 B0 B 2 RS AR N X 45 )1 5, FT LLAR

Software TechniquesAlgorithm #1F4i AR« 5%: 235

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20214F 55303 %5 103

B 52 25 B HIRFAE P Catrention » 31 95 400 440 P00 246 T 2 25 R A
HIFRILRE ). VER M2 1 R 25 L R M 28 G4y, Jl i
SERIIZRS 5, SEBL I 46 0 B A T 45 SR A s 7 P 1)
FAEERA BUF AL BE ). TR TNl 5 Bis.

-
. !

(a) B BVRFAE (b) Fi k1L J5 FRFIE ]

P4 AREAIE PRI 77k e P I 0T EE ]

Convl

Catention
ResNet-34 :
e O

5 FETERIPUEIR B RE

3 Y

223 KR
R R BRI B A T 2% H AR O BR BN R R 4%
IR R AL, IA B AR SR, JEFEfR L.

Loss(x,1) = LoSSmain(X, Cmain) + LOSSatention(X, Cattentio?)2

:/H\:EF', X %%1%%%”1%1%\, Cmain > Cattentioné}%”%%ﬁi \

WX 25 43 52, 1 Tk 77 X 4% 43 S T 1 2R S B 7
Iy HRBRAE I Z Softmax BEL, Loss HITHE 2
AT 5 "

Loss(p,q) == ) p(x)log,(q(xi) (13)

q(x;) = —:Xp(xi)

> exp(x)

i=1

Horb, p(x) ) H AR A
BERILE B LT B 73 2R ) Adam A1 SGD I
LRI T . Adam 5 AdaDelta J7 122U S5G3 B 5 4, {H
J2 T 4000 B2 M VR R A e 22 =), 5 BB A R HE A
RERIBEA BN BALAR, T SGD KW SGHE FE 512, (Hix

(14)

236 WA ARH % Software TechniquesAlgorithm

ZAFR PN RCRZAR T Adam. BN 7Bk
I 38t e tH IR B B L O B B, e 2% 3k 5€ 56 ] Adam )l
25, SEMER R AN P AR SR i I Rk, ORAF WY 28 AL, K
HI SGD 7740,

ECUNCRPRISRZS I RPRE

% 1. Adam I SGD B & I 215005

H: full image /
% predict probability P

for 1=1,T do \ B
Take full image= I /*# A J7 46 E1G*/ .
F, F=BaseNet(I)/* L% 7 %%/
Calculate the weight w[i] of each channel of p/* 7 H i E X H*/
for s=1, medo

“mask = mask + w[s] /*2E Jl1E & T RS/

end for
Lyontion= 1 * mask /i@ 1 fE#51 [ FIFEHCs/
FattentionsF yyyonsion=BaSENt W asienion)” AT BT I 2 4
Cmain=F®F'/* T P2 FFAE LG VEf &%/
cum,munszem,-gn®F;nemion/*;/'f,%'t‘j]@fﬁff?ﬁf&"ff-ﬁ/ﬁf@'*/
Loss(x,1)=L0SSmqin(X.Cmain) +LOSSartention (XCattentionV* TRRLALLTT 5%/
BP(Lo0Ss,y,) get gradient w.r.t.Net Param /* /< [/l f£45*/
Update Net Param using Adam/SGD

End

3 S HT

A EE @3 /I\Jiﬂiﬂéﬂﬂ*ﬁfg}%@%ﬁﬁ% (BFE
CUB-200-2011 &3 ¥ 4, FGVE ®HLAH 4, 7
EAEE AR ) BHATIGUE, gk 1.

T 1 3T EEYIREE S FEGREN

VLS Jonl NG WA SRR
"CUB-200-2011 200 5994 5794
Stanford Dogs 120 12000 8580
FGVC Aircraft 100 6667 3333

SEIGEALE Linux R Python 3.6.6. TensorFlow 1.12.0
12 Bt 16 GB NVIDIA Tesla GPU F#E{T 1. 1§
Inception-V3 TIIZAEARL Il Zi i) batchsize N 16,
weight decay 24 0.0001, #4615 > Z4 0.001, J5 82K
AEEiECiE =R ST Y - K B Y
3.1 ZMRAE LRI

N T ARIERFIE kB M 28 S5 R v, B2 Conv I 146
FHZ Conv253 7153 2 AR B & B RFAE 2 B AR [R] (B
RRAE (0 ROBEANAR), T ARF AU 6 o (0 3 1 AN (], FRATT 4
STETE T DA R AN ] B X 2 A

Bl 6(a) Jofi NAFAE B4y il B AU 1x 1 xn

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20214F 55304 %5 103

http://www.c-s-a.org.cn

i H AR SN A

I FZ Conv IR FUZ N 1x1xm B4 FR 2 Conv2, Fif
LSRR A1 2RI IEE Y m>n FRHE R, X Fh 7
XEAT T8 —, BhE13 BIRFIERIE RE 855,

6(b) A NFHE B4 i BN 1x1xn
(11746 FUZ Conv I M FUZ N 3x3xm, A (padding)
N1 AR EConv2, F4 T AR A 15 2l & 1 RHE
K. 3x3 BRI, T Z A A A R AE R RHE
T HIANAZ . BN I 3 84 22 MBS AS 26 EE 1
5, ANHTRE R 2t Rl

Bl 6(c) Mk NRHE B 2 il il B HUZCON Ix1xn
(1 )= Conv LRI FRAZ 9 1x3xm, 3x1xm &R 2
Conv2, &AM R E1F BIRG RHE R 2556 T LA

BT, 9K, T PR B RE AR

If Rk,

FHIER

AL

FFIER

(c) LA 3

K6 AR R L & 0 24 451

T I 22 ) 2% 25 4 AT SR R4 93 3, 43 SRR 4
ANFEEIZAERIEEE CUB-200-2011 L [#)43 38556, BL
BAIEAS [F) 6 B X 70 SR 45 RIS . S0 45 R 3R 2
P,

FLBLIX 3 Al T N 43 S 85 RIS, ] LA HY B
6(c) J5 2UAE L W 48 03 ST HEAT R AR R 45 BUAS B
(IHERS 3, L RE S A7 1 TSRS Ak P 2R — X g i L

K2 AFRFAERL S 2R X 7 SR EE R

Convl, Conv2 Ix1, Ix1  1x1,3x3 1x1, 1x3 3x1

HERI R (%) 84.8 85.2 86.4

3.2 jHREhSCIS

W TR RS RS . RS R
JIM2% 3 5By 4 RR. IS 7E CUB-200-2011 ZidfE 45 H it
AT LIRS LA T A R DTk, sk 3 B,

K3 MG X KA R

gL L\ HER % (%)
ResNet-101 = % 83.5
ResNete101 + £ 1 i & 85.8
ResNet-101 + £ PERTE + 758 704 87.2
X . Inception-V3 83.7
- Inception-V3 + ZE MRl A 86.4
Inception-V3 + ZRPERlA + VFER I %% 87.8

JH 1T BaseNet % F Inception-V3 £ A3 L 771k,
F£ CUB-200-2011 £4f 5 v j4 25 (0 U0 AE A 5 4 ] 7
FR.

7 JEIR T INERIREL (epoches) X 43 2k v B 1)
AR A] DR S RE A AR B B, TR A AR R I R
A, 2Rk EOLR 3 — 2 H (4 FIREH), #E
R > DR FFRRE .

09 | =
08 Y
07 t 089
088 ¢
06 ¢ 0.87 t
¥ 05t 0.86 |
& 0.85 |
S 04 A
03 | 37000 38 000 39 000 40 000
02
0.1
0 F

0 1 2 3 4 5 6 7 x10*
Epoches

K7 FRERIESE CUB-200-2011 HIHERIR K

3.3 S5 n AR
T SRR AL 1) R, AT 4 AIAE CUB-200-
2011. FGVC-Aircraft fil Stanford-Dogs — /MK 22
AR AR AT RIS, S5 IR NER 4. K 5 K 6 Bk,
PR S 56 285 T 0, AR SCOTVEAE 3 ANk 5 R
A EHE BT 2k )5 (BCNN, Inception), #I7E

Software TechniquesAlgorithm #fF4 R 5% 237

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20214F 55303 %5 103

CUB-200-2011 %45 £ Inception-V3 & i 4%, Lt
BCNN f&H 3.7%. FEAE 3 ANk L& s 2 5 5e 3k 40
KITFAAEL, BT 1 5L B K-

X4 MSEIETTIRAE CUB 200-2011 KR

Method Top-1 #E#IZE (%)
VGG-167% 77.8
ResNet-101M1 83.5
Inception-V3[' 83.7
BCNN! 84.1
RA-CNN! 85.4
MA_CNN® 86.5
DFL-CNN!' 87.4
AT-CNN 87.8

£5 MR AEITIEELE FGVC-Aircraft FIHERRE

Method Top-1 R Z (%)

VGG-162 gose
ResNet-1011"] " P
Inception-V3™ ' 87.4
BCNN'Y 7 84.1
RA-CNN!™ 88.4
MA_CNNP! 89.9
DFL-CNN!"" 92.0
AT-CNN 92.0

6 AHIIr 7 HETE Stanford Dogs [FIHERE

Method Top-1 HEHIF (%)
VGG-1672 76.7
ResNet-1011" 81.2
Inception-V3[' 81.5
BCNN!" 83.2
RA-CNN!™ 873
MA_CNNP! 87.6

DFL-CNN!'! 88.3 -
AT-CNN | 885

4 b REE

ARSCHEH T — R EE T 25 AL 1 55 B e
R 53 25 A% B2V b e L 6 28 51 e 40 48 £ L 35
ES Wi T TR A% . 15 )M RS
51 I 45 55700 D SR A P P46 o S 50 B
25 SEUVBAE, TR 7 S ATAT LA 24, 3 — B3R T 4k
FE AN R HE R L.

SR FEE BG4 25E 25 T IR L ch LA e 3 P £
o IR HHEAT R 2 S, A A R R 2 LN 45 2

238 AR H % Software TechniquesAlgorithm

UEGR, RSB R ECRHE A . T — 28, JATREE
] 2 DRI R P A1 0 T Hs 40 ) 4 A R il AL A 3T
B FR PR REZEK.

S0k

1 Branson S, Van Horn G, Belongie S, et al. Bird species
categorization using pose normalized deep convolutional
nets. arXiv: 1406.2952, 2014.

2 Zhang XP, Xiong HK, Zhou WG, et al. Picking deep filter
responses for fine-grained image recdlgni‘tion. Proceedings of
2016 IEEE Conference on Coglputér Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 1134-1142.

3 Nilsback ‘ME: Zisserman A. A visual vocabulary for flower
cla\lssiﬁcation, Proceedings of 2006 IEEE Computer Society
Conference on Computer Vision and Pattern Recognition.
New York: IEEE, 2006. 1447-1454.

4 Reed S, Akata Z, Lee H, et al. Learning deep representations

of fine-grained visual descriptions. Proceedings of 2016

IEEE Conference on Computer Vision and Pattern

Recognition. Las Vegas: IEEE, 2016. 49-58.

Khosla A, Jayadevaprakash N, Yao BP, et al. Novel dataset

for fine-grained image categorization. Proceedings of the

W

IEEE Conference on Computer Vision and Pattern
Recognition. Colorado Springs, IEEE. 2011.

6 Krause J, Jin HL, Yang JC, et al. Fine-grained recognition
without part annotations. Procee(%ingg of 2015 IEEE
Conference on Computer Vision and Pattern Recognition.
Boston: IEEE, 2915. 55465555+

7 Zhao B, Wu X, Feng'JS, et al. Diversified visual attention

nétworks- for fine-grained object classification. IEEE

Transactions on Multimedia, 2017, 19(6): 1245-1256. [doi: 10.

1109/TMM.2017.2648498]

B, MFUL, T BRI EW BT LR, TN

H, 2016, 36(9): 2508-2515, 2565. [doi: 10.11772/j.issn.100

1-9081.2016.09.2508]

9 AL, MK, 250, BT B R 21 B ARl et 7i 45
. HHENLUN TS, 2017, 34(10): 28812886, 2891. [doi:
10.3969/j.issn.1001-3695.2017.10.001]

10 BEse, RS, BT IR EPURE RO A0RL L BHE 73 ST

RESR. EBIMEEEIR, 2017, 43(8): 1306-1318.
11 He KM, Zhang XY, Ren SQ, et al. Deep residual learning for

image recognition. Proceedings of the IEEE Computer

oo

Society Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 770-778.
12 Szegedy C, Vanhoucke V, loffe S, ef al. Rethinking the

inception architecture for computer vision. Proceedings of

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1109/TMM.2017.2648498
http://dx.doi.org/10.1109/TMM.2017.2648498
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.3969/j.issn.1001-3695.2017.10.001
http://dx.doi.org/10.1109/TMM.2017.2648498
http://dx.doi.org/10.1109/TMM.2017.2648498
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.11772/j.issn.1001-9081.2016.09.2508
http://dx.doi.org/10.3969/j.issn.1001-3695.2017.10.001
http://www.c-s-a.org.cn

20214F 55304 %5 103

http://www.c-s-a.org.cn

i H AR SN A

13

14

15

16

17

18

19

the IEEE Computer Society Conference on Computer Vision
and Pattern Recognition. Las IEEE, 2016.
2818-2826.

Zhang N, Donahue J, Girshick R, et al. Part-based R-CNNs

for fine-grained category detection. Proceedings of the 13th

Vegas:

European Conference on Computer Vision. Cham: Springer,
2014. 834-849.

Zhang H, Xu T, Elhoseiny M, et al. SPDA-CNN: Unifying
semantic part detection and abstraction for fine-grained
recognition. Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas: IEEE,
2016. 1143-1152.

Lin TY, RoyChowdhury A, Maji S. Bilinear CNN models for
fine-grained visual recognition. Proceedings of 2015 IEEE
International Conference on Computer Vision. Santiago:
IEEE, 2015. 1449-1457.

BB, Tk, SRUKUK, 55 B TR AU 1A 0 2% 1
YKL G 43 2. L T-23540%, 2019, 47(10): 2134-2141. [doi:
10.3969/j.issn.0372-2112.2019.1\‘0.015]

Yang Z, Luo TG, 'Wa“ng D, et al. Learning to navigate for
fine-grained classification. Proceedings of the 15th European
Conference on Computer Vision. Cham: Springer, 2018.
420-435.

Wang YM, Morariu VI, Davis LS. Learning a discriminative
filter bank within a CNN for fine-grained recognition.
Proceedings of 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Salt Lake City: IEEE, 2018.
4148-4157.

Fu JL, Zheng HL, Mei T. Look closer to see better:

Recurrent attention convolutional neural network for fine-

20

21

22

23

24

25

26

grained image recognition. Proceedings of 2017 IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017. 4476-4484.

Zheng HL, Fu JL, Mei T, et al. Learning multi-attention
convolutional neural network for fine-grained
of 2017 IEEE International
Conference on Computer Vision. Venice: IEEE, 2017.
5219-5227.

JiJS, Jiang LF, Zhang T, et al. Adversarial erasing attention

image

recognition. Proceedings

for fine-grained image classification. Multimedia Tools and
Applications, 2020, (9): 1-23. \

Simonyan K, Zisserman A.«Very deep convolutional
networks  for \ large=scale arXiv:
1409.1556,2015.

Yan YC, Ni BB, Wei HW, et al. Fine-grained image analysis

image recognition.

via progressive feature learning. Neurocomputing, 2020, 396:
254-265. [doi: 10.1016/j.neucom.2018.07.100]

Hu J, Shen L, Albanie S, et al. Squeeze-and-Excitation
Networks. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 42(8): 2011-2023. [doi: 10.1109/
TPAMI.2019.2913372]

Li X, Wang WH, Hu XL, et al. Selective kernel networks.
Proceedings of 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach: IEEE, 2020.
510-519.

Liang L, Cao JD, Li XY, et al. Improvement of residual
attention network for image classification. In: Cui Z, Pan JS,
Zhang SS, et al. eds. Intelligence Science and Big Data
Engineering. Visual. Data Eng"i‘neering. Cham: Springer,
2019.529-539. ~

+

Software TechniquesAlgorithm #XAFH AR 5% 239

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.3969/j.issn.0372-2112.2019.10.015
http://dx.doi.org/10.1016/j.neucom.2018.07.100
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.3969/j.issn.0372-2112.2019.10.015
http://dx.doi.org/10.1016/j.neucom.2018.07.100
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.3969/j.issn.0372-2112.2019.10.015
http://dx.doi.org/10.1016/j.neucom.2018.07.100
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://www.c-s-a.org.cn

	1 引言
	1.1 细粒度图像分类的研究历史与现状
	1.2 计算机视觉中注意力机制的研究历史与现状

	2 基于注意力机制的细粒度图像分类模型
	2.1 主网络分支
	2.2 注意力机制
	2.2.1 注意力特征提取
	2.2.2 注意力网络
	2.2.3 损失函数


	3 实验分析
	3.1 线性融合结构设计
	3.2 消融实验
	3.3 与先进分类方法的比较

	4 结论与展望

