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Combining foreground feature reinforcement and region mask
self-attention for fine-grained image classification

LIU Wanjun, ZHAO Siqi, QU Haicheng, WANG Yuping
(School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: This study presents a method of foreground feature reinforcement and region mask self-attention for fine-
grained image classification due to the difficulty in extracting subtle features of subordinate classes that are difficult to
distinguish irrelevant background noise interference. The ResNet50 is used first to extract global features of the input
image, followed by the foreground feature reinforcement, which predicts the position coordinates of the foreground ob-
ject in the input image. While eliminating background information interference, the features of foreground objects are
enhanced to effectively highlight foreground objects. Finally, the region mask self-attention network is used to teach fea-
ture-enhanced foreground objects with rich and diverse fine-grained information that is different from other subclasses.
The multi-branch loss function constrains the network’s feature learning throughout the process. The comprehensive ex-
periments show that our approach outperforms other mainstream methods on CUB-200-2011, Stanford Cars datasets,
and FGVC-Aircraft, with 88.0%, 95.3%, and 93.6%, respectively.

Keywords: fine-grained image classification; object localization; region-based mask; self-attention; diverse feature; fea-

ture reinforcement; residual network; deep learning
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T 1 43S a A4y 32 b S8 AR B S 4y 2K
TE I 25 By B At FH 3 4> 43 3 4 e 85 A 1) 6 A 2k
34 AR A AN AR A, A s e — AT, e fR] 58
8 PG e 38 A0 EL I 3 R A ) 2 0 o T 7
BB, 43 ¢ EEH TR R AR E, (HR 2
i IR B B, 45 BB 05 AR 4f Hh 2% 2] Jm) 35 40 S R
fE, IR BR T 4332 o 4332 a i i AR 1 iR
WRE S JEMER, 4352 b ARAS A5 H AR 101 AAE, A
J e L R 26 B A IO 174 DX 3 s Kk 3 D P R, e
A X 48 AR AT AR TR MR de o 2R A5 1
SR KRR 325 T U ARE 23 R 4L B 25 901 0 AR 32
BOFBIAE

SR : FFRMA SRR I BEAILES BT R ik
('stochastic gradient descent, SGD ) L=, &) &5
J90.9, B BN 0.000 1, epoch & 200, batch
6, FI G221 4 0.001, 443 60 IK epoch 27> K
7 I 0.1°,

S A LKA BE N Ubuntu 18.04.5, Ge-
Force RTX 2080 Ti, i& 47 N 470 128 GB, flfi 1 4~
AR ISR BN 5T S 3T IR IR IR 2
>JHEZY PyTorch, it A< A PyTorch 1.2.0, Python kR
A4 Python 3.7,

3.1.3 MR AF

TE AIRLE PSR o3 25 4508k b, BF 93 R FH E R
MM AR BRI AR SOy 1 3R FH 432 M 1
ARV bRIE, 43 K HERH R
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K R MERAE B B R i, RO RS2 36 v IE
W S AR
32 EIWERFITLE
32.1 HRRER

ST IE B AR SO A ) A 3, A CUB-200-
2011 s 4 A #, %F FFR A1 RMA B8 %1 .
CAM., SCDA F1 FFR % JE il [ £% #f 4 7F ImageN-
et B4R - HUIZE Y ResNet50, H S E0% &A%
— 0, B PO B — K I R SR O B,
KN EE Sy 448448

T B E FFR 058 (i PERE, DL H AR B AE
7 B9 HE B 7k ( percentage of correctly localized ob-
ject, PCOME RPN HE 45 . PCO J2& 48 Tl I #1411
FHE 5 FLAEAE 1Y 22 I OB o

FFR A5 T (14 2 A6z 0 HE 55 L AE 22 8] 1) 28
I OAE, K 10 5 H A5 2 07 A0 o R 5 Ak A 4G T A
5 LB AE /Y 22 I /DN, BT A 55 SRR
TR B ) R LR . 52 T ok, MU i 1 ff
43 BT RIS Rp AR B R B 1 I R M i o T 4%
ResNet50 H1, DIZHE S CUB-200-2011 K i, 4351
5 CAM, SCDA #l FFR HE 47 H @l 6} b 5256, DA
PCO>0.5 fE°/ FFR B & 4 A 48 b, 5L 56 25
R 2,

R,
Accuracy = r

X2 BIREMERE

Table 2 Accuracy of object localization

Ik S R0 255 PCO /%
CAM ResNet50-GAP 65.7
SCDA(layer4 3) ResNet50 76.8
FFR (layer4 3) ResNet50 81.2
FFR (layer4 2&layerd 3) ResNet50 85.3

R T 30 UE RMA B A 5 65 [ M0 F1 I 5]
P A [ Mg X T W 28 2% 2] R¢4E B8 71 19 52, 7E
FFR B3 A0 b, X5 — R AR AR B A7 50 5 o 5K
WA R IR 3,

%3 RMA AR EH KR EH L

Table 3 Ablation experiment of different components of

the RMA model
Jiik HERl 4% K%
FFR ResNet50 87.20
FFR+M . ResNet50 57.35
FFR+M;, ResNet50 87.45
FFR+RMA ResNet50 88.0

L)L 454 FFR FiHe ) ResNet50 1E Jy 3t vl 0 2%,
3 S0 M e R o R ) R R A R ol
A3Hr e 3 TR EE T LIAS N, 45 A T 0 AR M M
) FFR AR 1) 1 B 26 Lb B0 fi ] FRR B 4 i
T 0.25%, HIERZE G T HERS A BF M. 19 FFR 23
B HERA R LA 57.35%, RS (e fE i K2
B4 v O A R (1 3k | IS g ) i
FRAE ), I EE R 45 24 5] 2] 4 R AF & R H AT 85X}
M, AR ) BT — BN AE (U0 A B
), {H 233X S 20 AR AF 38 2 A LA R W O A
A BE & AEAE T, PR b Sl 4 A R 2 S A
RUFIBIHE S AN 2 o FFR A RMA W45 &, R 4
= T 0.82%, UiHH RMA S rp N 58 [ X 43 2ok
FEHRAH T BTk
3.2.2 RMA A S0 5 H

H T W E By X RMA BI/E R, 439 7E CUB-
200-2011. FGVC-Aircraft 1 Stanford Cars 3{#E ££
TSR, AR R AR 6 TR

6r
gt T
gy b= FapTecsEmEST T omeeeimm O
SO}
%01
g%
861 — CUB-200-2011
84 | --- Stanford Cars
b —- FGVC-Aircraft
82 - - - - -
0.5 0.6 0.7 0.8 0.9 1.0
[ y
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Fig. 6 Parameter analysis

CUB-200-2011 %4 4 7 5 {E y=0.9 B} B /5 i
FAG BE | 88.0%; FGVC-Aircraft 5 4 75 [ {8 y=
0.8 I U5 B KA, 93.6%; Stanford Cars £ i 5
TE B {Hy=0.8 B U5 5 KK B2, 95.3%. WKL 6
o3 S S i s s O, v LAAS Y, BI{Ey X} CUB-
200-2011 £ 484 A 52w K, i 2 ik sl B
[ {8y % 503G 42 FGVC-Aircraft A1 Stanford Cars H
AN, MRS A &,

CUB-200-2011 X}y By 08 M e 0k, it 2
CUB-200-2011 T S Fp 2R B 2| f9Fh 5 2404
& L2 Rk ) SR ER R AT, 2 45 iy (%) U AT LA
A 02 2T DO T Al 2% 1 J) 0 A i L) )
ks 5381, Hy=1 i 3 DEI 4R 0RG B2 HR A SE T
DR Ry =1 2 7R AN il R 1 P o g e {0 {1 2 38
FHEMG G 50 AR B8 (IX 43 K28 ) o X T4k B 43
KM FH, R RN, 5752 Al
RRAE DX, 3026 X A 46 B 22 1 728 () 22 SRR IE .
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T B2 e A ST i B 2R RE, FF
ARICOTT S HAb D7 2 64T LA, SEER A R I3 4.
H:H, FFRMA (Coarse) J& Jf i & 2 i 16 1 43
37 a 9B 43 2 K5 B2, FFRMA (Finer) J2 J5UiA (8113
S B 1P S b 13 B 43 26K, FFRMA
(Ours) JEXS 7332 a FIJ3 32 b 73 JNE B A HIMH

F4 FRABUERKERGS LT EZRILL
Table 4 Experimental comparison of different weakly

supervised fine-grained image classification
methods %

CUB-200- FGVC-  Stanford

ik FEAth PRI 2% .
011 Aircraft Cars

Cross- X" ResNet-50  87.7 92.6 94.6
DCL™  ResNet-50  87.8 93.0 94.5
ELoPE™  ResNet-50  87.4 93.4 94.5
MBPOL""  ResNet-50  87.75 91.1 93.84
NTS-Net™  ResNet-50  87.5 91.4 93.9
LAFE™  ResNet-50  87.6 93.6 94.8
FFRMA(Coarse) ResNet-50  86.5 92.6 93.3
FFRMA (Finer) ResNet-50  87.8 93.2 94.8
FFRMA(Ours) ResNet-50  88.0 93.6 95.3

& 4 12 B B0 VLA T AR 5 55 W B AR B 4y
SRy T IR T X FEIE, FFRMA B RITE 3 40
P4 LB P AN EE 28 4. FFRMA 7E Cars
R RS B e N 95.3%, S MEREfR I 1) LAFE
HARUAHEG, 328 T 0.5%; HK, 7€ Aircraft 095 5
USRS BE M 93.6%, 5 LAFE 1E Aircraft 045 4 19
YE AR ], (H & FFRMA 550 7F 5 75 A $i 3 48
RS BE Y833 T LAFE; FFRMA 1E CUB %#E 46
(K5 o}y 88.0%. ELOPE., MBPOL FIZ 3C )7 %45
BT E NS A AR B 5 425, {3 )& FFRMA
TE 3 A H0HE SE W HERR 22 2L T ELoPE . MBPOL,

Kl 7 %3 T FFRMA A 7E CUB-200-2011,
FGVC-Aircraft 1 Stanford Cars 385 45 b Vi A1
PUR R R A EQREIYS £, 52k
WER R B FTF, 78 125 R, B 58 2k
S, AR UER AR B K . W NI AT I 2RI
I3 45 il 25 0 25 U 500 B85 TS Wi i L, o0 8% A6 7
SURAEAWE H AL, 1 75 ER)E, FRRIIEA
WS, 75 125 WERE, AL 3R B AE A,
FAHJLF-A7E, FFRMA #RI ( S 8 AT E

X SCDA FI FFR 95 S CR #E47 AT 44k, 4n
K8 s, HodId 8(a) &4 BUA 748 3 5 1
(SCDA) "] #fL 1 45 5L, 18] 8 (b) Ji Al SL4FAiF 3 5k

Tk AT AL R ROR . 40 BRI AR 3R B AR, St
R ML 2% ) B i FAE . @ & 8 ] ik 4
R, FFR B8 S MERE L T SCDA J5 ik, i1 FHAE
MG A EAGHE, THBR T 20 s, RS
T A AT S HARERAE, S — 2 i T AR
AL AE

09k )
¥ost
S
=

—— CUB-200-2011
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0‘5 1 1 1 1 1 1 1 )
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Fig.7 Accuracy and loss trend of FFRMA
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Fig. 8 Comparison of object localization visual effect
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