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Fine-grained Image Classification by Integrating Object Localization and

Heterogeneous Local Interactive Learning

CHEN Quan' CHEN Fei' WANG Yan-Gen' CHENG Hang® WANG Mei-Qing’

Abstract Due to the existence of small inter-class differences and large intra-class variance among fine-grained im-
ages, the existing classification algorithms only focus on the extraction and representation learning of salient local
features of a single image, ignoring the local heterogeneous semantic discrimination information between multiple
images, difficult to pay attention to the subtle details that distinguish different categories, resulting in the lack of
sufficient discrimination of the learned features. This paper proposes a progressive network to learn the information
of different granularity levels of the image in a weakly supervised manner. First, attention accumulation object loc-
alization module (AAOLM) is constructed to perform semantic target integration localization on attention informa-
tion from different training epochs and feature extraction stages on a single image. Second, a multi-image heterogen-
eous local interactive graph module (HLIGM) is designed to construct a graph network and aggregate information
between the local region features of multiple images under the guidance of the category label after extracting the sa-
lient local region features of each image to enhance the discriminative power of the representation. Finally, the op-
timization information generated by HLIGM is fed back to the backbone by using knowledge distillation so that it
can directly extract features with strong discrimination, avoiding the computational overhead of building the graph
in the test phase. Through experiments on multiple data sets, it proves the effectiveness of the proposed method,
which can improve the fine-grained classification accuracy.

Key words Deep learning, fine-grained image classification, weakly supervised object localization, graph neural net-
work, knowledge distillation
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Fig.2  Comparison of patch sampling between original
images and object images ((a). (b) show that using the
fixed-size anchor directly samples useful local patches of
the object in the original image, which does not disting-
uish different patches well and contains more irrelevant
background information; (c). (d) show the effect of
patch sampling that it is zoomed in to a certain
scale after the object is located)
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The basic framework diagram of the model
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Table 1  The comparative experimental results on CUB-
200-2011 dataset, and Anno./DATA indicates whether ad-
ditional labeling information or auxiliary data is used

Ik FTFM% Anno./DATA Accuracy (%)
RA-CNNE VGG-19 — 85.3
HSnet? Inception Anno. 87.5
PART® ResNet-50 — 89.6
Mask-CNN® VGG-16 Anno. 87.3
S3N® ResNet-50 — 88.5
NTSNH ResNet-50 — 87.5
ACNet!" ResNet-50 — 88.1
GDSMP-Net!™  ResNet-101 — 88.1
MetaFGNet/*! ResNet-50 DATA 87.6
DCLF ResNet-50 — 88.6
DBT# ResNet-101 — 88.1
GCL™ ResNet-50 — 88.3
AENet™ ResNet-101 — 88.6
MGE-CNN!" ResNet-101 — 89.4
GHRD® ResNet-50 — 89.6
PMGF ResNet-50 — 89.9
Ours textNet-50 — 90.2
Ours ResNet-101 — 90.5

THA PR AN, ok R 3 B e R R
HOCR, ARG EAR R RO, fEX B, A S AN
LT Ui 3] S AR A0 2 5 PR 7 VR R X M A
(Deep bilinear transformation, DBT)® it %
FiJE (Progressive multi-granularity, PMG)® #47
TXT, WS T AR AENet BEiF T XUZE
XIFHELE, 7E ResNet-50 1E N H T ML 5L~ Z4L
BIKET 95 M, 3 SKERENEE] T 87.6%; MGE-CNN
iR T B XN IR AR 2] e g5 5, R L
H ResNet-50 1ENE T M4 5L N S8 EIER T
104 M, U T 88.5% HIMERGZE. BARA LS % T RA-
CNN Hil GCL, A T X &4 REEH I EEAE B
WS HEAT SEAFIRIE L, 8250 SO [ AT 24
M EIFHIARE - ENizsHE, HE2ZHE
W HAG 75 M JF H EER B B Hoh 75 iR BUAR 7 B
HERfRZ, CEHEREE B 7 4 % 20 FPS (Frames per

second).
3.3 NA Birds #iE%

NA Birds 455 fil CUB-200-2011 ##54
— AR R T BRI EIE4E, (B2 NA Birds M
CUB-200-2011 &2 — MR B E T B K. FiEE
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B EESE, B8 T 555 MONFEIFNSE, 48 562 kL &3 1 StanfordCars a2 L0 HLSRHa 45 R
26 B KEIE . V2 BT J e I T A XA B Table 3  The comparative experimental results on
Y R I A ST S0, R M SonfordCars dutest
S L HOATRLIE P 13 0 ST 55 T BB E. %2 2 oD Ak EFWG  Awmo[DATA Ay (%)
BT JUANAR R R I R ST H 7 B R 1 K RAGNNT - VGG - 29
e TR S M, WLLE B, ACchiAE]  TSVOTYE o vee e 2
T 80.5% 143 HER T, 12 2 FTUII BT A ik dwer o ewton A o
B T ORI ZEIN, PRBL T MR B S 4R A o e - o
A B HEPE, % H T MGE-CNN {5 Ff 815 e e B "
(1) 19X 26 &5 A6 SRAE HURFAIE, A T7 A% FH B /N B I 2841 Do ReaNet-50 B ois
S 7 B = oy RER % FixSENet-154 (Fix res- QoL ResNet-50 B 010
olution discrepancy with SENet-154)" {fi i AN [F] AENet™ ResNet.101 - 037
()53 3% 28 SR I A AN B R SR B, 1717 A 77 96 D0 o gk — MGE-CNN'  ResNet-101 _ 93.9
A AR A R {3 B IS T S8 B RROR. APLNET®™  ResNet-101 - 94.9
SDNsP ResNet-101 — 94.6
#* 2 7E NA Birds #d4E RO Hszie g 1 M2BF ResNet-50 — 94.7
Table 2  The comparative experimental results on TransF G VIT-B 16 _ 048
NA Birds dataset Ours ResNet-50 — 95.1
Jiik E R Anno./DATA  Accuracy (%) Ours ResNet-101 — 95.5
DSTL! Inception-v3 — 87.9
MaxEnt?! DenseNet-161 — 83.0 H‘ﬁ?'ﬂj Z I‘ETJ E@ 9‘%/% s ﬁﬁzlgi E‘inﬁi'fl’fﬁ)ﬂ ResNet-
PMG™ ResNet-50 — 87.9 50 VBN T8 ELA b 2 15y 0.3% MR 2.
MGE-CNN'  ResNet-101 — 88.6 .
S Part ResNet50 B . 3.5 FGVC-Aircraft #{iE&E
API-NET?™ ResNet-101 — 88.1 FGVC-Aircraft 2B A154 10 000 Kk H
FixSENet-154")  SENet-154 — 89.2 100 FPAS [E] R 2 KHLIO EM&, A1 StanfordCars
GHRDT - ResNet-20 . i Hlln 4 —#E, FGVC-Aircraft SO 5 i) H brth B
Ows - Redewso w8 HEE TR, 1SR E 105 2R 2 4 B
e e — = %, BRI 7 EEUR T 94.6% HIYERE, 15 FGVC-
Aircraft Z¥E 4 b LG Al 7 vk R RIS T B4R (3R
3.4 StanfordCars &5 B, BIGAE BT R P ARSI £ 5 2L 5 A

ARIIETE StanfordCars ALY AT 752
4, StanfordCars LT E 1 16 185 7KK H
196 FiA F R ANRE R B, 5848 £+ 1 B FrA
F#1E CUB-200-2011 Ha L i H AR 5484, A
HHEAMN P EREE. LI R 3 P, 23
Frie 7 IS T 95.1% WIHERRR, SEEL 1 sl
IR, P R 2 X 25 1) 77 GCL % % %
BT S AIEE I, ARSI T ERAR T E AR A
INEL % ] (Destruction and construction learn-
ing, DCL)® A F X 38963 BIML A I 25— A ity 21 ity
AR 2 B 1) P9 285 | L2 AN T 2k f th 2 5 N 75 S g
PLBl, AR EFHER TIX— 5, LT E
K5, TransFG (Transformer architecture for fine-
grained recognition)® J& T f T 4T I trans-
fomer 1 F H 73 2 JI L& B EG 1) 825 P X 3 5F

2 M4 (Multiple granularity convolutional neur-
al network, MG-CNN)™ AR TR IR B IR
T, LR R H B & M 4% 1) GCL At GHRD,
B th (0 7 3 5 T R 3R T

HRL SR

AICAE CUB-200-2011 Hdi 5 LiEAT 1 bk
55 SR 50 IE I £ th AR B A 2, & AAOLM A
HLIGM, BARZRINZ% 5 iR, FEASCHEH] Res-
Net-50 BEATHRAAESE I, I H A4 & 170 R FEAE 5
#EZ (Base line, BL), /- RHERIF 0N 84.5%. 1K
FE ST E 5 (Discriminate part, DP) J&, #Effi%
FEEEHESE T T 0.5%, I3 T 85%. M5l NVER IR
TH H AR E ARG PR A 25 PR A, 2% 1) 73 26
FhEEHRTE 2 89.3%. DAk, W LUK I, To R 1 S

3.6
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Table 4 The comparative experimental results on
FGVC-Aircraft dataset

Ji ¥ BN Anno./DATA Accuracy (%)
DTRGP ResNet-50 — 94.1
MG-CNN VGG-19 Anno. 83.0
ACNet!"" ResNet-50 — 92.4
S3NE ResNet-50 — 92.8
NTSN! ResNet-50 — 91.4
DCLF ResNet-50 — 93.0
DBT® ResNet-101 — 91.6
GCL™ ResNet-50 — 93.2
AENet™ ResNet-101 — 93.8
API-NET? ResNet-101 — 934
GHRD™ ResNet-50 — 94.3
M2B" ResNet-50 — 93.3
PMG?! ResNet-50 — 94.1
Ours ResNet-50 — 94.6
Ours ResNet-101 — 94.8

#£ 5 1 CUB-200-2011 #¥54E E I Bhszi 45 51

Table 5  Ablation experimental results on
CUB-200-2011 dataset

D Accuracy (%)
BL 84.5
BL+DP 85.0
BL+DP+ HLIGM 88.4
BL+DP+AAOLM 89.3
BL+DP+AAOLM+HLIGM 90.2

A 2P 2% ) B AR M B R AR T VR A MR B
VR R X I, e R A Bt H bR E AL AR B AR
L3R A AL SR LRI SR A R (B . MBI
Ty J 38 A2 L PR e I8 5 2 S X 3 2 ) FRE SOk &R
i, ERRIE R T 88.4%, Lb B4l f 4 A1 B IR £ Al
BEME XK A (BL+DP) 27+ 7 3.4%, Wi
AR AR5 R U B3 SRR IE (RN BE ). N T R
— PR A B ATIR L, B SEI T LR R
FIEMEAR IR, R ) o SRUERf R 52 T 89.7%,
TBET 0.5%, BB T B SR L 7 5 S ANE
FUE A R 3R o8 R ST IS B[R, 3B s25 17 H
TE LR UG A 2 [RIR B ) 532, RIS A 44 (1)
3R AER R IS E] 89.8%.

3.7  AMMEIZILIES R

N7 HMHESZ AAOLM (158 A2k, 7EE] 5 H
AL T 22 CAM A28 BT E AAOLM

B 5 fHH CAM FIARS AAOLM HIWAR ma 57 B ) T 4 £k
2R ((a) REEEE; (b) CAM AR IIE; (c) AAOLM
7E ResNet-50 ] Conwvsy, AR B HAFAE A= 18,
(d) AAOLM 7£ ResNet-50 H Convs. 4 FHLI H
FRIE B 1 E)

Fig.5  Visualization results of peak response maps using
CAM and AAOLM in this paper ((a) Original image;
(b) Heat map generated by CAM; (c) Attention map
of Conwvsp, convolution block of ResNet-50 by AAOLM;

(d) The attention map of the Conwvs. convolution
block of ResNet-50 by AAOLM)

A HE R T, T DU B BT H ) AAOLM
RENS & Ar 21— BN 58 B 1 H Ax.

N T HERNIR T 7 ) Jay F A EL PRAE Huxs A H)
TPERI R, A SCRER] ¢ A —BEHLIE SRR (t-dis-
tributed stochastic neighbor embedding, t-
SNE ) X A 3= 190 46 S 3 11 Jmg 38 s 114 P 45
FRRR AL HEAT PR AR B U bt 541 D 288 ] ) 7 #J52 F
RAMREGRE, EREM 7kE CUB-200-2011
REEE M EIR. 1K 6(a) R TR AR
HEBEHI R 5, DR W 46 b B R
HURFPRFE I AT AL ROR; TR 6(b) W52 S 3=
9 2 25 2] S ey A AE HL IR S AR AL A B R
SEHUR B R AE AT AL ROR . AT LIS R R B, 2
SIS R A HL IR Rk 2 8] oA %A
) B SR AR A AR 45 B I 458 0 HAH B2 [A) 23 56
TR, AN 7] 54 18] T B 1 5E 0097 W 4 o 532 7
X ULHT T 2% 3R LB A AFAE 2 5% H 0 201 B R 25 1)
BE, X EAR T BB .

N T IR A BEAT 20 B, IR FEAE SUN-
397 R AL BT T SRI, AR R R
P A SR B R B, ANTR] T I A 4 B2 B
5, ZHHR SR BB 2 B I EER I HARK R,
FSIG A RN 6 Fron, RSO i K 75 AR 1238
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(o) 5 5 M R B30 L RSB 500 PR 2 T 2
i L RFAIE O AR AL 5 2R
(a) Visualization results of the output features of the
part stream backbone network
without HLIGM training

(b) 2£ 5] Rty Jy Fl A8 T PR R S BB A S B A R 2%
A H R AE R P AL R
(b) Visualization results of the output features
of the part stream network after learning
feedback information from the HLIGM

K6 lid t-SNE Al 32 W 444 R AE 2R 2K
534, 75 CUB-200-2011 JAZHE 4 X b 5544
Jry FS A2 L VR HT A (5
Fig.6  The clustering distribution of the output features

of the part stream backbone network is visualized through
t-SNE, comparing the impact of HLIGM on discriminat-
ive performance on the CUB-200-2011 test dataset

#6 UL ISR (%)
Table 6 Comparison results of generalization
experiment analysis (%)
Ty SUN397 FGVC-Aircraft StanfordCars
SimCLR!™ 63.9 — —
BYOL™ 63.7 — —
WSL# 67.9 53.9 72.3
Ours 66.0 94.6 95.1

P EAEAR T 66% M4y KHEFE. B2 xftl, —4&
£ W E LA W SimCLR (Simple framework for

contrastive learning of visual representations)!*’

SREOR B2 21 1 77 kAT RAE 7 S S T 63.9% Y
R %, BYOL (Bootstrap your own latent )™ {&
T P2 N 2 RIPE 2R I 26 A1 H AR X 28 B4
MBS T A2, BUAS T 63.7% HIAERRA. WSL
(Exploring the limits of weakly supervised pre-
training) " SRH] 155 B 7 ) 10 77 S AT BUR R AE
(13 2 iy g 65, BUAS T 67.9% MR, BEARES & T
AR TTE, HR AT H T ResNeXt-101 fEAH T
X 2% 10 A SCIU T BB /N ResNet-50. 53 4 AR AT
FEI7VE BN B B AR R HAN R ZE 0] B Ax
HEEN AL B B R, A BN E R
5, S RIIE RS, XTI, 12 TR HE o O
HARKRHRR TR SIS, 1R A B A 0
JIH R X S AT AR I B s R R ). IF H WSL
£ FGVC-Aircraft f1 StanfordCars iX AN E 4L
FRRIA AR 7, 730 RIS T 53.9%
A 72.3% HIHERA A, A T7 LN 2 AIE 2] T 94.6%
F05.1% MAERI 2. Kk, AR SCHTi i B A —
JEWZAGRE ).

4 g

ARSCHEE T — AT R 22 At 59 o T 2%
FEAN TG BAAN I FREBCE B AR E R O T
BARIE P FRAL . N T 45 & BRI 4 R A= S
S, SRI— b JORELREL FE S A0RE i 46, i i =
71 8 H be i LA AT ot s B R A H A,
FEXT H A AR R AT I 25 42 DX SR S B T A
B A SCR ] BB R B BB A 2 R A7 AE B3 SCR R,
B 17— A2 K BRI B 5 SR B A L B AR R
Fe T MO 2 2T F SEAR O R F IE AR A A Sk
AR Z TRV 5 AR HEATH N (0 20 RO T LERFAIE 22 2] 21
WY I IR E A EEPS I (7R ik A i RS R )
RUAHACLR) fi] 7.
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