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Fig.1 Two-stage training process of twin network
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Tab.1 The datasets used in the model

B s FRE IIGREAR WA EREARL
ISLVRC 1000 1281 167 50 000 1331 167
Stanford Car 196 12 657 3528 16 185
Aircraft 100 7968 2032 10 000
Retrieved Car 196 9911 1960 11 871
Retrieved Aircraft 100 4515 1000 5515
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Tab.2 Parameter settings

RE: iy St T pR 2K R I PRy ek
Base-ResNet Al 3& AR SGD,M=0.9 16 200 0.005,G=90%
Grey-ResNet T /NGy SGD,M=0.9 8 100 0.005,6=90%
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Tab.3 Accuracy on fine-grained datasets

Ry REZW

Stanford Car/% Aircraft/ %

Grey-ResNet( i/ #.)2) —
Grey-ResNet( {4 4>)2) -

FGR without PA'®! CVPR 2015
HSnet % CVPR 2017
RA-CNN'® CVPR 2017
MA-CNN!” ICCV 2017

PA-CNN2! IEEE TIP 2020
Bilinear-CNN*! ICCV 2015
Compact Bilinear-CNN ') CVPR 2016
Low-rank Bilinear-CNN!'? CVPR 2017
DBTNet 2 NIPS 2019

MOMN (22! IEEE TIP 2020

88.5 84.0
90.6 83.7
92.6 —
93.9 —
92.5 88.2
92.8 89.9
93.3 91.0
91.3 84.1
91.2 84.1
90.9 87.3
94.1 91.2
92.8 90.4

x4 RRBEELAERER

Tab.4 Accuracy on retrieved datasets

FRAY Retrieved Car/% Retrieved Aircraft/%
Grey-ResNet( fi{ i 5.)2) 83.5 62.5
Grey-ResNet( i &)%) 80.7 68.4
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Tab.5 Model complexity

EEd BAAN /B RN DI [E]
Base-ResNet 2.3 224%x224  26.1 ms/jk
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Grey-ResNet( ffiH4)Z) 1.6 224x224  39.5 ms/X}

BN b, 25 R R TE GPU 1 R 47 1 2k
i, 25— B B )il 25 Base-ResNet, A7 5 HZ 8 2.3
GBo 55 B B isid Grey-ResNet I, fif i 52 1)
O BAFEHZ 0 1.4 GB, i 22T
AR 20 1.6 GB.

IR a] b, 56— B Bl 25 Base-ResNet i,
iy A\ PR BERILER 5T B 224224 KD, iy A HL K 5]
Bds A AEIS A1 29 Ty 26. 1 mso 55 Z B B A0
Grey-ResNet B, ¥ A 5 FEHLEL BT A% 224224 11
AR VG, 00 B0 2 A R 00 T i A\ —Xof
PR (R B2 [RIR) 5 BT AR [R] 29 2 33.0
ms , TERI 4 2 B A5 00 T S A — X R 5 B IR A6
A28 39. 5 ms.

5 it

AR T — P T R T HIRY R e
WA T R 2 > B | T 00k 1 RS A 43 250 F o
BT PR BN SR, 1 S 58 1 4iohr i 4 s S
WiB I 25 Base-ResNet, SR J5 Fl HiE B2 21 456 0
B 77 X) GreyResNet #4718 I P GUIH - % &
SR MG AE SCHRL 58 50 55 AE B U R AE 5 B
FHIEZ (B 5C 2R 5 B0 , 2O I 2R v 3 i 72
MRS IEAT T K BEAR AL B . 2853 S 56 0 #r 2% 30
20 ) 2 A5 BB A 4 oo A A B B L R HERA
2, U0 LA SRR 5 4 AR SO S 80 A5 4 T R AR

[Fi) i SAR D — b Bt 4 sE A PR RE SR T 1
feft TR

S22 Rk

[1] KRIZHEVSKY A.Learning multiple layers of features
from tiny images [R].
Toronto,2009.

[2] DENG J,DONG W,SOCHER R,et al.Imagenet: a large—
scale hierarchical image database [C] //2009 IEEE Con—
ference on Computer Vision and Pattern Recognition,
2009: 248-255.

[3] LIN T Y,MAIRE M,BELONGIE S,et al.Microsoft coco:
common objects in context cly European Conference on
Computer Vision,2014: 740-755.

[4] ZHANG N, DONAHUE J, GIRSHICK R, et al. Part—

Toronto:  University of

based R—CNNs for fine-grained category detection [C ]
// European Conference on Computer Vision, 2014:
834-849.

[5] LIN D,SHEN X Y,LU C W,et al.Deep lac: deep lo—
calization, alignment and classification for fine-grained
recognition [C] /2015 IEEE Conference on Computer
Vision and Pattern Recognition,2015: 1666-1674.

[6] FUJL,ZHENG H L,MEI T.Look closer to see better:
recurrent attention convolutional neural network for
fine-grained image recognition [C] /2017 IEEE Con-
ference on Computer Vision and Pattern Recognition,
2017: 4438-4446.

[7] ZHENG H L,FU J L, MEI T, et al. Learning multi-at—
tention convolutional neural network for fine-grained
image recognition [C] /2017 IEEE International Con-
ference on Computer Vision,2017: 5209-5217.

8] YANG Z,LUO T G, WANG D, et al. Learning to
navigate for fine-grained classification [C ] // European
Conference on Computer Vision ( ECCV) , 2018: 420
-435.

[9] LINT Y,ROYCHOWDHURY A,MAJI S.Bilinear cnn
models for fine-grained visual recognition [C] /2015
IEEE International Conference on Computer Vision,
2015: 1449-1457.

[10] KRIZHEVSKY A,SUTSKEVER I,HINTON G E.Ima-
geNet classification with deep convolutional neural net—
works [J]. Communications of the ACM, 2017, 60
(6) : 84-90.

[11] GAO Y,BEIJBOM O,ZHANG N, et al. Compact bilinear
pooling [C] //2016 TEEE Conference on Computer Vision
and Pattern Recognition,2016: 317-326.

[12] KONG S, FOWLKES C.Low-rank bilinear pooling for
fine-grained classification LC] / 2017 IEEE



52 3 BHRT, A FE TR 27 ) B T B AR R 2 A Y 145

Conference on Computer Vision and Pattern Recogni— 1306.5151.

tion,2017: 365-374. [18] KRAUSE J,JIN H, YANG J,et al. Fine-grained recog—
[13] PHAM N, PAGH R. Fast and scalable polynomial nition without part annotations [C] /2015 IEEE Con-

kernels via explicit feature maps [C] // 19th ACM ference on Computer Vision and Pattern Recognition,

SIGKDD International Conference on Knowledge Dis— 2015: 5546-5555.

covery and Data Mining,2013: 239-247. [19] LAM M, MAHASSENI B, TODOROVIC S. Fine-grained
[14] CUI Y,SONG Y,SUN C,et al.Large scale fine-grained recognition as hsnet search for informative image parts

categorization and domain-specific transfer learning [C] // the TEEE Conference on Computer Vision and

[C] // 2018 IEEE/CVF Conference on Computer Pattern Recognition,2017: 2520-2529.

Vision and Pattern Recognition,2018: 4109-4118. [20] ZHENGH L,FUJL,ZHA Z ], et al.Learning rich part
[15] HE K M,ZHANG X Y,REN S Q,et al.Deep residual hierarchies with progressive attention networks for fine—

learning for image recognition [C ] /2016 IEEE Con- grained image recognition [J].IEEE Transactions on

ference on Computer Vision and Pattern Recognition, Image Processing,2019,29: 476-488.

2016: 770-778. [21] ZHENG H L,FU J L,ZHA Z ], et al.Learning deep bi-
[16] KRAUSE J,STARK M,DENG J,et al.3D object repre— linear transformation for fine—grained image representa—

sentations for fine-grained categorization [C] //4th In- tion [J ] .arXiv,2019: 1911.03621.

ternational IEEE Workshop on 3D Representation and [22] MIN S B,YAO H T,XIE H T, et al. Multi-ebjective

Recognition,2013: 554-561. matrix normalization for fine—grained visual recognition
[17] MAJI S, RAHTU E, KANNALA J, et al. Fine—grained [J].1IEEE Transactions on Image Processing, 2020,

visual classification of aircraft [J ]. arXiv, 2013: 29:4996-5009.

Unsupervised Fine-grained Image Classification Model
Based on Transfer Learning

HAN Tianyu', ZHANG Lifeng', WANG Xiliang”

( 1.School of Information and Electrical Engineering, Ludong University, Yantai 264039, China;
2.Stamping Workshop of South Factory,Shanghai General Motors Co, Ltd, Yantai 264006, China)

Abstract: Image classification is an important branch in computer vision applications.The common image clas—
sifications focus on discriminating the category of different main class objects, while the fine-grained image
classifications concentrating on distinguishing the different sub-categories in a main class.The fine-grained im-
age recognition tasks are quite challenging, considering the small differences between the subcategories( slightly
differences of some specific parts of objects) and larger intra-subclass differences caused by shooting angles,
background , postures and other factors.To alleviate the difficulty in acquiring and expanding of the fine-grained
image datasets,an unsupervised fine-grained image classification model based on transfer learning in the form
of twin networks was proposed.The model exploits a two-stage training strategy to train the twin network.The
first stage pretrains the basic network by a supervised way so that the model can quickly learn the common fea—
tures of the fine-grained images, while in the second stage, search engine is executed to expand the datasets
and employ the twin network to fine-tunes it in an unsupervised manner in order to achieve the knowledge
transferring. The experimental results show that the twin network model can achieve good performance on the
Stanford Car and Aircraft datasets compared with the counterparts.
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