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A CH VGGNet M4 4578 Caffe &G 17505, VGGNet 82 S50 50N 1 iR, VGGNet &
A R 2E T AL 41 DeepMind 24 Wl — & AF & (1 — Fp 6 BB 2 W 2%, JFF 2014 4F7E ILSVRC 35§
HERAS T G2 H AR 4% RS E 7 3 H 85— 4. VGGNet 324 6 Fl A 5] 288 1 1) (0 46 2544 4 o 4%
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FeA IE RS I8 K g it R
Input — — — 224 X224
Conv 3X3 64 1 224 X224
Conv 3X3 64 1 224 X224
Maxpool 2X72 128 2 112X112
Conv 3X3 128 1 112X112
Conv 3X3 128 1 112X112
Maxpool 2X2 256 2 56 X56
Conv 3X3 256 1 56 X56
Conv 3X3 256 1 56 X 56
Conv 3X3 256 1 56 X 56
Maxpool 2X2 512 2 28X 28
Conv 3X3 512 1 28X 28
Conv 3X3 512 1 28X 28
Conv 3X3 512 1 28X 28
Maxpool 2X2 512 2 14X 14
Conv 3X3 512 1 14X 14
Conv 3X3 512 1 14X 14
Conv 3X3 512 1 14 X14
Maxpool 2X2 512 2 7TX7
FC 1X1 4096 — 1X1
FC 1X1 4096 - 1X1
FC 1X1 ClassNum — 1X1
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Stanford Cars £l 5 FF A7 R E R IRIE. RIEFE 1. Kl R FERS A IR B an 1 4 fros. o, 28
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B4 RA.HAEARAHBHKR R
K2 AXWEEMFEMEMEMF EZELHIEE PASCAL VOC 2012 M EME R

7 ® it fE/ %
OS-Boxes[ 14 ] 77.7
WILDCAT[15] 82.9
Ours 84.7
T3 AXYWEEMFEMEMEM AT EEEIEE MS COCO FWEMER
7 % N PEBE/ %
OS-Boxes[ 14 ] 46. 4
WILDCAT[15] 53.4
Ours 57.3

W A SR M R T B ML O 10 P A R 28 T 4% At R B TRIAR 43 26 T vk 5 H At S B A R BE TR 43 0T ik
PDFRY | ##IFFE . Two-level™ | Multi-task!™ . Low-rank', Look and Think Twice!'V 47 %} k. 7E
S b, Full 328 R IR BHR AT 43 28 Object £om HAIA SCS 2 09 A WK 47 7328 . Full + Object
R R BEA JE AR G AR B ) R X R E 17 4025, #E R 45 CUB-200-2011, Stanford Dogs #1 Stanford Cars | )
AR NR 4, F 5 MK 6 FR. LRIV, Full+Object b Full A1 Object (1943 JSMER 5, UEW]
TARSOTERNARE. A 5 HAD B 5 AT U8 AR SO R IRL T HA T 2%, DR R AR SO B4R I
ARMER, XEEME R CEA AR 7, W] LITE G 3T R 432K

R4 FNRHMDEFEMEMD LT EE CUB200-2011 HIFE LRSS EKER

75 % S RUER R/ 0
PDFR[5] 80. 3
Two-level[ 7] 82.8
Multi-task[ 8] 81.0
Low-rank[ 9] 81.7
LaT Twice[11] 82.6
Full 81.3
Object 80. 1
Full+Object(Ours) 85. 4
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PDFR[5] 79.3
Two-level[ 7] 83.4
Multi-task[ 8] 81.5
Low-rank[ 9] 82.8
LaT Twice[11] 83.6
Full 82.9
Object 81.6
Full+ Object(Ours) 86. 3
Fz6 AXRHBHISEFEFHMSEFTIELE Stanford Cars HBE LM HLELER
i % Sy MET B/ Y
PDFR[5] 82.3
Two-level[ 7] 85. 1
Multi-task[ 8] 83.9
Low-rank[ 9 | 86. 3
LaT Twice[11] 89.1
Full 88.1
Object 86.6
Full+ Object(Ours) 91.3
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P4 CUB-200-2011, Stanford Dogs #l Stanford Cars [ #F 47 Ko B 40ks B 43 2S 9256, J2 56 45 R R WA S04
H I 2R R PG 43 2 T VR A K
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Fine-Grained Image Classification Algorithm Based

on Attention Mechanism and Circular Convolutional Neural Network

WANG Wei', WU Fang®

1. College of Information Engineering, Zhengzhou Institute of Technology . Zhengzhou 450044 , China ;

2. College of Physical and electronic Engineering, Henan Finance University ., Zhengzhou 450046 , China

Abstract: Fine-grained image classification is a hot research field in computer vision. Because subcategories

within a large species have similar appearances and similar colors, the differences are subtle. Therefore,

fine-grained image classification is very challenging. To solve this problem, an attention-based cyclic conv-

olutional neural network for fine-grained image classification has been proposed in this paper. Firstly, ac-

cording to the attention mechanism, the region of the significant object in an image is extracted. Secondly,

the original image and the significance region of each extraction are classified respectively. And finally, the

score of classification layer is fused for final classification. We conduct experiments on very challenging
public datasets: CUB 200 — 2011, Stanford Dogs and Stanford Cars. We compared our method with the

state-of-the-art methods, and the experimental results show that our proposed method is very effective.

Key words: fine-grained image classification; significance detection; attention mechanism; convolutional

neural network
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