ISSN 1001-9081
CODEN JYIIDU

2018-07-10
http: //www. joca. cn

Journal of Computer Applications

HEM B A, 2018,38(7): 1853 - 1856, 1861

W EYRS:1001-9081(2018)07-1853-04 DOI:10. 11772/j. issn. 1001-9081. 2017122920

ETSWHEHANAMNERGS LT E

&MY, ¥ BN A’
(1. 227 4 R B R Wb A8 T 5 S0 B 3 (RIUEE T R3E) , 3RIX 430070; 2. RIUH TR TRl SR 228, 5N 430070)
(= BIEVEEZ L T IEAE luoyingwork @ foxmail. com)

B EAHSE-RHERTFHARESFHAEEAGR S FAARR SO R, RET ~HETERNZRNL
(CNN) Ao R R R AR S5 3 (SIFT) 89 % AR08 R 7 ok, 50 B ot B AR AR, 4 SE30 45 Fr S5 4 5 00 5 AR 4R IR,
Bk, 2 R ok gm B AR R 8 B AR AR k3R K D % CNN /22 A A W 4 A 7 R 2R B A7 89 4k = 5 38 CNN
FEAE; R, 3B R P AT A B AR R BRI SIFT £ 4 2 5F i3t K 344 (K-means) % A A A, B HHA B 47 KKy
SIFT #3& F i@t B A AE R A48 A7 (VLAD) 2B A %A M IEQ T B 6 , 4 5 A EH A KA HIEAF,
R LA EA(SVM) 5t tm ks B BB AT 4% o AR %55 3k /£ CUB-200-2011 #c4% & Lt 17 53, F 5 £ — ) 5 42
AFH BT, FRERAN, A5 RS ETE— CNNBiEems L B5Eo £HERA T 13.31% 62 #
B LR T SR Em e st aks g B R AR,

KB AP Z R R ERRRAEHYGK AR E HRFERSHES  mB AR £

RESHKE: TP391.413; TP18  SCEKEREAD:A

Fine-grained image classification method based on multi-feature combination

ZOU Chengming"®, LUO Ying"?", XU Xiaolonfk’
(1. Hubei Key Laboratory of Transportation Internet of Things ( Wuhan University of Tech/‘logyil uhan Hubei 430070, China;

2. College of Computer Science and Technology, Wuhan University of Techgology, Hubei 430070, China)

lo
multi-feature combination representation method based on gonvo !I Nelllra

Transform ( SIFT) was proposed. The features were extra

Abstract: As the limitation of single feature representation may c¢; @ Bracy of fine-grained image classification, a
Network ( CNN) and Scale Invariant Feature

the entire target, the key parts and the key points

target-entirety regions and the head-only regions in the fine-
grained image library respectively, which were acPt target-entirety and the head-only CNN features. Secondly,
the SIFT key points were extracted from all ntirety regions in the image library, and the codebook was generated
through the K-means clustering. Then, scriptors of each target-entirety region were encoded into a feature vector by
using the Vector of Locally Agg

(SVM) was used to classify the fine=

escriptors ( VLAD) along with the codebook. Finally, Support Vector Machine
ined images by using the combination of multiple features. The method was evaluated
in CUB-200-2011 database and compared with the single feature representation method. The experimental results show that
the proposed method can improve the classification accuracy by 13.31% compared with the single CNN feature representation,
which proves the positive effect of multi-feature combination on fine-grained image classification.

Key words: Convolutional Neural Network ( CNN); Scale Invariant Feature Transform ( SIFT); K-means clustering;
Vector of Locally Aggregated Descriptors ( VLAD) ; fine-grained image classification
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Fig. 1 Basic structure of CNN
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Fig. 2 Core principle of convolutional layer
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