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Abstract: Aimed at the problem-poor result of image retrieval arising from the complexity of image
background, a kind of image retrieval method combined with subject detection was put forward. This
method has initially trained the deep Convolutional Neural Network (CNN) model used in object
detection and used the model detection well trained to inquiry the object class, class probability and
the coordinate and feature of region where it was placed in the image. After the image subject
estimated in accordance with the object’s class probability and coordinate of region where it was
placed, the image similar to the subject in the database was found. The cosine distance of region
feature between the image inquired and similar image retrieved was caculated, combined with the class
probability to carry out grading and sorting for all images retrieved and returned the top 10 images
with the highest scores to be as the retrieved result. Finally verification of algorithm was conducted on

VCO2007 dataset and paper dataset collected by myself. The experiment result shows that the total
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accuracy for retrieved result of 1 000 test images is 96.5% , which has raised 6. 6 percent points than

the existing method. The proposed method can effectively exclude the disturbance of image

background and get more accurate retrieved result and location accuracy.
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Fig. 1 Framework of image retrieval algorithm based on principal part detection
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Fig. 2 Retrieval results without fine tuning
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Fig. 3 Retrieval results for network model with fine tuning
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Fig. 4 Ranked result only using cosine distance
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Fig. 7 Retrieval results of image with complex background
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Fig. 8 Retrieval results of proposed method in image

with complex background



45 3 0 AR BB, S L S50 ORI B9 B B AG R O7 Tk 797

(o) 42 N A W P15 s O A R 46

(a)Retrieval results by showing the whole image

(b #5537 DX IR K 8 7 19 45 2R
(b)Results by only showing the location area
B9 ASCHRETE T IR AR R AR

Fig. 9 Retrieval results of proposed method on page

dataset

DAL S 6 50 W AR SCHE3 T DL ME B 3t 4G R Y (4]
I 5E o7 Hh PR B T2 AR 2501 X 3, JF Lk S 1 4]
BT A B O R AR R AR

S & k-

(1] Xwedm. fMF. % &, F. T RHIBR LT SCRAE

B EBR R b F HE T 42.2015.23(1):
302-309.
WU XY, HE Y., YANG L. et al.. Binary image
retrieval based on improved shape context algorithm
[J1. Opt. Precision Eng. . 2015, 23(1): 302-309.
(in Chinese)

(2] xm,ERZ. EHRECRRRIER IO LRI ] &+
B % B F4R,2009,14(4) ; 622-635.

LIU L, KUANG G Y. Overview of image textural
feature extraction methods [J]. Jowrnal of Image
and Graphics, 2009,14(4): 622-635. (in Chinese)

(3] RERE,ERHN, MR, F. SRR 7L SN
B FEERW R HLT]. RS H % 42,2016,
24(1) . 220-228.
ZHAO ATl G, WANG H L. YANG X G, et al..
Application of texture coarseness in saliency detec-
tion of infrared image [J]. Opt. Precision Eng. ,
2016, 24(1): 220-228. (in Chinese)

[4] CHEN C C, HSIEH S L. Using binarization and

4 %

ARSCHRE I T — Bl A ORI A S AR R O
2 KR 2545 1 Faster R-CNN A5 50 K i) 5] 4%
(18 2 (A28 300 7 B 2 A R ) 2R IR L 25 200
FIRIABE 3R A0 (R DX e R AE 11 A 5% 4 5 o R 0 A
FELORR R REE K, LR P b T4t i S
R 28 3k R R 1) R 4% B AR X A 2R 4 SR 0 B L o 1
TEEEMMEERGERAENSEL.HHT
AN TR ARARLRE H 5 96 ) U R S 06, SRR 45 LR A =
ARG 0 B30 3 T DA AR S P T S 0 T 45
B A BRI 2 00 ARE % o B 3k T B BIL 2 R 1
1000 18 EHER 1 R 2R 45 5 10 2 MER %1k 96. 5%,
5 CHRO14 VAR b A SO L B e R = T
6. 6 %0 » 1T LA B o ol b R 7+ RS R A 1A

BT A SCOGR BR T MG b oA S 1 R S
() TR B A H IR A I R o 242 5 K Ry
TEXT ARG R AE R, LT — 2 TAER 0 &
Bh Z AR ER LG R R T R AR RN
HER R

hashing for efficient SIFT matching [J]. Journal
of Visual Communication and Image Representa-
tion, 2015, 30: 86-93.

[5] DALAL N, TRIGGS B. Histograms of oriented
gradients for human detection [C]. Proceedings of
the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), NJ: IEEE, 2005,
1. 886-893.

[6] SIMONYAN K, ZISSERMAN A. Very deep conv-
olutional networks for large-scale image recognition
[J]. CoRR, abs/1409.1556, 2014,

[7] KRIZHEVSKY A. SUTSKEVER I. HINTON G
E. ImageNet classification with deep convolutional
neural networks [CJ. In Advances in Neural In-
formation Processing Systems (NIPS), US: MIT
Press, 2012. 1097-1105.

[8] GIRSHICK R, DONAHUE J, DARRELL T, et
al.. Rich feature hierarchies for accurate object de-
tection and semantic segmentation [CJ. Proceedings
of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), NJ:. IEEE, 2014.
580-587.



798

i TR

%25 &

(9]

[10]

(11]

(12]

[13]

GIRSHICK R. Fast R-CNN [C]. Proceedings of
the IEEE International Conference on Computer
Vision (ICCV), NJ: IEEE, 2015 1440-1448.
REN SH Q, HE K M, GIRSHICK R, et al..
Faster R-CNN: Towards real-time object detec-
tion with region proposal networks [C]. In Ad-
vances in Neural Information Processing Systems
(NIPS), US: MIT Press, 2015:91-99.
UIJLINGS ] RR, SANDE K E A, GEVERS T, et
al. . Selective search for object recognition[ J]. In-
ternational Jouwrnal of Computer Vision, 2013,
104(2): 154-171.
HE K M, ZHANG X Y, REN SH Q, et al..
Spatial pyramid pooling in deep convolutional net-
works for visual recognition [J]. IEEE Transac-
tions on Pattern Analysis and Machine Intelli-
gence, 2015, 37(9): 1904-1916.
BABENKO A, SLESAREV A, CHIGORIN A, et

BEEE (1979 ). B mddT AW
B sz AR T, 2004 4F T L
J7 Tl R 2 AR AR+ 2 i, 2007 4F T
Wl R AT A2, RN F TR
PR AL 21 AL 2% % > J7 i BE 5.
E-mail: xczkiong@163. com

EBIFLT (1980 —), Lo, IL AR MBS A, 16
T PRI, 2004 4 T AL BTHE L K 2 3R 15
Wi+22 7, 2011 4F F A 1l oK 24 3R 15 18
taE i, FENFEDE R AT
5% . E-mail: gfh@ncut. edu. cn

[14]

[15]

[16]

al.. Neural codes for image retrieval [C]. Proceed-
ings of the European Conference on Computer Vision
(ECCV), Berlin: Springer, 2014 :584-599.
SALVADOR, AMAIA, GIRO-I-NIETO, et al..
Faster R-CNN features for instance search [C].
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition ( CVPR) Work-
shops, NJ: IEEE, 2016.

LIN K, YANG H F, HSIAO J H, et al.. Deep
learning of binary hash codes for fast image re-
trieval [C]. Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition
(CVPR) Workshop, NJ: IEEE, 2015:27-35.
Han X F, LEUNG T, JIA Y Q, et al.. Match-
net: unifying feature and metric learning for patch-
based matching [ C]. Proceedings of the IEEE
Conference on Computer Vision and Pattern Rec-

ognition (CVPR), NJ. IEEE, 2015 3279-3286.

BN (1992—) 2 WAL E I A+
WFFEA:, 2015 AFE AL J7 Tl K4 2%
> EHRRIE Ty ) R TR A ) R RS
% . E-mail: minions0315@163. com





