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i E. AR A T AR e B4 & (Content-based image retrieval ,CBIR) #9 & 4% , K 3R 518 ) 69 F T4¥
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BNM ., AT R REREAERFIEGIRR 8N AR IR BB A6 By SR A M AR S e R E 2 AT e
W, T WA SR Tk AR T EAF R g R AN X & B 1§ 4% & (Digital database for
screening mammography, DDSM) P #2 BT 2 200 /> & 244 X 3% (Region of interest, ROIs)4F 4 #45 4& , &£
B 25 RAILF kAt B A AR B AR S R A e R oA e o S A R O LA R RY T Rk
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Mammogram Retrieval Based on Deep Semantic Model

70U Pei, WANG Ying, LI Jie
(School of Electronic Engineering, Xidian University, Xi'an, 710071, China)

Abstract: Image feature is the key to content-based image retrieval (CBIR). Most of the used manual
features are difficult to effectively represent the features of the breast mass, and there is a semantic gap
between the underlying features and the high-level semantics. In order to improve the retrieval performance
of CBIR, this paper uses deep learning to extract the high-level semantic features of images. Because the
deep convolution features of mammograms have some redundancies and noises in the spatial and feature
dimensions, this paper optimizes the spatial and semantic features of depth features based on the vocabulary
tree and inverted files, and constructs two different depth semantic trees. In order to fully exert the
discriminative power of deep convolution features, the weight of tree nodes is refined according to the local
characteristics of breast image depth features, and two node weighting methods are proposed to obtain
better retrieval results. In this paper, 2200 regions of interest (ROIs) are extracted from the digital
database for screening mammography (DDSM) as datasets. The experimental results show that the
proposed method can effectively improve the retrieval accuracy and the classification accuracy of the mass
region of interest, and has good scalability.

Key words: breast masses; mammogram; content-based image retrieval; deep learning; depth semantic tree
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Fig.2 Overall block diagram of deep semantic tree retrieval based on spatial optimization
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imental results %
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Table 2 Influence of each part of the deep semantic tree algorithm based on semantic optimization on the ex-

perimental results %
RS i e G 22K EHHSRREE RS B
CNN 83.9 88.3 86.1
CNN-SEAUTO 86.2 89.9 88.1
CNN-WE 86.8 88.6 87.7
CNN-CC 85.8 90.2 88.0

SE-OP-TREE 93.6 91.6 92.6
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Table 3 The retrieval precision of different methods %

7 i e A6 2 i e B AU K B V- YN
BoW 76.0 71.9 74.0
VOC-TREE 80.6 74.4 77.5
C-AGH-ITQ 82.9 89.2 86.1
CNN-KSH 90.6 89.2 89.9
SP-OP-TREE 87.3 93.6 90.5
SE-OP-TREE 93.6 91.6 92.6
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Table 4 Classification accuracy of different methods 0.8 i ]
% go7t
" 2 06
. Wb ER4AL T 205l
MR R R S04l
2
VOC-TREE 87.1 78.4 83.8 N g; 7
CNN-SVM 87.9 82.9 85.4 0.1 e SE-OP-TREE
0.0 L
CNN-FOREST 86.5 90.2 88.4 0.0 0.1 0203 04 0.5 0.6 0.7 0.8 0.9 1.0
False positive rate
SP-OP-TREE 88.2 92.9 90.6 ) )
8 ANl J i ROC i 2 xt Ho 18]
SE-OP-TREE 94.6 91.7 93.2

Fig.8 Comparison of ROC curves of different methods
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