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Abstract; Spatial information representation is an important means to improve image visual feature

representation performance. The integration of the spatial relation model with deep learning can effectively

enhance semantic property of deep features, improving the image retrieval accuracy. In this paper, we

proposed a novel detailed topological structure representation model to describe spatial relation of complex

images. This

model not only had complete topology description performance, but also provided two
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efficient reasoning algorithms, which made the topological invariants directly deduced from the model
without any geometric calculations. Similarity matching approaches based on fine topological structure
representation model was proposed for spatial relationship feature representation. Finally, in combination
with convolution neural network, a multi-object image retrieval framework was developed by fusing the
spatial relation features and deep features. Experimental results demonstrate that the proposed topological
model has remarkable performance in spatial query. Moreover, the proposed image retrieval framework
outperforms the current methods in terms of precision and with advantages of both the manual and deep
features, it provides a superior means to improve interpretability of deep learning methods.

Keywords: topology; deep learning; image retrieval; feature extraction; feature fusion
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Fig. 1 The examples of multi-object images
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Table 1 Summary of representative topological relation models
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Table 2 Description of universal symbols
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Fig. 2 The examples of simple regions and complex regions
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Fig. 3 The detailed topological structure representation model (DTSRM)
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Fig. 4 Example of three different topological structures
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Fig. 5 The complex region in breast cancer images
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Table 3 The algorithm of computing sub-graph similarity

algorithm: similarity-of-subgraph(u ,v)
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Fig. 7 Multi-objet image retrieval framework based on DTSRM and deep feature fusion
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Fig. 8 Examples of multi-objet image retrieval
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Table 4 The average precision of proposed method with different weight

BUE (wy sws ws) DTSRM/ % DTSRM+ Alex DTSRM+ VGGNet
(1,0,0) 80.22 — —
(0.5,0.5,0) 82.79 — —
(0.6,0.4,0) 83.17
(0.4,0.4,0.2) — 85.38% 85.72%
(0.2,0.4,0.4) — 85.11% 85.45%
(0.4,0.2,0.4) — 86.08% 87.31%

26 3 SCHR 45 AR, 1) &5 A R AF 55 % 32 56 RA LA CHY w, 20 ) B K ZOKE B 22 3 T % JE 0 34
PR R KT BN B (R o, =0 B, 3350 B 20 i A 22 18] 1) 55 742 52 G 2 J2 X A 4090 0 45 0 32 38 M BB 10 58 3
2) W SEFE AlexNet i /2 VGGNet MEE5H T L Al G IR ERIE S R B EA T — P&, X 2R H
02778 A 6 R IE 5 R AR IETE R 2 B AR R B il — Fh AP 09 BoAb . 3) BUAOR 15, 52 24 45 ) ¢ R AR AE
SR BERRAE (Al A R BT — 2 (0 & Rk BV R AL AL 5 7 R A b A TR RIET K (v, =
0.4,w, =0.2,w; =0.4) WAL EE 41 A B S o 1 M 8 Bl FH 15 225050 .

B O b AR ME T TR AE 5 s HOGH™ ,IDSCRY, TRMM, BCF™, DL M I 4R iF 2 )
J5#: AlexNet, VGGNet, BT & 2 R F A R dh Ze & 40l an & 9 FE 10 fros. K 11 s T 5 Fhoxt oy
E IO a2 €T SN <N L IS A I R a2 e S D B A N N T B3 SR E



% 34 R FAWIBIEMRTEREF RS LS B AREGRAA K P A 141

1.01

—&— HOGH

0.8

e
=
T

Precision

o
>
T

0 0.2 0.4 0.6 0.8 1.0
Recall

9 EFIHMEAZNEAREESRHANILE

Fig. 9 Recall-Precision curves comparison of the proposed method and handcrafted features
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Fig. 10 Recall-Precision curves comparison of the proposed method and deep learning features
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Fig. 11 The retrieval results of five compared methods
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