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Combining similarity measures in content-based image retrieval
guided by mutual information
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Abstract: The lack of accordance between the information that one can extract from an image and the interpretability of the
same image in a given situation is the most important factor that hampers the accuracy of content-based image retrieval
(CBIR). Recently, the combination of several similarity measures draws much interest in the CBIR area, It can be shown
that is effective in reducing this discordance. The core problem is:how to choose a better way to combine these similarities?
In this paper, we propose a new combination algorithm. It combines similarity measures under the sum rule based on
mutual information which estimates the correlation between the continuous random variable similarity measures and the
discrete random variable similarity. The experimental results show that this algorithm achieves a high accuracy and

efficiency in real-world image collections.
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Tab.1 Features, similarities and their representation
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7 R A AR 32 R G CoTextureFeatureEuc
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Fig 1  Combining similarities
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Fig.2 The MAP comparison of 3 combination methods
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Tab.2 The training time of 3 combination methods

Gausian_Norm_Mean
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Fig.3 Retrieval results obtained by our proposed method
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Fig.4 The MAP comparison of 3 combination methods and 19 single similarities
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Tab.3 MAP,MAP’s stand deviation and the MI value

3) HA5ES MAP EHAFF S B
AR PR AT S /s A — BT o5 /NS ]

DL MAP MAPJi%  HfEE AN a3, B S S AE i &A1
Gausian_Norm_Mean 0.526 8 0.303 9 IR MAP B 5 HAZ BEMMERITLKE ., a0, H
MI_guide 0.5782  0.2782 FoRFERZZ B2, 3 B T A B AR L B AR BE
GA_parameters 04644 02551 S i MAP {22 R (& 5 hsgmit i
colorHistEuc 0.3107  0.2379  0.088 8 9 2 R ) ,@%j(%%ﬂwﬁjuﬁ'ﬁj MA? Hy53
ColorHistInter 0.4354  0.2468  0.0795 fRUIEH, TEAZE CBIR I {5 8 AT LA RO

TG ALEE , R ARAT B 1 HER P
ColorHistJSD 0.4517  0.2512  0.049 3
CoTextureFeaturcEuc 0.2646  0.2558  0.027 1 3 & #
GaborHistJSD 0.2565  0.2325  0.0333
GaborVecEue 0.331  0.2597  0.0442 H SEIECHE T UL, X F CBIR g —fig I P 5 3%
TamuraFeature]SD 0.2007  0.1769 00522 i EG, 7R UG 2R AN [R) (R RRAE 5 AR DL T2 1
dog. 1. histEre 0437 0131 0.1056 SeI AN IR Y, RRAE B2 S AR R I 32 2 5
dog. . histJSD 0.2610  0.2044  0.0070 BSRAEAIE o 1L, B 2R A LA UL 69 A
T3 22 , 52 e Az 2% T EE T AN o R R AR B
dog. sift. histEuc 0.3006  0.2569  0.0390 SRS | B 4] & I 1 ( Gaussian_ Norm_
dog. sift. histJSD 0.454 8 0.297 1 0.014 3 Mean) Xﬁ?%*ﬁﬂjrﬁﬁﬂﬁ iﬁ—(ﬁ% E/‘J%ﬁg@ , fﬂ?ﬁfﬁﬁ
har. 1j. histEuc 0.179 9 0.154 2 0.0322 AR T AFR A AL E ; LT GA = A S
har. 1j. histJSD 0.1836  0.1628  0.0350 7715 (GA _parameters ) W) 75 5 52 2| A [5] #H AL, BEAE 7
har. sift. histEuc 0.2329  0.1804  0.0455 AR, B GA YNGR R s 2 T HAR R &
har. sift. histJSD 0.2536  0.2122  0.0273 J7 ik (MI_guide ) 38 3 X 2 AR {BUSEHE A7 £ 3R A 41
dense10. 1j. histEuc 0.3986  0.2415  0.3044 B TSR T RO R P R A
SR g AERA B, AR 0 I 2 IR B A A
densel0. 1j. histJSD 0.4716  0.2798  0.0058 CBIR S5 AR (e 2 B 7 P (6 1) .
denselQr st st AT 6 QA 0008 AR A £ v P RERRE AT L R £
densel0. sift. histJSD 0.5579  0.2978  0.0510 AU L (A 2 Y T 2 F — 2B 1 B

—a— MAP -e— MI

Fig. 5
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The accordance between the similarities selected from the training set and the MAP get from the test set
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