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Image Retrieval Based on Saliency Weighted for Multiple Visual Dictionaries
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Abstract: In view of application requirements of visual dictionary in image representation and retrieval,
this paper proposes an image retrieval method based on the combination of multiple visual dictionaries and
saliency weight, which can represent image features with saliency and sparsity. Firstly, the image is di-
vided into blocks, and different kinds of underlying features of image blocks are extracted. Secondly, the
image block features are used to learn the multiple visual dictionaries through non-negative sparse coding.
The spatial information and saliency are introduced into the sparse vectors for the image blocks by the sa-
liency pooling method, and saliency weight is introduced to form the sparse representation of the entire
image. Finally, a proposed SDD distance is used for image retrieval. Compared with the method of single
visual dictionary on common image dataset Corel and Caltech, Experimental results demonstrate that the
proposed method can effectively improve the image retrieval accuracy.

Key words: multiple visual dictionaries; non-negative sparse coding; saliency weighted; similarity meas-
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Fig. 1 Procedure of the image retrieval method
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Tab.1 Performance comparison of different methods in several dictionary dimensions while M=30

o d=400 d=600 d=800
RS Precision Recall Precision Recall Precision Recall
H.G.S+SC(k=1) 0.7130 0.3684 0.7163 0.3708  0.7262  0.375 2
HSV+SC(k=1) 0.7116  0.3676 0.7209  0.3725 0.7320  0.378 2
Gabor+SC(k=1) 0.5311 0.2744  0.5453  0.2817 0.5483  0.2833
Sift+SCH (2=1) 0.3542 0.1830  0.4683  0.2420 0.4887  0.2525
SCHERXPER (k=3) 0.7811  0.4036  0.7879  0.4071 0.7956  0.4111
K ITEE(R=3) 0.8163 0.4218 0.8385 0.4316  0.8436  0.4359
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Fig. 3 Precision-Recall curves of image retrieval while d=400
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Fig. 4 Retrieval result comparison of saliency weight max-pooling and max-pooling
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Tab.2 Performance comparison of different methods in several dictionary dimensions on Caltech data set

. d=1400 d=500
77k Precision Recall Precision Recall
H.G. S+SCk=1) 0.627 5 0.305 8 0.630 3 0.312 8
HSV+SC(k=1) 0.638 0 0.326 5 0.6350 0.318 6
Gabor+SC(k=1) 0.548 4 0.272 4 0.534 9 0.269 1
Sift+SC™ (k=1 0.656 0 0.3321 0.676 2 0.347 2
SCH MR FE B (k=3) 0.680 1 0.344 5 0.692 1 0.359 4
AT (k=3) 0.706 2 0.350 8 0.710 4 0.360 3
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