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[ Abstract] Deep hashing has been widely used in large-scale image retrieval forrits advantage in retrieval efficiency and
storage cost. To enhance the identification ability of hash code and improve the retrieval accuracy and efficiency, this
paper proposes a deep hash learning model , BCI-DHH , based on high-order statistical information. The improved VGG-m
model is employed to extract intra-layer auto-correlation features and inter-layer cross-correlation features from input
images , and to generate a normalized high-order statistical vector. Then the weighting parameters are introduced to balance
the number of positive and negative samples, and on this‘basis a contrastive loss function based on data balance is
proposed. Then multi-level index hash blocks corresponding to dissimilar image pairs are differentiated to increase the
hamming distance between the dissimilar image and the to-be-retrieved image, so as to optimize the compatibility of
multi-level hash index. Experimental results on the benchmark datasets demonstrate that the proposed model outperforms
BDH,DSH and other methods in terms of retrieval accuracy and efficiency.
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Fig.2 Schematic diagram of high-order statistical learning
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Table 2 Comparison of recall rate and number of candidate images in CIFAR-10 and NUS-WIDE datasets

T" X CIFAR-10 NUS-WIDE

ik — {7 P A B = = =3 =4 {7 o A B

BCI-DHH 0.999 9 37 562 0.972 3 0.989 9 0.999 9 0.999 9 98 762
RICH 0.999 9 38 925 0.965 3 0.9817 0.990 6 0.999 9 106 941
BDH 0.999 9 46 135 0.924 6 0.954 6 0.984 6 0.999 9 179 563
DSH 0.999 9 49 762 0.998 2 0.999 0 0.999 8 0.999 9 188 765
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