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Fine-grained Image Retrieval Based on Supervised Hashing with
Attention Pyramid
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Abstract ; Large—scale fine—grained image retrieval is a challenging task. Due to the small inter—class variations and the large intra—class
variations among images, features learned by traditional CNNs is highly redundant, which results in slow query speed and expensive
storage cost. To address this problem, we propose a novel convolutional neural network which combines attention pyramid and supervised
hashing. Specifically,in order to extract finer features,we introduce a dual pathway hierarchy structure in the feature extraction network
with a top—down feature pathway and a bottom—up attention pathway , which is utilized to combine high—level semantic information and
low-level detailed feature representations. Furthermore,to reduce storage cost and increase query speed, we improve deep hashing by
using tanh(x) instead of sign(x) as the activation function to make sure that the learned hash function achieves stable distribution. At the
same time, we adopt both quantization loss and classification loss to map the binary codes to the origin images better. The experimental
results demonstrate that the proposed algorithm is superior to other comparison algorithms, for it achieves 82.3% and 83.3% accuracy on
the FGVC-Aircraft and the Stanford Cars test set, which proves the effectiveness of the algorithm.
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