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Abstract In the scene of image search,due to the randomness of search request,in order to increase the search speed,it is often
necessary to preload the entire data set into the running memory. Because the price of running memory with the same capacity is
much higher than that of hard disk,reducing the running memory can greatly reduce the cost of image search service. However,if
the data is compressed directly,the search accuracy will be greatly reduced. In this case, this paper proposes a content-based ima-
ge search framework, which divides data set into groups. Firstly, the neural network is used to extract image features. On the
premise of not compressing the features,a heuristic clustering method is used to group the data,ensuring that there is a certain
similarity between the data of each data group. For each data group, HNSW algorithm based on graph structure is used to con-
struct index to speed up image query. In this framework, by controlling the number of data blocks accessed during query, the run-
ning memory capacity required by the algorithm can be greatly reduced,under the premise of ensuring the accuracy.
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Table 1 Comparison between several methods
AT %)

Algorithm Memory Cost Accuracy
PCA-512 42 98.4

Our Method 33 98. 92

K=10,P=3
PCA-256 22 96. 5

Our Method 91 98. 27
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Table 2 Maximum accuracy of different methods

Algorithm Accuracy/ %
HNSW 98.7
BK-tree 97.8
KD-tree 95.4

Our Method
99.11
K=10,P=38
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Table 3 Accuracy with different parameters

CHLp 2 %)
K=6 K=7 K=38 K=9 K=10
P=1 95. 35 95.97 94. 64 95. 44 93.37
P=2 98.57 98. 44 98. 36 98. 25 98.27
P=3 98. 85 98.76 98.93 98.52 98.92
P=4 98.90 98.78 98.99 98. 64 99.05
P=5 98.92 98. 80 99.02 98. 64 99.09
P=6 98.92 98. 80 99.02 98. 64 99.09
P=7 98. 80 99.02 98. 64 99. 10
P=38 99.02 98. 64 99.11
P=9 98. 64 99.11
P=10 99.11
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