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[ Abstract] Traditional face image retrieval technology has lower retrieval efficiency when processing large-scale image
data. Aiming at this problem,a face retrieval system based on Bag-of-Visual-Words( BoVW ) model and Spark distributed
platform is constructed in this paper. A local block partition method is proposed according to the spatial distribution of a
face image,so as to reduce the number of visual features and enhance parallelism. By combining the Speed-up Robust
Feature ( SURF) local features and Histogram of Oriented Gradient ( HOG) block features, a similarity algorithm of
candidate images is designed to improve the retrieval accuracy. Experimental results show that the efficiency of the index
construction and image retrieval in the proposed system are higher than those of the retrieval system based on Hadoop.
The proposed system also has good scalability and concurrency under the massive image data scene.
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