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GPU-accelerated Perceptual Hash for
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JIANG Ting-ting"? , DING Kai-meng®*
(1. Keppel Communication(Nanjing) Co., Ltd, Nanjing 211189, China;
2. Jinling Institute of Technology, Nanjing 211169, China)

Abstract: This paper uses the graphics processing unit (GPU) to implement the parallelization
of the perceptual hash algorithm. Firstly, the remote sensing image is pre-processed to over-
come the limitation of the GPU memory size. Secondly, the detection of the feature points of
the remote sensing image is based on the GPU. Finally, the perceptual hash sequence is gener-
ated on the CPU side. The experimental results show that compared with the CPU-based algo-
rithm, this algorithm has significantly improved computing performance and can meet the need
of remote sensing image authentication.
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