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Abstract Application developers increasingly adopt GPUs as standard computing accelerators to improve application
performance with their easier programmability and increasing computing power. The histogram generation algorithm is a
common algorithm of computer vision, and is widely used in image processing, pattern recognition and image search.
With the scale enlargement of image processing and the demand of real-time, improving the performance of histogram
generation algorithm by GPU is in increasingly high demand. We introduced the realization and optimization on GPU of
histogram to research the major optimization methodologies and technologies. Experimental results show that the appli-
cations of access optimization of histogram backup, memory optimization, data localization and mergence optimization,

and some other optimization strategies, bring about a 1. 8 ~ 13. 3 times speedup for the algorithm on AMD HD 7850,
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than versions before optimization, and brings about a 7, 2~ 210. 8 times speedup than CPU versions.
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1. Call GetlmageData(SOURCEIMAGE, image) ;

2. Histogram < 0;

3. For i from 0 to IMAGE_LENGTH step 1

4, histogram [image[i]] < histogram [image[i]]+1;
5. End for
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