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Abstract

Many image processing and computer
vision technologies are being applied in image
information extraction. Among of all, SIFT is
extensively applied in plenty of applications. The

reason that SIFT becomes more popular is
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because its feature descriptions are invariant to

scale, rotation, illumination and viewpoint
transformations. In recent years, GPU received
considerable attentions with its powerful parallel
processing ability. Parallel computing on GPUs
science and

In this

has been applied in many
engineering applications successfully.
research, we intend to use GPU to accelerate
SIFT algorithm. The program will use linear
search method to replace KD-Tree algorithm, and
GPUs to parallelism linear search method. We
expect that linear search method will perform
better result and higher accuracy because of its
The

experimental results showed that after CUDA

highly parallelizable advantage.

accelerating, the linear search method get a six-

fold acceleration.
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