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Fast Scale Invariant Feature Transform Algorithm Based on CUDA

TIAN Wen, XU Fan, WANG Hong-yuan, ZHOU Bo
(Department of Electronics and Information Engineering, Huazhong University of Science and Technology, Wuhan 430074)

Abstract Aiming at the shortage of Scale Invariant Feature Transform(SIFT) algorithm in time consumption, this paper proposes a fast SIFT
algorithm based on Compute Unified Device Architecture(CUDA), and analyzes its parallelism. It is further optimized according to the detailed
analysis on the thread and memory model of the graphic hardware by using the power of Graphics Processing Unit(GPU). The GPU implementation
runs 30~50 times faster than the CPU implementation in the experiments. It achieves 24 frames per second processing speed on 640x480 images,
and is suitable for the real-time application.

Key words Scale Invariant Feature Transform(SIFT); feature extraction and match; Graphics Processing Unit(GPU); Compute Unified Device
Architecture(CUDA)
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/ICPU 16x16
float gO_initial = 1.0 / (sqrt(2.0f * 3.141 59f) * sigma); @ [
float g1_initial = exp(-0.5 f/ (sigma * sigma));
/IGPU CPU GPU
__global__ GPU
void KernelSmoothimageRow_Fly(float* output, 1 GPU
float g0_initial, float g1_initial, int halfSize)
{1
const int idxX=__mul24(blockldx.x, blockDim.x) + threadldx.x;
const int idxY=__mul24(blockldx.y, blockDim.y) + threadldx.y;
const int idx =__mul24(idxY, gridDim.x) + idxX;

float g0, g1, g2;
g0 = g0_initial; atomicAdd

CUDA

gl = gl_initial;
92=9l*gl; 2.4
" 16x16 4x4
float res = tex2D(texInput, idxX, idxY) * g0; 8
I 4x4x8=128
for (int i=1; i<halfSize; ++i)
{ 90*=gL
01 *=92;
res += tex2D(texInput, idxX+i, idxY) * g0;
res += tex2D(texInput, idxX-i, idxY) * g0; }
output[idx] = res;}
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