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ABSTRACT

As a fiiting method to data with outliers, RANSAC(RANdom SAmple Consensus) based algorithm is widely used in
fitting of line, circle, ellipse, etc. CUDA is currently most widely used GPU with massive parallel processing capability.
This paper proposes an efficient CUDA implementation of multiple planes fitting using RANSAC with 3d points data, of
which one set of 3d points is used for one plane fitting. The performance of the proposed algorithm is demonstrated
compared with CPU implementation using both artificially generated data and real 3d heights data of a PCB. The
speed-up of the algorithm over CPU seems to be higher in data with lower inlier ratio, more planes to fit, and more
points per plane fitting. This method can be easily applied to a wide variety of other fitting applications.
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II. RANSAC
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3.1. CUDA
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Fig. 1 Thread Hierarchy in CUDA Programming [10]
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Table. 1 Execution time of fitting 400 planes, 40000
points per plane. (a=-0.1, b=0.1, c¢=3) [ms]

inlier ratio
0.5 0.7 0.9
CPU 5940 2445 1072
GPU 238 125 89
speed-up 25.0 19.6 12.0

Table. 2 Execution time of fitting 400 planes, 40000
points per plane. (a=1, b=2, c=3) [ms]

inlier ratio
0.5 0.7 0.9
CPU 5871 2456 1073
GPU 237 125 87
speed-up 24.8 19.6 123
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40000 points per plane. (a=-0.1, b=0.1, ¢=3) [ms]

GPU CPU
cudaMalloc 26
cudaMemcpy 17
kernel 1 26 880
kernel 2 3
kernel 3 13 192
cudaFree 4
total 89 1072

Table. 4 Execution time for 40 planes fitting, 40000 points

per plane. (a=1, b=2, ¢c=3) [ms]

inlier ratio
0.5 0.7 0.9
CPU 596 253 106
GPU 33 19 15
speed-up 18.0 133 7.1

Table. 5 Execution time for 400 planes fitting, 4000 points

per plane. (a=1, b=2, ¢c=3) [ms]

inlier ratio
0.5 0.7 0.9
CPU 581 270 113
GPU 29 18 14
speed-up 20.0 15.0 8.1
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Fig. 3 3d data in each white rectangle area are used to
fit to a plane. The number of rectangles is 58. The number
of points in each rectangle varies from 12390 to 66528.
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Table. 6 Execution time for heights data of a PCB [ms]

inlier threshold t [um]
20 30
CPU 94 53
GPU 16 13
speed-up 5.9 4.1
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