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Fig.1 Tllustration of Grid Index and Neighbor Search
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75 () K] 43 AL BE /m S-TPS/s C-TPS/s G-TPS/s  CG-TPS (Greedy)/s CG-TPS (Greedy-SET) /s
500 15 003.5 1629.8 5 327.6 1 293.8 1 285.4
1 000 15 000.8 1632.9 2 380.6 984.2 981.5
1500 14 970.7 1635.4 1762.9 869.2 862.6
2 000 14 999.0 1643.5 1522.1 822.1 817.9
2 500 14 991.0 1 648.5 1 448.6 802.1 787.8
3000 15 044.7 1675.1 1371.1 790.1 767.0
3500 15 034.5 1674.6 1324.3 787.8 773.2
4 000 15 101.0 1 689.3 1 310.1 827.3 774.3
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A Collaborative Parallel Spatial Interpolation Algorithmon
Oriented Towards the Heterogeneous CPU/GPU System

WANG Hongyan' GUAN Xuefeng'?® WU Huayi'’
1 State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing,
Wuhan University, Wuhan 430079, China

2 Collaborative Innovation Center of Geospatial Technology, Wuhan 430079, China

Abstract: Nowadays the heterogeneous CPU/GPU systems become ubiquitous, but most of current
parallel spatial interpolation algorithms exploit only one type of computation units to speedup the cal-
culation and thus it results in parallel resources wasted. To address this problem, a collaborative par-
allel thin plate spline interpolation algorithm is proposed in this paper to accelerate DEM generation
from massive LiDAR point clouds. In this collaborative parallel algorithm, the input point clouds are
firstly decomposed into a collection of discrete blocks and encapsulated as general task objects to shield
the heterogeneous execution models of different processing units. And then a special scheduling algo-
rithm, named Greedy-SET, is also proposed to achieve better load balance based on the computing ca-
pabilities of CPU and GPU. Experimental results demonstrate that the proposed collaborative parallel
algorithm can achieve the highest speedup times of approximately 19.6. The performance improvement
ratios compared with pure CPU and GPU parallel algorithms are 54% and 44 % respectively.

Key words: CPU/GPU; collaborative parallel algorithm; spatial interpolation; thin plate spline; Li-
DAR point clouds
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