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Fig.2  Matrix-matrix multiplication using blocking algorithm
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int tide = threadldx. x;
int tidr = threadldx. y;
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float results =0
float comp =0
for (int j =03 j<P;j+ =BLOCK_SIZE)
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Fig.3 Compressed sensing and parallel reconstruction of the apple image
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Tab.1 The performance of the reconstruction for

apple images on CPU and GPU
#f4 CPUMT  GPU T
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g3 1750 105924 6 660 159 29.29
L4 628 26 847 920 29.1  36.81
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Parallel and Fast Reconstruction Algorithm for Compressed
Sensing Apple Image

Dai Yuan'® He Dongjian' Yang Long’
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. College of Information Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract: With the emerging of compressed sensing (CS), it is possible to overcome the storage and
transmission difficulty of the mass data sampled by traditional methods. It also provides a new way for
machine vision applied to apple image sampling. However, the major shortcoming of the reconstruction
algorithms for CS signals is the expensive computing time, which limits its applications to the occasions
requiring fast processing. Aiming at this problem, two dimensional orthogonal matching pursuit algorithm
with parallel computing is proposed for apple image reconstruction. The parallelism of the algorithm is
analyzed and the parallel algorithm using CUDA technology on GPU is designed in order to achieve a fast
reconstruction algorithm. Experimental results show that the parallel algorithm improves the recovery
efficiency by 16 to 35 times and the apple image can be recovered in several seconds. This method
provides a new technical support to remote monitoring in real time for apple garden. It can be used in the
fast apple quality detection based on image as well.

Key words: Apple Image reconstruction Compressed sensing Two dimensional orthogonal matching

pursuit  Parallel computing
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Positioning Method for Tea Picking Using Active Computer Vision

Zhang Hao Chen Yong Wang Wei Zhang Guolu
( College of Mechanical and Electronic Engineering, Nanjing Forestry University, Nanjing 210037, China)

Abstract ; For the intelligent tea picking machine, the positioning of tea tips was a difficult procedure. A
positioning method based on active computer vision and corresponding visual system were proposed to
solve this problem. First, according to the characteristics of the tea picking surface, a cross light path of
projection and camera was designed; then the recognition approach of tea tips based on the color factor
was developed in natural environment; furthermore, fringe projection profilometry was studied to acquire
the height information of tea tips. In fringe projection profilometry, the temporal phase unwrapping
method was used to obtain the phase maps, the invalidity identification framework and morphological filter
were designed to remove noise points, and a polynomial approximation method which can reduce the
nonlinear error was applied to calculate the height. The experimental results show that the positioning
system for tea tips based on fringe projection technology can effectively recognize the tips and extract their
three-dimensional information, which can help new tea picking machine to realize the positioning
function.

Key words: Tea Positioning method Active computer vision Fringe projection profilometry



