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Fig. 1 Images segmented by the sequential

K-means algorithm
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Fig.2 Design of parallel K-means algorithm
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Fig.3 Clustering segmentation
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Fig.6 Images segmented by the parallel K-means algorithm
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Fig.7 Design of the parallel algorithm
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computinga single pixel

174 2 B 1 4t 96/ (GB-s 1)

Local Loads 0

Local Stores 2.51

Shared Loads 235.77

Shared Stores 195.98

Global Loads 34.16

Global Stores 1.17

L1/SM 469. 6
1.2/Cache 30. 54

XTI % 2 AT RAAS O 58 3 A R A
A3 S RRCEG R B A AR R R T A
TAMG ZR BRI b0 A BE B, O 38 2 2R AR P A A7 A

AR BRI LM ZE W S5 /N RRCEG B B8 HE A7 in R B 45
RE AN ILZ NG, &G EILENAE E#T M
LSRN TR P d /N R R, Al R AR

AT R 9 FiR, B RBEITE N N AR
%,ﬁﬂ@?%l(id)ﬁ;bmsl\/+tid +is;0=0,1,--- N, H
Hob  CHERFRES 1, WL RS s MR FEHL R
/N512 N 1 2] 100 1350,

2L l}%l Block 0 | Block 1 | | Block N |

i @@@é@ TOOO..

0]1 m
ij%li]/ﬁll Sum 0 I Sum 1 I l Sule

Je¥il
K9 HPERITAZMER
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Development of 6 CQCL — 50 Multi-functional
Preprocessing Machine for Fresh Tea

He Xuejun' Wang Jin' Tang Xiaolin® Lu Guodong' Wang Bingwen' Ren Guangxin’
(1. State Key Laboratory of Fluid Power Transmission and Control, Zhejiang University, Hangzhou 310027, China
2. Hangzhou Tea Research Institute, China CO-OP, Hangzhou 310016, China)

Abstract; In order to enrich the kind of teas being produced, and improve the utilization of fresh tea
materials, a multi-functional preprocessing machine for fresh tea was developed which could realize
spreading of green tea, withering of black tea, and green-making of oolong tea. The general structures as
well as the working principle of some key parts like mechanical transmission system, leaf turning device,
ventilation and heating system were introduced. With multi-branch pipe for air intake, the uniformity of
wind field was ensured; pump with high pressure and low flow rate, together with small spray nozzle
ensured the uniformity of moisture; temperature was accurately controlled according to different layers.
Experimental results show that teas produced with this machine had higher physical and chemical indexes
and scores compared to the control groups. The results show that the design was reasonable, and the
machine was reliable.

Key words: Fresh tea Preprocessing machine Spreading Withering Green-making
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CUDA-based Parallel K-means Clustering Algorithm

Huo Yingqiu' Qin Renbo® Xing Caiyan® Chen Xi’ Fang Yong'
(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; K-means clustering algorithm is an excellent algorithm which has been widely used in the
image processing and data mining. However, the algorithm arouses a high computational complexity. This
paper made a parallel analysis of K-means algorithm in detail, and proposed a partitioning and parallel K-
means algorithm based on CUDA ( Compute unified device architecture). In addition, some optimization
strategies, e.g., coalesced memory access, parallel reduction, load balance and instruction
optimization, were discussed to obtain the higher performance. Experimental results show that the parallel
K-means algorithm achieves 560x speedup over the sequential C codes, while maintains the same effect.
Hence it solves the bottleneck of the algorithm perfectly, which is an attractive alternative to the
sequential K-means algorithm for image segmentation and clustering analysis.

Key words: Image segmentation K-means clustering algorithm CUDA GPU Parallel optimization



