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Fig. 1 Competitive learning neural network
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Fig. 2 The nonoverlapping cluster data sets

and the cluster results(codevectors)
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Table 1 Comparison of the cluster results

}% BCL SOFM FSCL  FCL PSL
& %

FHRE 1.0005 0.0769 0.1908 0.0254 0.0258

PgatiE 0248797 1707765 0747738 0’34784 0734778

St FREBBRBEMNZRITE, ARHL
4y B K (2. 418, 2.173). (2.865, 7.433). (7.784,
2. 528)F1(6. 772, 6.921) , FEHR 1 HHEE Gaus-
sian 4> Fi R0 3B & 3k I 4% PSCL M%% ., WA 3 FiR,
PSCL H Xt FEBRBMBIE £ F BB REH
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Fig. 3 The overlapping cluster data sets and

the cluster results (codevectors)
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A Fast VQ Coding Method of
Wavelet Tree-Structure

Yan Jingwen

(Dept. of Communication Engineering , Changchun Institute of Posts & Telecommunication,Changchun 130012)

Sun Hui,Zhang Shenghua

(The State Key Lab. of Applied Optics, Changchun Institute of Fine Mechanics & Optics,Changchan 130022)

Abstract A fast VQ image coding method based on humans visual attribution and applying wavelet
tree-structure is proposed in this paper,naming tree-structure fast VQ coding. After the characteristics of
VQ was analyzed ,a statistic method generating a codebook was designed ,and a fast VQ coding method was
represented. This method can efficiently remove correlation in image data, obtaining a low transmission bit
stream. The apparent advantage of the method is to establish statistics codebooks for various image data,
and each treating need not generate codebooks with a high coding efficient achieved, while it can apply to
any opportunity with wavelet transformation used in various image and signal data compression. The ex-
perimental results show: The fast VQ coding method proposed in this paper can achieve a compression ratio
of 40 with a PSNR of 36. 21dB,while its total performance is superior to other methods,and a real-time
compression using this method may be implemented.

Keywords - Wavelet transformation, Data compression, Vector quantization.
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Neural Network Competitive Learning
Algorithms for Vector Quantization

Xu Yong, Chen Hexin" ,Dai Yisong”

(Changchun Institute of Posts and Telecommunications Changchun,  130012)
( * Jilin University of Technology, Changchun 130025)

Abstract Neural network competitive learning algorithms are widely used for vector quantization. In
this paper, some typical competitive learning algorithms have been specially investigated and analyzed . A
new competitive learning algorithm based on the neuron win probability is presented for vector quantiza-
tion. Unlike the traditional competitive learning algorithms where only one neuron will win and learn at
each competition, every neuron in the proposed probability-sensitive competitive learning algorithm
(PSCL) will win to some extent, depending on its win probability and adjustment of distortion distance to
the input vector. The new algorithm is shown to be efficient to overcome the problem of neuron underuti-
lization.

Keywords Neural network, Competitive learning, Vector quantization, Neuron underutilization,

Algorithm



