
WAVELET BASED DE-NOISING FOR CHAOTIC SIGNAL PREDICTION 
USING THE TRAJECTORY PARALLEL MEASURE 

Shigeo Wada and Yuji Koizumi 

Graduate School of Engineering, Tokyo Denki University 
2-2 Kanda-Nishiki-cho, Chiyoda-ku, Tokyo 101-8457, Japan 

phone: +81 3 5280 3314, fax: +81 3 5280 3573, email: wada@cck.dendai.ac.jp 

ABSTRACT 
In this paper, a new wavelet based de-noising for noisy cha-
otic signal prediction using the trajectory parallel measure is 
proposed.  As the chaotic signal is similar to noise, the tradi-
tional de-noising criterion based on the noise variance is not 
effective for noisy chaotic signal filtering and prediction.  In 
order to achieve the accurate prediction, the wavelet based 
prediction with de-noising for attractor using the trajectory 
parallel measure is applied to noisy chaotic signals.  In the 
de-noising process, the observed signal is judged whether it 
is chaotic or close to noise using the measure. 
  To verify the effectiveness of the proposed method, it is 
demonstrated that noisy chaotic signals are predicted with 
smaller prediction error compared with the conventional 
chaotic signal prediction in the simulations. 

1. INTRODUCTION 

Chaotic behavior can be observed in various fields such as 
electrical, civil and chemical engineering and brain science 
and biology [1].  Chaos is a deterministic evolution of a 
nonlinear system whose orbit sensitively changes in initial 
conditions.  Predicting, identifying and modeling observed 
chaos or chaotic signal is important problems to control 
nonlinear systems [2].  As for the prediction problem, it is 
difficult to estimate chaotic behavior in long-term.  However, 
the short-term prediction of chaos is not comparatively diffi-
cult.  There are a number of algorithms available for the 
analysis, synthesis and prediction of chaotic signals [2-9]. 

In signal and image processing communities, the wavelets 
become attractive data processing tools (i.e. [10]).  The 
wavelet can be applied to data compression, image process-
ing, spectral analysis and so on.  Recently, several wavelet 
theories are used to the problem of chaotic signal prediction 
[6-7], [9].  In [6] and [9], approximation method of dynam-
ics of nonlinear system using wavelet expansion is proposed.  
A nonlinear prediction technique of chaotic signal based on 
wavelet networks is proposed in [6].  Further, chaotic signal 
prediction method using wavelet decomposition is devel-
oped in [7].  These methods are useful for the prediction of 
chaotic signals.  However, the effect of noise for the ob-
served chaos is not considered in the system.  Therefore it is 
difficult to apply the methods effectively in practical noisy 
environment.  In actual observation process of chaotic signal, 
the effect of observation noise is essential problem.  In addi-
tion, the quantization noise in calculation process for predic-

tion by digital computers is also essential [11].  The effect of 
the noise is important for the accuracy of prediction.  

In this paper, an effective wavelet based prediction tech-
nique for noisy chaotic signal is investigated.  When the 
conventional de-noising based on noise variance criterion 
(so-called spectrum subtraction) is used for noisy chaotic 
signal filtering, the noise such as observation and quantiza-
tion additive white Gaussian noise are not sufficiently re-
duced.  In order to reduce a large prediction error in the con-
ventional method, a new wavelet based chaotic signal pre-
diction using the trajectory parallel measure is proposed.  
The wavelet de-noising method for attractor based on the 
criterion of trajectory parallel measure is used.  The ob-
served signal is judged whether it is chaotic or close to noise 
using the measure in the de-noising process.  In the simula-
tions, a noisy chaotic signal is predicted with smaller predic-
tion error compared with the conventional criteria wavelet 
based chaotic signal prediction. 

2. WAVERET BASED PREDICTION OF CHAOTIC 
SIGNALS 

In this section, a wavelet based prediction of chaotic signals 
is introduced [7].  The multi-resolution (wavelet) representa-
tion of a signal )(tf  is represented by 
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where the coefficients for the wavelet basis and the scaling 
functions are given by ( ) ( )ttfw ikik ,, ,ψ=  and 

( ) ( )ttfv imim ,, ,φ= , respectively.  Here ⋅⋅,  denotes the 

inner product of signals, and k and i represent the scale and 
shift parameters, respectively.  The signal )(tf can be 
equivalently represented using the coefficients as 
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The wavelet coefficients are efficiently calculated using 
iterated two-channel analysis filter banks.  Using the wave-
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let and scaling coefficients as input signals, the original sig-
nal is completely reconstructed by the corresponding iter-
ated two-channel synthesis filter banks.  It is noted that the 
wavelet coefficients are correspondence to the frequency 
components at instantaneous time of signals. 
  The wavelet based chaotic signal prediction is achieved by 
using the entire wavelet coefficients prediction [7].  The 
predicted signal is obtained by synthesizing the predicted 
wavelet coefficients.  It is noted that the chaotic topology is 
preserved in the individual wavelet coefficients [7]. 

Now the attractor of non-linear dynamics is introduced.  It 
is known that the attractor is an important concept to charac-
terize non-linear dynamics.  When the signal is chaotic, the 
trajectory is restricted in the bounded certain area, so-called 
attractor.  The attractor can be reconstructed in multi-
dimensional state space using an observed signal and their 
delayed signals.  In this paper, the signal predictions as well 
as noise reduction are performed based on the attractor using 
multi-dimensional state space.  Based on the characteristics 
of the attractor, the local approximation method for recon-
structing attractor is executed. 
  Let the observed chaotic subband signal (the wavelet coef-
ficient) L,2,1,, =iw ik  is written by ( ) L.2,1, =iiw .  The 
scale parameter k is omitted when it is not essential.  Then, 
the p step prediction problem based on wavelet decomposi-
tion can be formulated. 
  Let the m-dimensional set of delayed signals be 

( ) ( ) ( ) ( )( ){ }ττ 1,,,: −−−= miwiwiwi Lmw .      (3) 
The orbit of ( )imw  is called reconstruction of attractor.  In 
the first step, the prediction of ( ) 0, >+ ppiw  is replace to 
the prediction of attractor ( )pi +mw .  A function F that 
predicts the attractor is introduced.  

( ) ( )( )iFpi mm ww ≅+                            (4) 
The local approximation based on the idea that the deviation 
of attractor in small time is restricted in small range [8] is 
applied to the prediction of attractor.  The n numbers of 
nearest neighbors ( )hi'mw  of ( )imw  are selected.  Figure 1 
shows the local approximation method for reconstruction 
attractor.  If ( ) nhi h ,,2,1,' L=mw  are neighbors of ( )imw , 
then ( )pi h+'mw  becomes near to ( )pi +mw  in short term 
range.  Then, the element of ( )pi +mw  is approximated by 
( ) ( )( )iGpiw mw≅+ .  The local approximation function 

for G is selected as a linear approximation shown by 
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The coefficients { }maaa ,,, 10 L  are obtained by the follow-
ing procedures.  All Euclidean norms between ( )jmw  in 
attractor space and ( )imw  are calculated as 
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The values of r  calculated by Eq. (6) are sorted in mini-
mum order.  The n numbers of neighbors 

( ) nhi h ,,2,1,' L=mw  for ( )imw  are determined.  The fol-
lowing error function is defined. 
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Then the coefficients { }maaa ,,, 10 L  are obtained as the 
solution of least square minimization of ε . 
  Finally, using the resultant coefficients, the predicted signal 
is obtained based on Eq. (5).  As shown in the simulations, 
when the chaotic signal is observed in noisy environment, 
the reconstructed attractor is not definite to predict the signal. 

 

Figure 1: Local approximation for reconstruction attractor. 

3. TRAJECTORY PARALLEL MEASURE FOR 
WAVELET DE-NOISING 

It is known that the geometrical structure of attractor is pre-
served for neighbourhood space composed of neighbouring 
points in the short term range.  The variance of tangential 
directions of attractor can be used as a measure whether the 
signal is chaotic or not [12].  The unit tangent vector )(iu  
for )(imw  and the unit tangent vectors )'( hiu  for )'( himw  
are computed as tangent line for the circular arc of hyper 
elliptic.  Using the tangent vectors, the trajectory parallel 
measure is calculated by 
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Then, the k numbers of arbitrary points are selected to calcu-
late the trajectory parallel measures.  The following average 
is computed to obtain the statistical measure for the entire 
attractor. 
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When the measure P is nearly equal to zero, the signal is 
estimated as chaotic.  While it nearly equals to 0.5, the signal 
has stochastic property.  The signal is far from chaotic [12]. 

Next, an observed chaotic signal )(ty  is assumed to be 
represented by )()()( tntfty +=  where )(tf  represents a 
chaotic signal and )(tn  represents an additive white Gaus-
sian background noise.  The wavelet coefficients of the ob-
served signal is represented by ikikik edw ,,, +=  where ikd ,  

nhi h ,,2,1),'( L=mw )'( pi h +mw

)(imw

)( pi +mw
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and ike ,  represent wavelet coefficients of )(tf  and )(tn , 
respectively. 

The de-noising process for the wavelet coefficients is rep-
resented by 

( )( )k
ikikik thwww −= ,,, sgnˆ                      (10) 

 where 
10, ≤<= αα ik

k wth .                         (11) 

In this paper, the parameter α  is determined based on the 
trajectory parallel measure shown in Eq. (9).  It is noted that 
the traditional selection of the threshold is base on the vari-
ance of the additive noise. 

4. SIMULATIONS 

In this section, computer simulation results are shown to 
verify the effectiveness of the proposed prediction method. 

4.1 Observed chaotic signals 
In the computer simulations, the x component of the follow-
ing Rossler differential equation is used as original chaotic 
signals. 

( )cxzb
dt
dzayx

dt
dyzy

dt
dx

−+=+=−−= ,,  

where 2.0=a , 4.0=b  and 7.5=c  are selected.  The Fou-
rier spectrum for the original chaotic signal with the additive 
white Gaussian noise is shown in Fig. 2.  The chaotic signal 
is buried by the white Gaussian noise. 
  To predict the noisy chaotic signals in various SNR condi-
tions, Daubesechies’ wavelet with level 3 is used for the 
observed signal of length 132 .  The parameters for calculat-
ing attractors and the trajectory parallel measure are selected 
by 3=m , 1=τ , 5=n  and 13201.0 ×=k .  The parameter for 
local approximation is selected by 20=n . 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Fourier spectrum for noisy observed chaotic signal 

of x-component of Rossler equation (SNR=10 dB). 
 

4.2 Prediction results 
The noisy chaotic signal of 16 step ahead is predicted.  Fig-
ure 3 shows the relationship between SNR and trajectory 
parallel measure values.  The blue line with triangles and the 
red line with circles represent the trajectory parallel measure 
values in noisy and de-noised environment, respectively.  

The green line with squares represents the value by the con-
ventional spectrum subtraction.  As the observed additive 
noise is appropriately removed by the wavelet based de-
noising using the trajectory parallel measure compared with 
the traditional method.  It is noted that the value of P be-
comes under 0.03 where the signal is judged chaotic. 
  Further, Fig. 4 shows the corresponding relationship be-
tween SNR and the prediction error (normalized square er-
ror).  The blue line, the green line and the red line represent 
the errors for without de-noising, with the traditional method 
and with the proposed de-noising, respectively.  The conven-
tional method shows large error and the prediction is failed, 
while the proposed method is effective even in the SNR is 
small. 
  Furthermore, Fig. 5 shows attractors of chaotic signals.  
Figure 5 (a) shows the original reconstructed attractor in 
noiseless environment.  Figure 5 (b) shows the reconstructed 
attractor in noisy environment.  The trajectory becomes ran-
dom by the noise influence.  Figure 5 (c) shows the recon-
structed attractor with de-noising.  The attractor is effec-
tively restored by the proposed de-noising process.  Figure 5 
(d) shows the predicted 250 points of attractor (× ) and the 
reconstructed actual attractor (o ).  It is confirmed that the 
prediction is successfully performed with smaller errors.  It 
is noted that the precise prediction is also effectively simu-
lated when the prediction step is under 16. 
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Figure 3: The relationship between SNR and 

trajectory parallel measure values. 
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(a) Reconstructed attractor without noise. 
 
 
 
 
 
 
 
 
 
 
 
 
 

(b) Reconstructed attractor in noisy environment. 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) Reconstructed attractor with de-noising. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(d) Predicted 250 points of attractor (× ) and the recon-
structed actual attractor (o ). 

Figure 5: Attractors of chaotic signals. 
 

5. CONCLUSIONS 

In this paper, a wavelet based noisy chaotic signal prediction 
method using the trajectory parallel measure was investi-
gated.  The traditional de-noising criterion based on the 
noise variance is not sufficient for noisy chaotic signal pre-
diction. A large prediction error occurred in applying to ac-
tual observed signals.  In order to reduce the influence of 
observed noise (additive white Gaussian noise) or quantiza-
tion noise, a wavelet based prediction with de-noising for 
attractor using the trajectory parallel measure was proposed.  
Simulation results were given to demonstrate the effective-
ness of the proposed method.  It was shown that noisy cha-
otic signals were effectively predicted with smaller predic-
tion error compared with the traditional so-called spectrum 
subtraction method. 

REFERENCES 
[1] K. Aihara ed, Chaotic time series analysis of basis and 

application, Sangyo Tosyo Publishing Co., 2000. 
[2] E. Ott, T. Sauer and J. A. Yorke, Coping with chaos, John 

Wiley & Sons, 1994. 
[3] J. D. Farmer and J. J. Sidorowich, “Predicting chaotic 

time series,” Phys. Rev. Lett., vol.59, no.8, pp.845-848, 
Aug. 1987. 

[4] M. Casdagli, “Nonlinear prediction of chaotic time se-
ries,” Physica, D35, no.35, pp.335-356, May 1989. 

[5] T. Sauer, “Time series prediction using delay coordinate 
embedding,” in Time series prediction: Forecasting the 
future and understanding the past, ed. A. S. Weigend, N. 
A. Gershenfeld, pp.175-193, Addison-Wesley, 1994. 

[6] L. Cao, Y. Hong, H. Fang and G. He, “Predicting chaotic 
time series with wavelet networks,” Physica. D85, 
pp.225-238, 1995. 

[7] N. Masuda and K. Aihara, “The prediction of chaotic 
time series with wavelet coefficients,” IEICE Trans., 
Vol.J82-A, No.11, pp.1710-1718, Nov. 1999. 

[8] K. Itoh, “An improved method for predicting chaotic time 
series,” IEICE Trans., Vol.J80-A, No.6, pp.986-993, June 
1997. 

[9] W. L. B. Constantine and P. G. Reinhall, “Wavelet-based 
in-band denoising technique for chaotic sequences,” Int. J. 
Bifurcation and Chaos, vol.11, no.2, pp.483-495, 2001. 

[10] D. L. Donoho, “De-noising by soft-thresholding,” IEEE 
Trans. Information Theory, Vol.41, No.3, pp.613-627, 
May 1995. 

[11] T. Suzuki, T. Ikeguchi and M. Suzuki, “On evaluation of 
noise levels for quantized observed data,” Technical Re-
port of IEICE., NLP2001-116, pp.107-114, 2001. 

 [12] Y. Fujimoto, T. Iokibe and T. Tanimura, “Trajectory 
parallel measure method for measuring the degree of de-
terministic property in the observed time series data”, 
Journal of Japan Society for Fuzzy Theory and Systems, 
Vol.9, No.4, pp.580-588, 1997. 

304


	Index
	EUSIPCO 2004 Home Page
	Conference Info
	Exhibition
	Welcome message
	Venue access
	Special issues
	Social programme
	On-site activities
	Committees
	Sponsors

	Sessions
	Tuesday 7.9.2004
	TueAmPS1-Coding and Signal Processing for Multiple-Ante ...
	TueAmSS1-Applications of Acoustic Echo Control
	TueAmOR1-Blind Equalization
	TueAmOR2-Image Pyramids and Wavelets
	TueAmOR3-Nonlinear Signals and Systems
	TueAmOR4-Signal Reconstruction
	TueAmPO1-Filter Design
	TueAmPO2-Multiuser and CDMA Communications
	TuePmSS1-Large Random Matrices in Digital Communication ...
	TuePmSS2-Algebraic Methods for Blind Signal Separation  ...
	TuePmOR1-Detection
	TuePmOR2-Image Processing and Transmission
	TuePmOR3-Motion Estimation and Object Tracking
	TuePmPO1-Signal Processing Techniques
	TuePmPO2-Speech, Speaker, and Emotion Recognition
	TuePmSS3-Statistical Shape Analysis and Modelling
	TuePmOR4-Source Separation
	TuePmOR5-Adaptive Algorithms for Echo Compensation
	TuePmOR6-Multidimensional Systems and Signal Processing
	TuePmPO3-Channel Estimation, Equalization, and Modellin ...
	TuePmPO4-Image Restoration, Noise Removal, and Deblur

	Wednesday 8.9.2004
	WedAmPS1-Brain-Computer Interface - State of the Art an ...
	WedAmSS1-Performance Limits and Signal Design for MIMO  ...
	WedAmOR1-Signal Processing Implementations and Applicat ...
	WedAmOR2-Continuous Speech Recognition
	WedAmOR3-Image Filtering and Enhancement
	WedAmOR4-Machine Learning for Signal Processing
	WedAmPO1-Parameter Estimation: Methods and Applications
	WedAmPO2-Video Coding and Multimedia Communications
	WedAmSS2-Prototyping for MIMO Systems
	WedAmOR5-Adaptive Filters I
	WedAmOR6-Speech Analysis
	WedAmOR7-Pattern Recognition, Classification, and Featu ...
	WedAmOR8-Signal Processing Applications in Geophysics a ...
	WedAmPO3-Statistical Signal and Array Processing
	WedAmPO4-Signal Processing Algorithms for Communication ...
	WedPmSS1-Monte Carlo Methods for Signal Processing
	WedPmSS2-Robust Transmission of Multimedia Content
	WedPmOR1-Carrier and Phase Recovery
	WedPmOR2-Active Noise Control
	WedPmOR3-Image Segmentation
	WedPmPO1-Design, Implementation, and Applications of Di ...
	WedPmPO2-Speech Analysis and Synthesis
	WedPmSS3-Content Understanding and Knowledge Modelling  ...
	WedPmSS4-Poissonian Models for Signal and Image Process ...
	WedPmOR4-Performance of Communication Systems
	WedPmOR5-Signal Processing Applications
	WedPmOR6-Source Localization and Tracking
	WedPmPO3-Image Analysis
	WedPmPO4-Wavelet and Time-Frequency Signal Processing

	Thursday 9.9.2004
	ThuAmSS1-Maximum Usage of the Twisted Pair Copper Plant
	ThuAmSS2-Biometric Fusion
	ThuAmOR1-Filter Bank Design
	ThuAmOR2-Parameter, Spectrum, and Mode Estimation
	ThuAmOR3-Music Recognition
	ThuAmPO1-Image Coding and Visual Quality
	ThuAmPO2-Implementation Aspects in Signal Processing
	ThuAmSS3-Audio Signal Processing and Virtual Acoustics
	ThuAmSS4-Advances in Biometric Authentication and Recog ...
	ThuAmOR4-Decimation and Interpolation
	ThuAmOR5-Statistical Signal Modelling
	ThuAmOR6-Speech Enhancement and Restoration I
	ThuAmPO3-Image and Video Watermarking
	ThuAmPO4-FFT and DCT Realization
	ThuPmSS1-Information Transfer in Receivers for Concaten ...
	ThuPmSS2-New Directions in Time-Frequency Signal Proces ...
	ThuPmOR1-Adaptive Filters II
	ThuPmOR2-Pattern Recognition
	ThuPmOR3-Rapid Prototyping
	ThuPmPO1-Speech/Audio Coding and Watermarking
	ThuPmPO2-Independent Component Analysis, Blind Source S ...
	ThuPmSS3-Affine Covariant Regions for Object Recognitio ...
	ThuPmOR4-Source Coding and Data Compression
	ThuPmOR5-Augmented and Virtual 3D Audio
	ThuPmOR6-Instantaneous Frequency and Nonstationary Spec ...
	ThuPmPO3-Adaptive Filters III
	ThuPmPO4-MIMO and Space-Time Communications

	Friday 10.9.2004
	FriAmPS1-Getting to Grips with 3D Modelling
	FriAmSS1-Nonlinear Signal and Image Processing
	FriAmOR1-System Identification
	FriAmOR2-xDSL and DMT Systems
	FriAmOR3-Speech Enhancement and Restoration II
	FriAmOR4-Video Coding
	FriAmPO1-Loudspeaker and Microphone Array Signal Proces ...
	FriAmPO2-FPGA and SoC Realizations
	FriAmSS2-Nonlinear Speech Processing
	FriAmOR5-OFDM and MC-CDMA Systems
	FriAmOR6-Generic Audio Recognition
	FriAmOR7-Image Representation and Modelling
	FriAmOR8-Radar and Sonar
	FriAmPO3-Spectrum, Frequency, and DOA Estimation
	FriAmPO4-Biomedical Signal Processing
	FriPmSS1-DSP Applications in Advanced Radio Communicati ...
	FriPmOR1-Array Processing
	FriPmOR2-Sinusoidal Models for Music and Speech
	FriPmOR3-Recognizing Faces
	FriPmOR4-Video Indexing and Content Access


	Authors
	All authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z
	Ö

	Papers
	All papers
	Papers by Sessions
	Papers by Topics

	Topics
	1. DIGITAL SIGNAL PROCESSING
	1.1 Filter design and structures
	1.2 Fast algorithms
	1.3 Multirate filtering and filter banks
	1.4 Signal reconstruction
	1.5 Adaptive filters
	1.6 Sampling, Interpolation, and Extrapolation
	1.7 Other
	2. STATISTICAL SIGNAL AND ARRAY PROCESSING
	2.1 Spectral estimation
	2.2 Higher order statistics
	2.3 Array signal processing
	2.4 Statistical signal analysis
	2.5 Parameter estimation
	2.6 Detection
	2.7 Signal and system modeling
	2.8 System identification
	2.9 Cyclostationary signal analysis
	2.10 Source localization and separation
	2.11 Bayesian methods
	2.12 Beamforming, DOA estimation, and space-time adapti ...
	2.13 Multichannel signal processing
	2.14 Other
	3. SIGNAL PROCESSING FOR COMMUNICATIONS
	3.1 Signal coding, compression, and quantization
	3.2 Modulation, encoding, and multiplexing
	3.3 Channel modeling, estimation, and equalization
	3.4 Joint source - channel coding
	3.5 Multiuser communications
	3.6 Multicarrier systems
	3.7 Spread-spectrum systems and interference suppressio ...
	3.8 Performance analysis, optimization, and limits
	3.9 Broadband networks and subscriber loops
	3.10 Application-specific systems and implementations
	3.11 MIMO and Space-Time Processing
	3.12 Synchronization
	3.13 Cross-Layer Design
	3.14 Ultrawideband
	3.15 Other
	4. SPEECH PROCESSING
	4.1 Speech production and perception
	4.2 Speech analysis
	4.3 Speech synthesis
	4.4 Speech coding
	4.5 Speech enhancement and noise reduction
	4.6 Isolated word recognition and word spotting
	4.7 Continuous speech recognition
	4.8 Spoken language systems and dialog
	4.9 Speaker recognition and language identification
	4.10 Other
	5. AUDIO AND ELECTROACOUSTICS
	5.1 Active noise control and reduction
	5.2 Echo cancellation
	5.3 Psychoacoustics
	5.5 Audio coding
	5.6 Signal processing for music
	5.7 Binaural systems
	5.8 Augmented and virtual 3D audio
	5.9 Loudspeaker and Microphone Array Signal Processing
	5.10 Other
	6. IMAGE AND MULTIDIMENSIONAL SIGNAL PROCESSING
	6.1 Image coding
	6.2 Computed imaging (SAR, CAT, MRI, ultrasound)
	6.3 Geophysical and seismic processing
	6.4 Image analysis and segmentation
	6.5 Image filtering, restoration and enhancement
	6.6 Image representation and modeling
	6.7 Digital transforms
	6.9 Multidimensional systems and signal processing
	6.10 Machine vision
	6.11 Pattern Recognition
	6.12 Digital Watermarking
	6.13 Image formation and computed imaging
	6.14 Image scanning, display and printing
	6.15 Other
	7. DSP IMPLEMENTATIONS, RAPID PROTOTYPING, AND TOOLS FO ...
	7.1 Architectures and VLSI hardware
	7.2 Programmable signal processors
	7.3 Algorithms and applications mappings
	7.4 Design methodology and rapid prototyping
	7.6 Fast algorithms
	7.7 Other
	8. SIGNAL PROCESSING APPLICATIONS
	8.1 Radar
	8.2 Sonar
	8.3 Biomedical processing
	8.4 Geophysical signal processing
	8.5 Underwater signal processing
	8.6 Sensing
	8.7 Robotics
	8.8 Astronomy
	8.9 Other
	9. VIDEO AND MULTIMEDIA SIGNAL PROCESSING
	9.1 Signal processing for media integration
	9.2 Components and technologies for multimedia systems
	9.4 Multimedia databases and file systems
	9.5 Multimedia communication and networking
	9.7 Applications
	9.8 Standards and related issues
	9.9 Video coding and transmission
	9.10 Video analysis and filtering
	9.11 Image and video indexing and retrieval
	10. NONLINEAR SIGNAL PROCESSING AND COMPUTATIONAL INTEL ...
	10.1 Nonlinear signals and systems
	10.2 Higher-order statistics and Volterra systems
	10.3 Information theory and chaos theory for signal pro ...
	10.4 Neural networks, models, and systems
	10.5 Pattern recognition
	10.6 Machine learning
	10.9 Independent component analysis and source separati ...
	10.10 Multisensor data fusion
	10.11 Other
	11. WAVELET AND TIME-FREQUENCY SIGNAL PROCESSING
	11.1 Wavelet Theory
	11.2 Gabor Theory
	11.3 Harmonic Analysis
	11.4 Nonstationary Statistical Signal Processing
	11.5 Time-Varying Filters
	11.6 Instantaneous Frequency Estimation
	11.7 Other
	12. SIGNAL PROCESSING EDUCATION AND TRAINING
	13. EMERGING TECHNOLOGIES

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Current paper
	Presentation session
	Abstract
	Authors
	Shigeo Wada
	Yuji Koizumi



