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Abstract—This paper presents a prediction error variance Il. FRACTIONAL DIGITAL DIFFERENTIATION
reduction procedure based on fractional digital differentiation

with negative order. This reduction is achieved by increasing There are several approaches to define the fractional
corr_elation in the signals. Ap_plications_to EC(_B signals show that derivative. We utilize the definition used by Oustaloup [2].
savings of more than one bit per residual signal sample can be Thijs definition is based on the generalization of the derivative

attained. . o ) ) o of order n

Keywords—Linear prediction, fractional differentiation, ECG (1 q_l)n

anal. —

signa D"x(1) = x(KT,) 1)
S

I INTRODUCTION to noninteger values of n. 1 the sampling period (t = KT

The fractional derivative generalizes the familiar derivativg,q q—l is the backward shift operator $qkT) = x((k-

d"(t : . . -
D"x(t) = dt(“) of a function x(t) with respect to the 1)T9)). Using the series expansion(df- g )" we get the
. . n
variable t, to noninteger values of n. Fractional differentiatiofﬁjnowmg expression forD"X(t)
is of use in Mathematics [1] as well as in Engineering [2]- N 1 c )
[4]. The formula used in this paper to compute the fractional D' X(t) = o z a X(t=iT)) 2)
s 1=0

digital derivative is, with the sampling period omitted, the S ) )
same as the fractional differencing introduced by Hosking [5)'here the coefficients; are given by the following recurrent
and Granger and Joyeux [6] to difference time series tglation

noninteger order. The fractional differencing (or fractional _ i-n-1 .

digital derivative with n < 0) of a zero-mean white noise gives a = i 8., 1=123.... ®)
a signal whose power spectral density is 1/f at low frequencies _

and an normalized autocorrelation function decaying 2 =1

hyperbolically with the lag instead of an exponential decayirye note in the formula (2) the presence of all past signal
as is the case of ARMA models. These features indicatesamples. For a causal signal, i.e. x(k) = 0 for k < 0, and fixed
significant statistical dependence between distant signgs the relation (2) gives a sampled signal

samples. On the other hand, the original signal can be k

reconstructed from its derivative by the same algorithm with y(k) = Z a X k=) 4)
simple inversion of sign of the differentiation order. In this i=0

paper, fractional digital differentiation with negative order igthe constant Jis omitted) approximating the derivative of
used to increase the correlation in signals in order to redut@ninteger n. The smaller the sampling perigasTthe better
the error prediction variance. The paper is organized H¥ approximation is. The relation (4) may be implemented
follows. In Section I, fractional digital differentiation is taking advantage of recurrent property (3) which avoids
presented. In Section I, linear prediction is reviewed. 18Xplicit computation of coefficients; and their storage in
Section 1V, the discrete-time system realizing further variandgemory.

reduction by fractional differentiation is described. In Sectiol) the relation (4), signal y(k) can be considered as the output
V, applications to ECG signal are intended to be illustrativ®f the fractional digital filter whose transfer function is

Finally, concluding remarks are presented in Section VI. H(Z) = Y(2) - (1- Z_l)” )

X(2)
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IIl. VARIANCE REDUCTION OBTAINED BY LINEAR  deviation 0, and then multiplied by the standard deviation

PREDICTION . . . .
o, of the input signal x(k) in order to have the same variance
The linear prediction of order P uses the relation o’ for both signalsu(K) and x(k). In this case, the ratio of
P
. minimum values of the residual signals variances is given b
R(K) =) g k=) (6) o J gen’dy
= 1-Y cp, (i)
for predicting the sample x(k) by a linear combination of the o':min ; i Px
P previous samples. The constanis I i < P, are the > = B (10)
coefficients of prediction. The difference Ot min 1-5 d p, (i)
_ A i pu
e(k)=xR-XR (7 1

called prediction error or residual signal, is the signal to beutocorrelation coefficientso, (i) andp, (i) of x(k) and u(k)
quantized for the purpose of signal compression. If ”\fer' the inequalit i) < i) fori<i<p

original signal x(k) is correlated enough and the coefficignts ¢ iy the inequality o, (1) < P, (1) =T
are correctly chosen, the variance of error e(k) is smaller than

that of the original signal. The coefficientsace chosen such V. ILLUSTRATIVE APPLICATIONS

Fig. 2 shows an ECG segment of 10 s duration taken from

MIT/BIH arrhythmia database and the results obtained using a

The minimal value of the variance residual sigaiis given gicg'ogm (]cli_lg[tal dlf;ererglatozr W'tz order IP = f-O.l, 0.3 e}nd3éo
. . .45. Prediction order P = 2 and sampling frequency is

by the following relation [7] Hz. It can be seen the lower the order n is, the higher the

that the mean squared eref = E{(X— X) 2} is minimum.

> 2D P U dynamic range of residual signals decreases. In all cases, the
Ocmin =05~ ZCipX(I)D (®) error is more important at QRS complexes because of their
=1 u rapid variations. The estimated prediction gain (9) is 17.41,

where 0'5 is the variance of the signal x(k) arﬂ( (|) its 18.57, 2.1.40, et 24.45 dB respectiyely forn =0, -0.1., -0.3 et -
autocorrelation coefficients. The ratio of the variances 0.45. With n = -0.45, the savings in bits per sample is greater
2 than one. Using the same ECG with sampling frequency of

G. = X 500 Hz, derived by par interpolation and decimation of the

P 2 original signal [9], the prediction gain estimated is 22.20,

) 23.53, 26.62, and 29.81 dB. The prediction gain estimated
] r°r O increases but the savings in bits per sample do not. Other
=Q- Z cp (O experiments on ECG with various morphologies enable saving
8 = up to two bits. Although higher values of P can be considered

or the prediction gain, expresses the achieved variard@ce the signal correlation is increased, we have only used P
reduction by linear prediction of order P. By choosing the 2 ; the selection of this value being based on the pioneer
amplitude range of the quantizer some multiple factor of theork [8].

standard deviation of the residual signal, the number of

guantized levels is divided Q}(/G_P if the quantization step is VI. DISCUSSION

maintained constant. This results in reduction of the numbergf this paper we proposed a procedure based on fractional

bits per sample ( 1 bit reduction per 6 dB variance reductior; igital differentiation with negative order for the reduction of

Linear prediction has been used by Ruttimann and Pipber é(rad|ct|on error variance. After mean removal, the signal is

[8] for ECG compression. They showed that the varianceop"ed to the input of a fractional digital differentiation in

reduction could not be substantially improved using P >§:der to lincrease the correlation in the signal. The

. ) . E‘erentiated signal is reduced to the same variance as that of
since the correlation between adjacent samples of the E - ; " . L
signal is low. e original signal. From applications to ECG signals it is

shown that savings of more than one bit per residual signal
sample can obtained. Works presently in course aim to use this
procedure for ECG compression by exploiting properties of
strong correlation in fractionally differentiated signals to

We used fractional digital differentiation with negativi%educe the residual signal variance and invertibility of the

IV. FURTHER VARIANCE REDUCTION BY
FRACTIONAL DIGITAL DIFFERENTIATION

order which increases correlation in the signal to reduce tractlonal differentiation to reconstruct the original signal.

. . . . . - . %S|des, this system only includes one parameter, the order of
variance residual signal obtained by linear prediction. Fig. L 2 . .
. Zdifferentiation. And this is a solid argument in favor of the
shows block diagram of the system used to enhance variance

reduction. The output signal y(k) is divided by its standard
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Variance

"| estimator of x(k)|
O-X
Original
signal x(K) u(k)

(1_Z—1)n y(k) _/x\

g
Mean Variance

estimator estimator ofy(k) |

)

Fig. 1. Block diagram of the system used to reduce the variance of prediction error
using fractional digital differentiation.
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Fig. 2. a) original ECG and b) corresponding residual signal. c),e) and g) differentiated signals
with n =-0.1, -0.3 and -0.45, d),f),h) corresponding residual signals.
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use of this discrete-time system for data compressidd] Y. Ferdi, J. P. Herbeuval et A. Charef, “Un filtre
Although values of n close to -0.5 assure a better reduction of numérique basé sur la dérivation non entiere pour
the residual signal variance, they introduce, however, more I'analyse du signal ECG”, ITBM-RBM 2000 ; 21:205-9.
distortions in the reconstructed signal that its values near z¢4d H. H. Sun and A. Charef, “Fractal syster#s time
since the amplification of the quantization noise by the domain approach”, Ann. Biomed. Eng., vol. 18, pp. 587-
noninteger derivative with a positive order is much more 621, 1990.
important when the order of differentiation is high. Ar[5]J. R. M. Hosking, “Fractional differencing”, Biometrika,
important part of the amplified quantization noise may be vol. 68, no. 1, pp. 165-176, 1981.
reduced by a low pass filtering. Assimilating the output signf] C. W. Granger and R. Joyeux, “An introduction to long
of fractional differentiator with positive order to a white memory time series models and fractional differencing”, J.
noise, an ideal low pass filter of cut off frequency fc permits Time Series Anal., vol. 1, no. 1, 1980.
to divide its variance by J2fc where E is the sampling [7] R. Boite et M. Kunt,Traitement de la parolechap.3,
frequency. The hypothesis of whiteness of the amplified Presses Polytechniques Romandes, 1987.
guantization noise is better verified for lower values of n.  [8] U. E. Ruttimann and H. V. Pipberger, “Compression of
the ECG by prediction or interpolation and entropy
REFERENCES encoding”, IEEE Trans. Biomed. Eng., vol. BME-26, pp.
i , 613-623, Nov.1979.
[1]1 K.B. Old.ham and J. Spaniérhe fractional calculys [O]E. C. Ifeachor and B. W. JervisDigital signal
Academic Press, New York, 1974. , processing. A practical approaghAddisson- Wesley,
[2] A. Oustaloupla dérivation non entiéreEditons 1993, chap.8.
Hermés, 1995.



	Main Menu
	-------------------------
	Welcome Letter
	Chairman Address
	Keynote Lecture
	Plenary Talks
	Mini Symposia
	Workshops
	Theme Index
	1.Cardiovascular Systems and Engineering 
	1.1.Cardiac Electrophysiology and Mechanics 
	1.1.1 Cardiac Cellular Electrophysiology
	1.1.2 Cardiac Electrophysiology 
	1.1.3 Electrical Interactions Between Purkinje and Ventricular Cells 
	1.1.4 Arrhythmogenesis and Spiral Waves 

	1.2. Cardiac and Vascular Biomechanics 
	1.2.1 Blood Flow and Material Interactions 
	1.2.2.Cardiac Mechanics 
	1.2.3 Vascular Flow 
	1.2.4 Cardiac Mechanics/Cardiovascular Systems 
	1.2.5 Hemodynamics and Vascular Mechanics 
	1.2.6 Hemodynamic Modeling and Measurement Techniques 
	1.2.7 Modeling of Cerebrovascular Dynamics 
	1.2.8 Cerebrovascular Dynamics 

	1.3 Cardiac Activation 
	1.3.1 Optical Potential Mapping in the Heart 
	1.3.2 Mapping and Arrhythmias  
	1.3.3 Propagation of Electrical Activity in Cardiac Tissue 
	1.3.4 Forward-Inverse Problems in ECG and MCG 
	1.3.5 Electrocardiology 
	1.3.6 Electrophysiology and Ablation 

	1.4 Pulmonary System Analysis and Critical Care Medicine 
	1.4.1 Cardiopulmonary Modeling 
	1.4.2 Pulmonary and Cardiovascular Clinical Systems 
	1.4.3 Mechanical Circulatory Support 
	1.4.4 Cardiopulmonary Bypass/Extracorporeal Circulation 

	1.5 Modeling and Control of Cardiovascular and Pulmonary Systems 
	1.5.1 Heart Rate Variability I: Modeling and Clinical Aspects 
	1.5.2 Heart Rate Variability II: Nonlinear processing 
	1.5.3 Neural Control of the Cardiovascular System II 
	1.5.4 Heart Rate Variability 
	1.5.5 Neural Control of the Cardiovascular System I 


	2. Neural Systems and Engineering 
	2.1 Neural Imaging and Sensing  
	2.1.1 Brain Imaging 
	2.1.2 EEG/MEG processing

	2.2 Neural Computation: Artificial and Biological 
	2.2.1 Neural Computational Modeling Closely Based on Anatomy and Physiology 
	2.2.2 Neural Computation 

	2.3 Neural Interfacing 
	2.3.1 Neural Recording 
	2.3.2 Cultured neurons: activity patterns, adhesion & survival 
	2.3.3 Neuro-technology 

	2.4 Neural Systems: Analysis and Control 
	2.4.1 Neural Mechanisms of Visual Selection 
	2.4.2 Models of Dynamic Neural Systems 
	2.4.3 Sensory Motor Mapping 
	2.4.4 Sensory Motor Control Systems 

	2.5 Neuro-electromagnetism 
	2.5.1 Magnetic Stimulation 
	2.5.2 Neural Signals Source Localization 

	2.6 Clinical Neural Engineering 
	2.6.1 Detection and mechanisms of epileptic activity 
	2.6.2 Diagnostic Tools 

	2.7 Neuro-electrophysiology 
	2.7.1 Neural Source Mapping 
	2.7.2 Neuro-Electrophysiology 
	2.7.3 Brain Mapping 


	3. Neuromuscular Systems and Rehabilitation Engineering 
	3.1 EMG 
	3.1.1 EMG modeling 
	3.1.2 Estimation of Muscle Fiber Conduction velocity 
	3.1.3 Clinical Applications of EMG 
	3.1.4 Analysis and Interpretation of EMG 

	3. 2 Posture and Gait 
	3.2.1 Posture and Gait

	3.3.Central Control of Movement 
	3.3.1 Central Control of movement 

	3.4 Peripheral Neuromuscular Mechanisms 
	3.4.1 Peripheral Neuromuscular Mechanisms II
	3.4.2 Peripheral Neuromuscular Mechanisms I 

	3.5 Functional Electrical Stimulation 
	3.5.1 Functional Electrical Stimulation 

	3.6 Assistive Devices, Implants, and Prosthetics 
	3.6.1 Assistive Devices, Implants and Prosthetics  

	3.7 Sensory Rehabilitation 
	3.7.1 Sensory Systems and Rehabilitation:Hearing & Speech 
	3.7.2 Sensory Systems and Rehabilitation  

	3.8 Orthopedic Biomechanics 
	3.8.1 Orthopedic Biomechanics 


	4. Biomedical Signal and System Analysis 
	4.1 Nonlinear Dynamical Analysis of Biosignals: Fractal and Chaos 
	4.1.1 Nonlinear Dynamical Analysis of Biosignals I 
	4.1.2 Nonlinear Dynamical Analysis of Biosignals II 

	4.2 Intelligent Analysis of Biosignals 
	4.2.1 Neural Networks and Adaptive Systems in Biosignal Analysis 
	4.2.2 Fuzzy and Knowledge-Based Systems in Biosignal Analysis 
	4.2.3 Intelligent Systems in Speech Analysis 
	4.2.4 Knowledge-Based and Neural Network Approaches to Biosignal Analysis 
	4.2.5 Neural Network Approaches to Biosignal Analysis 
	4.2.6 Hybrid Systems in Biosignal Analysis 
	4.2.7 Intelligent Systems in ECG Analysis 
	4.2.8 Intelligent Systems in EEG Analysis 

	4.3 Analysis of Nonstationary Biosignals 
	4.3.1 Analysis of Nonstationary Biosignals:EEG Applications II 
	4.3.2 Analysis of Nonstationary Biosignals:EEG Applications I
	4.3.3 Analysis of Nonstationary Biosignals:ECG-EMG Applications I 
	4.3.4 Analysis of Nonstationary Biosignals:Acoustics Applications I 
	4.3.5 Analysis of Nonstationary Biosignals:ECG-EMG Applications II 
	4.3.6 Analysis of Nonstationary Biosignals:Acoustics Applications II 

	4.4 Statistical Analysis of Biosignals 
	4.4.1 Statistical Parameter Estimation and Information Measures of Biosignals 
	4.4.2 Detection and Classification Algorithms of Biosignals I 
	4.4.3 Special Session: Component Analysis in Biosignals 
	4.4.4 Detection and Classification Algorithms of Biosignals II 

	4.5 Mathematical Modeling of Biosignals and Biosystems 
	4.5.1 Physiological Models 
	4.5.2 Evoked Potential Signal Analysis 
	4.5.3 Auditory System Modelling 
	4.5.4 Cardiovascular Signal Analysis 

	4.6 Other Methods for Biosignal Analysis 
	4.6.1 Other Methods for Biosignal Analysis 


	5. Medical and Cellular Imaging and Systems 
	5.1 Nuclear Medicine and Imaging 
	5.1.1 Image Reconstruction and Processing 
	5.1.2 Magnetic Resonance Imaging 
	5.1.3 Imaging Systems and Applications 

	5.2 Image Compression, Fusion, and Registration 
	5.2.1 Imaging Compression 
	5.2.2 Image Filtering and Enhancement 
	5.2.3 Imaging Registration 

	5.3 Image Guided Surgery 
	5.3.1 Image-Guided Surgery 

	5.4 Image Segmentation/Quantitative Analysis 
	5.4.1 Image Analysis and Processing I 
	5.4.2 Image Segmentation 
	5.4.3 Image Analysis and Processing II 

	5.5 Infrared Imaging 
	5.5.1 Clinical Applications of IR Imaging I 
	5.5.2 Clinical Applications of IR Imaging II 
	5.5.3 IR Imaging Techniques 


	6. Molecular, Cellular and Tissue Engineering 
	6.1 Molecular and Genomic Engineering 
	6.1.1 Genomic Engineering: 1 
	6.1.2 Genomic Engineering II 

	6.2 Cell Engineering and Mechanics 
	6.2.1 Cell Engineering

	6.3 Tissue Engineering 
	6.3.1 Tissue Engineering 

	6.4. Biomaterials 
	6.4.1 Biomaterials 


	7. Biomedical Sensors and Instrumentation 
	7.1 Biomedical Sensors 
	7.1.1 Optical Biomedical Sensors 
	7.1.2 Algorithms for Biomedical Sensors 
	7.1.3 Electro-physiological Sensors 
	7.1.4 General Biomedical Sensors 
	7.1.5 Advances in Biomedical Sensors 

	7.2 Biomedical Actuators 
	7.2.1 Biomedical Actuators 

	7.3 Biomedical Instrumentation 
	7.3.1 Biomedical Instrumentation 
	7.3.2 Non-Invasive Medical Instrumentation I 
	7.3.3 Non-Invasive Medical Instrumentation II 

	7.4 Data Acquisition and Measurement 
	7.4.1 Physiological Data Acquisition 
	7.4.2 Physiological Data Acquisition Using Imaging Technology 
	7.4.3 ECG & Cardiovascular Data Acquisition 
	7.4.4 Bioimpedance 

	7.5 Nano Technology 
	7.5.1 Nanotechnology 

	7.6 Robotics and Mechatronics 
	7.6.1 Robotics and Mechatronics 


	8. Biomedical Information Engineering 
	8.1 Telemedicine and Telehealth System 
	8.1.1 Telemedicine Systems and Telecardiology 
	8.1.2 Mobile Health Systems 
	8.1.3 Medical Data Compression and Authentication 
	8.1.4 Telehealth and Homecare 
	8.1.5 Telehealth and WAP-based Systems 
	8.1.6 Telemedicine and Telehealth 

	8.2 Information Systems 
	8.2.1 Information Systems I
	8.2.2 Information Systems II 

	8.3 Virtual and Augmented Reality 
	8.3.1 Virtual and Augmented Reality I 
	8.3.2 Virtual and Augmented Reality II 

	8.4 Knowledge Based Systems 
	8.4.1 Knowledge Based Systems I 
	8.4.2 Knowledge Based Systems II 


	9. Health Care Technology and Biomedical Education 
	9.1 Emerging Technologies for Health Care Delivery 
	9.1.1 Emerging Technologies for Health Care Delivery 

	9.2 Clinical Engineering 
	9.2.1 Technology in Clinical Engineering 

	9.3 Critical Care and Intelligent Monitoring Systems 
	9.3.1 Critical Care and Intelligent Monitoring Systems 

	9.4 Ethics, Standardization and Safety 
	9.4.1 Ethics, Standardization and Safety 

	9.5 Internet Learning and Distance Learning 
	9.5.1 Technology in Biomedical Engineering Education and Training 
	9.5.2 Computer Tools Developed by Integrating Research and Education 


	10. Symposia and Plenaries 
	10.1 Opening Ceremonies 
	10.1.1 Keynote Lecture 

	10.2 Plenary Lectures 
	10.2.1 Molecular Imaging with Optical, Magnetic Resonance, and 
	10.2.2 Microbioengineering: Microbe Capture and Detection 
	10.2.3 Advanced distributed learning, Broadband Internet, and Medical Education 
	10.2.4 Cardiac and Arterial Contribution to Blood Pressure 
	10.2.5 Hepatic Tissue Engineering 
	10.2.6 High Throughput Challenges in Molecular Cell Biology: The CELL MAP

	10.3 Minisymposia 
	10.3.1 Modeling as a Tool in Neuromuscular and Rehabilitation 
	10.3.2 Nanotechnology in Biomedicine 
	10.3.3 Functional Imaging 
	10.3.4 Neural Network Dynamics 
	10.3.5 Bioinformatics 
	10.3.6 Promises and Pitfalls of Biosignal Analysis: Seizure Prediction and Management 



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

	Keyword Index
	-
	¦ 
	1
	2
	3
	4
	9
	A
	B
	C
	D
	E
	F
	G
	H
	I
	i
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Committees
	Sponsors
	CD-Rom Help
	-------------------------
	Return
	Previous Page
	Next Page
	Previous View
	Next View
	Print
	-------------------------
	Query
	Query Results
	-------------------------
	Exit CD-Rom


