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GRANULAR REPRESENTATION OF BIOMEDICAL SIGNALSUSING
NUMERICAL DIFFERENTIATION METHODS

This work presents the general idea of granulacri@fon of temporal signal, particularly biomedicagnal
sampled with constant frequency. The main ideare$gnted method is based on using triangular fuzagbers as
information granules in temporal and amplitude ggad he amplitude space contains values of firgtderivatives of
underlying signal. The construction of data grasuk performed using the optimization method adogrdo some
objective function, which balances the high coveradpility and the low support of fuzzy numbers. Tdranules
(descriptors) undergo the clustering process, nafiuelzy c-means. The centroids of created cludtrs a granular
vocabulary and the quality of description is quatitrely assessed by reconstruction criterion.

There are presented results of experiments withebbetrocardiographic signal, digitally sampled atared in
MIT-BIH database. The method of numerical differation of function based on finite set of its vaduis employed,
which incorporates polynomial interpolation. Thepea presents results of numerical experiments wkiotw the
impact of method parameters, such as temporal wirldagth, degree of polynomial, fuzzification pakter, on the
reconstruction ability of presented method.

1. INTRODUCTION

The general concept of information granulation agrdnular computing in particular plays
important role in many human-centered approacheésat® processing [1]. There is a vast set of sient
works in this area. Among many applications of dg&nulation there exists an idea of using fuzzg,se
especially fuzzy numbers [11], to construct thengtes (descriptors) for the purpose of temporahalig
processing. In [5] there is presented the appboatf fuzzy clustering algorithm to build a certain
semantics of descriptors in form of triangular @pezoidal fuzzy numbers. The parameters of these
numbers, being data granules, were set accordirsgrtee optimization criterion. As a result there was
presented the ability to describe some class opoeah signals, namely electrocardiographic sigimag
digital form together with quantitative assessmandglescription quality. The granular reconstructadn
examined signal was partly based on its first dénre, which reflected the changes of signal level.
However, the most popular simple method of humedoeputing estimate of signal derivative, sampled
with finite frequency (i.e. one-step differencey, usually highly vulnerable to distort, becausetraf
presence of noise. There exist various differeiotiaschemes, which allow to estimate the function
derivatives based on partial knowledge i.e. figige of function values [3]. One of the primary abijees
in constructing such schemes is their robustnesspat errors (noises), which inherently accompany
useful part of signal. The other objective is loemputational complexity, which enables the methwd t
operate in a real-time regime.

The aim of this paper is to describe the methodirafsforming temporal data, particularly
biomedical signal, into the form of data granules $he presented approach is similar to one pusiyo
presented in [5]. However, some significant modificns have been made: using only relative valdies o
signal amplitude (which was achieved by using filsiv derivatives of signal), using numerical
differentiation scheme based on interpolation poigral (for the purpose of higher robustness toejois
Another significant assumption was made, as todarae of dependence on any prior information about
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underlying signal. For instance, the presented atetoes not require knowledge about temporal or
amplitude markers (characteristic points) to operat

The latter part of article is organized accordiodghe following plan. Section 2 contains descriptio
of presented method, including the main idea ofstroicting data granules, algorithm of numerical
differentiation and also the creating granular \mgary by using clustering algorithm together with
definition of reconstruction quality measure. SattB contains description of numerical experiments,
discussion of results obtained and some implementa¢marks. This section also contains a discassio
of possible future plans for the development offilesented method.

2. METHOD DESCRIPTION

2.1.CONSTRUCTING OF DATA GRANULES

The temporal character of proposed method consstsplitting underlying signal into non-
overlapping segments (time windows) with fixed g samples, i.e[s ,S ... -s S FOrith

segment the data granule is constructed as a w@nfuzzy number based on the values of signal
amplitude (or rather, its derivatives), therefonés tpart of granulation process has spatial nafline.
symmetric triangular fuzzy numbers were chosen lmxaf their unimodal membership function:

Mo, (X) = maX{l-@ ’0} . 1)

wherec is center of the number amdis its radius. Another justification for using shiype of fuzzy
numbers is the concise description of generated gatnules, because every granule requikese2l
numbers, when the derivatives up to orleare under consideration. Figure 1 illustrates tanson of
data granule for first order derivative of exemplsignal.
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Fig. 1. lllustration of construction of single daganule for first order derivative of exemplargrsal.

The center of each fuzzy number is equal to mediamalues in corresponding segment. The choice
of median was justified by its high tolerance tdlieus in the data. Assumption has been made hHeat t
length of time window is an odd number, therefore
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C(k) =3k )

iL+L1s

where ¢ is the center of fuzzy numbd§{”,5,....§{’,,1] is the vector of signal derivatives sorted

in ascending order aridis the order of derivative.

The choice of fuzzy number radius is realized bgoatmodating two requirements. First, the
empirical evidence of granule should be as higlpassible, which implies maximizing the overall
membership for data segment:

Z Ho (Sfli) , ) (3)

The second objective states that the granule shmeilchaximum specific, which is realized by
minimizing the radius of corresponding triangulazZy number. These two conflicting requirementsl lea
to following optimization rule:

zucm (5%

r® = argmax> _ (@)

r0(0,+oo) r

Applying above criterions results in following grdar description:
1 1 K K
RN (5)

for theith segment anH first derivatives of the underlying signal.

2.2.NUMERICAL DIFFERENTIATION SCHEME

Using signal derivatives instead of actual sam@a®otivated by the need of making the method
independent on constant or slowly varying companefitsignal, which enables the granules to capture
the actual nature of analyzed data segments. Faanghe, in electrocardiographic signal there is well
known phenomenon of base-line wander (slow chaofjs®electric line), see Figure 1. There are saver
approaches to overcome this problem, including {iaseshifting, normalization (with constant or
adaptively varying scaling factors) [10] or usirgrigatives of observed signal. In case of derivegj\wthe
simplest idea is to use one-step difference:

S =875, (6)
or its symmetric version:
s = S TSt . Sh-1 @

However, these methods are very sensitive to thsepice of signal disturbances, especially high-
frequency noise. To overcome this problem more istiphted algorithms can be applied [3][4],
including differential quadratures based on polyr@mnterpolation [12]. The proposed signal
granulation method exploits Lagrange polynomiagipolation with equidistant nodes within symmetric
fixed-width time window. The derivative of polynoatiis taken as an estimate of signal derivativee Th
algorithm of computing coefficients of this polyn@his briefly described below.

45



MEDICAL MONITORING SYSTEMSAND REMOTE CONTROL

Let R denote the radius of time windows around fiién sample of signal. The values of
interpolated function form a vect® =[S _g,...,Sy4»Sy:Sys1r---»Swsrl - the degree of polynomia is
determined by number of samples and is equaR{dtrefore

2R .
g(x) = Zoa,-X’ ®)
<

and it is equivalent to vectoa=[a,,a,...,a,, 8] . Since the nodes of interpolation are equally

distributed in time window (in fact each node cepends to one sample index), it can be assumed,
without any loss of generality, that the nodescdrine form:

Xy-r =R Xy = -1LX =0,X,, =1, X,k = R, (9)

the interpolation procedure is time-invariant amgehds only on values of interpolated function.t¥ec
of polynomial coefficients may be obtained by sotythe system of linear equations:

Va=s, (10)
where(V), ; =i’ fori=-R,..,R, j=0,...2R, i.e.
B 1 -R --- (_R)ZR—J. (_R)ZR_
-1 1 -1 1
V =
L1 1 s @
i R RZ‘R—l RZR

The matrixV is non-singular, henca =V ™s. Moreover, there is no need to explicitly deterenéil
polynomial coefficients, since = g'(0) =a, =d; Vs whered, = [010,...,0]". Thus the differentiation
procedure may be seen as high-pass filtering uBIRgfilter with constant coefficients given by the
formula d] V™. The higher order derivatives are calculated sin@lar manner.

2.3.CREATING GRANULAR VOCABULARY USING FUZZY CLUSTERING

The granular representation of data segments, lwaitgction of X-dimensional vectors is subject
to clustering process, which leads to determiniegcdptors that reflect the structure of whole clet
granules. In proposed approach the well known fuzmeans (FCM) method is used [2][7]. The main
idea of FCM is to determine, given the collectidm\binput data in form oD-dimensional vectors, the
membership values, , that minimize the following objective function

c N
Q= ;;UTKHZK Vi H2 , (11)

where v, are cluster prototypes (centroidsﬂ)jﬂdenotes some norm iD-dimensional space (usually
Euclidean norm) andn>1 is fuzziness parameter controlling impact of thembership grades on
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individual clusters. The clustering procedure isfquened in an iterative manner, alternating between
computing the membership values and updating clysteotypes, until some termination condition is
fulfilled. After determining cluster prototypes admates, the following formula enables to recanstr
input data vector based on obtained granular vdaabu

S u@)y,
h(Z) =1zl , (12)
(u@)"

c
i=1

where u,(z ) is the degree of membershipith cluster for the given input vectar This leads to the
reconstruction criterion

1y 2
==> |z, —hz)|", (13)
N =

which expresses average error of granular vocapebgplanation for the set of data. It might serseaa
guantitative measure of method performance. It khbwe stressed that the value 6f depends on
method parameters, namely granulation window lehgtimaximum order of derivativi, interpolation
window radiusR, as well as parameters controlling clustering essc clusters numberand fuzziness
parametem. Therefore the question of interest is how to &eosuitable values of these parameters in
order to obtain best performance of the proposetiode

3. RESULTS AND DISCUSSION

The numerical experiment was performed in orderexperimentally evaluate performance of
proposed method. The input data were a part of BIH-database [8, [9]. This set of data contains
excerpts from two-channel ambulatory ECG recordikgs the purpose of this study over 10 minutes of
signal have been considered and the recordings ¢ame different patients. Only single channel of
signal was taken into account and the tests didimmrporate any prior information, like human- or
computer-readable annotations. Derivatives of fastl second order were calculatéd=2) with the
interpolation window radiuR=2 (on the basis of visual assessment of the gualitthe signal
derivative). The granulation window lendthvaried from 5 to 11 (only odd numbers) and the imam
number of clusters was set to 6. The input valudesignal, as well as results of computation were
expressed ipV.

Fig. 2. lllustration of centers and radii of fuzzymbers for T (left), 2@ (middle) derivative and centers only for both datives (right) of
exemplary signal scattered over the plane.

Figure 2 graphically presents the exemplary stingotd obtained data granules by means of centers
and radii of determined triangular fuzzy numbensfist two derivatives (fol.=5). The figure reveals
visible regularities, however the structure isyullescribed by 4-dimensional vectors and it canhsot
fully assessed by optical examination of scattetsplThe clustering procedure was performed and the
reconstruction ability was empirically evaluatedr every pair ofL andc the empirical reconstruction
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error was presented as a function of fuzzinessnpeterm (in range 1-3). The optimal valu@s,y of
parameterm was determined, which resulted in minimal recarddion errorVqy. Figure 3 presents
reconstruction error as a function of parametdor c=2,...,6 andL=5 (on the left)L=11 (on the right).
In general, increasingandL results in better reconstruction ability. The ¢haeveal also the interesting
phenomenon: in most cases the reconstruction grcogases rapidly fom greater than some threshold
valuemyresh. However, for.>7 andc>3 the functions become more smooth and the péirgpid change
moves to the right nfnen>2). It suggests that the method will work stabde $elected values of
parametem, namely in a range 1.0%2.0. Table 1 presents exact empirical valuesngf, Vo and
Mhresh.
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Fig. 3. Reconstruction criterion as a function afgoeetemm for c=2,...,6 and_=5 (left), L=11 (right).

Table 1. Optimal values of reconstruction criteréord corresponding parameters.

L c Vopt Mopt Mihresh
2 1569.15 1.150 1.225
3 533.28 1.650 1.650
5 4 484.26 1.050 1.725
5 374.97 1.350 1.975
6 350.20 1.625 2.050
2 944.37 1.175 1.325
3 311.03 1.775 1.775
7 4 285.93 1.725 2.000
5 235.96 1.500 2.100
6 209.52 1.325 2.200
2 432.81 1.300 1.900
3 201.48 1.900 1.925
9 4 167.19 1.225 2.575
5 148.65 1.150 2.750
6 116.89 1.450 2.875
2 166.63 1.575 -
3 102.27 1.700 1.525
11 4 87.16 1.625 2.175
5 70.89 1.550 2.350
6 58.13 1.550 2.425

It is worth making a mention about how the desdibgethod has been implemented. Since the
presented algorithms have high computational coxitglethere is a need for techniques to reduce

computation time. It can be easily observed thaicgsses of constructing data granules in separate
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granulation windows are performed independentlynfreach other, therefore they can be performed
concurrently. The use of technology CUDA (Computeified Device Architecture, [6]) at this stage
made it possible to significantly reduce computatime.

The issues described in this article will be theject of further research. It is planned to devedop
modified and extended version of the presented odetkspecially considering other types of fuzzy
numbers, the modified optimality criteria for theeation of data granules, as well as other cluggeri
algorithms. Some other plans relate to applicatimindescribed method. Since, as has been mentione
previously, the granulation method itself does mmjuire any prior information about the characteris
points of analyzed signal, it is possible to apply the calculation of linguistic description fttron of
biomedical signals.
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