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Fig. 2. Estimation performance.

VI. CONCLUSION

Based on CLFs and PLFs methods, this paper has studied the
problem of H -filter design for a class of NCSs with T-S fuzzy
model. A delay-probability-dependent approach has been used to
obtain less conservative results. The H filters have been designed
in terms of feasible LMIs, which guarantee the mean-square stability
of the filtering-error systems, as well as prescribed H performance
requirement for uncertainties.
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Fuzzy Filtering for Physiological Signal Analysis
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Abstract—This study suggests the use of fuzzy-filtering algorithms to
deal with the uncertainties associated to the analysis of physiological signals.
The signal characteristics, for a given situation or physiological state, vary
for an individual over time and also vary among the individuals with the
same state. These random variations are due to the several factors related
to the physiological behavior of individuals, which cannot be taken into ac-
count in the interpretation of signal characteristics. Our approach is to re-
duce the effect of random variations on the analysis of signal characteristics
via filtering out randomness or uncertainty from the signal using a nonlin-
ear fuzzy filter. A fuzzy-filtering algorithm, which is based on a modification
of filtering algorithm of Kumar et al. [M. Kumar, N. Stoll, and R. Stoll, I[EEE
Trans. Fuzzy Syst., vol. 17, no. 1, pp. 150-166, Feb. 2009], is proposed for
an improved performance. The method is illustrated by studying the effect
of head-up tilting on the heart-rate signal of 40 healthy subjects.
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TABLE I
VALUE OF FOR DIFFERENT FILTERING CRITERIA

If the model M is chosen of the type fuzzy, then as discussed in the
Appendix, there are two types of model parameters: and . In this
case, (5) becomes (see, Appendix)

y() = G (=0G) )
Now, for solving Problem 1 (i.e., for separating the irregular part of the
signal), we consider the following problem.
Problem 2: Given the input—output data pairs {x ()< y( j)}fzo, esti-
mate the fuzzy-filter parameters (< ), so as to estimate the quantity
y(j) n; forall j = 0<1lpppek.

+’I’LJ‘|>

1I. Fuzzy-FILTERING-BASED SOLUTION
A. Review of Fuzzy-Filtering Algorithms

Given the input—output data {z(j)<y(j )}J’?ZO, the approach of [1] is
to model the data as follows:

y() = G () )

such that antecedent vector ; may vary with time index j and is
expected to converge to a constant vector with time. Let ( ;< ;) denote,
at time index j, the estimate of parameters (< ;). The filtering error
is given as follows:

e; =G ((G) ;) GT(G) ;) >

Kumar et al. [1] consider the estimation of fuzzy-model parameters,
which are based on minimization/maximization of the expected value
of an exponential function of the filtering errors as follows:

+n; (6)

k
. 2\ .
, min E exp( EZ:|ej| )] <0 (7
Jidj=o0 j=0
'
max F exp( = |ej|2) ‘ >0 (8)
{5 i}_},czo 2 j=0

Here, E[] is the expectation taken over variables (
conditioned on input—output data {x(j)¢ y(j)}fzo, and
The main result of [1] is stated in Lemma 1.

Lemma 1: A class of algorithms for estimating the param-
eters of fuzzy filter recursively using input—output data pairs
{x (7)< y(5)}j=01:01 is given by the following recursions:

< 0(>{>‘>< kt)’
is a scalar.

; =arg min [¥;( )] ©)
N 1616 S 1) MR A C16) S NI R
I 1+ GT(z(): )P GG) )
_wG) GTEG) ) P . )
YO aegoreey T o @Y
Pier = [P 2+ (1+ )G@(G) )G (@G) )] (12)

for all j = O0<le<pp>k, with =0, Py, =601,60 >0,0 >0, and

1 1s an initial guess about antecedents. Here, 1 is a scalar
whose different choices, as illustrated in Table I, solve the different
filtering problems.
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B. Proposed Fuzzy-Filtering Algorithms

For an improved performance of algorithms of Lemma 1, we modify
the filtering criteria (7) and (8) by solving the weighted-estimation
problems

k
min E exp< EZw‘f|ej|2> c <0
¥, =
k
max F exp( - w,z.lej|2> c >0
{J‘j}f=o 2j:0 !

where the input—output data are assumed to be generated from
. . 1
y() = G" (@) ;) +—n>
w;
Here, w; is the nonnegative weight given to the jth data pair. In this
case, the estimation recursions (9)—(12) are modified, via replacing
y(y) with w;y(j) and G(z ()< ) with w; G(z(j)< ), as follows:

; =arg min [¥;()] (13)
2 p. e . ; AT .
- ij,G(x(g) TJ)[y(J) GT(x(J)_ DR (14)
L+ w?GT (x(j) )P G0) )
_ @llyG) GT@G) ) Sl
YO meaeeoraeny T M
Py =[P+ A+ YwiG() )G (@G) ) (16)

for all j = O<lepppck, with 3 = 0, and Py = 6 1. In this paper, the
weights {w; };‘-':0 are chosen as follows:

2

a’;
wi=y “”
aj =spa; 1+ (@ sp) (vG) GT@G) ;1) 5 1) (18)
by =spb; 1+ (1 sp)(det(P;))* " (19)

where a 1 =1,b 1 = 02, K is the size of square matrix P;, det(P;)
is the determinant of P;,and s; (0 s; < 1) is the smoothing factor.

Remark 3: The modified recursions (13)—(15) have been introduced
to address the following two concerns.

1) The recursions (9)—(12) might result into the parameters oscilla-

tions near the optimal values.

2) The oscillations can be reduced by choosing a lower value of the
learning rates. However, the speed of convergence is low in this
case, and thus, the optimal values of the parameters might not
have been approached with the available finite dataset.

The term a; assesses the value of (y(j) G (x(j)< ; 1) ; 1)-
When the estimated parameters are close to their optimal values, a;
(and, thus, wf) tends to converge toward zero. This should result into a
convergence of the parameters without oscillations near optimal values.
The term b; assesses the squared geometric mean of the eigenvalues
of P;. In the case of low speed of convergence, b; is lower, resulting
into a higher value of wjz and, thus, a higher speed of convergence of
recursions (13)—(15).

Remark 4: If the value a3 becomes nearly equal to zero (e.g., < 10 8)
for some j < k, then wf defined by (17) might exhibit some oscillating
behavior, resulting into a deviation from the convergence. This behavior
can be avoided by setting

a?
b—'7_< if a§ > 10 ®
wh = j (20)
w? ;< otherwise.
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and thus
eGP 1e,G P
TETGT(G) HPGEG) )

To study the convergence properties, assume that v; = 0. In this case,
we have

> (22)

~T'p 1~ _ ~T 1~
R

;G 1) N
1+ wlGT (z(j): )P G0 ;)

¢; )=
Substituting ¢, (4) in (22) results in

~T 1~ _ ~T 1~
BT =T b T

o | 2w] + wlGT () j)PG(x() )

Lo, U D Tz GGy ) p,aGaG) )P

The aforementioned expression shows the convergence property in a
sense that error norm ~]’ P, ! ~; is a nonincreasing function of time
index j.

D. Simulation Studies

Some simulation studies are described here to verify the im-
proved filtering performance of the modified recursions (13)—(15).
For this, consider the input—output data pairs {z(j) = [z1(j) z2(j)]* «
y(j)}j=0-1-» generated as follows:

vG) = Fa () w2 G) +
f(il(iz) = (1 (a:1+;pz)2

where {1 (j)<22(j)} were chosen from a uniform distribution over
[ 009<0:9], and n; was a random signal normally distributed with zero
mean and a variance of 0.01. A fuzzy filter of the type described in the
Appendix, with K = 9, was considered for filtering n; from y(j). To
measure the filtering performance, the mean filtering error (MFE), at
any instant j, is defined as follows:

T120)e cos(4xixp) + log(l + x1x)

100

MFE(j) = === > (@1 (D2 (1)) G (@) ;)
=1

100

where {2(1) = [21(1) 22 (D)]" }1=12-45100 are some predefined points
that are distributed uniformly in the 2-D input space. The smoothing
factor s; was taken, which is equal to 0.999. Figs. 1 and 2 plot the
MEE curve of the original and the modified-fuzzy-filtering algorithms
for different values of . At each value of , the algorithms were
tested at two different learning rates: § = 1< = 1<20 (for testing
the oscillations), and ¢ = Otb< and # = 0rb<20 (for testing speed of
convergence). It is easy to see from Figs. 1 and 2 that the modified
algorithms, unlike the original ones, neither suffer from the problem
of oscillations near the convergence point nor have a slow speed of
convergence. This verifies that the proposed fuzzy-filtering algorithms
addresses the issues raised in Remark 3.

IV. CASE STUDY

We studied in total 40 healthy subjects (21 men, 19 women, aged
22-45 years) during supine rest (SUP) and 70 head-up tilt (HUT).
The participants lay supine on the tilting table for 10 min, followed
by a 10-min HUT at 70 . The physiological response of the subjects
was assessed via measuring their interbeat intervals (i.e., the time, in
milliseconds, between consecutive R waves of an electrocardiogram).
The interbeat intervals were recorded using a Polar S-810i heart rate
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monitor (Polar Electro Oy, Finland). The obtained series of interbeat
intervals was resampled at a constant rate of 4 Hz by using a cubic
spline interpolation. The estimation of PSD (i.e., distribution of power
as a function of frequency) of 3-min-long interbeat intervals series was
the method used for the analysis. The detrending method of [18] was
used to remove the slow nonstationary trends from the signal before
analysis. The autoregressive (AR) model of 15th order was applied to
every 3-min segment of the signal for estimating the PSD.

The aim is to assess the capability of PSD analysis method in distin-
guishing the state HUT (70 HUT) from the state SUP. Let D5, (k)
denotes at frequency , the PSD of the kth 3-min signal segment for the
subject P with the state S. Now, one can define D®.in (D®.max) by
taking the minimum (maximum) over index k& and among the subjects
[see (1)]. D¥ i, and D, when plotted with , define the bound-
aries of an area such that PSD curves of all the subjects during state S
lie within the area. Fig. 3 displays the area (i.e., shaded region on the
figure) lying between the curves D®. i, and D, for S = SUP, as
well as for S = HUT. The shaded area common to Fig. 3(a) and (b),
as shown in Fig. 4(a), is the region on the spectrum, where the data
belonging to both the states may lie. Therefore, the spectral-analysis
method is not capable of distinguishing between the two states in this
region [shown shaded in Fig. 4(a)]. The proportion of the common
area, calculated in the frequency interval [ ;< ], as

f ,“ range((Dsyrr?inchyn?ax) (DH‘Um-Ii—n(DH}‘rjn-l;x))d

I ) range((DSYP < DSYP ) (DHYUT < DHYT ))d

cmax smin

(23)

is desired to be as minimum as possible for a high diagnostic efficiency
of the analysis method [see (3)]. The heart rate variability spectrum
is typically divided into three frequency bands: very low frequency
(VLF) (0.01-0.04 Hz), LF (0.04-0.15 Hz), and HF (0.15-0.5 Hz). The
first row of Table III lists, for different frequency bands, the diagnostic
efficiency calculated by subtracting the ratio (23) from 1.

Assuming that interbeat-interval signal can be modeled as per (4)
with order n, we want to use a fuzzy filter (of the type described in the
Appendix), with K number of rules for filtering out the irregular part of
the signal. The parameters n and K should be chosen that are based on
the criterion of minimum energy of the estimated irregularities, i.e., the
mismatch between filtered data and original data should be lowest for
the chosen values of n and K. A tenfold cross-validation mechanism
was used to assess the performance of the filtering algorithm (in terms
of energy of irregularities), for different values of n and K. This is
done as follows.

1) The total data of 40 subjects during HUT were partitioned into
ten subsets, such that each subset corresponds to the data of four
subjects.

2) For each of the ten subsets, the fuzzy filter (whose parameters
are estimated with the data of remaining nine subsets using the
proposed algorithm) was used to calculate the energy of irregu-
larities, which is defined as the sum of squares of the difference
between original and filtered data.

3) The ten results from the folds were then averaged to assess the
energy of irregularities corresponding to the chosen values of n
and K.

Table II reports the mean and standard deviation of the energy of
irregularities, for different values of n and K. One can infer from
Table II that the choices n = 2 and K = 3 are suitable for filtering
the data. The two fuzzy filters (one for SUP and other for HUT), with
parameters estimated using the proposed fuzzy-filtering algorithm for
n = 2and K = 3, were used to estimate the filtered interbeat-intervals
data (i.e, filtered signal) for each state. The spectral analysis was carried
out on the filtered data to test if there is an improvement in the diagnostic

Authorized licensed use limited to: Universitaetsbibl Rostock. Downloaded on April 19,2010 at 13:45:31 UTC from IEEE Xplore. Restrictions apply.



Authorized licensed use limited to: Universitaetsbibl Rostock. Downloaded on April 19,2010 at 13:45:31 UTC from IEEE Xplore. Restrictions apply.



216

Table III clearly shows the effectiveness of the fuzzy-filtering-based
approach. The improvement is most significant in VLF band, followed
by LF band, and least in HF band. For a comparison, the linear filters
of different orders were also used for the filtering of the signals. The
filter coefficients were estimated using the well-known recursive-least-
squares algorithm. However, as seen from Table III, the linear filters
did not perform as good as the fuzzy filter.

V. CONCLUSION

This study outlined a fuzzy-filtering-based approach to reduce the
effect of signal randomness on the diagnostic capability of a signal-
analysis method. The time series of the signal was modeled by using
a nonlinear fuzzy model, and it was demonstrated with a case study
that the unmodeled part of the signal, when removed, might increase
the diagnostic efficiency of a feature-extraction method. The authors
believe that the fuzzy systems, by virtue of their nonlinearity arising
from membership functions, have much to offer in the adaptive filtering
of physiological signals. This paper provided an ad hoc modification to
the fuzzy-filtering algorithms of [1], for addressing the issues of param-
eters oscillations near optimal point and the low speed of parameters
convergence.

APPENDIX
CLUSTERING-BASED Fuzzy FILTER

The considered fuzzy filter, mapping z R" to y R, has the

following K rules:

1

If x belongs to a cluster having center ¢; < then y =
If x belongs to a cluster having center cy < theny = &
where ¢;  R" is the center of ith cluster, and the values e<pppe X

are real numbers. Based on a clustering criterion, it was shown, in
e.g. [19], that
X
y= Z 'Gi(xecpepbbcg)
i=1
Ai (l“ Cq < DDP* C]()
=
Doimg Ai(@ecpepbdck)

Gi(zecppbdecg) =

AT Ay _
Aj(xccpdbbecy ) = 211 + 227( m>1
where Ay; and Ay; are given as follows:
1
ZA’ (v o 2e0 o, ) 5° ¢ X\{¢}lj=1emx
A _ =1 T ¢ fd T ¢y )
1i — 1: Tr=c
(5 v ¢ }i=1mx N}
2
r ¢ .
AziZEXp( 7.7' )‘ 7-=mj|n ¢ ¢t
13
With the notations
=[ o> K] RN =[cf voock]”  RE"

G(ze ) =[Gi(xs ) o> G (2 )] RY

the output of fuzzy filter for an input = can be expressed as follows:

y=G"(z< ) >
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