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Abstract - Sleep apneas, cessations of breath-
ing during sleep, which lead to shortened life ex-
pectation (adults) and indicate SIDS-risks (pre-
mature born babies) must be diagnosed reli-
ably. Therefore a monitoring system is estab-
lished and attempts are made for automatic scor-
ing to reduce clinical efforts. This paper de-
scribes the detection and classification of sleep
apnea events by means of radial basis function
networks (RBFN). A monitoring device, based
on electric field plethysmography, which detects
respiratory and cardiac activity is presented. In
addition, heart rate and blood oxygen saturation
are recorded. Pre-processing is performed by sev-
eral feature extraction algorithms including time
dependent Fourier transform, cepstrum trans-
form, linear predictive coding, linear predictive
coding cepstrum (LPCC) and wavelet transform.
RBFNs are trained with learning vector quan-
tization (LVQ) and self organizing map (SOM).
To achieve high classification rates, optimization
of number and spread of neurons are performed.
Best results with classification rates of 64% + 3.4%
(adults) and 62.6% + 6.8% (babies) is obtained us-
ing LPCC and data reduction through principle
components analysis (PCA). The net consisted of
20 hidden neurons and is trained with LVQ. All
results are derived using 10-fold cross validation.

1 Introduction

Sleep disorders are more common than expected
(concerning about 5% of the total population) and
must be diagnosed reliably to avoid consequential
damages. Therefore monitoring systems are estab-
lished, and attempts are made for automatic scoring
of apnea events to reduce clinical efforts as well as
the number of medical staff.

Apnea events are defined as a cessation of normal
breathing and can be broken down to a high number
of classes. In this paper, classification is restricted
to the following four major event types:

e Central apnea (CA) - due to missing nervous
stimulus,

e obstructive apnea (OA) - due to obstruction of
the upper airway,

e sigh (SI) - a deep inspiration followed by an ap-
nea (only considered in the case of babies), and

e normal breathing (NB).

As a basis for the training of neural networks
(NNs) as a diagnostic tool, the above classifications
were performed by medical staff via a polysomno-
graphy system which is the standard of clinical prac-
tice. First corresponding applications of NNs have
been reported in [1][2][3]. The application of NNs
has proved to be an effective approach, however, in
most cases, the classification rates did not exceed
60% [2][3] which could be explained by several spe-
cific problems, such as nonstationary character of
physiological signals and extensive individual differ-
ences of signal patterns.

This paper presents first attempts to detect and
classify apnea events by means of radial basis func-
tion networks (RBFNs).

Monitoring System - A portable device is used
to monitor the respiratory and cardiac activity via
electric field plethysmography (EFPQ) [4], the blood
oxygen saturation and the heart rate.

The EFPG is a well known method to detect car-
diac and respiratory activity. An electric field is ap-
plied to the thorax, its configuration is changing with



varying blood and air content. As a specific advan-
tage, only four electrodes are needed to detect a sig-
nal which contains information on both the cardiac
and the respiratory component.

The basic harmonic of the respiratory component
shows a frequency range of fr = 0.15Hz...1.3Hz
(9min~'...78 min~') during normal breathing and
0 Hz for apneas. The cardiac activity covers a range
of fo = 0.65Hz...2.8Hz (45min~'...168 min~!),
the amplitude being lower by about 15 dB compared
to the respiratory component. Apart from this fre-
quency overlap, the instantaneous ratio of cardiac
and respiratory frequency fc/fr ranges between 2.5
and 5.8. With the above preconditions it proves
to be sufficient to sample the EFPG signal s with
vs = 20Hz. A closer discussion of this topics can be
found in [5].

As already mentioned, monitoring included also
the following two parameters for more reliable clas-
sifications:

e blood oxygen saturation c.x - determined by an
optical sensor, and

e heart rate fo - determined by means of a non-
standardized electro cardio gramm (ECG), us-

ing the EFPG electrodes in order to keep the
number of electrodes to a minimum.

An example of a CA with the described signals is
given in figure 1.

Data Material - Two groups of patients are in-
vestigated:

e 50 adults, suffering from the sleep apnea syn-
drome (SAS) which prevents them from deep
refreshing sleep, and

e 30 premature born babies exhibiting respiratory
disturbances which are assumed to be closely
connected to the sudden infant death syndrome
(SIDS).

2 Methods

The signal processing structure used to classify sleep
apnea is shown in figure 2. The pre-processing stage
is followed by a principal component analysis (PCA)
to reduce the dimensionality of each feature vector
¢;. The principal components (PCs) v; are further
standardized and combined to the input vector x of
the radial basis function network (RBFN).

s L NB CA NB

(ADC) N > . >
= Wy AN 7
°m \m “ VAR i
-4000 ) I
Je
(Hz
A ]
10
c100
80 Li
10 1
t
5+ 4
07\ Il Il Il
0 5 10 ¢ 15 20

(s)

Figure 1: Registered signals during a central apnea (CA),
its duration is marked. The blood oxygen saturation shows
response with some delay. s EFPG signal, fc heart rate,

cox blood oxygen saturation, % classification signal.

Several pre-processing algorithms, different RBFN
structures and learning algorithms are evaluated to
maximize the recognition rate R of the RBFN.
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Figure 2: Signal processing structure. s EFPG signal, cox
blood oxygen saturation, fc heart rate, ¢ feature vector, v
principal component vector, x input vector, z output vector,

z output classification.



Pre-processing

The following pre-processing methods are applied to
the EFPG signal s, which is windowed by a Hamming
function

0.54 — 0.46 cos(2rn/L) 0<n <L,
w(n) = 0 .
sonst (1)

with a length of six seconds (equivalent to L =
vs6s = 120 samples), shifted by T'= 1s (ps = vsT =
20 samples).

Fourier Transform - the EFPG signal is a mix-
ture of two components caused by cardiac and respi-
ratory activity. Both components are periodic with
varying frequency and amplitude. The basic fre-
quency of the cardiac component fo is at least 2.5
higher than fgr. The time dependent Fourier trans-
form (TDFT) is therefore expected to be a suitable
pre-processing algorithm. It is calculated according
to

L1
S(rps, k) = Z s(n) w(m) e—J(2m/N)km 2)
m=0
with
n=rps—L/2+m (3)

for —oo < r < 00, 0 < k < N —1. r represents
an integer time index with dimension unity [6][7].
The number of frequency components is chosen with
N = 64. Only the first N' = 33 are used because
they cover the frequency range of interest from 0 Hz
to 5 Hz.

The vector representation of the feature vector is
given by

CTDFT (T) =20 * lOg . . (4)
S(rps, N')

Cepstrum Transform - (CT) calculated accord-
ing to

L—1

Srpes k) ~ L ST G(rpe, 1)ed @R/ Do L/24k)
L= (5)
with
S(rps, k) = log(S(rps, k) (6)

allows deconvolution and frequency invariant filter-
ing [7]. Despite this useful properties, it is by itself
not well suited for pre-processing because of the high
number of components of the resulting feature vector

.%Erps,lg
S(rps,2
s (7)

CCT(T) = .
5(rps, L)

that is equal to the window length L. But as shown
later, the CT can be combined with linear predictive
coding (LPC) to avoid this disadvantage.

Linear Predictive Coding - (LPC) models the
signal as impulse response of an all-pole filter. There-
for the assumption

z(n) = apz(n — k). (8)
k=1

is made, that the current sample of the signal could
be represented as a linear combination of p previous
samples. The transfer function of an all-pole filter is
given by
bo
H(z)= 45— a =1 (9)

> agzPk

k=0
The characteristic polynom of (9) is equivalent to
(8). The coefficients aj are calculated by the
Levinson-Durbin recursion [8][9][10], which mini-
mizes a quadratic error function. Already a low num-
ber p of coefficients aj, approximate the strongest fre-
quency components of the signal s appropriate (com-
pared to TDFT). The feature vector is calculated
according to

ay(rps)

Cch(’I“) = : (10)
ap(rps)
bo(rps)

Linear Predictive Coding Cepstrum -

(LPCC) combines CT, which allows deconvolu-
tion and frequency invariant filtering, with LPC
which reduces the dimension of the resulting feature
vector. LPCC coefficients d can be recursively
calculated from LPC coefficients ay by

d] = —al, (11)

n—1

1
dy = —an —— Y kdgan_y n=2...p
"= (12)



(see [11]). The feature vector is defined as

dy (TPS)

= LPCC{s(rps),p}-
0 (pe) {s(rps) p}(13)

Wavelet Transform - (WT) [12] constructs a
given signal from time shifted and scaled wavelets,
in contrast to the FT that uses a sine-wave. The
wavelet ¢ has finite duration, an example is given in
figure 3. The discrete WT used in this application re-
sults in a continued high- and lowpass-filtering that
resembles a tree structure as in figure 4. The re-
sulting wavelet coefficients of the highpass filtering
are called details ¢py, ..., cps, that of the lowpass
filtering approximations cai, ..., cas. This can be
visualized in figure 5 with the reconstructed signals
S$p1, ---, SD5, and sas by upsampling the wavelet
coefficients.

The feature vector is computed according to

LPCC{spi(rps), 3}

LPCC{spa(rps), 3}

| LPCC{sps(rps),3}

cwr(r) = LPCC{Sm(TZs):?’} (4
LPCC{sps(rps), 3}
LPCC{sa5(rps), 3}

in order to retain the strongest frequency compo-
nents of each signal.

To select the best pre-processing algorithm for the
EFPG signal, a RBFN with LVQ layer consisting
of eight neurons is trained with each feature vector.
Best results are achieved with the LPCC algorithm;
p = 12 coeflicients proved to be sufficient to represent
the cardiac as well as the respiratory activity.

Figure 3: Daubechies wavelet of order 6.

Figure 4: Wavelet Decomposition Tree.

The heart rate fc and the blood oxygen saturation
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Figure 5: Wavelet decompositions of a CA with a Daubechies
wavelets of order 10. The continued separation in a high and

lowpass signal is clearly visible.



Cox are represented as time vectors

Cox(r + 5) 1
Cox (r + 10) 1
. — Cox(T) : (15)

Cox(r + 30) 1

COX (T‘) =

and

i_c(r—l—5) 1
r+ 10 o 1
Rl = B TS

fo(r + 30) 1

CHR(T) =

with

veoTn—1

Folm) = - > fo(k); ve=4Hz
" k=vcT(n—1) (17)

Principal Component Analysis - To reduce the
dimensionality of the feature vectors, a PCA is per-
formed for cppca(r), cox(r) and cyr(r) separately
[13]. The number of principal components (PCs) of
each feature vector is chosen to cover 90% of data
variation. The formal notation

v(r) = PCA(c(r), k) (18)

describes the calculation of the first & PCs of the
vector set ¢(r). The resulting PCs for each feature
vector are:

vox(r) = PCA(cox(r),3), (19)
VHR(T) = PCA(CHR(T): 3)/ (20)
vipcc(r) = PCA(erpcc,, (), 8). (21)
The input vector for the RBFN
vipco(r)
vipco(r + 6)

x(r) = | vipcc(r — 6) (22)

VOX (’I“)

VHR(T)

has a total of 30 components. x is standardized to a
mean value of zero and a variance of one.

According to the above-defined classes NB, CA,
OA and SI, the target vector is determined via a 1
of 4 coding scheme, with a formal description by

3(t(r) — 1)
ti(r) = : (23)

o(t(r) — ca)

with ¢y =0, ¢y =1, c3 =8 and ¢4 = 9.

Radial Basis Function Network

RBFNs are established with two layers (figure 6).
Neurons of the first layer are activated by the Eu-
clidean distance between input and code book vec-
tor (CV) p, weighted with a Gaussian function with
spread oy:

o) = exp (LX) (20)

2
20},

CVs are determined by two training algorithms:
Learning vector quantization (LVQ) and self organiz-
ing map (SOM) [14][15][16][17][18]. Neurons of the
second layer are activated by the inner product of
input and weight vector, applying a linear activation
function. Weights are determined by the Levenberg-
Marquard algorithm [16]. The complete RBFN can
be described by

zi(x) = Z wirYe (X) + wip. (25)
k=1

SOM - an unsupervised training algorithm - is
used in one and two dimensional (quadratic) topol-
ogy, while LVQ is supervised, not needing a special
topology. Both training algorithms are compared,
and oy}, is optimized.

The performance of the RBFNs is evaluated with
a 10-fold cross validation algorithm [19] using 1000

output

input

Figure 6: Structure of the RBFN. Each neuron in the hidden
layer represents a basis function 7 with the code book vector
(CV) p,. The weights w; are displayed as connections from
the basis functions to the linear output neurons.



vectors including 176 events, equally distributed over
the four (or three) classes for training and test-
ing. Segmentation is performed based on vectors and
based on events, that consist of about 20 vectors.

Committee of neural networks - V NNs can
build a committee according to

zooum (X) = % > zi(x). (26)

i=1

In this work individual NNs from the different real-
izations during the V-times cross validation are used
[16].

With the assumption of statistical independent
NNs the error of the committee

1
Ecom = 17 Eav (27)
is reduced by the factor 1/V in relation to the error

of an average NN

\%
1
Eav = v ; E;. (28)

Ev is the average over the errors of the individual
networks FEj;.

The different NNs in this practical application are
statistical dependent, however Ecom will be always
lower than Eay

Ecom < Eay. (29)

3 Results

In a general way, the achieved rates R of correct clas-
sification increased with the number of neurons in
the hidden layer. Reaching its optimum for k = 20
neurons (figure 7). One-dimensional SOM showed
higher variance of R. However, SOM needs more
neurons for similar performance as LVQ (figure 8).
The spread optimization process revealed that an in-
dividual spread for every neuron chosen as two times
the distance to the next CV yields best generaliza-
tion:

or = 2emin(lu, — ), 1#E (30)

For vector based segmentation achieved with the
RBFN with LVQ-layer and 20 neurons, the rate R
for the baby patient group is 62.6% + 6.8%. Segmen-
tation based on events reduced R to 47.7% £+ 10.7%
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Figure 7: Recognition rate R for the RBFN with LVQ layer

over varied number of neurons k.

because two vectors of the same event are more cor-
related than vectors of different events.

In the case of adults, a rate of R = 64.4%43.4% is
achieved for vector based segmentation. R decreased
to 58.52% + 4.5% using event based segmentation.
The fact of better rates for adults can be explained
with a higher amount of training samples, reduced
number of classes and also by more stationary char-
acter of physiological signals.

Building committee networks improved the rates
by about 4% up to i.e. 52% + 6.5% for event based
segmentation for the baby patient group. Post-
processing algorithms that combine net results with
regard to their time-dependence offer a further tool
for the improvement of rates [20].

As a major conclusion, the performance of RBFNs
proved to be quite similar to that of the backprop-

R70 | 2D-SOM | trainings set
(%6)0: ID-SOM\ -
50
40|
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Figure 8: Recognition rate R for the RBFN with SOM layer
in one and two dimensional topology over varied number of

neurons k.



agation networks as applied in former studies [2][3].
This indicates that restricted recognition rates are
not due to imperfections of NNs. Rather they can
be explained by three reasons:

e lacks of the supplied physiological signals to
characterize the different events in an unam-
biguous way,

e insufficiencies of subjective classifications per-
formed by the medical staff for the establish-
ment of material for training and testing, a pro-
cedure which cannot be performed in an exact
way for monitoring durations of 8 hours with
reasonable expenditure of time, and

e the a-priori impossibility to attribute the high
variety of physiological activities to three or four
classes.

However, with respect to a diagnostic tool, exact
numbers of events are not needed. Relevance is
rather given for their global distribution to the dif-
ferent classes.
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