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Abstract: All-night recordings produce a large amount
of data to be analysed. We present a Multilayer
Perceptron (MLP) neural network based method for
automatic arousal detection from one EEG channel.

Feature extraction

Feature extraction utilising nonlinear digital signal
processing was developed. In the first test the method
was able to find a large amount of true arousals but the
number of false positive findings was still quite high.
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INTRODUCTION
Figure
Arousals are important measures of sleep discontinuity. At
present they usually have to be analysed manually because
of a lack of programs for automatic arousal detection. This

laborious and time-consuming. The
electrophysiological content of the arousals is highly
variable. Thus it is not easy to develop unambiguous
algorithms for arousal detection and rule-based methods

task is

might become rather complicated. Neural nehvorks have
proven reliable in many applications including sleep
studies. In this study a neural network based method was
developed and tested preliminarily. The method applies a
novel FFT and nonlinear fittering based method in feature
extraction.

AROUSAL DETECTION METHOD

l: Block diagram of arousal

detection method.
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outputs of the FFT calculation. The median calculation
eliminates short disturbing power bursts in the average
estimation. Average power variations longer than 3.0
seconds are preserved.

The final feature values are obtained by calculating the
absolute value of the relative changes on band powers
compared to an estimate of the average power in the 30

is calculated as an average of the
of three medians (length 30, 20 and 10) of the
outputs of I second. The features are scaled to -1.0

seconds. The estimate

outputs
The arousal detection method consists of feature extraction

and neural network classifier. A block diagram of the
method is shown in Figure l. All-night recordings were
performed on six patients using a digital polysomnograph
device (Healthdyne, Alice 3). 24 channels including 4

EEGs with a sampling rate of 100 Hz, 2 EOGs, EMG,
respiratory variables and movements were recorded. The
files were converted into the European Data File Format
(EDF) [] for analysis and stored on optical disk. Sleep
stage scoring was performed by using the standard criteria
and arousals were marked according to the ASDA criteria

I2l.
Feature extraction is the most crucial part of the method.
The features developed describe the relative change of EEG

band powers and that of the total power. The EEG is
divided into following bands: delta (0.5 - 2.0H2), theta (2.0
- 8.0 Hz), atfa (8.0 - 12.0 Hz), sigma (12.0 - 15.0 Hz) and

power

... 1.0 corresponding to the range of no change to a relative
power change of l0 times or greater. In normal sleep the
changes are relatively small, but in arousals they are larger.
Figure 2 shows an example of the distribution of three
feafures in normal sleep and arousal onset.

Perceptron (MLP) t4l network is trained to
perform the classification task with a training set including
the same number of features from patterns of normal sleep
and patterns describing the onset of an arousal. The raining
set was chosen so that it covers the 6-dimensional feature
space as completely as possible. The network contains one
hidden layer with 20 neurons and one output neuron. The
output scale is devided to three parts: values -1.0... -0.2

A Multilayer

correspond

to

normal,

- 0.2

0.2 intermediate

(no

decision) and 0.2 ... 1.0 arousal.
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Figure 2: An example of the distribution of brousal events
(circles) and normal sleep segments (dots) with respect to
three features.
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Figure 3: An example of successful arousal detection. The
moment of an arousal is marked on top, the output of the
detector in the middle and the input features are in the
bottom.

TEST AND RESULTS
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two to test the method performance. Sleep ståge scoring
was used to tell if there is REM or awake stage. Since EMG
information was not yet included in the method, only
arousals in NREM sleep were taken into account.

The training set was formed on the basis of calculated
patterns of four recordings, two channels each. Although
two channels were used only one channel was processed at
a time. There were a total of 158564 one second segments

ll29 segments of visually
segments
of normal sleep. Of
157435
and
arousals
marked
this material 6190 segments were chosen to the training set,
3095 segments containing normal sleep and 3095 arousal
of NREM sleep. It consisted of

events.

Test data, two cenffal EEG channels of two recordings, had
100184 NREM segments. 72 arousals of 177 (41%) were
detected. The number of false positive findings was 206.
The neural network made no decision in 242 cases. Figure
3 shows a piece of successful classification of 500
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DISCUSSION AND CONCLUSIONS

of sleep EEG patterns, the
automatic detection of arousals is not easy. In our test in
which only a small amount of patient data was available for
Due to the great variability

training and testing, the method did not perform well
enough to be used in clinical studies due to the large
number of false positive arousal detections. It can,
however, be expected that the results will improve when we
expand the method to incorporate more EEG channels and
an EMG channel and increase the amount of training
material.
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