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Abstract: Continuous probability hidden Markov model

(CHMM)

is a

non-deterministic stochastic state
machine able to determine the probability of input
signal. CHMMs are constructed with training signals
describing those patterns we want the model to
specialize in. In this study, we have used CHMMs for
modelling and classifying ECG signals. ECG signals are
first segmented and the probability of the signal,
represented by the segments, is determined by the
model. We have found that hidden Markov models are
capable to model and recognize ECG signal classes.

INTRODUCTION
Electrocardiograph (ECG) signals a.re today often
analyzed automatically in order to detect heart
inegularities and diseases. There are several methods
designed for automated analysis, some of which uses
structural approach [1, 2, 3]. The structural approach
differs from the statistical transformation methods in the
sense that simple primitives are used to describe the
strucfure of input signal directly in time domain. Structural
methods are very powerftrl to express the behaviour of the
signal in time domain, but the design of the structural
models is often a very difficult task. In this paper, a new
approach based on statistical inference is given and some
preliminary test results are reported.
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New estimates for transition probabilities and Gaussian
observation distributions are calculated with Baum-Welch
re-estimation formulas [4].
ECG signals used in our experiments are segmented
with a broken line approximation and each broken line
segment is coded as nvo-dimensional vector Xi G; is the
length and hi is the amplitude of the ith line segment)

',=[;l]=*'
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The approximation was formed so that the maximum error
of the approximation is below a predetermined threshold
[5]. Our ECG material was recorded from a heart monitor
producing single channel output at the rate of 400 Hz and
13 bits resolution. The length of each recording wa.s 40
seconds.

RESULTS

In figure I there is an example of one segmented
training signal used in the model construction.

METHOD
Continuous probability hidden Markov model consists
of n states and the state transition matrix a;; giving the
probability of a transition from the state i to the state /.
Each state can observe multidimensional input vector I
and calculate its probability using Gaussian parametric
distribution assumption å;(d = O(Ä, & t,8r. There is also
initial state distribution vector fI. Input signal X is a queue
of multidimensional vectors, X = &.1...eL, x.i e frn, and is

probability can be calculated inductively as follows
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Figure

We are able to design the parameters (fI, A, O) of the
model with an iterative learning procedure. First we assign
random values to the model parameters and then step

We trained a model of 25 states with a total amount of
1000 segments from six signals. The amount of iterations
needed was approximately 500 until the learning curve of
the model was saturated. In the figure 2 there is the
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transition diagram of the Rnal model with 25 states.
hobabilities are written above the edges (except when it is
one). The cyclic nature of ECG signal can be found also in
this model, for instance states 5, 19,23 and 8 model QRS
complexes whereas states 22, L, 12, and 13 model T waves.
Each state has also four parameters (the mean and the
standard deviation of the amplitude and the duration of the

line segment).

P(XIMN) > P(Xl

M*r)

then the test signal X is classified as a normal one,
containing extra ventricular beats in the other case. The
test signals were all correctly classified by this maximum
probability classifi cation rule.
CONCLUSIONS

We have formd that we can model and analyze ECG
signals with continuous probability hidden Markov models.

Their advantage is their automatic construction from
examples and powerful structural analysis capabilities.
However, the number of states needed must be
experimentally determined since too few states lead to poor

modelling results and too many states lead very quickly to
overlearning with no g eneralization capabilities.
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Figure 2.

We tested the rained models with two ways. First, we
used the model to produce an afrificial signal output. We
selected one state as a stårting point, then oulputted a
segment according to the Gaussian distribution of that
state, and then moved to the next ståte according to the
transition probability matrix. In the figure 3 there is an
artificial signal generated this way. Note the resemblance
of the artificial signal with the original one used in the
training (figure 1).

3000

lln.

Iic

at

i

Recognition of ECG By Attributed Finite Automata",
Pattern Recognition,Yol.28, No. 12,pp. 1927 - 1940,
Dec. 1995.
t3l E.Skordalakis, "Syntactic ECG processing: A Review",

Pattern Recognition, Yol. 19, No. 4, pp. 305

and Selected Applications in Speech Recognition",
Proceedings of the IEEE,Yol.77, No. 2, Feb. 1989.
t5l A.Koski, and M. Juhola, "Segmentation of Digital
Signals Based on Estimated Compression Ratio",
Submitted to IEEE Transactions on Biomedical
Engineering, 1994.

/ m3

Secondly we used two models for a classification tåsk.
One model, MEVB, was trained with six signals containing
extra ventricular beats and another, MN, with six normal
signals. Then we analyzed six new test signals with these
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Figure 3.

models, half of which contained extra ventricular beats.
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