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Because of their specific timing and morphology characteristics these two types of abnormal beats

are generally distinguishable by trained cardiologists, but there are many exceptions. Not only can

abnormalities vary from patient to patient, but the same recording may contain beats that belong

to the same class but all look quite different. Figure 2 shows an example of an ECG containing

multiform PVCs.

Figure 2: Each PVC is marked by a “V” and each normal sinus rhythm beat is marked by a “·”. The

PVC morphology varies greatly among patients and even within recordings from a single patient.

3 Methods

In this section we describe the two main components of our heartbeat classification scheme. We

begin, with the process of feature extraction and then present the classification method.

3.1 Feature Extraction

Before extracting feature vectors, we pre-process and segment the ECG. We used PhysioNet’s au-

tomated R-peak detector to detect the R-peaks of each heartbeat [10]. Next, we removed baseline

wander from the signals using the method described in [11]. Once pre-processed, the data was seg-

mented into individual heartbeats based on fixed intervals before and after the R-peak, so that each

beat contained the same number of samples.

Our goal was to develop a feature vector that worked well not only across patients but also across dif-

ferent heartbeat classification tasks. This led us to use a combination of the ECG features proposed

in [11],[12], and [13]. The elements of the feature vector, x, are described in Table 1.

Table 1: Heartbeat features used in experiments.

Features Description

x1, ..., x60 • Wavelet coefficients from the last 5 levels of a 6 level wavelet decomposition using

a Daubechies 2 wavelet

x61, x62, x63 • The normalized energy in different segments of the beat

x64, x65, x66 • The pre and post RR intervals normalized by a local average, and the average RR interval

x67 • Morphological distance between the current beat the record’s median beat

The last, and most novel, feature in Table 1 is a measure of the morphological distance between

the represented beat and the median beat for a patient (recalculated every 500 beats). The feature is

based on the dynamic time warping algorithm used in [13] to measure the morphological distance

between a fixed interval that contains a portion of the Q-T intervals of two beats.

3.2 Classification

Our goal was to develop a clinically useful patient-adaptive heartbeat classification method for solv-

ing different binary heartbeat classification problems. We designed the classifier for use in a clinical

setting, where physicians have little time to label beats, let alone tune classifier parameters. Thus,

it was important that the method should require few cardiologist-labeled heartbeats, and have no

user-defined parameters. Based on these goals we developed the algorithm presented below, which

combines different ideas from the literature [13-16].
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