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Abstract. We present a novel method to characterize the electrocardio-
gram (ECG) for individual recognition. The method works on analytical
and appearance features of the heartbeats. The features are analyzed
using the principle of Fisher’s linear discriminant that produces well
separated classes in a lower dimension subspace, under the presence of
noise and muscle flexure. The biometric experiment is benchmarked using
ECG recordings of the publically available QT database. The proposed
method achieves the recognition accuracy of 98.9% on the evaluated sub-
jects which is found optimum than the other best known methods.
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1 Introduction

Many body parts, personal characteristics and signaling methods have been sug-
gested to use as biometrics for identifying individuals. The biometric attributes
that are secured and robust against falsification are the major concerns of the bio-
metric research. The reason that the biometric attributes are not robust against
falsification because they hardly ensure the liveness property [1]. The search of a
new biometric modality that has an inherent property of liveliness is of greater
interest. In recent years, the physiological signal especially the electrocardiogram
(ECG) has been proposed a novel biometric for human recognition [2]-[5].

An ECG is the graphical recording of the cardiac electric potential as a func-
tion of time. The ECG signal is persistent and repetitive. The ECG is generated
from a complex self-regulatory physiological processes which makes it highly con-
fidential and difficult to spoof. The ECG signal is an ultimate liveness metric and
acceptable due to the latest advances in the sensing technologies [6]. In multi-
modal framework the ECG can be combined with face and fingerprint biometrics
for secure and robust individual recognition [7]. However, the ECG signal as a
biometrics has notable advantages but it has limitations that must be addressed
before the operational deployment of ECG biometric system [8]. The ECG data
contains a relatively low information content due to low signal-to-noise ratio.
The ECG signal varies with an individual emotion, excitement and stress level.
There is a need of standard data representation technique and a careful transfor-
mation of signal features that preserve the discriminative information between
subjects.
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Fig. 1. Extraction of interval features from heartbeats

This paper analyzes the ECG using a novel method that is insensitive to sig-
nal variations. The method utilizes a hybrid approach consisting analytical and
appearance methods of ECG characterization. The fiducial points of interest are
extracted from ECG waveforms using analytical method whereas the appearance
method extracts the morphological features of the heartbeats. In the ECG anal-
ysis, the analytical features are used as a complementary information with the
appearance features. The separability between inter-subject ECG signals and the
similarity between intra-subject ECG signals can be drawn using discriminant
analysis [9] and the subject classification is performed using a nearest neighbor
classifier. The method is benchmarked using ECG recordings selected from pub-
lically available QT database [10]. In the sections to follow the methodology and
the experimental setup of ECG biometric system along to the results of people
recognition are presented.

2 Linear Discriminant Analysis of ECG Signals

This section proposes a computational scheme for evaluating the metric of differ-
ent ECG signal attributes for their discrimination potential. A normal heartbeat
consists of three main components: P wave, QRS complex, and T wave (see for
instance Fig. 1). The heartbeats are detected using QRS complex delineator
[11]. It uses digital analysis of slope, amplitude and width information of ECG
waveforms. After segmenting the heartbeats, the P wave delineator [12] and the
T wave delineator [13] are employed to determine the P wave and the T wave
along to their end fiducials, respectively. We propose a novel framework of ECG
characterization that extracts salient features from each heartbeat, i.e., interval
features and morphological features.

The heartbeat interval features contains, the QRS width, the T wave duration,
the PQ segment, the pre-TP segment and the post-TP segment as shown in Fig.
1. In this class of features the temporal duration between PP, QQ, SS, TT and
RR waves of successive heartbeats are also extracted. The pre-PP (post-PP)
interval is the time interval between Ponset of a given heartbeat and the Ponset

of the previous (following) heartbeat. The pre-QQ (post-QQ) interval is the
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Fig. 2. Extraction of morphological features from heartbeat (a) normal and (b) scaled
signals

time interval between QPeak of a given heartbeat and the Qpeak of the previous
(following) heartbeat. The pre-SS (post-SS) interval is the time interval between
Speak of a given heartbeat and the Speak of the previous (following) heartbeat.
The pre-TT (post-TT) offset interval is the time interval between Toffset of a
given heartbeat and the Toffset of the previous (following) heartbeat. Similarly,
the pre-RR (post-RR) interval is defined as the RR interval between a given
heartbeat and the previous (following) heartbeat. The heartbeat interval features
and the interbeat interval features are shown in Fig. 1.

The morphological features contains the amplitude values of the segmented
heartbeats. They are extracted from normal and scaled ECG signal whereas the
signal is scaled using Pareto method [14] with an aim to reduce the sensitiv-
ity of the ECG signal both to noise and motion artifact. Thirty-two features
and twenty-eight features are extracted from temporal windows that are set
heuristically from the normal and scaled ECG signal, respectively using linear
interpolation of uniformly distributed sample positions as shown in Fig. 2.

A gallery set composed of a relatively large group of subjects of different ECG
characteristics is prepared. The database contains several examples of ECG sig-
nals for each subject in the gallery set and at least one example in the probe set.
We employ linear discriminant analysis (LDA) method that uses class member-
ship information and allows us to find eigenfeatures and therefore representations
in which the variations among different ECG signals are emphasized, while the
variations of the same ECG signal that are due to different physiological condi-
tions are de-emphasized.

Let S be the representation of an original signal to be analyzed, we construct
the lexicographic vector expansion Rn where n is the number of features ex-
tracted from the signal. Let us define all instances of an individual ECG as
being in one class and the ECGs of different subjects as being in different classes
for all subjects (N) in the gallery set. We establish a framework for perform-
ing a cluster separation analysis in the feature space. Also, having labeled all
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Fig. 3. Classical structure of an ECG biometric recognition system

instances in the training set and having defined all the classes, we compute the
within-class and between-class scatter matrices as follows:

SW
(S) =

N∑

i=1

∑

xij∈Ni

(xij − x̄i)(xij − x̄i)
T and SB

(S) =

N∑

i=1

Ni(x̄i − x̄)(x̄i − x̄)T

where x̄i =
1
Ni

∑Ni

j=1 xij is the mean vector of the class Xi and x̄ ∈ Rn is the
mean vector of all samples. The discriminatory power of a representation can
be quantified using the separation matrix. The class separation matrix and a
measure of separability, D(S) can be estimated by maximizing the expression,

argmax
φ

|φTSBφ|
|φTSWφ| and derive a set of m feature basis vectors {φ}mk=1. We assume

that the within-class scatter matrix SW is non-singular, then the FLD finds φ
as the k most significant generalized eigenvectors of SW

−1SB those correspond
to the first k largest generalized eigenvalues, thus D(S) = S−1

W SBφk = λkφk.
The generalized eigenvectors form the basis representation of the gallery and
the probe ECG signals. For identity recognition the classification is performed
using a nearest neighbour classifier.

3 Recognition Results of ECG Biometric Method

The classical structure of an ECG biometric recognition systems is shown in Fig.
3. The ECG recordings are first preprocessed that makes necessary correction
of signal from noise and muscle flexure. The processed signal is then passed for
ECG characterization followed by feature extraction. The Fisherbeat features
are selected from heartbeat features and thus most discriminatory information is
preserved. Finally the subject classification is performed in the projected domain
using nearest neighbor criterion.

The performance of the ECG biometric system is tested on the ECG record-
ings of QT database. The first channel ECG recordings of 85 subjects are used
in this experiment. The gallery and the probe datasets are prepared from ECG
recorded at different time segments. The results from the subjects class specific
linear projection of the ECG features demonstrate that there exist a correlation
between number of Fisherbeat features and subject classification performance.
The decrease in intra-subject variability and an increase of inter-subject separa-
bility, represented by first few principal components are shown in Fig. 4(a) and
Fig. 4(b).
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The receiver operating characteristic (ROC) curve related to better recogni-
tion rate achievable by the system, drawn for different projected dimensions are
shown in Fig. 4(c). The system achieves better result at dimension ten (DIM 10)
such as the values of the GAR are reported to 96% at zero FAR and 100% at
2% of FAR. The performance of the system degrades at higher dimensions and
also for the dimensions below ten.
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Fig. 4. Discriminability between ECG signals of five subjects represented by first (a)
two and (b) three principal components. (c) ROC curve for different projected dimen-
sions. (d) The histogram representation of recognition performance of discriminant
features.

The performance of the Fisherbeat features vary with the number of princi-
pal components. The equal error rate (EER) values gradually decrease with an
increase in component dimensions and found lowest to 1.1% at dimension ten.
For higher dimensions of principal components, EER values raise very steadily.
This trend in performance is shown in Fig. 4(d) by histogram drawn between
EER and dimensions. These results signify that the discriminatory information
of an ECG signal has been significantly captured by the Fisherbeat features. In
particular, the Fisher-eigenspace of significantly lower dimension is capable to
represent the discriminatory information of an individual heartbeat.
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4 Conclusion

This study has proposed a novel method to characterize the ECG signal for
individual recognition. The features of classes heartbeat interval features and
waveform morphological features are derived. Using discriminant analysis the
Fisherbeat features are selected. The advantages of using the discriminant analy-
sis of the heartbeat features are the suppression of noise from the signal, reducing
the complexity to access a larger attribute set and simplifying the classification
process. The reported results have proved the effectiveness of the proposed ECG
biometric method for individual recognition.
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