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Abstract. This paper presents a human recognition system using sin-
gle lead electrocardiogram (ECG). The method corrects the ECG signal
from noise as well as other artifacts to it and extracts major features
from P-QRS-T waveforms. Finite Impulse Response (FIR) equiripple
high pass filter is used for denoising ECG signal. Haar wavelet transform
is used to detect the R peaks. By using this novel approach, different
extensive information like heart rates, interval features, amplitude fea-
tures, angle features area features are received among dominant fiducials
of ECG waveform. The feasibility of ECG as a new biometric is tested
on selected features that report the recognition accuracy to 97.12% on
the data size of 100 recordings of PTB database. The results obtained
from the proposed approach surpasses the other conventional methods
for biometric applications.
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1 Introduction

In this modern digital era, an unique and accurate identity is essential need of
the society. Traditional strategies for recognition include PIN numbers, tokens,
passwords and ID cards raise serious security concerns of identity theft. The
major benefit of security systems based on biometrics is that they work on an
individual physiological or behavioral characteristics. One of the flaws of com-
monly used biometrics are the ease of falsification of credentials. For example, a
photo can be counterfeited a face, the iris can be falsified by contact lenses and
even the fingerprint can be fooled from a gel or latex finger.

In order to overcome the issues of conventional biometrics the bioelectric
signals are one of the better choice. They are subjective to an individual and
therefore, harder to mimic them. They are highly secure and are prevent from
any fear of imitation. The electrocardiogram (ECG) is one of the known bioelec-
trical signal used to monitor the health of an individual heart. An ECG records
changes in the electric potential of cardiac cells and possesses unique charac-
teristics. The ECG records the electrophysiologic pattern of depolarizing and
repolarizing during each heartbeat as shown in Fig. 1. Studies show that ECG
exhibits discriminatory patterns among individuals [5–16].
c© Springer Nature Singapore Pte Ltd. 2018
D. Ghosh et al. (Eds.): ICMC 2018, CCIS 834, pp. 61–73, 2018.
https://doi.org/10.1007/978-981-13-0023-3_7

http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-13-0023-3_7&domain=pdf


62 A. Pal and Y. N. Singh

P

Q

R

S

T

Fig. 1. ECG waveform

Outmoded medicine through efforts to universalize ECG signal to produce a
common diagnostic method applicable to most individual [1], but the uniqueness
of ECG among individuals is an advantage in biometrics as well as challenge in
medicine [17]. Several studies have demonstrated ECG-based recognition is a
robust biometric method. To ascertain that it is possible to identify individual
using ECG, Biel et al. extracted the features from P, QRS and T waveforms and
evaluate the feasibility of ECG signal for human recognition [5]. They performed
multivariate analysis for classification and achieved 100% recognition rate. Israel
et al. have demonstrated the Wilks Lambda technique for feature selection and
linear discriminant analysis for classification [10]. This framework was tried on
a database of 29 subjects with 100% human recognition rate was achieved. Shen
et al. presented one lead ECG based on identity verification with seven fiducial
based features that are related to QRS complex [6]. The consequence of identity
verification has discovered to be 95% using template matching, 80% using deci-
sion based neural network and 100% for consolidating the two methods from a
gathering of 20 people. Singh and Gupta have proposed P and T wave delineators
along with QRS complex to extract different features from dominant fiducials of
the electrocardiogram on each heartbeat [16]. The proposed system is tested on
50 subjects and achieved the classification accuracy to 98%.

In this paper, a robust and an efficient method of ECG biometric recognition
is proposed. For denoising ECG signal, FIR equiripple high pass filter is used
that removes baseline noise. The FIR equiripple low pass filter removes the power
interference noise. Haar wavelet transform is used for accurately detection of the
R peaks (Rpeak). All other dominant features of the ECG waveform are detected
with respect to the R peaks by setting of the windows whose sizes depend on
the length of the corresponding wave duration and location. Features of the
ECG signal including interval features, amplitude features, angle features and
area features where successfully despite. The algorithm has been applied on 100
ECG signals of PTB database from physionet bank and could detect 39 features
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from every ECG signals. By applying PCA and Kernel PCA reduction methods
on 39 features. Finally the similarities within the components of feature set are
calculated on the basis of Euclidean distance.

The rest of the paper is organized as follows. Section 2 presents the method-
ology for the recognition system based on ECG. The delineation techniques of P
and T wave are demonstrated with detailed description of ECG data. The exper-
iment results of recognition system presented in Sect. 3. Finally, conclusions are
drawn in Sect. 4.

2 Methodology

The framework of ECG biometric recognition system is shown in Fig. 2. The
method is implemented in a series of steps: (1) ECG data preprocessing: includes
correction of signal from noise artifacts. (2) Data representation: includes delin-
eation of dominant waveform and recognition of dominant features between the
diagnostic points. (3) Recognition: that matches test template with the template
stored in the database using a suitable technique.

2.1 ECG Data Preprocessing

An electrocardiogram exhibits the electric potential actually electrical voltages
are higher in the heart, it can be characterize as P, Q, R, S, and T waves. When
an ECG is recorded, it contaminates several kind of noises. The contamination of
different artifacts such as baseline wander noise and power line interference may
change the levels, values of amplitudes and time periods of the ECG waveform,
respectively.

Equiripple highpass filter is capable of removing baseline wander noise with-
out affecting the dominant fiducials of the ECG. The equiripple highpass filter
uses a filter order of 2746, cutoff frequency of 1 Hz, stop frequency of 2 Hz, and
stop attenuation of 80 dB. The power interference noise appears as spike in fre-
quency components analysis at 50 Hz. This frequency component can be removed
by using notch filter. The FIR equiripple lowpass filter is used with filter order
of 508 and cutoff frequency is set to 40 Hz. This filter is followed by an IIR filter
to reach sharp frequency notch and avoid phase distortion.

2.2 Data Representation

The ECG signal is now ready to process for features extraction. In this stage,
a systematic analysis of ECG is done using different techniques. The Haar
wavelet transform method is used to extract the ECG features. Haar wavelet
gives promising performance to delineate P-QRS-T wave fiducials.
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Fig. 2. ECG biometric recognition system [16].
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Fig. 3. Detection of ECG waveforms, Ponset, P, Poffset, Q, R, S, Tonset, T and Toffset.

Peak Detection. Using Harr wavelet transform R peaks are easily detected due
to the multiresolution analysis of the ECG signal. In reference to the R peak
location, the P, Q, S and T waveforms are detected. The rhythm of heartbeat is
calculated using the following formula:

Number of heartbeats = R peaks * Length of signal/(Frequency * 60 s) per
minute.
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Fig. 4. Interval features of ECG waveform [16].

The procedure to detect P-peak is shown as follows: To detect Ppeak location,
window of 160 samples is set. This window extends from 200 to 60 samples to the
left of Rpeak. Within the window, Ppeak is located at the samples that have the
maximum amplitude value. Another window of 90 samples is set. The window
boundary from 100 to 10 samples to the left of Rpeak location. Qpeak is located
where the minimum amplitude value is found within the window. For Speak, the
window of size 95 samples is set and window extends from 5 to 100 samples to the
right side of Rpeak location. The minimum amplitude value within the window
is the Speak location. Tpeak are the farthest waves from Rpeak. Tpeak are detected
using window of 300 samples of width. These windows start at 100 samples on
the right of Rpeak and end at 400 samples away from Rpeak. Tpeak is located at
the maximum amplitude value from right side of Rpeak within the window. A
window of size 300 samples is set. Within this window the minimum amplitude
value at 150 samples from the left of Tpeak is Tonset location and minimum
amplitude value at 150 samples to the right of Tpeak location is Toffset location.
Thus all peaks are successfully detected. Figure 3 shows detected P, Q, R, S, T,
Poffset, Ponset, Toffset and Tonset waves.

2.3 Feature Extraction

Once the ECG is delineated, peak and limits of QRS complex, P wave and T
wave are known. From known fiducials 39 features which are extracted from each
heartbeat where each derives from one of the classes:
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Fig. 5. Amplitude features of ECG waveform [16].

Interval Features. Following features related to heartbeat intervals are com-
puted. The PRI is the time interval between Ppeak and Rpeak fiducials. PRS is
the time interval between Poffset to QRSonset fiducials. The QT is the corrected
time interval between QRSonset to Toffset fiducials, according to Bazett’s for-
mula. The STS is the time interval from QRSoffset to Tonset fiducials and STI

is the time intervals from QRSoffset to Toffset fiducials. Other interval features
are computed relative to Rpeak fiducial. The time interval from Rpeak to P wave
fiducials, Poffset, Ppeak and Poffset are defined as PoffsetR, PR and PonR,
respectively. The time interval from Rpeak to Qpeak is defined as QR and time
interval from Rpeak to Speak is defined as RS. Similarly, time interval from Rpeak

to T wave fiducials, Tonset and Toffset are defined as RT , RTonset and RToffset

respectively.
The computed time interval features are shown in Fig. 4. Along to these

interval features within a beat three interbeat interval features set RR, PP and
TT are also extracted. RR is defined as the time interval between two successive
R-peaks, similarly PP and TT are also detected. The RR feature is also used
to correct the QT interval from the effects of change in heartrate [16].

Amplitude Features. Following amplitude features are computed relative to
the amplitude of R peak. This class of features are dependent to QRS complex
which is usually invariant to change in the heart rate. The QRa feature is defined
as the difference in amplitude of R and Q waves. The SRa feature is defined as
the difference in amplitude between R and S waves. Similarly, the difference
in amplitude of P wave and T wave to R wave are defined as PRa and TRa,
respectively [16]. These amplitude features are shown in Fig. 5.
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Fig. 6. Angle features of ECG waveform [16].

Angle Features. Following features related to angular displacement between
different peak fiducials of P, Q, R, S and T waves are extracted from each
heartbeat. Hence the aim is to extract a class of features which are stable and
prone to the change in heart rate. The ∠Q is defined as the angular displacement
between directed lines joining from Qpeak to Ppeak and Qpeak to Rpeak fiducials
[43]. Using Cosine rule ∠Q can be computed as follows:

cos Q =
PQ2 + QR2 − PR2

2 ∗ PQ ∗ QR
(1)

∠R is defined as the angular displacement between directed lines joining from
Rpeak to Qpeak and from Rpeak to Speak fiducials. Similarly, ∠S is defined as
the angular displacement between directed lines joining from Speak to Rpeak and
from Speak to Tpeak fiducials. ∠P is defined as the angular displacement between
directed lines joining from Ponset to Ppeak and from Ppeak to Poffset fiducials.
∠T is defined as the angular displacement between directed lines joining from
Tonset to Tpeak and from Tpeak to Toffset fiducials. These angle features are
shown in Fig. 6.

Area Features. We compute another set of feature called area features formed
among ECG wave fiducials as follows (Table 1):

The procedure used to compute the area of a triangle having known vertices
(Ax, Ay), (Bx, By) and (Cx, Cy) in a 2D space is given as follows [44]:

Area of Triangle ABC =
Ax(By − Cy) + Bx(Cy − Ay) + Cx(Ay − By)

2
(2)
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Table 1. Area features of a heartbeat

Area features Representation

Area P Area of �P

Area Q Area of �Q

Area R Area of �R

Area S Area of �S

Area T Area of �T

3 Recognition Results

3.1 Database

Physikalisch-Technische Bundesanstalt (PTB), the National Metrology Institute
of Germany, has provided the digitized ECG for research [41]. The ECG signal
were collected from healthy volunteers and patients with different heart diseases
by Professor Michael, M.D., at the Department of Cardiology of University Clinic
Benjamin Franklin in Berlin, Germany. The PTB database contain total records
549 from 290 subjects with the conventional 12 leads is represented as i, ii, iii,
avr, avl, avf, v1, v2, v3, v4, v5, v6 together with three Frank ECG leads that
is vx, vy, vz. Each signal is digitized at 1000 samples per second, with 16 bit
resolution over a range of ±16.384 mV. The performance of the ECG biometric
recognition system is evaluated on the ECG recordings of 100 subjects from
the class Physikalisch Technishe Bundesanstalt (PTB) database. The proposed
methodology is tested on 100 subject of PTB database from each of these subject
6 windows of 30 s is created. A feature vector of 600 × 39 (PTB) dimension.
6 windows from each subject is used as training template from which distance
was calculated for each subject.

3.2 Feature Selection

Feature selection is the process of selecting a subset of relevant features from
the feature vector collected from ECG identification model. In this paper two
dimensionality reduction methods are used that is principal components anal-
ysis (PCA) and kernel principal components analysis (KPCA) [3]. PCA is a
very popular technique for dimensionality reduction. Suppose a data set is of
n-dimensions, the aim of the PCA is to find a linear subspace of d-dimension
which is less than n than this data points lies on the linear subspace. Such a
reduced subspace attempts to maintain the inconsistency of the data. The PCA
approach can be described in five steps: (1) Calculate the covariance matrix of
the given d-dimensional data set. (2) After that calculate the eigenvalues and
eigenvector of the given data set and sort the eigenvalues in a decreasing order.
(3) Select the k eigenvectors that belong to k largest eigenvalues and k is the
dimension of the new feature space. (4) Compute the W projection matrix of
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the k selected eigenvectors. (5) Finally, transform the given data set X to obtain
the k-dimensional feature subspace Y

Y = WT .X (3)

PCA is designed for linear capabilities in high-dimensional data set. However,
high dimensional data sets are nonlinear [3]. In some cases the high-dimensional
data lay on boundary or near the boundary of a nonlinear manifold, so in this
case PCA cannot variability of the data correctly. In kernel PCA, the kernel
is used in PCA to calculate the high-dimensional feature vector efficiently in
nonlinear mapping on the given input data set. The formulation of kernel PCA
as follows:

t∑

i

Θ(xi) − ZqZ
T
q Θ(xi) (4)

where Zq consist of eigenvectors and (xi) is data set.

3.3 Recognition Performance

For recognition we generate the genuine and imposter matching scores. A match-
ing score is a similarity measures between features derived from the test and
training template. For different individuals, the test template is compared to
the template stored in the gallery set using Euclidean distance as the similarity
measure to generate matching scores (Table 2).

Table 2. Evaluation of recognition performance using different method

GAR (%) FAR (%)

Euclidean distance PCA Kernel PCA

100 24.57 25.06 19.67

90 7.7 3.02 1.63

80 4.94 1.02 0.41

70 1.8 0.2 0.29

60 0.4 0.04 0.08

50 0.16 0.00 0.04

The receiver operating characteristic (ROC) curve plot is a function of the
decision threshold which plots the rate of false acceptance against the false rejec-
tion. The equal error rate (EER) is defined as the rate at which the false accep-
tance rate equals the false rejection rate. The accuracy of the recognition system
is determined from subtracting the EER value to 100.

The equal error rate (EER) of the identification system is found to be 2.88%
and accuracy is 97.12% by applying kernel PCA for dimensionality reduction. By
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Fig. 7. ROC curves representing equal error rate.

Table 3. Comparision of proposed method with other known methods

Methods ECG database/
Population size

Features used Classification
method

Recognition
results

Tantawi et al. [34] PTB/38 QRS- complex Radial basis
neural network

97%

Safie et al. [33] PTB/112 QRS- complex Matching score 91.01%

This paper PTB/100 Amplitude &
Interval

Matching score 97.12%

Angle & Area

using PCA EER is 8.86% and accuracy is 91.14% and Euclidean distance having
an EER is 8.98% and accuracy is 91.01%. The performance of the ECG biometric
recognition system is represented using receiver operator characteristic (ROC)
curve as shown in Fig. 7. It shows that the system has genuine acceptance rate
(GAR) for kernel PCA is 100% at 19.67% false acceptance rate (FAR), GAR
for PCA is 100% at 25.06% FAR and GAR for euclidean distance is 100% at
24.57%. The recognition performance is found better for kernel PCA reduction
method. In comparision to other methods, the proposed ECG biometric recog-
nition system give outstanding performance on PTB database and this is shown
in Table 3.

4 Conclusion

This study has proposed a method of biometric recognition of individuals using
their heartbeats. The method has delineated the dominant fiducials of ECG
waveform and then interval, amplitude, angle and area features are computed.
The recognition results are shown that the proposed method of ECG biometric
recognition is and useful to distinguish the heartbeats of normal as well as the
inpatient subjects.
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Universally, individuals have a heart and the nature of the way it beats and
once used as a biometric proves the life of the user in a natural way. Therefore, no
test of liveness is required. Finally, each individual has a unique set of heartbeat
features. Thus, the proposed techniques can be used as a potential biometric for
human recognition which is very secure and robust from falsification.

References

1. Draper, H.W., Peffer, C.J., Stallmann, F.W., Littmann, D., Pipberger, H.V.: The
corrected orthogonal electrocardiogram and vector cardiogram in 510 normal men
(Frank lead system). Circulation 30(6), 853–864 (1964)

2. Webster, J.G.: Medical Instrumentation: Application and Design. Wiley, Philadel-
phia (1997)

3. Duda, R.O., Hart, P.E., Stork, D.G.: Pattern Classification, 2nd edn. Wiley-
Interscience, New York (2000)

4. Wayman, J.L.: Fundamentals of biometric authentication technologies. Int. J.
Image Graph. 1(1), 93–113 (2001)

5. Biel, L., Pettersson, O., Philipson, L., Wide, P.: ECG analysis: a new approach in
human identification. IEEE Trans. Instrum. Meas. 50(3), 808–812 (2001)

6. Shen, T.W., Tompkins, W.J., Hu, Y.H.: One-lead ECG for identity verification. In:
Proceedings 2nd Joint Conference on IEEE Engineering in Medicine and Biology
Society and the Biomedical Engineering Society, Houston, pp. 280–305 (2002)

7. Stankovic, R.S., Falkowski, B.J.: The Haar wavelet transform: its status and
achievements. Comput. Electr. Eng. 29, 25–44 (2003)

8. Palaniappan, R., Krishnun, S.M.: Identifying individuals using ECG beats. In:
Proceedings International Conference on Signal Processing and Communications,
pp. 569–572 (2004)

9. Saechia, S., Koseeyaporn, J., Wardkein, P.: Human identification system based
ECG signal. In: Proceedings TENCON 2005 IEEE Region 10, pp. 1–4 (2005)

10. Israel, S.A., Irvine, J.M., Cheng, A., Wiederhold, M.D., Wiederhold, B.K.: ECG
to identify individuals. Pattern Recognit. 38, 133–142 (2005)

11. Kim, K.-S., Yoon, T.-H., Lee, J.-W., Kim, D.-J., Koo, H.-S.: A robust human
identification by normalized time-domain features of electrocardiogram. In: Pro-
ceedings 2005 IEEE Engineering in Medicine and Biology 27th Annual Conference,
Shanghai, China, pp. 1114–1117 (2005)

12. Molina, G.G., Bruekers, F., Presura, C., Damstra, M., Veen, M.V.: Morphologi-
cal synthesis of ECG signals for person authentication. In: Proceedings of Signal
Processing Conference, Poznan, Poland (2007)

13. Watson, A.: Biometrics: easy to steal, hard to regain identity. Nature 449(7162),
535 (2007)

14. Singh, Y.N., Gupta, P.: Quantitative evaluation of normalization techniques of
matching scores in multimodal biometric systems. In: Lee, S.-W., Li, S.Z. (eds.)
ICB 2007. LNCS, vol. 4642, pp. 574–583. Springer, Heidelberg (2007). https://doi.
org/10.1007/978-3-540-74549-5 61

15. Wubbeler, G., Stavridis, M., Kreiseler, D., Bousseljot, R., Elster, C.: Verification of
humans using the Electrocardiogram. Pattern Recognit. Lett. 28(10), 1172–1175
(2007)

16. Singh, Y.N., Gupta, P.: ECG to individual identification. In: Proceedings 2nd IEEE
International Conference on Biometrics Theory, Applications and Systems, pp. 1–8
(2008)

https://doi.org/10.1007/978-3-540-74549-5_61
https://doi.org/10.1007/978-3-540-74549-5_61


72 A. Pal and Y. N. Singh

17. Chan, A.D.C., Hamdy, M.M., Badre, A., Badee, V.: Wavelet distance measure for
person identification using electrocardiograms. IEEE Trans. Instrum. Meas. 57(2),
248–253 (2008)

18. Mane, V.M., Jadhav, D.V.: Review of multimodal biometrics: applications, chal-
lenges and research areas. Int. J. Biom. Bioinform. 3(5), 90–95 (2009)

19. Boumbarov, O., Velchev, Y., Sokolov, S.: ECG personal identification in subspaces
using radial basis neural networks. In: Proceedings IEEE International Workshop
on Intelligent Data Acquisition and Advanced Computing Systems: Technology
and Applications (IDAACS 2009), pp. 446–451 (2009)

20. Singh, Y.N., Gupta, P.: A robust delineation approach of electrocardiographic P
Waves. In: Proceedings of the 2009 IEEE Symposium on Industrial Electronics and
Applications (ISIEA), vol. 2, pp. 846–849 (2009)

21. Singh, Y.N., Gupta, P.: A robust and efficient technique of T wave delineation
from electrocardiogram. In: Proceedings of Second International Conference on
Bioinspired Systems and Signal Processing (BIOSIGNALS), IEEE-EMB, pp. 146–
154 (2009)

22. Singh, Y.N., Gupta, P.: Biometrics method for human identification using elec-
trocardiogram. In: Tistarelli, M., Nixon, M.S. (eds.) ICB 2009. LNCS, vol. 5558,
pp. 1270–1279. Springer, Heidelberg (2009). https://doi.org/10.1007/978-3-642-
01793-3 128

23. Fatemian, S.Z., Hatzinakos, D.: A new ECG feature extractor for biometric recog-
nition. In: Proceedings 16th International Conference on Digital Signal Processing,
pp. 1–6 (2009)

24. Odinaka, I., Lai, P.-H., Kaplan, A.D., Sullivan, J.A.O., Sirevaag, E.J., Kristjans-
son, S.D., Sheffield, A.K., Rohrbaugh, J.W.: ECG biometrics: a robust short-time
frequency analysis. In: Proceedings 2010 IEEE International Workshop on Infor-
mation Forensics and Security (WIFS), pp. 1–6 (2010)

25. Ye, C., Coimbra, M., Kumar, B.: Investigation of human identification using two-
lead electrocardiogram ECG signals. In: Proceedings 4th IEEE International Con-
ference Biometrics: Theory Applications and Systems (BTAS), pp. 1–8 (2010)

26. Coutinho, D.P., Fred, A.L.N., Figueiredo, M.A.T.: One-lead ECG based personal
identification using Ziv-Merhav cross parsing. In: Proceedings of 20th International
Conference on Pattern Recognition (ICPR), pp. 3858–3861 (2010)

27. Venkatesh, N., Jayaraman, S.: Human electrocardiogram for biometrics using DTW
and FLDA. In: Proceedings of 20th International Conference on Pattern Recogni-
tion (ICPR), pp. 3838–3841 (2010)

28. Li, M., Narayanan, S.: Robust ECG biometrics by fusing temporal and cepstral
information. In: Proceedings of 20th International Conference on Pattern Recog-
nition (ICPR), pp. 1326–1329 (2010)

29. Tawfik, M.M., Kamal, H.S.T.: Human identification using QT signal and QRS
complex of the ECG. Online J. Electron. Electr. Eng. 3(1), 383–387 (2011)

30. Singh, Y.N.: Challenges of UID environment. In: Proceedings of the UID National
Conference on Impact of Aadhaar in Governance, pp. 37–45, December 2011

31. Singh, Y.N., Singh, S.K.: The state of information security. In: Proceedings of the
Artificial Intelligence and Agents: Theory and Applications, pp. 363–367, December
2011

32. Singh, Y.N., Gupta, P.: Correlation based classification of heartbeats for individual
identification. J. Soft Comput. 15, 449–460 (2011)

33. Sae, S.I., Soraghan, J.J., Petropoulakis, L.: Electrocardiogram (ECG) biometric
authentication using pulse active ratio (PAR). IEEE Trans. Inf. Forensics Secur.
6, 1315–1322 (2011)

https://doi.org/10.1007/978-3-642-01793-3_128
https://doi.org/10.1007/978-3-642-01793-3_128


ECG Biometric Recognition 73

34. Tantawi, M., Revett, K., Tolba, M., Salem, A.: A novel feature set for deployment in
ECG based biometrics. In: 2012 Seventh International Conference on International
Conference of Computer Engineering Systems (ICCES), pp. 186–191 (2012)

35. Israel, S.A., Irvine, J.M.: Heartbeat biometrics: a sensing system perspective. Int.
J. Cogn. Biom. 1(1), 39–65 (2012)

36. Luo, Y., Hargraves, R.H., Bai, O., Ward, K.R.: A hierarchical method for removal
of baseline drift from biomedical signals application in ECG analysis. Sci. World
J. 2013, 1–2 (2013)

37. Singh, Y.N., Singh, S.K.: Identifying individuals using eigenbeat features of elec-
trocardiogram. J. Eng. 2013, 1–8 (2013)

38. Singh, Y.N., Singh, S.K.: A taxonomy of biometric system vulnerabilities and
defences. J. Biom. 5, 137–159 (2013)

39. Wang, Z., Zhang, Y.: Research on ECG biometric in cardiac irregularity condition.
In: Proceedings of IEEE International Conference on Medical Biometrics (ICMB),
pp. 157–163 (2014)

40. Singh, Y.N.: Human recognition using fishers discriminant analysis of heartbeat
interval features and ECG morphology. Neurocomputing 167, 322–335 (2015)

41. Physionet, “Physiobank Archives”, Physikalisch-Technische Bundesanstalt, Abbe-
strasse 2–12, 10587 Berlin, Germany. https://www.physionet.org/physiobank/
database/ptbdb. Accessed 2016

42. Maths open Reference. http://in.mathworks.com/help/wavelet/ref/wavedec.html.
Accessed June 2017

43. Maths open Reference. http://www.mathopenref.com/lawofcosines.html. Accessed
June 2017

44. Maths open Reference. http://www.mathopenref.com/coordtrianglearea.html.
Accessed June 2017

https://www.physionet.org/physiobank/database/ptbdb
https://www.physionet.org/physiobank/database/ptbdb
http://in.mathworks.com/help/wavelet/ref/wavedec.html
http://www.mathopenref.com/lawofcosines.html
http://www.mathopenref.com/coordtrianglearea.html

	ECG Biometric Recognition
	1 Introduction
	2 Methodology
	2.1 ECG Data Preprocessing
	2.2 Data Representation
	2.3 Feature Extraction

	3 Recognition Results
	3.1 Database
	3.2 Feature Selection
	3.3 Recognition Performance

	4 Conclusion
	References




