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ABSTRACT 
The attributes of the ECG signal signifying the unique electrical properties of the heart offer 
the opportunity to expand the realm of biometrics, which pertains the identification of an 
individual based on physical characteristics. The temporal organization of the ECG signal 
offers a basis for composing a machine learning feature set. The four attributes of the fea-
ture set are derived through software automation enabled by Python. These four attributes 
are the temporal differential of the P wave maximum and T wave maximum relative to the R 
wave maximum and the Q wave minimum and S wave minimum relative to the R wave 
maximum. The multilayer perceptron neural network was applied and evaluated in terms of 
classification accuracy and time to develop the model. Superior performance was achieved 
with respect to a reduced feature set considering only the temporal differential of the P wave 
maximum and T wave maximum relative to the R wave maximum by comparison to all four 
attributes applied to the feature set and the temporal differential of the Q wave minimum 
and S wave minimum relative to the R wave maximum. With these preliminary findings and 
the advent of portable and wearable devices for the acquisition of the ECG signal, the tem-
poral organization of the ECG signal offers robust potential for the field of biometrics. 

 

1. INTRODUCTION 
The domain of biometrics is a rapidly advancing field that provides verification of an individual based 

on the individual’s uniquely intrinsic physiological characteristics [1-3]. For example, a standard biometric 
application pertains to a person’s fingerprint. More sophisticated biometric techniques involve identifica-
tion of the voice, face, and aspects of the eye, such as the retina and iris [1]. 
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Intuitively, functionality of the human heart is a candidate for the realm of biometrics. The electro-
cardiogram (ECG) signal ascertains the electric properties of the heart, which also infers the mechanical 
functionalities [4, 5]. Recently, the feasibility of ECG biometrics has rapidly evolved especially with the 
development of relevant wearable applications [2, 3, 6]. 

The machine learning algorithm known as the multilayer perceptron neural network provides an in-
tuitive means for attaining a classification accuracy that is representative of the neurological foundation 
for the brain [7-12]. Additionally, the application of clinically perceptible attributes, such as utilizing the 
temporal domain of the ECG signal, to define the machine learning feature set may enhance comprehen-
sion among experts that are more peripheral to the domain of machine learning. Therefore, the objective 
of the research endeavor was to apply the multilayer perceptron neural network machine learning algo-
rithm to distinguish disparate ECG signals of subjects based on temporal organization of the ECG signals 
with a dual emphasis respective of classification accuracy and time to develop the model. 

2. BACKGROUND 
2.1. A Perspective of Biometrics 

Biometrics has been identified as an emerging technology with considerable impact. This technology 
pertains to the identification of people based on their inherently specific physiological attributes. The field 
of biometrics is highly relevant to personal security, such as the authentication of a person’s identity [1]. 
Central to the feasibility of a biometric application is the capacity to acquire the relevant signal data in a 
convenient means, such as enabled through portable and wearable devices for obtaining ECG signal data 
[1-3, 6]. The ECG signal is particularly of interest as a candidate for biometric applications, since the ECG 
signal is highly robust to counterfeiting and feasible for continuous measurement [2, 3, 13].  

2.2. A Perspective of the Electrocardiogram (ECG) and P, Q, R, S, and T Waves of the ECG  
Signal 

The origins of the development of the first clinical electrocardiograph for ascertaining the electrocar-
diogram (ECG) are attributed to Willem Einthoven, for which he was awarded the Nobel Prize during 
1924 [5]. The opportunity for applying the electrocardiograph as a clinical diagnostic system and now for 
biometric applications has been considerably augmented with progressive evolution from the original de-
vice requiring two rooms with a weight of approximately 600 pounds to current wearable and inherently 
portable applications [5, 6]. The ECG signal reveals considerable diagnostic insight with respect to the 
health status of the heart [5, 14, 15]. The ECG signal reveals highly perceptible features, such as the P, Q, 
R, S, and T waves [4, 5]. 

The P, Q, R, S, and T waves of the ECG signal constitute distinct aspects of the activity of the heart [4, 
5]. The P wave can be segmented into two aspects in order to determine activity of the two atriums of the 
heart. The first half of the P wave pertains to the depolarization of the right atrium, and the second half of 
the P wave is representative of the depolarization of the left atrium [4]. 

Subsequent to the P wave is the QRS complex, which derives multiple aspects of the heart’s functio-
nality. Preliminarily, the middle section of the left aspect for the interventricular septum undergoes depo-
larization. Then both ventricles’ endocardium undergoes depolarization, which is followed by decreasing 
right ventricle depolarization and increasing left ventricle depolarization. The terminal portion of the QRS 
complex represents the basilar aspect of the left ventricle undergoing depolarization [4]. 

After the QRS complex is completed the T wave commences. The T wave is representative of the re-
polarization of the ventricles [4]. A representative ECG signal is presented in Figure 1. Note that the P, R, 
and T waves involve maxima. The R wave constitutes a global maximum, and the P and T waves feature 
local maxima. The Q and S waves additional present minima. Additionally, the R wave with its global 
maximum presents the most readily identifiable feature. 

From a high level perspective machine learning involves consolidating signal data to a numerical feature 
set consisting of numeric attributes [16]. For example, with respect to neurologically and biomechanically  
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Figure 1. An ECG signal illustrating the P, Q, R, S, and T waves with their 
representative associated maxima and minima, which are emphasized by a 
filled dot. The P, Q, R, S, and T waves proceed from left to right. 

 
themed signal data, the temporal organization of maxima and minima provides an instrumental basis for 
developing a feature set that achieves considerable classification accuracy [17, 18]. Based on the visualiza-
tion of a representative ECG signal from Figure 1, the temporal organization of the R wave relative to the 
P, Q, S, and T waves derives a feature set with the opportunity for achieving considerable classification 
accuracy. The selection of an appropriate machine learning classification algorithm that provides a visua-
lized presentation for the basis of achieving distinctive classification accuracy that would be comprehensi-
ble to experts contributing to biometrics that are extrinsic to the domain of machine learning would be 
beneficial. 

2.3. The Fundamentals of the Multilayer Perceptron Neural Network 

An advantage of the multilayer perceptron neural network is its intuitive semblance from a computa-
tional perspective to the neuron, which is a foundational for the perceptive capabilities of the brain [7-12]. 
Inherent features of the multilayer perceptron neural network involve the use of backpropagation and the 
sigmoid function. Additionally, the multilayer perceptron neural network has been applied to numerous 
applications for distinguishing human health status based on signal data [7, 19]. The research endeavor 
objective is to utilize the multilayer perceptron neural network to distinguish subjects based on the tem-
poral organization of their available ECG signal data with consideration of both classification accuracy and 
time to develop the model. 

3. MATERIALS AND METHODS 
The ECG signal data was acquired through the online resource PhysioNet. PhysioNet provides global 

access to an assortment of clinical and physiological signal data, such as the ECG signal, the platform is 
maintained by MIT Laboratory for Computational Physiology [20, 21]. The research was conducted from 
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a perspective of engineering proof of concept. ECG signal data was selected from two subjects with a sam-
pling rate of 500 Hz and downloaded in CSV format for post-processing by Python. 

Python was applied to consolidate the ECG signal data to a feature set to an Attribute-Relation File 
Format (ARFF) suitable for the Waikato Environment for Knowledge Analysis (WEKA) [10-12]. The fol-
lowing procedure generalizes the Python software program from a pseudo code perspective: 

1) Upload the ECG signal data for Python post-processing. 
2) Acquire the temporal location of the R wave maximum for the first 10 heart beats. 
3) Based on temporal location of the R wave maximum acquire the maximum of the P wave and 

maximum of the T wave. 
4) Acquire the temporal location of the minima for the Q wave and S wave based on the temporal lo-

cation of the maxima for the R wave, P wave, and T wave. 
5) Visualize the maxima of the P wave, R wave, and T wave and the minima of the Q wave and S wave 

in as illustrated in Figure 1. 
6) Determine the temporal differential of the maximum of the P wave and the maximum of the T 

wave with respect to their associated R wave maximum. 
7) Determine the temporal differential of the minimum of the Q wave and the minimum of the S 

wave with respect to their associated R wave maximum. 
8) Write the temporal differentials for the P, Q, S, and T waves with respect to their associated R wave 

to an ARFF file for machine learning classification. 
9) Apply the above process for both ECG signals of the two subjects. 
A multilayer perceptron neural network available through WEKA has been selected as the algorithm 

to conduct machine learning classification. Tenfold cross-validation was applied [10-12]. The generated 
multilayer perceptron neural network was subsequently evaluated in terms of classification accuracy and 
time to build the model. 

4. RESULTS AND DISCUSSION 
The Python software enabled robust automation of the consolidation of the ECG signal data to a fea-

ture set with visualization of the temporal orientation of the P, Q, R, S, and T waves as illustrated in Figure 
1. The feature set for developing the ARFF file was derived from the temporal organization of the follow-
ing four aspects of the ECG signal: 
● P wave maximum temporal differential relative to the associated R wave maximum 
● Q wave minimum temporal differential relative to the associated R wave maximum 
● S wave minimum temporal differential relative to the associated R wave maximum 
● T wave maximum temporal differential relative to the associated R wave maximum 

A multilayer perceptron neural network was generated by WEKA as illustrated in Figure 2, which 
consists of four input layer nodes, three hidden layer nodes, and two output layer nodes. The multilayer 
perceptron neural network achieved a classification accuracy of 95% for the distinction of two subjects 
based on their recorded ECG signals. The model required 0.1 seconds to be built. With respect to the de-
rived confusion matrix one instance of the first subject is misclassified as the second subject. Further in-
vestigation is conducted with respect to the reduction of attributes. In some scenarios, decreasing the 
number of attributes has enhanced performance for the machine learning model [19]. 

Two other machine learning scenarios were addressed with respect to the multilayer perceptron 
neural network. The first reduced feature set consisted of only the Q wave minimum temporal differential 
relative to the associated R wave maximum and S wave minimum temporal differential relative to the as-
sociated R wave maximum. The second reduced feature set consisted of P wave maximum temporal diffe-
rential relative to the associated R wave maximum and T wave maximum temporal differential relative to 
the associated R wave maximum. 

For the first reduced feature set was comprised of only the Q wave minimum temporal differential 
relative to the associated R wave maximum and S wave minimum temporal differential relative to the  
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Figure 2. A multilayer perceptron neural network for distinguishing subjects based on their respec-
tive ECG signals. 
 
associated R wave maximum the multilayer perceptron achieved 90% classification accuracy. The model 
required 0.06 seconds to develop. With regards to the confusion matrix one instance of the first subject 
was misclassified as the second subject, and one instance of the second subject was misclassified as the first 
subject. 

The second reduced feature set was comprised of the P wave maximum temporal differential relative 
to the associated R wave maximum and T wave maximum temporal differential relative to the associated R 
wave maximum achieved 95% classification accuracy through the application of the multilayer perceptron 
neural network. Notably, this model required 0.01 seconds to be developed. The confusion matrix reveals 
one instance of the first subject misclassified as the second subject. 

These findings warrant the consideration of additional machine learning algorithms. Multiple other 
machine learning algorithms, such as the J48 decision tree, support vector machine, naïve Bayes, K-nearest 
neighbors, and logistic regression, are proposed to ascertain the machine learning algorithm that attains 
the optimal combination of classification accuracy and time to build the model. The comprehensive de-
termination of the optimal combination of classification accuracy and time to build the model provides 
significant insight with future architectures for further implementation [19, 22]. 

Another challenge of the acceptance of the amalgamation of biometrics with respect to the applica-
tion of the ECG signal with the use of machine learning is the issue of trust with respect to the resultant 
machine learning classification output, such as classification accuracy [23, 24]. Especially for the field of 
biometrics, there are experts extrinsic to the machine learning skills set, such as cardiologist and even 
members of the intelligence community. The amalgamation of diverse experts from outside the field of 
machine learning presents the issue of trust toward the capabilities of the machine learning algorithm 
achieving distinctive classification accuracy. For these experts a machine learning algorithm can constitute 
an effective black box [23, 24]. Further research endeavors can emphasize machine learning algorithms 
that provide additional visualization techniques. 

5. CONCLUSIONS 
The research objective for the application of the multilayer perceptron neural network to differentiate 

subjects through the temporal organization of their available ECG signal data has been satisfied. In partic-
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ular, the multilayer perceptron neural network achieved with a reduced feature set emphasizing the tem-
poral differential of the P wave maximum and T wave maximum relative to the R wave maximum pro-
vided superior performance in consideration of both classification accuracy and time to develop the model 
by comparison to the use of all four attributes and the temporal differential of the Q wave minimum and S 
wave minimum relative to the R wave maximum. The achievement of the research objective provides ad-
ditional insight with respect to the opportunity of the temporal organization of the ECG signal and robust 
machine learning algorithms, such as the multilayer perceptron neural network, for biometric applica-
tions. 

Additionally, the research demonstrates relevant insight for the domain of cardiac health. If a sub-
ject’s current ECG signal is differentiated relative to a historic ECG signal by machine learning classifica-
tion beyond a prescribed threshold, more sophisticated cardiology resources may be applied. This perspec-
tive may enable advanced intervention prior to the perception of more severe and notable symptoms. 
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