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Abstract: This research is on presenting an approach for person authentication by using
single lead ECG signal. The proposed method uses support vector machine to classify the
normal subjects. We have recorded data within thirty six months. Ten hybrid features were
extracted from the recorded signals by using wavelet transform. In this paper, Support
Vector Machine is applied by varying number of epochs up to 1000. The classification
performance is evaluated based on percent average classification accuracy and mean
squared error. During testing an accuracy of 98.86 percent is achieved and mean squared
error is found to be 0.0080.
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INTRODUCTION
An important factor which helps in the success of classification is the choice of appropriate
machine learning technique. Now a days, security is a major concern. In security systems
biometrics can be used to increase the security level. Biometrics is identification of an individual
based on the physiological and/or behavioral characteristics [2]. It is highly difficult to do
falsification in case of biometric systems. In biometrics different physiological parameters such
as fingerprint, palm veins, face recognition, DNA, palm print, hand geometry, iris, retina etc and
behavioral parameters such as typing rhythm, gait, signature etc. are used as a biometric treats.
ECG contains wealth of information and it is popularly used as a diagnostic tool by the
physicians. The composition mechanism and electrical activity of the human heart inherit
uniqueness from the individuality of DNA [3]. Thus, along with all these biometric tools,
electrocardiogram can also be used as tool to distinguish the individuals. ECG as a biometrics is
first time used by Lena Biel [1]. The advantage of using ECG as a biometric is that ECG checks
the aliveness of a person.
The ECG signal varies from person to person due to the differences in position, size, and
anatomy of the heart, age, sex, relative body weight, chest configuration and various other
factors. However, other than the changes in the rhythm, the morphology of the ECG is generally
unaltered [4]. Prior to this, artificial neural network was being used for the classification cardiac
arrhythmia, for multi class ECG signal [13].
Related Work
Biel et al.’s (2001) for the first time used fiducial feature extraction algorithm, which
demonstrated the feasibility of using ECG signals for human identification. Signals were
recorded from 20 subjects of various ages and 30 fiducial features were estimated for each of
the 12 leads. Correlation matrix was used to reduce the number of features. Features with a
relatively high correlation with other features were removed, finally the numbers of features
were reduced to 12. Variance was studied using PCA and finally numbers of features were
restricted to 10. This feature set was then applied to for classification. All measurements were
done within a time period of six weeks[1].
Shen et al. (2002) the method proposed by them includes two steps. First step consists of
template matching, it was used to compute the correlation coefficient among the QRS
complexes. With this the similarity of morphology of two signals were determined. The first
step managed correctly to identify only 85% of the cases. During second step decision based
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neural network (DBNN) was then formed to strengthen the validation of the resulting identity
and an accuracy of 100% is achieved in recognition. Later in 2005 Shen and Tompkin have used
correlation analysis and linear regression method for the analysis[5,6].
Yongbo Wan et. al. (2008) used wavelet transform for signal decomposition. Wavelet
coefficients were then applied to a 3 layered feed forward neural network to identify human
subjects. Multilayer Backpropogation neural network is established for the same. During
network design they used 64 neurons in input layer, 128 neurons in hidden layer and one
neuron in output layer for identification [7].
Silva et. al. have used Nearest Neighbour and Support Vector Machine produced promising
recognition results for data collected with several months apart [8].
Tawfik et. al. (2010) used the coefficients of Discrete Cosine Transform of ECG signal as an input
to a neural network classifier. The identification rate of up to 99.09% was achieved when
normalized QRS complexes were applied [9].
Data Description
We have recorded data from group of people in the regular interval within the period of 36
months. ECG signals were obtained from 10 clinically normal populations. Six male and 4 female
subjects between 5 to 42 years old. All 12-lead electrocardiograms were recorded by two
independent operators, one of the readers was physician. Signals were recorded by using ECG
recorder “Samvid”, manufactured by Schiller Health Care India Pvt. Ltd. The said recorder is
specially made for telemetry system. The signals were transmitted to a PC by using software
iECG (version 1.2) via USB cable. The sampling rate of recorder is 500 s/s. Out of the 12 leads
recorded, signal from lead-II, a single lead was considered as a signal for raw database. During
each recording signal was noted for one minute. Signals were recorded regularly within 15-20
days, for thirty-six months when the subject is in resting condition.
Feature Extraction
Feature Extraction plays a significant role in signal classification. We have extracted ten hybrid
features from ECG signal, three features were fiducial related to QRS complex extracted using
Tompkin’s algorithm. The reason to select features related to only QRS complex is that QRS
complex is considered to be fairly constant and doesn’t change with the change of heart rate.
[11]. The three features used were average QQ, RR and QR intervals.
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For remaining seven statistical features the signals were decomposed using wavelet transform.
In this study we selected db5 mother wavelet which are similar in shape to the ECG signal and
have scaling function similar to ECG signal and the number of decomposition levels were
chosen to be 5. The discrete wavelet coefficients of ECG signal were computed using the
MATLAB software tool. These coefficients were used to calculate statistical features. The
statistical features used were Standard deviation, Entropy, Covariance, Energy, Maximum,
Minimum and Mean of the wavelet coefficients in each subband.
Methodology
SVM is new supervised of learning algorithm introduced by Vapnik in 1992 for classification.
SVM simultaneously minimize the classification error and maximize the geometric margin
hence called maximum margin classifiers. An assumption is made that the larger the margin
between these parallel hyperplanes the better is the generalization error of the classifier.
Consider the problem of separating the input vectors set belonging to two separate categories
𝑥1 , 𝑦1 , 𝑥2 , 𝑦2 , 𝑥3 , 𝑦3 … … … … … 𝑥𝑛 , 𝑦𝑛

(1)

𝑥𝑛 is n dimensional data. 𝑦𝑖 𝜖{±1} , with a hyper-plane 𝑤𝑇 𝑥 + 𝛾 = 0. Each point 𝑥𝑖 has a label
𝑦𝑖 to denote which class 𝑥𝑖 belongs to; 𝑦𝑖 = +1 if 𝑥𝑖 belongs to class 1 and 𝑦𝑖 = –1 if 𝑥𝑖 belongs to
class 2. This is an example of binary classification in which data is classified into two categories,
and 𝛾 is bias. If the two categories can be separated by a straight line then the problem is
called linearly separable.
One-dimensional data can be divided by using a single point. In two dimensions, a straight line
divides the space in half, and in three dimensions, we need a plane to divide the space. We can
continue this procedure mathematically to higher dimensions. The general term for a straight
line in a high-dimensional space is a hyperplane. The two planes parallel to classifier passing
through one or more points in data set are called bounding planes. The distance between
these planes is called margin and finding central hyper plane that minimizes this margin is
nothing but SVM learning. The points on the bounding planes are called support vectors.
The true power of SVMs comes into play when we have data points that are not separable by a
linear decision surface. This problem can be solved by adding higher dimensions. This brings us
to another important idea of SVMs- the use a non-linear function to map the training vectors or
data points into a higher dimensional space. This higher dimensional space is called the feature
Space. It is formed by the nonlinear mapping of the N-dimensional input vector 𝑥 into a Kdimensional feature space (K>N) through the use of a mapping φ(x). We find and use a linear
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decision surface in the feature space, and this allows for non-linear separation in the original
space.
RESULTS
The support vector machine (SVM) is a kind of classifier that is motivated by two concepts. First,
transforming data into a high-dimensional space can transform complex problems into simpler
problems that can use linear discriminant functions. Second, SVMs are motivated by the
concept of training and using only those inputs that are near the decision surface since they
provide the most information about the classification. The proposed SVM uses the Kernel
Adatron algorithm. This decouples the capacity of the classifier from the input-space and at the
same time provides good generalization. This is an ideal combination for classification. Figure 1
shows the MSE and NMSE during training, cross validation and testing session for the input
feature set. From figure 2 it is clear that the average MSE is almost constant after 300 epochs.
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Figure 1:MSE & NMSE during training, testing Figure 2: Average MSE versus number of
and CV
epochs
Further the performance classification using SVM is also compared using parameters like
specificity, sensitivity and average classification accuracy from figure 3 and 4. During
classification specificity is observed as 99.87, sensitivity as 98.86 and the value of percent
average classification accuracy (PACA) is noted as 99.76 percent as shown in figure 3. Figure 4
shows graph of PACA versus epochs. The value of PACA is almost constant after 300 epochs.
Thus SVM provides better classification of ECG data.
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