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Abstract—The 12-lead electrocardiography (ECG) remains
the most rapid and widely used diagnostic test for patients with
myocardial infarction (MI). Most wearable ECG devices only
provide single limb-lead measurement, limiting their practical
applicability for MI diagnosis. The ability to transform from
single-lead ECG to 3-lead vectorcardiography (VCG) enables
wider use of wearable devices in clinical diagnostics. This study
presents a patient-specific transformation for VCG synthesis
using temporal convolutional networks in variational mode
decomposition domain. MI-induced changes in morphological
and temporal wave features are extracted from the derived
VCG via spline curve approximation. After feature extraction,
a multilayer perceptron classifier is used to classify different
types of MI. Experiments on the PTB diagnostic database show
that the proposed system achieves satisfactory performance in
differentiating MI patients from healthy subjects and localizing
infarcted area.
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I. INTRODUCTION

Myocardial infarctions (MI) is one of the leading causes
of mortality worldwide. It results from an occlusion of the
coronary artery and insufficient blood supply to the
myocardium. MI can be further classified into various types
depending on the localization of infarcted area. In clinical
setting, MI is diagnosed using 12-lead electrocardiography
(ECQ) [1] as well as 3-lead vectorcardiography (VCG) [2].
The standard 12-lead ECG consists of three limb leads (I, II,
III), three augmented limb leads (aVR, aVL, aVF) and six
chest leads (V; to V). According to electrode positioning,
the 12 ECG leads can be used to localize different types of
ML, such as inferior leads (II, I1I, aVF), septal leads (V;, V3),
anterior leads (V3, V,), and lateral leads (I, aVL, Vg, V). A
typical waveform of ECG beat consists of a P wave, a QRS-
complex, and a T wave. ECG signs suggestive of MI include
ST-segment deviation or changes in the shapes of Q-wave
and T-wave, using which physicians can localize infarcted
areas. However, it may be noted that 12-lead ECG requires
ten electrodes for recording and some of the leads contain
redundant information. Instead, three Frank leads (V;, V,, V)
scanned in three orthogonal planes of the body are used for
VCG measurements. Moreover, previous studies [3] have
demonstrated that VCG provides a higher sensitivity for
diagnosis of MI as well as ischemic heart diseases. Thus in
this study, VCG signal is processed to extract clinically
significant features that will allow for MI classification.
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Most patients suffer from MI without awareness, and
their recovery depends critically on early diagnosis and
timely treatment. In recent years, a number of computer-
aided diagnostic approaches have been proposed for MI
detection and localization [4-10]. Most of these approaches
extract clinically significant features from multi-lead ECG
signals and apply machine learning-based classifiers in the
classification stage. Various informative features have been
extracted to represent the ECG beats, such as morphological
features [4] as well as frequency and wavelet-based features
[5,6]. Alternatively, some studies have attempted to identify
abnormalities in the VCG morphology such as the QRS and
T-wave loops [10]. Generally, the prerequisite is to identify
characteristic waves of ECG beats before performing feature
extraction. Although various methods have been proposed
for ECG wave delineation [11], they still have some
limitations for characterization of MI beats. Recognizing
this, we apply spline curve fitting [12] to the entire heartbeat
and use fitted coefficients as VCG representing features. Its
advantage is that all of the characteristic waves can be
included in the spline approximation so that poor quality
features resulting from delineation errors can be avoided.
Moreover, the spline’s flexibility in approximating curves
with different degrees of smoothness at different locations is
ideal for representing the semi-periodic VCG signal.

Another problem which requires further investigation is
to test the feasibility of wearable devices in MI classification.
Most wearable devices provide insufficient information due
to limitations in the number of leads and measurement
positions. Incorporating the derived VCG techniques can
help monitor the three-dimensional electrical activities of
human hearts. A common assumption in previous works
[13,14] is that the heart-torso electrical system is linear and
quasi-static, allowing for the use of linear transformation to
derive the VCG from reduced-lead set of the 12-lead ECG.
These transforms can be either patient-specific or generic,
with the former being learned from a single patient’s data
and the latter requiring data from a group of patients. Atoui
et al. [15] used a nonlinear transformation for deriving the
VCG based on artificial neural networks. A weakness for
these approaches is that they focused on spatially correlated
information in different leads, with less emphasis placed
upon temporal correlation between different waves within a
single lead. Moreover, all of these methods require at least
two synchronously acquired leads, hampering their
applicability to the present context. Since lead I ECG is
provided by most wearable devices, we propose a derived
VCG system by considering the lead I ECG as input and
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Frank XYX leads as output of the system. Our approach
uses temporal convolutional network (TCN) [16] to exploit
both intra- and inter-lead correlations of ECG signals. The
TCN offers the benefit of having a more flexible receptive
field and a better learning ability to model long-term
temporal dependencies in time series data. Also, due to the
parallelizable architecture of TCN, the training time
compared to recurrent neural networks like long short-term
memory (LSTM) [17] is significantly reduced. Considering
that ECG are non-stationary, lead I signal is decomposed
into different intrinsic mode functions by variational mode
decomposition (VMD) [18]. The advantage is that VMD is
robust against noise and helps TCN learn the ECG
morphology from different characteristic waves.

II. PROPOSED METHOD

This study proposes a new method for MI classification
using the single-lead derived VCG. As shown in Fig. 1, the
proposed method consists of four stages, i.e., VMD, VCG
synthesis, feature extraction, and MI classification. The raw
ECG signals are preprocessed to remove various kinds of
noise associated with them. Next, a patient-specific lead
reconstruction method is used to synthesize the 3-lead VCG
from lead-I ECG. In the feature extraction stage, clinically
significant features are extracted from derived Frank XYZ
leads that quantify the VCG abnormalities due to MI. Later
in the classification stage, the most likely ECG class is
predicted from the analysis of the feature data.

=1
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Fig. 1 Block diagram of the proposed MI classification system.

A. Dataset and Data Preprocessing

Measured ECG of various morphologies were taken from
PTB diagnostic database [19]. This database has 549 ECG
records from 290 subjects and each record contains 12-lead
ECG and 3-lead VCG. From the database, a total of 26080
heartbeats from 52 healthy subjects and 143 MI patients
were included in the analysis. ECG beats were further
divided into 12 classes: anterior (AMI), anterior-lateral
(ALMI), anterior-septal (ASMI), anterior-septal-lateral
(ASLMI), inferior (IMI), inferior-lateral (ILMI), inferior-
posterior (IPMI), inferior-posterior-lateral (IPLMI), lateral
(LMI), posterior (PMI), posterior-lateral (PLMI), and
healthy control (HC). The raw ECG signal is typically
contaminated by high-frequency noise as well as baseline
wander. To remove these artifacts for ECG enhancement,
we down-sampled the raw ECG signal to 500 Hz and then
filtered the signal using a 0.5-150 Hz band-pass filter.

B. Variational Mode Decomposition

The purpose of VMD [18] is to decompose lead I ECG
signal into a series of band-limited modes. It is assumed that
each mode uy, is concentrated around its center frequency
wy. The bandwidth of each mode is estimated in three steps.
First, the associated analytic signal is computed by the
Hilbert transform to obtain a unilateral frequency spectrum.
Then, the spectrum is shifted to its baseband by mixing with
an exponential tuned to the estimated center frequency.
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Finally, the H' Gaussian smoothness of the demodulated
signal is used to determine the bandwidth of each mode. The
resulting constrained variational problem is given by
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where f(t) is the lead I signal to be decomposed, K is the
number of modes, §(t) is the Dirac distribution, and =*
denotes the convolution. To convert the problem (1) into an
unconstrained  optimization problem, the augmented
Lagrangian function can be defined as follows:
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where A is the Lagrangian multiplier and a is the penalty
factor. The alternate direction method of multipliers [20] is
applied to find the saddle point of augmented Lagrangian.

The VMD algorithm has been implemented using the
wavelet toolbox in MATLAB. The VMD parameters, which
may influence the decomposition results, are the number of
modes (K), the penalty factor («), the convergence tolerance
(€), the time-step of the dual ascent (7) and method to
initialize center frequencies (init). In this study, VMD
parameters except K are initialized with default values as
follows: T = 0.01, init =1, a = 1000, e = 5e — 6. We
empirically chose K = 4 as the number of modes, because
that ECG energy is mostly concentrated in the first to the
fourth modes, which correspond respectively to the major
characteristic waves of ECG beats.

C. VCG Synthesis

After signal decomposition, we apply a VCG synthesizer
which can be viewed as a cascade of two stages. In the first
stage, TCNs were employed to learn the decomposed modes
and in the second stage, the TCN outputs are merged into
the final synthesis through a fully connected layer. The
architecture of the proposed system is shown in Fig. 2. The
system starts by applying a sliding window which spreads
an L-length segment of decomposed data across the input
neurons of TCN. TCNs are employed for lead synthesis and
their outputs from four decomposed modes are concatenated
and fed to a fully-connected layer to obtain the derived VCG.
At the model estimation stage, the synthesizer was trained
for each individual using four decomposed data series of
lead-I ECG as input and three Frank leads as output of the
model. Let u,(t) denote the k-th VMD mode at time ¢ and
let V, (t), V;,(¢), V;(t) denote Frank XYZ lead data at time t.
For an L-length window, suppose the pair (U, Y;) contain
the data U, = {(uk(t —L+1), ...,uk(t)), k =1,2,3,4} and
its corresponding output Y; = {V,.(t), V, (¢), V,(t)}. Given a
training data set {(U;,Y;),t = 1,2 ..., T}, the smooth mean
absolute error between measured and reconstructed VCG is
minimized through supervised learning.

The main building blocks of TCN [16] are causal
convolution, dilated convolution, and residual blocks. The



convolutions of TCN are causal, where a subsequent output
at time t is computed only with the region no later than time
t in the previous layer. Simple causal convolutions have the
disadvantage to only look back at history with size linear in
the depth of the network. Considering that ECG signals
generally have long historical information, using causal
convolution may lead to very deep networks, which are not
conducive to network training. This issue can be addressed
by dilated convolution, in which the filter is applied across a
region greater than its size by skipping input data at regular
intervals. In this study, we use an exponential dilation factor
d = 2! for level i in the network. This effectively allows the
network to have a large receptive field and to capture long-
term temporal dependencies in the input sequence. If the
input sequence is too long, however, the network will be
inevitably deep and faced with the risk of vanishing gradient,
exploding gradient and networking degradation. To resolve
the problem, residual blocks have been shown effective in
learning deep networks. Within a residual block, residual
connections are used to prevent networking degradation,
while weight normalization and rectified linear unit (ReLU)
activation function are used to solve gradient disappearance
and explosion. For the TCN architecture, we used the
implementation from the GitHub repository provided by Bai
et al. [16]. We empirically chose a level-6 network with a
filter size of 7 and 30 neurons in each hidden layer. The
TCN is trained with the Adam optimizer, a mini-batch size
of 128 and a learning rate of 0.002.
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Fig. 2 TCN-based synthesizer with a sliding window approach.

D. Feature Extraction

MI classification is essentially a pattern recognition
problem consisting of two stages: feature extraction and
classification. In the feature extraction stage, Frank XYZ
leads of the derived VCG are individually processed in the
following steps. First, we detect the R peak in each QRS
complex using the Pan-Tompkins algorithm [21] and split
the lead signal into heartbeat segments between two
neighboring R peaks. Since the heartbeats may have
different lengths, each heartbeat is period normalized to a
fixed length of 400 samples via cubic spline interpolation.
This choice was based on the observation that the average
heartbeat length is about 0.8 sec, corresponding to 400
samples for a sampling frequency of 500 Hz. In order to
make different lead signals comparable to each other, the

min-max normalization was applied to scale both the
amplitude and time in the range of [0,1]. For the i-th
heartbeat with length Ny, let a, = N, /400 denote the time
scaling factor and let ,8,51), ,EZ),[?E) denote the amplitude
scaling factor of Frank X, Y, Z lead, respectively. Once the
heartbeats have been segmented and normalized, spline
curve fitting [12] is applied to the entire heartbeat to model
all of the characteristic waves and fitted coefficients are
used as VCG representing features.

Splines are piecewise polynomial approximations of a
signal defined by constraint points on each piecewise
segment known as knots. Since VCG signal has numerous
clinically-relevant turning points, the spline represented as a
linear combination of p-degree B-spline basis function has
been chosen as the approximation function. The knot vector
{(i}o' ={¢;,0<j<m} is a non-decreasing sequence,
where the first (p + 1) knots are all equal to 0.0025 and the
last (p + 1) knots are all equal to 1. The knots from {4 to
{m—p-1 correspond to interior knots which are generated via

the knot averages as follows:
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where {Tp41, Tpt2, -, T} 18 an arithmetic sequence with the
first term 1,4, = 0.0025 and the last term T, = 1. The
spline curve approximation can be expressed as follows:

n
S0 = ) @By (©) %)
=0
where n = m — p — 1 and a; represents the i-th B-spline
coefficient. B; ,(t) denotes the i-th p-degree B-spline basis
function which is computed recursively [12] as follows:
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The vector of coefficients {a;, 0 < i < n} is calculated by
using the least square spline approximation. It was
empirically determined that n = 15 gives a good trade-off
between computational efficiency and the quality of fit.
Each normalized heartbeat is transformed into 16 features
{ag,ay, ---,a;5}, and three Frank leads during the time of a
given heartbeat have 48 features. Together with time scaling

factor o, and amplitude scaling factors {ﬁ,ﬁl),ﬁ(z), ,53)},
the complete heartbeat of derived 3-lead VCG is
transformed as a 52-dimensional feature vector.

E. MI Classification

After feature extraction, a multilayer perceptron (MLP)
classifier is used for classification into 12 classes of ECG
beats. The attractiveness of MLPs comes from their
information processing characteristics such as nonlinearity,
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high parallelism, learning and generalization capabilities
[22]. An MLP is a network composed of parallel layers of
neurons. In building MI classifiers, the input layer receives
spline-fitted features from the derived VCG, and the output
layer provides the predicted ECG class. The relations
between the input and output layers are expressed through
the weights and biases of hidden layers. All of the weights
were initialized to small random numbers and then subjected
to incremental changes by the error backpropagation
algorithm based on the cross-entropy loss function. For
classification purposes, we employ the one-hot encoding
scheme to represent the MLP outputs as binary vectors, each
vector consists of Os in all cells with the exception of a
single 1 in an entry corresponding to the most likely ECG
class. A series of experiments were performed to optimize
the MLP topologies used for MI classification. Based on the
results, we chose the MLP topology with 52 input nodes
(one for each spline-fitted feature), 12 output nodes (one for
each ECG class) and two hidden layers which have 300 and
275 nodes, respectively. With respect to the activation
function, ReLU is used for the hidden layer and softmax
function for the output layer.

III. RESULTS AND DISCUSSION

Computer simulations were conducted to evaluate the
validity of the proposed method for MI classification. ECG
records from the PTB diagnostic database [19] were chosen
to represent a wide variety of diagnostic classes. ECG
records from 52 HC subjects are denoted as dataset DSI1,
and ECG records from 143 MI patients are denoted as
dataset DS2. A preliminary experiment was first conducted
to examine the performance dependence of VCG synthesis
on the sliding window size L of TCN models. Based on the
results, we empirically chose L = 250 in the sequel. We
next compare the reconstruction performance of using
LSTM [17], TCN and VMD-TCN for learning the derived
VCG models. For comparison purposes, the LSTM consists
of 250 input nodes, three output nodes, six hidden layers
with each containing 30 neurons. The RMSE performances
of VCG synthesis by five-fold cross-validation are shown in
Table 1. Simulation results indicate that the TCN is
preferred to LSTM for use in constructing the lead
synthesizer because the TCN can better exploit long-term
temporal dependencies. In addition, as compared to LSTM,
TCN’s training time is greatly reduced due to its
parallelizable architecture. Overall, the TCN synthesizer
yielded an average RMSE of 10.38 and 14.10 for dataset
DS1 and DS2, respectively, implying that MI subject data
were less accurately reconstructed than HC subjects. Further
analysis indicated that the VMD-TCN synthesizer achieved
the best performance for all test samples. Specifically, the
VMD-TCN synthesizer reduces the average RMSE to 9.22
and 12.75 for dataset DS1 and DS2, respectively. To
elaborate further, visual inspection of the reconstructed
VCG signals was carried out by an experienced physician
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who was blinded to the experimental setting. The derived
VCG was shown to be comparable to measured VCG in
terms of identifying various cardiac abnormalities. To
illustrate this, Fig. 3 compares the measured and
reconstructed Frank XYZ leads for an MI patient.

TABLE 1.
RMSE BETWEEN MEASURED AND DERIVED FRANK LEADS USING VARIOUS
MODELS.

Model Dataset Uy Wy vy Mean
DSI 10.7844 127513 9.8004

LSTM 11.1120
DS2 16.7724 213066  17.2442 184411
DSI1 9.54371  12.2234

TON 9.3744  10.3805
DS2 119165 174396 129563 14.1042

VMD- DSI 8.6680  10.8579  8.12416 9.21671

TCN DS2 10.9615  15.7614 115133  12.7454

The next step is to assess the performance of MLP
classifiers for classification of normal and 11 MI classes.
One problem with the PTB diagnostic database is the high
imbalance between the number of heartbeats belonging to
each ECG class. Training an MLP classifier with
unbalanced data usually leads to a certain bias towards the
majority class. Recognizing this, we applied the Synthetic
Minority Over-sampling Technique (SMOTE) [23] before
starting the training process. The performance analysis is
based on the accuracy (ACC), sensitivity (SEN), and
specificity (SPE) represented in the form of confusion
matrix. For a given class, accuracy is the proportion of
correctly classified samples to the total number of samples.
Sensitivity and specificity are defined as the proportion of
positives and negatives that are correctly identified,
respectively. Table 2 presents the 5-fold cross-validation test
results using various lead configurations. Simulation results
indicated that using lead I ECG yielded an overall accuracy
of 48.94%, suggesting that it cannot provide sufficient cues
for reliable classification. To elaborate further, we show in
Table 3 the confusion matrix of all the 12 classes for lead I
ECG beats. It was found that the notably low classification
accuracy can be attributed to the high confusions made
across anterior MI group (AMI, ALMI, ASMI, ASLMI) and
inferior MI group (IMI, ILMI, IPMI, IPLMI). For instance,
14.19% of the ECG beats notated in ASMI were classified
as representing IMI and 13.10% of the IMI beats were
classified as being ASMI. Further analysis shows that
combining multiple derived Frank leads yields substantial
improvement over measured lead I for all test samples.
Overall, using derived Frank XYZ leads achieved the best
performance with an accuracy of 99.72%, compared with
47.38% for U and 93.13% for V. + V,. Table 4 shows the
confusion matrix of all classes obtained using MLP
classifier on the derived Frank XYZ leads. A comparison
between Tables 3 and 4 indicates that the improvement can
be seen in the following areas. First, the derived VCG can
reduce a significant portion of confusions across anterior



and inferior MI groups. For instance, only 0.12% of ECG
beats notated in ASMI were misclassified as representing
IMI, the corresponding value for lead I being 14.19%.
Second, the derived VCG significantly increased the
sensitivity of healthy subjects to 99.90%, compared with
57.50% for lead I.

Table 5 summarizes the studies employing different

[5] used neural network classifiers and wavelet coefficients
as features extracted from 12-lead ECG. Acharya et al. [6]
evaluated 11 ECG classes with nonlinear features based on

wavelet transform by only using lead V3 ECG signal.

TABLE 2.

CLASSIFICATION RESULTS WITH VARIOUS LEAD CONFIGURATIONS.

. . . . . Leads ACC(Y SEN(Y SPE
techniques in MI classification with the same PTB database. ) ) S0
The numbers of ECG leads and MI classes are important I 48.94% 67.36% 95.05%
factors correlated with diagnosis efficiency, and should be N
. 18nOSIS Y ) v, 47.38% 58.10% 95.02%
noted when comparing their relative performances. Arif et al.
[4] used 12-lead ECG and time domain features such as T- V,+7, 93.13% 95.52% 99.32%
wave amplitude, Q-wave and ST-level elevation, reporting & oo
. +V,+V 99.72% 99.70% 99.97%
overall accuracy of 98.8% on 11 ECG classes. Noorian et al. ry ° ’ °
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Fig. 3. Comparison between the measured (blue) and derived (red) Franks leads for an MI patient.
TABLE 3. CONFUSION MATRIX FOR MI CLASSIFICATION USING MEASURED LEAD [ ECG.
Predicted
Notated AMI ALMI ASMI ASLMI IMI ILMI IPMI IPLMI LMI PMI PLMI HC Total ACC SEN SPE
AMI 1434 186 146 1 215 312 16 73 64 6 34 257 2744 91.21 5226  95.89
ALMI 107 1295 297 16 176 107 54 47 7 133 111 142 2492 9154 5197 9581
ASMI 190 298 1597 16 573 611 44 129 105 3 110 361 4037 8437 39.56 92.76
ASLMI 0 0 0 132 0 0 0 0 0 0 0 0 132 99.62 100 99.62
IMI 265 233 587 46 1242 503 113 108 58 48 272 1005 4480 79.68 27.72  90.70
ILMI 158 73 80 0 283 1714 6 253 125 2 3 392 3089 8490 5549 88.94
IPMI 5 10 1 0 2 1 307 0 0 0 0 2 328 98.93  93.60 99.00
IPLMI 25 60 97 1 114 176 2 416 19 0 12 120 1042 93,70  39.92 9598
LMI 0 0 1 0 0 2 0 0 153 0 0 0 156 98.20 98.08 98.20
PMI 0 0 0 0 0 0 0 0 0 135 0 0 135 99.14 100 99.13
PLMI 0 0 5 0 2 2 0 2 0 0 261 11 283 96.62 9223 96.67
HC 190 109 347 17 599 776 18 375 79 29 301 3842 6682 7996 57.50 87.90
TABLE 4. CONFUSION MATRIX FOR MI CLASSIFICATION USING DERIVED FRANK XYZ LEADS.
Predicted
Notated AMI ALMI ASMI ASLMI IMI ILMI IPMI IPLMI LMI PMI PLMI HC Total ACC SEN SPE
AMI 2735 2 2 0 1 1 0 1 0 0 0 2 2744 99.93  99.67 99.96
ALMI 4 2479 2 0 6 0 0 0 0 0 0 1 2492 99.92 9948 99.97
ASMI 4 1 4023 0 5 1 0 0 0 0 0 3 4037 9991  99.65 99.96
ASLMI 0 0 0 132 0 0 0 0 0 0 0 0 132 100 100 100
IMI 2 1 2 0 4467 2 2 1 0 1 0 2 4480 99.88  99.71 99.92
ILMI 0 2 1 0 1 3082 0 1 0 0 0 2 3089 99.95  99.77 99.97
IPMI 0 1 0 0 0 1 325 1 0 0 0 0 328 99.98  99.09 99.99
IPLMI 0 0 1 0 1 2 1 1036 0 0 0 1 1042 99.95 99.42 99.97
LMI 0 0 0 0 0 0 0 0 156 0 0 0 156 100 100 100
PMI 0 0 0 0 0 0 0 0 0 135 0 0 135 100 100 100
PLMI 0 0 0 0 0 0 0 1 0 0 282 0 283 100 99.65 100
HC 0 1 1 0 3 0 0 2 0 0 0 6675 6682 99.93  99.9  99.94
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Another strategy can be seen in [7-9], where end-to-end
methods based on convolutional neural networks were used
for MI classification. Towards addressing the challenges in
wearable device scenarios, our work, as well as earlier
studies [6,7], was focused on single-lead rather than 12-lead
exploration. Our results are generally better than those of MI
classifiers in the literature. Overall, the proposed method
obtained an accuracy of 99.72%, sensitivity of 99.70% and
specificity of 99.97%. With this performance, our proposed
model has the potential to provide an early and accurate
diagnosis of MI in wearable ECG devices.

TABLE 5.

COMPARISON OF THIS STUDY WITH OTHER STUDIES USING THE PTB
DIAGNOSTIC DATABASE.

Ref  Leads g:sszi ACC(%) SEN(%) SPE(%)
[4]  12leads 11 98.80% 98.67% 98.71%
[S]  12leads 10  9536% 99.09%  94.23%
[6] Vs 11 98.74%  99.55%  99.16%
[7] I 4 9525%  92.40%  97.70%
[8]  12leads 11 99.78%  99.84%  99.98%
9] 12 leads 6 99.11%  99.02%  99.10%
P;;‘:ﬁzzd I 12 99.72%  99.70%  99.97%

IV. CONCLUSIONS

This study focuses on two issues: synthesis of 3-lead
VCG and extraction of VCG features, to develop an MI
classifier that is suitable for wearable devices with only a
single lead recording. We first emphasized the importance
of exploiting both intra- and inter-lead correlations for
learning the derived VCG models. This task was
accomplished by using a patient-specific transformation
based on TCN in the VMD domain. Performance is further
enhanced by using spline curve approximation to extract
clinically significant features from the derived VCG. After
the feature extraction, an MLP classifier is used for
classification of normal and 11 types of ECG beats.
Experiments on the PTB diagnostic database demonstrate
the validity of the proposed MI classification system with an
accuracy of 99.72%, sensitivity of 99.70%, and specificity
0f99.97%.
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