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Abstract
It is required that signals like temperature, arterial pressure
or electrocardiogram (ECG) waveforms etc. generated by
medical checkup and diagnosis must be supervised constantly.
The electrocardiography is one of the basic investigative
methods in cardiology through which all necessary
information about electrical activity of the heart can be
collect. Recorded ECG signal which are in huge in size not
only used for diagnosis purpose but it is to be stored for future
reference. So compression of huge amount of ECG signal
data is required to keep these records for observing a patient.
This paper presents 12 Lead ECG signal data compression
using Principal Component Analysis. The methods are applied
to ECG database file 105 of the MIT-BIH Arrhythmia Data
base. The results are efficient for data compression of ECG
signals which are analyzed on the basis of compression ratio
(CR).
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1. INTRODUCTION
In the recent years, importance of compression has been
identified for the data generated in the field of medical.
The collected data, which is huge in size, must required
storage, processing and even transmission for analysis and
diagnosis [1]. Huge amount of data from 12 different
sensors is collected through ECG monitoring device for
ambulatory monitoring tasks. These signals data are
samples with the rate of 125Hz to 500Hz and each sample
digitized into 8 to 12 bits binary numbers. For a sampling
rate of 500Hz and 12-bit encoding recording, it generates
data at a rate of 540KB per minute and 30MB per hour.
The data rate from 12 different sensors totally will
generate 12 times amount of data and it is enormously big
[2]. To reduce the size of generated digitized ECG signal
for efficiently store as well as transfer to remote location
for diagnosis and case study it is required compressed
ECG.
The necessity and importance for the ECG signal
compression are that with the help of compression we
have (a) increased storage capacity of ECG’s as databases
for subsequent comparison or evaluation. (b) Feasibility of
transmitting real-time ECG’s over the public phone
network (c) Implementation of cost effective real-time
rhythm algorithms (d) Economical rapid transmission of
off-line ECG’s over public phone lines to a remote
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interpretation center (e) Improved functionality of
ambulatory ECG monitors and recorders [3].

2. ECG SIGNALS
Electrocardiography is a commonly used, non-invasive
procedure for recording electrical changes in the heart.
The records, which are called an electrocardiogram
(ECG), show the series of waves that relate to the
electrical impulses which occur during each beat of the
heart. The results are printed on paper or displayed on a
monitor. The waves in a normal record are named P, Q,
R, S, and T and follow in alphabetical order as shown in
figure 1. The number of waves may vary, and other waves
may be present.
Descriptions of P, Q, R, S, T wave are as follows [4]:
 P wave – it is important to remember that the P wave
represents the sequential activation of the right and left
atria, and it is common to see notched or biphasic P
waves of right and left atrial activation,
 PR interval – represents the time necessary to transfer
activation from atria to ventricles

Figure 1: The normal ECG signal.

 QRS complex - The QRS complex is a structure on the
ECG that corresponds to the depolarization of the
ventricles. Because the ventricles contain more muscle
mass than the atria, the QRS complex is larger than the
P wave. In addition, because the His/Purkinje system
coordinates the depolarization of the ventricles, the
QRS complex tends to look "spiked" rather than
rounded due to the increase in conduction velocity. A
normal QRS complex is 0.06 to 0.10 sec (60 to 100 ms)
in duration represented by three small squares or less,
but any abnormality of conduction takes longer, and
causes widened QRS complexes,
 ST segment and T wave - in a sense; the term "ST
segment" is a misnomer, because a discrete ST segment
distinct from the T wave is usually absent. More often
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the ST-T wave is a smooth, continuous waveform
beginning with the J-point (end of QRS), slowly rising
to the peak of the T and followed by a rapid descent to
the isoelectric baseline or the onset of the U wave. This
gives rise to an asymmetrical T wave,
 T wave - represents the repolarization (or recovery) of
the ventricles. The interval from the beginning of the
QRS complex to the apex of the T wave is referred to as
the absolute refractory period. The last half of the T
wave is referred to as the relative refractory period (or
vulnerable period).
ECG data can be read from 1 Lead, 2 Lead, 3 Lead or 12
Lead. Lead (rhymes with speed) in electrocardiography
actually has two meanings wiz view (measuring the heart)
and wires that connect the patient to the machine. The
term lead in "a 12 lead ECG" refers to the "view" meaning
of the word. The typical 12-lead ECG setup can show 12
different leads but only has 10 wires. The basics of it are
that it contains the three that are common with the basic
ECG machine: I, II, III. It also includes three more leads
that are similar to the limb leads: aVR, aVL, and aVF. It
adds 6 leads on to this: V1, V2, V3, V4, V5, and V6. The
electrocardiograms produced by a 12 lead machine are
used for more than just simple rhythm interpretation; they
are also used to help diagnose a variety of conditions.
Figure 2 shows 12 lead ECG print [5].

Figure 2: A 12 – Lead ECG Print [5]
The effectiveness of an ECG compression technique is
described in terms of:
1) Compression Ratio (CR): Compression efficiency is
measured by the compression ratio. The compression
ratio (CR) is defined as the ratio of the number of bits
representing the original signal to the number of bits
required to store the compressed signal.
CR = Original File Size / Compressed File Size
2) Percentage Root Mean Square Difference (PRD)

where ORG(i) and REC(i) are the original ECG signal
data and reconstructed ECG signal Data after compression
and n is number of records.

3. PRINCIPAL COMPONENT ANALYSIS
Data space can be transformed to new feature space
through the feature extraction process which in turn can
be represented in reduce number of features. Therefore the
original data space undergoes dimensionality reduction as
the feature space is constructed. PCA is a one of the useful
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statistical technique for finding patterns in data of high
dimension and reduce the dimensions of the dataset
without losing much of the relevant information. The
main objectives of Principal Component Analysis are:
1. Reducing the original data variables into lower set of
orthogonal (non-correlated) synthesized variables.
2. Visualizing the correlation among the original
variables and between these variables and the factors
3. Visualizing the proximities between the statistical
units.
Steps for Principal Component Analysis:
1. Calculate the covariance matrix of the data
2. Find the eigenvalue
3. Find the eigenvector
4. Obtain the projection of the data points in the
direction of the Principal Components

4. REVIEW OF STATUS OF RESEARCH
AND DEVELOPMENT
Data compression methods can be classified into lossless
compression and lossy Compression methods. In lossless
compression method there is an exact reconstruction of
the original signal but the low data rates are not achieved
while those in which the higher compression ratios can be
achieved with a certain amount of distortion from the
original signal. The distortion must remain so small that it
would not affect the diagnostic content of the ECG [6].
For ECG data compression, the lossy type has been
applied due to its capability of a high data compression
ratio [7]. Data compression techniques can be divided into
three methods which are Direct Data Compression
Method, Transform Method, and Parameter Extraction
Compression Method.
(i) Direct data compression techniques: - under this
technique the actual signal samples are analyzed. The
direct data compressors base their detection of
redundancies on direct analysis of the actual signal
samples. Some of the methods are classified as:
Turning point (TP) technique, Amplitude-Zone-Time
Epoch Coding (AZTEC), Coordinate reduction time
encoding system (CORTES), Scan-Along Polygonal
Approximation (SAPA), etc. In most of the cases,
direct methods are superior than transform based
methods with respect to system simplicity and error
[8], [9].
(ii) Transformational approaches: - This method
mainly utilize spectral and energy distribution
analysis for detection redundancies. Some of the
methods under this approach are Fourier transform
(FT), Karhunen- Leove transform (KLT),discrete
cosines transformation (DCT), and wavelet transform
(WT) ECG Compression with Thresholding of 2-D
Wavelet Transform Coefficients and Run Length
Coding. Transform methods usually achieve high
compression ratio [10], [11].
(iii) Parameter extraction techniques: - It is an
irreversible process with which a particular parameter
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of the signal is extracted (for example measurement
of the probability distribution) is then utilized for
categorization based on prior knowledge of the signal
features. The techniques are classified as prediction
[12] and Vector Quantization (VQ) methods.
Various methods have been defined for ECG data
compression. Anuradha Pathak et al [13] present a
method for data compression and signal reconstruct of
ECG signals. For this they used error back propagation
(EBP) artificial neural network (ANN) with the topology
of single hidden layer and four elements in each hidden
layer. The compression ratio (CR) in ANN method
increases with increase in number of ECG cycles.
Mohammad Pooyan et al [14] presented a method by
applied wavelet transform to the ECG signal and encoded
the wavelet coefficients with Set Partitioning in
Hierarchical Trees (SPIHT) algorithm. The results show
the high efficiency of this method for ECG compression.
By this method they achieved the Compression Ratio (CR)
about 20 with a very good reconstruction quality. ECG
interpretation by the compression methods has been
scarcely treated. It is well known that mathematical
distortion indexes do not reﬂect the real signal
interpretation
distortion
introduced
in
the
compressed/reconstructed ECG signal. However, they
have been used very often since they are easy to calculate
by a computer. In order to measure the real signal
interpretation quality of a compressed ECG signal,
cardiologists have to be involved in the evaluation,
obtaining their opinions about the signal quality using, for
example, mean opinion score (MOS) tests. The drawback
of this method is clear: it is expensive in time since it
requires the collaboration of cardiologists for the
evaluation process. Thus, several attempts to introduce a
distortion index that reﬂects the interpretation quality of
the ECG signal maintaining the easy-to-use property have
been carried out. T. I. Mohammadpour et al [15] present
a new ECG compression method using 2-D wavelet
transform. 2-D approaches utilize the fact that ECG
signals generally show redundancy between adjacent beats
and between adjacent samples. First, the periods of ECG
quasiperiodic signals are founded by using detection of
QRS complex, then alignment and period sorting is used
to convert the ECG signal into a matrix. After this,
normalization is using to scale the value of matrix, and
make a gray scale image due to 2-D ECG. Three levels of
2-D wavelet transform are applied to the constructed 2-D
ECG data array. Energy of each subband in all of levels is
calculated. Then the coefficients of each subband are
thresholded based on a desired energy packing efficiency,
and then significant coefficients are coded with RLC. One
of the main advantages of this method is lower calculation
complexity in comparison with other methods. B. A.
Rajoub [16] proposed a wavelet-based ECG data
compression algorithm. This method works through
preprocessing the ECG signals followed by discrete
wavelet transform method. Preprocessing guarantees that
the magnitudes of the wavelet coefficients be less than
one, and reduces the reconstruction errors near both ends

Volume 4, Issue 1, January – February 2015

of the compressed signal. The DWT coefficients are
divided into three groups, each group is thresholded using
a threshold based on a desired energy packing efficiency.
A binary significance map is then generated by scanning
the wavelet decomposition coefficients and outputting a
binary one if the scanned coefficient is significant and a
binary zero if it is insignificant. Compression is achieved
by 1) using a variable length code based on run length
encoding to compress the significance map and 2) using
direct binary representation for representing the
significant coefficients. The ability of the coding
algorithm to compress ECG signals is investigated; the
results were obtained by compressing and decompressing
the test signals.

5. EXPERIMENT DETAILS
Experiment is done in MATLAB. The following
simplified steps are applied to the PCA based ECG
compression analysis (as shown in figure 3):
Step 1: Get ECG data from the source.
12 lead ECG signal used for the experiment is the record
105.dat database from the MIT-BIH Arrhythmia data
base. Instead of using all the 650000 samples from the
dataset, I have used 15000 records for the experiment.
These signal data is in the matrix dataeig.

Figure 3: Experiment Flow
Step 2: Adjust the signal data by subtracting the mean of
ECG data from ECG data.
Adjust the acquired data (signal) simply by subtracting the
mean of the particular data from the acquired data. It can
be done using following program statements:
% subtract off the mean for each dimension
[Meig,Neig,Peig] = size(dataeig);
mneig = mean(dataeig,2);
dataeig = dataeig - repmat(mneig,1,Neig);
Step 3: Calculate the covariance matrix of adjusted data.
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Following statement is used for finding the covariance
matrix:
% calculate the covariance matrix coveig = 1 / (Neig-1)
* dataeig * dataeig';
Step 4: Calculate eigenvectors and Eigen values of the
covariance matrix.
To find the eigenvector and
eigenvalue of the dataset MATLAB eig functions is used:
% find the eigenvectors and eigenvalues [eigvector,
eigvalues] = eig(coveig);
From this we will get eigenvector of matrix 12 * 12 and
12 eignevalues.

0.422095

-0.16104

0.303638

0.561929

-0.11233

-0.20135

Step 7: Deriving the new ECG data
Following program statement is used to derive the new
ECG data.
% project the new data set pcaeig = eigvector1' *
dataeig;

Step 5: Sort the Eigen values and Eigen vectors, on the
basis of highest Eigen values.
Following program statements used to do the sorting of
the eigenvalue and eigenvector.
% extract diagonal of matrix as vector
eigvalues = diag(eigvalues);
% sort the variances in decreasing order
[junkeig, rindiceseig] = sort(-1*eigvalues);
eigvalues = eigvalues(rindiceseig);
eigvector = eigvector(:,rindiceseig);
Step 6: Principal components choose and form ECG
feature vectors = [eigvalues1; eigvalues2; …… eigvaluesm]
Now we need to select few eigenvector of the highest
eigenvalue. These selected eigenvectors will be the
Principal Component for the ECG signal Data and used to
generate new data set. For the dataset used for experiment
12 eigenvalue will be fount. Out of these 12 eigenvalue we
can select few of the eigenvector with the highest
eigenvalue, which will be the principal component for our
experiment. I have compared the results by selecting
principal component from 1 to 12 iteratively. Variable
PCs is the value of the principal component taken into
account for the experiment.
PCs =3 eigvector1=eigvector(:,1:PCs)
Following table shows the computed eigenvector relevant
to three highest eignevalues.

Figure 4: Plot of the new data set using principal
components
If we used all the eigenvectors to generate new dataset we
will get the dataset which is plotted as shown in figure 3.
By looking at the figure 4, it can be identified that first
three eigenvector must be used as principal component
which are shown in figure 5. So new data generated using
only these three principal components will be used as
compressed data and compression ratio will be calculated
in the next step.

Table 1: Extracted Eigenvector
0.179758

-0.18598

0.262197

0.140243

-0.44781

-0.22327

-0.03955

-0.26159

-0.4853

-0.16002

0.3169

-0.01951

0.109522

0.03781

0.373068

0.050309

-0.35471

-0.35441

0.055078

0.387869

-0.3361

0.299192

0.428254

-0.3236

0.401784

0.309892

-0.06322

0.398013

0.018583

0.16217

Figure 5: Plot of the compressed new data set using
principal components
Step 8: Calculate the compression ratio (CR).
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Compression ratio for ECG signal (of N samples) is given
by equation as given in [17].

where no_of_bits_req is given by equation as given in [17]
no_of_bits_req = log2(abs(max(paceig)))+1
The above calculation was verified on all records of 105
dataset of MIT-BIH Arrhythmia database. Compression
ratio found about 40000 records. Compression ratio varies
from 4.3570: 1 to 3.7471:1 for 1 record to 40000 records
respectively.
Step 9: Construct the original data The decompressed
signal was found to be very similar to ECG input signal as
shown in figures 6 a), 6 b) & 6 c).

Figure 6 b): Comparison of Original and Reconstructed
ECG Data of Lead 5 to 8

Figure 6 a): Comparison of Original and Reconstructed
ECG Data of Lead 1 to 4
Figure 6 c): Comparison of Original and Reconstructed
ECG Data of Lead 9 to 12
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Step 10: Calculate the Percentage Root Mean Square
Difference (PRD). The PRD values were found to be
below 10 % for maximum number of records of
compression database. The histogram of PRD values is
indicated in figure 7.

Figure 7: Histogram of PRD values of ECG
compression records

6. CONCLUSION
It is a well-known fact that the choice of the best
compression method always depends on the actual
application. Among the most important factors to consider
are input image characteristics (data type, previous
processing), desired output (compressed data quality).
PCA is one of the many possible approaches used to
reduce data file size. The results of experiment show that
using PCA with the mentioned approach can be a suitable
choice to compress ECG Signal data. We can define PCA
as a meaningful graphical display of model outputs
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