
Feature Normalization for Enhancing Early
Detection of Cardiac Disorders

Swati Negi∗, C. Santhosh Kumar∗, A. Anand Kumar$
∗Machine Intelligence Research Lab, Department of Electronics and Communication Engineering,

Amrita School of Engineering, Coimbatore, Amrita Vishwa Vidyapeetham, Amrita University, India - 641112

Email: swatinegi04@gmail.com, cs kumar@cb.amrita.edu
$Department of Neurology, Amrita Institute of Medical Science, Elamakkara, Kochi, Kerala - 682041

Abstract—Early detection of cardiac disorders can help save
many lives. Time and frequency domain statistical features
derived from RR interval series of electrocardiogram (ECG)
signals with a support vector machine (SVM) backend classifier
can be used for distinguishing congestive heart failure (CHF)
and sudden cardiac death (SCD) patients from the normal sinus
rhythm (NSR) patients. We empirically found that ninety minutes
of duration gave the optimal classification results after exploring
with different heart rate variability (HRV) time durations.

We obtained a classification accuracy of 92.85% for our
baseline system using linear SVM kernel. In this work, the input
statistical features consists of patient independent and patient
specific variations. The patient specific variations were considered
as noise in the input feature vector, while patient independent
variations as informative.

In this work, we experimented with two approaches. The
first approach used was principal component analysis (PCA)
to obtain dimensionality reduced features with maximum in-
formation stored. We obtained a performance improvement of
0.65% absolute over the baseline system. In the second approach,
covariance normalization (CVN) was used to remove/minimize
the effect of patient specific variations. The overall system
performance was improved by 1.96% absolute over the baseline
system.

I. INTRODUCTION

Cardiac disorders such as, congestive heart failure (CHF)

and sudden cardiac death (SCD), are taking an exponential

growth in almost all the countries. Myocardial infarction [1] is

a condition which impairs the heart’s ability to circulate blood

eventually leading to heart failure. SCD condition arises when

the heart suddenly stops functioning. In such condition, the

blood flow to the brain and other vital organs is restricted. Such

problems demand accurate methods for the early detection of

cardiac disorders. Heart disease turns out to be the leading

causes of mortality in the world, accounting for 17.3 million

deaths per year, which is expected to grow more than 23.6

million by 2030 [2]. Cardiac transplantation is an adopted

treatment for the end-stage heart failure patients when medical

treatment and less drastic surgery have failed [3]. Hence,

early stage diagnosis play a critical role in preserving and

maintaining heart health.

Electrocardiography (ECG) is a mainstream diagnostic tech-

nique used for recording the electrical activity of heart. Heart

rate variability (HRV) is a physiological phenomenon which

occurs mainly due to variation of beat-to-beat alterations in

heart rate, which can be obtained from ECG. It is the most

promising non-invasive markers representing the variation of

RR intervals over time and reflecting the activity of the

autonomic nervous system (ANS) [4], [5], [6]. HRV gives

the necessary information about the patient’s heart condition.

A person with lower heart rate (HR) shows higher HRV, in

turn indicating high power levels in the higher frequency

components of HRV and vice-versa.

Estimating the consequences of a disease at an early stage

is one of the most challenging task. In order to solve such

problems related to diagnosis of disorders, latent information

from the available datasets can be extracted. For the past a

few years knowledge discovery in databases (KDD) including

machine learning algorithms , has gained its popularity as one

among the best research tool for the medical researchers. The

best application of such algorithms gives a solution which is

used more often for making use of patterns and relationships

among large scale of variables. It is also used to foretell the

final outcome of a disease using the information kept within

the datasets [7]. It is more than the data analysis which in-

cludes classification, clustering, and association rule discovery.

This work is focused on the early stage detection of cardiac

disorders by segmenting HRV data into shorter durations and

developing the machine learning algorithms along with a SVM

backend classifier. SVM is a supervised learning model and its

performance can be further improved by using data generated

from different machine learning algorithms. Due to its higher

generalization ability, SVM can classify unseen data accurately

[8].

In previous studies [9], [10], [11], [12], [13], ambulatory

analysis has been done to monitor the condition of cardiac

patients. However, in practical situations, patients feel un-

comfortable when analysis is performed for longer durations.

Hence, we focus on analyzing the condition of the patients

through shorter duration HRV segments using support vector

machine (SVM) approach. Early stage diagnosis of cardiac

disorders [14] requires prediction of their progression which

indicates the susceptibility of patients. In this study, we have

developed linear SVM model to classify CHF and SCD

patients from NSR patients for the optimal duration of ninety

minutes.

In this work, we used principal component analysis (PCA)

[15], [16], [17], [18] and used it with SVM backend clas-

sifier (PCA-SVM). PCA projects the data in the direction



of maximal variance. PCA-SVM system turns out to be

very effective when the small dataset is used [19]. In order

to improve the overall performance of the baseline system,

covariance normalization (CVN) [20] technique was exploited,

considering the patient-specific variations in the input feature

vector as noise. It was seen that CVN-SVM system helped

enhance the performance of the early stage detection system

when compared to the baseline system and PCA-SVM system.

II. SYSTEM DESCRIPTION

In practical situations, preemptive approach is necessary

for the early stage detection of cardiac disorders. Hence, in

this work, we segmented long-term duration of HRV data

upto fifteen minutes duration and empirically ninety minutes

is found to be the optimal time duration. Segmentation of

data into smaller duration helps in increasing the number

of examples per patient and to capture the variations of

different time intervals. The details of the baseline system

is explained in Fig. 1. The sequence of steps followed are:

(i) RR interval series has been obtained for three different

classes such as CHF, SCD and NSR patients from physionet-

ECG database [21]. (ii) HRV data has been segmented into

shorter durations. (iii) HRV segments that were noisy and

could distort the analysis were cut out of the sample and

discarded. (iv) Linear analysis of HRV signal has been done

to get the selected time-domain and frequency-domain HRV

features respectively which are discriminative in nature. (v)

Time and frequency domain statistical features extracted from

RR interval series has been provided as an input to linear SVM

backend classifier. (vi) PCA used as a dimensionality reduction

technique which is important due to cost of calculation and

accuracy in classification. PCA-SVM system used in this work

is described in Fig. 2 (vii) CVN as a feature normalization

technique has been applied to further reduce the effect of

patient-specific factors by considering them as noise. The

description of CVN-SVM system is provided in Fig. 3.

Fig. 1. Baseline System

A. Pre-processing of HRV signal

Two crucial observations has been made on optimal baseline

linear SVM. We observed that there are artifacts in the data

segments leading to poor classification of CHF, SCD and NSR

patients. Artifacts can be removed either by : (i) Ectopic inter-

vals detection and removal/replacement of the same by mean,

median or cubic spline method in the particular segment. (ii)

By discarding the entire segment containing artifacts. The

baseline system performance has been improved by using the

latter approach to remove artifacts.

B. Heart rate variability(HRV) analysis

Time-domain and frequency-domain statistical features

has been extracted (https://github.com/jramshur/HRVAS) from

inter-beat interval (IBI) or RR interval series and power

spectrum analysis has been performed.

1) Linear analysis: Linear analysis of HRV signal includes

extraction of time-domain and frequency-domain statistical

features as:

• Time-domain statistical features

1) Mean = Mean of IBI series.

2) Median = Median of IBI series.

3) SDNN = Standard Deviation of NN intervals.

4) SDANN = Computes the mean IBI of each segment and

then returns the Standard Deviation of all means as:

SDANN =

√
1

M − 1

M∑
i=1

[meanIBI(i)−meanIBI(i)2]

(1)

5) NNx = Number of successive differences that are greater

than 50 msec.

6) pNNx = Percentage of total intervals that successively

differs by more than 50 msec.

7) RMSSD = Root Mean Square of the successive differ-

ences of the IBI series.

8) SDNNi = Computes by finding the Standard Deviation

of each IBI segment and then returning the mean value

of standard deviations. (i=1minute)

SDNNi =
1

M

M∑

i=1

SDNN(i) (2)

9) meanHR = Mean value of heart rates.

10) sdHR = Average standard deviation value of heart rates.

11) HRVTi = HRV Triangular Index (i=1 minute).

HRVti =
NIBI

Y
(3)

12) TINN = Triangular interpolation of IBI histogram

• Frequency-domain statistical features (ms2)

1) VLF Power = Spectral flux of entire NN intervals in

0.003-0.04 Hz.

2) LF Power = Spectral flux of entire NN intervals in 0.04-

0.15 Hz.

3) HF Power = Spectral flux of entire NN intervals in 0.15-

0.4 Hz.



4) Total Power = Gross spectral flux of entire NN intervals

upto 0.4 Hz.

5) LF/HF Power = Ratio of low to high frequency spectral

flux.

2) Power spectrum analysis: Heart rate variability (HRV)

spectrum analysis has been done using Lomb-Scargle peri-

odogram (LSP). LSP is acknowledged to be the best method

when the input signal is highly non-stationary. As HRV is

a highly time-varying and a non-stationary signal, hence,

LSP satisfies the requirements of this work. Quantifying the

fluctuations in heart rate (HR) within the IBI time series can

be done by calculating the power spectrum density (PSD).

The PSD presents spectral power density of a time series as

a function of frequency. Therefore, PSD estimates can give

information about the amount of power in which certain fre-

quencies contribute to a time series. Total power is computed

by integrating the PSD between the certain band frequency

limits. The LSP of a non-uniformly sampled, real-valued data

sequence X of length N for arbitrary times tn is defined by :

pLS(f) =
1

2σ2

[
∑N

n=1(X(tn − X̄))cos(2πf(tn − τ))]2
∑N

n=1 cos
2(2πf(tn − τ))

+
[
∑N

n=1(X(tn − X̄))sin(2πf(tn − τ))]2
∑N

n=1 sin
2(2πf(tn − τ))

(4)

where X̄ and σ2 are mean and variance of the time series,

and

τ ≡ tan−1((
∑N

n=1 sin(4∗π∗f ∗tn))/(
∑N

n=1 cos(4∗π∗f ∗
tn))), τ is a frequency dependent time delay, defined to make

the periodogram insensitive to time shift. In this work, analysis

of PSD estimates shows that there are higher power levels in

the very low frequency components of SCD and CHF patients,

indicating higher HR and lower HRV. PSD estimates of NSR

patients has shown higher power levels in high frequency

range, giving lower HR and hence higher HRV.

C. Dimensionality reduction technique

Fig. 2. PCA-SVM system

1) Principal component analysis (PCA): In PCA, data is

projected towards the directions which are highly variable [16],

[17], [18]. According to the decrease in the order of variability,

the principal components (PCs) are computed as the basis

vectors. Setting the threshold for a percentage of entire data

variability, helps in selecting the number of PCs. PCs com-

putation for the data includes estimation of covariance matrix

(CVM). Subsequently, eigenvalue decomposition (EVD) and

then sorting of eigenvectors (evecs) in the decreasing order

of eigenvalues (evals). Finally, the data is projected into the

new basis with the help of PCs defined by taking the scalar

product of the original signals and the sorted evecs. When

large multivariate datasets are analyzed, it is desirable to

reduce their dimensionality. PCA thus helps in solving the

eigenvalue problem as:

λjevj = V evj , j = 1, ..., n. (5)

where j = one of the eigenvalues of CVM. evj = corresponding

evec. Based on the estimated evj , the components of rt are

then calculated as the orthogonal transformations of yt as :

rt(j) = evTj yt, j = 1, ..., n. (6)

The count of PCs in rt can be reduced by using the first several

evecs which are sorted according to the decreasing order of the

evals. So PCA has the dimensional reduction characteristics.

PCA-SVM system methodology is illustrated in Fig. 2.

While performing PCA , the covariance matrix is first com-

puted from the training features. Evals and evecs are then

obtained. In the decreasing sequence of evals, the sorting

of evecs matrix has been done. Lastly, training features are

projected into the newly formed basis determined by PCs.

Projection is done by computing the scalar product of the orig-

inal signals (training and test features) and the ordered evecs.

Dimensionality reduced training and test feature vectors are

obtained by reducing the dimensions of projected matrix. SVM

backend classifier has been trained using this dimensionality

reduced set of feature vectors.

D. Feature normalization technique

Fig. 3. CVN-SVM system

1) Covariance Normalization (CVN) : There is an intrin-

sic relationship between different features. Therefore, using

covariance matrix (CVM) for normalization of the features



would take such relationship into consideration, and would

therefore be more accurate [20].

Usually the estimates obtained after covariance are noisy.

Therefore, in order to compensate, smoothing of the covari-

ance matrix helps in improving the performance as:

S = λ ∗R+ (1− λ) ∗ I (7)

where, S= Smoothened covariance matrix. λ = Smoothing

factor. (0 < λ < 1) R = Covariance matrix. I = Identity

matrix.

The methodology for the feature normalization (CVN-

SVM) system is shown in Fig. 3. CVN compensate the

effect of noise due to patient-specific factors. CVM [22],

[20] was obtained from the training features and then the

inverse covariance matrix (ICVM) was computed. Cholesky

decomposition [20] requires the matrix to be positive definite.

Further, Cholesky decomposition was performed on the ICVM

which gives an upper triangular matrix and the more significant

features. Smoothing factor (λ) was varied in the range of 0 to

1 to find the smoothened covariance matrix (SCVM). In order

to obtain a normalized set of feature vectors, SCVM was then

multiplied with original training and testing features.

III. EXPERIMENTS AND RESULTS

A. Subjects

In this work, subjects include three classes of data such as

CHF, SCD and NSR patients retrieved from physionet-ECG

database [21]. ECG database details include: (i) The BIDMC

CHF Database : Long-term ECGs (about 20 hours each) from

15 subjects (11 men, aged 22 to 71, and 4 women, aged 54

to 63) with severe CHF(NYHA class 3-4). The ECG signal

sampled at 250 samples per second with 12-bit resolution

over a range of 10 millivolts using ambulatory ECG recorders

with a typical recording bandwidth of approx. 0.1 Hz to 40

Hz. (ii) SCD holter database : This is a collection of 23

complete holter recordings with different signal durations who

experienced sudden cardiac death during the recordings which

includes 18 patients with underlying sinus rhythm (4 with

intermittent pacing), 1 who was continuously paced, and 4

with atrial fibrillation. All patients had a sustained ventricular

tachyarrhythmia, and most had an actual cardiac arrest. (iii)

The MIT-BIH NSR database: It includes 18 ( 5 men, aged 26 to

45, and 13 women, aged 20 to 50) long-term ECG recordings.

B. HRV data segmentation

HRV data is segmented into shorter time-durations. Classi-

fication accuracy for different HRV time-durations is shown

in Table I and Table II. Ninety minutes duration is found to

gave the best classification results as 85.38% (146/171) and

considered as a baseline system. After removal of segments

containing artifacts and varying cost/regularization factor, clas-

sifier accuracy has further improved to 92.85% (143/154).

Total 154 number of test examples among which 143 were

correctly classified.

TABLE I
CLASSIFICATION ACCURACY(%) FOR DIFFERENT HEART RATE

VARIABILITY (HRV) TIME-DURATIONS

S.No. Kernel 24 Hours 120 minutes 90 minutes
1. Linear 66.66 79.80 85.38
2. Polynomial 66.66 66.34 54.97
3. RBF 41.66 39.42 39.76
4. Sigmoid 41.66 39.42 39.76

TABLE II
CLASSIFICATION ACCURACY(%) FOR DIFFERENT HEART RATE

VARIABILITY (HRV) TIME-DURATIONS

S.No. Kernel 60 minutes 30 minutes 15 minutes
1. Linear 84.72 64.26 75.52
2. Polynomial 62.03 55.68 51.74
3. RBF 39.35 39.90 43.30
4. Sigmoid 39.35 39.44 39.44

C. Performance of model based on dimensionality reduction

Reducing the number of dimensions to 16 and 15 gave

the highest classification accuracy as 92.20% and 90.90%

respectively as shown in Table III. Further, variation in

cost/regularization factor (c=0.3) for the 15th dimension im-

proved the overall classification accuracy to 93.50% (144/154).

TABLE III
CLASSIFICATION ACCURACY(%) FOR LINEAR SVM BACKEND CLASSIFIER

BY VARYING DIFFERENT DIMENSIONS

S.No. Dimension Accuracy(%) S.No. Dimension Accuracy(%)
1. 17 88.96 10. 8 77.27
2. 16 92.20 11. 7 76.62
3. 15 90.90 12. 6 71.42
4. 14 74.02 13. 5 69.48
5. 13 68.18 14. 4 69.48
6. 12 84.41 15. 3 57.14
7. 11 50.64 16. 2 66.23
8. 10 68.18
9. 9 64.93

D. Performance of model based on feature normalization

Feature normalization helped in the removal of patient-

specific factors by considering them as noise and patient-

independent factors were considered as significant features.

Overall classification accuracy has significantly increased

by 1.95% absolute by varying smoothening factor (λ) and

cost/regularization factor (c=0.2) as shown in Table IV. Hence,

covariance normalization outperforms the baseline and PCA-

SVM system.

TABLE IV
OVERALL CLASSIFICATION ACCURACY(%) FOR LINEAR SVM BACKEND

CLASSIFIER AFTER FEATURE NORMALIZATION

S.No.
Lambda

(λ)
Accuracy(%)

1. 0.0024 93.50
2. 0.000195 94.15
3. 0.000342 94.80



IV. CONCLUSION

Cardiac disorder is one of the challenging problems in the

medical field as it affects both heart and circulatory system.

Usually these studies are carried out over a period of twenty

four hours in an ambulatory environment. A longer duration

analysis often discourages the patient from taking up such

an analysis, and also makes them unsuitable for emergency

situations.

In this work, we explored the effectiveness of heart rate

variability (HRV) over a short period of ninety minutes for

the early detection of cardiac disorders. Our backend classifier

for the baseline system is a linear support vector machine

(SVM). In an effort to improve the classification accuracy, we

first experimented using principal component analysis (PCA)

which is a dimensionality reduction technique. We obtained a

performance improvement of 0.65% absolute through PCA.

Secondly, covariance normalization (CVN) of the features

was explored in an effort to minimize the effect of patient

dependent variations in the input feature vectors. It was seen

that CVN has helped improve the performance of the system

by 1.96% absolute over the baseline system.

The proposed system can be integrated into a mobile phone

for the early detection of cardiac disorders in emergency

situations making it more affordable to a common man. For

the early stage diagnosis of heart diseases, health care work-

ers, nurses and technicians who provide care for cardiology

patients will find the proposed system very useful.
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