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METHOD AND SYSTEM FOR CLASSIFYING
PHONOCARDIOGRAM SIGNAL QUALITY

PRIORITY CLAIM

[0001] This U.S. patent application claims priority under
35 US.C. § 119 to: India Application No. 201721024202,
filed on Jul. 10, 2017. The entire contents of the aforemen-
tioned application are incorporated herein by reference.

TECHNICAL FIELD

[0002] The embodiments herein generally relates to the
field of cardiac analysis using a phonocardiogram (PCG)
signal, and, more particularly, to a method and system for
classifying the phonocardiogram (PCG) signal quality as
either diagnosable or non-diagnosable.

BACKGROUND

[0003] Heart sound signals, commonly known as phono-
cardiogram (PCG) is typically captured using a digital
stethoscope and is known to carry useful information regard-
ing many cardiac abnormalities. With the global prolifera-
tion of the smartphones, the smartphones have become a
popular choice for deployment of low cost PCG recording
systems. But most of the affordable smartphones do not ship
with a microphone quality necessary for consistent medical-
grade PCG recordings. Further, personnel involved in pro-
viding and receiving point-of-care services, are mostly
medically untrained. Thus the protocols that must be fol-
lowed during a PCG recording, are not always strictly
adhered to. The above factors lead to background noises,
frictional noises between the subject’s skin and the record-
ing device, microphone static etc. corrupting the recordings.
Additionally, incorrect positioning of the recording device
causes the PCG recording to be faint or completely inau-
dible.

[0004] Various prior art techniques have been used in the
field to improve the quality of PCG signal captured from the
smartphone. Mainly these include manually rejecting noisy
portions of PCG or the entire noisy recording prior to
analysis. These methods followed the convention of accept-
ing or rejecting relevant portions of data post-recording. The
parameters used for estimating quality were largely appli-
cation specific and often determined by the developers, thus
making them unsuitable across systems. In template-match-
ing based research efforts, cardiac cycles were compared to
an artefact-free segment considered as a reference. Similari-
ties between the reference segment and individual segments
were estimated in both time and time-frequency domains.
Another prior art introduced logarithmic energy, noise level
variation and variation in certain heart sound (81, S2)
durations as features. But these approaches introduced heu-
ristically determined thresholds on the feature values for
decision-making, which may pose an issue of portability
across devices, systems and recording environments. A few
other prior art have developed a system that assesses the
PCG quality based on expert annotation regarding diagnos-
able quality. However it was limited in terms of diversity in
devices and patient cardiac conditions.

SUMMARY

[0005] The following presents a simplified summary of
some embodiments of the disclosure in order to provide a
basic understanding of the embodiments. This summary is
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not an extensive overview of the embodiments. It is not
intended to identify key/critical elements of the embodi-
ments or to delineate the scope of the embodiments. Its sole
purpose is to present some embodiments in a simplified form
as a prelude to the more detailed description that is presented
below.

[0006] In another aspect, the disclosure provides a method
for classifying phonocardiogram (PCG) signal quality. Ini-
tially, a training dataset is provided to the processor, wherein
the training dataset comprises a plurality of sample PCG
signals covering a plurality of scenarios of diagnosable and
non-diagnosable PCG signals from subjects having both
normal and abnormal cardiac health. The training dataset is
then preprocessed using a preprocessing module. In the next
step, a plurality of features are extracted from the training
dataset. The extracted plurality of features are then ranked
according to their minimum redundancy maximum rel-
evance (MRMR) strength using an mRMR algorithm. In the
next step, the irrelevant and redundant features are rejected
out of the plurality of features based on a predefined criteria,
wherein the remaining features form a first set of features of
the PCG signal which are relevant. Later, a training model
is generated using the first set of features. In the next step,
the phonocardiogram (PCG) signal is captured from a per-
son under test using a PCG sensor. The PCG signal is then
preprocessed using the preprocessing module. In the next
step, the first set of features are extracted from the prepro-
cessed PCG signal. And finally the PCG signal is classified
as diagnosable or non-diagnosable using the first set of
features and a random forest classifier, wherein the random
forest classifier is pre-trained using the training model.

[0007] In view of the foregoing, an embodiment herein
provides a system for classifying phonocardiogram (PCG)
signal quality, the system comprises a memory, a processor,
a PCG sensor and a classification module. The processor
further comprises an input module, a preprocessing module,
a feature extraction module, a ranking module and a training
model generation module. The input module provides a
training dataset, wherein the training dataset comprises a
plurality of sample PCG signals covering a plurality of
scenarios of diagnosable and non-diagnosable PCG signals
from subjects having both normal and abnormal cardiac
health. The preprocessing module preprocesses the training
dataset. The feature extraction module extracts a plurality of
features from the training dataset. The ranking module ranks
the extracted plurality of features according to their mini-
mum redundancy maximum relevance (mRMR) strength
using an mRMR algorithm, the ranking module further
configured to reject the irrelevant and redundant features out
of the plurality of features based on a predefined criteria,
wherein the remaining features form a first set of features of
the PCG signal which are relevant. The training model
generation module generates the training model using the
first set of features. The PCG sensor captures the phonocar-
diogram (PCG) signal from a person under test, wherein the
PCG signal preprocessed using the preprocessing module,
and the first set of features are extracted from the prepro-
cessed PCG signal. The classification module classifies the
PCG signal as diagnosable or non-diagnosable using the
extracted first set of features and a random forest classifier,
wherein the random forest classifier is pre-trained using the
training model.

[0008] In view of the foregoing, another embodiment
herein provides a system for monitoring the cardiac health
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using a phonocardiogram (PCG) signal of a person. The
system comprises a memory, a processor, a PCG sensor, a
classification module and a cardiac health detection module.
The processor further comprises an input module, a prepro-
cessing module, a feature extraction module, a ranking
module and a training model generation module. The input
module provides a training dataset, wherein the training
dataset comprises a plurality of sample PCG signals cover-
ing a plurality of scenarios of diagnosable and non-diagnos-
able PCG signals from subjects having both normal and
abnormal cardiac health. The preprocessing module prepro-
cesses the training dataset. The feature extraction module
extracts a plurality of features from the training dataset. The
ranking module ranks the extracted plurality of features
according to their minimum redundancy maximum rel-
evance (mRMR) strength using an mRMR algorithm, the
ranking module further configured to reject the irrelevant
and redundant features out of the plurality of features based
on a predefined criteria, wherein the remaining features form
a first set of features of the PCG signal which are relevant.
The training model generation module generates the training
model using the first set of features. The PCG sensor
captures the phonocardiogram (PCG) signal from a person
under test, wherein the PCG signal preprocessed using the
preprocessing module, and the first set of features are
extracted from the preprocessed PCG signal. The classifi-
cation module classifies the PCG signal as diagnosable or
non-diagnosable using the extracted first set of features and
a random forest classifier, wherein the random forest clas-
sifier is pre-trained using the training model. The cardiac
health detection module monitors the health of the person
using only diagnosable PCG signal as classified by the
classification module.

[0009] In another embodiment herein provides one or
more non-transitory machine readable information storage
mediums comprising one or more instructions, which when
executed by one or more hardware processors perform
actions comprises a memory, a processor, a PCG sensor, a
classification module and a cardiac health detection module.
The processor further comprises an input module, a prepro-
cessing module, a feature extraction module, a ranking
module and a training model generation module. The input
module provides a training dataset, wherein the training
dataset comprises a plurality of sample PCG signals cover-
ing a plurality of scenarios of diagnosable and non-diagnos-
able PCG signals from subjects having both normal and
abnormal cardiac health. The preprocessing module prepro-
cesses the training dataset. The feature extraction module
extracts a plurality of features from the training dataset. The
ranking module ranks the extracted plurality of features
according to their minimum redundancy maximum rel-
evance (mRMR) strength using an mRMR algorithm, the
ranking module further configured to reject the irrelevant
and redundant features out of the plurality of features based
on a predefined criteria, wherein the remaining features form
a first set of features of the PCG signal which are relevant.
The training model generation module generates the training
model using the first set of features. The PCG sensor
captures the phonocardiogram (PCG) signal from a person
under test, wherein the PCG signal preprocessed using the
preprocessing module, and the first set of features are
extracted from the preprocessed PCG signal. The classifi-
cation module classifies the PCG signal as diagnosable or
non-diagnosable using the extracted first set of features and
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a random forest classifier, wherein the random forest clas-
sifier is pre-trained using the training model. The cardiac
health detection module monitors the health of the person
using only diagnosable PCG signal as classified by the
classification module.

[0010] It should be appreciated by those skilled in the art
that any block diagram herein represent conceptual views of
illustrative systems embodying the principles of the present
subject matter. Similarly, it will be appreciated that any flow
charts, flow diagrams, state transition diagrams, pseudo
code, and the like represent various processes which may be
substantially represented in computer readable medium and
so executed by a computing device or processor, whether or
not such computing device or processor is explicitly shown.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] The embodiments herein will be better understood
from the following detailed description with reference to the
drawings, in which:

[0012] FIG. 1 illustrates a block diagram for classifying a
phonocardiogram (PCG) signal quality according to an
embodiment of the present disclosure;

[0013] FIG. 2 illustrates an architecture of cardiac health
monitoring system according to an embodiment of the
disclosure;

[0014] FIG. 3 illustrates an illustrative block diagram of a
preprocessor according to an embodiment of the present
disclosure;

[0015] FIG. 4 shows different kinds of raw PCG wave-
forms and their final autocorrelation waveforms according to
an embodiment of the disclosure;

[0016] FIG. 5 shows the correlation coefficient calculated
between the final waveform obtained from PCG and syn-
thetic, fitted waveforms for different features, with the
corresponding feature values listed according to an embodi-
ment of the disclosure;

[0017] FIG. 6a-65 is a flowchart illustrating the steps
involved for classifying a phonocardiogram (PCG) signal
quality according to an embodiment of the present disclo-
sure; and

[0018] FIG. 7 shows mean, standard deviation and range
of performance metrics for cross-validation across all 5 folds
over all 16 validation datasets, with number of features
(n)=1 to 17 according to an embodiment of the disclosure.

DETAILED DESCRIPTION OF EMBODIMENTS

[0019] The embodiments herein and the various features
and advantageous details thereof are explained more fully
with reference to the non-limiting embodiments that are
illustrated in the accompanying drawings and detailed in the
following description. The examples used herein are
intended merely to facilitate an understanding of ways in
which the embodiments herein may be practiced and to
further enable those of skill in the art to practice the
embodiments herein. Accordingly, the examples should not
be construed as limiting the scope of the embodiments
herein.

Glossary—Terms Used in the Embodiments

[0020] The expression “phonocardiogram” or “PCG” in
the context of the present disclosure refers to the signal
captured from the person using a PCG sensor. The PCG
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signal typically contains two prominent heart sounds,
namely S1 and S2. S1 precedes the systole whereas S2
precedes the diastole region.

[0021] Referring now to the drawings, and more particu-
larly to FIG. 1 through FIG. 6, where similar reference
characters denote corresponding features consistently
throughout the figures, there are shown preferred embodi-
ments and these embodiments are described in the context of
the following exemplary system and/or method.

[0022] According to an embodiment of the disclosure, a
system 100 for classifying a phonocardiogram (PCG) signal
quality is shown in FIG. 1. The system 100 is configured to
identify the quality of the PCG signal recording and accept-
ing only diagnosable quality recordings for further cardiac
analysis. The system 100 includes the derivation of novel
features of the PCG signal which are used to identify the
quality of the PCG signal in real time. The system 100 also
sends a real time feedback to a user, thus ensuring that the
user can correctly reposition the stethoscope attachment
such that the captured PCG signal are of a consistently good
quality.

[0023] According to an embodiment of the disclosure, the
system 100 consists of a phonocardiogram (PCG) sensor
102, 2 memory 104, a processor 106 and a display device
108 as shown in the block diagram of FIG. 1. The processor
106 is in communication with the memory 104. The pro-
cessor 106 configured to execute an algorithm stored in the
memory 104. The processor 106 further comprises a plural-
ity of modules for performing various functions. The pro-
cessor 106 comprises a preprocessing module 110, a training
model generation module 112, a feature extraction module
114, a ranking module 116, and a classification module 118.
[0024] According to an embodiment of the disclosure, the
system 100 can further be expanded as a cardiac health
monitoring system to detect the cardiac health of the person
using only diagnosable PCG signals. The cardiac health
monitoring system includes two layers, i.e. a decision layer
and an input/output layer as shown in the architecture of
FIG. 2. The Boolean output (/1 denotes the decision made
on input PCG signal quality. Output of 0 corresponds to
input PCG signal being not diagnosable, while output 1
denotes an input PCG signal of diagnosable quality. The
architecture may also include a cardiac health detection
module 120. The cardiac heath detection module 120 is
configured to automatically detect the cardiac condition of
the person using the diagnosable PCG signal provided as an
output by the classification module 118 of the system 100.
[0025] According to an embodiment of the disclosure, the
system 100 may also include an input module 122. The input
module 122 can also be a user interface 122. The user
interface 122 is configured to provide various inputs to the
system 100. The inputs can be training dataset or any other
related data. The user interface 122 can include a variety of
software and hardware interfaces, for example, a web inter-
face, a graphical user interface, and the like and can facilitate
multiple communications within a wide variety of networks
N/W and protocol types, including wired networks, for
example, LAN, cable, etc., and wireless networks, such as
WLAN, cellular, or satellite. In an embodiment, the user
interface 122 can include one or more ports for connecting
a number of devices to one another or to another server.
[0026] According to an embodiment of the disclosure, the
system 100 takes two inputs, a testing data and a training
data. The testing data may also be referred as the PCG signal
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captured from a user under test. The PCG signal can be
captured using the PCG sensor 102. The use of any available
PCG sensor is well within the scope of this disclosure.
Though in an embodiment, the PCG signal was captured on
a Nexus 5 smartphone using a low-cost stethoscope attach-
ment. A data logger application was used to dump raw audio
data at 8 KHz sampling frequency. Data annotations were
made by amalgamating the independent opinions of multiple
expert clinicians, possessing high inter-rater agreement.
Clean to noisy for 20 recordings is 2:3.

[0027] According to an embodiment of the disclosure the
training data is provided using the input module 122. The
training data include a plurality of sample PCG signals
covering a plurality of scenarios of diagnosable and non-
diagnosable PCG signals from subjects having both normal
and abnormal cardiac health. In an example, the training
data is taken from the PCG signal dataset made public by
organizers of the Physionet Challenge, 2016. This dataset
exhibits the requisite diversity in various parameters of
recording device (various off-the-shelf electronic stetho-
scopes), recording environment and subject demographics.
2664 PCGs, from 658 subjects belonging to 6 different
geographies, are distributed over classes clean (diagnosable)
and noisy (not diagnosable) in the ratio 16:1. The use of any
other database is well within the scope of this disclosure.
[0028] According to an embodiment of the disclosure the
system 100 includes the preprocessing module 110. The
preprocessing module 110 is configured to preprocess the
training dataset and the testing data. The preprocessing
module 110 further includes a down sampler 124, a first low
pass filter 126, a Hilbert transformation module 128, an auto
correlation module 130 and a second low pass filter 132. The
preprocessing module 110 is configured to remove the noise
from the PCG signal.

[0029] The PCG signal either from the PCG sensor 102 or
from the training dataset is provided as the input to the
preprocessing module 110. Initially the PCG signal is down
sampled using the down sampler 124. The envelope of the
down sampled PCG signal is then estimated by filtering it
through the first low pass filter 126. The first low pass filter
126 is a 2nd order Butterworth low-pass filter at frequency
of about 20 Hz. The filtered signal is then transformed using
the Hilbert transformation module 128. The transformed
PCG signal is then provide to the auto correlation module
130. The auto correlation module 130 calculates the auto-
correlation waveform of the transformed PCG signal. The
auto correlated PCG signal is then low-pass filtered using
the second low pass filter 132 at 10 Hz. The second low pass
filter 132 is a 2"/ order Butterworth filter. The backward-
forward filtering ensured zero-phase distortion.

[0030] According to an embodiment of the disclosure, the
final waveforms are illustrated in FIG. 4 along with the raw
recordings. FIG. 4 shows different kinds of raw PCG (1-3
clean where all heart sounds are audible, 4-5 moderately
noisy and 6 noisy where one or more heart sounds are
inaudible) and their final autocorrelation waveforms. The
illustrated waveform patterns are obtained because a PCG is
quasi-periodic while noise is non-stationary. The waveform
for clean and normal PCG in FIG. 4(a) has peaks at shifts
equal to (A) systolic, (B) diastolic and (C) cardiac cycle
durations.

[0031] According to an embodiment of the disclosure, the
system 100 includes the feature extraction module 114. The
feature extraction module 114 is configured to extract a
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plurality of feature from the preprocessed training dataset.
The plurality of features may either include features derived
from the auto-correlated PCG signal or the spectral features
derived from the input PCG signal. In an example of the
present embodiment following set of features have been
used. Table | shows the features derived from the Auto-
correlated PCG signal, while the Table 2 shows the spectral
features derived from the PCG signal.

TABLE 1

Index  Description

1234 Sample entropy of final waveform [10]
5 Kurtosis of final waveform [10]
Minimum ratio of the second to first singular value
from the singular value decomposition (SVD) of varying
window sizes of final waveform [6]

7 Signal power of final waveform [10]
9 Variance of final waveform [10]
10 11 12 Correlation coefficient between final waveform and a
fitted sum of 1, 2 or 3 rectified sinusoids, FIG. 3(a) 3(b)
3(c). Feature 10 is adopted from [10] (Algorithm 1)
13 14 15 Correlation coefficient between final waveform and a

fitted sum of 1, 2 or 3 rectified and decaying sinusoids,
FIG. 3(d) 3(e) 3(f) (Algorithm 1)

TABLE 1I

Index Description

8  Ratio of power contained in 0-240 Hz to the power contained
in 240-1000 Hz [10]
16 17 Mean and variance of ratio of power contained in 0-500 Hz
to the remaining power for overlapping frames

[0032] Features numbered 1 to 10 has been derived using
well known method in the art. The feature number 11 to 15
were developed as an extension of feature numbered 10. The
extraction of these five features, along with feature number
10, is described in Algorithm 1 as follows:

Algorithm 1 Fitting rectified sinusoids for feature no. 10-15

1: procedure FIT(ac,minsep)
> ac : Final autocorrelation waveform

b minsep : minimum separation, typically 50 ms
20 peak,,,, peaky,,.;,, = peakdetect(ac,minsep)
3 for all peak,,., do
4 a < pea‘kheights b < peak,,,
5 for all j £{1,2,3)do
6: signal; = a x ;s COS (k)
7 signal,,; = signal; x exp(log | b | /a x 1)
8 end for
9 p; = corr(rect(signal)), ac) for j €(1, ..., 6)
0 end for
1: end procedure

[0033] The underlying assumption behind feature 10 was
that that clean PCG signals produced autocorrelation wave-
forms conforming to the pattern shown in FIG. 4(a), with
peak C being consistently far more prominent than peaks A
and B. However, as illustrated in the remaining waveforms
in FIGS. 4(b) to 4(e), such is not always the case for clean
PCG signals. Presence of cardiac abnormalities, variations
in frequency response and thermal noise of the recording
device, presence of acceptable levels of ambient noise etc.
cause deviations from the pattern of FIG. 4(a). Feature 10
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was found to be biased such that it led to high rejection of
PCGs exhibiting the aforementioned deviations. The new
features, numbered 11 to 15, were introduced to address this
particular bias.

[0034] In Algorithm 1, set S is defined such that for j
(1.2,3), k varies over 1, 2 or 3 values respectively with each
value being of the form (2m)/b+¢. The peak producing
consistently high values of p is considered peak C (FIG.
4(a)). Some fitted waveforms are illustrated in FIG. 5. These
variations are covered to account for the deviation of auto-
correlation waveforms of different clean but abnormal PCGs
(FIGS. 4(b) to 4(e)) from the ideal pattern of FIG. 4(a).
[0035] Abnormal and normal PCGs have variable com-
ponents ranging from 20-500 Hz. Most of their power is
concentrated in this frequency band. The PCG signal is
divided into 2 s segments with 0.5 s overlap. Mean and
variance of ratio of power in 0-500 Hz to power in 500-1000
Hz are both expected to be higher in clean signals because
of a lower noise floor. An essential part of the solution is the
selection of an optimum feature set, by rejecting redundant
features, reducing computation time, producing high perfor-
mance scores and maintaining low performance variation.
[0036] According to an embodiment of the disclosure, the
system 100 further includes the ranking module 116. The
ranking module 116 is configured to rank the extracted
plurality of features according to their minimum redundancy
maximum relevance (mnRMR) strength using an mRMR
algorithm. The ranking module (116) further configured to
reject the irrelevant and redundant features out of the plu-
rality of features based on a predefined criteria, wherein the
remaining features form a first set of features of the PCG
signal which are relevant.

[0037] In anexample of the present embodiment, features,
that are ranked low by the mRMR algorithm, are studied
further and found to be not truly sensor-agnostic. Thus the
first set of feature consists of features numbered 15, 17, 6,
16, 8, 5, 4, 12, 10, 11 and 14.

[0038] In the example of present embodiment, each of the
plurality of features are ranked according to their Minimum
Redundancy Maximum Relevance (nRMR) strength com-
puted against the data class, for each of the 16 (balanced)
datasets. A final consolidated ranking is prepared from them.
Spearman’s Rank Correlation Coeflicients between the final
rank series and the initial 16 rank series have a mean value
0.85, range [0.76-0.91] and standard deviation 0.04. Thus
the final feature rank, reported in Table I, has high degrees
of similarity with the initial 16 rank series. Mean and
standard deviation of the rank of each feature is provided in
the table.

TABLE III
Rank
1 2 3 4 5 6
Index 15 17 6 16 8 5
STD 000 142 118 140 193 311
Rank
7 8 9 10 11 12
Index 4 11 14 13 12 10
STD 172 228 134 133 5.09 535
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TABLE IIl-continued

Rank

13 14 15 16 17 —

Index 7 9 3 1 2 —
STD 3.07 2.91 1.36 2.53 1.82 —

[0039] According to an embodiment of the disclosure the
system 100 includes the training model generation module
112. The training model generation module 112 generates
the training model using the first set of features derived from
the training dataset.

[0040] According to an embodiment of the disclosure, the
system 100 further includes the classification module 118.
The PCG signal captured from the person under test using
the PCG sensor 102 is further used to extract only the first
set of features using the feature extraction module 114. Since
the first set of features are relevant features thus they are
used to as input to the classification module 118.

[0041] The classification module 118 is configured to
classify the PCG signal as diagnosable or non-diagnosable
using the extracted first set of features and a random forest
classifier, wherein the random forest classifier is pre-trained
using the training model. The aim is to use the training set
to develop a universal, robust, sensor-agnostic binary clas-
sifier for smartphone PCG quality. The Random Forest
classifier was chosen because the main interest was in the
proximity of observations in the two classes and interaction
between features. The Random Forest classifies observa-
tions by nested conditional statements. This makes it easy to
port across various systems. It is generally simpler to avoid
over-fitting in this approach, since it ensembles a large
number of decision trees. It also exhibits performance com-
parable to or excelling current basic algorithms. Accordingly
the Random Forest for classifying noisy and clean data was
used, in which the number of trees was 120 and number of
features considered for each decision split was square root of
total number of features.

[0042] Parameters were determined via cross validation
on the training data. Given a random environment, recording
device, agent and subject, i.e. an unbiased system, a PCG
recording has equal chances of being clean or noisy, poste-
riori probabilities are as 1:1. However, priori probabilities in
the training set are found to be in an approximate ratio of
16:1 (2506:157) for clean:noisy. The clean set is partitioned
into 16 random, exclusive and exhaustive subsets of equal
cardinality. Each such subset is combined with all noisy
recordings to create a balanced dataset. Train/Evaluate are
carried out within each of these balanced datasets using
K-fold (K=5) cross-validation technique. Performance met-
rics reported throughout are measured across all 5 folds over
all 16 datasets.

[0043] In operation, a flowchart 200 illustrating the steps
involved for the classifying phonocardiogram (PCG) signal
quality is shown in FIG. 6a-6b. Initially at step 202, a
training dataset is provided by the processor. The training
dataset comprises a plurality of sample PCG signals cover-
ing a plurality of scenarios of diagnosable and non-diagnos-
able PCG signals from subjects having both normal and
abnormal cardiac health. In an embodiment, physionet Chal-
lenge 2016 dataset have been used. At step 204, the captured
PCG signal is then preprocessed using the preprocessing
module 110. The preprocessing of the PCG signal involves
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down sampling the PCG signal, low pass filtering the down
sampled PCG signal using 2"¢ order low pass Butterworth
filter, transforming the filtered PCG signal, followed by auto
correlating the transformed PCG signal and finally again
filtering using the 2”7 order low pass Butterworth filter.
[0044] In the next step 206, a plurality of features are
extracted from the preprocessed PCG signal. The set of
features used in an embodiment of the disclosure are provide
in table I and table II. In the next step 208, the extracted
plurality of features are ranked according to their minimum
redundancy maximum relevance (mRMR) strength using
the mRMR algorithm. At step 210, the irrelevant and redun-
dant features out of the plurality of features are rejected
based on a predefined criteria. The predefined criteria is
explained in the later part of disclosure with the help of FIG.
7. The remaining features form a first set of features of the
PCG signal which are relevant. In the next step 212, the
training model is generated using the first set of features.
[0045] In the next step 214, the phonocardiogram (PCG)
signal is captured from a person using the PCG sensor 102.
The PCG sensor 102 can be digital stethoscope used in
conjunction with a smartphone. Use of any digital commu-
nication device or any other PCG sensor is well within the
scope of this disclosure. At step 216, the PCG signal is then
preprocessed using the preprocessing module (110). At step
218, the first set of features are extracted from the prepro-
cessed PCG signal. And finally at step 220, the PCG signal
is classified as diagnosable or non-diagnosable using the
extracted first set of features and a random forest classifier,
wherein the random forest classifier is pre-trained using the
training model.

[0046] According to an embodiment of the disclosure, the
system 100 can be explained with the help of the following
experimental findings. For the experimental purpose, the
same set of plurality of features are used as mentioned
above. The training model is generated using the Physionet
Challenge 2016.

Experimental Results

A. Evaluation Results

[0047] The classification method mentioned above is iter-
ated 16 times, each time with an expanding feature set. Thus
the 4™ (n”) iteration uses the top 4 (n) features, numbered
15, 17, 6 and 16 (Table III). Performance metrics, for all
cases n=1 to 17, are plotted in FIG. 7. FIG. 7 shows Mean
(point), standard deviation (light) and range (dark) of per-
formance metrics for cross-validation across all 5 folds over
all 16 validation datasets, with number of features (n)=1 to
17. Sensitivity (Se) is the fraction of clean PCGs and
specificity (Sp) is the fraction of noisy PCGs that have been
correctly identified. Accuracy (Acc) is defined as (Se+Sp)/2,
to compensate for the class imbalance in the testing set. Tt
was concluded from FIG. 4, that the top 11 features (indices
15,17, 6, 16, 8, 5, 4, 12, 10, 11 and 14) thus constitute the
optimum feature set. This set includes 6 of the 7 new
features introduced in the present embodiment.

B. Final Predictor

[0048] The final Random Forest to be used as a classifier
is trained by a dataset created by randomly selecting record-
ings from clean class to create a balanced set of clean and
noisy recordings. This predictor is then used to estimate the



US 2019/0013102 Al

quality of the testing data collected on smartphone. This too
is repeated to study the effect of changing the training data
on the predictor.

C. Test Results

[0049] Selection of the optimum feature set involves
studying the internal evaluation performances from FIG. 4
and selecting the lowest value of n such that the performance
is balanced and high, while the range and standard deviation
are low. Proceeding thus, it was found that the optimum
feature set for best performance, in terms of Sp, is at n=11,
while the same in terms of Se is at n=12. However, the focus
should be more on rejecting noisy data perfectly, i.e. to
maximize Sp. So Se was trade-off in favor of Sp and select
n=11. 16 predictor models were trained using all balanced
training sets and tested on the fixed, hidden testing set
collected from the local hospital. The final results reported
average Se, Sp and Acc across all 16 training models as
88.28%, 66.67% and 75.31% respectively. The results pro-
vide a proof of concept that the proposed workflow can
achieve true sensor agnosticism. This predictor was also
tested on 20 random recording (pseudo-periodic to mimic
heart sounds, periodic and aperiodic) none of which were
PCGs. All such recordings were correctly identified as noisy,
thus proving that the predictor only accepts true PCGs and
rejects all the rest.

[0050] A predictor was trained using the entire unbalanced
(16:1) training set and then tested on the hidden testing set.
The Se and Sp were 100% and 0% respectively, because the
training set had an overwhelming majority of clean PCGs.
This result justifies the use of balanced training datasets.
[0051] The written description describes the subject mat-
ter herein to enable any person skilled in the art to make and
use the embodiments. The scope of the subject matter
embodiments is defined by the claims and may include other
modifications that occur to those skilled in the art. Such
other modifications are intended to be within the scope of the
claims if they have similar elements that do not differ from
the literal language of the claims or if they include equiva-
lent elements with insubstantial differences from the literal
language of the claims.

[0052] The embodiments of present disclosure herein
addresses unresolved problem of noise in PCG signal,
inconsistent quality of the PCG signal etc. which hinders
further analysis regarding cardiac health. The embodiment,
thus provides a system and method for classifying the PCG
signal quality as diagnosable or non-diagnosable.

[0053] Itis, however to be understood that the scope of the
protection is extended to such a program and in addition to
a computer-readable means having a message therein; such
computer-readable storage means contain program-code
means for implementation of one or more steps of the
method, when the program runs on a server or mobile device
or any suitable programmable device. The hardware device
can be any kind of device which can be programmed
including e.g. any kind of computer like a server or a
personal computer, or the like, or any combination thereof.
The device may also include means which could be e.g.
hardware means like e.g. an application-specific integrated
circuit (ASIC), a field-programmable gate array (FPGA), or
a combination of hardware and software means, e.g. an
ASIC and an FPGA, or at least one microprocessor and at
least one memory with software modules located therein.
Thus, the means can include both hardware means and
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software means. The method embodiments described herein
could be implemented in hardware and software. The device
may also include software means. Alternatively, the embodi-
ments may be implemented on different hardware devices,
e.g. using a plurality of CPUs.

[0054] The embodiments herein can comprise hardware
and software elements. The embodiments that are imple-
mented in software include but are not limited to, firmware,
resident software, microcode, etc. The functions performed
by various modules described herein may be implemented in
other modules or combinations of other modules. For the
purposes of this description, a computer-usable or computer
readable medium can be any apparatus that can comprise,
store, communicate, propagate, or transport the program for
use by or in connection with the instruction execution
system, apparatus, or device.

[0055] The medium can be an electronic, magnetic, opti-
cal, electromagnetic, infrared, or semiconductor system (or
apparatus or device) or a propagation medium. Examples of
a computer-readable medium include a semiconductor or
solid state memory, magnetic tape, a removable computer
diskette, a random access memory (RAM), a read-only
memory (ROM), a rigid magnetic disk and an optical disk.
Current examples of optical disks include compact disk-read
only memory (CD-ROM), compact disk-read/write (CD-R/
W) and DVD.

[0056] A data processing system suitable for storing and/
or executing program code will include at least one proces-
sor coupled directly or indirectly to memory elements
through a system bus. The memory elements can include
local memory employed during actual execution of the
program code, bulk storage, and cache memories which
provide temporary storage of at least some program code in
order to reduce the number of times code must be retrieved
from bulk storage during execution.

[0057] Input/output (1/O) devices (including but not lim-
ited to keyboards, displays, pointing devices, etc.) can be
coupled to the system either directly or through intervening
1/O controllers. Network adapters may also be coupled to the
system to enable the data processing system to become
coupled to other data processing systems or remote printers
or storage devices through intervening private or public
networks. Modems, cable modem and Ethernet cards are just
a few of the currently available types of network adapters.
[0058] A representative hardware environment for prac-
ticing the embodiments may include a hardware configura-
tion of an information handling/computer system in accor-
dance with the embodiments herein. The system herein
comprises at least one processor or central processing unit
(CPU). The CPUs are interconnected via system bus to
various devices such as a random access memory (RAM),
read-only memory (ROM), and an input/output (1/O)
adapter. The I/O adapter can connect to peripheral devices,
such as disk units and tape drives, or other program storage
devices that are readable by the system. The system can read
the inventive instructions on the program storage devices
and follow these instructions to execute the methodology of
the embodiments herein.

[0059] The system further includes a user interface adapter
that connects a keyboard, mouse, speaker, microphone,
and/or other user interface devices such as a touch screen
device (not shown) to the bus to gather user input. Addi-
tionally, a communication adapter connects the bus to a data
processing network, and a display adapter connects the bus
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to a display device which may be embodied as an output
device such as a monitor, printer, or transmitter, for example.
[0060] The preceding description has been presented with
reference to various embodiments. Persons having ordinary
skill in the art and technology to which this application
pertains will appreciate that alterations and changes in the
described structures and methods of operation can be prac-
ticed without meaningfully departing from the principle,
spirit and scope.
What is claimed is:
1. A method for classifying phonocardiogram (PCG)
signal quality, the method comprising a processor (106)
implemented steps of:
providing a training dataset, wherein the training dataset
comprises a plurality of sample PCG signals covering
a plurality of scenarios of diagnosable and non-diag-
nosable PCG signals from subjects having both normal
and abnormal cardiac health;
preprocessing the training dataset using a preprocessing
module (110);

extracting a plurality of features from the preprocessed
training dataset using a feature extraction module
(114);

ranking the extracted plurality of features according to
their minimum redundancy maximum relevance
(mRMR) strength using an mRMR algorithm;

rejecting the irrelevant and redundant features out of the
plurality of features based on a predefined criteria,
wherein the remaining features form a first set of
features of the PCG signal which are relevant;

generating a training model using the first set of features;
capturing the phonocardiogram (PCG) signal from a
person under test using a PCG sensor (102);

preprocessing the PCG signal using the preprocessing
module (110);

extracting the first set of features from the preprocessed
PCG signal; and

classifying the PCG signal as diagnosable or non-diag-
nosable using the first set of features and a random
forest classifier, wherein the random forest classifier is
pre-trained using the training model.

2. The method of claim 1, wherein the step of prepro-
cessing the PCG signal comprises:

down sampling the PCG signal;

filtering the down sampled PCG signal using a 2"? order

Butterworth low pass filer at a frequency of about 20
Hz;

applying Hilbert transform on the filtered PCG signal;

auto-correlating the transformed PCG signal; and

filtering the auto-correlated PCG signal using a 2" order
Butterworth low pass filter at the frequency of about 10
Hz.

3. The method of claim 1, wherein the plurality of features
include one or more of:

a sample entropy of the auto-correlated PCG signal,

Kurtosis of the auto-correlated PCG signal,

minimum ratio of the second to first singular value from

the singular value decomposition (SVD) of varying
window sizes of the auto-correlated PCG signal,

a signal power of the auto-correlated PCG signal,

variance of the auto-correlated PCG signal,

correlation coefficient between the auto-correlated PCG

signal and a fitted sum of rectified sinusoids, and
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correlation coefficient between the auto-correlated PCG

signal and a fitted sum of rectified and decaying sinu-

soids.

4. The method of claim 1 wherein the plurality of features
further includes a plurality of spectral features derived from
the PCG signal, wherein the plurality of spectral features
comprises:

ratio of power contained in 0-240 Hz to the power

contained in 240-1000 Hz,

mean and variance of spectral energy of overlapping

frames,

mean and variance of spectral flux computed between

overlapping frames,

mean and variance of ratio of power contained in 0-500

Hz to the remaining power for overlapping frames, and

mean and maximum of mean power spectral density for

overlapping frames.

5. The method of claim 1 wherein the step of classifying
is configured to give an output value as ‘0’ if the PCG signal
is non-diagnosable and as 1’ if the PCG signal is diagnos-
able.

6. The method of claim 1, wherein the PCG sensor (102)
is a stethoscope and the PCG signal is captured on a
smartphone.

7. The method of claim 1 further include the step of
sending the output value to a user of the PCG sensor (102)
as feedback.

8. A system (100) for classifying phonocardiogram (PCG)
signal quality, the system comprises:

a memory (104);

a processor (106) in communication with the memory

(104), the processor (106) further comprises:

an input module (122) providing a training dataset,
wherein the training dataset comprises a plurality of
sample PCG signals covering a plurality of scenarios
of diagnosable and non-diagnosable PCG signals
from subjects having both normal and abnormal
cardiac health;

a preprocessing module (110) for preprocessing the
training dataset;

a feature extraction module (114) for extracting a
plurality of features from the training dataset;

a ranking module (116) for ranking the extracted plu-
rality of features according to their minimum redun-
dancy maximum relevance (mRMR) strength using
an mRMR algorithm, the ranking module (116)
further configured to reject the irrelevant and redun-
dant features out of the plurality of features based on
a predefined criteria, wherein the remaining features
form a first set of features of the PCG signal which
are relevant; and

a training model generation module (118) for generat-
ing the training model using the first set of features;

a PCG sensor (102) capturing the phonocardiogram

(PCG) signal from a person under test, wherein the

PCG signal is preprocessed using the preprocessing

module (110), and the first set of features are extracted

from the preprocessed PCG signal; and

a classification module (118) classifying the PCG signal

as diagnosable or non-diagnosable using the extracted

first set of features and a random forest classifier,
wherein the random forest classifier is pre-trained using
the training model.
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9. A system for monitoring the cardiac health using a
phonocardiogram (PCG) signal of a person, the system
comprises:

a memory (104);

a processor (106) in communication with the memory

(104), the processor (106) further comprises:

an input module (122) providing a training dataset,
wherein the training dataset comprises a plurality of
sample PCG signals covering a plurality of scenarios
of diagnosable and non-diagnosable PCG signals
from subjects having both normal and abnormal
cardiac health;

a preprocessing module (110) for preprocessing the
training dataset;

a feature extraction module (114) for extracting a
plurality of features from the training dataset;

a ranking module (116) for ranking the extracted plu-
rality of features according to their minimum redun-
dancy maximum relevance (mRMR) strength using
an mRMR algorithm, the ranking module (116)
further configured to reject the irrelevant and redun-
dant features out of the plurality of features based on
a predefined criteria, wherein the remaining features
form a first set of features of the PCG signal which
are relevant; and

a training model generation module (118) for generat-
ing the training model using the first set of features;

a PCG sensor (102) capturing the phonocardiogram
(PCG) signal from a person under test, wherein the
PCG signal preprocessed using the preprocessing mod-
ule (110), and the first set of features are extracted from
the preprocessed PCG signal using the feature extrac-
tion module (114);

a classification module (118) classifying the PCG signal
as diagnosable or non-diagnosable using the extracted
first set of features and a random forest classifier,
wherein the random forest classifier is pre-trained using
the training model; and

a cardiac health detection module (120) for detecting the
health of the person using only diagnosable PCG signal
as classified by the classification module.

10. One or more non-transitory machine readable infor-
mation storage mediums comprising one or more instruc-
tions which when executed by one or more hardware pro-
cessors perform actions comprising:

providing a training dataset, wherein the training dataset
comprises a plurality of sample PCG signals covering
a plurality of scenarios of diagnosable and non-diag-
nosable PCG signals from subjects having both normal
and abnormal cardiac health;

preprocessing the training dataset using a preprocessing
module (110);

extracting a plurality of features from the preprocessed
training dataset using a feature extraction module
(114);

ranking the extracted plurality of features according to
their minimum redundancy maximum relevance
(mRMR) strength using an mRMR algorithm;

rejecting the irrelevant and redundant features out of the
plurality of features based on a predefined criteria,
wherein the remaining features form a first set of
features of the PCG signal which are relevant;

generating a training model using the first set of features;
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capturing the phonocardiogram (PCG) signal from a
person under test using a PCG sensor (102);

preprocessing the PCG signal using the preprocessing
module (110);

extracting the first set of features from the preprocessed
PCG signal; and

classifying the PCG signal as diagnosable or non-diag-
nosable using the first set of features and a random
forest classifier, wherein the random forest classifier is
pre-trained using the training model.

11. The one or more non-transitory machine readable
information storage mediums of claim 10, wherein the step
of preprocessing the PCG signal comprises:

down sampling the PCG signal;

filtering the down sampled PCG signal using a 2" order

Butterworth low pass filer at a frequency of about 20
Hz;

applying Hilbert transform on the filtered PCG signal;

auto-correlating the transformed PCG signal; and

filtering the auto-correlated PCG signal using a 2"/ order
Butterworth low pass filter at the frequency of about 10
Hz.

12. The one or more non-transitory machine readable
information storage mediums of claim 10, wherein the
plurality of features include one or more of:

a sample entropy of the auto-correlated PCG signal,

Kurtosis of the auto-correlated PCG signal,

minimum ratio of the second to first singular value from

the singular value decomposition (SVD) of varying
window sizes of the auto-correlated PCG signal,

a signal power of the auto-correlated PCG signal,

variance of the auto-correlated PCG signal,
correlation coeflicient between the auto-correlated PCG
signal and a fitted sum of rectified sinusoids, and

correlation coefficient between the auto-correlated PCG
signal and a fitted sum of rectified and decaying sinu-
soids.

13. The one or more non-transitory machine readable
information storage mediums of claim 10, wherein the
plurality of features further includes a plurality of spectral
features derived from the PCG signal, wherein the plurality
of spectral features comprises:

ratio of power contained in 0-240 Hz to the power

contained in 240-1000 Hz,

mean and variance of spectral energy of overlapping

frames,

mean and variance of spectral flux computed between

overlapping frames,

mean and variance of ratio of power contained in 0-500

Hz to the remaining power for overlapping frames, and
mean and maximum of mean power spectral density for
overlapping frames.

14. The one or more non-transitory machine readable
information storage mediums of claim 10, wherein the step
of classifying is configured to give an output value as ‘0" if
the PCG signal is non-diagnosable and as ‘1’ if the PCG
signal is diagnosable.

15. The one or more non-transitory machine readable
information storage mediums of claim 10, wherein the PCG
sensor (102) is a stethoscope and the PCG signal is captured
on a smartphone.
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16. The one or more non-transitory machine readable
information storage mediums of claim 10, further include
the step of sending the output value to a user of the PCG
sensor (102) as feedback.

N I I
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