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Abstract— The heart’s mechanical activity can be appraised
by auscultation recordings, taken from the 4-Standard Auscul-
tation Areas (4-SAA), one for each cardiac valve, as there are
invisible murmurs when a single area is examined. This paper
presents an effective approach for cardiac murmur detection
based on adaptive neuro-fuzzy inference systems (ANFIS)
over acoustic representations derived from Empirical Mode
Decomposition (EMD) and Hilbert-Huang Transform (HHT)
of 4-channel phonocardiograms (4-PCG). The 4-PCG database
belongs to the National University of Colombia. Mel-Frequency
Cepstral Coefficients (MFCC) and statistical moments of HHT
were estimated on the combination of different intrinsic mode
functions (IMFs). A fuzzy-rough feature selection (FRFS) was
applied in order to reduce complexity. An ANFIS network
was implemented on the feature space, randomly initialized,
adjusted using heuristic rules and trained using a hybrid
learning algorithm made up by least squares and gradient
descent. Global classification for 4-SAA was around 98.9%
with satisfactory sensitivity and specificity, using a 50-fold cross-
validation procedure (70/30 split). The representation capability
of the EMD technique applied to 4-PCG and the neuro-fuzzy
inference of acoustic features offered a high performance to
detect cardiac murmurs.

I. INTRODUCTION

Cardiac auscultation is a clinical procedure where the state
of the cardiac valves are evaluated by analyzing the heartbeat
sounds. A graphic representation of these sounds is known
as phonocardiogram or phonocardiographic (PCG) signal,
which is inexpensive and non-invasive [1]. Cardiac murmurs
are generated when the blood flow becomes turbulent near
damaged valves [2]. In order to develop a better diagno-
sis, the heart sounds should be analyzed from 4-Standard
Auscultation Areas (4-SAA), one for each cardiac valve, as
cardiac murmurs do not generally appear in every single area
of auscultation [3].

The morphological changes in the PCG signal when a mur-
mur appears have been studied using energy and temporal
measurements [4], but cardiac murmurs have a nonstationary
nature and exhibit sudden frequency changes and transients
[1]. The analysis of fractal features and the optimization
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of the embedding parameters have been investigated in
order to improve the training and classification stages [5],
[6], although the increment in processing time becomes a
big problem for real-time applications. Wavelet approaches
have also been proposed because of the time-frequency
disturbances caused by cardiac murmurs [7]. However, other
decomposition methods, such as Empirical Mode Decompo-
sition (EMD) and Hilbert-Huang Transform (HHT), express
the signal in a better way as an expansion of signal-dependent
basis functions, via an iterative procedure called sifting [8].
For example, the foetal heart sounds could be extracted from
a recorded single channel abdominal PCG, using an EMD
approach proposed in [9]. In another way, the acoustic analy-
sis by Mel-Frequency Cepstral Coefficients (MFCC) [10] has
been proposed to analyze the acoustical disturbances caused
by heart murmurs, but these procedures are very sensitive to
artifacts or noises frequently involved in the acquisition stage
[1]. For this reason, the combination between MFCC and
statistical moments of HHT on appropriate combination of
different intrinsic mode functions (IMFs) would be suitable.
Additionally, the learning capability of Adaptive Neuro-
Fuzzy Inference Systems (ANFIS) can improve the classifi-
cation, as the fuzzy logic and neural networks are combined
into a single technique in learning nonlinearities [11]. The
use of Linear Discriminant Analysis (LDA) and ANFIS to
detect heart valve disorders was studied in [12] with promis-
ing results. In [13], an ANFIS model for evaluation of foetal
health status using PCG signals was implemented effectively
and provided high accuracy for antepartum antenatal care.
Likewise, a biomedical-based decision support system was
developed in [14] for the heart sound signal classification,
where the reduced features of three types of heartbeat sounds
were used as input patterns of an ANFIS classifier. However,
all these studies have been developed using a single ausculta-
tion signal, and fail when a murmur is missing or attenuated
in the standard single derivation. In a previous study [15],
the representation capability of EMD applied to 4-PCG
and stochastic analysis performed by an ergodic HMM of
acoustic features offered a high performance, however this
stochastic classifier was demonstrated to be highly dependent
on the signal representation and parameter initialization for
the model optimization.

In this study, a classification approach based on a MFCC-
HHT-ANFIS hybrid technique applied on the combination
of different IMFs of 4-PCG joined with a relevance analysis
to reduce the number of features is presented, in order
to provide an objective and accurate mechanism for more
reliable heart murmur diagnosis.
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II. MATERIALS AND METHODS
A. Database

The database is made up of 143 de-identified adult
subjects, who gave their formal consent, and underwent
a medical examination with the approval of the ethical
committee. The valve lesion severity was evaluated by car-
diologists according to a clinical routine. 55 patients were
labeled as normal, while 88 had evidence of cardiac mur-
murs (aortic stenosis, mitral regurgitation, etc). From each
patient, 8 recordings were recorded according to the four
standard auscultation areas (4-SAA), i.e., mitral, tricuspid,
aortic and pulmonic areas, in the phase of post-expiratory
and post-inspiratory apnea. Each recording lasts 8 s and
was obtained with the patient standing in dorsal decubitus
position. The signals were acquired at 44.1 kHz with 16-
bits per sample with an electronic stethoscope (WelchAllyn®
Meditron model). Finally, 400 individual beats were chosen,
180 normal and 180 with evidence of cardiac murmur. The
individual beats picked out were the best from each cardiac
sound signal, according to a visual and audible inspection
by a cardiologists.

B. Theoretical background

1) Hilbert-Huang Transform (HHT) and Empirical Mode
Decomposition (EMD): Instantaneous frequency and its
magnitude of heart sound signals can be extracted by HHT,
which is used to adaptively decompose non-stationary and
nonlinear signals and extract the instantaneous frequency.
In general, HHT consists of two steps: Empirical Mode
Decomposition (EMD) and Hilbert transform. EMD is used
to adaptively decompose the signal into a series of intrinsic
mode functions (IMFs). Hilbert transform is then carried out
to acquire the instantaneous frequency and amplitude of each
IMF and constitute the time-frequency-energy distribution in
the Hilbert-Huang spectrum of the signal [16]. The EMD
method, reported in [15] and [16], adaptively decomposes
a multi-component signal x(¢) into a number L of Intrinsic
Mode Functions (IMFs), h()(¢), 1 <i<L,

x(t) =Y. (1) +d(t) (1)

-

i=1

where d(¢) is a remainder which is a non zero-mean slowly
varying function with only few extrema. Each one of the
IMFs, say the ith one h()(¢), is estimated with the aid of
an iterative process, called sifting, applied to the residual
multi-component signal [8].

2) Mel-Frequency Cepstral Coefficients (MFCC): Psy-
chophysical studies have shown that human perception of
the frequency content of audio sounds does not follow a
linear scale but as a Mel-warped frequency, which spaces
linearly for low-frequency contents and logarithmical at high
frequencies [1]. So, MFCC are a family of parameters that
are estimated as [17]:

clp] = Mi"lXF[m] cos(mp(m—0.5)/M),0<p<M (2
m=0

where Xp[m| = In ():f.V:’Ol |X[i]|2Hm[i]>. Here, X[i] is the
Fourier transform of an input random sequence x[n] and H,,|i]
is a triangular band-pass filter with central frequency in f[m].
Thus, in order to simplify the signal spectrum without any
significant loss of data, a set of M triangular band-pass filters
must be used, which are nonuniform in the original spectrum
and uniformly distributed at the Mel-warped spectrum. Each
filter is multiplied by the spectrum so that only a single value
of magnitude is returned per filter.

3) Adaptive Neuro-Fuzzy Inference System (ANFIS): It
is a simple data learning technique that uses Fuzzy Logic
to transform given inputs into a desired output through
highly interconnected Neural Network processing elements
and information connections, which are weighted to map
the numerical inputs into an output [11]. For simplicity, it
is assumed in the ANFIS architecture, two fuzzy IF-THEN
rules based on a first order Sugeno model [18]:

Rulem :IF xis A} AND y is B}, THEN f| = pix+q1y+nr
Rule(y) : IF x is A2 AND y is By, THEN f> = pox+qoy+r2

Where, x and y are inputs, A; and B; are fuzzy sets, f;
are outputs within the fuzzy region specified by the fuzzy
rule, and p;, g;, r; are design parameters which are adjusted
during the training process. In Fig. 1, these two rules are

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Xy

Fig. 1. ANFIS architecture

implemented by means of a five-layer ANFIS architecture,
where IT is an AND operator to fuzzify the inputs, the N-
nodes indicate a normalization to the firing strengths from
the previous layer. In the 4th layer, the nodes are adaptive
and the output of each node is the product of the normalized
firing strength with a first order polynomial (for a first order
Sugeno model). The overall output f of the model is given
by one single fixed X-node, i.e., f =Y, wf.

4) Fuzzy-Rough Feature Selection (FRFS): Fuzzy-rough
sets (FRS) encapsulate the related but distinct concepts of
vagueness (for fuzzy sets) and indiscernibility (for rough
sets), both of which occur as a result of uncertainty in knowl-
edge. FRFS provides a means by which discrete or real-
valued noisy data (or a mixture of both) can be effectively
reduced without the need for user-supplied information, and
as such can be applied to regression as well as classification
datasets [19]. The fuzzy lower and upper approximations can
be defined using a Y-transitive fuzzy similarity relation to
approximate a fuzzy equivalence class X [20]:

Mrpx (x) = irylf‘P(uRP (x,), ux () 3)
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Hgpx (x) = sng(uRP (x,), ux () 4)

where W is a fuzzy implication and Y a t-norm. The mem-
bership of an object x € U, belonging to the fuzzy positive
region can be defined by [21]

Hposp(p)(X) = sup #RJX(X) 4)
XeU/D

Where D is a set of decision features. Thus, the fuzzy-rough
degree of dependency of D on the attribute subset P can be
defined

Y. Uposy () ()
X
1) = G (©)
C. Proposed procedure
; N
. DO Q6 Preprocessing:
Database: PC.(’ Signal - 55. Resampling and Normalization
normal recordings and 88 with Segmentation — 200 normal
murmurs (4- Channel: aortic, — hcfrtbcats and 200 with
mitral, tricuspid, pulmonic) murmurs for each channel
& l J
N N
Characterization: EMD:
MECC features Signa} components and different
Statistical moments of HHT combinations
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™ ( . )
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Fig. 2. General proposed procedure

According to Fig. 2, the 4-SAA PCG recordings were re-
sampled to 4410 Hz by applying a FIR low-pass anti-aliasing
filter. Next, the signals were normalized in [-1, 1] and 200
normal heartbeats and 200 with murmurs were segmented for
each channel. Features derived from the acoustic and time-
frequency analysis were estimated from different signals
obtained from the combination of different IMFs, which were
estimated using the sifting algorithm, with the following
parameters: resolution 40 dB, residual energy 40 dB and
the gradient step size 0.01. Particularly, a Mel-scaled filter
bank was used to calculate the Mel-warped spectrum, so the
first 8§ and 12 MFCC were estimated using 24 Hamming
shaped filters and a sliding hamming window (50% overlap)
on the combination of different IMFs derived from the whole
beats. Additionally, the first 4 statistical moments in function
of the instant frequency and instant amplitude obtained by
HHT were also considered, using the same combinations of
EMD components. The representation space was normalized
in order to improve the classification performance. With the
aim of obtaining a minimal feature subset, a FRFS algorithm
with entropy estimation was implemented (following the
procedure presented in [19]), where the neighbor distance
tolerance and the inclusion rate were adjusted in 0.05 and 0.5
respectively, taking into account an evaluation measure based
on the entropy estimation. Finally, an ANFIS network was
implemented for the classification of heartbeat sounds, i.e.,
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normal or murmur, where the reduced feature set was used
as the input vector and the training parameters are described
in Table I. This classification stage was carried out by a 50-

TABLE I
ANFIS TRAINING PARAMETERS

Number of layers 5

FIS type Takagi-Sugeno

Number of system input 10

Partitioning type Subtractive clustering

Radius of influence sub-clustering 0.5

Learning algorithm type Least squares & gradient descent
Number of fuzzy rules 70

Training error 0.01

fold cross-validation procedure using a 70/30 split, where
consistency and representation capability of the feature space
were analyzed.

III. RESULTS AND DISCUSSION

Table II shows the classification accuracy of a cardiac
murmur detection system for 4-PCG signals based on FRFS-
ANFIS, where sets of 8 and 12 MFCC were tested over
two sets of constructions based on IMFs (EMD compo-
nents), which were considered after making several different
combinations: IMF-C1= {3,5,7} and IMF-C2= {1,3,5,7}.
Additionally, the first 4 statistical moments calculated over
the Hilbert spectrum were included in these feature sets.
These results show that MFCC 9, 10, 11 and 12 of the IMF 1
contain relevant acoustical information related to heart valve
damages. The FRFS algorithm reduced the features from 160

TABLE 11
FRFS-ANFIS USING HHT-EMD REPRESENTATIONS

8-MFCC  8-MFCC 12-MFCC 12-MFCC
IMF-C1 IME-C2 IMF-C1 IME-C2
Accuracy (%) 76.5+3.2  95.1+£35  84.7£29 98.9+1.1

to 12. Table III presents statistical measures of the ANFIS
performance for MFCC-HHT features over EMD compo-
nents IMF-C2, considering each auscultation area. Finally,

TABLE III
STATISTICAL PERFORMANCE BY AUSCULTATION AREA

Channel  Accuracy (%)  Sensitivity (%)  Specificity (%)
Aortic 99.31+0.7 98.6+£1.4 100£0.0
Mitral 98.9+1.1 99.1+£0.9 98.8+1.2

Tricuspid 98.7+1.3 98.6+£1.4 98.0+£2.0

Pulmonic 98.8+1.2 98.3+1.7 99.0+1.0
Mean 98.9 98.7 99.0

this classification approach is compared with other ANFIS-
based classifiers (see Table IV), where a greater performance
is evidenced, although this was on other databases.

IV. CONCLUSION

The interpretation of heart sounds depends on the physi-
cian’s ability and experience. Such limitations can be reduced



TABLE IV
COMPARISON WITH OTHER APPROACHES

Approach
Wavelets-LDA/ANFIS [12]

Accuracy (%)
Se (95.9) - Sp (94)

Wavelets-PCA/ANFIS [18] 94.5
Wavelets/Entropy-ANFIS [14] 94.3
EMD/MFCC/HHT-HMM [15] 98.7

EMD/MFCC/HHT-FRFS/ANFIS (this work) 98.9

by developing biomedical-based decision support systems. In
this study, an objective and accurate ANFIS mechanism of
4-PCG classification was obtained, for more reliable cardiac
murmur detection, in terms of sensitivity and specificity.
The EMD representation enhanced the acoustical content
associated with cardiac murmurs and reduced the acoustical
components related to normal heart sounds or noises included
in the acquisition stage. The heart’s mechanical activity
could be well-represented by acoustic features derived from
MFCC and statistical moments of HHT obtained from the
combination of different IMFs of 4-SAA PCG signals. These
features substantially outperformed the traditional MFCC
applied directly on the signal. The relevance analysis based
on FRFS allowed a reduced feature space to be found with
low complexity and high representation capability, which is
related to a high learning capability. According to Table II,
it is noticeable that MFCC 9, 10, 11 and 12 of the IMF
1 contain relevant acoustical information in terms of the
detection of heart murmurs. Regarding the ANFIS results,
a high performance in terms of accuracy, sensitivity and
specificity was achieved, and the fuzzy rules played an
important role in the detection procedure. However, the
operation parameters and the type of fuzzy functions were
not optimized by a criterion function. In this sense, the
automatic tuning of ANFIS parameters is proposed as future
work.
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