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1 Fetal monitoring and its importance

Fetal monitoring is an important characteristic in fetal well-being follow-up.
It is a way to check fetus’ heart rate (fHR) during labor. In a normal, low-
risk delivery, fetal monitoring is not usually needed. However, in certain
situations, continual monitoring is advised (1). These include:

• baby is coming early or seems smaller than expected.

• mother has high blood pressure.

• mother has a high temperature (fever).

• mother has an infection.

• mother passes fresh blood whilst in labour.

• mother is expecting more than one baby (twins or more).

• baby has opened its bowels (passed meconium) into the amniotic fluid.

• mother membranes have ruptured more than 24 hours before her labour
starts.

• baby is in an unusual position.

Listening to, or recording the baby’s heartbeat, may identify babies who
are becoming short of oxygen (hypoxic) and these babies may benefit from
caesarean section or instrumental vaginal birth. Therefore, if pregnancy is
considered to be high risk, a precise diagnosis in respect to fetal hypoxia or
acidosis can be established by the use of fetal monitoring devices.
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Figure 1: fPCG vs CTG

In state of the art, cardiotocograpgy (CTG) and fetal phonocardiography
(fPCG) are the most common non-invasive methods for fetal monitoring.
CTG, also known as non-stress test, is a noninvasive method which records
the fHR, and simultaneously indicates the uterine contractions (2). It has
an elastic belt being placed around the mother’s abdomen, and two round
plates making contact with the skin. One of these plates measures the baby’s
heart rate. The other assesses the pressure on the tummy. Although CTG
is a common way to monitor the fHR, it prevents mother from being able to
move around freely during the examination. Therefore, the use of portable
fPCGs is more friendly and convenient, recently.

In fetal phonocardiograms (3), the fHR calculation is based on the fetal
heart sound. It can be recorded by application of a Doppler transducer to the
maternal abdominal wall. The collected sound is related to the fetal heart
vibration during its cardiac cycle. The main component of the captured
sound is the fHR. In fact, each part of the fetal heart itself has a particular
constitution with its own biomechanical characteristics: natural frequencies,
elasticity, damping and mechanical and acoustic impedances. Therefore, it
covers a wide spectrum of frequencies ranging from less than 1 Hz, to 1500
Hz or higher. Figure 1 shows an example of both fPCG and CTG devices.

2 fPCG in the literature

Nowadays, telemedicine plays an important role in people’s life style. In this
way, remote fetal monitoring systems enable the mothers to record their fe-
tus biological signals at home and to submit them to a medical specialist for
remote diagnosis. Therefore, in the past decade, many efforts have been ded-
icated to find a suitable way for remote fHR extraction. Among such efforts,
fPCG analysis can be considered as a non-invasive method for remote fHR
monitoring. It is simple to use and low-cost which makes it more convenient
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for ordinary people.
However, fPCG signals are profoundly corrupted by noise since they are

recorded at the maternal abdominal surface. Fetal movements, contractions
of mother’s uterus, maternal digestive sounds, sensor movements, ambient
sounds, maternal respiratory and heart sound are the major sources of noise
(4).

Dia et al. in (5) estimated HR from PCG signals. They applied non-
negative matrix factorization approach on the spectrogram of the adult PCGs.
They evaluated their work by considering synchronous ECG and PCG sig-
nals. In (6) Samieinasab et al. used a single-channel denoising framework to
reduce the noise of fPCG. Then, as in (5), they utilized non-negative matrix
factorization method to decompose fPCGs in time-frequency domain.

In Aydana S. Kyzdarbekova et al. (7), the noise reduction on PCG is
approached using an iterative process based on wavelet transforms. The noise
is automatically eliminated by thinning twice at each decomposition stage.
According to the results obtained, the best wavelet-carrier for filtering the
noise is the Daubechies 4 (”db4”), since this wavelet function is identical to
the shape of the components and corresponding to the nonlinear local regions
of the PCG. The authors claim to have developed a method to filter the PCG
to be purified without loss of cardiographic information.

As in (7), in Elisavet Koutsiana et al. (8), noise reduction is performed
by means of the process described in a tree scheme based on ”db4” wavelet
transforms. However, in this study the authors go further, developing a Frac-
tal Dimension approach capable of finding the peaks in the signal obtained
after applying the wavelet transforms and, based on the amplitude of these
peaks and the distance between them, determining the fHR. From their re-
sults, the authors concluded that a WT-FD scheme is quite satisfactory in
the analysis of fetal heart sounds, becoming a promising technique for the
segmentation of fetal heart sounds although they didn’t test it in real PCGs.

Additionally, in terms of PCG analysis, we see studies based on machine
learning, such as that of Chowdhury et al. (9) and Yadav et al. (10). In the
first one, a deep learning network is trained for classification between normal
and abnormal PCGs. The architecture is fed with features extracted from
signals previously denoised by discrete wavelet transforms and segmented
using Shannon energy envelopment and zero-crossing. These features are ob-
tained employing Mel-scaled power spectrogram and Mel-frequency cepstral
coefficients. In the second case, a Support Vector Machine (SVM) classi-
fier is trained for the same purpose with features extracted from PCG using
Fourier transforms and Cepstrum analysis. In this case, the preprocessing
consists of a down-sampling, to reduce the computational load, and the ap-
plication of a band-pass filter for denoising. The main drawbacks of these
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Figure 2: Proposed schema for FHR extraction.

approaches are the need of large datasets to train the algorithms (9), better
feature extraction (9) or stronger pre-processing. (10)

Finally, in Anita Devi et. al. (11) a different use of wavelet transforms can
be seen, which are used for the extraction of features such as mean energy,
mean standard deviation, mean variance and maximum entropy. However,
the downside of this method is the difference between the optimal levels of
decomposition which highly depends on the amplitude and duration of the
signals.

All in one, fPCG deals with the processing of the acoustic signals pro-
duced by the mechanical actions of the fetus’ heart resulting in the vibration
of the valves, heart muscle tissues and great vessels (9). Here, one of the cen-
tral issues is to extract the different fetal heart sounds from a highly noisy
recording and relate them to the corresponding cardiac event.

3 Technical View

By the advent of artificial intelligence, the mobile Apps have encountered a
high speed to improve. Through an application installed on a smartphone

4



or tablet one can see the phonocardiogram that can be recorded, shared and
reproduced later for future analysis.

The overall proposed signal processing schema for fHR extraction from
fPCG signals is shown in fig 2. As depicted, the algorithm starts with pre-
processing stage. In two further steps, all peaks are extracted, and S1s are
selected. After that, it is proceeded to the estimation of fHR(bpm)/sec.
Finally, post processing is performed to avoid sudden increase/decrease in
output fHR-graph.

In this study, analysis of fPCG signals is measured by a portable fetal
doppler device Baby Heart Beat. In order to extract the fetal heart sound,
the suggested approach is a wavelet transform (WT) method that combines
thresholding analysis for the extraction of fHSs from the underlying noise.

4 Clinical Validation

In order to collect clinical data a portable Baby Sound A pocket fetal doppler
device manufactured by Contec Medical Co. (12) is used which is certi-
fied under medical CE and FDA approval. The device is utilized by Sana
Meditech company (13) with a brand of Baby Heart Beat (14) (see Figure
1). Obtaining data for algorithm development, simultaneous measurement
of Baby Heart Beat together with a clinical device PHILIPS model Avalon
FM30 (15) is performed. Total number of 15 records from pregnant women
(average age 32) who were in week 20 and week 35 of their pregnancy life
has been acquired. The duration of each record is at least 4 minutes. These
clinical data are gathered and recorded for rigorous analysis of the algorithm
and continuous improvement during the development process.

Validating the proposed algorithm, two factors have been investigated
including beat by beat matching and correlation calculation between
the fHR estimated from CTG and proposed fPCG algorithm while the fPCG
signal may be sometimes complicated.

First of all, an standard dataset (16) has been used to confirm that the
algorithm works properly in standard situations. This data set is a series of
synthetic fetal phonocardiographic signals (fPCGs) relative to different fetal
states and recording condition. Results achieved from suggested algorithm
has been compared with the golden truth of the standard data. To be precise,
the position of the obtained S1s have been compared with those manually
extracted from standard data. The mean of the euclidean distances has been
calculated representing beat by beat error.

Secondly, in order to validate the accuracy of the current system, final fHR
graph achieved by current study is compared to those reported by standard
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CTG devices in hospital environment. The efficiency of the applied method
has been evaluated with 15 real fPCG signals. Results have shown promising
performance in the correlation calculation between the obtained fHRs and
reported clinical fCTG graph.
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