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Fetal heart sounds have always been one of the main parameters to focus on in terms of monitoring the
well-being of a fetus. In the past, intermittent auscultation was the main technique in midwifery and
obstetrics, and Pinard Horn the main equipment of the clinicians. The accuracy of the method was highly
dependent on the skills and experiences of the examiner [1]. This method was later replaced by the
continuous Electronic Fetal Monitoring (EFM), also known as Cardiotocography (CTG), using Doppler
Effect for monitoring of the fetal heart rate (fHR). By using the computer technology, the performance of
the method should be higher than intermittent auscultation. However, many studies claim that this
presumption is questionable [2, 3]. Moreover, the drawback of Doppler-based EFM is that it does not allow
to monitor fetal heart rate variability. Therefore, some short time changes may occur unnoticed [4].

In the last few years, the fetal heart sounds monitoring has been reborn in the fetal phonocardiogram
(fPCG). In comparison with intermittent auscultation, this method allows digitalization of the heart sounds
and thus more objective computer based evaluation and analysis [5]. Moreover, in contrast to the CTG, it
allows to assess heart rate variability and detection of some additional features obtained in the fPCG signal
(such as subaudible sounds, murmurs, etc. [6]). Thus, this method has great potential to improve the quality
of fetal monitoring. However, it suffers from the noise that is being sensed with the desired signal.
Traditional denoising methods using linear filters for the fPCG noise removal face certain limitations due
to the non-stationarity of the fPCG signals. Therefore, to improve the diagnostic capabilities of this method,
a lot of recent studies focus on fPCG signal denoising using advanced signal processing methods [7 — 10].

In this presentation, we introduce the discrete wavelet transform for denoising the abdominal fPCG
recordings. Many authors have proposed different approaches and settings of the wavelet-based fPCG
filtration system [10 — 14]. There are three main parameters that need to be selected carefully, namely
wavelet base, thresholding method, and level of decomposition. Most of the published works [12 — 15]
present heuristic approaches in selecting these parameters. Experimental part of this presentation introduces
an objective optimization technique that can help in assessing the validity of the parameter for given
purpose.

The experiments were carried out on both synthetic and real abdominal PCG data. The synthetic data were
used to perform the optimization and evaluation of the denoising system. First phase consisted of
optimization of the system parameters: wavelet family and the level of decomposition. We tested the
members of orthogonal and biorthogonal wavelet families (sym3 — sym8, dbl — db10, coifl — coif5, bior
1.1, bior 1.3) for 6 levels of decomposition. In the second phase, fixed threshold configuration (designed
within this research) is compared with the conventionally used thresholding methods included in Matlab
Wavelet Toolbox, namely Rigorous SURE, Heuristic SURE, and Minimax.

The results showed that our thresholding method, which minimizes the detail coefficients at level 1, 5, and
6, outperforms the rest of the tested thresholding techniques. Moreover, in contrast to Chourasia in [11],
the best results were obtained for the decomposition on level 6 in case of the most of the tested wavelet
families; the most suitable wavelet families are Daubechiens (Db10) and Biorthogonal (Bior2.8) wavelets.
For the final verification of the results obtained using synthetic data, we used recordings from Fetal PCG
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Database (fpcgdb) consisting of recordings from 16 patients from different stages of pregnancy [16, 17].
The system successfully suppressed most of the noise and enabled the fetal heart rate detection.
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