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Introduction: Wearable monitoring systems for non-invasive multi-channel fetal electrocardiography (fECG) can support fetal surveillance and diagnosis during pregnancy, thus enabling prompt treatment. In these embedded systems, power saving is the key to long-term monitoring. In this regard, the computational burden of signal processing methods implemented for the fECG extraction from the multi-channel trans-abdominal recordings plays a non-negligible role. In this work, a supervised machine-learning approach for the automatic selection of the most informative raw abdominal recordings in terms of fECG content, i.e., those potentially leading to good-quality, non-invasive fECG signals from a low number of channels, is presented and evaluated.
Methods: For this purpose, several signal quality indexes from the scientific literature were adopted as features to train an ensemble tree classifier, which was asked to perform a binary classification between informative and non-informative abdominal channels. To reduce the dimensionality of the classification problem, and to improve the performance, a feature selection approach was also implemented for the identification of a subset of optimal features. 10336 5-s long signal segments derived from a real dataset of multi-channel trans-abdominal recordings acquired from 55 voluntary pregnant women between the 21st and the 27th week of gestation, with healthy fetuses, were adopted to train and test the classification approach in a stratified 10-time 10-fold cross-validation scheme. Abdominal recordings were firstly pre-processed and then labeled as informative or non-informative, according to the signal-to-noise ratio exhibited by the extracted fECG, thus producing a balanced dataset of bad and good quality abdominal channels.
Results and Discussion: Classification performance revealed an accuracy above 86%, and more than 88% of those channels labeled as informative were correctly identified. Furthermore, by applying the proposed method to 50 annotated 24-channel recordings from the NInFEA dataset, a significant improvement was observed in fetal QRS detection when only the channels selected by the proposed approach were considered, compared with the use of all the available channels. As such, our findings support the hypothesis that performing a channel selection by looking directly at the raw abdominal signals, regardless of the fetal presentation, can produce a reliable measurement of fetal heart rate with a lower computational burden.
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1 INTRODUCTION
Portable and wearable solutions for continuously monitoring vital signs during daily-life activities allow unobtrusive data measurement outside the hospital. In such a context, advanced signal processing algorithms are required to provide reliable information to detect pathologic conditions (Majumder et al., 2017). This would allow monitoring both chronic patients and healthy people to prevent possible diseases (Gaikwad and Warren, 2009). Consequently, real-time telemonitoring of clinical parameters for immediate processing and early detection of symptoms is a hot research topic (Lanzola et al., 2014). Specifically, the adoption of wearable fetal monitoring systems by non-invasive multi-channel fetal electrocardiography (fECG) could be exploited during pregnancy, thus allowing early diagnosis and scheduling of in-utero treatment or postnatal intervention. In the last decades, some fetal heart rate (fHR) monitoring devices based on non-invasive fECG have been introduced (Behar et al., 2019; Kahankova et al., 2020; Rooijakkers and Springer, 2020). The first commercially available system has been the wireless Monica AN24 monitor by Monica Healthcare (Nottingham, United Kingdom), adopting conventional electrodes placed on the maternal abdomen. Then, disposable-patch systems were introduced, as the Novii Wireless Patch System by GE Healthcare (Chicago, Illinois, United States), the MERIDIAN M110 system by MindChild Medical (North Andover, Massachusetts, United States), the PUREtrace and the Nemo Fetal Monitoring System by Nemo Healthcare (Veldhoven, Netherlands). Moreover, in order to guarantee long-term continuous assessment of fetal wellbeing, many at-home monitoring technologies have been proposed as the wearable 5-channel monitor system by Bloomlife (San Francisco, California, United States and Genk, Belgium) and Imec (Leuven, Belgium and Eindhoven, Netherlands) featuring the first integrated circuit produced for mobile fECG monitoring, the FDA-cleared Invu device (Mhajna et al., 2020) by Nuvo (Tel Aviv, Israel), and the Owlet Band (Lehi, UT, United States). Generally, in these embedded systems, the power profile plays a key role to save battery and allow for longer monitoring time. In this sense, an important aspect is related to the signal processing method implemented for the extraction of the fECG signals from raw multi-channel trans-abdominal recordings. Indeed, several issues affect the non-invasive recording of fECG signals, as their low signal-to-noise ratio (SNR) (Peters et al., 2001; Sameni and Clifford, 2010; Clifford et al., 2014; Donofrio et al., 2014) due to the source and the propagation issues related to the fetal cardiac electrical activity, but also to different bioelectrical interferences (Jagannath and Selvakumar, 2014; Agostinelli et al., 2015) from the mother, particularly the maternal ECG (mECG). Noises and interferences overlap with the weaker fECG in various domains (Sameni and Clifford, 2010; Agostinelli et al., 2015), and especially in both time and frequency domains, thus requiring powerful signal processing methods for the fECG to be effectively recovered (Jaros et al., 2018).
The assessment of the raw input signal quality, to select the most informative channels for the subsequent processing, could represent a key step. Indeed, signal quality assessment (SQA) of non-invasive abdominal recordings could allow preserving only those channels exhibiting an adequate fECG content. In the past, SQA has been widely exploited on adult ECGs in order to reject those signals suffering from unacceptable noise level, and as such possibly leading to incorrect clinical interpretations (Del Rio et al., 2011; Satija et al., 2018). Different signal quality indexes (SQIs) were proposed and adopted, to allow for automatic accurate estimation of R peak (Johnson et al., 2015) and robust HR estimation (Li et al., 2007; Orphanidou et al., 2015), to reduce alarms associated to false arrhythmia and HR (Allen and Murray, 1996; Wang, 2002; Li and Clifford, 2012; Behar et al., 2013; Daluwatte et al., 2016; Shahriari et al., 2018), or, more generally, to identify clinically acceptable ECGs (Behar et al., 2012; Clifford et al., 2012; Di Marco et al., 2012; Zhao and Zhang, 2018), even in real-time monitoring mobile devices (Redmond et al., 2008; Langley et al., 2011; Moody, 2011; Silva et al., 2011; Hayn et al., 2012; Martinez-Tabares et al., 2012; Liu et al., 2018), or along with their noise level quantification (Johannesen and Galeotti, 2012; Li et al., 2014).
Nonetheless, besides discarding those “confounding” channels extremely affected by noise, the SQA could be helpful in reducing the computational burden of the fECG extraction algorithms, by limiting the number of channels to be processed. Obviously, this has consequences also on the architectural features for the processing core in charge to execute these algorithms, which could represent a hard specification for low-power portable fetal monitors, advocating the adoption of advanced signal processing platforms for pursuing real-time (Pani et al., 2013). Furthermore, both the time-varying fetal orientation and their movements make some channels useless in the fECG extraction process. As such, SQA has been used on fECG signals after their extraction to improve fHR estimation by signal quality metrics and artificial intelligence tools (Andreotti et al., 2017; Varanini et al., 2017; Fotiadou et al., 2021; Shi et al., 2022), but also to identify useful independent components after blind source separation algorithms for optimal fECG signal recovery (Karimi Rahmati et al., 2017; Jamshidian-Tehrani and Sameni, 2018). Nonetheless, SQA applied on the extracted fECG is biased by the effectiveness of the algorithms adopted for fECG extraction or fetal QRS detection (Mertes et al., 2022; Shi et al., 2022), which the SQI identification was based on. Indeed, some authors explored the adoption of SQA on the raw abdominal ECGs. Specifically, in (Liu et al., 2014) a single SQI was adopted to guarantee an accurate fetal and maternal QRS complexes location by considering a data-driven threshold before fECG extraction and QRS detection. Conversely, in (Mertes et al., 2022) the authors exploited the time-frequency representation of the abdominal signals to predict the quality of non-invasive fECG signals by deep convolutional neural networks (CNN), which however require power-hungry implementation for edge computing on portable monitoring devices.
In this work, we propose an artificial-intelligence based SQA method exploiting several SQIs for the identification of the raw abdominal channels carrying the most informative components of the fECG signal in a multi-channel non-invasive abdominal recording, for a lighter fECG extraction and a more reliable fHR estimation. To this aim, this study combined several SQIs and other parameters from the scientific literature and used them as features for a classifier trained to recognize those raw abdominal recordings exhibiting a significant fECG content. The proposed SQI-guided channel selection is aimed at the reduction of the number of channels without a priori information on the fetal presentation and orientation and, moreover, it is agnostic with respect to the downstream fECG extraction algorithm. Accordingly, the proposed method could be particularly useful to reduce the computational burden of fECG extraction algorithms in wearable, low-power fetal monitoring devices.
2 MATERIALS AND METHODS
A feature extraction step and a feature selection approach for dimensionality reduction were initially carried out on raw multi-channel abdominal recordings to model the proposed supervised SQI-based channel selection approach, as detailed in the Section 2.1. Then, the classifier was selected, trained, and tested on a real dataset of abdominal recordings, as presented in Section 2.2 and Section 2.3. Finally, different figures of merit were introduced in Section 2.4 and used to quantitatively evaluate both the classifier performance and the impact of the proposed channel selection approach on the fetal QRS complex detection.
2.1 Feature extraction and selection for the SQI-based channel selection
In order to extract the SQI features and model the SQI-guided channel selection, the following algorithm was conceived. At first, each abdominal signal, sampled at 500 Hz or properly resampled, was segmented to obtain a variable number of 5-s long segments, as in Andreotti et al. (2017). Then, a light preprocessing stage involving a high-pass filtering at 1 Hz by a 4th-order IIR Butterworth filter was applied to suppress eventual low-frequency noises, which is also easy to be managed even in low-power implementations. The signal coming out from this preprocessing contains both the fECG and the mECG, beyond other physiological maternal interferences. For this reason, from the fECG extraction perspective, this preprocessed signal is referred to as “raw” in this work. Remarkably, in this step, we aimed at developing a robust and reliable SQA-based channel selection approach, thus we modelled it by introducing only a high-pass filter with the lowest reasonable cut-off frequency, while allowing the model to deal with powerline interference and all possible high-frequency noises, without limiting the fECG signal band.
Based on the literature on ECG and fECG SQI presented above, several features, both from the time and the frequency domains, as reported in Table 1, were computed over the 5-s preprocessed abdominal segments. In this work, such features were used to train and test a supervised classifier, either considering all of them simultaneously or after a feature selection. Feature selection is a common practice in machine learning to reduce the dimensionality of data by identifying only a subset of optimal features that can effectively model the targeted output. Feature selection may improve or leave the prediction performance unchanged, while allowing for faster and efficient predictors, and a better understanding of the data model (Guyon and Elisseeff, 2003). In this work, a feature selection based on the minimum redundancy maximum relevance (mRMR) algorithm was adopted to rank the features according to their relevance with respect to the response variable (Chandrashekar and Sahin, 2014; Radovic et al., 2017). Specifically, considering a stratified k-fold cross-validation as the one exploited in this work (see Section 2.4), for each data partition, the mRMR relevance score was derived and normalized between 0 and 1. Then, a single relevance score vector was obtained by summing the scores obtained for each feature across all the possible iterations, thus computing a unique relevance value for each feature. Finally, considering all the values in the single relevance score vector, from the highest to the lowest one, the features were ranked according to their relevance contributions and the first p features leading to a sufficient amount of the total relevance, from the most to the less important one, were selected.
TABLE 1 | List of all features extracted from the 5-s long abdominal ECG segments, ranked according to the mRMR-based relevance score.
[image: Table 1]2.2 Classification model
Compared to rule-based approaches, the adoption of machine learning tools allows achieving high robustness by integrating several features to support the decision on the channel selection. In this work, among the possible feature-based supervised classification models, an ensemble tree classifier was adopted for the binary classification related to the SQI-based channel selection task, which is also suitable for low-power device implementations. Specifically, in order to avoid overfitting, default classifier parameters offered in MATLAB were exploited (i.e., the bootstrap aggregation method and 100 ensemble learning cycles, with ten decision splits per tree at maximum), thus possibly providing the readers with a more generic classification model to be used on different datasets. This choice was also made by considering the size of the adopted dataset, which was not large enough to assess any parameters’ optimization procedure.
2.3 Dataset for training and testing the SQA-based classification model
In this work, 170 real non-invasive 24-channel abdominal electrophysiological recordings, which were acquired from 55 voluntary pregnant women between the 21st and 27th week of gestation, were used. This gestational epoch was chosen in order to deal with transabdominal recordings potentially leading to the most reliable fECG signals in terms of morphology, with a limited impact of the vernix caseosa, which significantly hampers non-invasive fECG extraction from the 28th week of gestation (Oostendorp et al., 1989a; Oostendorp et al., 1989b). The dataset exploited for training and testing the SQA-based classification model was obtained from such signals by extracting 127,992 5-s segments of the raw abdominal channels, successively labelled as described below. Signals were recorded at the Pediatric Cardiology and Congenital Heart Disease Unit of the ARNAS G. Brotzu Hospital in Cagliari (Italy). The study was approved by the Independent Ethics Committee of the Cagliari University Hospital (AOU Cagliari) and performed following the principles outlined in the 1975 Helsinki Declaration, as revised in 2000. All the voluntary pregnant women provided their signed informed consent to the recording, and all the signals came from healthy fetuses.
Electrophysiological recordings were performed with the Porti7 portable physiological measurement system (TMSi, Netherlands), following the electrode positioning shown in Figure 1. This class IIa medical device, featuring a common average amplifier with DC coupling, simultaneously samples 24 single-ended channels at 2048 Hz, with an input bandwidth limited by the internal digital decimation filter to approximately 550 Hz. The digitization at 22 bits led to a 71.526 nV resolution.
[image: Figure 1]FIGURE 1 | Electrode positioning for the recording of all abdominal signals involved in training and testing the classification model. In each session, 24 unipolar channels were acquired with an average-reference amplifier, exploiting 22 measuring electrodes on the abdomen and two on the back (in blue) of the pregnant volunteer, along with a ground electrode (in grey), also on the back.
On this dataset, a labelling process was carried out in order to train the supervised classifier for the identification of the raw abdominal channels carrying enough fECG information, thus enabling to obtain good quality fECG traces after the application of fully-featured fECG extraction algorithms. Therefore, all labels were defined on fECG signals extracted by the algorithm presented in (Fotiadou et al., 2018). Specifically, fECG extraction was performed by blind source separation, as detailed in (Varanini et al., 2013), then followed by fECG enhancement by time-sequence adaptive filtering, to improve the quality of fECG morphology and SNR (Fotiadou et al., 2018). Hence, an abdominal channel was identified as informative only if the SNR value computed on the extracted fECG signal was above 5 dB. The other channels were labelled as non-informative. Nonetheless, to ensure an accurate training for the classification model, the automatic SNR-based labelling was double-checked by visual inspection and, if necessary, corrected. Because of the prevalence of non-informative labels, a random downsampling process was performed to obtain a balanced dataset composed of 10,336 5-s segments of the raw abdominal channels, equally distributed between informative and non-informative labels. Some examples of informative and non-informative segments included in the dataset are depicted in Figure 2.
[image: Figure 2]FIGURE 2 | Examples of three informative (A) and three non-informative (B) 5-s segments included in the dataset adopted for SQA-based classification modelling, after preliminary pre-processing by 4th-order IIR Butterworth high-pass filter at 1 Hz.
2.4 Performance evaluation
2.4.1 SQA-based classification performance evaluation
In order to evaluate the SQI-based classifier performance, a 10-time 10-fold cross-validation with stratified partitions was used. Classification results were quantitatively assessed in terms of accuracy (Acc), true positive rate (TPR, or sensitivity), true negative rate (TNR, or specificity), positive predictive value (PPV, or precision), and F1 score. Here, TP and TN denote the number of informative and non-informative channels correctly identified, respectively, false positives (FP) represents non-informative channels erroneously recognized as informative ones, while false negatives (FN) represents informative channels erroneously classified as non-informative ones. Each performance index was evaluated on each fold and time, and the mean and standard deviation values are provided hereafter.
Remarkably, for training and testing the SQI-based classification model, the choice of the 10-time 10-fold cross-validation was aimed at providing the model with a substantial and balanced number of instances in the two classes (informative and non-informative abdominal signals). For a more reliable assessment limiting the bias due to a specific 10-fold subdivision, the 10-fold partition was iterated ten times. Though a leave-one-subject-out could have produced a result with a reduced subject-based bias, the classifier testing was not considered as the only performance index. In fact, in this study, the impact of the SQA-based approach and its eventual weaknesses on different completely unseen subjects were analyzed subsequently, on a different real dataset, in terms of fetal QRS detection performance, thus giving an overview of its potentialities in a real application scenario.
2.4.2 Evaluation of the proposed channel selection approach impact on fHR measurement
To assess the effect of adopting the proposed SQI-based channel selection approach in the typical long-term monitoring scenario, we evaluated its impact over the fetal QRS detection performance. To this aim, we selected a state-of-the-art fetal QRS detector, i.e., the maxsearch algorithm available from (Sameni, 2018), in two different conditions:
- on the whole set of abdominal signals,
- only on those signals identified as informative by the proposed SQI-based channel selection.
This test was performed on a set of 50 recordings derived from a publicly available real multi-channel dataset of non-invasive abdominal recordings, i.e., the NInFEA dataset (Sulas et al., 2021), in which the fetal R-peaks were manually annotated. Therefore, after an initial resampling at 512 Hz, all features were extracted channel-wise and provided as input to the classifier.
On this dataset, recorded during a pulsed-wave Doppler simultaneous acquisition, a further pre-processing step was required to deal with a stronger baseline wander. As such, a more aggressive high-pass filtering stage was introduced, which consisted of a 5th-order IIR Butterworth high-pass filter with cut-off frequency of 3 Hz, following (Andreotti et al., 2017). Furthermore, despite some abdominal channels were substantially affected by powerline noise, they were rare cases among the available 24 channels, mainly because of bad contact due to the presence of the active ultrasound probe in the nearby. As such, no notch filtering was introduced also in this case, while preferring to discard these channels by labelling them as non-informative, considering the typical absence of usable fECG in these channels. Then, the fECG component was extracted by means of a multi-reference QRD-RLS adaptive filter, a general-purpose method exhibiting good results in fECG extraction (Baldazzi et al., 2020; Sulas et al., 2020). Here, to extract the fECG component from each abdominal trace, the multi-reference QRD-RLS adaptive filter was fed with three non-coplanar thoracic mECG leads as noise references, which were available for each NInFEA recording, and with the number of taps and the forgetting factor equal to 20 and 0.999, respectively, as in Sulas et al. (2020). The selection of this kind of extraction algorithm allowed us to perform fECG extraction regardless of the number of abdominal channels provided in input, thus without being affected by the number of channels labelled as informative or not. Furthermore, adaptive filters can be simply exploited in portable solutions requiring low computational load.
Fetal R-peaks annotation was performed automatically and then corrected manually, after a preliminary fECG extraction step. Specifically, the fECG extraction and R-peak detection algorithms presented in Jamshidian-Tehrani and Sameni (2018), were exploited, following their implementation released with the NInFEA dataset. Then, for each recording, the detected fetal R-peaks were carefully analyzed by a clinical expert, which visually inspected their annotations in each multichannel-channel trace. For an even more reliable annotation, all fetal R-peaks annotations were further compared to the annotations of the V waves in the synchronous pulsed-wave Doppler acquisition, by considering a clinically reasonable distance between the electrical and the mechanical ventricular activation [i.e., 200 ms, as also in Sulas et al. (2021)]. Indeed, in order to consider abdominal signals lasting at least 11 s and with a trustable fetal R-peaks annotation by simple visual inspection, 50 signals out of 60 were selected and considered for this analysis.
Different figures of merit were computed to evaluate the fetal QRS detection performance obtained on the whole set of abdominal signals and on the informative channels only, as:
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in which [image: image] denotes the fetal R peaks correctly identified by the detector, [image: image] the undetected fetal R-peaks and [image: image] the incorrectly detected ones. For this evaluation, a 50-ms tolerance window was set, by assuming this window length as appropriate to enclose a fetal QRS complex in the gestational age between 20th and 30th weeks (Taylor et al., 2003).
For this latter evaluation, statistical analysis was performed by the non-parametric Kruskal-Wallis test for multiple comparisons and by the Wilcoxon signed rank test for pairwise comparisons. Specifically, in all statistical analyses, a significance level of 5% was considered and the corrected p-values were reported according to Bonferroni’s correction.
All data processing and performance analyses were carried out in MATLAB R2022a (MathWorks Inc., MA, United States).
3 RESULTS
3.1 SQA-based classification results
Figure 3 reports the results of the classification model when all the 16 features were exploited. As can be seen, the ensemble tree accurately identified informative and non-informative abdominal channels (median ACC = 86.2%) and with high precision (median PPV = 84.6%, median F1 = 86.5%), thus highlighting the robustness of the SQA-based classification approach for the identification of the raw abdominal channels carrying the most informative components of the fECG signal. Interestingly, the proposed model recognized good-quality raw recordings with slightly higher performance than bad-quality ones (median TPR = 88.4%, median TNR = 84.0%).
[image: Figure 3]FIGURE 3 | SQI-based classification results obtained by the ensemble tree exploiting all available features. In order to provide the reader with an accurate display of the results, exact values are reported for the 25th and 75th percentiles and for the medians.
Figure 4 depicts the classification performance achieved by the SQI-based model with only the selected features. According to preliminary investigations (data not shown), by considering the 80% of the total relevance, only the features from 1st to 9th in Table 1 were exploited for computing the feature selection findings. As can be seen from Figure 4, results remained high and stable (i.e., median value for ACC = 83.5%, TPR = 86.2%, and TNR = 81.0%), despite the use of a reduced number of features led to slightly lower metrics, with a performance decrease of about 2.6% on average, and less precision overall (median PPV = 81.9%, median F1 = 84.0%). In this case, the most informative channels in terms of fECG contribution could be identified with ACC higher than 83%, so that non-informative channels could be discarded, thus reducing the computational burden for accurate fECG extraction methods downstream, in turn minimizing power consumption in wearable fECG monitors. Nonetheless, the same imbalance between TPR and TNR was preserved, despite the adoption of more features was usually associated to better performance in terms of TNR. Remarkably, even using a subset of features computed on the preprocessed abdominal signals, we were able to achieve good classification results, reducing even more the computational load.
[image: Figure 4]FIGURE 4 | SQI-based classification results obtained by the ensemble tree exploiting only those features selected by the mRMR algorithm. In order to provide the reader with an accurate display of the results, exact values are reported for the 25th and 75th percentiles and for the medians.
3.2 Impact of the proposed SQA-based channel selection approach on fetal QRS detection
Figure 5 and Table 2 report the results obtained when assessing the impact of the proposed SQA-based channel selection approach on the NInFEA dataset, in terms of fetal QRS detection performance and number of channels identified as informative, by using either all the available features or those selected by the mRMR approach only.
[image: Figure 5]FIGURE 5 | Fetal QRS detection results obtained by considering fECG signals extracted by all available abdominal channels (A), by the abdominal channels identified as informative by the SQA-based approach exploiting all features (B), and by the abdominal channels identified as informative ones by the proposed approach involving selected features only (C).
TABLE 2 | Number of raw abdominal channels identified as informative by the proposed approach exploiting all features or selected features only, with the clinical information about the week of gestation and the fetal presentation of the recordings (L: left, R: right, O: occiput, S: sacrum, T: transverse, P: posterior A: anterior). Data information for the adopted 50 recordings was taken from Sulas et al. (2021). Among the signals, some of them were not used because of unreliable fetal QRS annotation (marked with *) or because of too short duration (marked with‡).
[image: Table 2]As can be seen from Figure 5, the adoption of the proposed approach significantly improved the fetal QRS detection performance with respect to considering all available raw abdominal channels (p < 0.0001 for all metrics), leading to an average improvement across all metrics of 41.3% when all features are maintained, and of 30.0% when only the selected ones are considered. However, no statistical significance was found when comparing the use of all available features and only those selected by mRMR-based approach. Conversely, when looking at Table 2, it is evident that the number of selected abdominal channels by the proposed approach when considering all features or only those selected by the mRMR-based approach is quite coherent, but independent from the gestational age and fetal presentation, with 5 ± 3 channels (mean ± standard deviation) selected when all features are considered, and 6 ± 3 when only the selected ones were retained across the 50 examined multi-channel recordings. For the sake of the completeness, some abdominal segments from the subjects showing the highest and the lowest number of signals identified as informative by our approach (i.e., the 38th and the 2nd in Table 2, respectively) are depicted in Figure 6.
[image: Figure 6]FIGURE 6 | Five 5-s long abdominal segments from the subjects showing the highest [i.e., the 38th, (A)] and the lowest number of informative signals [i.e., the 2nd, (B)] after preprocessing.
4 DISCUSSION
In this work, several time-domain and frequency-domain SQIs from the scientific literature were exploited to train a supervised machine-learning approach for the selection of the raw, non-invasive abdominal channels carrying the significant fetal contributions. To the best of the authors’ knowledge, this represent the first study looking at the quality of the abdominal channels by means of machine learning approaches to select the best ones to be used for subsequent fECG extraction. Although feature extraction and classification were performed offline in this study, they can be also implemented in real-time on digital signal processing architectures, according to the literature in different biomedical engineering fields (Pani et al., 2016).
From our results, the SQA-based classification approach revealed high ACC, above 86% when all features were considered, correctly identifying more than 88% of the informative abdominal signals (see Figure 3). The proposed method seemed to be more conservative and high-performing when all features were considered, but good identification performance was obtained also when only a restricted number of features were taken into account (see Figure 4). Nonetheless, despite our findings seemed to be less accurate than previous works (Mertes et al., 2022) where 94% of ACC, PPV, and TPR were found, it should be noted that a different dataset with a lower number of abdominal traces was used to model a CNN-based approach, which conversely could be hardly exploited in wearable, low-power fECG monitoring devices. Indeed, our approach is aimed at limiting data complexity by reducing the number of abdominal channels to be processed for fECG extraction to those effectively carrying information on the fECG signal. Remarkably, this SQA-based data reduction could be extended even more, by stopping the processing when no reliable, good channels are identified in input, by following the idea presented in Orphanidou et al. (2015).
Furthermore, by looking at the possible impact of our method on fetal QRS detection, it is evident that the proposed approach introduced a significant improvement in all evaluated metrics, even outperforming previous scientific literature in this regard. Specifically, in Liu et al. (2014), the authors developed a multi-step method based on SQA to provide accurate maternal and fetal QRS complexes locations from abdominal recordings. However, the adoption of a SQA approach for the abdominal channel selection, to be later processed, introduced an improvement slightly above 5% in F1 score for fetal QRS detection. Despite the use of a different dataset [i.e., the PhysioNet/Computing in Cardiology Challenge 2013 (Goldberger et al., 2000; Silva et al., 2013; Clifford et al., 2014)], and a more elaborated fECG extraction algorithm, the F1 score increase was definitely lower than this work. In fact, in this work, fECG extraction was performed by the multi-reference QRD-RLS adaptive filter as set in Sulas et al. (2020), which is not expressly conceived for fECG extraction, although able to provide excellent results.
5 CONCLUSION
In this work, a machine learning approach for the SQA of non-invasive, multi-channel abdominal recordings was presented, aiming at driving the channel selection to feed fully featured fECG extraction algorithms. This aspect, which was proven to significantly enhance fetal QRS detection performance, also plays a key role in reducing the power consumption associated with data processing in real-time fetal ECG monitors, paving the way to the development of efficient, wearable, low-power devices for fHR surveillance. Additionally, the proposed approach can be used to identify the most-informative channels in high-density recordings, or the best electrode positioning from repeated measurements with a low number of channels. This is particularly relevant when the recordings are blinded to the fetal presentation, and could allow dealing with substantial changes in the fetal presentation, especially affecting the recordings in early pregnancy.
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sQl

Explanat

pband2 average power in the frequency range [10-20] Hz
5eSQI spectral entropy; it is a measure of the spectral power distribution
pbandd average power in the frequency range [48-52] Hz
bas_pow standard deviation of the baseline extracted using a single-stage moving average filtering on 1-s window
pband3 average power in the frequency range [20-48] Hz
ss steepest slope in the recording
pband1 average power in the frequency range [0.5-10] Hz
HA highest amplitude in the recording
stdsQl standard deviation of the signal; it measures the variation of the amplitude
ksQl fourth moment of signal, or kurtosis. For a standard, noise-free and normal sinus ECG, the value is less than 5. Low kSQI usually reveals the
presence low-frequency noise such as baseline wander, Gaussian noise and power-line interference
pbands average power in the frequency range (52-100] Hz
LA lowest amplitude in the recording
pSQL relative power in the fetal QRS complex, computed as the ratio between the powers in 5-15 Hz and 5-45 Hz bands,
complexity ratio between the mobility of the first derivative of the signals and the mobility of the signal itself, where mobility of a given time series x is defined as
the square root of the ratio between the variance of the first derivative of x and the variance of x
bassQI relative power of baseline, computed as the ratio between the powers in 0-3 Hz and 0-100 Hz bands, as in Andreoti et al. (2017)
SSQU skewness of the signal; it represents the dataset symmetry. If the symmetry is perfect, the skewness is 0. Due to the QRS complexes, ECG is supposed

to be highly skewed, whereas low skewness values are expected for the noise, characterized by approximately symmetric distributions. Therefore,
skewness is less robust to noise than kurtosis
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Number of channels identified as  Number of channels identified as

Signals # in  Subject  Gestational Fetal

NInFEA week presentation  informative (approach using all informative (approach using
features) selected features)

1 1 27 vertex, OT 1 0

2 0 2

3 4 5

4 2 25 vertex, ROT 0 0

5 0 0

6 3 2041 vertex, ROT 2 2

7 0 0

8 4 2+4 vertex, LOT 7 6

9 5 24 vertex, LOT not used not used
10 6 AU+4 breech, LST 5 3

1 4 8
12 7 2544 breech, LSA not used not used
13 8 2045 breech, RSP 7 9

14 8 6

15 9 2542 vertex, ROP 8 7

16 7 7

17 10 24 vertex, ROP 0 0
18° 1 26+6 breech, RST not used not used
19 2 244 breech, LSP 3 4

20 13 26+2 breech, LST 4 8

2 2 9
2 14 25+1 vertex, LOP not used not used
23 15 4+1 breech, RSP 2 3

u 16 26+6 breech, LSP 5 5

2 17 26+3 vertex, LOP 1 2

26 18 Au+1 vertex, LOP 5 4
27 19 27+1 vertex, LOP not used not used
28 20 26+6 vertex, ROP 8 9

29 8 9

30 21 2+3 breech, LSP 6 6

31 2 27+5 vertex, ROP 4 7

32 4 7

33 4 7

34 23 25 breech, RSP 0 0

35 4 27 vertex, ROP 2 3

36 2 4

37 25 5+1 vertex, LOP 1 2
38° not used not used
39 26 u vertex, OA 4 5
40 27 2+3 breech, RSP 8 10
41 9 10
42 28 24+6 breech, LSP not used not used
43 29 2B+4 vertex, ROP 7 8
44 6 8

45 30 23 vertex, OP 6 3

6 31 Au+4 breech, LSP 1 1

47 32 2041 vertex, LP 12 10
48 12 2
49° 33 2 breech, LSP not used not used
50 4 9

51 34 Au+2 vertex, LOP 9 7

52 10 8

53 35 2 vertex, LOP 7 6

54 5 7

55 36 2 breech, LSP 8 9

56 8 10
57 37 23+6 vertex, OA 7 8

58 38 23 vertex, ROP 13 13
59" 39 27+3 vertex, LOP not used not used
60" not used not used
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