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Abstract
Objective. Fetal and maternal health during pregnancy can be monitored with sensors such as
Doppler or scalp fetal ECG. This study focuses on single-channel dry electrode maternal abdom-
inal ECG (aECG) to extract fetal heart rate (fHR) using a low-complexity algorithm suitable for
low-power wearables. Approach. A hybrid model combining machine learning, QRS masking, and
data fusion was trained on two PhysioNet databases and synthetically generated aECG. Model
selection employed the Akaike criterion with data balancing and random sampling.Main res-
ults. The algorithm was tested on 80 recordings from the Computer in Cardiology Challenge 2013
(CCC) and the abdominal and direct fetal database (ADFD), augmented with 100 synthetic aECG.
Performance for fetal QRS detection reached Precision= 97.2(82.2)%, Specificity= 99.8(93.8)%,
and Sensitivity= 97.4(93.9)% on ADFD and CCC, respectively. Clinical validation used the Polar
Electro Oy H10 dry-electrode device at the Maternity Hospital of Southwest Finland. Four subjects
(gestational age 39.8± 1.3weeks) were analyzed, with seven discarded. For fHR, the mean absolute
percentage error was 1.9± 1.0%, Availability 79.6± 3.9%, and coverage probability CP5 = 76.2%,
CP10 = 87.5%. Significance. These results demonstrate the feasibility of fHRmonitoring from dry-
electrode aECG tailored for low-power wearables. Signal quality in clinical subjects matched the
lowest PhysioNet cases, confirming robustness under low signal-to-noise conditions.

1. Introduction

Between 2015 and 2019, an estimated 275million expectant mothers were reported annually world-
wide (Bearak et al 2020). Pregnancy is a critical period in a woman’s life, marked not only by profound
physiological changes but also by potential health risks for both the mother and the developing fetus.
One of the most important indicators of fetal well-being is the fetal heart rate (fHR), which reflects the
fetus’s oxygenation status and overall health.

Careful monitoring of maternal and fetal parameters during pregnancy is therefore essential to detect
complications early, guide timely interventions, and improve perinatal outcomes (Hernandez Engelhart
et al 2023).

Late and variable decelerations in fHR may indicate fetal distress, most commonly due to hypoxic
stress, which can result in fetal brain injury (Ross 2011, Chandraharan et al 2023). The primary purpose
of electronic fetal monitoring is to detect such hypoxic events early, thereby reducing the risk of neuro-
logical injury.

To avoid undesirable fetal outcomes, identifying changes in fHR is essential for timely medical inter-
ventions (Hernandez Engelhart et al 2023). Similarly, maternal health factors-including blood pressure,
heart rate, and underlying conditions-can directly influence fetal well-being.
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In current pregnancy care, fHR monitoring is based on measurements conducted in health care set-
ting. In Finland, for example, fHR is measured during all pregnancy follow-up visits, both in maternity
clinic and hospital (Finnish Institute for Health and Welfare 2013). As the measurements are taken at
the health care visits, they can only be used to assess the fetal condition at those certain time points. If
healthcare professional, based on these measurements, identifies a need for more frequent fetal mon-
itoring to ensure the well-being of the fetus, it usually results in multiple visits to healthcare or even
hospitalization.

Nevertheless, it is well known, that being able to stay in home environment is beneficial for pregnant
woman’s overall well-being (Zizzo et al 2022), which supports the need to develop remote monitoring
systems. Enabling monitoring possibilities outside health care setting could provide pregnant women an
opportunity to stay at their familiar surroundings and still feel safe while being remotely monitored by
the health care professionals (O’Brien et al 2013). As currently used pregnancy monitoring technologies
are not ideal or usable outside healthcare, it is important to develop new reliable technologies enabling
remote monitoring also in home environment.

Monitoring health in home environment is challenging for several reasons: 1) the device setup must
be as simple and comfortable as possible yet registering the required signals, 2) noise and motion arti-
facts must be dealt appropriately to capture meaningful metrics (Matonia et al 2020), 3) the recording
and analysis of the data must be as automatic as possible requiring minimum user intervention, and
4) the user interface, either on the device or a mobile unit, must be simple and informative in order to
avoid extra stress with inaccurate metrics (Serrano et al 2023). Especially increased stress is identified as
a risk in pregnancy and fetal monitoring (Walter et al 2022). Furthermore, the integration of technology
into remote health care monitoring necessitates a system capable of facilitating seamless and real-time
data transmission to health care professionals (Tijus et al 2024).

This work presents a proof-of-concept of using a commercial electrocardiogram sensor (Polar Electro
Oy, H10) to monitor fetal and pregnant woman’s heart rate in home environment. The sensor is made
of a skin compatible dry carbon-based thermoplastic polyurethane material with long elastance durabil-
ity The device has been tested and validated with gold standard clinical ECG systems (Gilgen-Ammann
et al 2019, Skála et al 2022).

In health care setting, current technologies to measure fHR are mostly based on cardiotocography
using Doppler ultrasound (DU) sensors (Ponsiglione et al 2021), requiring health care professionals’
input in conducting the measurements and expertise on finding the optimal placement for the sensors.
In certain complicated situations during the labor, the fHR can also be monitored using fetus scalp elec-
trocardiogram (ECG), but that is an invasive procedure and requires attaching the ECG electrode to the
fetus’ head (Neilson 2015). Recent development in fHR monitoring also includes textile-based solutions
(Ahmed et al 2024).

To promote the adoption of technology and remote health care services, pregnant women must be
equipped to perform the necessary measurements independently within the home setting. In that case,
the optimal means for fHR monitoring could be through pregnant woman’s abdominal ECG (aECG).
Even though some pregnant women are already using commercial home DU devices, it is well known
that DU is sensitive to signal loss related to, for example, pregnant woman’s or fetal movements, high
BMI of the pregnant woman or irregular fHR (Lempersz et al 2020). These can also lead to misinterpret-
ation, which could be tolerated by using ECG technology (Liu et al 2023). The use of ECG technology
to measure fetal well-being could also enable options for continuous and real-time monitoring (Jezewski
et al 2017, Yuan et al 2019). Therefore, the most promising alternative solution is to use an abdominal
belt with ECG sensors (Chen et al 2025, Li et al 2025).

Advances in monitoring technologies, ranging from traditional DU to wearable sensors and Artificial
Intelligence-driven analysis, have significantly improved the ability to continuously and non-invasively
assess both maternal and fetal health. Previous literature presents versatile options for non-invasive
fetal ECG monitoring (Khandoker et al 2018, Nichting et al 2021). However, there are still challenges
in accurately detecting and analyzing fetal cardiac signals. The most significant challenge is related to
the signal-to-noise ratio (SNR). As the fetal ECG signal is weaker than the pregnant woman’s ECG, it
poses challenges to signal separation and extraction (Wang and Zhao 2022), requiring advanced sig-
nal processing, signal quality estimation (Pimentel et al 2014, Rahman et al 2022, Shi et al 2023, Zhou
et al 2025), and filtering techniques (Barnova et al 2021). Even though utilization of artificial intelli-
gence could improve the extraction and analysis of fetal ECG signals, it also requires robust and accurate
algorithms (Lee and Lee 2022).

Signal processing based fHR estimation from pregnant woman’s aECG includes signal processing
based approaches such as singular value decomposition, independent component analysis, adaptive noise
cancellation (Andreotti et al 2017, Jamshidian-Tehrani and Sameni 2018, Kahankova et al 2019, Wang
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and Zhao 2022, Yerande et al 2022, Darsana and Kumar 2023, Lampros et al 2023) and template match-
ing (Jaros et al 2024) to machine and deep learning (Silva et al 2012, Lee and Lee 2022, Abel et al 2023,
Darmawahyuni et al 2023, Wahbah et al 2024, Zhou et al 2024, 2025, Chen et al 2025, Li et al 2025).
Hybrid techniques using classic signal processing and machine learning were recently developed (Jaros
et al 2019, Samuel and Hota 2024, Ziani 2024). We approached the solution using such an hybrid tech-
nique based on adjustable pregnant woman QRS template removal, machine learning with model selec-
tion and Viterbi-based fusion. This hybrid approach allows us to integrate the best of both techniques.

The paper starts with the Method section 2, where we describe the approach to extract the fetus and
pregnant woman heart rates, datasets and recording protocols. Signal processing and heart rate estima-
tion techniques are presented in sections 3 and 4. Section 5 presents the statistical analysis of the heart
rate estimations on the different datasets. Section 6 elaborates on the results and their interpretations,
and section 7 draws the conclusions.

2. Methods

2.1. Approach
The aECG is essentially composed of three signals: 1) the pregnant woman ECG (mECG), 2) the fetus
ECG (fECG), and, 3) a noise term Noise. The noise component is therefore everything in the aECG
which is neither the expectant mother’s nor fetal ECG, and may include pregnant woman motion
(including breathing) and muscle electromyographic artifacts, as well as electromyographic activities
from uterine contractions, sensor intrinsic noise, sensor-to-skin contact, power line interferences. The
noise component is especially important when using dry electrodes (Searle and Kirkup 2000, Galli et al
2021, Joutsen et al 2024, Kumar et al 2025). A linear combination of these signals is assumed in this
work: aECG=mECG+ fECG+Noise. The mECG and fECG are composed of the pregnant woman
(mQRS) and fetus QRS complexes (fQRS).

The time difference between the Q and S waves extrema of the QRS complexes are called the QRS
zones as shown in figure 5(a). These zones are different for mQRS and fQRS and are taken into account
in our algorithm, especially during the mQRS masking in Branch 1 shown in figure 1. The precise estim-
ation of the peak R-wave location for each QRS complex is then performed by searching for the extrema
in this QRS zone5.

The algorithm is made of two complementary Branches and a third one combining the two as shown
in figure 1. The aECG is processed using a sliding window of 5 s. The aECG is first cleaned from arti-
facts, noise is reduced, and a signal quality index aECGSQI is computed.

In Branch 1, after some preprocessing as explained in section 3, a peak R-wave detection technique
based on the Pan-Tompkins (PT) algorithm is used to detects the mQRSPT. A masking technique is then
performed on the mQRSPT complexes and the fQRSPT are detected using a similar procedure.

In Branch 2, a classifier (C) is trained to recognize three classes: a) the mQRS, fQRS, and a noise
component Noise. The outputs of the classifier are labeled: mQRSC, fQRSC, and NoiseC. Two fQRS qual-
ity indices mfSQIPT from Branch 1 and mfSQIC from Branch 2 are simultaneously computed. The two
quality indices are defined as the average ratio of the maximum amplitude of the fQRS and the max-
imum amplitude of mQRS on a segment of 5 s. The choice of 5 s is based on the following constraints:
1) the real-time implementation which limits the number samples per buffer, 2) the minimum mother’s
heart rate which is typically around 60 bpm. To estimate a heart rate at 60 bpm we need at least 4 heart-
beats which amount to 4 s. Furthermore, to account for possible arrhythmias, we used a window of
5 s which is small enough to capture HR variations, and 3) the fHR can accelerate and decelerate in a
short period of time. The choice of 5 s allows to capture these physiologically relevant events (Pawł owski
et al 2025). The lower mfSQI, the more hidden is the fQRS. The mfSQI is also expressed in decibels and
labeled mfSQISNR.

In Branch 3, a Viterbi algorithm produces the final fHR (Souriau et al 2023) from Branch 1 and 2.
Sections 3, 4, appendices C and B provide more details on these processing techniques.

2.2. Databases
Physionet
Two databases from Physionet (Goldberger et al 2000), namely the Computer in Cardiology 2013 chal-
lenge (hereafter Computer in Cardiology Challenge (CCC) (Clifford et al 2014), sampling rate 1000Hz)
and the Abdominal and Direct Fetal ECG Database (hereafter abdominal and direct fetal database

5 We will further use interchangeably the termsm( f )QRS andm( f )R when this distinction is not strictly necessary.
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Figure 1. Overview of the algorithm architecture focusing on the fetal QRS detection.

Table 1. ECG model parameters.

Range mHR (bpm) fHR (bpm) aECG (dB) mfQRS (dB)

Min 60 80 10 −60
Max 140 240 20 −10

(ADFD) (Jezewski et al 2012), sampling rate 1000Hz) totaling 80 recordings. All ECG signals were
downsampled to 200 Hz.

The ADFD database consists of five different women in labor, between 38 and 41weeks of gestation.
Each recording lasted 5min each and were acquired on four ECG derivations (channels). The reference
fetus peak R-wave locations fRref(k) (annotations) were extracted from scalp ECG by a group of cardi-
ologists. The recordings were generally of excellent quality, even allowing the fetus’s heart rate variability
analysis and pregnant woman-fetus heart beat-to-beat coupling.

The CCC database, containing 75 recordings (extended set-a) and lasting 60 s each, was also used
in our algorithm development. Each record was acquired using four ECG derivations. No information
was found for the gestational age. We noted that the average quality of the mECG and fECG signals
was lower than that of the ADFD ones. The fRref(k) were obtained from crowd-sourcing using a mixture
of experts, volunteers, and algorithms (text extracted from the Physionet CCC website https://physionet.org/
content/challenge-2013/1.0.0/).

ECG synthetic model
A synthetic aECG generator (SYN) (Sameni et al 2007, Andreotti et al 2016, Keenan et al 2018) contain-
ing a linear mixture of mECG and fECG was used to produce 100 aECG signals of 30 s duration. We
chose 100 simulations to approximately match the Physionet databases. The idea behind using a digital
ECG simulator is: 1) to easily generate a large number of signals, 2) to have highly configurable model
parameters, and 3) to simulate ECG electrode placements and various SNRs (aECGSNR). We generated a
noise signal that challenged the fECG in terms of amplitude to make this simulation even more realistic.

The model simulates the P-QRS-T complexes et al (Sameni et al 2007) and modified to include fetal
ECG by Andreotti et al (2016) based on a nonlinear dynamical differential equation. The model can sim-
ulate a multichannel ECG with essential parameters influencing the aECG shape such as: 1) fetus posi-
tion and movement, 2) the ECG electrode positions on the abdomen, 3) aECGSNR and the mfQRSSNR in
units of decibels, 4) pregnant woman heart rate (HR) and variability (HRV): mHR and fHR in units of
beats per minutes (bpm),and mother mHRV expressed as the Low Frequency to High Frequency ratio
(LF/HF) (Shaffer and Ginsberg 2017), 5) pregnant woman and fetus breathing rate mBR and fBR in
units of cycle per minute (cpm), and 6) uterine contractions.

We simulated the aECG with fixed mBR= 15 cpm and fBR= 35 cpm, and LF/HF= 0.6. We did not
include uterine contractions. We used randomly (Gaussian distribution) chosen parameters in the ranges
described in table 1.

The simulated movement of the fetus was chosen to be helicoidal, which produced different
mfQRSSNR as the fetus’s heart dipole projection on the electrodes changes in amplitude (Behar et al
2014). In the model of Behar et al, there is a possibility to include fetus heart rate accelerations and
decelerations. We did not include this feature in our simulations. We downsampled the simulated ECG
from 1000 Hz to 200 Hz for consistency with the other databases. The simulator thus produced maternal
and fetus QRS complexes mQRS and fQRS, which are further used for training and testing the classifier
in Branch 2 (see figure 1).
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Table 2. Subjects’ information.

ID GA (weeks+ days) H10 location Notes

02 41+ 5 Under the navel Fetus moves a lot in Phase 1
03 37+ 2 Above the navel Pregnant woman had light fever and showed agitation
04 39+ 0 Above the navel Pregnant woman agitated. A lot of amniotic liquid
05 40+ 3 Under the navel Phase 1 stopped due to contractions
06 39+ 6 Above the navel —
07 31+ 3 Under the navel —
08 37+ 6 Under the navel Pregnant woman had a mall belly
09 38+ 6 Under the navel Pregnant woman half sitting on the back
10 38+ 0 Under the navel Obese pregnant woman half sitting on one side
11 40+ 0 Under the navel —
12 40+ 1 Under the navel —

Figure 2. Recording protocol.

Clinical Data
The clinical data were collected in hospital environment at the Pregnancy follow-up ward of the
Maternity hospital of the Wellbeing services county of Southwest Finland between February and April
2025. The participants were pregnant women with: 1) minimum 29weeks of pregnancy, 2) being single
pregnancy, 3) age superior to 18 years) the ability to communicate in Finnish. During the data collec-
tion, the participants were hospitalized for example due to labor induction. Polar H10 was used to col-
lect abdominal ECG (Gilgen-Ammann et al 2019, Skála et al 2022), ECG sampling rate 130Hz), and a
hospital patient monitor (Philips Avalon FM30, Eenkhoorn et al (2024), ECG sampling rate 125 Hz)
was used as the medical reference. The data collection lasted approximately 15 min per participant not
including the instrumentation of the subject and the release process.

In this study, the Philips instrument was used to measure pregnant women’s ECG (mECGref) and
(fHRref). The mECGref signal was measured with two ECG electrodes attached with the ECG adapter
cable to the TOCO+ transducer, which were placed according to the manufacturer’s instructions (one
directly below the clavicle and near the right shoulder, the other in the left lower abdomen). The ref-
erence maternal heart rate (mHRref) was computed from the interbeat intervals (IBIs) detected from
mECGref. The fHRref was measured with the Philips ultrasound transducer placed on the pregnant
woman’s abdomen. During the data collection, pregnant women were instructed to be still and in a half-
sitting position, if possible.

Each data collection included three Phases of two-minute recording. Background information was
also collected before starting the protocol. Those included information about duration of pregnancy, fetal
position, and further observation as shown in table 2. The fetus’s position was always head down which
the researcher confirmed by palpation before placing the sensors.

Between the measurements, the placement of the H10 belt was changed to get the most compre-
hensive data possible (Phase 1: in the middle line of the body, Phases 2 and 3: approximately 20◦ to the
left/right of the middle line of the body. Placement of other sensors was not changed. Figure 2 shows the
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Figure 3. Polar H10 placement together with Philips FM30 TOCO+ sensors.

timing and events during a single session, which lasted around 60 min, and figure 3 shows the sensor
placements.

Altogether, 19 pregnant women were recruited, of whom 12 were willing to participate in the study.
Most common reason for refusing the participate in the study were frequent contractions associated with
the first phase of labor, or the desire to focus on the approaching labor without unnecessary distraction.
The first participant (ID 01) was considered as a pilot measurement and was excluded from the study
due to inadequate placement of the H10 sensor.

3. Data pre-processing

All ECG signals were resampled at 200Hz for the sake of consistency with the other databases and
synthetic signals. The aECG is processed on a running window of 5 s with 50% overlap. We used
MATLAB for the implementation of our codes (The MathWorks, Inc. MATLAB, Version R2024b, Natick,
Massachusetts, USA, 2024).

Step 1
A 4th order Butterworth filter with cut-off frequencies between 0.5Hz and 40Hz was used on all ECG
signals to attenuate the slow baseline wandering, breathing-induced amplitude modulations, and reduce
high-frequency noise and 50Hz power line interferences.

Step 2
The processed signals were normalized in amplitude using a running z-score window of five seconds
with an overlap of 85%. The ECG signal resulting from Steps 1 and 2 was then used for further pro-
cessing described in section 4.

Step 3
A signal quality index (aSQI) was then computed on aECG. The aSQI ranges from 0% to 100% and
helps to select the signal with a reliable ECG waveform automatically. The aSQI can be viewed as a nor-
malized SNR aSQISNR (dB) but however has different features as listed below. The later was estimated
using the Savitzky–Golay filtering technique (Chakraborty and Das 2012) and was developed on the
Physionet databases as follows:

(i) We computed the skewness (SKEW) and kurtosis (KURT) of aECG,
(ii) SQISKEW and SQIKURT were computed from the 25% and 75% quartiles of SKEW and KURT with

a piecewise linear approximation between 0% and 100%,
(iii) Finally, we define: aSQI=

√
SQISKEW SQIKURT.

6
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Figure 4. aSQI for subject 11 from the clinical data.

A threshold TaSQI = 40% on aSQI enabled the selection of the most reliable signal’s segments as
shown in figure 4. The threshold was adjusted through visual inspection of PhysioNet and clinical data
to optimize the number of reliable analysis segments. Although signal quality may sometimes be low, the
fQRS remains visible and can still be utilized by our algorithm.

Figure 4 shows the aSQI during the three phases of the clinical data collection for relatively high
to low average aSQI. The aSQI clearly detects short periods of low quality during the movement of
the H10 belt between the protocol Phases. Phase 2 had the lowest aSQI while Phase 3 had the highest.
During Phase 3, the fQRS complexes manifested clearly. The lowest aSQI was reported in the pre-Phase
1 during the electrode set up on the person.

4.mHR and fHR estimations

4.1. Branch 1:mQRSmasking algorithm
Step 1
In Branch 1 (see figure 1) a modified PT algorithm (Pan and Tompkins 1985) was used to detect mater-
nal mR-waves time locations mRref(k) and mRPT(k) with k indexing each mR-wave6. The Philips instru-
ment measures the mECG and therefore the mRref(k) data correspond to the pregnant woman’s heart.
These data can then be used for the estimation of the raw pregnant woman reference IBI mRRref(k) =
mRref(k)−mRref(k− 1).

From the location of the mR-waves, we then compute the width of each mR-wave by detecting
the beginning and end of the wave from a drop of 50% of the wave maximum amplitude. Figure 5(a)
shows an archetypal QRS complex together with ∆R and ∆QRS. This gives us a first estimation of
the mRPT(k) width ∆mRPT(k). We then filter out the ∆mRPT(k) to ensure we are detecting the mR-
waves of the pregnant woman and not the fetus. This step is necessary as the fetus’s R-wave may have
a similar amplitude to the pregnant woman’s. We filter the ∆mRPT(k) by imposing a certain range
∆mRPT(k) ∈ [Min∆mR,Max∆mR]. We chose Min∆mR = 40 ms and Max∆mR = 100 ms.

From mRPT(k), we compute the raw mRRPT(k). An IBI filter eventually detects and interpolate
unphysiological mRRPT(k), resulting in the corrected series mRRPT(k). The IBI filter is based on a run-
ning median filter of length seven which detects IBI larger than 20% of the median of the seven previ-
ous IBIs, followed by an interpolation (Karlsson et al 2012). We use the median of the previous seven
corrected IBI data for interpolation. This method is very efficient and allows for a fast real-time imple-
mentation without losing too much accuracy as compared to the more complex spline interpolation, for
example (Benchekroun et al 2023). This technique, however, might not be accurate enough for heart rate
variability analysis.

The mHRPT(k) is finally estimated using an running average window of M= 10 consecutive
mRRPT(k) intervals. In a similar way, we estimated the mHRref.

Step 2
From the ∆mRPT(k) data, we computed an hypothetical width for each QRS complexes ∆mQRSPT(k) =
1.2 ∆mRPT(k) and use it to construct a masking function h(n) as described in equation (1). This

6 The R wave is not the same as the QRS (i.e.mQRS and fQRS) introduced in section 2.1.
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Figure 5. (a) Illustration of∆R and∆QRS for either fetus or maternal ECG. (b) Example ofmQRSmasking and detection of
fQRS zones for Subject 02 in the clinical data.

procedure is similar to the one proposed by Jaros et al (2024), but we used a more straightfor-
ward approach based on a template masking function h(n) with varying time support matching the
∆mQRSPT(k),

h(n) = e−((n−k)/∆mQRSPT(k))
2

. (1)

Each detected mQRS complex were then masked by h(n) to produce another signal which should
contain the fQRS complexes and some noise. The same procedure as for detecting the mRPT(k) was used
to: 1) detect the fetus fRPT(k), 2) compute the fRRPT(k), and 3) estimate the fHRPT. We however used a
different QRS width filter: ∆fRPT(k) ∈

[
Min∆fR,Max∆fR

]
. We chose Min∆fR = 20 ms and Max∆fR = 60

ms. Figure 5(b) illustrates the mQRS masking procedure on UTU subject 02 as well as the fQRS zones
from which the maximum gives the fR-wave peak locations fRPT(k).

A second IBI filter was especially designed for filtering the fRRPT(k) and to best cope with the pos-
sible missed detection due to overlaps between the mQRS and fQRS (Matonia et al 2006). Figure 5(b)
shows one example of overlap that will create an artificially long fRRPT(k). An estimation of the fetus
heart rate fHRPT is then computed as the median of ten consecutive fRRPT(k) which amounts to about
5 s at a heart rate of 120 bpm.

Step 3
A quality index mfSQIPT is computed as the ratio of the maximum absolute amplitude of the fQRSPT
and the maximum absolute amplitude of mQRSPT7. When the mother-fetus QRS overlap last for mul-
tiple beats, the mfSQIPT drops, and the corresponding data segment is flagged as low quality.

The mQRSPT and fQRSPT, together with the signal quality mfSQIPT are the main output of the
Branch 1 which are the inputs for the Branch 3. The fHRPT and fHRPT are temporary estimations of the
fetus and maternal heart rate which could be used when the signal qualities are high enough.

4.2. Branch 2: machine learning algorithm
Branch 2 (see figure 1) uses a machine learning approach based on a boosting decision tree classifier
(Freund and Schapire 1996). The algorithm grows W trees with S splits sequentially using an iterative
subsampling technique similar to the Random UnderSampling boosting algorithm (Seiffert et al 2008)

7 Usually the maximum of fQRSPT corresponds to the fRPT.
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Table 3. Features.

Feature Description

F1(m,f,n) = STD(m,f,n) standard deviation ofmQRS, fQRS and Noise
F2(m,f,n) = KURT(m,f,n) kurtosis ofmQRS, fQRS and Noise
F3(m,f,n) = SKEW(m,f,n) skewness ofmQRS, fQRS and Noise
F4(m,f) = QRSWidth(m,f) ∆mQRSPT and∆fQRSPT
F5(m,f) = RPeak(m,f) amplitude of the peak ofmQRS and fQRS

Figure 6. Flow chart of the feature extraction and selection.

whereby the performance of its performance is assessed at each added tree. The algorithm is described in
more detail in appendix B.

Features’ description: The classifier was trained on the Physionet and SYN data to recognize M= 3
classes: Class 1: mQRS, Class 2: fQRS, and Class 3: Noise. For each mQRS, fQRS and Noise, the features
for the three classes Fi(m,f,n), for i = 1, . . . ,5, in table 3 were computed and stored for further training,
testing, and further validation on the clinical data (Huang et al 2024).

The noise features F4,5(n) were computed on segments not containing mQRS and fQRS, and of dura-
tion ∆mQRSPT.

Feature sets balancing: We collected a total number of feature samples N = 76601 from which Class
1 contains N1= 3970 samples, Class 2 contains N2= 7980 samples, and Class 3 contains N3= 64651
samples. As the data are heavily unbalanced due to the Class 3 (QRS complexes can take between 7% to
20% of data points in a single heartbeat interval, depending on the heart rate), we randomly (uniform
distribution) extracted Nx subsample from the data set with N23= p2 N2+(1− p2)N3] samples from
Class 2 and 3 with p2 = (N1−N3)/(N2−N3) = 1.0708. The total number of samples for training and
testing is Nx= ⌊N1+N23⌋= 7937.

Feature selection: Feature selection was conducted using the minimum Redundancy—Maximum
Relevance (Zhao et al 2019) criteria. The best three were retained for training the classifier: SKEW(m,f,n),
QRSWidth(m,f,n), and RPeak(m,f,n) respectively by decreasing order of prediction power. By selecting three
features per heartbeat interval, we compressed the information by a factor between 200/3 and 50/3 (for
200Hz ECG sampling rate and heart rate between 60 bpm and 240 bpm). Figure 6 represents the feature
extraction and selection flow chart. All mQRS patterns for all databases are denoted {mQRS}, and simil-
arly for fQRS and Noise. The set of all input features is denoted {Fi(x)} with x ∈ {m, f,n} for i = 1, . . . ,5.

The selected features are denoted {FSj(x)} for j = 1, . . . ,3.
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Figure 7. Flow chart of the machine learning with model selection.

Table 4.Machine Learning Algorithm Statistics at optimal points.

Metrics (%) mQRSC fQRSC Noise

SensitivityOptim 96.2 87.0 96.4
SpecificityOptim 94.3 97.5 97.3
PrecisionOptim 89.4 95.0 94.7

Classifier: The true class labels for training set of fQRS came from the annotations in the CCC and
ADFD databases, while those for the training set of mQRS came from the Branch 1 as there are no
annotations for the pregnant woman QRS locations. When using the SYN data generator, the a priori
known mQRS and fQRS were used as true labels. A 10-fold cross-validation was conducted on a dataset
randomly divided into 80% training and 20% testing feature subsets. The validation was done on four
best subjects’ recording in the clinical database.

The chosen machine learning model is based on a boosting architecture with an increasing number
of decision tree classifiers. As this work intends to embed the code into a low-power module, we optim-
ized the model parameters: number of learners W and splits S by a grid search using a similar concept
as the Akaike criteria AIC(m,f,n) (Akaike 1998, Cavanaugh and Neath 2019):

AIC(m,f,n) (W,S) =−Sensitivity(m,f,n) +λ(m,f,n) Complexity/N1 (2)

with m, f, and n refer to mother, fetus and noise. The complexity was defined as: Complexity=W S8.
A penalty term λ(m,f,n) for the complexity was introduced and was adapted to each Class: λm = 0.3,
λf = 0.6, λn = 0.3. This specific Akaike model selection (AIC), whereby the Sensitivity and Complexity
increase with W and S, is derived under particular assumptions in appendix A.

Figure 7 shows the machine learning training, testing and model selection architecture. The 10-fold
cross-validation boosting tree model at iteration k is denoted Mk while scanning all possible values of S
and W using AIC(m,f,n)(W,S). The lowest value of AIC(m,f,n)(W,S) is retained and the best model Mbest

is retained for validation.
Table 4 summarizes the optimal performances corresponding to the minimum of the AIC curves as

found in appendix A. The fQRS detection SensitivityOptim and the mQRS detection PrecisionOptim have the
lowest value. The classifier detects the mQRSC and fQRSC complexes from which we locate the peak R-
waves mRC and fRC, compute the corresponding IBI and the heart rate fHRC as described in section 4.1.
The mQRSC and fQRSC together with the signal quality mfSQIC are the main output of the Branch 2

8 The Complexity does not take into account the time, energy and resources required for training the algorithm.
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Figure 8. Example ofmQRSPT and fQRSPT (Branch 1),mQRSC and fQRSC (Branch 2), andmQRSV and fQRSV (Branch 3) detec-
tions for Subject 05 in the clinical data.

which are the inputs for the Branch 3. As in Branch 2, the fHRC and fHRC are temporary estimations of
the fetus and maternal heart rate which could be used when the signal qualities are high enough.

4.3. Branch 3: dynamic fusion
As mentioned in sections 4.1 and 4.2, fHRPT and fHRC can be used to estimate a final fHR using data
fusion. The fusion would be based on the following weighted average formula:

fHR=
mfSQIPT fHRPT +mfSQIC fHRC

mfSQIPT +mfSQIC
. (3)

The approach based on equation (3) works well but lack robustness when the mfSQIPT and/or
mfSQIC are low. The solution that we have adopted uses the Viterbi algorithm (Viterbi 1967) as shown
in figure 1. The Viterbi algorithm uses the fQRS and mfSQI from the Branch 1 and 2 to estimate an
fHR. The dynamic aspect is automatically implemented by the Viterbi decoding which uses past data
to predict the fQRSV and finally estimate the final fHR using the same IBI filtering and HR estimation
procedure as before.

As we recall, our implementation is based on detecting a candidate fQRS(k) at time fR(k). The qual-
ity indices mfSQI(k) from Branch 1 and 2 are interpreted as probabilities that the Branch 1 or 2 cor-
rectly identify a fetus QRS at time tk = k/Fs. Transitions are allowed from a previous candidate i at time
ti to a later candidate j at time tj with fRR(i, j) = fR( j)− fR(i)≜ fRR(i) only if fRR(i) ∈ [Min∆fR,Max∆fR].
Indexing candidates fR(k) in chronological order by k= 1, . . . ,N, N being the total number of beats
detected in both Branches, we select a subset of these candidates, that maximize the Viterbi score (the
details of the Viterbi are described in C).

Figure 8 illustrates the detection of mQRSC and fQRSC zones from Branch 2, along with mQRSPT and
fQRSPT from Branch 1 and finally the Viterbi consensus decoding mQRSV and fQRSV from Branch 3.

5. Results

5.1. Physionet databases
The Physionet ECG data contains four channels and 5 + 75 subjects, totaling 320 ECG recordings. We
processed each channel separately. For each channel, we computed the following metrics: 1) the Mean
Absolute Percentage Error (MAPE) between the computed fHR and the reference annotations fHRref, 2)
aSQISNR, and 3) mfSQISNR. Figure 9 shows the different metrics using heat maps for each recordings,
with the last five [76,77,78,79,80] being from the ADFD database.

The white dots in figure 9(a) indicate when MAPE⩽ 5% (MAPE5) and the red dots when MAPE⩽
10% (MAPE10). 24% of the 320 recordings (all channels included) belong to MAPE5 and 35% MAPE10.
Out of the 80 subjects (at least one channel/subject), 44% belong to MAPE5 and 76% belong to
MAPE10.

Figure 9(a) show small MAPEs, as indicated by the high density of white dots in figure 9(a). This
corresponds to higher mfSQISNR in figure 9(a), which appears to be a sufficient condition for achieving
a low MAPE. In addition, figures 9(b) and (c) suggest an apparent inverse relationship between aSQISNR
and mfSQISNR, as can be seen in figure 10(f), except for the ADFD set. The reason is that the mfSQISNR
is a relative quality measure of the maternal and fetal QRS amplitudes and aSQISNR intrinsically contains
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Figure 9. CCC and ADFD statistics: (a)MAPE, (b) aSQISNR, and (c)mfSQISNR.

Figure 10. Physionet statistics: the top row contains the sorted metrics, and the bottom row contains the relationships between
them.

the fECG and noise contributions Noise. Figure 10(d) demonstrates that there is no relationship between
fHR MAPE and aSQISNR.

Figure 10(a) further confirms the difference between single-channel and multi-channel performances
as noticed above from the percentage of MAPxE. Figure 10(e) shows a sharp rise of fHR MAPE when
mfSQISNR ⪅−70 dB which is a lower threshold below which almost no fQRS can be detected with our
algorithm.
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Figure 11. ADFD subject r01, channel 1, analysis result.

Table 5.Machine learning algorithm statistics at optimal points for the ADFD and CCC database. Average (AV) and standard deviation
(SD) across all records are reported.

CCC ADFD

Metrics (%) AV SD AV SD

Sensitivity∗ 93.9 3.6 97.4 0.4
Specificity∗ 93.8 3.2 99.8 0.1
Precision∗ 82.2 8.7 97.2 1.9

A detailed analysis on subject r01, channel 1, from the ADFD database is shown in figure 11. In this
recording we have aSQISNR = 22 dB, mfSQISNR =−36 dB and MAPE= 0.45%. This example shows the
robustness of our algorithm even when the fECG is very noisy. The fHR shows a slow rise until about
200 s followed by a sharp fall around 220 sec, well captured by the algorithm. Interestingly, the mHR
displays a sharp rise just prior to 200 s falling back to a sort of baseline around 220 section During
this event, the mHR and fHR are positively correlated. In this very good quality signal,m we can thus
expect to perform detailed analysis of rise and fall of the fHR and eventually the coupling between mHR
and fHR.

Machine learning performance metrics includes: sensitivity, specificity and precision. These metrics
were computed for the fQRS detection and are reported in table 5. Due to the multi-channel nature of
these databases, we have summarized the statistics as the average of the best channel for each record.
The best channel n for the record i was selected as the channel n(i) = n∗(i) which maximizes the Youden
index (Fluss et al 2005) Y(i,n) = Sensitivity(i,n)+ Specificity(i,n)− 1:

n∗ (i) = argmax
n

Y(i,n). (4)

We then define the best Sensitivity∗(i) = Sensitivity(i,n∗(i)), Specificity∗(i) = Specificity(i,n∗(i)) and
Precision∗(i) = Precision(i,n∗(i)) for each record i. Their average and standard deviations for all records
are displayed in table 5 where the ADFD and CCC database statistics are shown separately as they have
different quality as shown in figures 7(b) and (c).

We collected the Sensitivity, Specificity and Precision of all 80 recordings for each channels sorted by
decreasing value of the Youden index from the CCC and ADFD databases. Figure 12 shows the distribu-
tion of these three statistics. The statistics reported in table 5 are equivalently computed from ChSort∗1 .
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Figure 12. CCC and ADFD Sensitivity, Specificity and Precision distributions sorted by decreasing Youden index for each channel.

Table 6. Average statistics per subject.MAPE and Pa in percent and SQISNR in decibels.

ID mHRMAPE fHR MAPE Pa aSQISNR mfSQISNR

2 2.7 4.0 87.0 3.3 −28.8
5 3.6 1.1 77.0 8.3 −43.9
9 2.5 1.1 80.0 10.5 −46.0
11 4.1 1.5 74.4 11.8 −45.2

Figure 12 shows that the average and standard deviations of Sensitivity and Specificity and Precision are
decreasing from ChSort∗1 to ChSort∗4 .

Wilcoxon rank sum tests across channels for Sensitivity indicates that all pairwise channels achieve
statistical significance with p⩽ 0.033. Similar tests on Specificity show significance between ChSort∗1,2,3
and ChSort∗4 with p= 0.0003, p= 0.0056 and p= 0.021 respectively. The Precision reached only signific-
ance between ChSort∗1 and ChSort∗4 at p= 0.0014. These results gives us some insights into the usefulness
of multichannel ECG systems for fHR estimation and are discussed in section 6.

5.2. Clinical data
Of the 11 participants’ recordings, seven were excluded for one or more of the following reasons (see
table 2): 1) failure in transferring data to the recording device, 2) malfunctioning of certain instruments,
3) excessive movement by some expectant mothers resulting in substantial artifacts, and 4) difficulty in
properly adjusting the H10 sensor for one participant with a small abdominal circumference.

The four best subjects (2,5,9,11) were analyzed in detail. The mHR data were resampled to 1 Hz
and synchronized with the reference. Additionally, the fHR data were also computed as an average over
30 s segments. We collected 80 segments for all subjects after discarding those where mfSQI⩽ Tf with
Tf = 40% and aSQI⩽ Ta with Ta= 70%. This selection resulted to a total of about 45 min of reliable
data which amount to 45/(4× 15) = 0.75 (15 min recording time per subjects for four subjects) percent.
The percentage of reliable segments is called availability (Pa). The maternal and fHR MAPE were com-
puted on reliable segments. Table 6 summarizes the accuracy statistics together with the average aSQISNR
and mfSQISNR.

We notice that the mHR MAPE is significantly higher than fHR MAPE. The reason might be due to
the sometime low quality of the Philips ECG due to ECG electrode movement, tension in the electrode
wires or electromagnetic interferences from the recording machines.

Figure 13 shows the scatter and Bland-Altman plots of the fHR and fHRRef on all four good subjects
and all segments. The lower and higher 95% Limit of Agreement (±1.96 SD) are [−15,19.5] bpm with
an average bias ⟨∆fHR⟩= 1.97 bpm where ∆fHR= fHR− fHRRef. The lower and higher percentage of
data outside the standard deviation of ∆fHR are [5.0,12.5]%. The coverage probability when expressed
as a percentage CPϵ (Barnhart et al 2007) (i.e. the probability of measurement error falling within a pre-
defined bound ϵ bpm) were CP5 = 76.2% and CP10 = 87.5%.

Table 6 shows that the maximum aSQISNR = 11.8 dB, which corresponds to about 15% of the worst
data in the Physionet databases (see figure 8(b) blue region), and the maximum mfSQISNR ≈−28.8 dB,
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Figure 13. Bland Altman analysis of fHR and fHRRef on all four good subjects and all segments.

which corresponds to about 10% of the best data in the Physionet databases (see figure 8(c) red region).
This suggest that dry-electrodes could potentially be used for fECG analysis upon further denoising.

6. Discussion

For the sake of clarity, the discussion has been organized into distinct sections addressing the technolo-
gical and clinical aspects of this study.

Algorithm: This pilot study highlights the potential of a hybrid algorithmic architecture, in which the
integration of machine learning and data fusion enhances the reliability of fHR estimation. The architec-
ture is designed for portability to low-power embedded systems, thereby supporting secure data manage-
ment. The machine learning component employs decision tree boosting, a method well recognized for
its adaptability across diverse classification tasks. To optimize performance, we developed a novel model
selection procedure tailored specifically for machine learning applications. This procedure, based on the
Akaike information criterion, is broadly applicable to other machine learning problems. Importantly, the
selection of optimal model parameters enables adjustment of sensitivity and specificity, as the Akaike cri-
terion exhibits relative flatness in the parameter space surrounding its minimum. The robustness of our
approach is further demonstrated by the autonomy of Branches 1 and 2, which can independently gener-
ate fHR estimates in the event of failure. Moreover, Branch 3 provides a consensus estimate when partial
reliability is achieved, guided by our signal quality indices.

Dry electrodes: Despite continuous progresses, the use of dry electrodes remains a challenge as they pro-
mote noise. This is especially true for those using fabric as they also face the issues of washability and
long-term fabric-skin irritability and comfort (Searle and Kirkup 2000, Galli et al 2021, Joutsen et al
2024, Kumar et al 2025). The carbon-base electrodes used in Polar H10 might be a good alternative.

Noise: Noise and maternal fetal QRS overlaps are challenging situations for classic signal processing tech-
niques. A recent work in progress on simulated single channel aECG data by Orvas et al try to address
these issues by leveraging the power of Complex-valued U-Nets (Orvas et al 2025) on time-frequency
decomposition of the aECG. This work also aims at demonstrating the possible development of dry-
electrode platforms. They report an average Sensitivity= 72.1% on the CCC database compared to our
Sensitivity= 93.9%.

Deep Learning: Machine or Deep learning algorithms are being deployed in the most recent fHR
algorithm based on abdominal maternal ECG. Excellent results were obtained for example by Zhou et al
(2024, 2025) on the ADFD and CCC databases where they achieved average Precision= 99.8(93.7)%
respectively as compared to our best results Precision= 97.2(82.2)%. The complexity of DL algorithms
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pushes their deployment on cloud computers with an increase in communication bandwidth which put
them in an other strategic category altogether compared to our reduced complexity goal.

Portable solution: The a-priori fixed electrode set-up might limit its use in home settings as the geo-
metry might not be optimal creating false alarms and stress for the expectant mother. An alternative
solution would be to have a movable system which, when displaced on the belly, would automatically
detect the best position by informing the mother by a sound when the best mfECGSQI has been found.
This portable unit and its biofeedback would potentially result in lowering the false alarms, higher fHR
accuracy and diminished mother’s stress.

Multichannel aECG: The Physionet databases contains four channels. As our algorithm is based on a
single channel approach, it is without doubts that a multichannel algorithm would eventually perform
better. The above analysis points to the fact that there is generally one channel which shows significantly
better Precision with less dispersion in the Sensitivity and Specificity.

Clinical data: We noticed that for some of our clinical subjects, the fECG was not visible despite mov-
ing the H10 sensor around the abdomen. This observation was confirmed by low mfSQI. The electrical
activity of the fetus’s heart propagates throughout the pregnant woman’s uterine tissues and liquids such
as the amniotic fluid and the placenta (Keenan et al 2018, Smith et al 2018), which should facilitate its
propagation. However, it seems that the cause of the fECG disappearance, in addition to various noise
interferes (Matonia et al 2020), is not explicitly linked to a lack of either of these fluid quantities or
location. Instead, we believe that the cause of such behavior is mainly due to the relative orientation
of the fetus’s heart dipole with respect to the H10 electrodes (Rooijakkers et al 2014). Another poten-
tial cause would be the presence of excessive vernix caseosa on the fetus’s body (Uv et al 2025). Future
aECG systems must have the capacity to automatically detect the best electrode orientation to maximize
the mfSQISNR. we conclude that, despite the medium H10 ECG quality due to the unusual sensor set-
ting, the ECGs of the four best clinical subjects were of relatively good quality. We expect to improve the
accuracy and reliability of the approach if a multi-electrode architecture would be deployed, still keeping
its user friendliness.

Clinical analysis: Since one of the key challenges in home health monitoring is the reliability and accur-
acy of the measurements, the results of this study were also promising from a health care perspective.
Although the accuracy of the used method is still limited based on this pilot study, the results form a
basis for further development of both measuring devices and measurement technique.

Before such technology can be used as part of pregnancy care services, the significance of the res-
ults should also be considered from the perspective of clinical research. Since one of the advantages of
remote monitoring is considered to be the possibility of continuous monitoring (Saarikko et al 2020),
it should be noted that current treatment and monitoring practices are based on short-term measure-
ments as part of health care visits (Rowe et al 2020). Finding an indiscrete, easy-to-use, and reliable
device for fHR monitoring, for example, enables long-term data collection even between health care vis-
its. Understanding normal fetal behavior during pregnancy and changes in heart rate are prerequisites
for the use of continuous pregnancy monitoring.

From the perspective of future health care, this type of technology would enable closer monitoring
of pregnancies without the need for hospital stays or multiple visits to health care (Atkinson et al 2023).
For example, inducing labor is becoming increasingly common (Kruit et al 2022), and technology would
enable hospital-level monitoring even at home. However, as pregnant woman and fetus are strongly con-
nected, it is essential that remote monitoring system could combine fHR to other fetal and maternal
parameters (Likitalo et al 2025). For example, when assessing possible fetal hypoxic stress during labor,
in addition to the heart rate, the relationship between possible decelerations in fHR and uterine contrac-
tions should also be taken into account (Ross 2011).

Since both the health care system as an implementation context and pregnancy as a health condition
are extremely complex, it is therefore advisable for remote monitoring developers to closely collaborate
with future end-users to identify the existing clinical needs (Zander et al 2023, de Plaza et al 2023). For
example, in terms of acceptability, it is already known that pregnant women consider that devices used
for remote monitoring should be as small and easy to use as possible (Stricker et al 2025). The device
used in the study would be well suited to these needs, which supports its further development in the
future.
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7. Conclusion

This study reports the proof of concept that the Polar H10 sensor can capture the fetal ECG signal in
some conditions. An algorithm based on a hybrid use of machine learning and classic digital signal pro-
cessing could delineate the fetus’s QRS from the pregnant woman’s ECG signal and estimate the fHR.
For the four best subjects, the performance is comparable to the best results from the Physionet data.

Our approach can be integrated into low-power devices without relying on complex deep learning
algorithms, which helps avoid consuming large computing and energy resources for training. Researchers
may also prefer our hybrid approach because only a limited number of abdominal maternal ECGs and
reference fetal ECGs exist for training deep learning algorithms. Although synthetic ECG models can
generate a considerable amount of data, they can never reproduce all the diverse aspects of real-life
signals.

8. Study limitations

The Clinical data consist of 11 subjects, out of which seven were unusable for various technical reasons.
The gestational age was limited between 37 and 41 weeks which could potentially restrict the use of such
aECG technology. Further tests should be performed at an earlier gestational time. Therefore the statist-
ical results on the clinical data must be taken with care. The Polar H10 sensor used in this study was not
optimized for fHR estimation, except for the enlargement of the sensor belt. Future dry electrode aECG
systems must improve the belt and ECG patch sensor placement and number.
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Appendix A

Model selection is crucial to avoid overfitting in regression and machine learning. The best model
Mopt out of a series of models Mn for n= 1, . . . ,C is the one that minimizes a cost function. Several
cost functions can be used, and we chose Akaike’s one. The derivation of the Akaike criteria (AIC)
for machine learning is derived from statistical analysis of a multiclass Gaussian Bayes optimal Linear
Discriminant Analysis Model. Murphy (2012). The AIC criteria is defined as Akaike (1998), Cavanaugh
and Neath (2019):

AIC=− log
(
Lmax

(
θ̂|y

))
+β K (A.1)

where Lmax(θ̂|y) is the maximum Likelihood of the model Mθ̂ given an output y and λ is a free para-
meter. In our classification problem, let us assume we have C classes and a feature vector y ∈ RN which
is produced by a model Mn. We define ∆i,j:

∆i,j = 2(log(L(i, i))− log(L(i, j))) (A.2)

with L(i,n) = L(yi|θ = n) the likelihood of model Mn given the feature yi. ∆i,j is the Mahalanobis
distance between the two distributions and is directly related to the Kullback–Leibler (KL) divergence
between the two models (Cavanaugh and Neath 2019). We can thus estimate the average KL divergence:

∆i = 2Ej (log(L(i, i))− log(L(i, j))) (A.3)

and the AIC for a model Mi is approximated by:

AICi =−∆i +β K. (A.4)

For a Linear Discriminant classifier under Bayes optimization, it has been shown (Murphy 2012) that
the sensitivity for a model Mi is given by:

Sensitivityi =Φ (∆i/2) (A.5)

with Φ(x) the cumulative distribution function of x. Therefore, the AIC for the model Mi is:

AICi =−2Φ−1 (Sensitivityi)+β K. (A.6)

Assuming that the Sensitivity will be in the interval [0.5,1[, equation (A.6) can be linearly approxim-
ated by:

AICi ≈−α Sensitivityi +β K+ γ. (A.7)

For this work and without loss of generality, we will simplify the equation (A.7) by imposing α= 1
and γ= 0 as it will not influence the minimization of the AIC.

From equation (2), figure A1 display a heat map of each AIC(m,f,n)(W,S) which clearly indicates the
zones where the AIC(m,f,n)(W,S) are minimized. All three AIC(m,f,n)(W,S) have minimum values in the
range of W ∈ [2,40] and S ∈ [2,10].
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Figure A1. AIC(m,f,n)(W,S) as a function ofW and S.

The minimum of AICm(W,S) (for the Class 1 mQRS) is found at [(Wmin
m = 20,Smin

m = 5], of
AICf(W,S) (for the Class 2 fQRS) is found at [(Wmin

f = 30,Smin
f = 10] and (for the Class 3 noise) is found

at [(Wmin
n = 10,Smin

n = 3]. We noticed that the AIC surfaces are quite flat around these points and that
other model parameters can also suit our purpose with a slight improvement in the statistical indices
shown in figure A2 and table 4.

Figure A2 shows the Sensitivity, Precision, and Specificity for the optimal number of splits (which
corresponds to the minimum of the AIC SOptim(m,f,n) for all W executed on the test set. The optimal points

[(WOptim
(m,f,n),S

Optim
(m,f,n)] are marked with a dark green dot.
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Figure A2. Sensitivity, Precision, and Specificity as a function ofW.

Appendix B

Our approach is similar to the RUSBoost algorithm (Seiffert et al 2008) for its rather simple structure
and lightness in memory usage and involves:

• Initializing the tree weights using a prior probability on the training set,
• Combining random undersampling and sorting selection of best samples with boosting,
• Use several boosting iteration with Gini impurity split criterion,
• Handling imbalanced and large dataset multiclass problems,
• Follows the core boosting logic: sequential learners, sample reweighting, ensemble voting,
• Fast ensemble grow stopping criteria to avoid overfitting.

The core differences between our algorithm and existing boosting ones are summarized in table B1.
The architecture of our classifier for this specific project is based on maximum W = 60 decision trees

(boosting iterations), maximum S= 20 splits using F= 3 features and Ns= 2300 samples.
The weighted classification error of a weak learner on the current distribution of training data is

denoted ϵ ∈ [0,1] with ϵ< 0.5 better and ϵ> 0.5 worse than random guessing). The symbol ϵ refers to
the weighted classification error of a weak learner on the current distribution of training data. We used
the Gini index as tree split criterion (Strobl et al 2007).

As we have heavily unbalanced data (much more noise than fQRS and mQRS data samples) we used
data rebalancing technique using random undersampling similar to the RUSboost algorithm (Seiffert
et al 2008). The flow chart of our algorithm is outlined in figures B1 and B2. It includes an initialization
phase (orange boxes) and, a training and best model selection phase (box with thick blue border).
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Table B1. Differences between the our algorithm and classic AdaBoost.

Feature AdaBoost Our algorithm

Imbalance AdaBoost struggles with class imbalance Random undersampling is performed
Learner Learns on full weighted data Learns on a balanced undersampled subset
Multiclass AdaBoost.M1 or SAMME required The method supports multiclass by design
Stopping Typically fixed rounds or early stopping May assess performance per round and stop manually
Tree depth Usually decision stumps Allow S splits, making the weak learner stronger

Figure B1. Flow chart of our algorithm.
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Figure B2. The two main processing blocks from figure B1. The symbol x̄means the average value of x and the ||x||2 means the
L2 norm of the vector x.

Appendix C

Let T be the length of the observation sequence of fetus R-waves fR(k). The table C1 introduces the
symbols and their definitions in the Viterbi implementation.

Table C1. Definitions for our Viterbi algorithm.

Feature Definition

S The numberM of possible heartbeat candidates
fR(k) The detected heartbeat at time k from either of the two Branches
x(k) The hidden state at time k which represent any state in S
fRR(i, j) The IBIs fR(i)− fR( j) following a Gaussian distributionN ( fRR,µfRR,σfRR) with

mean µfRR and variance σ
2
fRR

ai,j The transition probability of detecting a heartbeat in state x(k) = j if x(k− 1) = i
which obeysN ( fRR(i, j),µfRR,σfRR)

Bj( fR(k)) The emission probability of observation fR(k) under state j:
Bj( fR(k)) = 1− (1− fSQIPT(k))(1− fSQIC(k))

We seek the most likely heartbeat sequence given observations fR(0 : T− 1) where (0 : N) means the
array of samples from 0 to N. We define the Viterbi score Vk( j) up to time k ending in state j:

Vk ( j)≜ max
x(0:k−2)

P(x(0 : k− 2) ,x(k) = j, fR(0 : k− 1)) (C.1)

P(x(0 : T− 1)), fR(0 : T− 1)) = Bx(0)( fR(0))
T−1∏
k=1

ax(k−1),x(k)Bx(k)( fR(k)). (C.2)

where P(.) is the Markov probability. Because products of probabilities underflow quickly, we implement
the recurrence in log-domain. Let lVt( j) = logVt( j), and denote laij and lBj( fR(k)) the log-transition and
log-emission. The recurrence for k⩾ 2 is::

lV0 ( j) = lBj (y0) , (C.3)

lVk ( j) = lBj (yk)+maxi∈{1,2}
{
lVk−1 (i)+ laij

}
. (C.4)
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Algorithm 1. Viterbi Pseudo-Code.

1: Initialize empty lists for candidates and arrays V, psi.
2: for each new candidate j (time tk, qualities fSQIPT, fSQIC) do
3: logB= log(1− (1− fSQIPT) ∗ (1− fSQIC))
4: V[j] = logB
5: psi[j] = 0
6: for each previous candidate i< j do
7: dt= tj − ti
8: if dt ∈ [minIBI,maxIBI] then
9: logTrans=−((dt−µfRR)

2)/(2 ∗σfRR
2)− log(sqrt(2 ∗π) ∗σfRR)

10: score= V[i] + logTrans+ logB
11: end if
12: if score> V[j] then
13: V[j] = score
14: psi[j] = i
15: end if
16: end for
17: Pickj∗= argmaxjV[j]
18: Backtrack path using psi from j∗ to start.
19: end for

To recover the event sequence that maximizes the Viterbi score, we store the time event indices back-
ward in time in an array ψk( j) = argmaxi∈{1,2}

{
Vk−1(i)aij

}
and backtrack: x̂(T− 1) = argmaxjVT−1( j)

and for k= T− 2, . . . ,0 set x̂(k) = ψk+1(x̂(k+ 1)). We finally store ψk( j) = argmaxi {lVk−1(i)+ logaij}.
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