Proceedings

Extraction of Fetal Heart Rate from Maternal ECG—
Non Invasive Approach for Continuous Monitoring
during Labor †
Tashreque Mohammed Haq, Safkat Arefin, Shamiur Rahman and Tanzilur Rahman *
Department of Electrical and Computer Engineering, North South University, Dhaka 1229, Bangladesh;
tashreque.mohammed@northsouth.edu (T.M.H.); safkat.arefin@northsouth.edu (S.A.);
shamiur.rahman@northsouth.edu (S.R.)
* Correspondence: tanzilur.rahman@northsouth.edu; Tel.: +02-55668200
† Presented at the Eurosensors 2018 Conference, Graz, Austria, 9–12 September 2018.
Published: 19 December 2018

Abstract: Here, we propose a signal processing based approach for the extraction of the fetal heart
rate (FHR) from Maternal Abdominal ECG (MAECG) in a non-invasive way. Datasets from a
Physionet database has been used in this study for evaluating the performance of the proposed
model that performs three major tasks; preprocessing of the MAECG signal, separation of Fetal QRS
complexes from that of maternal and estimation of Fetal R peak positions. The MAECG signal is
first preprocessed with improved multistep filtering techniques to detect the Maternal QRS (MQRS)
complexes, which are dominant in the MAECG. A reference template is then reconstructed based
on MQRS locations and removed from the preprocessed signal resulting in the raw FECG. This
extracted FECG is further corrected and enhanced before obtaining the Fetal R peaks. The detection
of FQRS and calculation of FHR has been compared against the reference Fetal Scalp ECG. Results
indicate that the approach achieved good accuracy.
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1. Introduction
Every single day, around 7000 sets of parents are unable to take their precious newborn home
globally due to stillbirth. The major causes for stillbirth are the inability to continuously and noninvasively monitor the FHR continuously during pregnancy. A widely used method for FHR
monitoring is Doppler Ultrasound scan. Other current electronic FHR monitoring systems include
CTG, PCG, FMCG, SECG, most if not all of which are relatively expensive, requires technical
expertise, may pose radioactive health hazards to the Fetus and can only be done very late in
pregnancy [1]. This triggered the search for alternative FHR monitoring techniques during
pregnancy, namely non-invasive FECG monitoring techniques [2,3]. Even though progress has been
made in this sector, non-invasive FHR monitoring via digital signal processing is still a challenging
[4] and evolving prospect.
We plan to address this issue and develop a model that is non-invasive, relatively inexpensive
and easy to use. Towards this, we report a signal processing based model for the purpose mentioned
above, that has been evaluated using the datasets from “Abdominal and Direct Fetal ECG Database”
(ADFECGDB) [5]. The processing of this dataset is quite challenging because the data acquisition was
done at the advanced stage (between 38 and 41 weeks of gestation) that caused many FQRS
overlapping with MQRS complexes and plenty of motion artifacts generated by fetal and maternal
movements. The accuracy achieved by this work (87%) is considerable bearing in mind the high
amount of physiological noises available into the acquired signal.
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2. Database Used
The ADFECGDB database contains data from 5 different women in labor, between 38 and 41
weeks of gestation. Each record had signals acquired from 4 different abdominal electrodes and a
reference fetal scalp ECG measured directly from the fetal head. The sampling frequency of the data
was 1000 Hz at a resolution of 16 bits.
3. Methodology
3.1. Preprocessing
Initially, the raw MAECG signal was preprocessed to remove as much noise as possible while
keeping the Fetal QRS (FQRS) and Maternal QRS (MQRS) complexes prominent. Typically, there are
two types of noise in an ECG signal, high-frequency noise (40–60 Hz) and baseline drift or lowfrequency noise. To remove high-frequency noise, an FIR low pass filter with Kaiser with a cutoff
frequency of 100 Hz and ß = 0.5 (default parameter for sidelobe attenuation) was used. The order
within the range of [10–100] which gave the highest SNR was chosen. For the removal of baseline
drift, a Butterworth high pass filter with a cutoff frequency of 25 Hz and order of 4 was used. A further
FIR low passes filter with Kaiser with a cutoff frequency of 40 Hz, order of 34 and ß = 0.5 was used to
further remove any remaining high-frequency noise. Before feeding the signal to the filters, any DC
drift was removed and the signal was normalized. Figure 1 shows 5 s of a MAECG signal before and
after preprocessing.

Figure 1. 5 s of a certain MAECG record before and after preprocessing.

3.2. Detection of MQRS Complexes
In this step, the MQRS complexes were detected using a modified version of Pan and Tompkins
algorithm [6]. A derivative filter as implied in Pan and Tompkins algorithm was applied to the
preprocessed MAECG signal to make the peaks more distinguished and prominent. The derived
signal was increased by an exponent of 4 (as opposed to 2 in the original algorithm). A moving mean
window of 120 points was then applied to make the resulting signal smoother. Signal values, which
exceeded a threshold, were considered as peaks. The threshold was set as the product of the
maximum peak value and the average signal value. The MQRS complexes were found using
Equations (1)–(3).
Ri = max{f5(𝑡)}l<t<r

(1)

Qi = min{f5(𝑡)}l<t<R

(2)

Si = min{f5(𝑡)}R<t<r

(3)
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Here, l and r are variables ‘left’ and ‘right’ which represent the time right before a peak and the
time right after a peak respectively and Q, R and S hold the time locations of Q, R, and S peaks
respectively. Figure 2 highlights the results after detection of MQRS.

Figure 2. 10 s of the MAECG shown above with Q, R and S peaks detected.

3.3. FECG Extraction
In this next step, the raw FECG was extracted, first by generating a clean MECG only and then
deducting that clean signal from the preprocessed MAECG mixture. Equation (4) was used to
generate the clean MECG signal, Z1 with mostly MQRS complexes only.
𝑓 𝑡
𝑓 𝑡

𝑍
𝑓 𝑡

0, 𝑐𝑎𝑠𝑒
0, 𝑐𝑎𝑠𝑒 2
0, 𝑐𝑎𝑠𝑒

1
(4)
3

Case 1 is for zeroing everything in the preprocessed MAECG in between each MQRS complexes.
Case 2 and 3 deal with zeroing everything from the start to first MQRS and last MQRS to the end of
the signal respectively.
The clean MECG was then deducted from the preprocessed MAECG signal resulting in the raw
FECG signal. This raw FECG signal was then again preprocessed the same way as the original raw
MAECG.. Figure 3 shows the clean MECG, raw extracted FECG and preprocessed FECG. The
accuracies of the results, when compared to the reference direct fetal scalp ECG are stated in Table 1

Figure 3. 10 s of clean MECG, extracted FECG and preprocessed FECG. Discussion.
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The record used in all the figures was ‘r04_edfm-4’. Table 1 shows that record ‘r01_edfm-1’ and
‘r04_edfm-4’ demonstrates high accuracies of over 95% because in both cases, there was only 1 False
Negative (FN) peak and no False Positive (FP) peaks. Record ‘r04_edfm-1’ on the other hand showed
a relatively lower accuracy of just over 81% because several FQRS complexes coincided with MQRS
complexes resulting in a few of them being ultimately canceled out. As mentioned earlier, each of the
records, R01, R04, R07, and R10 had 4 MAECG signals, but we excluded signal accuracies of some of
the ECG signals altogether from the table. This is because, in the excluded signals, the FQRS
complexes were as prominent and at times even more prominent than the MQRS complexes, leading
to many FQRS complexes being falsely detected as MQRS complexes. The signals of the record R10
had high-frequency noise to the point where the MQRS and FQRS complexes were almost
indistinguishable. This is demonstrated using Figure 4.

Figure 4. FQRS complexes also detected as MQRS complexes wrongly.
Table 1. Accuracy table of the results obtained when compared to the reference fetal scalp ECG.

Record
R01
R04
R07
Mean

Abdomen # TP FP
1
21
0
1
18
1
4
20
0
3
19
2
4
19
2
N/A
19.20 1.00

FN Acc. (%)
1
95.2381
3
81.8182
1
95.2381
2
82.6087
2
82.6087
1.80 87.2727

Se
0.9523
0.8571
0.9523
0.9048
0.9048
0.9142

PPV
1.000
0.9473
1.000
0.9048
0.9048
0.9513
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