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Introduction

Fetal electrocardiogram (FECG) is obtained by the measurement 
of electrical activity of the fetal heart over a period of time and 
is recorded by skin electrodes. FECG signal existing in the data 

series recorded from maternal abdomen contains vital information about 

Original

ABSTRACT
Background: Fetal heart rate (FHR) extracted from abdominal electrocardiogram 
(ECG) is a powerful non-invasive method in appropriately assessing the fetus well-
being during pregnancy. Despite significant advances in the field of electrocardiogra-
phy, the analysis of fetal ECG (FECG) signal is considered a challenging issue which 
is mainly due to low signal to noise ratio (SNR) of FECG.
Objective: In this study, we present an approach for accurately locating the fetal 
QRS complexes in non-invasive FECG.
Materials and Methods: In this experimental study, the proposed method 
included 4 steps. In step 1, comb notching filter was employed to pre-process the 
abdominal ECG (AECG). Furthermore, low frequency noises were omitted using 
wavelet decomposition. In next step, principal component analysis (PCA) and signal 
quality assessment (SQA) were used to obtain an optimal AECG reference channel 
for maternal R-peaks detection. In step 3, maternal ECG (MECG) was removed from 
mixture signal and FECG was extracted. In final step, the extracted FECG was first 
decomposed by discrete wavelet transforms at level 10. Then, by employing details 
of levels 2, 3, 4, the new FECG signal was reconstructed in which various noises and 
artifacts were removed and FECG components whose frequency were close to the fetal 
QRS complexes remained which increased the performance of the method.
Results: For evaluation, 15 recordings of PhysioNet Noninvasive FECG database 
were used and the average F1 measure of 98.77% was obtained. 
Conclusion: The results indicate that use of both an efficient analysis of major 
component of AECG along with a signal quality assessment technique has a promis-
ing performance in FECG analysis. 
Citation: Mollakazemi MJ, Asadi F, Tajnesaei M, Ghaffari A. Fetal QRS Detection in Noninvasive Abdominal Electrocardiograms Using 
Principal Component Analysis and Discrete Wavelet Transforms with Signal Quality Estimation. J Biomed Phys Eng. 2021;11(2):197-204.                                  
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the physiological state of fetal cardiovascular 
activity and detection of fetal cardiac arrhyth-
mias especially when it is recorded during the 
last months of gestation. Generally, fetus has 
a faster heart rate than mother, so fundamental 
frequency of FECG signal is higher than ma-
ternal ECG (MECG) but its amplitude is much 
weaker than MECG. Consequently, FECG has 
small amount of signal energy relative to the 
maternal electrocardiogram. Due to the nonin-
vasive nature of measurement of signal, FECG 
signal consists of a serious of undesired signal 
components. These include fetal brain activity, 
recording devices, movement artifacts, muscle 
contraction, etc. The strongest disturbance is 
related to maternal ECG which is 5 to 10 times 
bigger than FECG [1]. Furthermore, much 
of the duration of this signal coincides with 
FECG both in time and frequency domain. 
Therefore, locating fetal QRS complexes in its 
domain is a challenging task. For the extrac-
tion of FECG, many sophisticated signal pro-
cessing methods have been used in literature. 
The approaches based on the adaptive filtering 
which are combined with wavelet transform 
[2], singular value decomposition [3], cross-
correlation method and orthogonal basis [4], 
independent component analysis and wavelet-
based techniques [5, 6] and so forth. These ap-
proaches can be categorized based on the prin-
cipal signal processing methodologies which 
are adaptive filtering, linear decomposition 
and non-linear decomposition.

Linear decomposition methods decompose 
multivariate signal into different subcompo-
nents (MECG, FECG and noises). This de-
composition is done through data-driven or 
fixed basis functions, and the nonlinear pro-
jection and deflection approaches for sub-
space decomposition are applied in nonlin-
ear decomposition method. The drawback of 
adaptive filtering methods is that they need a 
reference MECG signal to recreate the mor-
phological shape of the MECG and the mor-
phology of MECG is highly dependent on the 
electrode locations [7]. Nevertheless, among 

all these methods, adaptive filtering-based 
methods show simple algorithm structure and 
fast performance. Although, most approaches 
have the ability of feature extraction of the 
FECG, there are still many remaining im-
provements in the approaches rooted in limita-
tions for highly spatial and temporal detection. 
The fusion of various approaches can improve 
the limitations of some approaches when they 
are employed alone. 

The aim of this study is to present an ap-
proach in which different techniques are em-
ployed for fetal heart rate (FHR) extraction by 
using non-invasive abdominal ECGs. Firstly, 
the sample entropy of each channel was calcu-
lated based on which the channel for maternal 
QRS detection was selected. Then, the princi-
pal component analysis (PCA) beside discrete 
wavelet transforms (DWT) were employed 
for FECG extraction and FQRS detection. 
By employing the DWT for FQRS detection, 
the extracted FECG was decomposed and the 
unrequired levels were eliminated by decom-
position. Then, R-peaks of the fetal were de-
tected using the new reconstructed signal and 
adaptive-threshold approaches. This employ-
ment of DWT led us to know that small fetal 
R-peaks could be detected more accurately in 
contrast with other regular detection methods.

Material and Methods

Materials
Data
In this experimental study, physioNet Non-

invasive FECG Database [8]: This fetal ECG 
dataset consists of 55 multichannel abdomi-
nal electrocardiogram (AECG) records, tak-
en from a single subject between 21 and 40 
weeks of pregnancy. Each record contains two 
thoracic channels and three or four abdominal 
channels. The signals are recorded at sampling 
frequency of 1000 Hz with 16-bit resolution. 
Moreover, a band pass filter (0.01 -100 Hz) and 
a main notch filter (50 Hz) were applied to the 
data, and the fetal R-peak (FR-peak) locations 
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are annotated manually. Consequently, the 13 
recordings, in which the fetal QRS complexes 
were visible, were selected. The 13 records of 
PhysioNet Noninvasive fetal ECG which were 
used for evaluation are: ecgca154, 192, 323, 
368, 444, 597, 649, 746, 748, 811, 826, 848, 
and 906. In some selected recordings, fetal 
beats could be observed only after denoising. 
The second minute of 13 selected recordings 
was extracted and used for evaluation.
Performance Evaluation
Different measurement approaches for eval-

uation of FR-peak detection were used. The 
first two indexes were sensitivity, Se, positive 
diagnostic value, PDV, as defined in ANSI/ 
AAMI EC57 standard [9]. Furthermore, equa-
tions (1) and (2) describe two measures that 
were used to summarize the accuracy of the 
approach, for instance, true positive (TP) in 
comparison to false positive (FP) and false 
negative (FN): accuracy (ACC) as in [10] and 
the F1-measure [11]:

TPAcc  100
TP FN FP

= ×
+ +

                 (1)

1
PDV.Se 2.2 100  100 

PDV Se 2.
TPF

TP FP FN
= × = ×

+ + +
  (2)

Noise Component Identification for 
Better Information Extraction of MECG 
and Signal Quality for Components of 
PCA Analysis

Statistical decomposition algorithms such 
as principal component analysis (PCA) have 
been applied for multi-channel ECG extensive 
analysis and noninvasive FECG extraction 
[12, 13]. However, there are many concerns 
such as noise-sensitivity of the extracted com-
ponents of this algorithm. In [14], it is shown 
that frequency spectrum of each noise and 
MECG overlaps with FECG, and hence PCA 
that is based on obtaining statistically uncor-
related components, do not necessarily show 
independent physiological sources accurately.

These noises are typically very non-station-

ary in time and colored in spectrum. In oth-
er words, they have long-term correlations. 
However, one of the limitations of PCA is that 
MECG, FECG and source of the noises are as-
sumed to be a linear and stationary mixture, 
and also this method is regarded as spatial fil-
ter rather than temporal filters. Thereby, for 
improving the quality of components of PCA 
algorithm and quality of signal, sample entro-
py is used for quantifying unpredictability and 
regularity of noises in signal [15]. When raw 
AECG signal is recorded, unexpected noises 
affect the extracted information from FECG. 
Sample entropy is used for determination of 
noise components and signal quality assess-
ment (SQA) in signal. In preprocessing sec-
tion, channel with the smallest value of sample 
entropy is chosen and hence this methodology 
makes improvement and assessment of the 
first principal component.

Methods
In our proposed algorithm, different algo-

rithms are incorporated consecutively. In an 
overall view, the proposed algorithm has two 
complementary steps. In the first step, MECG 
components are separated from the composite 
signal. This separation and removing is imple-
mented in the best channel selected based on 
the estimated sample entropy. Then, the domi-
nant components of FECG are extracted, and 
the QRS complexes are detected by multi-res-
olution analysis of extracted FECG. The flow-
chart of the algorithm explaining the process-
ing steps of the approach is shown in Figure 1.
Preprocessing
In the preprocessing step, baseline wander-

ing noise is removed by applying the discrete 
wavelet transform. Then, the signal is pro-
cessed further to remove power line interfer-
ence by using comb notching filter. After-
wards, two different criteria are considered 
where PCA and entropy quantification are 
implemented in order to determine the opti-
mal channel for maternal heart beats. These 
approaches are considered for rating the chan-
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Figure 1: Schematic flowchart of the processing stages (left to right).

nels. For instance, under conditions when the 
signal has noise with high frequency, sample 
entropy has a bigger value and this rating 
value is chosen to value of 1.5, and regarding 
channels with less noise, sample entropy has 
smaller values. Then, the chosen channel is 
processed by the PCA approach which makes 
assessment and improvement for PCA results. 
So, this criterion is employed and finally the 
best channel with minimum sample entropy is 
chosen for maternal R peak detection.
Maternal R-peak Detection
In this section, the candidate maternal R-

peaks from the channel whose score is the 
highest, are detected by using Pan and Tomp-
kins, an adaptive QRS detector [16]. Next, ac-
tual R-peaks of MQRS from the channel with 
the highest signal quality are considered as 
finalized detections of maternal R-peak candi-
date locations.
MECG Cancellation
In summary, in this step for channels having 

features of high quality, MECG morphology 
was constructed according to the real length 
of each period and then by joining them, 
pure FECG signal is extracted when the re-
lated MECG components were removed in the 
channels.
Fetal R-peak Detection
In the last step, the extracted FECG signal 

was first decomposed by discrete wavelet 
transforms (with function of ‘db6’ in level 10). 
Then, the decomposed signal was reconstruct-
ed using detailed signal of levels 2, 3 and 4, 
and fetal R-peaks were then detected through 

the energy of the reconstructed signal. Finally, 
the fetal R-peaks of the channels whose vari-
ance of RR-interval was smallest were chosen 
as the final fetal R-peaks.

Results
For evaluating the proposed approach, it was 

applied on 15 recordings of PhysioNet nonin-
vasive fECG database. Briefly explaining, the 
second minutes of the records are extracted 
and used for evaluation and the records were 
annotated manually. Consequently, the record-
ings in which FQRS complexes were visible 
(in some cases after preprocessing) were se-
lected for evaluation. The results are shown in 
Table 1.

Discussion
In this paper, since noisy channels will ad-

versely affect PCA results, the sample en-
tropy was used to evaluate the signal quality 
and to exclude the channels with high amount 
of noises. The final fetal R-peaks were re-
ported by comparing the variance of series of 
RR-interval of the fetal R-peaks time series 
for each FECG channel. The series with the 
smallest variance value were assumed that the 
established order of the detected FQRS com-
plexes was better than the other channels with 
bigger variance values. For instance, as in  
Figure 2, the first FECG channel contained 
more amounts of various noises. The detected 
FQRS complexes were not on the specific dis-
cipline. Consequently, the value of the fetal 
RR-intervals was bigger than other two chan-
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Record Name Se (%) PDV (%) Acc (%) F1 (%)
ecgca154 98.67 100 98.67 99.33
ecgca192 100 100 100 100
ecgca323 100 100 100 100
ecgca368 97.22 99.29 96.55 98.25
ecgca444 94.30 99.33 93.71 96.75
ecgca597 94.37 99.34 93.79 96.80
ecgca649 99.36 99.36 98.73 99.36
ecgca746 99.32 100 98.31 99.66
ecgca748 98.72 99.35 98.09 99.03
ecgca811 100 100 100 100
ecgca826 97.42 98.01 95.56 97.73
ecgca848 96.85 99.35 96.25 98.09
ecgca906 97.94 100 97.94 98.96

Total 98.01 99.54 97.51 98.77
Se: Sensitivity, PDV: Positive diagnostic value, ACC: Accuracy

Table 1: The results of the proposed method using the PhysioNet noninvasive Fetal electrocar-
diogram (FECG) database.

nels. The proposed method performs well even 
if the recordings with one or two AECG chan-
nels were seriously polluted by noises. On the 
other hand, in the recordings which the FECG 
signal are really weak in a way that FQRS 
complexes could not be observed easily, the 
exhausted results of the proposed technique 
will reduce. A comparison of the performance 
of the proposed approach with other studies is 
illustrated in Table 2.

Conclusion
In this study, an approach was presented to 

detect FQRS complexes from non-invasive 
abdominal ECG. The exhausted results were 
calculated using extracted one-minute AECG 
signal from 13 recordings of PhysioNet Non-
invasive FECG Database. By developing one 
multi-step approach, both fetal and maternal 
QRS complexes are located from AECG re-
cording with appropriate accuracy in compari-
son to other references. In this research, by us-
ing signal quality index and taking the sample 
entropy of each channel, the unpredictability 

and regularity of noise components are dis-
criminated and then PCA approach is applied 
to each channel. These steps can enhance the 
ability of the algorithm for choosing the op-
timal AECG reference channel for maternal 
R-peak detection. Moreover, methodologies 
such as multi resolution approach for decom-
position of the extracted FECG signal and es-
timation of the variance of the detected fetal 
RR-intervals have enhanced the performance 
of the algorithm for detecting the components 
of FECG whose frequency are close to the 
fetal QRS frequency and have improved the 
accuracy of the final reported FR-peaks lo-
cations and consequently, the final measured 
FHR demonstrates higher accuracy.
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Figure 2: (Up to down) -The first three channels: The maternal QRS detection results on original 
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cardiogram (FECG) and the detected fetal QRS complexes in optimal FECG channel
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