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Abstract

This year’s PhysioNet challenge consists of locating fe-
tal QRS complexes and estimating QT interval in fetal
electrocardiographic (FECG) recordings. The approach
presented in this work is based on linear transformations
obtained from techniques such as independent (ICA), peri-
odic (πCA) and principal components analysis (PCA). The
algorithm consists in a common ECG preprocessing stage,
followed by a maternal ECG (MECG) removal, obtaining
a preprocessed signal. This preprocessed signal is then ro-
tated by PCA, πCA and ICA , in order to get a more clear
representation of the fetal activity. Then QRS complexes
are detected in these three signal representations. An sta-
tistical model, trained in set A, is applied to the detections
obtained from the 12 resulting leads, in order to rank the
leads according to their FECG content. With the detec-
tions of those leads, an average QRS complex is calculated
with the Woody algorithm, and an algorithm for the refine-
ment of the fetal QRS detections (fQRS) is used to end the
procedure. An estimation of the SNR gain produced by co-
herent averaging is used to decide the final validity of the
fQRS measurements. For those valid recordings, the QT
interval is measured in an average heartbeat, calculated
by coherent averaging over all the fQRS. Results in set B
were 4714.6 for event 4, and 121.6 for event 5. In conclu-
sion, due to the poor generalization capability of the al-
gorithm, the strategy must be further improved to properly
extract FECG.

1. Introduction

Fetal Heart rate (FHR) decelerations are known to be
associated with fetal distress. The continuous FHR moni-
toring is accurately performed by direct fetal electrocardio-
graphic, using a fetal scalp electrode. The risk associated
with this invasive technique makes it commonly indicated
during labor. Noninvasive fetal ECG (FECG) monitoring
makes use of electrodes placed on the mother’s abdomen,

and sophisticated algorithms to separate fetal and mother
activity. This year’s PhysioNet challenge consists of lo-
cating fetal QRS complexes and estimating FHR and QT
interval in mother’s abdomen ECG recordings.

The approach presented in this work is based on previ-
ously validated algorithms, such as a wavelet based ECG
delineator [1], the Woody QRS complexes alignment algo-
rithm [2, 3], and other linear transformation techniques as
independent (ICA) [4], periodic (πCA) [5] and principal
components analysis (PCA). The strategy consists in per-
forming blind source separation first, followed by simple
QRS detection by matching filtering and thresholding.

The objective of this work was to develop an algorithm
for fetal QRS detection based on the working hypothesis
that fetal and maternal sources could be separated by linear
transformations.

2. Materials and methods

The data for the challenge consists of three sets of 100
one-minute FECG records. The data were obtained from
multiple sources using a variety of instrumentation with
differing frequency response, resolution, and configura-
tion, although in all cases they are presented as 1000 sam-
ples per signal per second, and 4 leads per recording. The
set A includes in addition to the FECG, the reference fetal
QRS annotations so that participants can train their algo-
rithms. Set B includes only FECG, remaining the refer-
ence annotations hidden to the participants and therefore
for evaluation purposes only. Set C is completely hidden
and is reserved for open source algorithms, being set B the
equivalent for non-open-source entries.

The algorithm starts with the preprocessing of the FECG
signals, as described in [6], with a low-pass filter (fc = 35
Hz) and baseline wander removal algorithm based on me-
dian filtering, as is shown in Figure 1. Then the removal of
the maternal ECG activity is performed, the first step con-
sists in detecting maternal QRS activity by applying a con-
ventional QRS detector [1] obtaining the maternal QRS lo-
cations qm

k . Then with qm
k a mother template heartbeat tmn
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Figure 1. Block diagram of the algorithm evaluated in this work. The preprocessing is performed in the blocks of the left,
then the linear transformations occur in the middle and the statistical detection of fetal QRS detections in the right blocks.

is calculated using the Woody algorithm [3] , which is then
multiplied with a Blackman window in order to smooth the
template. Then a mother ECG signal is constructed with
the smoothed template repeated for each location in qm

k .
The FECG estimation F is obtained by subtracting the es-
timated mother ECG from the preprocessed ECG .

Three blind source separation techniques, such as prin-
cipal (PCA), independent (ICA) and periodic component
analysis (πCA) were applied to the fetal signal F in order
to enhance the signal-to-noise ratio of fetal ECG compo-
nents. Using these three methods, a new transformed sig-
nal matrix R of N × 4 is defined by the transformation

R = F ·P, (1)

where P is the 4× 4 matrix which defines the linear trans-
formation. After the linear transformations were applied
we obtained one set of signals for each method used RP,
Rπ and RI for PCA, πCA and ICA respectively.

For PCA, P is a matrix such that

P−1CP = Q, (2)

and is the result of computing the eigenvectors of the sam-
ple covariance matrix C, calculated as described in [7].
The matrix Q is a diagonal matrix with the eigenvalues
of C. This rotation is such that most of the energy of F
is projected in the direction of the eigenvector associated
with the higher eigenvalues.

The πCA technique searches for the optimal linear com-
bination of the available leads in the ECG signal which
maximizes the desired periodicity in the transformed lead.
In this case, we are interested in combining the leads in
such a way that 1-beat maternal periodicity is maximized
in the resulting signal Rπ .

As it has been shown in [5], the optimal combination
is given by solving a generalized eigenvalue problem of
the matrix pair (Cτ ,C), where the matrix P is such that
simultaneously hold

P−1.Cτ .P = Q, (3)

P−1.C.P = I, (4)

where C is calculated

C =
1

(K− 1)N
F.FT (5)

with K the number of beats in the analysis window and N
the number of samples of each learning segment. In the
same way, we define Cτ , the analogous spatial correlation
matrix of the non-periodic components, where F(m) is the
equivalent of F after sliding the analysis window m = 1
beats forward.

Cτ =
1

(K− 1)N
F(m).FT (6)

In this way, the transformation projects the most periodic
component into the first column of Rπ .

The last method used was the fast ICA algorithm [4],
which identifies the rotation matrix P such that each sig-
nals (in R) probability distribution differs from the Gaus-
sian distribution. This is equivalent to find the most inde-
pendent sources, given they were mixed with P−1.

The next step is to evaluate and find the signal/s
where the transformation was able to separate FECG from
mother’s residual. For this purpose, we applied the same
QRS detector [1] for the three multi-lead signals RP, Rπ

and RI, obtaining one fetal QRS location qf
p for each of the

12 signals. Also the sequence of RR intervals rf
passociated

to each qf
p were calculated. Then two probabilistic mod-

els where estimated in the training set A, the first was a
bivariate Gaussian that models the RR interval evolution
using rf

p and rf
p+1 features. The other measurement is the

amount of fetal heartbeats detected in one minute, which
is modeled with a Weibull distribution, as can be seen in
Figure 3.

Finally, the likelihood of each sequence qf
p of being a

true fetal RR series is calculated as the product of both
likelihoods. Then the three most likely sequences are se-
lected for calculating an SNR estimate of the gain pro-
duced by coherent averaging. The coherent averaging is
calculated considering a window of 600 ms centered in
each heartbeat detected in qf

p. Then the signal energy is
calculated in the average pattern. This measurement ac-
counts for the energy which is coherent with respect to
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Figure 2. An example of how the linear transformation successfully separates fetal and mother ECGs.

the fetal activity. This energy measurement should be de-
creased by false detections or missed heartbeats, as long as
these errors are not coherent to the fetal activity.

On the other hand, the noise is estimated similarly to the
signal energy, but considering for the coherent averaging
a random sequence of detections qr

p of the same length.
This sequence is a uniformly distributed random sequence
sampled between 1 and the length of the recording. The
noise calculation should account for the non-coherent en-
ergy with respect to the fetal activity.

The ratio of energies, called the signal to noise ratio
(SNR), is calculated and a sequence of fetal detections is
accepted if the SNR is above 10 db. The QT interval is
finally measured on an average heartbeat, calculated by
coherent averaging over all the fetal detections, as can be
seen in Figure 4. The location of the start of the QRS com-
plex and end of the T wave was also performed using the
delineator described in [1].

3. Results

In Figure 2 it is shown the how the algorithm extracts
FECG from the abdominal ECG for recording a01. The
results achieved in set B were 4714.6 for event 4, and 121.6
for event 5.

4. Discussion and conclusions

In this work, we presented an algorithm for FECG ex-
traction from abdominal ECG recordings in the context of
the PhysioNet/CinC 2013 Challenge. The methodology
proposed performed as expected in set A, as can be seen
in Figure 2, however the performance achieved in set B
shows that the algorithm should be further improved.

In dataset A, we found cases where mother and fetal
ECG overlapped in the four-dimensional space defined by
ECG leads, and therefore could not be linearly separated.
Those cases were one of the weaknesses that our strat-
egy presented. Despite this important limitation, the im-
plementation of the algorithm is very simple and could be
implemented in real-time once the linear transformation is
found.

Following this strategy, we could study if mother and fe-
tal ECG activities could be approximately orthogonalized,
maybe with a different lead positioning, or by moving the
reference of the ECG recorder. In conclusion, due to the
poor generalization capability of the algorithm, the strat-
egy must be further improved to properly extract FECG.
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Figure 3. Models estimated in set A for ranking the quality
of the extracted FECG. In the upper panel, the model for
the amount of heartbeats in one minute. In the lower panel,
the model for the current and next RR interval.
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