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Abstract

Using clinically measured intrapartum cardiotocogra-
phy (CTG) data, the objective of this study was to de-
tect the impulse response function (IRF) of the single-input
single-output system composed of uterine pressure as the
input and one of three frequency band powers of fetal heart
rate variability (fHRV) as the output. The results showed
statistically significant differences between normal fetuses
and those that had developed metabolic acidosis. This oc-
curred in all frequency bands, with more differences occur-
ring in the higher bands. These results are very promising
for the improved detection of fetal distress related to hy-
poxia.

1. Introduction

Labour and delivery is routinely monitored electroni-
cally with sensors that measure and record maternal uter-
ine pressure (UP) and fetal heart rate (FHR), a procedure
referred to as cardiotocography (CTG). The objective of
this monitoring is to detect the fetus at substantial risk of
hypoxic injury so that intervention can prevent its occur-
rence.

In previous work [1, 2], we studied the deceleration re-
sponse to contraction, which can be considered the dom-
inating and lowest frequency component response to con-
traction. In this study, we shift the focus to the response
to contraction of higher frequency FHR components (>
30mHz), often referred to as fetal heart rate variability
(fHRV), and use UP and and input and fHRV as the output
for system identification modelling.

To do so, we first estimated the fHRV using an auto-
gressive model of the CTG FHR signal to estimate the
power spectral density (PSD), as described in [3]. The
PSD was integrated over low frequency (LF, 30-150 mHz)
and movement frequency (MF, 150-500 mHz) and high
frequency (HF, 500-1000 mHz) bands to obtain three in-
stantaneous components of fHRV.

We then performed linear system identification over

20 min epochs using the CTG uterine pressure (UP) as an
input and each of the fHRV components as an output. The
previous PSD step, therefore, can be considered as a lin-
earization of the problem, which allows powerful linear
methodologies to be be used. This is important because
estimating this system is a challenge with noisy CTG data,
which often contains sensor artifacts and maternal FHR
interference. We used the PO-MOESP subspace system
identification approach [4], as it is well-suited to these con-
ditions.

This work is related to that of a study on a small sam-
ple of healthy fetuses, which found that there were FHR
responses to contractions at frequencies quite different
from the contractions themselves, and with frequency-
dependent lags [5]. However, our study is the first to
quantify the nonlinear UP-fHRV relationship using system
identification and draws from a much larger and varied
population of fetuses in order to attempt to draw conclu-
sions about the discriminatory power of this approach.
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Figure 1. Block diagram of overall processing

2. Methods

2.1. Data

The data consisted of 231 cardiotography (CTG) record-
ings of singleton, term pregnancies having no known con-
genital malformations, with at least three hours of tracing
just prior to delivery. Each tracing was labelled by out-
come information available after delivery (blood gases and
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Figure 2. From a typical metabolic acidosis (M) case, acquired FHR and UP signals (in black, top and bottom respectively)
as well as the computed instantaneous fHRV components (LF, MF and HF bands are in dark red, pink and lighter pink,
respectively). The acquired signals are to scale with the units as shown (30 to 240 bpm), but the fHRV signals have been
magnified for clarity (their vertical scales have limits of 0 and 10 bpm).

neurological assessment). 89 of the cases were normal (N)
while 142 had developed metabolic acidemia (M)

Data collection was performed by clinicians using stan-
dard clinical fetal monitors to acquire the CTG. The moni-
tors reported at uniform sampling rates of 4 Hz for FHR
(measured in beats per minute (bpm)) and 1 Hz for UP
(measured in mmHg). In the majority of cases, the UP
or FHR sensors were attached to the maternal abdomen;
the FHR was acquired from an ultrasound probe and the
UP was acquired by tocography. In a few cases, they were
acquired internally via an intra-uterine (IU) probe and/or a
fetal-scalp electrode.

2.2. Overall approach

As shown in Fig. 1 the acquired UP and FHR signals
were preprocessed to interpolate missing data and remove
very low-frequency trends (< 30mHz). Using short-
term (τmax=1 min) autoregressive models constructed at
Ts=1 s increments, power spectral density (PSD) esti-
mates were computed and the spectrum was integrated
over low frequency (LF, 30-150 mHz) and movement fre-
quency (MF, 150-500 mHz) and high frequency bands (HF,
500-1000 mHz) to obtain three instantaneous components
of fHRV, which were down-sampled to 0.5 Hz. Using
overlapping Te=20min epochs, and using the UP as the
input and each of the HRV components as outputs, sub-
space system identification with scaling factor s was used
to estimate impulse response functions h.

2.3. Preprocessing

The CTG data was recorded in a clinical setting, so it
was subject to specific types of noise. The loss of sensor
contact can temporarily interrupt the UP or FHR signals,
and interference from the (much lower) maternal heart rate
can corrupt the FHR. These both appeared in the signal as
a sharp drop to much lower amplitude followed by a sharp

signal restoration. We preprocessed the data to bridge
these interruptions with linear interpolation.

The UP and FHR were then detrended by a high-pass
filter with cutoff frequency 30 mHz, corresponding to the
lower limit of the LF band of fetal HRV [6]. In addition,
the UP was down-sampled to 0.5 Hz.

2.4. Power spectral density (PSD)

We computed a power spectral density using a autore-
gressive model using an approach similar to that taken in
[2], except that all bridged intervals were excluded from
consideration in the autocorrelation estimation to reduce
bias introduced by the linear interpolation. The amount of
missing data was monitored to provide subsequent assess-
ment of the confidence in the PSD estimates.

We modified the calculation of the conventional FHR
autocorrelation estimate rf to exclude the intervals where
the signal had been interpolated in the preprocessing step.
Therefore, the revised estimate for a window of n samples
was:

rf (k) =
1

nk

n−1∑
i=0

N−1∑
k=0

f(i)f(i− k) (1)

where N is the longest lag and each term f(i)f(i − k) is
included in the sum if and only if both f(i) and f(i − k)
are non-interpolated samples and nk is the total number of
f(i)f(i− k) terms included at lag k.

Similar to the method described in [2], we used the au-
tocorrelation estimates to compute coefficients of an AR
model using linear prediction via the Levinson-Durbin al-
gorithm and chose the model order p using the minimum-
description length (MDL) criterion. Power spectral densi-
ties (PSD) of the AR models were computed following [7]
and sampled at 128 frequencies between 0 and the Nyquist
frequency of 2 Hz to resolve the dominant resonances.
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We estimated successive PSDs of the fHRV at intervals
of Ts=1 s using a maximum lag τmax=1 min of the auto-
correlation function rf . At each time interval j, the LF and
MF PSD bands were summed to give instantaneous bands
estimates fHRVLF (j), fHRVMF (j) and fHRVHF (j).
The square-root magnitude of these band sums were com-
puted to transform them to bpm units for more convenient
comparison with the acquired FHR. These estimates were
down-sampled to 0.5 Hz in preparation for system identifi-
cation.
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H LP energy: 100.0%Figure 3. System identification results for the epoch from
Fig. 2. Uterine Pressure (UP) is shown in (a). For each of
the HF, MF and LF bands, (b), (c) and (d) show calculated
HRV (black) and model-predicted HRV (red) followed by
the residual r in the second panel, followed by the IRF es-
timate in the third panel, shifted to the left by the width
of the autocorrelation window (60 s). The model param-
eters were: LF Gain: 0.017 bpm/mmHg, LF delay: -12 s,
LF VAF: 21.7% MF Gain: 0.012 bpm/mmHg, MF delay:
-16 s, MF VAF: 48.1% HF Gain: 0.026 bpm/mmHg, HF
delay: -4 s, HF VAF: 77.6%

2.5. System identification

Subspace methods are well-suited to the noisy data of
this problem because of their inherent singular-value de-
composition and the fact that they permit non-contiguous
data to be included in the estimation. We used the PO-
MOESP subspace method [4] to estimate second-order
(two-dimensional state) state-space system models. We
chose a PO-MOESP scaling factor s of 64 samples = 128 s
to be greater than the autocorrelation window size and
therefore sensitive to longer dynamics.

Because of UP periodicity, there was no unique system
model; we searched for a best model by shifting the output
signal with respect to the input to find an IRF beginning
with a first coefficient near 0. The associated shift repre-
sented the delay of the output response relative to the input
onset. A negative delay indicated that the response pre-
ceded the input (due to UP measurement delay).

3. Results

Fig. 2 shows the acquired UP and FHR signals as well
as the fHRV components over a typical epoch from an M
case. It is clear that the fHRV components are relatively
flat between the peaks of the UP (i.e. the uterine contrac-
tions), while the components generally peak in response to
the uterine contraction. The LF components tend to dom-
inate the MF and HF components, but their time courses
are similar.

For this same epoch, Fig. 3 shows the system identifica-
tion inputs UP and outputs fHRVLF , fHRVMF , fHRVHF

and the corresponding IRF models and predicted outputs.
We then examined the time course of the IRF delay be-

tween between N and M classes over the last three hours of
labour and delivery. Fig. 4 shows that compared to the N
cases, the M cases had delays that were consistently higher.
Specifically, there were statistically significant class differ-
ences in 3 epochs (HF band), 2 epochs (MF band) and 1
epoch (LF band), respectively. The onset of these differ-
ences occurred roughly 90 minutes before delivery in each
case. We also computed the IRF steady-state gain G as
the sum of the IRF coefficients G =

∑M−1
i=0 hi, but this

parameter did not show statistically significant differences
between classes.

4. Conclusions

The IRF delay estimates from system identification
modelling discriminated healthy fetuses from those who
had developed metabolic acidosis and did so early (∼90
min) with respect to delivery. This is important since
these cases can be considered “near misses”: although they
suffered the effects of hypoxia, the insult was not severe
enough in intensity or duration to cause injury. Therefore,
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Figure 4. Delays of the impulse response function from
subspace system identification using uterine pressure as an
input and three bands of fetal heart rate variability (fHRV)
as outputs: (a) low frequency (LF) (b) movement fre-
quency (MF) and (c) high frequency (HF). The horizontal
axis is the time in minutes with respect to delivery and the
vertical axis is the delay in seconds. The means are plot-
ted with bars indicating standard error and the red asterisks
indicating statistically significant differences between nor-
mal (black circles) and metabolic acidotic (blue triangles)
cases at that epoch (p <0.05, Kolmogorov-Smirnov distri-
bution test).

these are promising results for the early detection of fetal
distress, before injury occurs, and in time to response with
appropriate clinical intervention (such as cesarian section).

The finding that delays from higher frequency bands
were more often discriminating may be useful for future
research, since different neural mechanisms exist for lower

bands, where sympathetic activity dominates, compared to
higher bands, where parasympathetic activity dominates.

It is significant that we observed these band-specific dif-
ferences despite the rather poor HF band HRV measure-
ments that are possible using clinical, Doppler-based FHR.
We expect that new measurement techniques providing ac-
curate R-R intervals will further improve the HF HRV es-
timates and accordingly, the discrimination possible from
this technique.
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