
 

An extended Kalman filter for fetal heart location estimation
during Doppler-based heart rate monitoring
Citation for published version (APA):
Hamelmann, P., Vullings, R., Mischi, M., Kolen, A. F., Schmitt, L., & Bergmans, J. W. M. (2019). An extended
Kalman filter for fetal heart location estimation during Doppler-based heart rate monitoring. IEEE Transactions
on Instrumentation and Measurement, 68(9), 3221-3231. https://doi.org/10.1109/TIM.2018.2876779

Document license:
TAVERNE

DOI:
10.1109/TIM.2018.2876779

Document status and date:
Published: 01/09/2019

Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 24. May. 2023

https://doi.org/10.1109/TIM.2018.2876779
https://doi.org/10.1109/TIM.2018.2876779
https://research.tue.nl/en/publications/c17ab06c-0742-431d-9342-c62d615b1fdb


IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 68, NO. 9, SEPTEMBER 2019 3221

An Extended Kalman Filter for Fetal Heart
Location Estimation During Doppler-Based

Heart Rate Monitoring
Paul Hamelmann , Rik Vullings, Massimo Mischi, Senior Member, IEEE,

Alexander F. Kolen, Lars Schmitt, and Jan W. M. Bergmans

Abstract— Fetal heart rate (fHR) monitoring using the Doppler
ultrasound (US) is a standard clinical practice for assessing
fetal well-being before and during labor. For continuous fHR
measurements, the US transducer is positioned on the maternal
abdomen using a flexible belt. Due to fetal movement, the relative
fetal heart location (fHL) with respect to the US transducer can
change, leading to frequent periods of signal loss hampering the
clinical assessment of fetal health. Consequently, the clinical staff
has to repeatedly reposition the US transducer—a cumbersome
task affecting clinical workflow. We propose a method to estimate
the fHL during fHR monitoring to support clinicians in efficiently
repositioning the US transducer. Unlike typical US transducers,
which do not provide any information on the spatial fHL,
we exploit the fact that multiple transducer elements are present
in the array aperture of the US transducer. We developed a novel
model that relates the measured Doppler power in the individual
transducer elements to the fHL and use it within the probabilistic
framework of an extended Kalman filter (EKF). The performance
of the EKF algorithm was evaluated in simulations and in in vitro
experiments using a dedicated setup of a beating fetal heart.
Both simulations and in vitro experiments showed that the fHL
can be determined with an accuracy of 4 mm. Furthermore,
we demonstrate that when the fetal heart is drifting out of the
US beam, the EKF algorithm accurately estimates the fHL up
to a radial distance of 34 mm.

Index Terms— Doppler ultrasound (US), extended Kalman
filter (EKF), fetal heart rate (fHR), location estimation.

I. INTRODUCTION

CARDIOTOCOGRAPHY (CTG), the continuous registra-
tion of fetal heart rate (fHR) and uterine contractions, is a

standard method in clinical practice to assess the fetal well-
being [2]. A common way to measure the fHR during the
antepartum and intrapartum period is by means of Doppler
ultrasound (US). For that, a US transducer, operating in a
pulsed-wave Doppler mode, is positioned on the maternal
abdomen and directed toward the fetal heart location (fHL).
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Fig. 1. Example of a Doppler signal measured in in vitro experiments
using a commercially available US transducer (Philips Avalon, Philips
Medizin-Systeme Böblingen GmbH, Germany). The fHR is estimated from
the Doppler signal by determining the periodicity of the envelope signal using
an autocorrelation approach.

From the received US echoes, a Doppler signal is generated,
representing the motion due to the contracting heart ventricles,
valve movement, and blood flow [20]. This Doppler signal
is, after detection of its envelope, further processed using
autocorrelation approaches in which the signal periodicity is
determined as a surrogate for the fHR [10], [18]. The major-
ity of commercially available CTG US transducers consist
of multiple transducer elements distributed over a surface
of several centimeters to increase the measurement volume
in which the fHR can be determined. In order to reduce
the required processing complexity, the received US signals
in the individual elements are typically combined and then
one Doppler signal is generated, from which the fHR is
estimated [18], [21]. In that way, effectively, the array aperture
is treated as a single-element transducer. In Fig. 1, a Doppler
signal acquired with a commercially available CTG US trans-
ducer is shown.

In recent studies, the added value of having multiple trans-
ducer elements is further exploited. In [12], a multigate sensor
system is described in which for each transducer element a
Doppler signal from various depth is determined, with the
objective of identifying different fetal movements. Further-
more, in [22], the potential of a multi-Doppler system is used
to improve the robustness of fHR estimation.

In clinical practice, after positioning the US transducer on
the maternal abdomen, a flexible belt holds the transducer
in the place. However, during the long lasting continuous
measurement sessions, it frequently happens that the fHL
changes with respect to the US transducer. This can be either
due to a displacement of the US transducer on the maternal
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abdomen or due to a change of fHL within the uterus. For
robust fHR measurement, it is necessary that the fetal heart
is located within the US beam of the transducer. Therefore,
before positioning the US transducer on the maternal abdomen,
the clinical staff palpates in order to establish the fetal position.
In addition, the auditive feedback of the Doppler signal
guides the staff in finding a suitable US transducer position.
Depending on the experience of the clinician, the gestational
age of the fetus and the body mass index (BMI) of the mother,
this can be a very challenging task and may strongly impact the
clinical workflow. Therefore, in [8], we introduced a method
to alleviate this problem by providing additional information
on the fHL with respect to the US transducer to aid clinicians
with this cumbersome task. This method inferred the fHL from
the Doppler power, measured with a commercially available
seven-element US transducer, by separately analyzing the
seven transducer-element Doppler signals using a maximum
likelihood (ML) estimation approach.

The accuracy of this method is mainly limited by the signal-
to-noise ratio (SNR) of the Doppler power measurements.
In clinical practice, US measurements on mothers with a high
BMI often show a reduced SNR due to high US attenuation
by fatty tissue compared to measurements on mothers with
a low or moderate BMI [17]. Therefore, the objective of
this research is to further improve the performance of the
fHL estimation, such that the method of aiding clinicians
with the positioning of the US transducer on the maternal
abdomen can also be applied in measurements with a low
SNR. Supporting clinicians with the positioning of the US
transducer on the maternal abdomen eventually may lead to
more robust measurements of fHR.

By including the prior knowledge on the fHL into the
derivation of the method presented in [8], improved fHL
estimation may be achieved. Here, the fact is used that the
fHL can only change gradually over time. Gradually changing
parameters are recognized in many different application areas
and it is known that a Kalman filter (KF) is an effective method
to estimate those parameters in the presence of Gaussian
distributed measurement noise [4]. Within the field of fHR
monitoring, Kalman filtering has shown its potential by suc-
cessfully estimating maternal signals to extract the fHR in
electrocardiographic recordings [1].

In Section II, we derive a KF suitable for estimating the
fHL. The resulting fHL estimation algorithm is evaluated using
simulations and in vitro measurements and compared to the
ML estimation presented in [8]. The results of this evaluation
are presented in Section III and discussed in Section IV. This
paper concludes with a recap on the main results and their
clinical significance in Section V.

II. MATERIALS AND METHODS

A. System Characterization

When a transmitted US wave travels through the maternal
abdomen, it is reflected by various structures, which is then
received by the individual elements of the US transducer.
In this research, a commercially available US transducer
(Philips Avalon, Philips Medizin-Systeme Böblingen GmbH,

Fig. 2. Array aperture of the employed US transducer containing seven
transducer elements.

Germany) is used. The array aperture of this transducer
consists of six transducer elements circularly arranged around
one center element with a pitch of 2 cm (see Fig. 2). By
individually soldering each transducer element of the US
transducer via coaxial cables to an open US platform (Vantage
256, Verasonics, Inc., Kirkland, WA, USA), separate control
of the elements in transmission and receive mode is enabled.
The received US signals in the individual elements will show
the reflections of many other structures and not only those of
the fetal heart. Therefore, it is not possible to directly infer
the fHL from the received US signals. Therefore, for each
transducer element, a Doppler signal is derived. These Doppler
signals contain only information related to moving structures,
ideally only the fetal heart, within the sample volume (SV).
The frequency content of these Doppler signals is determined
by the velocity of the moving structures within the SV and the
insonification angle [3], [20]. The amplitude of the Doppler
signal depends on the fHL within the radiation pattern. Due
to the fact that the heart is beating, there will be periods in
which there is no movement at all. Therefore, the power Pi

of the Doppler signals measured in each transducer element,
indicated by the index i , is calculated in a time window W .
It is important that W is chosen long enough, such that at least
one heartbeat is contributing to the Doppler power Pi .

The strength of the received Doppler power Pi is then
directly dependent on where the fetal heart, indicated by the
position vector h = [hx , hy, hz], is located within the radiation
pattern �i of the employed US transducer. Here, the index
i denotes the number of an individual transducer element.
When the fetal heart is directly located within �i of a specific
transducer element, the Doppler power Pi of that element
will be high compared to the other transducer elements.
The transmit-receive radiation pattern �i was characterized
in [8] by measuring the transmit-radiation pattern using a
needle hydrophone setup. In order to account for the fetal
heart dimension, the radiation pattern �i was integrated over
the insonified surface of the fetal heart, yielding a spatial
distribution �i . We chose to model the insonified surface
of the heart as a disc with diameter dh = 3.5 cm, which
corresponds to the average size of the fetal heart at a ges-
tational age of 40 weeks [14]. A detailed description of the
characterization of �i can be found in [8].

We can model the received Doppler power Pi as

Pi (h) = α�i (h) + vi . (1)
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Due to the fact that �i does not provide any information
on the absolute value of Pi , a scaling factor α is included
in the model. This scaling factor accounts for various factors
such as attenuation, the driving voltage of the transmitting
element or the window length, W , in which the power is
calculated. Besides that, when there are more heart beats
within the window W , a higher power will be measured.
It is assumed that α is equal for all transducer elements
since its value is affected by factors which are assumed to
be approximately the same for all elements. The measurement
noise is described by vi .

B. Measurement Noise Modeling

For the derivation of the extended KF (EKF) equations
in Section II-D, it is useful to assume that the measure-
ment noise vt is distributed with zero mean and covariance
matrix Rt .

However, as the Doppler power can never be negative,
it can directly be recognized that describing vt with a normal
distribution with zero mean is not a valid noise model. Instead,
rather than the noise in the Doppler power, it is more realistic
to model the noise in the raw Doppler signal with a normal
distribution with covariance σ 2 [6]. Due to the fact that the
power is calculated by computing the mean squared value in
a window W with N samples of the Doppler signal, vt can be
described using a gamma distribution with shape parameter
k = N/2 and scale parameter θ = 2σ 2/N [13]. The fact
that N is relatively large allows us again to approximate this
gamma distribution with a normal distribution with covariance
2σ 4/N centered around the mean σ 2 [13]. This means that the
noise in the Doppler signal adds a constant offset value to the
modeled Doppler power in (1). Accordingly, we can rewrite
the power model as

Pi (h) = α�(h) + σ 2 + v′ (2)

where v′ is distributed with v′ ∼ N (0, R).

C. State-Space Representation

During fHR measurement sessions, the fetus and, conse-
quently, the fetal heart can move within the maternal uterus
up to a certain degree freely. However, it is valid to assume that
the location of the heart does not change abruptly between two
subsequent time points, but follows a smooth trajectory, pro-
vided that the time interval is sufficiently small. Therefore, it is
chosen to model the fHL h with a first-order Gauss–Markov
process with process noise dt , having zero mean and covari-
ance matrix Qt . The magnitude of the covariance matrix
‖Qt‖ determines the possible change of h in between two
subsequent time points t and t + 1. It is assumed that Qt is
a diagonal matrix with equal values on the diagonal, meaning
that there is no preferred direction in which the fetal heart
moves. Accordingly, the change of h can then be described
using a state-space model representation (see also Fig. 3)

ht+1 = ht + dt

Pt = g(ht ) + v′
t (3)

Fig. 3. Illustration of the state-space model.

where Pt is a vector of the Doppler power Pi measured in
the individual elements at time t . For the sake of readability,
we denote the modeled power in (1), without the noise
term v′

t , as the nonlinear function g(ht ) = α�(h) + σ 2

which maps the fHL ht into the domain of the power
measurements Pt .

D. Derivation of the Extended Kalman Filter

The probabilistic nature of the noisy sequence of power
measurements and the uncertainty in the state-space model (3)
encourages us to estimate h using a statistical analysis and
we choose to follow a Bayesian approach. The conditional
posterior probability, describing the probability that the fHL
is true given the measured power P, can be expressed using
Bayes’ theorem

p(ht+1|Pt+1, Qt , Rt )

= p(Pt+1|ht+1, Qt , Rt )p(ht+1|Pt , Qt , Rt )

p (Pt+1|Pt , Qt , Rt )
. (4)

The conditional probabilities in the numerator of the
right-hand side of (4) are referred to as likelihood and prior,
respectively. The conditional probability in the denominator is
referred to as the evidence. Because we assume that the mea-
surement noise and the process noise are distributed normally,
from (4), one can derive the well-known KF equations for the
fHL ht+1 and its covariance St+1 [4]. In order to denote an
estimated parameter, we use a tilde, e.g., h̃t+1. Because g is
a nonlinear function, the KF equations can be extended by
linearizing g around the current estimate of the fHL h̃t .

Accordingly, the full EKF equations are given by

˜ht+1 = ˜ht + Kt+1(Pt+1 − g(˜ht )) (5)
˜St+1 = ˜St + Qt − Kt+1Gt+1(˜St + Qt ) (6)

where Kt+1 is known as the Kalman gain

Kt+1 = (St + Qt )GT
t+1

Rt+1 + Gt+1(St + Qt )GT
t+1

(7)

and Gt+1 is the Jacobian matrix computed at the current
estimate ˜ht

Gt+1 = δg
δht

|ht=˜ht
. (8)

The Kalman gain K is a matrix which determines whether
we should trust more the new measurement data or rely on
the previous estimate h̃t . From (7), it follows that the Kalman
gain will be equal to the inverse of the Jacobian matrix
when the measurements are very accurate. This occurs when
the measurement noise covariance matrix is the zero matrix
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Rt+1 = 0M , with M being the total number of transducer
elements, or when ‖Qt‖ is very large

lim
Rt+1→0M‖Q‖t →∞

Kt+1 = G−1
t+1. (9)

Likewise, when ‖R‖ is large compared to the state variance
S and the process noise variance Q or when the Jacobian G
approaches the zero matrix, the Kalman gain K approaches
the zero matrix

lim‖R‖t+1→∞
Gt+1→0M,H

Kt+1 = 0H,M . (10)

Here, 0H,M denotes a zeros matrix with dimensions H and M ,
where H describes the dimensions of the state vector h. For
the purpose of interpretation of the Kalman Gain, it is useful
to compute the norm ‖KG‖ as it reflects a single scalar value
between 0 and 1. When the norm ‖KG‖ is close to 0, the new
fHL estimate will mainly rely on the previous estimate.

E. Nuisance Parameter Estimation

During each KF iteration, the two nuisance parameters α
and σ 2 have to be known in order to infer ˜ht from (5).
Therefore, we choose to follow a hierarchical approach where
in the first level of the algorithm h̃t is estimated using the
EKF, and then, in the second level, the nuisance parameters
are determined. At the nuisance parameter estimation level,
h̃t is assumed to be known. Furthermore, it is assumed that
the prior probability in (4) is uniform and the measurements
P are statistically independent. This allows us to estimate the
nuisance parameters α̃ and σ̃ 2 by following a ML estimation
approach using a similar derivation as done in [8]:

α̃, σ̃ 2 = arg max
a,σ 2

(

−
M

∑

i=1

(Pi − α�i (h̃t ) − σ 2)2

)

= arg max
a,σ 2

L (11)

where L denotes the likelihood function. The two nuisance
parameters α and σ 2 can be estimated by finding a solution
to δL/δα = 0 and δL/δσ 2 = 0, respectively, yielding

α̃ =
∑M

i=1 Pi
∑M

i=1 �i − M
∑M

i=1 Pi�i
(

∑M
i=1 �i

)2 − M
∑M

i=1 �2
i

(12)

σ̃ 2 =
∑M

i=1 Pi�i
∑M

i=1 �i − ∑M
i=1 �2

i

∑M
i=1 Pi

(

∑M
i=1 �i

)2 − M
∑M

i=1 �2
i

. (13)

Having an estimate for σ 2 allows us to update the measure-
ment noise covariance matrix R for the next EKF iteration
according to

Rt = 2σ 4

N
IM (14)

where IM denotes the identity matrix with dimension M = 7,
corresponding to the total number of transducer elements.

Fig. 4. Algorithmic implementation of the hierarchical fHL estimation algo-
rithm. After initialization, the fHL is determined using the EKF. Thereupon,
the nuisance parameters are estimated in the second level of the algorithm.

F. Algorithmic Implementation

In Fig. 4, the algorithmic implementation of the fHL estima-
tion algorithm is schematically depicted. The EKF is initialized
using the ML solution in (12) and (13). Then, in the first level
of the hierarchical algorithm, the fHL is determined using
the EKF. Numerical rounding errors during EKF iterations
may cause the covariance matrix ˜St+1 to lose its symmetry
and positive definiteness. As a consequence, the EKF may
diverge. This can be limited by implementing Joseph’s form
of the state variance update equation

˜St+1 = A˜St AT + Kt+1RtKT
t+1 (15)

with A = I − Kt+1Gt+1 [11].
In the second level, the nuisance parameters are estimated.

The estimation accuracy of the nuisance parameters is depen-
dent on the quality of the power measurements and on the
accuracy of ˜h. In case that the nuisance parameters have
been estimated erroneously, large errors in the subsequent
EKF iterations may occur since inference will be based on
an incorrect model. In order to reduce the effect of possible
outliers, it is chosen to take the temporal median value of the
last five estimated nuisance parameters.

G. Measurement System

The commercially available US transducer (Philips Avalon,
Philips Medizin-Systeme Böblingen GmbH, Germany) is
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modified and its seven transducer elements are individually
soldered to coaxial cables to establish a connection to an
open US research platform (Vantage 256, Verasonics, Inc.,
Kirkland, WA, USA). This research platform provides indi-
vidual control over the elements in transmission and receive
mode. As described in a previous study, it is beneficial for
the estimation of ˜h that the radiation pattern �i does not
show too much interference because this allows one to link a
measured power value Pi unambiguously to a specific fHL [7].
In order to avoid interference, only the center element (i = 4,
see Fig. 2) of the array aperture is active in transmission.
In the receive mode, all seven elements are active. For the
transmission of a US wave, a center frequency f0 = 1 MHz,
pulse repetition frequency P RF = 2 kHz, and pulse duration
T = 10 cycles are used. The driving voltage applied to the
array aperture of the transducer was set to VP P = 5 V. The
raw reflected US waves are then received during an adjustable
time window �τ , which defines the depth z and the size
of the SV from which the Doppler signals are obtained [3].
The raw US signal is digitized using a sample frequency of
fs = 4 MHz and processed using a common IQ-demodulation
scheme [9]. It should be noted that for each transmitted
US wave, one sample of each Doppler signal is obtained,
i.e., the sample frequency of the Doppler signals equals the
pulse-repetition frequency (PRF). Subsequently, the Doppler
power P is calculated using the mean squared value of the
Doppler signals in a sliding time window W = 1 s with
20% overlap.

H. Simulations

The model in (2) allows us to simulate power values for
various fHLs h and for different SNRs. Because the SNR
is a function of the fHL, we have chosen to define the
signal power as the mean power P̄ received by all elements
when the fetal heart is directly located in the center of the
radiation pattern, i.e., SNR = 10log(αP̄([0, 0, hz])/σ 2). The
simulations are used to analyze the performance of the EKF
with regard to the following aspects in more detail as follows.

1) The performance of the EKF algorithm is affected by the
magnitude of the chosen process noise covariance ‖Q‖,
as it influences the Kalman gain K according to (7).
In fact, for running the EKF, the only required parameter
to set is the process noise variance because the measure-
ment noise variance R is adaptively updated after each
iteration (14). In order to determine the optimal settings
for ‖Q‖, a change of fHL is simulated for varying
velocities u. It was chosen to let the fetal heart move
at a constant radial distance ‖h‖ = (h2

x + h2
y)

1/2 around
the center of the radiation pattern. In that way, the SNR
is approximately constant and the EKF performance is
mainly affected by the selected process noise variance.
In this simulation, after a short convergence period
of 2 s, the heart moves two times around the center
of the radiation pattern and the radial distance was
set to ‖h‖ = 15 mm. For all possible combinations
of u, ‖Q‖, and SNR, the simulation was executed
k = 50 times. The performance of the algorithm was

Fig. 5. Schematic of the fetal heart in vitro setup. A function generator
drives an actuator which is connected via a string to a chicken heart. In that
way, the chicken heart is moved along the z-direction in a beatlike fashion.
By translating the US transducer through the water tank, displacement of the
heart out of the measurement range of the transducer can be mimicked.

then evaluated by taking the mean error, defined as
the Euclidean distance between true and estimated heart
location, i.e., error = ((hx − h̃x )

2 + (hy − h̃ y)
2)1/2.

2) With increasing noise level, a decrease in the nuisance
parameter estimation accuracy is expected. In order
to investigate the effect of decreasing SNR, the mea-
sured power is simulated for fHLs at increasing radial
distance ‖h‖.
The simulated SNR in each simulation determines the
value for σ 2 while the scaling factor is set constant to
α = 1. For each radial distance ‖h‖, the simulation is
executed k = 50 times. As performance measure, the rel-
ative root-mean-square error (RMSE) is determined
with RMSEα = ((1/k)

∑k
n=1 (α̃ − α)2/α)1/2. Likewise,

RMSEσ 2 is calculated.
3) In order to investigate the effect of an erroneously

estimated h̃t on the accuracy of the succeeding esti-
mations of α̃t+1 and σ̃ 2

t+1, the power P for various
heart locations with radial distance ‖h‖ and uniformly
distributed azimuth angle is simulated. An error is added
to h which then constitutes the estimate h̃ which is
used for the estimation of the nuisance parameters. For
increasing error, the nuisance parameters are estimated.
In this simulation, the power values are calculated using
a constant scaling parameter α = 1 and noise parameter
σ 2 = 0 (SNR = ∞).

I. In Vitro Measurements

In order to evaluate the performance experimentally, an in
vitro beating fetal heart setup was built (see Fig. 5), which
can be used to mimic a changing fHL with respect to the US
transducer.

This setup consists of a US transducer attached to a rotatable
mount which can be moved using a translation stage. The
beating fetal heart is represented by a chicken heart threaded
on 5-μm-thick fishing strings, which are attached to the wall
of the water tank at an adjustable distance to hold the heart
in a fixed position. The reason for using a chicken heart is
motivated by the requirement of having similar dimensional
and acoustical properties to those of a human fetal heart.
It is known that the biventricular outer diameter of the fetal
heart varies between 0.9 and 3.9 cm for gestational age of
14–40 weeks [14]. In the conducted experiments, the dimen-
sions of the chicken heart are comparable.
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A beatlike pattern is created by attaching another fishing
string to the heart which goes via a pulley to a connecting
plate. This plate is brought into motion by an actuator such
that the fishing string is pulled backward to create a displace-
ment of the chicken heart along the z-direction. A function
generator allows to tune the frequency and the displacement
of the actuator. In the conducted experiments, the heart rate
was set to 140 beats per minute which is a typical fHR
measured during labor [19]. Furthermore, the displacement of
the chicken heart was tuned such that it corresponds to the
distance covered by the fetal cardiac wall during one heartbeat,
i.e., dz = 5 mm [5].

It was hypothesized that the EKF would work better
in high noise scenarios compared to the ML estimation
approach. Because the experiments are performed in a water
tank effectively, limited acoustic attenuation is taking place.
However, in vivo acoustic attenuation is a nonnegligible factor
affecting the SNR. It becomes especially relevant for mea-
surements on women with a high BMI. In order to mimic
a reduced SNR, the transducer elements are driven with
a very low driving voltage of 5 V. Furthermore, a tissue
mimicking gelatin-water phantom was placed between the US
transducer and the chicken heart. The gelatin concentration
was 15%, and 0.1% of 10 μm Al2O3 was added as acoustic
scatterer.

An example of a Doppler signal measured using a com-
mercially available CTG US transducer in the in vitro setup
is shown in Fig. 1. Due to the fact that the beating fetal
heart is reduced to an object, i.e., the chicken heart, which
only moves along one direction, the measured Doppler sig-
nals do not have the contribution of the contracting heart
ventricles, closing valves or blood flow [20]. However,
the Doppler signals measured using this setup are by visual
inspection very similar to in vivo measurements reported
in [10] and [18].

The transducer was aligned with respect to the chicken
heart such that the chicken heart was positioned in front
of the center element at depth hz = 80 mm, which is a
typical depth at which the fetal heart is located within the
maternal abdomen. A drift of the fetal heart out of the radiation
pattern of the US transducer at moderate velocity is then
simulated by translating the US transducer through the water
tank at velocity u = 1.5 mm/s. After each measurement,
the US transducer is rotated by an angle of 45◦ in order
to investigate the performance for multiple heart locations.
In total, 33 measurements were conducted.

III. RESULTS

A. Simulations

An illustrative example of the fetal heart localization per-
formance is depicted in Fig. 6 based on the simulated data.
In this simulation, the fetal heart changes its location according
to the trajectory in the left of Fig. 6(a) at depth hz = 80 mm.
In the right of Fig. 6(b), the corresponding simulated power
measurements at SNR = −5 dB are shown. When the fetal
heart is located in front of a specific element, that specific
element receives a relatively high power compared to the other

elements. It should be noted that, as discussed in Section II-G,
only the center element is used for transmission. This is
reflected by the fact that when the fetal heart is located in front
of the center element, the received power is higher compared
to the situation when the fetal heart is located in front of one
of the other elements.

In the top of Fig. 6(b), it is visible how ‖KG‖ evolves
during the EKF iterations. When the fetal heart moves out of
the center of the radiation pattern, ‖KG‖ reduces, meaning that
new power measurements will contribute less to the estimation
of h̃ and more weight is given to its a priori estimate. This
is the expected behavior of the EKF, as the SNR reduces
when the fetal heart is drifting out of the radiation pattern.
Correspondingly, the norm of the state variance ‖S‖ increases,
as visible in the second panel of Fig. 6(b), which reflects our
increasing uncertainty about the current estimate.

In the lower two panels, the results of the estimation are
shown and compared to the ML approach. It can be seen that
the estimate h̃ reliably follows the real fHL h. While the EKF
is able to cope with the reduced SNR when the fetal heart
drifts out of the radiation pattern, the ML estimator shows
large errors.

In Fig. 7, the results of the simulations to evaluate the effect
of ‖Q‖ on the estimation accuracy are shown (simulation 1).
The three graphs show the error of the estimation as a function
of the process noise variance and varying SNR for three
different velocities. From the graphs, it follows that for a
specific velocity u, there is an optimal setting for the process
noise variance. The process noise variance, in fact, determines
how much the fHL is expected to change from one-time
point to the other. On the one hand, when set too low, one
does not permit enough movement to the fetal heart. As a
consequence, the estimate will remain at its initial value and
cannot adapt according to the new measurement data. On the
other hand, when the process noise variance is set too high,
large changes of the fHL are permitted and the system follows
only the measurement data. Setting the process noise to large
values compared to the present measurement noise variance R
effectively changes the EKF to an ML approach as one
removes virtually any prior knowledge. For realistic velocities
with which the fetal heart moves out of the radiation pattern,
the results in Fig. 7 suggest that a process noise variance
with a magnitude in the range of ‖Q‖ = 1 − 100 is a good
tradeoff.

After each EKF iteration step, the nuisance parameters
α̃ and σ̃ 2 are again estimated to be available for the next
estimation of h̃ and S̃. Fig. 8 shows the RMSE as function
of the radial distance ‖h‖ and different SNRs (simulation 2).
Not surprisingly, the estimation accuracy for both nuisance
parameters decreases for decreasing SNR. However, when
comparing the RMSE values for α and σ 2, two aspects
stand out. First, the RMSE for the estimation of α is much
larger compared to RMSEσ 2 . Second, with increasing radial
distance ‖h‖, the estimation accuracy of α drastically worsens,
while the estimation accuracy of σ 2 is less affected.

In Fig. 9, the effect of an erroneous estimated fHL h̃t

on the following estimation of α̃t+1 and σ̃ 2
t+1 is depicted

(simulation 3). As expected, when there is no estimation error,
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Fig. 6. Illustrative example of the performance of the hierarchical EKF algorithm on simulated power measurements for a changing fHL. (a) Spatial
representation of a simulated trajectory of the fetal heart h (left) and simulated power measurements Pi for the individual transducer elements (right). The
scaling parameter is set to an arbitrary chosen value α = 3.1 ∗ 1012 and the SNR was set to SNR = −5 dB. Note that only the center element is used for
transmission. (b) From top to bottom graph: Evolution of the norm ‖KG‖; Evolution of the norm of the state variance ‖S‖; fHL estimation h̃ obtained with
the EKF algorithm. For reference, the real fHL h and the results of the ML estimation h̃(ML) are presented; Error of the fHL estimation using the EKF and
ML approach.

both nuisance parameters can be estimated perfectly because
the SNR in the simulation was set to infinity. With increasing
error, the nuisance parameter estimation accuracy is reduced.
It strikes that for a small error = 5 mm, RMSEα can already
be significant. Further increasing the error to 15 mm even
leads to RMSEα of 37% in the center of the radiation pattern.
For σ 2, RMSEσ 2 is also increasing when h̃ is estimated more
inaccurately. With increasing radial distance ‖h‖, RMSEσ 2 is
less affected by an erroneously estimated fHL. It should be
noted that the bottom of Fig. 9 shows absolute values instead
of a relative RMSE because σ 2 = 0.

B. In Vitro Experiments

The results of the in vitro measurements are shown
in Fig. 10. The estimation error of the EKF is compared
to the ML approach. For reference, the results of the EKF
on simulated data are also presented. In these simulations,
the fHL changes in the same way as in the conducted in vitro
experiments.

Within the measurement volume of the US transducer, there
is no significant difference between the error of the fHL
estimation obtained with the EKF algorithm compared to the
ML approach. Only when the fetal heart is moving out of the
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Fig. 7. Influence of the set magnitude of the process noise variance ‖Q‖ on
the fHL estimation accuracy for varying SNR. In the simulation, the trajectory
of the fetal heart moves two times around the center of the radiation pattern at
a constant radial distance ‖h‖. The simulations are done for different velocities
u, representing a slow, a moderate, and a fast-changing fHL. The color coding
represents the mean error of the fHL estimation.

Fig. 8. RMSE of the estimation of the nuisance parameters α and σ2 as
function of an increasing radial distance ‖h‖ for four different SNRs. The
depth of the fetal heart was set to hz = 80 mm.

radiation pattern at a radial distance ‖h‖ = 20 mm, the perfor-
mance of the ML approach drastically reduces. Compared to
that, the EKF is able to estimate the fHL over a considerably
wider measurement range. The diameter and the pitch of the
transducer elements are 10 mm, which determine the required
accuracy of the fetal heart localization. With this accuracy, one
is able to determine on which side of the radiation pattern the
fetal heart is located. Considering this as the required accuracy,
the measurement range is increased by 41%.

Furthermore, it can be recognized that, within the radia-
tion pattern, the estimation error during the measurements is
approximately 4 mm for both the EKF and ML approach,
while for the simulations performed at SNR = −10 dB,
the error for the EKF is lower. However, as ‖h‖ increases,
the error in the simulations increases faster compared to the
in vitro measurements.

IV. DISCUSSION

Positioning the US transducer on the maternal abdomen
requires skill and can be a tedious task. By estimating the fHL

Fig. 9. RMSE of the nuisance parameter estimation as function of an
increasing radial distance ‖h‖. Successively, an error is added to the real
fHL ‖h‖ which is then used as the fHL estimate for the nuisance parameter
estimation.

Fig. 10. Performance of the EKF compared to ML obtained from in
vitro measurements. For reference, the EKF results on simulated data with
SNR = 5 dB and SNR = −10 dB are presented. The shaded gray area
represents the standard deviation of the error using the EKF. Simulations
and measurements are conducted at a depth of hz = 80 mm.

during Doppler fHR measurements, a visual feedback to assist
with the transducer positioning can be provided. It allows
positioning of the US transducer centrally above the fetal heart,
reducing the change that the fetal heart moves out of the US
beam. Besides an improvement of the clinical workflow, this
may also reduce the total amount of fHR signal loss periods,
hence, contributing to the improved assessment of the fetal
condition. The added value of the proposed US transducer
positioning tool needs to be further validated in a clinical
study. Here, an important outcome measure is the required
time clinicians need to position the US with and without
positioning support. In addition, it is important to investigate
whether inexperienced nurses, or potentially even the mother-
to-be, have less difficulties to position the US transducer.

Although the proposed method may lead to improved clin-
ical workflow, the clinically more relevant parameter is the
fHR. It needs to be evaluated if and how much the robustness
of the fHR recordings will improve due to the proposed US
transducer positioning tool. Although we are convinced that
the proposed method will positively affect the robustness of
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fHR recordings, at this stage, it can only be conjectured if this
is really the case. Therefore, it is essential to prove the impact
of the method in a clinical setting.

From the results shown in Fig. 8, it is clear that the
estimation of the nuisance parameters is strongly affected by
the SNR. Specifically, α is more affected by a decreasing SNR
compared to σ 2. While α is a parameter belonging to the signal
component of the model, σ 2 describes the noise. Therefore,
it is logical that when noise is dominating the signal α can
be less accurately determined while the estimate for σ 2 is
independent of the signal itself.

The results in Fig. 9 stress the importance of a good
initialization of the EKF. When h̃ is erroneous, the subsequent
nuisance parameter estimation will potentially show large
errors, which in turn lead to a misuse of the model in the
following EKF iteration. It can be seen that with increasing
radial distance ‖h‖, errors in h̃ have less impact on the
estimation on σ 2. This can be explained by the fact that the
model �(h) approaches zero at increasing radial distance and
the gradient is very small. Therefore, an erroneous h̃ will cause
a smaller error in �(h). In contrast to that, as α belongs to
the signal component of the model, it is crucial that some
signal needs to be measured for a good estimation of α̃. For
the envisioned application, this implies that the heart location
has to be already approximately known when the transducer
is positioned on the maternal abdomen, such that the nuisance
parameters can be estimated correctly.

As it can be seen in Fig. 10, there is no performance
difference between the EKF and ML approach when the fetal
heart is located at a minimum radial distance ‖h‖ = 16 mm
from the center of the radiation pattern. This can be explained
by the high SNR within the center of the US beam. Here,
a small nuisance parameter σ 2 will cause that the measurement
noise covariance matrix R converges toward the zero matrix
[see (14)]. This has an effect that the EKF will almost fully
rely on new incoming measurement data and will disregard
the prior knowledge, causing the fHL estimation result to be
similar to the ML approach.

The advantage of the EKF compared to the ML lies par-
ticularly in an improved performance when the fetal heart is
moving out of the radiation pattern or the SNR drops during
measurements. Therefore, in a practical implementation of
the proposed algorithm, while searching for the fHL, one
could first rely on the ML estimation and then switch to the
EKF for improved tracking of the fHL. This switch could be
initiated by the operator or automatically triggered when the
system is able to estimate the fHR. Comparison between the
performance of the EKF in vitro and in silico (see Fig. 10)
suggests that the SNR in the experiments is between the range
of SNR = −10–5 dB. Interestingly, within the center of the
radiation pattern, the performance of the simulation carried
out at SNR = −10 dB is slightly better than for the in vitro
measurements. This can be explained by a misalignment of
the chicken heart and the transducer in the experimental setup.
Furthermore, it may also reflect the inaccuracy in our power
model and possible limitations of the applied assumptions.

The setting for the process noise variance Q plays an
important role in the performance of the EKF, which can be

clearly seen in Fig. 7. The ratio between the process noise
variance Q and the measurement noise variance R determines
the magnitude of the Kalman gain K, and therefore, how
much the system relies on the old estimate h̃ or the new
measurement data. The optimal setting for ‖Q‖ is selected
when the system can just follow the maximal velocity with
which the fHL changes. Setting ‖Q‖ too high pushes the
EKF toward the ML approach, because it effectively sets the
prior to a uniform probability. However, it should be noted
that setting a too low ‖Q‖ is more disadvantageous since it
does not allow the system to adjust to the new measurement
data. For further improvement of the fHL estimation algorithm,
it can be considered to adaptively estimate the process noise
variance [4], [15]. In addition, a second-order Gauss–Markov
model for the state-space representation in (3), i.e., including
knowledge on the movement direction of the fetal heart, could
potentially improve the estimation [15].

In the derivation of the EKF algorithm, we assumed
that, by modeling the process noise with a first-order
Gauss–Markov process, the probability of the moving direc-
tion of the fetal heart is equally alike for all directions.
Therefore, from the process perspective, the method itself
is not affected by the moving direction of the fetal heart.
However, as discussed before, a low SNR may lead to an
erroneous estimation of the model parameters. This means that
when the fetal heart moves from a location where the SNR is
low, i.e., outside the US beam, toward the center of the beam,
the performance of the method will be reduced compared to
the situation where the heart moves from a location with good
to locations with poor SNR. Furthermore, in this research
the simulations and experiments were performed for one
representative depth hz = 80 mm and the SV of the acquisition
was set accordingly. In a clinical situation, the fetal heart may
not only drift outside the radiation pattern but also change its
depth. Further research is needed to automatically adjust the
SV (gate) to the depth of the fHL. The performance of the fHL
estimation algorithm in such a situation needs to be analyzed.

The experimental setup allows mimicking a displacement of
the fetal heart with respect to the US transducer. Furthermore,
by adding a gelatin phantom, the US waves can be attenuated
to simulate measurements in women with high BMI. However,
it is well-known that the US Doppler signals may be affected
by pulsating maternal arteries or artifacts caused by fetal limb
movement [12], [16]. This will have an effect on the measured
Doppler signals and Doppler power, hence, influencing the
performance of the fHL estimation. In the future research,
the measurement system will be extended to mimic these
sources of signal distortion and it will be investigated how
the proposed method can work robustly in these situations.
In particular, a research topic is the acquisition of Doppler
signals from multiple depths, allowing spatial separation of
different Doppler sources.

For an accurate estimation of the fHL, it is necessary that
the SNR is sufficiently high. Obviously, the SNR reduces as
the fetal heart moves out of the radiation pattern. In order to
increase the measurement volume, the size of the transducer
elements or the center frequency of the transmit pulse can be
reduced. This leads to a wider radiation pattern. In the current
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research, only the center element of the transducer was used
because transmission with all elements leads to a radiation
pattern with strong interference and finding an analytical
solution for the nonlinear mapping function g would, hence,
be more challenging. Further research on the transducer design
and the transmitted radiation pattern needs to be conducted.
By changing the size of the transducer elements, a US wave
could be transmitted which is closer to a plane or diverging
wave, spanning a wider measurement range. In addition to
that, with a new transducer design in which the pitch between
the transducer elements is reduced, the transmitted US beam
can potentially be steered into the direction of the fetal heart.
Having a system which would be able to automatically steer
the beam toward the fHL, the fHR estimation may be less
influenced by the correct positioning of the US transducer by
the clinical staff.

V. CONCLUSION

In this research, a new method for estimating the fHL during
Doppler-based fHR monitoring is presented, which facilitates
improved US transducer positioning on the maternal abdomen.
The method makes use of a model which relates the Doppler
power, measured in the individual transducer elements of a
commercially available US transducer, to the fHL. This novel
model is used in the framework of an EKF, where the model
parameters are estimated in an adaptive way. This allows
estimating the fHL in high noise scenarios. The performance
of the algorithm was analyzed in in silico and in in vitro
using a dedicated experimental fetal beating heart setup, and
compared to an ML estimation approach. The results show that
the fHL can be determined with an accuracy of 4 mm when
the fetal heart is located within the measurement range of the
transducer. It was proven that the EKF is suitable to estimate
the fHL more accurately in high noise scenarios as compared
to an ML approach. In the experiments, when the fetal heart
drifts out of the measurement range, the EKF algorithm is
able to accurately estimate the fHL up to a radial distance of
‖h‖ = 34 mm, while the ML approach can only determine
it up to ‖h‖ = 24 mm. This corresponds to an increase in
the measurement range by 41%. The improved performance
of the method shows the feasibility of fHL estimation, even
in measurements with low SNR. Eventually, this may lead
to improved US transducer positioning for improved clinical
workflow and more robust estimation of the fHR.
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