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A B S T R A C T

Background Automated fetal heart rate (FHR) analysis removes inter- and intra-expert variability, and is a
promising solution for reducing the occurrence of fetal acidosis and the implementation of unnecessary medical
procedures. The first steps in automated FHR analysis are determination of the baseline, and detection of
accelerations and decelerations (A/D). We describe a new method in which a weighted median filter baseline
(WMFB) is computed and A/Ds are then detected.
Method The filter weightings are based on the prior probability that the sampled FHR is in the baseline state
or in an A/D state. This probability is computed by estimating the signal’s stability at low frequencies and by
progressively trimming the signal. Using a competition dataset of 90 previously annotated FHR recordings,
we evaluated the WMFB method and 11 recently published literature methods against the ground truth
of an expert consensus. The level of agreement between the WMFB method and the expert consensus was
estimated by calculating several indices (primarily the morphological analysis discordance index, MADI). The
agreement indices were then compared with the values for eleven other methods. We also compared the level
of method-expert agreement with the level of interrater agreement.
Results For the WMFB method, the MADI indicated a disagreement of 4.02% vs. the consensus; this value is
significantly lower (𝑝 < 10−13) than that calculated for the best of the 11 literature methods (7.27%, for Lu and
Wei’s empirical mode decomposition method). The level of inter-expert agreement (according to the MADI)
and the level of WMFB-expert agreement did not differ significantly (p=0.22).
Conclusion The WMFB method reproduced the expert consensus analysis better than 11 other methods. No
differences in performance between the WMFB method and individual experts were observed. The method
Matlab source code is available under General Public Licence at http://utsb.univ-catholille.fr/fhr-wmfb.

1. Introduction

Since the 1970s, the fetal heart rate (FHR) has been a key param-
eter for monitoring fetal well-being during pregnancy and labor. An
accurate FHR analysis can reduce the frequency of inappropriate ob-
stetric interventions (e.g. instrumental vaginal deliveries and cesarean
sections) and decrease the risk of fetal acidosis.

In an FHR analysis, one must first determine the value of several
elementary parameters: the baseline (i.e. the mean level of stable FHR
segments [1]), the variability (i.e. variations in amplitude during stable
periods), accelerations (i.e. a sudden increase in FHR for more than
15 s, with an amplitude of more than 15 beats per minute (bpm)
above the baseline), decelerations (i.e. a temporary decrease in the
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FHR for more than 15 s, with an amplitude of more than 15 bpm
below the baseline), and sinusoidal patterns [1]. The FHR recording
is considered to be normal if the baseline is between 110 to 160 bpm,
the variability is between 5 to 25 bpm, and there are accelerations but
no decelerations.

Conversely, abnormal FHR patterns comprise episodes in which (i)
the FHR baseline is above 160 bpm (i.e. tachycardia), (ii) the FHR
baseline is below 110 bpm (i.e. bradycardia), (iii) the variability is
reduced (bandwidth < 5 bpm for more than 50 min), (iv) the vari-
ability is high (bandwidth > 25 bpm for more than 30 min), (v) the
FHR signal contains decelerations of various types (late, variable, or
prolonged), and (vi) a sinusoidal pattern is apparent. The absence of
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Fig. 1. Example of an FHR recording with ambiguous baseline position. If one is not aware of the end of the recording (the part with a gray background), the red (high) baseline
seems more appropriate. However, when the end of the recording is taken into account, the blue (low) baseline seems more probable. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

accelerations is not reassuring but cannot be interpreted with certainty.
Depending on the combinations of abnormal episodes and the intensity
of the abnormal pattern, the criteria in the FIGO consensus guidelines
enable an FHR recording to be defined as ‘‘normal’’, ‘‘suspicious’’ or
‘‘pathologic’’[1].

As long as one knows exactly where the baseline is located, all
these abnormal patterns can be detected easily. However, trying to
compute the FHR signal baseline creates a circular definition: FHR
accelerations/decelerations (A/D) are defined as periods that are 15
bpm above or below the baseline, whereas the baseline is defined as
the mean signal after A/D have been excluded from the data. Fig. 1
shows an example of an FHR recording with an ambiguous baseline
position. If the baseline is set at the top (the red line), the FHR will
correspond to tachycardia (i.e. a baseline above 160 bpm) and will
have many decelerations — which is a worrying clinical sign. If the
baseline is set at the bottom (the blue line), the FHR will be normal and
will include many accelerations - a perfectly healthy pattern sometimes
referred to as "pattern D" [2]. Misinterpretation of ‘‘pattern D’’ can
lead to inappropriate clinical management [2]. This example shows
that correct placement of the baseline requires examination of the FHR
signal over a long time period (> 30 min) - even though the FIGO
consensus guidelines suggest that the baseline should be determined
in a 10 min window [1].

The interpretation of FHR signals is subject to considerable inter-
observer and intra-observer variability [3], as a result of sometimes
imprecise assessment criteria and a lack of practical training.

Several researchers have developed automatic analysis methods for
determining the baseline and A/D. The first automatic method was
developed by Dawes et al. [4], and the concepts behind several other
automatic methods are summarized in [5]. In earlier research, we
compared 11 automatic analysis methods with an expert consensus [6].
Although the method developed by Lu and Wei [7] gave the best
results, the difference with the expert consensus was still marked
(i.e. greater than the inter-expert differences). Jezewski et al. [8] also
compared several automatic analysis methods, although most of the
recently published methods were not included. Lastly, various software
packages for automatic FHR analysis are commercially available (for a
review, see [9]) but have not been compared with Lu and Wei’s method.

Here, we describe a novel weighted median filter baseline (WMFB)
method for baseline determination. The main challenge is positioning
the baseline when there are prolonged and/or repeated A/D; the FHR
is rarely at the basal level. Our design was prompted by the following
seven (informal) hypotheses:

H1. At any given time point, the FHR is either in a baseline state
or in an A/D state. After A/D periods have been excluded, the
baseline corresponds to the average FHR measured during a time
window of a few minutes around the current time point.

H2. One consequence of H1 is that the FHR value during A/D periods
should not influence the baseline.

H3. Over an approximately 10 min window, strong baseline fluctu-
ations are monotonic. Indeed, if the FHR falls and then rises
during the window, a deceleration is present and conversely, if

the FHR rises and then falls during the window, an acceleration
is present.

H4. Short (< 10 min) down-up (or up-down) baseline fluctuations
may occur but they are slow (low derivative) and have a low
amplitude.

H5. It is unlikely that a period with no FHR variations corresponds
to an A/D. It is even more unlikely that the FHR is in baseline
state when there is strong variation in the FHR.

H6. Over a long time window (>∼ 20 − 40 min), the stable periods
(i.e. those without a strong variation) corresponding to the
baseline state should account for more than 50% of the total
stable periods in the window.

H7. The baseline passes through the points of the FHR if the FHR is
a monotonic signal with a slight slope.

The WMFB method’s novelty relates to the combined implementation
of these seven hypotheses in a balanced manner. Our analysis is cur-
rently performed off-line but could be adapted for real-time analysis —
although this would come at the cost of a decrease in precision due to
the lack of knowledge of the future FHR.

We evaluated the WMFB method by applying a previously described
methodology and dataset [6], and using the open source FHR morpho-
logical analysis toolbox for MATLAB [10] [http://utsb.univ-catholille.
fr/fhr-review].

2. Signal processing method

2.1. Signal acquisition and preprocessing

The FHR signals were recorded using an AVALON FM50 fetal mon-
itor (Philips Healthcare, Amsterdam, The Netherlands). We had pre-
viously developed a specific program for capturing the FHR signal
package via the RS232 serial interface (available on most fetal mon-
itors) [11]. For both the training and testing datasets, the FHR record-
ings had been obtained via a Doppler ultrasound probe placed on
the women’s abdomen or an electrode placed on the fetus scalp. The
FHR and tocometry data are recorded at 4 Hz. All the parameters are
set using the open-access training dataset described in our previous
publications [5,12]. This dataset contains 66 recordings that have been
analyzed by expert consensus. The evaluation dataset will be described
in Section 3.1.

Classical preprocessing methods (close to those described in [13]
and [14]) were then applied: (i) aberrant samples (> 220 bpm or < 50
bpm) were considered to be missing data. (ii) contiguous periods of less
than 30 s and that differed by more than 25 bpm from the previous
and following FHR periods were considered to be unreliable, and so
were considered to be missing data. (iii) periods with missing data were
completed by linear interpolation.

http://utsb.univ-catholille.fr/fhr-review
http://utsb.univ-catholille.fr/fhr-review
http://utsb.univ-catholille.fr/fhr-review
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Fig. 2. An illustration of the results produced by a low-pass filter, a sliding mode and
a sliding median, as applied to two types of signal.

2.2. Application of a median filter

In the literature, most of the baseline calculation methods are based
on either a low-pass linear filter or a sliding mode (i.e. determination
of the most frequent FHR value within a sliding window). Fig. 2 shows
baselines determined in each of those ways for two particular FHR
recordings.

In Fig. 2.A, the sliding window mode provides a satisfactory result
but the low-pass filter tends to follow the decelerations — especially
when the latter have a high amplitude. This prevents accurate estima-
tion of the deceleration start, end and amplitude. From a theoretical
viewpoint, the low pass filter does not comply with hypothesis H2 (the
FHR value in A/D periods markedly influences the baseline).

In Fig. 2.B, the low-pass filter provides a satisfactory result for a
change in baseline but the sliding mode creates an abrupt step-down
that has no physiological significance. Depending on the signals before
and after the baseline change, there may also be a time delay between
the step-down and the true change in the baseline FHR. In principle,
the sliding mode does not comply with hypothesis H7 (the baseline of
a decreasing curve contains steps, whereas it should be equal to the
FHR itself).

Our sliding median approach gave satisfactory results in both situ-
ations. In fact, the sliding median does not depend on the deceleration
amplitude (and thus complies with hypothesis H2) and tracks mono-
tonic changes in the signal (H7). Moreover, if the window length is
more than 10 min, H3 (but not H4) is met. If the window length it is
less H4 is respected (but not H3).

Fuentealba et al. also suggested the use of a sliding median but
implemented it in a quite different manner [15]. The results appeared
to be satisfactory in simple cases but may have been insufficient when
prolonged or repeated decelerations were present.

2.3. A weighted median filter

To make the method more accurate, we used a weighted window
that gave more weight to the points close to the current point. The
working window was set empirically to 𝑇 = 40 min, centered on the
current point (sliding step: 1 sample). The window is described in
Eq. (1). In Section 2.5, we shall explain how several successive baselines
can be calculated using variable windows.

𝑊 (𝑡) =

{

1 − |

|

|

𝑡
𝑇 ∕2

|

|

|

, if − 𝑇
2 < 𝑡 < 𝑇

2 ,

0 , otherwise.
(1)

However, the sliding median alone is not sufficient; whenever de-
celerations are prolonged and/or frequent, the baseline deviates —
albeit to a lesser extent than with a low-pass filter (thus H2 is not
perfectly respected). To solve this problem, we calculated the median
by decreasing the weight given to points within a priori A/D period
(thus exploiting H1).

For a given FHR time sample 𝑖, we assigned a weighting equivalent
to the prior probability P(i) with which 𝑖 is in a baseline period (rather
than an A/D period). This weighting is then multiplied by the weighting
of the window 𝑊 (𝑗). Eq. (2) is used to calculate this baseline, where 𝑇
is the width of the window (40 min x 240 points/min = 9600 points),
𝑃 is the prior probability, and 𝑊 is the window weighting (detailed in
Section 2.5).

𝐵𝐿(𝑖) = 𝑚𝑒𝑑𝑖𝑎𝑛
𝑗=− 𝑇

2 …
𝑇
2

(𝐹𝐻𝑅(𝑖 − 𝑗), 𝑃 (𝑖 − 𝑗)𝑊 (𝑗)) (2)

Here, the median corresponds to a weighted median: if 𝐶(𝑖) are the
weights and 𝑋(𝑖) are the values, 𝑚𝑒𝑑𝑖𝑎𝑛𝑖 (𝑋(𝑖), 𝐶(𝑖)) is defined as the
highest value of 𝑚 fulfilling ∑

{𝑖|𝑋(𝑖)≤𝑚} 𝐶(𝑖) < 1
2
∑

{𝑖} 𝐶(𝑖).
The sections below describe how 𝑃 and 𝑊 are obtained. 𝑃 will be

defined as a product of two probabilities 𝑃𝑠𝑡𝑎𝑏 and 𝑃𝑡𝑟𝑖𝑚: 𝑃𝑠𝑡𝑎𝑏 will be
used to eliminate periods with strong variations (thus exploiting H5),
and 𝑃𝑡𝑟𝑖𝑚 will be used to eliminate periods in which the FHR is far from
the long-term average baseline (thus exploiting H3, H4, and H6).

2.4. Estimation of the prior probability, based on the FHR stability

According to H5, the FHR baseline necessarily corresponds to stable
periods, i.e. periods during which the low-frequency FHR signal does
not fluctuate significantly. Depending on the derivatives of the FHR,
we set a high probability for stable periods and a low probability for
unstable periods.

On a smoothed signal, the points with a high first derivative have
a high likelihood of corresponding to the slope of an A/D. Likewise,
the points with a high second derivative have a high likelihood of
corresponding to the trough of an A/D. The prior probability 𝑃𝑠𝑡𝑎𝑏 for
these time points can be set to a very low value — enabling these
periods to be ignored. During the trough of an A/D, the first derivatives
are almost null; hence, it would not be possible to distinguish between
the baseline and the A/D on the basis of the first derivative alone.

An effective way of accounting for both the first and second deriva-
tives is to calculate the signal derivative analytical envelope [16].
Fig. 3. A shows an FHR recording (in black) and the same signal
smoothed at 3 bpm (in red). Fig. 3.B shows the derivative of this
smoothed signal (in black) and the derivative envelope (the dashed
blue line). Whereas the derivative is null in the trough of the decel-
eration, the envelope has a high value throughout the deceleration. It
is therefore possible to set 𝑃𝑠𝑡𝑎𝑏 as a function of this envelope.

The accuracy of 𝑃𝑠𝑡𝑎𝑏 can still be improved. Ideally, 𝑃𝑠𝑡𝑎𝑏 should be
as polarized as possible (i.e. close to 1 for stable periods, and close to
0 for unstable periods). More particularly, 𝑃𝑠𝑡𝑎𝑏 must change as rapidly
as possible near the start and end of A/Ds.

In order to increase the method’s time-domain responsiveness, the
low-pass filter’s cut-off must be high. However, the higher the cut-
off frequency, the more the filtered signal will contain high-frequency
oscillations of little relevance for calculating the baseline. This compro-
mise was addressed by using a logistic regression model: the objective
was to estimate the state of the signal (baseline or A/D) at each instant
(the dependent variable) as a function of the following nine parameters
(the independent variables):

• |

|

|

𝑑(𝐹𝐻𝑅0−1𝑏𝑝𝑚)
|

|

|

, ||
|

𝑑(𝐹𝐻𝑅1−3𝑏𝑝𝑚)
|

|

|

, ||
|

𝑑(𝐹𝐻𝑅3−7𝑏𝑝𝑚)
|

|

|

,
• |

|

|

𝑑2(𝐹𝐻𝑅0−1𝑏𝑝𝑚)
|

|

|

, ||
|

𝑑2(𝐹𝐻𝑅1−3𝑏𝑝𝑚)
|

|

|

, ||
|

𝑑2(𝐹𝐻𝑅3−7𝑏𝑝𝑚)
|

|

|

,
• 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒

(

𝑑(𝐹𝐻𝑅0−1𝑏𝑝𝑚)
)

, 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒
(

𝑑(𝐹𝐻𝑅1−3𝑏𝑝𝑚)
)

,
𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒

(

𝑑(𝐹𝐻𝑅3−7𝑏𝑝𝑚)
)

.
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Fig. 3. Illustration of the computation of the prior probability signal. - A. An FHR
sample with variable decelerations and the smoothed FHR signal (low-pass filter at 1
bpm) - B. The derivative of the smoothed FHR, and the envelope of the derivative -
C. The prior probability 𝑃𝑠𝑡𝑎𝑏 that the FHR is in baseline state.

where 𝐹𝐻𝑅𝑎−𝑏 is the bandpass filtered FHR with cut-off frequencies of
𝑎 and 𝑏 (Butterworth sixth-order low-pass filter in a forward–backward
process), 𝑑(𝑋) is the first derivative of 𝑋, and 𝑑2(𝑋) is the second
derivative of 𝑋. They are estimated by finite-difference in beats∕min2

for first derivative and in beats∕min3 for second derivatives.
We constructed a training database comprised 37 recordings (ex-

tracted from the training dataset described in Section 2.1) of variable
length, with a total duration of 93 h. A total of 1800 A/D were selected
by an expert. The selection also included small/short A/D (< 15 bpm
and/or < 15 s) that should not be taken into account for baseline
calculation.

In order to limit the amount of data and the computation time, we
selected one in five of the FHR samples. This data reduction step was
performed after the nine features had been computed using the original
sampling frequency (4 Hz). To simplify the model, the four variables
maximizing the area under the receiver operating characteristic curve
(AUC) were selected in a stepwise forward-selection process. Given
that the improvement with the 9 variables (instead of 4) was less than
0.01%, we preferred to use the simpler model. The final model of the
prior probability is given by Eqs. (3) and (4), where 𝐿(𝑖) is the logit
from the logistic regression:

𝑃𝑠𝑡𝑎𝑏(𝑖) =
𝑒𝐿(𝑖)

1 + 𝑒𝐿(𝑖)
(3)

𝐿(𝑖) = − 2.4744 + 0.0266 ||
|

𝑑(𝐹𝐻𝑅0−1𝑏𝑝𝑚)(𝑖)
|

|

|

+ 0.0413 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒
(

𝑑(𝐹𝐻𝑅0−1𝑏𝑝𝑚)
)

(𝑖)

+ 0.0105 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒
(

𝑑(𝐹𝐻𝑅1−3𝑏𝑝𝑚)
)

(𝑖)

+ 0.0036 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒
(

𝑑(𝐹𝐻𝑅3−7𝑏𝑝𝑚)
)

(𝑖)

(4)

The AUC for this model was 0.87 showing that the classification was
even effective when based solely on information from the derivatives.
Fig. 3.C shows the values of 𝑃𝑠𝑡𝑎𝑏 for a sample FHR recording. As
can be seen with the selected variables, it was more effective to use
the envelope of the first derivative rather than the absolute value of
the second derivative to differentiate the trough of an A/D from a
baseline period. We also considered that it was important to use the

Fig. 4. Illustration of two progressive trimming steps for a deceleration with a ‘‘flat
trough’’.

absolute value of the first derivative in the model, so as to increase the
responsiveness of 𝑃𝑠𝑡𝑎𝑏.

Jimenez et al. had also suggested studying the signal instability [17]
but only thresholded the first derivative. A similar approach was also
used by Lu and Wei [7].

2.5. Progressive trimming

The methods described above are not, however, sufficient for de-
termining the baseline during a prolonged deceleration with a ‘‘flat
trough’’ (Fig. 4).

During these long decelerations, the prior probability 𝑃𝑠𝑡𝑎𝑏 of a
baseline state remains very high over a long period of time; this has
a strong influence on the calculated baseline. If the sliding window
is narrow, the baseline may even pass through the deceleration’s flat
trough. In such cases, the only way to find the right baseline is to work
in a broad time window (40 min); however, the baseline would then
no longer track small variations (H4).

We therefore calculated an initial, approximate baseline with a wide
window (40 min) and a very smooth signal (a low cut-off frequency -
1 bpm Butterworth 4-order low-pass filter with a forward–backward
process); this yielded baseline 1 in Fig. 4. According to H6, the stable
baseline point should account for more than 50% of the total stable
periods over the window; since the strong variations are monotonic
(H3), the baseline must be a good approximation. Consequently, all the
FHR points far from this baseline had a low probability (referred to as
𝑃𝑡𝑟𝑖𝑚1

) of being baseline points.
A new baseline was then calculated with the new weightings 𝑃1 =

𝑃𝑠𝑡𝑎𝑏 ∗ 𝑃𝑡𝑟𝑖𝑚1
. This baseline is then calculated over a shorter window, to

take account of small fluctuations (H4). This process was repeated six
times. Depending on the iteration 𝑘 (𝑘 = 1…6):

• the window 𝑊𝑘 becomes narrower;
• we increasingly penalize the points far from the previous baseline

by decreasing their probability 𝑃𝑡𝑟𝑖𝑚𝑘
;

• we decreasingly smooth the FHR by increasing the cut-off fre-
quency 𝑓𝑘.

Eq. (5) was used to calculate the successive baselines.

𝐵𝐿𝑘(𝑖) = 𝑚𝑒𝑑𝑖𝑎𝑛
𝑗=− 𝐿

2 …
𝐿
2

(

𝐹𝐻𝑅0−𝑓𝑘 (𝑖 − 𝑗),

𝑃𝑠𝑡𝑎𝑏(𝑖 − 𝑗)𝑃𝑡𝑟𝑖𝑚𝑘
(𝑖 − 𝑗)𝑊𝑘(𝑗)

)

(5)

To set the window 𝑊𝑘, we decreased the weightings more rapidly
as a function of their distance from the current time point (rather than
reducing the width of the window, which remained at 40 min). Hence,
points far from the current point had low but non-null weightings. If
none of the closest points have a high 𝑃 , the baseline can be positioned
by using points further away. Eq. (6) describes the reduction in the
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Fig. 5. Window weightings 𝑊𝑘 applied with the sliding median, in order to obtain the
successive baselines 𝐵𝐿𝑘.

Table 1
The method’s coefficients for each iteration.

Iteration (𝑘) 1 2 3 4 5 6

Power weighting (𝑃𝑤𝑘) 1 2 4 8 16 16
Cut-off frequency in BPM 𝑓𝑘 1 2 4 8 16 16
𝐶𝑘 +∞ 3.2 2.5 2 1.5 1

weighting as a function of the number of iterations 𝑘, and where 𝑊
is defined by Eq. (1). The values of the coefficients 𝑃𝑤𝑘 are given in
Table 1. Fig. 5 shows the curves obtained as a function of 𝑃𝑤𝑘.

𝑊𝑘(𝑖) = 𝑊 (𝑖)𝑃𝑤𝑘 (6)

Regarding the tolerable difference between the previous baseline
and the FHR, we set the probabilities 𝑃𝑡𝑟𝑖𝑚𝑘

by using a second logistic
regression equation (Eq. (7)). Here, the weighting 𝐶𝑘 was used to adjust
the ‘‘tolerance’’ of the FHR-baseline difference, and the chosen values
are given in Table 1.

𝑃𝑡𝑟𝑖𝑚𝑘
(𝑖) = 𝑒𝐶𝑘−0.19

|

|

|

𝐹𝐻𝑅0−𝑓𝑘−1 (𝑖)−𝐵𝐿𝑘−1(𝑖)
|

|

|

1 + 𝑒𝐶𝑘−0.19
|

|

|

𝐹𝐻𝑅0−𝑓𝑘−1 (𝑖)−𝐵𝐿𝑘−1(𝑖)
|

|

|

(7)

Table 1 gives the different cut-off frequencies 𝑓𝑘.
We programmed an exception for the case where the average 𝑃𝑠𝑡𝑎𝑏 ∗

𝑃𝑡𝑟𝑖𝑚𝑘
over the window 𝑊𝑘 is below 10% of the same average for the

iteration 𝑘 − 1. This corresponds to cases where there are almost no
baseline periods within the majority of the window 𝑊𝑘. In such a
case, the baseline value of the previous iteration (𝐵𝐿𝑘−1(𝑖)) should be
used instead. However to ensure continuity of the baseline signal, we
preferred to add (𝐵𝐿𝑘−1(𝑖)) to the list of values in Eq. (5) with a weight
𝑃𝐵𝐿𝑘−1(𝑖):

𝑃𝐵𝐿𝑘−1(𝑖) = 10% × 𝑚𝑒𝑎𝑛
𝑊𝑘−1∗𝛿𝑖

(

𝑃𝑠𝑡𝑎𝑏 ∗ 𝑃𝑡𝑟𝑖𝑚𝑘−1

)

− 𝑚𝑒𝑎𝑛
𝑊𝑘∗𝛿𝑖

(

𝑃𝑠𝑡𝑎𝑏 ∗ 𝑃𝑡𝑟𝑖𝑚𝑘

)

(8)

𝑊𝑘 ∗ 𝛿𝑖 corresponds to the window 𝑊𝑘 shifted by 𝑖 samples. The
idea of using progressive trimming comes from Taylor et al. [14]. One
of the differences here is that we used a less stringent method to define
which part of the signal is baseline and which part is an A/D, whereas
Taylor used a clear-cut distinction.

2.6. Summary of the method

Our baseline calculation method is summarized in Fig. 6.

2.7. Detecting accelerations and decelerations

We detected A/D by taking account of all the periods during which
the FHR was respectively above or below the baseline for more than
15 s and reached an amplitude of 15 bpm.

For the particular case in which (i) the FHR comes within 5 bpm of
the baseline without crossing it, and (ii) the amplitude each side of the
peak or trough is greater than 15 bpm, the A/D is split into two. Fig. 7
gives an example of a split deceleration.

3. Evaluation

3.1. Evaluation method

The dataset described in the literature [6,12] was used to evaluate
our new method and compare it with 11 other published methods.
As described in [6], this evaluation dataset contains 90 recordings
(lasting between 90 and 120 min) divided into 3 difficulty levels
(30 easy-to-interpret recordings, 30 recordings that are neither easy
nor difficult to interpret, and 30 difficult-to-interpret recordings). The
difficult-to-assess recordings generally included a fluctuating baseline
and many often-prolonged A/D. The recording periods were selected
by an expert obstetrician from among 12,000 live births having taken
place between 2011 and 2016 in the maternity clinic at St Vincent de
Paul Hospital (Lille, France). They had been recorded with the process
and preprocessing described in Section 2.1. The average signal loss
is 2.0%, and the greatest signal loss was 7%). The expert manually
excluded periods with unreliable signal (periods which seemed noisy
or may have corresponded to the maternal heart rate); this accounted
for an additional 0.9% of signal loss. The recordings did not include the
second stage of labor because the latter have to be analyzed differently
and it is difficult to obtain good-quality signals on this period. All the
women concerned had given birth to a live child after 36 to 40 weeks
of gestation.

The dataset also contained the morphologic analyses (baselines
and A/D) produced by 11 literature methods (as reprogrammed by
us [10]; source code available at http://utsb.univ-catholille.fr/fhr-
review), namely the methods described by Ayres et al. (referred to
hereafter as ‘‘A’’) [13], Cazares (C) [18], Houzé et al. (H) [19], Jimenez
et al. (J) [17], Lu and Wei (L) [7], Maeda et al. (MD) [20], Mantel et al.
(MT) [21,22], Mongelli et al. (MG) [23], Pardey et al. (P) [24], Taylor
et al. (T) [14] and Wrobel et al. (W) [25]. All these researchers defined
a baseline computation algorithm but only some defined an A/D
thresholding method. For every method, a standard A/D thresholding
method (described by A, L, P and W) was applied; these methods are
then referred to as A*, C*, H*, J*, etc. This standard thresholding
consists in defining A/D by taking all the periods in which the FHR was
respectively above or below the baseline for more than 15 s and reached
an amplitude of 15 bpm. For the methods incorporating specific A/D
thresholding, the thresolding methods were also reprogrammed by us
(C, J, MT and T); these methods are then referred to as C, J, MT and
T (without asterisk). The pre-processing described in Section 2.1 was
applied for all those methods.

This evaluation databank did not contain any recordings used to set
the method’s parameters described in Section 2.1.

Once the evaluation databank had been created, all the recordings
were analyzed independently by three experts, who drew a baseline and
positioned the A/D. Next, a fourth (more experienced) expert defined
the consensus analysis by choosing the best of the three analyses at
each time point. We could therefore be sure that for each time point,
at least two of the four experts agreed on a consensus analysis. More
details are given in [6].

Disparities between our method’s analysis and the consensus anal-
ysis were computed for each recording, according to several indices:

• the morphological analysis discordance index (MADI) was
the present study primary criterion. The MADI was introduced
in [6], and was designed to give appropriate weight to differences
between two morphologic analyses. It represents a fuzzy evalu-
ation of the proportion of the time during which two baselines
are considered to be discordant. Two baselines are said to be

http://utsb.univ-catholille.fr/fhr-review
http://utsb.univ-catholille.fr/fhr-review
http://utsb.univ-catholille.fr/fhr-review
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Fig. 6. The flow scheme for baseline determination using the WMFB method.

Fig. 7. Illustration of the subdivision of a double deceleration that does not cross the
baseline in the middle.

discordant if one suggests that the FHR is in the baseline state and
the other suggests that an A/D episode is present. Importantly, a
10 bpm difference between two baselines will be significant when
the FHR is in the baseline state (with low variability) but not
when the FHR is decelerating or when the variability is high.

• the synthetic inconsistency (SI) coefficient (introduced by
Jezewski et al. [8]) is a guide to the overall quality of A/D event
detection. It takes account of the number, location, and area of
A/D, and corresponds to a percentage of the A/D area differ-
ence. Although the SI coefficient ranks methods in a reasonable
order, we previously found that its values are counter-intuitive:
disagreements of around 50% can correspond to minor differences
in the analysis [6]. For example, a method that detected 90% of
the decelerations and had no false detections would have an SI
coefficient indicating a disagreement of 31.6%.

• the root mean square difference (RMSD) between baselines [6,
7] is commonly used to evaluate the mean baseline difference in
bpm:

RMSD(𝐴,𝐵) =

√

∑𝑛
𝑖=1(𝐴𝑖 − 𝐵𝑖)2

𝑛
(9)

where 𝐴 and 𝐵 are the two baselines and 𝑛 is the number of
samples.

• The deceleration F-measure is the harmonic mean of the sensi-
tivity and the positive predictive value. Two analyses are said to
agree when the respectively detected decelerations overlap by at
least 5 s.

• The acceleration F-measure is the same but for accelerations.

These indices are clearly measures of agreement, and the present
study complies with the Guidelines for Reporting Reliability and Agree-
ment Studies (GRRAS) [26]. The median for the whole set of recordings
was computed for each index, along with its confidence interval (corre-
sponding to the 36th and 55th ranked values over the 90 recordings).
A two-sided Wilcoxon signed rank test was then used to compare the
WMFB method with Lu and Wei’s method (the best literature method
among the 11 tested on [7]).

To establish whether or not our method performed as well as an
expert, we also computed the differences between the WMFB method’s
analysis and those performed by independent experts (namely WMFB-
Ei for i=1,2 or 3). For each recording, we defined WMFB-E as the
median of the three WMFB-Ei differences. These values were compared
with the median of the three inter-expert differences (E1–E2, E2–E3,
and E3–E1), referred to as E–E. For each index, a Wilcoxon test was
used to compare WMFB-E with E–E. We could not use the consensus
analysis to say whether a given expert was better or worse than
WMFB because the three experts participated in this consensus; hence,
the level of expert-consensus agreement would have been biased and
markedly overestimated.

3.2. Results

3.2.1. Examples
Fig. 8 shows an example of an FHR recording analyzed with the

WMFB method and Lu and Wei’s method [7], together with the expert
consensus. This example included several variable decelerations and a
few accelerations, all of which were detected by the two automated
methods. The most difficult-to-interpret feature in this recording is
the prolonged deceleration followed by a change in the baseline. Lu
and Wei’s method underestimates the baseline, which in turn leads to
the incorrect detection of several small decelerations (rather than a
single prolonged deceleration). In contrast, the WMFB method gave a
satisfactory result in this situation.

3.2.2. Comparison with other methods
Fig. 9 illustrates the performance of the WMFB method vs. Lu

and Wei’s method, using the expert consensus as the reference. For
all indices (the MADI, the SI coefficient, the baseline RMSD, and the
deceleration F-measure) except the acceleration F-measure, the WMFB
method agreed significantly more with the consensus than Lu and Wei’s
method did (MADI: 𝑝 = 7.1 ∗ 10−14, SI: 𝑝 = 3.5 ∗ 10−6, baseline
RMSD: 𝑝 = 6.4 ∗ 10−8, deceleration F-measure: 𝑝 = 1.5 ∗ 10−5

and acceleration F-measure: 𝑝 = 0.9). It must be borne in mind that
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Fig. 8. Examples of FHR recordings analyzed with the WMFB method and Lu and Wei’s method, together with the expert consensus analysis. The FHR includes several decelerations
(red areas) and accelerations (green areas). One of the decelerations is prolonged, which is due to a hyperkinetic phase. The recordings also include a change in baseline. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Lu and Wei’s method was the best of 11 automated analyses studied
previously [6]. According to the primary endpoint (the MADI), the
level of disagreement was 7.3% for Lu and Wei’s method and 4.0% for
the WMFB — suggesting that the latter method constitutes a notable
improvement.

Fig. 10 shows the performance of the WMFB method and all 11
literature methods with regard to three indices evaluating indepen-
dent morphological features of the FHR (baseline, accelerations, and
decelerations).

3.2.3. Comparison with inter-expert levels of agreement
A comparison of the WMFB-expert agreement with the inter-expert

agreement is shown in Fig. 11. For four of the five criteria (the MADI,
the SI coefficient, the baseline RMSD, and the acceleration F-measure),
the differences were not statistically significant. For the deceleration F-
measure, the level of inter-expert agreement was higher than the level
of WMFB-expert agreement (p=0.035).

4. Discussion

4.1. Discussion of our results

Our WMFB method appeared to perform markedly better than 11
literature methods [6], and even seemed to perform as well as three
experts did. In fact, the level of WMFB-expert agreement did not differ
significantly from the level of inter-expert agreement for all indices
other than the deceleration F-measure.

Some of the methods compared in the present study correspond to
old versions of commercialized methods [13,18,24]. Although we know
that these methods have changed since the original publication, the
details have not been published. Hence, we did not evaluate the current
versions of the commercialized methods.

The improvement over other automated methods is notably due to
the longer analytical time window (40 min for the WMFB method,
compared with the usual 10 min – or even less – for the other methods).
Given that a prolonged deceleration can last for up to 10 min, appro-
priate positioning of the baseline requires an analysis over longer time
durations. Another contributory factor is perhaps the application of a
stability criterion - a concept also used in the methods developed by
Jimenez and by Lu and Wei. Relative to the latter methods, the WMFB
advantageously weights this stability — giving a better compromise for
FHR recordings with few stable periods.

It is probable that the inter-expert variability measured in our study
is much lower than inter-expert variability in routine practice. Firstly,
the experts annotated the recordings in detail by precisely measuring
A/D; this is not the case in routine practice. Secondly, the experts in
the present single-center study were all specialists in FHR analysis; it is
highly probable that a newly qualified midwife would disagree more
with the three experts [27]. It would be interesting to measure the
performance levels of various practitioners according to these criteria.

When considering the recordings retrospectively, it appears that
there were a few rare cases in which the baseline provided by the
WMFB method was not meaningful — notably for abrupt changes in
baseline or when the FHR was almost not in the baseline state for
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Fig. 9. Indices of the disparity between the two automated methods (the WMFB
method and Lu and Wei’s method) and the expert consensus analysis. The dot represents
the median for the 90 recordings, and the line corresponds to the confidence interval.
The p-values were calculated in a Wilcoxon test.

Fig. 10. A comparison of the WMFB method with 11 literature methods (from [6])
for three independent criteria (the deceleration F-measure, the acceleration F-measure,
and the baseline RMSD). * indicates that the A/D are detected with a standard
thresholding [6] method not directly described in the respective publications. The
absence of * means that the A/D thresholding was performed using the method
described in the corresponding publication.

Fig. 11. Comparison of levels of WMFB-expert agreement (the median for each expert)
and the inter-expert agreement E–E (the median for each pair of experts Ei–Ej), with
regard to five criteria. The dot represents the median for the 90 recordings, and the
line corresponds to the confidence interval. The p-values were calculated in a Wilcoxon
test.

long periods (> 30 min). Although these cases were too rare to affect
the statistical analysis, it appears that the WMFB method can still be
slightly improved.

4.2. Discussion of the methodology used for evaluation

All the training and evaluation material used here has been avail-
able online (at http://utsb.univ-catholille.fr/fhr-review) since October
2018, so that researchers can try to further improve the performance
of their automated morphologic analyses.

The evaluation did not incorporate the neonatal outcome as an effi-
cacy criterion, since this was not a study objective. Firstly, calibrating
an automated analysis method with regard to the neonatal outcome is
very difficult because other influential factors are present during the
delivery. Secondly, a trial probing the relationship with rare outcomes
such as perinatal death and cerebral palsy (both with incidences of ∼ 2
in 1000) would have to include around 80,000 patients [28, p. 59].

Before further research on predicting the neonatal outcome is per-
formed, it would be also interesting to test the level of agreement
with experts in terms of the FHR features used to classify the risk of
acidosis: the type of deceleration (early, late, variable and prolonged),
FHR variability over baseline periods, and the presence of episodes of
tachycardia or bradycardia. Although it is usually assumed that these
features can be directly deduced from the morphologic analysis, the use
of fuzzy methods is needed for consistency with the experts.

4.3. Possible improvements

4.3.1. Real-time analysis
Just like a practitioner, the WMFB method considers information

before and after the current time point. The WMFB method is capable
of positioning a temporary baseline instantaneously (using the previous

http://utsb.univ-catholille.fr/fhr-review
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20 min of signal only) but may then modify it for up to 20 min after
the time point has first been analyzed. Although most of these changes
will be irrelevant, a few may be major. Future research will have to
assess differences between the analysis performed at the current time
point and that performed 20 min later. The other literature methods
generally use a shorter window time (often < 10 min) but this may be
insufficient in some cases (e.g. Fig. 1).

In routine practice, practitioners are probably faced with the same
restriction; they sometimes wait for 30 min to be sure of the baseline
position after hesitating between pattern D and multiple decelerations
(such as those shown in Fig. 1) [29].

4.3.2. Determination of the baseline’s reliability
Some cases are ambiguous because a highly fluctuating FHR pre-

vents the definition of a baseline. In some cases, a high number of
A/D means that FHR is rarely in a baseline state; the baseline is
then situated somewhere but its location cannot be determined. In
other cases, there may not even be a baseline when damage to the
autonomic nervous system (which regulates the FHR) has induced fetal
acidosis — thus resulting in an unassignable baseline and an absence
of variability [30,31].

To avoid erroneous interpretations, it is important to determine the
baseline level of reliability. Georgieva et al. [32] suggested an index
that measures the difficulty of baseline assignment. A non-assignable
baseline is then considered to be pathologic. Nevertheless, one limi-
tation of Georgieva et al.’s approach relates to its inability to distin-
guish between cases without a baseline and cases in which a base-
line is present but difficult to determine (as can be observed in a
non-pathologic FHR recording, such as that shown in Fig. 1).

4.3.3. Better preprocessing
The FHR recordings used for training and evaluation were selected

for their low levels of signal loss, the low proportion of periods with
an unreliable signal, and the low risk of confusion with the maternal
heart rate signal. Under these conditions, the standard pre-processing
used in the present study was sufficient. In routine practice, however,
the recording quality can be poor, and preprocessing steps might not
remove abnormal points. This can represent a major bias for classifying
an FHR recording as normal, suspicious or pathologic [33]. In such a
case, taking account of the maternal heart rate recording might improve
the preprocessing [34].

4.3.4. Detection of contractions
The WMFB method can also be used to detect uterine contractions.

The initial results are promising but require additional investigation.
The same parameters can be used by applying a correction factor of 2
mmHg, instead of 1 bpm. It would be possible to improve the results by
forcing the baseline to pass through the low values of the tocography
signal and thus considering that any increases over this baseline must
be uterine contractions.

5. Conclusion

Under the experimental conditions described here and in compari-
son with an expert consensus, the WMFB method appeared to perform
as well as an expert. The WMFB method was evaluated as part of an
open competition that we launched in an earlier publication [6,12]
(see http://utsb.univ-catholille.fr/fhr-review). The method performed
significantly better than 11 literature methods. The method Matlab
source code is available under General Public Licence at [http://utsb.
univ-catholille.fr/fhr-wmfb] to encourage independent evaluation and
to ease its use for research purpose.

Our future research will address the systematic analysis of the FHR
in the delivery suite, and the prediction of neonatal outcomes. Auto-
mated FHR analyses can quantify anomalies that are not easily visible
(the deceleration area, short-term variability, etc.) and can be used
to build predictive models [35,36]. We hope that better morphologic
analysis will lead to better prediction of acidosis.
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