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Abstract The monitoring and assessment of the fetus condition are considered to
be among the most important obstetric issues to consider during pregnancy and the
prenatal period. Monitoring the fetal condition is required to detect the presence of
any abnormalities in the oxygen supply to the fetus early in the antenatal or labor
period. Early detection can prevent permanent brain damage and death, both of which
may arise from suffocation caused by fetal disease, hypoxic-ischemic injury in the
neonatal brain, or chronic fetal asphyxia. In this paper, we propose a new signalfitting method, FitMine, that identifies the fetal condition by analyzing fetal heart
rate (FHR) and uterine contraction (UC) signals that are non-invasively measured by
cardiotocography (CTG). FitMine is a novel nonlinear dynamic model that reflects the
relation between the FHR and UC signals; it combines the chaotic population model
and unscented Kalman filter algorithm. The proposed method has several benefits.
These are: (a) change-point detection: the proposed method can detect significant
pattern variations such as high or low peaks changing suddenly in the FHR and UC
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signals; (b) parameter-free: it is performed automatically without the requirement for
the user to enter input parameters; (c) scalability: FitMine is linearly scalable according
to the size of the input data; and (d) applicability: the proposed model can be applied
to detect abnormal signs in various domains including electroencephalogram data,
epidemic data, temperature data, in addition to CTG recordings.
Keywords Fetal heart rate · Cardiotocography · Uterine contraction · Chaos
population model · Parameter estimation · Unscented Kalman filter · Minimum
description length · Automatic mining

1 Introduction
Fetal distress is used to describe an abnormal condition in a fetus caused by the lack
of oxygen occurring during the transitional period from placental breathing in utero
to lung breathing. It can result in hypoxia and colic pain for the fetus in utero. There
are three possible reasons for the onset of fetal distress; these are problems with the
mother, placenta, or fetus (Datta et al. 2010). Causes associated with the mother are
hypotension and hypoxia; hypoxia is one of the most common causes of newborn death
(Chudacek et al. 2014). Causes related to the placenta are circulatory disturbances,
placental abruption, and fetal infection. Causes related to the fetus are fetal infection,
anemia, and bleeding. Other causes of fetal distress include an excessive number of
uterine contractions (UCs) and umbilical cord prolapse. Therefore, it is important to
carefully examine the fetal heart rate (FHR) patterns and the number of UCs and to
rapidly estimate the fetal condition and effectively treat the fetus to eliminate the risk
factors that may cause permanent brain damage in the fetus.
Cardiotocography (CTG), introduced in the 1960s, is a technical method utilized to
assess fetal health by measuring the FHR and UC signals during pregnancy or labor.
It was used to detect the presence of risk factors such as congenital heart defects, fetal
distress, and hypoxia in the early stages. However, the reading and interpretation of
CTG recordings is subjective and this subjectivity is the source of a controversial debate
on the effectiveness of the use of CTG recordings (MacDonald et al. 1985). Moreover,
an overreliance on subjective CTG recording interpretations has led to an increased
number of misdiagnoses of fetal distress and a growing number of caesarean deliveries
(Georgoulas and Stylios 2006). To improve the interpretation of CTG recordings,
guidelines such as those issued by the Federation of Gynecology and Obstetrics (FIGO)
(Ayres-de-Campos and Bernardes 2010) have been developed. However, despite these
efforts, misdiagnosed caesarean deliveries due to the different experience levels of
specialists and inter-and intra-observer variability with respect to data interpretation
remain.
To reduce the number of discrepancies caused by the incorrect interpretation of
data, and to enhance the effectiveness and usefulness of CTG recordings, a wide range
of computerized systems have been proposed for the interpretation and categorization
of CTG recordings such as OBIXTM Perinatal Data System, Omniview-SisPorto, and
PeriCALMTM (Nunes et al. 2013). Georgoulas et al. (2004) employed hidden Markov
models (HMMs) to distinguish hypoxia (low supply of oxygen) from the normal
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fetal condition. Hasan proposed a medical-decision support system that evaluates the
fetal well-being from CTG recordings using support vector machines (SVM) and
genetic algorithms (GAs) (Ocak 2013). The method presented in (Spilka et al. 2012)
uses nonlinear features such as the fractal dimension, approximate entropy, and the
Lempel Ziv complexity along with Nave Bayes and SVM classifiers to classify FHR
signals into normal and pathological cases. Many other methods have been proposed,
such as wavelet-based methods (Cattani et al. 2006; Vaisman et al. 2012), methods
that use artificial neural networks (ANNs) (Liszka-Hackzell 2001; Georgieva et al.
2013) and the auto-regressive moving-average (ARMA) model (Jongsma and Nijhuis
1986). In (Ocak and Ertunc 2013), the author presents a comparative study on adaptive
neuro-fuzzy inference systems and statistical methods.
In addition, many researchers studied a wide variety of subjects in order to analysis
time-series data on the medical domain. Ghalwash et al. (2013) proposed the Interpretable Patterns for Early Diagnostics (IPED) for extracting interpretable patterns
from medical data. This method performed over three steps: first, multivariate time
series medical data was transformed into a binary matrix for classification. Second,
they defined a novel convex-concave optimization and provided a mixed integer discrete optimization formulation to reduce the dimensionality and extract interpretable
multivariate patterns. Finally, those interpretable multivariate patterns were used for
early classification. Moskovitch et al. (2015) described a Maitreya framework for the
prediction of outcome events based on Time Intervals Related Patterns (TIRPs) that
can handle huge number of symbols. Ghassemi et al. (2015) evaluated the multi-task
Gaussian process (MTGP) model to assess and forecast patient acuity on clinical
data to include often noisy, incomplete, and irregularly. However, these methods
require a lot of running time. In addition, they faced a challenge the lower accuracy of classification or prediction if the data involves complex characteristics such
as noise, non-linearity, non-stationary, and etc. Ye and Keogh (2009), and Grabocka
et al. (2014) presented the Shaplets for classification and prediction of the time series
data. Shapelets has recently attracted considerable interest within the time-series data
analysis. Nevertheless, it was not useful for classification purpose due to long time
series can potentially be represented by a set of shapelets as such the shapelets perform
an empirical basis.
In general, CTG recordings have the following features: periodicity or nonperiodicity, non-linearity, and are non-stationary. Further, CTG recordings may include
data triggered by various problems that occur during the measuring process such as
missing values, noise, and outliers (Goldberger et al. 2000). Therefore, there is an
urgent requirement for an accurate analytic method that simultaneously resolves complicated problems in an effective manner to detect abnormal fetal signals, objectively
evaluate data, and improve the accuracy of the evaluation. In this paper, we propose
a new fitting method, FitMine, that can control all complications, detect patterns and
rules that appear in the CTG data, and predict future values. This method is based on
the chaotic population model, which can reflect the nonlinear characteristics and interdependence of data and implements the unscented Kalman filter (UKF) to optimize
the model parameters.
The proposed method has the following contributions:
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Fig. 1 FitMine diagrams: two
classes maternal (M) and fetus
(F)

1. Change-point detection: The proposed method is capable of detecting abnormal
signals that occur in the FHR and UC signals recorded using CTG.
2. Parameter-free: FitMine can be executed automatically without the need for human
intervention. It provides a model’s parametric values to minimize the resulting
modeling cost.
3. Scalability: It is linearly scalable for increasing the input data size.
4. Applicability: It can be applied to various types of time-evolving data such as
electroencephalogram (EEG) data, epidemic data, and temperature data.
This paper is organized as follows. In Sect. 2, we describe the new fitting method
proposed in this paper and evaluate its performance through experiments in Sect. 3.
In Sect. 4, we discuss the potential applications of the proposed method. In Sect. 5,
we present our conclusions.

2 Materials and methods
CTG simultaneously records the FHR and UC signals and the recordings are then
used to evaluate the fetal well-being. The FHR gradually decreases as gestational age
increases and diminishes to approximately 140 beats per minute at a gestational age of
40 weeks. The FHR is used as a clinical indicator when diagnosing the fetal condition.
The UC is another useful element that is used to diagnose the fetal condition. For UC
signals, five or less contractions within a 10-min period are typically recorded during
delivery (Sunder et al. 2014). If the FHR decreases after the UCs reach a maximum
while the CTG recording is being performed, it is highly likely that the fetus has
hypoxia. As explained above, the FHR and UCs recorded using CTG are important
indicators of the fetal health in utero. Moreover, the two signals are closely related. In
this paper, we construct a model considering the correlation between the two biological
signals (FHR and UC signals) that are generated by sensors attached to the abdomen
of a pregnant woman.
Figure 1 is a diagram of the proposed fitting model; the model was restructured
based on the chaotic population model to describe the state of neural activity (Sole
and Goodwin 2000). The proposed fitting model consists of two types of nodes: an
M node indicates the maternal state and an F node indicates the fetal state. The M
node indicates the state of the mother, which depends on the number of gestations,
age, and diseases present in the mother; the F node presents the state of the fetus,
which depends on the fetal gender, fetal weight, and gestational age. ρ indicates the
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variables for which the maternal factors may influence the fetus, for example, diabetes,
hypertension, and pyrexia. θ indicates the variables for which the fetal position and
circulatory disturbance may affect the mother. δ and γ denote self-inducing factors
such as hypoxia and fetal infection, which are variables that consider the effects on
individual entities. ε denotes the movement of the mother, a mixture of noise, and
external inputs that may be generated because of cross measurements of the mother’s
heartbeat. It is included because the FHR and UC signals are obtained from a sensor
placed on the mother’s abdomen. The proposed model can be expressed as in Eqs. (1)
and (2).
M (t + 1) = M (t) + (θ · F (t) − ρ · M (t) + δ · M (t) + ε)

(1)

F (t + 1) = F (t) + (ρ · M (t) − θ · F (t) + γ · F (t))

(2)

where the initial states are defined as M (1) = 0 and F (1) = 0. The output of the
fitting model can be expressed as Eq. (3) (Wilson 1999).
Y (t + 1) = M (t + 1) − F (t + 1)

(3)

The set of parameters for the proposed model is given by p = (ρ, θ, δ, γ , ε) . We
used the initial value of parameters as follows; p = (126, 60, 140, 7.15, 0.5). In here,
the initial value of ρ means the blood sugar levels for diagnosis of diabetes, θ is a
numerical value of oxygen partial pressure that is used to measure hypoxia. Also, δ
used from the baseline of the hypertension (140/90 mmHg), γ is pH value, and ε set
to 0.5 as noise.
In this paper, we aim to develop a fitting model for the analysis of the FHR and UC
signals that appear in CTG recordings. The issues to be considered are: (a) how do we
evaluate a set of parameters that enables the comparison of the dynamics and patterns
of signal X when CTG signal X is given; (b) how do we determine what signal is
categorized into an abnormal signal; and (c) can we flexibly manage an increase in
the amount of data? Table 1 lists the symbols used in the proposed method.
2.1 Parameter estimation
In this paper, we propose a new fitting model for the analysis of two biosignals, FHR
and UC, which are recorded by CTG during or before childbirth, and the application
of the UKF algorithm to evaluate the model parameters that are suitable for producing
an optimized fitting result. UKF is a nonlinear filter that can be applied to nonlinear
systems. It is a method used to estimate the mean and variance of a random variable
that is transformed via a nonlinear transformation process. UKF has the advantage
that linearization of the data is not required owing to the use of unscented transformation (UT). We can achieve a stochastically accurate estimation because the mean and
covariance are estimated using a number of samples using the sigma point (Wan and
Merwe 2000; Park et al. 2008). That is, UT is a method that captures the statistical
properties of a random variable using a nonlinear transformation (Robertson and Lee
1995). This means that UT can estimate the mean and covariance of state variable x
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Table 1 Notation

Symbols

Description

X

CTG signal (FHR or UC)

p

Parameter set (ρ, θ, δ, γ , ε) of the
model

xi (i = 1, . . . , n)
χi

i-th state variables
i-th sigma point

W

The weight to determine the
proportion of each sigma point

Z

Unscented transformation

ẑ

Mean using UT

P

Covariance using UT

x̂

Mean of predicted state

K

Kalman gain

yt

The observation data

ŷt

The data obtained using the equation
or model

et

Error between the observation data
and the estimation data by model

using 2n + 1 sigma points χi in the case of x with n-dimensions. UT computes the
sigma points of x with a weight W as follows:
χ0,t = x̂t



(n + λ) Pt , i = 1, . . . , n
i

= x̂t −
(n + λ) Pt , i = 1, . . . , n

χi,t = x̂t +
χi+n,t
(m)

W0

(c)

W0

(m)

Wi

i

(4)

= λ/ (n + λ)



= λ/ (n + λ) + 1 − α 2 + β
(c)

= Wi

= 1/2 (n + λ)

(5)

where i = 1, . . . , n, and n denotes the number of dimensions of state variable x. α
denotes the scaling parameter that is used to determine the spread of the sigma points
and is typically set to a small positive value (1 ≤ α ≤ 10e − 3) (Wan and Merwe
2000). β is used to incorporate prior knowledge of the distribution of the random vari(m)
ables. For Gaussian distributions, β = 2 is optimal (Wan and Merwe 2000). Wi and
(c)
Wi are constant values that denote the weights that are used to determine

√ the proportion of each sigma point when calculating the mean and covariance.
(n + λ) Pt i
is the i-th column of a square-root matrix (lower triangular Cholesky factorization),
and λ is written as Eq. (6).
(6)
λ = α 2 (n + κ) − n

123

Author's personal copy
FitMine: automatic mining for time-evolving signals

where κ is a secondary scaling parameter that is usually set to zero. 2n + 1 sigma
points obtained by UT can be employed to predict the mean ẑ and covariance Pi of x
using the following system equations:
Z i = f (χi ) , i = 1, . . . , 2n
2n
(m)
W Zi
ẑ =
i=0 i
2n
(c)
Pi =
Wi (Z i − ẑ)(Z i − ẑ)T
i=0

(7)
(8)
(9)

where the superscripts m and c denote the mean and covariance, respectively. f is
the nonlinear state equations as Eqs. (1) and (2). UKF is a method that recursively
estimates the state of the system based on UT. The UKF algorithm can be illustrated
as in Table 2 and can be found in more detail in (Wan and Merwe 2001).
In general, FHR and UC signals recorded by CTG have non-linearity and are nonstationary (Goldberger et al. 2000). In the majority of cases, data that include these
properties do not correspond to data obtained by an equation-based model. To minimize
the discrepancy between the data obtained by an equation-based model and the actual
data, a least-square technique is used. The least-square-based model is given as Eqs.
(10) and (11).
yt = h t xt
ŷt = h t x̂t + vt

(10)
(11)

where yt represents the observation data, ŷt represents the data obtained using the
equation, vt represents the measurement error, and h represents the fitting model by
the measurement equation as Eq. (3). The error between the actual observation data
and data obtained using the equation can be written as Eq. (12).
et = yt − ŷt =

y

(12)

The principle of the least-square technique is to find xt that minimizes et . That is, we
take the solution of least-square method by Eq. (13) to minimize et .

−1
xt = h T h
h T yt

(13)

The least-square method is to estimate the unknown parameters of model that
minimize the sum of squared errors. That is, if the sum of squared error is minimums,
it is regarded as the method providing the approximation values that is best similar with
the observed data. In this paper, we propose a method that repeatedly performs an errorcovariance updating procedure using the least-square-based UKF that estimates the
state variable and optimal parametric values of the fitting model (Julier and Uhlmann
2004).
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Table 2 UKF algorithm
Step 1: Initialization state and covariance
x̂0 = E [x0 ] /* Initial state



P0 = E x0 − x̂0 x0 − x̂0

/* Initial covariance

Step 2: Generate the Sigma-points


χi,t−1 = x̂t−1 , x̂t−1 ± (n + λ) Pt−1

/* Calculate the sigma-points

Step 3: Prediction Transformation


χi,t|t−1 = f χi,t−1 /∗Propagate each sigma-point through prediction
x̂t|t−1 =
Pt|t−1 =

2n
i=0
2n
i=0

(m)

Wi

χi,t|t−1

(c) 

Wi

/* Calculate mean of predicted state

χi,t|t−1 − x̂t−1



χi,t|t−1 − x̂t|t−1

T

/* Calculate covariance of predicted state

Step 4: Observation Transformation


Z i,t|t−1 = h χi,t|t−1 /* Propagate each sigma-point through observation
ẑ t|t−1 =
Ptzz =

2n

i=0
2n
i=0

(m)

Wi

(c) 

Wi

Z i,t|t−1

/* Calculate mean of predicted output

Z i,t|t−1 − ẑ t|t−1



Z i,t|t−1 − ẑ t|t−1

T

/* Calculate covariance of predicted output

Step 5: Measurement Update
Ptx z =

2n
i=0

(c) 

Wi

χi,t|t−1 − x̂t|t−1



Z i,t|t−1 − ẑ t|t−1

T

/* Calculate cross-covariance

of state and output

−1
/∗ Calculate Kalman gain
K t = Ptx z Ptzz


x̂t = x̂t|t−1 + K t z t − ẑ t|t−1 /* Update state estimate
Pt = Pt|t−1 − K t (Ptzz )K tT /* Update error covariance

2.2 Optimization algorithm
Our goal is to extract significant patterns that can assist in assessing the fetal health
condition from FHR or UC signals, with X appearing in the CTG recordings before
or during delivery. In this study, we use the minimum description length (MDL) to
detect patterns that enable us to distinguish pathological conditions from normal fetal
conditions. That is, we use MDL to detect the change-point where the signal changes.
For example, given an FHR or UC signal X , the proposed model detects a pattern that
indicates normal vital signs. If the model detects a new pattern that differs from the
normal signs, the signal that indicates the new pattern is segmented from the normal
pattern. We use MDL to identify the patterns that occur in the signal, which consists
of two elements: DL (M) and DL(D|M). DL (M) denotes the bit length of the data
that describes the model; DL(D|M) denotes the bit length of the data used to describe
the data generated by the model. We use MDL to determine an DL(M|D) that makes
the sum of DL (M) and DL(D|M) a minimum. This can be expressed as Eq. (14).
DL(M|D) = DL (M) + DL(D|M)
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In this paper, DL (M) refers to the description cost of the model that encodes the
optimal parameter values estimated by UKF; DL(D|M) indicates the description
cost of the model that encodes the error between the measured data and the estimated
data. Therefore, the proposed model (M) requires log ( p) , p = (ρ, θ, δ, γ , ε) bits,
where log is the universal code (Elias delta) length for integers (Lee 2001). When
a signal X that is recorded by CTG is given, the total number of bits required by the
proposed model is per Eq. (15).
t

 
  
log ( pi ) +
log e j
DL Ẍ =
p

i=1

(15)

j=1

p
log
i=1
 

( pi ) is the bit length required to encode the model parameter and
ej is the bit length required to encode the error vector e between the actual
data and data given by the model. In this paper, we use MDL to detect and identify
patterns that exist in the FHR and UC signals.
If the FHR suddenly decreases or more than five UCs are measured within a 10min period, this condition is diagnosed by obstetricians as fetal hypoxia. As mentioned
above, when an abnormal pattern (a sharp drop in the FHR or an excessive number
of UCs, greater than five times in 10 min) is measured, the proposed model attempts
to accurately determine the point where the sudden change occurred. In this paper,
we propose a model that is capable of detecting the change-point and differentiating
abnormal patterns from normal patterns and hence can detect any abnormal pattern
that appears in the fetus. If a previously measured signal X (1) and a current signal X (2)
have similar patterns, the proposed model groups them together to create one signal
segment X (s1) . That is, if a newly measured signal exhibits a pattern that is similar
to a previously segmented pattern, the new data is combined with the same group of
previously segmented signals.
Conversely, if a newly measured signal X (3) exhibits a pattern that is different
from a previously segmented signal X (s1) , a new group X (s2) is generated. During this
process, the encoding cost of MDL is used to compare similar patterns. It is assumed
that the newly measured signal and the previously segmented signal are combined
as one signal. The encoding cost of the newly combined signal is calculated using
MDL. Assuming that the two signals have different patterns, the associated cost for
each signal is calculated using MDL. If the encoding cost of the newly combined
signal is smaller than the sum of the encoding costs for each signal, the proposed
model determines that the two signals have similar patterns, and therefore groups
them together. Otherwise, the proposed model determines that they have different
patterns and performs segmentation.
As indicated in Eq. (16), the proposed model uses the Savecost function to gradually
identify the segment period during which the bit cost is guaranteed to be a minimum.
As can be seen in Eqs. (17) and (18), the Savecost function distinguishes between
patterns by assessing the number of bits that can be saved using two operators, namely
segmenting and merging. In this model, we first compute the difference between the
bit cost (DL (Segment)) of the combined signal and the bit cost (DL (Merge)) of
the segment. Then, if we obtain a positive difference value, we determine that they
where

t
j=1 log
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have similar patterns. Otherwise, we determine that they have different patterns and
separate them (Rakthanmanon et al. 2012).
Savecost = DL (Segment) − DL (Merge)
(16)







Segmenting : DL X (1) + DL X (2) ≤ DL X (1),(2) , X (1) = X (2) (17)







Merging : DL X (1) + DL X (2) ≥ DL X (1),(2) , X (1) = X (2)
(18)
where X (1),(2) is a newly generated signal that is a combination of previously segmented signal X (1) and a newly measured signal X (2) . We calculate the number of
bits for three sequences: a previous sub-sequence X (1) , a new sub-sequence X (2) ,
and a new sub-sequence X (1),(2) that combines X (1) and X (2) . If the sum of the two
encoding bit costs of sub-sequences X (1) and X (2) is smaller than that of sub-sequence
X (1),(2) , we split them into separate segments; otherwise, we merge them. The FitMine
algorithm that is proposed in this paper is expressed in Table 3. FitMine distinguishes
abnormal signals from CTG recordings using MDL-based segmentation. The proposed algorithm is capable of predicting and estimating whether an abnormal signal
has occurred by detecting the change-point where a signal abruptly changes.

3 Experimental results
3.1 Data description
In this study, we performed an experiment using the CTU-UHB data provided by
PhysioNet (Chudacek et al. 2014). CTU-UHB data were collected from the Czech
Technical University (CTU) in Prague and the University Hospital in Brno (UHB) and
included 552 CTG recordings that were collected between 2010 and 2012 at UHB.
Each CTG recording contained an FHR and UC signal, each of which was sampled at
4 Hz. Further, the CTG recordings commenced no more than 90 min before the actual
delivery and were at most 90 min in duration. The data set contained only recordings
that fulfilled the following criteria: singleton pregnancy, gestational age greater than
36 weeks, duration of Stage 2 of labor ≤30 min, and the FHR signal quality (i.e.,
percentage of the recording for which the FHR data was available) >50% in each
30 min window. We selected a dataset of 246 subjects from among 552 subjects and
conducted the experiment using the selected data set of the 246 subjects. Of the selected
data, 139 subjects were a normal dataset and 107 subjects were a pathological dataset.
The criterion used to distinguish between normal and pathological data was the pH
value provided by CTU-UHB. Data with pH <7.15 was classified as pathological data
(Spilka et al. 2012).
3.2 Parameter fitting
In this section, we present the experiment results that focus on the three questions
mentioned in Sect. 2. First, we aim to identify the optimal set of parameters that
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Table 3 FitMine algorithm
Input: CTG signal,

, and an initial parameters,

Output: a complete set of parameters:
do /* t is length of a signal */

for

from

Create

by Eqs. (1),(2), and (3); /* sequence

of CTG signal (FHR or UC )*/

for q = 1: s do/* s is number of a segment */
while minimizing the error cost do /* maximum repetition number: r */
|

/* by Eq.(12) */

/* Update parameter set */
for z = 1 : n do /* n is dimension of state variables */
Find

by Eq.(13)

end for
/* Optimal parameter set estimated by least-square-based UKF*/
end while
end for
/* minimize description length cost */
Compute

from

by Eq.(15)

/* find abnormal patterns as extremely high or low picks on signal */
Compute
if

by Eq.(16)
then

do Merge
else
do Segment
end if
end for
return

can capture patterns from signal X . If the optimal set of parameters is determined,
the output is the closest value to the actual observation value. To accomplish this,
we estimate the optimal parameters using the UKF algorithm, which is well known
as a nonlinear filter. To estimate the model parameter values that minimize the error
between the value calculated from the model and the actual observation value, FitMine
performed an updating procedure iteratively. Figure 2 is the root mean square error
(RMSE) measured while updating the parameters. In this study, the maximum number
of repetitions of the parameter update was set to 100, and the threshold of the error
was set to 0.001.
We applied the FitMine algorithm to 139 normal subjects and 107 pathological
subjects. Then, we measured and compared the RMSE of the average for each subject
by varying the number of repetitions of the updating parameter. This was performed
to ensure a minimizing error rate between the actual observation data and model
output data. Figure 2a, b are the RMSE based on the normal FHR and UC signals
for 139 subjects for a varying number of iterations. Figure 2c, d are the RMSE in the
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Fig. 2 RMSE between observed signal and estimated signal vs. the number of iterations for parameter set
update: a RMSE of normal FHR signal of 139 patients, b RMSE of normal UC signal of 139 patients, c
RMSE of pathological FHR signal of 107 patients, and d RMSE of pathological UC signal of 107 patients

pathological FHR and UC signals for 107 subjects for a varying number of iterations. In
Fig. 2, the number of iterations on the x-axis is marked to 50, not 100. This is because in
the majority of the cases, the RMSE achieved the minimum threshold of 0.001 without
reaching the maximum number of iterations. According to the result presented in
Fig. 2, we observed that the RMSE typically decreased below 1.0 after approximately
30 iterations. This observation implies that the proposed fitting algorithm using UKF
is capable of estimating the optimal parameters that minimize the error between the
observation value and the model output value.
Figure 3 presents the actual data and the output generated by FitMine. The circle
shape in Fig. 3 indicates the actual observation data; the solid line (blue and red)
indicates the values fit by FitMine. Figure 3a is the initial fitting result and (b) is
the final fitting result on subject 1017 m obtained by applying FitMine. Figure 3c, d
are the results of the initial and final fitting, respectively. The initial fitting is a first
convergence without a parameter update and the final fitting is the last convergence
to approach the minimum RMSE between the observed and the estimated signal by
FitMine. From the result of Fig. 3, we can confirm that FitMine provides the closest
value to the actual observation value by performing a parameter updating procedure
iteratively. We demonstrate additional detailed fitting results of multiple subjects in
Fig. 4. Figure 4 presents part of the fitting result for subject 1017, 1030, 1002, and
1081 m. Figure 4a, b represent signals from a pathological subject; Fig. 4c, d are
signals from a normal subject. The result displayed in Fig. 4 indicates that FitMine
succeeds in fitting the data. The signals recorded by CTG frequently have periodicity,
as indicated in Fig. 4 [bottom of (a) and (b) in Fig. 4]. However, there are cases without
periodicity [top of (c) and (d) in Fig. 4]. The FitMine proposed in this paper can be
applied to both cases.
Figure 5 presents the RMSE between the actual measured data and the data fit by
FitMine. We measured the RMSE of each signal for the four subjects provided in
Fig. 4. For all eight signals, each RMSE is recorded at approximately 0.05. These
results indicate that the proposed FitMine can be considered as a suitable fitting algorithm for CTG recording signals. Furthermore, the fitting results with low error rates
suggest that the model parameter-estimation method using UKF can be considered as
an appropriate method for CTG data analysis.
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Fig. 3 Initial and final fitting results of FitMine for CTG data indicate FHR (top) and UC (bottom) for
subjects 1017 and 1030 m data. a, b Initial convergence and final convergence of pathological signal; c, d
Initial convergence and final convergence of normal signal. The x-axis represents the time and the y-axis
indicates the recorded values of the FHR and UC signals

3.3 Pattern identification
As demonstrated in Fig. 4a, b, the signals recorded using CTG frequently involve
periodicity. Several methods are used to detect the periods of CTG signals. These
include: the fast Fourier transform (FFT), autocorrelation method, average magnitudedifference function (AMDF), cepstrum, harmonic-peak detection, and spectrum
similarity method (Abdulhay et al. 2014). In this paper, to detect the periodicity
appearing in the CTG signal, we employed FFT and autocorrelation method which
are typically used in signal processing. The result was presented in Fig. 6. The top
of Fig. 6a–d was the actual observation data. Using Matlab, we applied FFT to these
data, which appear in the second-line of Fig. 6. The third-line parts of the Fig. 6 were
obtained by applying the logarithmic operator to the FFT-applied values. Finally, the
bottom parts of the figure were the results of the auto-correlation. When applying the
FFT to CTG signal as Fig. 6, periodicity was not clearly observed. We just observed
the amplitude between 0 and 200Hz and the frequency of complex spikes.
Further, Fig. 6a–d indicated that the observation data contained pink noise with a
linear slope in the frequency spectrum, which resulted from logging the FFT results.
In the four-line of the figure, y-axis was the autocorrelation sequence of each signal

123

Author's personal copy
S.-H. Kim et al.

Fig. 4 Fitting results of FitMine for CTG data indicate FHR (top) and UC (bottom) for subject 1030, 1081,
1002, and 1017 m data. a, b Pathological signals; c, d Normal signals

Fig. 5 RMSE between original and fitting signal

and x-axis denoted a vector with the lags at which the correlations were computed. We
took three of the highest values that were marked using the red circles in order to detect
the periodicity. As shown in the figure, the red circles located zero value and around
zero of lag. Therefore, we required a method that could process data with complicated
properties either without periodicity or with periodicity and detect significant patterns.
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Fig. 6 Periodicity detection by FFT and autocorrelation: a normal FHR, b normal UC, c pathological
FHR, and d pathological UC (Top original signal, second line FFT, third line: logarithm FFT, and bottom
autocorrelation)

The method proposed in this paper can be applied to data with or without periodicity
or noise.
In this section, we discuss the ability of FitMine to accurately separate abnormal
signals from normal signals in an effort to prevent or at least minimize damage to the
fetus. That is, we provide a solution for the second question mentioned in Sect. 2,
which aims to determine what signal will be considered as abnormal from among the
sequentially generated signals. The FitMine solution proposed in this paper uses the
MDL method to detect abnormal patterns. In this case, an abnormal pattern is indicated
by a means change-point period. That is, the time-point where an abrupt change occurs
is assumed to differentiate abnormal signals from normal signals. Figure 7 shows the
result obtained from detecting an abruptly changed signal, and the signal is separated
based on MDL.
In this paper, we used the sampling rate (4Hz/1s) as a window length of the generated
new signal by model in order to detect the change-point. That means an initial window
length is set for 4 time point. The proposed model generates a new signal, X (1) that
has a length of 4 time point. In addition, new signals, X (2) and X (1),(2) are generated
by model that has a length of 4 and 8 time point, respectively. That is, X(1) is the
generated new signal by model, and it is the best similar to 1–4 time point of the
original signal. X(2) is from 5 to 8 time point and X(1),(2) is the generated signal by
the proposed model which is best similar to 1–8 time point the original signal. We
computed DL of X(1) , X(2) , and X(1),(2) , respectively, and we decided “segmenting”
or “merging”, by computing Savecost as Eq. (16). In this processing, if the operator
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Fig. 7 Pattern detection by segmentation

was decided as “merging”, X(1),(2) is set as X (1) , X (2) generated a new signal with a
length of 4 time point that is similar with 9–12 time point of the original signal. On the
other hand, if the operater was decided as “segmenting”, we separate X (1) and X(2) .
In next step, X(2) is set as X (1) , and X (2) newly generated the signal that is similar
with 9–12 time point of the original signal. We segmented the signal by performing
repeatedly above processing to detect an abruptly changed signal. Figure 7 shows the
results that is merged or segmented by these processes.
Figure 7a is the FHR (top) and UC (bottom) signal measured in subject 1092 m.
The vertical dotted line in Fig. 7 denotes the position of the segment. In Fig. 7a, there
are three segments in the FHR signal; there are four in the UC signal. Figure 7b is
the FHR and UC signals measured in subject 1099 m (pathological case). The results
indicate that there are seven and six segments in the FHR and UC signals, respectively.
In Fig. 7b, two segments (red dotted line) occur at the same time-point in both the FHR
and UC signals, which is unlike the case in Fig. 7a. While the CTG recording is being
acquired, the UC and FHR signals tend to indicate a correlation such that the FHR
temporarily decreases once the number of UCs reaches a maximum. By factoring the
correlation between the FHR and UC signals, we consider segments that appear at the
same point in the FHR and UC signals to be abnormal patterns; this can be used as
an indicator of abnormal signals. In this paper, we use segments as the alerts of the
abnormal signals and predict the fetal health state based on these warnings. That is,
in the case of a warning resulting from an abnormal signal, we alert the occurrence as
a problem with the fetal health state. Then, by notifying this fact to the obstetrician,
we can minimize the permanent brain damage of the fetus that could occur during and
before childbirth.
For verifying this possibility, we applied the proposed method on the signals of all
subjects that was recorded during 20 min before the actual delivery, and counted the
segmenting pattern appearing at the same point in the FHR and UC signals to detect
the fetal health state. CTG data was collected during one hour or more before the
actual delivery. Therefore, the signals of during 20 min (from 1 to 4800 time point)
mean signals before the minimum 40 min of the actual delivery. In other words, the
segment can use as alerts to early warning before 40 min of the delivery. We assumed
if the segment pattern appears both FHR and UC signal at the same time point within

123

Author's personal copy
FitMine: automatic mining for time-evolving signals
Table 4 Classification result of
all subjects

Real normal

Real pathological

Experiment result
Normal
Pathological

126

3

13

104

Fig. 8 FitMine scales linearly: wall clock time versus dataset size. The proposed method is linear for
varying data sizes

20 min, it was classified as abnormal. Otherwise, it was classified as the normal signal.
Table 4 showed the classification results about whole subjects. In case of the normal
data, it misclassified abnormal data 13 subjects among 139 subjects. Pathological
data misclassified just 3 subjects from 107 subjects. We measured the classification
accuracy by binary classification method. As a result, the proposed method showed
the 93% classification accuracy. Through this result, the proposed method was able to
provide the early warning about abnormal signal before 40 min of the actual delivery.
3.4 Scalability
In this section, we discuss the experiment results pertaining to the third issue raised
in Sect. 2, which concerns the scalability of the proposed model. To accomplish this,
we measured the execution complexity of the proposed model. Figure 8 displays the
computational cost of FitMine for varying amounts of data and the number of subjects.
Figure 8a indicates the measurement result for the time required to obtain the FHR
using FitMine for 246 subjects; Fig. 8b is the computational cost of the UC signals.
Figure 8c illustrates the computational cost for different data sizes. The processing time
of FitMine linearly increases with the number of subjects or the size of the data. The
computational complexity of FitMine is O (t · s · r · n), where t denotes the duration
of the signal, s denotes the number of segments used to identify abnormal signals, r
denotes the number of repetitions for the parameter estimation, and n is the dimension
of state variables in the UKF algorithm.
In this paper, we proposed a fitting algorithm that analyzes CTG data and detects
abnormal signs. We modeled the proposed FitMine by considering characteristics of
the fetal and maternal states that are directly related to CTG recordings. The advan-
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Table 5 Capabilities of
approaches

SIRS
Domain knowledge

√

Periodicity
Missing values
Forecasting
Only our approach meets all
specifications

Compression

FitMine
√
√

Parameter-free
Non-linearity

AR/PLif

√

√
√

√
√

√
√

√

√

√

Fig. 9 Fitting accuracy for the a FHR signal and b UC signal. RMSE between real and estimated signals
(lower is better)

tages of FitMine are summarized as in Table 5. These are compared to traditional fitting
methods (Allen 1994; Naumova et al. 2014). SIRS was proposed to capture the dynamics of epidemiological data, and it uses fixed parameters, can be compressed, and can
capture properties of dynamic data (Allen 1994). However, SIRS cannot describe a
periodic pattern and capable of forecasting. The AR and PLiF models were presented
to compress and forecast sequences of epidemic data. Consequently, they have a capable of compressing and forecasting. However, they cannot detect non-linear patterns
(Anderson and May 1992; Wang et al. 2006). FitMine can detect both linear and nonlinear patterns and can process with missing values and forecasting (for more details,
see the discussion section). Moreover, it can compress data through encoding of MDL.
We discuss the quality of FitMine in terms of fitting accuracy. We compared FitMine
with the standard SIRS model and AR/PLif. Figure 9a shows the root mean square
error between the original and the predicted signal of FHR by fitting models. Similarly,
Fig. 9b shows the results of the UC signal. A lower value indicates a better fitting
accuracy. As shown in the figures, the SIRS model and AR/PLif show high error rate,
while our method achieved high fitting accuracy.

4 Discussion
In this section, we describe potential applications of FitMine.
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Fig. 10 Actual signal of a subject 1035 m; b subject 1085 m. y-axis is beats per minute (FHR [bpm]) of
the FHR and uterine activity of UC, respectively

4.1 Missing values
With the increasing importance of health in modern society, different biological signals
are being used in a wide variety of fields including education, learning, the Internet of
Things, and health. In the medical field, related areas include health management, diagnosis, disease prediction, and rehabilitation robots. Biological signals of the human
body are being acquired and measured by attaching sensors on the human body or
using devices with sensors. The signals measured using sensors are likely to involve
missing values, noise, sudden sparks, and misrecorded values that result from the
measurement position, environment, and movement of the subject. To properly utilize
the measured signals, we require an accurate data analysis prior to their use. Problems
including missing values, noise, and outliers may lead to incorrect analysis results.
Thus, we require an enhanced data analysis method that can resolve all of the abovementioned problems to achieve an accurate interpretation even when the data contains
complicated problems. FitMine, proposed in this paper, is capable of addressing all of
these problems and detecting patterns that appear in the data. Figure 10 is the actual
FHR and UC signals that were recorded by CTG. Figure 10a is the FHR (top) and UC
signal (bottom) for subject 1035 m. The FHR (top) signal has missing values. This
issue regarding missing values has been highlighted as an important research topic in
the data analysis field (Hashemi and Yang 2009; Graham 2009). All data do not always
have missing values, as indicated in Fig. 10. In Fig. 10, the UC signals (bottom) of
(a) and (b) (top and bottom) are not missing values. In the majority of cases, the data
analysis method employed detects missing values in the preprocessing step. If missing
values are detected, a separate algorithm is used to recover these values.
FitMine can recover missing values without an additional step. That is, the proposed
FitMine can create new output ŷt+1 based on the state variable xt and parameter sets.
Therefore, even though the real observation value yt+1 is a missing value, it can be
recovered by the output of model ŷt+1 . Figure 11 shows the missing values recovered
during the process of fitting when applied to FitMine. Figure 11 indicates the missing
values recovered during the process of fitting with FitMine. Figure 11a indicates the
recovered FHR signal where the circle denotes the actual measurement values and the
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Fig. 11 Missing values recovered by FitMine: a FHR signal and b UC signal

Fig. 12 Forecasting results for various data sets: a FHR (top) and UC signals (bottom) obtained by CTG
monitoring, b Normal (top) and an epileptic-seizure (bottom) EEG

solid line denotes the resulting values after being fit. Figure 11b displays the result
obtained from recovering the missing values of the UC signal at approximately 100
time points. FitMine has the capability to recover data without losing the signal pattern
if the missing portion has values that have been missing for a short period. However,
in the case of missing values for a longer period, for example, more than 1000 time
points, the signal recovered by FitMine is indicated as flat.
4.2 FitMine forecasting
The FitMine solution proposed in this paper achieved a significantly higher accuracy
when applied to signals in CTG recordings. Thus, FitMine is a practical tool for
forecasting applications. Forecasting is to predict future trends based on past events
and management insight, and it has been used on various applications as an important
matter. Figure 12 presents the forecasting results for one additional data type, nonlinear
EEG data that is similar to CTG data, and CTG data. We trained the parameters using
the values positioned on the left side (the observed values) of the vertical dotted line.

123

Author's personal copy
FitMine: automatic mining for time-evolving signals

Based on the trained parameters, FitMine estimated the subsequent value, which is
positioned on the right side of the dotted line. We compared the results obtained with
those of the AR model, Artificial Neural Network (ANN) and Neuro-Fuzzy model
(NFM) (Mukerji et al. 2009).
Figure 12a presented the forecasting result obtained for FHR (top) and UC (bottom)
signals of the CTG recordings and (b) was the forecasting result obtained for a normal
(top) and epileptic-seizure signal (bottom) of the EEG data. When AR model applied
on the FHR and UC signal in order to forecast the future values, the predicted signal
appeared a signal of flat graph shape. FHR and UC signal seemed to have periodicity
of the sine wave from real signal, but AR couldn’t have foreseen the future values
that are similar with the real signal. In contrast, ANN predicted a signal that is similar
with real data. However, it predicted as 0 in a section including the missing values.
In addition, NFM failed to forecast the future value by missing values as the top of
Fig. 12. On the EEG signal of Fig. 12b, AR model predicted the trend of the future
value that is a similar with the real observed signal, but its performance fell compared
to the results of ANN, NFM, and the proposed method.
The results illustrated in Fig. 12 indicate that FitMine achieved a higher accuracy
than AR; FitMine more accurately estimated future trends in (a) CTG data and (b) EEG
data, whereas AR was influenced significantly by the presence of multiple extreme
spikes. However, ANN and NFM showed the better result of prediction accuracy than
the proposed method when a signal not include the missing values. ANN and NFM
had been applied in many applications ranging from production, control systems, diagnostic, supervision, to forecasting, etc. ANN embodied a simpler calculation process,
and it is an easy to estimate the joint function of hidden layer. Whereas it became
less effcient in terms the convergence and it was difficult to build the optimal model.
NFM also was very sensitive to the initial parameter values of model, and it had a
property to converge the local optimal. However, FitMine was possible to build the
optimal model and the parameter free. In addition, the proposed method could detect
and recovery the missing values that was included the real signal.
In order to reduce overfitting and to measure the forecasting ability of the proposed
method, we performed the 10-fold cross-validation. Cross-validation is primarily a
way of measuring the predictive performance of a model. As a result of Table 6, we
can confirm that the FitMine provides the lower RMSE than AR and ANN methods.
In the Table 6, AR (240) means the previous 240 time points as input to predict the
value at the next time point. NFM has higher accuracy in the forecasting result than
the proposed method. However, NFM shows the higher RMSE than AR, ANN, and
FitMine when the data is includes the missing values. That is, NFM is difficult to
control the data in the presence of missing values.

4.3 Generality-on various time-evolving data
Other promising applications that benefit from FitMine can be explored from the perspective that FitMine can be generalized into different domains such as the prediction
modeling of infectious diseases. Figure 13 presents the fitting results obtained for publicly available data. Figure 13a–c are the fitting results obtained for influenza, measles,
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Table 6 Forecasting RMSE by 10-fold cross-validation
AR (240)

ANN

Neuro-fuzzy (NFM)

FitMine

CTG
FHR

0.5614

0.5354

0.8291

0.3841

UC

2.0670

1.0253

0.3632

0.3941

Normal

0.1098

0.0896

0.0315

0.0468

Seizure

1.1227

1.0708

0.4032

0.7683

EEG

Bold values indicate the lowest RMSE

Fig. 13 Fitting result of other data sets: a incidence of influenza in California, b incidence of measles in
New York State, c incidence of smallpox in Northwestern states, d, e, respectively, indicate normal and
epileptic seizure EEGs, and f average temperature across all states in the USA

and smallpox data, respectively. In Fig. 13, the circle denotes the actual observation
data; the dotted line denotes the resulting value after being fit by FitMine. In Fig. 13a,
the flu data exhibits a high peak between 1941 and 1944 because of immunity-related
dynamics and antigenic changes in the virus (Ferguson et al. 2003); this observation
was accurately recorded by FitMine. Figure 13b indicates that FitMine successfully
captured the effect of the yearly periodic pattern and spikes and decreases in the
measles data. According to Fig. 13c, there was an outbreak of smallpox in the northwestern states from 1937 to 1939 because of the low immunization rate (Naumova et al.
2014). FitMine also captured these features. Figure 13d, e display normal and seizure
EEG signals, respectively, which were well fit by FitMine (equivalent to Fig. 12b).
Figure 13f presents the temperature data and indicates that FitMine successfully captured periods having fluctuating temperatures (Climate Data 2015).
The proposed method is able to apply both linear and nonlinear data. Namely, FitMine can apply and detect patterns from data with various characteristics whether the
periodicity have or have not. FitMine is novel nonlinear dynamic model that combined the chaotic population model and the unscented Kalman filter (UKF) algorithm.
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Therefore, this method can capture the dynamic properties by the chaotic model and
UK transformation. FitMine can detect the suddenly changing time-point, and it can
generate the new signal that is similar with the real signal when it applied on the time
series data with various characteristics. Through Fig. 13, we showed the proposed
method is a good fitting model that can apply on the various time series data, and these
results proved that the FitMine algorithm can be applied to a variety of domains.
FHR and UC signals recorded by CTG equipment are among the most important
factors required to evaluate fetal health. For a long time, these signals have been
clinically used to determine fetal death in utero or to detect metabolic acidosis and
decreases in the vital signs that may occur in neonates after delivery. However, the
data recorded by CTG are typically examined using the naked eye in clinical practice,
which is likely to lead to inaccurate estimations and unreliable assessments (Parry
and Parry 2009). Therefore, we require a new method that is capable of providing
an accurate analysis and prediction to prevent permanent brain damage or fetal death
that may result from fetal distress or fetal asphyxia. The proposed method, FitMine,
is capable of meeting these requirements.

5 Conclusion
FHR and UC signals that are recorded by CTG are important indicators that are
necessary when monitoring fetal condition. To obtain more accurate estimations and
analyses of the FHR and UC signals, there have been several studies on data analysis
and classification approaches. In this paper, we proposed a new fitting method aimed
at obtaining an accurate analysis of FHR and UC signals, which are non-invasively
recorded by CTG, and obtaining accurate predictions of fetal abnormalities. The proposed method has the following advantages. (a) Pattern identification: FitMine is
capable of capturing important properties from the data that are necessary for the
detection and estimation of abnormalities. FitMine is also capable of forecasting to
determine future trends and recover values that are missing for short periods. (b) Automatic: no user intervention is required for model parameters. (c) Scalable: it is linearly
scalable according to the amount of data. (d) Generality: by applying the proposed
method to EEGs, infectious diseases and temperature data, in addition to the CTG data
for monitoring fetal well-being, we observed that FitMine is applicable to a variety of
applications.
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