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ABSTRACT 

Cardiotocography (CTG) is a fetal monitoring technique used 

to determine the distress level of the fetus during pregnancy 

and delivery. CTG consists of two different signals including 

fetal heart rate (FHR) and uterine contraction (UC) activities. 

The linear features of FHR are the most powerful prognostic 

indices to ascertain whether the fetus in distress. In addition, it 

is observed that nonlinear features have produced very great 

results on the time series analysis in recently. In this context, 

the classification success of the neural network community 

designed based on the linear and nonlinear features of FHR is 

analyzed for the delivery process evaluated in three stages. 

The experimental results have shown that the system designed 

to distinguish normal and pathological instances is achieved 

the best classification accuracy at the first stage of the 

analysis. Also, the greatest contribution of nonlinear features 

to the classification accuracy is observed at the second stage 

of the delivery. Consequently, 92.40%, 83.29%, and 79.22% 

of accuracy obtained for the three stage of the analysis, 

respectively. 
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1. INTRODUCTION 
Cardiotocography (CTG) is a monitoring technique used 

widely over all the world in order to determine the distress 

level of the fetus. CTG comprises of two main signals which 

are fetal heart rate (FHR) and uterine contraction (UC) 

recorded as simultaneously [1]. Figure 1 illustrates a sample 

digitized CTG record. The greatest advantage of using CTG is 

that it contributes to the early diagnosing of undesirable 

events, such as cerebral palsy and intrapartum fetal hypoxia 

developing depend on the lacking of oxygen. Regrettably, it 

observed that the rates of cerebral palsy have remained stable 

so far, and the rates of caesarean section and instrumental 

delivery have increased depending on the use of CTG [2]. In 

clinical practice, the interpretation of CTG is performed 

subjectively by a visual inspection way. Observes 

(gynecologist, nurse or midwife) try to catch some specific 

patterns of FHR known as morphological features with a 

naked eye. The workload of observers, their expertise levels, 

and emotional situations prevent an objective assessment. 

Moreover, CTG has a low specificity or has a high false 

positive rate [3]. This situation leads to poor judgment. The 

many records that must be evaluated as normal are labeled as 

pathological, and actually, the real pathological records may 

be overlooked. Also, it has also been reported that there is a 

high level of disagreement between inter- and intra-observed 

in the interpretation of CTG [4]. The computer-aided 

automatic FHR analysis is seen as the most promising method 

to overcome these problems [5]. Several guidelines have been 

published by different health organizations to ensure a 

consistent interpretation of CTG [5-7]. These guidelines focus 

mainly on the shapes and changes in FHR. Naturally, the first 

computer-aided studies have focused on the automatic 

detection of some specific patterns like baseline heart rate, 

variability, acceleration and deceleration patterns that are 

specified in the guidelines as morphological features [8]. 

Then, the spectral analysis of heart rate variability (HRV) has 

yielded very satisfactory results [9]. In recent studies, it is 

noticed that nonlinear signal analysis has increased the 

diagnostic power of HRV [8, 10, 11]. Entropy estimators, 

complexity indices, such as Lempel-Ziv [12], and other 

nonlinear parameters are used to obtain a more information 

about FHR and to provide a better representation of the 

signals. 

In this proposal, the classification success of an artificial 

neural network (ANN) community for the delivery process 

evaluated in the three stages is investigated based on linear 

and nonlinear features of FHR. The rest of paper is organized 

as follow. Section 2 covers the summary of the data collection 

and methods. The experimental results and a final discussion 

are given in Section 3. Finally, concluding remarks are given 

in Section 4. 
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Figure 1. A digital CTG record 
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(2) 
Preprocessing

(1) 
Creating the data collection

(3) 
Feature extraction 

(4) 
Classification

Determining the missing beats in time-domain

Interpolation of the missing beats

Smoothing the signal with Discrete Wavelet 
Transform

Detrending

Each record divided into four parts

The records are labeled according to the 
weighted view of  the specialists for the 
supervised learning.

CTU-UHB 

Step 1
30 min

Step 2
30 min

Step 3 Step 4
Labor

Expert-1 Expert-9...

The records are interpreted by specialists as 
normal, suspicious, pathological and 
uninterpretable. We choose only the normal 
and pathological instances to create our 
dataset.

Choosing records

The data collection is created. 
Look at Table 1 for details. 

The entire of the signals pass through a preprocessing 
process consisting four-step to achieve denoised and 
reliable signals. 

The figure is given at above illustrates the state of a 
fetal heart signal before and after the preprocessing 
process. 

Obtained dataset
Linear 

Features (8)
Nonlinear 

Features (5)

We extract eight linear and five nonlinear 
features of fetal heart rate signal in total. These 
features represent the signal and are applied 
as the input the classifiers. 

Look at Table 2 for the detail description of the feature 
set. 

An artificial neural network with different training 
algorithms employ to classify the fetal heart rate 
signals. The network topology is set as {13,[10,3],2}. 

Round 1

%91

Round 2

%92

...

Round 9

%89

Round 10

%95

10-fold cross validation

Training set Test set

10-fold cross-validation is used to achieve  more 
reliable results. 

· The analysis is separately conducted on the delivery process evaluated in three stages. 
· The subsets consisting linear, nonlinear, and the combination of them are applied as the input to the an ANN 

classifier. Table 4 – Table 6 can be review for the comparison of results. 

 

Figure 2.   The block diagram of the analysis

2. MATERIAL AND METHOD 
In this proposal, an open-access database named CTU-UHB 

[13] has been used. Figure 2 illustrates the block diagram of 

the analysis and important tips. The entire of the signals in the 

database have been passed through a four-step preprocessing 

process briefly described in our previous work [14]. Linear 

and nonlinear indicators of FHR have been revealed in the 

feature extraction stage. At the final stage, these features have 

been applied as the input to ANN. 

2.1 Data Collection   
CTU-UHB database consists of a total of 552 raw CTG 

records. The each record in the database is divided into four 

parts and evaluated by nine experienced specialists. The first 

two parts of the records represent the first stage of the 

delivery, and the third part represents the second stage of 

delivery. These stages of analysis are symbolized as I, II, and 

III, respectively. The first three stages of the records were 

labeled as normal (N), suspicious (S), pathological (P), and 

uninterpretable (U). Similarly, the last part of the records is 

labeled as no hypoxia, mild hypoxia, severe hypoxia, and 

uninterpretable depending on the parameters obtained after 

the delivery, such as pH, Apgar score, and birth weight.  

CTG records must be labeled before the analysis in terms of 

the supervised learning. Two fundamental approaches are 

used for this purpose. In the first approach, clustering 

techniques, such as fuzzy or neuro-fuzzy [15] are used on the 

neonatal outcomes, and a retrospective evaluation is 

conducted. In the second approach, specialist views is 

considered [16]. As stated earlier, the disagreement level on 

the interpretation of CTG between inter- and even intra- 

observers is high. For this reason, the views of all specialists 

have been taken into consideration separately for all stages of 

the analysis, and the required labeling was made according to 

the weighted view of the specialists. Also, uninterpretable and 

suspicious records have been isolated from the dataset to 

provide a reliable binary classification. Table 1 gives the 

distribution of the records during all stages of the analysis. 

Table 1. The distribution of the records during the 

analysis 

Analysis steps N S P U 

I 272 230 44 6 

II 195 267 86 4 

III 106 160 71 215 

 

2.2 Linear Features  
Traditionally, the linear features have been agreed as the 

primary indicators to enable evaluation of FHR signals [5]. 

Here,      denotes an FHR signal and is defined as   
       . The linear features are formulated as follows. 

             
 

 
     

 

   

 (1) 

         
 

   
           
 

   

 (2) 



International Journal of Computer Applications (0975 – 8887) 

Volume 156 – No 4, December 2016 

28 

                                        (3) 

    
 

 
     

   
           

   
       

 

   

 (4) 

     
 

   
                

   

   

 (5) 

    
   

          
 (6) 

        represents the mean value of FHR, and        

expresses the standard deviation of FHR. The long-term 

irregularity is indicated by LTI. The delta ( ) considers the 

variability for each minute, and   depicts the total number of 

minutes.    denotes a vector and is obtained by collecting 

one sample per 2.5 seconds from FHR signals. The short-term 

variability is expressed as STV and is calculated based on the 

creation interval of    vector. The interval index is 

symbolized by II and shows the gross change in the FHR. In 

addition to these features, the rates of the number of 

acceleration and deceleration patterns of the signal length 

were also considered. 

2.3 Nonlinear features  
Nonlinear features are an efficient approach to extract the 

characteristic attributes of FHR signals unobservable in the 

time-domain analysis [17]. Nonlinear analysis is based on the 

models developed to ascertain the complex phenomena in 

essence. In this context, there are already several methods for 

the analysis of nonlinear time series [10]. The present 

proposal has employed the Approximate Entropy (    ), 

Sample Entropy (      ), and Lempel-Ziv Complexity 

(   ). 

Entropy defines the behavior of a system in terms of 

randomness and measures the underlying dynamic knowledge 

of the system.           can separate the low-dimensional 

deterministic systems, chaotic systems, stochastic and mixed 

systems [18]. A time series of  -length and shown with    is 

divided by a set of  -length vectors denoted by      . In the 

next step, the       and       vectors are expressed a 

number called as   
     in terms of Euclidean sense 

                 . The number is used to calculate the 

probability of vectors to being close according to   
     

  
         . Finally,      is defined as follows.  
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Herein, the Equation 7 can be written in compressed form as 

             
   

               . Herein,   acts as a 

tolerance (threshold) value and is used as               and 

embedding dimension set as     in this study.  

       is calculated very similarly to      with very small 

modifications made on      [19]. Unlike     ,        

does not count the self-matches. When compared to     , it 

reduces the biases.        is defined as follow. The   and 

  parameter values are the same as for     .  

                
   

   
       

     
 (8) 

LZC estimates the repeating patterns in time-series 

irrespective of time. A periodic signal has the same repeating 

pattern and has a low complexity. On the other hand, non-

stationary signals have rarely reoccurring pattern and have the 

high complexity values [12]. 

A new sequence     denoted as                   is 

defined to express the signal in a new form. In the case of an 

increase in  ,            , the active index is set as 1, in 

other cases,            , the active index is encoded by 0. 

The algorithm counts the same patterns in  . The complexity 

is increased by 1 for each new pattern. When the last element 

of the   is arrived,       is increased by 1, traditionally.      
depends on the length of the original signal    . The 

normalization is performed as described below to remove this 

dependency. 

      
           

 
 (9) 

2.4 Artificial Neural Network  
Artificial neural network (ANN) is a computational technique 

inspired by the learning and generalization ability of the 

human brain. ANN is used for many purposes, such as 

function convergence, pattern recognition, and classification 

in many fields of science [20]. From a technical point of view, 

ANN consists of an input layer, one or more hidden layer(s), 

and an output layer [21]. In addition, various types of ANN 

are associated with learning rules and is based on the solution 

of a series optimization problems. A neuron output 

representing ith layer (  ) is calculated as follow for a multi-

layered architecture.  

              
 

 

   

  (10) 
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where   is activation function,   is the number of input 

nodes,     is the weight,    is the input, and    is the bias 

value for corresponding layer.  

3. RESULTS AND DISCUSSION 
In this study, the analysis based on a neural network 

community was performed separately for the delivery process 

evaluated in three steps. The feature set obtained as a result of 

the analysis is described in Table 2. The feature set consisting 

of with eight linear, and five nonlinear features were reflected 

in two-dimensional principal component analysis (PCA) [22] 

space for each stage of the analysis as shown in Figure 3. The 

normal and pathological instances were emphasized by blue 

and red color in the figure, respectively. 

Confusion matrix was used to measure the classification 

performances of neural networks having different topologies. 

It has four prognostic indices: True Positive (TP), True 

Negative (TN), False Positive (FP), and False Negative (FN). 

Also, confusion matrix establishes the relationship between 

the actual values and predicted values by the classifiers and 

allows the calculation of various performance criteria [23]. In 

this context, the performance criteria given with their 

mathematical forms in Table 3 were taken into account. 

Accuracy (Acc) signifies the total efficiency of the classifier. 

Sensitivity (Se) embodies the yield of the classifier on 

positively labeled data, and similarly, specificity (Sp) denotes 

the yield of the classifier on negatively labeled data. Quality 

index (QI) symbolizes the geometric mean of the Se and Sp. 

It is recommended to use k-fold cross-validation to achieve 

more reliable and accurate results on behalf of the classifier 

over small datasets [16]. For this reason, 10-fold cross-

validation method was used during the classification stage.  

Over the network configuration, Conjugate Gradient 

Backpropagation with Fletcher-Reeves Restarts training 

algorithm was preferred because of its low memory 

requirement and fast convergence quality for the network 

training. Apart from this, Gradient descent with momentum 

backpropagation, Resilient Backpropagation, and Levenberg-

Marquardt backpropagation training algorithms were tried in 

the experimental work. When configuring the network, many 

different topologies have been used, and it has been decided 

to use two hidden layers consisting of ten and three hidden 

nodes, respectively. 

The linear and nonlinear features were applied as the input to 

the neural network community in three different ways, 

separately and together. The feature set was divided into 

subsets as linear, nonlinear and a combination of them. The 

performance of the classifier was given according to the used 

subsets between Table 4 and Table 6. According to 

experimental results, the highest classification accuracy was 

achieved by using the combination of the linear and nonlinear 

features at the first step of the analysis. The classification 

successes that were obtained by using the relevant subsets 

were achieved as 92.40%, 83.29%, and 79.22% for the 

delivery process evaluated in three stages. 

The nonlinear features showed the greatest variability in the 

second stage of the delivery when FHR signal became much 

more irregular. As a consequence of this situation, the use of 

nonlinear features mostly influenced the classification 

accuracy in the third step of the analysis. The accuracy of 

72.91% obtained by using only the linear subset increased to 

79.22% as a result of using the combination of the linear and 

nonlinear subset. 

Gonçalves  et al. [8, 11] also considered the changes in the 

spectral field of the FHR signals while analyzing the linear 

and nonlinear features, and reported that there was a 

significant increase in the linear frequency indices 

immediately before delivery. Spilka et al. [10] have been able 

to classify FHR signals using nonlinear features, and reported  

Table 2. Description of the feature set 

Symbol Explanation 

         Average heart rate 

        Standard deviation of FHR 

     Long-term irregularity 

   Delta 

     Short-term variability 

    Interval Index 

     The number of ACC patterns 

according to signal length 

     The number of DCC patterns 

according to signal length 

              Approximate entropy 

             Approximate entropy 

                Sample entropy 

               Sample entropy 

LZC Lempel-Ziv Complexity  

 

Table 3. The performance criteria for ANN classifier 

Criterion Formula 

Acc      

           
 

Se   

     
 

Sp   

     
 

QI        

 

Table 4. The results obtained by using only the linear 

features 

Analysis Acc Se Sp QI 

I 91.73 94.58 71.83 81.14 

II 82.56 87.17 72.34 79.10 

III 72.91 77.70 69.17 72.65 

 

Table 5. The results obtained by using only the 

nonlinear features 

Analysis Acc Se Sp QI 

I 87.61 92.40 59.68 65.34 

II 71.82 79.14 54.06 63.73 

III 55.23 62.10 45.65 52.35 

 

Table 6. The results obtained by using the linear and 

nonlinear features together 

Analysis Acc Se Sp QI 

I 92.40 95.89 74.75 83.66 

II 83.29 87.06 75.90 80.92 

III 79.22 85.87 72.73 77.91 
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(a) The first stage of delivery, step 1 of the analysis (before 

maternal pushing)\ 

 

(b) The first stage of delivery, step 2 of the analysis (before 

maternal pushing) 

 

(c) The second stage of delivery, step 3 of the analysis 

(during maternal pushing) 

Figure 3. The distribution of the records as normal and 

pathological throughout the delivery process on PCA 

space 

that     and        are the best nonlinear markers. 

Signorini et al. [17] have emphasized that only the use of 

time-domain parameters during the FHR analysis has a low 

estimation power. For this reason, they have stated that the 

use of nonlinear parameters will produce more consistent 

results. Logier et al. [24] has recommended the use of a new 

marker by defining an index on the high frequency of FHR 

variability. According to the research, the proposed index 

value of the fetuses with a high distress level is significantly 

lower than normal fetuses. Based on previous works 

published on FHR analysis, it has been said that in addition to 

the traditionally used linear features, the use of nonlinear 

features and new indices has increased the classification 

accuracy. Also, it is clearly seen that the use of these new 

indices has positively influenced the representation of CTG 

data and creation of the feature sets. 

4. CONCLUSION 
In this proposal, fetal distress diagnosis based on the linear 

and nonlinear features of FHR signals were assessed during 

the delivery by using an ANN community. The accuracy 

values of 92.40%, 83.29%, and 79.22% were obtained for the 

delivery process evaluated in three stages. The highest 

classification accuracy was achieved by the combination of 

the linear and nonlinear FHR features at the first stage of the 

analysis. The greatest contribution of the nonlinear features on 

classification accuracy was observed in the second stage of 

the delivery, and it is seen that the irregularity is at the highest 

level on FHR in this process. Also, other significant 

contributions of the nonlinear features are observable on all 

performance criteria.  

We restricted this work with using only the linear and 

nonlinear features of FHR. It clear that the nonlinear features 

provided more efficient representation for FHR signals. In the 

future design, we will focus on the supplementary features 

that will improve the representation power of the signals. 

Also, future works will advance by using time-frequency 

features based on different empirical bandwidths, and various 

machine learning techniques. 
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