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ABSTRACT 
A new approach has been proposed to design of an automatic 

infant cry recognition system based on the fuzzy transform  

(F-transform) that classifies two different kinds of cries, 

which come from physiological status and medical disease. 

Feature extraction and development of classification 

algorithms play an important role in the area of automatic 

analysis of infant cry signals. F-transform is the powerful tool 

for the approximation of continuous functions on a finite 

domain and has been used as feature extraction of infant cry 

signals. Neural networks is developed to classify the infant 

cry signals into physiological status and medical disease and 

trained with smoothing parameter to obtain better 

classification accuracy. Neural networks (recognition system) 

are trained from the random selection of crying babies. The 

experimental results show that the proposed give very 

promising classification accuracy of 96%. The proposed 

method can be used to assist medical investigation of the 

infant from the cry signals.  
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1. INTRODUCTION 
Infant crying is the only way and the mainly influential to 

express their feelings. It has been confirmed that the acoustic 

characteristics of the cry sound are straight influenced by the 

infant's physical and psychological state or various external 

stimuli [1]. Special characteristics of newborn pain cries have 

been identified in various pathological states [2]. The 

pathological diseases in infants are commonly detected 

several months or years, after the infant is born. If any of 

these diseases could be detected earlier, they can be attended 

and perhaps avoided by the opportune application of 

treatments and therapies [3]. Thus, great advantage of having 

automatic classification is that infant baby cry indicator will 

be independent of the domain expert. Additionally, clinician 

can obtain an early diagnostic result if the baby having high 

probability of getting various type of medical diseases.  

A system of this type has been suggested by Cohen and 

Zmora [4], and was shown to be successful in classification of 

a preliminary database that consists of hunger and pain cries 

of healthy full-term infants. The system used a simple 

minimum distance classifier. There are many studies that 

conducted continuously from the baby age 1 month to 1 year 

old [5-8]. Moller and Schonweiler described the early 

detection of hearing impairment [9]. John describe the neural 

structures underlying cry production, or the circuitry that 

mediates a caregiver’s response to cry sounds [10]. Radhika 

estimated the fundamental and formant frequencies of infants 

cries with congenital heart disorder using frequency domain 

(Cepstrum) and linear prediction code (LPC) methods [11]. 

Cry is a common response that being investigated related to 

pain [12-14], hungry [13-15], no-pain, discomfort [1], apnea 

[2], asphyxia [16-20], hypothyroidism [19, 21], 

Hyperbilirubinemia [22], cleft palate [13, 23], Ankyloglossia 

[24], respiratory distress syndrome [13], hearing disorder [25], 

brain damage [3], hydrocephalus [26] and sudden infant death 

syndrome (SIDS) [27].  

Instead of wavelet transform [28] or linear prediction 

technique [29], F-transform method [30] has been suggested 

to extract the features of infant cry. This method is investigate 

suitability for the problem of infant cries classification. In 

[30], it has been shown that fuzzy transform is the powerful 

tool for approximation of continuous functions on a finite 

domain. The classification of baby cry has been intended by 

the use neural networks recognition approaches. 

In this paper, the design and implementation of a system that 

classifies two different kinds of cries physiological status and 

medical disease are discussed based on F-transform feature 

extracted. Neural network has been trained by using a 

randomly selected set of infant cry samples and establish an 

automatic recognition system of infant cry. The experimental 

results demonstrate the robustness, efficiency, encouraging 

and accuracy of the proposed algorithm. The results provide 

additional support for the contention that these infants take 

longer to produce and demonstrate a noticeable decrease. 

2. BASIC CONCEPT OF F-TRANSFORM  
The original motivation for the F-transform (an abbreviated 

name for the fuzzy transform) came from fuzzy modeling 

Perfilieva [31]. The intention was to show that, similarly to 

conventional transforms (Fourier and wavelet). Let u be 

represented by the discrete function          of one 

variables, where                         is an   vector of 

discrete speech signal, and   is the set of reals. If i  P is a 

sample, then u(i) represents its intensity range. Moreover, let 

fuzzy sets     k=1,...,n, where 0 < n ≤ N, establish a fuzzy 

partition of [1, N].  

The F-transform of u corresponds u to the matrix       of    

F-transform components: 

                                           (1) 

Each component       is a local mean value of u over a 

support set of the respective fuzzy set   . The membership 

functions of the respective fuzzy sets in a fuzzy partition are 

called basic functions. The (direct) F-transform of u (with 

respect to the chosen partition) is an speech signal represent 

F[u] : {  ,...,   }→   defined by: 

         
           

   

       
   

                                    (2) 

where k = 1,... , n,. The value          is called an               

F-transform component of u and is denoted by      . The 
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extreme fuzzy partitions of [1, N] are introduce, that will be 

used in the following.  

Largest partition: The largest partition of [1,N] contains only 

one fuzzy set,   , such that for all x[1,N], (  )(x)=1. The 

respective F-transform component       and the respective 

inverse F-transform     

Finest partition: The finest partition of [1, N] is established 

by N fuzzy sets   , such that for all k=1,...,N.  The respective 

F-transform components      , k=1,...,N, and the respective 

inverse F-transform     The inverse F-transform of u is a 

function on P, which is represented by the following inversion 

formula:  

                   
                             (3) 

where i = 1,... , N. It can be shown that the inverse                

F-transform,    approximates the original function u on the 

domain P. The proof can be found in [30, 32]. The                

F-transform technique, leading to one-level or higher-level 

decomposition of a discrete speech signal; here the explain the 

technical details of these decompositions are shown. The one 

level decomposition is as the following representation of u on 

P:  

                                                   (4)  

                                         (5)  

where 0<n≤N and    is the inverse F-transform of u and e is 

the respective residuum. If function is smooth, then the error 

function      is small, and the one-level decomposition (5) is 

sufficient for our feature extraction algorithm. Conversely, 

discrete speech signal generally have various types of 

degradation that interrupt their smoothness. As a result, the 

error function      in (5) is not negligible, and the one-level 

decomposition is insufficient for our purpose. Therefore, 

continue with the decomposition of the error function e in (5).  

This will lead to decompose into its inverse F-transform     

(with respect to a finer fuzzy partition of [1,N] with 

  :n<  ≤N basic functions, respectively) and a new error 

function   . Thus, the second-level decomposition of u are 

obtained. Note that the number of fuzzy sets are possibly 

increase in which to create fixed fuzzy transform arbitrarily 

and convergence is uniform. Also the starting approximation 

can be taken as fixed fuzzy transformation of a higher level 

(number of fuzzy sets > 1). Looking at the complexity of 

fuzzy transform, it is         (d - dimension, m - data size) 

that is the complexity of the same order as in the case of 

wavelet transform [30].  

3. THE PROPOSED F-TRANSFORM 

APPROACH  
The classification algorithm is based on the F-transform. The 

first step of the automatic processing system is segmentation 

of the sampled cry signals to cry and silent segments. 

Whereas, recorded infant cries in the databases used in a 

reasonably high signal-to-noise ratio, simple thresholds on the 

signal energy envelope are adequate to perform segmentation. 

The energy is computed over 10 milliseconds of the signal 

every 10 milliseconds in order to obtain the energy envelope 

of the signal. Two thresholds are used as a certain percentage 

of the average energy over 10 seconds of signal. The first 

threshold, which is the highest, is used to search the energy 

curve for cry segments, meaning, to distinguish among cry 

and silent segments, whereas the second threshold is used to 

adjust the endpoints of the cry segments. Just cry segments 

longer than a minimal duration of 60 milliseconds are 

processed.  

The features extracting is very important as it concerns the 

complexity of the neural network and the precision of the 

speech recognition. According to the F-transform approach, 

the feature extraction uses as follows: 

1. Compute      – the direct F-transform of discrete signal 

u : P →  , by (2). 

2. Compute    – the inverse F-transform using the 

components      by (3). 

3. Compute the error function                    for 

all    .  

4. Rescale and round the values of e from [0,           ], 

which results in the new   .  

These features are used as an input to the neural network in 

the next block for classification. The task of the classification 

system is to automatically distinguish between given types of 

signals. The different types of cry signals are used, for 

physiological status, medical disease 1, medical disease 2, 

etc.  

Neural network is a technology which tries to mimic human 

brain functions. With the improvement of neural network 

these past few decades, using neural network in speech and 

speaker recognition has become very popular and successful 

[33]. 

The classification system automatically classifies the specified 

signal to one of the types. Supervised classification systems, 

such as in our case, consists of two phases: a training stage 

and a recognition stage. The training is usually a "one time" 

task, but after the initial training, an adaptation scheme may 

be used to adjust the models for varying conditions.  

The used classifier is multi-layer perceptron (MLP), neural 

network, for training process, the cry sample by 256 elements 

in feature vector are more require. On other side with size of 

this feature vector, computational cost is high. To overcoming 

to this problem, the principle components analysis (PCA) are 
used. PCA analysis reduced size of feature vector from 256 to 

32 elements, so ANN can be trained in lower cost. The neural 

networks participate several characteristics, these properties 

are the basis to configure any neural network, and they are, 

computational unites (nodes), connections between nodes and 

training the networks[34].  

Architecture of our used MLP consists of 32 input layers, 6 

nodes in hidden layer and 2 nodes in output layer and 

conjugate gradient method [35] was used for network training. 

The recognition procedure calls for the presentation to the 

classification system of a sample of the cry.   

Figure 1, shows a block diagram of the proposed automatic 

recognition system of infant cry based on F-transform. Finally 

the decision is taken in end stage. Where, the models are 

estimated; their parameters are placed in memory and 

employed by the recognition system.  
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Fig. 1: Block diagram of the proposed automatic recognition of infant cry based on F-transform. 
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Fig. 2: The spectrogram displays of (a) the crying of a physiological status infant and (b) infant with medical disease. 

4. EXPERIMENT AND RESULTS 

ANALYSIS 
To test our algorithm, two types of crying were selected: 

physiological status and medical disease. The database of 

infant cry babies has been collected from several clinics in my 

country, and also from certain cry sample database: Instituto 

Nacional de Astrofisica Optica y Electronica (INAOE) [36]. The 

cry data set is made up of 276 cry samples records, from both 

categories, with different duration. The cry data signal were 

segmented each signal to segments with 1 s of length. 836 

segmented samples were obtained, 620 of them belong to 

physiological status, and 216 to medical disease. All signals 

were normalized to 16 kHz sampling rate and 16 bit 

quantized. F-transform is the powerful tool for the 

approximation of continuous functions on a finite domain and 

has been used as feature extraction of infant cry signals. The 

used classifier is ‘multi-layer perceptron (MLP)’ neural 

network, for training process. Table 1, shows the accuracy in 

the classification, which is 96 % based on F-transform. 

Table 1. Automatic recognition system of infant cry based 

on F-transform. 

Type of crying Samples 
Disorder Decision 

Physiological 

status 

Medical 

disease Physiological 

status 

620 598 22 

Medical disease 216 8 208 

Total 836 Accuracy is 96% 

 

According to results in Table I, shows that F-transform 

features are efficient features in classification of infant cry. 

The automatic recognition systems of infant cry based on       

F-transform were implemented in Matlab including 

preprocessing, F-transform, neural network and PCA. The 

neural network and the training method were done with the 

neural networks toolbox of Matlab. The implementation of 

PCA technique employed is as described by [37]. 

An experimental result is compared with automatic 

recognition system of infant cry based on linear prediction 

technique [29]. Table 2, shows the accuracy in the 

classification, which is 85 % based on linear prediction 

technique. 

It can be easily seen that accuracy of recognition of proposed 

method has better results than results compared with previous 

method based on linear prediction technique [29]. Figure 2,  

shows the spectrogram displays of the crying of a 

physiological status infant (part A) and an infant with medical 

disease (part B). 

 

Trained Model 

 
Infant Cry 

Recording & cry 

segments 

Pattern 

Classification  
Decision Type of Cry 

PCA  
Feature Extraction    

(F-transform)  
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Training based 

on Conjugate 

gradient method 
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Table 2.  Automatic recognition system of infant cry based 

on linear prediction technique. 

Type of crying Samples 
Disorder Decision 

Physiological 

status 

Medical 

disease Physiological 

status 

620 527 93 

Medical disease 216 33 183 

Total 836 Accuracy is 85% 

 

5. CONCLUSION  
Evaluation of newborn cry is a powerful viewing tool to 

evaluate, manage and provides an early window into the 

neurological status. Atypical cries can be viewed as a helpful 

monitor that should be referred for a full neurological work 

up. In this paper a new automatic recognition system of infant 

cry has been proposed based on new feature extraction           

F-transform. After comparison of accuracy recognition system 

obtain from (F-transform based) and (linear prediction based), 

experimental results showed that proposed method is efficient 

in automatic recognition system of infant cry. The proposed 

could better recognize infant’s cry with extraction of             

F-transform feature. Therapy with parents to recognize their 

infants who illustrate atypical cry characteristics can assist a 

helpful developmental context during in fancy and young 

childhood. Future directions can to develop a portable, easy to 

use cry collection device integrated with analysis software 

that utilizes algorithms for the infant vocal tract and calculates 

outcome measures. Incorporate measurement of cry 

perception in high risk mothers or with high risk infants in 

primary care, early intervention, and occupational therapy. 

This information will be very helpful to pediatricians and 

doctors in general. 
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