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a b s t r a c t 

Nowadays, deep learning architectures are promising artificial intelligence systems in various applications 

of biomedical engineering. For instance, they can be combined with signal processing techniques to build 

computer-aided diagnosis systems used to help physician making appropriate decision related to the di- 

agnosis task. The goal of the current study is to design and validate various deep learning systems to 

improve diagnosis of infant cry records. Specifically, deep feedforward neural networks (DFFNN), long 

short-term memory (LSTM) neural networks, and convolutional neural networks (CNN) are designed, im- 

plemented and trained with cepstrum analysis-based coefficients as inputs to distinguish between healthy 

and unhealthy infant cry records. All deep learning systems are validated on expiration and inspiration 

sets separately. The number of convolutional layers and number of neurons in hidden layers are respec- 

tively varied in CNN and DFFNN. It is found that CNN achieved the highest accuracy and sensitivity, fol- 

lowed by DFFNN. The latter, obtained the highest specificity. Compared to similar work in the literature, 

it is concluded that deep learning systems trained with cepstrum analysis-based coefficients are powerful 

machines that can be employed for accurate diagnosis of infant cry records so as to distinguish between 

healthy and pathological signals. 

© 2021 Elsevier Ltd. All rights reserved. 
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. Introduction 

Very recently, deep learning neural networks have been applied 

o various biomedical engineering problems; including classifica- 

ions of day 3 human embryo [1] , osteosarcoma recognition in his- 

ological images [2] , breast mass and tumor diagnosis [ 3 , 4 ], pul-

onary coccidioidomycosis detection [5] , blood pressure measure- 

ent [6] , EEG classification [7] , skin cancer diagnosis [8] , clinical 

epression assessment [9] , COVID-19 detection [ 10 , 11 ], drug-target 

nteractions prediction [12] , brain magnetic resonance image analy- 

is [ 13 , 14 ], segmentation of deep foveal avascular zone [15] , Parkin-

on speech recognition [16] , and hemorrhage detection in retina 

17] . Thanks to deep neural network architectures with multiple 

ayers and neurons, such systems were found to be effective in per- 

orming high-complexity tasks in biomedical engineering [1–17] . 

Besides, infant cry record analysis for medical diagnosis in clin- 

cal milieu is receiving a growing attention as a non-invasive tech- 

ique. Indeed, various machine learning methods have been em- 

loyed to distinguish between healthy and unhealthy infant cry 
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ecords; namely, hidden Markov models [18] , probabilistic neu- 

al network [19] , and linear support vector machines [20] , and 

eep feedforward neural networks [21] . The Hidden Markov Mod- 

ls trained with segmented cry signals achieved 83.79% accuracy 

18] , the probabilistic neural network trained with prevalence of 

undamental frequency glide, resonance frequencies dysregulation, 

nd Mel-frequency cestrum coefficients yielded to an accuracy 

arying from 67.00% to 88.71% [19] , the linear SVM trained with 

el-frequency cepstral coefficients, tilt, and rhythm features ob- 

ained 67.80% accuracy [20] , and deep feedforward neural net- 

orks achieved 100% accuracy [21] . 

To extend the literature on infant cry record classification and 

n applications of deep learning in biomedical engineering prob- 

ems, the goal of our work is to examine the effectiveness of vari- 

us deep learning neural networks when used in the diagnosis of 

nfant cry records. Specifically, we focus exclusively on three dif- 

erent deep learning systems and compare their respective perfor- 

ances. Indeed, we focus on deep learning systems as they were 

ound to be useful in various biomedical engineering applications 

1–17] . 

To sum up, the chosen deep learning neural networks to distin- 

uish between healthy and unhealthy infant cries are deep feedfor- 

ard neural networks (DFFNN), long short-term memory (LSTM) 

https://doi.org/10.1016/j.chaos.2021.111700
http://www.ScienceDirect.com
http://www.elsevier.com/locate/chaos
http://crossmark.crossref.org/dialog/?doi=10.1016/j.chaos.2021.111700&domain=pdf
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Fig. 1. Flowchart of a computer model for diagnosis of infant cry record based on cepstrum analysis and classification by deep learning systems. 
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eural networks, and convolutional neural networks (CNN). The in- 

uts to each deep learning system are cepstrum based coefficients 

btained from the original cry signals. Indeed, we choose them to 

rain deep learning systems as they were found to be statistically 

ignificant in differentiating between healthy and unhealthy infant 

ry records [22] . In this regard, the contributions of our paper can 

e summarized as follows: 

i We pioneer the evaluation of the performance of various deep 

learning systems in the task of infant cry record classification 

to distinguish between healthy and unhealthy infants. Specifi- 

cally, deep feedforward neural networks (DFFNN), long short- 

term memory (LSTM) neural networks, and convolutional neu- 

ral networks (CNN) are evaluated and compared. 

ii Various topologies of CNN and various number of hidden neu- 

rons in DFFNN are examined since the performances of these 

networks depend on such factors. 

iii We extend our previous work [22] by using cepstrum based- 

coefficients as inputs to deep learning architectures. 

iv Our study enriches the literature on infant cry record classifica- 

tion for medical diagnosis purpose by applying, evaluating and 

comparing deep learning techniques. 

The rest of the paper is organized as follows. Section 2 in- 

roduces cepstrum analysis, DFFNN, LSTM, and CNN. 

ection 3 presents data and experimental results. Finally, 

ection 3 concludes the study. 

. Methods 

In the current study, three deep learning neural networks 

re implemented to classify healthy and unhealthy infant cries; 

amely, DFFNN, LSTM, and CNN. They are all trained with cep- 

trum based-coefficients as inputs. The performance of each deep 

earning system is evaluated by using standard machine learning 

erformance techniques including accuracy, sensitivity, and speci- 

city. Fig. 1 shows flowchart of the automated system for infant 

ry signal analysis and classification. 

All methods are presented next. 

.1. Cepstral analysis 

Cepstrum analysis [23] is suitable to describe harmonics in 

ignals. In this regard it was largely applied in biomedical engi- 

eering problems including epileptic seizure detection [24] , assess- 

ng Parkinson’s disease severity [25] , classification of heart sounds 

26] , and estimation of heartbeat rate [27] , and newborn cry di- 

gnostic [22] . In our study, we make use of cepstrum analysis to 

escribe harmonics in infant cry records. 

Technically speaking, the cepstrum C [ n ] is computed as the in- 

erse discrete Fourier transform (IDFT) of the log magnitude of the 

FT of a signal x [ n ], which is given as follows: 

 [ n ] = IDF T { log | DF T ( x [ n ] ) | } (1) 
2 
In general, the number of coefficients used to describe the cep- 

trum can be set arbitrarily. In our work, it is fixed to one thousand 

o obtain good representation of cry record harmonics and to make 

onvergence of each deep neural network system fast. 

.2. DFNN 

The deep feed-forward neural networks (DFFNN) are basically 

eed-forward neural networks with multiple hidden layers. In this 

egard, the DFFNN can learn to transform from one-level descrip- 

ion into a multi-level one to deal with complex and high non- 

inear problems. Recently, the DFFNN have been successfully ap- 

lied in detection of sepsis [28] , prediction of post-liver transplant 

ortality [29] , and type 2 diabetes patient diagnosis [30] . 

Recall that each layer in DFFNN utilizes a nonlinear transforma- 

ion on its input and provides a representation in its output. By 

ssuming that the DFFNN architecture is composed of N layers and 

ach layer has j units (neurones), the output signal of the ( l ) th layer

 l = 1,2,3,…, N ) is given by: 

 

l 
j = f 

(
w 

T 
j a 

l−1 
j 

+ b j 
)

(2) 

here f is the activation function, w is the weight vector, a is the 

utput signal in a particular layer, and b is the bias parameter. 

In this study, the sigmoid function is chosen to be the activation 

unction and the resilient backpropagation algorithm is chosen to 

rain the network to avoid limits of the standard steepest descent 

lgorithm. For the experiments, the input layer has 10 0 0 neurones 

orresponding to samples of the cepstrum and we will try multiple 

idden layers (from 1 to 3) and multiple number of neurones in 

ach layer: 250, 500, and 750. 

.3. LSTM 

The long-short term memory (LSTM) networks [31] are robust 

o vanishing gradient problem that can be encountered by RNN. To 

vercome such limit, the LSTM incorporates memory cells to re- 

lace traditional nodes of recurrent neural networks (RNN). Their 

ajor role is to store information for learning. Hence, the long se- 

uence learning process is improved under LSTM. The LSTM net- 

orks were found to be effective in various biomedical engineering 

pplications including identification of autism disorder [32] , sen- 

ory processing [33] , and analysis of EEG for visual object classifi- 

ation [34] . 

The memory cell contains four parts; namely, cell state ( c ), for- 

et gate ( f ), input gate ( i ), and output gate ( o ). They mathematically

xpressed as follows: 

f t = S 
(
ω f [ x t , h t−1 ] + b f 

)
(3) 

 t = S ( ω i [ x t , h t−1 ] + b i ) (4) 

 t = S ( ω 0 [ x t , h t−1 ] + b 0 ) (5) 
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 t = f t · c t−1 + i t · tanh ( ω c [ x t , h t−1 ] + b c ) (6) 

 t = o t · tanh ( c t ) (7) 

here x t is the input state, h t is the hidden state, c t is the mem-

ry cell state; and, ω and b are their respective weight matrices 

nd bias vectors. Here, S is the softmax function used to calculate 

he highest probability to perform classification. Recall that the cell 

tate c t and the output ht represent short-term memory and long- 

erm memory respectively. In this work, the LSTM has two fully 

onnected layers, number of epochs is set to 50, and the adaptive 

oment estimation method is employed since it is suitable to train 

STM systems. 

.4. CNN 

The convolutional neural networks (CNN) are common deep 

eed-forward artificial neural networks originally introduced by Le- 

un et al., [35] . It is suitable for deep features extraction as its

opology makes it invariant to translation and rotation in inputs. 

n addition, compared common deep feed-forward artificial neu- 

al networks, CNN require less parameters to be tuned. Examples 

f successful applications of CNN include analysis of surface elec- 

romyography for hand prosthetics [36] , lung sound diagnosis [37] , 

reast ultrasonography images [38] , and hemorrhage detection in 

etina [17] . 

The general topology of CNN consists of one or more hidden 

onvolutional layers and a fully connected layer at the top, in- 

luding associated weights and pooling layers. In the convolutional 

ayer, a convolution of each subregion of the input data with a ker- 

el is calculated. Then, the convolution output result is added to a 

ias and processed by an activation function to generate a feature 

ap for the next layer. For instance, If the cepstrum input vector is 

 

0 
i 

= [ x 1 , x 2 , . . . , x n ] where n is the number of samples in cepstrum, 

hen output values are calculated as follows: 

c l, j 
i 

= h 

( 

b j + 

M ∑ 

m =1 

w 

j 
m 

x oj 
i + m −1 

) 

(8) 

here l is the layer index, h is a nonlinear activation function, b 

s bias term associated with the j th feature map, M is the kernel 

filter) size, and w is the weight. 

The pooling layer is subsequent to the convolutional layer and 

sed to apply a down-sampling operation to features vector so 

s to reduce its size. In our study, the max-pooling operation is 

dopted to compute the maximum value in a set of nearby inputs. 

ence, the pooling of a feature map in a layer is expressed as fol-

ows: 

p l, j 
i 

= max 
r∈ R 

c l, j 
i ×T + r (9) 

here R and T are respectively the size of the pooling window and 

he pooling stride. Recall that several pooling layers are inserted 

etween successive convolutional layers to finally obtain deep fea- 

ures used for classification purpose. Finally, the classification layer 

s a fully connected layer used to perform the high-level reasoning 

bout the deep features and produce the classification output. In 

ur experiments, the stochastic gradient descent with momentum 

SGDM) algorithm is adopted to train CNN, the number of epochs 

s set to 50, and the number of convolutional layers varies from 

ne to three. 

.5. Performance measures and protocol of experiments 

We evaluate the performance of the classification deep learning 

ystems by using accuracy (correct classification rate), sensitivity, 
3 
nd specificity. They are calculated as follows: 

ccuracy = 

T N + T P 

T N + F N + T P + F P 
(10) 

ensit i v it y = 

T P 

T P + F N 

(11) 

peci f icity = 

T N 

T N + F P 
(12) 

here TN is number of true negatives, TP is number of true pos- 

tives, FN is number of false negatives, and FP is number of false 

ositives. In this study, the positive and negative cases were as- 

igned to unhealthy and healthy cry signals. For robustness of the 

xperimental results, 10-fold cross-validation protocol is adopted. 

he 10-fold validation is commonly employed in machine learning 

iterature. The dataset is divided into 10 folds and each fold has 

he chance to be tested, such that all folds are used for training 

nd testing. Accordingly, the mean and standard deviation of each 

erformance metric are calculated. 

. Data and results 

We used our database in [ 21 , 22 ] to describe the compara-

ive study of DFFNN, LSTM, and CNN in distinguishing between 

ealthy and unhealthy infant cry signals. Cry signals were recorded 

n Sainte-Justine hospital (Montreal, Canada), Al-Sahel hospital 

Lebanon) and Al-Raee hospital (Lebanon). The database is com- 

osed of expiration (EXP) set with 2638 cry signals (1319 healthy 

ignals and 1319 unhealthy signals) and inspiration set (INS) with 

860 cry signals (930 healthy signals and 930 unhealthy signals). 

The database contains cry records from male and female babies 

nd their ages vary from one to fifty-three days. Unhealthy babies 

re affected with various disorders; for instance, those related to 

entral nervous system, respiratory system, blood, pediatric chro- 

osomal anomaly, and congenital cardiac malformations. 

All signals were recorded by using a two-channel sound 

ecorder with a sampling frequency of 44.1 kHz at 16 bits and 

0 cm to 30 cm from the baby. The length of each signal is from

wo to three minutes. Background noise and artifacts are filtered 

ut from each signal. Also, Wave Surfer tool was employed to seg- 

ent each record so as to save only respiration and expiration 

pisodes. Fig. 2 shows examples of healthy (normal) and unhealthy 

abnormal) cry records and Fig. 3 plots examples of cepstrums rep- 

esenting healthy and unhealthy cry records. 

After cepstrum coefficients used to form features of all sam- 

les are obtained, the constructed deep learning systems can be 

mployed to distinguish between healthy and unhealthy infant 

ry signals. For statistical robustness of the experimental results, 

he dataset is divided into ten folds to perform cross-validation 

ethod. Specifically, the training and testing phases are carried out 

y using nine folds for training and the rest is utilized for valida- 

ion. This protocol is repeated ten times to assure that all folds 

re used for training and for testing as well. Finally, the average 

alues and standard deviations of accuracy, sensitivity, and speci- 

city are computed for each single deep learning system. In our 

xperiments, cepstral analysis and deep learning systems were im- 

lemented in Matlab©R2021b environment. The obtained perfor- 

ance metrics are provided in Table 1 . 

Accordingly, CNN with 1 convolutional layer yielded to the 

ighest accuracy on expiration set (95.31% ±0.0320) followed by 

NN with 2 convolutional layers (95.28% ±0.0222), and CNN with 

 convolutional layers (94.33% ±0.0272). The DFFNN with 750 hid- 

en neurons achieved the lowest accuracy (80.0 0% ±0.0 0 0 0) on 

xpiration set. Hence, CNN outperformed LSTM and DFFNN on 

xpiration in terms of correct classification rate (accuracy). Be- 

ides, LSTM achieved the lowest accuracy (83.89% ±0.1410). Also, 



S. Lahmiri, C. Tadj, C. Gargour et al. Chaos, Solitons and Fractals 154 (2022) 111700 

Fig. 2. Plots of normal and abnormal infant cry signals. 

Fig. 3. Plots of cepstrums from normal and abnormal infant cry signals. 

4 
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Table 1 

Performance measures obtained by using 10-fold cross-validation protocol. 

Accuracy Sensitivity Specificity 

Expiration set 

CNN with 1 Convolutional layer 95.31% ±0.0320 95.42% ±0.0838 95.21% ±0.1333 

CNN with 2 Convolutional layers 95.28% ±0.0222 99.30% ±0.0813 91.26% ±0.0930 

CNN with 3 Convolutional layers 94.33% ±0.0272 94.82% ±0.1610 93.81% ±0.1724 

LSTM 83.89% ±0.1410 89.83% ±0.4254 77.98% ±0.3977 

DFFNN with 250 hidden neurons 80.23% ±0.0000 30.88% ±0.0029 99.58% ±0.0029 

DFFNN with 500 hidden neurons 79.70% ±0.0000 98.85% ±0.0000 50.55% ±0.0000 

DFFNN with 750 hidden neurons 80.00% ±0.0000 98.48% ±0.0000 31.52% ±0.0000 

Inspiration set 

CNN with 1 Convolutional layer 86.83% ±0.0280 82.58% ±0.1792 91.08% ±0.1798 

CNN with 2 Convolutional layers 92.04% ±0.0433 91.40% ±0.1384 92.69% ±0.1211 

CNN with 3 Convolutional layers 90.05% ±0.0269 92.47% ±0.1032 87.63% ±0.0962 

LSTM 80.18% ±0.0051 90.32% ±0.4779 60.00% ±0.4830 

DFFNN with 250 hidden neurons 80.05% ±0.0000 99.14% ±0.0000 50.97% ±0.0000 

DFFNN with 500 hidden neurons 80.01% ±0.0000 30.89% ±0.0000 99.12% ±0.0000 

DFFNN with 750 hidden neurons 79.84% ±0.0000 30.75% ±0.0282 98.92% ±0.0279 
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NN with 2 Convolutional layers yielded to the highest sen- 

itivity (99.30% ±0.0813) followed by DFFNN with 500 hidden 

eurons (98.85% ±0.0 0 0 0), and LSTM obtained 89.83% ±0.4254. In 

erms of sensitivity performance, DFFNN with 250 hidden neu- 

ons obtained the highest value (99.58% ±0.0029) followed by CNN 

ith 1 convolutional layer (95.21% ±0.1333), and LSTM yielded to 

9.83% ±0.4254. In short, on expiration set, CNN outperformed 

FFNN and LSTM in terms of accuracy and sensitivity, while 

FFNN outperformed CNN and LSTM in terms of specificity as in- 

icated in Table 1 . 

Experimental results from inspiration set provided in 

able 1 indicate that CNN with 2 convolutional layers achieved the 

ighest accuracy (92.04% ±0.0433), LSTM obtained 80.18% ±0.0051, 

nd DFFNN with 750 hidden neurons yielded to the lowest 

ccuracy (79.84% ±0.0 0 0 0). Besides, DFFNN with 250 hidden 

eurons obtained the highest sensitivity (99.14% ±0.0 0 0 0) and 

FFNN with 750 hidden neurons obtained the lowest sensitiv- 

ty (30.75% ±0.0282). Finally, DFFNN with 500 hidden neurons 

ielded to the highest specificity (99.12% ±0.0 0 0 0) followed by 

NN with 2 convolutional layers (92.69% ±0.1211), LSTM achieved 

0.00% ±0.4830, and DFFNN with 250 hidden neurons obtained 

he lowest specificity (50.97% ±0.0 0 0 0). In short, on inspiration 

et, CNN obtained the highest accuracy while DFFNN achieved the 

ighest sensitivity and specificity. 

To summarize, CNN outperformed both LSTM and DFFNN in 

erms of accuracy on both expiration and inspiration sets. Its best 

ccuracy is obtained on expiration set. Also, its accuracy perfor- 

ance slightly decreases with number of convolutional layers. 

To complete the 10-fold cross-validation on expiration set, the 

FFNN took respectively 23.24 s, 9.02 s, and 15.73 s to run with 

50, 500, and 750 neurons in each hidden layer. The LSTM took 

0.32 s and CNN took 208.30 s, 446.72 s, and 536.03 to run with

ne, two, and three convolutional layers respectively. Besides, to 

omplete the 10-fold cross-validation on inspiration set, the DFFNN 

ook respectively 4.03 s, 24.62 s, and 11.17 s to run with 250, 500, 

nd 750 neurons in each hidden layer. The LSTM took 50.22 s and 

NN took 181.36 s, 270.72 s, and 342.39 s respectively to run with 

ne, two, and three convolutional layers. In this regard, the DFFNN 

s faster in training and testing compared to CNN and LSTM. This 

an be attributed to the resilient backpropagation algorithm used 

o train the DFFNN. 

Recall that the best deep neural network is CNN with 

ne convolutional layer as it achieved 95.31% ±0.0320 accuracy, 

5.42% ±0.0838 sensitivity, and 95.21% ±0.1333 specificity. In this 

egard, CNN trained with cepstrum coefficients outperformed sim- 

lar models applied to the same problem; including the Hidden 
i

5 
arkov Models trained with segmented cry signals (83.79% accu- 

acy) [18] , the probabilistic neural network trained with prevalence 

f fundamental frequency glide, resonance frequencies dysregula- 

ion, and Mel-frequency cestrum coefficients (67.00% to 88.71% ac- 

uracy) [19] , the linear SVM trained with Mel-frequency cepstral 

oefficients, tilt, and rhythm features (67.80% accuracy) [20] . How- 

ver, it underperformed deep feedforward neural networks trained 

ith cepstrum coefficients where 100% accuracy was obtained [21] . 

ring in mind that the work in [21] used the same number of neu- 

ons in each hidden number as the number of neurons in the input 

ayer. This could improve the learning ability of the network. 

The obtained experimental results suggest that deep learning 

rchitectures trained with cepstrum coefficients yield to better ac- 

uracy in terms of distinguishing between healthy and unhealthy 

nfant cry records as opposed to existing works found in the liter- 

ture) [18–20] . This can be explained by the statistical significance 

f cepstrum coefficients to characterize infant normal and abnor- 

al cry signals) [22] and the powerful learning ability of deep 

earning systems. Hence, such computer-aided diagnosis systems 

re promising in clinical milieu. 

. Conclusion 

Deep learning systems are making major advances in the design 

f computer-aided diagnosis systems for healthcare. The aim of our 

aper is to compare the performance of three different deep learn- 

ng systems in the task of distinguishing between recorded healthy 

nd pathological infant cry signals. In this regard, cepstrum analy- 

is is employed to describe harmonics in expiration and inspiration 

ry record and the resulting spectrum is fed to DFFNN, LSTM, and 

NN. 

Experimental results from expiration and inspiration sets indi- 

ated that CNN outperformed DFNN and LSTM in terms of accuracy 

nd sensitivity, whilst DFNN yielded to the highest. In comparison 

ith similar studies, our findings suggest that deep learning sys- 

ems trained with cepstrum descriptors obtained the highest accu- 

acy; hence, they are promising for analysis and diagnosis of infant 

ry signals in clinical milieu. 
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