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We make use of information inside infant’s cry signal in order to identify the infant’s psychological condition. Gaussian mixture
models (GMMs) are applied to distinguish between healthy full-term and premature infants, and those with specific medical
problems available in our cry database. Cry pattern for each pathological condition is created by using adapted boosting mixture
learning (BML) method to estimate mixture model parameters. In the first experiment, test results demonstrate that the introduced
adapted BML method for learning of GMMs has a better performance than conventional EM-based reestimation algorithm as
a reference system in multipathological classification task. This newborn cry-based diagnostic system (NCDS) extracted Mel-
frequency cepstral coefficients (MFCCs) as a feature vector for cry patterns of newborn infants. In binary classification experiment,
the system discriminated a test infant’s cry signal into one of two groups, namely, healthy and pathological based on MFCCs. The
binary classifier achieved a true positive rate of 80.77% and a true negative rate of 86.96% which show the ability of the system to
correctly identify healthy and diseased infants, respectively.

1. Introduction

Crying is the first sound the baby makes when he enters
the world outside of his mother’s womb, which is a very
positive sign of a new healthy life. Infants cry for the same
reason that adults talk, that is, to let others know about
their needs or problems. Since crying is all a baby can do to
express any discomfort, it seems that this multimodal signal
carries a lot of information about him. In early studies of the
infant cry analysis, the acoustic structure of infant crying was
analyzed, and some of the important variables controlling
the production of their cries were described [1]. After the
cry analysis on infants with various diseases, in some cases
it has been noticed that there are fixed cry attributes, which
are rarely seen in cries of healthy infants. Instead, these
attributes occur frequently in cries of infants with diseases
[1–3]. Therefore the concealed information contained within
a cry signal could clarify the infant’s present psychological
condition. Acoustic analysis of the infants’ cry signal helps

to measure these parameters quantitatively to perform a
comparison between healthy and ill states. Since infants’ cry
could be changed from normal to abnormal by diseases or
deformities which have the ability to produce an ill effect on
the central nervous system, the oral cavities, or respiratory
organs, our goal is to develop an NCDS to classify infants
with different kind of physiological conditions.

Generally, sounds can be represented in multiple ways.
In feature representation method, the features selection
step relies heavily on good understanding of the problem.
There are some literatures on defining and using different
cry characteristics and frequency features which distin-
guish between a healthy infant’s cry and that of infants
with asphyxia, brain damage, hyperbilirubinemia, Down’s
syndrome, and mothers who were drug abused during
pregnancy [1, 4]. Human speech features characteristics
such as linear prediction coefficients (LPCs), MFCCs, and
fundamental frequency and formants are studied in previous
works [2, 5–9]. The work presented by Hariharan et al.
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employed wavelet packet transform (WPT) to compute
subband energy and entropy features from wavelet packet
coefficients [10]. The goal is given a set of exemplary patterns
for C different pathological infant’s cry classes, to construct a
function such that when presented with a new feature from
an infant’s cry belonging to class i, the function will recognize
the correct index pathology class. In recent years, several
machine learning algorithms such as artificial neural network
(ANN), radial basis function (RBF), and probabilistic neural
network (PNN) have demonstrated their ability to recognize
cry patterns and make intelligent decision based on available
training database [8, 10, 11]. Furthermore, hybrid systems
in which classification methods are combined under several
approaches like bagging [12], boosting [12], majority voting,
and staking were examined in order to achieve better final
results than the case where a single classifier is run [5–7].

In this paper we make use of extracted MFCCs from
an infant’s cry signal to diagnose pathological conditions
and specific diseases which have not been previously studied
such as “Coarctation of Aorta” and “Tetralogy of Fallot”
by drawing support from collected cry database. As we
mentioned earlier, there exist a large number of approaches
to do the modeling and the classification tasks. We will focus
on GMMs, which are the most successful classifiers in use for
audio data when their temporal structure is not important
[13]. This paper employs GMMs to introduce a classification
technique in the field of statistical learning theory which
uses adapted BML method to train mixture models for
modeling of infants’ cry signals. The BML method [14]
presents three key advantages: (1) Add new components into
the direction that largely increases the objective function, (2)
Decrease sensitivity to initial parameters, and (3) Estimate
the optimum number of components, unlike the conven-
tional EM-based reestimation algorithm. Partial and global
updating methods were used in model parameters estimation
processes in order to speed the learning process up and
converge to more robust and reliable estimation of a new
mixture component. Another advantage of the adapted BML
method was that it used Bayesian inference criterion (BIC)
[15] for model selection. It is partially based on the likelihood
function, but to avoid overfitting there is also a penalty term.

This paper is organized as follows: in Section 2 we give
a brief review of GMM, its role in cry-pattern classifier, and
advantages of adapted BML method. Section 3 explains the
different parts of the NCDS and how it identified infants. In
Section 4, results of experiments in both multipathological
and binary classification tasks are reported, and in Section 5 a
follow-up analysis of the results and conclusion are presented
to finalize the paper.

2. GMMs for Cry-Pattern Classification

GMMs are a special case of hidden Markov models (HMMs)
which pay more attention to the temporal structure of a
sound and have proven to be invaluable tools in areas such
as speech recognition [13]. Compared to the human speech
which is modeled by hidden Markov models with finite
states, cry signal has just a single state to be considered.

Moreover, GMM has the ability to form smooth approxi-
mations from arbitrarily shaped densities, and it has proved
to be an effective probabilistic model for applications such
as biometric systems, most notably in speaker recognition
systems and speaker identification [16] due to its capability
of representing a large class of sample distributions. In a cry-
based diagnosis system there is no chance to train the clas-
sifier with a specific individual compared to what happens
in speaker-dependent automatic speech recognition (ASR)
systems. Therefore we should use our available cry database
to create a more general model for each available pathological
condition in order to fine-tune the pathology detection
of test infants. Like ASR systems in the learning phase,
there are two main parts [17]: first, some cry features are
selected, and then patterns are created from these features.
Second, the cry-pattern classifier works according to the just
created cry patterns to recognize physiological conditions on
the newborn infants. The proposed cry-modeling method
trained the GMM classifier from feature streams. It means
that cry signals coming from either healthy or pathological
classes were modeled by a separate pool of Gaussians using
extracted feature vectors. Adapted BML was used to learn
mixture models in an incremental and recursive manner in
which, unlike EM-based re-estimation algorithm, the final
model was less sensitive to initial parameters. It might,
therefore, converge to a better optimal point. According to
the boosting theory, upper bound on training error rate is
analytically minimized and the margin of all training samples
is increased. Moreover, in the preceding paper [14] the strong
point of BML method shows that a new Gaussian component
is estimated in each step according to the functional gradient
of the objective function. Therefore each new component
is always added to the direction that increases the objective
function the most. In this paper adapted BML has been
described for the log-likelihood function of the mixture
model over training data as our objective function.

3. Newborn Cry-Based
Diagnosis (NCDS) System

3.1. Cry Database. The number of labeled data used during
training phase has a leading role in performance of the
classifier. For example, in case of having small number of cry
samples for the pathologies of interest, the resulting trained
classifier may be too specific to be generalized to unseen
infant’s cry signal. Cry database collecting is still in progress
and up to now, the following two kinds of newborn infants
are considered in the database:

(1) healthy newborn infants, both full term and prema-
ture,

(2) sick newborn infants, both full term and premature,
with specific selected pathologies.

The imbalanced learning problem [18] is concerned with
the performance of learning algorithms. In the presence of
underrepresented data and skewed class distribution this
problem arises, which is a direct result of the nature of the
data space present in the cry database. Table 1 shows the list
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Table 1: Cry database.

Infants State Pathologies Number

Full term

Healthy N/A 38

Pathologies
Bovine protein allergy 13

Tetralogy of Fallot 5

Thrombosis in the vena cava 13

Premature

Healthy N/A 25

Pathologies

Tetralogy of Fallot 9

Cardio complex 14

X chromosomal abnormalities 9

Coarctation of aorta 10
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Figure 1: Time domain representation of a cry signal.

of different pathologies and the number of available samples
in each class.

3.2. Preprocessing and Feature Extraction. In data collection
step we have used 2-channel recorder with 44.1 kHz sampling
rate. The time domain representation of one cry signal
in two channels is shown in Figure 1. In preprocessing
step it converted into one-channel signal using mean value
function.

In the acoustical analysis step, the resulting wave was
cleared of any silence region or external unwanted sounds
as for the nurse or pediatrician voices, then normalized, and
split into frames. Next, MFCCs were extracted. The vocal
tract shape generally changes slowly with time and tends to
be constant over short intervals. A reasonable approximation
to guarantee reproducibility is to analyze the signal into
a sequence of millisecond-time frames, where each frame
is represented by a single feature vector describing the
average spectrum for a short time interval [19]. In reading
about application of frequency feature analysis of speech
signals, it is common practice to preemphasize the signal
prior to compute the parameters by applying the first order
difference equation s′(n) = s(n) − αs(n − 1) to the sample
sequence {s(n), n = 1, . . . ,N} in each window of length N .
The z-transform of the filter is P(z) = 1 − αz−1. Deller
[20] had earlier referred to the reasons behind employing
a preemphasis filter which are twofold: first, it is due to
canceling spectral effects of one of the glottal poles, and
the second reason is to prevent numerical instability. Gray

Jr. and Markel [21] and Makhoul and Viswanathan [22]
have worked with an optimal value of α given by α =
rs(1;m)/rs(0;m) in the sense of MSE, where rs(η;m) is the
usual short-term autocorrelation sequence for the frame
ending at m with the parameter η corresponding to the
autocorrelation lag. One estimator is given by [20]:

rs
(
η;m

) = 1
N

∞∑

n=−∞
s(n)w(m− n)

× s
(
n− ∣∣η∣∣)w(m− n +

∣
∣η
∣
∣),

(1)

where w(n) is a window of length N . For voiced frames the
optimal value is near unity, whereas for unvoiced frames it
is small (α ≈ 0). Therefore it should not be performed on
unvoiced speech and in voiced frames; it is taken in the range
0.9 ≤ α ≤ 1 which introduces a zero near ω = 0, and a 6−db
per octave shift on the spectrum. We use a common value for
this factor which is 0.97 [23–26]. In the next step, L MFCCs
per frame were extracted just for those voiced frames. The
sequence of feature vectors describing the average spectrum
for a short time interval can be presented as a matrix which
acts like a pattern in the classification phase.

In all related practical applications, the short terms or
frames should be utilized which implies that the signal
characteristics are uniform in the region. Therefore the
selected portion of the signal has to be short enough to be
stationary. Temporal properties can be assumed fixed over
time intervals on the order of 10–30 msec [27]. Prior to any
frequency analysis, the Hamming windowing is necessary
to reduce any discontinuities at the edges of the selected
region. Generally a longer window will tend to produce a
better spectral picture of the signal while the window is
completely within a stationary region, whereas a shorter
window will tend to resolve events in the signal better in
time. This tradeoff is sometimes called the spectral temporal
resolution tradeoff [20]. A common choice for the value of
the window length (10–30 msec) [17, 27–29] is normally
larger than the frame rate. For example, the typical value
for the window length in HTK [23] is 25 msec. MFCCs are
obtained by applying the discrete cosine transform (DCT)
to the output of the mel-filters. The difference from the
real cepstrum is that a nonlinear frequency scale is used,
which approximates the behavior of the auditory system
[27]. A filter bank with K filter is defined, where all these
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Figure 2: Preprocessing steps.

triangular filters compute the average spectrum around each
center frequency with increasing bandwidth. An acoustic
representation using MFCCs is often referred to as a “mel
cepstrum.” After performing fast Fourier Transform (FFT)
on each windowed frame, MFCCs are calculated using the
following DCT [13]:

cn =
√

2
K

K∑

i=1

log Si × cos
(
n
(
i− 1

2

)
π

K

)
,

n = 1, 2, . . . L,

(2)

where K is the number of subbands, L is the desired length
of cepstrum, and Si, i = 1, 2, . . . K (1 ≤ i ≤ K) represents the
filter bank energy after passing through the triangular band
pass filters. We use a set of 20 triangular windows (K = 20)
which is utilized in a common approach to simulate critical-
band filtering [30, 31], whose energy outputs are designed Si,
i = 1, 2, . . . , 20. We will discuss the choice of the parameter
L later. Figure 2 shows all the pre-processing steps from the
cry-recording step until the extraction of the MFCCs.

3.3. Adapted BML Method for GMMs. The main idea of
the boosting method in machine learning is that instead of
always treating all data points as equal, component classifiers
should specialize in certain samples. In particular, if a sample
is hard to classify and problematic for the existing classifier,
more components should focus on it. Compared to other
learning mixture models [32–34], BML method [14] has a
great privilege to add new mixture components in such a
way that has the greatest improvement in the predefined
objective function, C(Fk). Moreover, this method is less
sensitive to initial parameters, resulting in better optimal
point in the convergence process. The whole cry-pattern
classification approach comprised a classification scheme
using GMMs that classify patterns created by extracted real-
valued frequency domain features. A GMM, FK (X) with K
Gaussian components, and given feature vector X can be
represented as

FK (X) =
K∑

k=1

πk fk(X), (3)

with the restriction that 0 ≤ πk ≤ 1 for k = 1, . . . ,K and

K∑

k=1

πk = 1, (4)

where πk and fk(X) are mixture proportions and distribu-
tions of the kth component, respectively. The kth multivari-
ate Gaussian component of a D-dimensional feature vector
X can be written in the following notation:

fk(X | Φk) = N
(
X ;μk,Σk

) = 1

(2π)D/2|Σk|1/2

× exp
(
−1

2

(
X − μk

)Tr
Σk
−1(X − μk

))
,

(5)

where Φk = {μk ,Σk} are the mean and covariance
parameters for the kth component, and ATr represents the
transpose of matrix A. The model commences with one
mixture and learns gradually by adding a new mixture
component on each step. According to the defined objective
function C(·), each adding component process should satisfy
the inequality C(Fk) > C(Fk−1). All the reestimation
formulas to update Gaussian distribution parameters can
be computed afterwards. Log-likelihood function of the
mixture model over all training feature data has a vital role
in aforementioned formulas. For example, the predefined
objective function of the mixture model over all training
feature can be computed using the equation below:

C
(
Fj

)
=

Tj∑

t=1

logFj(Xt), (6)

where Tj is the number of training feature vectors X in jth
pathology class. Iterative re-estimation formulas for model

parameters Φ(n+1)
k = {μn+1

k ,Σn+1
k } at the (n + 1)th iteration

can be evaluated as follows:

wn(Xt) =
fk
(
Xt | Φ(n)

k

)

Fk−1(Xt | Ψk−1)
,

μk
n+1 =

∑Tj

t=1 w
n(Xt) · Xt

∑T
t=1 wn(Xt)

=
Tj∑

t=1

γt
(
Φ(n)

k

)
· Xt,

Σn+1
k = 1

∑Tj

t=1 wn(Xt)

×
Tj∑

t=1

wn(Xt)
(
Xt − μn+1

k

)(
Xt − μn+1

k

)Tr
,

(7)

where Φ(n)
k = {μnk ,Σn

k} denotes the mean vector and
covariance matrix for kth Gaussian component at the nth
iteration, and Ψk = {Φk,Ψk−1}. Note how wn(Xt) represents
a weight assigned to feature vector Xt after nth iteration. As
you can see according to this weighting function it is clear
to understand that feature vectors with lower probability
by current model are given larger weights than those with
more probability. Therefore, the new Gaussian component
fk focuses on those features which are poorly modeled by the
current model Fk−1, in much the same way as other boosting
algorithms [35, 36].
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3.4. Initialization of Sample Weights. There is a problem with
the initialization values of weights based on boosting theory
which can be computed by using equation below:

w0(Xt) = 1
Fk−1(Xt | Ψk−1)

, (8)

where Ψk−1 = {Φk−1,Ψk−2}. The dynamic range of Fk−1

is large in a way that it could be dominated by only a few
number of samples with low probability or outliers. We use
the so-called “Weight decay” method [37] to overcompensate
for the low probability by smoothing sample weights based
on power scaling:

w0(Xt) =
(

1
Fk−1(Xt | Ψk−1)

)p

, 0 < p < 1, (9)

where p is a decay parameter or an exponential scaling factor.
In the second method the idea of sampling boosting in [35] is
applied to form a subset of training feature vectors according
to the mean and variance values of the decayed weights.
Afterwards, vectors contained in the just created subset are
utilized with equal weights to estimate the new component
parameters. Assume M and σ2 denote the mean and variance
of weights calculated in (8) as defined below:

M = mean
{

logw0(Xt)
}

,

σ2 = variance
{

logw0(Xt)
}
.

(10)

Then, the aforementioned subset with large weights is
selected as described below:

Xsub =
{
Xt | logw0(Xt) > M + βσ

}
, (11)

where β is a linear scaling factor to control the size of subset
Xsub.

3.5. Process of Adding a New Component. In the adding
process the part of training vectors in which fk(X) had
a higher value than the reminder of the mixture model,
denoted by Fk − { fk}, was selected. Then this subset of
data Xsub should be modeled by a small GMM consisting
of two Gaussian components called f ∗k and fK+1. The
initial component came from the EM-based re-estimation
algorithm, and then the second component and its weight
were estimated based on BML method and line search,
respectively. We considered the estimated component—the
second one—as an initial component and ran BML method
again. This process continues repeatedly, until it reached
the optimal maximum log-likelihood estimate of parameters
over Xsub. This procedure for finding the best two new
components fK+1 and f ∗k continued for k = 1, . . . ,K .
Amongst all the created K mixture models, denoted by FK+1,
the one that gave the highest value of the objective function
(same as log-likelihood value) was selected and added to the
mixture by adjusting its weight.

3.6. Partial and Global Updating. In the previous step,
instead of finding the new mixture weight from the line
search below:

π∗k = argmax
πk∈[0,1]

C
(

(1− πk)Fk−1 + πk f
∗
k

)
. (12)

There is an alternative method called partial updating in
which each new component and its weight are estimated at
the same time, which is preferable since it may result in more
robust and reliable estimation:

{
f ∗k ,π∗k

}
= argmax

πk, , fk

C
(
(1− πk)Fk−1 + πk fk

)
. (13)

All the equations for updating weight assigned to feature
vector Xt, mixture weight value, and mean and covariance
matrix are estimated as follows [14]:

wn(Xt) =
fk
(
Xt | Φ(n)

k

)

πn
k fk
(
Xt | Φ(n)

k

)
+
(

1− πn
k

)
Fk−1(Xt | Ψk−1)

,

γt
(
Φ(n)

k

)
= wn(Xt)
∑Tj

t=1 wn(Xt)
,

πk
n+1 = 1

T

Tj∑

t=1

πn
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n(Xt),

μk
n+1 =

Tj∑

t=1

γt
(
Φ(n)

k

)
· Xt,

Σn+1
k =

Tj∑

t=1

γt
(
Φ(n)

k

)
·
(
Xt − μn+1

k

)

×
(
Xt − μn+1

k

)Tr
.

(14)

Moreover, in order to speed the converging process up and
find the minimum number of Gaussian component in the
final mixture, current mixture model Fk should be updated
globally over training data samples before adding the next
component. For example, in the GMM with k components,
denoted by Fk, the kth component can be reestimated for
k = 1, . . . ,K when the reminder of the mixture model is
assumed to be fixed. This procedure continues iteratively
until the objective function value reaches a local maximum.
It means that after obtaining a mixture model FK , we could
update each component fk and its weight over all training
feature vectors by using the same updating equations.

3.7. Criterion for Model Selection. The process of adding new
mixture component to previous mixture model continued
incrementally and recursively until the optimal number of
mixtures is met. The set of Gaussian components selected
should represent the space covered by the feature vectors. For
this purpose the selected strategy to stop the adding process
is a criterion-based one called Bayesian inference criterion
(BIC). It can be represented as the following [15]:

BIC(k) = −C(Fk) + Mk log
(
Tj

)
, (15)

where C(Fk) is the log-likelihood function of the mixture
model over all training data, Mk is the number of parameters
used in model Fk, and Tj denotes total number of training
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Figure 3: Block diagram of learning GMM using adapted BML
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data for the jth pathology class. The second term in BIC
equation is a penalty term for the number of parameters
in the model. BIC is closely related to Akaike information
criterion (AIC) [38, 39] but the penalty term is larger in BIC
than in AIC. Figure 3 shows a brief review of all mentioned
processes to train a GMM for each available pathological
condition in order.

3.8. Decision Rule. The likelihood of a feature vector X given
a Gaussian model L is defined as

L(X) =
K∑

k=1

πkN
(
X | μk,Σk

)
, (16)

where μk and Σk are mean and covariance parameters for a
set of K Gaussians and πk is a normalizing factor that also
weights them appropriately and constrained such that 0 ≤
πk ≤ 1 and

∑K
k=1 πk = 1. Each of the trained mixture models

L j approximates the distribution of the features of one class
only. There is significant structural difference between cry
signals of infants with different pathologies. Therefore we can
assume that the distributions of the features of each cry signal
are different. As a result, when classifying a feature vector
Xi belonging to pathology class i we will expect Li(Xi) >
L j(Xi),∀ j /= i. One of the common decision rules is to select
the hypothesis that has the highest likelihood value called the
maximum likelihood (ML) decision criterion:

Pathology Class # = max
j

{
L j(X)

}
. (17)

Likelihood values of undertest infant’s cry signal were
computed according to generated Gaussian mixture model
for each Class j , j = 1, . . . ,C, then by the use of the ML rule
the decision was made. Figure 4 shows how mixture models
trained on the MFCCs are associated with different patho-
logical conditions. NHF and NHP are the total number of
Gaussian components which can describe models of healthy
full-term and premature infants, respectively. Similarly, NSFi

and NSPi are the numbers of Gaussian components for full-
term and premature infants with pathology i, respectively.

4. Experiments

For implementation the cry database was split into two
disjoint subsets for training and testing. Almost 63% of

Gaussian mixture with
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NHP components
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Preterm
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Sick infants

Pathology i
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..
.

..
.
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.
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Figure 4: Mapping of estimated GMMs to pathological conditions.

total cry signals were utilized for the training phase and
the rest for testing phase. After creating GMMs for each
available pathological condition in the cry database using
adapted BML method, we can assess what accuracy rate
it may have. The MFCC order has also been studied
experimentally for speech recognition. A total number of
12 MFCCs are common in speech processing [20, 23] and
they are computed directly from the data. It is that same
number which is used in [40] to recognize speech emotion
via HMMs. The energy within a frame is also an important
feature that can be easily obtained. For better performance,
the 0th cepstral coefficient {c0} is appended to the feature
vector as the 13th feature. The initial coefficient represents
the average energy (weighting with a zero-frequency cosine)
same as role of the log energy {E = log

∑N
n=1 S

2
n} [29, 30].

Therefore, used feature vectors are composed of the first
13 MFCCs {cn, n = 0, 1, 2, . . . , L = 12}. As we defined
earlier, L is the desired length of cepstrum and it is a fixed
parameter. The higher-order MFCC does not further reduce
the relative error rate with a typical speech recognition
system in comparison with the 13th-order MFCC, which
indicates that the first 13 coefficients already contain most
salient information needed for speech recognition [29]. We
made full use of both initialization methods with decay
parameter p = 0.05 and linear scaling factor β = −0.5
values for the parameters to overcome overfitting and the
small covariance matrix which was created after several
iterations. It is those same parameter values which are
set and designed for BML algorithm in large-vocabulary
continuous speech recognition tasks in [14]. After that only
samples in a subset with equal sample weights were used
to estimate the mean and covariance matrix of Gaussian
components. The presented method had a vital role to
achieve good performance and avoid the overfitting problem
in the learning step.

In the first experiment, the NCDS was tested on sev-
eral multipathology classification tasks. It consisted of all
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Table 2: Obtained accuracy rate for multipathology classification task (%).

Frame duration method
20 msec 25 msec 30 msec

EM based ABML EM based ABML EM based ABML

1 100 100 100 100 100 100

2 100 100 100 100 100 100

3 100 100 0 50 0 50

4 75 100 75 100 75 50

5 100 88.9 100 100 100 100

6 100 100 100 100 100 100

7 80 60 40 60 20 40

8 100 100 100 100 100 100

9 0 0 0 0 0 0

aforementioned conditions in the cry database. It could be
difficult to evaluate the effectiveness of the created GMMs
for modeling and adapted BML method for learning the
mixture model by extracting a single feature from a small
cry database. Nevertheless our results show that it had a
better accuracy rate compared with conventional EM-based
method for GMMs as our reference system. It is worth
mentioning that the GMMs created by the EM-based re-
estimation method for each class were trained by setting
the number of components equal to that of mixture model
learned by adapted BML method. Here, we address the
question of the classification performance with respect to the
frame length by evaluating the system with different frame
durations but same overlap percentages (30%) between two
consecutive windows. In order to extract MFCCs, frames
with different durations are used while 30% overlap was
introduced between two consecutive windows. Table 2 shows
the obtained accuracy rate for all 9 different groups of infants
in the order they are shown in Table 1 for frame durations
20 msec, 25 msec, and 30 msec. It can be seen that both
methods delivered great performances for most pathology
classes, but the presented method had better final outcomes.
For the premature infants with “Coarctation of Aorta” it
seemed that the learned pattern was not well defined enough
to be capable of accurately classifying them. We believe this
was due to either small number of training samples (6 and 4
samples of infants’ cry for training and testing, resp.) or used
pathologically noninformed features for this disease.

To better understand the effect of frame duration on the
performance, the mean values of classification accuracy rates
are computed from frequency distribution over 9 pathology
classes and they are given by [41]

Mean =
∑9

i=1 fimi
∑9

i=1 fi
, (18)

where fi and mi show the frequency and obtained accuracy
rate for ith pathology class. The results in Figure 5 show
that the performances of both EM-based and adaptive
BML methods degrade when the frame duration increases.
Therefore, the system performance is the best when using
20 msec frame length to extract MFCCs. In addition, Figure 5
says that the presented adaptive BML method, on the
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Figure 5: Mean classification accuracy rates.

average, works better than the EM-based method when
frame duration varies.

The coefficient of variation (CV) is particularly useful for
representing the reliability of performance tests which is the
coefficient of dispersion based on standard deviation. It gives
the standard deviation as a percentage of the mean values as
follows [41]:

Standard Deviation =
√
√√
√
∑

fim
2
i −

(∑
fimi

)2
/
∑

f
∑

fi − 1
,

CV = Standard Deviation
Mean

× 100%.

(19)

In Figure 6 we present this coefficient of dispersion for both
techniques with different frame durations. The larger the CV
is, the more the performance varies. Since the coefficient of
variation is less for shorter segments, their performances are
therefore more consistent. The CV values for adaptive BML
method are much less than those of EM-based method for
frame length 25–30 msec, although they are so close to each
other for frame length 20 msec.
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The large cry-signal database is required to make well-
defined mixture model to keep the number of components
as small as possible. As we said earlier, in large cry-signal
samples, a small number of outliers are to be expected. The
number of components that minimize BIC in each mixture
models is shown in Figure 7.

The second experiment was designed to test the diag-
nostic system for binary classification task in which all cry
data in database were organized into two separate groups,
namely, healthy and pathological. Note that, here the frame
length of 30 msec with 30% overlap has been used. In this
experiment for each defined infant’s class, a GMM which
fitted extracted data from cry signals is trained by utilizing
adapted BML technique. The number of components in
the mixture models for healthy and pathological classes was
estimated 9 and 12, respectively. These numbers of compo-
nents were employed in learning steps of mixture models
by conventional EM-based method just like in the previous
experiment. Table 3 displays two confusion matrices that
allow visualization of the performance of each method in the
binary classification problem. These two matrices, for (a) the
proposed method and (b) conventional EM-based method,
are provided for comparison which makes it easy to see if
the system is confusing two predefined classes by containing
the number of healthy and pathological infants that were
correctly classified or mistakenly classified.

True positive (TP) and true negative (TN) rates are
defined for a two by two confusion matrix, as calculated
using the following equations [42]:

TP = d

c + d
, (20)

TN = a

a + b
, (21)

where “a” and “d” are the numbers of correct predictions
that an instance is negative or positive, respectively. The
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Table 3: Confusion matrix for defined binary classification task.

(a) Proposed ABML-GMM method

Predicted classes

Actual classes Pathological Healthy

Pathological 21 5

Healthy 3 20

(b) Conventional EM-GMM method

Predicted classes

Actual classes Pathological Healthy

Pathological 26 0

Healthy 6 17

Table 4: Obtained two statistical measures for binary-classification
problem.

EM-GMM ABML-GMM

Test sensitivity 100% 80.77%

Test specificity 73.91% 86.96%

other parameters, “b” and “c” are defined in a similar way
by counting the number of incorrect predictions that an
instance is positive or negative accordingly. In the pathology
diagnostics system, true positive rate or test sensitivity
shows the ability of the system to correctly detect infants
with disease, whereas true negative rate or test specificity
demonstrates the ability of the system to correctly identify
those without disease. Both statistical measures of the two
methods are summarized in Table 4.

The ramification of false positive (type I error) and false
negative (type II error) in some cases especially medical
examinations are not the same [18]. One can be more costly
and irrecoverable than the reverse situation. Preferably, the
classifier should be able to provide a balanced degree of
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predictive accuracy (ideally 100%) for both the minority and
majority classes in our imbalanced data which is a direct
result of the nature of the cry database.

5. Conclusion

A newborn cry-based diagnostic system (NCDS) based
on extracting mel-frequency cepstral coefficients (MFCCs)
from infant’s cry signal is presented in this paper. For
all cry samples which belong to the healthy infant class
or pathological infant classes with different physiology
conditions, a mixture model with separate Gaussian pool
was estimated as a cry pattern. Adapted boosting mixture
learning (BML) method was introduced to train mixture
models. Some advanced techniques of signal processing and
machine learning were employed in different parts of the
learning process such as adding new component, weight-
ing function for samples, model selection, and global re-
estimation of parameters. In multi-pathological classification
tasks, results show that, on the average, the presented method
achieved a higher classification accuracy rate to identify
infants’ diseases than EM-based re-estimation algorithm for
Gaussian mixture models (GMMs). The performance and
reliability of adaptive BML-GMMs are the best when using
20 msec as a frame duration and gradually degrade when
the length increases further. The results demonstrate that
the adaptive BML method can provide better classification
accuracy rate than EM-based method with higher system
reliability. For binary classification problem, with 30 msec
frame duration (the worst-case scenario), adapted BML can
identify full-term and premature healthy infants better than
EM-based method, but on the other hand it delivers a little
lower performance than EM-based method for sick infants.
However, adapted BML provides better balanced degree
of predictive accuracy for both the minority and majority
classes (test sensitivity 80.77% and test specificity 86.96%).
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