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Abstract - Gender identification of a speaker, which is the
everyday distinguishing speech's characteristic. It can
effortlessly be identified by an individual who hears it. It is
substantially vital for many applications to identify gender
information driven from signals of speech. With the help
of gender recognition, the systems which are dependent on
gender are defined. Proper gender identification can
increase the efficiency and robustness of any gender-
dependent system. In this research, Identification of
gender is developed using MFCC coefficients and other
acoustic properties taken from signals of speech with
GMM. Testing was conducted using Surftech's Free
American English Dataset (SLR45) with speech from ten
speakers (five females and five males). So here we are
determining the gender of a speaker using MFCC and
other acoustic features and GMM and five other types of
machine learning algorithms (Neural Network, Decision
tree, Random Forest SVM and Gradient boosting) for
classification of gender. The results achieved show that
GMM and gradient boosting perform better using
MFFCC and other acoustic features.

Keywords: Machine Learning, SVM, Gradient boosting,
Neural Network, Mel-frequency cepstral coefficients,
Gaussian mixture model.

I. INTRODUCTION

Any listener with a speech of content may easily
understand speech characteristics, for instance, age, the accent
of gender, and the emotional state of a speaker. In a speech,
the most distinct feature is a speaker's gender. Automated
gender identification is helpful in many areas. Preliminary
information of gender of the speaker in automated gender
identification provides the means to define models which
depend on gender, and gender-dependent models provide
comparatively good results the other system [1, 2].

In gender identification, conversion of speech has to be
done first, which is technically known as features, .so feature
selection is a driving factor, amongst others improving the
success rate of the system. With the advancement in
technology, there are many ways to denote speech signals.

© 2022 ICJES All Rights Reserved

Different features are applied. Frequency pitch, the format of
frequency and energy [3,4]. There are various classification
methods to model speech signals transformed into feature
vectors: GMM Gaussian Mixture Model, SVM Support
Vector Machine, (HMM) Hidden Markov Model and (NN)
Neural Network are usually applied in the identification of
speech [5,6,7].

In the fundamental frequency is a mainly used feature for
recognition of a speaker’s gender [8]. The fundamental
frequency is entirely dependent on the quality of the voice. It
can be collected from portions of the voice of speech. In the
pitch frequency of males and females, there is an intersection
point; hence fundamental frequency is not sufficient for
gender recognition. Till now, exploration of different features
and classification has been done. In research using
fundamental frequency and the first two formants, 88.42%
accuracy is obtained [3]. In this research, the Fault rate is
considerably decreased by making use of features of MFCC
and fundamental frequency [5]. Finally, we are doing the
experiment and determining the MFCC’s and other extracted
voice features success feature vector in recognition of gender
recognition is analyzed for ten English speakers (five females
and five males) the result achieved is 95% and we have also
used the same extracted for classification of gender, five
algorithms (SVM, Decision tree, Random Forest Gradient
boosting and Neural Network) were used here for
classification gender.

Il. FEATURE EXTRACTION

Signal of speech not only contains information, but it
holds information about the age of an individual, gender of a
speaker, emotional state of a speaker. Determination of
essential features is done in the first phase of this
identification system. Once the essential features are decided
then in next stage the conversion of the speech signal into
values of measurement which contain typical features and
shorter variability denoting a characteristic of speech is done.
The conversion methods are parametric and non-parametric
models.
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Humans' production mechanism defines a speech
production model in parametric models; it generally uses
linear predictive coding speech analysis for this aim. The non-
parametric method uses MFCC. It is based on the mechanism
of perception of human speech. in this research, other essential
voice features such as mean frequency, mode frequency, first
quartile, third quartile are also extracted using Fast Fourier
Transform, and these extracted voice features combined with
MFCC are used as feature vector to train GMM model to
identify the gender. The extracted features using FFT is given

in the below figure 1.
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Figure 1: Acoustic Properties with Distribution
A) Mel-frequency cepstral coefficients:

Mel-frequency cepstral coefficients is considered to be a
commonly applied feature in speech as well as in recognition
of the speaker [9,10]. In an experimental study, volkman and
steven found out that the system of human hearing senses
frequencies in range 1 KHherz and above algorithmically.
Below, the relationship between me frequency and actual
frequency is given in Equ 1.

mel(f) = 2595 x logyg (1 + 7](;0> ¢))

In Mel-frequency cepstral coefficients speech is converted
into parameters. Block diagram for MFCC is given below.

Input speech

ﬂ Pre-emphasis |_ ‘ Framing

 Melspectrum  Mel-Frequency Spectrum ‘ Fast Fourier
Cepstrum Wrapping transform

Figure 2: MFCC
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B) Pre-emphasis

Compensating of the higher frequency being suppressed
in producing mechanism of human sound is the importance of
pre-emphasis. Digital filter having a particular function
transfer is applied for pre-emphasizing speech. Here
arithmetical Equation for high pass filter is given in Equ 2.

y(n)=xm)—qxx(n-1)
Y[n] =x[n] —ax*x[n—1], a = (0.95—-0.97) (2
In this research we have taken a=0.97
C) Framing and Windowing

In framing, the signal of speech of input is split up into
frames having a duration lesser than the duration of the
window, and as a signal of speech is not fixed .so signal
properties changes swiftly, it makes it impossible for Fourier-
transform to apply for the signal of speech. The MFCC
approach, like all speech analysis methods, is used on short
segments where the voice exhibits stationary acoustic
properties. These segments are usually 20-30 milliseconds
long, with a 10-15 millisecond shift along with the signal. As a
result, each frame incorporates a bit of the preceding frame. In
general, a hamming window is desirable. The Hamming
window is written as,

wn] = 0.54 — 046*cos(N )o<n<N—1 3)

D) Frequency Spectrum

FFT transforms speech signals from the domain of time to
the domain of frequency once they have been separated into
analysis windows. The amplitude spectrum is a notation that
represents the frequency distribution of a voice signal.

E) Mel-warping

A set of filters arranged with regard to mel scale linearly
is applied to transform the resulting amplitude of spectrum
into mel scale. This set comprises 50 percent overlapping
triangular band pass filters. Between 20 and 30 is chosen as
the filter coefficient.

F) Mel Spectrum and Cepstrum

At this point, the mel spectrum is calculated by
multiplying the amplitude spectrum of the signals by the
applied honey filters and calculating the logarithm of the
power in each filter. The DCT in Eq (4) is used back to the
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time domain when the logarithmic coefficients of the honey
spectrum are real integrals.

The generated coefficients are referred to as a

consequence (MFCC).

C, = XK_11og(S;) cos(n(k — %)% n=01,.. K, k=
01,..K (4

Mel spectrum coefficients are represented by, where
k=1,2,...,.K. The average logarithmic energy is retrieved from
the feature vector since the first component acquired as a
significance of conversion represents it.

I11. GAUSSIAN MIXTURE MODEL

The GMM modeling's fundamental aspect is finding a set
that collects the mean vector and mixture's weight from each
accent's training speech utterance. Samples of training are
taken from the American English corpus by Surfingtech,
having utterances from ten speakers. Using training samples,
different feature vectors could be extracted to use it to identify
gender here MFCC feature is used for each test sepal signal.
Then GMM testing can be applied for every speech signal and
calculating the maximum likelihood score and then comparing
both scores, and finally predicting a speaker's gender based on
maximum likelihood score. Here we have used the maximum
likelihood method to estimate the parameters of the Gaussian
mixture model.

The maximum likelihood is calculated using below equation
P(X|A) = Zica Wi P (X, Ti) - (B)

Loy ) \Ty—1cy_ .
Where P (X, Ti) =#Zklez(x w)TET K =) is

distribution of Gaussian.

A=training data

u is the mean

>'=co variances of matrices

W, =wights

K=index of GMM components

The recognition of gender is done in 3 steps. First, we
have to retrieve the essential voice features, then computing
the likelihood of belonging to a particular gender, and lastly
making the comparison of both scores and deciding the gender
of a speaker.

3.1 Parameter Estimation
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There are several approaches for estimating appropriate
Gaussian Mixture Model parameters for feature’s vectors
distribution derived from speech. Maximum likelihood (ML)
estimate is the most well-known and well-established of these
approaches. From the available training data, the goal of
Maximum likelihood estimation is to discover the parameters
which maximize the Gaussian Mixture likelihood.

PX|D) =TIl-ipxD)  (6)

This equation is a nonlinear function of the A parameter,
and it is difficult to maximize it directly. As a result,
parameter estimation of Maximum likelihood is accomplished
by an iterative aspect process known as expectation
maximization (EM).

3.2 EM Algorithm

The Expectation-Maximization algorithm is a generic
approach for estimating ML parameters from data sets that are
incomplete or have some missing data. The EM algorithm has
two fundamental uses. The first arises when there are actually
some missing values. Missing values might be the result of a
malfunction with the observation process or constraints. The
second situation comes when solving the likelihood function
analytically is challenging, but we can simplify it by
supposing that missing or concealed parameter exists. In
pattern recognition, the letters are more extensively utilised.

Assume that X is not a complete set of data and z=
(z1,...,zk) is a random variable which exists, with K-
dimensional indicating the identification of the mixing
components that create X. The mixing model is written as.

P(X|D) = YKoy appx Flz, A) (7)

Where p;, (¥|z;, 1) are densities of components described
by A each, A is a pointer variable with only one and the rest
zero, and a,=p(z,) are the mixture weights whose total
YK_,ai is LIt denotes the likelihood of any picked %vector
randomly created by the k™ components.

The EM method begins with an initial estimate of 4 and
updates A it till convergence is achieved.

Random or heuristic approaches can be used to select
initial parameters and weights. There are Expectation and
Maximization steps in each repetition.

Expectation -Step: The probability w;, of each data point
tox; 1 <i < Nbelonging tol < k < K is calculated using the
current A values. The Eq .8 mixing component (10). The total
of mixing weights is equal to Y¥X_, wik = 1 - for each data
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point; x;. in this stage, a NxK mixed weight Matrices is
created, with sum of every row equal to 1.

v (Xilz,Ar)-ak ( )

21’;:1 pm (ilZm Am)-am

wy = p(zy = 11X, 1) =

Maximization-Step: To find and make calculation of new
parameters values, first compute the total of mixture weights
N =YK_, wik for all components. This is the sum of data
points which are actually used. That belong to the k™
component It is possible to create a new mixture weight,
mean, and covariance matrix. Equations (9), (10), and (11)
were used to calculate the results.

new _ Nk

@, 1<k<K (9

— 1 x.
T (H) YN wy X, 1<k<K (10)

N
1 —  —new ¥ onew
anew — (Nk> E Wl_k_(xi—‘ukne ).(xi_llkne )T (11)
i=1

After all of the new parameters have been calculated, repeat
the process. Step Expectation is returned, and member weights
are computed and updated. The parameterization procedure is
still in progress. A pair of Expectation and Maximization steps
is required. As though it were a single iteration each cycle
concludes with an equation (12) defines the logarithmic
likelihood value as calculated, and if there were no significant
changes noticed at the end Convergence is achieved after a
certain number of iterations.

N
logl(®) = )" logp(F12)
i=1

= XiLi(log Y-y vk (Kilzi, 1)) (12)

The Gaussian distribution for the k™ mixed component is
P (X1 Zi, i)

IV. EXPERIMENTAL RESULTS

In this research, automated identification of the gender of
a speaker is proposed. There are two main stages. Firstly, the
system is entirely trained by using sentences of a known
gender speaker. Secondly, the testing is done by using the
vocalized sentences of the unknown speaker. We have used a
free dataset American English corpus by Surfingtech, having
utterances from a considered set of ten speakers (five females
and five males) in the Training stage of gender identification
of speaker and two Gaussian mixture model models are built,
one for male and another female feature vector are MFCC
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coefficients and other acoustic voice properties extracted using
FFT. Five different machine learning algorithms (SVM,
Gradient boosting, Neural Network, Decision tree, Random

Forest) for classification of gender the obtained result is given

in table 2.

Table 1: Confusion matrix for GMM model

Gender expected | Gender expected
being female being Male
Gen_der guessed 563 28
being Female
Gender guessed
being Male 21 346

By considering above table, we can calculate the accuracy

of our system

= Precision for of gender being female = 563 / (563 + 28) =

0.95%

= Precision for gender being = 376 / (376 + 21) = 0.94%
= Accuracy of identification system = 939 / 988 = 0.95%

Table 2: Result for classification of gender

Model Training dataset | Testing dataset
Gradient boosting 95.8 93.7
Neural Network 94.1 93.7
SVM 92.7 92.1
Decision Tree 1.000 89.8
Random Forest 98.9 93.3

V. CONCLUSION

In this research work, the type of speaker was determined
by generating the MFCC coefficient and other acoustic
properties of the sound from the speaker formulation using a
Gaussian mixture model. Five different machine learning
classification algorithms are used for the classification of
gender. GMM and Gradient boosting algorithm give excellent
results. For feature scope, the performance can be improved
and may provide better result by making use of normalization
of GMM UBM-GMM.
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