 Indian Academy of Sciences

Sådhanå (2021)46:138
https://doi.org/10.1007/s12046-021-01649-6

Sadhana(0123456789().,-volV)FT3](012345
6789().,-volV)

A strong hybrid AdaBoost classiﬁcation algorithm for speaker
recognition
V KARTHIKEYAN1,*

and S SUJA PRIYADHARSINI2

1

Department of Electronics and Communication Engineering, Kalasalingam Institute of Technology,
Krishnankoil, Tamil Nadu, India
2
Department of Electronics and Communication Engineering, Anna University Regional campus-Tirunelveli,
Tirunelveli, Tamil Nadu, India
e-mail: velkarthi85@gmail.com; sujapriya_moni@yahoo.co.in
MS received 28 January 2021; revised 12 May 2021; accepted 17 May 2021
Abstract. Recognizing the person from a sample of their voice print or speech samples is known as Speaker
recognition. It is an emerging technology, in recent years machine learning (ML) based classiﬁcation schemes
have been observed as one kind of alternate solution for speaker recognition. In this paper adaptive boosting
(AdaBoost) combined with a powerful ML classiﬁer (Random Forest) is proposed to handle multi-class
imbalanced speaker data classiﬁcation. Based on weights AdaBoost integrates several sub-classiﬁers and constructs a robust classiﬁer. A new strong and more accurate technique is proposed by employing Random Forests
as the initial stage classiﬁer and AdaBoost as the subsequent stage classiﬁers, to decide the class that the speaker
sample belongs to. Three dissimilar datasets are utilized to estimate the robustness of the proposed hybrid
AdaBoost technique. The classiﬁcation results of the hybrid RF-AdaBoost are evaluated against other state-ofthe-art algorithms (kNN, SVM, RF, kNN- AdaBoost, and SVM- AdaBoost), experimental results convey the
proposed algorithm improves accuracy as well as stability for the imbalanced speaker data. The f1_score for RFAdaBoost is 92%, as well as it produces minimum root mean squared value. The stability of the hybrid algorithm
is evaluated using Matthews correlation coefﬁcient (MCC), g-means metric value, and variance, it shows RFAdaBoost outperforms the other state-of-the-art algorithms in all the aspects of speaker recognition.
Keywords.

Machine Learning; Random forest; Support vector machine; kNN; AdaBoost.

1. Introduction
The human voice is said to be highly dependent on the
speaker who produces it. Studies have shown that no two
individual’s voices [1] are perfectly alike. The speech
features of what discriminates the variations among the
speaker’s samples are vague and complex to split from
signal features that affect speaker identiﬁcation [2]. For the
continuous varying nature of the voice signals, the fast
Fourier transform (FFT) [3] is used as a major future for
automatic speaker recognition (ASR) systems in the ‘70s.
According to [4] Ramachandran et al the sources of difference between speakers are three-fold namely: (1) the
variation in talking fashions (including pronunciation), (2)
the vocal cords and vocal tract shape variations, ﬁnally (3)
how to convey particular information. Still, a speaker’s
tendency to use a certain slogan, phrases, and syntactic
structures (to mention 3rd person) is difﬁcult to compute in
an analysis. ASR schemes make use of the initial 2 sources
by inquiring about the lower-frequency audio aspects of a
*For correspondence

speech signal [5]. In the classiﬁcation process label class is
allocated to unlabeled data samples. It is further classiﬁed
into unsupervised and supervised classiﬁcation, it is also
called clustering [6]. Speaker identiﬁcation/veriﬁcation [SI/
SV] is an essential subject in speaker recognition and has
numerous uses, mainly in safety schemes [7]. Speaker
recognition is widely used in voice-controlled systems and
extensive publications have been brought out by researchers in this ﬁeld [1, 2, 5, 7]. The process of taking a binary
decision on speaker sample is known as SV i.e. one to one
comparison [8] whereas in SI, the identity of the speaker is
recognized by comparing with all the samples in the dataset
i.e. one to N comparison (N-number of samples in the
dataset). In speaker veriﬁcation (SV), (-ve) recognition is
used in the biometrics, and (?ve) recognition is used in a
token, keywords, etc. and SV is further classiﬁed into textdependent and text-independent schemes. The testing phase
needs the same speaker samples used in the training phase
in a text-dependent scheme but the speciﬁc speaker samples
not necessary for the text-independent modules [9]. Many
authors used Mel Frequency Cepstral Coefﬁcients (MFCC)
[10] for SI/SV because of its capability to produce a short-
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time power spectrum from the voiceprints. An MFCC block
mainly contains the acoustically activated ﬁlter bank followed by the compression using the log operator ﬁnally
cosine transform is applied to the speaker samples to obtain
the MFCC feature vector [11]. Also to MFCC, various
other features such as line spectral frequencies (LSF) [12],
Perceptual linear prediction (LP) [13], linear predictive
cepstral coefﬁcients (LPC) [14, 15] of the voice samples are
used for the ASR system. Feature enhancement is
employed to select the best features to train the speakers’
models i.e. non-parametric models (template models) and
parametric models (stochastic models) [5] for speaker
recognition. In the nonparametric models dynamic time
wrapping [16], and vector quantization [17, 18], for the
training and test samples a quantity of similarity is measured to match the models. Whereas in parametric models,
the probability density function for the voiceprints is estimated to match the training and testing speech samples.
The hidden Markov model (HMM) [19, 20] and Gaussian
mixture model (GMM) [21] are the mainly used parametric
models in the SI/SV system. Ali et al used a fused classiﬁer
model [22] and Shah et al used a fused algorithm for
speaker classiﬁcation [23]. In recent years, Srinivas and
Santhirani used adaptive fractional bat-based support vector
neural network (AFB-based SVNN) for ASR [24] and
cosine distance measurement-based scoring mechanism is
used for SV [25]. This work emphasizes the scheme for the
ASR system that incorporates boosting (AdaBoost) with
machine learning algorithm random forest (RF) as a weak
learner. RF-AdaBoost combines the power of weak learners
[26] with the random forest where the classiﬁer accuracy is
strengthened by growing multiple trees instead of a single
one [27]. The random forest decides by combining the
prediction of every decision tree where every tree in the
forest depends on some random vector a. This hybrid
AdaBoost algorithm is used to construct a stronger and
highly accurate speaker recognition system.
Contribution of the paper:
An RF-AdaBoost algorithm based ASR: To avoid the
overﬁtting in the classiﬁcation, RF-AdaBoost uses RF as a
weak learner for the AdaBoost to select the more weighted
trees during the boosting process. The speaker identiﬁcation/veriﬁcation of the RF-Adaboost is compared with
single classiﬁers (kNN, SVM, and RF) and other combined
classiﬁers (kNN- Adaboost, and SVM- Adaboost) for the
recorded experimental dataset of 11 speakers, English
Language Speech Database for Speaker Recognition dataset (ELSDSR), and TIMIT acoustic-phonetic Continuous
Speech dataset.
The performance of this hybrid classiﬁer is measured
using fundamental evaluation measures (e.g., accuracy,
speciﬁcity, sensitivity, false acceptance rate, false rejection
rate, and f1_score) and the stability is analyzed using root
mean squared error (RMSE), Matthews’s correlation coefﬁcient, g-means metric value, and variance. The rest of the
work is arranged as follows: Section 2 discusses the
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literature of speaker recognition followed by section 3
elaborately explains the proposed hybrid AdaBoost algorithm, 4th section provides the results and discussion details
and the work is concluded in the 5th section.

2. Motivation
This section surveys various techniques and models used
for speaker identiﬁcation, veriﬁcation and, classiﬁcation
and their challenges.

2.1 Literature review
Freund and Schapire suggested an adaptive boosting
algorithm called AdaBoost to upgrade the generalization
performance of any learning scheme [28]. Schwenk used
the Markov model/ neural network joined with AdaBoost
to improve the speech recognizer performance [29]. A
dynamic hybrid support vector machine with a GMM
model is used by Fine et al for SI [30]. Thongkam et al
has proposed a novel adaptive boosting joined with
random forest for breast cancer survival prediction [31].
Speaker veriﬁcation utilized a minimal amount of voice
samples are done by Vogt et al [32]. Amami et al has
exploited the Adaboost with the hybrid model suggested
by Fine et al for the imbalanced speaker samples [33]. A
new windowing scheme for the effective measurement of
mel frequency cepstral coefﬁcients is demonstrated by
Sahidullah and Saha [34], but the spectrum measurement
is complex and time-consuming. MFCC based voice
identiﬁcation has been proposed by Chakrabotry et al
[35]. Here the generalization performance degrades when
the database size and noise increase. Rao and Sarkar
evaluated the speaker classiﬁcation models’ performance
within noisy situations [36]. Gosztolya examined various
machine learning classiﬁer models for the replacement of
Gaussian mixture models combined with neural network
one among the ML scheme is AdaBoost for the classiﬁcation of phoneme samples [37]. The proposed algorithm had shown a considerable improvement in
classiﬁcation accuracy. McClanahan and Phillip have
developed a GMM (Gaussian Mixture Model)-UBM
(universal background model) to reduce the complexity
measure of the i-vector [38]. The GMM-UBM model
reduced the computation difﬁculty; furthermore, a large
storage requirement is needed. Arca et al have developed
a reliable and robust system for recognizing the spokesman in indoor [39], but the system failed to maintain its
reliability in normal surroundings. Huang et al developed
a compensation scheme using a library of cross-domain
variation to reduce the deviation in speaker recognition
[40], but it is unsuccessful to present the data to evaluate
the hyper-parameters. An ‘‘e-vector’’ based speaker
model is developed by Cumani and Laface [41] and got
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improved results with no cost of complexity or memory,
but it is not cooperative for Pairwise SVM (PSVM).
Khosravani and Homayounpour [42] proposed a language-independent PLD method for ASR, but its performance degraded under cross-channel trail conditions.
Alku and Saeidi [43] used linear predictive voice modeling from higher-lag autocorrelation values applied to
noise-ASR derive a noise-free characteristic from speech,
but it was difﬁcult to compute. Rapid SOP-based i-vector
measurement for ASR is proposed by Xu et al [44]. The
speaker recognition process is driven by this scheme with
higher accuracy. Haixiang et al utilized a particle swarm
optimized weighted hybrid kNN-AdaBoost for imbalanced data classiﬁcation and its performance is greater
than the classical single algorithms [45]. This
scheme fused the BPSO algorithm for feature selection
and utilized hybrid AdaBoost for the classiﬁcation of the
imbalanced data, the proposed methodology produced
20% more accuracy for oil-bearing identiﬁcation in
Jianghan oilﬁeld-China. Hang Leung et al used a neurofuzzy system combined with AdaBoost for the accurate
classiﬁcation of breast cancer [46]. Ranjan and Hansen
employed Curriculum Learning for the error-free ASR
scheme, but its SID performance degrades due to SNR is
not considered for test data [47]. The authors Liu et al
used hybrid GMM-CNN technique for ASR for short
duration speech samples [48], Al Amrani et al proposed
hybrid machine learning classiﬁers RF and SVM for the
emotion analysis [6], and Lu et al implemented a diverse
genetic optimizer joined with adaptive boosting for the
classiﬁcation of cancer using gene data [49]. Several
authors Han et al; Dhakal et al; Mokgonyane et al used
machine learning classiﬁers for ASR and achieved higher
accuracy in biometric applications [50–52]. A novel
Laser Doppler Vibrometer (LDV) with the tremors from
a PC screen, water bottle, and plastic bag is utilized by
Peng et al for the remote speaker identiﬁcation for the
application of forensics [53]. Gosztolya and Busa-Fekete
analyzed the performances of the support vector machine
and adaptive boosting with an artiﬁcial neural network
for the accurate classiﬁcation of phoneme data [54].
Samia et al [55] replaced a preprocessing step in an ASR
system with an adaptive noise canceller (ANC) and
Savitzky - Golay (SG) ﬁlter to improve the general
performance and stability. Chen et al proposed a strong
machine learning classiﬁer at the front end followed by
decision stumps based adaptive boosting to decide the
class of the power spectrum energy belongs [56]. Ashar
et al [57] employed a hybrid convolution neural network
with MFCC features for precise speaker recognition in a
noisy environment. The authors Kudakwashe and Oludayo used the combination of temporal and spectral
speech features from a collection of cautiously chosen
acoustic features to recognize the speaker’s emotion
using a random forest classiﬁer [58].
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2.2 Challenges
The approach to speech recognition has many challenges
and limitations. Speaker recognition systems are assessed
using the following parameters [59]:
• Collectability: It is very easy to record the voice
samples by using a mobile or personal computer and
does not require costly hardware settings. So the
algorithms used for speaker recognition should manage
various recording feature and noise environments.
• Portability: The recognition of speakers should be
highly reliable and not easy to hack. The techniques
used for ASR should meet the conditions with low
computation complexity.
• Performance: A variety of variables in an automated
speaker veriﬁcation (ASV) method, such as not-spoken
words, intense expressive conditions, interferences,
language variance, illness, and so on, contribute to
errors in recognizing and checking it. The used
schemes will have to compensate for all the issues
and should improve generalization performance.
• Mobility: Surroundings containing various forms of
noise, such as vehicles, buses, airports, or sidewalks,
which can reduce the prediction rate of speakers. The
algorithms used would have to account for all the
problems and need to boost efﬁciency.
• Universality and Permanence: Unbalanced speaker
database can be used for the training and testing of the
algorithms. Including general performance measures,
the algorithms need to preserve stability.

3. Materials and methods
This section illustrates the features and the methodologies
used in this paper. The recorded speech signals are initially
applied to the pre-processing block, here the noise, interference, and silenced data are removed and given to the
next feature extraction process. Figure 1 represents the
proposed block diagram of this work.

3.1 Feature extraction
Every individual’s voice has various dissimilar attributes
that are applied to recognize the speaker accurately. From
the recorded speech samples time-domain features (Zero
Crossing Rate (ZCR) and Entropy of Energy) are extorted
directly. Frequency domain features (Spectral Centroid,
Spectral Flux, Spectral Rolloff, Kurtosis, and Skewness)
are based on the Discrete Fourier Transform (DFT). Finally, Inverse DFT applied log spectral Cepstral-domain
attributes (MFCCs or Mel Frequency Cepstral Coefﬁcients) are extracted. Table 1 represents the features used in
this work.
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Figure 1. Proposed Block Diagram.

Table 1. Features extracted for speaker recognition.
Feature ID
(f)
f1
f2
f3
f4
f5
f6

f7

f8

Name of the Feature

Description

Zero-Crossing Rate

It is the measure of the number of times the given speech signal crosses the
value zero. It is used for ﬁnding whether the speaker is human or not
Entropy of Energy
It is used to evaluate the rapid variations in the given audio signal
Spectral Centroid
It is the evaluation of the middle gravity of the audio spectrum
Spectral Flux
It is the calculation of the normalized squared magnitude difference of the
adjacent spectral frames
Spectral Rolloff
Concentrate the frequency below which most of the spectral magnitudes are
taken
Kurtosis and skewness
Kurtosis and skewness are statistical measures for ﬁnding out the amount of
tailedness and asymmetry in a probability distribution function of an
audio signal
Autocorrelation
It is the similarity between observations as a function of the time delay
between them. So, it gives the similarity between various samples of the
same speaker
MFCCs (Mel Frequency Cepstral Coefﬁcients) The MFCC is the illustration of the small duration power spectrum of a
speech that depends on the linear cosine of the log power spectrum in the
nonlinear Mel scale

The overall feature vector f is measured using the
Equation (1) as,
f ¼ ff 1; f 2 ; f 3 ; f 4; f 5; f 6 ; f 7 ; f 8g

ð1Þ

The feature voiceprint ‘f’ is applied as a dataset to the
hybrid AdaBoost algorithm that tries to identify the speaker
accurately.

3.2 Methodology
To preserve the optimal balance of classiﬁcation accuracy
and stability, this work suggests the adaptive boosting
technique along with the weak machine learning (ML)
classiﬁers which results from a boosted learning algorithm.
After observing the results and performance assessment,
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AdaBoost can be used with the ML classiﬁers to achieve
optimum performance. AdaBoost is quick, simple, and
effortless to program with virtually no tuning constraints.
This is versatile because it can combine with many algorithms like SVM, Neural Network, Random Forests, etc.
[60].

Begin

Obtain Speaker Dataset

Train the ML weak Learners
kNN, SVM and RF

Boost the weak learners using
AdaBoost

Evaluate Classification
accuracy and Error rate

Is Evaluation
metrics satisfied?
Yes

End
Figure 2. Adaboost Flow diagram.
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3.2a AdaBoost: ‘‘Boosting’’ is the regular way to enhance
the performance of a learning algorithm by combining
moderately accurate hypotheses (weak classiﬁers). The
errors created by the weak hypotheses are reduced by the
Boosting technique. Freund and Schapire developed an
iterative training algorithm called Adaptive Boosting
(AdaBoost) [28]. Initially, the data points are applied to the
weak learner, the weakly classiﬁed points are weighted
with various probabilities, V and new data points are
formed to train the next weak learner system. AdaBoost
repeatedly iterates the weak trainer algorithm of T cycles.
After that, Adaboost minimizes the weights for the correctly classiﬁed sample points and increases the weights for
the incorrectly classiﬁed data points then the distribution V
is updated every T cycle. Finally, the moderately accurate
hypotheses are joined and form a single, highly accurate
classiﬁer [27, 61]. Figure 2 shows the ﬂow of the adaptive
boosting algorithm.
The main property of AdaBoost is that the learning error
of the ﬁnal strong classiﬁer exponentially reaches zero
when the weak classiﬁers’ accuracy better than half. It
means that the classiﬁcations of components will be signiﬁcantly higher than random estimates [62]. Adaboost.M1
algorithm is preferred in this work since the proposed ASR
scheme is a multi-class classiﬁcation with a distinct identity
label. The key procedure of AdaBoost.M1 is shown in
Algorithm 1.
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3.2b K Nearest Neighbors -AdaBoost (kNN- AdaBoost):
K-NN is an ML scheme that belongs to a classiﬁcation of a
supervised learning algorithm. It is full form is K-Nearest
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Neighbor where ‘‘K’’ is said to represent numbers from 1…
n. K-NN is preferred because it is easy to implement but
takes more memory. K-NN is based on ‘‘feature
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similarity’’. It classiﬁes a data point based on how it is
neighbors are classiﬁed. K-NN stores all available cases
and classiﬁes them based on similarity measure (i-e) distance measure.


Manhattan distance measue: aðpÞ  aðqÞ 1
N 
X

aðpÞ  aðqÞ ;
ð2Þ
¼

138
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Eculidean distance measue: aðpÞ  aðqÞ 2
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
XN
2
¼
jaðpÞ  aðqÞ j ;
i¼1

wTa+y=0
wTa+y=-1

ð3Þ
Figure 3. Support vector Machine.

q ¼ 1. . .Q

Choosing the right value of ‘‘K’’ is a process called
‘‘parameter tuning ‘‘and it is important for better accuracy
for a test sample a*(p) and the data set is ‘a’. The value of
‘‘K’’ is selected by (i) sqrt (N) where N-total no. of data
prints (ii) odd value to avoid confusion between cases of
data. The corresponding speaker a*p is identiﬁed based on
the majority voting (i-e Decision rule of kNN).
ðpÞ

S^

J


X
¼ argmaxSðjÞ
I SðjÞ ¼ #

ð4Þ

j¼1

Where # 2

n

o
Sð1Þ ; Sð2Þ ; . . .. . .. . .; SðQÞ ;

SðjÞ is the jth training point of kNN Nj
K-NN is suitable to use (i) when data is labeled, (ii) when
data is noise-free and (iii) when the dataset is small.
‘‘Boosting’’ is meant to be used for any training algorithms, the major concentration is that the training data
point’s weights are variable now. Those weights are
approached by two primary approaches: resampling using
adaptive boosting and reweighting using adaptive boosting
[27]. The Freund concept of resampling is used in this work
since k- Nearest Neighbor cannot be approximated to
directly utilize a given classiﬁcation [63]. Algorithm 2
illustrates the resampling using AdaBoost.

3.2c Support Vector Machine- AdaBoost (SVM- AdaBoost): SVM has been built from the concept of structural
likelihood reduction. The decision function of support
vector machine for speaker identiﬁcation is
;ðaÞ ¼ hw; f ðaÞi þ y

ð5Þ

Here f ðaÞ maps the sample data points of the speaker ‘a’
to feature space f(.) and :; : describes the feature space dot
product. It is solved by Khun-Tucker conditions, using
Lagrange multipliers. The optimum w and y values are
obtained by minimizing hðw; cÞ,
N
X
1
cj
hðw; cÞ ¼ kwk2 þQ
2
j¼1

Subject to constraints

 

bj hw; f aj i þ y  1  cj ;

cj  0

ð6Þ

ð7Þ

Here cj is the jth bagging variable and Q is the bias
constant parameter. The above minimization problem can
be written as per the Wolfe dual form
W ð hÞ ¼ 

N
X
j¼1

hj þ

N X
N


1X
dj dk hj hk g aj ; ak
2 j¼1 k¼1

ð8Þ
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Figure 4. Random Forest.

 

2


RBF kernal g aj ; ak ¼ e aj  ak  =2s2

With subject constraints
N
X

dj hj ¼ 0;

8 : 0  hj  Q

ð9Þ

ð11Þ

Support vectors are the centers of the RBF kernel in the

j¼1

where hj - Lagrange multiplier for the respective speaker
sample ‘aj’ and the kernel maps the input speaker domain to
the high dimensional feature domain is gð:; :Þ


 
g aj ; ak ¼ h; aj ; ;ðak Þi
ð10Þ
While compared with radial basis function [64], the
support vector machine measures the parameters threshold, weight, and center location automatically as shown
in ﬁgure 3. In this work, SVM used RBF kernel which
translates indistinguishable data space to distinguishable
feature space. Then the feature space is plotted and the
decision plane with a low margin is drawn using support
vectors to classify with maximum accuracy and precision
[65].

input speech space. The kernel parameter s and bias constant Q affect the general performance of SVM [62]. The
advantage of Boosting is weakened when applied to strong
ML classiﬁers [66]. So, SVM with weak learner ability is
joined with AdaBoost in this work with large s is chosen. In
SVM- AdaBoost the training sample weights are updated
using a reweighting technique. The proposed SVM- AdaBoost is outlined in Algorithm 3. SVM is trained with large
s for T cycles to obtain 50% accuracy. These variations are
used to obtain enhanced generality results of adaptive
boosting. This procedure repeats till the s is minimized to
the particular optimal rate.
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3.2d Random Forest- AdaBoost (RF- AdaBoost): Random
forest [67] is the robust pattern matching ML classiﬁcation
technique for multi-class [68] which is used bagging. In a
random forest, the base learner is a decision tree (DT) as
shown in ﬁgure 4. It builds a group of independent DT’s
using the classiﬁcation and regression trees (CART) algorithms [69]. Consider the speaker data set X which has
models N1, N2, N3 ...Nn, the models N1, N2, N3... are called
decision trees (DT’s). Let speaker data set X has‘d’ records
(rows) and ‘m’ orders/features (columns). The decision tree
has been formed by taking samples from rows and speaker
features of data set X with replacement. The number of
rows and columns in the DTs is less than the number of
rows and columns in the original data set. The decision
trees are trained with the data replacement [69], the data in
decision tree 1 may be present also in the date decision tree
2. Finally, test speaker data is given and the outputs given
by the DT’s are d1,d2,…dn respectively. The output is the
aggregation of DT’s results as majority voting.
An RF is a learning mechanism containing various DT’s
[g(a, al), l=1,2,….], where the al are autonomous uniformly
disseminated random features and every DT produces a unit
vote for the most popular class at input ‘a’. Let g1(a), g2(a),
…………, gl(a) be a group of weak classiﬁers. Let B, and A
are the randomly distributed sample speaker training data.
The margin function of the RF is measured using the collection of classiﬁers [67]. The Margin function is,
PL

J ð g l ð AÞ ¼ BÞ
MarginðA; BÞ ¼ l¼1
L"P
#
L
l¼1 J ðgl ðAÞ ¼ kÞ
 maxk6¼B
L

ð12Þ

Here, J(•) denotes the indicating function. If Margin(A,
B) [ 0 voting of the DT’s for accurate classiﬁcation and
Margin(A, B) \ 0 indicates the misclassiﬁcation. The
general classiﬁcation error represents the incorrect classiﬁcation rate.
Er ¼ PA;B ðMarginðA; BÞ\0Þ

ð13Þ

P-is the probability over the space A, B. For a random
forest g(a, al) ,l=1, 2, …..L , the margin and the misclassiﬁcation rate are evaluated without overﬁtting problem by
(L??) [27].
P

Er ! PA;B ðPa ðgðA; aÞ ¼ BÞ

 maxk6¼B Pa ðgðA; aÞ ¼ kÞ\0
MarginðA; BÞ ¼ Pa ðgðA; aÞ ¼ BÞ
 maxk6¼B ðPa ðgðA; aÞ ¼ kÞ
Let r ¼ EA;B MarginðA; BÞ

ð14Þ
ð15Þ
ð16Þ

r-is the expected potential of the DT’s in Random Forests
and it indicates the classiﬁer accuracy of every DT’s in the
forest. The ﬁnal raw margin function
raw marginða; A; BÞf ¼ J ðgðA; aÞ ¼ BÞ


 J gðA; aÞ ¼ k^ðA; BÞ

ð17Þ

^
B) is the highly possible estimated class other
Here k(A,
than B. The correlation between the raw margins raw
margin(a, A, B)f & raw margin(a0 , A, B)f is represented as
l(a, a0 ), the average correlation lavg takes the all the
promising trees (a, a0 ).
Er  lavg

1  r2
r2

ð18Þ

Make small l to get the r value close to 1.
The hybrid AdaBoost has two approaches; the initial
one is to increase the performance of random forests and
the second one to improve the speaker recognition accuracy [31]. In this paper, the second approach is used with
RF as a weak learner [70]. The theory behind the weak
learner algorithms is rapidly built the weak hypothesis
with a reasonable error margin, and then the adaptive
boosting scheme works rapidly with simple weak learners.
This random forest weak learner is stronger and more
accurate. The RF-AdaBoost algorithm also works well for
the imbalanced data set also. Algorithm 4 explains in
detail about RF-Adaptive boosting algorithm.
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4. Results and discussions
The proposed scheme uses a hybrid technique to resolve the
speaker recognition issues by possesses the potentials of
weak learners (K-NN, SVM, and RF) and AdaBoost at the
same time. In this section, our proposed hybrid AdaBoost
technique performances are evaluated against the commonly used classiﬁers K-NN, SVM, and Random forest,
which take Decision Tree as component classiﬁers. Then,
kNN-AdaBoost, SVM-AdaBoost, and RF-AdaBoost algorithms performance are compared against imbalanced
datasets to determine the best hybrid model for the accurate
real-time speaker recognition system. Experimental set-up
and the datasets used in this paper are mentioned in section
4.1. Then, evaluation measures are provided in section 4.2.
Lastly, section 4.3 carried experimental outputs and
comparisons.

4.1 Experimental set-up and datasets
Recorded dataset of 11 speakers, English Language Speech
Database for Speaker Recognition dataset (ELSDSR) [71],
and TIMIT acoustic-phonetic Continuous Speech dataset
[72] are used to evaluate the accuracy and stability of the
proposed hybrid Adaboost schemes. The number of
speakers in these datasets ranges from 11 to 30, the sampling rate is 16000 Hz and 16-bit rate, and the number of
training and test samples range from 150 to 2000. Every
dataset is partitioned in the ratio of 40-60% and forms
training and testing subsets. These divisions are done at
random in the experiments and the proposed techniques are
trained tested in these partitions.
To implement the proposed hybrid technique, various
hyper-parameters were selected and adjusted such as linear
regression loss along with 50 estimators is used in AdaBoost. For random forest classiﬁer (Number of trees is 10,
Maximum number of considered features is 5, Maximal
tree depth is 3 and Stops when splitting nodes with maximum instances is 5), 10 neighbors with Euclidean metric
and uniform weight for kNN and SVM classiﬁer (kernel
used is ‘rbf’, C is ﬁx as 1.0 and gamma is assigned as
‘auto’). SVM classiﬁer, kernel value was considered as
‘rbf’ and ‘linear’ while conducting the experiments and the
highest iteration limit is 50.

4.2 Evaluation measures
To evaluate the performance of the machine learning
classiﬁer models with the imbalanced dataset, two essential
criteria are measured (i) accuracy, (ii) f1_score. These two
performance values are computed with the aid of a confusion matrix [73] which will facilitate identifying the gross
effect of the hybrid models for speaker recognition.

Sådhanå (2021)46:138
Accuracy supports to determine how well the model is
recognizing the speaker samples from the datasets, whereas
precision and recall parameters are used to estimate
f1_score. The Classiﬁer accuracy should not be a default
evaluation metric for a research ﬁeld with an imbalanced
dataset [74]. For the stable performance evaluation purpose,
f1_score is used, which is necessary to understand the
outcomes of the hybrid boosting algorithms on the minority
class.
From the confusion matrix of the classiﬁer, the values of
TP, TN, FP, and FN are calculated. The term True Positives
(TP): the amount of speaker samples classiﬁed positive
which are truly positive, False Positives (FP): the amount of
speaker samples classiﬁed positive which are truly negative, True Negatives (TN): the amount of speaker samples
classiﬁed negative which are truly negative False Negatives
(FN): the amount of speaker samples classiﬁed negative
which are truly positive. The evaluation measures considered for the speaker recognition are accuracy, f1_score,
speciﬁcity, precision, recall (Sensitivity), false acceptance
rate (FAR), false rejection rate (FRR) and Root mean
squared error (RMSE). These metrics are measured based
on the positivity and negativity of the speaker recognized
by the hybrid technique.

Classification Accuracy
Number of accurately predicted speaker samples
 100%
¼
Total Number of audio samples in the dataset
ð19aÞ
Classification Accuracy ¼

Specificity ¼

TP þ TN
 100%
TP þ FP þ TN þ FN
ð19bÞ
TN
 100%
TN þ FP

Sensitivity ðorÞ Recall ¼
Precision ¼

TP
 100%
TP þ FN

TP
 100%
TP þ FP

f1 score ¼ 2 

precision  recall
precision þ recall

ð20Þ
ð21Þ
ð22Þ
ð23Þ

FAR =

FP
 100%
TN þ FP

ð24Þ

FRR ¼

FN
 100%
TP þ FN

ð25Þ

Root mean squared error (RMSE): It is a quadratic
scoring measure used to indicate the average error produced
by the classiﬁers [52].
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Figure 5. Confusion matrix for hybrid RF-AdaBoost Classiﬁer
for experimental dataset.

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u p
u1 X
RMSE ¼ t
ðxk  x^k Þ2
p k¼1

ð26Þ

Here x^k is the classiﬁer predicted speaker sample of xk
and p-is the number of voice samples in the dataset.

4.3 Classiﬁcation results comparisons
In this section, several experimental results are presented to
analyze the performance of the proposed hybrid AdaBoost
algorithm. The experiments are divided into two analyses.
The ﬁrst analysis is to investigate whether both ML and
adaptive boosting can increase the classiﬁcation results.
Thus, three single algorithms kNN, SVM, and RF are
compared against the hybrid models. The main objective of
this evaluation is to exhibit the robustness of hybrid RFAdaBoost. In the second analysis, the proposed RF-AdaBoost (RF-A) is compared with the other ﬁve state-of-theart algorithms kNN, SVM, RF, kNN-AdaBoost (kNN-A),
and SVM-AdaBoost (SVM-A) to examine stability against
the imbalanced dataset. Performances of the classiﬁers are
evaluated using the measures mentioned in section 4.2.
4.3a Evaluation of the generalization performance The
classiﬁcation output of hybrid RF-AdaBoost is evaluated
with the conventional ML algorithms. Figure 5 represents
the sample confusion matrix (CM) of the classiﬁer for the
experimental dataset.
Since this work is dealing with a multi-class speaker
identiﬁcation task, only the true positives of each class are
checked out of total samples in the dataset for classiﬁcation
accuracy as per equation (19a). The performance indices of
the classiﬁers are evaluated through the CM are shown in
table 2.
The table 2 evaluation measures indicate RF-Adaboost
algorithm shows higher performance than the other single
algorithms kNN, SVM, RF also hybrid kNN, and hybrid
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SVM algorithms. From evaluation table 2, the adaptive
boosting improves the performance of the classiﬁer than the
single algorithms. Also, RF-AdaBoost produces superior
generalization performance in terms of accuracy (99%) and
f1_score (99%). In addition to the experimental dataset
proposed hybrid classiﬁers performance is tested using the
English Language Speech Database for Speaker Recognition dataset (ELSDSR) and TIMIT acoustic-phonetic continuous speech dataset. Figure 6 presents the sample
confusion matrix of the proposed classiﬁer for the ELSDSR
dataset.
Table 3 indicates the performance measures of the
machine learning classiﬁers for the ELSDSR dataset, it
shows the hybrid RF boosting classiﬁer outperforms the
other schemes in terms of all the evaluation metrics.
Figure 7 represents the sample confusion matrix of the
hybrid AdaBoost for the TIMIT dataset.
Table 4 indicates the performance measures of the
machine learning classiﬁers for the TIMIT dataset.
From the evaluation tables 2, 3, and 4 for RF-AdaBoost,
the accuracy for all three datasets are 0.9853, 0.8760,
0.8935, and f1_ Score were 0.9853, 0.8617, and 0.9082
respectively. Both the measures accuracy and f1_ Score of
proposed RF-AdaBoost was higher than the remaining
classiﬁcation schemes, also for RF-AdaBoost, the FAR for
all three datasets are 0.0014, 0.0073, 0.0082 and FRR were
0.0146, 0.1239, and 0.2369 respectively which indicates the
RF-AdaBoost ﬁtted better than other classiﬁers with higher
accuracy and lower loss function.
The hybrid technique integrates the uniqueness of both
RF and AdaBoost to improve the overall performance of
the speaker recognition system. Figure 8 shows the evaluation measures of accuracy and f1_ Score for various
classiﬁers against all three datasets. The proposed RFadaptive boosting algorithm shows superior generalization
performance for all the datasets. Figure 9 represents the
standard deviation of speaker prediction error i-e root mean
squared error (RMSE) of the ML-classiﬁers for the experimental, ELSDSR, and TIMIT datasets. kNN classiﬁer has
the maximum root mean squared error at 3.8235 followed
by kNN-AdaBoost at 3.1132. SVM-AdaBoost and RFAdaBoost had the lowest RMSE at 0.9415 and 0.2421. RFAdaBoost classiﬁer produces minimal speaker prediction
error for all the three datasets and it is represented in Figure 9, it conveys kNN and kNN-AdaBoost misclassiﬁed
most of the samples whereas RF-AdaBoost achieved good
performance with a mean square variation of \ 1%.
4.3b Validations: Since the speakers’ sample is unbalanced, Matthews Correlation Coefﬁcient (MCC) [75] and
g-means metric value [76] are employed in this work to
further estimate the stability of the proposed hybrid techniques. MCC is represented in terms of TP, TN, FP, and FN
whereas the g-means metric is the geometric mean of
speciﬁcity and sensitivity.
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Table 2. The performance comparison of RF-Adaboost against other classiﬁers for experimental dataset.
Metrics
#
Accuracy
Speciﬁcity
FAR
FRR
f1_ Score
RMSE

Classiﬁers
K-NN

SVM

RF

kNN-AdaBoost

SVM- AdaBoost

RF- AdaBoost

0.36630
0.94715
0.05285
0.63370
0.37383
3.82349

0.61538
0.96429
0.03571
0.38462
0.68573
2.47996

0.84249
0.98473
0.01527
0.15751
0.87324
1.346546

0.58974
0.96209
0.03791
0.41026
0.69742
3.113247

0.91941
0.99207
0.00793
0.08059
0.92791
0.941513

0.98535
0.99854
0.00146
0.01465
0.98535
0.24209

Figure 6. Sample confusion matrix for hybrid RF-AdaBoost Classiﬁer for ELSDSR dataset.

Table 3. The performance comparison of RF-Adaboost against other classiﬁers for ELSDSR dataset.
Evaluation metrics
#
Accuracy
Speciﬁcity
FAR
FRR
f1_ Score
RMSE

Classiﬁers
K-NN

SVM

RF

kNN-AdaBoost

SVM- AdaBoost

RF- AdaBoost

0.39008
0.98567
0.01433
0.30992
0.68900
1.01160

0.42149
0.97389
0.02611
0.57851
0.72324
2.02814

0.79752
0.99054
0.00946
0.20248
0.77292
0.81445

0.41322
0.97354
0.00982
0.58678
0.74320
0.85101

0.83058
0.99225
0.00775
0.16942
0.82235
0.70946

0.87603
0.99262
0.00738
0.12397
0.86179
0.55377
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Figure 7. Confusion matrix for hybrid RF-AdaBoost Classiﬁer for TIMIT dataset.

Table 4. The performance comparison of RF-Adaboost against Other classiﬁers for TIMIT dataset.
Performance Metrics
#

K-NN

SVM

0.10900
0.97105
0.02895
0.89100
0.50900
2.34947

0.13270
0.97178
0.02822
0.86730
0.63270
2.25783

RF

kNN-AdaBoost

0.33649
0.97812
0.02188
0.66351
0.73649
1.85951

SVM- AdaBoost

0.57820
0.98587
0.01413
0.42180
0.68372
1.16428

0.74408
0.99133
0.00867
0.25592
0.74408
0.68637

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

Experimental DS

K-NN

SVM

RF

kNNSVMAdaBoost AdaBoost
Classification Methods

f1_ Score

Accuracy

f1_ Score

Accuracy

f1_ Score

Accuracy

f1_ Score

Accuracy

f1_ Score

Accuracy

f1_ Score

ELSDSR DS
Accuracy

Evaluation Measures

Accuracy
Speciﬁcity
FAR
FRR
f1_ Score
RMSE

Classiﬁers

TIMIT DS

RFAdaBoost

Figure 8. Accuracy and f1_score assessment of different classiﬁers.

RF- AdaBoost
0.89354
0.99180
0.00820
0.23697
0.90825
0.64636

138

Page 16 of 19

Sådhanå (2021)46:138

4.0000

RMSE performance

3.5000
3.0000
2.5000
2.0000
1.5000

Experimental DS

1.0000

ELSDSR DS

0.5000

TIMIT DS

0.0000
RMSE

RMSE

RMSE

K-NN

SVM

RF

RMSE

kNNAdaBoost
Classifier types

RMSE

RMSE

SVMAdaBoost

RFAdaBoost

Figure 9. RMSE comparison of different classiﬁers.

Table 5. MCC and g-means metric results on the three imbalanced speaker data sets.
Classiﬁer Models
K-NN

SVM

RF

kNN-AdaBoost

SVM- AdaBoost

RF- AdaBoost

Dataset (DS)

MCC

g

MCC

g

MCC

g

MCC

g

MCC

g

MCC

g

Experimental DS
ELSDSR DS
TIMIT DS
Average

0.31
0.67
0.08
0.36

0.58
0.82
0.32
0.58

0.58
0.39
0.10
0.36

0.77
0.64
0.35
0.59

0.82
0.78
0.31
0.64

0.91
0.88
0.57
0.79

0.55
0.38
0.56
0.50

0.75
0.63
0.75
0.71

0.91
0.82
0.73
0.82

0.95
0.90
0.85
0.91

0.98
0.85
0.75
0.86

0.99
0.93
0.94
0.96

The proposed method provides greater stability than the current state-of-the-art works highlighted in bold.

ðTP  TN Þ  ðFP  FN Þ
MCC ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðTP þ FPÞðTP þ FN ÞðTN þ FPÞðTN þ FN Þ
ð27Þ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
g ¼ Specificity  Sensitivity

ð28Þ

The range of MCC is {-1, ?1}, for the truly correct
classiﬁcation MCC value is ?1 and truly incorrect classiﬁcation the MCC value is -1 [49]. From table 5, the proposed RF-AdaBoost shows a higher Matthews correlation
coefﬁcient and g-means metric performance among the six

classiﬁer techniques. It attains the maximum g-means
metric value for all three data sets and achieves the maximum average geometric mean metric value among them.
The greater performance of the proposed RF-AdaBoost is
due to its boosting portion of the random forest classiﬁer. It
prevents minority class misclassiﬁcation as well as boosts
the majority class classiﬁcation [62]. Hence, for the
imbalance datasets, the RF-AdaBoost achieves greater
generalization performance.
By using the concept of variance the stability [49] of the
hybrid RF-AdaBoost scheme is validated against the other
machine learning classiﬁer algorithms.

Table 6. Variance for the different classiﬁer models.
Classiﬁer Models
Stability measure
Variance

K-NN

SVM

2.33E-04

1.62E-04

RF
2.16E-04

kNN-AdaBoost
2.69E-05

SVM- AdaBoost
2.12E-05

RF- AdaBoost
9.49E-06
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PM 

Variance ¼

k¼1

Acck  Acc
M

2
ð29Þ

Here Acck refers to the accuracy of a dataset, Acc indicates the average accuracy, and M denotes the number of
audio datasets. Table 6 shows the average accuracy and
variance for the classiﬁer algorithms.
The stability and variance are inversely proportional
quantities. As variance decreases the stability of the classiﬁer is increases. From table 6, among all the classiﬁer
models, RF-AdaBoost is more stable with smaller variance
(9.49 9 10-6).

5. Conclusion and Future Scope
This paper reported a novel text-independent speaker
recognition system Random Forest-Adaboost, which is
intended to resolve multiple class imbalanced speaker
dataset issues. The new boosting algorithm, Adaboost with
Random Forests as the weak learner provided is used for
the adaptive speaker recognition system. The performance
of the proposed hybrid classiﬁer is trained and tested using
a recorded experimental dataset of 11 speakers, English
Language Speech Database for Speaker Recognition dataset (ELSDSR), and TIMIT acoustic-phonetic continuous
speech dataset. The hybrid Adaboost algorithm improves
the speaker recognition accuracy by decreasing the loss
functions (FAR & FRR), also improves the f1_score (92%,
avg). The RF-AdaBoost algorithm performance is evaluated against other state-of-the-art algorithms (kNN, SVM,
RF, kNN-AdaBoost, and SVM-AdaBoost). The proposed
hybrid AdaBoost technique outperforms all the classical
methods in terms of all the evaluation measures, also
robustness and stability of the technique are veriﬁed with
lower root mean squared error, higher Matthews correlation
coefﬁcient (86%, avg), higher g-means metric value (96%,
avg) and lower variance (9.5910-6). With the prominent
evaluation measures and stability quantities, the RF-AdaBoost technique may serve as a real machine learningbased classiﬁcation for automatic speaker recognition systems. The future work will focus on:- Validating the generalization and stability performance due to data size by
increasing the data set, Examining the difﬁculty by the
increasing number of test speakers and noise samples and
Making use of modern deep learning models.
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