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Abstract

Speaker indexing or diarization is the process of automatically
partitioning the conversation involving multiple speakers into
homogeneous segments and grouping together all the segments
that correspond to the same speaker. So far, certain works have
been done under this aspect; still, the need of accurate partitioning
process gets lagged under certain criteria. With this in mind, this
paper aims to introduce a new speaker indexing or diarization
model (Telugu language) that initially involves Mel Frequency
Cepstral  coefficient (MFCC) based feature extraction.
Subsequently, a new Optimized Artificial Neural Network (ANN)
is introduced for clustering process. The novelty behind the
clustering process is: the training of ANN takes place through
optimization logic that updates the weight of ANN by a hybrid
concept of Artificial Bee Colony (ABC) and Lion Algorithm (LA).
Thereby, the proposed model is named as ANN-ABC-LA model.
Finally, the performance of the proposed ANN-ABC-LA model is
compared over the state-of-the-art models with respect to different
performance measures.
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1. Introduction

With the innovation of smart technologies in the
field of engineering, a lot of intelligent and efficient
methodologies were emerged to enhance the standard of
human life. When it comes to human machine interaction,
there is an ever increasing demand to develop automated
human language recognition models that enables proficient
and intellectual ways to communication [9]. For this
purpose, a capable exploring, indexing, and retrieving
techniques are necessitated for audio signals interaction. In
addition, extortion of the speech signals recorded using
speech recognition system gives a deep base for the chores
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yet, the words are obviously complex to read and cover each
data involves in the audio signal [11]. All these difficulties
urge the introduction of audio diarization technique.
Generally, speaker diarization can be defined as the method
of interpreting an input audio signal into the data which
overlaps temporal areas of signal energy with its particular
sources [10][12]. Moreover, it divides the audio signal into
homogenous segments with respect to the audio recognition.
The different sources of audio input can have music,
speakers, signals, background noises, diverse channel
properties, etc [13]. In addition, diarization is utilized in
assisting speech recognition, promoting audio search
facilities, and audio archives indexing, and further
maximizing the quality of automated dictations as well [15].

Some methods focus on the speech signals that
include speech quotes by means of speakers. Particularly,
the spoken signals are single-channel inputs which contain
several audio sources [14][16]. Furthermore, these are
obtained from various speakers, noises, music, and so on
and the formats and information about the audio inputs can
be application-specific with respect to the sources. In
addition to this, the term speaker diarization can be referred
as audio indexing, segmentation, clustering, etc according
to the trend of the researching people [17][19]. Specifically,
speaker diarization identifies the speech signals such as
input from speakers (i.e., male or female) and non-speech
signals (music, noises, etc) and partitions the audio into
similar segments [18][22].

There are a lot of techniques were established to
enhance the performance of audio diarization such as
Gaussian Mixture Model (GMM), Hidden Markov Model
(HMM), etc., which enables the audio segmentation and
clustering in broadcasting audio streams [20]. However, the
removal of unnecessary audio signals such as noises is
being a complex task in audio diarization techniques.
Further, the limitations such as determining the structure of
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the broadcasting application and audio signal heterogeneity,
quality of audio signals from various sources, etc., bound
the usage of audio diarization techniques [21][23]. Other
methods are necessitating to improve the performance of
the speaker diarization techniques that allows the dictations
more interpretable and efficient. For this reason,
optimization algorithms are utilized to accomplish the
existing challenges and provide intellectual technologies
[24][25]. Thus, there exists a large scope for the researchers
to introduce novel technologies to improve the efficiency of
speaker diarization.

The main contribution of this paper is as follows.

1. Asanovelty, this paper addresses a new speaker
indexing or diarization model, which is
accomplished via speaker clustering.

2. Generally, speaker clustering plays an essential
role in speaker diarization.

3. For this purpose, the speaker clustering process is
optimally done using optimized ANN. Moreover,
the proposed ANN is optimally trained via the
efficiency of the metaheuristic algorithms named
ANN-ABC-LA.

4. Finally, the efficiency of the proposed ANN-ABC-
LA model is compared over the state-of-the-art
models.

The organization of this paper is in this order:
Section II presents the literature regarding speaker
diarization models. Proposed speaker diarization model
using the ANN model under optimization-based training is
illustrated in Section III. Proposed clustering process via
optimized ANN is demonstrated in Section IV. Section V
gives a short description of used optimization algorithms.
Section VI represents the attained results, and Section VII
concludes the paper.

2. LITERATURE REVIEW

2.1 Related Works

In 2010, He et al. [1] have proposed a speaker
indexing model by integrating the efficiency of Bayesian
Information Criterion (BIC) with GMM and Jensen's
inequality named GMM-BIC to enhance the performance of
audio model creation. From the empirical results, it was
revealed that the proposed GMM-BIC achieved improved
results and outperformed the conventional Single Gaussian
Model-BIC (SGM-BIC).

In 2013, Vaquero et al. [2] have developed a speaker
characterization approach using HMM that used a group of

confidence metrics to estimate the superiority hypothetical
diarization results according to identify the audio signals
which were perfectly partitioned. Moreover, the confidence
metrics were employed to receive the expected signals and
eliminate unnecessary signals. The simulation analysis
confirmed the efficacy of the speaker characterization
technique.

In 2014, Yella and Bourlard [3] have established a
speaker diarization approach using HMM/GMM model by
taking the features with a maximum level of data like
silence and speaker vary statistics for enhancing the
acoustic features in single speaker speech signals. In
addition, the overlapping probability was also determined
using a long-term window with various corpora. The
empirical outcomes verified the performance in terms of
Diarization Error Rate (DER) and laughter overlap
identification.

In 2018, Ramaiah, and Rao [4] have established a
speaker diarization model through Deep Neural Network
(DNN) and Holoentropy-eXtended Linear Prediction with
autocorrelation Snapshot (HXLPS) methods to enhance the
performance by extracting and classifying the features and
the extracted features were identified using Voice Activity
Detection (VAD) technique. The performance of the
HXLPS and DNN was verified and attained efficient results
by means of DER and false alarm rate.

In 2009, Jothilakshmi et al. [5] have addressed
speaker diarization technique through Auto-Associative
Neural Networks (AANN), which included partitioning a
speech into homogeneous fragments and further grouped as
speaker clusters. Furthermore, it utilized Mel Frequency
Cepstral Coefficients (MFCC) to take the speaker data and
was tested by various speaker datasets. The simulation
outcomes validated the performance through comparative
work with the existing methods.

In 2012, Vijayasenan et al. [6] have presented a
diarization system using HMM/GMM method with MFCC
as well as Time Delay of Arrivals (TDOA) features to
enhance the efficiency of multi-stream diarization of audio
signals. Besides, the log-likelihood integration model was
employed to generalize the space of related parameters. In
addition, a non-parametric multi-stream diarization
technique was proposed using Information Bottleneck (IB)
technique. The empirical work revealed the efficiency by
means of error sensitivity.

In 2008, Fergani et al. [7] have developed a One-
class Support Vector Machines (1-SVM) to construct and
organize an efficient speaker diarization scheme. In this
model, it utilized n-dimensional heterogeneous acoustic
feature vectors and the proposed 1-SVM classified the
segments of various features. The efficiency of 1-SVM
approach was verified through a comparison work and
outperformed the conventional models.

In 2007, Gupta et al. [8] have proposed a speaker
diarization technique using BIC, Speaker Identification



IJCSNS International Journal of Computer Science and Network Security, VOL.26 No.2, February 2026 87

(SID), and GMM techniques to perform various clustering
approaches and Viterbi re-segmentation. Moreover, these
methods were performed in MFCC and in Gaussianized
MFCC features. From the empirical results, it was
confirmed that the GMM method produced minimized DER
value and proved its efficiency.

2.2 Review

Table 1 summarizes the features and challenges of
conventional models for speaker indexing system
implemented through various approaches which possess the
potential to be applied in real-world applications. The
GMM-BIC [1] provided more speaker data and attained
better Speaker Indexing Accuracy (SIA). However, MFCC
features extraction was complex and it required high
computational time. The HMM [2] model achieved
reliability and attained minimized DER rate but segmenting
the audio signal were difficult and resulted in performance
degradation due to huge overlapped speech. The
HMM/GMM [3] provided automated feature extraction and
gained minimized DER yet, in overlap labeling, it produced
high errors and extracting the acoustic features were
complex. The HXLPS and DNN [4] model attained better

performance for both speech and non-speech signals and
accomplished minimized DER still, the performance was
efficient only for MFCC features and the feature extraction
was complex. The HMM/GMM [5] model attained better
segmentation performance and obtained reduced DER but
it has poor performance for acoustic features and ineffective
in the removal of background noises. The HMM/GMM [6]
model attained improved performance for MFCC and
TDOA features and provided faster computation. However,
it has poor performance for the speech signals in
microphone and low scalability. The 1-SVM [7] model
attained minimized error and offered simpler
implementation still, it has low robustness against a large
dataset and increased computational load decreased the
efficiency. The GMM [8] model attained minimized error
rate and highly noise sensitive yet, it has complex
segmentation process and training the dataset was difficult.
Thus, there exists a vast opening for the researchers and
scholars to develop new methods and models for
accomplishing the above-mentioned challenges and provide
improved performance in speaker diarization system.

Table 1: Features and challenges of conventional models for Speaker Indexing System by various methods

Author
[Citation] Method Features Challenges
«  Provided more speaker data . MFCC features extraction was
Heetal [1] GMM-BIC . Attained better SIA comp'lex ' ' '
. Requires high computational time
. Segmenting the audio signal were
e Achieved reliability difficult
Vaquero etal. [2] | HMM e  Attained minimized DER rate . Performance degradation due to
huge overlapped speech
. In overlap labeling, it produced
Yella and HMM/GMM e  Provided automated feature extraction high errors
Bourlard [3] . Gained minimized DER . Extracting the acoustic features
were complex
. e Attained better performance for both . The performance was efficient only
ﬁe}malah, and Rao gi%lps and speech and non-speech signals for MFCC features
e Accomplished minimized DER . Feature extraction was complex
. Poor performance for acoustic
Jothilakshmi et al. e Attained better segmentation performance features
[5] HMM/GMM Obtained reduced DER . Ineffective in the removal of
background noises
Viiavasenan ef al Attained improved performance for . Poor performance for the speech
[ 61]] Y eat HMM/GMM MFCC and TDOA features signals in microphone
Provided faster computation . Poor scalability
. Low robustness against a large
. Attained minimized error dataset
Fergani et al. [7] 1-SVM Offered simpler implementation . Increased computational load
decreased the efficiency
Minimized error rate . Complex segmentation process
Gupta et al. [8] GMM Highly noise sensitive . Training the dataset was difficult
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3. PROPOSED SPEAKER DIARIZATION MODEL
USING ANN MODEL UNDER OPTIMIZATION-
BASED TRAINING

3.1 Overall Structure of Proposed Model

Fig. 1 depicts the architecture of proposed speaker
diarization model. The step-by-step process of speaker
diarization model involves Feature Extraction, Speech
Activity Detection (SAD), Speaker Segmentation and
Speech Clustering process. Initially, the input audio signal
is given to the system. All the aforementioned steps are
carried out to attain the diarization output. Here, this paper
plans to establish a new speaker indexing or diarization
model using Telugu language via Optimal trained ANN
for clustering process, where the training is carried out
using a new hybrid algorithm (hybrid ABC and LA).
Consider the input audio signal for the proposed speaker
diarization system is S with multiple speakers, i.e.,
S={S1,S2,...SM} , where M indicates the count of
speakers. From the given input signal S , the MFCC features
get extracted ie., F_(N): {F_(l),F_(z),...} where

N =1,2,...7Z . Subsequently, the speech activity detection
takes place under two means such as silence removal and
music removal. Besides, the segmentation process happens,
which is explained in the next section. Finally, the
clustering is attained using the optimally trained ANN into
k clusters based on the identity of the speaker, which is
represented as C=C,,C,,...C_,wherel<c< N.

- S

Figure 1 Geometrical Representation of Proposed Speaker
Diarization Model

3.2 Feature Extraction

The MFCC features are extracted in this speaker
diarization model. Here, the audio signal used for speaker
indexing is transformed as framed signal with the frame
reference i . Consider y(v) as the input signal and the

framed signal y, (v) in which v specifies the sample count
and i indicates the frame count. The power spectrum is
calculated as given in Eq. (1), in which Y, (z) be the discrete
Fourier transform for the framed signal and it is given in Eq.

Q).
1 2
p,-(z)—;lY,-(z] )

Y (2)=20, 7 (h(v)e 1< 22 Z )
Consider L, and H , is the low and high frequency

and the frequency is transformed as Mel scale as stated in
Eq. (3). Eq. (3) is reconstructed using Eq. (4).

F
M(F)=1125+ Zv[l +%j 3)

d(i)=(nfft)* h(i) @

These values are used to produce the filter bank as
represented in Eq. (5), in which m =1t0 M indicating the

filter count and d( ) refers to m+2 Mel spaced

frequencies. . Z<d(m_1)
_z=dm=1) e e < dlm
N
" m—1)-z
0 z>d(m-1)

)

3.3 Speech Activity Detection

In an audio recording process, an approach is
implemented for partitioning speech from non-speech
signals. It involves two main challenges such as (1)
minimum missed speech as well as (2) minimum false alarm
speech. The percentage of speech signal misclassified as
non-speech signals via SAD are termed as Missed Speech
Rate (MSR), while the percentage of non-speech signals
identified as speech signals are referred as False Alarm
Speech Rate (FASR). These two rates are the analytical
measures for SAD. The model-based classifier is used in the
implemented SAD subsystem. Furthermore, it is free from
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training the speech as well as non-speech data. Here, the
SAD subsystem is implemented via 2 decoupled stages.
Initially, the silence present in the entire recording is
eliminated by energy based bootstrapping continued with
repetitive classification. Secondly, from the recording,
music, as well as extra perceptible non-speech signals, are
recognized. Herein, music elimination process takes the
silence eliminated audio for music vs. speech bootstrap
discriminator. The music audio signals having greater
confidence are utilized for training the music model that is
repeatedly refined.

Silence Removal: It is implemented using nineteen MFCC
features combined to STE as well as its 1% and 2" order
derivatives. A confidence value is allotted for each frame
by the bootstrap segmentation to both silences as well as
speech classes. Besides, Gaussian mixtures with size 4 from
60 dimensional feature spaces are used to train the bootstrap
silence model. Similarly, speech model is trained with the
equal size. In this iterative step, all frames are classified as
2 classes such as speech and silence. In fact, the high
confidence silence, as well as speech frame, is exploited for
training the silence as well as speech signals for successive
iterations. The count of 60 dimensional Gaussian utilized
for modeling the silence as well as speech Gaussian Mixture
Model (GMM) are increased with the increase in the
iteration count. The optimal outcomes were attained while
the GMM size of speech is 32 as well as non-speech is 16.
Now, the silences, as well as pauses, are eliminated, still the
music and jingles i.e., the audible non-speech is available.

3.4 Speaker Segmentation

The speaker segmentation algorithm used in this
system is a growing window size w via Bayesian Inference
Criterion ABIC distance. Initially, an investigation is
carried out for a single speaker change from the starting of
the audio and for each encounter change; the investigation
is restarted on the next frame. Here, the search window is
declared as well as a ABIC distance is estimated for all
frames located within the window. When the maxima
exceeds the threshold value i , the maxima notes it as a

change. When no maxima are found on the window, the
window size is incremented and this process is repeated till
a change is encountered. After the removal of non-speech
frames by the SAD, the speech signals are processed and
after detecting the change points from the audio signals, its
respective positions from the original audio are identified
and noted as change points. Previously, the segmentation
process is implemented via 2 stages. Initially, the ABIC
based change recognition is carried out based on
aforementioned threshold value. Secondly, the combination
of successive segments takes place only for those having
positive ABIC score. These 2 stages are implemented
because of the over-segmentation problem in zero threshold
ABIC Dbased segmentation. With the intention of

eliminating this 2 stage process, the maxima value that
exceeds the threshold y is considered for further processes

and effectively minimizes the over-segmentation as stated
in Eq. (6).

ABIy,)=NlogH —Nllogal—Nzlogg—g[m;b(bﬂ)jlog/v

(6)

Consider L, and H , is the low and high frequency

and the frequency is transformed as Mel scale as stated in
Eq. (3). Eq. (3) is reconstructed using Eq. (4).

4. PROPOSED CLUSTERING PROCESS:
OPTIMIZED ARTIFICIAL NEURAL
NETWORK

4.1 Proposed Optimized ANN-base d Clustering Process

Clustering process involves collecting and
combining segments of similar speakers. For this purpose,
ANN [28] is implemented to cluster the segments, in
which the training the done via the proposed model.
Moreover, it is a well-known technique exploited in many
applications due to its flexibility when compared to several
other classifiers. In this paper, the selected features are
utilized with ANN for significant feature classification.
ANN is modeled as a network of artificial/biological
neurons to compute Artificial Intelligence (AI) problems.
Usually, the weights in ANN are indicated as connections
of neurons, in which positive weight is termed as
excitatory connection and negative one is inhibitory
connection. Moreover, every input is transformed as
weights and everyone is added. Eventually, the amplitude
of the output is regulated through an activation function.
Generally, ANN contains 3 layers like input layer, hidden
layer, and output layer employed for training the output.
The input and output neuron is represented as in;, and 4, in

order. The hidden layer output H is stated in Eq. (7), in
which, F is the input to ANN, qf, specifies the nonlinear

activation function, wi,, points to the bias weight to /"

hidden layer and wi,, indicates the bias weight to 0"

output neuron. Furthermore, the output of the network is
expressed in Eq. (8), in which af, specifies an activation

function, Ei; specifies output of o!" output neuron, wi,,
denotes the weight from in” input neuron to /4" hidden
neuron and wi,, refers to the weight from /" hidden

neuron to 0,.”’ output neuron. Finally, Eq. (9) portrays the
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entire output of the network (predicted). Moreover, the
error among the predicted and actual values Ei; is
specified in Eq. (9), in which si signifies the actual output
and S points to derived output.

Nin,
H= afl|:Wibh,. + 2 (F X Wiy, )} (7

in;=1

N,

si= afz[wib,,, + 3 (Hxwi,, )} ®)

h;=1

argmin %|si - §i| 9)

Wiy, Wigy Wiy Wi, 105 =1

ok
Ei, =

The main contribution goes with the training
process (offline process) of ANN, where the weights
Wiy, s Wi Wi, Wi, , together termed I is updated by

the optimization concept. More particularly, a hybrid based
updating process takes place with the introduction of
specific logic:

Step 1: (i) Initialize a random value R
(i1) Fixing a threshold valuez = 0.5 .

Step 2: If the random value R falls less than the threshold
t=0.5, the weight W gets updated using the LA
update as per Eq. (10). The detailed description of the
LA model is given in the subsequent section.

female+ __ m H (1 O)

n female+ ,

slemalers \when n=m
; otherwise

n

Step 3: In the else condition, if the random value R is
greater than the threshold ¢ = 0.5, the weight W gets
updated using ABC update as per Eq. (11). The clear
explanation of the ABC algorithm is given in the next
section. The pseudo-code of the proposed hybrid based
training process is as follows.

S, =bc, +1(0,1)-(ab, —bc,) (an

Table 1 Pseudocode of Proposed Hybrid based training

Pseudocode of Proposed Hybrid based training
Initializing a random number ‘R’
Set threshold ‘t=0.5"
If (R<t)
Weight ‘W’ is updated as per Eq. (10) /LA
update

else

Weight ‘W’ is updated as per Eq. (11) // ABC
update

End if

In fact, the update process is done based on the
defined objective function that is given in Eq. (12), where e
indicates the actual and predicted value.

Obj = Min(e) (12)

Thus the clustering process takes place in an
efficient manner with respect to time consumption and
accuracy rate. The diagrammatic representation of the
proposed clustering process is shown in Fig. 2.

5. SHORT DESCRIPTION ON USED

OPTIMIZATION ALGORITHMS

5.1 Traditional LA

Traditionally, LA [26] is developed via the social
behavior of lions which includes the territorial defense and
takeover with 6 analytical phases such as (i) Pride
generation, (ii) Fertility estimation, (iii)) Mating, (iv)
Territorial defense, (v) Territorial takeover and (vi)
Termination.

Pride Generation: The initialization process defined in Eq.

(13) represents the male $”*, female S/ , and a nomad

lion §""* and Xi refers to the length of the lion where a
and b specifies the numerical values to compute the length

of the lions.

a, a>1

Xi:{ (13)

b, ow

Eq. (14), (15), and (16) states the binary values
utilized to indicate the vector components of LA as 1 or 0.
For instance, ifa =1, the searching functions begin with
binary-encoded lion.
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Figure 1 Geometrical Representation of Proposed Speaker Diarization Model

Fs,)elsmmsm) (14)
n%2 =0 (15)
£o)= o2 (16)

Fertility Estimation: Typically, fertility estimation is
performed to evade the local optimum issues. Consider

§/emale a5 fertile one to generate the cubs as expressed in Eq.
(17) and (18) and the LA update is given in Eq. (10).

Sfemale+
S

=min [s e max(s::i“ Vo, )] (17)

m

V,, = [s57 4(0.1¢, — 0.05 )7 —c,s/ ) (18)

Mating: In mating, crossover and mutation are the 2 prime
phases and gender clustering is an auxiliary phase. The lions
S and §7"" generates cubs to a maximum of 4 after
mating (crossover and mutation).

LA Operators: Usually, the territorial defense is initiated
to evade local optimum issues and assist to resolve various
issues through same fitness which normally operates
through creating nomad coalition, survival fight, pride, and
nomad coalition updates in order. In addition, the nomad

coalition S°""*is chosen using the Eq. (19)-(21).

ﬁt(Sefrmmad)< ﬁt(Smale) (19)
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ﬁt(Sefrmmad)< ﬁt(Sb—cub) (20)

ﬁt(Seﬂwmad )< ﬁt(Sgcfcub ) 21)

If S is defeated to select S""*, then update nomad
coalition. Moreover, S" and S*" are updated if
(Sb—cubs and Sgcfvubé‘)> Ai™ (Age Ai ) in a territorial
takeover.

Termination:  Eventually, LA  ended through
accomplishing any 1 of the criteria given in Eq. (22) and
(23).

iter > iter,, (22)

|ﬁt(S’”‘”")— ﬁt(S”p’i”’“11 <er(ti)  (23)

5.2 Traditional ABC

Typically, ABC [27] model is inspired based on the
searching behavior of honey bees, in which a group of bees
(swarm) proficiently accomplish the solution through social
cooperation. Basically in traditional ABC, 3 varieties of
bees exist in the swarm-like (a) employed bees, (b) onlooker
bees, and (c) scout bees. Normally, the prim e half of the
pack in ABC approach contains employed bees and another
half involves onlooker bees. Consider
S, = {Sl,sz,. . ,Sn} indicates the n” solution of group as

well denotes the dimension size. In Eq. (24), all employed
bees S, create a novel candidate solution 7, on its

u

neighborhood, in which, S, refers to arbitrarily chosen

candidate solutionu # v, @,

..« portrays the arbitrary value
within [— 1,1] , and k indicates arbitrary dimension index

chosen in the setl,2,...,n.

tu,k = Su,k + ¢u,k : (Su,k - Sv,k) (24)

Besides, when a novel candidate solution 7, is

created, a greedy selection approach is exploited. Update
S, through 7, , while the fitness of 7, exceeds S, , else

sustain S, as unchangeable. Eq. (25) specifies the food

source picked by the onlooker bee through the nectar
amount computed based on the nectar information gathered
by each employed bees through the roulette wheel selection

approach, in which, fiz, represents the fitness value of u”

solution in the pack. The update evaluation is as per Eq. (11),
in which 7(0,1) specifies an arbitrary value within [— l,l]
through normal distribution, ab and bc represents the

upper and lower boundaries of k" dimension.

t
Pi = —njj “ (25)
zk:l ﬁ tk
Termination:  Eventually, LA  ended through

accomplishing any 1 of the criteria given in Eq. (22) and
(23).

6. RESULTS AND DISCUSSIONS

6.1 Simulation Setup

The proposed speaker indexing or diarization model
was implemented in MATLAB and the experimental
investigation was carried out. The given input audio data
was partitioned into five test cases such as Test case 1, Test
case 2, Test case 3, Test case 4 and Test case 5. The
efficiency of the proposed ANN-ABC-LA algorithm for
speaker diarization model was compared with the
traditional models such as Levenberg Marquardt (LM) [29],
Firefly (LL) [30], Grey Wolf Optimization (GWO) [31], LA
[26] and ABC [27] algorithms and obtained the results
based on accuracy performance, diarization error, False
Discovery Rate (FDR), False Negative Rate (FNR), and
False Positive Rate (FPR), respectively.

6.2 Performance Analysis under Accuracy

In this section, the accuracy performance analysis of
the proposed speaker diarization model is discussed over
other existing models. Fig. 3 shows the accuracy
performance of proposed ANN-ABC-LA model over the
conventional models and the learning percentage ranges
from 0 to 100% for Test case 1, Test case 2, Test case 3,
Test case 4, and Test case 5. Fig. 3(a) shows the accuracy
performance of Test case 1, which is 2.94%, 7.69%, 9.37%,
2.94%, and 7.69% better than LM, FF, GWO, ABC, and LA
respectively at learning percentage 50. From Fig. 3(b), it is
clear that the proposed ANN-ABC-LA model achieved
better accuracy, which is 20.68% superior to LM, 25%
superior to FF, 22.8% better than GWO, 40% superior to
ABC and 16.66% better than LA at learning percentage 70.
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Figure 3 Accuracy Performance of Proposed ANN-ABC-LA Model over the Conventional Models for (a) Test case 1, (b)
Test case 2, (¢) Test case 3, (d) Test case 4, and (e) Test case 5

6.3 Diarization Error Analysis

Fig 4 depicts the diarization errors of five test cases.
The proposed model attained minimized errors over the
conventional models. From Fig. 4(c), the proposed model
attained better results for Test case 3, which is 4.76%,
11.11%, 4.76%, 6.97%, and 6.85% better than LM, FF,
GWO, ABC, and LA respectively at learning percentage 50.
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Through Fig. 4(d), the proposed ANN-ABC-LA model
obtained minimized errors for Test case 4, which is 5.88%
superior to LM, 11.11% superior to FF, 3.03% better than
GWO, 20% superior to ABC and 3% better than LA at
learning percentage 60.
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Figure 4 Error Analysis of proposed ANN-ABC-LA Model over the Conventional Models for (a) Test case 1, (b) Test
case 2, (c) Test case 3, (d) Test case 4, and (e) Test case 5

6.4 Performance Analysis Over Conventional Model

The performance analysis of the conventional speaker
diarization model is stated in this section. Table VIII
tabulates the performance measures of the existing model
and the diarization error. The accuracy performance of
proposed ANN-ABC-LA is 42%, 40%, 59%, 67.53%, and
27.48% better than conventional method in terms of all Test

cases respectively. The diarization error of proposed ANN-
ABC-LA model attained minimized errors and improved
results, which is 62%, 30.57%, 36.52%, 39.3, and 24.75%
better than conventional model for al Test cases
respectively. Thus, from the comparative study, it is clear
that the proposed ANN-ABC-LA model attained better
results and proved its efficiency.

Table 2: Overall Performance Analysis of Conventional MOdel

IPerformanc [Test case 1 [Test case 2 [Test case 3 [Test case 4 [Test case 5
e Measures IPropose [ConventionaPropose IPropose Propose IPropose
Conventionald ANN- | Method |d ANN- |[Conventionald ANN- |[Conventionaid ANN- (Conventionaj/d ANN-
I Method |ABC- [32] IABC- [ Method |ABC- |[IMethod |ABC- || Method |ABC-
[32] LA LA [32] LA [32] LA [32] LA
lAccuracy 0.5 0.71204 0.5 0.70099 10.83333 0.88256 0.5 0.83767 0.6 0.76491
Sensitivity (0.4 0.71204 10.25 0.55125 10.66667 0.81759 /0.5 0.77339 0.4 0.64516
Specificity (0.6 0.71204 10.75 0.77586 |1 0.94724 /0.5 0.90166 0.7 0.82479
Precision 0.5 0.71204 0.5 0.55151 |1 0.93912 /0.5 0.88674 0.4 0.64803
IFPR 0.4 0.28796 10.25 0.22414 10 0.05276 0.5 0.09834 0.3 0.17521
IFNR 0.6 0.28796 10.75 0.44875 10.33333 0.18241 /0.5 0.22661 0.6 0.35484
INPV 0.6 0.71204 10.75 0.77586 |1 0.94724 /0.5 0.90166 0.7 0.82479
IFDR 0.5 0.28796 0.5 0.44849 10 0.06088 0.5 0.11326 0.6 0.35197
Diarization
IError 0.6 0.22391 |1 0.69427 10.6667 0.42318 0.5 0.30346 0.8 0.60193
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7. Conclusion

In this paper, a new speaker indexing or
diarization model via Optimized ANN has been introduced.
For this purpose, the proposed speaker diarization model
accomplished the phases like speaker segmentation and
clustering, for which the clustering process was performed
via the proposed optimized ANN and the training was
carried out through a new hybrid algorithm by choosing the
optimal weight using a hybrid algorithm named proposed
ANN-ABC-LA. The accuracy performance proposed
ANN-ABC-LA for Test case 1, which was 2.94%, 7.69%,
9.37%, 2.94%, and 7.69% better than LM, FF, GWO, ABC,
and LA respectively. The overall accuracy performance of
proposed ANN-ABC-LA model attained 1.22 %, 5.57%,
0.88%, 1.13%, and 5.21% better than LM, FF, GWO, ABC,
and LA respectively for Test casel. The accuracy
performance of proposed ANN-ABC-LA was 42%, 40%,
59%, 67.53%, and 27.48% better than conventional method
in terms of all Test cases respectively. Moreover, the
diarization error of proposed ANN-ABC-LA model
attained minimized errors and improved results, which is
62%, 30.57%, 36.52%, 39.3, and 24.75% better than
conventional model for al Test cases respectively.
Therefore, the performance of proposed ANN-ABC-LA
model proved its betterment and efficiency over the
conventional models and attained improved results.
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