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Abstract: Language Identification (LID) is a subset of Dialect Identification that addresses specific challenges and
matters related to linguistic similarity between dialects. Various current approaches are used for dialect identification,
but automated prediction is difficult because the clarity of voices is not in a perfect range, and inaccurate selection of
features. It is essential to utilize an appropriate feature subset that contains sufficient signal information for the learning
model to correctly recognize language dialects. So as to eradicate the mentioned issues, optimized stacking based
ensemble learning is developed. The identification process initiates with the pre-processing by using an adaptive least
mean square filter and a fractional bandpass filter. The features from the pre-processed audio signal will be extracted by
using Gammatone frequency Cepstral coefficients (GFCC) and Shifted Delta Cepstral Coefficient (SDCC). Then, the
extracted features will be reduced with the help of Independent Component Analysis (ICA). Furtherly, the classification
of selected features will be further given to the Recurrent Neural Network (RNN), which acts as a meta-classifier and
additionally gets information from a pair of distinct classifiers, such as Radial Basis Functional Neural Network
(RBFNN) and Deep Belief Network (DBN). The hyperparameter present in the RNN classifier was tuned using the
Deer Hunting Optimization Algorithm (DHOA). The proposed approach has an accuracy of 97%, a precision of 96%,
also an F1-score of 97%. Therefore, for an automatic dialect identification, the suggested approach is the best option.

Index Terms: Dialect Identification, Audio Signal, Fractional Bandpass Filter, Gammatone Frequency Cepstral
Coefficients, Shifted Delta Cepstral Coefficient, Deer Hunting Optimization

1. Introduction

Automatic language identification of speech is an automated technique for determining the language used in a
digitized voice utterance. There are numerous methods for mechanically extracting data from a speech signal, including
this one [1]. A single instance of a set of data types on how language identification can be used is pre-processing for
human listeners [2]. A speech includes information on the speaker's content, pitch, voice speed, and other characteristics.
It becomes evident that human interpersonal connections are significantly influenced by emotion. The Indo-Aryan
language of Marathi is spoken by the Marathi community in Maharashtra. This is the authorized language of states in
Maharashtra and Goa in Western India, one of the country's twenty-three official languages. Marathi has the fourth-
highest native speaker population in India [3]. The language Marathi is one of the oldest Indo-Aryan languages still in
use today, with literature dating back to about 900 AD. Standard Marathi and Varhadi are the two main dialects of
Marathi. Among other languages, there are links between Khandeshi, Dangi, Vadvali, and Samavedi [4]. The
advancement of human-machine interfaces will come from prying into users' emotions to ascertain their situations [5].
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Even though some of the most widely spoken languages in the world already have systems in place for speaker
detection, text-to-speech synthesis, automatic voice recognition, language identification, and other related functions, there
are still no feasible speech technology alternatives for Indian languages [6]. The identification accuracies are
considerably lower on out-of-domain data. Presents challenges for non-native speakers on the other side of the user end,
which seems a bit difficult to gather or understand the dialect that the other user is using or speaking, also, there are a lot
of threats to minority languages [7]. Speaking has several advantages that enable us to communicate information well
beyond what we can express with words alone. Spoken language is defined as speaking aloud or using other comparable
expressions with meaning to convey concepts or other information [8]. The main goal of language identification is to
determine the language of the speech signal. In addition to these stated downsides, there is also the underlying model,
which seems to become more complex [9]. Hence, to overcome these mentioned flaws, an automatic identification of
Malvani dialects has been initiated.

Automatic Dialect identification has been proposed with a lot of existing methods, but accurate identification is
difficult. Based on the Distinctive features in grammar, vocabulary, prosody, and pronunciation that can all be employed
to differentiate across dialects, the existing methods have major drawbacks. The evacuation of noises frequently
occurring, the propagation sector theme, loss of accurate prediction, bag-of-words model used correctly to predict lexical
items, voice clarity is not perfect, and automated prediction models for language detection make it difficult to achieve an
accurate level of result in the prediction rate because features are chosen incorrectly. It is also crucial to use a feature
subset that is appropriate and contains enough signal information for the learning model to accurately identify dialects of
languages. Oscillations in voice prediction and conversion seem hard and a bit delayed in identifying whether the
language is Marathi or Malvani [10]. So, an optimized stacking based ensemble approach is developed. Various feature
extraction approaches are used to extract spectral features, which are used to enhance the accuracy. The major
contribution of this proposed work is listed below,

e  Optimized stacking based ensemble learning is developed for identifying the Malvani dialects.

e Gammatone frequency Cepstral coefficients and shifted delta Cepstral coefficients are used to extract the
spectral features.

e Features are selected by using Independent Component Analysis (ICA), which is used to improve the
classification accuracy.

e RNN, RBFNN, and DBN are the three classifiers used in stacking based ensemble learning for classifying
whether the language is Marathi or Marwari.

e The learning rate present in the RNN classifier was tuned using the Deer Hunting Optimization Algorithm.

The sections that follow are organized as follows: in the study, a broad range of research publications about the
identification of contemporary dialects are included in Section 2. In Section 3, the description of the proposed
methodology is clearly explained. The performance measures and results of the proposed framework are presented in
Section 4. The research study is concluded in its entirety in Section 5.

2. Literature Review

Numerous recent studies are recognizing distinct languages of Malvani and Marathi dialect identification with
different methods. A brief overview of a few of the recent methods is given.

Monterio et al. [11] had introduced an approach based on temporal pooling strategies with a deep neural network,
named Insights into end-to-end learning scheme for language identification. This approach stated a dialect identification
from the Arabic language. The major drawback was that the encoding of the signals that are used for identification
purposes was not as much as in an expected effective resultant.

Shon et al. [12] had established an approach of unsupervised representation learning of speech for dialect
identification for dialect identification (DID), a Factorized Hierarchical Variational Autoencoder (FHVAE) model
combining the convolutional neural network was used to learn an unsupervised latent representation is implemented. The
recognition of the language which has lots of dialects are as can be found out using this approached system. The
downside of the approach is that the segmenting of the language seems to be a bit difficult.

Rajalakshmi et al. [13] had suggested a cross-lingual offensive language identification for low resource languages
the cast of Marathi where automatic language identification in the Marathi and the malvani sectors. In this Indo-Aryan
language identification of the Marathi. The drawback of the approach is that the accurate prediction of the malvani
identification was not as much as satisfied in the identification.

Mustageem and Kwon [14] had established a CNN-Assisted Enhanced audio signal processing for speech emotion
recognition was presented. Speech emotion categorization is done using a SoftMax classifier. To increase accuracy, the
suggested method was tested using the Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS) and
Interactive Emotional Dyadic Motion Capture (IEMOCAP) datasets. But, the accuracy attained here in this approach is
not much in an efficient state of identification.

Sarma and Sarma [15] had created a neuro fuzzy classifier with feed forward neural network based classifier a
system named dialect identification from speech using prosodic features and was implemented, which combines the
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fuzzy classification and also resulted in an effective NFC based dialect identification within the languages. The drawback
of this proposed approach is that the extreme low parameter usage for feature vectors the classifier's computing burden is
quite little.

Ma et al. [16] had established a DNN based Automated Speech Recognition (ASR) for mixed dialect utterances by
mixing dialects language models with autonomously determined weights that optimized the chance of recognition. The
ASR based identification have been done in this proposed system is that the latter produced results with fewer errors by
integrating recognition results with each dialect model for a single language.

Bhosale Rajkumar et al. [17] have developed a system with TIMIT and the tokenization process for the dialect
identification name automated recognition of Latin American and Spanish conversational dialects. Here, the system has
been trained to detect Spanish dialects spoken in Peru and Cuba, but it may be readily expanded to identify other dialects
as well. The drawback is that the error comparison rate is in a bit high range.

Bharathi et al. [18] have suggested a Decision Tree (DT) for multilingual machine translation where the language
identification. Using n-gram-based and machine learning-based language identifiers, three Indian languages such as
Hindi, Marathi, and Sanskrit present in a document submitted for machine translation are identified following training.
The drawback of this proposed work is that most of the instances are in noisy results.

Babhulgaonkar and Sonavane et al. [19] developed a machine learning n-gram based dialect identification from the
audio based signals, which has been stated by automatically identifies a speaker's dialect from a dataset of distinct
dialects based on a dialect transcript and transcript with audio recording. Only text is used in the first approach, while
both text and audio are used in the second. The training, validation, and test splits were the same in both approaches.
When it comes to dialect classification, a text-only model is less useful than one that combines text and audio is
considered the major drawback.

Numerous approaches have been reviewed for automatic Malvani or Marathi identification has several downsides
that are as the encoding of the signals that are used for identification purposes is not as much as in an expected effective
resultant [11], segmenting of the language seems to be bit difficult [12],non-gain able accurate prediction, extreme low
parameter usage for feature vector[13], errors by integrating recognition results with each dialect model for a single
language [14], error comparison rate is in a bit high range [15], instances are in noisy result [16], noisy result [17],
identification of dialect were ion not an appropriate rate [18], the converted audio was not in effective audio [19]. In order
to overcome these issues the Stacking based Ensemble Learning is developed for automatic Identification of Malvani
Dialects.

3. Proposed Methodology

Speaking is the act of actually putting thoughts or other information into words through meaningful speech or
related utterances. However, it becomes very difficult to classify the languages spoken in multilingual countries like India
because of idiomatic expressions, dialects, accents, and other linguistic quirks. However, because Indian languages are
complex, using standard detection methods seems very difficult and inaccurate. Therefore, it is imperative that the
language be automatically detected in order to determine whether or not the language is Malvani using stacking based
ensemble learning. The automatic spoken language identification is shown in Figure 1.

Pre-processing Feature egtraction
techniques techniques
Adaptive Least - Guznr:?actgnstarl Feature selection
Mean Square Filter qcoeff?cier?t
™ Independent
. - component
- Fractional Band hifted delta anzlysis
Input signal Pass filter Cepstral
coefficient
Malvani classification
dialects -
Deer hunting L, Sta;'g:%g; 5
) optimization .
Marathi learning
language

Fig. 1. Schematic architecture of proposed.

The proposed methodology states the Fractional band pass and adaptive least mean square filters are used for the
pre-processing of raw audio signals. The output signal from the pre-processing step is given as an input to extract the
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relevant feature. Gamma Frequency Cepstral Coefficients (GFCC) and Shifted Delta Cepstral Coefficient (SDCC) are
accustomed to extract characteristics from the pre-processed signal. To eliminate unnecessary features and dimensions
from the feature subset, Independent Component Analysis (ICA) was used to reduce the features' dimensions. Finally, a
stacking based ensemble approach is developed to classify the language as malvani or Marathi. In this ensemble approach,
a recurrent neural network (RNN) acts as a Meta classifier, which gets input from two other classifiers, such as a deep
belief network (DBN) and a radial basis functional neural network (RBFNN). RNN classifier's learning rate was tuned
through the application of the Deer Hunting Optimisation Algorithm (DHOA). The steps involved in the identification of
the language, such as Marathi or Malvani are explained below.

Pre-Processing

Fractional band pass and adaptive least mean square filters are used for the pre-processing of raw audio signals. The
original signal's noise is eliminated using an adaptive least mean square filter. For the purpose of dialect prediction,
higher frequency bands are removed using a fractional bandpass filter. The pre-processing segment's specific method is
outlined in more depth below.

Adaptive least mean square filter

Adaptive filters are typically employed in unpredictable time-variant environments or unfamiliar environments
where preliminary identification can be difficult. This mean square filter employs a gradient descent technique where the
instantaneous error signal is used to update the filter coefficients. Adaptive filters find many applications in noise
reduction, equalization, and communication systems [20]. The purpose function of the adaptive least mean square filter is
expressed in the Egn. (1) below,

§(MXR=1 Pa(k)ef (k) @)
Pu(k) = 277K )

Where parameter A is indicated as a factor for forgetting in the range of 0 to 1, however it is advised to utilize values
ranging from 0.95to 1 and k = 1, 2, 3,... n. The output signal of the adaptive mean square filter is expressed as in the
below Eqgn (3).

y(n) = L5 wi(m)x(n — ) @)

Fractional Bandpass filter

A particular frequency flows as an input signal that has been passed through a specific range of frequencies. In such
cases, the fractional band frequency filters away signal frequencies that are excessively high or low in relation. At first,
magnitude and phase charts are used to illustrate the active bandpass filter's response using integer-order elements which
is given in the below Eqgn. (4)

7 4)

1
R1+C—15+L15

Thus, the fractional band pass filter's transfer function is obtained throughout the above Eqn(5).

e {14 ©)

R1+Cljw+L1]w

Where the magnitude and the phase are compared with the transfer function which is shown in the above Eqgn (6).

Imag| = < (1+4 (6)
JR%+(L1.w—Cf1-w—1)2 Ri
_r-1 -1
phase(@) = tan~ (b1 =G @70/ ™

The low frequency stop band attenuations are solely dependent on the order of the fractional capacitor, and the high
frequency stop band attenuations are dependent only on the order of the fractional inductor. The stop band attenuations
strongly correspond to the ones anticipated and demonstrate that the low and high frequency stop band attenuations are
distinct from one another. Both scenarios are reproduced by displaying the magnitude and phase angles, where in case 1,
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f is constant and o varies, and in case 2, a is constant and P is varied. The bandwidth exhibits nearly inverse variation
with o, but the Q-factor gradually get decreased [21].

Feature Extraction

The output signal from the pre-processing step is given as an input to extract the relevant feature. The pre-processed
input signal is divided into frequency sub-bands. In this feature extraction method, and then it is further normalized to
produce feature coefficients. Gamma Frequency Cepstral Coefficients (GFCC) and Shifted Delta Cepstral Coefficient
(SDCC) are used to extract characteristics from the pre-processed signal.

Gammatone Frequency Cepstral Coefficient

Noise is the primary issue with speech recognition. Additive noise signals are one of MFCC's main drawbacks. With
the gammatone filter, one may simulate hearing. For non-speech audio categorization, these biologically inspired
characteristics are applied using Gammatone filters with similar rectangular bandwidth bands. It is recommended to use
the GFCC feature components to increase a speaker recognition system's dependability. One of the main drawbacks of
MFCC is its sensitivity to additive noise. Based on a collection of Gammatone Filter banks, the Gammatone Frequency
Cepstral Coefficients (GFCC) are an auditory characteristic. One can extract a Cochleagram, which is a frequency-time
representation of the signal, from the Gammatone filter bank’s output. They are derived from the commonly used Mel
frequency cepstral coefficients (MFCCs). With a focus on low frequencies, GTCCs are specifically engineered to
precisely represent and differentiate between non-speech audio signals. Noise is the primary issue with speech
recognition. The additive noise signals of MFCC are one of its main drawbacks. The gammatone filter converts the nerve
cells' impulse response into the auditory fibre, simulating the listening of spoken messages. Although every form
represents the altered version of cell function, which is shown in the Eqgn. (8)

9() = at" e UDteos (21, ¢ + §) (®)

Where t"~1 is the onset time, is the high (peak) value, e determines the bandwidth of the decay function, f, sets the
characteristic value and @ indicates the starting phase. GFCC coefficients, delta GFCC coefficients, and double delta
GFCC coefficients make up the 36 total features produced for speech emotion recognition using the GFCC filter, which
counts as 12.

The pre-emphasis of the second order filter lowers the dynamic range and emphasizes the frequency components
that contain the majority of the essential information from the voice stream, as shown in the following Egn(9).

_2mb _2mb
H(z) =1+ 4e Plgtpe g2 9

Similar to this a window covering K points is required for GFCC, which shifts each frame every L points. If fc is the
centre frequency of the m-th filter, then each frame can be defined as y(¢t; fc(m)). Averaging y(t; fc(m)) across the
window t € (nL, nL + K) yields the resulting Cochleagram representation for each frame, which has the following
definition.

yum) = LS5 yly(nl + 6 f.(m))| (10)

Where the magnitude of a complex number is represented by the other term and y is a frequency dependent factor.
Adding up y(n; m) for every channel results in yields.

y@m)=1ym0),....¥y(m;M — 1)|” (11)

Where M is the filterbank's channel count for a 16 KH speech signal that results in 100 frames per second, typical
recommended values are K = 400, L = 160, and M = 32. The matrix that emerges from this combination, y(n; m), is
known as the Cochleagram.

Shifted delta Cepstral coefficient (SDCC)

The shifted delta coefficient (SDC) feature is typically used by statistical language recognition systems for
automatic language recognition. SDCs are delta coefficients stacked across multiple frames. One popular feature
extraction method for language recognition (LRE) is the Shifting Delta Cepstrum (SDC). A statistical language
recognition system generally uses shifted delta coefficient (SDC) features for automatic language recognition. SDCs are
stacked versions of the delta coefficient over several frames. Because it incorporates many frames, SDC performs better
than typical delta and acceleration feature vectors and has a high context breadth. SDC is a transient characteristic that
corporates the long-range dynamic features of the speech signal. The frame-based acoustic feature vectors are subjected
to a shifting delta operation in order to produce new combined feature vectors for every speech frame that is provided. To
determine the SDC coefficients at time ¢ for a cepstral frame,
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Aby(t,0) = by (t +iP+e) —b,(t+iP—e)n=01,...,.N—1,i=0,.... k. —1 (12)

Where P interval between subsequent delta computations is, i is the SDC block number, e is the lag of the deltas
and cn is the nth cepstral coefficient. The final feature vector is produced by joining k. blocks of N, parameters together.
The four variables that SDC coefficients are based on are typically represented as N — e — P — k. MFCCs are computed
for every frame of data using the N dimension, that is, b0, b1,...,by_;.

Ac(t+iP)=c(t+iP+d)—c(t+iP—d) (13)

N-cepstral coefficients are computed, each frame, then for each of these cepstral streams the final vector at time t is
given by the concatenation of the Ac(t + iP) forall 0 < i < k [22].

Feature Selection

To further eliminate dimensions and unnecessary features from the feature subset, the extracted features are passed
via a dimensionality reduction method. The Independent Component Analysis (ICA) was utilized to reduce the feature's
dimension in order to enhance classification accuracy and decrease process complexity.

Independent Component Analysis

An algorithm that is crucial to the statistical signal processing field is independent component analysis. The detected
signals are a linear combination of unidentified individual source signals since the technique is a linear transformation.
Finding the inverted unknown mixing matrix is necessary before blindly estimating source signals. The following
equation is the mathematical expression for the independent component analysis statistical model:

X=AS (14)

Where the mixed signals were included in the columns of the matrix X e R¥*?, the number of rows indicates the
various source signals, and the data in each column shows the number of samples of mixed signals. Where S € RV*P
matrix had source signal vectors in its columns, while the A e RM*N matrix was a mixing matrix with elements that were
unknown constants. This model demonstrates how combining S components yields the observed data (X). Since the
elements of X are the only known data, A and S must be approximated using those data. The statistical independence of S
components is the central ICA assumption. In mathematical terms, the joint probability function of all variables, if two or
more are independent, is equal to the product of the probability densities of each variable. Data centring is the first step
that must be taken while using ICA. to get every row in the X matrix to have a zero value, this entails reducing each
element with the signal's mean value.

Z]-Ixij

P (15)

xij — .xl']' —

i=1,...,Mj=1,...,P (16)

Additionally, S might be regarded as zero-mean. The cantered estimations are included with the mean vector of S

following the estimation of the mixing matrix A. Whitening the observed variable is a further pre-processing procedure

that eliminates any correlation in the data. Whitened is achieved by giving the X vector a linear transformation, which
yields a new white vector X. The identity matrix is the covariance matrix of X:

E{X X"} =1 17

One well-liked whitening technique is used, which depends on eigenvalue breakdown on the covariance matrix of
focused data.

E{XX"}=EDE" (18)

Where Dthe diagonal matrix of eigenvalues and E is an orthogonal matrix of Eigenvectors. The most recent white
vector X is going to be:

X =ED V2ETX = ED '2ET AS = AS (19)

The following iterative process is used to find a matrix W, also known as the un-mixing matrix, which is the inverse
of the mixing matrix:

Y = WX (20)
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W is the unmixed matrix N x M, where X is the mixture signals matrix M X P and Y is the extracted signals
matrix N X P. W = A1 and matrix A is invertible when the number of sources and mixed signals are equal. The
problem is referred to as over-complete when A is not invertible and the number of mixes (n > m) is larger than the
number of source signals [23]. The issue is referred to as under-complete and is resolved by eliminating some
combination when the number of source signals is smaller than the number of mixtures (n < m).

Classification

The reduced features are given as input for the classification process. Here, Stacking based Ensemble Learning
approach is employed for detecting whether the audio is malvani dialects or not. Recurrent Neural Network (RNN) acts
as a Meta classifier and it receives data from two separate classifiers like Radial Basis Functional Neural Network
(RBFNN) and Deep Belief Network (DBN).

Train Set

+— Test Set

Prediction

eta-Classifier
RBFNN

Fig. 2. Architecture of Stacking based Ensemble.

Figure 2 shows stacking based ensemble learning with the training sets, the test set, models, prediction, and meta-
classifier. The stacking ensemble learning's architecture. The training set is used in the base-classifiers to train the layers
and produce a fresh feature matrix for the meta-classifier layer. A suitable classifier is chosen by the meta-classifier layer
to be classified for the final prediction.

After building the decision tree, the original GBDT algorithm reduces the tree by building a new one based on the
empirical loss function's negative gradient. As opposed to this, the XGBoost includes regular terms when building the
decision tree, which is described as

Xe = 2il(yo Feoa O + £:(1) +2(f) (21)

Where F,_; (x;) symbolizes the best course of action for t — 1 trees. The definition of the normal word for the tree
structure is

Q(f) =yT + 2 X7 w} (22)

Where w; the expected value of the ith leaf node and T is the total number of leaf nodes. It is evident that the
XGBoost explicitly includes regular terms to regulate the model's complexity, which aids in preventing overfitting and
enhances the model's capacity for generalization. The selected features will be ensemble by the radial bias functional
neural network and the deep belief network [24].
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Radial Bias Functional Neural Network

Radial Basis Functional Neural Network (RBFNN) is a two-layer network with a fully connected input layer to a
hidden layer. The output of the hidden layer then calculates the output by adding the weighted sum of the input features.
RBFNN uses a large number of Gaussian curves to learn how to approximate the underlying trend. The architecture of
the RBFNN is shown in the Figure 3 below.

Hidden Units

Fig. 3. Architectural diagram of Radial Bias Functional Neural Network.

The usage of Gaussian RBF inside the hidden layer neurons distinguishes RBF nets from conventional neural
networks. RBF networks are employed in function approximation and regression. An RBF neural network is used to
generate a weighted sum output given an input vector x.

F(x) =Xk we;(x, ¢)+b (23)

Where w; is denoted as weights, b is the bias value, k is the number of centres and ¢; is considered as the Gaussian
RBF, which can be calculated by the below given Eqgn. (24).

—llx—c:||2
llx—c;l|

2

pi(xg)=e *9 (24)

Where ¢ is known as the standard deviation, the basic actions for putting RBFNN into practice are Scale the features
that were extracted. The vector mapping from input to a higher dimension. Determination of the final weights of the
hidden layer. The final step is running a network test [25].

Deep Belief Network

A stack of RBM layers is appended to create a deep-belief network (DBN). Every RBM layer in the stack has
communication capabilities with all levels, both preceding and following. As a result, it is a network that is put together
using numerous single-layer networks. Every layer in a DBN, with the exception of the first and last layers, plays two
roles: it acts as both the input layer for nodes that come after it and the concealed layer for nodes that come before it. The
architecture of the Deep Belief Network is shown in Figure 4 below.
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Output
Hidden Cell Hidden Cell

Praobabilistic Probabilistic Probabilistic
Hidden Cell Hidden Cell Hidden Cell

Fig. 4. Architectural Diagram of Deep Belief Network.

Deep belief networks can be used to recognize, group, and produce photos, video clips, and motion capture data,
among other things. The combined distribution of the hidden layers HK and the observable vector x in the DBN model is
shown in the Eqgn. (25) as follows:

Pxh! ...ht = [[L2 Ph*h*+1ppi-1h1 (25)

Where Ph!~1h! is the visible-hidden joint distribution in the top-level RBM, x = ho, and Ph¥h**! is a conditional
distribution for the visible units conditioned on the hidden units of the RBM at level k. Furtherly, the classified features
are correspondingly given to the recurrent neural network for the identification of the signal, whether that is a Marathi or
Malvani dialects [26].

Recurrent Neural Network

Recurrent neural networks (RNNs) are better models to process sequential input and learn long temporal
dependencies within the data. There are various RNN architectures, such as gated recurrent neural networks, long short
term memory (LSTM) networks, and vanilla RNNs. The architecture of the recurrent neural network is shown in the
below figure 5.

Hidden layer 1 Hidden layer 2
Input layer

Output layer

® ® &

Fig. 5. Architectural Diagram of Recurrent Neural Network.

LSTMs and GRNs have the ability to simulate longer temporal relationships than vanilla RNNs. Since GRNNs are
LSTM simplifications that achieve equivalent performance with fewer parameters.

hy=c®WW® - h,_, +W® . x, (26)
y, =W - h) (27)

WM Ww® and W are the dense matrices that are optimized during training; on the other hand, ¢™ and ¢©” are
nonlinear activation functions. When the procedure outlined is applied to every component of an input sequence,
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0%u

o' 2. vz, _
oz Vu=f (28)

he = A(heq) *heq + PO - Xt (29)
Ve = (P(O) “hy)? (30)

Thus, the gated recurrent unit (GRU) module, a variation of the RNN mod, receives the outputs from the batch
normalization layers [27].

Deer Hunting Optimization Algorithm

The hunters engage in different activities; their approach to taking down the deer or buck depends on the hunting
strategy they create. Owing to their unique talents, deer are able to flee from predators hunting. The movement of two
hunters referred to as the leader and the successor in their optimal places determines the hunting strategy. The hunters
surround the deer and approach it using a few different tactics in order to hunt it. The techniques take into account a
number of factors, such as the direction of the wind, the location of the deer, and others. To that end, every hunter keeps
his position updated until they get to the buck. Hunter cooperation is another essential component that makes hunting
more effective. Ultimately, they arrive at their destination based on the roles of leader and follower. Effective
management of deer requires a solid understanding of their behaviour. Additionally, deer behaviour can vary greatly
depending on habitat, density of deer, and human disturbance. The characteristics of deer make hunting them more
challenging. A crucial characteristic of deer is their vision. It has five times the strength of human vision in its visual
features. The deer's ability to smell is another amazing trait. Deer sense is sixty times more sensitive than human sense of
smell. A deer recognizes this as dangerous and lets out a loud snore while staggering around. Another deer can learn from
is response. Deer are also adept at hearing the extremely high frequency of the noises.

Initialization
Initialize the learning rate based on the population of the hunters and the mathematical formulation is mentioned in
the Egn. (31)

Y={yuY2-,¥n} (31)

Fitness Function

DHO optimization approaches fitness function to minimize error values, which gives the mathematical function for
defining the minimizing the error.

fitness function = minimization (E) (32)

1

E= 2 11\111=1(Un - Vn)z (33)

The equation (32) states the error minimization. The Eqgn. (33) has the values of U, which is known as the expected
value and V, is known as the actual value.

Updation

The updation takes placed based on the deer vision power, sensibility and hearing power towards the hunter in these
instance where the S¥ < 1 meet this stage then it is said to be in the exploration phase and if the value lies in between the
range of SY > 1 which is said to be in the exploitation phase.

Exploitation Phase

There are two presumptive parameters which are the leader position (zl), which represents the hunter's initial optimal
location, and the successor position (zs), which represents the hunter's position after that. The entire population attempts
to update their location using the initial repetition to get into the optimal position. The mathematical formulation of the
"encircling behaviour" is shown in the below Eqgn. (34):

Ziy1 =2, —k XSV X|LXZ, — Z| (34)

The current and future locations are denoted by Z;| and Z;, , the random integer based on wind speed in the scope
[0, 2] is shown bySY, and the coefficient vectors are represented by L and k. Where y is the random component and
Lnax represents the repetition peak in the interval [—1, 1]. The random integer in the range of 0 to 1 is denoted by 9.

Determining the hunter's position requires careful consideration of angles. The prey shouldn't be able to see the
successful attack, thus. The deer angle formula can be shown as follows in the Eqgn. (35):
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1
UjIEXTZ'XCI (35)

The parameter that is taken into account for revising the angle of position is u, which results from the discrepancy
that exists between the angle of the wind and the angle at which the prey is observed:

G=Fk—y (36)
The following formula can be used to determine the new location once the angle of location has been determined,

Zjyn =Z; — SY x| cos(@jrq) X Z; — Zy] (37)

Exploration Phase

The best solution is updated and made available at the leader location. The following exploratory updating formula
is given in the below Eqn. (38):

Zjy1 =Zs—k XSV X|LXZ, - Z| (38)

Where Z, describes the hunters' successor location at any given time. The best answer in each iteration of this
algorithm updates the hunters' location. The optimal solution is achieved when |L| = 1. If |L| < 1 the one of the hunters
will be gets selected. Through the creation of L switch, this technique can change the algorithm's mode in between the
stages of exploration and exploitation [28].

Termination

Once the optimal learning rate is selected, the process gets terminated. The flowchart of the proposed approach is

shown in the below figure 6.

Initialize the features based on deer
population

v

Calculate the fitness function based
on the deer

v

Update values based on deer
behaviour

'

If Sw<1

Y A4
Update based on the leader and the

successor position

Update based on the leader position

Return the best solution ~«—

¥

Fig. 6. Flowchart of Proposed System.
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4, Result and Discussion

The proposed approach aim is to identify the malvani dialects identification through the stages of pre-processing by
means of an adaptive least mean square filter, fractional bandpass filter. Then following that the extraction of the features
will be happening through the Gammatone Frequency Cepstral Coefficient (GFCC) and Shifted Delta Cepstarl
Coefficient (SDCC) then, the feature selection take place by the independent component analysis. The classification of
the selected features will be further taken in to the Radial Bias Functional Neural Network (RBFNN) And Deep Belief
Network (DBN). The features will be then given to the Recurrent Neural Network (RNN). Through this the dialects will
be identified, whether Marathi or Malvani. Python is used to help with the testing 3.8 with CPU: Intel core i5, GPU:
NVidia GeForce GTX 1650, 16-bit operating system, RAM: 16GB. The similarities of the parameters of RBFNN, DBN
and RNN are shown in the below table 1, 2 and 3.

Table 1. Parameters of Radial Bias Functional Neural Network.

Parameters Range
Learning rate 0.2
Momentum Factor 0.1
Maximum lterations 500
Activation Function Gaussian activation function
Table 2. Parameters of Deep Belief Network (DBN).
Parameters Range
Number of epochs 10
Batch Size 100
Momentum for RBM 0
Learning rate alpha of RBM 1
Activation function of Neural Network Sigmoid
Table 3. Parameters for Recurrent Neural Network.
Parameters Range
Learn rate 0.00002
momentum 0.8
Batch size 60
Halving factor 0.9

Dataset description

An automated identification system was developed for the Malvani dialect, a prominent variant of Marathi spoken in
Maharashtra's Konkan region, supported by a comprehensive speech corpus totaling 16 hours and 25 minutes of
spontaneous speech, including 4 hours and 10 minutes of clean recordings and 12 hours and 15 minutes of noisy data.
Designed to capture the unique phonetic, prosodic, and linguistic features of Malvani, the corpus includes natural
variations in tone, pitch, and context critical for accurate dialect recognition. The combined Malvani and standard
Marathi speech database was divided into 70% training and 30% testing subsets to enable effective model learning and
unbiased evaluation. This resource establishes a benchmark for Malvani dialect identification and contributes
significantly to advancing dialect recognition and multilingual NLP research in India.

Initially, the existing data sets will be gathered and it will be going through the pre-processing phase using the
adaptive least mean square filter and fractional bandpass filter, where the data's will be filtered and the noises will be
removed at this step of pre-processing. The raw input and the pre-processed parameter of the simulation is shown in
Figure 7.
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Fig. 7. Raw Signal and Sample Image Pre-Processed Signal.

Preferred methodologies such as Gamma Frequency Cepstral Coefficients (GFCC) and Shifted Delta Cepstral
Coefficient (SDCC) for the extraction will be used during the ongoing process of feature selection and extraction. The
audio signals will be categorized in the identification process in the last stage to determine whether the language is
Marathi or Malvani.

Fig. 8. Confusion matrix.
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Figure 8 depicts the confusion matrix plot for the proposed system. The confusion matrix is used for evaluating the
performance of a classification model which compares the actual target values with the predicted by the machine learning
model. According to the above mentioned graph, the projected values of 29 samples for malvani (class 0) and 61 samples
for Marathi (class 1).
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Fig. 9. ROC plot.

The convergence plot of the suggested and implemented optimizations is shown in Figure 9. Iteration with regard to
the fitness function is typically used to generate the convergence plot. The fitness function is provided in this case as
error. In this proposed optimization, the error value is 4.8 in the 20™ iteration then it remains constant up to the 100"
iteration.
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Fig. 10. Convergence Plot.

The methods of the proposed AUC and the ROC plots, which display the performance of the classification model at
all classification levels, are shown in the aforementioned Figure 10. The proposed technique has a high degree of
separability because the proposed approach's AUC is so unusually near to 1. The ROC curve shows how well the model
can distinguish between classes.

Comparison Analysis

The comparison analysis beholds the existing techniques comparison where the methods involve several techniques
named as accuracy, precision, recall, specificity, negative predictive value, false discover rate, f1- score, false negative
ratio, false positive ratio, false omission rate, positive likelihood ratio, negative likelihood ratio, error, training time,
testing time, execution time.

Figure 11 represents the graphical representation of the accuracy comparison with the existing approaches which has
the following techniques named OSEL as 0.97%, DNN has the value of 0.94%, MLP has the range of 0.91%, ANN has
the range of 0.75% and the RBF has the value of 0.85%. The precision comparison is shown in Figure 12 as a graphical

representation which has the range of 0.96% for the OSEL, 0.93% for DNN, 0.98% for the MLP, 0.89% for the ANN and
the RBF has the value of 0.84%.
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Fig. 11. Accuracy Comparison.
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Fig. 12. Precision Comparison.

Fig. 13. Recall Comparison.
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Fig. 14. Specificity Comparison.

This graphical depiction of the recall comparison with the existing techniques is shown in Figure 13. The following
technical parameters are the OSEL has a value of 0.98%, the DNN has a value of 0.96%, the MLP has a range of 0.90%,
the ANN has a range of 0.62%, and the RBF has a value of 0.80%. The picture displays a graphical representation of the
specificity comparison, with values ranging from 0.98% for the OSEL, 0.96% for the DNN, 0.90% for the MLP, 0.89%
for the ANN and 0.80% for the RBF shown in Figure 14.
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Fig. 15. Negative Predictive Value Comparison.
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Fig. 16. False Discovery Rate.

The graphically representation of the Negative Predictive Value comparison is shown in Figure 15. OSEL has an
negative predictive value comparison with existing approaches of 0.96%; DNN has a value of 0.93%; MLP has a range
of 0.89%; ANN has a range of 0.86%; and RBF has a value of 0.75%. The false discover rate comparison is displayed
graphically in Figure 16, with values ranging from 0.03% for the OSEL, 0.06% for the DNN, 0.10% for the MLP, 0.13%
for the ANN and 0.15% for the RBF.

F1_Score

OSEL DNN MLP ANN RBF

Fig. 17. F1-Score Comparison.

Figure 17 represents the graphical representation of the f1-score comparison with the existing approaches which has
the following techniques named OSEL as 0.97%, DNN has the value of 0.95%, MLP has the range of 0.90%, ANN has
the range of 0.72% and the RBF has the value of 0.82%. The false negative ratio comparison is shown in Figure 18 as a
graphical representation which has the range of 0.01% for the OSEL, 0.03% for DNN, 0.09% for the MLP, 0.37% for the
ANN and the RBF has the value of 0.19%.
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Fig. 18. False Negative Rate.
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Fig. 20. False Omission Rate.

This graphical depiction of the false positive ratio comparison with the existing techniques is shown in Figure 19.
The following technical parameters are the OSEL has a value of 0.01%, the DNN has a value of 0.03%, the MLP has a
range of 0.09%, the ANN has a range of 0.37%, and the RBF has a value of 0.19%. The picture displays a graphical
representation of the false omission rate comparison shown in figure 20, with values ranging from 0.03% for the OSEL,
0.06% for the DNN, 0.10% for the MLP, 0.13% for the ANN and 0.15% for the RBF.
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Fig. 21. Positive Likelihood Ratio.
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Fig. 22. Negative Likelihood Ratio.

The graphical representation of the Positive Likelihood Ratio is shown in Figure 21, where the OSEL has an
positive likelihood ratio comparison with existing approaches of 31%; DNN has a value of 15%; MLP has a range of
4.93%; ANN has a range of 0.81%; and RBF has a value of 2.02%. The negative likelihood ratio comparison is displayed
graphically in Figure 22, with values ranging from 0.008% for the OSEL, 0.016% for the DNN, 0.05% for the MLP, 0.30%
for the ANN and 0.12% for the RBF.

w (=2} ~
L f L

Training Time(sec)
w -

OSEL  DNN  MLP  ANN RBF

Fig. 23. Training Time.
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Fig. 24. Error Comparison.
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This graphical depiction of the error comparison with the existing techniques is shown in Figure 23. The following
technical parameters are the OSEL has a value of 0.24 sec, the DNN has a value of 0.14 sec, the MLP has a range of 0.08
sec, the ANN has a range of 0.37 sec, and the RBF has a value of 0.19 sec. Figure 24 displays a graphical representation

of the training time comparison, with values ranging from 7.75% for the OSEL, 5.67% for the DNN, 0.03% for the MLP,
0.99% for the ANN and 0.10% for the RBF.
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Fig. 25. Testing Time Comparison.
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Fig. 26. Execution Time Comparison.

The following techniques are represented graphically in Figure 25, where the OSEL has a testing time comparison
with existing approaches of 0.17 sec; DNN has a value of 0.14 sec; MLP has a range of 0.001 sec; ANN has a range of
0.09 sec; and RBF has a value of 0.003 sec. The execution time comparison is displayed graphically in Figure 26, with

values ranging from 7.93 sec for the OSEL, 5.82 sec for the DNN, 0.03 sec for the MLP, 0.99 sec for the ANN and 0.10
sec for the RBF.

Error analysis

Fig. 27. Comparison of MAE
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Figure 27 shows the comparison of mean absolute error (MAE). The proposed method achieve low MAE 0.031 with
existing methods achieve DNN is 0.083, MLP is 0.057, ANN is 0.113 and RBF is 0.119. Mean Squared Error (MSE)
comparison of proposed and existing method shows in figure 28. The proposed OSEL achieve low MSE value 0.072,

other existing methods achieve DNN has 0.092, MLP has 0.118, ANN has 0.107, and RBF has 0.125. The proposed
method achieve better values compared to other methods.

Table 4. Cross validation of the performance matrix

Performance 70/30 60/40 50/50 80/20
Accuracy 97% 95.6% 92.8% 96.3%
Precision 96% 94.8% 92.0% 95.4%

Recall 98% 95.0% 91.3% 96.1%
Specificity 98% 94.2% 91.0% 95.8%
NPV 96% 94.5% 91.7% 94.6%

The table 4 shows the model performance varies based on different training and testing data split ratios. A 70/30
split yields the highest scores across most metrics, suggesting better generalization and balanced training. This analysis
helps determine the optimal train test spilt for balancing model training and validation.

Table 5. Statistical analysis for proposed method

2 feature 4 feature 6 feature 8 feature 10 feature
F-value 621.929 622.061 622.082 621.875 621.932
P-value 0.058361 0.0087301 0.001954295 0.00017026 3.28562

This table 5 presents the statistical analysis results for the proposed method when using different numbers of
features. F-values remaining consistently high, indicating stable model performance. The p-values decrease significantly
as the number of features increases demonstrating improved statistical significance with more features.

Table 6. Comparative analysis of proposed with other optimization algorithms

Performance Proposed (DHOA) PSO [29] GA[30] BO [31]
Accuracy 97% 96.95% 68% 95.55%
F1- score 97% - 67% 84.34%
Precision 96% - - 84.46%

Recall 98% - - 84.41%

Table 6 illustrate the comparison of proposed and other optimization algorithm. The existing techniques include
Particle Swarm Optimization (PSO), Genetic Algorithms (GA), and Bayesian Optimization (BO). The proposed
optimization achieve better performance compared to other optimization.

Table 7. Performance analysis of proposed and state of the art methods

Performance Proposed (OSEL) DNN [32] MLP [33] ANN [34] RBF [35]
Accuracy 97% 96% 96.68% 87.5% 89%
Precision 96% 96% 97.27% 88.9% -
Sensitivity 98% - 96.79% 87.5% -
Fl1-score 97% - - 87.5% -

Performance analysis of proposed and state of the art methods comparison shown in table 7. The existing methods

are Deep Neural Perceptron (MLP), Aurtificial

Networks (DNN), Multilayer
Radial Basis Function (RBF). The proposed method achieve better performance compared to other methods.
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5. Conclusion

Optimized Stacking Based Ensemble Learning (OSEL) approach is developed for identifying the malvani dialects.
Dialect identification must be included in the audio logical test and clinical evaluation methods that are valid and reliable
for native speakers of the target language which must be regularly used to examine speech perception abilities.
Conventional speech recognition tests use most of the Marathi phonemes in their composition. The provision of low-
frequency speech signals during a regular audio logical exam would present redundant information and overstate the
performance of individuals with slanting high frequency hearing loss because of normal or nearly normal perception of
these signals. There are lot of other approaches had been held and those approaches have lots of downsides such as
extremely low parameter usage for feature vector, errors by integrating recognition results with each dialect model for a
single language, error comparison rate a bit high range, instances are in noisy result, noisy result, identification of dialect
were not at an appropriate rate, the converted audio was not in an effective audio stream, encoding of the signals that are
used for the identification purposes is not as much as in an expected effective resultant. Thus, the adaptive least mean
square filter (ALMSF) and the fractional band pass filter (FBF) will be used in the pre-processing phase to eliminate the
Marathi dialect and the Malvani variants. The shifted delta Cepstral coefficient and the gamatone frequency Cepstral
coefficients will next be used to extract the features. Constantly, the independent component analysis will have to be used
to pick the extracted features. Afterwards, a stacking-based ensemble learning using a Deep Belief Network (DBN) and
Radial Basis Functional Neural Network (RBFNN) combination continues. To classify the selected features, a recurrent
neural network (RNN) functions as a meta classifier. The learning rate of the RNN classifier is adjusted using the Deer
Hunting Optimization Algorithm (DHOA). The dialect identification system's average performance was determined to be
an accuracy value has the range of 97%, precision value is of 96%, recall has the range of 98%, specificity value of 98%,
Negative Predictive range is of 96%, False Discovery Rate is of 0.03%,f1-score is 97%, false negative ratio is of 0.015%,
false positive ratio is 0.01%, false omission rate is of 0.03%, positive likelihood ratio is 31% negative likelihood ratio is
0.008 sec, error is of 0.02%, training time is of 7.75 sec, testing time is of 0.17 sec, execution time is of 7.93 sec. There
have been attempts to find a solution to the challenge of distinguishing Malvani dialects in problem formulation. The
suggested process yields significantly superior results than the existing methods, as the above graphical representation
demonstrates.
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