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Abstract—The Kannada Dialect Detector and convertor is
aninnovativeAl-drivenprojectdesignedtoidentifyandanalyse
three key Kannada dialects—Bangalore, Dharwad, and
Brahmin—by addressing the complexities of dialectal diversity
through models for machine learning and a curated dataset.
Unlike existing tools that treat Kannada as a single entity, this
project considers dialect-specific pronunciation, vocabulary,
and grammar, providing precise speech transcription and
dialect classification. Beyond its technical utility, it bridges a
significant gap in language processing, supporting applications
such as educational content localization and voice-driven
technologies while contributing to cultural preservation by
explicitly distinguishing dialects. The effort not only advances
regional language tools but also but also offers beneficial
knowledge for researchers studying dialect evolution, fostering
both technological innovation and appreciation of Kannada’s
linguistic heritage.
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1. INTRODUCTION

The Kannada Dialect Detector is a groundbreaking project
designed to deal with complex and diverse linguistic
landscapeofKannada,amongthemajorlanguagesspokenin
India.Kannadaconsistsofseveraldialectsthatdiffergreatly
between different regions. These dialectal differences are
evident in pronunciation, vocabulary, and grammatical
structures, making it a rich yet challenging language to
process using conventional language technologies. This
project’s main goal is to develop a sophisticated, Al-driven
application capable of accurately identifying and
distinguishing between key Kannada dialects such as
Bangalore, Dharwad, and Brahmin. By focusing on spoken
language,theprojectaimstobridgeacriticalgapinlanguage
technology, where dialectal variations are often overlooked.
Thisproject'sinspirationcomesfromadeepfascinationwith
thelinguisticintricaciesofKannadaandanunderstandingof
theinadequaciesinexistinglanguageprocessingtools. While
numerousspeechrecognitionornatural ~ languageprocessing
(NLP)systemshavebeenputtogetherforformajorlanguages
like English and Hindi, Kannada remains underrepresented
regarding dialect-specific solutions. Current technologies
tendtotreatKannadaasasingularentity,ignoringtheminor  yet
important distinctions between its dialects. This lack of
nuance prompted the notion of creating a tool that leverages
advanced AlandMLtechniquestoclassifyKannadadialects
more effectively. To achieve these objectives, the Kannada
DialectDetectorleveragescutting-edgeartificialintelligence
techniques, including DL and NLP. A curated dataset
comprising audio samples from speakers of different
Kannada dialects forms the backbone of the dialect. These
samplesaremeticulouslylabeledtoinstructmachinelearning
modelscapableofdifferentiatingdialectalvariations.Key
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components setup include gathering data, preparing it,
extracting features, and Dialect classification. Feature
extractionincludingfeaturesofsignalprocessingtechniques
such as Mel-Frequency Cepstral Coefficients (MFCCs),
pitch,andvitality,whicharenecessaryforcapturingdialectal
nuances. The machine learning models implemented from
deep neural networks, especially recurrent neural networks
(RNNSs) and convolutional neural networks (CNNs). These
models are intended to discover complex patterns in speech
that distinguish different dialects. The classifier outputs the
predicted dialect along with a confidence score, enabling
users to not only obtain a transcription but also understand
the likelihood of the detected dialect. By adopting such an
approach, the project ensures a high level of accuracy in
dialect detection and classification. Beyond technical goals,
italsoaimstocontributetoculturalpreservationbyexplicitly
recognizing and documenting distinct Kannada dialects,
thereby fostering a more through understanding of the
language’sdiversity. TheimportanceoftheKannadaDialect
Detector resides in its ability to bridge a crucial gap in
regional language processing. By addressing dialectal
diversity, it offers a more nuanced approach to Kannada
speech recognition, which has far-reaching implications.
Linguistic research has several advantages from this tool, as
it offers accurate dialectal data that facilitates the study of
dialect evolution and relationships. Furthermore, the project
aids in educational content localization by enabling the
creationoflearningmaterialstailoredtospecificregionsand
dialects, enhancing the overall educational experience.
Additionally, by distinguishing and documenting Kannada
dialects, the project plays a crucial part in preserving the
language’s rich diversity and promoting linguistic pride
among Kannada-speaking communities. Despite its
promisingpotential,developingadialectdetectionsystemfor
Kannada presents several challenges. Collecting high-
quality,diverseaudiodatafordifferentdialectsisaresource-
intensive process. Additionally, certain dialects may share
overlapping features, making it difficult to distinguish them
with high accuracy. Environmental noise in real-world
speech samples further complicates the task. In order to
overcome these obstacles, future research will focus on
expanding the dataset, incorporating contextual information
suchasspeakerlocation,andextendingthesystemtosupport
other Dravidian languages with dialectal variations, such as
Tamil, Telugu, and Malayalam.

II. LITERATURESURVEY

Speech recognition technology has made significant strides
over recent years, with major contributions from companies
like Google and IBM. According to Google (2022) [1],
modernspeech-to-textsystemsemployadvancedneural
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networkarchitecturescapableothandlingcomplexlinguistic
features. IBM’s Watson Speech to Text system (2021) [2]
similarlydemonstrateshowAlcanbeleveragedforaccurate
speech recognition across different languages. These
advancements highlight the potential of applying such
technologies to regional languages like Kannada, where
dialectal wvariations pose unique challenges. Numerous
researchers have concentrated on the application of NLP
techniques for Indian languages, including Kannada. Mittal
and Kumar (2020) [3] provide a comprehensive review of
NLPtechniquesused forKannada,emphasizingtheabsence of
dialect-specific tools and the need for further research in
thisarea.BhargaviandPrasad(2019)[4]conductedareview
study on dialect detection in Kannada, demonstrating the
feasibility of distinguishing dialects using machine learning
models. Their findings underscore the importance of
incorporating linguistic features such as phonetics and
morphology in dialect detection systems. Vikas and Rao
(2021) [5] present a survey on machine learning techniques
for dialect identification, concluding that the accuracy and
scalability of deep learning models surpass those of
conventionalmachinelearningtechniques.Featureextraction is
an essential component of dialect classification. Ranjitha
and Shetty (2020) [6] explore different methods of feature
extractionfordialectclassification,highlightingtheefficacy of
Mel-Frequency Cepstral Coefficients (MFCCs) in capturing
speech characteristics. The potential of deep learning
techniques has been thoroughly investigated in speech
recognition and dialect identification. Karthik and Natarajan
(2022) [7] discuss how  convolutional  neural
networks(CNNs)andrecurrentneuralnetworks(RNNs)can be
applied to speech data for accurate transcription and
classification. Their research supports the use of different
models in dialect detection to identify complex patterns in
speech signals. The need for more robust NLP solutions for
Indian languages is further emphasized by the Al Research
Group’s(2023)[8]workonGeminiAl,whichillustrateshow Al-
driventechnologiescanbeadaptedforregionallanguage
processing.Similarly,thereportbyllITBangalore(2021)[9]
outlines current trends and challenges in NLP for Indian
languages, highlighting the underrepresentation of dialectal
variations in existing tools. Kumar and Rehman (2022) [10]
compare statistical models for dialect detection, further
supporting the transition toward data-driven, deep-learning-
basedapproaches.Routrayetal.(2024)[11]provideacritical
perspective on large language models (LLMs), discussing
both their hypes and realities, which are relevant for future
Al-basedregionalspeechsystems.Thiyagarajanetal.(2022)
[12] demonstrate how NLP and machine learning can be
combined for intelligent automation, exemplified in their
automated medical recommendation system — insights that
can be adapted for language processing tasks. More recent
studies continue to refine dialect recognition methods.
Amartyaveeretal.(2025)[ 13 ]improvedialectidentification in
Indian languages using multimodal features from dialect-
informed automatic speech recognition (ASR) systems.
Chaitra and Begam(2025)[14] propose a real-timedialectal
speech recognition system using MFCCs for mobile
applications,demonstratingthefeasibilityofdeployingsuch
modelsinpracticalsettings.Malathietal.(2024)[ 15]explore
multi-dialect speech recognition using transfer learning and
transformer-basedarchitectures,furtherenhancing
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performance across regional variations. Patil and Kumar
(2024)[16]implementtransformer-basedend-to-endspeech
recognition for low-resource Indian languages, proving
effective in improving recognition accuracy. Meena and
Reddy (2023) [17] develop dialect-specific acoustic
modeling for South Indian languages using CNN-BiLSTM
hybrid architectures, achieving improved generalization for
dialectalvariations.NarayanandRajesh(2025)[ 18]leverage
cross-lingual transfer learning for multi-dialect speech
recognition in Dravidian languages, demonstrating that
knowledge transfer across languages significantly enhances
system robustness. Chandrasekar and Menon (2024) [19]
introduce multimodal feature fusion for regional accent
recognition in Indian languages, showcasing the value of
integrating acoustic and linguistic cues. Finally, Srivastava
and Singh (2025) [20] emphasize the importance of cultural
linguistics and Al in preserving dialectal diversity in Indian
languages, underscoring the broader sociocultural relevance
of such technological developments. In summary, existing
literaturerevealsaconsistentprogressionindialectdetection
andspeechrecognitionresearch —fromtraditionalmachine
learning approaches to sophisticated deep learning and
transformer-basedmethods.Bybuildingonthesestudiesand
leveraging state-of-the-art neural architectures, the Kannada
Dialect Detector aims to bridge the gap in dialect-specific
tools, advancing both technological innovation and cultural
preservation through the explicit recognition and
documentation of Kannada’s dialectal diversity.

III. PROPOSEDSYSTEM

TheKannadaDialectDetectorandConversionSystemis
designed to address the inherent complexities of dialectal
variation within the Kannada language by employing Al-
driven speech analysis and classification models [3][5][7].
Thissystemadoptsamulti-layeredarchitecturetoefficiently
process and analyze speech inputs, enabling accurate dialect
detection and speech conversion.

SYSTEMARCHITECTURE

Theoverallframeworkoftheproposedsystemisshownin
Figure 1, which outlines the data flow and component
interactions from user input to dialect detection and output
generation.
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Figurel.SystemArchitectureoftheKannadaDialect
Detector and Converter
Theproposedarchitecturecomprisesfiveprimarylayers:

A. PresentationLayer

The layer serves as the user interface, developed using
HTMLandJavaScript,allowinguserstorecordspeechinreal
timeoruploadaudiofilesforanalysis.Itdisplaystranscription
results, detected dialects, and model confidence scores.
Similar approaches have been used in multilingual speech
systemssuchasGoogleSpeech-to-Text[ 1 JandIBM Watson [2].

B. ApplicationLayer

Built using the Python Flask framework, this layer
handles operations such as input validation, request routing,
and managing communication between the frontend and
backend modules. Flask ensures seamless connectivity
between the Al services and client interfaces.

C. IntegrationLayer

Thislayerconnectstoexternal APIsessentialforthe
system’sfunctionality,including:

GoogleSpeech-to-TextAPIfortranscription[1].

Gemini Al service for dialect classification [8].

GoogleText-to-Speech(gTTS)APIforoutputspeech
synthesis [1].

Theseintegrationsenable thesystem tocombinepowerful
cloud-based tools with custom-trained dialect models.

D. AudioProcessingLayer

The audio processing component performs signal
preprocessing and feature extraction to capture key dialectal
traits. The input signal s(t)is divided into short-time frames,
and its spectral representation is derived using the Discrete
Fourier Transform (DFT) [6][14].

N-1
X(k)=z s(n)- e Jj2mkn/N

n=0

From the DFT, Mel-Frequency Cepstral Coefficients
(MFCCs) are computed to represent perceptual speech
features, as given by [6][14]

K
= k—-1/2
TZ logixGopeos| o

k=1

]1<m
<M
These MFCC features form the input to the deep learning

classifier, capturing frequency and phonetic nuances that
differentiate dialects.

E. AlServiceLayer

TheGeminiAl-baseddialectclassifierusesprobabilistic modelling
to determine the most likely dialect. Posterior probabilities are

computed using Bayes’ theorem [10][17]
P(x|d))P(d;)
P = i i
, 1) P(xId)P(d)

Wheredidenotesthedialectclassandxistheextracted feature
vector.
Thedialectwiththehighestposteriorprobabilityisselected as:
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This layer outputs the predicted dialect and its confidence
level. The classified text is optionally reconverted to speech
using the gTTS API, enabling dialect-specific playback
[14][15].

DATAFLOWANDPROCESSING

The data flow of the proposed system is illustrated in
Figure 2, which shows how user speech input progresses
through preprocessing,feature extraction, classification, and
synthesis.

Prosantation Layer Appicabion Layer Integration Layer
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Figure2.DataFlowDiagramoftheProposedKannada Dialect
Detector and Converter System

Step4:ThefeaturevectorispassedtotheCNN-BiLSTM classifier,
which predicts the dialect label.

Step 5: The system displays
classification, and model confidence.
Step6:Optionally,thesystemsynthesizes convertedaudio using
TTS for the corresponding dialect.

transcription, dialect

IV. EXPERIMENTALRESULTS

TheprimaryinterfaceoftheKannadaDialectDetector.It
provides users with two main functionalities: Real-time
RecordingandLocalFileUpload.Userscaneitherdirectly
record their speech for analysis or upload an existing audio
fileforprocessing. Thedesignisuser-friendlyandvisually
appealing,encouragingeascofusewhileeffectivelyoutliiing

thetool'spurpose.

Read-tirme Diabect Datection

Figure3.KannadaDialectDetector -MainInterface

This section presents the evaluation of the Kannada Dialect
DetectorandConvertersystem.Experimentswereconducted
using a curated dataset of 1,200 audio samples representing
theBangalore,Dharwad,andBrahmindialects.Eachsample
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wasprocessedtoextractMFCCfeatures,followedbyclassificati
on using CNN and Bi-LSTM models.

EVALUATIONMETRICS

Toquantitativelyevaluatethesystem’sperformance,
fourstandardclassificationmetricswereapplied[S][17][18]

Let:

TP
TP+ FN
TP: True Positives (correctly classified dialects)
TN: True Negatives (correctly rejected samples)
FP:FalsePositives(incorrectlyclassifieddialects)
FN: False Negatives (missed dialects)

Recall=

Themetricsarecomputedasfollows:

Accuracy—Overallcorrectnessofclassification
TP+TN

TP+TN+FP+FN
Precision—Ratioofcorrectlyidentifieddialectsamongall
predicteddialects

Accuracy=

TP

TP+FP
Recall—Ratioofactualdialectsamplescorrectlydetected

Precision=

Recall=
TP+ FN

F1-Score—Harmonicmeanofprecisionandrecall

PrecisionxRecall
F1-Score=2X

Precision+Recall

ConfusionMatrix
Thesystemachievedanoverallaccuracyof94.4%,with minimal
confusion between Bangalore and Dharwad dialects.

Confusion Matrix for Kannada Dialect Detection

Bangalore

Dfaswad

True Label

Brahemin

Bangalore Dharwad

Predicted Label

frahiman

Figure4.ConfusionMatrixforKannadaDialect
Detection

TrainingvsValidationAccuracy
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The training and validation accuracy over 20 epochs for
theCNN-BiLSTMmodel. Bothcurvesdemonstrateconsistent
improvement, indicating effective model generalization.

CNN-BILSTM Model

Training vs Validation Accuracy for

FigureS.TrainingvsValidationAccuracyforCNN- BiLSTM
Model
SystemGoalsandImpact

Thegoaloftheproposedsystemistwofold. Thetwofold,
consistingof(1)dialectdetectionand(2)dialectconversion. The
system integrates multiple layers that work together to
process speech input and generate accurate, dialect-specific
output.

Speech Processing and Feature Extraction (First

Fold)Inthefirststage,theinputaudiosignals(t)ispre-
processed and segmented into short frames. Each frame is
transformed into its spectral representation using techniques
suchastheShort-TimeFourierTransform(STFT).Fromthis,
relevant acoustic features—including Mel-Frequency
Cepstral Coefficients (MFCCs), pitch, and energy—are
extracted to capture dialectal variations.

Mathematically,theframedsignalisrepresented as:

N-1
X(kn)=>>s(m+nH) -w(m)-e—j2rkm/N
m=0

where:

w(m)isthewindowfunction, His

the hop size,

Nistheframelength.
Theseextractedfeaturesformthebasisforclassification. Dialect
Classification and Conversion (Second Fold)

Thesecondstageinvolvesdialectdetectionfollowedby
dialect conversion.

The extracted features are passed to a machine-learning
model or Al service (e.g., Gemini Al), which classifies the
input into its corresponding Kannada dialect using
probability scores:

d=argmaxP(d|X)
deD

Oncethedialectisidentified,thetextisconvertedinto
the target dialect using rule-based mapping or neural text
generation techniques. Finally, the converted text is
synthesized into audio using a Text-to-Speech (TTS) engine
such as gTTS.

Technological Advancement: Improve dialect-specific
speech recognition and language processing tools for
Kannada [7][13][15].
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Cultural Preservation: Support linguistic documentation and
educational localization, ensuring dialects like Bangalore,
Dharwad, and Brahmin are digitally preserved [19][20].

By integrating Al services such as Gemini Al [8] with NLP
and deep learning techniques [7][15][16], the Kannada
Dialect Detector and Converter bridges a major gap in
regional language processing. This innovation not only
enhances practical applications like voice assistants,
transcription systems, and e-learning platforms, but also
contributes to the preservation of Karnataka’s linguistic
heritage.

V. CONCLUSIONANDFUTURE WORK

The Kannada Dialect Detector and converter initiative has
achieved notable progress in creating a tool capable of
accurately identifying and analyzingsthediversedialectsof
the Kannada language. Among its key achievements is the
development of a powerful machine learning model
thatutilizes advanced speech recognition and multiple
techniques for processing natural language to differentiate
between dialects. Throughoutthe project, Important lessons
werediscoveredregarding aboutthecomplexitiesofdialectal
variationsand Theimportofreliabledata collectiontoensure
comprehensiverepresentation.Expanding thedata modelto
includeunderrepresenteddialectsremainsavitalfuturestep, as
it will enhance The versatility of the model and perform
effectively across various contexts. Additionally,
incorporating user feedback mechanisms can facilitate real-
timesystemimprovementsandbetteralignthetoolwithuser
needs.

Deployment strategies are a critical focus for the project's
nextphase. Transitioningtheprototype intoafullyfunctional
webservicewillneedmeticulouspreparation,including, with
considerations for scalability and user accessibility.
Developingamobileapplicationversionwillfurtherbroaden
user engagement, enabling on-the-go access to dialect
detectioncapabilities. Theseeffortsaimtomakethetoolmore
practical and widely available, supporting both individual
usersandbroaderapplicationssuchaseducation,linguistics,
and content localization.

The project's impact extends beyond technological
innovation to cultural preservation. By addressing linguistic
nuances, the Kannada Dialect Detector not only enhances
speech-driven applications like virtual assistants and
transcription tools but additionally adds to the appreciation
and preservation of Kannada's rich linguistic heritage. This
project serves as a model for future research in dialect
detection for other languages, fostering inclusivity in
technology-driven solutions and bridging gaps in current
voice recognition software for regional languages. Through
the incorporation of cultural and technological
advancements, the Kannada Dialect Detector and converter
lays the groundwork for innovative solutions designed to
meet the requirements of diverse linguistic communities
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