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Abstract

The Telugu Speech-to-Text (STT) systems are to be important in digital governance,
education, and accessibility; still, they are not very productive because of noise, dialect
variations, code-mixed language, and small labelled data sets. Conventional ways of
Automatic Speech Recognition (ASR) have been known to have transcription errors, thus
it has low linguistic accuracy. To overcome this issue, this paper will suggest a hybrid
Telugu STT pipeline that would integrate both signal processing algorithm and refining
based on Generative Al. The proposed methodology will incorporate the audio
preprocessing (silence and normalization, spectral noise reduction), the extraction of
MFCC features, Transformer-based acoustic modeling with CTC decoding, and the use of a
Large Language Model (LLM) to correct linguistic information. It is evidenced by the
results of the experiment that speech quality and accuracy in transcription significantly
improved. The preprocessing phase decreased the audio duration to 3.5 seconds, and
reduced audio samples to 54,000 getting around 3233 percent decreasing redundant
information. The character error rate (CER) and Word Error rate (WER) of the baseline
ASR system were 2.96 and 2.98 respectively. Following the implementation of post-
processing based on the LLM, WER had fallen to 1.61 and CER to 1.75, which
corresponded to Relative Error Reductions (RER) of 46% and 41 respectively. This
evidence indicates that signal amplification with Generative Al-based correction could
perform much better in terms of transcription accuracy, linguistic consistency, and
readability and the framework can be used as an effective tool to achieve robust Telugu
speech recognition in practical scenarios.

Keywords: Telugu Speech Recognition, Automatic Speech Recognition (ASR), Generative
Al, Signal Processing, Large Language Models (LLM), Speech-to-Text Transformation.

1. Introduction

Telugu is an Indian language and one of the most commonly spoken languages which is
used in various social, educational and workplace environments. As the public services,
media and learning materials are being increasingly digitized; today there is an
increasing need to have a stable Telugu “Speech-To-Text” (STT) solution capable of
translating natural speech into exact and readable text on the fly. Good STT is necessary
in accessibility (video captions, video assistive devices), governance (form voice
enabled, helpline, support), education (lecture transcription and video summary), and
business (customer support analytics and documentation). Though the “Automatic
Speech Recognition (ASR)” of high-resource languages has advanced significantly,
Telugu STT is not an easy task since there are limited labeled datasets, large variation in
dialects, code-switching between English and Hindi, and acoustic diversity because of
the use of various microphones and noisy environments [1].

The standard architecture of the ASR pipelines is usually signal-processing-based: audio
pre-processing, feature extraction, acoustic modeling and language modeling. Even
though deep learning has changed these elements, the state of low-resource worsens the
performance [2]. The speech of Telugu has phonetic and prosodic peculiarities, i.e., the
differentiation in the length of vowels, retroflex consonants, coarticulation effects, etc.
which require strong acoustic representation. Also, several spoken Telugu languages
contain named entities, local slang and borrowed words and this poses a challenge to
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language modeling where corpora are small or where the used corpora are not relevant
to a given domain [3].Thus, existing systems can potentially create substitution errors,
ignore the inflection and suffixes, cannot handle compound words, and cannot work
under background or spontaneous speech [4]. These constraints make them less useful,
particularly when applications which demand high fidelity transcriptions are involved
like legal dictation, medical notes, and academic content [5].

However, recent developments in Generative Al are a hopeful future of advancing the
quality of low-resource STT in a way traditional discriminative models cannot go [6].The
“Large Language Models (LLMS)” are able to reflect more profound grammatical and
semantic regularities and, therefore, are capable of eliminating grammatical conflicts,
reinstating punctuations and expanding abbreviations and addressing the ambiguous
forms of words in a context-dependent way [7].In the case of Telugu, this is specifically
useful since a large fraction of errors in the ASR system is linguistic in nature, e.g. mixing
up the phonemes that correspond to the same syllable, errors in splitting agglutinative
suffixes etc. [8]. Generative models can serve as smart post-processors that are able to
transform raw ASR hypotheses to well-structured Telugu text without meaning loss.
Nevertheless, there are also hallucinations or over-corrections that may be caused by
blindly using generative correction, most often when the input is noisy or when a
generative model does not align with the domain [9] . Hence, the application of
Generative Al to STT should be designed with a keen interest to be faithful to what is
being said.

The proposed objective are:

o Design an efficient Telugu speech-to-text signal-to-text improvement architecture
based on signal processing and Generative Al.

o Enhance the quality of speech signal and acoustic strength in noisy and real world
conditions.

o Minimize the pronunciation, accent, and speaker-variability related recognition
errors.

. Use Generative Al on language refinement of ASR outputs.

o Discuss Telugu difficulties on language such as agglutinative morphology and
code-mixed language.

o Devise an awareness of faithfulness generative correction system to avoid
semantic variation.

o Compare performance on classic measures of performance including “Word Error
Rate (WER)".

Simultaneously, signal processing is still critical in improving the quality of the input
speech signal and in deriving potent representations that can be more recognized even
in disadvantageous conditions. Noise suppression, dereverberation, voice activity
detection, pre-emphasis and adaptive filtering are some of the pre-processing measures
that make a significant contribution in enhancing the signal to noise ratio and
suppressing artifacts before the signal is passed to the recognizer [10]. The acoustic
model should be enhanced with feature-space protocols like normalization of cepstral
means and variance, spectral subtraction and data enhancement by time-stretching,
pitch shifting, and additive noise to allow the acoustic model to generalize to diverse
speakers and recording arrangements. In the case of Telugu STT, especially, the
stabilization of performance of rural accents, fast speech, and poor quality mobile
speech can be achieved using such methods [11]. However, linguistic and contextual
errors that occur after decoding cannot be fully considered in signal processing [12].
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Having been inspired by such holes, this research article creates a single framework to
improve the Telugu speech-to-text conversion by incorporating signals processing
models with Generative Al-based refinement. The main message is to solve the problem
of optimising the intelligibility and consistency of the audio signal using principled pre-
processing and feature enhancement; and (ii) to optimise the textual accuracy and
readability with generative context-aware correction limited by acoustic admissibility
[13] . The system operates in the first stage by conditioning its inputs noiselessly and
offloading acoustically more powerfully to create improved inputs and acoustic
embeddings in the underlying ASR model. During the second stage, the controlled
decoding and re-ranking of the outputs of the ASR is done by a generative module using
Telugu linguistic priors and optionally with domain vocabulary and phonetic
constraints, so that the resulting transcript is accurate and fluent [14].

The notable input of the proposed direction is the focus on the faithfulness-conscious
generative correction. The generative component does not rewrite transcripts blind, but
is informed by confidence values and alignment indicators of the ASR output and only
does plausible edits. This can take the form of syllable-alteration replacements as per
Telugu phonotactics, restoration of lost case-marks, homophony repair,
normalization/code-mix tokens and embedding punctuations in the patterns of prosody
and pause [15]. It is possible to use a lightweight lexical constraint and a list of terms to
make the framework better retain named entities whenever a domain adaptation is
needed, i.e. news, education, customer support. By combining both acoustic trust and
generative logic, the system will minimize the word error rate (WER), at the same time
improving the quality metrics as perceived by human factors of readability and
grammatical faithfulness.

This work is therefore an answer to both a critical and practical research problem: to
build a strong low resource amenable and implementable to the real world noisy
counterparts Telugu STT enhancement method. The anticipated performance will be
quantifiable enhancement in recognition accuracy particularly in difficult acoustic
environment as well as enhancement in transcript quality in support of downstream
activities like translation, summarization, indexing and question answering. The study
will form a connection between the benefits of the classical signal processing and the
existing templates of the Generative Al that will create a path toward reliable
multilingual voice interfaces and raise the popularity of the Indian languages in voice-
based digital economies.

2. Literature Review
Automatic Speech Recognition (ASR) has undergone extensive evolution over the past
ASR has gone through a long-standing evolution until the recent decades, developing
primitive statistical and rule-based applications to advanced deep learning-based and
end-to-end neural networks. Muthusamy et al. (2025) [16] presented a survey of the
current ASR research across over sixty years, including the shift to neural and end-to-
end models, including Connectionist Temporal Classification (CTC) and attention-based
models, and the new importance of Large Language Models (LLMs) in the speech
processing pipelines. Their research involving English and Indian languages reveals that
they have encountered ongoing problems in the real life acoustic conditions and
especially to low-resource languages. In these views, Soundararaj et al. (2025) [18]
indicated the possibility of combining advanced speech embeddings and ASR models to
evaluate pronunciation and accent implying that the models are highly classified.
Nevertheless, they have a narrow scope of focus on assessment of English
pronunciation. Simultaneously, Chandhekar et al. (2025) [19] provided a critical review
of the speech enhancement techniques, showing that established denoising algorithms
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may harm the work of current large-scale ASR model. This unintuitive observation
underscores why it is important to have signal processing strategies that are well
designed instead of generic preprocessing, particularly in the case of robust, data-driven
ASR models.

It was further enlarged by the fast proliferation of Generative Al and Large Language
Models which have prolifically extended the boundaries of speech and language
technologies. The article by Darvin et al. (2025) [19] covered the implication of the
Generative Al in the second-language writing process and points to the significance of
multidimensional, analytic, and critical application of the generative system. Even
though their research focuses on the educational cases, their results can be applied to
speech-to-text post-processing, where ad hoc generation can misrepresent original
material. Inuwa-Dutse et al. (2025) [20] offered extensive coverage of NLP research in
major Nigerian languages, with severe data scarcity, limited annotation, and
underrepresented linguistic phenomena as the main setbacks, which can again be
closely compared with problems of Indian languages like Telugu. Speaking of the
multilinguality on a large scale, Omnilingual et al. (2025) [22] introduced the extensible
ASR framework that could support more than 1,600 languages and uses self-supervised
learning and decoders that are based on LLM, whereas Pratap et al. (2024) [26] reported
the Massively Multilingual Speech (MMS) project that covers many more languages and
boasts a lower word error rate. Nonetheless, these developments do not necessarily
allow either of the works to provide much information on language-based post-
recognition refinements or contextual accuracy.

Critical analysis, strength, and usability of speech and language systems have also been
highlighted by the recent research. To evaluate the effectiveness of Speech Language
Models in multilingual and culturally situated agentic situations, [23] Jain et al.
suggested the use of VoiceAgentBench to identify significant gaps in the generalization
and strength of Indic languages. The feature of code-mixed speech, which is inherent in
the Indian languages, is covered by Madan et al. (2024) [27].This study proposed with a
federated learning-based code-switching detection framework in Telugu and other Indic
languages, but detection and not transcription improvement. The need to build systems
with trust, consistency, and reliability in speech-enabled systems can also be illustrated
by Domain-specific and applied Generative Al systems, like the medical chatbot by
Ramjee et al. (2025) [23] or the multilingual disaster chat by Behravan et al. (2024) [25]
and others. Greater discussions by Choi et al. (2025) [24], Arora et al. (2024) [31],
Pashangpour et al. (2024) [30] and Tuli et al. (2024) [32] highlight the strategic, ethical,
and multimodal aspects of technologies addressed by the issues of use of LLM.
Altogether, the literature shows that there is an apparent research gap: recent progress
in ASR, signal processing, and Generative Al is significant; however, there are no united,
faithfulness-conscious frameworks that combine acoustic enhancement and generative
linguistic optimization of low-resource Indian languages, including Telugu, which
prompts the proposed research.

Despite the significant advances made in the realms of ASR, multilingual modeling, and
Generative Al, there is a clear research gap in the design of comprehensive, faithfulness-
aware models for low-resource Indian languages like Telugu. The current literature is
restricted to acoustic modeling, multilingual scaling, or generative refinement but not a
comprehensive architecture that combines signal enhancement with linguistically
constrained correction. Moreover, the lack of transparency in benchmarking, the poor
performance on code-mixed speech, and the poor adaptability to domains also highlight
the requirement of a Telugu speech-to-text enhancement system.
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3. Research Methodology

This paper suggests an organized approach that can be used to improve the speech-to-
text (STT) transformation of the Telugu language by means of signal processing and the
Generative Artificial Intelligence (GenAl) linguistic enhancements. The methodology will
aim to deal with acoustic degradation as well as language-level errors in low resource
Telugu automatic speech recognition (ASR) systems. The entire system architecture
entails 5 parts that are speech data preparation signal enhancement baseline ASR
modeling generative post-processing and systematic evaluation. Figure 1 represents
framework of proposed methodology .

Figure 1: Framework of Research Methodology

Feature Basline Telugu

Data collection Extraction ASR System

Telugu-Specific
and Code-
Mixed Speech
Handling

3.1 Data Collection

In a bid to study the speech recovery and audio processing technology, the Indian
language speech recognition and audio processing technology, researchers may visit the
Indian Languages Audio Dataset [31] which is an open access multilingual speech
database. The collection contains labelled audio recordings, which contain various
languages including Telugu and the relevant text transcriptions that are used by the
researchers as the supervised learning materials. The data set allows the researcher to
research the various speaking styles since it contains recordings made by speakers who
display varying gender and accent and speaking styles. The system enables researchers
to test different signal processing techniques that entail noise reduction techniques and
normalization techniques, feature enhancement techniques. With the help of the dataset,
researchers can develop and experience Telugu speech-to-text systems with the
application of Generative Al-based linguistic correction techniques.

3.2  Data prepressing

3.2.1 Data Selection and Filtering

Firstly, the multilingual dataset offers appropriate Telugu speech samples that can serve
to assess the language requirements by the researchers. The team eliminates the audio
files having some missing transcriptions or gross distortions or wrong labels. Recording
that has a very poor signal quality or a high level of noise is eliminated as well since they
will lower reliability of the dataset. Only clean samples of Telugu speech that have
accurate annotations are picked out by the filtering process and that undergoes further
preprocessing work and model training activities.

3.2.2 Audio Format Standardization

Any speech sample of Telugu language is transformed in a standard digital audio format
that holds the sampling rate and mono channel fixed to establish the consistency in
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recording. The difference between the recording devices (resampling) is offset and
results in audio signals that are equal to the requirements of ASR devices and more
signal manipulation. The system accepts f s as the initial input signal sampling rate and it
must convert it to f t as its intended rate.

xr(n) = x(7) (1)

The standardization enhances the stability of feature extraction as well as recognition.

3.2.3 Silence Removal
Silence removal is used to remove unhelpful silent sections which occur before and after
speech in Telugu audio recordings. The process improves system performance by
enhancing segment detection accuracy while decreasing computational requirements.
Short-time energy (STE) is the standard method used to identify silence periods in audio
tracks. For a speech frame x(n) of length N, energy is computed as

E = Y- x*(n) (2)
The system classifies frames which have energy levels that fall below a specific
threshold value as silent frames which it then removes from the system. The process
eliminates all audio except for parts where people are speaking.

3.2.4 Amplitude Normalization

The process of amplitude normalization establishes a standardized dynamic range for
Telugu speech signals because it removes all sound equipment and microphone distance
and speaker distance variations. The discrete-time speech signal gets x(n) normalized
through sample division by max (A) . The maximum absolute amplitude value max (A)
as:

xp(n) = —&__ (3)

max |x(n)|
Enhancing the security of speech recorded environments; Sangwan was already working
with robust features of spoken characteristics.

3.2.5 Noise Reduction
Telugu speech recordings use noise reduction techniques which eliminate background
disturbances while keeping essential linguistic sound elements. The method of spectral
subtraction operates by subtracting the estimated noise spectrum (w) from the noisy
speech spectrum (w) to produce the enhanced signal S*(w) which results from the
process.

$(w) = y(w) = N(w) (4)
Unfavourable values are rounded to zero so as not to distort. The suppressed controlled
has the benefit of not only enhancing the signal quality, but also, enhancing the accuracy
of the recognition without losing important speech features.

3.2.6 Segmentation and Framing
The segmentation and framing of continuous Telugu speech signals produces short
overlapping frames that are useful in capturing both time and spectral variations of the
speech signals. This system divides every signal x(n) into N samples long frames that
move forward by M samples. Each frame is subjected to a window function w(n) as
xr(n) = x(M)w(n), 0<n<N (5)
Overlapping frames capture sustained patterns of speech that improve the performance
of the speech recognition system to provide better feature extraction.

3.2.7 Text Normalization
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Text normalization is performed to standardize Telugu transcriptions by removing
unwanted symbols, extra spaces, and inconsistent annotations while preserving
linguistic meaning. The system transforms all written content into a single standardized
script which it uses to convert various common writing forms into their standardized
versions. Normalization of a raw transcription string T occurs through the following
expression
Tn = f(T) (6)

The function f (.) is the description of the cleaning process involving the elimination of
symbols and normalization of whitespace and standardization of the scripts. The system
has consistent text inputs that Generative Al takes into consideration in the refinement
and assessment processes.

3.2.8 Data Augmentation
Researchers use data augmentation techniques to create more diverse Telugu speech
samples, which help their models to perform better on new data. The process of time
stretching enables changes to speech timing while keeping the original pitch level, which
scientists express as

x¢(n) = x(an) (6)
The time-scaling factor a controls the pace of time modifications. The pitch variation
process creates changes to fundamental frequency which keeps the original timing of
the sound.

xp(n) = x(n)e/2mAIm (7)
Researchers use these controlled transformations to create conditions where their
speech recognition model can learn to recognize speech patterns across various speaker
styles and different speaking speeds under multiple sound environments.

3.2.9 Train-Validation-Test Split
The researchers divided the processed Telugu speech dataset into three parts which
included training and validation and testing to create unbiased evaluation conditions for
their model development work. The total dataset D is divided into three distinct parts
which are described as follows

D = Dtrain Y Dyar VU Deest) Dirain N Dyar N Dyese = @ (8)
The standard procedure for sample allocation requires fixed ratios to be used. The
process of separation enables independent execution of model learning together with
hyperparameter tuning and final performance evaluation.

3.3  Feature Extraction

The process of feature extraction creates compact informative representations from
preprocessed Telugu speech signals which automatic speech recognition systems can
use. The system uses Mel-frequency spectral features as its standard because they
accurately represent human hearing capabilities. The speech signal first undergoes
conversion to the frequency domain through the Short-Time Fourier Transform process
which generates a spectrum that the Mel filter bank uses to create perceptually scaled
energy values. The system uses logarithmic compression to decrease dynamic range
while increasing its ability to differentiate between sounds. The features preserve key
phonetic contents of Telugu in that they are identified to demonstrate differences in
length of vowels and consonantal sound production that in turn increase the accuracy of
acoustic modeling and the level of recognition of the sound under varied speaking
conditions.

The suggested Telugu Speech-to-Text system uses a hybrid end-to-end model of
Automatic Speech Recognition, based on features extraction using MFCC, encoder
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modeling through Transformer, and using Connectionist Temporal Classification (CTC)
as a decoder, and then linguistic refinement by means of Generative Al. The CTC goal
method reduces the transcription loss with as:
Lere = —logP(Y|X) (9)

Attention modeling is based on the scaled dot-product formulation. Signal preprocessing
includes normalization of WAV format (16 kHz, 16-bit PCM, mono), resilience
elimination of silence, amplitude modification, spectral reduction and framing and data
insertion. The use and verification of Indian Languages Audio Dataset is applied on
OpenCL and MMS Telugu benchmarks. It is a domain adaptable model, which is a generic
model and evaluated using Wer, CER and Reduction of Relative error measures.

3.4  Baseline Telugu ASR System

The basic speech to text engine of the proposed arrangement is the base Telugu
Automatic Speech Recognition (ASR) system. The system operates on end to end neural
based architecture that transforms acoustic signals into Telugu texts. The model
acquires the pronouncing mechanisms and phonetics differences and time associations
by being trained with the use of the processed and augmented

Figure 2: Baseline Telugu ASR Architecture [32]
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Telugu speech information, On the test, the ASR system generates first transcription
guesses along with the rating of confidence and alignment information of each identified
sound segment. The output of these forms the foundation of Generative Al based
refining process that helps to increase the transcription accuracy and linguistic quality
in different audio settings.

The research demonstrates the comparison between conventional ASR systems where
use of dictionary and language models are involved and the end to end ASR systems by
the way they test and evaluate training data and external data and test data.

3.1 Algorithm Used

The suggested framework consists of a Hybrid End-to-End Automatic Speech
Recognition architecture, which incorporates CTC-based decoding and Transformer-
based acoustic modeling and refinement with Generative Al
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o Mel-Frequency Cepstral Coefficients (MFCC)

MFCC has been applied in data mining compact and perceptually significant acoustic
data of Telugu speech. It simulates the human ear by mapping frequency frequencies on
the Mel scale that gives precedence to the lower frequencies that are of significance in
speech interpretation. This is done through framing, windowing, Fast Fourier Transform
(FFT), Mel filter bank processing, logarithmic compression and Discrete Cosine
Transform (DCT). MFCC phonologically models vowel length and consonant articulation,
which allows the ASR model to be trained to acquire strong speech presentations in
different noise and speaker levels.

o Transformer Encoder for Acoustic Modeling

The Transformer represents speech temporal encoder without recurring networks. It
relies on multi-head self-attention to learn the contextual relationships between
acoustic frames that are long-range. The scaled dot-product attention, feed-forward
networks, and layer normalization is used in each encoder layer. This architecture is
effective in modeling the pronunciation patterns, co-articulation effects and prosodic
variations which exist in the Telugu speech. Transformers have better parallelization
and faster training and their contextual representation is superior to traditional RNNs,
which results in improved accuracy of recognition, particularly in longer utterances and
dialectal variation.

o Connectionist Temporal Classification (CTC)

CTC allows the training of input acoustic sequence alignment-free to output text labels.
It also removes the use of frame level annotation by adding a blank token and multiple
alignment possibilities. The CTC loss value maximizes a probability of making correct
transcription amongst any valid alignments. Such works with the speech factor of
variable lengths and spontaneous patterns of speech. In the Telugu ASR, CTC supports
long vowels, agglutinative morphemes and time-varying Runcination, therefore suitable
to low-resource and full-world noise speech recognition.

o Generative Al (LLM-Based Constrained Correction)

The Generative Al module aims at refining ASR raw output with contextual
understanding of language. It uses large language models with training on the Telugu
linguistic patterns used to correct grammatical mistakes, restore the agglutinative suffix,
and enhance sentence fluent structures. As opposed to unrestricted rewriting,
constrained correction guarantees faithfulness via ASR confidence ratings as well as
alignment data. The model never hallucinates, as it restricts the alteration of tokens that
are acoustically realistic. This step improves the readability, punctuations and semantic
consistency without compromising the original meaning of the spoken Telugu materials.

Trinai = argmaxP (T |Hysg, C) (10)

3.5  Generative Al-Based Post-Processing

The Telugu speech-to-text system uses a Generative Al-based post-processing module to
address all linguistic and contextual challenges that exist after the completion of
acoustic modeling work. This system uses the raw ASR data to fix grammar errors and
identify phonetic problems and complete missing or incorrect agglutinative suffixes
which are common in Telugu language. Generative model involves word-level and
sentence-level contextual data that is used to enhance syntax structure and coherence
and sentence fluency across the entire sentence. The refinement process is aimed at
making the text readable and being strictly concerned with semantic content of the
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original speech. The process yields proper Telugu transcriptions that are linguistically
consistent so that they can be used in subsequent language processing operations.

Algorithm 1: Telugu STT_Hybrid_Model
Input : S (Telugu speech signal in WAV format, 16 kHz, mono)
Output: T_final (Refined Telugu transcription)
Begin
S_r « Resample(S, 16000 Hz)
S_s < RemoveSilence(S_r)
S_n « NormalizeAmplitude(S_s)
S_c « SpectralSubtraction(S_n)

Frames « FrameSignal(S_c, frame_size = 25 ms, overlap = 10 ms)
WindowedFrames < ApplyHammingWindow(Frames)

X « ComputeMFCC(WindowedFrames)

H < TransformerEncoder(X)

T_asr « CTCDecode(H)
C « GetConfidenceScores(H)

T_final « GenerativeCorrection(T_asr, C)
where:
- ApplyContextCorrection()
- RestoreSuffixes()
- PreserveNamedEntities()
- EnforceConfidenceConstraints()

Return T_final

END

3.6 Telugu-Specific and Code-Mixed Speech Handling

It operates on a code-mixed based speech management and Telugu specific handling of
speech enabling handling the common language patterns present in the actual speech of
Telugu. Three linguistic features agglutinative word formation and vowel length
variations and retroflex consonant are used in the system to obtain appropriate
transcription results. The system identifies automatically mix-mixed speech that
consists of Telugu and English language, retains foreign words, and technical terms. The
linguistic rules of normalization serve to preserve grammatical correctness of the
Telugu sentence structure and the mixed sentence expressions preserve their original
meaning.
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Figure 3: Telugu-English Code-Mixed Speech Handling Framework. [33]
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With its specific strategy that improves conversational and semantically selected Telugu
speech intelligibility, the system attains improved transcription outcomes. The figure 4
provides an illustration of how are Telugu and English tokens identified during the
speech generated upon the basis of the language-specific set of rules that, in its turn, is
linked to the ASR system and to the Generative Al one in maintaining the linguistic
patterns, improving the precision of transcription, and processing actual speech with the
code-mixed conversations.

3.6 Model Classification

The system suggested is a generic model of Telugu Speech Recognition that has been
specially adapted to suit low resource environment in which there is a scarcity of
annotated data. It is able to compute the diverse speech codes, dialect and acoustic code
variance under real life circumstances. Although the model is rather generic in terms of
architecture, it offers the domain to be flexible by adding domain-specific vocabulary,
retaining named entities, and providing lexical constraints customization options to
industries such as education, governance, and healthcare. Such an adaptable
architecture gives it a broad applicability but still allows certain performance
enhancement to be applied to its chosen fields of use.

3.7 Evaluation Metrics and Analysis
The paper relied on conventional measures of quality taken to evaluate speech
recognition to determine possible performance of Telugu speech-to-text framework.

o Word Error Rate (WER):
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The Word Error rate (WER) system is an evaluation system that considers the accuracy
of the transcriptions based on the number of errors present between the text that was
read and the spoken result.

WER = =22 (11)
The formulae computes the work based on three components that comprise of
substitutions (S) and deletions (D) and insertions (I) and the total numbers of reference
transcription words (N).
o Character Error Rate (CER):
CER are intended to analyze the more careful subdivision of the error cases at the
character level i.e. CER will especially well work with agglutinative languages like

Telugu.
CER =

Se+De+I,
N (12)
o Relative Error Reduction (RER):
The current ASR system must be assessed using tests that gauge the performance of the
system with enhanced results.
RER = WERbasline_WERproposed (13)

WERpastine
There are three metrics that the assessment process relies on and which determine the
accuracy of sound reproduction and the accuracy of the spoken language and the
success of the improvements made by the Generative Al-based ones.

4. Result and discussion

This part contains an estimation of the suggested Telugu Speech-to-Text scheme. It
examines the effects of the pre-process methods like removing silence, normalization,
and noise on the speech quality. The acoustic features that are extracted like Mel
spectrogram and MFCC are analyzed in order to know the speech characteristics. Lastly,
the metrics (Word Error Rate (WER), Character Error Rate (CER) and Relative Error
Reduction (RER)) are used to compare the performances of the baseline ASR, and the
refined transcription performance with the LLM, to show an increase in transcription
accuracy and speech recognition performance.

4.1 Audio Preprocessing

Figure 4 shows the raw audio signal that has a length of about 5 seconds and values of
amplitude between about -0.8 and +0.7. There are a number of low-energy intervals
between 0.816 and 2.22.8 s pointing to silent or nearly silent periods. The bottom
waveform will be the processed audio which is triggered by the silence and the signal
amplitude is normalized. Consequently, the overall duration is reduced to approximately
3.5 seconds whereas the amplitude is rolled off to a constant scale of a range of about -1
to +1. Sections of the speech are more continuous and articulate and there are fewer
pauses between them. This pre-processing stage enhances consistency of the signal, and
focuses on informative patterns of speech and is useful in feature extraction, speech
analysis and machine learning uses.

Figure 4: Comparison of raw and processed audio waveforms showing the effect of
silence removal and amplitude normalization
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As shown in Figure 5, audio signal in remains of around 05 seconds in a frequency range
between 0 and 8000 Hz. Bright colour (high-energy) patterns are localized below 3000
Hz, which is dominated by the speech frequencies, and darker ones indicate silence of
0.816 s and 22.428 s. Processing further reduces the duration of the processed
spectrogram to 3.3 seconds, meaning that it removes silent intervals. There is more
continuity in energy distribution across time, and spectral designs are more evident
because they have been normalized. The energy in the speech is mainly centred between
0-4000 Hz and harmonic structures could be better seen. The shrinkage of the low-
energy discontinuities and a better representation of spectral bands help to capture
speech features which helps in processing speech, extracting features and audio analysis
by using machine learning.

Figure 5: Comparison of raw and processed audio spectrograms showing the effect
of preprocessing on speech frequency patterns.

R Spaciegan

A comparison of the raw and processed signals is given in figure 6 that compares the
number of audio samples. The raw audio did add about 80,000 samples, which are the
original recording of the audio including the silence, as well as the background noises.
Having gone through preprocessing, which involves operations like removal of silence,
normalization and even noise reduction, the sample is now reduced to a figure of
approximately 54,000 samples. This is an equivalent of approximately 26,000 samples
or approximately 32-33 percent of the original length. The decrease implies that both
informative and non-informative parts like silent periods and noise have been
eliminated and only the useful part of speech has been retained. The basis of the step is
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to enhance the quality of computational speed and feature extraction in the follow-up
tasks like speech recognition, classification, or machine learning model training by
targeting the pertinent audio information.

Figure 6: Comparison of audio sample length before and after preprocessing.
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4.2 Noise Reduction

The raw audio in the figure 7 covers the range of a bit less than 0 to 5.0 seconds with
amplitude of between -0.8 to 0.7 displaying long silent intervals (more or less 0.8-1.6 s
and 2.1-2.8 s). Following preprocessing, the signal is brought into the range of
approximately -1 to +1 with the presence of silence segments minimized and the
available space decreased to approximately 4.2 seconds with the visible speech energy
boosted. After spectral subtraction, the waveform length shrinks to approximately 3.4
seconds, with a value of amplitudes largely (between -0.7 and 0.7). Background noise is
seen to be reduced visually and the parts of speech are seen to be more uniform and
smooth which means that the signal- noise ratio is better.

Figure 7: Audio waveform at three stages: raw signal, after preprocessing, and after
spectral noise reduction
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Raw spectrogram in the figure 8 covers about 05 seconds with frequencies ranging
between 0 and 8000 Hz that depicts a lot of low frequency energy (below 2000 Hz) and
evident distance noise of higher frequencies. The silent gaps occur at around 0.8 -1.6 s

3
T
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and 2.2 -2.8 s. Following preprocessing, the time is approximately decreased to 4.2
seconds and spectral bands are more visible because of normalization and trimming of
silence. Distribution of energy in 06000 Hz is smoother and enhances the visibility of
speech features. The length of the spectrogram is further cut in the denoised version, to
about 3.3 seconds, and the high-frequency noise is reduced and the harmonic structure
is less ambivalent, mostly below 4000 Hz, which means a more coherent signal and a
better speech signal.

Figure 8: Spectrogram comparison of an audio signal at three stages: raw
recording, after preprocessing, and after noise reduction

Raw Spectrogram

Denocised Spoectrogram

4.3 Feature Extraction

The frequency distribution along the Mel frequency measurements (Figure 9) shows the
distribution of audio energy both in time (04.2 seconds) and in frequency (0-~4500Hz)
to determine the energy across the spectrum of human hearing. The colour depth is
between 30-dB (blue, high energy) and -45 dB (red, low energy). The strong energy
concentrations are found at frequencies lower than 1000 Hz as the primary speech
elements are fundamental frequency and lower harmonics. The medium energy bands
report to a higher level of speech formants and phonetic specifications, up to 30004000
Hz. Variations in colour patterns across time are compatible with diverse segments of
speech being uttered more concentrated sections are relatively denser between 2-3.5
seconds. Blue areas appearing sparsely indicate periods of low energies or silent
periods. Altogether, the spectrogram indicates the important speech characteristics that
can be used in the work like speech recognition and audio classification.

Figure 9: Mel spectrogram representation of the processed audio signal showing
time-frequency energy distribution on the Mel scale
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Figure 10 indicates cepstral coefficients, which are the extraction of 0.00-3.1 seconds of
time of the processed audio. The horizontal bands such as each are associated with an
MFCC coefficient (usually 13 coefficients) that describes spectral properties of speech.
The color scale is about 0 to 450 with red color having high coefficient and blue having
low coefficient values. To a great extent, lower-order coefficients (bottom rows) have
higher variations, which are indicative of strong spectral envelope and energy
distributions of the speech signal. Coefficients of higher order (top rows) are
comparatively constant, which show more finer spectral detail. There are perceivable
intensity changes at 0.5-1.2 and 2.0-2.8 seconds, which allow to mark stronger phonetic
activity. These MFCC patterns are effective summaries of speech features that are
applicable in speech recognition applications, speaker identification and audio
classification.

Figure 10: MFCC feature map showing cepstral coefficient variations of the speech
signal over time
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Figure 11 shows the comparison of the Word Error Rate (WER) under two speech
recognition methods, Raw ASR and Refined (LLM) output. The ASR system in its raw
form is rated at approximately 2.98 which means that there are a relatively high number
of transcription errors including an insertion, deletion, or substitution. Once the
language model refinement is used, the WER is reduced to approximately 1.61. This is an
increase of approximately 1.37 WER points and this translates to a 46 percent decrease
in error rate. This decrease shows that processing with a large language model leads to
less error during transcription whereby grammar structure and contextual mistakes are
corrected and misrecognized words are re-aligned. This advancement lays more
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knowledge on the efficacy of integrating automatic speech recognition alongside
language model-based improvement to satisfy improved speech-to-text outcomes.

Figure 11: Comparison of Word Error Rate (WER) between the raw ASR output and
the refined transcription using an LLM
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Figure 12 is a comparison of Characters Error Rate (CER) between two transcription
outputs Raw ASR and Refined (LLM). LEV, transcription provides the raw ASR system
with a CER of about 2.96 meaning that the frequency of error at character level
(substitutions, deletions and insertions) is high. The CER is reduced to approximately
1.75 after refining with the help of a Large Language Model (LLM). This is a gain of
approximately 1.21 CER points, which is about a 41 percent decrease in the level of
character errors. The reduction in CER demonstrates that the LLM is a successful way of
correcting spelling errors, enhancing word structures, and improving language
constitution. The fact that this finding was achieved indicates that such post-processing
using an LLM can contribute to the accuracy and readability of transcriptions produced
by ASR by a high degree.

Figure 12: Comparison of Character Error Rate (CER) between the raw ASR output
and the LLM-refined transcription
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Figure 13 shows how much automatic speech recognition (ASR) outputs can be refined
with a Large Language Model (LLM) to produce the Relative Error Reduction (RER). The
RER when using the WER is around 0.46 (46%), that is, around 50 percent of the word-
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level transcription error that existed in the crude ASR output was removed after
refinement. Equally, the character-based transcription errors reduce significantly by
0.41 (41%), based on the CER-based RER. The fact that WER improved somewhat more
than CER, would imply that the LLM, in particular, is more efficient at filling in word
context and linguistic organization.

Figure 13: Relative Error Reduction (RER) achieved after applying LLM-based
refinement to ASR outputs for WER and CER
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On balance, the findings indicate that post-processing with the help of the LLM produces
a profound improvement in the transcription accuracy and increases word-level and
character-level recognitions in speech-to-text systems

5. Conclusion

The paper presented hybrid architecture of promoting speech-to-text (STT)
transformation in Telugu, with the combination of signal processing methodology and
Generative Al-based language refinement. The experimental findings confirm that
preprocessing increased the quality of speech signals and had a great impact in
minimizing non-informative segments. The original audio signal of around 5 seconds
was also cut down to around 3.5 seconds with silence checking and volume, and the
number of samples also dropped to around 54,000, which was a 3233 reduction in the
number of audio samples in the data. Spectral subtraction of noise also enhanced the
signal-to-noise ratio and enhanced speech aspects in the main frequency range of 0-
4000Hz.

Mel Spectrogram and MFCC (13 coefficients) feature extraction was able to extract
critical acoustic properties of Telugu speech facilitating the effective acoustic modeling.
There was significant improvement in performance when standard metrics were used in
performance evaluation. The ASR system at the baseline when giving its output
generated a Character Error Rate (CER) of 2.96 and Word Error rate (WER) of 2.98.
Following the implementation of the generative refinement using the LLM, the WER and
CER fell to 1.61 and 1.75 with Relative Error Reductions (RER) of 46 percent and 41
percent, respectively. These findings testify to the fact that signal augmentation and
limited generative correction apply to Telugu STT systems to generate high accuracy,
readability, and linguistic consistency generation.
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