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Introduction:-

Automatic Speech Recognition (ASR) converts spoken language into text and has achieved significant progress with
deep learning and large-scale datasets; however, these advancements are mainly limited to high-resource languages
such as English [1], [2]. In contrast, Odia, an Indo-Aryan language spoken by millions in India, remains
underrepresented due to limited annotated data and linguistic resources, posing challenges for effective ASR
development [2], [3].

Early ASR systems included statistical models like Hidden Markov Models and Gaussian Mixture Models, together
with handmade features like MFCC [3]. While excellent for single word identification, most methods struggled with
continuous speech. Subsequent machine learning algorithms improved performance, although they relied on feature
engineering.

Recent improvements have centered on deep learning models such as CNNs, RNNs, and attention-based
architectures, which automatically learn feature representations and achieve greater accuracy [4]. However, these
methodologies necessitate huge datasets, which are scarce in Odia.
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To overcome this, multilingual and transfer learning approaches have been investigated as ways to harness
knowledge from high-resource languages [1]. Despite these attempts, difficulties such as data scarcity and resource
constraints remain.

Fundamentals of Automatic Speech Recognition:-

Overview of ASR:-

Automatic Speech Recognition (ASR) refers to the process of transforming spoken language into a textual format by
modeling the relationship between acoustic signals and linguistic units.

w* = argn%ﬁxP(WlX) = argn%f}xP(XIW) -P(W)

WhereP(X|W) represents the acoustic model and P(W) represents the language model. A standard ASR system
comprises several components, including feature extraction, acoustic modeling, language modeling, and decoding,
which collectively function to produce the most probable transcription of a given speech signal [5], [6].

As shown in Fig. 1, an ASR system consists of multiple stages including feature extraction, acoustic modeling,
language modeling, and decoding.
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Fig. 1. ASR Pipeline

Feature Extraction:-

Feature extraction constitutes the initial phase of an Automatic Speech Recognition (ASR) system, wherein raw
speech signals are converted into compact and informative representations. The primary objective is to capture
pertinent phonetic information while minimizing noise and variability. Techniques such as Mel-Frequency Cepstral
Coefficients (MFCC) and log-Mel spectrograms are extensively employed, as they effectively model the
characteristics of human auditory perception [7].

Acoustic Modeling:-

Acoustic modeling establishes the relationship between extracted speech features and phonetic units. Traditional
ASR systems depend on Hidden Markov Models (HMM) combined with Gaussian Mixture Models (GMM) to
model temporal and statistical variations in speech. Conversely, contemporary systems employ deep learning
methodologies such as Deep Neural Networks (DNN), Convolutional Neural Networks (CNN), and Recurrent
Neural Networks (RNN), which can autonomously learn complex feature representations and enhance recognition
accuracy [8].

Language Modeling:-

The language model offers contextual information by estimating the probability of word sequences, thereby ensuring
that the recognized output is both grammatically and semantically coherent. Initial methodologies employed
statistical n-gram models, whereas recent advancements utilize neural language models and Transformer-based
architectures, which are adept at capturing long-range dependencies in speech [5].
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Decoding:-

The decoding process integrates acoustic and language models to produce the most probable transcription of the
input speech. Efficient search algorithms, such as Viterbi decoding and beam search, are employed to explore
potential word sequences and select the optimal output [6].

Traditional vs End-to-End ASR:-

Automatic Speech Recognition (ASR) systems have transitioned from traditional hybrid architectures to end-to-end
models that directly map speech signals to text. Traditional systems consist of distinct components for feature
extraction, acoustic modeling, and language modeling. In contrast, end-to-end approaches, which are based on
Connectionist Temporal Classification (CTC), attention mechanisms, and Transformer architectures, streamline the
pipeline and achieve enhanced performance [§].

Literature Review:-

Research in Odia Automatic Speech Recognition (ASR) has progressed from traditional statistical methods to
modern deep learning methodologies. However, the construction of robust systems is still constrained due to the
language's low resource requirements. This section examines previous work by categorizing methodologies as
traditional, machine learning, deep learning, multilingual techniques, and dataset contributions, followed by a
critical examination and identification of research gaps. A taxonomy of Odia speech recognition approaches is

illustrated in Fig. 2.
Odia ASR
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Fig. 2. Taxonomy of approaches used in Odia speech recognition

Traditional Approaches:-

Early Odia ASR systems primarily used HMM-GMM models, which were effective for small-vocabulary and
isolated word recognition tasks. For example, Karan et al. [9] employed MFCC features with a bi-gram language
model, achieving moderate performance under controlled conditions. However, these methods rely on handcrafted
features, limiting scalability and robustness, and perform poorly in noisy environments and continuous speech
scenarios.

Machine Learning Approaches:-

The introduction of machine learning marked an intermediate stage in Odia ASR development, with methods such
as Support Vector Machines (SVM), k-Nearest Neighbours (KNN), and ensemble classifiers improving recognition
performance. Sahoo et al. [10] proposed an ensemble-based approach for voice command recognition, achieving
better results than individual models. However, these methods still relied on handcrafted features and were limited
to specific tasks, with inadequate capability to model sequential dependencies in continuous speech.

Deep Learning Approaches:-

Recent advances in deep learning have dramatically altered the landscape of Odia voice recognition. Deep neural
networks enable the automatic learning of hierarchical representations from raw or slightly processed voice input,
decreasing the reliance on handmade features. Convolutional Neural Networks (CNN) have been effectively
deployed to tasks such as isolated digit identification, with Bag [11] outperforming previous techniques. Recurrent
Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks improved the modeling of temporal
dependencies in voice sequences. Recently, attention-based encoder-decoder designs have gained popularity. Majhi
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and Saha [12] suggested an attention-based ASR system for Odia that uses data augmentation approaches to
improve recognition accuracy despite a short training dataset. Although deep learning approaches surpass classical
and machine learning methods, their usefulness is limited by the availability of big, annotated datasets. The
computational complexity and data requirements of these models present substantial hurdles in low-resource
environments like Odia.

Multilingual and Transfer Learning Approaches:-

To address data scarcity, recent studies have explored multilingual and transfer learning approaches that leverage
knowledge from high-resource languages to improve Odia ASR performance. Majhi and Saha [13] proposed the
OdiSR-TL framework, utilizing pre-trained models and transfer learning to enhance recognition accuracy.
Multilingual ASR systems exploit shared phonetic and linguistic features across languages, particularly within the
Indic family, improving generalization and reducing data requirements. However, challenges remain in adapting
models to language-specific phonetics and handling dialectal variations in Odia.

Dataset Contributions:-

The creation of speech datasets is crucial for developing ASR research. The majority of public datasets in Odia are
of limited size and scope. Previous research has generally used custom-built datasets concentrating on single words,
numerals, or command-based speech tasks. For example, Bag [11] and Sahoo et al. [10] evaluated their models
using task-specific datasets, whereas Majhi and Saha [12] used relatively small corpora enriched using data
augmentation approaches. Despite these efforts, the dearth of large-scale, publicly accessible, and standardized
datasets remains a significant impediment. The low diversity of speakers, accents, and recording settings further
limits the generalizability of ASR systems built for Odia.

Critical Analysis of Existing Work and Research Gaps:-

A comprehensive study of the current literature indicates numerous significant tendencies and limits. There is a
distinct shift from classic HMM-based systems to deep learning and attention-based architectures, which reflects
larger advances in speech recognition research. However, most studies focus on isolated speech recognition tasks,
with little examination of continuous and conversational speech contexts.

Data scarcity is seen as the most critical difficulty across all techniques. The lack of large-scale annotated datasets
hinders the performance of deep learning models and their reproducibility. Furthermore, the lack of established
benchmarking frameworks makes it impossible to compare findings from different investigations. Another
noticeable difference is the low adoption of advanced architectures such as transformer-based and self-supervised
learning models, which have shown cutting-edge performance in high-resource languages. Furthermore, present
algorithms fail to account for dialectal variances and linguistic diversity within Odia, resulting in lower robustness in
real-world applications.

While multilingual and transfer learning approaches show promise, they are still underexplored and require
additional research to properly capitalize on cross-lingual knowledge transfer. Addressing these issues is critical for
creating scalable, accurate, and real-world-relevant ASR systems for the Odia language. Table 1 summarizes key
studies in Odia speech recognition, including methodologies, datasets, and limitations.

Table 1. Summari of Existini Work on Odia Sieech Recoinition

HMM- Custom Isolated Early Odia ASR system | Limited vocabulary,
) | 1 cel, (L) GMM dataset words using statistical modeling | low scalability
Ensemble Command | Command Improved accuracy using | Domain-specific
[2] | Sahoo etal. (2025) ML dataset recognition | ensemble classifiers dataset
3] | Bag 2023) CNN Digit Is'ol'ated Deep '1'earn1ng improves L1m1te§l. to digit
dataset digits recognition accuracy recognition
[4] Majhi &  Saha | Attention- Custom Continuous Data  augmentation -+ | Small dataset size
attention 1mproves
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(2024) based DL dataset speech performance
5 Mishra et  al Review Multiple S Comprehensive overview | No  experimental
5] (2023) evie datasets urvey of Odia ASR research validation
[6] Mohanty & Nayak CNN Keyword | Keyword Efficient keyword | Limited vocabulary
2022 dataset spottin detection system scope
potung Y Y
Multilingual | Indic Continuous | Supports cross-lingual | Limited Odia-
) | esmeietl (A1) ASR corpus speech learning specific data
Sethiya et al. Indic-ST | Speech-to- | Large-scale  multilingual . .
[8] (2025) Transformer dataset text dataset Odia subset limited
. . Dataset 21+ hours | General . . . .
[9] | Panigrahi (2022) creation corpus ASR Public Odia speech dataset | Still relatively small
[10] | Singh et al. (2020) | Survey Indian Survey Ov§rv1ew of ASR in Limited Odia focus
languages Indian languages
Datasets For Odia Asr:-

Robust Automatic voice Recognition (ASR) systems rely substantially on the availability of huge, high-quality
annotated voice datasets. However, Odia is regarded as a low-resource language, and dataset availability remains a
significant difficulty. The majority of extant datasets are tiny, domain-specific, and frequently not publically
available, limiting the performance and generalizability of ASR models. Panigrahi [14] made a significant addition
with his public-domain Odia speech corpus, which contains over 55,000 utterances and nearly 21 hours of speech
data. This dataset contains recordings from numerous speakers and is a significant resource for ASR research.
Nonetheless, it is still tiny when compared to datasets for high-resource languages. Several research use custom-
built datasets tailored to certain goals. For example, Majhi and Saha [15] employed continuous speech data for
attention-based ASR, whereas Bag [16] and Sahoo et al. [20] created datasets for digit and command recognition.
These datasets are often small in size and focus on specific application domains. Another useful resource is the ILCI
corpus [17], which contains multilingual data that can help with Odia ASR in cross-lingual contexts. However, it is
not primarily intended for large-scale speech recognition. Despite these attempts, substantial limits remain. Most
datasets have fewer than 10-20 hours of speech and lack variation in speakers, accents, and recording settings,
resulting in poor real-world performance. Furthermore, the lack of defined benchmark datasets makes it difficult to
compare models between studies. Recent research emphasizes the importance of large-scale data collecting,
crowdsourcing, and data augmentation, as well as multilingual and transfer learning methodologies, in addressing
data scarcity. However, the production of comprehensive and publicly available datasets is critical for enhancing
Odia ASR.

Challenges In Odia Asr:-

The development of Odia Automatic Speech Recognition (ASR) systems is hindered by several challenges arising
from its low-resource nature, including limited data, linguistic variability, and technological constraints. The scarcity
of large-scale annotated datasets—often restricted to only a few hours—negatively impacts model accuracy and
generalization [18]. Additionally, regional dialectal variations introduce differences in pronunciation and
vocabulary, complicating the design of a unified system [20]. The absence of standardized benchmark datasets and
evaluation protocols further limits performance comparison across studies, while ASR systems trained on clean data
often perform poorly in noisy, real-world conditions [21]. Moreover, the lack of linguistic resources such as
pronunciation lexicons and language models, along with code-switching involving Hindi and English, increases
system complexity [18]. Finally, the high computational and data requirements of modern deep learning models
pose further challenges for effective Odia ASR development [22].
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Evaluation Metrics:-

Automatic Speech Recognition (ASR) systems are commonly evaluated using quantitative metrics that compare
recognized output with reference transcriptions, providing insights into accuracy and robustness, especially in low-
resource settings like Odia. Error-based metrics such as Word Error Rate (WER) and Character Error Rate (CER)
are the most widely used [23]. WER measures transcription accuracy based on substitutions, deletions, and
insertions but has limitations in morphologically rich languages like Odia [23]. CER, operating at the character
level, offers finer-grained evaluation and is more suitable for low-resource and multilingual contexts [24].
Additionally, Phoneme Error Rate (PER) evaluates phonetic accuracy, while metrics such as Match Error Rate
(MER) and Word Information Lost (WIL), along with recent semantic-based measures, provide further insights into
alignment and meaning preservation [24], [25]. Despite these alternatives, WER remains the standard metric;
however, combining it with CER enables more comprehensive evaluation for low-resource languages.

Future Directions:-

The development of Automatic Speech Recognition (ASR) for low-resource languages such as Odia opens up
numerous avenues for future research. Despite recent advances, numerous paths remain critical for developing
strong and scalable systems. Adoption of self-supervised learning models, such as wav2vec 2.0, which use huge
volumes of unlabeled data to increase performance in low-resource contexts, is critical [26]. Similarly, Transformer-
based and end-to-end architectures, such as Conformer and attention-based models, provide better contextual
modeling but require additional investigation for Odia because to restricted data availability [27]. Another potential
option is the employment of multilingual and cross-lingual learning models such as XLSR and Whisper, which
allow knowledge transfer across related languages [28]. Furthermore, the development of large-scale, diversified,
and publicly accessible datasets is crucial for boosting model generalization and real-world application [27]. Future
study should also focus on code-switching, noise robustness, and domain adaptability, as real-world speech
frequently involves many languages and diverse acoustic conditions. Furthermore, the creation of lightweight and
edge-deployable models is critical for allowing real-time applications on resource-limited devices. Overall,
improving self-supervised learning, multilingual modeling, dataset generation, and system robustness will be critical
in closing the gap between low- and high-resource ASR systems.

Conclusion:-

This paper provides a complete assessment of Automatic Speech Recognition (ASR) for the Odia language,
including methodology, datasets, evaluation metrics, applications, and future developments. The paper focuses on
the transition from classic statistical models to newer deep learning methodologies. Emerging approaches, such as
multilingual, transfer learning, and self-supervised models, provide intriguing alternatives. Furthermore, Odia ASR
offers great potential in applications like voice assistants, e-governance, and assistive technology. Overall,
improving dataset development, robust modeling, and consistent evaluation will be critical to developing scalable
and viable Odia ASR systems.
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