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Abstract: Automatic speech recognition of native languages plays a crucial role in fostering inclusivity and
preserving linguistic diversity. The Kashmiri language, an underrepresented Indo-Aryan dialect primarily spoken
in the Kashmir Valley, poses substantial challenges for existing AI models due to its phonetic diversity and scant
linguistic resources. This study addresses these hurdles by developing a robust spoken Kashmiri recognition
system that employs dual feature extraction with spectrogram augmentation and a hybrid Convolutional Neural
Network (CNN) and Gated Multi-Layer Perceptron (gMLP) model. Key to this endeavour is the creation of a
high-fidelity dataset that captures the phonetic variations across Kashmiri dialects, focusing on twelve specific
words. Through the integration of dual feature extraction, spectrogram augmentation, and the innovative hybrid
modelling approach, our system attains an impressive 96% accuracy on the test dataset for classifying these twelve
spoken words. This research not only enhances the generalization and resilience of spoken Kashmiri recognition
systems but also represents a critical step towards advancing technology and safeguarding the Kashmiri language

within this underrepresented linguistic domain.

Keywords: Automatic Speech recognition; Hybrid convolutional neural networks; Kashmiri Language; Spectro-

gram,; Classification

1. Introduction

The rapid advancement of speech recognition technology has revolutionized human-computer
interaction, enabling machines to understand and process spoken language with increasing accuracy.
Despite significant strides in this domain, challenges persist, particularly for underrepresented lan-
guages with limited linguistic resources. Automatic Speech Recognition (ASR) systems have become
increasingly sophisticated, moving from simple systems that recognized a limited set of sounds to
advanced models capable of interpreting natural language in real time. However, much of the progress
in ASR has been concentrated on widely spoken languages, leaving many regional and minority
languages, like Kashmiri, on the periphery of these technological developments [1,2].Kashmiri, an
Indo-Aryan language spoken primarily in the Kashmir Valley, presents unique challenges for speech
recognition due to its complex phonetic structure and significant dialectal variations [3? ,4]. The lan-
guage is characterized by rich consonantal distinctions and a variety of dialects, each with its phonetic
nuances. These characteristics, coupled with the scarcity of high-quality linguistic data, have hindered
the development of effective ASR systems for Kashmiri. Traditional approaches to speech recognition,
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which rely heavily on extensive training datasets and standardized pronunciation patterns, often fail
to capture the linguistic diversity inherent in Kashmiri. This gap underscores the need for specialized
models and methodologies that accurately reflect the phonetic richness of underrepresented languages
[5]. Recent advancements in ASR technology, particularly in multilingual contexts, have demonstrated
the potential of scalable, self-supervised learning models to address the challenges of resource-scarce
languages. For example, Google’s Universal Speech Model (USM) has shown promising results in
scaling ASR to over 100 languages by leveraging large-scale pre-training and multilingual datasets
[1]. These models emphasize the importance of incorporating diverse linguistic inputs and advanced
feature extraction techniques to improve ASR performance across different languages and dialects.
Furthermore, the use of hybrid neural architectures, such as Convolutional Neural Networks (CNNs)
combined with Gated Multi-Layer Perceptrons (gMLPs), has proven effective in handling the intricate
patterns present in speech data, offering a path forward for languages like Kashmiri that require both
local and global feature representations [2,6].

This research aims to bridge the gap in ASR technology for the Kashmiri language by developing
a robust spoken recognition system that integrates dual feature extraction techniques—Mel-Frequency
Cepstral Coefficients (MFCCs) and partial Mel-Spectrograms—with a hybrid CNN-gMLP model. By
focusing on Kashmiri’s phonetic intricacies and dialectal variations, this study seeks to enhance the
accuracy and generalizability of ASR systems for underrepresented languages, contributing to both
linguistic preservation and technological inclusively. Some of the Novel Contributions of this work
are:

¢ Creation of a comprehensive and linguistically diverse dataset that accurately represents the
phonetic and dialectal variations of the Kashmiri language. It will serve as a foundational

resource for training and evaluating the recognition system.

* Developing a feature extraction technique that captures both spectral and temporal characteristics
of Kashmiri speech for enhancing the system’s ability to recognize and distinguish the unique
phonetic patterns of the language.

¢ Development of a robust spoken Kashmiri recognition system that effectively addresses the
phonetic diversity and dialectical variations within the Kashmiri language.

The article is divided into six sections; in section 2, related work is discussed in detail. Section 3
discusses the proposed methodology for spoken Kashmiri recognition, section 4 discusses the results
that are generated from the proposed approach, and section 5 concludes the work by giving some
future research directions.

2. Literature Survey

The development of Automatic Speech Recognition (ASR) systems for underrepresented lan-
guages like Kashmiri has been a significant area of research, driven by the unique challenges these
languages present. Early foundational work by Besacier et al. [5] highlighted the substantial obstacles
faced by resource-scarce languages in developing effective ASR systems, particularly due to the lack of
high-quality datasets and the need for models capable of adapting to linguistic diversity. Kashmiri,
with its complex phonetic structure and rich consonantal distinctions, exemplifies these challenges [3].
The phonetic diversity within the Kashmiri language necessitates the development of datasets encom-
passing a wide range of dialects and pronunciations, as emphasized by studies such as those by O’Neill
and Carson-Berndsen [7,8], which underscore the difficulties ASR systems encounter when processing
underrepresented dialects, leading to higher word error rates. Hannun et al. [9] further reinforced that
the performance of machine learning models is inherently tied to the quality and diversity of the train-
ing data, making comprehensive data collection an essential component in addressing the challenges
of ASR for Kashmiri. As research progressed, the focus shifted towards more sophisticated modelling
techniques. Carvalho and Gomes [10] demonstrated the effectiveness of combining Mel-Frequency
Cepstral Coefficients (MFCCs) and Mel-Spectrograms in audio classification relevant to speech recog-
nition. However, it is important to note that while these techniques are beneficial, they are not novel.
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What differentiates this study is the introduction of a partial Mel-Spectrogram, focusing on specific
frequency bands crucial for capturing the tonal variations characteristic of Kashmiri phonetics. This
targeted extraction approach aims to enhance the robustness of feature representation by mitigating
dimensionality and computational load without sacrificing the richness of the audio data. Furthermore,
hybrid modeling techniques have shown considerable promise in advancing ASR systems. Dosovit-
skiy et al. [11] and Liu et al. [6] highlighted the effectiveness of combining Convolutional Neural
Networks (CNNs) with Gated Multi-Layer Perceptrons (gMLPs) in handling complex data patterns.
These models leverage CNNs’ strengths in local feature extraction and gMLPs in capturing global
dependencies, making them well-suited for the intricate phonetic structure of languages like Kashmiri.
Nevertheless, applying such hybrid models to the Kashmiri language, with its specific phonetic and
dialectal challenges, has not been extensively explored, presenting a gap that this research seeks to ad-
dress. In recent years, addressing data scarcity has become a central focus in developing ASR systems
for underrepresented languages. Zhao et al. [12] discussed the use of NN-HMM acoustic models and
N-gram Language Models to construct basic ASR systems for low-resource languages. Subsequently,
Kipyatkova and Kagirov [13] provided a comprehensive review of methods to solve training data
issues, advocating for data augmentation, transfer learning, and crowdsourcing as viable solutions.
Zhao and Zhang [14] explored the use of self-supervised models such as wav2vec2.0, HuBERT, and
WavLM for ASR in low-resource languages, marking another critical advancement. The introduction
of the MAC framework by Min et al. [15] showed significant improvements in character error rates
(CER) for languages like Cantonese, Taiwanese, and Japanese, offering insights applicable to Kashmiri
ASR. More recent studies by Bartelds et al. [16] demonstrated the effectiveness of data augmentation
techniques like self-training and text-to-speech (TTS) in improving ASR systems for underrepresented
languages. Yeo et al. [17] proposed a Visual Speech Recognition method using automatic labels from
Whisper, significantly increasing training data for low-resource languages. The most recent work by
Pratama and Amrullah [18] focused on fine-tuning the Whisper model, achieving substantial Word
Error Rate (WER) reductions for low-resource languages with minimal computational cost. Bekarys-
tankyzy et al. [19] extended these findings to agglutinative languages, showcasing the potential of
transfer learning in mitigating data scarcity. Despite these advancements, significant challenges remain,
particularly in the scarcity of annotated datasets and the pronounced dialectal variations within the
Kashmiri language. Wali [4] highlights that the use of multiple scripts—such as Sharada, Devanagari,
Perso-Arabic, and Roman—further complicates the development of comprehensive ASR systems.
Additionally, Sullivan and Harding [20] emphasize the domain shift in dialect identification, which
further complicates the development of robust ASR systems. This literature review illustrates the
ongoing challenges and innovations in dataset development, feature extraction, and hybrid modeling
to advance ASR systems for underrepresented languages like Kashmiri. While dual feature extraction
and spectrogram augmentation are not novel in themselves, their application in a targeted manner
within the framework of a hybrid CNN-gMLP model represents an important step toward addressing
the unique phonetic challenges of the Kashmiri language. This approach not only aims to improve the
accuracy and robustness of spoken Kashmiri recognition but also contributes to the broader goal of
technological inclusion and the preservation of linguistic diversity.

3. Methodology

Kahmiri language has gained less interest from researchers due to its geographical diversity and
delicate issues. Around 8 million people speak Kashmiri, and still, there is no Kashmiri recognition
system. To accomplish this challenge, we propose a structured and comprehensive methodology that
is illustrated in Figure 1. The key stages of this methodology are Data Collection, Data Analysis and
Processing, Feature Extraction, Model Development and Performance Evaluation. These are discussed
in detail in following subsections. This methodology ensures that the Automatic Speech Recognition
(ASR) system developed is both accurate and reliable, capable of effectively handling the diverse
phonetic landscape of the Kashmiri language.
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3.1. Data Collection

The data collection phase aimed to construct a comprehensive and linguistically diverse dataset
for the Kashmiri speech recognition system. The primary objective was to ensure the dataset captured
the phonetic and dialectal diversity inherent in the Kashmiri language, focusing on twelve specific
words essential for fundamental communication. This section details the rigorous methodology
employed, the challenges encountered, and the strategies implemented to ensure an unbiased and
representative dataset.

3.1.1. Geographical and Demographic Diversity

To accurately reflect the phonetic diversity of the Kashmiri language, data was gathered from
three major regions of Kashmir: North Kashmir (Baramullah, Kupwara), Central Kashmir (Srinagar,
Magam), and South Kashmir (Pulwama, Shopian). Each region was chosen for its unique linguistic
characteristics:

¢ North Kashmir (Baramullah, Kupwara): Known for its conservative dialects, this region retains
older phonetic features of Kashmiri, thus providing a rich source of traditional linguistic elements
[21].

¢ Central Kashmir (Srinagar, Magam): The variety of Kashmiri spoken in Srinagar is often
regarded as the standard dialect, forming the linguistic baseline against which other dialects are
compared [22].

¢ South Kashmir (Pulwama, Shopian): Characterized by softer pronunciations and unique into-
nations, the dialects here offer a distinct contrast to those of the northern and central regions,
contributing to the overall diversity of the dataset [23].

By including these diverse regions, the dataset was designed to encompass the full spectrum of
Kashmiri’s phonetic and dialectical variations, ensuring comprehensive representation [24,25].

3.1.2. Participant Selection and Data Collection Process

Participants were meticulously selected to represent a balanced mix of age, gender, and regional
background, ensuring the dataset captured a wide range of vocal characteristics. Native Kashmiri
speakers were recruited through local networks, with selection criteria emphasizing fluency in the
regional dialects. This careful selection ensured linguistic authenticity, crucial for developing an
effective speech recognition system.
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The recordings were conducted using high-quality audio equipment in controlled environments
to ensure consistency and clarity across the dataset. Each word was recorded multiple times to capture
various pronunciations, intonations, and speech patterns. The Open Speech Corpus tool, an open-
source framework for managing and processing speech datasets, was adapted to suit our requirements.
This tool played a key role in standardizing the recording process, providing functionalities such as
automatic speaker verification, noise reduction, and format conversion, ensuring that all samples met
stringent quality standards. Its flexibility allowed for customization in handling diverse dialects and
recording conditions, making it an essential component of our data collection methodology [26,27].

3.1.3. Dataset Overview

The collected data consists of twelve specific words frequently used in everyday Kashmiri
communication. These words were meticulously selected not only for their phonetic diversity but also
for their significance in basic interactions within the Kashmiri-speaking community. Their common
usage across different dialects and regions drove their choice, making them essential for developing
a comprehensive and effective speech recognition system that can generalize well across various
linguistic contexts.

Table 1 provides a detailed list of these words, their pronunciations and the number of voice
samples recorded for each. This table highlights the diversity captured in the dataset, both in terms of
the phonetic characteristics of the words and the demographic representation of the speakers. The
dataset ensures that a wide range of pronunciations, intonations, and speech patterns are represented
by including multiple samples for each word. This is critical for training a robust and accurate speech
recognition model.

Table 1. List of Kashmiri Words with Pronunciations and Voice Samples

Kashmiri (Koshur / JEK Pronunciation English Voice Samples
1 ah Yes 70
L5h adsa OK 70
AS band Closed 70
oy be Me 70
S khabar News 70
o5 k’ah What 70
5 na No 70
jf nov (m.) New 70
L "theek Well/Okay 70
25l varray Well 70
) vuch See 70
L ye:le Open 70

The dataset comprises 840 samples, which provide a solid foundation for the subsequent stages
of data processing and model training. Including multiple samples per word is particularly important
as it captures variations in pronunciation that may arise from differences in speaker background,
including regional dialects, age, and gender. This diversity is crucial for training a speech recognition
system that is accurate and robust enough to handle the inherent variability in human speech.

Furthermore, these specific words were selected by their phonetic characteristics, which cover a
broad spectrum of Kashmiri phonology. The dataset includes words representing different types of
sounds, such as voiced and unvoiced consonants, fricatives, and vowels, ensuring that the model is
exposed to the full range of phonetic diversity in the language. For example, the word "k’ah" (What)
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contains the glottal stop, a feature that is characteristic of certain Kashmiri dialects, while "ye:le" (Open)
involves a long vowel sound, which is another important feature in the language’s phonetic structure.

The careful design of this dataset is pivotal to the success of the speech recognition system. By
providing a comprehensive and representative sample of Kashmiri speech, the dataset ensures that
the model can learn to recognize and interpret the subtle nuances of the language. This is particularly
important for underrepresented languages like Kashmiri, where high-quality linguistic resources are
limited. The creation of this dataset not only contributes to the development of an effective speech
recognition system but also represents a significant step towards the preservation and technological
advancement of the Kashmiri language.

3.2. Preliminary Data Analysis and Processing

A comprehensive analysis of the collected dataset was conducted to ensure its representativeness
and to capture the phonetic diversity inherent in the Kashmiri language. The analysis involved
examining key audio signal characteristics, which play a crucial role in understanding the acoustic
properties of the dataset. These characteristics are essential for evaluating the dataset’s suitability for
the development of a robust speech recognition system.

3.2.1. Zero-Crossing Rate (ZCR):

The Zero-Crossing Rate (ZCR) provides valuable insights into the smoothness and texture of the
speech signal by measuring the frequency at which the signal changes sign. In our dataset’s context,
ZCR helps identify the presence of different phonetic elements, particularly unvoiced fricatives,
common in various Kashmiri dialects. By analyzing the ZCR values across the dataset, we can assess
the distribution of these phonetic elements, thereby ensuring that the dataset captures the full range of
phonetic diversity within the Kashmiri language [28].

3.2.2. Root Mean Square (RMS) Energy:

RMS Energy serves as a quantitative measure of the speech signal’s power, offering insights into
the intensity and prominence of different speech segments. In our analysis, RMS Energy is crucial
for distinguishing between voiced and unvoiced speech segments, particularly in a language like
Kashmiri that exhibits significant tonal variations. By evaluating the RMS Energy across different
samples, we can ensure that the dataset reflects the dynamic range of vocal expressions, which is vital
for the accuracy of the speech recognition system [29].

3.2.3. Spectral Entropy:

Spectral Entropy measures the complexity and unpredictability of the speech signal’s frequency
spectrum, providing a deeper understanding of the signal’s structure. This metric is particularly
useful in differentiating between speech and non-speech segments within the dataset, especially
in varying acoustic environments. High Spectral Entropy values indicate more complex and less
predictable signals, which may correspond to speech segments in noisy conditions. Analyzing Spectral
Entropy allows us to assess the dataset’s robustness in handling different acoustic conditions, thereby
improving the system’s performance in real-world scenarios [30].

Table 2 summarizes key metrics derived from the dataset, providing a quantitative overview
of its characteristics. The average duration of the audio samples ranges from 0.574 to 1.536 seconds,
ensuring the inclusion of both brief and extended pronunciations. The range of ZCR values reflects
the presence of both voiced and unvoiced segments, while the RMS Energy values indicate varying
levels of vocal intensity across the samples. These metrics underscore the dataset’s ability to capture
the phonetic variability necessary for developing a robust and accurate Kashmiri speech recognition
system.
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Table 2. Dataset Metrics for Kashmiri Speech Recognition

Metric Min Value Max Value \
Average Duration (s) 0.574 1.536 |
Zero-Crossing Rate 0.0515 0.3160 \
RMS Energy 0.0156 0.1411 |

The data analysis conducted here lays the groundwork for further processing stages, such as
model training and evaluation. By thoroughly understanding the acoustic properties of the dataset, we
can ensure that the subsequent stages of development, including feature extraction and classification,
are based on a robust and representative dataset. This careful analysis is fundamental to improving
the accuracy and generalization of the Kashmiri speech recognition system [26].

The waveform depicted in Figure 2 represents the acoustic signal of the Kashmiri word "Band"
(Closed). This waveform highlights key temporal features of the speech signal, including variations in
amplitude that correspond to different phonetic elements. The sharp increases in amplitude indicate
voiced segments, where the vocal cords are actively vibrating, producing higher energy output [31].

Waveform of Band/Closed

Amplitude

0 5000 10000 15000 20000 25000 30000
Samples

Figure 2. Waveform of the word "Band/Closed"

Understanding waveforms is critical in the context of data analysis, as they provide a visual
representation of the signal’s temporal structure. This analysis helps identify patterns that are essential
for the accurate recognition of speech sounds. The amplitude variations, for instance, correlate with
the RMS Energy values, which further supports the differentiation between voiced and unvoiced
speech sounds within the dataset [32]. Additionally, analyzing the waveform helps us understand the
periodicity of the signal, which is reflected in the ZCR values and is key to distinguishing between
different types of speech sounds, such as fricatives and stops [33].

This detailed analysis of the dataset’s acoustic properties ensures that the Kashmiri speech
recognition system is built on a solid foundation capable of accurately capturing the linguistic diversity
and complexity of the language.

3.3. Feature Extraction

The effectiveness of our spoken Kashmiri recognition system is grounded in the advanced data
processing techniques employed, particularly the dual feature extraction and spectrogram augmenta-
tion. High-quality and diverse datasets are crucial for developing robust models that generalize to
new data. Our approach to optimizing the dataset includes carefully crafted steps such as dual feature
extraction, spectrogram augmentation, and standard scaling to enhance model performance.

3.3.1. Existing Methods:

The use of Mel-Frequency Cepstral Coefficients (MFCCs) is well-established in the field of speech
recognition due to their effectiveness in capturing the power spectrum of audio signals [10]. How-
ever, despite their popularity, MFCCs exhibit certain limitations, particularly in noisy environments.
Their focus on short-term power spectra can result in a loss of temporal dynamics and transient
characteristics, which are crucial for accurate speech recognition in languages with complex phonetic
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structures, such as Kashmiri [34,35]. Moreover, MFCCs’ susceptibility to background noise often
degrades the performance of speech recognition models, necessitating the exploration of alternative or
supplementary feature extraction methods.

Recent advancements have addressed these limitations by combining MFCCs with other feature
extraction techniques. For example, the integration of Principal Component Analysis (PCA) with
MECCs has enhanced accuracy and reduced data dimensionality in Indonesian speech recognition
systems [34]. Similarly, the use of Mel-Spectrograms, which provide a detailed representation of both
spectral and temporal variations, has gained traction in conjunction with deep learning models like
Convolutional Neural Networks (CNNs) [36]. The combination of Constant-Q Transform (CQT) with
Mel-Spectrograms has also been proposed to capture more intricate spectral features, demonstrating
potential improvements over traditional MFCC methods [37].

3.3.2. Challenges and Limitations:

Despite these innovations, several challenges persist. The hybrid approaches that combine MFCCs
with deep learning models, such as CNNSs, often require significant computational resources, limiting
their applicability in real-time or resource-constrained environments [38]. Additionally, methods that
rely solely on Mel-Spectrograms or similar features may offer rich spectral information but often at
the cost of computational efficiency and temporal precision. This trade-off highlights the need for a
balanced approach that leverages the strengths of both MFCCs and spectrogram-based features while
mitigating their respective weaknesses.

3.3.3. Rationale for Our Approach:

Given the challenges identified in existing methodologies, we propose a dual feature extraction

approach that combines MFCCs with partial Mel-Spectrograms. Our approach is specifically designed
to balance the spectral richness provided by Mel-Spectrograms with the temporal precision of MFCCs,
while also addressing the computational efficiency concerns. Unlike traditional Mel-Spectrogram
techniques that utilize the full frequency range, our method focuses on specific Mel bands most
relevant to the phonetic characteristics of the Kashmiri language. This targeted extraction reduces
dimensionality and computational load, capturing the most critical spectral information without
compromising efficiency.
Our experiments tested multiple Mel frequency bands for the partial Mel-Spectrogram, including
several combinations from low to high Mel bins. These experiments involved testing ranges like 10-50
Mel, 30-60 Mel, and 50-120 Mel bins. Among these, the range of 20-60 Mel bins consistently provided
the highest accuracy. This particular range proved optimal for capturing Kashmiri’s critical phonetic
elements, leading to an accuracy rate of 86% in our Random Forest classifier. This performance
indicates the effectiveness of our dual feature extraction approach, balancing the spectral richness of
the Mel-Spectrogram with the temporal precision of MFCCs.

Partial Mel-Spectrogram(t, f) = 20log;, (|STFT(x(t)) . M(f)|2) [fstart © fend] (1)

where STFT(x(t)) is the Short-Time Fourier Transform of the signal x(t) and M(f) represents the
Mel filter bank. This partial representation is critical for understanding speech’s tonal and dynamic
elements, particularly in capturing the subtle phonetic nuances of Kashmiri [39]. The choice of the
20-60 Mel bin range was informed by extensive empirical testing, demonstrating that this range
effectively captures the tonal variations distinctive to the Kashmiri language. While MFCCs offer
a strong foundation for capturing the cepstral characteristics of speech, their susceptibility to noise
and loss of temporal detail are well-documented concerns [9]. By combining MFCCs with partial
Mel-Spectrograms, we aim to balance these limitations with the strengths of Mel-Spectrograms,
resulting in a more robust feature set. The final feature vector is constructed by stacking the partial
Mel-Spectrogram and MFCC features vertically, as shown below:
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Fpartial Mel-Spectrogram‘| )

Fcombined = [ FMFCC

This vertical stacking effectively captures both spectral and temporal variations by treating them
as sequential layers, significantly improving the robustness and accuracy of the speech recognition
system. By integrating the temporal precision of MFCCs with the spectral richness provided by the
partial Mel-Spectrogram, our approach ensures that the most critical acoustic features are preserved
and emphasized. This layered representation allows the model to leverage complementary strengths
from both feature types: MFCCs contribute to capturing the fine-grained temporal dynamics, which are
essential for distinguishing between phonemes that may be temporally close but spectrally different,
while the partial Mel-Spectrogram provides a detailed view of the harmonic structure and formants,
which are crucial for recognizing vowel quality and tonal variations.

Figure 3 presents the distinct visual patterns captured by the partial Mel-Spectrogram and MFCC
features. The partial Mel-Spectrogram highlights detailed spectral properties over a specific Mel
bin range, crucial for distinguishing nuanced phonetic elements. This focused frequency analysis is
particularly effective in capturing the complex tonal variations inherent in the Kashmiri language.
To ensure that our approach was effective and appropriate, we conducted a comparative analysis of
different feature extraction techniques, including full-range Mel-Spectrograms and the combination of
MEFCCs and full Mel-Spectrograms. The results of this analysis indicate that while these alternative
methods provided valuable insights, the partial Mel-Spectrogram combined with MFCCs offered
superior performance in terms of both accuracy and computational efficiency, particularly for the
phonetic challenges presented by the Kashmiri language. The effectiveness of such hybrid approaches
in various domains has been well-documented, further validating our methodology [40].

Mel spectrogram MFCC
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512

Figure 3. Partial Mel-Spectrogram (left) and MFCC (right) visualizations.
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Table 3. Performance comparison of different feature sets and models using various classifiers.
Feature Set Accuracy Precision Recall
MECC + Partial
Mel-Spectrogram (Random 0.86 0.87 0.87
Forest)
MECC + Partial
Mel-Spectrogram (Ridge 0.80 0.83 0.82
Classifier)
MEFCC + Partial
Mel-Spectrogram (K-Nearest 0.61 0.61 0.62
Neighbors)
MFCC + Partial
Mel-Spectrogram (Decision 0.77 0.77 0.78
Tree)
MEFCC only (Random Forest) 0.79 0.80 0.80
Mel-Spectrogram only (Random 075 0.77 0.77
Forest)

The complementary nature of MFCC and partial Mel-Spectrogram features is underscored by
their respective entropy values, with the partial Mel-Spectrogram capturing more detailed and diverse
spectral information [41]. This dual feature extraction approach not only improves the accuracy of the
recognition system but also enhances its robustness, enabling the model to generalize effectively across
different speakers and conditions. We combined MFCC and partial Mel-Spectrogram features with
spectrogram augmentation techniques, such as Gaussian noise and time-stretching, to enhance model
robustness. These augmentations introduced variability, allowing the model to generalize better across
different acoustic environments and addressing dataset limitations [42? ,43]. After augmentation,
standard scaling was applied to normalize feature distributions, ensuring comparability across feature
types and improving the stability and accuracy of the model during training [42,43]. By leveraging
the strengths of both MFCC and partial Mel-Spectrogram features, our approach offers a significant
advancement in the accuracy and generalization of the Kashmiri speech recognition model, providing
a solid foundation for further research and development in this field.

3.4. Deep Learning Models

3.4.1. Convolutional Neural networks (CNN)

A meticulously organized array of acoustic feature values represented mathematically as Z €
Re*PXf, encompasses an intricate configuration characterized by a specific number of channels denoted
as ¢, an expansive frequency bandwidth articulated as b, and a determined time length expressed as f.
Within this framework, the convolutional layer embarks on a transformative journey by convolving
the aforementioned Z with an array of k distinct filters, denoted collectively as {W;},, where each
individual filter W; is formulated as a 3D tensor residing in the realm of R“*"*" showcasing a width
along the frequency dimension that is precisely m and a length along the frame dimension that is
accurately n. The outcome of this convolutional endeavour results in k preactivation feature maps
that merge into a singular 3D tensor, denoted as C € Rkxbc>fc  with each feature map C; being
meticulously computed through a specific mathematical operation, where the symbol * serves as the
conduit for the convolution operation, and b; signifies a bias parameter that nuances the output.

Ci=W;xZ+0b, i=1,---,k 3

It is essential to highlight three pivotal points that warrant attention: first, the sequence length fc
of the tensor C post-convolution is meticulously ensured to be congruent with the sequence length
f of the input matrix Z by implementing a strategic zero-padding technique along the frame axis
before the commencement of each convolution operation; second, in our model, the convolution
stride is deliberately selected to be 1, ensuring a consistent and fluid convolutional process across all
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operations; and third, we consciously opt against the application of limited weight sharing, which
typically partitions frequency bands into discrete groups of restricted bandwidths, instead favouring
a holistic convolutional approach that traverses Z along both the frequency axis and the time axis,
thereby culminating in a straightforward 2D convolution that is widely recognized and utilized in the
domain of computer vision.

C; = max(0,C;) 4)

The pre-activation feature maps, denoted as C, undergo a transformative process where they
are subjected to a variety of nonlinear activation functions that significantly alter their values and
representation. In the subsequent sections, we will introduce a trio of distinct activation functions,
elucidating their unique functionalities within the context of a convolutional layer, and it is imperative
to highlight that all the operations we will describe below are executed on an element-wise basis for
clarity and precision. The Rectifier Linear Unit, commonly referred to as ReLU, is a piecewise linear
activation function characterized by its behaviour of yielding a value of zero whenever the input falls
below zero while simultaneously returning the input itself when it is non-negative. Formally, if we
consider a single feature map represented as C;, the definition of a ReLU function can be articulated as
follows:

€], = max{[C],.., i} 5)

Following the intricate process of applying these element-wise nonlinearities, the resulting fea-
tures are then directed into a max-pooling layer, which is responsible for extracting the maximum
value from a set of p adjacent units, thereby summarizing the most salient information. We focus our
pooling operations exclusively along the frequency axis, as this approach has been shown to effectively
mitigate spectral variations within the same speaker’s output and in comparisons between the outputs
of different speakers, as supported by previous research findings.

Notably, pooling along the temporal axis has been demonstrated to yield less significant benefits,
indicating a preference for frequency-based pooling methods. In particular, let us denote the i-th
feature map prior to pooling as C; and its post-pooling counterpart as C;, then the value at position
(r,t) in the pooled feature map, denoted as [(AIJ 1 is computed based on the following criteria: where
the variable s refers to the step size utilized in the pooling operation, and p represents the size of the
pooling window, ensuring that all the values [C;] rxs+it involved in the max calculation share the
same temporal index ¢t. Consequently, it is essential to note that the feature maps that emerge from
the pooling process maintain identical sequence lengths when compared to their precursory versions
before the pooling operation was applied, thereby preserving the overall structure of the data while
enhancing its representative quality.

3.4.2. Gated Multi-Layer Perceptrons (gMLPs)

Liu et al. have unveiled a groundbreaking network architecture known as gMLP [44], which
is ingeniously built upon Multi-Layer Perceptrons (MLPs) principles while ingeniously integrating
sophisticated gating mechanisms that enhance its functionality and adaptability. Their extensive
research and experimentation compellingly illustrated that the performance of gMLP can stand
shoulder to shoulder with that of the widely recognized Transformers when applied to vital language
and vision tasks that hold significant importance in the field of artificial intelligence. Interestingly;,
the results of their empirical analyses have brought to light the fascinating notion that self-attention,
a hallmark feature of Vision Transformers, may not actually be a critical requirement for achieving
high performance, as gMLP manages to reach comparable levels of accuracy without it. In a direct
comparison with the BERT model, the gMLP architecture not only matches the performance of
Transformers in terms of pretraining perplexity but also demonstrates superior capabilities in certain
downstream assignments related to NLP [45], showcasing its versatility and effectiveness. Overall, the
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empirical findings derived from their comprehensive studies strongly suggest that gMLP possesses
a remarkable scalability that is comparable to that of Transformers, especially when considering the
utilization of expanded datasets and enhanced computational resources that are available in modern
research environments.

T TTTTTTANT T T T SN
// '\‘J N

/ \

[ Input embeddings ]

Figure 4. A comprehensive depiction of the gMLP architecture incorporating the Spatial Gating Unit
(SGU). The architecture is comprised of a series of L blocks characterized by uniform structure and
dimensions. All projection operations within the model are linear in nature, and " ® " denotes element-
wise multiplication (linear gating).

The architecture of gMLP [44], is elegantly constructed from a series of L blocks, all of which
share identical dimensions and configurations, resulting in a harmonious and cohesive design. In this
context, denote X € R"*? as the representations of tokens, where the sequence length is denoted by 1,
and the dimensionality is represented by d, encapsulating the essence of each token’s information and
attributes. Each block is meticulously defined in the manner outlined below. Here, o represents an
activation function (GeLU) known for its effectiveness in neural networks. The matrices U and V serve
the purpose of establishing linear projections along the channel dimension, akin to the mechanisms
utilized in the FFNs found within the architecture of Transformers.

¢= O'(XU), 5 = S(C)r Y = gV (6)

An essential component of the previously described formulation is the layer, denoted as s(-),
which plays a crucial role in capturing the intricate spatial interactions among the tokens in the
scenario where s functions as an identity mapping, the transformation described above simplifies
to that of a conventional Feed-Forward Network, wherein individual tokens undergo processing in
isolation, devoid of any inter-token communication that could enhance their contextual understanding.
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Consequently, one of the primary objectives is to ingeniously devise an effective s that is adept at
capturing the complex and multifaceted spatial interactions between different tokens.

fwp(G) =Wl +pB )

The overall architecture of each block draws inspiration from the concept of inverted bottlenecks,
whereby s(-) is defined explicitly as a spatial depthwise convolution, which is instrumental in pro-
moting efficient information flow. It is worth noting that, in contrast to the Transformer architectures,
our model elegantly circumvents the necessity for position embeddings, as the requisite positional
information is inherently captured within the operations of s(-).

s(0) =T O fwp(0) ®)

In the context of the discussion, where the symbol ® signifies the operation of element-wise
multiplication, we have come to recognize that for the purpose of maintaining stability throughout the
training process, it is of utmost importance to set the initial values of the weights, denoted by W, to be
extremely close to zero while assigning the biases, represented by S, to the value of one; this specific
configuration leads to the outcome that fy 4() is approximately equal to the vector of ones, denoted
as 1, which in turn implies that at the very inception of training, the function s(¢) closely resembles
the input {. By implementing this careful initialization strategy, we effectively guarantee that each
gMLP block operates in a manner akin to a standard feedforward neural network, or FEN, during
the initial phases of training; at this juncture, every individual token is treated in isolation, processed
independently without any immediate interaction with others, and only as the learning progresses
does the model begin to gradually introduce spatial information that interconnects and influences the
tokens over the period of training.

3.4.3. Hybrid CNN-gMLP Model

The hybrid CNN-gMLP model presented in this study builds upon a rich history of advancements
in both Convolutional Neural Networks (CNNs) and Gated Multi-Layer Perceptrons (gMLPs), particu-
larly in the domain of speech recognition. Over the past decade, CNNs have established themselves
as a powerful tool for local feature extraction, especially in tasks requiring structured data analysis,
such as images and spectrograms. Their ability to capture spatial hierarchies in data has made them a
natural choice for tasks like speech recognition, where both temporal and spectral features are critical
[46,47]. CNNs have been effectively used in various audio processing tasks, demonstrating robust
performance in extracting meaningful features from raw audio signals and improving the accuracy
of speech recognition systems [48,49]. The introduction of gMLPs has added a new dimension to
modelling sequential data. Unlike traditional MLPs, which primarily focus on individual inputs
independently, gMLPs are designed to capture global dependencies across input sequences. This
capability makes them particularly well-suited for tasks such as language modelling and, more recently,
speech recognition [50,51]. The gMLP model has demonstrated competitive results in tasks that require
the integration of context across long sequences, outperforming traditional models in scenarios that
demand a deep understanding of the global structure of the data [52,53]. The decision to combine
CNNs and gMLPs in this study was driven by the need to leverage the strengths of both models while
mitigating their limitations. CNNs excel at capturing localized patterns within the data, such as the
fine-grained temporal and spectral features of speech signals. Still, they often struggle with capturing
long-range dependencies [47]. Conversely, gMLPs are adept at modeling these long-range dependen-
cies but may not capture local features with the same level of granularity as CNNs [50]. By integrating
these two approaches, the hybrid model aims to provide a more comprehensive understanding of the
speech signal, capturing both local and global features essential for accurate speech recognition. A key
innovation of our approach is the use of a dual feature extraction technique, combining Mel-Frequency
Cepstral Coefficients (MFCCs) with partial Mel-Spectrograms. MFCCs are widely recognized for
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their ability to capture the power spectrum of audio signals, offering a detailed representation of
the temporal aspects of speech. However, their performance can be limited in noisy environments,
and they may miss important spectral details. To address this, we complement MFCCs with partial
Mel-Spectrograms, which provide a more comprehensive view of the spectral content by focusing
on specific Mel frequency bands relevant to the phonetic characteristics of the Kashmiri language.
This dual feature extraction method enhances the robustness of the hybrid CNN-gMLP model by
capturing both the spectral richness and the temporal precision required for accurate recognition.
The dual feature extraction technique employed in this study serves as a robust input for the CNN,
which processes these features to extract detailed local patterns. The output of the CNN is then passed
through the gMLP layers, which are responsible for capturing the broader contextual information
across the entire input sequence. This combination is particularly effective in addressing the phonetic
challenges of Kashmiri, as it allows the model to balance the need for detailed spectral analysis with
the requirement for global context understanding [6,11].

In designing this hybrid architecture, we implemented three convolutional blocks with increasing
filter sizes to capture progressively more abstract features from the input data. The first block, with 32
filters, captures basic spectral patterns, while the subsequent blocks, each with 64 filters, extract more
complex features. Pooling layers follow these convolutional layers to reduce the dimensionality of the
feature maps, thereby enhancing computational efficiency and focusing the model’s attention on the
most salient features. After the CNN layers, the extracted features are flattened and passed through a
dense layer, which serves as a bridge to the gMLP layers. The gMLP component, consisting of four
layers, employs layer normalization and gating mechanisms to effectively model the dependencies
across the input sequence, ensuring that the model can generalize well across different speakers and
dialects.

s 128 W

Softmax

Figure 5. Architecture of the Hybrid CNN-gMLP Model for Spoken Kashmiri Recognition.

4. Results and Discussion

The hybrid CNN-gMLP model was trained using a learning rate of 0.000235 with a step decay
schedule, optimizing the model parameters over 50 epochs. The Adam optimizer, known for its
adaptive learning rates and efficiency in handling sparse gradients, was used to further enhance the
robustness of the model. A dropout rate of 0.378036 was implemented to prevent overfitting, ensuring
that the model remained generalizable to unseen data [54,55].
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Table 4. Hyper-parameters for training Hybrid CNN-gMLP Model

Parameter Value
Learning rate 0.000235
Learning rate schedule Step decay
Number of gMLP layers 4
Optimizer Adam
Dropout rate 0.378036
Epochs 50

Experimental evaluations of this hybrid model demonstrated significant improvements in recog-
nizing spoken Kashmiri words, achieving an overall accuracy of 96%. This performance underscores
the effectiveness of the hybrid approach, as the model successfully captured both the detailed local
features and the global context necessary for accurate speech recognition. The results indicate that the
integration of CNNs and gMLPs, combined with dual feature extraction, offers a promising direction
for advancing speech recognition systems, particularly in the context of underrepresented languages
like Kashmiri, where the need for both detailed and context-aware processing is paramount [47,50].
The performance of the hybrid CNN-gMLP model in recognizing spoken Kashmiri words was as-
sessed using a combination of key metrics: accuracy, precision, recall, and Fl-score. These metrics
were chosen for their comprehensive ability to evaluate the effectiveness of the model in a speech
recognition classification task. While accuracy provides a general measure of the model’s overall
performance, it can often be misleading, especially in the presence of class imbalance, as it may not
reflect the true discriminative power of the model. Precision and recall offer more granular insights
by focusing on the model’s performance for individual classes. Precision measures the proportion
of true positive predictions among all positive predictions, thus indicating the model’s capability to
minimize false positives [56]. Recall, on the other hand, evaluates the proportion of true positive
predictions among all actual positives, reflecting the model’s ability to capture relevant instances and
minimize false negatives [56]. The F1-score, defined as the harmonic mean of precision and recall,
balances these metrics, which is crucial in contexts like speech recognition where both types of errors
can significantly impact user experience [57]. Additionally, the confusion matrix serves as an essential
tool for visualizing the performance of the classification model, providing detailed insights into the
distribution of correct and incorrect predictions across different classes [56].

The hybrid CNN-gMLP model was trained over 50 epochs, demonstrating rapid convergence with
training accuracy nearing 100% after approximately 20 epochs and the validation accuracy stabilizing
around 96%. This indicates that the model effectively learned from the training data without significant
overfitting, as evidenced by the close alignment between the training and validation curves. The graph
in Figure 6 illustrates the training and validation accuracy over the course of the epochs.
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Training and Validation Accuracy over Epochs
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Figure 6. Training and Validation Accuracy over Epochs

The model’s effectiveness is further underscored by the confusion matrix shown in Figure 7,
which details the model’s ability to accurately classify the twelve distinct spoken words in the dataset.
The overall accuracy of 96% is complemented by high precision, recall, and F1 scores across most
categories. Notably, the model achieved perfect precision and recall for words such as "adsa," "nov
(m.)," "khabar," "na," and "ye:le." However, slight misclassifications were observed in words like "k’ah"
and "band," suggesting potential areas for further improvement through additional data augmentation
or model fine-tuning. The classification report, presented in Table 5 and Table 6 summarizes the
model’s performance metrics, revealing a macro average precision of 0.97, recall of 0.96, and an F1-
score of 0.96. These results affirm the robustness of the hybrid CNN-gMLP architecture in addressing
the phonetic diversity of the Kashmiri language, providing a solid foundation for future advancements
in spoken Kashmiri recognition.
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Figure 7. Confusion Matrix for Hybrid CNN-gMLP Model
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Maetric Precision Recall F1-Score
adsa 1.00 1.00 1.00
ah 0.82 1.00 0.90
nov (m.) 1.00 1.00 1.00
khabar 0.93 1.00 0.97
be 1.00 0.86 0.92
vuch 1.00 0.86 0.92
na 1.00 1.00 1.00
band 0.87 0.93 0.90
varay 1.00 1.00 1.00
k’ah 1.00 0.93 0.96
ye:le 1.00 1.00 1.00
theek 1.00 1.00 1.00

Table 6. Classification Report based on Evaluation Metrics

Metric Precision Recall F1-Score
Macro Avg 0.97 0.96 0.96
Weighted Avg 0.97 0.96 0.96

Accuracy 0.96

These findings underscore the effectiveness of the hybrid CNN-gMLP approach in tackling the
complexities inherent in the phonetic diversity of spoken Kashmiri, establishing a strong foundation
for continued research and development in this domain.

4.1. Comparative Analysis and Validation

The model is validated using 5 fold cross validation and the comparative study is being performed
with other state of art approaches. Table ??, shows the comparison of our approach with previous stte
of art approaches that are being used for automatic speech recognition. In this Hybrid CNN-gMLP
model is designed with a combination of CNN and gMLP layers, achieves the highest accuracy of
96% on the Kashmiri Speech Dataset. This model uniquely leverages dual feature extraction methods
(MFCC and Mel-Spectrogram) to capture both local and global features that make it robust for handling
the phonetic diversity of the Kashmiri language. While as CNN + LSTM Hybrid model achieves
a slightly lower accuracy of 91.3% on the TIMIT dataset that emphasizes its strength in handling
sequential data through LSTM to capture phonetic variations effectively. The Deep Speech (RNN)
and Wav2Vec (CNN) models do not report accuracy but focus on word error rate (WER) as a key
performance indicator in this Wav2Vec achieve a superior WER of 8.5% due to its unsupervised
pre-training, compared to 10.55% for Deep Speech. Models like Listen, Attend, and Spell and the
Hybrid CNN-RNN Emotion Recognition focus on different aspects of speech recognition, such as large
vocabulary and emotional speech detection. The latter attains 89.2% accuracy on emotion datasets
which demonstrates its effectiveness in contextual speech analysis. Each model is characterized by
its distinctive architectural choices and optimizations for specific speech recognition challenges, from
handling continuous speech to phonetic and emotional diversity.
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Table 7. Comparison of Hybrid CNN-gMLP Model with Other Speech Recognition Models

Model Architecture  Dataset Used Accuracy Precision Recall F1-Score Unique Features
. CNN + Kashmiri Dual feature extraction (MFCC +
Hybrid o Mel-Spectrogram), local and global
gMLP (4 Speech 96% 0.97 0.96 0.96 .
CNN-gMLP 1 feature capture, robust for phonetic
ayers) Dataset diversi .
iversity of Kashmiri language.
CNN + Local feature extraction via CNN
CNN + o combined with sequential modeling by
]}“ISSZ[ d LSTM TIMIT 91.3% 0.90 0.89 0.89 LSTM, effective in handling phonetic
y variations in speech data [46].
Various End-to-end speech recognition,
Deep Speech RNN-based . o, large-scale training with parallelization
(RNN) end-to-end zll.;i;;?ts N/A N/A N/A WER:10.55% for scalability, robust handling of
continuous speech [9].
Unsupervised pre-training with
Xge;:]/;\)fec Cgii(i)rfin LibriSpeech 95.5% N/A N/A WER: 8.5% contrastive loss to improve robustness
p & on noisy and limited data [58].
Listen, Attention- Large Attention mechanisms for large
Attend, and  based neural = Vocabulary N/A N/A N/A WER: 13.1%  vocabulary speech recognition, efficient
Spell net Dataset handling of conversational speech [59].
I(;II}\,I?\II‘:?{NN CNN + RNN  Speech Captures local features and temporal
. (LSTM/ Emotion 89.2% 0.87 0.88 0.87 dependencies, well-suited for emotional
Emotion P
GRU) Dataset and contextual speech analysis [48].

Recognition
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While performing 5-fold cross-validation experiment our model’s performance was consistently
robust across all folds. The macro average precision, recall, and F1-score remained high, with precision
averaging 0.97, recall at 0.96, and an F1-score of 0.96 across the five folds. Also, the weighted averages
for these metrics mirrored the macro averages which reflect the model’s balanced performance across
various classes, with precision at 0.97, recall at 0.96, and an F1-score of 0.96. The model also achieved
a stable and impressive average accuracy of 96% which indicates that its predictive capabilities are
consistent and generalize well to unseen data. Each fold in the cross-validation process demonstrated
negligible variance in these metrics that underscore the model’s robustness and reliability across
different subsets of the dataset.

4.2. Limitations

While the proposed hybrid CNN-gMLP model demonstrates impressive performance in recog-
nizing spoken Kashmiri, achieving a 96% accuracy, but there are few limitations of this study. These
are discussed as follows

¢ Dataset Size and Diversity: The dataset used in this study, although representative of the
phonetic and dialectal diversity of the Kashmiri language, is limited to 12 commonly used words.
This narrow vocabulary may not reflect the full range of complexities in real-world speech
patterns and interactions. Moreover, the dataset contains a total of 840 samples, which may limit
the generalization of the model to more complex speech recognition tasks involving extended
vocabulary and spontaneous speech.

¢ Dialectal Variations: Although efforts were made to capture dialectal diversity from different
regions of Kashmir (North, Central, and South Kashmir), there may still be unaccounted varia-
tions in pronunciation, intonation, and accent that could affect the model’s performance. The
current model may not generalize well to speakers from less-represented dialects or regions.

¢ Environmental Conditions: The dataset was collected in controlled environments to ensure high
audio quality. However, in practical applications, speech recognition systems are often used in
noisy or variable acoustic environments. The model’s robustness in such conditions is yet to be
fully evaluated, and additional noise-robust techniques, such as advanced denoising methods,
may be necessary to enhance its performance in real-world settings. Feature Extraction Method-
ology: The dual feature extraction approach, combining MFCCs and partial Mel-Spectrograms,
showed significant improvement in capturing the phonetic nuances of Kashmiri speech. How-
ever, alternative feature extraction techniques, such as wavelet transforms or more advanced
self-supervised learning models like HuBERT, could potentially enhance performance further,
especially in noisy or resource-constrained environments.

¢ Computational Complexity: While the hybrid CNN-gMLP model balances local and global
feature extraction effectively, the computational cost associated with this approach could limit
its deployment on resource-constrained devices, such as mobile phones or embedded systems.
Optimizing the model for efficiency, without compromising accuracy, remains a challenge.

¢ Bias and Fairness: Although participant selection aimed to capture a diverse range of age,
gender, and regional backgrounds, there is potential for demographic bias in the dataset. The
performance of the model across different demographic groups (e.g., gender or age) has not been
explicitly evaluated and may reveal disparities that need to be addressed.

¢ Application to Continuous Speech: The model was trained and tested on isolated word recog-
nition, which differs significantly from continuous speech recognition tasks. Future research
should explore extending the model’s capabilities to handle continuous speech, where word
boundaries are less defined and contextual dependencies play a more critical role.

5. Conclusion

This research marks a significant advancement in the field of Automatic Speech Recognition (ASR)
for the Kashmiri language, a language historically underrepresented in technological developments. By
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developing a hybrid Convolutional Neural Network (CNN) and Gated Multi-Layer Perceptron (gMLP)
model, this study successfully integrates dual feature extraction methodologies—Mel-Frequency Cep-
stral Coefficients (MFCCs) and partial Mel-Spectrograms—to capture the critical spectral and temporal
characteristics necessary for accurate Kashmiri speech recognition. The model’s ability to achieve
an impressive 96% accuracy in classifying twelve distinct spoken words underscores the robustness
and effectiveness of our approach. Our work aligns with global efforts in language preservation and
technological inclusivity. This alignment underscores the broader relevance and potential impact of
our research, particularly in preserving linguistic diversity through advanced technological solutions.
Future research could explore advanced noise reduction techniques, such as deep learning-based
denoising methods, which have proven effective in other low-resource language ASR tasks. Integrating
alternative feature extraction methods, such as wavelet transforms or phonetically-informed HuBERT
models, could also enhance the robustness of feature representations, particularly in noisy or variable
conditions.
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