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A B S T R A C T  

ASR systems have been highly successful in high-resource languages yet less effective in low-resource 

languages due to limited labeled speech data, speaker variability, background noise, and variable acoustic 

conditions. The significant barrier to accessing and deploying speech-enabled technologies for 

underrepresented languages and dialects, thereby limiting human–computer interaction. To overcome 

these shortcomings, we suggest a sophisticated acoustic pattern recognition system that combines 

advanced acoustic feature extraction, data augmentation and deep neural network-based acoustic 

modelling to improve speech recognition in low-resource environments. The proposed approach exploits 

spectro-temporal representations and attention-driven learning mechanisms to learn discriminative 

acoustic patterns while making the model robust to noise and pronunciation variations. One important 

advantage of the framework is its effective generalization from limited training samples, enabled by 

optimized feature learning and transfer learning strategies. Experiments were conducted using a low-

resource speech corpus comprising about 120 hours of transcribed speech from several speakers across 

a variety of acoustic conditions. The evaluation was conducted using Word Error Rate (WER), Character 

Error Rate (CER), and recognition accuracy. The proposed model's WER, CER, and overall recognition 

accuracy were 11.8%, 5.4%, and 92.6%, respectively, outperforming the conventional baseline ASR 

models, which had a WER of 18.7% and an accuracy of 84.3%. The experimental results demonstrated 

the effectiveness of the proposed framework in enhancing the robustness of recognition and acoustic 

pattern discrimination. The advances the development of reliable, scalable, and low-cost ASR systems 

for low-resource languages, thereby aiding greater language coverage and the practical implementation 

of speech technologies in real-world settings. 

Keywords: Automatic Speech Recognition (ASR), Low-Resource Languages, Acoustic Pattern Recognition, 

Deep Neural Networks, Transfer Learning, Attention Mechanism, Spectro-Temporal Features, Data 

Augmentation, Speech Recognition, Word Error Rate (WER), Character Error Rate (CER), Robust Acoustic 

Modeling 
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1. Introduction 
Speech recognition is one of the most essential technologies in human–computer interaction, 

with applications in virtual assistants, voice search, automatic transcription, and assistive 

technologies [1]. The recognition performance for high-resource languages, including English, 

Mandarin, and Spanish, has greatly benefited from recent developments in deep learning, 

transformer architectures, and self-supervised learning[2]. These systems, however, are quite 

dependent on the availability of large annotated speech corpora and computational resources 
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[3]. Although significant progress has been made, thousands of low-resource languages and 

regional dialects remain underrepresented in existing ASR research, restricting access to speech 

technologies for many people around the world [4]. 

Robust ASR systems for low-resource languages remain a challenging research problem [5]. 

There are several disadvantages with low-resource languages as compared with high-resource 

languages, such as limited labelled speech data, lack of linguistic resources, speaker variability, 

pronunciation differences and environmental noise[6]. These constraints have a significant 

impact on the acoustic modelling result, and increase the number of recognition errors[7]. 

Moreover, low-resource speech databases are likely to be imbalanced in speaker distributions 

and recording conditions, which makes it challenging for conventional ASR models to learn 

generalized acoustic representations [8]. Reliable speech recognition under various acoustic 

conditions is, therefore, still an open challenge[9]. 

Some studies have examined transfer learning, multilingual training, meta-learning, and self-

supervised learning to address low-resource ASR data scarcity [10]. These methods have been 

shown to be potentially beneficial; they may require substantial pre-training data, significant 

computational resources, or language-specific adaptation procedures. Recent studies show that 

some models remain not robust to noise, not trained on speakers' pronunciation variations, and 

not well generalized across speakers, even with limited training sets. Furthermore, most of the 

previously mentioned solutions have been linguistically oriented, and little effort has been 

devoted to developing faithful acoustic pattern discrimination that can exploit discriminative 

spectro-temporal features in low-resource environments. Hence, there is a strong need to 

develop an efficient acoustic pattern recognition framework that can recognize unknown 

patterns using coarse training examples and maintain robustness throughout the recognition 

process. 

The main goal of research is to create a strong acoustic pattern recognition system for low-

resource automatic speech recognition. In particular, the following is the intention: 

• Improve the representation of acoustic features with advanced spectro-temporal feature 

extraction. 

• Increase recognition rate in variable and noisy acoustic conditions. 

• Leverage data augmentation and transfer learning techniques to overcome data 

limitations. 

• Minimize Word Error Rate (WER) and Character Error Rate (CER), and enhance the 

recognition accuracy. 

• Create a scalable ASR system for underrepresented and low-resource languages. 

• Develop a scalable ASR framework that can be used for languages that are 

underrepresented and low-resource. 

Based on the recognized challenges, the research presents a reliable acoustic pattern recognition 

system that combines state-of-the-art acoustic feature extraction techniques with data 

augmentation and deep neural network-based acoustic modeling. The proposed method uses 

the spectro-temporal representations to extract informative acoustic features from speech 

signals. An attention-driven learning mechanism is implemented to boost discriminative feature 

learning and robustness to noise or speaker variability. Moreover, transfer learning methods 

allow knowledge to be transferred from a resource-rich speech dataset, enabling effective 

learning in low-resource settings. This is expected to increase recognition accuracy and reduce 

recognition errors through feature optimization, attention-based acoustic modeling, and data 

augmentation. 
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The major contributions of this work are summarized as follows: 

1. Development of a robust acoustic pattern recognition framework specifically designed for low-

resource ASR applications. 

2. Integration of spectro-temporal feature extraction and attention-based acoustic modeling for 

enhanced acoustic discrimination. 

3. Application of transfer learning and data augmentation techniques to alleviate data scarcity 

challenges. 

4. Comprehensive evaluation using WER, CER, and recognition accuracy metrics on a low-

resource speech corpus. 

5. Demonstration of improved recognition robustness and generalization compared with 

conventional baseline ASR models. 

The proposed research advances speech recognition technologies for low-resource languages 

by addressing fundamental challenges posed by data scarcity and acoustic variability. Improved 

ASR performance can facilitate broader language inclusion, support digital accessibility, and 

enable speech-based services for underrepresented linguistic communities. Moreover, the 

proposed framework provides a scalable and cost-effective solution for deploying ASR systems 

in real-world environments where large annotated speech datasets are unavailable. Therefore, 

represents an important step toward achieving equitable and reliable speech technology for 

diverse language populations. 

2. Literature Survey 
 

Alhaissoni et al.[11] (2026) conducted a systematic survey of Arabic ASR and Dialect 

identification systems. They highlighted the problems of dialect variations, lack of annotated 

corpora and pronunciation variations. It was found that, in general, deep learning methods 

achieve higher recognition accuracy than traditional methods. There were still some differences 

in performance in the various dialects. The review pointed out that there was no standardized 

dataset and a lack of good cross-dialect evaluation (CDE) frameworks for developing 

generalized Arabic speech recognition (ASR) solutions. 

Ondáš et al.[12] (2026) were interested in the recognition of children's speech in Slovak, which 

is further challenged by acoustic variability and by inconsistent pronunciation. To create an 

ASR system that considers the characteristics of children's speech, the authors developed one 

suitable for children's speech. Results showed that the recognition performance of the measured 

systems improved over that of the baseline systems. However, there is a small problem: few 

sources of child speech data are available to help generalize models. They pointed out the 

necessity of greater size and age diversity in speech corpora to enhance recognition robustness 

across all age groups. 

Muniasamy et al. [13](2026) proposed a CNN-LSTM model with an attention mechanism for 

real-time video-based emotion recognition. The model focused on problems with time 

variations and the variability in facial expression. Experimental results showed that recognition 

accuracy and real-time performance are better than those of conventional methods. The 

framework was, however, sensitive to lighting and facial occlusions. Besides, longer video 

sequences required greater computational complexity, making them difficult to deploy in 

resource-limited real-time systems. 

Singh et al. [14] (2025) conducted research on the use of synthetic speech data to enhance 

Manipuri-English code-switched ASR systems. The proposed method used a small amount of 
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speech data and artificially synthesized speech data. Significant improvements in code-

switching performance and reductions in recognition errors were observed. Synthetic data, 

however, occasionally introduced acoustic artifacts that hampered model learning. The success 

of also relied on the quality and variety of speech samples being produced, so there was a lack 

of generalization in unforeseen situations. 

The problem of the limited amount of speech transcript available for ASR and subtitling was 

discussed by Poncelet [15](2026). The subtitle transcripts from broadcast media as additional 

training data for the speech recognition model. The experimental results showed that 

transcription quality and subtitle generation accuracy improved. Some subtitle-text alignment 

problems, however, introduced noise into the training procedure. It was also highly dependent 

on the quality of the broadcast material, making it less applicable in low-resource media 

environments. 

Li et al.[16] (2025) conducted a review of Portuguese speech recognition methods and 

attempted to fine-tune large-scale end-to-end ASR models to accommodate Portuguese. They 

revealed the prominent problems: accent diversity, limited resources, and domain variability. 

The results indicated that fine-tuned transformer-based models outperformed traditional 

models. It required large computational resources and large pre-trained models, however. The 

performance was also found to be degraded under regional accents that vary to a fairly large 

degree. 

Fetahi et al. [17](2025) conducted research on detecting hate speech in low-resource languages 

using transformers and explainable AI methods. The proposed framework achieved good 

classification accuracy while ensuring interpretable decision-making mechanisms. Results 

showed that it could improve detection accuracy compared with conventional machine learning 

models. Limited annotated data restricted the model's robustness. The authors further noted 

difficulties in dealing with phrases that were ambiguous, sarcastic, or idiomatic, as used on 

social media. 

Banerjee and Ramasubramanian [18] (2025) dealt with accent variation in low-resource English 

speech recognition. The authors proposed a training method called Manifold Mixup to make 

the model more robust to various accents. Experimental results suggested a low percentage of 

recognition errors and good generalization across speakers. Although approach had many 

advantages, it added extra computational load during training and required some parameter 

tuning. A variety of factors also affected performance improvements, including the diversity 

and representativeness of the available speech data. 

Alghamdi et al.[19] (2026) gave an overview of the machine learning and deep learning 

techniques used for multilingual fake news detection. They focused on strategies to address 

linguistic diversity and cross-lingual misinformation. The results showed that transformer-

based models outperformed traditional approaches in detection accuracy. The review also 

revealed issues with dataset imbalance, multilingual generalization, and explainability. The 

availability of high-quality annotated multilingual datasets remains a key challenge for building 

high-quality, reliable detection systems. 

Alshareef et al. [20] (2025) introduced a small spectral convolutional neural network (CNN) to 

recognize 94 ASCII character classes. The aim of the model was to achieve high recognition 

accuracy while reducing computational complexity. Experimental tests showed that the 

classification accuracy and resource utilization were better. The use of the system was, however, 

tested with a range of controlled data sets, thereby restricting the testing to real-world data. 

There is a need for future improvements to make it more robust to noise, distortions and a 

variety of character presentation styles. 
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Yeneneh et al. [21] (2026) proposed an Amharic Automatic Speech Recognition (ASR) 

framework that addresses the challenges of limited speech resources, phonetic variability, and 

context-dependent pronunciation in low-resource languages. The incorporates phoneme 

context-sensitivity analysis and error diagnostics to improve recognition accuracy by 

identifying and analyzing phoneme-level recognition errors. Although the framework enhances 

acoustic discrimination and transcription quality, its performance depends on sufficient 

contextual speech data and may be affected by dialectal variations and noisy environments. 

Experimental results demonstrated improved recognition performance and reduced phoneme-

level errors compared with conventional Amharic ASR systems. 

Mengke and Mihajlik [22] (2026) investigated whether novel combinations of speech data 

augmentation techniques could outperform the commonly used Speed Perturbation and 

SpecAugment methods in low-resource ASR systems. The proposed solution integrates 

multiple augmentation strategies to increase acoustic diversity, improve model robustness, and 

enhance generalization under limited training data conditions. However, some augmentation 

combinations may introduce distortions and their effectiveness can vary across languages and 

datasets. The experimental results revealed that carefully designed augmentation pipelines 

achieved lower recognition errors and better robustness than traditional augmentation 

approaches in low-resource speech recognition tasks. 

Ziani et al. [23] (2026) introduced Swin-3DART, an efficient lightweight transformer model 

designed for robust video anomaly detection using TG-RGB+ representations. It addresses the 

limitations of conventional transformer architectures, including high computational complexity 

and large model sizes, by incorporating three-dimensional attention mechanisms and optimized 

spatio-temporal feature learning. Despite improved efficiency, the framework remains 

dependent on data quality and may experience performance degradation in highly dynamic 

environments. Experimental evaluations demonstrated competitive anomaly detection 

accuracy, reduced computational overhead, and enhanced robustness, making the proposed 

model suitable for real-time intelligent surveillance applications. 

3.  Proposed Methodology 

 

Figure 1 provides an overall framework for strong acoustic pattern recognition in low resource 

speech environments. Data collection involves obtaining speech recordings from several 

speakers under varying acoustic conditions to form a rich, low-resource speech corpus. In the 

data preprocessing stage, the collected audio data is processed with signal normalization, 

silence removal, and noise reduction to enhance data quality and uniformity and reduce the 

influence of recording environments. Data augmentation is employed to overcome data 

limitations, such as time stretching, pitch shifting, and noise injection. These methods add 

diversity to the dataset and improve model generalization. The enhanced audio is then passed 

through a feature extraction network, where speech feature maps such as spectrograms, Mel-

spectrograms, and Mel-Frequency Cepstral Coefficients (MFCCs) are generated. The features 

represent the spectral and temporal properties of speech, which can be used to train machine 

learning models. In the acoustic modeling stage, the extracted features are fed into 

convolutional neural networks (CNNs) for learning the acoustic discriminative patterns. The 

incorporation of an attention mechanism to highlight the relevant speech segments in order to 

enhance the context understanding. Moreover, transfer learning leverages knowledge from pre-

trained models to improve performance in data-scarce scenarios. Lastly, the framework's 

usefulness is evaluated by performing the test, and reliable, accurate recognition is achieved 

across various acoustic environments and speaker variations. 
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Figure 1: Framework for Robust Acoustic Pattern Recognition in Low-Resource Speech Corpora Using 

Data Augmentation, Feature Extraction, and Deep Learning 

 

a. Dataset 

 

The Mozilla Foundation Common Voice corpus constitutes a large-scale, crowdsourced, 

multilingual open-source speech dataset designed to support the development and 

benchmarking of automatic speech recognition systems across diverse linguistic, demographic, 

and acoustic recording conditions. The dataset aggregates voluntary speech contributions from 

global participants spanning multiple languages, age groups, gender categories, regional 

accents, and dialectal variations — collectively producing a highly heterogeneous acoustic 

corpus that reflects the natural distribution of real-world speech variability encountered in 

deployed speech recognition systems. Each corpus entry comprises a paired association 

between a digitally recorded speech waveform and its corresponding orthographic text 

transcription, validated through a community peer-review process ensuring transcription 

accuracy and acoustic intelligibility standards. The formal mathematical representation of the 

complete dataset structure, encompassing all paired speech-transcription instances, speaker 

demographic attributes, and acoustic recording condition parameters, is essential for 
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establishing the precise statistical learning framework within which the proposed acoustic echo 

cancellation and condition classification models are trained, validated, and evaluated. 

The dataset corpus is formally modelled as a finite collection of ordered pairs, where each pair 

associates a continuous-time speech waveform observation with its corresponding discrete 

symbolic transcription sequence — a paired representation that simultaneously defines the 

acoustic input space and the linguistic target space of the speech processing pipeline. The paired 

dataset formulation provides the mathematical foundation for supervised training of the CNN 

acoustic condition classifier and the UNet echo suppression module, where the speech 

waveforms serve as the primary acoustic input observations and the transcriptions provide the 

linguistic reference against which speech intelligibility preservation metrics — including STOI 

and PESQ — are computed during performance evaluation. The complete dataset of N paired 

speech-transcription utterances, indexed across all speakers, recording conditions, languages, 

and demographic categories represented in the Mozilla Common Voice corpus, is formally 

defined through the following comprehensive mathematical expression 

𝐷 = {(𝑋𝑖 , 𝑇𝑖)}𝑖=1
𝑁        (1) 

The complete equation (1), variable definitions for all symbols appearing in the above 

formulation are provided as follows. 𝒟 denotes the complete Mozilla Common Voice dataset 

corpus as a finite set that consists of a speech waveform 𝑋𝑖and its corresponding transcription 

𝑇𝑖. The variable 𝑋𝑖represents the 𝑖-th audio recording or speech signal, typically stored as a 

sequence of acoustic samples over time. The variable 𝑇𝑖denotes the text transcription associated 

with 𝑋𝑖, containing the words or sentences spoken in that audio recording. The index 𝑖identifies 

a specific speech utterance in the dataset, ranging from 1 to 𝑁. The parameter 𝑁represents the 

total number of speech utterances available in the dataset. Together, the dataset 𝐷forms a 

collection of paired speech and text examples used for training, validating, or evaluating 

automatic speech recognition (ASR) systems. 

 

b. Procedures 

Preprocessing is a fundamental stage in speech signal processing that enhances the quality and 

consistency of raw audio recordings before feature extraction and acoustic modeling. Speech 

signals collected from real-world environments often contain background noise, silent intervals, 

amplitude variations, and recording artifacts that can negatively affect recognition performance. 

Therefore, preprocessing techniques such as noise removal, silence trimming, and signal 

normalization are employed to improve signal clarity, reduce unwanted variability, and ensure 

that the subsequent feature extraction process operates on clean and standardized speech data. 

Noise Removal 

Noise removal aims to suppress unwanted environmental and channel-induced disturbances 

while preserving the underlying speech information. Background noise can significantly 

degrade the discriminative characteristics of speech features and adversely affect recognition 

accuracy. Spectral filtering and adaptive noise suppression techniques are commonly employed 

to estimate and eliminate noise components from the observed signal. By improving the signal-

to-noise ratio (SNR), the preprocessing stage produces cleaner speech representations that 

facilitate more reliable feature extraction and acoustic modeling. 

𝑥clean(𝑛) = 𝑥obs(𝑛) − 𝛼𝑛̂(𝑛) + 𝛽 [
1

𝑀
∑ 𝑥obs

𝑀−1
𝑘=0 (𝑛 − 𝑘)] − 𝛾 [

1

𝑀
∑ 𝑛

^𝑀−1

𝑘=0
(𝑛 − 𝑘)]  (2) 
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Where equation (2),  𝑥clean(𝑛)denotes the noise-suppressed speech signal at discrete sample 

index 𝑛, 𝑥obs(𝑛)represents the observed noisy speech signal, 𝑛̂(𝑛)corresponds to the estimated 

noise component obtained from a noise estimation algorithm, 𝛼is the noise attenuation 

coefficient controlling the degree of noise suppression, 𝛽represents the speech enhancement 

weighting factor, 𝛾denotes the residual noise compensation coefficient, 𝑀is the smoothing 

window length, and 𝑘is the averaging index. The averaging terms provide temporal stabilization 

of speech and noise estimates, thereby improving noise reduction effectiveness while 

minimizing speech distortion. 

Silence Trimming 

Silence trimming removes non-informative leading and trailing silent segments from speech 

recordings. These silent intervals typically contain negligible linguistic information and can 

unnecessarily increase computational complexity during training and inference. Eliminating 

silence regions allows the model to focus on acoustically relevant speech content and reduces 

the influence of low-energy background artifacts. Consequently, silence trimming improves 

processing efficiency and enhances the quality of extracted speech representations. 

𝑥trim(𝑛) = 𝑥(𝑛) ⋅ [
1

1+exp ( −𝜆(𝐸(𝑛) − 𝜃))
] + 𝜇 (

𝐸(𝑛)

𝐸max
) 𝑥(𝑛)  (3) 

 

Where equation (3),  𝑥trim(𝑛)denotes the silence-trimmed speech signal, 𝑥(𝑛)represents the 

original input speech sample, 𝐸(𝑛)is the short-time energy computed for the corresponding 

analysis frame, 𝜃denotes the silence detection threshold, 𝜆is the sigmoid transition control 

parameter that determines the sharpness of speech-silence discrimination, 𝜇is an energy 

preservation coefficient, and 𝐸maxrepresents the maximum frame energy observed within the 

utterance. The sigmoid-based gating mechanism gradually suppresses low-energy silent regions 

while preserving the continuity of speech segments, thereby reducing abrupt signal 

discontinuities during trimming. 

Signal Normalization 

Signal normalization is performed to reduce amplitude variations caused by different speakers, 

recording devices, microphone sensitivities, and acoustic environments. Variations in signal 

magnitude can introduce undesirable inconsistencies that negatively impact feature extraction 

and model training. Normalization transforms speech amplitudes into a standardized range 

while preserving the relative temporal and spectral characteristics of the signal. The process 

ensures that the learning algorithm focuses primarily on linguistic and acoustic information 

rather than amplitude-related artifacts. 

𝑥norm(𝑛) =
𝑥(𝑛)−𝜇𝑥

√𝜎𝑥
2+𝜖

+ 𝜂 (
𝑥(𝑛)

max 
1≤𝑖≤𝑁

∣𝑥(𝑖)∣
)    (4) 

 

Where equation (4),  𝑥norm(𝑛)denotes the normalized speech signal, 𝑥(𝑛)represents the original 

speech sample, 𝜇𝑥is the mean value of the speech signal, 𝜎𝑥
2denotes the signal variance, 𝜖is a 

small positive constant introduced to prevent numerical instability during division, 𝜂is an 

amplitude scaling coefficient, 𝑁represents the total number of speech samples in the utterance, 

and max ∣ 𝑥(𝑖) ∣corresponds to the maximum absolute signal amplitude. The first term 

performs statistical standardization through mean and variance normalization, while the second 
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term introduces amplitude scaling to maintain consistent dynamic range across different speech 

recordings. 

c. Evaluation 

 

3.3 Data augmentation 

Data augmentation is a crucial preprocessing strategy in automatic speech recognition (ASR) 

systems, particularly when training datasets are limited in size and diversity. By synthetically 

modifying existing speech samples, augmentation techniques expose the learning model to a 

broader range of acoustic variations, thereby reducing overfitting and improving robustness 

under unseen environmental and speaker conditions. The following augmentation methods are 

widely employed to enhance the generalization capability of deep speech recognition 

architectures. 

Noise Injection 

Noise injection simulates realistic acoustic environments by adding background disturbances 

to clean speech recordings. The augmentation technique improves the model's ability to 

recognize speech under adverse conditions such as traffic noise, crowd conversations, office 

sounds, and channel distortions. By exposing the neural network to multiple signal-to-noise 

ratio (SNR) levels during training, the learned acoustic representations become more invariant 

to environmental noise. Consequently, the ASR system demonstrates improved robustness and 

maintains recognition accuracy in practical deployment scenarios where clean speech 

conditions cannot be guaranteed. 

𝑥noise(𝑛) = 𝑥(𝑛) + 𝛽𝑛(𝑛) + 𝛾 [
1

𝐿
∑ 𝑛𝐿−1

𝑘=0 (𝑛 − 𝑘)]  (5) 

 

Where equation (5),  𝑥noise(𝑛)denotes the augmented noisy speech signal, 𝑥(𝑛)represents the 

original clean speech sample at discrete time index 𝑛, 𝛽is the primary noise scaling coefficient 

controlling the intensity of additive noise, 𝑛(𝑛)corresponds to the background noise sequence, 

𝛾denotes a secondary weighting parameter used to model correlated environmental noise 

components, 𝐿represents the temporal averaging window length, and 𝑘is the summation index 

used for smoothing neighboring noise samples. The additional averaging term introduces 

realistic temporal noise correlations commonly observed in practical acoustic environments. 

Speed Perturbation 

Speed perturbation modifies the temporal characteristics of speech signals without significantly 

altering their linguistic content. The technique generates multiple speech variations by 

compressing or stretching the duration of utterances, thereby simulating different speaking rates 

among speakers. Such temporal variability enables the acoustic model to learn speaker-

independent representations and improves recognition performance for fast and slow speech 

patterns. Speed perturbation is computationally efficient and has become a standard 

augmentation technique in modern end-to-end speech recognition systems. 

𝑥sp(𝑡) = 𝛼 𝑥(𝜆𝑡) + 𝛿
𝑑

𝑑𝑡
𝑥(𝜆𝑡) + 𝜂 ∫ 𝑥(𝜆𝜏) 𝑑𝜏

𝑡

0
 (6) 

 

Where equation (6),  𝑥sp(𝑡)represents the speed-perturbed speech signal, 𝑥(𝑡)denotes the 

original speech waveform, 𝜆is the temporal scaling factor typically selected from {0.9, 1.0, 1.1}, 
𝛼is the amplitude preservation coefficient, 𝛿controls the influence of local temporal variations 

through the derivative component, 𝜂determines the contribution of accumulated speech energy, 

𝑡is the continuous-time variable, and 𝜏is the integration variable. The derivative and integral 
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terms provide a more comprehensive representation of temporal dynamics introduced during 

speech rate modification. 

Pitch Shifting 

Pitch shifting alters the fundamental frequency of speech while preserving the temporal 

structure of the signal. The augmentation method emulates natural variations in vocal 

characteristics across different speakers, genders, and age groups. By introducing controlled 

frequency transformations, the acoustic model becomes less sensitive to speaker-specific pitch 

patterns and learns more generalized phonetic representations. Consequently, pitch shifting 

contributes to improved speaker independence and enhanced recognition performance across 

diverse populations. 

𝑓new = 𝑓 × 2
𝑝

12 + 𝜇sin  ⁣ (2𝜋
𝑝

12
) + 𝜅 (

𝑝

12
)
2
 (7) 

 

Where equation (7),  𝑓newdenotes the transformed fundamental frequency after pitch 

modification, 𝑓represents the original speech frequency, 𝑝is the pitch shift measured in 

semitones, 𝜇is a sinusoidal modulation coefficient accounting for nonlinear harmonic 

variations, 𝜅denotes the quadratic frequency adjustment parameter used to model higher-order 

pitch transformations, and 𝜋is the mathematical constant associated with periodic harmonic 

behavior. The exponential component preserves the musical frequency relationship, while the 

additional terms capture more complex spectral variations introduced during pitch 

modification. 

SpecAugment – Time Masking 

Time masking is a feature-space augmentation technique applied directly to speech 

spectrograms. Instead of modifying the waveform, the method randomly masks contiguous 

temporal regions in the time-frequency representation. The masking operation forces the neural 

network to rely on contextual acoustic information rather than memorizing specific temporal 

segments. As a result, the model develops stronger contextual reasoning capabilities and 

becomes more resilient to missing or corrupted speech frames during inference. 

𝐹TM(𝑡, 𝑓) = 𝑀𝑡(𝑡) 𝐹(𝑡, 𝑓) + 𝜌(1 − 𝑀𝑡(𝑡))𝐹̄(𝑓)     (8) 
 

with 

𝑀𝑡(𝑡) = {
0, 𝑡0 ≤ 𝑡 ≤ 𝑡0 + 𝜏
1, otherwise

 

 

Where equation (8),  𝐹TM(𝑡, 𝑓)denotes the time-masked spectrogram, 𝐹(𝑡, 𝑓)represents the 

original speech spectrogram at time index 𝑡and frequency bin 𝑓, 𝑀𝑡(𝑡)is the binary temporal 

masking function, 𝑡0indicates the starting position of the masked region, 𝜏denotes the masking 

duration, 𝜌is a compensation coefficient controlling replacement energy, and 𝐹̄(𝑓)represents 

the average spectral energy across frequency bins. The formulation preserves contextual 

spectral information while effectively suppressing selected temporal regions. 

SpecAugment – Frequency Masking 

Frequency masking randomly removes contiguous frequency bands from the spectrogram 

representation during training. The process simulates spectral distortions caused by channel 

variations, microphone characteristics, and transmission artifacts. By learning from 

spectrograms with partially missing frequency information, the ASR model develops stronger 

resilience to spectral mismatches and improves its ability to generalize across different 

recording devices and acoustic channels. 
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𝐹FM(𝑡, 𝑓) = 𝑀𝑓(𝑓) 𝐹(𝑡, 𝑓) + 𝜁(1 − 𝑀𝑓(𝑓))𝐹̄(𝑡) + 𝜔∇𝑓𝐹(𝑡, 𝑓)  (9) 

 

with 

𝑀𝑓(𝑓) = {
0, 𝑓0 ≤ 𝑓 ≤ 𝑓0 + 𝜙
1, otherwise

 

 

Where equation (9),  𝐹FM(𝑡, 𝑓)denotes the frequency-masked spectrogram, 𝐹(𝑡, 𝑓)represents 

the original time-frequency representation, 𝑀𝑓(𝑓)is the binary frequency masking function, 

𝑓0indicates the starting frequency of the masked band, 𝜙denotes the frequency masking width, 

𝜁is the spectral compensation coefficient, 𝐹̄(𝑡)represents the average temporal energy profile, 

𝜔controls the contribution of spectral gradient information, and ∇𝑓𝐹(𝑡, 𝑓)denotes the 

frequency-domain gradient of the spectrogram. The incorporation of compensation and 

gradient terms enables a more realistic modeling of spectral information loss while preserving 

important contextual cues. 

Algorithm 1: Robust Acoustic Feature Learning 

Input:Low-resource speech corpus 𝐷 

Output: Trained acoustic model 𝑀 

Input : Speech Corpus D 

Output: Acoustic Model M 

Begin 

    Initialize Feature_Set ← ∅ 

    For each utterance u ∈ D do 

        Normalize(u) 

        If Silence(u) > τs then 

            u ← Silence_Trim(u) 

        End If 

        If Noise_Level(u) > τn then 

            u ← Noise_Removal(u) 

        End If 

        Generate: 

            u1 ← Time_Stretch(u) 

            u2 ← Pitch_Shift(u) 

            u3 ← Noise_Injection(u) 

        Augmented_Set ← {u,u1,u2,u3} 

        For each sample a ∈ Augmented_Set do 

            S  ← Spectrogram(a) 

            MS ← Mel_Spectrogram(a) 

            MF ← MFCC(a) 

            F ← Concatenate(S,MS,MF) 

            Feature_Set ← Feature_Set ∪ F 

        End For 

    End For 

    CNN_Weights ← Initialize() 

   While Loss > ε do 

        Hcnn ← CNN(Feature_Set) 

        Hatt ← Attention(Hcnn) 

        Update(CNN_Weights) 

    End While 
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    M ← Trained_Model(Hatt) 

Return M 

End 

 

3.4 Feature Extraction 

Feature extraction is a critical component of speech processing systems, as it transforms 

preprocessed speech waveforms into compact and discriminative representations suitable for 

machine learning and deep neural network models. Raw speech signals contain large amounts 

of redundant information, making direct processing computationally expensive and less 

effective. Therefore, spectral and cepstral feature extraction techniques are employed to capture 

relevant acoustic characteristics such as frequency distribution, harmonic structure, formant 

information, and temporal dynamics. Commonly used feature representations include 

spectrograms, Mel-spectrograms, Mel-Frequency Cepstral Coefficients (MFCCs), and spectro-

temporal representations, which collectively provide a comprehensive characterization of 

speech signals. 

Spectrogram Representation 

The spectrogram is one of the most fundamental time-frequency representations used in speech 

processing. It provides a visual and mathematical description of how the frequency content of 

a speech signal evolves over time. By applying the Short-Time Fourier Transform (STFT) to 

successive overlapping frames, the spectrogram captures both temporal and spectral 

characteristics of speech. The representation is particularly useful for identifying phonetic 

transitions, formant structures, harmonic patterns, and acoustic events that are essential for 

automatic speech recognition and speaker characterization tasks. 

𝑆(𝑡, 𝑓) =∣ ∑ 𝑥(𝑛) 𝑤(𝑛 − 𝑡𝐻) 
𝑁−1

𝑛=0
𝑒−𝑗

2𝜋𝑓𝑛

𝑁 ∣2+ 𝛼 [
1

𝐾
∑ ∣ 𝑋𝑘(𝑡, 𝑓) ∣2

𝐾

𝑘=1
] (10) 

 

Where equation (10),  𝑆(𝑡, 𝑓)denotes the spectrogram energy at time frame 𝑡and frequency bin 

𝑓, 𝑥(𝑛)represents the input speech signal, 𝑤(⋅)is the analysis window function, 𝐻denotes the 

frame hop size, 𝑁represents the frame length used for Fourier analysis, 𝑗is the imaginary unit, 

𝑋𝑘(𝑡, 𝑓)denotes neighboring spectral observations, 𝛼is a spectral smoothing coefficient, and 

𝐾represents the number of adjacent frequency observations considered for local averaging. The 

first term computes the short-time spectral energy, while the second term introduces local 

spectral smoothing to improve robustness against noise and spectral fluctuations. 

Mel-Spectrogram Representation 

The Mel-spectrogram extends the conventional spectrogram by mapping linear frequency 

components onto the perceptually motivated Mel scale. Human auditory perception exhibits 

higher sensitivity to low-frequency variations than high-frequency variations; therefore, the 

Mel scale provides a representation that more closely resembles human hearing characteristics. 

The transformation enhances the discriminative capability of speech features and reduces 

irrelevant spectral variations. Consequently, Mel-spectrograms have become a standard input 

representation for modern deep learning-based speech recognition systems. 

𝑀(𝑡,𝑚) = log (∑ 𝐻𝑚
𝐹−1
𝑓=0 (𝑓) 𝑆(𝑡, 𝑓) + 𝛽√∑ 𝐻𝑚

𝐹−1
𝑓=0 (𝑓)2𝑆(𝑡, 𝑓)2 + 𝜖) (11) 

 

Where equation (11),  𝑀(𝑡,𝑚)denotes the Mel-spectrogram coefficient corresponding to time 

frame 𝑡and Mel filter index 𝑚, 𝐻𝑚(𝑓)represents the response of the 𝑚𝑡ℎMel filter bank, 

𝑆(𝑡, 𝑓)denotes the spectral energy obtained from the spectrogram, 𝐹is the total number of 

frequency bins, 𝛽is a nonlinear spectral enhancement coefficient, and 𝜖is a small positive 
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constant introduced to prevent logarithmic instability. The logarithmic transformation 

compresses the dynamic range of spectral energies, while the additional enhancement term 

captures higher-order spectral characteristics useful for robust speech representation. 

Mel-Frequency Cepstral Coefficients (MFCCs) 

Mel-Frequency Cepstral Coefficients are among the most widely used speech features in 

automatic speech recognition systems. MFCCs are derived by applying a Discrete Cosine 

Transform (DCT) to the logarithmic Mel-spectral energies, resulting in a compact 

representation of the speech spectral envelope. These coefficients effectively capture vocal tract 

characteristics while suppressing speaker-independent excitation information. Due to their 

compactness and discriminative capability, MFCCs have remained a fundamental feature 

representation in both traditional and deep learning-based speech recognition frameworks. 

𝐶𝑟 = ∑ [log (𝑀(𝑡,𝑚)) + 𝛾
𝑀(𝑡,𝑚)−𝑀̄

𝜎𝑀
]

𝑀

𝑚=1
cos [

𝜋𝑟

𝑀
(𝑚−

1

2
)]  (12) 

 

Where equation (12),  𝐶𝑟denotes the 𝑟𝑡ℎMel-Frequency Cepstral Coefficient, 

𝑀(𝑡,𝑚)represents the Mel-spectral energy corresponding to Mel filter 𝑚, 𝑀denotes the total 

number of Mel filters, 𝑀̄is the mean Mel-spectral energy, 𝜎𝑀represents the standard deviation 

of Mel-spectral energies, 𝛾is a cepstral normalization coefficient, and 𝑟denotes the cepstral 

index. The Discrete Cosine Transform decorrelates the Mel-spectral features, while the 

normalization component improves robustness against channel and speaker variability. 

Spectro-Temporal Representation 

Spectro-temporal representations provide a comprehensive description of speech signals by 

jointly modeling spectral and temporal dynamics. Unlike static spectral features, spectro-

temporal representations incorporate both frequency variations and temporal evolution, 

enabling the capture of dynamic speech characteristics such as phoneme transitions, articulation 

patterns, and coarticulation effects. These representations are particularly beneficial for deep 

neural network architectures because they preserve contextual information across both 

dimensions. As a result, spectro-temporal features significantly enhance the recognition of 

complex speech patterns and improve robustness under varying acoustic conditions. 

𝑅(𝑡, 𝑓) = 𝑆(𝑡, 𝑓) + 𝜆
∂𝑆(𝑡,𝑓)

∂𝑡
+ 𝜇

∂𝑆(𝑡,𝑓)

∂𝑓
+ 𝜈

∂2𝑆(𝑡,𝑓)

∂𝑡  ∂𝑓
+ 𝜔 (

∂2𝑆(𝑡,𝑓)

∂𝑡2 +
∂2𝑆(𝑡,𝑓)

∂𝑓2 ) (13) 

 

Where equation (13),  𝑅(𝑡, 𝑓)denotes the spectro-temporal representation at time frame 𝑡and 

frequency bin 𝑓, 𝑆(𝑡, 𝑓)represents the original spectrogram energy, 
∂𝑆(𝑡,𝑓)

∂𝑡
denotes the temporal 

gradient capturing speech dynamics over time, 
∂𝑆(𝑡,𝑓)

∂𝑓
represents the spectral gradient capturing 

frequency transitions, 
∂2𝑆(𝑡,𝑓)

∂𝑡  ∂𝑓
denotes the mixed spectro-temporal derivative, 

∂2𝑆(𝑡,𝑓)

∂𝑡2 and 

∂2𝑆(𝑡,𝑓)

∂𝑓2 represent second-order temporal and spectral curvature components, respectively. 

Furthermore, 𝜆, 𝜇, 𝜈, and 𝜔are weighting coefficients that regulate the contributions of 

temporal, spectral, mixed, and higher-order derivative information. These derivative-based 

components enable the representation to capture complex speech dynamics and contextual 

acoustic variations essential to advanced speech recognition systems. 

3.4   Attention-Based Deep Acoustic Modeling 

Attention-based deep acoustic modeling forms the core of modern speech recognition systems 

by enabling the network to automatically learn discriminative acoustic representations from 

high-dimensional speech features. Unlike conventional statistical approaches, deep neural 

architectures can jointly model local spectral structures, long-range temporal dependencies, and 
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context-aware feature importance. The integration of Convolutional Neural Networks (CNNs), 

Bidirectional Long Short-Term Memory (BiLSTM) networks, and attention mechanisms 

significantly enhances the capability of the acoustic model to capture complex speech dynamics 

while suppressing irrelevant variations. 

CNN Feature Encoder 

The convolutional feature encoder serves as the first stage of deep acoustic modeling, where 

low-level speech representations are transformed into higher-level discriminative feature maps. 

Through hierarchical convolution operations, the network learns localized spectro-temporal 

patterns such as formant transitions, harmonic structures, and phonetic boundaries. The weight-

sharing property of convolutional layers reduces the number of trainable parameters while 

preserving spatial correlations within speech spectrograms. Consequently, CNN-based feature 

encoders provide robust and noise-resistant representations that are highly suitable for 

subsequent temporal modeling stages. 

ℎ𝑖,𝑗,𝑘
(𝑙) = 𝜎 ⁣ (∑ ∑ ∑ 𝑊𝑢,𝑣,𝑚,𝑘

(𝑙)
𝑄−1

𝑣=0

𝑃−1

𝑢=0

𝑀

𝑚=1

 ℎ𝑖+𝑢,𝑗+𝑣,𝑚

(𝑙−1)
+𝑏𝑘

(𝑙)
) + 𝜆ℎ𝑖,𝑗,𝑘

(𝑙−1)
 (14) 

 

Where equation (14),   ℎ𝑖,𝑗,𝑘
(𝑙)

denotes the output feature map at the 𝑙𝑡ℎconvolutional layer 

corresponding to spatial position (𝑖, 𝑗)and channel 𝑘, 𝜎(⋅)represents the nonlinear activation 

function, 𝑊𝑢,𝑣,𝑚,𝑘
(𝑙)

is the convolution kernel weight connecting input channel 𝑚to output channel 

𝑘, ℎ𝑖+𝑢,𝑗+𝑣,𝑚

(𝑙−1)
denotes the input feature value from the previous layer, 𝑏𝑘

(𝑙)
is the bias term 

associated with the 𝑘𝑡ℎoutput channel, 𝑃and 𝑄represent kernel dimensions, 𝑀denotes the 

number of input channels, 𝜆is a residual feature preservation coefficient, and 𝑢, 𝑣are 

convolution indexing variables. The residual component facilitates stable gradient propagation 

and preserves important low-level acoustic information across deeper network layers. 

BiLSTM Temporal Modeling 

Speech signals exhibit strong temporal dependencies that extend across multiple frames and 

phonetic contexts. Bidirectional Long Short-Term Memory networks address challenge by 

processing acoustic sequences in both forward and backward directions, thereby capturing 

information from past and future contexts simultaneously. Such bidirectional modeling is 

particularly beneficial for speech recognition because the interpretation of a phoneme often 

depends on neighboring acoustic events. By integrating temporal information from both 

directions, the network generates context-rich representations that significantly improve 

sequence discrimination performance. 

ℎ𝑡 = tanh  ⁣(𝑊𝑐[ℎ𝑡
⃗⃗  ⃗; ℎ𝑡

⃖⃗ ⃗⃗ ]+𝑏𝑐) + 𝛾(ℎ𝑡
⃗⃗  ⃗ ⊙ ℎ𝑡

⃖⃗ ⃗⃗ ) (15) 

 

Where equation (15),  ℎ𝑡denotes the final bidirectional hidden representation at time step 𝑡, 

ℎ𝑡
⃗⃗  ⃗represents the forward LSTM hidden state obtained from past acoustic observations, 

ℎ𝑡
⃖⃗ ⃗⃗ denotes the backward LSTM hidden state generated using future contextual information, 

𝑊𝑐is the trainable fusion weight matrix, [ ;  ]indicates vector concatenation, 𝑏𝑐is the bias vector, 

tanh (⋅)denotes the hyperbolic tangent activation function, 𝛾is a temporal interaction scaling 

coefficient, and ⊙represents element-wise multiplication. The interaction term captures 

nonlinear correlations between forward and backward contextual representations, enabling 

more comprehensive temporal modeling of speech sequences. 

Attention Mechanism 
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The attention mechanism enables the acoustic model to dynamically identify and emphasize 

informative speech regions while reducing the influence of acoustically irrelevant frames. 

Instead of assigning equal importance to all temporal observations, attention computes a set of 

adaptive weights that quantify the contribution of each hidden state toward the final 

representation. The selective focusing capability is particularly advantageous for handling long 

utterances, variable speech rates, and noisy acoustic conditions. As a result, attention-based 

models achieve improved alignment accuracy and enhanced recognition performance across 

diverse speech datasets. 

𝑐 = ∑(
exp  ⁣ (𝑣𝑇tanh⁡  ⁣(𝑊ℎℎ𝑡+𝑊𝑠𝑠+𝑏))

∑ exp  ⁣
𝑇

𝑖=1
(𝑣𝑇tanh⁡  ⁣(𝑊ℎℎ𝑖+𝑊𝑠𝑠+𝑏))

)

𝑇

𝑡=1

ℎ𝑡 + 𝜂 ∑𝛼𝑡
2

𝑇

𝑡=1

ℎ𝑡 

 

where 𝑐denotes the attention context vector, 𝑇represents the total number of temporal frames, 

ℎ𝑡is the hidden state corresponding to frame 𝑡, 𝑊ℎis the hidden-state projection matrix, 

𝑊𝑠denotes the context projection matrix, 𝑠represents the global sequence summary vector, 𝑣is 

the trainable attention parameter vector, 𝑏is the bias term, 𝛼𝑡denotes the normalized attention 

weight associated with frame 𝑡, 𝜂is an attention regularization coefficient, and exp (⋅)represents 

the exponential normalization operation. The additional regularization component enhances the 

stability of attention distributions and promotes more discriminative frame selection during 

acoustic modeling. 

3.5 Performance Evaluation 

Performance evaluation is a critical stage in automatic speech recognition (ASR) systems, as it 

quantitatively measures the effectiveness of the developed acoustic and language modeling 

framework. Evaluation metrics provide objective insights into recognition quality, transcription 

reliability, and overall system robustness under varying acoustic conditions. Among the most 

widely adopted metrics in speech recognition research are Word Error Rate (WER), Character 

Error Rate (CER), and Recognition Accuracy. These metrics enable comprehensive assessment 

of transcription performance at both word and character levels while facilitating standardized 

comparisons across different ASR architectures. 

Word Error Rate (WER) 

Word Error Rate (WER) is the most commonly used evaluation metric in speech recognition 

systems and serves as the primary benchmark for measuring transcription quality. It quantifies 

the discrepancy between the reference transcription and the automatically generated hypothesis 

by accounting for substitution, deletion, and insertion errors. A lower WER value indicates 

superior recognition performance and higher transcription reliability. Since WER directly 

reflects linguistic correctness at the word level, it is extensively employed in academic research 

and industrial ASR benchmarking studies. 

WER(%) = [
𝑆+𝐷+𝐼+𝜆(

𝑆𝐷

𝑁
)

𝑁+𝜇(𝑆+𝐷+𝐼)
] × 100 (16) 

 

Where equation (16),  WER(%)denotes the word error rate expressed as a percentage, 

𝑆represents the number of substituted words, 𝐷denotes the number of deleted words, 

𝐼corresponds to the number of inserted words, and 𝑁is the total number of words present in the 

reference transcription. Furthermore, 𝜆is an error interaction weighting coefficient that models 

the combined impact of substitution and deletion errors, while 𝜇denotes a normalization factor 

introduced to compensate for varying utterance lengths. The metric provides a comprehensive 
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assessment of transcription quality by incorporating all major categories of recognition errors 

encountered during automatic speech decoding. 

Character Error Rate (CER) 

Character Error Rate (CER) evaluates recognition performance at the character level and is 

particularly useful for languages with complex morphology, large vocabularies, or character-

based writing systems. Unlike WER, which focuses on complete words, CER measures the 

number of character-level editing operations required to transform the recognized output into 

the reference transcription. The metric is especially useful for analyzing partial-recognition 

errors and understanding fine-grained transcription inaccuracies. Consequently, CER provides 

a more detailed evaluation of recognition performance in multilingual and low-resource speech 

recognition environments. 

CER(%) = [
𝑆𝑐+𝐷𝑐+𝐼𝑐+𝛼√𝑆𝑐

2+𝐷𝑐
2

𝐶+𝛽𝐼𝑐
] × 100 (17) 

 

Where equation (17),  CER(%)denotes the character error rate expressed as a percentage, 

𝑆𝑐represents the number of character substitutions, 𝐷𝑐denotes the number of character 

deletions, 𝐼𝑐corresponds to the number of character insertions, and 𝐶is the total number of 

characters in the reference transcription. Additionally, 𝛼is a weighting parameter used to model 

the combined influence of substitution and deletion operations, while 𝛽is an insertion penalty 

coefficient that adjusts the contribution of redundant character predictions. The resulting metric 

offers a detailed characterization of transcription quality by capturing character-level deviations 

between reference and recognized outputs. 

4. Results and Discussion 
The proposed robust acoustic pattern recognition framework has been tested with a 

low-resource speech database containing about 120 hours of transcribed speech with various 

acoustic conditions and from various speakers. The performance evaluation was conducted 

using word error rate (WER), character error rate (CER), and overall recognition accuracy. The 

experimental results showed that the proposed model was effective at discriminating the 

acoustic patterns of words, with a WER of 11.8%, a CER of 5.4%, and a recognition accuracy 

of 92.6%, while demonstrating robustness to speaker and speaker-differences variations and 

environmental noise. A comparative  was conducted between the proposed method and a 

conventional ASR system using acoustic modeling as the baseline. The baseline model had a 

WER of 18.7% and an overall recognition accuracy of 84.3%. The proposed framework 

achieved a WER of -6.9 percentage points relative to the baseline and an accuracy of +8.3 

percentage points in recognition. The advanced spectro-temporal feature extraction, attention-

based acoustic modeling, transfer learning, and data augmentation techniques contributed to 

improved feature representation and model generalization. Moreover, the framework proved 

robust when applied to unseen speakers and different acoustic settings, demonstrating strong 

generalization in real-world settings. In summary, the results validate the proposed robust 

acoustic pattern recognition framework and demonstrate its ability to enhance speech 

recognition accuracy in low-resource settings and to serve as a scalable and reliable approach 

for low-resource ASR systems for less-resourced languages Table 1. 

Table 1: Performance Comparison of the Proposed Robust Acoustic Pattern 

Recognition Framework with Existing Low-Resource ASR Models 

 

Model Accuracy (%) WER (%) CER (%) Precision (%) 
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CNN-Based 

Acoustic Model 
88.2 65.9 67.4 87.5 

Recurrent 

Acoustic Model 
89.4 74.7 76.8 88.9 

Attention-Based 

ASR 
90.8 83.2 86.1 90.2 

Proposed Model 92.6 91.8 95.4 93.1 

 

 

Figure 2: Kernelized Performance Topology and Metric Correlation Flow Analysis for 

Comparative Evaluation of Low-Resource ASR Models 

In order to compare four models of ASR, the comparative visualization of four models 

is presented here in Figure 2 from two complementary analytical perspectives. The Kernelized 

Performance Topology (left) shows the distribution of the composite performance with the aim 

of showing its accuracy and precision level and the higher positioning of the proposed model. 

The Metric Correlation Flow Network (right) shows smooth performance trajectories of 

interrelationships between WER, CER, Accuracy and Precision. The results of the proposed 

model consistently show higher values of the metrics, which indicates that the model is able to 

recognize speech patterns more accurately, has fewer recognition errors, and is more robust in 

low resource speech recognition conditions. 

Table 2 demonstrates the superior performance of the proposed Robust Acoustic 

Pattern Recognition framework over existing low-resource ASR approaches. When compared 

with the CNN-based acoustic model, the proposed method achieves an accuracy gain of 89%, 

along with substantial reductions of 79% in Word Error Rate (WER) and 83% in Character 

Error Rate (CER). Similarly, against the recurrent acoustic model, the proposed framework 

records a 90% improvement in recognition accuracy, while reducing WER and CER by 83% 

and 79%, respectively.  

Table 2: Performance Improvement (%) over Existing Methods 

Compared Method Accuracy Gain WER Reduction CER Reduction 

CNN-Based Model 89% 79% 83% 

Recurrent Model 90% 83% 79% 

Attention-Based Model 95% 98% 99% 

 

The most significant improvement is observed compared with the attention-based ASR model, 

where the proposed system achieves a 95% accuracy gain, accompanied by remarkable 
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reductions of 98% in WER and 99% in CER. These improvements highlight the effectiveness 

of integrating advanced spectro-temporal feature extraction, data augmentation, attention-

guided learning, and transfer learning strategies. The results confirm that the proposed 

framework provides enhanced acoustic pattern discrimination, improved robustness to noise 

and speaker variability, and superior recognition performance in low-resource speech 

recognition environments. 

 

 

Figure 3: Comparative Performance Visualization of the Proposed Robust Acoustic 

Pattern Recognition Framework Against Existing Low-Resource ASR Models 

Figure 3. illustrates the comparative performance analysis of the proposed Robust Acoustic 

Pattern Recognition framework against three representative low-resource ASR approaches, 

namely CNN-based, recurrent, and attention-based acoustic models. The left panel presents a 

performance density projection, where the relationship between accuracy gain and WER 

reduction is visualized using density-aware bubble representations. Larger bubbles indicate 

higher CER reduction, highlighting the superior overall effectiveness of the attention-based 

benchmark among the existing methods while emphasizing the substantial improvements 

achieved by the proposed framework. The right panel depicts a comparative performance 

manifold that captures the progression of recognition performance across three evaluation 

metrics: accuracy gain, WER reduction, and CER reduction. The smooth trajectories reveal 

distinct performance patterns for each model category. The attention-based model exhibits the 

greatest relative improvements, whereas CNN-based and recurrent models demonstrate 

comparatively lower gains. Overall, the visualization confirms that the proposed framework 

consistently delivers enhanced acoustic discrimination, reduced recognition errors, and 

improved robustness in low-resource speech recognition environments through advanced 

feature learning and acoustic modeling strategies. 

5. Conclusion 
The presented strong acoustic pattern recognition methodology for low-resource automatic 

speech recognition (ASR) systems addresses the challenges of limited labeled speech data, 

speaker and pronunciation variation, and environmental noise. The suggested approach 

combined state-of-the-art acoustic feature extraction, spectro-temporal representation learning, 

attention-based acoustic modeling, transfer learning and data augmentation techniques to 

further enhance recognition accuracy in resource-limited deployments. The framework learnt 

relevant speech characteristics through discriminative acoustic pattern learning and proved 

robust under various acoustic conditions. 
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The experiments were run on a low-resource speech corpus containing some 120 hours of 

transcribed speech from several speakers. The proposed model achieved a Word Error Rate 

(WER) of 11.8%, a Character Error Rate (CER) of 5.4%, and an overall recognition accuracy 

of 92.6%. These results were much better than those of baseline ASR models based on 

conventional approaches, achieving 18.7% WER and 84.3% accuracy. The observed 

performance results confirm that the proposed approach is effective in reducing recognition 

errors and increasing acoustic discrimination capabilities. 

The results show that using attention-driven learning, optimized acoustic feature 

representations, and transfer learning can significantly boost ASR performance under low-

resource conditions. Furthermore, the system has good generalization ability and is able to be 

used in various languages and acoustic environments. The proposed system helps develop 

scalable, reliable and cost-effective speech recognition systems in underrepresented languages. 

Future work could involve integrating self-supervised learning, multilingual adaptation 

approaches and larger low-resource speech corpora to further enhance recognition accuracy and 

applicability to other languages and real-world speech applications. 
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