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ABSTRACT 

Speech recognition technology has 

undergone rapid evolution over the past 

decade, driven primarily by advances in 

deep learning. Modern automatic speech 

recognition (ASR) systems now achieve 

near-human performance in controlled 

environments and are increasingly robust 

in real-world applications. This paper 

presents a comprehensive review of deep 

learning techniques that have significantly 

enhanced speech recognition accuracy. 

Key neural architectures such as 

Convolutional Neural Networks (CNNs), 

Recurrent Neural Networks (RNNs), and 

Transformer-based models are analyzed in 

detail. Furthermore, the role of training 

strategies, self-supervised learning, and 

benchmark datasets is examined. The 

paper also highlights open challenges and 

identifies future research directions to 

improve robustness, scalability, and real-

time performance of speech recognition 

systems. 

Keywords: Speech Recognition, ASR, 

CNN, RNN and Transfer-based models 

I. INTRODUCTION 

Speech recognition refers to the automatic 

conversion of spoken language into written 

text. It forms the backbone of many 

modern technologies such as virtual 

assistants, call-center automation, voice-

controlled smart devices, healthcare 

transcription systems, and assistive 

technologies for people with disabilities. 

Earlier speech recognition systems relied 

heavily on handcrafted features and 

statistical models such as Hidden Markov 

Models (HMMs) combined with Gaussian 

Mixture Models (GMMs). While effective 

to some extent, these systems struggled in 

noisy environments, with speaker 

variability, and across different accents and 

languages. 

The emergence of deep learning has 

fundamentally transformed ASR by 

enabling models to learn hierarchical 
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representations directly from raw or 

minimally processed audio data. Deep 

neural networks can model complex 

acoustic patterns, temporal dependencies, 

and linguistic structures, resulting in 

substantial gains in recognition accuracy 

and robustness. 

II. LITERATURE SURVEY 

Automatic Speech Recognition (ASR) has 

been an active research area for several 

decades, evolving from rule-based and 

statistical approaches to modern deep 

learning–driven systems. Early ASR 

systems primarily relied on Hidden 

Markov Models (HMMs) combined with 

Gaussian Mixture Models (GMMs). While 

these systems were computationally 

efficient and mathematically interpretable, 

they suffered from limited modeling 

capacity, especially in noisy environments 

and for speakers with diverse accents. 

With the emergence of deep neural 

networks (DNNs), researchers began 

replacing GMMs with neural networks for 

acoustic modeling. Hinton et al. 

demonstrated that DNN-HMM hybrid 

models significantly outperformed 

traditional GMM-HMM systems by 

learning more discriminative acoustic 

features directly from speech signals. This 

work marked a turning point in ASR 

research and laid the foundation for deep 

learning–based speech recognition. 

Convolutional Neural Networks (CNNs) 

were later introduced to speech recognition 

to exploit local correlations in time-

frequency representations such as 

spectrograms. Sainath et al. showed that 

CNNs could effectively model spectral 

variations and improve robustness against 

noise and speaker variability. CNN-based 

acoustic models achieved higher 

recognition accuracy compared to fully 

connected DNNs, particularly in large 

vocabulary continuous speech recognition 

tasks. 

Recurrent Neural Networks (RNNs), 

especially Long Short-Term Memory 

(LSTM) networks, further advanced ASR 

by modeling long-term temporal 

dependencies in speech. Graves et al. 

demonstrated that RNN-based models 

could capture contextual information 

across long speech sequences, leading to 

improved phoneme and word recognition. 

The introduction of Connectionist 

Temporal Classification (CTC) enabled 

sequence-to-sequence learning without 

explicit alignment, simplifying training 

and improving performance. 

More recently, attention-based and 

Transformer architectures have gained 

prominence in speech recognition 

research. Vaswani et al.’s Transformer 

model eliminated recurrence by using self-

attention mechanisms, allowing efficient 
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modeling of long-range dependencies. 

Building on this, Gulati et al. proposed the 

Conformer architecture, which combines 

convolutional layers with Transformers to 

capture both local and global speech 

features. Conformer-based models have 

achieved state-of-the-art performance on 

benchmark datasets such as LibriSpeech. 

Another major breakthrough in ASR 

research is the adoption of self-supervised 

learning (SSL). Baevski et al. introduced 

wav2vec 2.0, which learns rich speech 

representations from unlabeled audio data 

and significantly reduces the need for large 

labeled datasets. SSL approaches have 

proven particularly effective for low-

resource languages and have accelerated 

the development of multilingual ASR 

systems. 

In addition to architectural innovations, 

training strategies such as transfer learning 

and data augmentation have played a 

critical role in improving ASR 

performance. Techniques like 

SpecAugment, noise injection, and speed 

perturbation have been widely adopted to 

enhance model robustness in real-world 

conditions. Large-scale datasets such as 

LibriSpeech and Mozilla Common Voice 

have further enabled comprehensive 

evaluation and benchmarking of ASR 

systems. 

Despite these advancements, challenges 

remain in handling spontaneous speech, 

code-switching, accent variability, and 

noisy environments. Recent literature 

emphasizes the need for robust, energy-

efficient, and bias-aware speech 

recognition systems suitable for real-time 

and on-device deployment. 

Overall, the literature indicates a clear 

trend toward end-to-end, Transformer-

based, and self-supervised ASR models, 

which continue to push the boundaries of 

speech recognition accuracy and 

applicability. 

III. OBJECTIVES 

The main objectives of the proposed Smart 

Wireless Charging Road System are: 

 To study the role of deep learning 

techniques in modern speech 

recognition systems. 

 To analyze different neural 

network architectures such as 

CNNs, RNNs, and Transformer 

models used in speech recognition. 

 To evaluate the impact of training 

strategies like transfer learning and 

data augmentation on recognition 

accuracy. 

 To examine the effectiveness of 

self-supervised learning methods in 

reducing dependency on labeled 

data. 
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 To identify key datasets used for 

training and benchmarking speech 

recognition models. 

 To understand current challenges 

and limitations in deep learning–

based speech recognition systems. 

 To explore future research 

directions for improving robustness 

and real-time performance of ASR 

systems. 

IV. DIFFERENT APPROACHES 

1. DEEPLEARNINGARCHITECTURE
S FOR SPEECH RECOGNITION 

a. Convolutional Neural Networks 
(CNNs) 

CNNs are widely used for feature 

extraction in speech recognition, 

particularly when speech signals are 

represented as spectrograms or Mel-

frequency cepstral coefficients (MFCCs). 

By applying convolutional filters, CNNs 

capture both local and global patterns in 

time-frequency representations. 

Key advantages of CNNs include 

translation invariance, reduced parameter 

count, and robustness to noise. CNN-based 

acoustic models have been shown to 

outperform traditional feature-engineering 

approaches, especially in noisy and 

reverberant conditions. 

 

Figure 1:Audio Processing 

 

Figure 2: CNN Layers 

 

Figure 3: DBN for audio 

b. Recurrent Neural Networks 

(RNNs) 

Speech is inherently sequential, 

making RNNs particularly suitable for 

ASR tasks. Variants such as Long 

Short-Term Memory (LSTM) and 

Gated Recurrent Unit (GRU) networks 

address the vanishing gradient problem 

and can model long-term temporal 

dependencies. 
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RNNs enable the system to retain 

contextual information over time, 

which is crucial for recognizing 

phonemes, words, and sentence-level 

structures. Hybrid CNN-RNN 

architectures are commonly used, 

where CNNs extract features and 

RNNs model temporal dynamics. 

 

Figure 4: RNN Approach 

 

Figure 5: Sequence to Sequence NN 

c. Transformer-Based Models 

Transformer architectures have 

revolutionized speech recognition by 

replacing recurrent structures with self-

attention mechanisms. These models can 

capture long-range dependencies more 

efficiently and are highly parallelizable, 

making them suitable for large-scale 

training. 

Transformer-based ASR systems such 

as Speech-Transformer, Conformer, and 

models inspired by BERT and GPT have 

achieved state-of-the-art results on 

multiple benchmarks. Their ability to 

integrate acoustic and linguistic 

information makes them highly effective 

for end-to-end speech recognition. 

 

Figure 6: Speech Transformer 
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Figure 7: Layered structure 

 

Figure 8: Processing 

2. SPEECH RECOGNITION PIPELINE 

The speech recognition process typically 

involves signal acquisition, feature 

extraction, acoustic modeling, language 

modeling, and decoding. 

 

Figure 9: Pipeline Process 

 

Figure 10: Block Diagram 

Traditional ASR systems rely on separate 

acoustic and language models. In contrast, 

modern end-to-end (E2E) systems 

combine these components into a unified 

neural architecture, simplifying system 

design and improving performance. 

3. END-TO-END AND SELF-

SUPERVISED LEARNING 

End-to-end modeling is a dominant 

trend in current speech recognition 

research. These models directly map input 

audio signals to output text, eliminating 

the need for complex intermediate 

representations. 

Self-supervised learning (SSL) 

techniques such as wav2vec, wav2vec 2.0, 
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and HuBERT have significantly reduced 

the dependency on labeled data. By 

learning meaningful speech 

representations from unlabelled audio, 

SSL models enable high performance even 

in low-resource languages 

 

Figure 11: Speech Representations 

ⅤTRAINING STRATEGIES 

a. Transfer Learning 

Transfer learning allows models pre-

trained on large datasets to be fine-tuned 

for specific tasks or languages. This 

approach improves convergence speed and 

generalization, particularly when labeled 

data is scarce. 

b. Data Augmentation 

Data augmentation techniques such as 

noise injection, speed perturbation, pitch 

shifting, and SpecAugment help improve 

model robustness. These methods simulate 

real-world conditions and reduce 

overfitting. 

ⅥDATASETS FOR TRAINING 
AND EVALUATION 

a. LibriSpeech 

LibriSpeech is a widely used 

English speech dataset derived from 

audiobooks. It provides clean and 

standardized data for benchmarking 

ASR systems. 

b.  Mozilla Common Voice 

Common Voice is a multilingual, 

crowd-sourced dataset that supports 

research in accent-robust and low-

resource speech recognition. 

VII. CHALLENGES AND 
FUTURE DIRECTIONS 

Despite impressive progress, challenges 

remain in handling noisy environments, 

code-switching, accent diversity, and real-

time deployment. Ethical concerns such as 

privacy, bias, and security of ASR systems 

also require attention. 

Future research directions include: 

 Multimodal speech recognition 

 Energy-efficient on-device ASR 

 Bias-aware and privacy-preserving 

models 

 Robust ASR for under-resourced 

languages 

 

VIII. CONCLUSION 

Deep learning has fundamentally 

reshaped speech recognition, enabling 

unprecedented accuracy and robustness. 

Advances in neural architectures, self-
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supervised learning, and large-scale 

datasets have accelerated progress across 

research and industry. Continued 

innovation in model efficiency, data 

utilization, and ethical deployment will 

further enhance the impact of speech 

recognition technology in real-world 

applications. 
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