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Abstract. Speech signal Processing has led to significant progress in recent
years, driven by deep learning, self-perpetuated learning, and end-to-end models.
This systematic review examines traditional and modern techniques for speech
recognition, growth, and synthesis, and evaluates benefits, boundaries, and
potential future research directions. We compare the most important algorithms,
evaluate their performance in the dataset, and discuss the strengthening of new
trends such as self-employed learning and adversity. This article presents a broad
comparative analysis using wide tables and ensures clarity for researchers in the
field.
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1.Introduction

The speech signal Processing is fundamental to the processing of
artificial intelligence (Al), which affects applications such as speech
recognition, speaker identity, and noise shortage. Over the past two
decades, research has been transferred from hidden Markov models
(HMM) and Gaussian-Mixture Models [1], [2] to Deep Neural Networks
(DNN) and Transformers [3], [4]. This trend has improved striking
accuracy, strength and efficiency.

It offers a systematic review of paper speech improvement, automatic
voice recognition (ASR) and speech synthesis, which highlights
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benchmark models, datasets and comparison of performance. The
contribution from this review includes:

A historical perspective on speech signal Processing.

Detailed comparison of speech Processing techniques (HMM-GMM,
CNN, LSTM, transformer, self-preserved learning).

Intensive discussion about challenges and future research directions.
2. Speech Enhancement Techniques

2.1. Traditional Speech Enhancement

Traditional speech growth techniques include spectral subtraction,
veneer filtration and MMSE estimates [5], [6]. The purpose of these
methods is to reduce the noise in the background by preserving speech
information.

Table 1. Traditional Speech techniques

Model Architecture limitation References
Spectral Simple, low computational Distortion in residual noise [5]
Subtraction cost
Wiener Filter Adaptive filtering Requires accurate noise estimation | [6]
MMSE L . . . .
Estimator Minimizes speech distortion Computationally expensive [7]

Recent progress includes DNN, Gans and self-preserved learning
methods such as intensive learning-based denoising [8]-[10].

3. Wavelet Packet Transform (WPT) for Feature

Extraction

3.1. Hidden Markov Models & Gaussian Mixture Models (HMM-
GMM)

The HMM-GMM framework was prominent in ASR before deep
learning. The HMMS model is a stochastic sequence, whereas GMM's
approach the phonemes [11], [12]. Despite the success, these models are
struggling with reference-dependent learning and large vocabulary tasks
[13].

3.2. Deep Learning-Based ASR

Contemporary ASR systems are based on convolutional neural networks
(CNNSs). recurrent neural networks (RNNSs), and transformers [14] [16].
These models have greater recognition accuracy and less feature.
engineering.
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Table 2: Deep Learning approach
Model Architecture Advantages limitation Referenc
es
CNNs Convolutional layers for | Effective for short-term Limited long-range [14]
feature extraction features dependencies
RNNs Sequential processing of | Good for temporal Vanishing gradient [15]
speech signals dependencies problem
Transformers Decomposes the EEG Handles long-range High computational | [16]
into dependencies cost
frequency sub-bands

4. Speech Synthesis

4.1. Statistical Parametric and Concatenative Synthesis

Extremist synthesis techniques comprise formant synthesis,
concatenative. synthesis, hidden Markov model-based synthesis (HTS)
[17]-[19]. These models have artificial prosody and need large databases
of phonetic rules.

4.2. Deep Learning-Based Speech Synthesis

Contemporary methods, like WaveNet, Tacotron and FastSpeech have.
naturalness and prosody [20]-[22] were considerably enhanced.

Table 3: Comparison of Deep Learning Preprocessing Methods

WaveNet Autoregressive model High-quality Slow inference time [20]
synthesis
Tacotron Sequence-to-sequence Natural prosody Requires large datasets [21]
model
FastSpeech Non-autoregressive Fast inference Reduced prosody [22]
variation

5. Challenges and Future Directions

5.1. Robustness to Noise and Adversarial Attacks

The performance of Automatic Speech Recognition (ASR) systems can
be seriously affected by adversarial examples that are able to manipulate
the input waveforms in a way that is not detectable to the human ear [23],
[24]. Adversarial defense research is a current subject, and methods
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including spectral domain filtering and self-supervised adversarial
training [25]-[27].

5.2. Data Efficiency & Low-Resource ASR

The wav2vec 2.0 and HUBERT are self-supervised learning methods that
lessen the reliance on labelled datasets and enhance ASR on the low-
resource languages [28]-[30].

5.3. Real-Time and Edge Deployment

Models built for speech recognition are very heavy computationally and
that makes it difficult to deploy on the edge. Pruning, quantization and
knowledge distillation are needed to make real-time applications [31]-
[33].

5.4. Explain ability & Interpretability

For bias reduction and fairness, it is essential to understand how deep
models process speech. The new approaches are layer-wise relevance
propagation, and attention-based visualization [34]-[36].

6. Conclusion

The paper is a review of the speech signal processing including speech
enhancement, speech recognition, and speech synthesis. We have
touched on conventional and contemporary methods, contrasted key
models, and pointed out future research problems. Advancements in self-
supervised learning, adversarial robustness, and real-time processing are
crucial for the future.
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