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Abstract
Speech and audio processing has become a cornerstone in modern
human-computer interaction, enabling systems to understand, analyze,
and generate audio signals. Applications span voice assistants,
automatic speech recognition (ASR), speaker identification, audio event
detection, and music analysis. This paper provides a comprehensive
review of contemporary speech and audio processing algorithms,
examining their foundations, advancements, and practical applications.
Traditional signal processing methods, such as Fourier transforms and
filter banks, are discussed alongside modern machine learning and deep
learning approaches including convolutional neural networks (CNNSs),
recurrent neural networks (RNNs), and transformers. Additionally,
challenges such as noise robustness, real-time processing, and
resource-efficient deployment are highlighted. The review also presents
comparative studies, illustrative figures, and performance metrics of

different algorithms.
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INTRODUCTION
Audio processing, especially speech analysis, is a critical area in artificial intelligence and

signal processing. Human speech carries vast information, not only in content but also in
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speaker characteristics, emotional states, and environmental context. Developing algorithms

that accurately process and interpret speech and audio signals has enabled applications such as

voice-controlled devices, hearing aids, voice biometrics, and automated transcription services.

The evolution of speech and audio processing can be broadly classified into:

1. Traditional Signal Processing Approaches — Based on mathematical transforms,
filtering, and feature extraction.

2. Machine Learning Methods — Exploit patterns in feature spaces to classify or predict
audio events.

3. Deep Learning Algorithms — Automatically learn representations directly from raw or
minimally processed audio signals.

This paper reviews these categories, emphasizing recent algorithmic innovations, comparative

performance, and emerging trends.

2. BACKGROUND

Speech and audio processing relies heavily on understanding the nature of audio signals and
how human speech is produced. This section lays the foundation for the algorithms discussed
later by exploring the fundamentals of audio signals and the principles of speech production

and acoustic modeling.

2.1 Fundamentals of Audio Signals

An audio signal is a time-varying representation of sound. In digital systems, these signals are
sampled and quantized to convert them into discrete-time sequences suitable for processing.
Understanding their fundamental properties is crucial for developing effective speech and

audio algorithms.

Key characteristics of audio signals include:
1. Time Domain
e The time domain describes the signal as a function of amplitude over time.
e Speech signals in the time domain appear as complex waveforms with varying
amplitudes corresponding to the pressure variations produced by the vocal system.
e Temporal analysis allows extraction of features such as zero-crossing rate (ZCR),
which indicates the number of times the signal crosses the zero amplitude axis, often
used to distinguish voiced and unvoiced speech.
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2. Frequency Domain

e Many speech and audio processing tasks require analysis in the frequency domain
because human perception is more closely related to frequency content than raw time
signals.

e Fourier Transform (FT): Converts the time-domain signal into its constituent
frequencies, providing magnitude and phase information for each frequency
component.

e Short-Time Fourier Transform (STFT): Since speech signals are non-stationary
(their characteristics change over time), STFT analyzes the signal in short overlapping
time windows to capture temporal variations in the frequency spectrum.

e Frequency-domain analysis is essential for tasks like speech recognition, noise

reduction, pitch detection, and audio classification.

3. Phase Information
e The phase spectrum represents the relative timing of frequency components.
e While phase is less important in many recognition tasks (algorithms often rely on
magnitude spectra), it is critical for high-fidelity audio reconstruction and spatial

audio applications.

Additional Considerations:
e Audio signals are often quasi-periodic, meaning speech sounds like vowels have
repeating patterns, whereas consonants are more transient.
e Signals are non-stationary, so their statistical properties vary over time, making

dynamic feature extraction methods necessary.

2.2 Speech Production and Acoustic Modeling

Speech is produced through a combination of airflow from the lungs, vibration of the vocal
cords (source), and modulation by the vocal tract (filter). This is often modeled by the source-
filter theory of speech production, which provides the basis for many speech processing
algorithms.

1. Speech Production Mechanism
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Source (Excitation): The lungs provide airflow, and the vocal cords vibrate to create
periodic sounds (voiced) or allow turbulent airflow for unvoiced sounds.

Filter (Vocal Tract): The shape and configuration of the vocal tract (mouth, tongue,
lips, nasal cavity) modify the frequency content, creating resonances called formants,
which distinguish different speech sounds.

Radiation & Output: The modified signal exits through the lips or nose as the final

speech waveform.

2. Acoustic Feature Extraction

Features are numerical representations of speech that algorithms can process. They are

designed to capture relevant properties while reducing redundancy.

Common feature representations include:

e Mel-Frequency Cepstral Coefficients (MFCCs)

Capture the short-term power spectrum of speech using a Mel scale, which aligns with
human auditory perception.

Widely used in automatic speech recognition (ASR), speaker verification, and
emotion detection.

Computed via: STFT — Mel filter bank — Logarithm — Discrete Cosine Transform

(DCT).

e Linear Predictive Coding (LPC)

Models the speech signal as a linear combination of past samples to approximate the
vocal tract filter.
Efficiently represents formant structure and is useful in speech synthesis and

compression.

e Spectrograms

2D visual representations of frequency content over time.
Often used as input to deep learning models, especially CNNs, because they capture

both temporal and spectral patterns.
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3. Importance in Algorithm Design
e Understanding these fundamentals allows engineers to select or design algorithms that
are robust, efficient, and perceptually aligned.
e For example, noise reduction methods often target frequency bands where speech
energy dominates, while speaker recognition systems focus on formant patterns
captured by MFCCs or LPCs.

3. Traditional Speech & Audio Processing Algorithms

Before the era of deep learning, speech and audio processing heavily relied on signal
processing techniques that convert, analyze, and manipulate audio signals mathematically.
Traditional methods remain foundational because they are computationally -efficient,
interpretable, and still serve as key preprocessing steps in modern algorithms.

Key categories include:
e Fourier Transform-based methods
e Filter bank and cepstral analysis

e Linear predictive coding (LPC) and other parametric models

3.1 Fourier Transform-Based Methods

The Fourier Transform (FT) is one of the most fundamental tools in audio signal processing.
It decomposes a time-domain signal into its constituent frequency components, allowing the
analysis of spectral content which is crucial for tasks like speech recognition, noise reduction,

pitch estimation, and audio classification.

3.1.1 Theoretical Background

A continuous-time signal x(t)x(t)x(t) can be represented in the frequency domain as:
X(f)=[—o0oox(t)e—j2nftdtX(f) = \int_{-\infty}{\infty} x(t) e{-j 2 \pi f t} dtX(f)=]—c000
X(t)e—j2nftdt

Where:
o X(HX(FHX(F) is the complex spectrum of the signal.
o fff represents frequency.

o c—j2ufte”{-j 2 \pi f t}e—j2xft is the complex sinusoid basis.
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For digital signals, the Discrete Fourier Transform (DFT) is used:
X[k]=Y.n=0N—-1x[n]e—j2nkn/N,k=0,1,...,.N—1X[k] = \sum_{n=0}*{N-1} x[n] e*{-j 2 \pi k n/
N}, \quad k =0, 1, ..., N-1X[k]=n=03> N—1x[n]e—j2nkn/N,k=0,1,...,N—1

Where:
e NNN is the number of samples.
e X[n]x[n]x[n] is the sampled signal in the time domain.

o X[K]X[K]X[K] is the corresponding frequency-domain representation.

The Fast Fourier Transform (FFT) is an optimized algorithm for computing the DFT
efficiently, reducing computational complexity from O(N2)O(N*2)O(N2) to O(Nlog/0IN)O(N
\log N)O(NIogN).

3.1.2 Short-Time Fourier Transform (STFT)

Speech signals are non-stationary, meaning their frequency content changes over time.
Traditional FT assumes stationarity, which is insufficient for speech analysis.

STFT addresses this by analyzing the signal in short overlapping windows:
X(1,f)=).n=—cccox[n]w[n—t]e—j2ntnX(\tau, f) = \sum_{n=-\infty}*{\infty} x[n] w[n-\tau] e"{-
J 2 \pi f n}X(t,f)=n=—0) cox[n]w[n—t]e—j2ntn

Where:
e w[n]w[n]w[n] is a window function (e.g., Hamming, Hanning).
e t\taut is the center of the time window.

o  X(t,HX(\tau, f)X(z,f) is a time-frequency representation of the signal.

Key points:
e Typical window sizes are 20—40 ms for speech.
e Windows overlap 50% to ensure smooth transitions.
e STFT produces spectrograms, which are widely used for visualization and feature

extraction.
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Example:
e A 1-second speech signal sampled at 16 kHz can be divided into 25 ms windows with
10
ms overlap.
e STFT is applied to each window, producing a spectrogram showing how frequency

content evolves over time.

3.1.3 Applications of Fourier-Based Methods
1. Noise Reduction
o Compute the STFT of noisy speech.
o Estimate noise spectrum during silent segments.
e Subtract noise from the speech spectrum (spectral subtraction).
« Reconstruct the enhanced speech using Inverse STFT.
2. Pitch Detection
e Pitch corresponds to the fundamental frequency of voiced speech.
o Peaks in the Fourier spectrum indicate harmonic structure, enabling pitch estimation.
3. Speech Analysis and Recognition
e Frequency-domain features such as MFCCs are derived from STFT magnitude.
o Formant frequencies can be extracted from spectral peaks, aiding in phoneme
identification.
4. Audio Compression
o Fourier coefficients can represent audio efficiently.

o Basis of MP3 and other audio codecs.

3.1.4 Advantages and Limitations
Advantages:
o Simple, mathematically well-defined.
o Enables visualization and interpretation of spectral content.
o Efficient with FFT implementation.
Limitations:
e Assumes quasi-stationarity within the window; rapid transients may be blurred.
e Phase information is often ignored in recognition tasks, potentially limiting

reconstruction quality.
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o Fixed window size imposes trade-offs between time and frequency resolution

(Heisenberg uncertainty principle).

Table 1: Common Fourier-Based Features in Speech Processing

Feature Description Typical Use Case

STFT Energy distribution over||Spectrogram  visualization,  feature
Magnitude frequency extraction

Phase Spectrum ||Phase information Speech synthesis and enhancement
Cepstrum Inverse FT of log magnitude MFCC computation, speaker recognition

3.2 Filter Banks and Cepstral Analysis

While Fourier-based methods provide the frequency content of speech signals, they do not
account for human auditory perception. Humans perceive sound non-linearly, especially in
frequency; they are more sensitive to changes in lower frequencies than higher ones. To model
this, filter banks and cepstral analysis are widely used in speech and audio processing.

3.2.1 Filter Banks

A filter bank divides the signal’s frequency spectrum into multiple overlapping bands, each
processed separately to extract features.

e Mel Filter Bank

e The Mel scale approximates human perception of pitch.

e Frequency in Mel scale fmelf_{mel}fmel is computed from linear frequency fff as:
fmel=2595-log /0!10(1+f700)f {mel} = 2595 \cdot \log_{10} \left( 1 + \frac{f}{700}
\right)fmel=2595-1og10(1+700f)

e Each triangular filter in the Mel filter bank captures energy from a specific band,
emphasizing frequencies important for human speech.

o The number of filters is typically 2040, depending on the application.

Steps in Filter Bank Analysis:
1. Compute STFT of the audio signal to get the magnitude spectrum.

2. Apply Mel-scale triangular filters to the spectrum to compute filter bank energies.
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3. Take the logarithm of filter energies to mimic the logarithmic perception of loudness by

humans.

3.2.2 Cepstral Analysis

Cepstral analysis converts the log spectrum of a signal into a cepstrum, which emphasizes
the spectral envelope while suppressing fine harmonic details.

e The cepstrum is defined as the inverse Fourier transform of the logarithm of the

magnitude spectrum:
c[n]=F—1{logi/0iIX(f)I}c[n] = \mathcal{F}*{-1} \{ \log |X(f)| \}c[n]=F—1{log|X(f)I}

Where:
o X(HX(H)X(F) is the Fourier Transform of the signal.
e c[n]c[n]c[n] represents the cepstral coefficients.
e Mel-Frequency Cepstral Coefficients (MFCCs)
o Combine Mel filter banks and cepstral analysis.
o Capture the spectral envelope of speech, which corresponds to vocal tract resonances
(formants).
« MFCCs are highly effective for speech recognition, speaker identification, and

emotion detection.

Steps to Compute MFCCs:

1. Pre-emphasis: Apply a high-pass filter to boost high frequencies.
y[n]=x[n]—ax[n—1],0.95<0<0.97y[n] = x[n] - \alpha Xx[n-1], \quad 0.95 \le \alpha \le
0.97y[n]=x[n]—ax[n—1],0.95<a<0.97

2. Frame Blocking: Segment the signal into short frames (20—40 ms) to handle non-
stationarity.

Windowing: Apply a window function (e.g., Hamming) to reduce spectral leakage.

FFT: Compute the magnitude spectrum of each frame.

Mel Filter Bank: Apply triangular filters to obtain Mel-scale energies.

Logarithm: Convert energies to log scale.

N g s~ W

Discrete Cosine Transform (DCT): Compress information into a small number of

cepstral coefficients (usually 12-13).
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Equation for DCT to compute MFCCs:

cm=Y k=1Klogi/0{Ek)-cos/0amK(k—12)],m=1,2....Mc m = \sum_{k=1}{K} \log(E_K)
\cdot \cos \left[ \frac{\pi m}H{K} \left(k - \frac{1}{2}\right) \right], \quad m =1, 2, ..., Mcm
=k=1> Klog(Ek)-cos[Knm(k—21)],m=1,2,....M

Where:
o EKE_KEKk is the log energy of the kkk-th Mel filter.
e MMM is the number of MFCCs to retain.

3.2.3 Advantages of Filter Bank and Cepstral Features
« Noise Robustness: By emphasizing spectral envelope rather than fine harmonic details,
MFCCs are relatively robust to background noise.
o Computational Efficiency: Requires fewer coefficients than raw Fourier spectra.

e Proven Performance: Widely used in ASR systems and speaker verification tasks.

3.2.4 Limitations
e Hand-Engineered Features: MFCCs and filter bank features rely on manual design;
they may miss higher-level abstractions learned by deep networks.
« Sensitivity to Channel Variability: Different microphones or recording environments
can affect spectral characteristics.
o Parameter Tuning Required: Frame size, number of filters, and cepstral coefficients

need careful optimization.

3.2.5 Applications
e Automatic Speech Recognition (ASR): MFCCs form the primary input to HMMs,
SVMs, and deep learning models.
o Speaker Recognition: Captures formant structure unique to individual speakers.
o Emotion Detection: Spectral envelope features correlate with emotional tone in
speech.

e Audio Event Detection: Filter bank energies can help classify environmental sounds.
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4. MACHINE LEARNING APPROACHES
4.1 Feature-Based Classification

Traditional machine learning algorithms operate on pre-extracted features such as MFCCs or
LPCs. Examples include:

e Support Vector Machines (SVMs): Effective for speaker identification.

o Hidden Markov Models (HMMs): Model temporal sequences, fundamental in early

speech recognition systems.

e Gaussian Mixture Models (GMMs): Capture the distribution of features, widely used
in voice biometrics.

4.2 Audio Event Detection

Machine learning models can detect environmental sounds, musical events, or abnormal audio
patterns.

o Feature Engineering: Spectral, temporal, and energy-based features.

o Classification Models: Random forests, k-nearest neighbors, and gradient boosting.

0.72 seconds

Predictions for
o classification window

0.111

| 0.222 | Prediction for clip

Figure 1: Pipeline of traditional feature-based audio classification
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5. DEEP LEARNING APPROACHES
5.1 Convolutional Neural Networks (CNNSs)
CNNs capture local correlations in spectrograms and raw audio waveforms.

o Use Cases: Keyword spotting, music genre classification, emotion recognition.

o Advantages: Automatically extract hierarchical features without manual engineering.
5.2 Recurrent Neural Networks (RNNs) and LSTMs
RNNs handle temporal dependencies, essential in sequential speech data. Long Short-Term
Memory (LSTM) networks address vanishing gradient issues.

o Use Cases: Automatic speech recognition (ASR), language modeling, audio sequence

prediction.

5.3 Transformer-Based Architectures
Recent models leverage attention mechanisms to capture long-range dependencies without
recurrent connections.

o Examples: Speech-Transformer, Wav2Vec 2.0

o Advantages: State-of-the-art ASR and speaker recognition performance.

Table 2: Comparative Performance of Deep Learning Models on Speech Tasks

Accuracy /
Model Task Dataset Notes
WER
Keyword Google Speech Small model, real-time
CNN WV. o= 95%
Spotting Commands capable
Captures temporal
LSTM ASR TIMIT 18% WER )
dependencies
o Large-scale pretraining
Transformer ASR LibriSpeech 7% WER )
improves accuracy

6. NOISE ROBUSTNESS AND AUDIO ENHANCEMENT
6.1 Noise Reduction Algorithms
e Spectral Subtraction: Removes estimated noise spectrum.
e Wiener Filtering: Minimizes mean-square error between clean and noisy signals.
o Deep Learning Approaches: Denoising autoencoders, generative models for robust
speech.
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6.2 Echo Cancellation
o Adaptive filters reduce echo in telecommunication systems.
e Neural network-based methods outperform traditional adaptive filters in dynamic

environments.

7. REAL-TIME AND EMBEDDED PROCESSING

Real-time speech/audio applications require:

e Low latency and high throughput.

« Efficient feature extraction and model inference on embedded devices.

« Optimizations like model pruning, quantization, and hardware acceleration (DSP, FPGA).

8. EMERGING TRENDS

8.1 Self-Supervised Learning

Self-supervised models learn representations from unlabeled audio, reducing the need for large
labeled datasets.

8.2 Multimodal Audio Processing

Combining audio with video, text, or sensor data improves robustness and context
understanding (e.g., audiovisual speech recognition).

8.3 Edge Al for Audio

Deploying lightweight models on smartphones, hearing aids, and 10T devices for privacy-
preserving and low-latency applications.

APPLICATIONS

1. Voice Assistants: Google Assistant, Alexa, Siri.

2. Speaker Verification & ldentification: Secure authentication systems.
3. Music Analysis: Genre classification, recommendation systems.

4. Healthcare: Detecting coughs, sleep apnea, or emotional states.
5

Surveillance: Audio event detection for security purposes.
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Figure 2: High-level architecture of a speech recognition system

CHALLENGES

e Noise and Reverberation: Real-world environments are unpredictable.

e Resource Constraints: Edge devices limit model complexity.

o Data Scarcity: High-quality labeled datasets are expensive.

e Cross-Lingual & Accent Variation: ASR systems must generalize across languages and

dialects.

CONCLUSION

Speech and audio processing algorithms have evolved from traditional signal processing
techniques to deep learning and transformer-based models. While traditional methods rely on
feature engineering, modern approaches automatically learn features from raw data, achieving
state-of-the-art performance in recognition, classification, and enhancement tasks. Despite
remarkable progress, challenges such as noise robustness, real-time processing, and resource-
efficient deployment remain active research areas. Future directions point toward self-
supervised learning, multimodal integration, and edge Al to create more robust and accessible

speech/audio systems.
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