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Abstract

Over the past several decades, numerous methods have been developed to improve the
signal-to-noise ratio, perceptual quality, and intelligibility of speech. In practice, no single
method is universally optimal, as each category exhibits distinct strengths and limitations
under specific acoustic conditions. The proposed taxonomy classifies speech enhance-
ment methods according to their dominant signal modeling and enhancement mechanism,
ranging from the classical signal processing approaches to modern machine learning tech-
niques and advanced hybrid frameworks. The mathematical formulation illustrates the
theoretical foundations of the different approaches, providing a clear understanding of
their underlying principles and the evolution of performance across successive generations
of speech enhancement methods. The comparative analysis demonstrates that statistical
and subspace-based approaches offer low operational complexity but show limitations
under highly nonstationary acoustic conditions. Adaptive filtering, transform-domain, and
speech model-based methods exploit temporal, spectral, and speech production character-
istics to achieve improved noise suppression, while perceptual methods improve subjective
listening quality by incorporating psychoacoustic principles, thereby providing a more
natural and intelligible listening experience. Machine learning-based techniques achieve ex-
cellent performance; however, they incur higher computational complexity and substantial
training requirements. More recently, hybrid approaches have integrated complementary
techniques from multiple paradigms, achieving robust performance under adverse acoustic
environments. Overall, this review provides a unified perspective on speech enhancement
techniques, identifies their strengths, and highlights emerging research opportunities for
the development of robust, efficient, and intelligent speech enhancement systems.

Keywords: speech enhancement; noise reduction; signal-to-noise ratio; perceptual quality;
intelligibility

1. Introduction

Speech communication plays a vital role in information exchange and facilitates
effective human-machine interaction. It forms the backbone of numerous real-world ap-
plications, including telecommunications, teleconferencing, hearing aids, voice-assisted
intelligent systems, speech coding, and human—computer interaction [1-3]. However, in
practical environments, speech signals are often contaminated by different forms of noise
that distort the original signal and degrade speech quality and intelligibility [4-6]. Noise
sources may be stationary, such as white noise (static), pink noise, or steady engine noise, or
they may be nonstationary, such as babble noise, crowd noise, impulsive disturbances, or
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background crowd [7,8]. Stationary noise has a constant mean, variance, and autocorrela-
tion over time, resulting in predictable statistical behavior. In contrast, nonstationary noise
varies continuously over time, making it highly complex and unpredictable in nature. Noisy
environments significantly degrade the overall performance of communication systems. In
speech signal processing, noise suppression is a fundamental concern for improving speech
quality in harsh acoustic environments. Consequently, suppressing such noise has become
a major research focus in speech signal processing. The primary objective is to attenuate
undesired noise components while preserving important speech features; however, this
remains challenging due to the diverse and dynamic nature of real-world acoustic environ-
ments. Earlier classical methods are based on the statistical assumptions of noisy signals
and provide a computationally simple solution. Such techniques are analytically efficient
for stationary noise but are not effective under rapidly varying noisy environments. To
compensate for the limitations of earlier methods, more advanced speech enhancement
techniques have been developed based on different processing principles [9-11]. Transform-
domain methods represent speech signals in different domains where speech and noise
components can be more easily separated. This time-frequency representation allows local-
ized processing of speech and noise and enables frequency-dependent noise attenuation.
Speech model-based methods exploit prior knowledge of speech characteristics and rely
on accurate model development; however, their performance deteriorates if there is a
mismatch between the developed model and the real speech signal. More recently, deep
learning approaches not only improve the signal-to-noise ratio but also enhance perceptual
quality while preserving temporal dynamics and formant structure [12-14]. To overcome
the limitations of individual methods, a hybrid speech enhancement approach has emerged
as a promising alternative. It integrates the strength of classical statistical methods with
modern data-driven approaches to develop a robust and unified framework.

Several comprehensive surveys on speech enhancement have been reported in the
literature, each addressing specific aspects of noise suppression, such as statistical signal
processing, adaptive filtering, transform-domain techniques, deep learning, or hybrid
approaches. However, most existing reviews primarily concentrate on a limited subset
of enhancement algorithms or emphasize recent developments in deep learning without
providing a unified perspective covering the entire evolution of speech enhancement.
Moreover, comparatively few studies systematically correlate the underlying mathematical
principles, representative algorithms, computational complexity, performance characteris-
tics, and practical application scenarios within a single framework [15-18]. To address these
limitations, the present review proposes a unified taxonomy based on dominant signal
modeling and enhancement mechanisms. The proposed framework integrates classical
signal processing, auditory-inspired methods, spatial processing, data-driven learning, and
hybrid approaches within a single coherent classification. In addition, the review provides
a mathematical interpretation of representative algorithms along with a cross-category
comparative analysis. It also presents a critical analysis of the strengths and limitations of
each category, together with structured future research directions for speech enhancement.

The vast field of speech processing encompasses numerous techniques for noise re-
duction. The comprehensive classification of speech enhancement methods, ranging from
statistical methods to hybrid frameworks, explores their underlying working mechanism,
strengths, limitations, and key advantages. The study emphasizes that selecting an ap-
propriate strategy depends on the specific needs of the application. Depending on the
underlying principle, speech enhancement methods are categorized into five major do-
mains. Some algorithms may incorporate concepts from multiple domains; for example,
transform-domain statistical filtering or perceptually weighted deep learning. Therefore,
each method is classified according to its primary operational principle. This well-defined
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classification identifies the research gaps between existing techniques and provides direc-
tion for future research. The key contributions of this literature review are as follows:

v" Unified taxonomy: A unified taxonomy is proposed that systematically classifies
speech enhancement algorithms according to their dominant signal modeling and
enhancement mechanisms, providing a consistent framework for understanding
the evolution and relationship among classical signal processing, auditory-inspired
methods, spatial processing, data-driven techniques, and hybrid approaches.

v' Comprehensive framework: Unlike many existing surveys that primarily focus on
algorithm descriptions, this review presents a comprehensive mathematical inter-
pretation of representative techniques together with their theoretical foundations,
enabling readers to understand the underlying principles governing each method.

v' Cross-domain performance: A cross-category comparative analysis is presented to
analyze the strengths, limitations, computational complexity, robustness, and applica-
tion applicability of different enhancement paradigms, thereby facilitating informed
algorithm selection for various practical scenarios.

v" Hybrid framework: The review discusses recent advances in hybrid frameworks that
combine conventional signal processing with modern deep learning techniques to
improve speech quality under challenging acoustic environments.

v' Future research directions: Emerging research directions are identified, including
end-to-end optimization, self-supervised learning, explainable artificial intelligence,
foundational models, lightweight edge implementation, and multimodal speech
enhancement, providing a roadmap for future research.

2. Performance Index

In practical communication systems, speech signals may be susceptible to various
acoustic disturbances arising from environmental noise, transmission channels, record-
ing devices, and acoustic propagation conditions. From a signal modeling perspective,
these degradations can be broadly categorized into additive and multiplicative distortions,
each exhibiting distinct mathematical characteristics and requiring different enhancement
strategies. The majority of conventional speech enhancement methods assume an additive
observation model, as shown in Equation (1). This model accurately represents most real-
world acoustic interferences encountered in practical communication systems, including
white Gaussian noise, babble noise, traffic noise, factory noise, and crowd interference.
Typical frequency characteristics and relative energy distribution of common environmen-
tal noises encountered in speech enhancement applications are summarized in Table 1.
Depending on their statistical characteristics, these noises may be classified as stationary
or nonstationary. Stationary noises exhibit relatively constant statistical properties over
time and are comparatively easier to estimate and suppress. In contrast, nonstationary
noise exhibits continuously varying temporal and spectral characteristics, frequently over-
laps with speech components, and therefore constitutes the principal challenge in modern
speech enhancement.

In addition to additive environmental noise, speech signals may also undergo multi-
plicative or signal-dependent distortions. A simplified multiplicative degradation can be
expressed as y(n) = h(n)s(n), where h(n) represents a time-varying gain, fading coefficient,
or other signal-dependent disturbances. In practical systems, additive and multiplicative
degradation may occur simultaneously and can therefore be represented by the general-
ized model y(n) = h(n)s(n) + v(n). The fundamental difference is that additive noise
introduces an additional unwanted component without directly modifying the underlying
speech amplitude, whereas multiplicative degradation scales or modulates the speech
signal itself. Consequently, its effect depends on both the instantaneous characteristics of
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the speech signal and the variation in the multiplicative factor /1(n). This signal-dependent
interaction makes the estimation and suppression of multiplicative disturbances consider-
ably more challenging because the unwanted component cannot generally be isolated and
directly subtracted in the same manner as additive noise. Multiplicative effects may arise in
communication systems because of time-varying channel gain, fading, automatic gain vari-
ations, amplitude fluctuations, or modulation-related distortions. However, not all channel-
induced speech degradation can be described adequately by a pure multiplicative model.
For example, acoustic reverberation is more appropriately represented as a convolution
between the clean speech signal and the room impulse response, y(1n) = h(n) *s(n) + v(n),
where * denotes convolution. Similarly, microphone frequency-response effects and propa-
gation characteristics may introduce filtering or convolutional distortion rather than the
simple sample-wise multiplication. Therefore, additive, multiplicative, and convolutional
degradation should be distinguished according to their physical origin and mathematical
interaction with the speech signal. This review primarily focuses on additive noise because
it represents the most common degradation encountered in telecommunication, hearing
aids, speech coding, automatic speech recognition, and mobile communication systems.
While multiplicative and channel-induced distortions are discussed as related degradation
mechanisms, their mitigation generally requires specialized techniques such as channel
estimation, equalization, dereverberation, or joint enhancement strategies.

Table 1. Typical frequency characteristics and relative energy distribution of common environmental
noises encountered in speech enhancement applications.

Noise Type Frequency Range Relative Energy Typical Application
White Noise Entire spectrum (0-Fs/2) Uniform Laboratory
Pink Noise Low-frequency dominant Medium Environmental
Babble Noise 300-4000 Hz High Crowd
Traffic Noise 20-1200 Hz High Outdoor
Engine Noise 20-800 Hz Very High Vehicles
Machinery 100-5000 Hz High Industrial
Wind Noise <500 Hz Moderate Outdoor microphones

Human speech primarily occupies frequencies below 8 kHz (telephone speech:
300-3400 Hz; wideband speech: approximately 50-8000 Hz). Most environmental noises
overlap significantly with this frequency range, making complete noise suppression diffi-
cult without affecting speech components. In practice, there is no universal upper energy
bound because noise energy depends on acoustic environment and source intensity; con-
sequently, speech enhancement algorithms typically estimate noise statistics adaptively
rather than assuming fixed energy limits.

To measure the effectiveness of speech enhancement algorithms, performance evalua-
tion metrics are essential. This section provides a brief overview of the most commonly
used metrics for assessing speech quality, intelligibility, noise suppression capability, and
robustness. No single evaluation metric can comprehensively characterize speech enhance-
ment performance; therefore, multiple complementary objective and subjective measures
are required to assess signal quality, perceptual characteristics, and intelligibility. These
evaluation metrics facilitate a fair and meaningful comparison among different speech
enhancement methods.
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For signal assessment, the speech model is initially modeled as shown in Figure 1.
y(n) = s(n) +o(n) ©)

where s(n) is the clean speech signal in the time domain, v(#) is additive noise, and y(#) is
the noisy signal. The frequency domain representation of the signal [19]

Y (k,m) = S(k,m) + V(k,m) ()

where S(k, m) is the magnitude spectra of the clean speech signal, V' (k, m) is the magnitude
spectra of additive noise, and Y (k, m) is the magnitude spectrum of the noisy speech signal.
After applying the speech enhancement algorithm for noise suppression, the recovered
speech signal is further evaluated. The signal-to-noise ratio (SNR) is the most widely used
objective metric for measuring the relative strength of the recovered speech signal [20].

Zrl;lzl s*(n)
YO (s(n) — 3(n))?

where 3(n) is the enhanced speech signal, # is the discrete time sample index, and N is the

SNR (dB) = 10l0g10

)

total number of samples. The speech-to-noise ratio (IS/TN ratio) evaluates the selective
suppression of transient noise [21]:

Zr]ES Sz(n)
ZUET v? (”)

ERat‘io (dB) = 10logy, 4)

WS

Log-Spectral Distance (LSD) measures the spectral distortion between clean and enhanced
speech signals [22]. A lower value of LSD indicates better preservation of spectral information.

2

LSD = \/1\/}KZ%—1 Y {101081005(’(’”1)'2) - log1°(|§(k’m)|2ﬂ ©

where S(k, m) is the clean speech spectrum $(k, m) is the enhanced speech spectrum, k is
the frequency bin index, m is the time frame index, K is the total number of frequency
bins, and M is the total number of frames. The speech distortion index (SDI) quantitatively
measures the amount of speech distortion introduced by the noise reduction algorithm [23].
A lower SDI indicates better speech preservation.

XN (s(n) —8(n))?

s(n)

SDI 2(n) (6)
L
Noisejv(n) I———-______.i
Speech Signal /"l"\ Noisy Signal : Speech I Recovered Signal

5 m—————— Enhancement [ = m o o o o o e s
’ y(n) i Algorithm : s'(n)
I

~-
ST r Tl rrrrr o

Figure 1. Flow diagram of speech enhancement algorithm.

Different evaluation metrics emphasize different aspects of speech enhancement per-
formance and therefore should be selected according to the target application. SNR improve-
ment and SI-SDR measure the effectiveness of noise suppression and signal reconstruction.
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In addition, the Perceptual Evaluation of Speech Quality (PESQ) is a widely accepted ob-
jective metric for predicting human perception of speech quality. PESQ scores range from
—0.5 to 4.5, with higher scores indicating better perceptual quality [24]. The Mean Opinion
Score (MOS) is a standard subjective analysis metric for perceptual quality, based on ratings
provided by human listeners on a scale of 1 to 5. PESQ and MOS are primarily used to
assess perceptual speech quality in telecommunications, hearing aids, and multimedia
applications. Furthermore, PESQ is often correlated with MOS to provide a more compre-
hensive evaluation of speech quality [25]. The short-time objective intelligibility (STOI)
metric is widely adopted to quantify speech intelligibility, especially for hearing-impaired
communication and automatic speech recognition front-end evaluation. STOI determines
the speech intelligibility by comparing the short-time temporal envelopes of the enhanced
signal and the original clean speech signal. It demonstrates a strong correlation with hu-
man intelligibility scores within the range of 0 to 1, where the value closer to one indicates
better intelligibility [26]. In automatic speech recognition systems, word error rate (WER)
evaluates the influence of enhancement algorithms on speech recognition performance.
WER measures the percentage of words that are incorrectly recognized compared to the

reference transcript.
S+D+1

WER = ———— x 100% (7)
N

where S is the number of substitutions (incorrect words), D is the number of deletions
(missing words), I is the number of insertions (extra words), and N is the total number
of words in the reference transcript. For speech enhancement algorithms intended for
automatic speech recognition applications, lower WER indicates better preservation of
speech intelligibility and linguistic information. However, computational complexity and
latency are equally important for real-time implementation in communication systems.
Table 2 summarizes the performance evaluation parameters.

Table 2. Performance evaluation parameters to measure the speech quality.

Parameter Measures Range Key Advantage
SNR/ASNR Noise suppression dB Simple, intuitive
PESQ Perceptual quality —-0.5t04.5 human-centric evaluation
STOI Intelligibility Oto1l High correlation
MOS Subjective quality 1to5 Human judgment
LSD Spectral distortion >0 Model evaluation

3. Comprehensive Classification of Noise Suppression Algorithms

A speech signal in practical application is affected by a variety of noisy environments,
and noise reduction algorithms are therefore required to recover the original speech signal.
No single technique performs optimally under all noisy conditions, as different algorithms
follow different processing strategies. Depending on the underlying principle, the existing
methods are systematically categorized within a unified framework. Methods ranging from
classical statistical approaches to modern data-driven techniques are classified in Table 3
and comparatively summarized in Table 4, highlighting their fundamental mechanisms,
strengths, and suitability for different applications. This section reviews the evolution of
speech enhancement methods from the earliest classical approach to the most recent advances.
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Table 3. Classification of speech noise reduction methods.
Category Underlying Principle Major Algorithms Key Strengths Limitations
Treats speech/noise as Low complexity,
stochgstlc processes; Spectral subtraction, Analy?lcal gain Mus1ca?1 noise,
e . estimates noise . . functions are under-estimation of
Statistical . . Wiener filter, . .
statistics and applies interpretable, perform noise produces
MMSE-LSA . .
frequency-dependent well for stationary perceptual artifacts
gains noise
Assumes clean speech Effective separation for Rank selfe ction &
. PCA, computational cost.
occupies a structured/coloured : o
Subspace ) . SVD, . . covariance estimation
low-dimensional noise. Preserves major . .
ICA is computationally
subspace speech components heavi
eavier
Iteratively adapts filter LMS Excellent tracking of Requires reference,
P coefficients to minimize 4 non-stationary Performance collapses
Adaptive filtering . NLMS, . . .
error using a reference RLS interference when without a reliable
correlated noise input reference available reference
. . Handles phase reconstruction
Represents signals in . . .
; non-stationarity and often neglected causing
time—frequency or STFT, Wavelet . . . .
. . . . transients. Localized artifacts; computational
Transform-domain time-scale domains thresholding, FOCESSING DIESErves overhead for
where speech is sparse EMD/VMD P 5P . .
. transients and multi-resolution
and localized .
harmonics methods
Preserves formants and
Uses explicit speech LPC temporal structure. Requires accurate
Model-based production /.state AR modelling, Kalman Strong priors on speech  parameter gstlmatlon
models to predict clean filterin dynamics enable and higher
speech dynamics & recovery even under computational cost
low SNR
Uses human auditory Hli}rll;ui?ti?ﬁvﬁ)g?ahty Psychoacoustic models
models (critical bands, Bark/Mel filter banks, 18 ty are complex, objective
. . . . - preservation. Avoids .
Perceptual/Auditory masking) to suppress auditory masking gain over-suppression metrics may not reflect
only perceptually controllers Supp ¢ perceptual
. . resulting in natural .
audible noise improvements
sound
State-of-the-art
Learns nonlinear performance across Requires large labelled
DNN, CNN, LSTM, noise types. Excellent datasets and heavy

Machine learning

mappings from noisy
to clean speech

Transformers models

at modelling complex

compute, low

nonlinearities, large interpretability
gains in PESQ/STOI
Combines
complementary Wavelet + DNN, EMD Robustness & balanced Design complexity &
. . . trade-offs. improve . .
Hybrid paradigms to exploit +PCA, interpretability. and integration issues.
strengths and mitigate DNN + Kalman P Y increased latency

weaknesses

enhance performance

The proposed taxonomy (Figure 2) classifies speech enhancement methods according

to their dominant signal modeling and enhancement mechanisms, including statistical

estimation, subspace projection, adaptive optimization, transform-domain representation,

speech production modeling, perceptual and auditory-inspired modeling, data-driven

learning, and hybrid integration.
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Speech enhancement techniques

| |
Perceptual and

Classical §1gnal Auditory inspired Spatial processing Data-driven Hybrid method
processing methods method method (Wavelet:DNN
Classical b DNN-+Kalman
E Beamformin assical machine .
~ Statistical methods| |- Pe;ﬁig;tzlr:earffd — s 8 = learning Wiener:DNN
MVDR, GSC TF+DNN
( ) (GMM, NMF) ’
_ Diffusion+DL)
e Auditory-inspired _ Deep Learning
Adaptive Filtering enhancement — Microphone Array | |- (DNN, CNN RNN,
LSTM Transformer)
- Subspace methods Blind S(;I.JI'CQ | Generative Models
separation (GAN, Diffusion)
. Direction of Self supervised
— Transform domain . — .
Arrival Learning
Speech model
based

Figure 2. Classification of speech enhancement methods according to their dominant signal modeling
and enhancement mechanism.

3.1. Classical Signal Processing

Classical signal processing forms the foundation of the earliest speech enhancement
methods for noise suppression, primarily based on mathematical modeling, statistical
estimation, signal decomposition, and optimization strategies rather than advanced data-
driven learning. Depending on the underlying strategies, this broad category can be re-
classified into statistical estimation, subspace projection, adaptive optimization, transform-
domain representation, and speech model-based methods. These techniques are funda-
mentally based on the inherent characteristics of speech and noise signals to estimate clean
speech components while suppressing background noise.

Most classical speech enhancement algorithms are developed under a common signal
model in which the observed noisy speech signal is represented as the sum of clean speech
and additive noise. These models generally assume that the background noise is stationary
or slowly varies over short analysis frames, enabling reliable estimation of statistical
characteristics under these assumptions. Various estimation techniques derive optimal gain
functions to suppress noise while preserving speech. Although these assumptions simplify
algorithm design and enable efficient real-time implementation, their validity decreases
in rapidly changing acoustic environments, thereby motivating the development of more
advanced techniques.

3.1.1. Statistical Model

The statistical approaches are among the earliest and most analytically grounded
frameworks, based on the principle of statistical modeling of speech and noise signals in
the time-frequency domain. The background noise is estimated independently, assuming
it is additive in nature, slowly varying compared to the speech signal, and uncorrelated
with speech. Noise suppression is formulated as a statistical estimation problem in which
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the clean speech spectrum is estimated from noisy observations by minimizing the statis-
tical cost function, such as log-spectral distortion, mean square error, etc., which rely on
probability theory rather than explicit speech models. In the statistical approach, the noisy
speech signal is first segmented into overlapping frames (framing) and then transformed
into the frequency domain using the short-time Fourier transform (STFT). Next, the power
spectral density (PSD) of the noise is estimated during speech-absent intervals using voice
activity detection (VAD) or the minimum statistics method. The gain function is then
computed using various algorithms, including spectral subtraction, Wiener filtering, and
MMSE estimation, all of which rely heavily on accurate estimation of noise statistics.

The first practical frequency domain noise suppression technique was introduced by
Boll (1979), who proposed the spectral subtraction method [27,28]. He demonstrated that
the noise estimated during the silent intervals could be subtracted from the noisy spectrum
(Equation (8)) to improve the signal-to-noise ratio.

|S(k,m)| = | Y (k,m)| +a|V(k,m)] (8)

where |S(k, m)| is the estimated clean speech magnitude, |V (k, m)| is the estimated noise

magnitude, and « is the spectral over subtraction factor. The spectral over-subtraction
factor (a) controls how aggressively the estimated noise spectrum is removed from the
noisy spectrum. However, although the method is computationally simple and efficient,
it is prone to musical noise artifacts. The Wiener filtering method was introduced by Lim
et al. (1977), who proposed an optimal linear filter (Equation (9)) that computes the optimal
gain from the power spectral density of the clean speech and noise, thereby minimizing the
mean square error (MSE) [29].

B Ps(k,m)
G(k/ m) o PS (k, ms) + Pv(k,m) (9)
S(k,m) = G(k,m)Y (k,m) (10)

where G(k, m) is the Weiner gain, Ps(k, m) is the power spectral density, and Py (k, m) is
the PSD of the noise, Y (k, m) is the magnitude spectrum of the noisy signal, $(k, m) is the
estimated clean speech magnitude. Wiener filtering is optimal in the mean square error
sense but requires accurate noise estimation. MSE quantifies the average squared difference
between the reference clean speech signal and an estimated enhanced speech signal.

MSE = <Y (s(n) —§(n))?

A(k,m) = E{A(k,m)[Y (k,m)}

(11)

where A(k,m) is the true speech amplitude, E{.} is an expectation operator, and A (k, m)
is the MMSE estimate of the speech spectral amplitude. This work demonstrated that
the optimal statistical filtering can outperform simple subtraction when noise statistics
are accurately estimated, thereby establishing an important theoretical benchmark. The
most significant contribution to statistical speech enhancement was made by Ephraim,
who developed MMSE estimators (1990) [30] and MMSE-log spectral amplitude (LSA)
estimators (2003) [31]. These methods derive the gain from the probabilistic distribution of
speech spectral amplitude. Their work introduced a probabilistic spectral amplitude model
(Equation (11)) instead of a deterministic formulation and optimized the estimator using
perceptually relevant distortion measures. Both contributions established MMSE estimation
as a standard baseline in speech enhancement, and modern deep learning methods are still
frequently compared against the MMSE-LSA algorithm.
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Under stationary or slowly varying noise environments, these methods provide ef-
ficient performance by achieving SNR improvements in the range of 5-12 dB and PESQ
scores of approximately 2-2.8, indicating moderate perceptual improvements. Wiener filter-
ing generally outperforms spectral subtraction by providing smoother spectral estimates.
Furthermore, MMSE-based methods improve perceptual quality by optimizing log spectral
distortion rather than linear error. Overall, statistical estimation methods are analytically
efficient for real-time applications involving stationary and slowly varying noise because
of their low computational complexity and effective speech enhancement performance.
However, their performance deteriorates significantly under highly nonstationary noise
conditions. The dependence on accurate estimation of the noise power spectral density
remains a fundamental limitation of these methods. When the underlying statistical as-
sumptions are violated in dynamic acoustic environments, incorrect gain estimation may
occur, resulting in residual noise and musical noise artifacts. Consequently, although statis-
tically optimal under their underlying assumptions, these methods are often outperformed
by adaptive and data-driven approaches in highly dynamic acoustic scenarios.

3.1.2. Subspace-Based Methods

The concept of subspace-based methods is fundamentally different from statistical
estimation and is based on the linear algebraic perspective and matrix decomposition
theory, which exploits the low-rank nature of speech signals. It relies on the assumption
that the clean speech exhibits strong correlation and redundancy, whereas noise tends to
spread across the remaining dimensions. This assumption allows speech signals to be
represented in a low-dimensional signal subspace and enables the noisy signal to be decom-
posed into the speech and noise subspaces through projection. To implement this approach,
speech frames are stacked to form a covariance or data matrix (Equation (12)). Various
matrix decomposition techniques have been developed, including principal component
analysis (PCA) based on eigenvalue decomposition (Equation (12)), the low-rank speech
approximation method, singular value decomposition (SVD), and independent component
analysis (ICA)-based methods for blind source separation. After matrix decomposition,
the dominant large eigenvalue or singular values correspond to speech-dominant compo-
nents through signal subspace selection. Subsequently, noise-dominant components are
discarded, and the speech is reconstructed from the retained subspace (Equation (13)).

Ry = E|yy"] (12)

where Ry is the covariance matrix of noisy speech, y is the speech frame vector, and ()T
denotes the transpose operator.
R, = uUAU" (13)

where Ry, is the covariance matrix of noisy speech, U is the eigenvector matrix, and A is the
diagonal matrix of eigenvalues.
§=UsUuly (14)

where § is the estimated clean speech vector and U represents the signal subspace eigenvec-
tors. The earliest work on subspace-based enhancement was reported by Ephraim and Van
Trees (1995), who demonstrated that the speech covariance matrix contains a few dominant
eigenvalues, thereby confirming the low-rank nature of speech [32]. Hansen (1991) ap-
plied an SVD-based method and demonstrated improved robustness against colored noise
compared with spectral subtraction [33,34]. Furthermore, Bell and Sejnowski introduced
ICA (1996), establishing the foundation for blind source separation in speech processing
and demonstrating that statistical independence provides better separation than orthog-
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onality [35-39]. The studies validated the robustness of the eigen-based enhancement
as a powerful alternative to the statistical estimation. The approach provides improved
performance for certain types of colored or structured noise; however, its effectiveness
depends on the accurate subspace estimation and rank selection. Subspace-based methods
generally outperform statistical methods under structured or colored noise conditions,
achieving improvement in the range of 7-11 dB.

3.1.3. Adaptive Filtering Methods

Adaptive filtering methods are based on adaptive system theory and are specially
designed for noise that varies over time. The theory behind the adaptive filtering is based
on the observation that noise often exhibits predictable behavior and temporal correlation,
whereas speech is relatively random with respect to the reference input signal.

In this method, the filter parameters are continuously updated in real-time to track
variation in the noise. When a reference signal correlated with the noise is available,
adaptive estimation can effectively separate speech from noise. This concept formulates
adaptive noise reduction as an error-minimization algorithm, in which the filter coefficients
are iteratively updated to minimize the mean square error between the desired signal and
the filter output. Through this iterative optimization process, the algorithm continuously
minimizes the error and converges toward an optimal noise estimate under time-varying
conditions. Consequently, adaptive filters are highly suitable for suppressing nonstationary
interferences, such as background hum and engine noise. The implementation begins by
primary and reference input signals. The primary input contains speech corrupted by noise,
whereas the reference input contains noise that is correlated with the noise but uncorrelated
with the speech component. Next, an adaptive filter is applied, where the filter coefficients
are initialized and iteratively updated to model the noise path.

Several adaptive filtering algorithms have been developed, including the least mean
squares (LMS) algorithm, which updates coefficients using instantaneous gradient descent; the
normalized LMS (NLMS) algorithm, which normalizes the coefficient updates according to
the input signal power; and the recursive least squares (RLS) algorithm, which provides faster
convergence by minimizing the cumulative squared error. Among these algorithms, RLS
generally achieves superior performance because of its second-order statistical optimization,
although it requires higher computational complexity. Finally, the estimated noise is subtracted
from the primary signal, and the residual signal represents the enhanced speech.

o(n) = w' (n)x(n) (15)

where 9(n) is the estimated noise, w(n) is the adaptive filter coefficient vector, and x(n) is
the reference noise vector. The error signal can be estimated as

e(n) = y(n) —o(n) (16)

where e(n) is the error signal represents the enhanced speech estimate. The LMS update
rule is
w(n+1) = w(n) + pe(n)x(n) (17)

where 1 is the step size parameter. The RLS update rule is
w(n) =w(n—1)+K(n)e(n) (18)

where K(n) is the Kalman gain vector. Widrow et al. (1976) [40] introduced the LMS
algorithm, establishing the foundation of adaptive noise cancellation. Their work demon-
strated that iteratively updated filter coefficients can suppress noise without requiring prior
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statistical knowledge of the interference [40]. Haykin subsequently provided a comprehen-
sive theoretical treatment of the LMS, NLMS, and RLS algorithms [41-49]. These studies
demonstrated that LMS is computationally efficient, whereas RLS offers faster convergence
by exploiting second-order statistical information. Adaptive filtering techniques have been
successfully applied in hands-free communication systems. However, their applicability in
single-channel speech enhancement remains limited because they require a reference noise
signal, which is often unavailable in practical application.

3.1.4. Transform-Domain Method

The transform-domain method explores the time-frequency representation of the sig-
nal to differentiate between speech-dominant and noise-dominant components in the noisy
signal. Unlike adaptive filtering methods, transform-domain methods do not require a
reference noise signal. The theory behind the transform-domain method is based on the
observation that, in the transform domain, the speech signal exhibits a sparse and localized
representation. Speech energy is concentrated in a small number of coefficients, whereas
noise is distributed more uniformly across the transform domain. This characteristic facil-
itates the identification and separation of noise while preserving the underlying speech
components. The transform-domain approach begins by transforming the noisy signal
into an alternative representation that reveals its time-frequency/time-scale characteristics.
The short-time Fourier transform (STFT) provides time-frequency information and reveals
distinct spectral features (Equation (19)). The wavelet transform offers simultaneous local-
ization in both the time and frequency domains, enabling the analysis of transients and
slowly varying components while decomposing the speech signal into multiple resolution
levels (Equation (20)). Similarly, empirical mode decomposition (EMD) decomposes the
noisy signal into a finite set of intrinsic mode functions (IMFs) (Equation (21)). After signal
transformation, noise suppression is performed in the transformed domain. In STFT-based
methods, spectral masking or gain estimation techniques are employed to suppress noise.
In wavelet-based methods, coefficient thresholding attenuates wavelet coefficients below
a predefined or adaptive threshold, thereby reducing noise while preserving important
speech components. In the EMD-based method, speech-dominant IMFs are retained or
thresholded, whereas noise-dominant IMFs and high-frequency disturbances are attenu-
ated. Finally, the enhanced speech signal is reconstructed using the corresponding inverse
transform, such as inverse STFT, inverse wavelet transforms, or IMF summation. Con-
sequently, transform-domain methods effectively suppress noise while preserving the
spectral structure of the speech signal.

Y(k,m) = Zn y(n)w(n — m)e 12Hkn/N (19)

where w(n) is the analysis window, j is the imaginary unit, N is the FFT size.

N 0, \wl| <T
- )
o {wi, (wi| > T) 20

where w; is the wavelet coefficient, @; is the threshold coefficient, and T is the threshold value.
K
y(n) =Y . IMFi(n) +r(n) (21)

where IMF;(n) is the ith intrinsic mode function, r(n) is the residual signal, and K is the
number of IMFs. Allen (1982) introduced the STFT framework, which laid the foundation
for transform-domain spectral masking and demonstrated that the short-time spectral rep-
resentation can preserve the perceptual speech quality [50]. Donoho (1993) demonstrated
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that sparse signal representation enable effective noise suppression through coefficient
shrinkage [51], thereby establishing theoretical basis for wavelet-based speech denoising.
Rilling et al. (2003) initially proposed EMD for nonstationary signals and later extended its
application to speech enhancement [52-57]. Their work demonstrated that IMFs effectively
separate speech and noise components under real-world acoustic conditions. Transform-
domain methods provide enhanced robustness by exploiting localized time-frequency
representations. However, their performance remains sensitive to parameter selection, and
issues such as mode mixing, phase distortion, and decomposition errors may degrade
enhancement performance.

Overall transform-domain methods provide an excellent compromise between noise
suppression and speech preservation because they exploit localized time-frequency rep-
resentations. Nevertheless, their performance depends strongly on parameter selection,
decomposition accuracy, and threshold estimation. Methods such as EMD and VMD may
suffer from mode mixing and are computationally more demanding, whereas wavelet-
based methods require careful selection of basis functions and decomposition level. Conse-
quently, algorithm selection should balance enhancement performance with computational
efficiency and implementation requirements.

3.1.5. Speech Model-Based Method

The core idea behind speech model-based methods is based on the assumption that
clean speech follows a well-defined mathematical model. Consequently, an explicit mathe-
matical model of the speech production mechanism is developed, rather than modeling
only the noise characteristics. In linear predictive coding (LPC) and autoregressive (AR)
models, noise is treated as an additive disturbance. When combined with a speech produc-
tion model, the estimation framework enables the reconstruction of clean speech even when
the noise statistics are unknown or inaccurately estimated. Speech model-based methods
operating well in the time or state-space domain are capable of preserving pitch, formant
structure, and temporal dynamics, unlike statistical methods that primarily operate in the
spectral domain. These methods perform effectively when the speech models accurately
capture the vocal tract dynamics.

In this approach, the speech signals are modeled using the LPC or AR approach, in
which each sample is represented as a linear combination of its past samples. The model
parameters can be estimated either directly from the noisy speech signal or derived from
pre-trained speech statistics, allowing the model to capture the spectral envelope and
temporal structure of clean speech. A state-space framework (Equation (22)) is used to
model speech, where the clean speech is treated as a dynamic system represented by

x(n) = Ax(n—1) + w(n) (22)

where x(n) is the speech state vector, A is the state transition matrix, and w(n) is the
excitation (process noise). The noisy model (Equation (23)) is obtained by incorporating
additive noise into the measurement equation:

y(n) = Cx(n) + o(n) 23)

where C is the observation matrix and v(n) denotes observation noise. Given this state-
space formulation, Kalman filtering is employed to recursively estimate the clean speech
from the noisy signal.

#(nln) = £(nln — 1) + K(n)[y(n) — C2(nfn —1)] 4)
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where %(n|n) is the updated state estimate, and K(#) is the Kalman gain. The Kalman filter
operates through alternating prediction and update stages, during which incoming mea-
surements refine the prior state estimates, thereby optimally balancing model predictions
and observed data. Finally, the enhanced signal is reconstructed from the estimated speech
states, preserving the temporal and spectral characteristics of the original speech. Atal
(1982) [58] introduced one of the earliest speech model-based enhancement methods using
LPC, laying the foundation for subsequent speech model-based speech enhancement tech-
niques. He demonstrated that the speech spectrum could be accurately represented using a
relatively small number of LPC parameters [58-62]. Kalman (1960) developed the Kalman
filtering framework for dynamic systems based on state-space estimation theory [63]. Later,
studies demonstrated that if speech is treated as a dynamic system, a Kalman filter can
outperform the spectral subtraction while preserving formant structure [64-69]. These
studies also demonstrated that the explicit speech modeling reduces speech distortion, and
subsequent research further improved parameter estimation and enhanced the robustness
of the Kalman-based filter under nonstationary noise conditions.

The speech model-based approach provides a strong prior on speech structure and
can achieve high enhancement performance. However, its effectiveness depends on the
accuracy of the underlying speech model, and any mismatch between the actual speech
signal and the assumed model may degrade performance. Compared with purely spectral
enhancement methods, speech model-based techniques explicitly exploit the temporal
correlation and speech production mechanism. Consequently, LPC-based methods are
particularly suitable for speech coding, low-bit-rate communication, and speech synthesis,
whereas Kalman filtering provides superior performance for tracking rapidly varying
speech dynamics under nonstationary noise conditions. Spectral enhancement methods,
however, remain computationally simpler and are generally preferred for real-time applica-
tions requiring low computational complexity.

Although classical signal processing techniques provide mathematically elegant and
computationally efficient solutions, their performance gradually deteriorates under highly
dynamic acoustic environments because they primarily rely on statistical assumptions re-
garding speech and noise characteristics. In most of the classical methods, the enhancement
parameters are based on predefined mathematical models. However, in practical scenar-
ios such as babble noise, traffic, crowd conversation, and rapidly changing background
interferences, these assumptions are often violated, resulting in inaccurate noise estimation,
residual noise, musical noise artifacts, and speech distortion. Consequently, improvement
in objective measures such as SNR does not always translate into better perceived speech
quality or intelligibility. These limitations have motivated the development of perceptually
inspired methods that exploit the characteristics of the human auditory system to improve
subjective listening quality. Instead of treating all frequency components equally, percep-
tual methods exploit psychoacoustic principles such as auditory masking, critical band
analysis, and perceptual weighting to selectively suppress only perceptually significant
noise while preserving speech-dominant components, as discussed in the next section.

3.2. Perceptual and Auditory-Inspired Methods

Perceptual and auditory-inspired speech enhancement methods aim to improve speech
quality by incorporating the characteristics of human hearing. However, they are based on
different underlying principles. Perceptual approaches exploit psychoacoustic phenomena
such as auditory masking, critical bands, and perceptual weighting to suppress perceptually
relevant noise while preserving speech naturalness [70]. In contrast, auditory-inspired
approaches attempt to model the physiological processing of the human auditory system,
including cochlear frequency selectivity and auditory filter bank analysis using Gammatone,
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Gammachirp, or equivalent cochlear models [71]. Although both approaches are motivated
by human hearing, perceptual methods emphasize perceptual optimization of speech
quality, whereas auditory-inspired methods focus on biologically inspired representation
of speech signals. Because of their complementary characteristics, both paradigms play
a significant role in modern speech enhancement systems, improving perceptual quality
while preserving important auditory information.

3.2.1. Perceptual-Based Enhancement

Perceptual-based speech enhancement techniques are developed based on psychoa-
coustic principles that describe the characteristics of human hearing rather than solely
relying on objective signal-level optimization. These techniques are based on the premise
that not all noise components are equally audible to human ears. Therefore, suppressing
only perceptually significant noise preserves speech naturalness while minimizing unnec-
essary speech distortion. Perceptual algorithms aim to optimize subjective listening quality
by exploiting critical band analysis, auditory masking, and perceptual weighting. The
enhancement process begins by transforming the noisy speech signal into a perceptually
meaningful frequency representation using critical-band analysis. The Bark scale, which
closely approximates the frequency resolution of human hearing, divides the audible fre-
quency range into critical bands corresponding to the filtering characteristics of the human
cochlea. The energy within each critical band is estimated as

Ep =Y peq,| YO (25)

where E,, represents the energy of the b'" critical band, Y (k) denotes the noisy speech
spectrum, and (2, represents the frequency bins belonging to the corresponding Bark band.
Based on the critical band energy distribution, an auditory masking threshold is estimated
for each perceptual band. This threshold represents the minimum sound level that remains
audible in the presence of stronger neighboring speech components. The masking threshold
may be represented as

Ty = f(Ey) (26)

where T}, is the masking threshold, and f(.) is a psychoacoustic masking function. Noise
components whose energy remains below the threshold are considered perceptually in-
significant and therefore require little or no attenuation, whereas components above the
threshold are selectively attenuated. Subsequently, a perceptual gain function is computed
to attenuate only those noise components whose energy exceed the audibility threshold
while preserving the speech-dominant regions essential for maintaining speech intelligibil-

i 1, (N, < T
o= {!3/ (Nb > Tb) 7

where N}, is the estimated noise energy in the b* band, and g is the attenuation factor.

ity and naturalness.

Finally, the enhanced speech signal is reconstructed through inverse spectral transforma-
tion. This method avoids unnecessary suppression of inaudible noise, thereby reducing
speech distortion and auditory artifacts. The processed perceptual-domain representation
is transformed back into the time domain using inverse filter-bank synthesis, resulting
in enhanced speech with improved subjective quality. Johnston (2002) developed a psy-
choacoustic model describing auditory masking and perceptual threshold [72]. His work
demonstrated that removing inaudible noise does not necessarily improve perceived
speech quality, thereby motivating the development of perceptually weighted enhance-
ment techniques. Wang and Brown (2006) integrated the auditory filter banks into speech
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enhancement systems and demonstrated that perceptual processing significantly improves
speech intelligibility and naturalness compared with conventional spectral enhancement
methods [73-75]. Subsequent studies have demonstrated that perceptual approaches are
highly effective in listening devices such as hearing aids, where subjective speech quality is
often more important than SNR improvement. These studies have established perceptually
based enhancement as an important framework for hearing-impaired communication and
other human-centered speech-processing applications.

The main challenge of the perceptual-based method lies in the complexity of the
auditory model and the difficulty of the design of universally optimal perceptual criteria.
Although these methods generally achieve higher subjective listening quality, reflected by
improved PESQ and MOSs, their performance depends strongly on accurate estimation of
auditory masking threshold and psychoacoustic parameters, which may become unreliable
under highly dynamic acoustic environments.

3.2.2. Auditory-Inspired Enhancement

Auditory-inspired speech enhancement methods differ fundamentally from perceptual
approaches by attempting to imitate the physiological processing performed within the
human auditory system. Rather than relying solely on psychoacoustic masking, these
techniques model cochlea frequency selectivity, basilar membrane vibration, and auditory
nerve response to obtain a biologically meaningful representation of speech signals [76].
Such representations preserve important temporal and spectral information that is often
lost in conventional Fourier-based analysis. The processing begins by decomposing the
noisy speech signal into multiple auditory frequency channels using cochlear filter banks.
Commonly adopted auditory models include Gammatone, Gammachirp, and equivalent
rectangular bandwidth (ERB) filter banks. The Gammatone filter models the impulse
response of the basilar membrane and is expressed as

g(t) = at" 1= eos 2 fot + ¢ (28)

where 7 is the amplitude constant, n denotes the filter order, b is the bandwidth parameter,
fe is the center frequency, and ¢ represents the initial phase.

The Gammachirp filter extends the Gammatone model by incorporating frequency-
dependent chirp modulation to provide a more accurate representation of the asymmetric
cochlear response.

g(t) = at" 12 eos 27 fot + cInt 4 @ (29)

where ¢ denotes the chirp parameter controlling the frequency glide. Owing to its improved
physiological accuracy, the Gammachirp filter has demonstrated superior modeling of hu-
man auditory frequency selectivity. The center frequencies of auditory filters are generally
distributed according to the equivalent ERB scale,

f

ERB = 24.7(4.37m +1) (30)
which approximates the frequency resolution on the human cochlea across the audible
spectrum. This representation provides non-uniform frequency spacing that closely resem-
bles biological hearing and has become a standard front-end representation in many speech
processing applications. Following auditory decomposition, each frequency channel is
processed independently using adaptive gain estimation, noise suppression, and neural
network-based enhancement before reconstructing the enhanced speech signal. Because
auditory representations preserve fine temporal structure and cochlear frequency selectivity,
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they exhibit improved robustness under highly nonstationary noise conditions compared
with conventional spectral analysis.

The theoretical foundation of auditory-inspired processing originated from cochlear
modeling developed by Patterson and Holdsworth through the introduction of the Gam-
matone auditory filter bank [77]. Irino and Patterson later introduced the Gammachirp
filter, providing a more accurate representation of cochlear frequency responses [78]. More
recently, auditory-inspired front-end processing has been integrated with conventional
neural networks, transformers, and hybrid speech enhancement architectures, where bio-
logically motivated representations improve feature extraction and generalization across
diverse acoustic environments [79-81]. Auditory-inspired enhancement provides superior
robustness for complex acoustic environments because it preserves perceptually relevant
speech features while modeling physiological auditory processing. Nevertheless, its higher
computational complexity and the need for accurate auditory modeling remain impor-
tant challenges for real-time implementation, motivating continued research on efficient
auditory-impaired and hybrid speech enhancement frameworks.

Despite their ability to improve perceptual speech quality, perceptual and auditory-
inspired methods face several practical challenges. Their performance depends on accurate
estimation of auditory masking threshold and psychoacoustic parameters, which may vary
considerably among listeners and across acoustic environments. In addition, the computa-
tional complexity associated with auditory modeling can limit real-time implementation in
resource-constrained devices. Furthermore, developing a universally applicable psychoa-
coustic model remains difficult because human auditory perception is inherently subjective
and influenced by individual hearing characteristics and environmental conditions. Conse-
quently, further research is required to develop more adaptive, computationally efficient,
and generalizable perceptual enhancement frameworks.

Although perceptual and auditory-inspired methods improve the speech quality by
exploiting psychoacoustic principles and modeling the human auditory system, they gen-
erally operate on a single microphone and therefore have limited capability to distinguish
sound sources based on their spatial locations. In practical acoustic environments, speech
and interfering noise often originate from different directions, making it difficult for a
single-channel algorithm to effectively suppress directional interference. Modern commu-
nication systems such as microphone arrays, hearing aids, teleconferencing systems, and
voice control devices commonly employ multiple microphones to capture both temporal
and spatial characteristics of the acoustic field. By utilizing differences in the direction of
arrival, phase, and time delay of the received signals, spatial processing techniques can
selectively enhance the desired speech source while suppressing interfering sound from
other directions. This capability has led to the development of spatial processing methods,
which exploit spatial diversity to achieve improved robustness and speech intelligibility in
complex acoustic environments.

3.3. Spatial Processing Methods

Spatial processing methods exploit the spatial diversity of sound sources by arrang-
ing multiple microphones in an array. Single-channel methods depend on the spectral,
statistical, and temporal characteristics of the received signals, whereas spatial methods
exploit differences in the direction of arrival (DOA), spatial covariance, and propagation
delay of acoustic signals. Special processing is based on the fundamental principle that the
speech and noise arriving from different spatial locations exhibit distinct spatial character-
istics, which can be exploited to identify and suppress interfering sound sources. These
techniques are widely used in hearing aids, conference systems, teleconferencing, and
automatic speech recognition systems in noisy environments.

https://doi.org/10.3390/eng7090466


https://doi.org/10.3390/eng7090466

Eng 2026, 7, 466

18 of 37

3.3.1. Beamforming

Beamforming is a widely used strategy among special filtering techniques. Its opera-
tion is based on applying appropriate time delays and weights to microphone signals before
combining them. Signals arriving from the desired direction are constructively combined to
enhance the target speech, whereas signals arriving from other directions are destructively
combined to suppress interference. Delay-and-sum beamforming is the simplest approach,
in which the microphone signals are initially aligned according to the expected propagation
delay and then averaged. This technique is computationally efficient but provides limited
interference suppression in highly noisy environments. The minimum variance distortion
response (MVDR) beamformer minimizes the output power while preserving the desired
signals without distortion. The MVDR beamformer provides substantial interference sup-
pression and is widely employed as a standard component in modern noise suppression
systems. The generalized sidelobe canceller (GSC) is based on decomposing the system
into fixed beamforming and adaptive noise cancelation stages. The GSC effectively im-
proves noise suppression in dynamic acoustic environments; however, its performance
may degrade because of speech leakage in the adaptive branch.

3.3.2. Multichannel Approach

Multichannel enhancement techniques exploit the correlation between microphone
signals by estimating spatial covariance matrices and computing optimal gain functions
for noise suppression. Subsequently, speech signals are separated from noise through
statistical spatial filtering. Advanced multichannel systems combine beamforming with
spectral post-filtering to further suppress the residual noise and reverberation.

Despite their excellent directional noise suppression capability, spatial processing
methods require multiple synchronized microphones and accurate knowledge of the array
geometry. Their performance is sensitive to microphone mismatch, calibration errors,
reverberation, and inaccuracies in direction-of-arrival estimation. Furthermore, the ad-
ditional hardware increases system cost and limits deployment in compact or low-cost
communication devices.

Although single-channel algorithms rely primarily on spectral, temporal, and statisti-
cal characteristics of the received speech signal, multichannel systems traditionally exploit
spatial diversity through microphone arrays. Beamforming provides effective suppression
of directional interference before subsequent speech enhancement processing, whereas
single-channel algorithms further suppress residual background noise and improve per-
ceptual quality. Consequently, modern communication systems increasingly integrate
beamforming with single-channel enhancement techniques to achieve superior robustness
in reverberant environments. These approaches have achieved significant improvements;
however, their performance remains constrained by predefined mathematical models and
assumptions regarding speech production, noise characteristics, and acoustic propagation.
Although computationally efficient and theoretically well-established, they often struggle
to represent the highly nonlinear, time-varying, and complex nature of real-world acoustic
environments. These limitations have motivated the emergence of data-driven speech
enhancement, where machine learning models learn the mapping between noisy and clean
speech directly from large-scale datasets rather than relying on handcrafted signal models.

3.4. Data-Driven Methods

The application of machine learning in noise suppression represents a paradigm
shift from the analytical modeling to the data-driven learning. Instead of designing an
explicit model of speech and noise statistics, machine learning methods learn a nonlinear
mapping between noisy and clean speech using large-scale datasets. These methods
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are based on the observation that the complex relationship between speech and noise
in nonstationary environments cannot be adequately modeled using fixed mathematical
formulations but can instead be learned directly from the data. Machine learning-based
algorithms are formulated as supervised learning frameworks in which a model is trained
to learn the mapping between noisy speech and the corresponding clean speech. The
first step involves feature extraction, where noisy speech signals are transformed into
time-frequency representation, including short-time Fourier transform (STFT) spectra,
magnitude spectra, log-power spectra, and Mel-frequency features. These representations
capture the spectral and temporal characteristics of speech and noise and serve as inputs to
the learning models. The learning model can be expressed as shown in Equation (31).

$= f(Y) (31)

where fy(.) is a neural network with parameter 6, S is the estimated clean speech spectrum.
At the training stage, the dataset is used to optimize the parameters of the learning model.
Depending on the framework, the model can predict the noise spectrum, estimate the
clean speech spectrum, or compute a time-frequency mask to attenuate noise-dominant
regions. Thereafter the model parameters are optimized by minimizing a loss function
(Equation (32)) that quantifies the difference between the estimated and reference clean
speech signals using either the mean square error or perceptually motivated loss functions.

2

A

¢=1|s-5

(32)

where ( is the training loss, and ||.|| denotes the Euclidean norm. During the inference
stage, the trained model processes previously unseen noisy speech features and generates
an improved spectral estimate or time-frequency mask. The mask-based reconstruction can
be expressed as

S(k,m) = M(k,m)Y (k,m) (33)

M(k, m) is the estimated time-frequency mask. The noisy phase information is com-
bined with the estimated magnitude spectrum and transformed back into the time domain
using the corresponding inverse transform. This framework demonstrates that machine
learning methods can effectively attenuate highly intense, nonstationary, and previously
unseen noise types by learning the complex nonlinear relationship directly from data,
thereby achieving significant improvements in speech quality and intelligibility.

The classical machine learning (ML) methods are based on shallow learning mod-
els [82-84], which assume linear or piecewise linear relationships, such as the Gaussian
mixture model (GMM) and non-negative matrix factorization (NMF). The work of Lee and
Seung (1999) on NMF demonstrated the feasibility of learning-based decomposition and
showed that the speech spectra can be decomposed into additive basis components [85,86].
The literature on the GMM approach demonstrated that, by adapting to the underlying
data distribution, statistical learning-based methods can achieve better noise reduction
than fixed estimators [87-89].

On the other hand, modern deep learning (DL) approaches employ deep neural net-
works (DNN), convolutional neural networks (CNN), recurrent neural networks (RNN),
particularly long short-term memory (LSTM) networks, and transformers, which are ca-
pable of modeling highly nonlinear relationships and long-term temporal dependencies.
DNN:s learn global nonlinear mappings, CNNs exploit local spectral correlations, LSTM
networks model temporal dependencies across consecutive frames, and transformer-based
models capture long-range contextual information through attention mechanisms. The
work of Xu et al. (2013) on DNN-based speech enhancement marked a breakthrough in
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machine learning, demonstrating that deep neural networks can directly learn the mapping
from noisy speech to clean speech, thereby achieving unprecedented improvement in PESQ
and STOI [90-95]. Subsequently, Wang et al. (2016) combined CNNs and LSTM networks
and demonstrated that deep learning methods consistently outperform classical baseline
algorithms across different datasets and noise conditions [96-99]. These methods effectively
model temporal dependencies, spectral patterns, and contextual information that are diffi-
cult to capture using conventional signal processing techniques. These successive advances
established deep learning as the state-of-the-art approach for speech enhancement and
noise suppression.

Deep learning-based speech enhancement methods have made remarkable progress,
but several practical challenges still limit their widespread deployment in real-world
applications. These issues are summarized as:

v" Data dependency: Deep learning-based speech enhancement methods rely heavily
on the availability of large, diverse, and accurately annotated datasets for effective
training. Most supervised models require paired noisy and clean speech recordings
collected under various acoustic conditions to achieve robust performance. However,
acquiring such dataset is expensive and time-consuming, while limited training
diversity may reduce the model’s ability to handle previously unseen speakers, noise
types, and recording environments.

v' Model interpretability: Another important challenge is the limited interpretability of
deep learning models. Unlike classical signal processing techniques, which are based
on well-defined mathematical formulations and physically meaningful parameters,
deep neural network operates as complex nonlinear mapping functions with millions
of trainable parameters. Consequently, understanding the decision-making process
and explaining why a particular enhancement result is obtained remain challenging,
reducing transparency and limiting their adoption in safety-critical applications.

v" Generalization capability: The generalization capability of deep learning models remains
an active research challenge. Although these models perform exceptionally well under
acoustic conditions similar to their training data, their performance may degrade when
exposed to previously unseen noisy environments, speakers, languages, and recording
devices. Improving robustness through domain adaptation, self-supervised learning,
continual learning, and large-scale foundation models has therefore become an important
direction for the next-generation of speech enhancement.

However, deep learning approaches have achieved remarkable performance by learn-
ing complex nonlinear relationships from large-scale datasets; however, they often require
substantial computational resources, large annotated datasets, and high-performance hard-
ware for effective training and deployment. Furthermore, their performance may degrade
when encountering acoustic conditions that differ substantially from the training data,
limiting their generalization and real-time applicability in resource-constraint environ-
ments. To address these challenges, recent research has increasingly adopted hybrid speech
enhancement frameworks that integrate the computational efficiency, interpretability, and
domain knowledge of classical signal processing with the powerful representation-learning
capability of artificial intelligence.

3.5. Hybrid Approach

Since the early development of speech enhancement methods, numerous approaches
have been developed, leading to continuous improvement in performance. However,
no single method can effectively suppress all types of noise across diverse acoustic en-
vironments. To overcome the limitation of individual techniques, the hybrid approach
combines two or more fundamentally different methods into a unified framework. The
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hybrid framework leverages the complementary strength of different approaches while
mitigating the individual limitations to achieve optimal performance. The literature indi-
cates that classical methods improve interpretability, transform-domain methods effectively
handle nonstationary noise, and machine learning offers superior enhancement perfor-
mance. By integrating these complementary techniques, hybrid frameworks can achieve
higher enhancement performance, improved perceptual quality, and greater robustness.
The working mechanism of a generic hybrid framework follows a multistage cascaded
processing architecture (Equation (34)), where each stage performs a specific enhancement
task. The generic hybrid speech enhancement framework can be represented as a cascade
of multiple enhancement operators, where the output of one stage serves as the input to
the subsequent stage.

Each processing block performs a complementary task such as preliminary noise
suppression, feature refinement, adaptive estimation, or deep learning-based enhancement,
thereby progressively improving speech quality while preserving speech intelligibility. The
overall framework is mathematically expressed as

§(n) = Ex(E1(y(n))) (34)

where §(n) is the enhanced speech signal, y(n) is the noisy speech signal, E;(.) is the
first-stage enhancement operator, and Ej(.) is the second-stage enhancement operator. The
initial stage involves front-end signal processing techniques such as transform-domain
decomposition (STFT, wavelet transform, and EMD) or classical statistical filters to perform
initial noise reduction. This stage reduces the noise variance and improves the SNR
before further processing. At the intermediate step, more sophisticated methods, such
as subspace techniques, speech modeling, and perceptual weighting, are incorporated to
further attenuate residual noise and refine speech-dominant components by exploiting the
structural and perceptual characteristics of the speech signal. In some hybrid frameworks,
these stages are followed by a learning-based module, such as DNN, which processes the
pre-enhanced speech to remove the remaining noise artifacts and estimate the optimal
gain function or time-frequency mask. Finally, a post-processing stage applies additional
filtering techniques, such as Wiener filtering, Kalman filtering, or temporal smoothing, to
further reduce artifacts and improve speech quality. The enhanced speech signal is then
reconstructed in the time domain using the corresponding inverse transform.

Table 4. Recent Hybrid Noise Reduction Methods.

Hybrid Method Core Idea Test Noise Key Result Ref
Classical Wiener front-end for PESQ /i?(}ljis:(;fnusical
Wiener + DNN coarse denoising + DNN for Babble, street . [100]
. noise vs. standalone
refinement
stages
DNN estimates AR/PSD
DNN + Kalman parameters,: colored-.n01se Colore.d/ Slgmﬁcant ASNR PESQ [101]
Kalman filter for final real noises gains vs. Kalman alone
smoothing
Multi-mic beamformer for Robust multi-channel
Beamforming + DNN spatial selectivity + DNN Reverberan, . .
. . . improvement in ASR & [102]
post-filter post-filter for spectral cleanup multi-talker PESQ
& phavee correction
Wavelet/subband

Wavelet
front-end + DNN

Better transient
Street/babble preservation and [103]
reduced models size

decomposition feeds DNN per
subband (or DNN acts on
wavelet coeffs)
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Table 4. Cont.

Hybrid Method Core Idea Test Noise Key Result Ref
Ez(cjic:sr;pr(l)s: mlto 8111:1[3;8 2\22 Nonstationary/ Robustness to
EMD + DNN/PCA ceo), T appy Subsp : nary impulsive and [104]
filtering or DNN per impulsive . . .
time-varying noise
component
Unsupervised decomposition
(NMF/VMD) followed by . Improves separation
VMD + DNN supervised DNN to refine Babble/music alongside fewer labels [105]
masks/coefs
Joint optimization: DNN for
DNN -+ mask estimation — Strong ASR
. WPE dereverberation — Reverberant rooms improvement and [106]
WPE + Beamforming . .
beamformer weights, dereverberation
trained end-to-end
Pretrain diffusion model
Diffusion + feature-guided alongside feature guidance Babble Improved efficiency & [107]
pretraining (hybrid of generative pretrain + enhanced PESQ/STOI
predictive features)
Transformer long-context
Transformer TF-mask + attention for mask estimation + Music,/babble Better long-context [108]

perceptual weighting perceptual coherence and MOS

weighting / post-filter

Earlier hybrid studies by Hu and Loizou (2007) [109] combined wavelet decomposition
with Wiener filtering and demonstrated that the hybrid framework suppresses the musical
noise while preserving speech quality. Zhao (2015) [110] integrated EMD with a subspace
model, exhibiting improved robustness against the nonstationary noise. More recently,
deep learning models combined with classical signal processing methods, guided by signal
processing principles, have achieved superior performance under low-SNR conditions.

The hybrid approach effectively suppresses highly nonstationary noise while main-
taining high perceptual speech quality. Table 4 summarizes representative hybrid speech
enhancement frameworks that integrate multiple signal-processing paradigms to exploit
their complementary advantages.

Hybrid approaches employ multistage processing in which classical signal-processing
methods perform coarse noise suppression or feature extraction, while advanced learning-
based methods further refine the enhanced speech by suppressing residual noise and
reducing speech distortion. This collaborative processing strategy enables hybrid systems to
overcome many of the limitations associated with individual techniques, including musical
noise artifacts, inaccurate noise estimation, limited adaptability, and poor generation
under highly dynamic environments. The comparison reveals a clear evolution of hybrid
frameworks from the integration of traditional signal-processing algorithms to modern
deep learning architectures. These systems benefit from both the interpretability and
computational efficiency of classical signal processing and the powerful nonlinear modeling
capability of deep learning.

Table 5 presents a comparative overview of the representative speech enhancement
algorithms based on their fundamental operating principles, key strengths, and typical
application domains, while Table 6 compares the performance of major speech enhancement
methods. The comparison highlights the continuous evolution of speech enhancement from
mathematically driven signal processing approaches to data-driven intelligence systems.
Statistical estimation methods, including spectral subtraction, Wiener filter, and MMSE
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estimators, provide computationally efficient solutions and remain attractive for real-time

applications under stationary or slowly varying noise environments.

Table 5. Comprehensive analysis of noise reduction methods.

Method Core Principle Key Strength Ref
Spectral Subtraction Noise spectrum subtraction Simple, low complexity [28]
Wiener Filter MMSE-based spectral gain Smooth suppression [111]
MMSE-LSA Log-spectral MMSE estimation Improved perceptual quality [31]
PCA-Based Enhancement Signal subspace projection Preserves dominant speech [32]
SVD-Based Enhancement Low-rank approximation Better noise separation [112]
ICA-Based Enhancement Statistical independence Effective source separation [113]
LMS Adaptive Filter Gradient adaptation Tracks slow non-stationarity [114]
NLMS Adaptive Filter Normalized adaptation Faster convergence [49]
RLS Adaptive Filter Recursive least squares Rapid tracking [115]
STFT Spectral Masking TF masking Localized suppression [116]
Wavelet Thresholding Multi-resolution thresholding Preserves transients [117]
EMD-Based Enhancement IMF decomposition Handles nonstationary noise [118]
LPC-Based Enhancement Speech production modeling Formant preservation [119]
Kalman Filter State-space estimation Temporal smoothing [120]
Auditory Masking Psychoacoustic masking High MOS [72]
Auditory Filter Bank Cochlear analysis Improved intelligibility [121]
NMEF-Based Enhancement Parts-based decomposition Music/noise modeling [86]
GMM-Based Enhancement Probabilistic modeling Flexible noise modeling [122]
DNN-Based Enhancement Nonlinear spectral mapping Strong PESQ/STOI [91]
CNN-Based Enhancement Local TF learning Captures spectral patterns [1]
LSTM-Based Enhancement Temporal modeling Long-term context [123]
Transformer-Based Attention-based modeling Global context [124]

Enhancement

Adaptive filtering methods further improve robustness by exploiting signal correla-
tions and adaptive optimization, making them suitable for applications involving struc-
tured or time-varying interference. Transform-domain and speech-model-based techniques
preserve the spectral and temporal characteristics of the speech more effectively by uti-
lizing sparse signal representations or explicit speech production models, resulting in
improved perceptual quality and reduced speech distortion. Auditory-inspired and percep-
tually motivated algorithms enhance the subjective listening experience by incorporating
psychoacoustic characteristics rather than focusing solely on SNR improvement.

More recently, data-driven approaches based on machine learning and deep neural
networks have significantly advanced the state of the art by learning complex nonlinear
mappings directly from large speech datasets. These methods consistently achieve superior
objective and perceptual performance, particularly under highly nonstationary noise condi-
tions, but require substantially greater computational resources, large annotated datasets,
and dedicated hardware for training and inference.

Therefore, the selection of an appropriate speech enhancement technique depends
not only on enhancement performance but also on computational complexity, latency
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requirements, availability of training data, robustness to environmental variations, and the

target application.

Table 6. Representative performance comparison of major speech enhancement methods.

Typical SNR

Algorithm Category Improvement PESQ Computational Cost Key Trade-Off Ref
Low Fast and interpretable,
Statistical Methods 5-12 dB 2.0-2.8 Real-time capable, degrades sharply under [28,125]
minimal memory nonstationary noise
Moderate Good for
Subspace Methods 7-11dB 2,129 Eigen decomposition structured /colored noise; [32]
adds cost sensitive to rank selection
Needs a correlated
Adaptive Filtering 8-15dB 2.2-3.0 Low (LMS/NLMS), reference signal; RLS [49,114]
moderate (RLS)
converges faster
Moderate decomposi- Better spectral/temporal
Transform-Domain 6-12 dB 2.2-3.1 tion/reconstruction preservation; performance  [117,126]
overhead tied to model accuracy
Moderate to high
auditory Prioritizes subjective
Perceptual / Auditory 4-10 dB 2.5-34 filterbank /masking- quality over raw SNR; [72,121]
threshold estimation ideal for hearing aids
adds cost
High Best objective/perceptual
Deep Learning 12-22 dB 2842 lar'gt? datasets, memory scores, we ak [90]
training, heavy resource generahzatlon to
demand unseen noise
High Highest
Hybrid Frameworks 14-25 4B 3.0-4.4 multistage cascade robustness/perceptual [109]

compounds cost of
constituent stages

quality; increased system
complexity, latency

3.6. Complementary Acoustic Enhancement Techniques

The speech enhancement algorithms for suppressing background noise and recovering
clean speech signals have been discussed in the preceding section. In addition, acoustic
signal processing encompasses several complementary techniques that address related
problems, such as active noise control (ANC) for adaptive noise cancellation and acoustic
echo cancellation (AEC) for echo suppression, thereby contributing to the development of
advanced acoustic signal processing systems. Likewise, sparse subband adaptive filtering
has attracted considerable attention because of its fast convergence, reduced computational
complexity, and improved performance for echo cancellation and nonstationary noise
suppression. Although these domains address objectives that differ from those of the speech
enhancement algorithms discussed earlier, they share common theoretical foundations,
including adaptive filtering, optimization, and signal estimation, and are increasingly
integrated into modern hybrid speech enhancement frameworks. This convergence reflects
the growing trend toward unified and intelligent acoustic signal processing systems capable
of jointly addressing noise suppression, echo cancellation, and adaptive acoustic control.

Active noise control. Active noise control (ANC) is a widely used and effective tech-
nique in headphones, automotive cabins, and other acoustic applications for suppressing
unwanted, repetitive, low-frequency noise [127-129]. The ANC system suppresses the
unwanted sound by generating an anti-noise signal with the same amplitude and opposite
phase, thereby achieving destructive interference.
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Adaptive filtering methods are the predominant approach for ANC, particularly the
feedforward filtered-x least mean square (FXLMS), which has gained widespread adoption
because of real-time feasibility, computational efficiency, and implementational simplicity.
The FXLMS method minimizes the second-order error moment, i.e., [(n) = E{e*(n)},
where e(n) is the residual error signal and E{.} denotes expectationoperator [130-133].

Another widely used variant, the filtered-x normalized least mean square (FXNLMS)
algorithm, addresses the sensitivity of FXNLMS to variations in input signal power. It
further incorporates normalization, leakage, and zero attraction mechanisms to better han-
dle filter sparsity, reduce coefficient drift, and improve computational efficiency [134-136].
The variable step size (VSS)-FXLMS approach adapts the learning rate online to balance
convergence speed and steady-state error. VSS-FxLMS variants, including heuristic and
data-driven schemes, improve adaptation under stationary conditions but retain the MSE
objective, making them vulnerable to impulsive outliers [137-140]. Robust adaptive filter-
ing for impulsive environments has been extensively studied outside the ANC framework,
with least audible deviation (LAD), Huber, and maximum correntropy criteria (MCC)-
based methods demonstrating superior robustness against outliers [141-143]. Generalized
filtered-x MCC and maximum correntropy criterion-based FxLMS variants have been pro-
posed to address non-Gaussian noise in ANC. However, existing formulations often suffer
from either high steady-state misalignment or the inability to jointly address adaptive
kernel-width estimation and secondary-path compensation [144-146]. Correntropy is a
localized similarity measure induced by a positive definite kernel that emphasizes small
informative errors while suppressing the influence of large outliers. More recently, the
distribution-aware, risk-sensitive, filtered-x NLMS (DA-RS-FxXNLMS) method replaces the
traditional MSE objective with a correntropy-based, risk-sensitive cost and combines it
with an adaptive kernel width estimator and filtered reference compensation [147]. These
developments indicate that future ANC systems are likely to become an integral component
of intelligent speech communication and acoustic signal processing systems.

Acoustic echo cancellation. Acoustic echo cancellation (AEC) is another technique that
aims to estimate the acoustic echo path and subtract the estimated echo from the micro-
phone signal before subsequent speech processing. Conventional AEC systems are based
on adaptive filtering methods such as least mean square (LMS), normalized LMS, affine
projection algorithm (APA), recursive least square (RLS), and Kalman filtering. Among
these, NLMS is one of the most widely adopted algorithms because it offers an attractive
balance between computational complexity and convergence performance. Most recent
proportionate adaptive filters and sparse adaptive algorithms have demonstrated superior
performance in identifying long acoustic impulse responses in practical environments.
Modern neural network-based echo cancellation systems estimate nonlinear echo com-
ponents, improve double-talk robustness, and compensate for loudspeaker distortions.
Contemporary conferencing platform and full-duplex communication systems combine
acoustic echo cancellation with speech enhancement, dereverberation, beamforming, and
noise separations to provide an integrated front-end speech processing framework.

Sparse subband adaptive filters. Adaptive filtering remains the fundamental com-
putational framework for many speech enhancement, ANC and AEC algorithms. Under
long acoustic impulse-response conditions, broadband adaptive filters often suffer from
high computational complexity and slow convergence. Sparse subband adaptive filters
decompose broadband signals into multiple frequency bands, allowing adaptive processing
to be performed independently within each subband. This decomposition reduces eigen-
value spread, accelerates convergence, and lowers computational complexity. Furthermore,
sparse adaptive filtering exploits the observation that many acoustic impulse responses
contain only a small number of dominant coefficients. Algorithms such as proportionate
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NLMS, improved PNLMS, and sparsity-aware LMS-based subband adaptive filters selec-
tively update significant coefficients, thereby achieving faster convergence and improved
steady-state performance. Owing to their computational efficiency and rapid adaptation
capability, sparse subband adaptive filters have become an attractive option for real-time
speech enhancement, acoustic echo cancellation, and active noise control systems.

4. Critical Assessment: Merits, Challenges, and New Perspectives

This study presents a unified, systematic, and comprehensive framework for noise
suppression techniques for speech enhancement by integrating contributions from diverse
research domains, thereby bridging classical signal processing techniques with modern ma-
chine learning approaches, unlike conventional survey articles, which are limited to partial
categorization. The proposed five-category taxonomy provides a comprehensive classifi-
cation of speech enhancement methods and facilitates an understanding of the evolution
of noise separation techniques from traditional analytical models to data-driven frame-
works, which is often fragmented in existing literature. Furthermore, beyond providing
a descriptive summarization, this review presents a comparative analysis across all cate-
gories to explain why specific methods perform better under different acoustic conditions.
The insight-oriented comparison provides a deeper understanding of algorithm selection,
which is typically missing in previous review articles. The methods are evaluated from the
perspectives of performance, computational complexity, and practical applicability, where
different techniques are assessed not only in terms of noise suppression performance using
objective metrics such as SNR, PESQ, and STOI but also with respect to computational com-
plexity, real-time feasibility, and practical deployment constraints. The multidimensional
evaluation provides valuable guidance for selecting an appropriate speech enhancement
algorithm for applications such as speech recognition, telecommunication systems, hearing
aids, etc.

Classical signal processing methods play a crucial role in establishing the foundation
of speech enhancement because of their computational efficiency. Statistical and adaptive
filtering techniques require relatively low computational resources. However, transform-
domain and speech model-based methods exhibit moderate computational complexity
because of additional signal decomposition and reconstruction processes they employ.
These approaches are mathematically well established and are suitable for real-time appli-
cations because they rely on well-established analytical formulations. Under stationary or
slowly varying noise conditions, they provide effective enhancement while maintaining
low computational complexity. However, the performance of these approaches depends on
the accurate noise estimation and assumptions regarding the characteristics of the speech
and noise, including whether they are stationary or nonstationary and linear or nonlin-
ear. In practical acoustic environments where noise is highly nonstationary and rapidly
varying, these assumptions may no longer hold. Under such conditions, speech distortion,
residual noise, and musical noise artifacts may occur, thereby degrading speech quality.
Furthermore, these methods exhibit limited capability in modeling the complex nonlinear
relationships between speech and noise. Despite these advantages and limitations, classical
methods remain highly effective for practical applications such as telecommunication,
embedded systems, and low-power speech processing. Future work should focus on inte-
grating classical signal processing techniques with modern machine learning approaches
to improve noise suppression while preserving speech quality under dynamic acoustic
environments. Such hybrid frameworks combine the interpretability and computational
efficiency of classical methods with the powerful learning capability of modern machine
learning techniques.
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The auditory-inspired approach provides valuable insights into human auditory
perceptions and shifts speech enhancement techniques from a purely signal-based approach
to human-centered frameworks. The incorporation of psychoacoustic principles, such
as frequency selectivity, auditory masking, and critical-band analysis, enhances speech
quality while preserving naturalness. The approach effectively suppresses perceptually
disturbing artifacts while maintaining the listening comfort required for hearing aids
and related assistive listening devices. However, the performance of auditory-inspired
techniques depends on the accuracy of the psychoacoustic model. It is known that human
auditory perception varies among individuals and is influenced by several factors, such
as age group, hearing ability, and listening conditions. Hence, developing a universally
optimal auditory masking model that accurately represents these variations remains highly
challenging. In addition, these methods can improve subjective quality as reflected by
MOS and listener preference but may not always achieve comparable improvements in
objective performance metrics such as SNR. Despite these strengths and shortcomings,
several challenges remain unresolved. First, the development of auditory-inspired models
and perceptually meaningful objective evaluation metrics remains an important research
direction. Second, future systems could incorporate personalized auditory models that
adapt to the hearing characteristics of individual users.

Unlike single-channel techniques that depend on the spectral, temporal, and statistical
characteristics of the received speech signal, spatial processing approaches provide a funda-
mentally different perspective on speech enhancement. These methods exploit the spatial
diversity of sound sources by using multiple microphones, utilizing DOA information,
propagation delay, and spatial covariance matrices to distinguish desired speech from inter-
fering noise. This strategy significantly improves speech intelligibility and noise separation
under dynamic acoustic environments, particularly in multi-speaker scenarios. However,
accurate microphone array geometry and sensor calibration remain essential for reliable es-
timation of spatial parameters. In a highly reverberant environment, reflections can distort
the directional information required for source separation, thereby degrading enhancement
performance. In addition, these systems require multiple microphones, which increases
hardware complexity, power consumption, and implementational cost. Furthermore, signal
leakage and estimation error remain challenging issues in adaptive beamforming tech-
niques. The computational complexity varies among different beamforming strategies,
resulting in a trade-off between enhancement performance and computational efficiency.
Delay-and-sum beamforming is particularly suitable for real-time applications because
of its low computational requirements. In contrast, advanced methods, including MVDR
beamforming, generalized sidelobe cancellers, and multichannel Wiener filters, require
sophisticated matrix computations. The integration of a spatial-spectral joint framework
could open a promising direction for improving robustness.

Data-driven approaches have transformed the field of speech enhancement by replac-
ing analytical modeling with learning-based techniques trained on large-scale datasets.
Both machine learning and deep learning methods can model the complex and nonlin-
ear relationship between speech and noisy signals, making them capable of performing
effectively under highly challenging acoustic conditions. Advanced speech enhancement
architectures such as DNN, CNN, LSTM networks, Transformers, and diffusion models
provide excellent objective and subjective performance metrics. Despite their state-of-the-
art performance, these approaches still face several practical challenges. Deep learning
architectures require large datasets for training, resulting in substantial computational and
memory requirements. Furthermore, these architectures are generally developed as black-
box models with limited interpretability, making it difficult to explain their decision-making
process. Moreover, when deployed in previously unseen acoustic environments that differ
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significantly from the training data, their performance may degrade, raising concerns about
their robustness and generalization capability. These limitations restrict their reliability
in resource-constraint environments. However, different machine learning architectures
exhibit different computational complexities. Classical machine learning methods generally
require moderate computational resources, whereas deep learning models demand substan-
tially greater memory and computational power. Future research should therefore focus
on lightweight network architectures, data-efficient training strategies, self-supervised
learning, and foundation models to improve robustness, computational efficiency, and
real-time performance in previously unseen acoustic environments.

The critical analysis of the different categories of speech enhancement methods indi-
cates that no single method performs optimally in all acoustic conditions, thereby moti-
vating the development of hybrid frameworks. The integration of well-established noise
suppression methods within a single framework provides a promising direction for ad-
vancing speech enhancement. The unified framework provides flexibility and adaptability,
allowing the complementary strengths of individual techniques to be effectively exploited
and thereby achieving superior performance compared with standalone methods. The
multistage processing framework integrates these complementary strengths to achieve
improved performance. For example, classical signal processing provides interpretable
and computationally efficient front-end processing; machine learning models further re-
fine residual distortions through nonlinear modeling; and transform-domain processing
isolates speech-dominant components from background noise before subsequent enhance-
ment. However, the integration of multiple processing stages requires an optimized system
architecture and may increase overall computational complexity. Furthermore, these inter-
connected frameworks require careful parameter tuning and substantial training resources.
In addition, the increased number of interconnected components demands greater mem-
ory than conventional approaches. Consequently, multistage processing results in higher
computational complexity. These limitations continue to restrict the deployment of hybrid
frameworks in resource-constrained devices in real-time applications and highlight the
need for more efficient interaction among individual processing stages. Nevertheless, the
substantial improvement in enhancement performance achieved by hybrid frameworks
generally outweighs these computational challenges, making them a promising direction
for future speech enhancement research.

5. Challenges and New Perspectives

This study demonstrates that significant progress has been made in the field of speech
enhancement and noise reduction. The overall framework organizes the existing techniques
into five major categories based on their underlying operating principles. The mathematical
formulation provides a coherent understanding of how speech and noise signals are mod-
eled to recover the original signal. The analysis shows that classical and subspace-based
methods offer low computational complexity and are easy to implement; however, their
performance is largely limited to stationary or slowly varying noise environments. Adap-
tive filtering methods perform effectively when reference signals are available. On the other
hand, transform-domain methods enhance the robustness by exploiting the time-frequency
and time-scale localization properties of speech signals. Speech model-based approaches
preserve the speech structure and formant information by incorporating the explicit speech
production models. Furthermore, perceptual and auditory-inspired methods improve
subjective listening quality by aligning noise suppression techniques with psychoacoustic
characteristics of human hearing. The emergence of machine learning methods significantly
advanced the modeling of complex nonlinear systems, enabling effective enhancement
of degraded speech signals. Machine learning-based methods achieve excellent perfor-
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mance in terms of objective and perceptual evaluation metrics but require large datasets
for training, resulting in enhanced computational cost. The comprehensive classifica-
tion of the speech enhancement methods explains their operating mechanism, strengths,
limitations, and key application advantages. Overall, this review provides a balance
comparison of representative speech enhancement methods under diverse acoustic envi-
ronments and serves as a useful reference for selecting appropriate techniques for different
practical applications.

Despite these advances, several fundamental challenges remain unresolved under
adverse acoustic conditions. The primary concern is the robust handling of unpredictable
and intense nonstationary noise. Existing methods are effective; however, they still strug-
gle in complex, rapidly changing, and reverberant environments. Accurately modeling
speech and noise under such highly dynamic acoustic conditions remains challenging.
Another major issue lies in the trade-off between speech distortion and noise suppression.
Algorithms designed to aggressively suppress noise may inadvertently remove important
speech components, including formant structure and temporal continuity, thereby compro-
mising speech intelligibility and naturalness. Speech model-based and perceptual methods
partially mitigate this issue by maintaining an optimal balance between noise suppression
and speech preservation. Furthermore, objective evaluation metrics do not always correlate
well with subjective listening quality, complicating the assessment of the speech enhance-
ment algorithms. The dependency of deep learning methods on large annotated datasets
also remains a significant challenge because it requires substantial computational resources,
limiting their deployment in low-power and resource-constrained applications, such as
hearing aids. Several promising research directions have recently emerged to address
these challenges. Advanced hybrid frameworks combine conventional signal processing
techniques and modern approaches by providing a unified perspective that facilitates
the development of robust, computationally efficient, and practically deployable speech
enhancement systems for real-world applications.

Future Research Directions

The study establishes that speech enhancement has achieved remarkable progress
over the past few decades; however, numerous challenges remain unresolved, particularly
under highly dynamic noisy environments and real-time implementation constraints.
Future research should move beyond incremental improvements to individual algorithms
and focus on developing more robust, efficient, and generalizable speech enhancement
frameworks. Several promising research directions are discussed below.

End-to-end hybrid cascades. The hybrid speech enhancement framework has demon-
strated superior performance by combining the complementary advantages of classical
signal processing and deep learning. Most existing hybrid systems consist of independently
optimized stages. As a result, errors introduced during earlier processing stages may prop-
agate to subsequent stages, thereby limiting the overall enhancement performance. Future
end-to-end trainable hybrid architecture should focus on joint optimization of the multiple
processing stages, including statistical filtering, adaptive processing, beamforming, feature
extraction, and neural network-based enhancement. Such unified optimization allows each
module to adapt according to the requirement of the entire system rather than operate
independently. Consequently, end-to-end hybrid cascades are expected to provide greater
robustness and generalization across diverse acoustic environments.

Self-supervised and unsupervised learning. Current supervised deep learning meth-
ods primarily rely on massive datasets containing paired noisy and clean speech recordings.
The collection of such datasets is highly expensive and sometimes impractical for many
languages and acoustic environments, thereby limiting the generalization capability of
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supervised models when deployed under previously unseen noise conditions. In contrast,
self-supervised learning offers a promising alternative by learning meaningful speech
representations directly from a large collection of unlabeled speech data. These models
learn latent acoustic representations through pretext tasks and are subsequently fine-tuned
for speech enhancement using only a limited amount of labeled data. The development of
self-supervised and unsupervised learning frameworks is expected to significantly improve
adaptation to previously unseen acoustic environments while reducing dependence on
large annotated datasets.

Foundation models for speech processing. Artificial intelligence has enabled the de-
velopment of large-scale foundation models based on learning generalized representation
from enormous speech corpora. These foundation models learn universal acoustic represen-
tations that can be efficiently transferred across multiple speech processing tasks, including
speech enhancement, speaker identification, emotion recognition, and speech recognition.
Such approaches could substantially reduce training time while improving robustness
across diverse acoustic environments. Moreover, multimodal foundation models can jointly
learn speech, text, and visual information, thereby enabling more comprehensive and
robust speech enhancement systems.

Lightweight age Al implementation. Deep neural networks have achieved state-of-
the-art performance, but their deployment on resource-constrained devices such as hearing
aids, smartphones, and wearable electronics remains limited because of their high compu-
tational complexity, power consumption, and memory requirements. Therefore, the design
of lightweight neural network architecture is highly desirable to achieve comparable perfor-
mance with significantly lower computational complexity. Model compression techniques
such as network pruning, weight quantization, low-rank decomposition, knowledge distil-
lation, and efficient neural architectures are becoming increasingly important for enabling
real-time speech enhancement on edge devices.

Multimodal speech enhancement. Human speech perception integrates multiple sen-
sory cues, including auditory, contextual, and visual information. Future multimodal
speech enhancement systems are expected to integrate audio signals with complemen-
tary modalities such as facial expression, lip movements, and microphone arrays. This
visual speech information provides additional constraints for recovering corrupted speech.
The integration of multimodal information is expected to significantly improve speech
intelligibility and speaker robustness and speaker discrimination.

Uncertainty-aware speech enhancement. Most speech enhancement algorithms pro-
duce deterministic estimates of the enhanced speech signal without quantifying the confi-
dence associated with their predictions. Under unseen acoustic conditions or severe envi-
ronmental mismatches, their performance may deteriorate because the algorithm cannot
distinguish reliable estimates from uncertain predictions. Research on uncertainty-aware
enhancement methods, such as Bayesian deep learning, probabilistic graphical models,
Monte Carlo inference, and confidence estimation frameworks, enables the simultaneous
estimation of enhanced speech signals and their associated prediction uncertainty. By
explicitly modeling prediction and uncertainty, these approaches can support more reliable
decision-making, reduce the risk of erroneous predictions, and improve the robustness of
safety-critical communication systems.

Fuzzy logic. Fuzzy logic has emerged as an effective computational intelligence
approach for handling nonlinear systems and uncertain environments where precise math-
ematical modeling is difficult. Unlike conventional speech enhancement algorithms, fuzzy
inference systems employ linguistic rules and membership functions to make adaptive
decisions based on the characteristics of the input speech signals. This capability enables
these systems to effectively manage uncertainties associated with time-varying noise and
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changing acoustic conditions. Fuzzy logic has been investigated for adaptive threshold
selection in wavelet-based denoising, dynamic adjustment of noise suppression parameters,
voice activity detection, spectral gain estimation, and adaptive filtering. By incorporating
expert knowledge through fuzzy IF-THEN rules, these systems can continuously modify en-
hancement parameters according to instantaneous acoustic conditions, thereby improving
speech quality while reducing speech distortion. Furthermore, fuzzy inference systems pro-
vide greater flexibility in balancing noise suppression and speech preservation, particularly
under highly nonstationary acoustic environments. Recent advances have extended fuzzy
logic by integrating it with machine learning and adaptive signal processing techniques.
Neuro-fuzzy systems combine the interpretability of fuzzy reasoning with the learning
capability of the neural networks, while fuzzy adaptive filters dynamically optimize filter
parameters according to environmental variations.

The development of synchronous fuzzy control methods and the theory of fuzzy
Markov jump systems have demonstrated powerful capabilities for modeling uncertain
nonlinear dynamic systems. Although these methods have been primarily investigated
in control engineering, their underlying principles provide promising opportunities for
speech enhancement systems operating under rapidly changing acoustic conditions.

Moreover, the future of speech enhancement lies in the convergence of classical signal
processing, adaptive optimization, auditory perception, and modern artificial intelligence.
The emerging directions are expected to define the next generation of speech enhancement
systems. These developments will not only improve objective performance metrics such as
PESQ, STOI, and SI-SDR but also facilitate robust, human-centric speech communication in
complex real-world acoustic environments.

6. Conclusions

Herein, this study presents a comparative analysis of the different noise reduction
approaches across multiple paradigms and provides a comprehensive classification of con-
temporary speech enhancement techniques. The analytical assessment reveals that no single
method is universally optimum across all acoustic environments. Therefore, hybrid speech
enhancement frameworks integrate complementary techniques from multiple paradigms
to achieve improved robustness, speech quality, and perceptual performance under adverse
acoustic conditions. Overall, this review provides a unified framework for understanding
the evolution, strength, limitation, and future research directions of speech enhancement
methods. It serves as a reference for researchers in designing application-specific speech
management algorithms for diverse real-world acoustic environments.
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