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Abstract

Speech enhancement aims to improve speech quality and intelligibility in noisy environ-
ments and is important in applications such as hearing aids, mobile communications
and automatic speech recognition (ASR). This paper shows a structured review of speech
enhancement techniques, classified depending on the channel configuration and signal
processing framework. Both traditional and modern approaches are discussed, includ-
ing classical signal processing methods, machine learning techniques, and recent deep
learning-based models. Furthermore, common noise types, widely used speech datasets,
and standard evaluation metrics for evaluating speech quality and intelligibility are re-
viewed. Key challenges such as non-stationary noise, data limitations, reverberation,
and generalization to unseen noise conditions are highlighted. This review presents the
advancements in speech enhancement and discusses the challenges and trends of this
field. Valuable insights are provided for researchers, engineers, and practitioners in the
area. The findings aid in the selection of suitable techniques for improved speech quality
and intelligibility, and we concluded that the trend in speech enhancement has shifted
from standard algorithms to deep learning methods that can efficiently learn information
regarding speech signals.

Keywords: speech enhancement algorithm (SEA); single- and multi-channel; traditional
methods; deep learning; noise; objectives measurements

1. Introduction

Speech is considered the most important form of communication between humans,

W) Check for updates and it depends on auditory perception. It is used to communicate information from a

speaker to one or more listeners, where the speaker produces a speech signal in the form of
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pressure waves that travel from speaker’s mouth to listener’s ears. The signal involves a
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distinction in pressure as a function of time and is measured directly in front of the mouth,
the primary sound source [1]. Speech properties are often influenced by the diverse types of
noise around us, and this noise distorts and reduces its quality and intelligibility. Therefore,
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Figure 1. The general process of speech enhancement algorithms.

In the field of speech enhancement, speech quality refers to the perceptual attributes of
the enhanced speech signal, such as naturalness, distortion, and residual noise, as perceived
by human listeners [3]. It is commonly evaluated using metrics such as the Perceptual
Evaluation of Speech Quality (PESQ) and the Mean Opinion Score (MOS). In contrast,
speech intelligibility measures the degree to which a listener can correctly understand
or recognize spoken words, particularly in noisy environments, and is typically assessed
using objective and subjective measures such as the Short-Time Objective Intelligibility
(STOI) metric.

Speech enhancement algorithms (SEAs) aim to suppress background noise in order
to improve both speech quality and intelligibility. Improving speech quality is especially
important for reducing listener fatigue in prolonged noisy conditions, such as industrial or
manufacturing environments, while intelligibility is critical for effective communication in
daily and professional applications.

Noise refers to unwanted signals that interfere with meaningful speech. Although it
is generally considered undesirable, it also conveys information about its source and the
surrounding acoustic environment, and is commonly present in everyday environments
such as streets, vehicles, restaurants, offices, and public spaces [4]. Environmental noise
can be broadly categorized based on temporal characteristics, including continuous, inter-
mittent, and impulsive noise, or based on spectral characteristics, often referred to as noise

“colors” such as white, pink, and brown noise. These noise types have different temporal

and spectral properties, which significantly affect the performance of speech enhancement
algorithms [5]. Consequently, effective noise reduction plays an important role in a wide
range of applications [4], including hearing aids, security systems, industrial monitoring,
mobile and VoIP communications, and biomedical signal processing [5].

Over the years, numerous speech enhancement techniques have been developed,
ranging from classical signal processing methods such as spectral subtraction [6], Wiener
filtering [7], MMSE-based estimators [8] and Signal Subspace [9] to modern machine
learning and deep learning approaches [10]. Traditional methods rely on mathematical and
statistical models of speech and noise, whereas data-driven models, including convolutional
and recurrent neural networks, learn complex mappings directly from data and have shown
improved performance in non-stationary noise environments. Studies have explained that
deep neural networks (DNNs) result cleaner and more natural-sounding speech, which is
why they are now widely used in voice assistants (like Siri and Google Assistant), smart
hearing aids, and modern communication systems [11]. In addition, various time-frequency
transforms and hybrid representations have been employed to facilitate speech-noise
separation [12-20].
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Speech enhancement serves as a fundamental pre-processing stage for many speech
processing applications, including automatic speech recognition (ASR), speaker recognition
(SR), speech synthesis or text-to-speech [21], telecommunications, hearing aids, and se-
curity systems. Despite significant progress, achieving robust noise suppression without
introducing speech distortion remains challenging, especially in highly dynamic or unseen
noise conditions. Issues such as statistical modeling accuracy, computational complexity,
and real-time applicability continue to limit practical deployment.

Because of the distinctive characteristics of noise over time, it is not easy to enhance
speech in a noisy environment. Until now, removing noise from noisy speech has been
a difficult issue because spectral packages of non-stationary noise are very sensitive to
estimate and prediction. Noise calculation is a dangerous issue when noise power is greater
than speech power because speech content may be eliminated when treating it as noise [5].
Choosing the appropriate probability density function (PDF) to represent speech and
noise signals plays a critical role in determining the performance of speech enhancement
algorithms. Since both speech and noise are random and often non-stationary signals, their
statistical modeling must precisely characterize how their energy is distributed across time
and frequency domains. In traditional models, the Gaussian probability density function
(PDF) has been widely used because of its simplicity and mathematical ease of use.

However, Gaussian models often fail to define the sharp variations and complex
behavior of real speech signals, particularly in highly noisy or non-stationary environments.
To address this limitation, researchers have approved Laplacian, gamma, and hyper-
Gaussian probability density distributions, which are better at taking in dynamic nature of
speech components compared to noise [4].

With the increasing interest in SE, several previous articles have attempted to summa-
rize the various methods used for SE. While there have been several previous reviews in
the field of SE, most have focused on a specific aspect of algorithms, such as traditional
methods or deep learning model, particularly in terms of architecture, and have often been
descriptive without providing a comprehensive critical analysis.

This work differs from previous reviews in that it offers a thorough and integrated
review of speech enhancement algorithms from multiple perspectives simultaneously. It
does not just classify the algorithms, but explains the main principles upon which they are
based, analyzes the strengths and weaknesses of each category, and focuses on practical
challenges such as generalization over unknown noise, computational complexity, and real-
time requirements. However, many existing surveys provide descriptive overviews or
focus on specific algorithm families without jointly discussing noise types, benchmark
datasets, performance evaluation metrics, and practical challenges.

Contributions of This Review: This paper presents a comprehensive review of clas-
sical and modern speech enhancement algorithms, summarizes commonly used noise
types, datasets, and performance evaluation metrics, and discusses key challenges and
emerging research trends in the field. The aim is to provide researchers and practitioners
with a structured and up-to-date reference that highlights current limitations and future
research directions.

The subsequent structure of this paper is arranged as follows: Section 2 will re-
view SEAs and clarify the entry point of this paper; Section 3 will introduce definition
of noise and its types; Section 4 presents a detailed description of different types of SEA
datasets; Section 5 discusses the quality and intelligibility assessment measure in speech
enhancement; Section 6 presents the key applications for speech enhancement technologies;
Section 7 reviews the limitations and challenges of SEA; and Section 8 summarizes the
entire paper and looks forward to future work in the field of speech enhancement.

https://doi.org/10.3390/a19020134


https://doi.org/10.3390/a19020134

Algorithms 2026, 19, 134

4 of 39

2. Speech Enhancement Algorithms (SEAs)

SEAs play an important role in the reduction of noise to achieve clear and improved
speech, a result that in turn affects many speech applications such as hearing aids and
audio processing devices. Increasing the quality and intelligibility of the speech will make
the corrupted speech more agreeable to the listener. Many algorithms attempt to improve
speech quality at the expense of intelligibility, where an improvement in quality is mostly
followed by a decrease in clarity. This is because of the distortion detected on the clean
speech signal resulting from the disproportionate suppression of the noisy signal. Here,
it is necessary to improve both the quality of the speech and the speech’s intelligibility
simultaneously in order to make the corrupted speech more pleasant to the listener [4].
Speech enhancement tasks are part of speech signal processing, and tasks such as noise
reduction, echo cancellation, dereverberation, source separation, and speech separation
are clearly presented within the framework of speech enhancement in general, and aim to
improve speech quality and intelligibility. The scope of this review will focus on speech en-
hancement algorithms (SEA) (noise reduction type), which removes background noise from
the speech signal. Based on that, SEAs can be classified into different categorizations. One
of the most important categorizations is based on the number of available channels, which
can be divided into two categories: single-channel SEA and multi-channel SEA [22,23].

Most single-channel speech enhancement methods have traditionally depended on
digital signal processing (DSP) techniques, such as spectral subtraction, Wiener filtering,
and mean square error (MMSE) estimators (which use clean speech and noise power
spectral density estimates obtained from the noisy signal). These algorithms were effective
at reducing stationary noise, but they encountered difficulties when dealing with non-
stationary noise environments, such as background speech or traffic noise, because of
their strong assumptions about the statistical properties of noise and speech signals [4].
To exceed these limitations, researchers began integrating data-driven learning methods,
leading to the appeal of deep neural networks (DNNs) for speech enhancement. Contrary
to traditional methods that depend on static mathematical models, DNNs learn directly
from large datasets of noisy and clear speech pairs, allowing them to adapt to various noise
conditions and form complex nonlinear relationships between noisy and clear signals [10].
This transformation from manual feature extraction to automatic feature learning has led to
important enhancements in speech quality and intelligibility under realistic conditions [24].
According to this improvement, SEA-based multi-channel approaches have seen great
enhancements in terms of their performance and improved system strength by adding
additional microphones. Using multiple channels allows the system to take spatial cues
and realistic noise samples from different directions, enhancing the ability to suppress noise
more effectively while preserving the speech source [25].

The traditional technologies used for noise removal can be categorized depending
on processing domains into transform domain-based SEAs, time domain-based SEAs,
and hybrid domain-based SEAs [23]. The transform-based domain has, in turn, several
types depending on the processing techniques which are as follows: spectral-subtractive
algorithms, methods based on statistical models, and subspace criteria. Statistical methods
can be further divided into many types such as the Short-Time Spectral Amplitude Mini-
mum Mean Square Error Estimator (STSA-MMSE), the Maximum A Posteriori Estimator
(MAP), the Wiener filter, and the Kalman filter. This paper will deal with single- and multi-
channel types in a clear detail, explaining the basic types that deal with these methods,
how they work, and their special characteristics, which will be explained in the following
paragraphs. A general taxonomy of SEA based on the literature review of this paper is
shown in Figure 2.
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Figure 2. A general taxonomy of speech enhancement algorithms.

2.1. Mathematical Formulation of Speech Enhancement Problem

In single-channel speech enhancement, the observed noisy speech signal y[n] is mod-
eled as the sum of clean speech x[n] and additive noise v|[n]:

y[n] = x[n] + o[n] @

The objective of SEA is to estimate the clean speech signal £[n] from the noisy observa-
tion y[n]:
2{n] = f(yn])- @

where f(-) is the enhancement algorithm. In multi-channel speech enhancement, the noisy
observation is captured by multiple microphones:

Y[n] = X[n] + V[n] 3)

where y[n] = [y1[n],y2[n], ..., ym[n]]", M is the number of microphones. The objective is
to estimate the clean speech signal X[n]:

X[n] = g(Y[n]) )
where g(-) is the enhancement algorithm.

2.2. Single-Channel Speech Enhancement Algorithms (SC-SEA)

Single-channel SEA uses only a single audio signal from a single microphone to im-
prove audio quality by suppressing noise and distortion while preserving essential speech
information. This approach is widely used in everyday applications such as telephones
(VoIP, Zoom, and Skype), voice assistants (Google Assistant and Siri), hearing aids [26],
and (ASR). This method depends on only a single channel without relying on spatial
information such as in multi-channel systems [4]. Researchers in the field of single-channel
speech enhancement (SC-SE) usually divide enhancement algorithms into two main groups:
those based on traditional signal processing methods and other based on machine learning
methods. This broad classification is commonly used in the literature because it classes
algorithms by their underlying modeling philosophy, whether they use analytical signal
models or data-driven learning models.
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2.2.1. Traditional Speech Enhancement Algorithms

Traditional methods use clear mathematical or statistical models of clean speech and

noise signals. For decades, these methods were the most important in this field, and they

are still important sources of information and speech enhancement research [4]. They are

usually split into two subgroups based on the processing domain:

1.

Methods Based on Transform Domain

These methods are based on the transform domain, where the signals are transformed

into another domain to show the hidden properties that are used in the desired

processing. There are many different transforms that are applied in SE such as STFT,

DCT, or wavelet transforms. The most significant SEA that are applied in transform

domain are listed below:

A.

Spectral Subtraction (SS)

The method of spectral subtraction (SS) is historically one of the first algorithms
suggested for noise reduction [27]. Its operation is based on a simple principle:
if we assume that noise is simply added to speech, we can obtain pure speech
by subtracting the estimated noise spectrum from the noisy spectrum. To do
this, the noise spectrum is estimated (and updated) during the moments when
no one is talking [4]. This technique performs the reduction of noise based on
precise statistics that estimate the noise energy spectrum by finding the smallest
value for a smooth energy spectrum of a distorted speech signal. The spectral-
subtractive algorithms are evaluated for a wide range of noise types at varying
volume levels using a single-channel speech source and they are suitable for
voice communication methods [28].

Statistical Methods

Statistical speech enhancement methods are a major subclass of transform do-
main single-channel enhancement algorithms. These methods depend on the
statistical modeling of clean speech and noise in the spectral domain (such as
STFT or DCT). They estimate the clean speech spectrum by applying optimal es-
timators derived from Bayesian estimation theory, MMSE theory, or MAP-based
inference. These methods are the backbone of classical speech enhancement
techniques [4] and include the following:

STSA-MMSE

The Short-Time Spectral Amplitude Minimum Mean Square Error Estimator
(STSA-MMSE) treats speech enhancement as a statistical estimation issue in the
time-frequency domain. In the STFT domain, the noisy signal is modeled as
the sum of clean speech and extra noise. This is based on the idea that noise
is commonly assumed to follow a Gaussian distribution, while the speech’s
spectral amplitude is modeled using appropriate statistical priors. A closed-
form optimal gain function was derived that minimizes the predicted squared
error between the actual and estimated spectral amplitudes, predicated on this
assumption [29]. One of the best things about the STSA-MMSE is that it becomes
cleared of noise without adding musical noise artifacts, which is a problem
with spectral subtraction algorithms. The estimator combines a priori and a
posteriori SNRs to do this. The estimator proved to be of significantly enhanced
perceptual quality compared to traditional spectral subtraction methods.

The STSA-MMSE estimator is a basis for numerous prevalent statistical speech
enhancement techniques, such as the Minimum Mean Square Error Log-Spectral
Amplitude Estimator (MMSE-LSA) [29] and the Optimally Modified LSA es-
timator [30]. The STSA-MMSE is still one of the most important methods for
improving single-channel speech and is thought to be a key part of noise sup-
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pression based on statistical models. Mojtaba Bahrami and Neda Faraji [31]
presented a model that consider a modern extension of the STSA-MMSE algo-
rithm, which depends on modeling the amplitude of the speech spectrum using
the Weibull distribution with the inclusion of uncertainty in the presence of
speech, resulting in the improved performance of the STSA-MMSE algorithm
compared to traditional statistical models.

Maximum A Posteriori (MAP)

The MAP estimator is a statistical model-based speech enhancement technique
that estimates the clean speech spectral components by maximizing the pos-
terior probability depending on the noisy observation. Unlike MMSE, which
computes the expectation of the posterior distribution, MAP selects the most
probable value. Assuming that noise is Gaussian and speech is a statistical
model, the MAP estimator yields gain functions dependent on the a priori and a
posteriori SNRs. When the posterior distribution is symmetric, the MAP estima-
tor and the MMSE produce identical results; otherwise, MAP provides another
practical choice with a little stronger suppression at low SNR conditions [4].
Thomas Lotter and Peter Vary in [32] presented two speech spectral ampli-
tude estimators based on maximum a posteriori estimation (MAP) using the
super-Gaussian statistical modeling of speech Fourier coefficient amplitudes.
The model assumes that speech’s spectral amplitudes follow distributions
such as Laplace or gamma rather than the traditional Gaussian distribution.
The results show that the proposed estimators achieve better speech quality
optimization compared to the traditional algorithms such as STSA-MMSE and
MMSE-LSA, which assume Gaussian speech and noise models. Raziyeh Ran-
jparyan and Hamid Reza Abutalebi [33] proposed a multi-frame MAP algorithm
to improve speech quality using a single microphone by utilizing the temporal
correlation between speech parameters in the STFT domain. This is realized
by using the current frame and a limited number of preceding frames at each
time—frequency unit. To form this correlation, a complex factor is employed to
express the temporal relationship between the speech parameters in adjacent
frames. Multi-frame MAP estimators are then derived to enhance speech and
reduce noise. The results prove that this method outperforms conventional
MAP estimators and Wiener filters in noise reduction.

Wiener Filtering (WF)

This is statistically the best way to estimate speech and noise when they are
modeled as Gaussian [34]. It works like an "optimal" filter, depending on
statistical assumptions and past information to estimate the clean speech from a
noisy input. This filter minimizes the mean square error (MSE) of the magnitude
spectrum between the estimated speech signal and the clean signal. Its main
goal is to reduce the difference between the filtered output and the actual clean
signal as much as possible to reach the optimum value. The main limitation of
the Wiener filter is that it needs an accurate estimates of both the clean signal
and the noise spectra, which is not always easy in practice especially when
the noise is non-stationary or rapidly changing [35]. Over the years, different
modifications of this filter are used for enhancement task [6]. Anil Garg in [36]
proposed a speech enhancement model based on a Long Short-Term Memory
(LSTM) network to intelligently set the tuning factor in an adaptive Wiener filter
according to signal characteristics. The researcher used a combination of Non-
Negative Matrix Factorization (NMF), Empirical Mean Decomposition (EMD),
and Bark frequency features to train the system, realizing larger performance
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compared to traditional models in terms of PESQ and SNR across several noise
environments. Rahul Kumar Jaiswal et al. in [37] introduce an implicit WF
that adaptively estimates noise using a recursive equation, enabling strong
single-channel speech enhancement in both stationary and non-stationary noise
conditions. The algorithm is tested on different noises like drones, helicopters,
and airplanes, and it is implemented on Raspberry Pi4. This method surpasses
the spectral approach in the intelligibility and nature of the speech.

Signal Subspace algorithms (SSA)

The signal subspace approach (SSA) provides dimensionality reduction and a
better trade-off between residual noise and the signal distortion of the output
signal compared to other existing techniques with the proper tuning of param-
eters like window size, matrix rank, etc. These algorithms were all founded
on the opinion that the vector space of the noisy signal can be decomposed
into “signal” and “noise” subspaces. The decomposition can be achieved using
either the singular value decomposition (SVD) of a Toeplitz-structured data
matrix or the eigen-decomposition of a covariance matrix [4].

Chengli Suna and Junsheng Mu proposed in [38] a subspace-based speech
enhancement algorithm that relies on eigenvalue filtering. The method first per-
forms generalized eigenvalue decomposition (GEVD) of the covariance matrices
for clean speech and noise, and then removes the less significant components
with negative eigenvalues, as these primarily represent noise. Because the
filtering process makes the eigenvector matrix irreversible, the generalized
inverse is used to reconstruct the speech signal. The experimental results show
that the proposed method outperforms conventional approaches, particularly
under high-noise conditions, in terms of minimizing speech distortion and
reducing residual noise. Chengli SUN et al. in [39] presented an improved
subspace speech enhancement method based on Joint Low-Range Scattered
Decomposition (JLSMD) to address the fault of traditional methods at low SNR
values. The noise signal is represented as a Toeplitz matrix, where the low-
range portion represents clean speech and the sparse portion represents noise.
The experimental results explain the distinction of the proposed method in
preserving speech quality and reducing residual noise compared to traditional
methods, especially under high-noise conditions.

Methods based on time domain

In these methods, the operations are performed directly on the speech signal. There-

fore, the information is observed and extracted from the waveform time samples.

There are several methods were proposed to perform SEA in time domain [40]. Some

of these well-known methods are listed below:

A.

Optimal filtering

Generally, to find the estimated signal from the noisy signal that is degraded
by additive noise, a filtering process is applied that performs the suppression
operation. It attempts to remove noise from speech in a way that results in
the least possible error or distortion [41]. There are several significant filters
working in time domain. These filters are mitigating the noise level that is
picked up by the microphone signal. For example, the filter called the Mini-
mum Variance Distortionless Response (MVDR) was presented by Capon [42]
in this field. It is a linear filter that minimizes the output variance at its out-
put, and simultaneously preserves the distortionless response to a specific
input vector [43,44]. Some modification was performed at this filter such as
Orthogonal Decomposition Based Minimum Variance Distortionless Response
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(ODMVDR) [43]. There are other filters working in time domain such as the
Linearly Constrained Minimum Variance (LCMYV) [45] and Harmonic Decom-
position Linearly Constrained Minimum Variance (HDLCMYV) [46]. Each filter
has its own limitations [43] that are dependent on the nature of the signal and
noise type.

The time domain Wiener filter (WF), which achieves minimum mean square
error without spectral transformation, is another example of this domain. The re-
construction of the clean signal can be gained by making a convolution opera-
tion between the WF gain and the observed signal [4]. The WF name is based
on the mathematician Norbert Wiener; this scientist formulated WF problems
and solved them [47]. Another types of optimum filters can be found in [48].
Comb filtering

Comb filtering is one of the earliest and simplest methods used to enhance
noisy signals in time domain [49]. Its principle is based on the nature of the
speech signal, which is a quasi-periodic. Finite Impulse Response (FIR) is
used as a basic approach within it, where its coefficients are changed with the
fundamental components of the noisy waveform. The input is the noisy signal.
So, a decision to determine the voiced from unvoiced signal is made initially. A
scaling factor is applied for unvoiced speech (also for silent periods) to suppress
the noise, while for voiced signals, the FIR filter function is applied. The final
output is the weighted sum of successive points separated by a constant pitch
period of the desired signal. Consequently, the sequential periods of voiced
signal are added. On the other hand, the unvoiced sound and noise are not.
The output of this filter is given [50] by the Equation (5):

L

x(n) = Y axy(n— Ny (5)

k=—L

where y(n) is the noisy signal, x(n)is the processed signal, and N represents
the point of comb coefficients. In practice, this filter is not very effective be-
cause the ability to remove the noise depends on increasing the coefficient
number, but this has a bad impact when the speech signal characteristics are
quickly changing. Besides, when fundamental frequency varies, a comb filter
impulse response becomes less desirable. Therefore, this filter is considered not
competitive currently and other methods are found, such as adaptive filter [49].
ANN and HMM Filtering

Artificial neural networks (ANNs) and the Hidden Markov Model (HMM)
have hidden states, and they are nonlinear modeling techniques which have a
good performance in the speech enhancement (SE) process. HMM was applied
firstly in the field of SE in [51] to model speech and noise statistics. The general
structure is demonstrated in Figure 3. HMM-based methods model speech and
noise statistics using composite probabilistic structures and typically estimate
clean speech in the MMSE sense through weighted Wiener filtering.

Different aspects based on HHM models can be found in [52,53]. Although these
approaches demonstrate good performance under matched noise conditions, they
often suffer from speech distortion and residual noise, particularly in voiced seg-
ments, due to inaccurate state estimation in non-stationary environments.

On the other hand, ANN-based speech enhancement methods learn a direct
mapping from noisy to clean speech representations through supervised train-
ing. The enhanced speech signal is obtained when NN is trained correctly;
however, the training process is very time consuming. Besides, the training
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Noisy
speech

is implemented for a specific noise type and SNR level, so it cannot be used
for another type of noise. This limitation arises from the noise-dependent na-
ture of training, which restricts their generalization capability. Consequently,
ANN-based approaches require retraining or prior knowledge of noise charac-
teristics, making them less suitable for real-time speech enhancement systems.
For instance, NN in [54] was trained only for white noise and specific SNR.
The integration of ANN into cochlear implant (CI) was also performed [55].
This system decomposes the degradation signal, and then extracts a set of
features for feeding the NN to make the estimation. However, a minor decrease
in performance was noticed and the work is implemented for CI vocoder sim-
ulation not for CI users. Basically, statistical learning-based SEAs achieve a
good performance when they are working only in same noise condition as the
training set [56].

Scale 1 Wiener filter

4

State 1 probability Enhanced
speech

—)l Scale M Wiener filter

State M probability

Figure 3. Schematic diagram of HMM-based MMSE estimator.

2.2.2. Machine Learning Speech Enhancement Techniques

Machine learning is generally defined as the ability of a system to improve its per-

formance on a given task based on experience acquired from data [57]. In the situation of

single-channel speech enhancement, machine learning techniques are used to learn the

statistical properties of speech and noise from data in order to improve speech quality

using only a single audio signal. Machine learning-based speech enhancement methods

can indeed be categorized into traditional machine learning and deep learning approaches,

primarily differentiated by their model complexity, data requirements, and performance in

complex noise environments. This categorization is presented in detail as follows.

1.

Traditional Machine Learning Approach

Traditional machine learning approaches to single-channel speech enhancement re-

fer to methods that depend shallow machine learning models, where the feature

extraction and speech enhancement phases are usually separated, relying on specific

mathematical or statistical assumptions for modeling speech and noise, and with a

limited number of parameters compared to deep learning methods. Depending on

the implicit modeling strategy, most well-known machine learning approaches that
are used for speech enhancement are: SVM-based, GMM-based [58] , and NMF-based
methods, which are discussed below.

A.

Support vector machine (SVM)

SVM is a supervised machine learning algorithm used for classification and
regression tasks. It attempts to find the best boundary, known as the hyperplane,
that separates different classes in the data. It is useful when you want to perform
binary classification that has been widely applied in various signal processing
and speech-related applications. It is a famous machine learning technology that
has grown in popularity due to its ability to address challenging classification
problems in a wide range of applications. SVM models are often used in text
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classification problems because their capacities to handle enormous quantities
of features. It is a successful technique for data classification derived from
statistical learning theory. The main idea of SVM in speech enhancement is to
implicitly map the input features into a higher dimensional feature space by
using a kernel function, where it is easier to classify with linear decision surfaces.
Note that the SVM is also can be extended to multi-class classification problems
using strategies such as one-vs-one [59] or one-vs-all. Therefore, SVMs have
been verified to be successful classifiers on several classical speech recognition
problems. In the SEA field, different works have used SVM as an important
tool. For example, Yuto Kinoshita et al. [60] depended on the SVM algorithm
to discriminate between the natural voice of the passengers and the sound of
the advertisement produced from the speakers, using two spectral features:
spectral centroid and spectral roll-off. The SVM creates a resolution boundary
that separates the two categories in a binary manner, allowing the system
to keep only the advertisement and remove unwanted sounds. The results
showed that the classifier realized a high accuracy of 96%, demonstrating
the efficiency of the SVM in separating useful speech in a noisy environment.
Another method proposed by Ying-YeeKong et al. [61] used the SVM algorithm
to enhance speech signals with high accuracy based on spectral features such as
MFCC, gammatone, and spectral moments, within a very short time window of
8.After training the SVM on clean and noise-contaminated samples, the model
classifies each segment into its correct type, enabling improved speech quality
within hearing aids through dedicated processing for each sound category.
The success of this classification process with such accuracy makes the SVM a
crucial step in improving speech clarity for the hearing impaired.

Gaussian mixture model (GMM)

The GMM model supposes that any signal (such as noise or speech) does not
follow a single, simple distribution, but rather consists of several Gaussian
distributions, each representing a different part of the signal. Each Gaussian
represents a specific spectral pattern in the noise or speech. By combining sev-
eral Gaussian distributions, the model can accurately describe complex spectral
patterns. A GMM for a mixture signal can be composed of K Gaussians [62],
and is given by Equation (6):

K
Ln (f) = Z kaGmk(f; Hmks ka) (6)
k=L

where I';,(-) denotes to the probability density function (PDF) of the mixture
signal when both noise and speech signals exist, C, is the contribution of the
GMM component in the mixture recording, and G, is the Gaussian mixture
of the mixture recording for the k" GMM component and f* frequency. Also,
tmk and T, denote the mean and covariance matrix of the mixture for the k"
GMM component and f* frequency, respectively.

Wageesha Manamperi et al. [62] presented a new single-channel speech enhance-
ment approach using a GMM depending on multi-stage parametric Wiener
filtering method at low SNR conditions. The proposed method simplifies
dynamic noise adaptation and improves the speech quality while retaining
the speech’s intelligibility in a non-stationary noise environment with a simple
multi-stage parametric Wiener filter. On the other hand, Soundarya M. et al. [63]
presented GMM as the core model to improve speech accuracy by represent-
ing the correct distribution of voice characteristics in a flexible, probabilistic
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way. The GMM algorithm models the difference of the audio signal such as
pitch, speed, and accent by combining several Gaussian distributions, allowing
speech sounds to be distinguished accurately even in the presence of noise.
Basically, the use of GMM contributes to improving the quality of the input
signal to the ASR system and makes the speech process more accurate and
reliable compared to traditional methods.
C. Non-Negative Matrix Factorization (NMF)

NMEF is a dimensionality reduction technique that contains a non-negative data
matrix (a matrix with non-negative entries) as a product of two non-negative
matrices of lower rank than the initial data matrix. This approach relies only on
the amplitude information, while completely discarding the phases of the short-
time Fourier transforms (STFTs) [64]. The concept is simply that any signal
(or matrix) can be represented as a sum of simple, non-negative components.
In the case of sound, the signal does not contain negative energy or intensity
values; therefore, this type of analysis is realistic and coherent with the nature
of the audio signal. NMF algorithms are suggested by Lee and Seung [65].
Given a non-negative matrix, find a non-negative matrix factor and that given
in Equation (7):

V~WH (7)

NMF can be applied to the statistical analysis of multivariable data in the
following manner. Given a set of multivariable n-dimensional data vectors,
the vectors are placed in the columns of an n x m matrix V where m is the
number of examples in the dataset. This matrix is then approximately factorized
into an 7 x r matrix W and an r x m matrix H. Usually, r is chosen to be smaller
than n or m, so that W and H are smaller than the original matrix V. This results
in a compressed version of the original data matrix doing the decomposition by
minimizing the reconstruction error between the observation matrix and the
model while limiting the matrices to be non-negative as inputs. This approach
has been used in numerous unsupervised learning tasks and also in the analysis
of music signals, where the non-negativity constraints alone are adequate for
the separation of sound sources [65]. This approach has been used in numerous
unsupervised learning tasks and also in the analysis of music signals, where
the non-negativity constraints alone are adequate for the separation of sound
sources [66].

Deep Learning Approaches

Recent advances in deep learning methods have provided significant support for
progress in the SE research field. With the complexity of acoustic environments increas-
ing and the increase in non-stationary noise, traditional methods have become less
generalizable, and require precise feature design and manual parameter adjustment.
This has led to the appearance of deep learning techniques, based on multi-layered
neural networks, that are able to automatically learn speech representations from data
without the need for manual feature extraction [21].

Advances in computing power include the availability of graphics processing units
(GPUs), which enable the efficient training of large-scale neural networks through
parallel computation. Additionally, the accessibility of large datasets has sped up the
acceptance of deep learning in speech enhancement. Consequently, deep models such
as DNN, CNN, GAN, and VAE have proven to attain a better performance compared
to traditional methods, particularly in complex, noisy environments that are invisible
during training, making deep learning the main trend in modern speech enhancement
research [67]. Deep learning approaches can be classified into three classes according
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to the learning strategy adopted during training, supervised, unsupervised and semi-

supervised [21], which will be discussed below.

A.

Supervised Single-Channel Speech Enhancement Algorithms (SSC-SEA)
Supervised Single-Channel Speech Enhancement Algorithms (SSC-SEA) build
separate models for speech and noise signals using labeled data and then bring
together these models during the enhancement process. The parameters of
the models are gained via training based on the signal samples (speech and
noise) and the interfacing model is defined by combining the individual models.
Because of this, supervised methods depend on the prior supervision and
classification of the speech and noise signals [6,22,58]. Supervised methods
overtake unsupervised ones under matched conditions and adequate paired
data. They include a wide variety of types, such as DNN, GMM, and SVM.
Deep Neural Network (DNN)

DNN is an artificial neural network (ANN) containing multiple hidden lay-
ers between the input and output layers. DNNs can build complex models
for nonlinear processing, their architecture is artificial, and the input data is
represented as a multi-layered structure. The additional layers assist with the
configuration of the features from the lower layers and certainly can model
complex input data containing few units as compared to shallow networks;
they need a large dataset. In the case of small datasets, the underlying DNN5s
are unlikely to perform better than other competing methods. The appear-
ance of DNNs has signaled a turning point in this field. By learning complex
nonlinear matching between noisy and clean speech from huge datasets, DNN-
based models explained maximum capabilities in preserving speech quality
and intelligibility. This evolution from statistical modeling to data-driven
deep learning approaches has enabled the identification of modern speech
enhancement techniques and powerful performance in challenging acoustic en-
vironments [10]. Some of the work in recent years has been reviewed as follows:
Binh Thien Nguyen et at. in [68] proposed new algorithm to improve enhanced
speech by directly estimating phase using DNN, rather than depending on a
clean amplitude spectrum as traditional methods do. The system is designed
using a real-time convolutional recurrent network (CRN), where the model
learns the phase-amplitude relationships from the contaminated signal only.
The results showed that the proposed method outperformed traditional phase
reconstruction algorithms in terms of the speech quality measure (PESQ) and
intelligibility measure (STQOI) across various signal-to-noise ratios. On the other
hand, the residual noise generated is analyzed by DNN-based SEA by Yuxuan
Ke et al. [69]. It has been detected that this noise is time inconsistent, auditorily
annoying, and cannot be efficiently reduced using traditional post-processing
methods. Three post-processing strategies were proposed based on estimating
the noise power spectrum density using the MMSE criterion, while at the same
time improving speech probability estimation. Both objective and subjective
results proved the efficiency of the proposed methods in reducing residual
noise and improving the perceptual quality of speech.

Generative Adversarial Network (GAN)

Generative adversarial networks (GANSs) have indeed received significant at-
tention and demonstrated promising results in the field of speech enhancement.
GAN: s consist of a generator network and a discriminator network. In other
words, competitive generative networks are generative models that train two
DNN models simultaneously: a generator that captures the distribution of the
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training data, and a discriminator that estimates the probability that the sample
came from the training data and not from the generator [70]. GAN training
is generally built on convolutional layers or fully connected layers. Speech
enhancement based on GAN training was first introduced by Pascual et al. [71].
The generator network learns to map features of the noisy speech into the
clean speech, while the discriminator network acts as a binary classifier that
evaluates whether the samples come from the clean speech (real) or the en-
hanced speech (fake). In general, the two networks are trained in an adversarial
manner [67]. Sanberk Serb et al. [72] proposed a two-stage system for real-time
speech enhancement that combines a predictive filter (DeepFilterNet2) for noise
removal and a GAN network to regenerate lost audio details. The experiments
show that the system improves over the first stage predictive model in terms of
speech quality. Shrishti Saha Shetu et al. [73] proposed DisCoGAN, which is
a time—frequency domain generative adversarial network conditioned by the
hidden features of a discriminative model pre-trained for speech enhancement
in low SNR scenarios. DisCoGAN outperforms other methods in adverse SNR
conditions and can also generalize well in high SNR scenarios.

Convolutional Neural Networks (CNNs)

Convolutional neural networks (CNNs) are widely used in speech enhancement
because they can capably extract local patterns in time-frequency representa-
tions such as spectral diagrams. CNNs depend on convolutional kernels and
weight sharing [74], which reduces computational complexity and increases the
model’s robustness against non-stationary noise. Gautam S. Bhat et al. [75] pro-
posed a speech enhancement algorithm based on CNNs and a multi-objective
learning approach, where clean speech spectrum estimation is enhanced us-
ing additional features such as Mel-Frequency Spectral Coefficients (MFSCs).
The proposed method possesses high computational efficiency, allowing real-
time implementation on smartphones with low latency. Objective and sub-
jective tests have proved its effectiveness and practical applicability in noisy
environments and hearing-impaired support applications. Ashutosh Pandey1
and DeLiang Wang [76] presented the temporal convolutional neural network
(TCNN) mode, which depends on an encoder-decoder architecture with a time
convolution module to report time dependencies using causal and extended
convolutions. The encoder extracts a low-dimensional representation of the
distorted signal, while the decoder employs this representation to reconstruct
the time domain-enhanced speech. This pure convolutional architecture enables
real-time improvement with low latency and fewer coefficients compared to
recurrent models.

Unsupervised Single-Channel Speech Enhancement Algorithms (USSC-SEA)
Unsupervised speech enhancement methods have been lately developed to
improve the performance of models in SE field. At this point, the models
do not use matching clean-noisy data for training. Instead, they use either
not-matching noisy—clean data (i.e., the clean and noisy samples do not corre-
spond), or clean data only, or noisy data only. In other words, enabling speech
enhancement without the need for paired clean and noisy data. USSC-SEA
can be further divided into noise agnostic (NA) and noise dependent (ND)
methods. NA methods use only clean speech signals for training. In contrast,
ND methods use noise or noisy speech training samples to learn some noise
characteristics [77].
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Variational Autoencoder (VAE)-based speech enhancement is the clearest and
most widely known example of unsupervised deep learning for single-channel
speech enhancement [78]. This algorithm depends on a deep variational dy-
namic autoencoder (DVAE) model pre-trained on pure speech signals to learn
the dynamic distribution of speech over time. During the improvement process,
this model is used as speech pre-information to distinguish speech from noise
in a single-channel signal without the need for noise training data. Noise is
modeled adaptively using non-negative matrix analysis (NMF), and speech is
separated from noise by a variation expectation-maximization (VEM) algorithm
that alternately updates speech and noise estimates. Though the DVAE-based
approach is trained in an unsupervised and noise-agnostic manner using only
clean speech signals, it becomes noise dependent during the speech enhance-
ment phase by clearly modeling noise using non-negative matrix factorization
analysis (NMF). This framework enables the combination of unsupervised
speech structure learning and temporal modeling, resulting in higher perfor-
mance, especially in cases of noise not visible during training.
Semi-supervised Single-Channel Speech Enhancement Algorithms
Semi-supervised learning is a combination of two classical learning algorithms:
supervised and unsupervised. This approach uses labeled and unlabeled data
to improve the quality of speech signals from a single channel, combining
aspects of supervised and unsupervised machine learning [79]. The goal is to
overcome the limitations of fully supervised algorithms by using large amounts
of unlabeled data to create robust models that better generalize to invisible
noise, in line with real-life situations. Traditional algorithms, and especially
non-stationary noise reduction methods, do not adequately suppress transient
interference that distorts speech signal. Therefore, a semi-supervised single-
channel noise suppression has been appeared to reduce noise with minimal
audio distortion [80].

Adaptation learning algorithms are a main example of semi-supervised speech
enhancement; they involve three stages of training. In the first stage, a speech
enhancement model is trained using a limited amount of manually labeled
target data. Then, the initially trained model is used to enhance unlabeled data
and generate estimated labels for clean speech. In the final stage, a high-quality
subset of this enhanced data is selected to retrain the model, thus improving
its performance and adaptability to the target testing environment [81]. Zihao
Cui et al. [79] provided an estimator to measure speech purity. For clean speech
utterances, a supervised ML is used to train a DL speech enhancement model.
While, for noised utterances, the model is updated based on unsupervised
manner. The training loss is a combination of the supervised loss and unsu-
pervised loss that provides a semi-supervised SEA. Other works have used a
method of semi-supervised learning, Yoshiaki Bando et al. [82] proposed a semi-
supervised method for speech enhancement called Variational Autoencoder
(VAE-NMF), where speech is shown using a pre-trained deep generative model
of VAE on clean speech signals, while noise is modeled using NMF during
processing. The speech model outperforms traditional supervised methods,
especially in cases of invisible noise. It uses a probabilistic priority to estimate
clean speech from the noise signal by sampling the subsequent distribution,
while the noise model is adapted to unknown environments.

Although deep learning models vary in their architecture (such as CNN and DNN),
their ability to generalize and perform efficiently with noise not present during training

https:/ /doi.org/10.3390/a19020134


https://doi.org/10.3390/a19020134

Algorithms 2026, 19, 134

16 of 39

depends less on the complexity of the architecture itself and more on how the model learns
speech representations from the data. Models trained on different datasets and under
noise conditions tend to learn consistent speech features in the presence of noise, thus
improving their robustness in unusal environments. Furthermore, using techniques, such
as regularization to prevent overfitting, semi-supervised or unsupervised learning and
self-supervised learning, helps the model learn deeper and more general representations,
thereby improving its ability to generalize.

For this reason, we notice that some deep learning models perform better than oth-
ers when there is a difference between training and test noise, even if the architectural
differences between them are minor.

2.3. Multi-Channel Speech Enhancement Algorithms

In multi-channel SEAs, audio signals are captured from different angles and distances.
Two or more microphones are used to take advantage of spatial cues, such as timing, phase,
and amplitude differences, to separate the target speech from background noise. Compared
to single-channel approaches, multi-channel methods offer improved noise suppression
and spatial selectivity. Multi-channel SE is an emerging field of research that assists in the
improvement of different systems based on speech signals for various real-life applications.
They are now popular among many listening devices (e.g., hearing aids or mobile phones)
and allow us to use spatial diversity in addition to spectro-temporal diversity. Multi-
channel algorithms appear to be crucial for current and future Assisted Listening Devices
(ALDs). In contrast to single microphone signal enhancement algorithms, which have not
been shown to provide high improve in speech intelligibility, multi-microphone signal
enhancement algorithms are capable of increasing speech intelligibility , especially when
the sound sources have different spatial characteristics [83]. The enhancement of speech
signal is used by automatic speech recognition as a pre-step in different speech areas
such as autonomous machines, Al, voice recognition, and smart homes. There is great
interest in this field; therefore, many previous articles have appeared for multi-channel SE.
The existing surveys inadequately include the general types of this approach, but it can be
classified according to [84] into four major techniques including Blind Source Separation
(BSS), beamforming, Multi-Channel Non-Negative Matrix Factorization (NMF), and deep
learning-based multi-channel methods that are discussed as follows. The main difference
between single-channel and multi-channel methods is shown in Figure 4.
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Figure 4. The main difference between single channel and multi-channel.

2.3.1. Blind Source Separation (BSS)

Blind Source Separation (BSS) techniques perform noise reduction by extracting in-
dividual source signals from a mixture without needing detailed previous knowledge
about the sources, the main objective being to restore the original signals by using the
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statistical properties of the mixed signals. Key techniques within BSS include Independent
Component Analysis (ICA) and Time-Frequency (T-F) masking. This model for speech
enhancement is built by assuming the reverberations generated by later reflections as
additional and irrelevant noise components. Later, a blind signal extraction approach is
designed to extract the direct sound and early reflected sounds, realizing reduced reverber-
ation and noising [85].

2.3.2. Beamforming

Beamforming technology directs a virtual beam towards the target speaker while
placing “dead zones” in the direction of noise sources. Basically, transformer arrays
combined with signal processing algorithms are called beamformers when they transmit or
receive energy in a focused direction. Beamforming algorithms can be divided into three
main categories: data independence, statistically optimized, and adaptive [86]. Classical
methods are mainly focused on using beamforming to bring together multiple signals
after filtering for further noise reduction. The beamforming methods design a linear filter
per frequency to improve or keep the signal from the target direction, while mitigating
the interferences from other directions [25]. Beamforming achieves directional signal
transmission from several sensors using signal processing while suppressing interference
from other directions. In the concept of SE, it can be divided into two basic types: fixed
and adaptive beamforming. where fixed beamforming uses a stationary noise source and
the direction of speech. And adaptive beamforming includes the directivity of the speech
signal differing with the change in audio environments [84].

2.3.3. Multi-Channel Non-Negative Matrix Factorization (NMF)

The Multi-Channel Non-negative Matrix Factoring (MNMTF) algorithm is designed
to handle multi-channel audio signals and is considered an extension of the traditional
NMEF algorithm. It uses the spectral and spatial information available when using multiple
microphones. Unlike single-channel NMF, which depends only on spectral data, MNMF
integrates spatial information such as phase differences between microphones, allowing
for the differentiation of audio sources based on their spatial positions [87]. In [87] the
model enhances the traditional NMF algorithm to operate in a multi-channel environment
by incorporating spectral and spatial information into a unified probabilistic model, using
semi-defined positive Hermitian matrices to show the spatial characteristics that are used to
identify the phase differences between microphones. The model parameters are estimated
via iterative updates, and each audio source is reconstructed based on its spectral and
spatial contributions, achieving the efficient separation of multi-channel sources.

2.3.4. Deep Learning-Based Multi-Channel Methods

Deep learning-based multi-channel methods join the power of different neural networks
(for example DNNs, CNNs, RNNs, and Transformers) with spatial processing techniques
from classical signal processing. The main advantage is that these methods can jointly learn
both spatial and spectral features directly from signals while traditional approaches cannot.
In other words, instead of hand-designing mathematical filters, the neural network learns
how to extract speech and reduce noise automatically, using thousands of noisy and clean
training examples. The main challenges of these methods are that they require large datasets
and have high computational cost for training and real-time processing. Additionally, they
may generalize badly to unseen noise types if not trained correctly [88,89].

To provide a clearer and more intuitive comparison, Table 1 summarizes the main types
of speech enhancement methods in terms of their performance trade-offs, computational
requirements, and suitability for real-time applications. This comparison is planned to help
readers quickly understand the practical strengths and limitations of each approach.
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Table 1. Comparison of speech enhancement techniques.

Computational Complexity

Real-Time

Method Type Performance Trade-Offs (Low, Medium, and High)  Applicability Strengths Limitations
. . . Simple, fast, and no training Musical noise artifacts and
Spectral Subtraction [27] Speech quality may be affected if Low Available required; effective with oor performance in
(Single Channel) noise estimation is inaccurate q poor p
& ' stationary noise. non-stationary noise.
STSA-MMSE [29] Improves speech quality with Medium Available Suitable for stationary and Eggfgﬁig)ﬁ;ﬁ;ﬂggﬁ ;Elilsggly
(Single Channel) reduced musical noise. quasi-stationary noise. statistical assumptions.
Depends on accurate SNR
Wiener Filtering (WF) [34]  Balances noise reduction while - . Clear and understandable ~ estimation; ineffective in highly
(Single Channel) maintaining speech clarity. Medium Available statistical framework. non-stationary noise and
complex environments.
Signal Subspace Algorithms Good speech-noise separation Reduces distortion; suitable High computational cost and
(SSA) [38] when subspaces are well Medium-High Limited for signals with clear poor robustness to
(Single Channel) estimated. structure. non-stationary noise.
Eradit.ional Machine Better than spectral methods but Works well with limited Requires handcrafted features;
(Se\z}llr\fluﬁ:_)%] GMM [62] weaker than deep learning in Medium Available data; effective for noise weaker performance in
NME [6 4])’ ’ complex scenarios; highly classificazilon and complex and unseen noise
: dependent on feature quality. structured noise. compared to deep learning.
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b Py quality and intelligibility, . . rong periormance n interpretabiiity; an .
Semi-Supervised [79], but highly dependent on training High Limited non-stationary noise; no deployment challenges in
g?r?;ﬁeg}?:ﬁie[gﬂ) strategy and data diversity. manual feature design. ;;asi:rlrrge and low-resource
Highly effective when multiple . - L i, .
Blind Source Separation [85] microphones are available and . : o Exploits spatial information;  Sensitive to reverberation;
(Multi-Channel) sources are spatially Medium-High Limited effective for multi-source limited robustness in complex
scenarios. environments.
independent.
Beamforming [86] Strong performa}nce 'wh(.en the ' . Exploits spatial mformation; Limited performan'ce in highly
speech source direction is known Medium Available improves SNR; suitable asa  reverberant or spatially

(Multi-Channel)

or estimable.

pre-processing stage.

overlapping noise.
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The comparison shows that traditional methods are good for real-time applications due
to their low computational cost, but they often fail in complex and quickly changing noise
conditions. In contrast, deep learning approaches provide significantly better enhancement
performance, although this comes with deployment challenges and higher computational
demands. Traditional machine learning and multi-channel methods fall between these
extremes, providing useful performance gains under specific conditions while introducing
their own practical constraints.

The effectiveness of speech enhancement algorithms varies significantly across differ-
ent noise conditions. Classical methods perform reasonably well under stationary noise but
degrade rapidly in non-stationary environments. Deep learning approaches demonstrate
stronger robustness to complex noise; however, their performance heavily depends on the
diversity of training data and noise mismatch.

3. Noise: Definition and Classification

Noise refers to undesired acoustic interference that contaminates speech signals during
recording or transmission [5] and remains a primary factor limiting the performance of
speech enhancement algorithms. Its characteristics, including temporal variability and
spectral distribution, directly influence noise estimation accuracy and overall enhancement
effectiveness. In general, most SEA require two major procedures: the estimation of the
noise power spectrum and the estimation of the speech spectrum [90]. The problem occurs
when interfering noise signals strongly degrade the desired speech signals. Generally,
people are surrounded by noise wherever they go, for example, cars, streets, restaurants,
offices, and shopping malls, which lead to the corruption of a person’s speech. Additive
noise signals come in different shapes and forms and are sometimes called background
noise, a more commonly used term in research and in practice, which has led to more
effective results with existing algorithms [4,22].

Different noise conditions impose distinct challenges on speech enhancement algo-
rithms. Classical statistical methods such as Wiener filtering and STSA-MMSE are effective
under stationary noise assumptions but exhibit significant performance degradation in
highly non-stationary environments such as babble and traffic noise. In contrast, deep
learning-based models demonstrate superior robustness in complex noise conditions due
to their ability to learn nonlinear spectral mappings, although at the cost of increased com-
putational complexity and limited generalization to unseen noise types. These distortions
together degrade both speech intelligibility and quality, especially when the signal-to-noise
ratio (SNR) is low. Besides, many speech processing tasks such as automatic speech recog-
nition (ASR) and speaker identification (SID) become more difficult under these preserve
noisy conditions [91]. Basically, as the distance between the source and the receiver of
speech increases, speech signals become increasingly corrupted by surrounding noises,
interferences, and echoes, and exposed to distortions introduced by communication media.
This condition will lead to decreased speech intelligibility and reduces the effectiveness
of communication quality. Overall, the impact of noise on speech enhancement perfor-
mance is strongly dependent on its temporal behavior and acoustic structure. Algorithms
optimized for stationary noise may fail under realistic, non-stationary conditions, while
learning-based models offer improved adaptability at the cost of increased complexity
and potential generalization issues. These trade-offs highlight the importance of selecting
enhancement strategies that are aligned with the target noise environment and application
constraints, particularly in real-time and resource-limited systems.

The general types of noise that affect speech signals are shown in Figure 5.
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Figure 5. The basic types of noise in our environment.

Speech enhancement has numerous objectives, including increasing intelligibility,
improving quality, solving the noise pollution problem, increasing speech recognition
accuracy, and reducing listener fatigue. However, its key objective is to regain clean
speech signals from noisy signals degraded by additive background noise. Recently, SEAs
were considered substantial issues that have significant importance in our daily lives,
because they are applied in different key applications.

4. Different Types of Datasets That Are Used in SEAs

In the field of speech enhancement, datasets refer to sets of human’s speech recordings
(either clean or corrupted by noise) used to train, test, and evaluate the algorithms that are
designed to improve speech quality or/and intelligibility. They model the base of the deepest
learning and traditional filtering algorithms, allowing fair comparisons of research results.
Reliable datasets are essential to evaluate the performance of SEA, since they provide results
with scale, robustness, and confidence. They are a fundamental tool in speech analytics that
provide the data from which analysts extract significant information, and they can be used to
conduct and identify trends in SEA. Speech under clean and noisy conditions is taken from
various well-known databases to build a strong foundation of research.

The goal of releasing clean speech and noise datasets is to provide researchers with
broad and representative datasets to train or evaluate their speech enhancement models.
Earlier, the Microsoft Scalable Noisy Speech Dataset (MSS-NSD) was released with a focus
on expansion. It is a context for noisy speech generation that takes in directories pointing
to clean speech and noise as inputs. Other parameters that can be dominated in the dataset
are the desired number of noisy speech clips, length of the clip, and SNR levels [92].

When researching speech enhancement, datasets can be divided into numerous main
categories based on their purpose and how noise is present in them. Firstly EARS [93] and
TIMIT [94] ,which are clean speech datasets that do not contain noise and high-quality speech
recordings, and include multiple speakers and accents. Secondly, there are NOIZEUS [4] and
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DEMAND [95], which are noisy speech datasets (additive noise) that contain speech signals
mixed with background or environmental noise at different SNR level. Thirdly, CHiME-
4/6 [96,97] and the DNS Challenge Dataset [98] are real-world noisy speech datasets that
are used for training and testing models on realistic non-stationary noise. Fourth, Audio
Set [99], which is weakly labeled, is used with unsupervised and semi-supervised learning
algorithms. Fifth, the DDS Dataset [100] and AURORA-4 [101] are device-degraded speech
database that contain distortions from microphones, smartphones, etc. Sixth, the REVERB
Challenge Dataset [102] contains reverberant or convolutive datasets that are used for studying
dereverberation. Lastly, WHAMR! [103], is synthetically generated, paired, single-channel
dataset which is a mixed-purpose dataset (hybrid) that integrates clean, noisy, and reverberant
conditions with multiple channels and labels. Table 2 summarizes the basic datasets that can
be used in speech enhancement and their characteristics.

Table 2. Summary of Commonly Used Speech and Audio Datasets.

Dataset Name Type of Data Description Reference Purpose
Contains approximately 100 h of clean
speech recordings at a sampling rate of Speech enhancement
EARS Clean Speech 48 kHz from 107 speakers with diverse 93] and dereverberation
backgrounds.
Includes 630 speakers across
eight different American English accents.
TIMIT Clean Speech Each speaker records ten sentences using ~ [94,104] Speech recognition
a high-quality microphone in a quiet
room. The sampling rate is 16 kHz.
Consists of 30 spoken sentences from
six speakers (three male and three female). Evaluation of
NOIZEUS Clean and Noisy Clean speech is corrupted with realistic [4,105] single-channel speech
Speech noises such as babble, car, train, street, enhancement aleorithms
airport, and restaurant at SNR levels of 0, 5, &
10, and 15 dB. The sampling rate is 8 kHz.
A database of 16-channel environmental
Real noise recordings captured from real Testing algorithms using
DEMAND Environmental (non-simulated) environments using [95,106] real-world noise in
Noise multiple microphones. The sampling rate diverse environments
is 48 kHz.
CHiIiME-4: Evaluation of
CHiME-4 includes real and simulated speech enhancement and
. . multi-channel recordings based on WSJ0 multi-microphone ASR
g/}lé%illg\;[E-é) ;{eal—vlvlorld Noisy sentences. CHiME-6 was recorded inreal ~ [96,97,107] systems. CHiME-6:
peec homes using multiple microphone arrays Speech recognition in
in different rooms. everyday home
environments
. Contains thousands of hours of clean . .
DNS Challenge Re;?ﬁ—g\.zorl? It\kgllse speech and real environmental noises, [98] T;alruln ;5 anddevalua?lon
Dataset Vl:llois léméeiﬁ including office, street, car, restaurant, ol real-time ee% 11101se
yopP factory, storm, and household noises. Suppression models
A large-scale dataset containing Traini d luati
. Weakly labeled approximately 5000 h of 10 s audio clips rammng and evatuation
AudioSet Noisy Audio collected from YouTube, covering over [99,108] of audio event
Y . 4 & classification systems
500 sound categories.
Includes studio-quality clean speech and
corresponding distorted versions, totaling Training and evaluation
DDS Dataset Noisy—Clean 1944 h of recordings collected under [100] of speech enhancement

Speech

27 realistic conditions using
three microphones and
nine acoustic environments.

models and adaptation
for ASR systems
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Table 2. Cont.
Dataset Name Type of Data Description Reference Purpose
Contains 16 kHz speech data derived
from the WSJ0 corpus with additive Evaluation of speech
AURORA-4 Noisy Speech noises at SNRs between 10 and 20 dB. [101,109] enhancement and speech
The training set includes 7138 utterances recognition systems
from 83 speakers.
REVERB Reverberant I‘Ae\(rieal‘tsgist?o?f Zﬁfierclgizg?:celig% real Evaluation of robust
Challenge - . . 4 ng [102,110] speech recognition
Dataset Noisy Speech recordings and simulated far-field aleorithms
microphone data at 16 kHz. &
Includes clean speech, two-speaker Evaluation of speech
Clean, Noisy, mixtures, real environmental noise, enhancement eﬁ: ho
WHAMR! and Reverberant  reverberation, and full mixtures [103] PN
Speech combining speech, noise, cancellation, and speaker

and reverberation with random gains. separation algorithms

5. Performance Enhancement Strategies for Quality and Intelligibility
Assessment Measure for SEA

Speech quality concerns speech clarity, the nature of distortion, and the amount of
background noise, while speech intelligibility concerns the percentage of words that can
be obviously understood [23]. Good quality does not always guarantee high intelligibility,
as they are independent of each other. Therefore, most speech enhancement algorithms im-
prove quality at the count of reducing intelligibility or vice versa [23]. The speedy increase
in the usage of speech processing algorithms in multi-media and telecommunications appli-
cations raises the need for speech quality evaluation. The speech quality assessment can be
performed using subjective listening tests or using objective quality measures. Subjective
evaluation includes comparisons of original and processed speech signals by a group of
listeners who determine the rate of the quality of speech according to a predefined scale.
Objective evaluation, on the other hand, includes a mathematical comparison between
the original signal and processed speech signals. Quality is one of many characteristics of
the speech signal and intelligibility is a different characteristic; the two are not equivalent.
Therefore, different assessment methods are used to evaluate the quality and intelligibility
of processed speech [111].

Among various quality and intelligibility speech enhancement measurements,
the most important are as follows: the weighted spectral slope (WSS), the Coherence
Speech Intelligibility Index (CSII), frequency-weighted segmental SNR (FWSNRseg), the
Short-Time Objective Intelligibility measure (STOI), Perceptual Evaluation of Speech Qual-
ity (PESQ), and LPC-based objective measures including the log-likelihood ratio (LLR),
segmental SNR (segSNR) and the composite measures. These measures are considered the
most famous and they have been studied broadly in recent years and have enjoyed wide
acceptance [112,113]. The most significant measurements are listed as follows.

5.1. Perceptual Evaluation of Speech Quality (PESQ)

The PESQ is a popular metric that it aims to measure speech quality after passing
through the network and codec distortions. In PESQ), the original and degraded signals
are assigned to an internal representation using a perceptual model. The difference in this
representation is used by a cognitive model to predict the speech quality of the degraded
signal. This perceived listening quality is expressed in terms of Mean Opinion Score (MOS),
an average quality score over a large set of subjects [114]. The PESQ score is mapped to
a MOG-like scale in the range of 0.5 to 4.5. It is an international standard for estimating
MOS from both clean and degraded signals. The PESQ was officially standardized by
the International Telecommunication Union-Telecommunication Standardization Sector
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Original

(ITU-T) as standard measure able to predict subjective quality with good correlation in a
very wide range of conditions, including coding distortions, errors, noise, filtering, and
delay and variable delay [115]. The structure of the PESQ measurement [114] is shown in
Figure 6.

Internal
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output

model

of original
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Delay estimates

Internal
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Figure 6. Basic diagram of PESQ.

5.2. Frequency-Weighted Segmental SNR Measures (FWSSNR)

FWSSNR is an objective metric used to assess the quality of enhanced speech in speech
enhancement algorithms. This metric computes the segmental signal-to-noise ratio (SNR)
over short segments of the signal, but adds an important step by assigning different weights
to the acoustic frequencies depending on their auditory importance, which means given
higher weights are given to frequencies that affect speech intelligibility. Thus, FWSSNR
offers a more accurate estimate of speech quality than traditional metrics such as the overall
signal-to-noise ratio. For example, it is used to evaluate the performance of algorithms such
as the Wiener filter or deep neural network-based enhancement, measuring the degree to
which the quality improves after noise removal in different frequency ranges [112].

The frequency-weighted segmental SNR (FWSSNR) was computed using the following
Equation (8):

10 M-1

L W(j,m) logy, (%)
FWSNR = -

| X(j,m) =X (j,m)]
m=0 Z]K:l W(]/m)

®)

where W(j, m) is the weight placed on the j frequency band, K is the number of bands, M
is the total number of frames in the signal, | X(j, m)| is the filter bank magnitude of the clean
signal in the j frequency band at the m'" frame, and |X( j,m)| is the filter bank magnitude
of the enhanced signal in the same band. This measure is the same of SNRseg, but with
more averaging over frequency bands. These bands are proportional to the critical bands
of the human ear [116].

Mingchi Hou and Ina Kodrasi [117] examine how the acoustic properties of clean
speech affect the ease or difficulty of improving it using modern SE algorithms. The method-
ology involves extracting acoustic features such as format and pitch and linking them with
improved quality metrics such as fwSegSNR and PESQ to detect the most influential fea-
tures. The results show that sentences with a high and consistent format are improved
more efficiently, emphasizing the importance of internal speech properties in evaluating
and developing speech improvement models.
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5.3. The Coherence Speech Intelligibility Index Measure (CSII)

Speech intelligibility is the main concern in hearing aids and many communication
systems. The Speech Intelligibility Index Measure (SII) has been advanced and validated
for additive noise and for bandwidth reduction, but the output of hearing aids is affected
by distortion also by noise. The coherence between the input and the output of the device
provides a tool for calculating the collective effects of noise and distortion in the processed
output. Hence, it is better to modify the SII calculation procedure to use the signal-to-
distortion ratio (SDR) computed from the coherence instead of the signal-to-noise ratio
(SNR), and thus obtain the distortion along with the noise [118]. The powerful step of
this measure is dividing the speech signal into three regions: low, mid, and high level.
Then, for each region, the coherence SII (CSII) is calculated individually from the signal
segments.Subsequently, the intelligibility is estimated of the coherence SII from a weighted
combination of the three values as follows in Equation (9):

¢ = —3.47 + 1.84CS!I1 05 + 9.99CSIIytig + 0.0CSprigh 9)

Then, the weighted sum is transformed using a logistic function to obtain the correct
predicted proportion sentences as follows in Equation (10):

_ 1
T 14ec

I (10)
where I3 denotes the intelligibility predicted by the speech intelligibility model. The three
level CSIl is an accurate procedure for estimating the intelligibility of the distortion con-
ditions and noise. It is effective for normal and hearing-impaired listeners [118]. This
measure is one of the important metrics used in the intelligibility measures [4].

Previous studies have shown that the CSII measure is active in detector improvements
in speech intelligibility for hearing aid applications, and provides reliable valuation across
low, mid, and high speech-level regions.

5.4. The Short-Time Objective Intelligibility Measure (STOI)

(STOI) creates high correlations with the intelligibility of noisy and time—frequency-
weighted noisy speech [23]. It depends on the correlation between temporal envelopes of
the clean and degraded speech in short-time (382) segments. This is unlike other measures,
which usually consider the complete signal at once, or use a very short analysis length
(20-30) [119]. Additionally, it calculates the average of the correlations across specific
bands and blocks and then uses the average correlation to predict the intelligibility scores,
and produces a final value that usually lies between zero and one, where a higher value
indicates more intelligible speech. The clipping operation is efficient mainly in regions that
contain only noise and thus it is used to reduce the importance or impact of those regions
on SL

Mohamed Medani et al. [120] used the STOI scale to measure how much speech
intelligibility improves after signal enhancement, especially when combining enhanced
and original features. By the STOI results, the study shows that the proposed model
significantly improves intelligibility compared to traditional methods, emphasizing the
ability to recover important speech details even in environments with strong noise.

5.5. Weight Spectral Slope (WSS)

The WSS distance measure calculates the weighted difference between the spectral
slopes in each frequency band. The spectral slope is the difference between adjacent spectral
magnitudes in decibels. The WSS measure evaluated is defined in Equation (11):
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where W(j,m) are the weights computed as pair, K is the number of bands, M is the
total number of frames in signal, and S.(j, m) and S, (j, m) are the spectral slopes for j'h
frequency band at m frame of the clean and processed speech signals, respectively. In our
implementation, the number of bands was set to K = 25 [112].

Seorim Hwang et al. [121] used the Weighted Spectral Slope (WSS) metric to evaluate
the model’s ability to retain the spectral structure during speech enhancement, especially
the format positions and the spectral nature of the speech. The results show that the
dual-path model reduces the WSS value compared to simpler versions, indicating it is
better at retaining the speech’s spectral structure and reducing distortion, which interprets
enhanced audio quality. Thus, WSS is a valuable indicator in this study for evaluating
speech quality after noise removal.

5.6. The Composite Measures

Composite measures are a set of objective quality measures used to evaluate speech
quality and the overall effectiveness of speech enhancement algorithms [23]. These mea-
sures were obtained by combining basic objective measures to constitute a new measure.
Additionally, they are necessary when we cannot expect conventional objective measures
(e.g., LLR) to relate highly speech/noise distortions with overall quality. They use both
multiple linear regression analysis and MARS analysis to estimate three different composite
measures: a composite measure for speech distortion situation (SIG), a composite measure
for background noise intrusiveness (BAK), and a composite measure for overall speech
quality (OVRL) [112]. Substantively, the BAK, SIG and OVL results are defined in the
composite method based on the combination of four objective quality measures (LLR, WSS,
SNRseg and PESQ) [122]. While SIG is used for signal distortion and is formed by linearly
combining the LLR, PESQ, and WSS measures, BAK is used for noise distortion and is
formed by combining SNRseg, PESQ, and WSS measures. And OVL is used for the overall
quality (OVRL) formed by linearly combining the PESQ, LLR, and WSS measures. These
three measures can separately measure SD (speech distortion), NR, and the overall quality
of enhanced speech [123] as shown in Equations (12)—(14):

SIG  =3.093—1.029 LLR + 0.603 PESQ — 0.009 WSS, (12)
BAK = 1.634 + 0.478 PESQ — 0.007 WSS + 0.063 SN Ryeg, (13)
OVL = 1.594 + 0.805 PESQ — 0.512 LLR — 0.007 WSS. (14)

The idea of composite measures is that different objective measures take different
characteristics of the reconstructed signal and, therefore, combining them in a linear or
nonlinear manner can potentially yield significant gains in correlation.

Tomer Rosenbaum et al. [124] used composite measures, CSIG, CBAK, and COVL
metrics, to evaluate the speech quality after a noise reduction by measuring the amount of
remaining distortion, the background noise level, and the overall quality after the enhance-
ment. The study depended on comparing these metrics before and after optimization to
determine the effectiveness of the model, providing a comprehensive view in addition to
the echo removal metrics. This paper emphasized that the composite measures offer an
additional, complementary view to the other measurements, especially in cases of mixed
noise and reverberation.
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5.7. Scale-Invariant Signal-to-Distortion Ratio (SI-SDR)

The SI-SDR is suggested as a more powerful alternative to the traditional SDR metric
as it introduces an ideal scaling factor to the target signal, which assures an orthogonal
projection of the estimated signal onto the target signal. The SI-SDR function has also
been widely used as a loss function for training models. The use of SI-SDR is limited
to evaluating phonetic articulation with noisy references. Basically, SI-SDR is limited by
the reference’s signal-to-noise ratio (SNR) when the group accurately estimates noise-free
phonetic articulation. The SI-SDR [125] is defined in Equation (15):

2
SI-SDR(s,8) = 10logy, <|0<|:i”H2> (15)

where « is the optimal scaling factor, s is the reference signal, and § is the estimated signal.

Hao Zhang et al. [126] used the SI-SDR metric to evaluate a system’s ability to reduce
howling noise and improve speech quality without signal distortion. SI-SDR measures
show how well the model retrieves the original signal compared to the degraded one.
The results show that the presented hybrid model realizes the highest SI-SDR among all
methods, indicating that the model is better able to remove noise and retain the signal shape.

5.8. Log-likelihood Ratio (LLR)

The LLR scale measures the degree of spectral distortion that occurs in speech after
it has been enhanced. It depends on comparing the Linear Predictive Coding (LPC)
coefficients between the original and enhanced speech. When the LLR is low, the enhanced
signal is very close to the original, but, if it is high, the enhancement algorithm has caused
distortion in the spectral shape [112].

Seorim Hwang et al. [121] used the LLR to measure the amount of spectral distortion
between the enhanced and original signals, precisely in the form of spectral slope and
energy within the signal. A lower LLR value means that the model better retains the natural
acoustic structure, so researchers depended on it to detect cases of loss of fine details.
The proposed model has shown a significant improvement in the LLR compared to other
models, reflecting its better ability to reconstruct the spectrum without distortion based on
this measurement.

Although this review does not provide direct quantitative comparisons, it highlights
widely adopted benchmark datasets such as DEMAND, CHiME, and DNS, along with
commonly used evaluation metrics including PESQ, STOI, and SI-SDR. These uniform
experimental settings form the basis for fair comparison across studies and allow readers
to understand reported performance trends in the literature.

6. Key Applications for Speech Enhancement Technologies

Speech enhancement technologies are widely applied in various fields of speech pro-
cessing as a pre-processing step which aims to improve signal quality and intelligibility by
reducing background noise and distortion. In many speech applications such as mobile
phones, hand-free communications, hearing aids, speech recognition, audio processing in
virtual reality, stereo sound systems, etc., speech enhancement plays an important role in
their performance. Over the past years, researchers have been working on speech enhance-
ment to improve signal quality and intelligibility in noisy and reverberant environments.
Here, the quality of the speech signal indicates the clarity of the speech signal, whereas the
intelligibility indicates the understandability of the words by the listener. SEA are selected
depending on application at hand, the type of interference signal, and the various noisy
and reverberant cases [127].
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A significant issue in speech processing applications is how determined the active
speech periods are within a given audio signal. Speech can be marked by a discontinuous
signal because information is carried only when someone is talking. The regions where
voice information is present are referred to as ‘voice-active’ segments and the stops between
talking are called ‘voice-inactive’ or ‘silence’ segments. The decision to determine what
class an audio segment belongs is based on an observation vector. Performance trade-
offs are made by increasing the detection rate of active speech while reducing the false
detection rate of inactive segments. Nevertheless, producing an accurate indication of the
presence of speech, or its absence, is commonly difficult, especially when the speech signal is
corrupted by highly un stationary background noise or unwanted interference [128]. Speech
enhancement applications are growing in tandem with security, automation, medical,
and industrial applications, requiring significant attention and development in this field, as
can be seen in Figure 7.

Some of the most important of these applications are included in the following sections:
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Figure 7. The major applications of speech enhancement technologies.

6.1. Smart Hearing Aids Application

The Smart Hearing Aid is a sophisticated digital hearing aid that goes beyond simply
amplifying sound. It integrates modern technologies such as Al, ML, and Bluetooth connec-
tivity to provide a highly personalized, adaptive, and connected good hearing experience.
Smart hearing aids have the ability to detect important noise such as fire alarms, car horns,
etc., and make them audible. Therefore, it can be used to avoid disastrous incidents that
might have happened to the hearing impaired if these noises are not heard. Hearing aids
manage to convert a deep neural network-based speech enhancement approach to be aware
of the desired noise types and pass it through the network while removing undesired noise.
So, the power of deep learning-based SEAs is used to learn the complex nonlinear function
that maps from the noisy to clean speech, and then to separate the desired signal from the
undesired one [129].
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6.2. Hands-Free Communication Systems

Hands-free communication allows communication without any physical contact with
the loudspeaker or the microphone. The signal quality in these systems is often unsatisfac-
tory due to echo. Therefore, echo cancellation plays an important role in improving speech
properties [130], where echo cancellation is considered one of speech enhancement types.
In recent years, the demand for hands-free communication in vehicles or teleconferencing
systems has led to a significant increase in research and development for this type of device.
The success of these systems depends on the quality of the processed speech that is gained,
which is polluted by different types of noise and interferences. Thus, the signals obtained
by the microphones of the system before being transmitted through the communication
channel are usually enhanced [131].

6.3. Speech Recognition Technologies

Speech Recognition (is also known as automatic speech recognition (ASR) or computer
speech recognition) is the process of converting human speech signals to a sequence
of words (written format). ASR has been used in computers to enable them to follow
human voice commands and understand human languages. Today, these systems find
widespread application in jobs that require a human-machine interface, such as automatic
call processing in telephone networks, query-based information systems that provide
updated travel information, stock price quotations, weather reports, data entry, and voice
dictation. Additionally, they aid in providing access to information, and have applications
in travel, banking, commands, avionics, automobile portals, speech transcription for people
with disabilities (blind people), supermarkets, etc. [132].

Speech enhancement optimizes the quality of ASR. Basically, for automatic speaker
identification (SID), there are four basics SEA that are used before the processing stage
to reduce background noise: spectral subtraction (SS), statistical model based (MMSE),
subspace, (PKLT) and Wiener filtering (SS, MMSE, WIN, and PKLT). To optimize the single-
channel speaker identification system, the spectral subtraction method can be implemented,
while for the multi-channel speaker identification system, the enhancement has been
achieved by using adaptive noise cancellation and delay-and-sum speech beamforming
methods [133].

6.4. Speech-Based Biometric System

Biometric speech recognition is an effective security measure and one of the most
important applications of speech enhancement technology. The biometric system is used
to communicate with the authorized individual and the network [133]. Biometric person
authentication is the task of verifying a person’s identity using human characteristics or
attributes to limit access to a proposed service. This system is one of the applications of
biometric person authentication systems. Usually, fingerprints or a face image/video are
used as the biometric for such applications. Person authentication using speech biometric
is generally termed as speaker verification (5V). New developments in SV research induced
the utilization of speech as a biometric for use in practical person authentication systems,
such as attendance systems, with logical reliability. Based on the limitation on the text
content of the speech data, SV systems can be categorized into two types: text dependent
and text independent. In a text-dependent SV system, the text is fixed or identified to the
system, while in a text-independent SV system, the user is able to say anything [134].

In summary, speech signaling is of paramount importance and plays a pivotal role
in various signal processing applications, and it has recently undergone tremendous de-
velopment based on deep learning. Speech signaling is closely related to computational
linguistics, human-machine interaction, psycholinguistics, across various applied fields,

https:/ /doi.org/10.3390/a19020134


https://doi.org/10.3390/a19020134

Algorithms 2026, 19, 134

29 of 39

and natural language processing. Figure 8 is a detailed classification of speech processing
fields (adopted from [135]).
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Figure 8. A detailed classification of speech processing fields.

7. Limitations and Challenges of SEA

Despite advances in speech enhancement algorithms, results in real-world environ-
ments should be more effective at reducing different types of noise without damaging
speech components. This is mainly because the noise signal and speech signal sometimes
differ significantly from what the algorithms were designed to handle. Therefore, several
key limitations and challenges are summarized in this review, as shown in the follow-
ing sub-sections, to highlight the points that should be considered when designing SEA.
The main challenges are outlined below:

7.1. Generalization to Invisible Noise Types

In terms of the concept of deep learning-based SEA, deep learning architectures such
as (DNN, CNN, and UNET) are considered the main part of the enhancement process.
Within the framework of this type of enhancement, it was observed that the noise reduction
function is highly affected by the types of noise the model was trained on. When the
model encounters new or unusual sounds (e.g., the sound of an instrument not in the data),
the performance drops significantly. Although large training sets increase generalization,
a huge number of noise types may still be undefined, since in real-world scenarios there
can be almost countless types of noise [136]. So, one of the most important limitations of
the speech enhancement process is the limited training data or its dependence on identical
environments, as this means the model’s ability becomes weak in terms of generalizing
when dealing with types of noise that are not visible during training, causing a degradation
in performance in real-world environments.
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7.2. Trade-Off Between Noise Reduction and Speech Distortion

Each algorithm that tries to remove noise may cause distortion in the speech signal
components. If the filter is powerful, the noise decreases, but the quality of the speech
decreases simultaneously. Therefore, a significant challenge is to make a balance between
reducing noise and preserving speech quality so that increasing the noise reduction strength
result in noise attenuation as a positive effect, but signal distortion as a negative effect.
The perfect situation of total noise removal without distortion can never be realized in
practice (unless there is a former knowledge available on the original speech and noise
signals). Therefore, the major challenge in designing SEA is to find the best trade-off
between achieving a significant reduction in noise while simultaneously preserving the
speech signal without distortion in its components [137].

7.3. Phase Estimation Problem

Many SEA algorithms, such as spectral subtraction or the Wiener filter, concentrate
on magnitude and neglect phase. But phase has an important impact on speech quality,
especially at higher frequencies. Modern algorithms such as UNET-, DCCRN- and GAN-
based models try to address phase, but they increase computational complexity. The phase
information guarantees consistency across time frames and between adjacent frequency
bins in the time—frequency domain. Precisely keeping it during enhancement helps to
maintain the temporal characteristics and harmonic structures of the original speech. For the
TF-domain phase-aware speech enhancement methods, some focused on enhancing the
short-time complex spectrum, which implied recovering both magnitude and phase within
the complex domain [138]. However, reusing phase from noisy speech has clear limitations,
especially under very noisy conditions, or, in other words, when the signal-to-noise ratio
(SNR) is low [139].

7.4. Computational Complexity and Real-Time Constraints

DNN and transformer-based algorithms require a high processing power (GPU/TPU)
for their implementation. This sometimes makes them unfit for systems with limited
resources such as phones, hearing aids, or embedded systems. The challenge here is to
develop minor and fast algorithms (lightweight models) without immolate performance.
Lately, algorithms based on deep neural networks have led to a great speech enhancement
performance improvement in terms of speech quality and intelligibility both for offline as
well as online processing. Nevertheless, obtaining a resource-efficient and low-complexity
system is still a challenge issue [140].

In the context of speech enhancement, there are some other significant limitations that
affect the performance the enhancement process, such as improving both the properties
(quality and intelligibility) of cleaned speech simultaneously, and the correct selection of
speech and noise priors, such as Gaussian, Laplacian, and, in general, super-Gaussian, in
the estimators that affect the performance of estimation processing. And, for high SNR
conditions, the present SEA provides good enhancement and good results over low SNR
conditions, which necessities developing an improved SEA in low SNR levels.

Therefore, advanced studies in the field of SEA should take into account the points
mentioned above. Furthermore, these systems must be cost effective, fast, reliable, and ca-
pable of handling various types of background noise with greater accuracy and efficiency to
improve performance across diverse speech signaling applications where, generally, there
are trade-offs among main limitations which are complexity, latency, and performance in
most SEA.
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7.5. Reverberation and Echo

Reverberation is an audio phenomenon that happens when sound reflects from sur-
rounding surfaces (such as the walls, ceiling, and floor) in an enclosed place, reaching after
the original sound with a short delay. In simpler terms, the sound does not arrive just once,
but as a direct sound plus weak, delayed reverberations. This causes overlapping audio
clips which reduce the speech intelligibility and quality and make speech enhancement
more difficult than normal noise [141]. Dereverberation algorithms are methods that aim to
remove reverberation from recordings, and are a separate type of speech enhancement.

In a real situation, however, sometimes the recordings of speech are contaminated
with background noise and reverberation at the same time. There have been some studies
that have tried to remove both noise and reverberation from the speech signal, either
by performing noise suppression and dereverberation in sequence or by suggesting an
integrated approach like [142,143]. Despite important progress in speech enhancement,
many open challenges remain, such as, firstly, data bias, which is considered to be a
critical issue as many datasets are limited to specific noise types, which negatively affects
model generalization in real-world scenarios. Secondly, model robustness is another
concern, especially under noise mismatch, reverberation, and rapidly changing acoustic
environments. Thirdly, the deployment of advanced deep learning models on low-resource
or embedded systems remains challenging due to constraints on memory, computational
power, and energy consumption. Addressing these issues is essential for the practical
adoption of speech enhancement systems in real-world applications.

In general, the main limitations of enhancement process can be summarized in
Figure 9.
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Figure 9. The general SEA challenges and limitations.
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8. Conclusions

This research presents a comprehensive review of speech enhancement algorithms,
with a primary focus on categorizing algorithms depending on the number of channels
and the adopted signal processing frameworks. Traditional methods, machine learning
approaches, and deep learning-based techniques were comprehensively reviewed, which
are used in speech enhancement processes, with a description of the features of each cate-
gory and their area of use, in addition to their practical applications. In addition, different
types of noise and their characteristics, along with different types of SEA datasets, are
presented. Then, the quality and eligibility metrics were defined and discussed. This review
also addressed the major challenges encountered by SEAs, such as limited training data,
poor generalization to types of invisible noise, and the adverse effects of reverberation and
echo; another critical challenge discussed is the difficult balance between reducing noise
and maintaining speech quality. Recent research trends indicate an increasing reliance on
advanced deep learning models, and the integration of noise removal with echo removal
within a unified framework, along with the need to develop more efficient and general-
izable models capable of operating in complex real-world environments. Future speech
enhancement systems should emphasis on improving robustness to unseen and highly
dynamic noise conditions through different training data. In addition, reducing computa-
tional complexity while preserving high enhancement performance is essential for real-time
and embedded applications. Hybrid approaches that combine signal processing knowl-
edge with data-driven learning are promising directions. Also, adaptive and noise-aware
frameworks that dynamically adjust processing strategies based on acoustic conditions can
enhance generalization. Finally, standardized benchmarking and fair evaluation practices
remain crucial for guiding meaningful progress in the field of speech enhancement.
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The following abbreviations are used in this manuscript:

ANN Artificial Neural Network

ASR Automatic Speech Recognition

BSS Blind Source Separation

CNN Convolutional Neural Network

CRN Convolutional Recurrent Network

CSII Coherence Speech Intelligibility Index
DCCRN Deep Complex Convolutional Recurrent Network
DCHT Deep Complex Hybrid Transform

DCT Discrete Cosine Transform

DFT Discrete Fourier Transform

DKTT Discrete Krawtchouk-Tchebichef Transform
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DNN
DSP
DVAE
DWT
EMD
FFT

FTB
FWSSNR
GAN
GEVD
GMM
GPU
HDLCMV
HMM
ICA
JLSMD
LCMV
LLR
LSTM
MAP
MFSC
MMSE
MMSE-LSA
STSA-MMSE
MNMF
MOS
MVDR
NMF
ODMVDR
PDF
PESQ
SC-SE
SEA

SID
SI-SDR
SNR

SS

SSA
SSC-SEA
STFT
STOI

Y

SVD
SVM
TCNN
UNET
USSC-SEA
VAE
VEM
WF
WSST

Deep Neural Network

Digital Signal Processing

Deep Variational Dynamic Autoencoder

Discrete Wavelet Transform

Empirical Mean Decomposition

Fast Fourier Transform

Frequency Transformation Block

Frequency-Weighted Segmental SNR

Generative Adversarial Network

Generalized Eigenvalue Decomposition

Gaussian Mixture Model

Graphics Processing Unit

Harmonic Decomposition Linearly Constrained Minimum Variance
Hidden Markov Model

Independent Component Analysis

Joint Low-Range Scattered Decomposition

Linearly Constrained Minimum Variance
Log-Likelihood Ratio

Long Short-Term Memory

Maximum A Posteriori

Mel-Frequency Spectral Coefficient

Minimum Mean Square Error

Minimum Mean Square Error Log-Spectral Amplitude
Short-Time Spectral Amplitude Minimum Mean Square Error Estimator
Multi-Channel Non-Negative Matrix Factorization
Mean Opinion Score

Minimum Variance Distortionless Response
Non-Negative Matrix Factorization

Orthogonal Decomposition-Based Minimum Variance Distortionless Response
Probability Density Function

Perceptual Evaluation of Speech Quality
Single-Channel Speech Enhancement Algorithm
Speech Enhancement Algorithm

Speaker Identification

Scale-Invariant Signal-to-Distortion Ratio
Signal-to-Noise Ratio

Spectral Subtraction

Signal Subspace Algorithm

Supervised Single-Channel Speech Enhancement Algorithm
Short-Time Fourier Transform

Short-Time Objective Intelligibility

Speaker Verification

Singular Value Decomposition

Support Vector Machine

Temporal Convolutional Neural Network

U-shaped Network

Unsupervised Single-Channel Speech Enhancement Algorithm
Variational Autoencoder

Variational Expectation Maximization

Wiener Filtering

Wavelet Synchro-Squeezing Transform
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