2023 10th International Conference on Signal Processing and Integrated Networks (SPIN) | 978-1-6654-9099-3/23/$31.00 ©2023 IEEE | DOI: 10.1109/SPIN57001.2023.10116123

A Comparative Analysis of Speech Enhancement
Techniques Based on Sparsity Features

Raj Kumar
Electrical Engineering Department
Indian Institute of Technology
Roorkee, India
rajkciitr@gmail.com

Abstract— This paper presents a comparative analysis of
speech enhancement algorithms based on speech sparsity
features. The sparsity of a speech is a signal-specific
characteristic that plays a crucial role in identifying speech
signal components from noisy speech. Conventional
enhancement techniques like Spectral subtraction, Sub-space
and statistical methods require knowledge of noise distribution
for better performance. The paper compares major sparsity-
based enhancement by highlighting the merits and demerits by
comparing quality and intelligibility. An objective evaluation of
quality and intelligibility has been performed to show relative
performance on a common database. Results show that
dictionary-based speech enhancement aided with voice activity
detection and spectral subtraction performs better than others.
The performances improve further if noise-type and noise
dictionary is known as apriori in the joint dictionary and non-
negative matrix factorization method. This analysis will help the
researcher understand sparsity-based enhancement techniques
and develop techniques to overcome existing issues.

Keywords— Speech Enhancement, Sparsity, Intelligibility,
Compressive Sensing Theory

I. INTRODUCTION

Smartphones, voice-based devices, etc., require good-
quality input speech for better performance, which is affected
by environmental noise. Speech enhancement aims to recover
the speech signal from the mixture of clean speech and
additive noise signals. The performance of speech
enhancement is measured in terms of noise suppression
related to quality and extent of distortion related to speech
intelligibility. It is a challenging task to maximize quality with
less distortion. There exist a trade-off between SNR gain and
intelligibility improvement [1]. Naturally, speech and noise
are highly nonstationary signals. Conventional Speech
Enhancement (SE) techniques [2] rely on noise estimation,
e.g., in the case of spectral subtraction method [3] or noise
power tracking [4], [5] or parameter of noise model in case of
statistical method [6]. However, they exploit very less
information from speech; hence their performance is poor in
case of non-stationary noise and under very low SNR
conditions [7]. Noise estimation is a very tough task under
heavy and non-stationary noisy conditions. In recent times,
speech sparsity has gained popularity as it depends on the fact
that speech signals are sparse in the time-frequency
representations [8]. It tries to exploit some prior information
of speech to recover speech components. The idea of sparsity
suits audio signal [9], as speech exhibit a structured behavior
like it is made of finite numbers of phonemes, formants, etc.
The notion of sparsity for signal recovery has come from
Compressed Sensing (CS) [10]. In general, noise signals are
not structured, i.e., non-sparse, which has motivated authors
to use speech sparsity for enhancement [11], [12]. In recent
research, many authors have utilized sparsity to reduce the
complexity of Machine Learning (ML) models [13], [14] as
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complexity is proportional to input feature size and has
achieved improved performance. Thus sparsity- based
techniques have massive scope in the future in the field of
machine learning. In this paper, we will overview sparsity-
based enhancement techniques and compare them to see
which algorithm performs better under various noisy
conditions.

II. SPARSITY-BASED SPEECH ENHANCEMENT

A noisy speech signal y is a mixture of clean signal s and
an additive noise » as shown in (1).

y=s+tn (M

All signals are real-valued one-dimensional signals. The
representation of (1) in the transform domain is shown in (2).

Y =S+N )

The transform can be Discrete Wavelet Transform (DWT)
[16], Discrete Cosine Transform (DCT), Discrete Fourier
transform (DFT), Real Discrete Gabor transform (RDGT) [15]
etc. After transformation, the sparse representation of speech
is given as S = Aa, where A is the basis matrix of size LxM
and a is a sparse vector of length M with K << M number of
the coefficients equal to zero. Now a speech enhancement can
be referred to as recovering of sparse vector o for a given noisy
signal spectrum Y. The enhancement problem based on
speech sparsity can be formulated as:

min |||, subjectto |[|[Y — Aa|l3 <e (3)

In equation (3), |||, represents Lo-norm, which counts the
number of non-zero elements while the quadratic term puts a
constraint on reconstruction, and € represents the noise level.
We will refer (3) as an Ly-minimization problem. If matrix A
satisfies the coherence property, then there is a high
probability that L;-minimization, as shown in (4), gives
solutions exactly as Ly-minimization [17].

min ||a||; subjectto ||Y — 4|3 <e (4)

In equation (4), ||-]|; represents the L1- norm of a signal
x, which has been defined in (5).

llxlly = Xilx (@] O]
The Lagrange form of (4) is shown in (6).
min Alell; + IY — Aall? (6)

Where 4 denotes the level of sparsity in the solution. The
A should vary according to the signal’s profile, e.g., the Gini
index has been used in [18] for A estimation. The L;-
minimization is referred to as the Basis Pursuit Denoising
(BPD) problem.

The basic structure of sparsity-based Speech Enhancement
is shown in Fig. 1. The speech is segmented in the time
domain using a short window with a duration of 20 to 40
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milliseconds. Afterward, the transform converts time-domain
speech to a sparsely representable signal. The sparse vector o
is recovered using solving the optimization problem shown in
(3) or (4). The clean speech estimate in the transform domain
is obtained by multiplication of 4 and o. Finally, time domain
speech is obtained by inverse transform followed by overlap
and add technique.

Windowing Solve for
Noisy and Short Estimate of Clean speech Inverse Cloan
speech ™| Tim Sparse Vector, [ *]  Estimate, [ Transform and = o
P e parse Vector, X=Aa Overlap-Add peec!
Transform o

Fig. 1. Typical architecture of sparsity-based Speech Enhancement

The greedy approach is an intelligent way of searching for
sparse solutions using a correlation between columns of the
matrix A and measurement y. The major advantages of the
greedy approach are its simple design and low computational
time. The Orthogonal Matching Pursuit (OMP) [19] searches
one column at a time, while the Compressive Sampling
Matching Pursuit (CoSaMP) [20], [21], selects multiple
columns in an iteration. CoSaMP has the capability to prune
wrongly selected columns that OMP does not. The Matching
Pursuit algorithms use the maximum inner product value
between measurement y and columns of the matrix 4 [21],
[26]. In [27], authors have used The Least Angle Regression
(LAR) algorithm, while in [28], authors have used mutual
coherence for the search of columns.

In the Thresholding operation, all columns of A are
considered. In the simplest form, the coefficient of the least-
square solution is retained above a particular threshold, and
the rest is made zero in a single iteration. Iterative thresholding
has been found to provide a better solution with constrained
deviation from measurement Y. In [22], authors have used
iterative thresholding for noise estimation by exploiting the
behavior of noise-only and mixture frame to thresholding.

A. Dictionary learning

In this approach, a dictionary whose columns represent
various speech bases, known as atoms [23], is used.
Spectrograms of speech signals were used to learn an over-
complete dictionary by the K-singular value decomposition
(K-SVD) algorithm [24]. In general, the magnitude of the
spectrogram is used for dictionary learning, but power spectral
density [25] can also be used as speech features. This learned
dictionary better represents perceptual components of speech
responsible for the naturalness than the transform matrix
discussed earlier. This approach assumes that clean speech
spectra X can be represented using the linear combination of
very few atoms of an overcomplete dictionary D having M
atoms, as shown in Fig. 2. The optimization problem remains
the same as (3) with basis matrix 4 as D.

B. Joint Dictionary Learning

In Joint Dictionary Learning (JDL) [25], [29], both speech
and noise dictionaries are learned via alternatively conducting
the sparse coding and dictionary update. It then concatenates
these two dictionaries to provide one dictionary to recover
clean speech from a noisy speech by solving a sparse
optimization problem. This approach requires appropriate
training data for noise to avoid voice activity detection. JDL
algorithm is shown in Fig. 3. In it, dictionary D = /Dy, Dg4] €
RE*@x+Ld) ig learned where D, is for clean speech, and Dy is
for noise. During the enhancement step, sparse vector of
speech a, € R and noise oy eR™ are estimated by minimizing

the approximation error [27] given by (3) with 4 = D. where
o = [ax, od].
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Fig. 2. Representation of a frame as a linear combination of atoms of the
dictionary.
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JDL still has a problem called source confusion, especially
when noise shares atoms in D, and Dy, e.g., babble noise. In
[32], the optimization technique minimizes the product of
noise and speech dictionary, so that correlation between noise
and speech dictionary is less and causes less confusion. Single
JSR uses the mapping relationship between mixture and
speech or between mixture and noise while Complementary
Joint Sparse Representations (CISR) [33], [34] uses both.

JDL-based methods have shown better performance for
Ideal Binary Mask (IBM) estimation [36] compared to noise
estimation-based techniques.

C. Non-negative Matrix Factorization

In this approach, matrix Y is formed by stacking several
noisy speech-magnitude spectrum frames as columns in a
time sequence. This approach uses sparsity of speech and
low-rank structure of noise signal as noise spectra are
generally highly correlated [37]. Non-negative Matrix
Factorization(NMF) [38]-[40] decomposes the mixture data,
Y into speech, S and noise, N by solving the optimization
problem shown in (7) using Robust Principle Component
Analysis (RPCA) theory [41]. After getting S and N, then
gain is computed, and enhancement is achieved by
multiplying gain with Y. For example, Wiener-type gain has
been used in [39]

min
LS

where A is a positive parameter that balances the sparse
term and the low-rank term. Generally, a low-rank solution
of N is obtained using the thresholding of singular value
decomposition (SVD) values.

This approach also does not require voice activity
detection, similar to JDL. It performs well in low SNR
conditions without knowing the distribution of noise signals.
In the above problem, the rank and sparsity constraints are
assumed to be known; hence, it is a supervised method.

Extracted speech matrix S, using RPCA theory, is too
sparse and non-smooth, which causes loss of useful details

rank(L) + 2||S||; subjectto ||Y —S —L||3 <€ (7)
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[42]. The decomposition of noisy speech to speech and
background noise is less accurate in highly non-stationary,
having a significant variation in the local SNR [45].
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Fig. 3. Joint Dictionary Learning

III. EXPERIMENT

In the experiment, the TIMIT database was used, having
40 sentences spoken by five male and five female speakers.
All speech samples are down-sampled at 8 kHz. Noises used
in the experiment are babble, car, F-16 cockpit, and factory
environment. Noises have been added to clean speech with
SNR from -10 dB to 5 dB. The Hamming window has been
used for windowing with 50% overlapping in all experiments.
All SSE algorithm uses a time-frequency domain for analysis
of frame size 20ms. To assess the performance of
enhancement techniques, Perceptual Evaluation of Speech
Quality (PESQ) [46] has been used to measure the quality of
the enhanced speech, and Short-Time Objective Intelligibility
(STOI) [47] has been used to measure speech intelligibility.
Both methods compare clean and enhanced speech temporal
envelopes in several frames and bands. PESQ score lies
between -0.5 to 4.5, and STOI lies between 0 and 1. Higher
score values indicate better performance.

3
147007

Time
~———DFT

MSRE
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Clipping Ratio

Fig. 4. Reconstruction error for various transform domains at
different clipping ratios for a sentence

A. Effect of various transform on reconstruction

As discussed in section 2, there are many transforms that
help to represent speech signals sparsely in that domain. A
signal X = Aa is said to be sparse if most of the quantity of
vector a is zero or nearly zero so that ignorance of the lower
coefficient does not cause much degradation in the
reconstructed signal. Here 4 represents the transform basis.
Let x7 represent reconstructed after considering first K (K <
M) highest coefficients of vector a, sorted in descending
order.

The signal x will be sparse if Mean Squared
Reconstruction Error (MSRE) given by (8) is zero or nearly
zero. MSRE indicates the compressibility of speech as well
as noise.

Fig. 4 shows the sparsity or compressibility of a speech
signal in various domains like time-domain, DFT, DCT
domain, and DWT (Daubechies of type 4). In the plot, the x-
axis represents the clipping ratio, while the y-axis represents
MSRE. The MSRE is lesser in the case of DWT than in DCT
and DFT; hence signal is most sparse in DWT. Sparsity-based
enhancement techniques will perform better in a transform if
speech is more sparse in that domain compared to other [11].

N N (1))2
MSRE = Ziq(x(;)’ xr () (8)

Fig. 5 shows the sparsity of various noises in the DCT
domain, clearly showing that car noise is not as non-sparse as
other noises. Hence the performance is not better in the case
of car noises [21] as the inability of sparsity-based techniques
to distinguish between noise and speech [11].
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Clipping Ratio
Fig. 5. Reconstruction error for various noises at different
clipping ratios under the DCT domain.

TABLE L LIST OF THE ENHANCEMENT TECHNIQUES
Short form Description Reference
OMLSA Optimally-Modified Log-Spectral [4]
Amplitude
CoSaMP Compressive Sampling Matching [20], [21]
Pursuit
DL-SE Dictionary Learning based Speech [23]
Enhancement
SS-OMP Spectral Subtraction based OMP [26]
JDL Joint Dictionary Learning [32]
NMF Non-Negative Matrix Factorization [7], [48]

B. Comparisons and discussions
For comparisons, several methods have been selected, as
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shown in Table 1. Out of the techniques, OMLSA is a

conventional enhancement technique based on a statistical

model. Fig. 6 and 7 show the PESQ and STOI scores of
various techniques.
We will discuss the merits of sparsity-based enhancement

techniques using results shown in Fig. 6 and 7.

1) Sparsity-based SE (SSE) requires some kind of speech
presence estimation so that sparse motivated speech can
be recovered from noisy speech; otherwise, it fails to
differentiate between speech and noise region,
especially at very low SNR [49]. To counter this issue,
VAD is used to identify the speech region of the
spectrogram, and only that region is enhanced. Other
regions are masked in DL-SE technique [23], [26].

2) To retain speech components masked by the noise, both
clean speech and noise dictionary knowledge are
required. In JDL [32] and NMF [7], [48] technique, a
noise dictionary is learned for each noise type.
Therefore, the performance of these techniques is better
compared to other techniques, especially the STOI score
(Fig. 7).

3) Spectral Smoothing [21] of the spectrogram at low SNR
significantly improves speech quality achieved by the
CoSaMP technique.

4) Incorporating conventional noise estimation: In SS-
OMP [26] technique, noise is subtracted before
performing the CS reconstruction to reduce noise.
Hence better PESQ score is achieved compared to other
techniques, as shown in Fig. 6. The noise measurement
can be estimated during pauses estimated using VAD.
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Fig. 6. PESQ performance of enhancement techniques
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There are a few demerits that need to overlook.

1) The performance of CS improves as frame size increases
[11], but this imposes considerable algorithmic delay,
which makes it unfit for real-time application. In NMF
[7], [48], a whole spectrogram of a speech of 2 to 4
seconds has been used.

2) All sparsity-based methods are iterative algorithms, not
like the gain function in conventional methods,
contributing to the computational delay.

3) Dictionary-based methods require a large amount of
data for training, which may not be available in real-

world scenarios. Almost all dictionary learning methods
are offline, once learned, and do not adapt to incoming
data that impose a lack of adaptability and may perform
poorly as demography, dialect, and language change.

Overall, dictionary-based speech enhancement aided with
voice activity detection and spectral subtraction performs
better than others. The performances improve further if noise
type and noise dictionary is known as apriori in the joint
dictionary and non-negative matrix factorization method.
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Fig. 7. STOI performance of enhancement techniques

IV. CONCLUSION

This paper presents a comparative analysis of speech
enhancement algorithms based on speech sparsity features.
Several enhancement techniques have been investigated
based on transform, dictionary learning, and the non-negative
matrix factorization method, which promotes a sparse
solution.

We compared several sparsity-based enhancement
techniques in terms of PESQ and STOI scores on a common
database. This analysis will help the researcher understand
sparsity-based enhancement techniques and develop
techniques to overcome existing issues. In future work, there
is a need to look for such a transform domain where speech
is highly sparse to accelerate the enhancement time as it
depends on the sparsity of speech. The success of most of the
sparsity-based approaches requires voice activity detection
frame to frame and masking of noise- only components
within the frame, which also needs to improve, especially
under highly nonstationary noise, with the help of advanced
machine learning models.
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