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Abstract: The main challenge in speech Improvement of
dual-channel, is the estimation of the environment
recording model, which transfers the recorded reference
noise, into embedded noise with speech source. In this
paper, a Particle Swarm Optimization (PSO) based
adaptive filter is used to estimate the environmental
model. The proposed algorithm uses very short portion
(approximately 12.5 ms), of the corrupted speech signal.
The results of the simulation indicate that the suggested
method has a greater noise cancellation capability, in
comparison to traditional adaptive denoising techniques.
The proposed method accurately estimates the model,
leading to efficient noise cancellation, with high SNR of
129.909 dB. The PSO outperforms the Least Mean Square
(LMS) and other traditional methods.
Keywords: Model estimation, Speech Enhancement,
Adaptive filter, Noise cancellation, Particle Swarm
Optimization.

1. Introduction
The dual-channel speech enhancement system
considers two channels. The reference noise
signal is captured by the first channel. The
second channel records the distorted speech
stream. The noise that corrupts the speech signal
is not equal to the reference noise, but they are
correlated. The relation between the two noise
signals can be modeled as delay and change in
amplitude, which reflects the geometrical
recording environment.
In any dual-channel speech enhancement or
noise cancellation system, the key challenge is

the estimation of the environment model, which
produces the corrupting noise from the reference
noise. The traditional methods such as the LMS
based adaptive filter, suffers from the lack of
convergence in the coefficients value. This is
usually, results in poor SNR values. Other
methods use intelligent optimization algorithms
such as PSO. The problem of such methods is
the inapplicability in real time applications,
because the optimization process requires the
consideration of the whole speech signal.
Different studies investigate the speech
enhancement or noise cancellation problem, the
following is brief of some significant studies.
The authors in [1] propose a new PSO technique
for voice enhancement that is based on sexual
reproduction. The experimental results claim
that the sexual reproduction-based PSO
outperforms the Standard PSO (SPSO), and
gradient-based Normalized LMS (NLMS)
algorithm in speech enhancement application.
The authors in [2] investigate a method for
combining optimization techniques, the method
combines the Shuffled Sub-PSO (SSPSO) and
the traditional θ-PSO, called θ-SSPSO.
Experimental results claim that in terms of
convergence rate and SNR improvement, the
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new method perform better than the SSPSO, θPSO, and SPSO.
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authors conclude that, in terms of voice quality
and intelligibility, the APSO algorithm
outperforms the SPSO method.

In [3] the authors suggest the use of an adaptive
noise cancellation technique which adopts
artificial bee colony algorithm. The simulation
results show that the performance of the
modified artificial bee colony algorithm in terms
of the convergence speed and final averaged
MSE of 0.262445, is similar to LMS, NLMS,
PSO or better, and differential evolution
algorithms, while the proposed algorithm has an
MSE of 8×10-8.

In [8] a novel Bat-based speech enhancement
method, for dual-channel enhancement systems
is suggested. This method is based on the
echolocation activity of microbats and is bioinspired. According to the simulation findings,
the suggested method outperforms the SPSObased algorithm in terms of increased voice
quality and intelligibility, as well as improved
SNR of 30.54 dB
The authors in [9], suggest that swarm
intelligence based optimization algorithm
techniques, appears to give better SNR, than the
conventional gradient based algorithms.

An adaptive noise cancellation using LMS and
Recursive Least Squares (RLS) algorithms is
suggested in [4]. The adaptive Finite Impulse
Response (FIR) filter based on the LMS
algorithm produces better filtering results,
nevertheless, the LMS method has a slower
convergence
rate.
Simulation
findings
demonstrate that the filter outperforms the LMS
algorithm. RLS filtering necessitated a high
storage capacity, and noise reduction is a tough
operation with complicated hardware.

The authors in [10] propose hybrid optimization
technique, to enhance the quality of the speech
signal, by combining Cuckoo Search and PSO.
The results claim that the efficiency, of the
proposed technique is 28% higher, than the
conventional method.
A hybrid technique is proposed in [11] , for
speech enhancement. The technique uses
minimum MSE and PSO. The highest obtained
SNR is claimed to be 32.97 dB.

Better local search is offered by [5] for dualchannel systems, utilizing a hybrid combination
as an effective and strong method for adaptive
noise abolition. From the simulation results,
hybrid PSOGSA algorithm produces an SNR
improvement of 6 dB higher than SPSO, and 2
dB better than GSA based speech enhancement.

By combining adaptive filtering techniques and
swarm intelligence heuristic search The authors
in [12] propose a novel dual modified particle
swarm optimization approach for a two-channel
blind acoustic noise suppression application.
With two forms of actual noise, the method is
tested under a variety of noisy conditions. The
results imply that the proposed algorithm is a
powerful and effective solution for noise
elimination
applications
and
voice
improvement.

GSA is proposed in [6], to enhance the
capabilities of local search, for
speech
enhancement. The babble noise is considered in
the study, with three different levels of SNR
input. The results claim that, for dual channel
speech improvement, the GSA-based algorithm
outperforms the SPSO algorithm, with an
improved speech quality and intelligibility.

A performance comparison of traditional
gradient-based techniques such as LMS, RLS,
and NLMS, and PSO, with genetic algorithm,

Accelerated PSO (APSO) is introduced in [7]
for speech enhancement. The simulation results
claim an SNR improvement of 25.25 dB. The
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Artificial Bee Colony (ABC), and Bacteria
Foraging Optimization (BFO) techniques is
made, the comparison shows that in an average
noisy environment with low computational
complexity, the PSO method produces a higher
performance than all other algorithms [13].
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results, and section six summarizes the key
conclusions.
2. Adaptive Filter
Adjustable filtering can be regarded as a process
in which, according to certain criteria, the
parameters used to process signals change. The
calculated MSE, or the association is typically
the criterion [18, 19]. The adaptive filters differ
in time, as their parameters are adjusted
constantly, to fulfill an output requirement. In
this context, it is possible to view the adaptive
filter, as a filter which performs the
approximation step online. Typically, the
performance criteria definition involves the
presence of a reference signal which usually
obscured in the fixed-filter architecture
approximation stage [20, 21].

The authors in [14] employ three meta-heuristic
optimization
techniques,
for
speech
enhancement. The techniques are PSO, APSO,
and Gaussian PSO. These algorithms are tested
under different noise levels (5 dB, 0 dB, -10
dB). The NOIZUS and Arabic speech corpus
[15] are considered, For dual channel
algorithms, there is a comparison between the
audio-only Wiener filter and the adaptive PSO.
The results claim that for dual-channel speech
improvement, the three suggested algorithms are
better than the audio-only Wiener filter and the
APSO.

y[k]= s[k]+n[k]
(signal + noise)

In [16] a directed search optimization approach
to improve the voice quality is presented, which
is previously deteriorated. The experimental
findings show that the suggested method
produces output spectrograms, output, and voice
quality better than the PSO and LMS
algorithms, but the mentioned algorithm
requires a long processing time (about 190 s).

x[k]

-

Digital Filter

noise

ne[k] Noise
estimate

+

e[k]=se[k]
signal
estimate

Adaptive Algorithm

Figure 1. Speech dual-channel model.

General adaptive filtering scenario setup is
presented in Fig. 1, where k is the iteration
index, ne[k] is the adaptive filter output, y[k] is
the input signal and s[k] is the desired signal.
The error signal e[k] is determined to be y[k] ne[k]. To decide the necessary update of the
filter coefficients, the error then forms an
objective function or output needed by the
process of adaptation. Minimizing the objective
function ensures that, in some way, the output of
the adaptive filter fits the target signal. The
expression for filter response and error
respectively are provided by:

Here, the PSO is considered in dual-channel
speech enhancement scenario, to estimate the
environment recording model. The authors
recently present FIR and Infinite Impulse
Response (IIR) individual models for
estimation, as presented in [17]. While here a
combined model is suggested.
The remainder of the paper is structured as
follows: a description of the dual channel
adaptive filter is addressed in section two. The
PSO algorithm is demonstrated in section three,
the proposed method is illustrated in section
four, while section five addresses the main

𝑁−1

𝑛𝑒 [𝑘] = ∑𝑛=0 (𝑤[𝑛] ∗ 𝑥[𝑘 − 𝑛])
𝑒[𝑘] = 𝑦[𝑘] − 𝑛𝑒 [𝑘]
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The order of the FIR filter is N, the nth
coefficient is w[n], and the length of a voice
signal is L. There are two types of adaptive
filters: The digital filter comes first that can be
modified to minimize the error, with tunable
coefficients. It is possible to model this filter as
FIR, IIR or combined modal. In this paper, a
combined adaptive filter is considered, to depict
the dual-channel optimization system's filter
model.
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of particles emerges. The fitness function, which
is based on the optimization problem,
determines how good or bad the swarm is at
performing functional tasks. Each particle can
be assumed as a solution space point. The
position of the ith particle is Pi with (i=1, 2, ...,
M), and M is the size of the swarm. S represents
the total number of swarm particles. PBesti stands
for the particle's “best” position. The ith
particle's velocity is indicated by Vi. At each
iteration, GBest is the best particle within the
swarm. As a result, each particle Pi changes its
velocity and location according to the equation
below:

The adaptive algorithm, which changes the filter
settings, is the second unit, to achieve the
desired value of the error. It must ensure the
quickest feasible convergence to the best
available values. To cope with this feature
minimization problem, different adaptive
algorithms improve the iterative methods. In
this paper, PSO is employed to tune the
coefficients of the adaptive filter.

𝑉𝑖,𝑡+1 = 𝑊 𝑉𝑡 + 𝐶1 𝑟1 (𝑃𝐵𝑒𝑠𝑡 − 𝑃𝑖,𝑡 ) −
𝐶2 𝑟2 (𝐺𝐵𝑒𝑠𝑡,𝑡 − 𝑃𝑖,𝑡 )

(3)

𝑃𝑖,𝑡+1 = 𝑃𝑖,𝑡 + 𝑉𝑖,𝑡+1

(4)

The cognitive learning component is C1 and the
social learning factor is C2, while W is the
inertia. The random parameters r1 and r2 are
evenly distributed throughout the interval [0,1].
PBest the best represents found by an individual
particle, GBest denotes the best value obtained by
all particles, and t denotes the number of
iterations. The key steps of the PSO algorithm
are shown in Fig. 2.

3. PSO
For tackling optimization issues, the PSO
approach belongs to the broad family of swarm
intelligence methods [22]. J. Kennedy first
suggested it as a simulation of social behavior,
and it was first used as an optimization approach
in 1995 [23]. PSO has to do with artificial life
and particularly with swarming ideas, it is a new
branch of the soft computing paradigms called
evolutionary algorithms. PSO is a versatile tool
that may be utilized in a variety of applications.
Multimodal situations for which no specialized
solution exists or all specialized approaches
produce poor results are examples of areas
where the PSO technique has shown promising
results [24]. The optimal global solution is
represented by the best location of the whole
swarm, which is referred to as GBest, while the
optimal solution for each individual particle is
referred to as PBest. Every swarm particle is
constantly updating itself, taking both GBest and
PBest into account. After that, a new generation

Particles initialization
Calculate fitness per particle
Update velocity and position
based on PBest and GBest
Next
Iteration

Test termination condition
Stop

Figure 2. Flowchart of the PSO Algorithm.
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4. Proposed Algorithm

5. Results

The scheme diagram of the proposed method is
presented in Fig. 3. Adaptive algorithms such as
PSO, LMS and other optimization approaches
are considered in the literature [13]. The
adaptive algorithm in all of these techniques
aims to reduce the output signal energy e[k],
while the entire speech sample is considered.
The adaptive filter, on the other hand, is
responsible for estimating the transfer function
F[z], that reflects the relationship between the
reference noise signal x[k] and the additional
noise n[k]. The duration of the voice signal is
not always connected to the estimation of such a
system. As a result, just a tiny portion of the
input signal is used in this paper (approximately
12.5 ms which was selected experimentally) to
determine the parameters of the adaptive filter.
It is better to use nonspeech segment (i.e.,
merely n[k]) in order to obtain better
optimization, as the goal is to reduce the energy
to minimal value the 𝑀𝑆𝐸 is given in (5).

In the experimental work, the reference noise is
filtered using the PSO and LMS algorithms
using Matlab R2018b on a laptop with a
mechanical hard disk, 8 GB RAM, and Core i7
CPU. The SNR is a performance metric for
evaluating the efficacy of both techniques, and
it's defined as:

𝑀𝑆𝐸 =

1
𝐿

∑𝐿𝑛=1[(𝑒[𝑛] − 𝑠[𝑛])]2

∑ 𝑠2 [𝑘]

𝑆𝑁𝑅 = 10 𝐿𝑜𝑔 (∑(𝑠[𝑘]−𝑦[𝑘])2 )

The NOIZEUS database [25] and NOISEX-92
databases are used in the experiments. From the
NOISEX-92 [26] database, 8 noise kinds are
chosen (subway, train, street, car, exhibition,
restaurant, babble, and airport). The NOIZEUS
dataset provides clean voice samples. A
sampling frequency of 8 kHz is used to record
both noise and clean speech samples. The
reference noise is processed via F[z], which
simulates the recording environment model, to
get the corrupted speech signal, as stated in (7).
This model represents a combination of both
FIR and IIR filters, and therefore is called here
(combined model) [27]:

(5)

The PSO algorithm can achieve the optimal
solution much quicker than other techniques,
which are constrained by processing the
immediate and/or the entire signal, because it
considers such a small portion of the speech
sample. The sole restriction is that F[z] must not
vary over time, which is not the case here
because F[z] is assumed fixed over time.
+
s[k]

∑

y[k]=s[k]+ n[k]

+

+
Combined
modal F[Z]

x[k]

∑

Noisy speech

-

(6)

𝐹[𝑧] =

1+0.2𝑍 −1 +0.1𝑍 −2
1−1.2𝑍 −1 +0.36𝑍 −2
1+𝑃1𝑖 𝑍 −1 +𝑃2𝑖 𝑍 −2

𝑊[𝑧] =

1+𝑃3𝑖 𝑍 −1 +𝑃4𝑖 𝑍 −2

(7)
(8)

The PSO method is used to estimate the
parameters of the W[z]. A successful
optimization algorithm can accurately estimate
the coefficients in W[z]. Table 1 describes the
parameters of the PSO algorithm, these
parameters are experimentally chosen. Table 2
shows the values of SNR, at noise levels of -5
dB and -10 dB, with a comparison to the
proposed method. Table 3 addresses
Comparison of LMS and PSO techniques
depending on improvement of the SNR, and
processing time needed by consideration of the

e[k]=
y[k]-ne[k]=
se[k]

ne[k]
Digital Filter W[z]
Adaptive Algorithm

Figure 3. Noise cancellation using an adaptive filter.
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combined model F[z]. In this table the 30 clean
speech samples of the NOIZEUS database are
added to each other, to make one speech sample
of 64 sec. This is to illustrate the impact of
processing time of each algorithm.

improvement of the proposed algorithm with
respect to time, is very clear in Table 3. It is
noticed that the LMS algorithm spends the
entire speech signal (64 sec) without achieving
convergence in filter parameters. While the
proposed method requires an average of (0.22
sec) to precisely calculates the filter
coefficients. It is important here to mention that
the average time for the proposed algorithm in
Table 3 represents the processing time of
Matlab code, which can be substantially reduced
if the algorithm is implemented in low level
language or hardware form, such as FPGA. To
discuss a worst-case scenario, the F[z] model
can change over time. In this case the proposed
algorithm can re-estimate the adaptive filter
coefficients, taking a processing time of (0.22
sec). This re-estimation is only required when
the environment recording model is changed.
Fig. 4 shows the long speech signal, which is a
combination of the 30 speech samples. of the
NOIZEUS database, LMS and PSO methods are
used to enhance the signal.

Table 1. Parameters for PSO.
Parameter
Value
C1
1
C2
2
W
0.8
Swarm size
100
Iteration size
100
Number of adaptive filter coefficients
4

Table 2. Various techniques' SNRs are compared.
Noisy speech
Enhanced
Method
(dB)
speech (dB)

-5

-10

LMS
PSOGSA [5]
GSA [5]
Proposed PSO
LMS
θ-SSPSO
BFO [13]
ABC [13]
RLS [13]
APSO [7]
Proposed PSO

June 2021

7.08
24
22
129.909
12.09
23.7804
0.1109
0.3095
0.259
25.25
133.98

Table 3. SNR improvement for the combined model of
F[z] at various noise levels.
SNR noisy
SNR
Time
signal
Algorithm
enhanced
(sec.)
(dB)
signal (dB)
Proposed PSO
129.9
0.22
-5
LMS
7.09
64.04
Proposed PSO
103.8
0.217
-12
LMS
12.09
64.04
Proposed PSO
115.7
0.22
-24
LMS
23.58
64.04

Figure 4. Denoising standard speech sample corrupted by
airport noise at -24 dB. (a) Original speech sample (b)
Airport noise signal (c) Corrupted signal (d) PSO-based
cleaned signal (e) LMS-based cleaned.

From Table 2, it is noticed that the proposed
method considerably outdoes other techniques
in literature. This significant improvement in
SNR is due to the precise estimation of the
adaptive filter W[z] to the environment
recording model F[z]. The significant

The NOIZEUS database contains thirty clean
speech samples, each of which is damaged with
8 kinds of noise from the NOISEX-92 database.
The 30 samples of SNR are contaminated by
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"airport" noise, at three noise levels, with their
corresponding SNR after enhancement are
shown in the Fig. 5.

Figure 7. The time necessary for the combined model at
varying noise levels for one sample corrupted by eight
types of noise.

Fig. 8 and Fig. 9 show the error between the
original speech signal and the enhanced speech
signal, for the proposed algorithm and the LMS
algorithm respectively. The proposed algorithm
converges to the correct coefficients value, in
very short time. While the LMS struggle to
converge to the correct values [17].

Figure 5. SNR of LMS and proposed method for the
combined model for 30 signals at different levels of noise.

Fig. 6 shows the SNR in the enhanced long
speech signal (combination of 30 NOIZEUS
samples) using the proposed algorithm, and the
LMS method, after corrupting the signal with
eights noise samples of NOISEX-92, at three
different noise levels. While Fig. 7 shows the
processing time of each method for the same
case.

Figure 8. Error between original and cleaned speech
using proposed algorithm.

Figure 6. SNR enhancement of a single sample
contaminated by eight kinds of noise for the Combined
model at various noise levels.

Figure 9. Error between original and cleaned speech
using LMS algorithm.

6. Conclusion
A simple PSO-based adaptive noise cancellation
technique is presented in this paper, to estimate
the environment recording model, in dual-
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efficient algorithm for adaptive filtering:
artificial bee colony algorithm". Turk J Elec
Eng & Comp Sci,19(1): p. 175-190. 2011.
4. Yadav, J., et al., "performance analyis of
LMS adaptive FIR filter and RLS adaptive fir
filter for noise cancellation". International
Journal Signal & Image Processing (SIPIJ)
2013. 4(3): p. 45.
5. Kunche, P., et al., "A new approach to dual
channel speech enhancement based on
hybrid PSOGSA". International Journal of
Speech Technology . 2015. 18(1): p. 45-56.
6. Prajna, K., et al., "A new approach to dual
channel speech enhancement based on
gravitational search algorithm (GSA)".
International Journal of Speech Technology.
2014. 17(4): p. 341-351.
7. Prajna, K ,.et al., "A new dual channel speech
enhancement approach based on accelerated
particle swarm optimization (APSO)".
International Journal Intelligent Systems and
Applications. 2014. 6(4): p. 1.
8. Prajna, K., et al. "Application of bat
algorithm in dual channel speech
enhancement". international conference on
communication and signal processing. in
2014. IEEE.
9. Devi, K.U., D. Sarma, and R. Laishram.
"Swarm Intelligence based computing
techniques in speech enhancement". in 2015
International
Conference
on
Green
Computing and Internet of Things
(ICGCIoT). 2015. IEEE.
10. Anoop, V. and P.J.P.T. Rao, "Speech
enhancement using hybrid optimization
technique". International Journal Elsevier for
Procedia Technology. 2016. 25: p. 5-11.
11. Selvi, R.S. and G.J.I.J.o.S.T. Suresh,
"Hybridization of spectral filtering with
particle swarm optimization for speech
signal enhancement". International Journal of
Speech Technology.2016. 19(1): p. 19-31.
12. Fisli, S. and M.J.A.A. Djendi, "Blind speech
intelligiblility enhancement by a new dual
modified predator-prey particle swarm
optimization
algorithm".
International
Journal Elsevier for Applied Acoustics 2018.
141: p. 125-135.

channel speech enhancement situation. The
recording environment model F[z] is considered
here to be a combination of FIR and IIR filters.
By reducing the MSE between the two-channel
outputs. The proposed method has better
performance when compared to other
techniques in the literature from time
perspective, since it uses only (12.5 msec) of the
corrupted signal, and a processing time of (0.22
sec). In real-time applications, this makes the
suggested method more realistic, when
compared to other PSO based methods, which
they consider the whole speech signal, to
achieve an enhancement. The F[z] in this paper,
is considered to be stationary. However, if it is
not the case, where F[z] changes after a period
of time, the proposed algorithm can be reapplied, to re-estimate F[z] in (0.22 sec) or less
time, if hardware implementation is adopted.
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