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1. Introduction

Signal processing is the process of converting or transforming data such that we can see things that are not
visible to the human eye. Through signal processing, scientists and engineers can analyze, improve, and
correct signals, including scientific data, audio streams, images, and video. The issue of signal de-noising has
numerous applications in various technological and scientific domains, including communications, control,
and machine learning. In literature, image noise can be categorized into two primary types: additive and
multiplicative noise. This work focuses on the elimination of additive noise. The additive noise model is given
as:

u=u,+1. (1)

Where u is the given noisy signal is degraded by additive noise, and u, is the original signal. In literature,
other techniques have been employed to address this issue, including wavelet techniques [1-3], adaptive
smoothing [4, 5], stochastic schemes [6, 7], and anisotropic diffusion [8, 9].

Despite the known limitations of TV regularization, the Rudin-Osher-Fatemi (ROF) model effectively
removes noise from signals and images while preserving important edge information.[10] However, due to its
non-linear and non-differentiable nature, this approach also produces some undesirable effects, such as loss
of signal contrast and increased computational cost [11-14]. This approach is commonly applied to the
restoration of signals corrupted by additive noise [15]. Nevertheless, due to the non-inear and non-
differentiable nature of the associated partial differential equation, the model suffers from several limitations
that can introduce undesirable artifacts and signal degradation [16, 17].

One of the most well-known techniques for signal demnoising is based on the TV known as Tikhonov
regularization based model [18]. Recently, variational methods have been employed to address difficulties
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related to TV models, yielding successful restoration outcomes, as demonstrated in previous studies [19-20].
In traditional variational methods, the PDE is derived from the minimization functional that incorporates
additive noise. This approach is employed to achieve a smooth solution for signal de-noising. However, the
equation of the EL-PDE when connected to a TV model is invariably a non-linear and non-differentiable
PDE. Consequently, the traditional numerical methods were unable to effectively solve the EL-PDE for
obtaining a smooth numerical solution, resulting in the loss of fine details in the signal de-noising process.
Additionally, Tikhonov regularization has been adapted to include total variation regularization, which is
particularly effective for maintaining edges in images [21]. By effectively balancing the trade-off between noise
reduction and detail preservation. Overall, this approach addresses the challenges associated with ill-posed
problems, making it a foundational method in the field.

In the 1970s, Radial Basis Function (RBF) methods emerged to enhance the structural stability of numerical
schemes, particularly suited for handling scattered data points [22]. This flexibility allows the shape of the
computational domain to be dictated by application needs rather than by the limitations of numerical
methods. Recently, RBF techniques have gained traction in both approximation theory and the numerical
resolution of partial differential equations (PDEs), with the RBF interpolation method, or Collocation
method, being the most prevalent [23-25]. The appeal of RBF methods lies in their meshless nature, which
requires only a discrete set of points to represent continuous problems, offering greater efficiency compared
to traditional techniques like Finite Difference Methods (FDM), pseudo-spectral methods, and Finite
Element Methods (FEM).

RBF techniques can be implemented in two main frameworks: Global and Local Meshless Methods. The
Global Meshless Method is effective for solving PDEs with smooth solutions due to its adaptive and
computational properties. However, its reliance on full matrices during discretization can lead to ill-
conditioning issues. To mitigate the sensitivity of shape parameters and these ill-conditioning problems, the
Local Meshless Scheme (LMS) was introduced. Initially proposed for diffusion problems, LMS has shown
notable improvements in both accuracy and computational efficiency through its localized structure and
adaptive approach. The LMS has been extensively applied across various fields in engineering and science
due to its practicality. This method reduces the complexity of the collocation matrix by solving several smaller
matrices that correspond to overlapping influence sub-domains, where each matrix is defined by the number
of nodes in each node's influence area. Motivated by the advantages of the LMS, we propose applying it to
approximate solutions for EL-PDEs related to the Rudin-Osher-Fatemi (ROF) model, targeting effective
additive noise removal from signals. This approach promises to enhance noise reduction efficiency and speed,
capitalizing on the beneficial properties of the LMS [26].

The Domain Decomposition Scheme utilizing local Radial Basis Function (RBF) methods is an effective
strategy for solving partial differential equations (PDEs) by partitioning a computational domain into smaller
subdomains. This approach allows each subdomain to be addressed independently, facilitating parallel
computation and improving resource efficiency [27]. Within these subdomains, local RBFs are employed for
interpolation and approximation, offering high accuracy and the advantage of being meshless, meaning they
do not rely on a structured grid [28]. To maintain continuity and compatibility across the boundaries of
subdomains, specific coupling conditions are implemented, ensuring that solutions from adjacent
subdomains align properly [29]. By concentrating on local RBFs, this method effectively captures complex
behaviors in the solution while preserving computational efficiency [30]. The independence of subdomains
also lends itself to parallel processing, significantly accelerating computation, especially in large-scale or high-
dimensional PDE scenarios [31]. This methodology finds extensive applications in diverse fields such as fluid
dynamics, structural analysis, and heat transfer, where solving intricate PDEs is crucial [32]. Moreover, the
approach has demonstrated strong convergence properties and stability, making it a dependable option for
practical applications [33].

In this paper, we will focus on Signal restoring images using the Tikhonov model for partial differential
equations (PDEs). Our approach involves employing Domain Decomposition techniques in conjunction with
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Local Radial Basis Functions. This combination aims to enhance the effectiveness of the image restoration
process. By leveraging the strengths of both methods, we seek to achieve improved results. Ultimately, our
goal is to develop a robust framework for signal image restoration.

2. Literature Review

2.1 Tikhonov regularization Model:

Tikhonov regularization serves as a fundamental approach for image restoration, differentiating itself through
its use of the gradient-based energy functional. Overall, this method provides a robust framework for
improving image quality. The distinction between L2 and L1 norms highlights different approaches to
handling image data [18].

min{E(w)} = min [|[Vu(x, )| dQ+ A [ (@ —u,d (2)
Q Q

Forward finite difference method. The resulting PDE is given below.

ou

Ez(uxxwLuyy)—l(u—uo). 3)

Tikhonov regularization provides strong smoothing effects; however, it struggles to preserve key geometric
features in images, such as edges, corners, and textures. This challenge stems from the method's focus on
achieving smoothness, which can compromise sharp details. Consequently, although Tikhonov regularization
is beneficial for noise reduction, it may not be the best choice for tasks requiring the retention of intricate
features. In such cases, other techniques might be necessary to maintain these important attributes [19-20].

2.2 Local Kansa Method/local RBF

In this section, we focus on the local Radial Basis Function (RBF) method. The local RBF technique builds
the approximation in a neighborhood, using only a limited number of nodes close to each evaluation point
(34, 35]. Formally, an RBF is defined as a function that depends solely on the distance from the origin, i.e.,

d(x) = ¢(|x|) . More generally, with a fixed center C, the function is expressed as ¢(x,C) = ¢(|x—C |)
where the center point and its surrounding stencil are used for computation over P and x,. Any function ¢
that satisfies the condition @(x) = ¢(||x||) is considered a radial basis function, with the norm always taken

as the Euclidean distance. If n is odd, there are exactly n center points, while if n is even, there will be n+1
center points. This distinction ensures that local approximations are made effectively by adjusting the number
of center points according to the stencil size. A radial basis function (RBF) is a real-valued function that
depends on the distance from the origin, specifically characterized by the property that the norm is always
based on Euclidean distance. This forms the basis for RBF interpolation.

T(y)= ﬁ“aj;zﬁj (I =], ) for i =123, “)
i=1

(i -i]), #(vi-s]), e #(|vi-xsl), |
(s -x5]), e(ls—s]), #(|s -4,
5
B= (s -x5]), o(lvs-]), #(|s - »4]), X
(s —oil), #(lvs—sl), e #(lvs =3 ),
Ba=f (6)
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a=B"f (7

Where @t = (0ty, @y, &ty ) s [ =(£(0), f(0,), f(0)).......f (0)) and B=|g, | =B, e R""
=[4,]1=0(6-6,).i.j=1.2,3.....N with §; =5 8)

where matrix B is known as the interpolation system matrix. Now for "N” centers points and ‘K’ evaluation
points using again the RBF interpolation condition, we have

When dealing with N center points and k evaluation points, the Radial Basis Function (RBF) interpolation
condition is reapplied to define the connection between them. This guarantees that the interpolation
accurately reflects the behavior of the target function at the chosen evaluation points. The RBF scheme is

K
= a (H v - y_,.CHZ) for i, j=1,2,3,..Nand j = 1,2,3, . ... N 9)
i=1
Where o = B™1f (10)
and

), #(Jy -
¢(Hy2_ylc )2 ¢(Hy2 yz

) ....... ¢(Hyl—yfv
) ....... ¢(Hy2—y]‘\',
), ¢(\y3 ), e B(|vs -

¢(Hy3 N
), #(lve—2s]), e #(Jv =23,

. . . . . t
And H is KxN matix is called evaluation matrix. Aboa =(a,a,,....,a,) and

(|- i

) (1D

H(i

:(a)(yl),a)(yz),...,a)(yn ))t, are the N x1 matrices. Hence

w=Ha. (12)
Put the value of & from (10) in (12)

w=HB'f. (13)
Let HB™' = D. (14)
w=Df, (15)

Equation (15) NV x1 system and is called the approximation solution of the function a)(yl.) and given points

Y i=1,2,..., N. For more information [25].

2.3 Domain Decomposition Method (DDM):

Domain Decomposition Methods (DDM) are numerical techniques that divide a computational domain into
smaller subdomains to tackle large-scale problems effectively. These methods are particularly advantageous
for solving partial differential equations (PDEs) and are designed to make optimal use of parallel computing
environments. DDM can be categorized into two main types: overlapping and non-overlapping methods.
Each category offers distinct mathematical frameworks and methodologies for addressing various challenges
(27, 28].

By partitioning a computational domain into smaller subdomains, Domain Decomposition Methods (DDM)
are employed to manage large-scale issues efficiently. These techniques are particularly useful for solving
partial differential equations (PDEs) and are specifically adapted to leverage parallel computing capabilities.
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DDM approaches can be classified into two broad categories: overlapping and non-overlapping. Each
approach provides unique mathematical structures and strategies for solving problems, allowing for flexibility
in application depending on the specific needs of the problem [29-33].

2.3.1 Partitioning the domain:
The domain Q is divided into two non-overlapping subdomains.

2
a=Jo, (16)
i=1

With Ql ﬂQ2 :¢andQI UQ2 = Q
2.3.2  Local problem formulation:
Within each subdomain €;, the PDE is solved locally. For example, consider the Tikhonov model PDE:

%Z(Mm+uyy)—/l(u—u0) ’ Qi fori=1,2 a7

2.3.3 Interface conditions:
At the interface between sub-domains, the continuity of the solution and the flux is enforced for Q; and £,.
This typically involves:

%:(um vuy )= a(m—f) & (18)
%Z(um'kuzyy)_l(”z_ﬁ)) Q2‘ (19)
U (X) =Uu, (x) on Iy, (20)

Where I denote the interface between Q4 and Q, and n is the unit normal vector on IY5.

3. Proposed Hybrid Meshless Algorithm (M2)
In this section, we introduce an algorithm, using both Local Radial Basis Function interpolation and Domain
Decomposition Method to solve the Tickonov model PDE (1).

N
Suppose {Xi} i is the N distinct evaluation points in the domain €. The following equation is true for any

. . . , . N
radial basis function, ¢(l’) = ”7'”2 in R. For N center points {ch} j=1» we have

N
u(p) = Za,(p(Hp -p,

1 ‘
Where aj represents the coefficient of RBF and is given by

S(p,) =/ (22)

Is the set of points that usually coincides with the centres.

Ha=f, (23)

2) 2D

t
r . )
Wherea = (¢, ., x,....... o, ) ,is unknown and Uy, =| Uy, U, Uy eeeee. u is known are N X1 matrix.
1 2 3 N 0 01 02 03 0N, c

The matrix H is called the interpolation matrix, and is given by

H =[%]=[(Hx,« - x, )L’M (24)
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This matrix H is always invertible because it is always a positive definite matrix.
And hence we have

-1
a=H u, (25)
Where a is N, c X1 a matrix. This interpolation matrix is evaluated using equation (21) at N evaluation points

N . . . .
{x,;}" ., from which to form the evaluation matrix ‘K’ that is

u=Ka (26)

Now using equation [25] in equation [26], we get

u=KH 'u, 27
Or

u= DMO where D=KH (28)

Which gives the approximate solution at any point in the domain Q is N c X1 matrix.

The equation (17) is rewritten as follows.

%_( 1xx+u1y})_/1(”1_f0) ’ Qi (29)

The semi-implicit gradient descent method is applied to (29).
(k+1) (k)

S () el ) A7) o0

Put equation (28) in equation (30), and we will get a linear resultant equation.

G(ulk)ulk”:G(ulk)ulk+dt(((ul)m)(k)+(ul) ””) Gl et (" ~( fo)“’)) (31)

Where G(u,) = ((u)), +(“1k)y)§a(u1)xx :(a)l )xx foa(”l) _(a)l) fo. fy =

Similarly, we can solve for equation (18). i-e

G, Y, = G, st +dt(((u2)xx ) (), )(“)— Gy (w” - (£,)") (32)
Where G(u,) = (ul), +18),)2,(u,).. = (@), Fy, (1), =(@,),, T0, £ = f,

In the Kansa method, the RBF used in the collocation technique provides flexibility in choosing the RBF,
with the Multiquadric (MQ) function being the most popular due to its spectral accuracy when the shape
parameter is properly selected. In the M2 scheme, the shape parameter ¢ and regularization parameters 31
and B2 are adjusted based on the size and noise level of the image being analyzed. The collocation approach
applied to the Euler-Lagrange Equation (32) results in a novel solution because of the MQ-RBF interpolation,
which helps preserve image edges. Additionally, the weighted mean derived from the interpolation process
smooths the solution to Equation (32), with the smoothness depending on the Euclidean distance between
noisy and non-noisy pixels. This leads to effective image reconstruction, reducing the staircase effect often
seen in image processing.
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Algorithm 1: Algorithm for the Proposed Hybrid Meshless Scheme (M2)
RBF Interpolation:
1. Choose N = NC , n number of data pixel points.

2. Calculate “a” according to the Eq. (25) by MQ-RBF.
3. Compute u by using Eq. (28) by MQ-RBF.
Tickonov regularization:

4. Pick out the values for B1, f2,s and f.
5. Introduce n Nc number of data pixel centers i.e., X, < X, S X, next choose n = 0.

6. Replace u as MQ-RBF utilizing Eq. (28) in Eq. (32).
7. Choosen =n+1, for each data center point xci, for 1 < i <N, then compute ™" according to the Eq.

(32) by Kansa method (collocation scheme). Where f = f

n+l1 n
u —u
8. “—n <€ Formula is used to break the iterative process, move to Step (10).
u
9. Turn to Step (7).
10. End.

11. Output result ¥,

11. Similarly we will find u2 as done for ul for the solution of equation (20)

11. Hence Output result¥ =U, +U,

4. Results and Discussions:

This section presents experimental results and analyses conducted on various real signals to evaluate the
performance of the proposed meshless algorithm M2. Noisy signals are used to assess the performance of
both M1 and M2. The test signals, which include salt-and-pepper noise (variation), are shown in the figure.
In this study, we compare the restoration outcomes of the proposed M2 with those of the traditional mesh-
based method M1 to assess the signal recovery performance.

We chose the unique size of N = N_size and used the suggested meshless techniques M2. The SNR values is
taken to consider to quantify the denoising image. The measure is widely used for the quantity of restoring

single.
SNR is defined as:
SNR = 10x1og, 1=l
<1080 >
0

Where @, represent the final de-noise signal and (Mx N) represent the single data size of the image, and @

represent the provided original signal. The restoration performance depends upon the value of SNR. (i-e
greater the SNR value result the greater the restoration performance.)

Ha)(ﬂ+1) e

(n)

<e (30)

o

Where € denotes the highest acceptable level of accuracy. Here it is set to be 1071, In this paper, we
implement the MQ-RBF method to evaluate and compare the outcomes of the M2 and M1 schemes. The
MQ RBF is defined for each point (u, u,) as follows:
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(éj(u,v):«/c2 +a)]2. :\/c2 +((u—uj)2 +(v—vj)2)

(31
Inverse multi-quadric IMQ-RBF) is as follows
1 1

¢, (u,v) = = (32)

\/cz+a)f \/cz+((u—uj)2+(v—vj)2)
Also, the Gaussian (GA) RBF is

_ta? 702[(u7uj)2+ v=v; 2
g, (u,v)=e =e (=) (33)

Where
= \/[(u—uj)z +(v—vj)2]

Analysis 1:

In this comparison, 70", 120" and 200" lines taken from Lena image are compared for signal restoration
having additive Gaussian noise with noise levels of 30%, 35%, and 45%, respectively, for the proposed hybrid
meshless scheme M2 and mesh-based method M1. The noisy and original signal comparison for 30%, 38%,
and 45%, respectively, is given in Figures 1(a), 2(a), and 3(a) regarding the signals and histogram comparison.
It can be seen that the image restoration regarding signals and histogram comparisons of proposed scheme
M2 far better than M1 due to the MQ-BRF used in meshless method along with domain decomposition
method used in M2 which is not only responsible to denoised the signals (signal denoising and histogram)
because of the domain decomposition method property that divide the signal domain into two domains
which is responsible to control the discontinuities in the small domains and hence denoised the signals better
than mesh-based M 1. These results are given in Figures 1(b), 2(b) and 3(b) for M1 and Figures 1(c), 2(c) and
3(c) for M2, respectively. It can also be seen from Table 1 that the SNR values of the proposed method M2
are greater than M1which shows the better signal restoration of M2 over M1. Table 1 also shows that the
CUP time and number of iterations of M2 are less than M1, which indicates the quick restoration
performance of M2 over M1.
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) True and N oisy 51gnals
along with histogram along with histogram along with histogram
Figure 1: Comparison 70" signal taken from Lena Image for signal restoration: (a) True and Noisy signals
associated with a histogram having a noise level is 30%; (b) True and restored signals associated with a
histogram by M1; (c) True and restored signals associated with a histogram by M2. The true signal is
denoted by blue color, while noisy and restored signals are denoted by red colors.

_ , A |l #
’*" n " ;.| '/ }|‘ :w;\v/"/". f;,l»

(a) Ture and N01sy signals (b) True and Ml signals ) True and M2 signals
along with histogram along with histogram along with histogram

Figure 2: Comparison 120" signal taken from Lena Image for signal denoising: (a) Actual and Noisy signals
Connected with histogram having noise level is 37%; (b) Actual and denoised signals connected with
histogram by M1; (c) Actual and denoised signals connected with histogram by M2. The actual signal is
denoted by blue color while noisy and denoised signals are denoted by red colors.
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(a) True and Noisy signals (b) True and by M1 signals (¢) True and by M2 signals
along with histogram along with histogram along with histogram

Figure 3: Comparison 200" signal taken from Lena Image for signal reconstruction: (a) Actual and Noisy
signals connected with a histogram containing noise level is 45%; (b) Actual and reconstructed signals
connected with a histogram by M1; (c) Actual and reconstructed signals connected with a histogram by
M2. The actual signal is reconstructed by blue color while noisy and reconstructed signals are denoted by
red colors.

Table 1: SNR values and computational time (iterations and time in seconds) comparison between M1
and M2.

Signal  selected | .. M1 M2
S. No Size

from the Lena SNR Time (s) | Iterations | SNR | Time (s) [terations
1 70t 512% | 24.11 | 14 22 2427 19 16
2 120™ 512% | 23.90 | 18 27 2447 | 12 20

200" 5122 |23.60 |22 32 2391 | 18 27

4.1 Local Meshless Scheme for Total Variation Based L1 Model for Signal Restoration Model Connected
with Additive Noise (M3)

Tawab. et. al [23] proposed a Local meshless scheme for the numerical solution of the TV-based L1 model
for signal restoration. The TV-L1 model is given as under.

W= min{E(w)}i‘Vw(x,y)}dQJr /1£|w— w, |dQ

where W, is the given noisy image, w is the denoised image and Ais a regularization parameter. The associated
time-dependent EL-PDE associated with model (34) is given as under.

2 2
ow _ W W, Zwww, +w, W _

5 3

2 2\2
(w?+w))

(34)

L (vw)

|w—w0

(35)
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Using the Local Meshless scheme, by the gradient descent method, the time-dependent EL-PDE is given as
under.

L (w(") ) w" = [ (W(”) ) w™ +dt [(w@ + w;;) ) ((w2 )(n) + (w2 )(n) ) - (2W(")W§)") (wfc”)wy + wxw;”) ) +ww + w;w)(;) )} -

: "y v
(W(n) _ W(0>0)

(n) _ w®

dt L(w<">)/1 ‘w 0

, t>0, (x,y)eR.

(36)

3
> ow
WhereL(w):(wj+w§)2,wx:Hwa,wm:H w,,w, =H w wwzHWwo,a:wn:Hnwo and

xx' o2 y o’

(0)

w’ =w . For more information, see [23].

Analysis 2:

In this second analysis, signals 170™ and 220" taken from cameraman image are compared for two methods
that are M2 (proposed hybrid method) and M3 (meshless method) for signal denoised having additive noise
with noise levels 45% and 50%. The noisy and original signals in terms of signals and histogram are given in
Figures 4(a) and 5(a). We noticed that both schemes M2 and M3 are meshless scheme containing MQ-RBF
but the signal restoration of M2 is better than M3 because of the domain decomposition property involved
in M3. This property is capable to divide the domain in to two local domains which has the property to
control the discontinuity of the derivatives inside the local domain of the signal and hence produce good
restoration result compared to M3 which has larger domain because of its global meshless property. The
restored signals and their respective hoistrooms of M2 and M3 are shown in Figures 4(b), 5(b) and 4(c), 5(c),
respectively. It can also be seen from Table 2 that SNR values of M2 are greater than M3 which shows the
good restoration performance of M2 over M3. Also, Table 2 indicate that the restoration performance
regarding computational time and iteration required for restoration of M2 are less than M3 which shows the
quick restoration performance of M2 over M3.

x i ? ‘ l ‘ ‘I't/‘, N ! -‘-/‘
-~ | . - "‘| ‘\ ;‘*\ M‘f |‘ g - [I"‘; \ A L") Mo~
| . WY WY )
. mi - W I | ~ |
| “‘ ! . 2 . N

(a) True and Noisy signals (b) True and M3 signals (¢) True and M2 signals
along with histogram along with histogram along with histogram
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Figure 4: Comparison 170" signal taken from Cameraman for signal denoising: (a) Actual and degraded
signals associated with histogram having noise level is 45%; (b) Actual and denoised signals associated with
histogram by M3; (c) Actual and denoised signals associated with histogram by M2. The actual signal is
denoted by blue color while noisy and denoised signals are denoted by red colors.

rETR

(a) Ture and Noisy signals (b) True and M3 signals (¢) True and M2 signals
along with histogram along with histogram along with histogram

Figure 5: Comparison 220" signal taken from Cameraman for signal denoising: (a) Ture and degraded
signals connected with histogram having noise level is 50%j; (b) Ture and denoised signals connected with
histogram by M3; (c) Ture and denoised signals connected with histogram by M2. The actual signal is
denoted by blue color while noisy and denoised signals are denoted by red colors.

Table 2: Comparison of methods M3 and M2 regarding SNR values and computational time (iterations
and time in seconds).

Signal  selected M3 M2
S.No | from the | Size

Cameraman SNR Time (s) | Iterations | SNR | Time (s) [terations
1 170™ 512% |23.01 |15 21 23.17 | 12 17
2 220" 512% | 2291 | 18 25 23.05 | 14 22

Analysis 3:

In this analysis, M1 is compared with the proposed method M2 for the associated three bases functions, i.e.,
MQ-RBF, IMQ-RBF, and GA-RBF, for signal restoration having additive noise 50%. The 110" signal taken
from Lena image is tested in this analysis. Figures 6 and Table 3 indicate that the signal restoration regarding
signals and associated histogram along the computational time and iterations required for convergence of
proposed M2 is far better that of M1 due to its meshless applications discussed in anaysis1. Furthermore, the
signal restoration and associated histogram of M2 for MQ-RBF is better than both IMQ-RBF and GA-RBF,

which proves the Hardy claim [aaa].
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(a) True and Noisy signals (b) True and M1 signals (¢) True and M2-IMQ sig-
along with histogram along with histogram nals along with histogram
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(d) True and M2-GA signals (e) True and M2-MQ signals along with histogram

Figure 6: Comparison 110" signal taken from Lena image for signal denoising: (a) Ture and degraded
signals with noise level is 50%j; (b) Ture and denoised signals with histogram by M1; (c) Ture and denoised
signals with histogram by M2 along with IMQ-RBF; (d) Ture and denoised signals with histogram by M2
along with GA-RBF; (e) Ture and denoised signals with histogram by M2 along with MQ-RBF. The actual
signal is denoted by blue colour, while noisy and denoised signals are denoted by red colour.
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Table 3: Comparison of SNR values of M1 and M2, which is connected with IMQ-RBF, GA-RBF, and
MQ-RBF, respectively.

M1 M2(IMQ) M2(GA) M2(MQ)
Sno Signal selection of the Size
Lena
SNR SNR SNR SNR
th 2
1 110 5127 | 24.01 24.09 24.14 2471
5. Concluding Remarks

This article has introduced the Local Meshless Collocation Algorithm (LMCA) for the numerical solution of
the EL-PDE connected total Domain Decomposition method (DDM), and to get a smooth solution regarding
signal de-noising with additive noise. The LMCA has the advantage of generating quick and better restoration
performance (signal de-noising) due to its meshless nature, adaptive nature, MQ-RBF used as a basis function,
and computational efficiency. The associated meshless scheme is checked on various signals and compared
their results with the traditional method. The experimental results have revealed that the proposed meshless
method (LMCM) is far better in signal restoration, i.e., signal de-noising (SNR values) and CPU time,
compared with some traditional methods.
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