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Noise is an unavoidable aspect of modern camera technology, causing a
decline in the overall visual quality of the images. Efforts are underway to
diminish noise without compromising essential image features like edges,
corners, and other intricate structures. Numerous techniques have already
been suggested by many researchers for noise reduction, each with its unique
set of benefits and drawbacks. Denoising images is a basic challenge in
image processing. We describe a two-phase approach for removing impulse
noise in this study. The adaptive median filter (AMF) for salt-and-pepper
noise identifies noise candidates in the first phase. The second step
minimizes an edge-preserving regularization function using a novel hybrid
conjugate gradient approach. To generate the new improved search
direction, the new algorithm takes advantage of two well-known successful
conjugate gradient techniques. The descent property and global convergence
are proven for the new methods. The obtained numerical results reveal that,
when applied to image restoration, the new algorithms are superior to the
classical fletcher reeves (FR) method in the same domain in terms of
maintaining image quality and efficiency.
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1. INTRODUCTION

The subject of image restoration has been widely researched and applied in numerous fields of science
and engineering. It requires the reconstruction of an original scene from a deteriorated observation. For
example, air turbulence degrades star pictures viewed by ground-based telescopes. Images are often exposed to
noise due to environmental factors, transmission channels, and other related elements during acquisition,
compression, and transmission. As a result, the image quality is affected, leading to distortion and loss of image
information. Noise also impacts later image processing tasks, such as the analysis and tracking of images, as
well as video processing. Thus, image denoising is a crucial aspect of modern image processing systems.

Image denoising aims to restore the original image quality by minimizing noise from a noise-rich
image. However, since noise, edge, and texture are high-frequency constituents, it is challenging to
differentiate between them during denoising. As a result, restored images may lose some important details.
Overall, the challenge in image processing systems is to recover relevant information from noisy images
during noise removal to produce high-quality images.
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There are certain cases where stellar pictures must be recovered even if they have not been observed
within the atmosphere. The fundamental goal of this research is to create a class of iterative optimization
algorithms applicable to edge-preserving regularization (EPR) objective functions. To reduce impulse noise,
a two-phase technique was recently developed in [1]. For salt-and-pepper noise, the adaptive median filter
(AMF) is used, while for random-valued noise, the adaptive center-weighted median filter (ACWMF) is
used, which is first improved by applying the variable window technique to increase its detection capabilities
in severely damaged pictures [2]. We only utilize the salt-and-pepper noise in this study. Let X represent the
true picture and A = {1,2,3,..... M} x {1,2,3,..... N} represent the index set of X. Let N c A denote the set
of noise pixel indices detected during the first phase. Also, let P,; be the set of pixel’s four nearest neighbors
at position (i,j) € A, y;; denote the discovered pixel value of the actual picture at position (i,j), and

Ui = [ui’j](i HeN denote a lexicographically ordered column vector of length ¢, where ¢ represents the size of
N. Then, minimizing the following function will recover the noise pixels.

fa(W) = X jren [lui,j = yi| + é(z xSt + Siz,j)] @)
where £ is the regularization parameter,
511} =2 Z(m,n)EPi’jan ¢a(ui,j - ym,n) and Slzj = Z(m,n)EPi,jnN ¢a(ui,j - Ym,n)'

Function (1) is a hypothetical function that preserves the edges ¢, = Va + x2,0 > 0, that can be
used to describe impulsive noise in general. Minimizing (1) defines the essence of a slavish AMF introduced
in [3]. This is a typical method for locating pixels that may be contaminated. In practice, the non-smooth
data-fitting term might be dropped because it is not needed in the second phase, when only poor-quality
pixels are recovered after reduction. As a result, a number of optimization strategies for minimizing the
following smooth EPR functional may be utilized (such as [4]-[7]).

fau) = Z(i,j)EN[(Z X Sil,j + Siz,j)] 2

The conjugate gradient (CG) method for image correction is quite effective for solving unconstrained
optimization problems of the form (3),

Min f(x),x € R" 3

due to their low memory requirements and simplicity of coding [4]-[7]. To solve (1), an iterative
computation of a new solution vector is done using (4).

Xiv1 = X + Qdy (4)
The step length «,, is calculated is traditionally obtained through a one-dimensional line search

which, in practice, is usually inexact due to cost and impracticality considerations. For quadratic functions,
ay can be computed exactly using [8].

_.T
@ = 7k 5)

T
dedk

However, for general functions, o, is computed to ensure that the obtained search direction is sufficiently
downhill through satisfying the strong Wolfe conditions [2].

flxe + ady) < f(x) + Sapgldy (6a)
and

drg(x, + apdy) = o df gy (6b)
where 0 < 8 < 6 < 1. CG methods compute search directions using (7),

dis1 = —Grs1 T+ BrSk (7
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where B, is a normally referred to as a conjugacy parameter and both d, and d,, satisfy the conjugacy
condition dl-TQd]- = 0,Vi # j, for a symmetric matrix Q € R™™. A variety of equations have been published
to compute the scalar B,.. Two well-known conjugate gradient approaches are Fletcher [9] and Dai and Yuan
[10], with

T T

FR _ Yk+19k+1 DY _ Jk+19k+1

B == 1 —and B =7 ®)
919k di Yk

respectively. The two methods have been the focus of many studies, not just because of their historical
significance, but also because of their proven global convergence. Many other variants have been examined
in an attempt to improve the numerical behavior of the CG methods, given their attractive storage
requirements; see, for example, [11]-[14]. CG methods can be utilized in solving problems related to
machine learning, fluid mechanics, solution of nonlinear equations and differential equations, deep learning,
in addition to other applications. Another possible area of application is human performance technology
(HPT). HPT is largely based on computer systems’ numerical performance improvement (PI) characteristics,
which rely on logical judgements enabled by specialized algorithms [15]. PI also helps to widen the scope of
instructional design by using a systems perspective to address performance opportunities and obstacles. CG
methods have proven valuable in solving issues in the adoption of mobile electronic performance support
systems (EPSS) improved the job performance and efficiency of mobile users, according to a cross-sectional
qualitative research [16].

In order to improve the computational efficiency of the standard CG method, a special type of
conjugate gradient methods have recently been extensively investigated [17]-[20]. The approaches in [9],
[18] propose a conjugacy condition of the form.

HY _ g+l B _ lgx+1ll? (9)
k 2/ap(fre—fr+) K T (Fr—Fren)/ax—ghdi/2

Unlike the traditional CG algorithms, the aforementioned approach has the unique characteristic of
consistently constructing better descent directions while satisfying the conjugacy conditions, as evidenced by

the reported results. In the following section, a quadratic model will be exploited to derive new conjugacy
parameters Bk, giving rise to new CG algorithms.

2. NEW CONJUGATE GRADIENT COEFFICIENTS
The formulation of the new CG method presented here exploits a classical quadratic model
characterized by its simplicity. liduka and Narushima [21] propose the following choice for k.

i = Lo (10)

dEQSk

where Q is the constant Hessian of some quadratic function. The parameter f satisfies a conjugacy condition
of the form:

dlt+1Qdk =0 (11)

In our derivation we will introduce an appropriate approximation to the quantity dfQsy, essential to our
proposed method. Assume f is a quadratic function of the form:

fusr = fi + Sk gk +%517;Q(xk)5k- (12)
This quadratic function’s gradient is explicitly given by (13).

Gre+1 = i + Q(Xp41)Sk (13)
As a result, curvature information may be expressed as (14).

sk Q()sk = 254 Y + 2(fiwr — fio) (14)

From (14), we obtain:

Int J Elec & Comp Eng, Vol. 13, No. 6, December 2023: 6268-6276



IntJ Elec & Comp Eng ISSN: 2088-8708 O 6271

T — g wGkd)?
diQ(xx)sy = 2 Tyt 2(fr—Frern) -

plugging (15) into (11), we get

e s (16)

T 2ar@l A2/ EYet2(F i)

given that conjugacy holds and exact line search, (16) becomes

BL1 _ g£+1gk+1 (17)
k 2ax(gF di)?/(SEyi+2(Fie=Fiet1))

or, alternatively,

BL2 _ g£+1gk+1 (18)
k 2ax (g8 di)?/(~SE gk +2(Fre—F k+1))
and
BL3 g£ Ik+1
kK = = (19)

T 2ax(9t A2/ (akg L gk t2(Fk—fie+1))

The new expressions for S are collectively referred to here as BL algorithms. The algorithmic framework is
given next. BL algorithm:

Stage 1. Given x; € R™. Initialize k = 1 and d; = —g;. If ||g,|| < 1075, then stop.

Stage 2. Compute a; > 0 satisfying conditions (6).

Stage 3. Compute x4 = xx + apdy and grs1 = g xs1)- 1T [|grs1ll < 1078, then terminate.

Stage 4. Evaluate B, using (17 — 19), then construct d;.., by (7).

Stage 5. Set k = k + 1 and continue with step 2.

Theorem 1. The quantities {x, } and {d, }, computed by the new methods satisfy.

dr1Gk+1 < 0and di iy gis1 = Brdi g (20)

Proof: If d;, = —g, then dT g, < 0. Suppose that d} g, < 0 for any k. From (8) and (19), it is easy to show that

d£+1gk+1 = _917;+1gk+1 + ﬁkd£9k+1
= =B Rak(grdi)?/ (k¥ + 2(fie = frr1))) + Brdk Gr+1 (21)

The following is the outcome of using the (22).

dis19i+1 = Bildi ierr — a9k di)?/ (kY + 2(fie = fus1)))] (22)
We obtain, using (16) and (21),

dis19k+1 = Bidi g (23)
From the downhill property of the search direction, it is obvious that di g, < 0, thus we get

dis19k+1 <0 (24)
The proof is thus complete.
3. CONVERGENCE ANALYSIS

In order to establish the global convergence of the BL algorithms, the following assumptions are needed:
— Thelevel set 2 = {x € R"/f(x) < f(x;)} is bounded.

— In some neighborhood A of 02, the gradient g of the objective function is Lipschitz continuous, namely,
there exists some constant L > 0 such that
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lg(0) =g @Il < Lllo —zll,Vz,0 € 4 (25)

(see [22] for more details). The theorems in [23] have proven to be useful in proving global convergence. We
adopt some of those here and prove them for our methods and some of the results in [24], [25].

Lemma 1. Assume that assumptions 1 and 2 above hold. Then for any iteration a method that produces ax by
doing the Wolfe line search, the (26) holds.

w  (grdi)?
Zi=t g < (26)

Theorem 2. Assume that Assumptions 1 and 2 above hold. If formula px satisfies (20), then we have:
lim inf gyl = 0 (27)

Proof: By induction, assume that (27) does not hold. The (8) may be expressed as dy;; + gx+1 = By di- Upon
squaring both sides, we get

Ndis1lI? + 1 gr+1ll? + 2d5 4 19x41 = (Bi)*ldiI? (28)

Using (23), the following results hold:

d 2 _ (d£+1gk+1)2 d 2 _ ZdT _ 2 29
g1l _—(dggk)z Il k+19k+1 — N Gr+1ll (29)

Upon dividing both sides of (29) by (df,,gk+1)?, we get

ldg+all> _ lldgll? lgr+all? 2
T 2 — T 2 T 2 T (30)
(dk+1gk+1) (dr9gk) (dk+1gk+1) A r19k+1
This yield
lldg+1l12 lldll? ( gkl 1 ) 1 lldell? 1
< - + + < + 31
@F 1 0k+)? ~ (@Egi)?  \(@E 10k+1)  Ngk+al?)  NgisallZ = (@Egr)? gkl (31)
Hence,
”dk+1”Z k+1 1
Mkerall” gk 32
(dF 41 9k+1)? =1 1g;012 (32)

Assume that ¢; > 0 exists such that || g, || > ¢, for every k en. Then

lldse+a 11 k+1
— < 33
(d£+1gk+1)2 C% ( )
We can see that, using the assumption and (33) as a guide,
Td 2
ooy T = o0 (34)

lldgli?

By Lemma 1, we may conclude that 11<im inf||gk|l = 0 holds.

4. NUMERICAL RESULTS

The BL1, BL2, and BL3 algorithms performance is examined in the domain of minimizing
salt-and-pepper impulse noise (3). The test images are listed in Table 1. Table 1 also reports the numerical
results for comparing the classical fletcher reeves (FR) method to the newly derived ones in terms of the
number of iterations, function/gradient evaluation count in addition to peak signal-to-noise ratio (PSNR). All
simulations are run using MATLAB 2015a. It is worth emphasizing that the major focus of the study is on
how fast the problem of reducing carbon emissions in (3) can be tackled efficiently. The pixel quality of the
corrected pictures is assessed using PSNR value given by (35),
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2
PSNR = 10log,y ——>

Ty oo (35)
w2 ()

where u; ; and u;; denote the pixel values of the corrected and the original image, respectively. For both
procedures, the following are the termination conditions (36).

el < 107 and I (u)ll < 1074(1+ £ ()l (36)

Figures 1 to 4, show the obtained results by applying the algorithms to the noisy pictures.
Figures 1(a), 2(a), 3(a) and 4(a) are the images corrupted with 70% salt-and-pepper noise; Figures 1(b), 2(b),
3(b) and 4(b) are results of the FR method; Figures 1(c), 2(c), 3(c) and 4(c) are results of the BL1 method;
Figures 1(d), 2(d), 3(d) and 4(d) are results of the BL2 method; Figures 1(e), 2(e), 3(e) and 4(e) are results of
the BL3 method. These results show that the suggested image correction methods BL1, BL2, and BL3 are
both effective and efficient.

Table 1. Numerical results of FR and new algorithms

Image  Noise FR-Method BL1-Method BL2-Method BL3-Method
level r NI NF PSNR NI NF PSNR NI NF PSNR NI NF PSNR
(%) (dB) (dB) (dB) (dB)
Le 50 82 153 305529 410 89.0 30.7909 410 87.0 304785 440 95.0 30.5044

70 81 155  27.4824 470 98.0 27.454 470 96.0 275462 440 90.0 27.3527

90 108 211 228583 47.0 950 22.6477 520 1020 23.0528 59.0 122.0  23.0546

Ho 50 52 53 30.6845 27.0 56.0 347784 280 57.0 35.0223 27.0 56.0 34.6089
70 63 116 31.2564 350 710 31.1851 320 64.0 31.073 240 450 30.9471

90 111 214 25.287 53.0 109.0 25.0672 530 1050 25.0622 57.0 117.0  25.2418

El 50 35 36 339129 25.0 46.0 33.8945 26.0 48.0 33.8942  25.0 46.0 33.8902
70 38 39 31.864 28.0 530 31.8199 28.0 51.0 31.835 30.0 56.0 31.8211

90 65 114 28.2019 39.0 740 28.2269  38.0 70.0 28.266 410 80.0 28.154

c512 50 59 87 355359 28.0 59.0 354456  27.0 58.0 354694  30.0 620 35.5779
70 78 142 306259 350 75.0 30.691 350 730 30.6525 27.0 55.0 30.6611

90 121 236 243962 440 920 249656  48.0 103.0 248162 54.0 113.0  24.9088

10 150 10 150
2546208 PR

(d) O

Figure 1. The noisy image and the corresponding corrected images results for each algorithm with 70%
salt-and-pepper noise applied to 256*256 Lena image (a) original image, (b) FR output, (c) BL1 output,
(d) BL12 output, and (e) BL3 output
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Figure 2. The noisy image and the corresponding corrected images results for each algorithm with 70%
salt-and-pepper noise applied to 256x256 house image; (a) original image, (b) FR output, (c) BL1 output,
(d) BL2 output, and (e) BL3 output
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Figure 3. The noisy image and the corresponding corrected images results for each algorithm with 70%
salt-and-pepper noise applied to 256x256 Elaine image (a) original image, (b) FR output, (c) BL1 output,
(d) BL2 output, and (e) BL3 output
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Figure 4. The noisy image and the corresponding corrected images results for each algorithm with 70%
salt-and-pepper noise applied to 256x256 cameraman image (a) original image, (b) FR output,
(c) BL1 output, (d) BL2 output, and (e) BL3 output

5. CONCLUSION

The focus of this research has been on the creation of novel, modified conjugate gradient formulae
that outperform the traditional FR CG approach for picture restoration. The results confirm to the
effectiveness of the strategy used in this research to derive variations of the traditional CG technique. The
novel techniques have demonstrated global convergence under the rigorous Wolfe line search conditions. The
testing simulations have demonstrated that, in the majority of instances, the novel approaches, BL1, BL2, and
BL3, significantly reduce iteration counts and function evaluations while maintaining the same picture
restoration quality.
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