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VARIATIONAL OPTIMIZATION AND HYBRID IMAGE
INPAINTING USING TOPOLOGICAL EXEMPLAR AND
HIGH-ORDER DIFFUSION TECHNIQUES
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ABSTRACT. The process of reconstructing missing or deteriorated regions
in digital images has evolved significantly from traditional manual restora-
tion to sophisticated computational approaches known as image inpainting.
This paper examines the development of hybrid image inpainting tech-
niques that combine multiple methodologies to overcome the limitations
of individual approaches. A novel merged restoration (NMR) technique
that combines a Topological Exemplar-Based Inpainting (TEBI) method
to reconstruct the damaged region’s texture component with a high-order
diffusion equation (H-ODE) algorithm to reconstruct the damaged area’s
structure component is improved. The outcomes of applying the hybrid
inpainting approach for reconstructing damaged areas are promising, as
both the high-order diffusion and the TEBI methods have successfully re-
covered missing areas with high structure and texture in the surrounding
areas. Statistical image quality measures have been utilized to assess the
performance of the hybrid technique and study its effectiveness. Several
experimental studies are applied to clarify the extent of the hybrid tech-
nique, though their results are compared with those obtained using the
high-order diffusion equation and the TEBI method.
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1. Introduction

Image inpainting, also known as image completion, is a fundamental problem
in computer vision and image processing that involves reconstructing missing
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or degraded parts of an image. The primary objective is to fill missing re-
gions—typically defined by a binary mask—with plausible, semantically coher-
ent, and visually seamless content, rendering the restored area indistinguishable
from the surrounding image. This technique has found extensive applications
across diverse domains, including the restoration of historical photographs and
artworks, object removal in photo editing, privacy protection through content
concealment, and completion of corrupted medical imagery.

This paper reviews the trajectory from traditional methods to current state-
of-the-art approaches, with a specific focus on the motivation, development, and
recent advancements in hybrid models [1]. The foundation of image inpainting
research rests upon two primary methodological schools: diffusion-based and
exemplar-based approaches, each with distinct operational principles and appli-
cation domains.

Diffusion-based (or structure-based) methods, pioneered by Bertalmio et al.
in [2], spread information from the boundary of the damaged area inward. This
propagation is typically guided by partial differential equations (PDEs) [3], or
variational principles [4], effectively “smoothing” known information into tar-
get areas. The total variation (TV) model represents a classic example of this
approach. The fundamental strength of diffusion-based methods lies in their
exceptional ability to reconstruct thin structures, sharp edges, and small gaps,
ensuring geometric continuity.

Exemplar-based (or texture-based) methods, popularized by Efros and Leung
in [5] and later refined by Criminisi et al. in [6], adopt a fundamentally different
strategy. These techniques fill target regions by searching for similar patches
(exemplars) in the known portions of the image and copying them into the
target regions. The fill order is typically determined by a priority function that
favors patches lying on strong structures, aiming to preserve line continuity into
the filled area. These methods [7] excel in the synthesis of repetitive textures
and are suitable for larger missing regions, provided that suitable source patches
are available.

Recognizing that natural images require combined approaches. Early hy-
brid methods emerged as direct responses to the complementary weaknesses of
diffusion- and exemplar-based techniques. These pioneering hybrid models of-
ten decomposed images into two layers: a structure layer containing edges and
smooth regions, and a texture layer containing detailed patterns [8]. The struc-
ture layer would be inpainted using diffusion-based methods. In contrast, the
texture layer would be synthesized using exemplar-based methods and the final
results would be obtained by combining the two inpainted layers [9].

The advent of deep learning, particularly Convolutional Neural Networks
(CNNs) [10] and Generative Adversarial Networks (GANs) [11], marked a par-
adigm shift in inpainting research. Unlike traditional approaches that rely on
low-level pixel propagation or patch matching, these data-driven methods learn
to understand high-level semantics and generate contextually appropriate novel
content. GANs became particularly dominant, with models such as the Context
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Encoder proposed by Pathak et al. in [12] using adversarial training to produce
visually plausible completions of large missing regions. Subsequent advances
incorporated global and local discriminators to balance semantic accuracy and
realism of detail.

The deep learning era has given rise to a contemporary interpretation of
hybrid techniques: integrating multiple deep learning components with each
other or with traditional algorithms to create more robust and effective systems.
CNN-Transformer Hybrid Architectures [13] represent a prominent direction in
modern hybrid inpainting. While CNNs [14] excel at capturing local textures
and edges through their inductive biases, Transformers leverage self-attention
mechanisms to model long-range dependencies and global semantic structures.
Recent models have proposed multi-branch parallel [15] architectures in which
CNN branches capture fine-grained local features. In contrast, the transformer
branches model global context, with dynamic fusion mechanisms that adaptively
combine multi-scale features based on the characteristics of missing regions.

The integration of classical algorithms with Deep Learning [16] has also
emerged as a powerful hybrid strategy. For example, the DKH method explic-
itly combines three distinct phases: a Deep CNN for residual image generation,
K-Nearest Neighbors (KNN) for patch-based reconstruction (descending from
exemplar-based methods), and biH-ODE functions (PDE-based diffusion tech-
niques) for medical image reconstruction, with final outputs created through
Bayesian probabilistic-based fusion [17].

Mamba-Transformer Hybrids [18] represent the cutting edge of hybrid archi-
tecture design. Recent work has introduced MxT (Mamba x Transformer), which
combines Mamba’s efficiency in processing long sequences with linear computa-
tional cost with the Transformer’s capacity for understanding global interactions.
This hybrid facilitates dual-level interaction learning at both pixel and patch lev-
els, significantly enhancing reconstruction quality and contextual accuracy.

Integrating a diffusion model [19] represents another frontier in hybrid inpaint-
ing. Diffusion models generate images through iterative denoising processes,
gradually removing Gaussian noise to reveal meaningful structures. Wavelet-
based diffusion models (WaveDM) have demonstrated state-of-the-art perfor-
mance with efficiency comparable to traditional one-pass methods while being
more than 100x faster than vanilla diffusion models.

Wavelet-based hybrid methods [20] have shown particular promise for main-
taining structural continuity. Recent frameworks combine diffusion models, such
as the Cahn-Hilliard model, with wavelet transforms to decompose images into
distinct frequency components, enabling targeted processing of different fre-
quency bands. LaMa-Wavelet networks [21] similarly apply wavelet transforms
within the architecture to improve the reconstruction of image edges and fine
details, especially with large masks.

This paper proposes a Novel merged restoration (NMR) method to recover
various types of missing regions in images across different color spaces. The
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NMR method was proposed by combining the TEBI method [23] and the H-
ODE algorithm [22], enabling this method to recover large missing regions while
preserving edges and corners without artifacts in an image. The rest of the
paper is introduced as follows: Section 2 introduces the research methodology
for image inpainting, including the image decomposition method, the H-ODE
algorithm, and the TEBI method. Section 3 presents the NMR method for
simultaneously reconstructing texture and structural regions missing from color
images. Section 4 presents numerical results for applying the proposed technique
and other methods for recovering missing regions in an image across different
color spaces. Finally, the outcomes and upcoming work are given in Section 5.

2. Research Methodology

This section presents the components used in the proposed NMR technique.
This work introduces the image decomposition method, the H-ODE algorithm,
and the TEBI method.

2.1. Image decomposition method.

The core principle underlying the splitting equation presented in this sec-
tion is outlined below: The damaged image is divided into two components—a
structural component and a texture component. If I(x,y) represents the original
damaged image, then I(z,y) = w(z,y)+r(x,y), where r(x,y) is the texture com-
ponent, and w(x,y) is the structural component. The goal is to create a cleaner
version of the image while preserving the clarity of all important edges, smooth-
ing out smooth areas, and separating the texture from any noise [24]. Each
component is optimized using specialized techniques: the H-ODE and TEBI
methods are used to recover the missing regions in the structure and texture
components, respectively. After these steps, the two components are combined
to produce the final reconstructed image. To reduce noise, the MTV method
is used to separate the image into its basic texture and structure details. The
MTYV model [25] is applied to remove noise from the image by combining the
advantages of Tikhonov TV-L? and Total Variation TV-L! methods. It can be
formulated as the following minimization problem:

. B
pmin S =l Fe o+l Vwlo + GVl (1)

where A > 0 represents a scaling parameter, o preserves and reconstructs
information in high-texture detailed areas, and 3 controls noise removal in low-
texture regions. To minimize this functional (1), the Euler-Lagrange equation
is used, and then a gradient descent scheme is applied, leading to:

Vw
wy = ANf —w)+aV .- —— + fAw. (2)
Vw]|
In this framework, the parameters ,cr, and A\ are carefully chosen to balance

noise reduction with the preservation of important image characteristics, such as
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edges and corners. This improved formula addresses some shortcomings of the
traditional TV-L! and TV-L? models, yielding better overall results. Using this
model, the image is separated into its structural and textural components. The
equations are solved numerically using the finite difference method (FDM) [26].
To select appropriate parameter values, A is studied experimentally. The setting
A = 2 was found to provide the best performance, while different values of 5 and
« are tested, as clarified in Section 4.1.

2.2. Structural recovery via the high-order diffusion algorithm.

The Navier—Stokes equations [1] inspire the high-order diffusion algorithm.
Isophotes [27] are transferred to the missing region with a propagation that main-
tains structural continuity (i.e., transfers information to the length of isophotes).
Isophotes are lines where the intensity of the image is constant. This equation
uses the transport equation to spread information through missing regions and
the diffusion equation [22] to maintain numerical stability. This algorithm is
widely used in image processing. Let I(x,y) be a digital image that represents
an intensity function, where I is a pixel intensity, =,y are the coordinates of
the image, and the image is divided into two regions: {2 is the damaged region
(inpainting region) and 9f is the border of the missing region. The objective is
to reconstruct the values in € from the information on the boundary 0€2. The
formula of the high-order diffusion equation (H-ODE) is given below:

I = (VI - V(AI)) + ¢AT (3)

Where (V11 -V(AI)) is a transport term, j is a transport parameter, V11 =
(—1I,,I,) is isophotes, AT is the Laplacian of the image, AT is the diffusion term
and ¢ is the diffusion parameter. Recover missing areas in RGB color images
by applying equation (3) to each color channel (R, G, B) and then merging the
results. Then, FDM [26] is applied to solve equation (3) for each channel of the
color image. The basic idea of the suggested H-ODE model is based on:

e Transfer of edge information along isophote lines.

e Gradually fill in the missing region.
This is similar to the transfer of the vortex in fluids described by the Navier-
Stokes equations, as shown in Figure 1.
Equation (3) is approximated using the finite differences method, as follows:

Ii(4,5) :U(ﬁn(iaj) 0Ly (i, 7)) + EALL(, ) (4)

The gradient of the image is VI(i,j) = (I, I,), where I, = I"(”LJ’);I"(FLJ),

I, = I"(i’jﬂ);]n(i’j_l), the Laplacian of the image is AI = I, + I, then the

finite difference for the Laplacian operator is:
I"(i+1,5) =200, j) +I"(i —1,j) I"(i,j+1) —21"(i,j) + I"(i,j — 1)
h? k2

(717/(2'7]')7130(@]')) .
VL (3,3)2 41y (4,5)?

dient for the image is V(AI) = (L,,L,), where L, = 8(§DI), L, = 8(8Ay1).

AT

The isophote will be represented as N = The Laplace gra-
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(b)

FIGURE 1. Explanation of the H-ODE algorithm. (a)
Spreading direction by vertical normal operator to the border,
(b) Spreading direction inward the damaged area.

The transport term is written as transport = V+1 - V(AI), then transport =
(—=Iy,)Ls + (Iz)Ly. Finally, the time Euler method is applied to update only
inside the damaged area in equation (4) as follows:

1, g) = 1(63) + (1 (Nalind) - 0La(6.)) + €AL(G) ) At (5)

Figure 2 illustrates a block diagram of the suggested H-ODE method.

Determining the missing
regions in the image

Input color image Domain Sclection Compute Gradient

Compute Transport
Term

Compute Isophote
Direction

Add Diffusion Compute Laplacian

Convert back to RGB
space

Displaying Restored

Update Missing Region Repeat Tterations

Image

FIGURE 2. Flowchart of high-order diffusion (H-ODE)
algorithm.

Figure 3 illustrates the restoration of missing areas using the H-ODE algo-
rithm and the diffusion, transport and Mumford-Shah methods given in [1], [22],
and [28], respectively.

The implementation of the H-ODE algorithm alongside other algorithms in 5000
iterations, such as diffusion, transport, and Mumford-Shah, as shown in [1], [22],
and [28], respectively, is shown in Figure 3. In visual comparison, the H-ODE
algorithm outperformed the other given methods. This H-ODE algorithm suc-
cessfully reconstructed borders. It is a 3"d-order PDE, used as given in Figure 3.
In outline, curvature maintaining is not achieved in large areas of missing data
by the methods given in [24], [23] and [22], but the H-ODE model successfully
recovered them (the connectivity principle is satisfied).
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FIGURE 3. Object removal. (a) Reference image, (b) reference
image with a mask, (c), (d), (e), and (f) reconstructed image
via H-ODE algorithm and methods at 5000 iterations given

n [1], [22], and [28], respectively.

2.3. Topological Exemplar-based Texture Synthesis.

The missing areas within the texture component are reconstructed using the
Topological Exemplar-based Inpainting method (TEBI) [23]. This method relies
on three main aspects: selecting an appropriate patch size, defining a priority
function, and establishing a matching criterion. First, the patch size (i.e., the
window used during the filling process) is specified based on its similarity to
neighboring regions. This is achieved by analyzing the areas surrounding the
damaged area using Topological Data Analysis (TDA). Specifically, the most
suitable patch size for propagation is determined by computing connected com-
ponents using local binary patterns [23]. Second, the method prioritizes candi-
date patches based on the curvature of the isoluminescence lines (i.e., isophotes).
The priority function (P(p)) based both on the confidence term (C(p)) and the
data term (D(p)) [29], which are known as follows:

P(p) = C1 X Re(p) + Co x D(p) + | VL, |71/ (6)
where R.(p) is a regularization confidence term, which is given as
Re(p)=(1—-¢)xC(p)+e, 0<e<1 (7)
and
C(p) — quwpﬂ(f—g) C(q) .
145l
The improved data term D(p) is given as follows:
IVI; n ||
D(p) = . (8)

ot [[v- i
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Where C; and Cs are the weight elements, which were set in terms of the amount
of texture in an image, inspired by the work of [30]. The VI is a gradient of
the image I, VI;- is the isophote, intensity, and direction at point p, ||¥,]| is the
area of 1, o = 255 for a typical gray-level image, n,, is a unit vector orthogonal
to the front 9 in the point p and L denotes the orthogonal operator. The
parameter € controls the fluency of the curves.

Third, applying matching criteria between the patches in two phases:

1- The sum of squared distances (SSD) measure is applied to patches in the
spatial, Laplace, and gradient domains of an image, and the 40 patches with the
lowest SSD value are selected (i.e., the closest patches).

da(G(Pp), G(¥g)) = {llv2(p) — vl & |9y (p) — (DIl <2}, (9)

The dg(G(1p), G(1g)) is an SSD value that is calculated using the L2-norm
distance as above; t is a threshold value for partial derivatives of the image I in
the x and y directions.

w; = arg Ig)lle% ds (I(wp)v I(wq)) + dg(G(¢p)a G(%)) + dl(L("pp)’ L(d’q)) (10)

where 9, and 1, are sample and candidate patches, respectively. d,, dg4, and d;
are the distances between the sample and the candidate patches in the spatial,
gradient, and Laplacian image, respectively.

2- The Normalized Correlation Coefficient (NCC) is applied to the 40 patches.
The NCC between the template is calculated, and the 40 nearest candidate
patches are specified to find the patch with the NCC value closest to 1. The
NCC formula is given as [40]:

dnoe(I(y), 1) = —2=tVe) Wo) (1)

V)23 (02

@ - ®

FIGURE 4. Object removal. (a) Reference image, (b) reference
image with a mask, (c), (d), (e), and (f) reconstructed image
via the TEBI method [23] and methods given in [31], [32],
and [33], respectively.
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Figure 4 illustrates the removal of objects using the TEBI method and the
methods given in [31], [32], and [33].

Figure 4 clarifies the implementation of the TEBI method alongside different
algorithms, such as [31], [32], and [33]. In visual comparison, the TEBI method
outperformed the other given methods.

3. Novel merged restoration technique for a color image

After applying the MTV method, the image is decomposed into two compo-
nents: texture and structure. Each component is then restored separately in the
damaged regions using appropriate inpainting techniques. The NMR approach
reconstructs both structural and textural parts simultaneously. Specifically, it
uses the TEBI method to recover one component and the H-ODE model to re-
store the other. Finally, the reconstructed texture and structure are combined
to produce the final image. This process is applied in eight different color spaces.
Figure 5 illustrates the block diagram of the proposed NMR method.

Input color image

Converting RGB image to other
color spaces

Determining the missing regions in

Decomposing the image into texture and
structure components using a MTV model

Texture component image Structure component image

Inpainting the missing regions in the
texture image using TEBI method

Inpainting the missing regions in the
structure image using H-ODE algorithm

Combining the inpainted texture and
structure components images

Converting an image from other color
spaces to RGB image

Displaying the combined
inpainted image

FiGURE 5. Flowchart of the NMR technique for image
inpainting.

The experimental results are presented to evaluate the effectiveness of the pro-
posed NMR technique and then compare them with results obtained from the
TEBI [23] and H-ODE methods.

4. Experimental implementation

The suggested MTV model was numerically implemented and solved using the
FDM method [26] on 100 color images from the Berkeley database [34], which
include low- and high-texture images, as illustrated in Figure 6. These images
were chosen for their level of structure and texture, which supports evaluating
the effectiveness of the NMR technique in restoring missing areas.
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FIGURE 6. Example of ten out of 100 color images.

The performance of the NMR method was assessed by comparing its results with
those obtained from the H-ODE model and the TEBI approach using statistical
quality measures (SQMs). These SQMs are computed between the inpainted and
original images and include mean squared error (MSE), peak signal-to-noise ratio
(PSNR) [35], structural similarity index (SSIM) [36, 37], and the entropy [38].
These quantitative metrics are used to assess image quality and should agree with
the qualitative evaluation. In addition, the processing time required to produce
the results was examined to evaluate the efficiency of the inpainting methods.
The NMR algorithm was implemented in MATLAB (R2022a) and executed on
a Huawei laptop equipped with an Intel Core i5-10210U processor and 8 GB of
RAM. Experimental tests were conducted on images with large missing regions
to evaluate the effectiveness and robustness of the proposed method.

4.1. Image Decomposition Experiments.

The MTV model decomposes an image into structure and texture compo-
nents. In this study, the effects of @ and 8 on the performance of the MTV
model with removed image noise are investigated. This study was conducted on
100 color images, choosing different values of 8 and a. Salt-and-pepper noise
was added to the images with 600 iterations. Table 1 summarises the mean
values of MSE, SSIM, PSNR, entropy, and the time required to obtain results
using the MTV model.
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TABLE 1. SQMs for salt&pepper noise removal in images,
iteration=600, obtained results using the MTV model at
different values of parameters a and f.

Parameters MSE PSNR SSIM  Entr(O) Entr(I) Time(s)

a=0.05p3=05 1820882 35.52799 0.65890 6.6831 6.19553 174.3483
a=0.01,=10 91.52383 28.51546 0.06258 6.6831 3.58672 581.2251
a=01,8=15 68.89158 29.74914 0.33604 6.6831 4.41173 842.5166
a=0.5,8=0.05 4585381 31.51705 0.11213 6.6831 5.78059 315.5669
a=1.0,=0.01 30.02213 33.35639 0.00839 6.6831 5.83543 780.6931
a=15[8=0.1 58.25459 30.47754 0.05945 6.6831  5.33640 58.65872
a=0.053=0.05 2567335 34.03598 0.03121 6.6831 5.80433 489.7951
a=0.01,=0.01 11.05548 37.69503 0.60326 6.6831 6.31816 265.4888
a=0.5,8=0.5 20.50618 35.01196 0.30153 6.6831  6.04970 376.9036

The results of the MTV model were promising, as seen in Table 1. The
results were stable, and the model’s performance was good for the parameter
values 5 and . The MTV model is used to divide the image into structural and
textural components, with parameter values «=0.01, 5=0.01, and A=2 used for
600 iterations.

4.2. Image inpainting experiments using the H-ODE method.

The H-ODE model is used to recover damaged regions in an image. In this
study, the effects of the values p and £ on the performance of the H-ODE model
to recover missing regions in an image are investigated. The values of 4 and £ are
chosen differently, as shown in Table 2. This study was conducted on 100 color
images. Table 2 summarises the mean values of MSE, SSIM, PSNR, entropy, and
the time required to obtain results using the H-ODE model at different values
of p and £, with 900 iterations.

TABLE 2. SQMs for recovering missing regions in images,
iteration=900, obtained results using the H-ODE model at
different values of parameters p and £.

Parameters MSE PSNR  SSIM  Entr(O) Entr(I) Time(s)

u=0.001,£ =0.01 96.9073 28.2672 0.0600 6.6831  5.5946  21.4907
n=0.05£=05 4.92295 41.2085 0.3250 6.6831  6.3554  28.4006
pn=0.1,£ =0.05 35.1441 32.6723 0.0992 6.6831  6.8221 13.1518

nw=0.5¢=0.1 9.1751  38.5047 0.2177 6.6831  6.9696 11.9395
nw=0.01,£=0.7 2.52713 44.1045 0.3200 6.6831  6.8135 15.8065
n=0.5¢=02 11.4335 37.549 0.4668 6.6831  6.7681 12.7518

Table 2 shows the SQM values for the results of the H-ODE model. The results
were stable, and the model’s performance was good when p = 0.01 and £ = 0.7,
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compared to other values. The H-ODE model will be used to recover the missing
region in the structural image component, with parameter values mu = 0.01
and xt = 0.7, in iteration 900.

4.3. Image inpainting experiments using the NMR algorithm.

The proposed NMR method is applied to restore different-sized lost areas in
color image data. Figure 7 displays six inpainting masks that illustrate six dam-
aged regions in images. To evaluate the effectiveness of the proposed method,
the NMR method is applied to these masks on 100 images from the Berkeley
database.

Mask 4 Mask 5 Mask 6

F1GURE 7. The natural color image with different missing
areas.

The purpose of using Mask 1 and Mask 2 is to evaluate how well the pro-
posed method can recover texture in small missing regions. In contrast, Masks
3 through 6 are designed to test the method’s ability to handle larger damaged
areas by utilizing texture information from surrounding regions. Qualitative
and quantitative measures were used to evaluate the performance of the NMR
technique. Qualitative evaluation focuses on the visual appearance of restored
missing areas in images, whereas quantitative evaluation relies on statistical mea-
sures, as discussed earlier. Figures 8-13 compare the inpainted images produced
by the proposed NMR method with those of two other inpainting approaches:
the H-ODE model and the TEBI technique. Figures 8 and 9 show the results of
restoring small missing areas in masks 1 and 2. The results shown represent the
overall performance observed in most of the images tested.
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FIGURE 8. Inpainting a Mask 1 image at iteration 500. (a)

Reference image, (b) reference image with a mask, (c), (d),

and (e) reconstructed images via NMR, H-ODE, and TEBI
techniques, respectively.

© ) ) ] (©

FIGURE 9. Inpainting a Mask 2 image at iteration 500. (a)

Reference image, (b) reference image with a mask, (c), (d),

and (e) reconstructed images via NMR, H-ODE, and TEBI
techniques, respectively.

Figures 10-13 show the results of restoring large missing areas in some standard
color images.
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ol | -

FIGURE 10. Inpainting a Mask 3 image at iteration 900. (a)
Reference image, (b) reference image with a mask, (c), (d),
and (e) reconstructed images via NMR, H-ODE, and TEBI

techniques, respectively.

FIGURE 11. Inpainting a Mask 4 image at iteration 900. (a)
Reference image, (b) reference image with a mask, (c), (d),
and (e) reconstructed images via NMR, H-ODE, and TEBI

techniques, respectively.

©
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FIGURE 12. Inpainting a Mask 5 image at iteration 1100. (a)
Reference image, (b) reference image with a mask, (c), (d),
and (e) reconstructed images via NMR, H-ODE, and TEBI

techniques, respectively.

FIGURE 13. Inpainting a Mask 6 image at iteration 1100. (a)
Reference image, (b) reference image with a mask, (c), (d),
and (e) reconstructed images via NMR, H-ODE, and TEBI

techniques, respectively.
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As shown in Figures 8-13, the NMR method generally performs better than
both the H-ODE model and the TEBI approach. The NMR technique results
appear more natural and consistent in visual assessment because this technique
preserves structural properties such as curvature and continuity and efficiently
transmits information across large areas of missing data without noticeable dis-
tortion. However, in some cases, the reconstructed images from all three meth-
ods may appear remarkably similar, as observed across these six mask scenarios.
Therefore, quantitative evaluation is essential for a clear comparison of their
performance. Figures 14-19 present the mean MSE, SSIM, PSNR, and Entropy
for 100 images of masks 1-6, facilitating clearer comparisons among the NMR,
TEBI, and H-ODE methods across the eight color spaces.

Figures 14-15 show the mean MSE, SSIM, PSNR, and Entropy for 100 images
of masks 1 and 2, respectively, facilitating clearer comparisons among the NMR,
TEBI, and H-ODE methods by restoring small missing areas in masks 1 and
2 across the eight color spaces. The results shown represent the overall perfor-
mance observed in most of the images tested.
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Figures 14-15 indicate that the proposed NMR method outperforms both the
H-ODE model and the TEBI approach in reconstructing texture and structural
details across small missing regions in all eight color spaces. The results show
that NMR generally produces higher PSNR, lower MSE, and SSIM values closer
to 1, indicating improved reconstruction quality. In addition, the entropy of the
images restored with NMR is closer to that of the original images than that of
the images restored by the other methods. Figures 14-15 also show results from
the suggested NMR, technique, which outperforms those from the H-ODE and
TEBI methods in recovering texture and structurally damaged regions across all
mask images, especially in the RGB, YCbCr, and YUV color spaces.

Figures 16-19 show the mean MSE, SSIM, PSNR, and Entropy for 100 images
of masks 3- 6, respectively, facilitating clearer comparisons among the NMR,
TEBI, and H-ODE methods by restoring large missing areas in masks 3 - 6
across the eight color spaces.
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Figures 16-19 indicate that the proposed NMR method outperforms both the
H-ODE model and the TEBI approach in reconstructing texture and structural
details across large missing regions in all eight color spaces. The results show
that NMR generally yields higher PSNR, lower MSE, and SSIM values closer
to 1, indicating improved reconstruction quality. In addition, the entropy of
images restored with NMR is closer to that of the original images than that of
images restored by the other methods. Figures 16-19 also show results from
the suggested NMR, technique, which outperforms those from the H-ODE and
TEBI methods in recovering texture and structurally damaged regions across
all mask images, especially in the RGB, YCbCr, and YUV color spaces. The
NMR approach takes longer to recover large missing regions than H-ODE and
TEBI because it integrates three techniques, making it computationally more
demanding.

Figures 14-19 indicate that the proposed NMR method consistently outper-
forms both the H-ODE model and the TEBI approach in reconstructing texture
and structural details across different types of missing regions in all eight color
spaces. However, this improved performance comes at the cost of increased com-
putational time, as the NMR approach integrates three techniques, making it
more computationally intensive than H-ODE and TEBI.

These Figures also show the results obtained using the suggested NMR tech-
nique, which outperforms those using the H-ODE and TEBI methods in re-
covering the texture and structurally damaged regions in the mask 1 image,
especially in the YCbCr and YUV color spaces. In the two spaces, the results
show SQMs including lower MSE, higher PSNR, and a value of SSIM close to
1, while the value of entropy is closer to the original image entropy value. This
improved performance can be attributed to separating the images in the YCbCr
and YUV color spaces into the Y (luminance) channel and the (Cb, Cr, U, V)
chrominance channels, which help to restore the missing region in mask 1. This
separation enables a more effective reconstruction of structure and color infor-
mation in damaged regions during the inpainting process. The NMR technique
takes longer to produce results than other methods because it combines three
methods, each of which takes longer to restore damaged areas in the image.

The YCbCr color space is commonly employed in digital image and video com-
pression, whereas YUV has historically been utilized in television broadcasting
systems in regions such as Europe and Australia. In both color models, lumi-
nance and chrominance are processed separately, which facilitates improved re-
construction compared to color spaces where these components are more closely
integrated. This distinction accounts for the greater reliability of YCbCr and
YUV in image inpainting tasks.

5. Conclusion and future work

The NMR technique was introduced for simultaneously recovering texture
and structural damage regions in an image. This technique combines the MTV,
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H-ODE, and TEBI methods. The MTV model was applied to split the image
into textural and structural components. The H-ODE method was utilized to
restore the damaged area in the structural component image. In contrast, the
TEBI method was applied to reconstruct the damaged areas in the textural
component image. The NMR technique was utilized to reconstruct six differ-
ent missing regions in the color image dataset. The NMR method successfully
evaluated these missing regions quantitatively and qualitatively across differ-
ent color spaces. The quantitative metrics for SQMs, including MSE, PSNR,
SSIM, and entropy, were applied to evaluate the capacity and efficiency of the
NMR technique by applying it to a dataset of natural-color images in eight color
spaces. The results demonstrate that the proposed technique outperforms other
methods, with lower MSE, higher PSNR and SSIM, and better entropy in each
of the eight color spaces. The better results obtained with the NMR technique
were in the YCbCr and YUV color spaces across all evaluation SQMs, because
these color spaces split the image into a monochrome channel and two chromi-
nance channels, which helps to achieve better performance. However, the NMR
method has limitations in recovering high texture in large regions of the image
that are missing.

In Future work, we suggest conducting additional studies on this hybrid
method and applying it to recover large missing regions in other image datasets,
such as medical images, which have important applications in our lives. The
NMR technique will also be proposed by combining different ingredients from
PDE methods.
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