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Abstract

Image completion aims to restore the corrupted regions in an image. One of the most important challenges in
image completion is to find the most appropriate data for replacing in the hole. In this paper, we proposed a
novel image completion method which applies neutrosophic-based segmentation to fill in the hole. Since
neutrosophic is useful to interpret indeterminacy included in images, we applied neutrosophic-based
image segmentation to decrease spatial and intensity ambiguities exist in images while we have more boundary
and homogeneity preservation and less discontinuity. Our exemplar-based image completion algorithm starts
from the outer pixel with the maximum priority and iterates until there is not any pixel in target region. Our
extended similarity measure considers both neighbourhood and similarity based on results of our innovative
neutrosophic-based image segmentation algorithm to find the patches with the maximum match for hole
completion. Results show that our approach introduces an improvement of 18% for ASVS (Average Squared
Visual Salience) compared to earlier methods. We also gained 0.9919 and 38.96 for MSSIM (Mean of
Structure Similarity) and PSNR (Peak Signal to Noise Ratio), respectively while the best values for earlier
methods were 0.9868 and 36.75 for MSSIM and PSNR, respectively which is the effect of using neutrosophic
segmentation.
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1. Introduction

According to essential roles of images in our daily lives and also, advances in computer data collection
systems, anybody may gather lots of images; but usually cannot process them manually. Therefore, since
representation and digital processing of these kinds of data are possible, image processing becomes attractive.
Thanks to fast computers and processors, image processing becomes the most usual processing technique which
is used in medical images, remote sensing images, security camera videos and natural image/videos. Image
processing performs an essential role in various information access systems to improve the cognition level and
facilitate the decision-making process (Sufyan & Badnerkar, 2015).

Image completion is an attractive subject in image processing field which is used for reconstruction of
damaged portions of images. The basic goal of image completion was to fill in the damaged regions of an old
picture; this is done such a way that restoration does not cause much heterogeneity from the viewer's point of
view (Newson et al., 2014). Image completion problems involve a wide range of applications such as protection
of historical relics (Ahmed et al., 2021), restoration of old photographs (Quan et al., 2022), biomedicine (Tran
etal., 2021), etc.

Image inpainting or image reconstruction are synonyms of image completion. There are some objects in
images which may overlap other objects of that or they themselves may be overlapped by some other objects in
image; in both cases, removing the overlapped or overlapping object causes a hole in image (Bertalmio et al.,
2022).

The major challenging question in image completion is how to find data with maximum match to fill in the
corrupted regions while preserving the visual consistency for the resulted image; this question has introduced



various image completion algorithms which some of them focus on different methods of completion and some
other ones consider various similarity measures to find the patch with the maximum match (Romero et al.,
2022).

Some image completion algorithms benefit image segmentation results to introduce a similarity measure
based on the segmented images with the aim of finding the most appropriate patch for filling in the hole and
some do not apply segmentation. Image segmentation is applicable for wide usages such as object recognition,
robot vision and medical imaging and so on (Guo & Cheng, 2009) and is one of the most challenging tasks in
image processing which divides an image into various regions in such a way that each region is itself
homogeneous but there is no similarity between two regions.

The world surrounding us include indeterminacy which will be appeared in images and videos of the world.
Indeterminacy brings forward ambiguity about components (edges, ...) in images which ends to ambiguity in
image segmentation. Since image segmentation is used for image completion, it is important to segment the
image correctly. Neutrosophic sets consider indeterminacy exists in images and untangle it using three
membership functions: truth, indeterminacy and falsity. More accurate segmentation leads to more accurate
image completion.

Lack of researches which consider indeterminacy in image completion and also introducing a more pleasant
image segmentation which decreases spatial and intensity ambiguities of images and guides us to have
segmented images with more boundary and homogeneity preserving in addition to less discontinuity, motivated
us to utilize image segmentation using neutrosophic sets and introduce a similarity measure based on the
segmented image to find the most appropriate data from undamaged parts of the image to complete the hole in
this paper.

Image completion is an expert system which fills in the hole intelligently. The system which applies
our proposed algorithm begins from where has the biggest gradient and systematically finds the most
appropriate data for replacing in the hole. This system benefits a knowledge base and an inference
engine; the knowledge base is the source region (those parts of image that are not corrupted) and
inference engine is the proposed algorithm which searches knowledge base using a similarity measure
aiming to find the best patch for hole filling.

Note that some problems such as pixel classification, inherent weaknesses of the acquisition and the imaging
mechanism, the quantization noise and nonlinear behaviour of the mapping system result in introducing
indeterminacy in images (Salama et al, 2014). Irvanizam et al. (2022) applies trapezoidal fuzzy neutrosophic
numbers to overcome weaknesses in group decision making. Two other researches proposed by Song et al.
(2020) and Irvanziam et al. (2021) solve group decision making problems by managing noises in images using
combination of saliency map and neutrosophic sets, and bipolar neutrosophic sets, respectively.

2. Related Works

Human beings benefit image processing for various purposes such as expressing and transmission of
information which nowadays are very useful and important for daily lives according to fast processors and
various imaging systems which bring out lots of available images. Yet, information storage and transmission
always confront losses and it is inevitable for images. Also, images may be corrupted because overlapping
occurs in images when some unwanted objects exist in image; removing these overlapping brings out holes in
images (Li & Chen, 2022). Fig. 1 shows damages made in image which image completion aims to recover them.
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Fig. 1: Recovering a damaged image using image completion method (Ghanbari
Talouki & Soryani, 2011). (a) Damaged image (b) Recovered image

Fig. 2 illustrates hole caused by an overlapping object which image completion aims to fill in that. As it is
obvious in Fig. 1 and Fig. 2, image completion means setting appropriate values for pixels placed in missing
region. Researchers investigate various techniques to find these valid values. Image completion techniques
can be divided into two major categories: 1) Techniques which do not need training. 2) Techniques which
need training. The former category is named traditional methods and the later one is named machine learning
methods.

(2)

(b)

(©)




Fig. 2: Hole Completion. (a) Original image (Ghanbari Talouki & Majdi, 2019) (b) Hole
caused by an overlapping object which is shown in green. (c) Result of image completion

2.1. Traditional image inpainting techniques

Traditional methods are composed of exemplar-based and diffusion-based techniques. Exemplar-based
techniques are also consisted of pixel-based and patch-based methods.

Patch-based methods are widely used and present more qualified results (Ghanbari Talouki et al., 2017). Jia
et al. (2006) and Ding et al. (2007) are examples of researches which apply patch-based methods for image
completion.

In patch-based methods, information needed for filling in the missing region of damaged images are
obtained using intact patches from different parts of image. In diffusion-based methods, missing region is filled
by diffusing the surrounding pixels from the boundary (Cherel et al., 2022).

2.1.1. Patch-based methods

Patch-based methods are group of methods which consider the uncorrupted parts of image and choose patches
from them with the aim of filling in the hole. As it is obvious, it is very important to preserve similarity for the
selected patch. Different algorithms apply different methods to introduce an admissible similarity measure
which helps to get to the purpose of preserving the similarity of the selected patch to the target region which is
missed and is going to be completed (Ling et al., 2011). Patch-based methods propose satisfactory results; yet,
they depend on existence of missing information in somewhere in undamaged parts of the image. Furthermore,
finding an appropriate patch which brings out admissible similarity needs abundant searching and comparing,
so it takes long time, therefore patch-based methods are very time consuming. Formerly discussion leads to
introducing novel approaches which propose more applicable similarity measures to find acceptable patches.
Zhou et al. (2016) proposed a coherent direction-aware patch alignment approach which brought out an
acceleration in patch searching and introduced patches with more similarity in patch matching phase. This
research also benefits less time consuming compared to earlier methods. Cho et al. (2022) introduced a context-
aware image completion algorithm which was based on patches and applied textural descriptors to find patches
with the maximum match. Context-aware algorithm means they used different size of blocks for dividing the
image regarded to context of the image. They exerted Markov random field to encode other neighbourhood
patches’ priori knowledge. Texton histogram which is used to find the interior texture of a local region proposed
the contextual descriptors. Jayachandran and Dhanasekaran (2013) utilized nearest neighbour matching
approximation to speed up finding the best match and overcome lack of efficiency which is disadvantage of
patch-based techniques because of their time consuming and exhaustive searches for finding a valid patch. Fig.
2 shows an example of patch-based method.

2.1.2. Diffusion-based methods

Diffusion-based techniques essentially complete target regions by diffusing neighbouring pixel information.
They apply partial differential equations. There are some disadvantages for these algorithms for
exampleartifacts appear as local variance difference and noise pattern, when completion is done (Dou et al.,
2020). A diffusion-based approach was proposed by Prasath et al. (2014) which is useful for limited dataset and
operates on lower structures of texture and geometric constructions. There are limitations for this method: it
only considers small-scale images. If the missing region is large or there are complex structures in damaged
image, results will show inconsistency for structure and texture and plague some artifacts in recovered image.
Fig. 3 depicts an example of diffusion-based image completion.
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Fig. 3: diffusion-based image completion (Li et al., 2017) (a) Corrupted image; black region is the missing region. (b)
Result of image completion; region inside of the dashed line is restored.

2.2, Machine learning image completion techniques

Deep learning approaches are able to produce acceptable results for complex scene, therefore they are used
for image completion. They benefit large-scale datasets which make training possible.

2.2.1. CNN-based methods

Convolution Neural Network structures provide some special architectures for image completion applications.
The U-Net architecture which was used in Shift-Net image completion (Yan et al., 2018) receive an image and
a mask of missing region, then put them into convolutional layers. General structure of image in addition to its
fine details. Fig. 4 shows U-Net architecture and Fig. 5 shows shift-Net architecture which is U-Net with specific
shift connections.
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Fig. 4: U-Net architecture (Yan et al., 2018)



Fig. 5: Shift-Net architecture (Yan et al., 2018)

2.2.2. GAN-based methods

GAN-based methods provide realistic results. Jo and Park (2018) applied GAN-based systems to complete
masked image with the use of given sketch. Fig. 6 illustrates a model with dilated convolution layer.
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Fig. 6: Model with dilated convolution layer (Jo & Park, 2018)



3. Proposed Method

Here, we describe the proposed method in details. To begin with, we firstly state the concept of digital
image as a math problem. In the following, we ingeminate the exemplar-based image completion method which
had been initially introduced by Criminisi et al. (2004) and then was used for different purposes in many
researches (Zhang et al., 2019; Shajahan et al., 2019; Shroff et al., 2019; Mousavi et al., 2022; Li et al., 2022;
Zhao et al., 2022). As mentioned earlier, we apply image segmentation in our research and complete the hole
in images by the help of extended exemplar-based image completion which considers the result of segmentation
to find the most suitable patch for filling in the hole. Therefore, we explain neutrosophic sets-based image
segmentation which is efficient because it considers indeterminacy. Next we describe our novel image
completion method which introduces similarity measure based on results of image segmentation.

3.1. Digital Image Definition

A digital image is defined as Eq. (1):

P={[xy]"lxyEN1<x<w1<y<h} (1)

Where P is all of the points included in an image of size w X h (w is the width and h is the height). x and y are
coordinates which identify a special pixel. p = [x,y]” shows each pixel, individually; so, we have:

I:P-[0,255]% c 74

I is the image, set d=1 for grayscale images and d=3 for color images. p is the pixel and I(p) is the light intensity
of image at pixel p for gray scale images and is color of pixel p for color images (Ghanbari Talouki et al., 2021).

3.2. Exemplar-based Image Inpainting algorithm

Exemplar-based image inpainting algorithm which had been initially introduced by Criminisi et al. (2004),
is depicted in Fig. 7.

(D ,Source region

Q, Target region
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Fig.7. regions and parameters in Criminisi’s exemplar-based image inpainting algorithm (Criminisi et al., 2004). (a) name of
different regions. (b) P is the pixel with the highest priority. (c) different patches (Wq, Wq) are searched in order to find the best
match. (d) the best matched patch ever found is placed at ¥p

Image completion can be considered as a function of an image / and a set of points which are located in the
hole and are going to be completed. This function’s output /' is an image with the same dimensions as the input
image where new values are placed instead of the hole. Hole is also known as the "target region" and we will
display it by QQCP. While image completion continues, target region gradually gets smaller and smaller so that
finally, no pixel belongs to this region. Eq. (2) states the completion function which is shown by C:

I'=C(1,.Q) (2)

Border of 1 is a set of pixels in £ which at least one of the neighbouring pixels of them is not a member of .
This collection points are displayed as 6.

To complete the hole existed in an image, Criminisi et al. (2004) uses information included in the non-damaged

parts of that image. This area that has the correct information, is named by the reference region or the source
region. Source region is displayed as Eq. (3):

p=P—0" 3)

Where Q © shows the damaged region when the completion algorithm starts. As mentioned before, the hole
changes by algorithm iteration. Consequently, we mention to the hole at the first step by (° and at the current
step by Q! to distinguish between them; yet, when it is clear, £ is used generally.

In the following, a priority value is defined for each individual pixel placed on the boundary of the corrupted
region by Eq. (4); this priority value specifies which pixel firstly must be considered to be completed. The pixel
with the highest priority wins to define patch ¥,

pr(p) = Cn(p)Dt(p) 4)

Where Cn(p) and Dt(p) are confidence and data values, respectively which are defined by Eq. (5) and (6).
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Where ¥p shows a patch centered at pixel p which its area is | Yp | . yis a normalization factor (y =255 for
greyscale images). n, is the orthogonal unit vector to the boundary of the hole and L shows the orthogonal
operator. The confidence term Cn(p) specifies the amount of reliable information exists around the pixel p.It is
clear that we aim to complete first those pixels which have more reliable information; these information may
be included in the image because of two reasons: 1) The surrounded pixels are placed in the source region. 2)
The surrounded pixels were completed before. Initial value for Cn(p) is 0 for pixels of the target region and 1
for pixels of the source region. Dt(p) shows the strength of isophotes which hit the front §Q at each iteration.
Data term is important because it makes linear structures to be synthesized first, and, therefore propagated
securely into the target region. Fig. 8 shows parameters used in Eq. (6) to find data term for pixel p.

o P

g " A

*?I

Q2

Fig. 8: parameters used in Eq. (6) to find data term for pixel p

Consider the patch with the highest priority is %’ and the patch Wq’ is the best match of %’ found in the

source region. In order to replace %’ with qu’ only those pixels of %)’ which are in the target region, will
obtain new values. Now, the confidence value of pixels surrounded the remaining portion of the hole are
updated.

This process iterates until the target region is completed. The exemplar-based method preserves both
structure and texture and therefore, is suitable for background inpainting.

If the occluding object is static, this completed hole is copied into other frames. Yet, considering a moving

object, there is no need for inpainting; information about the region behind the moving occluding object can be
used for filling in hole.

This algorithm finds priority of all pixels of §€). Then, the patch %’ with the highest priority value for pixel
p is selected. Source region is searched to find the best match for V{v; using Eq. (7):

(7) arg l;nilrclb d(‘I’p , lI’q) _v,

q€

10



Where d(¥,,, ¥,) is the sum of squared differences (SSD) of intensities of two patches ¥, and ¥,.

Once we found the best match patch ¥, those pixels of ¥, which are in the target region, will be replaced by
the corresponding pixel values of ;. Then, confidence value for pixels belonging to the boundary of ¥, which
they intersect with the target region, are updated using Eq. (8):

C(p)=CP) Vpe¥, NN (®)
It iterates until there is no pixel in the target region which means the hole is fully completed.
3.3. Image segmentation

Segmentation procedure receives an image and gives a set of regions S; which satisfy these clauses (Chen
et al., 2022):

I.  US;=S; Each S; is a particular partition which shows a segment. Union of these particular
partitions leads to the reference image S.
I.  S$;nS;=0,i+j; Regions do not have any intersection. Two regions introduce two different
segments while there is no intersection between them.
II.  VS,P(S;) = true; Homogeneity predicate is satisfied for each region.
IV. P(SiUSj) = false,i # j, S; adjacent Sj; Homogeneity predicate is not satisfied for union of
adjacent regions.

The above four clauses guarantees an original image is divided into some distinct segments which there is
not any intersection between them; yet, each particular segment is homogenous itself. As a result, we can handle
each segment, distinctly.

Image segmentation is a crucial step in image processing applications. There are some matters which affect
image segmentation’s results: intensity, texture, contrast, blurring, noise and number of clusters; these features
affect the quality and accuracy of the output of segmentation. Image segmentation aims to extract all of the
meaningful objects existed in image; yet, it is difficult to omit human interaction when segmentation is in
process (Luo et al., 2022).

3.3.1. Neutrosophic sets

Neutrosophic was firstly introduced by Smrandache (1998). There are three concepts which are
considered by neutrosophic sets: indeterminacy, membership and non-membership functions. A neutrosophic
set A in U is as u(T,I,F) where three values T (u), I4(u) and F4(u) are subsets which respectively show

truth, indeterminacy and falsity membership functions and the values are standard or non-standard real
numbers in [0,1].

Ta: U — [0 <1+]

Ii: U — [0 <1+]

Fa:U— [0 <14]

11



Where we have the following constraint for summation of T 4(u), I4(u) and F 4(u):
0 <supT,u)tsupl,u)ytsupF,(u)<3

Where sup is the abbreviator of suprimum. As described earlier, each of three subsets T4(u), 14(u)
and F 4(u) may be valued by the range of [0 <1+] and Sup relates to suprimum value of each of them.

Some researches apply neutrosophic offsets for image segmentation and noise reduction;
neutrosophic offsets are neutrosophic sets which their truth values lie outside the interval [0,1]
(Smarandache et al. (2020)); yet, some other researches (Hu & Fan (2017)) apply the predefined
neutrosophic sets for foreground/background subtraction.

3.3.2. Threshold-based algorithm

Here, neutrosophic sets are applied in partnership with a histogram-based thresholding approach to
segment an image. Histogram-based thresholding technique aims to partition an image into some regions
considering gray values of that image. Fig. 9 shows the flowchart of the proposed approach.

hy,hz,h3,....hg are histogram of pixel values and maximum pixel value is shown by K (K is usually 255). h;
defines number of pixels having gray level [ in an image. Threshold-based segmentation approaches find proper
thresholds and segment the image using them; neutrosophic sets help to find these admissible thresholds, as a
result, to begin with, we map the image into neutrosophic sets using Eq. (9) — (13): (Xu et al., 2018)

g(i'j) — Gmin

)

t(ij) =

Gmax — Imin

[ Map image into neutrosophic domain ]

Measure neutrosophic Euclidean distance between each pixel in a

A X A square and the central pixel
[ Sort neutrosophic Euclidean distances in each A X A square, descending ]

v
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distances in each A X A square
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Fig 9: Schematic diagram of the proposed method (continued)
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Fig 9: Schematic diagram of the proposed method
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8(i,j) = abs(g (i) — g(i.p) (13)

Where ¢, i and f stand for truth, indeterminacy and falsity membership functions, respectively. g(i,j) shows
intensity of pixel p(i,j) and g(i,j) is mean of pixel intensities for those pixels placed inside a w X w window;
this w X w window rolls over top left of the image into bottom right in order to cover all pixels of the image.
Jmax and gpmin are maximum and minimum values of all g(i,j) for the whole image, respectively. §(i,j)
is the absolute difference between g(i,j) and g(i,j). 6max and &y, are maximum and minimum of §

(i,j) for all pixels, respectively. The given image imgys is the previous image but in neutrosophic domain
which means each pixel in imgys has three values obtained from Eq. (9) — (13).

In the following, we group similar pixels in image imgys. We determine neighbourhood in which pixel
similarities in image imgys is measured, by a square of size 4 X A where A is an integer number. In this study,
we set A = 7. Comparison point is the pixel which is placed at the center of this 4 X A square. We measure
Euclidean distances between the former mentioned comparison point and the remaining pixels in A X A square
by Eq. (14) (Ye, 2014).

1

. 1 2
disty(A, B) = {3IT4 — Tal* + |14 — I|* + |Fa— Fyl?} (14)

Where dist;(A, B) is the Euclidean distance for two points A(T 4,14,F4) and B(T,I5,Fp) in neutrosophic
domain; two distinct pixels in 4 X A square in imgys are considered as two points A(T 4,{4,F 4) and B(T,Ip,Fp

).

Preposition:

A distance measure like dist,(4, B) with consideration of having three neutrosophic points A(T 4,1 4,F ),
B(Tp,Ip,Fp) and C(T¢,I¢,F¢) preserve four constraints:

i. 0<Zdist;(A,B)<1
ii. dist;(A,B)=1iff A=B
iii.  disty(A, B) =d(B,A)
iv. if AS BCC, thendist,(A,C) = dist,(4, B) and dist,(A,C) = disty(B,C)

Proof. 1t is obvious that constraints (i) to (iii) are satisfied for Eq. (14). According to constraint (iv), we suppose
AC BCCC, therefore, TA\<Tp<T¢,In=Ig=>1cand F4 = Fg = F and we have following relations:

1Ty =Ts|* <|Ty—Tcl2|Tg = Tel* < Ty —Tel?,

15



1y —Igl* < |1y — 1|21 — I < |14 —Ic]%,
|Fy — Fyl* < |Fy— Fcl%|Fg — Fel* < |[Fy — Fel?

Hence,

T4 —Tgl*+ 14— 15| + |[Fy = Fl* < |Tg = Tcl* + |1y — Ic|* + |[Fy — Fl?,

|Tg —Tel* + |Ig—Icl* + |Fg = Fel* < |Ta=Tel* + 11— Ic|* + |F g = Fel?,

Combination of the above inequalities and Eq. (14) leads to dist,(A,C) = dist,(A, B) and dist,(A,C) = dist;
(B,C); constraint (iv) is satisfied and proof'is done.

We suppose € is a decision point; scilicet, distances smaller than ¢ refer to pixels which are nearly similar.
Hence, we can intersect these pixels and assign the obtained intersection value as new value for contributed
pixels.

It should be mentioned that in the case of existing more than one analogous pixel to the comparison point of
the A X A square in imgys, in other words, when the distance value for those pixels are smaller than € (¢ is
explained later), we mark these pixels. When the 4 X 4 square in imgys is checked, we obtain intersection value
for pixels which were formerly marked. It must be noticed that as we mentioned previously, these computation
perform on neutrosophic image. Eq. (15) introduces intersection for two neutrosophic sets:

C = AN B ={min (T,,Tp),max (I,15),max (F,Fp)} (15)

Where A and B show two neutrosophic sets and C determine intersection of those sets. We set A(T 4,14,F 4)
and B(Tp,Ip,Fp) as two distinct marked pixels specified from 4 X 4 square in imgys. The recent truth value is
obtained by finding minimum value of truth for neutrosophic sets A and B. The recent indeterminacy value is
obtained by finding maximum value of indeterminacy for neutrosophic sets A and B. The recent falsity value
is obtained by finding maximum value of falsity for neutrosophic sets A and B. Intersection is given for all
marked pixels in a A X A square. This procedure repeats for the next 4 X A square in imgys; it continues until
the image is totally checked. Finally we have a new image named imgy; which similar pixels receive equal
neutrosophic value in recent image.

As we formerly described, ¢ is a parameter which is used for controlling the similarity; as a result, its influence
on the resulted imgy; is inevitable. Score function, accuracy and certainty which are separately given for each
pixel in A X A square in imgy; help us to find a more reasonable value for €. Score function, accuracy and
certainty are obtained using Eq. (16) to (18), respectively (Broumi et al., 2018):

24Tp—I4—F
S(A):¥ (16)

16



a(A) =Ta—Fy (17)
c(A) =T, (18)

Where s(A) defines score function for a neutrosophic point A(T4,14,F4), a(A) shows accuracy for a
neutrosophic point A(T 4,1 4,F4) and c(A) shows certainty for a neutrosophic point A(T 4,14,F 4).

Next, all pixels within a 1 X A square in imgy; are sorted ascending according to score function, accuracy
and certainty. Further conditions are used to sort neutrosophic values:

1. If s(4;) > s(A,), then 4; is greater than A,, denoted by 41 > 4,.
. If s(4;) = s(4,) and a(4,) > a(4,), then Ay is greater than A,, denoted by 4; > A,.
iti.  Ifs(41) =s(4,), a(41) = a(4;) and c(41) > c(4,), then A is greater than A, denoted by A1 > A.

1v. If s(4;) = s(4,), a(4;) = a(4,) and c(4,) = c(4,), then A; is equal to A;, denoted by 4; = 4.

Where A1(T 4,14,F 4) and A3(T 4,14,F 4) determine two distinct neutrosophic points.

Now we have neutrosophic points in 4 X 4 square in imgys sorted; so, we introduce optimal point to be
median of these sorted values. Then, € is given by obtaining distance between the comparison point and this
optimal point. Euclidean distance which was formerly defined in Eq. (14) is used to introduce &.

The former procedure which is described for one A X A square, repeats for the whole image and imgy; is
generated. imgy; and the original image, together are used for image segmentation. We select some intensity
values as thresholds which are applied to segment the image. In order to have an accurate segmented image, we
focus on finding more precise thresholds; thus, we propose our novel algorithm to determine thresholds.

To begin with, we define histogram of the original image img shown by hist;,, for the first iteration (
itter = 1). Then, local maximum of hist;y,, which are referred to as histmax(g1), Ristmax(g2), . histma(gr)
e hiStinar(gn) are determined where histnq(gx) corresponds to gray level gi. Next, having a descending
sorted list of these local maximum values (note that sorting is done according to pixel counts), we carry the
following procedure out from the maximum value into the minimum value of the list.

We name current local maximum which we are working on, as num, also we name intensity value related to
num as thresh; thresh is the threshold which is used for segmentation. Now, there are two distinct regions
R; and R, according this threshold thresh; R;= [miniIntensity...thresh] and +1...thresh=[R;
maxIntensity] where minintensity is the minimum intensity included in image (it is generally zero) and
maxIntensity is the maximum intensity included in image (it is generally 255). As mentioned earlier, we have
two distinct regions R and Ry; we apply Eq. (19) to determine center of R1 and R;, separately:

Zp c Rit(le)-I(p)

C(Ri) = ZPERit(pNI) (19)
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Where c(R;) shows the center of region R;, t(p;) sets truth for pixel p in image imgy; and I(p) determines
intensity value at pixel p in original image img. Energy function for this current segmentation is (Eq. (20)):

Eny=Dp;+ Gy (20)

Where Ey; is the energy function and tests for existence of discontinuities in segmentation. Dy; is sum of
distances between region center and surrounding pixels in this region. Dy; is the Euclidean distance obtained
by Eq. (14). Dy; specifies spatial ambiguity in neutrosophic domain. To analyze Dyj, consider the fact that if
there is small differences between neutrosophic sets which are within the segment, we will have small values
for Dy;; consequently, the most homogeneous segment is introduced by the least value for Dyy.

Gy specifies intensity ambiguity in gray scale domain and tests for belongingness of a pixel into a specified
segment and is given by Eq. (21):

GNI=ZpeRi|p_C(Ri)| (21)

Where p defines intensity in original image img and c(R;) defines intensity of the centroid of region R;. We
find absolute difference for the whole pixels placed in region i. We can determine difference between pixel
intensities in a specified segment using sum of absolute differences. To analyze Gyj, consider the fact that if

there is much homogeneity between pixel intensities which are within a specified segment, we will have small
values for Gyy; consequently, the most homogeneous segment is introduced by the least value for Gy;.

According to Eq. (20) and as discussed earlier, less value for Ey; determines more proper answer. It repeats
for each of histmax(gk), descending. In the following, we detect minimum value for E'yj, so we introduce the
threshold as the one corresponding to the detected minimum of Ey; and name it as the optimal threshold (
optThresh); optThresh is used for image segmentation. This process results in creating two segments and
hence, first iteration is done.

Set itter = itter 4+ 1. There are two distinct regions considering optThresh which are determined by R, = [
minintensity...optThresh —1] and]maxIntensity +1...optThresh = [R, . It continues until termination
condition satisfies; consider Eq. (22):

N

Zi=1ENlRi

82(c(Ry),c(RY)) (22)

Where s is the number of gained segments until now, 8 is variance; therefore, energy of the whole gained
segments is shown in numerator and variance of all segment centroids is shown in denominator. As we
previously mentioned, we are seeking for less energy and besides more variances for segment centroids.
Consequently, we aim to find less value for Eq. (22) which introduces more appropriate case.
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The former routine continues while Eq. (22) gives less value in iteration itter + 1 rather than the value
achieved in iteration itter, in other case, it terminates.

Our proposed segmentation algorithm is stated in table 1.

Table 1: Our proposed segmentation algorithm

Algorithm 2

Input: an image img =[minlntensity maxIntensity]
Output: multi-class segmented image

START

1. Setitter =1 and optThreshArray = ¢

2. Map img = [minIntensity maxIntensity] into neutrosophic domain to generate imgys using Eq. (9) to (13)
(intensity is bounded from minintensity into maxIntensity).

3. Use Eq. (14) to measure distance between center pixel of a A X A square in imgys and its surrounding pixels in the
square.

4. Measure Eq. (16)-(18) to sort points of A X A square in imgys and select the median as €.
5. Find measured distances of step 3 which are less than € and mark them.
6. Find intersection of marked pixels using Eq. (15).

7. Repeat step 3 to step 6 to process the whole image by moving A X A square from upper left of the image into downer
right of that to generate imgyj.

8. Find local maximum of histogram of img named as histmax(gl), histmax(gz), ,histmax(gk),....,histmax(gn) and
sort the values descending.

9. Fori=1 to n (nis the number of local maximum of histogram in current bounded intensities) do

9.1. Consider i" gray level corresponded to local maximum of histogram as a thresh for segmentation, so, now
there are two regions R1 = [minIntensity...thresh] andJmaxIntensity +1...thresh = [R; .

9.2. Find center of two regions R1 and Ry by Eq. (19).
9.3. Use Eq. (20) to find energy functions of regions R1 and R».

10. Find the smallest value between energy functions measured at step 9, name it as optThresh which is the best
threshold  for segmentation and add it to optThreshArray which yields to

hreshArray = optThreshArray U {optThresh}, as a result, now there are two segments based on intensity value
optThresh.

11. New sub images which need segmentation are R1 = [minintensity...optThresh —1] and +1...optThresh = [R;
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maxIntensity].
12. Setitter = itter + 1.

13. Apply Eq. (22) to see whether to continue or not, if the obtained value is bigger than or equal to that of the last
iteration, jump to step 15.

14. For each sub image repeat step 9 to 13.
15. Optimal thresholds are found in optThreshArray; apply this to segment the image.

END

Dhar and Kundu (2021) mentioned to time consuming as one of the challenges in image segmentation; as a
result, we propose a comparison between our approach’s operation time and the one introduced by Dhar and
Kundu (2021). We considered some images from various datasets. Fig. 10 illustrates the proposed comparison.
As it is shown in Fig. 10, there is a remarkable difference between our proposed method’s time consuming
rather than the time needed for the method proposed by Dhar and Kundu (2021).

We have illustrated our results and presented a qualitative comparison between our approach and other
segmentation methods in Fig. (10). Here, we are going to introduce some quantitative measures. RI (rand index)
is obtained by Eq. (23) (Al-Dulaimi et al., 2016):

a+b
RI=1—W (23)

Where a shows the number of common pixels in segmented and ground truth images (note that these pixels
belong to the same segments). b shows the number of pixels on segmented and ground truth images which are
placed in various segments. n defines the number of pixels, totally.

RI tends to 1 for similar segmented image and ground truth image, whereas it tends to zero when there is no
similarity between segmented image and ground truth image; consequently, RI close to 1 defines more accurate
segmentation and RI close to zero defines less accurate segmentation.

SA (segmentation accuracy) is obtained by Eq. (24) (Li et al., 2011):

cAi U C;
izc_

j=1

SA=Y (24)

C;
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518.835 27.213

548.777 12.809

440.182 16.909

592.592 20.814
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(a) (b) (©)

Fig 10 Image segmentation considering their operation time; time is presented in seconds and is written on below of images. The
four initial rows are from kaggle dataset and the rest are from Dhar and Kundu (2021) (column wise). (a) Original image. (b)
Segmentation by Dhar and Kundu (2021). (c) segmentation by our proposed method

Where ¢ determines the number of segments, 4; is the i segment given by our proposed method and C; is the
i segment in ground truth image. SA determines the number of correctly segmented pixels with respect to the
number of pixels, totally. As a result, bigger values for SA means more accurate segmentation and fewer values
for SA means less accurate segmentation.

F — Score which is obtained by Eq. (25) checks segmentation results’ performance, quantitatively (Ziotko et
al., 2018):

F —Score = % (25)
TP

Pr=1p1Fp (26)
TP

Re =7p 1y @7)

Where Pr and Re determine precision and recall for a segmented image related to ground truth, respectively
and are obtained by Eq. (26) and (27). TP, FP and FN are true positive, false positive and false negative,
respectively. More accurate segmentation is given by bigger values for F —Score and less accurate
segmentation is given by less values for F — Score.

Table 2 presents a comparison between our segmentation results and the results obtained from Dhar and Kundu

(2021) for synthesized images. Table 3 presents a comparison between our segmentation results and the results
obtained from Dhar and Kundu (2021) for nature images.

Table 2 quantitative comparison between segmentation by Dhar and Kundu (2021) and the proposed method for
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synthesized images

Measure (szeogznll;ntation by Dhar and Kundu o 0y oog
RI 0.9502 0.9613
SA 0.9476 0.9601
F-Score 0.9528 0.9636

Table 3 quantitative comparison between segmentation by Dhar and Kundu (2021) and the proposed method for
nature images

Measure Eﬁ?ﬁﬁ?ﬁéﬁﬁ (2021) Proposed method
RI 0.8605 0.8927
SA 0.8581 0.8873
F-Score 0.8710 0.9101

34. Proposed image completion method

In this paper, we utilize Criminisi’s exemplar-based image completion approach and extend it using the
results of the already mentioned neutrosophic-based image segmentation algorithm. At the beginning, we
segment the images using the predefined neutrosophic-based image segmentation algorithm, so that we have a
segmented image. Two cases may appear for holes included in images:

(1) Hole is placed inside a distinct segment; it occurs when the all neighbourhood pixels belong to the same
segment.

(2) Hole is not placed inside a distinct segment; it occurs when some neighbourhood pixels belong to
different segments.

Case 1: As we explained in section 3.2, hole completion begins from outer pixels of target region. Therefore,
we use Eq. (4) to determine these outer pixels’ priority. Next, the pixel with the maximum priority is selected

as pF used for %’. In this approach, we set @ = 9 for patch size. We move from the centroid pixel into four-
neighbourhood pixels and find whether there is a whole patch with the size a or not; if exists, the first patch

founded &”qF, is used to complete the hole. If it does not exists, we move across the current pixel’s four
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neighbourhood; it continues until we find a patch ‘1/qF which is placed totally in similar segment as ‘lﬁ)’. In some
cases that moving across four neighbourhood of current pixel does not introduce a reasonable patch in the
similar segment and at the same time, the patch is placed in more than one segment, go to case (2). It should be

mentioned that %F has some known pixels and some unknown pixels which are named hole. As a result, only
unknown pixels from ‘Iff are replaced with the corresponding pixels from Wq’. In the following, confidence

value is updated for all unknown pixels of %; using Eq. (8). It iterates until there is no pixel in target region.
Note that this case appears when the whole hole is inside a singular segment.

Case 2: We again start hole completion from outer pixels of target region. We develop Eq. (4) to define these
outer pixels’ priority considering the number of adjacent segments for ¥p. We prioritize patch surrounded by
less various segments, so, Eq. (4) is updated to Eq. (28).

P(p)
Prew(®) = (28)

Where P(p) is the priority from Eq. (4) and n is the number of segments surrounded ¥p. whatever there are
more various segments around the patch, n grows, which makes Py, falls down and contrariwise, whatever
there are less various segments around the patch, n falls down, which makes Py, grows up. Consequently, the

patch with more priority and at the same time, with less various segments around of it, is selected as %' .
Since %)r may be placed besides of some different segments, Eq. (29) is used to find Wq;.

¥, =g i (¥, ¥ @

Where a(¥,, W) is the sum of absolute differences of labeled segments of two patches ¥}, and ¥,. Each
segment has a distinct label so that if corresponding pixels are placed in similar segments, value 1 is set and if
corresponding pixels are placed in different segments, value -1 is set. Sum of these values of an individual patch,

defines this patch’s score. The patch with minimum score is selected as %' which is used for completion.

We move from the centroid pixel p’ into four-neighbourhood pixels and find the best match. Every seen pixel
is marked in order to prevent re-checking. Each ¥ is checked not to include hole. Consider %; has 3 known
pixels. We set € = [0.95 * B] for acceptance rate; it means that after ¥y is found, a(¥,, ¥,,) is compared to
¢; for those values bigger than or equal to €, the patch Wq7 is finally selected as 'I’q’ to complete the hole. Yet,

if the acceptance ratio is not satisfied, we keep the best patch ever found (Y’q”) and move forward in four-pixel
neighbourhood of already seen pixels. If there are more than one patch which satisfy the acceptance rate, pixel

intensity will be used to measure the sum of squared differences (SSD) of each of these patches and 'Pp;. The
patch with the minimum value for SSD is finally selected as Y’q;. If the acceptance rate is not satisfied, the best
ever found patch 'I’q” will be considered as the best match 'I’qF and will be used to complete the hole. Then,
only unknown pixels from&”p; are replaced with the corresponding pixels fromY’qF. In the following, confidence

value is updated for all unknown pixels of'I’p; using Eq. (8). It iterates until there is no pixel in target region.
Here, we consider both neighbourhood information and similarity in this approach.

Here, our proposed image completion algorithm is stated in table 4. Fig. 11 (in Appendix) Depicts flowchart
of the proposed method.
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Table 4: Our proposed image completion algorithm

Algorithm 2

Part 1) Segmentation:

Input: an image img =[minIntensity maxIntensity]
Output: multi-class segmented image

Use algorithm 1 to generate a segmented image which is used in part 1.

Part II) Hole Completion:

Input: an image containing a hole in it

Output: an image with the hole completed

START

1. Find priority of outer pixels of hole using Eq. (4)

2. Find the number of distinct adjacent segments (n) for each outer pixel of step 1

3. Find new priority value for outer pixels of hole using Eq. (28)
4. Select the pixel with maximum priority as pr and define the 9 X 9 patch Wbr as the selected patch for completion
5. If'there is only one segment adjacent to pr, then consider p' as the current pixel

Begin

5.1. Movement Step: Move from the current pixel to its four neighbourhood

5.2. Ifthere is a 9 X 9 patch completely placed in a similar segment to adjacent segment of ‘Pbr, and there is no
unknown pixel in this patch, then

5.2.1. introduce it as S(/qr and go to step 7

r
Else if the above 9 X 9 patch is placed in a similar segment to adjacent segment of ¥, but it contains some
unknown pixels, then

5.2.2. Go to step 5.1 (Movement Step)
Else (the above 9 X 9 patch contains some various segments)
5.2.3. Go to step 6

End

r r
6. If'there are more than one distinct segment adjacent to p, then consider p as the current pixel
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Begin
6.1. Movement Step: Move from the current pixel to its four neighbourhood
6.2. Use Eq. (29) to find the best patch between these four neighbourhood pixels

6.3. If a(¥p,¥y) for the above best patch is bigger than or equal to € =[0.95 * B] and there is only one patch
which satisfy the acceptance rate €, then

6.3.1. Select the patch as Y’q’.

Else if a(¥p, W) for the above best patch is bigger than or equal to € = [0.95 * B] and there are more than
one patch which satisfy the acceptance rate &, then

6.3.2. Use SSD to find the best match between these accepted patches and select the patch related to the
smallest value for SSD as yfqr.

Else If a(W,,%¥q) for the above best patch is smaller than €=1[0.95% B]land there are also some
neighbourhood pixels which are not met yet, then

6.3.3. keep the best ever found patch with minimum value for a(¥y,¥y) named ¥q” and go to step 6.1
(Movement Step)

Else (a(¥y, ¥y) for the above best patch is smaller than € = [0.95 * B] and there are not any neighbourhood
pixels which are not met yet)

6.3.4. select ¥q” as ¥g'

End

7. complete the missing pixels of Y’p; using corresponding pixels in Y’q’
8. Update confidence value using Eq. (8)
9. If'the hole is not totally completed, go to step 1

END

4. Results and discussion

In this section, we illustrate our results and discuss the performance of proposed method. We also
compare our results to some earlier ones. Results are compared both qualitatively and quantitatively. We
initially show our results along with their saliency map to investigate whether our results get attention from
viewers for completed hole or not. Next, we depict a qualitatively comparison of our results to formerly
researches. In the following, we introduce some performance measures which help us to compare results
quantitatively and then, we apply these measures to compare our results quantitatively to some earlier
approaches.

Fig. 12 (which is continued in Appendix) shows results of image completion for some images. As you can see
in Fig. 12, hole is depicted in green which is completed on third column. We showed saliency map of the
completed image on the last column which emphasizes the completed hole makes no attention to the viewer.
Saliency map is a quantitative model which gains the amount of viewers’ attention to the image as a value and
finds unexpected regions. Saliency map is obtained by filter-based models and the value of each pixel in saliency
map is related to the amount of direct attention to that pixel’s neighbourhood in a bounded time. We initially
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gain feature maps using various filters, next, we set the contrast of these feature maps and sum them together
using some weights for determination of the amount of viewer’s attention. Finally, the acquired map is
normalized between 0 and 1. The maximum and minimum values of saliency map is between 0 and 1; yet, we
showed saliency map using different colours in which greater values that are illustrated in bold colours (red)
are related to regions giving more attention to the viewer. As it is obvious in Fig. 12, there is no bold colours in
saliency map in region corresponding to hole in the masked image; which means our completion result does not
produce extra attention for the viewer.

(a) (b) (c) (d) (e)

Fig. 12: saliency map for completed images. Images are taken from Li et al. (2022), Criminisi et al. (2004), Ghanbari, Talouki &
Majdi (2019) and Giorgio (2018). (a) Original image (b) Segmented Image (c) Hole in green (d) Completed image (e) Saliency map
for completed image

Fig. 13 (which is continued in Appendix) compares our completion results to results of Li et al. (2022). As
you can see, our results are qualitatively more pleasant than results of Li et al. (2022). Yet, we introduce three
quantitative measures in section 4.1 to 4.3 which are later used to compare our results to some earlier
approaches.
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(a) (b) (c) (d)

Fig. 13: Comparision of our image completion results to results of Li et al. (2022). (a) Original images (b) Hole in green (c) Our
completed image (d) image completion by Li et al. (2022)

4.1. ASVS (Average Squared Visual Salience)

ASVS is about amount of error within the hole and is proposed as a value; this value is obtained from in-
region distortions which appears when the completed target region gets direct attention from viewers. Therefore,
less value for in — region means better performance for the algorithm. In-region distortions is acquired from
Eq. 30.

in—region(l) = ﬁzp c Q[S(p)]2 (30)

Where Q is target region, I is the original image and S(p) is saliency map for the completed image. Eq. 31
gives ASVS for image /.

ASVS(I) = in —region(I) (31)

As it is clear, less value for ASVS corresponds to less value for in — region which means better completion
for the target region (Ardis et al., 2009; Ardis et al., 2010). Fig. 14 (which is continued in Appendix) shows
ASV'S for our results and method of Li et al. (2022). As it is obvious in Fig. 14, using neutrosophic-based image
segmentation and performing image completion by considering neutrosophic sets brings us more pleasant result
along with better qualitative and quantitative measures.
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Fig. 14: Quantitative comparison of our results to Li et al. (2022) using ASVS. (a)
Our results (b) Results of Li et al. (2022). ASVS are written in bottom of each
completed image

4.2. SSIM (Structure Similarity)

This measure was proposed by Wang et al., (2004) to bring out a quantitative measure to compare image
completion results while original image exists. Eq. (32) introduces SSIM index.

SSIM(x,y) = [L(e)]“[c(en)]P.[sey)] (32)

Where I(x,y), c(x,y) and s(x,y) are luminance, contrast and structure of two images, respectively and are
obtained from Eq. (33) to Eq. (395).

2paphy + Cq

l(xy) = m (33)
20,0y + (2

cCoy) =z re, (34)
ny + C3

S(xly) = g'x_o'y + C3 (35)

Ifweseta=F=2A=1and C3=C2/2in Eq. (32), then we have Eq. (36) for SSIM:
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(Zﬂx.uy +C1) (Zo-xo'y +C2)
Wi+ 1ty + C1) (0% + 05 + C2)

SSIM(x,y) = (36)

C1 and C are constants for sustainability. As it is obvious in Eq. (33) to (35), luminance and contrast are given
by mean and variance of pixels; yet, covariance is used for structure. It should be mentioned that these values
are obtained for different corresponding windows for two images: original image and destroyed image. Since
there are too many values according to number of windows, mean of SSIM for windows is used as a comparing
measure for an image which is given by Eq. (37):

MSSIM(X,Y) = %Z]M: SSIM (x;,y5) (37)

Where X is the original image, Y is the destroyed image, M is the number of windows and x; and y; are pixels
of j" window in image. MSSIM is one for two similar images, therefore, whatever the acquired MSSIM is closer
to one, it means there is more similarity between two images.

Table 5 compares MSSIM for our results compared to some earlier researches for images in Fig. 12. As you
can see, the proposed method introduces the greatest value between all values in table 5 which means the
completed image is the most similar one into the original image considering all other researches’ results; because
neutrosophic sets consider indeterminacy exists in images and brings forward a more satisfactory segmented
image which leads to a more satisfactory completed image.

Table 5: Comparison of our result to earlier researches based on MSSIM index

Criminisi et al. Zhang et al. Darabi et al. Zhang et al. .
(2004) Yao (2019) (2014) (2012) (2019) Li et al. (2022) Our
0.9856 0.9848 0.9750 0.9707 0.9886 0.8929 0.9919

Fig. 15 illustrates an original image along with inpainted results using different algorithms proposed by
researches which are mentioned in table 5.
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(a) (b) (c) (d) (e) (f) (g) (h)

Fig. 15: Comparision of our image completion results to some earlier researches. (a) Original images (b) image completion by
Criminisi et al., (2004) (c) image completion by Yao, (2019) (d) image completion by Zhang et al., (2014) (¢) image completion by
Darabi et al., (2012) (f) image completion by Zhang et al., (2019) (g) image completion by Li et al., (2022) (h) Our completed
image.

4.3. PSNR (Peak Signal to Noise Ratio)

One of the most important measures for image quality evaluation is PSNR which is given by Eq. (38) and
(39):

1 .. .oy
MSE = 352, _ 1@ = MEDIP (38)
2552
PSNR = 10.l0g (J755) %)

Where MSE is mean square error, m and n are image dimensions and I(i,j) and M(i,j) are pixels of original
image and completed image, respectively (Wang et al., 2002).

Table 6 compares PSNR for our results compared to some earlier researches. As it is clear in Eq. (38) and Eq.
(39), whatever two images (original image and the completed one) are similar to each other, there is less
difference between them; therefore the less MSE will be obtained. Since MSE is the denominator in PSNR
formula, whatever we have less value for MSE, we will have more value for PSNR. Values in table 6 emphasises
the proposed neutrosophic-based image completion method which applies neutrosophic-based image
segmentation introduces greater value for PSNR which inherently means better completion result and it is owed
to neutrosophic sets’s property to decreases spatial and intensity ambiguities of images and bringing forward
segmented images with more boundary and homogeneity preserving in addition to less discontinuity.

Table 6: Comparison of our result to earlier researches based on PSNR index

Criminisi et al. Zhang et al. Darabi et al. Zhang et al.

(2004) Yao (2019) (2014) (2012) (2019) Lietal. (2022) Our

28.16 36.75 24.98 21.37 29.60 33.98 38.96

Fig. 16 compares ASVS for our results to two other researches; Shajahan et al., (2019). Table 7 shows a
comparison for MSSIM and PSNR between our results and Shajahan et al., (2019).
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0.5468 0.7188

(a) (b) (c) (d)

Fig. 16: Quantitative comparison of our results to Shajahan et al., (2019) using ASVS. (a) Original image (b) Hole in green (c) Our
completed image (d) Image completion by Shajahan et al., (2019) ASVS are written in bottom of each completed image
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Table 7: Comparison of our result to Shajahan et al., (2019) based on MSSIM and PSNR index

MSSIM PSNR
Shajahan et al., (2019) 0.8249 30.6257
Our method 0.9359 33.4901

Fig. 17 compares ASVS for our results to two other researches; Zhao et al., (2022). Table 8 shows a
comparison for MSSIM and PSNR between our results and Zhao et al., (2022).

0.1549 0.5223

(a) (b) (c) (d)

Fig. 17: Quantitative comparison of our results to Zhao et al., (2022) using ASVS. (a) Original image (b) Hole in green (c) Our
completed image (d) Image completion by Zhao et al., (2022) ASVS are written in bottom of each completed image

Table 8: Comparison of our result to Zhao et al., (2022) based on MSSIM and PSNR index

MSSIM PSNR
Zhao et al., (2022) 0.5878 32.1277
Our method 0.9210 35.2472

5. Conclusion
Image completion follows the aim of retrieving old damaged images and nowadays is a copacetic subject

in image processing and computer vision. Holes in destroyed images are completed using a similarity measure
which aims to find the most appropriate data for hole completion; finding this most suitable data is an important
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challenge which affects completion results because it is very important to maintain the visual consistency in
completion process and in this case, using wrong information for hole completion makes the results unpleasant.
In this paper, we proposed a novel exemplar-based image completion method which uses neutrosophic sets to
segment an image and applies segmentation information along with similarity measures which consider both
neighbourhood and similarity information to find the most appropriate match to complete the hole.

The novelty of our algorithm compared to earlier researches is that we completed damaged images using
patches which were the best available in images according to our extended similarity measure which consider
both neighbourhood and similarity based on results of our innovative image segmentation approach. Our
neutrosophic-based image segmentation algorithm decreases spatial and intensity ambiguities of images and
guides us to have segmented images with more boundary and homogeneity preserving in addition to less
discontinuity which introduces an improvement in R/, SA and F-Score compared to earlier researches. The
proposed image completion method benefits of more satisfactory results according to qualitative and
quantitative measures. Our approach introduces an improvement of 18% for ASV'S compared to earlier methods.
We also gained 0.9919 and 38.96 for MSSIM and PSNR, respectively while the best values for earlier methods
were 0.9868 and 36.75 for MSSIM and PSNR, respectively which is the effect of using neutrosophic
segmentation.

The proposed method presents well performance for corrupted images qualitatively and quantitatively
compared to formerly introduced researches. We did not consider noise in the current research, nor camera jitter
which they can be considered in future researches. Therefore, we compared our results to researches which they
did not tackle with noise, too. We are also going to include corrupted video frames which are needed to be
repaired either considering static scenes or dynamic ones to our future studies.
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Appendix

[ Segment image using flowchart of fig. 9 ]

Find priority of outer pixels of hole using Eq. (4)

v

[ Find the number of distinct adjacent segments (n) for each }

of these outer pixels
-
Find new priority value for outer pixels of hole using eq. (27) ]

v

Select the pixel with maximum priority as pr and define the 9 X 9

patch %r as the selected patch for completion
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Is there only one
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segment adjacent to p ?
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[ Consider p as the current pixel ]
|
Move from the current pixel to its four neighborhood
Is there a 9 X 9 patch
completely placed in a similar
B «

segment to adjacent segment

y

[ introduce it as qu ]

v

of lPpFWith no unknown pixel
in this patch?

Fig. 11: flowchart of the proposed method (continued)

I
Consider p as the current pixel

)

[ Move from the current pixel to its four neighborhood J.

[ Use Eq. (28) to find the best patch between these four neighborhood pixels ]

Is a(¥p,¥,) for the best
patch = &€=[0.95*f] and
is there only one patch which
satisfy the acceptance rate €?

A

[ Select the patch as qu ]

Is a(¥,,¥,) for the
best patch = €=
[0.95 * B] and is there
more than one patch
which  satisfy  the

DY Y TP o T D 3




Use SSD to find the best match between these accepted patches
and select the patch related to the smallest value for SSD as qu

Is a(¥p, W) for the best
patch < &=[0.95%p]
and are there some
neighborhood pixels

4*

¢ o .
which are not met yet? Keep the best ever found patch with

minimum value for a(¥p, ¥¢) named ¥4”
r

Fig. 11: flowchart of the proposed method (continued)

Select ¥g” as 5”(1‘r

Complete the missing pixels of %’ using corresponding pixels in WqF

'

[ Update confidence ?falue using Eq. (8) ]

v

Is the hole totally

A

9
completed? v

[ Image completion is done ]
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(a) (b) (c) (d) (e)

Fig. 12: saliency map for completed images. Images are taken from Li et al. (2022), Criminisi et al. (2004), Ghanbari, Talouki & Majdi (2019) and Giorgio (2018) (a) Original image (b) Segmented
Image (c) Hole in green (d) Completed image (e) Saliency map for completed image (continued)
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(a) (b) (c) (d) (e)

Fig. 12: saliency map for completed images. Images are taken from Li et al. (2022), Criminisi et al. (2004), Ghanbari, Talouki & Majdi (2019) and Giorgio (2018) (a) Original image (b) Segmented
Image (c) Hole in green (d) Completed image (e) Saliency map for completed image (continued)
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(a) (b) (c) (d) (e)

Fig. 12: saliency map for completed images. Images are taken from Li et al. (2022), Criminisi et al. (2004), Ghanbari, Talouki & Majdi (2019) and Giorgio (2018) (a) Original image (b) Segmented
Image (c) Hole in green (d) Completed image (e) Saliency map for completed image
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(a) (b) (c) (d)

Fig. 13: Comparision of our image completion results to results of [30]. (a) Original images (b) Hole in green (c) Our completed image (d) image completion by Li et al., (2022).
(continued)
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(a) (b) (c) (d)

Fig. 13: Comparision of our image completion results to results of [30]. (a) Original images (b) Hole in green (c) Our completed image (d) image completion by Li et al., (2022).
(continued)
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(a) (b) (c) (d)

Fig. 13: Comparision of our image completion results to results of [30]. (a) Original images (b) Hole in green (c) Our completed image (d) image completion by Li et al., (2022).

0.4614 0.3886 0. 2486 0.2249

1.1419 1.0520 0.0940 0.0635

47



0.7794 0.6797 0.7824 0.7641

0.3970 0.1595 0.6193 0.4971

Fig. 14: Quantitative comparison of our results to Li et al., (2022) using ASVS. (a) and
(c) Results of Li et al., (2022). (b) and (d) Our results. ASVS are written in bottom of
each completed image (continued)

0.1384 0.0975

(a) (b) (c) (d)
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1.0258 0.9607 1.3682 1.0843

(a) (b) () (d)

Fig. 14: Quantitative comparison of our results to Li et al., (2022) using ASVS. (a) and (c) Results of Li et al., (2022). (b) and (d) Our results. ASVS are written in
bottom of each completed image
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