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1. Introduction

With the exponential growth of video content in ev-
eryday life and the rapid progress in computer-assisted
information retrieval systems, the manual processing
and analysis of extensive video datasets have become
increasingly impractical. Consequently, image and video
processing have emerged as indispensable technologies,
underpinning a wide array of applications across domains
such as medical diagnostics, remote sensing, security
surveillance, and digital entertainment.

Among the critical challenges in this domain, is the
task of image and video inpainting (also referred to as
visual content restoration) which seeks to reconstruct

missing, occluded, or corrupted regions within images or
video sequences in a visually coherent manner. Unlike
image inpainting, which operates solely within the spatial
domain, video inpainting must also account for temporal
dynamics, thereby requiring a consistent representation
of motion across consecutive frames. This dual-domain
complexity renders video inpainting significantly more
demanding.

Conventional inpainting approaches often rely on
propagating textures or patterns from intact regions into
the target areas. While such methods can be effective in
static contexts, they frequently fall short when applied
to dynamic scenes, where the accurate preservation of
object trajectories and structural continuity is paramount.
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Major limitations include the inability to handle extensive
missing regions, difficulties in edge preservation, and
the failure to ensure temporal coherence (especially in
videos containing substantial motion or multiple moving
entities).

Although recent advancements, particularly those
driven by deep learning, have yielded promising results,
persistent challenges remain. These include frame-to-
frame mismatches, disruption in object continuity, and
inaccuracies in motion reconstruction (especially in sce-
narios involving object removal or the repair of severely
degraded content). Therefore, any effective video in-
painting framework must prioritize the extraction and
integration of semantically relevant and temporally con-
sistent information to reconstruct missing areas while
faithfully preserving the overall motion integrity of the
scene.

This study aims to address the aforementioned chal-
lenges, with particular emphasis on video sequences char-
acterized by dynamic foreground elements over static
backgrounds. The proposed approach seeks to enhance
the accuracy of data selection for inpainting tasks, specif-
ically targeting the reconstruction of extensive missing
regions, the preservation of object boundaries, and the
maintenance of temporal consistency. To this end, the
methodology leverages the analytical capacity of Neu-
trosophic logic as a robust framework for managing
uncertainty and guiding the restoration process.

2. Related work

In recent years, video inpainting has evolved from tra-
ditional patch-based and optical-flow-guided methods
to advanced deep learning frameworks capable of pro-
ducing highly realistic and temporally coherent results
[1]. Early approaches primarily focused on texture
synthesis and spatial similarity, yet often struggled to
preserve complex structures across frames. The intro-
duction of structure-aware strategies, such as edge- and
contour-guided inpainting, addressed this limitation by
explicitly modeling geometric information to maintain
object boundaries and scene layout [2]. More recently,
the application of transformer architectures, diffusion
models, and hybrid techniques has further improved the
quality of inpainted videos, enabling better handling
of dynamic backgrounds, occlusions, and long-term
temporal [3]. Within this landscape, the incorpora-
tion of neutrosophic set theory offers a novel direction,
providing a mathematical foundation for dealing with un-
certainty and indeterminacy inherent in real-world video
data, and opening new possibilities for more robust and
context-aware video restoration [4].

This section presents a comprehensive overview of the
existing literature concerning image and video inpainting
techniques. Video inpainting methodologies can gener-
ally be classified from two primary perspectives: (1) the
scale of inpainting performed at each stage, and (2) the
underlying mechanism utilized to execute the inpainting
process. Each of these perspectives is examined in detail
in the subsequent subsections.

¢ https://doi.org/10.57647/fomj.2026.0701.03

2.1 Video inpainting methods based on inpainting
scale per stage

Considering inpainting scale, video inpainting methods

are broadly categorized into two major classes: patch-

based and object-based approaches.

(a) Patch-Based Inpainting Methods These techniques
represent an extension of traditional image inpaint-
ing methods that operate by transferring patches
from known to unknown regions. While effective
for still images, their direct application to videos is
limited due to the additional requirement of tempo-
ral consistency. To overcome this limitation, various
adaptations have been proposed to ensure coherence
across frames and maintain motion continuity [5,
6].

(b) Object-Based Inpainting Methods Object-based ap-
proaches aim to simultaneously maintain both spa-
tial and temporal coherence by explicitly modeling
moving objects. These methods generally yield
higher perceptual quality, particularly in dynamic
scenes, by preserving object trajectories and struc-
tural consistency throughout the video sequence [7,
8, 9].

2.2 Video inpainting methods based on inpainting
techniques

From a methodological perspective, video inpainting
algorithms can be classified into several key categories
based on the strategy employed to reconstruct missing
content:

(a) Sample-Based Inpainting

These methods typically follow a structured procedure
comprising the following steps: (1) manual specifica-
tion of the target region, (2) computation of a priority
function, (3) search and retrieval of a matching patch
from alternative frames, and (4) iterative refinement of
the inpainted content [10].

(b) PDE-Based Inpainting

This category relies on partial differential equations
to iteratively propagate information from the known
boundary inward. While effective for small, textured
regions, these methods are computationally intensive
and tend to generate blurred results when applied to large
missing areas [11] and [4].

(c) Texture Synthesis-Based Inpainting

These approaches are capable of replicating complex
textures within small regions; however, their performance
significantly degrades in natural scenes and they incur
substantial computational costs [9].

(d) Semi-Automatic and Fast Inpainting

These methods operate in two stages: boundary spec-
ification through user input, followed by patch-based
texture synthesis [12]. Some recent studies have con-
sidered one of the main challenges of image and video
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inpainting, namely the determination of the hole mask,
and have attempted to perform the mask-selection stage
automatically with the help of neural networks [13].

(e) Hierarchical Super-Resolution Inpainting

This technique integrates sampling-based inpainting with
super-resolution frameworks to reconstruct missing areas
while simultaneously enhancing spatial detail [14].

(f) Contour-Based Inpainting

Ghanbari Talouki and Majdi in [7] proposed a contour-
based strategy wherein background regions are restored
using content from temporally adjacent frames, while
missing parts of moving objects are reconstructed via
contour similarity metrics. This approach facilitates the
effective recovery of both static and dynamic components
[15].

(g) Hybrid inpainting methods

Hybrid approaches combine features from multiple in-
painting techniques to improve reconstruction quality in
complex scenarios, such as scenes with mixed motion or
varying texture patterns [7].

Image segmentation represents one of the most com-
plex and fundamental challenges in the domains of image
processing and pattern recognition. It serves a pivotal
function in numerous advanced applications, including
robotic vision, object recognition, and medical image
analysis. Segmentation refers to the process of partition-
ing an image into distinct regions, such that each region
is internally homogeneous while being significantly dif-
ferent from its neighboring regions [16]. The growing
demand for high-precision and computationally efficient
segmentation methods has intensified research efforts in
this area [17].

To address the inherent uncertainty in image data,
Zadeh introduced fuzzy set theory in 1965 [18], which
models uncertainty by assigning membership values
within the [0,1]. However, fuzzy sets are limited in their
ability to independently express indeterminacy. To over-
come this limitation, Smarandache in [19] introduced the
concept of neutrosophic logic and sets (an extension of
fuzzy theory) designed to more comprehensively model
uncertainty. Neutrosophic sets are characterized by three
independent membership functions: truth, indetermi-
nacy, and falsity; each taking values within the range
[0,1]. This independence enables a more flexible and
nuanced representation of uncertainty, particularly in
cases involving ambiguous or incomplete information.

2.3 Fuzzy sets

Fuzzy set theory, originally introduced by Lotfi Zadeh in
1965, provides a mathematical framework for modeling
uncertainty and imprecision in set membership. Let U
denote the universal set, and A, a subseteq in U, be a
fuzzy subset in which each element u € U is associated
with a membership function F4 : U — [0, 1]. The value
F(u) €[0,1] quantifies the degree to which the element
u belongs to the set A. A value close to 1 indicates
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strong membership, while a value near O implies weak
or negligible membership. Due to their ability to handle
vague or imprecise information, fuzzy sets have been
extensively applied in various image processing tasks
[20].

2.4 Intuitionistic fuzzy sets

An Intuitionistic Fuzzy Set (IFS) extends the concept
of classical fuzzy sets by associating each element u
in U with two distinct values: a membership degree
ua(u) and a non-membership degree v4(u). In this
formulation, the hesitation margin or indeterminacy
associated with u in the set A is defined as m4(u) =
1 —pa(u)—va(u), representing the degree of uncertainty
or hesitation regarding the membership status of the
element [21].

2.5 Neutrosophic sets

Neutrosophic sets, formulated by Smarandache in [19],
generalize fuzzy set theory by explicitly incorporating
the concept of indeterminacy in addition to the degrees
of truth and falsity. A neutrosophic set A defined over
a universal set U is characterized by three independent
membership functions: The truth-membership function
T4, the indeterminacy-membership function /4, and the
falsity-membership function F4. Each of these func-
tions maps elements from U to the non-standard inter-
val [-0,1+], allowing values that may slightly exceed
the classical boundaries of [0,1]. Unlike fuzzy sets or
intuitionistic fuzzy sets, neutrosophic sets impose no
constraint on the sum supT (u) + supls(u) + supF(u),
thereby providing greater flexibility in modeling incom-
plete, inconsistent, or uncertain information

0 < supT(u) + supla(u) + supFa(u) <3+

3. Proposed method

Initially, video inpainting techniques were developed as
direct extensions of image completion methods, adopt-
ing a spatiotemporal perspective. However, as the field
progressed, these approaches underwent significant evo-
lution to accommodate the unique characteristics of video
data. The principal distinction between image and video
inpainting lies in the requirement to maintain temporal
continuity of object motion across sequential frames.
As a result, the straightforward application of image
inpainting algorithms to video often leads to noticeable
degradation in visual quality. To address this limitation,
it is necessary to adapt and refine such methods to ensure
their suitability for video restoration tasks.

Figure 1 presents some frames from a reconstructed
video. As illustrated, certain frames exhibit noticeable
artifacts; such as misplacement of limbs, where hands
and feet are incorrectly reconstructed. In some instances,
redundant anatomical features, such as the appearance
of three hands, are observed, indicating inconsistencies
in the restoration process.

In this study, our objective is to eliminate the occlud-
ing object (depicted in green in Fig. 2) and subsequently
reconstruct the resulting missing region using an image
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(a) #41

(b) #42

(c) #45

(d) #46

(e) #61

(f) #42

Figure 1. Errors encountered in video inpainting (corresponding frame numbers indicated beneath each image). (a) and (b) discontinuity in motion,
where (b) exhibits the presence of two right feet. (c) and (d) reconstruction artifact which exhibit two right hands. (e) and (f) duplicated right hands are

visible in both frames.

completion technique grounded in segmentation within
the neutrosophic domain. Furthermore, our novel video
inpainting algorithm which applies contour-based ap-
proach to generate the foreground database is applied to
reconstruct the moving foreground’s movement some-
how it should not exhibit discontinuity. This method,
previously proposed and assessed in [22], serves as the
foundation for our inpainting framework.

The proposed video inpainting methodology comprises
the following sequential steps:

i. The background and the moving foreground objects
are separated. The details of this procedure are
elaborated in section 3.1.

ii. The occluded background region is reconstructed.
In cases where the occluding object remains sta-

using a background inpainting technique based on
image completion through segmentation within the
neutrosophic domain, as described in [22]. Con-
versely, if the occluding object is in motion, the
background information obscured in the current
frame may be accessible in other frames. In such
instances, the corresponding background content is
extracted from adjacent frames and copied into the
occluded area to restore visual continuity.

iii. The damaged foreground is completed using the

foreground database obtained through the contour-
based method in the neutrosophic domain.

3.1 Segmentation of dynamic foreground objects

from static background

tionary, no visual information is available from the The extraction of the foreground (moving objects) from
area behind it; thus, the missing region is filled the background necessitates the determination of a thresh-
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Figure 2. Mask utilized for background reconstruction: (a) An original frame. (b) The occluding object is highlighted in green.

old value, which is applied according to equation (1):

1, if|l; — BG,_1| >th

FG, = |1 . -1 r (1
0, otherwise.

where I; denotes the frame captured at time ¢, BG;_;
represents the background model from the previous
time step ¢ — 1, and F'G; corresponds to the extracted
foreground at ¢.

To model the background, a Gaussian Mixture Model
(GMM) [23] is employed, wherein each pixel is repre-
sented as a combination of k Gaussian distributions. The
probability of observing a given pixel value at time ¢ is
computed as expressed in equation (2):

k
P(X) = > Wi N (X, i, 01) @)
i=1

where w; ;, u;, and oy, denote the weight, mean, and
covariance matrix of the i Gaussian component at time
t.

After modeling each pixel, the background is approxi-
mated by selecting the largest B Gaussian components
from the mixture model, determined according to equa-
tion (3):

b
B = argmin, (Z Wi > T) 3)
i=1
where T denotes the minimum information threshold
used to classify pixels as background. Following this
step, moving objects are identified by subtracting the
estimated background from each video frame.
Subsequent to this separation, residual noise may man-
ifest as spurious regions within the frame. To mitigate
this, connected components are labeled and their corre-
sponding areas are computed. Only regions exceeding a
predefined area threshold are preserved, while smaller
noisy regions are eliminated by setting their pixels to zero.

“https://doi.org/10.57647/fomj.2026.0701.03

This refinement yields a clean and accurate separation
of foreground moving objects from the background. Fig-
ure 3 illustrates the initial separation with noise, whereas
figure 4 depicts the refined separation post noise removal.

Figure 3. Foreground extraction of a moving person amidst background
noise interference.

Figure 4. Refined separation of a moving person from the background
following noise.
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3.2 Background inpainting

The videos considered in this study feature a static back-
ground. To reconstruct the occluded background, we
adopt the image inpainting method based on segmenta-
tion within a neutrosophic domain, as proposed in [22].
As illustrated in figure 5, the occluding object maintains
a fixed position throughout the sequence, allowing for
the reconstruction of a single reference frame and sub-
sequent replication of the occlusion region across other
frames. The outcome of the background filling process,
corresponding to the occlusion shown in Fig. 2 (b), is
presented in figure 6.

3.3 Foreground inpainting

In the continuation of this study, neutrosophic sets are
employed to achieve more precise contour detection.
Initially, each frame is treated as an individual input
image and is transformed into the neutrosophic domain
using equations (4) through (8).

(i f) = g, J) —glfnn @
8max — &min
e 6(i’j)_6min
l(l’J) B 5max - 6min (5)
fG,j)=3=10,j)—i(i,)) (6)

1 i+w/2  j+w/2
8 )) = —— gomm ()
m=i-w/2n=j-w/2
6(i, ) = abs ((i. /) - 2(0.))) ®)

Figure 7 illustrates the orientation of pixels. As shown
in the figure, three principal orientations can be eval-
uated for each pixel: omnidirectional, horizontal, and
vertical. To determine the orientation of a given pixel, if
the magnitude of the horizontal gradient exceeds that of
the vertical gradient, the pixel is classified as horizontal.
Conversely, if the vertical gradient magnitude is greater,
the pixel is classified as vertical. In cases where both gra-
dient magnitudes are comparable, the pixel orientation
is considered omnidirectional.

The three masks M, M, and M3 correspond to the fil-
tering masks for omnidirectional, horizontal, and vertical
orientations, respectively.

M, =

(a) #1

(b) #20

(c) #60

Figure 5. A static occlude (trash can). The frame indices are labeled beneath the image. (a) frame number 1. (b) frame number 20. (c) ) frame number 60.
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Figure 6. Outcome of background inpainting.

010
My=10 1 0.
010

Equations (9) through (11) represent the results of ap-
plying the three filtering masks M, M, and M3 to a
neutrosophic image.

Ry = conv(My, Impyy) 9
Ry = conv(M,, Impy) (10)
R3 = conv(Ms, Impyy) (11)

where conv denotes the convolution function. The mean
directional function is defined according to equation (12).

Ry 1Gn(i,)) -Gy, ) <0
F(Im(i,j)) =R Gu(i,j) - Gu(i,j)>6 (12)
Ry Gy(i,j) = Gn(i,j) <0

where G, (i, j) and G, (i, j) represent the horizontal
and vertical gradient magnitudes at point (i, j) of the
neutrosophic image Im py, respectively. The parameter
0 denotes a small constant.

O
~ o —0—0o—
O
(a)

Subsequently, the mean directional « is employed
based on the pixel orientation within the neutrosophic
image. Equations (13) through (15) are introduced for
this purpose, with equation (13) defining the updated
value of the truth-membership set.

T(a) = {?("’." : o <e )

To(i, ) x F(T) I(i,)) = a.
where T, (i, j) denotes the intersection of the truth-
membership values of pixels within a neighborhood
window of size w in the neutrosophic image I/m p, with
pixel (i, j) located at the center of this window. Equa-
tion (14) specifies the updated value of the indeterminacy
set. _ _

. _or(i,J) = 0ty

51, j) = T, j) = T, )) (15)
C = ANB = {min(Ta, Tg), max(l4, Ig), max(F4, Fg)}
(16)

where 7="(i, j) denotes the intersection of the truth-
membership values of pixels within a neighborhood

o V

(©

Figure 7. Pixel orientations: (a) Omnidirectional, (b) Horizontal, (c) Vertical.
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window of size w in T, (i, j), with pixel (i, j) positioned
at the center of this window. As described in equa-
tion (16), the intersection of truth-membership values of
two points in neutrosophic sets is defined as the minimum
truth value of those points.

Since the values of the truth and indeterminacy sets
play a critical role in contour determination, their updated
values are computed according to equations (13) through
(15). The falsity set remains unchanged. By adjusting
the constant «, the sharpness and smoothness of the
detected contours can be effectively controlled. Based
on the above considerations, the updated neutrosophic
sets are formulated as given in equation (17).

pla) ={T(a),I(a), F}

The mean directional « is iteratively applied to generate
more precise edges. The gradient magnitude of the
pixels in T(«) is utilized to determine the degree of
pixel membership to edge pixels. For this purpose, a
threshold on the gradient magnitude is required to decide
whether a pixel belongs to an edge or not. Consequently,
equation (18) is introduced to define this thresholding
criterion.

A7)

L V(T (@)l = Vin

_ (18)
0, IIV(T (@)l < Vin

Ens(Z) = {

where ||V(T (@))|| denotes the norm of the gradient of
T(a), and V;, is the threshold value used to identify
edge pixels. Equations (12) and (18) are applied itera-
tively; the stopping criterion is met when the extracted
edges remain unchanged between iterations. The contour
detection algorithm for neutrosophic images is outlined
as follows:

Neutrosophic image contour detection algorithm

Start
1)Input image /m, and set iteration counter ¢ = 0.
2) Transform the initial image Im(®) into the

neutrosophic domain to obtain / mg\?)s using
equations (4-8).

)

© (0)
NS

3) Apply equation (12) on Im, to generate Im .
4) Calculate E© using equation (18).
5)Sett =1+ 1.

()
F

6) Apply equation (12) on I m(thl) to obtain /m
7) Compute E*) via equation (18).

8) If [EW) — EU=D| > &, then return to Step 5.
9) E~1 is the final extracted edge map.

End

For each video frame treated as an input image, the
above algorithm is employed to extract edges. Subse-
quently, edges corresponding to foreground pixels in the
foreground-background segmentation map (i.e., white
pixels in the segmentation mask) are considered as con-
tours of the moving object. Edges not aligning with
white regions in the segmentation mask are discarded,
as they do not belong to the target moving object.
Figure 8 illustrates the extracted contour for a sample
video frame. To construct the database, the moving object
must be extracted in every frame. Initially, a bounding
rectangle enclosing the moving object is determined.
Given that contours are employed in this research
for comparison and selection of the most appropriate

(a) #41

(b) #42

Figure 8. Contour database generation: (a) A video frame, (b) Contour of the corresponding frame.
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pattern, a contour database is required. To construct this
database, the contour video (where only the foreground
contours are displayed) is utilized. In each frame of this
video, a bounding rectangle is extracted, the dimensions
of which are described in the following.

As illustrated in Fig. 8 (b), the spatial coordinates

of each pixel belonging to the contour are obtained.

These coordinates are then sorted in ascending order
based on their row and column values. The pixels
corresponding to the topmost, bottommost, leftmost, and
rightmost edges of the contour are identified and denoted

as minRow, maxRow, minCol, and maxCol, respectively.

Consequently, the bounding rectangle for each frame is

defined as (minCol: maxCol) X (minRow: maxRow).

Figure 9 depicts a segment of the database constructed
up to this stage.

Subsequently, the foreground can be extracted in each
frame based on the obtained coordinates. Figure 10
illustrates a video frame where only the foreground has
been extracted. With the foreground-extracted video
and bounding rectangle coordinates available for each

frame, the database of the moving object is constructed.
Figure 11 presents a segment of the resulting database.

This dataset is referred to as the foreground database and
is utilized for hole filling in the completion process.

Foreground reconstruction considering a partially
damaged person

Considering a partially damaged person introduces two
key issues. The first is whether the partially damaged

person can be used for comparison and identification of
the most suitable pattern. The second is how to retain
the intact regions of the partially damaged person while
completing the remaining parts of the hole. We begin
by addressing the first issue, followed by a discussion of
the second.

The contour of the foreground for the frame where
the hole first appears, denoted as conh, is considered for
comparison within the contour database. A potential
question arises: can a reliable comparison result be
achieved using a partially damaged contour? The answer
is that the initial damaged frame typically exhibits only
minor impairment, leaving the remaining portions of the
contour sufficiently usable. Furthermore, experimental
results indicate that employing the damaged contour for
comparison still produces satisfactory outcomes in video
completion. For the comparison and identification of
the most suitable pattern, equation (19) is employed.

d(h,i) =|cony —con;|, i =1,2,...N,

. (19)
i+hh+1,...h+n-1

We consider the five most suitable contours and perform
a second comparison among these candidates. The
second comparison criterion is employed to evaluate the
preservation of continuity. If a valid sequence of length
n exists, equation (20) is used as the second comparison
criterion. However, if no valid sequence of length n
is available, equation (21) is applied as the alternative

Figure 9. A segment of the contour database. For ease of visualization, contours from different frames are displayed side by side.

Figure 10. A frame from the foreground-extracted video.

Figure 11. A segment of the foreground database. For ease of visualization, the moving object from different frames is displayed side by side.
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criterion.

B :argm_in(d(h— 1,i -1+
12

2
Zd(h+n+k—1,i+n+k)), i=1,2,3,4,5.

k=1
(20)
2
B=argmin ) d(h+n+k—-1,i+n+k),
i ; @1
i=1,2,3,4,5.

In case using equation (21), an iterative procedure is done
to find the most suitable template in each completion
step. Therefore, the most similar contour to cony, is
selected which is named as cong.

The partially occluded moving object’s data base is
applied to complete the hole; the green part is replaced
by its corresponding pixels’ data. It is done for all hole
frames. Figure 12 depict some inpainted frames using
this approach. By utilizing the precise contours and
bounding information of the moving objects, the pro-
posed framework ensures more accurate reconstruction
of the missing regions, thereby enhancing both spatial
coherence and the perceptual quality of the completed
video. This integration of the proposed method with the
constructed foreground database provides a substantial
improvement over existing approaches, particularly in
maintaining object continuity and reducing visual arti-
facts. Figure 13 gives a comparative result demonstrating
the superior performance of the proposed method versus
the approach in [9].

4. Evaluation of video inpainting results

4.1 Qualitative Evaluation

Figure 13 presents a qualitative comparison between
the results produced by the proposed method and those
obtained using the approach described in [9]. Selected
frames from each method are shown to visually assess
the effectiveness of background reconstruction and the
consistency of object removal across consecutive frames.
You can visit [24] and [25] for the initial video and the
two inpainted videos, respectively.

4.2 Quantitative evaluation

To conduct a quantitative assessment of video inpainting
performance, some quantitative metrices are used which
are introduced as following:

(a) Average Squared Visual Salience (ASVS)

ASVS represents the amount of error present within a
hole and is expressed as a single value. This value arises
from intra-region distortions and becomes apparent when
the target region directly attracts the viewer’s attention.
Therefore, a lower intra-region value indicates better
performance of the algorithm. As evident, the smaller
the ASVS value, the better the inpainting of the target
region [26]. Equations [22] and [23] are applied to get
ASVS.

in-region(I) = ﬁ ;‘z [S(p)]? (22)
ASVS(]) = in-region(l) (23)

where Q denotes the target region, I is the original image,
and S(p) is the saliency map for the completed image.

Table 1 presents the ASVS values obtained using the
proposed method in comparison with those reported by
the method in [4, 9].

(b) Structural Similarity (SSIM)

The Structural Similarity Index was introduced by Wang
and colleagues in [27] to provide a quantitative metric
for comparing image inpainting results when the original
image is available. The SSIM index is obtained from
equation (24).

SSIM(x, y) = [1(x, »)]%, [c(x, »IP, [s(x, »)]* (24)

where [(x,y), c(x,y), and s(x,y) represent the lumi-
nance, contrast, and structural components of the two im-
ages, respectively, and are obtained from equations (25)
to (27).

2lux/1y + Cl

I(x,y) = 0—F5——— (25)
pE+ 5+ G
200y + Co

clx,y) = 5—5—— (26)
oy toy+ G

20y + C3

s(x,y) = ———r 27)

o5 -0y +C3

(a) #8

(b) #22

Figure 12. Some frames from the video completed using the proposed method. (a) frame number 8. (b) frame number 22.
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#2 #2

(a) #10

(b) #10

Figure 13. Comparison of video completion results using the method proposed in this approach and the method in [9] (column-wise). (a) Video frames
completed using the propose method. (b) Video frames completed using the method in [9].

Table 1. Quantitative comparison using the ASVS metric.

[9] 0.1374
(4] 0.1174
Proposed method 0.0961

If in equation (24), @« = § = A = 1, then the SSIM can
be expressed by equation (28):
(zﬂx,uy + Cl)(zo'xo'y +()

SSIM(x,y) =
o)) = a2 v eyl r ol v C)

(28)

where C; and C; are stability constants. Since a large
number of values are obtained based on the number
of windows, the average SSIM over all windows is
considered as the comparison metric for an image and is
calculated using equation (29):

M
MSSIM(X,Y) = % SSIM(x;,y;) (29)
Jj=1

where X is the original image, Y is the damaged image,
M is the number of windows, and x; and y; are the
pixels of the j™ window of the images. For two identical
images, the MSSIM equals one; therefore, the closer
the obtained MSSIM is to one, the greater the similarity
between the two images. Table 2 compares the MSSIM
values for the proposed method and method in [9] and

[4].
(c) Peak Signal-to-Noise Ratio (PSNR)

¢ https://doi.org/10.57647/fomj.2026.0701.03

Table 2. Quantitative comparison using the MSSIM metric.

[9] 0.9886
[4] 0.9905
Proposed method 0.9919

One of the most important indices for quality assessment
is PSNR, which is calculated using equations (30) and

(1) ([28D.

11(i, j) - M@, )I*  (30)

M=

1
MSE = ——
M- N <

n
i=1 j=1

1l
—_

2552 )
VMSE

where MSE is the mean squared error, m and n are the
dimensions of the image, and I(Z, j) and M(i, j) are
the pixels of the original and the completed images,
respectively. Table 3 compares the PSNR values for the
proposed method and previous approaches.

PSNR =10 - log ( (31)

Table 3. Quantitative comparison using the MSSIM metric.

[9] 29.60
(4] 3451
Proposed method 38.96
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5. Conclusion

Image and video completion are pivotal processes in
the domain of image and video analysis, particularly
for restoring degraded or missing regions within visual
content. While the core objective of image completion
is to reconstruct damaged areas in a visually coherent
manner that avoids noticeable discrepancies, video com-
pletion imposes additional complexities. Specifically,
it necessitates the preservation of temporal consistency
across consecutive frames. In scenarios involving mov-
ing objects, this implies that the synthesized content
must not only spatially integrate with its surroundings
but also adhere to the temporal dynamics of motion,
ensuring continuity and realism throughout the video
sequence.

To reconstruct the motion of the moving foreground
object, a contour-based similarity criterion was employed
to identify the most suitable data. For this purpose, both
the contour database and the foreground database were
utilized. To obtain more precise contours, video frames
were transformed into the neutrosophic domain, where
their contours were extracted. Finally, the completed
background and the reconstructed foreground were inte-
grated to generate the final video.

Transferring the image to the neutrosophic domain
resulted in more accurate contours, and since these
contours ultimately lead to the selection of the most
appropriate pattern for hole filling, this transfer con-
sequently improves the visual quality of the obtained
video. In addition, the quantitative evaluation metrics
ASVS, MSSIM, and PSNR provide numerical validation
of the obtained results. Because ASVS represents the
Average Squared Visual Saliency, a lower ASVS value
indicates fewer visual distortions in the inpainted image;
the proposed method in this paper achieves a lower ASVS
value for the final result. Another quantitative parameter
is MSSIM, which is the mean of SSIM and is used to
evaluate image quality from the perspective of structural
similarity. Simulation results show that the proposed
method, by relying on more suitable data for completion,
achieves a higher MSSIM value. Furthermore, the PSNR
metric indicates that using more accurate contours can
reduce the resulting error as much as possible, which
leads to a lower error value and consequently a higher
PSNR.

Suggestions for future work

Based on the findings of the video inpainting method
presented in this dissertation, the following limitations
and suggestions are outlined for future research:

e The videos analyzed in this study involved static
backgrounds; dynamic backgrounds were not con-
sidered.

e Variations due to camera motion and changes in
the size of moving objects across frames were not
addressed.

o Scenarios where no intact sample of a moving object
is available in other frames were not explored. In

“https://doi.org/10.57647/fomj.2026.0701.03

such cases, reconstructing the motion trajectory of

the moving object becomes necessary.
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