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Abstract

Restoring the murals'various kinds of deteriorations is urgently necessary given the growing awareness of the need

to protect cultural relics. Virtual restoration starts with an accurate extraction of deterioration. It is challenging

to precisely extract scratches from murals because of their intricate information. Hyperspectral images are used

to accentuate scratches of mural in this paper. First, a technique for improving information was put forth that involved
the transformation of Principal Component Analysis (PCA) and a high-pass filter. Second, by using multi-scale bot-
tom hat transformation, Otsu threshold segmentation, and non-deterioration mask, the deterioration information

was extracted from the enhanced result. Third, the morphological transformation and connected component analysis
were used to denoise the extracted results. Additionally, the scratched image was repaired using an improved
exemplar-based region filling method. The results of deterioration information under different enhancement methods
were discussed, and the deterioration extraction method proposed in this paper was contrasted with other deteriora-

tion extraction methods. The extraction accuracy was greatly increased by the suggested method. Additionally, we
assessed the accuracy of various virtual restoration techniques for image restoration and discovered that our sug-
gested restoration method did a good job of maintaining the structural integrity of the mural’s information.

Keywords Scratch detection, Virtual restoration, Hyperspectral imaging, Cultural protection

Introduction

In this paper, we concentrate on the virtual restora-
tion and extraction of the mural’s scratches. Murals are
among the most significant cultural artifacts and have a
high aesthetic value. Nevertheless, as time went on, the
mural’s surface started to show signs of deterioration.
One of the most prevalent types of mural deterioration
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is scratches. The primary cause of the formation of
scratches is the external force which depicts destruction
on the surface of mural. They can be easily confused with
the linear element painted in the mural because they are
typically depicted on the image as long, narrow lines.
Scratches can be classified as scratches of paint layer or
scratches in other layers.

Currently, information enhancement, information
extraction, and virtual restoration can be roughly catego-
rized into three steps in the virtual restoration process for
deterioration. Information enhancement primarily con-
sists of adjusting the local contrast between deterioration
features and background data to extract the deterioration
more precisely. Cornelis et al. [1] based on digital images,
using improved local contrast enhancement method to
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enhance the contrast between cracks and background
information. Huang et al. [2] divided the image into low
frequency and high frequency through total variation
(TV) model decomposition to enhance the structure and
texture information on it. Based on hyperspectral images,
Sun et al. [3] used PCA and two-dimensional gamma
transform to enhance the scratch information in the
mural.

Information extraction refers to the automatic extrac-
tion of deterioration on the image. The information
extraction of scratch is also usually called extraction of
ridge valley line [4]. The traditional extraction method
involves manually outlining the degraded areas on the
murals, which proves less applicable when dealing with
actual projects that encompass extensive deterioration
on the murals. The automatic detection and generation
of linear deterioration typically employ segmentation
methods to determine pixels requiring restoration, pav-
ing the way for subsequent virtual restoration based
on identified areas in need of repair [5]. At present, the
detection of deterioration on murals largely focuses on
spatial information within images. The detection meth-
ods can be categorized into the following four types [6]:
namely integrated algorithm, morphological approach,
percolation-based method and practical method. Cur-
rently, filter-based methods are widely employed for dis-
ease detection on murals [7]. However, due to the diverse
shapes of linear deterioration on murals, traditional mor-
phological filtering methods struggle to achieve precise
extraction. Furthermore, it can be difficult to discern
deterioration details from parts of the mural that have
similar color patterns when the background informa-
tion is complicated. Cornelis et al. [1] utilized a multi-
scale top-hat transform to extract crack deterioration on
oil paintings. However, during the extraction process,
they did not account for the influence of background
same-colored line information on the extraction results.
Salinee et al. [8] utilized a seed-based region growing
algorithm to extract crack information from Thai murals.
The extracted crack details were overly simplistic and
didn’t account for background interference. Ultimately,
the quality of crack extraction heavily relied on the ini-
tial selection of seed points. Deng et al. [9] converted the
RGB images of murals into HSV images, noticing that
defects like cracks exhibited higher saturation levels in
the S channel. They used a multidimensional gradient
detection algorithm to extract cracks and detachment
defects on murals. However, this method is only suit-
able for defects with high saturation levels that are eas-
ily distinguishable from the background information.
Cao et al. [10] categorized loss on murals into paint loss
and deep loss. They proposed a comprehensive threshold
segmentation and improved seed-point growth method
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for extracting different types of loss on murals. However,
this method still requires manual determination of seg-
mentation thresholds during the deterioration extraction
process. Rakhi et al. [11] digitized images with cracks,
generating an image mask by thresholding the intensity
values of pixels. In addition to traditional algorithms,
many scholars also utilize deep learning methods to
extract deterioration information from murals. Sizyakin
et al. [12] realized the automatic recognition of cracks
in paintings based on multimodal data. Quan et al. [13]
employed an enhanced U-Net to extract cracks from
painted artifacts. However, due to the diverse shapes
of cracks, the same network might struggle to guaran-
tee restoration effectiveness when dealing with different
shapes of cracks.

Regarding the different types of damages on murals,
the existing mural restoration methods can be classified
into two categories: completely missing information and
removing redundant information. The virtual restora-
tion conducted on linear deterioration such as scratches
belongs to the category of completely missing informa-
tion. The current methods for image virtual restoration
comprise three main categories: traditional algorithms,
deep learning and image decomposition. According to
different restoration principles, traditional algorithms
can be divided into two main categories: diffusion-based
image restoration methods and exemplar-based image
restoration methods. Pei et al. [14] utilized an exemplar-
based Markov random field model, proposing a concept
of first completing structural information and then fill-
ing in textural details to perform virtual restoration on
missing information in paintings. However, the restora-
tion heavily relies on structural guidance, necessitating
manual completion of structural information. Pulak et al.
[15] introduced a constraint-based exemplar restoration
algorithm to repair missing information on artifacts. This
method significantly enhanced the efficiency of restor-
ing extensive missing damages on artifacts. Zhou et al.
[16] addressed stained paintings and calligraphy by using
hyperspectral images containing characteristic features
of the deterioration to guide image restoration. This
approach resolved the issue of discontinuous background
structural information during the image restoration pro-
cess. Huang et al. [17] decomposed Dunhuang murals
into structural and textural components. They performed
virtual restoration using the TV algorithm for the struc-
tural part and the Criminisi algorithm for the textural
part. However, this algorithm is based on decomposing
the image into L-component grayscale images, limiting its
virtual restoration capabilities to grayscale mural images.
Jia et al. [18] decomposed the hyperspectral images of oil
paintings using VO decomposition into structural and
textural components. They employed different methods
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for virtual restoration on the structural and textural
parts. Rakhi et al. [11] divided image restoration into
structural reconstruction and texture completion, achiev-
ing successful applications in virtual restoration of Indian
murals. In recent years, a trend in the application of deep
learning for image restoration involves first completing
structural information and then filling in textural details.
Yurui et al. [19] addressed extensive missing information
on paintings and calligraphy by employing the concept of
completing structure before filling in texture, conducting
virtual restoration for large-scale missing damages. Deng
et al. [20] emphasized the significance of structural infor-
mation in virtual restoration of mural by introducing a
dual-branch image restoration model guided by struc-
ture. But this model still needs a large amount of real data
of mural to train the net. Zhou et al. [21] used the struc-
ture of Dunhuang murals to guide the whole restoration
progress and resolved the problem of mis-color.

At present, the method widely used in image inpainting
is exemplar-based region filling algorithm. The essence of
exemplar-based matching methods lies in the application
of texture synthesis from sample images in restoration.
The difference lies in the prioritization calculation of
sample blocks. A method based on data value and confi-
dence terms is proposed by Criminisi et al. [22] to deter-
mine the priority of handling restoration blocks. This
strategy’s basis for the priority calculation method has
been well studied. Xu et al. [23] utilized the P-Laplacian
operator to compute the data term. Meur [24] proposed
a data term based on structural tensors. The aim of these
methods is to ensure the continuity of image structures
as much as possible in the restoration results, meeting
the requirements of visual psychology. Therefore, the key
aspect of exemplar-based sample matching image res-
toration methods lies in how to compute the data term
and derive priorities from it, ensuring the preservation of
structural features in the restored image.

Above all, Previous extraction methods did not com-
pletely solve the problem of inapplicability in the extrac-
tion of large-scale deterioration on the murals. And when
restoring linear deterioration on murals, the current vir-
tual restoration techniques frequently result in discon-
tinuous outcomes. We present a set of efficient scratch
information enhancement and information extraction
techniques based on hyperspectral data to address the
problems mentioned above. During the restoration pro-
cess, the structural component is added to the image to
make it more continuous using the improved exemplar-
based region filling method. This paper’s main contribu-
tions are as follows:

First, we proposed a novel system for the identification
of scratched parts in the ancient murals using hyperspec-
tral data. Automatic detection of scratched part in the
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ancient mural is a very challenging task. The manual cre-
ation of masks gives better result but it is a tedious and
time-consuming process. Traditional detected method
can generate mask but also very easy to be affected by the
information of background in the mural. The proposed
deterioration mask generation method effectively iden-
tifies the scratched patches by combining the enhance-
ment methods and extraction methods.

Second, a new strategy was developed to restore the
scratched part using structure-guided exemplar-based
region filling algorithm. The proposed method can effec-
tively restore the scratched patch and solve the problem
of discontinuous edge of murals when using the tradi-
tional method.

Third, the proposed method was compared with state-
of-the-art extraction and restoration methods on certain
mural and simulated mural. Final results were illustrated
the superiority of the proposed method in terms of accu-
racy and efficiency.

The paper is organized as follows. Section “Methods”
explains the data, preprocessing, information enhance-
ment, information extraction and virtual restoration. The
final extracted and restored results are provided in Sec-
tion “Results” Section “Discussion” compares the pro-
posed method with the state-of-the-art methods. Finally,
the conclusion is given in Section “Conclusion”

Methods

Yungang Grottoes locates in Datong city, Shanxi prov-
ince, China. Between October 13, 467, and April 26, 499,
during the reign of Emperor Xiaowen of the Northern
Wei Dynasty, the sixth grotto was dug. Among all the
Yungang Grottoes, the sixth grotto is the most mag-
nificent and cannot be compared to any other grottoes
from the same age. There is a mural depicting nine Bud-
dha arhats on the east wall of the sixth grotto. The mural
measures 3.8 m in height and 5.6 m in length. However,
as Fig. 1 illustrates, there are noticeable large scratches
on the mural as a result of human factors. And the hyper-
spectral image of the study region can be seen from
Fig. 2.

The general workflow is illustrated in Fig. 3. First, pre-
processing was done on the original mural hyperspectral
data. The first band with the most centralized informa-
tion was high-pass filtered following the PCA transfor-
mation. To guarantee that all the texture information
was preserved, a mask for scratch deterioration was cre-
ated in the section dedicated to extracting deterioration
information. Second, the deterioration information was
extracted using the multi-scale bottom hat transforma-
tion. And the Otsu algorithm was applied to differenti-
ate between the background data and the deterioration.
To increase the overall deterioration extraction accuracy,
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Fig. 1 An example of the deterioration in the eastern mural of sixth
grotto

Fig. 2 The hyperspectral image of study region

the resulting deterioration binary map was then denoised
and the noise area below a predetermined threshold was
filtered out. Ultimately, the deterioration area’s continu-
ity was guaranteed by the application of morphologi-
cal transformation. The damaged image was virtually
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restored using the improved exemplar-based region fill-
ing method.

Data pre-processing

The hyperspectral image analysis system THEMIS-
VNIR/400H from Themis Vision System, USA, with a
spatial resolution of 1392x 1000 pixels and a sampling
interval of 0.6 nm, was used to gather data from the
experimental area. Its spectral resolution was 2.8 nm, and
the images were collected in 1040 bands ranging from
377.45 (visible light) to 1033.10 nm (near-infrared).

In the process of data acquisition by the hyperspectral
imaging system, the results of the data will be affected by
different ambient illumination and dark current noise.
Therefore, the influence of such noise can be reduced by
reflectance correction. The correction formula is:

_ Rraw — Riark

R=
Rwht’te - Rdark

x 99% (1)
where R is the reflectance, R,y is the collected hyper-
spectral data, R, is the dark current data, and R, ;. is
the standard reflector data. The reflectance of a standard
reflector is 99%.

Information enhancement

It is very challenging to extract the scratch information
in the low contrast area of the mural because the scratch
is very similar to the background line texture. In order to
improve the contrast between the texture and deteriora-
tion information, the information enhancement pre-pro-
cessing step is added before information extraction.

PCA and high-pass filter

We performed the forward PCA transformation to the
hyperspectral image using ENVI 5.3 software from
Exelis Visual Information Solutions, USA, to make the
information more concentrated into a limited set of fea-
tures by separating the signal and noise, and obtained
the information contribution of ten top components.

Non-damaged area mask
Vi

Multi-scale bottom hat

Improved exemplar-based region

v

filling method

| |

{ \

\ Otsu segmentation |
2

| Connected component analysis |
2

l l

Dilate

Fig. 3 The overall workflow of the method
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By transforming the original data into a subspace with
a smaller dimension, where the image is rearranged as
a decreasing function of its spectral information, PCA
lowers the volume of data. PCA calculates the original
data’s covariance matrix, finds the eigenvectors that cor-
respond to it, projects the image onto these eigenvectors
and chooses how many principal components to keep
[25]. The first principal component contains the largest
percentage of variance in the data, the second principal
component contains the second largest variance, and
so on, and the final principal component band appears
as noise because it contains very little variance (mostly
caused by noise in the original spectrum). The standard
deviation of ten top components can be seen from Fig. 4.
The first band with the highest amount of deterioration
information is chosen for high-pass filtering enhance-
ment after the top ten characteristic bands are examined.

The low frequency component of the image is removed
by the high-pass filter, which also amplifies the high fre-
quency component. High-pass filters are frequently used
to sharpen an image by enhancing its texture and edge
information [26].

Information extraction

Morphological filters are currently widely used to extract
information on linear deterioration. The bottom hat
transformation is chosen to extract deterioration based
on the characteristics of the deterioration information
maintained on the image above. The bottom hat result
is obtained by subtracting the original image from the
image after the morphological closing. As a result, the
original image’s darker gray area can be obtained using
the bottom hat transformation. Among these, the size
and inherent properties of the detected deterioration
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information should be taken into consideration when
choosing structural elements in morphological closing.

Non-damaged area mask

It is challenging to separate the line information from the
deterioration information on the mural through image
preprocessing completely. Thus, the pre-processed image
has a mask of the non-deterioration area created to lessen
the impact of background information. ENVI software
is primarily used to create the mask for the background
portion devoid of deterioration information when creat-
ing a mask for scratch information.

Multi-scale bottom hat transformation

To reduce the influence of the noise result in the mural
caused by the texture lines on the retrieved informa-
tion, the multi-scale bottom hat transformation [27] was
applied to extract the degradation information.

In addition to lessening the impact of noise on the extrac-
tion results, the multi-scale detection framework can hold
more precise data. The square structure element is chosen
by the multi-scale bottom hat transformation mentioned
above. The size of structural element b ranges from 3 X 3 to
n X n, with n depending on the width of the texture infor-
mation or detected scratched information. Extremely small
scratches on the image can be extracted by selecting certain
structural elements while other structural elements do not
react to this small information. As we can see from Fig. 5,
The bottom hat transformation applied to the enhanced
image and the information is extracted using Otsu thresh-
old segmentation. The images with structural components
3, 4, and 5 are added to gain the base map that contains
most of the linear information. Here, set # to 10 in order
to account for the scratch width in this post. Because the
acquired base map contains small noise, the small noise is

PCA
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Fig. 4 The standard deviation of ten top components
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Bottom-hat transformation
+
Otsu segmentation

b=3

Enhanced image

Fig. 5 Multiscale morphological bottom-hat workflow

removed by multiplying the results of the other structural
components by the base map to obtain the final scratch
map.

Otsu segmentation
The Otsu method is an adaptive threshold segmentation
algorithm for image gray level, which divides the image
into foreground and background according to the dis-
tribution of gray value on the image. The foreground is
what we want to segment according to the threshold. The
boundary between the background and the foreground is
the threshold we ask for. The intra-class variance between
the corresponding background and foreground is calcu-
lated under different thresholds. When the intra-class
variance reaches a maximum value, the corresponding
threshold is the threshold obtained by the Otsu method.
We suppose that the number of pixels in an image is
MxN. The number Ny, whose average gray value is uo,
represents foreground pixels having a gray value below
the segmentation threshold 7. The number Nj, whose
average gray value is u;, represents background pixels
having a gray value above the segmentation threshold T.
The proportion of the number of pixels belonging to the
foreground and background in the whole image is:

No
=" 2
DT MxN @
Ny
“1= MxN ®
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Remove small objects

Base map

s393[qo 1d9uu0)

Scratch map

The total average gray level of the image is denoted as u
and the variance between classes is denoted as g.

u=wo X Uy +wi X Uy (4)
g = woluo — u)* + w1 (u1 — u)? (5)
Denoising

The image’s fine noise spots were denoised using the con-
nected domain labeling method, which was applied after
scratch map. In order to achieve noise reduction, each
white pixel in the binary image is passed through using
the 4-neighbor method. This was used to filter out the
noise points that do not meet the connectivity domain
threshold requirements.

The scratch map's white pixels are discontinuous after
marking the image. To make the deterioration informa-
tion continuous for the ensuing restoration work, the
dilation in the morphological transformation is adopted
for the issues mentioned above.

Virtual restoration

Traditional exemplar-based algorithms mainly restore
the degraded part by finding the most suitable exem-
plar, but sometimes it results in an incorrect texture
filling. When calculating data value, the existing
exemplar-based method try to extract the structural
feature from the original image as much as possible
[28]. However, natural images are generally composed
of structure and texture, and the texture components



Qiao et al. Heritage Science (2024) 12:123

of many images will contain strong structural fea-
tures, which makes it very difficult to extract the main
sketch structure of the image. In this study, relative
total variation was introduced to extract the main
sketch structure of the image, and the structural fea-
tures of the image were used to guide the exemplar-
based image restoration method to solve the problem
of discontinuity.

Relative total variation

The image can be composed by structural component
and textural component. Structure usually refers to the
major sketch feature of image after filtering the details
of image [29]. Texture usually refers to surface patterns
that are similar in appearance and local statistics [28].
Relative total variation (RTV) contains a general pixel-
wise windowed total variation measure, written as:

Dx(p) = Z 8~ |(:S)q] (6)
qE€R(p)

Dy(p) = Z & |(S)q] (7)
q€R(p)

where g belongs to R(p), the rectangular region centered
at pixel p. D,(p) and D,(p) are windowed total varia-
tions in the x and y directions for pixel p, which count the
absolute spatial difference within the window R(p). The
gp,q is a weighting function defined according to spatial
affinity:

(xp — xq)z + Op — yq)z
202

8pq < exp(— ) (8)
where o controls the spatial scale of the window.

To help distinguish prominent structures from the
texture elements, besides ©, our method also contains a
novel windowed inherent variation, expressed as

Ly(p) = Z pq * (0xS)q 9)
qE€R(p)

£y(p) = Z 8p.q - (8yS)q (10)
qER(p)

where L captures the overall spatial variation.

To further enhance the contrast between texture and
structure, especially for visually salient regions, £ and
© are combined to form a more effective regularizer for
structure-texture decomposition. The objective func-
tion is finally expressed as
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. oL, D) D)
argmsmzp:(s” D)+ G e L:y(p)+8)
(11)

where the term (Sp — Ip)? makes the input and result not
deviate wildly.

Improved exemplar-based region filling algorithm

Every pixel in a degraded image has a data value and a
confidence value. The priority calculation is biased
toward those patches which are on the continuation of
strong edges and are surrounded by high-confidence pix-
els. The priority of a pixel is determined by confidence
value and data value which be calculated as follows:

quwﬁmkm Cl@)

C =
®) v (12)
VI |
D) =12 " (13)
o
P(p) = C(p)D(p) (14)
where ‘\IJI; is the area of Vs, ais a standardization factor

(e.g. «=255), np is a unit vector symmetrical to the front
32 (82 is the boundary of unknown region) in the point
p and L is the symmetrical operator. The priority P(p) is
evaluated for each border patch, with distinct patches
for every pixel on the restriction of the target region.
During the initialization C(p)=0 V,p € Q and C(p)=1
V,pe(l—-Q).

The calculation of data value of original image can be
seen from Fig. 6a. The original image is composed by
three parts which is known area 1, known area 2 and
degraded part Q2. The main part of calculation of data
value is to calculate VI;- which denotes the direction that
the gradient changes at its slowest pace. There are two
situations after extracting structural component of origi-
nal image.

The first situation is the area L is not the major com-
ponent of structure, the known area 1 and known area 2
be cooperated to known areal after smoothing which can
be seen form Fig. 6b. Then pixel 1 (P1) may not the pixel
which has the most priority. The restoration may happen
in pixel 2 (P2). The second situation is the area L is the
major component of structure and the other area remain
the same which can be seen from Fig. 6¢. The pixel 1 (P1)
still has the most priority and to be repaired along the
area L. If the area L is not the major component of struc-
ture, the restoration along this line will lead the result of
discontinuity. Thus, the data value has to be considered
comprehensively using the method of structure-guiding.



Qiao et al. Heritage Science (2024) 12:123

D(p) = aD(p): + BD(p)s

where D(p); is the data value of original image I, D(p); is
the data value of structural image S.

(15)

Algorithm 1 Restoration of Scratched Mural images
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The first principal component containing the most
information was selected for high-pass filtering enhance-
ment. The results of the first principal component are
shown in Fig. 9a. The deterioration information in the

Input: Original image /, mask M
Output: Result image O

Methodology: Improved exemplar-based region filling method

Compute structural component S of image /

Determine area boundary to be repaired according M

if the boundary is empty then
Restoration is not required
Return image / as result image O

end

else

Calculate Confidence value C(p) for pixels that belong to boundaries
Calculate D(p); inland D(p)s in S for pixels that belong to boundaries

Compute D(p) = aD(p); + D (p)s

Compute P(p)=D(p)C(p)
Find the patch with the highest priority ¥,

Find the most similar patch ¥, with ¥,
Use the value of W, to restore ¥,
Restore / according ¥,
Update M
Update C(p)

End

The total workflow of virtual restoration can be seen
from Fig. 7. The process of image restoration algo-
rithm guided by structural components is described as
algorithm 1.

Results

Information enhancement

We used the hyperspectral imagery of the Yungang
Grottoes to perform PCA transformation. Figure 8
shows the top ten component images, which are the
results of PCA. Among these components, the first band
contains the most information and the scratch informa-
tion is most different from the background information
in this band After reflectance correction of the data, the
hyperspectral image was transformed by PCA using the
ENVI software.

image is enhanced by the high-pass filter, and the result
of the enhancement is shown in Fig. 9b.

Information extraction

Scratched images in practical engineering are subject to
the influence of background line information. As a result,
the mask was created for non-damaged areas, and in
those areas, the region of interest was manually drawn in
ENVI software.

The multi-scale bottom hat transformation is used to
extract the line information in the image because features
that are similar with scratches on the image will affect the
results of extraction. The multi-scale bottom hat trans-
formation produces a square structural element with a
size range of 3 3... 10 X 10. The maximum structural ele-
ment, as determined by repeated experiments, is 10. We
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E Known area 1

L Known area 2
Known area 1

Known area 1

(c)

Fig. 6 Calculation of data value of improving exemplar-based region filling method a degraded image; b situation 1; ¢ situation 2

Original image /

Confidence

Initialized confidence value
value

o

Sie— Input Structure component S Whether there are

pixels that need
to be fixed

Mask M

it i EG
e

~ a/'/(

Compute data value

b /Aﬁ- ; T Compute patch priorities
Image to be restored / T

Patch filling

Update confidence value and mask

Output

Fig. 7 The process of image restoration algorithm guided by structural components
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Fig. 8 Top ten components obtained by the PCA transformation (a 1st component; b 2nd component; ¢ 3rd component; d 4th component; e 5th
component; f 6th component; g 7th component; h 8th component; i 9th component; j 10th component)

can extract very small linear deterioration by selecting
small structural elements. From these very small deterio-
ration regions, we are unable to extract other structural
elements from the multi-scale structural elements. The
more noticeable feature of linear deterioration can be
extracted when the larger structural elements are chosen
in order to extract information from the image.

(®)
Fig. 9 Information enhancement results (a scratched image of the first principal component after PCA transformation; b enhanced image
after high-pass filter)

The Otsu algorithm is used to threshold the improved
images following multi-scale bottom-hat transformation.
By processing the extracted structure further after each
structural element, the background and deterioration
information can be obtained without having to manually
select the threshold.



Qiao et al. Heritage Science

(2024) 12:123

The extraction results of other larger structural ele-
ments are connected with the base map above. By using
this image as a reference, the noise that is not related to
the deterioration information on the base map is elimi-
nated. The final connected map is given in Fig. 10a. The
connected domain labeling method is used to further fil-
ter out the impact of small noise in the extraction results
by removing fine noise from the images. We utilize the
largest noise pixel in the background as a guide when
choosing the filtering parameters in order to exclude any

(b)

Fig. 10 Information extraction results (a final map of scratched image; b denoised scratched map; ¢ dilated scratched map)
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noise that has a value lower than this maximum noise.
The connected domain marker’s area of 50 is selected
following multiple experiments. Figure 10b shows the fil-
tered map.

We can observe information discontinuity on the
images denoised by the connected domain labeling. In
order to create a continuous image, the dilation opera-
tion in the morphological transformation is utilized to
enlarge the binary image’s white pixels. We use the aver-
age width of scratches as a guide when choosing the

Fig. 11 Restored images (a original scratched image; b structural image; ¢ scratched restoration)
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Fig. 12 Details of restoration (a—c original images; d-f restored images)

Fig. 13 Restoration results using improved exemplar-based region filling algorithm (a, d original images; b, e degraded images; ¢, f restored
images)
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dilation parameters. The expansion element has been set
to 6 after numerous experiments. We can see the dilated
scratched map in Fig. 10c.

Virtual restoration

Figure 11 shows the results of the final restoration. Fig-
ure 11a displays the original scratched image. The struc-
tural image after smoothing can be seen in Fig. 11b.
The information which is the major component will
be remained at the structural image, which will guide
the whole process of filling. Final result is displayed in
Fig. 11c.

It is evident that the improved exemplar-based region
filling method preserves the fundamental structure of the
mural while restoring its information. The details of res-
toration can be seen from Fig. 12.

We also choose images of other sections of east wall of
the sixth grotto for restoration to confirm the efficacy of
the restoration technique used in this work. The original
images can be seen from Fig. 13a, d, the degraded images
can be seen from Fig. 13b, e, and the restored images can
be seen from Fig. 13c, f.

Discussion

Combination of different enhancement steps

To further verify the effectiveness of the enhancement
method presented, we perform the extraction experiment
of the original image, the image of first band after PCA
and the image after enhanced. As seen in Fig. 14, differ-
ent enhancement techniques produce different extraction
results.

This research proposes an improved method that can
fully extract the scratches from the image. As we can see
from Fig. 15. Scratch information on the image cannot
be accurately extracted if it is not improved in any way.
The results of the extraction process are insufficient if
the scratches are extracted directly from the first band
following PCA transformation. The scratches informa-
tion can be fully extracted following the enhancement
method and noise will still be present in this study, but it
can be effectively eliminated in the next steps.

(@)

Fig. 14 Different detection results (@ non-enhanced result; b first band result; ¢ proposed result)

(®)
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Comparison of different extraction methods

A technique for extracting scratches from murals with
more linear information is presented in this paper. To test
its validity, the Gabor filter method [30], the integrated
method [31] as well as the seed-based region growing
method [8] were selected. The Gabor filter method is
widely used in automatic crack detection. The integrated
method combines various enhancement and extraction
methods, and the seed-based region growing method
uses a small number of seed points to compute the loca-
tion of scratches. Figure 16 displays the various results of
the extraction.

From Fig. 16, we can find that the deterioration extrac-
tion method based on Gabor filtering can comprehen-
sively extract some edge information, but it may ignore
deterioration information in regions with prominent
background information. The integrated method can
extract most of the deterioration information, but the
extracted lines are not continuous. The seed-based
region growing method selects initial seed points
through threshold segmentation, which helps to mitigate
the impact of background lines, but the deterioration
information grown using this method is not continu-
ous. As illustrated in Fig. 16d, the proposed method can
effectively avoid the influence of background informa-
tion and provide more continuous result of deterioration
information.

The correctly classified scratch areas were manually
sketched on the three areas to compare with the cor-
rect scratch areas obtained under the three detection
methods.

The evaluation indexes were DA (detection accuracy)
and FDR (false discovery rate) [32]. DA and FDR are cal-
culated as follows:

S
DA = °r (16)
Se
S
FDR = £ (17)
Sc
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Fig. 15 Comparison of the extraction accuracy for the different extraction methods (a original image; b non-enhanced result; c first band result; d

proposed result)

where Sg is the number of pixels of deterioration parts
manually selected in the different detection areas, St is
the detection result of deterioration parts under different
enhancement methods (the number of pixels correctly
extracted under different enhancement methods) and Sr
represents the number of misclassified pixels.

Three regions A, B and C were selected on the image of
Yungang Grottoes to test the detection accuracy. The size
of the three study areas is 150 150 pixels which can be
seen in Table 1. The number of pixels in the deterioration
area manually sketched in detection region A, B and C
is 3561, 3511 and 4379, respectively. Accurate extraction
results are shown in Table 1. The majority of the deterio-
ration information in the middle region can be extracted
by the Gabor filter, but the FDR value is excessively high.
The seed-based region growing method can eliminate the
influence of background information, but in the edge area
of the transition between deterioration and background,

the seed point cannot grow well, leading to a low DA
value. The FDR value of the threshold method is low, but
the extracted deterioration information is not continu-
ous. The approach suggested has a low error rate (FDR)
of less than 0.2 and a DA value above 0.5 in the accuracy
evaluation area, which can better avoid the influence of
background line information.

Comparison of restoration methods
To verify the suitability of the restoration technique, vir-
tual restoration of the lab-produced simulated murals
was done using the diffusion-based method of Fast-
marching method (FMM) [33], the exemplar-based
method of Criminisi [22], and the structure-guided image
restoration method [17]. Figure 17 displays the results of
the different methods.

The edge information of the FMM was blurred during
the virtual restoration of the image because of the influence



Qiao et al. Heritage Science (2024) 12:123 Page 15 of 20

Fig. 16 Different detection results (@ Gabor filter; b integrated method; ¢ seed-based region growing; d proposed method)

Table 1 Comparison of the extraction accuracy for the different extraction methods

Area Original image Metric Gabor filter [30] Integrated method  Seed-Based region Ours
[31] growing [8]
A : ? ‘ DA 0.59 043 0.36 0.64
‘ FDR 144 0.07 0.01 0.18
B DA 047 0.44 0.59 0.54
FDR .11 0.11 0.05 0.14
C DA 0.55 0.41 0.28 0.52

FDR 1.11 0.08 0.02 0.08
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Original image Degraded image FMM [33]

Fig. 17 Comparison of restoration results of different algorithms in simulated murals

Area FMM [33] Criminisi [22] Huang [17] Ours

Fig. 18 Comparison of detail restoration results of different algorithms
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Table 2 Accuracy evaluation of different restoration methods

Evaluation FMM Criminisi Huang Ours
indicators

PSNR 17.8483 17.7826 17.5377 17.8583
RMSE 326681 329163 33.8575 32.6307
SSIM 0.9645 0.9647 0.9624 0.9650
Time (s) 1.1042 459471 0.70591 44.7046

of the line information on the mural background. Facial
blur is another issue that the Criminisi algorithm faces.
The image restoration method based on plane structure
guidance finds it challenging to extract similar structure
guidance restoration on the image due to the complex
information on the fresco. Both the image face and the edge
position of mural paintings can be virtually restored using
the technique described in this paper. Figure 18 displays
the parts’ details. As can be seen from Fig. 18 and Table 2,
the improved exemplar-based region filling method not
only better filled texture details in the process of restora-
tion, but also retained the structural similarity with the
original image.

Root mean squared error (RMSE), Peak signal-to-noise
ratio (PSNR), and Structural similarity index (SSIM) are
used to evaluate the restoration accuracy.

n

1

RMSE = || = > _(¥; = f()? (18)
i=1

PSNR = 20! 255 19

= 080 R AISE (19)

where Y; is the pixel value of restored image, f(x;) is the
pixel value of original simulated image, N is the number
of observations.
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Quxtty + c1)(0xy + C2)
SSIM (x,y) =— 5 5 5
(uz + ny +c)(oy + o5 +c2)

(20)

where u, and u, are the mean value of image x and y. oy
and oy are the standard deviation of x and y. oy is the
covariance of image x and image y. ¢1 and ¢y are constant.

And we also use other reference-guided methods
to compare with our method. The results can be seen
from Fig. 19. Structure-guided method emphasize
too much on the edge of simulated mural and cause
the problem of discontinuous. The reference-guided
method can restore image well, especially in the part of
face. It will enhance the linear information and make
picture cleaner. But the condition of that is not usually
suitable for mural protection and it also has the prob-
lem of discontinuous in the edge of picture. Figure 20
reveals the results of restoration in other scratched
murals and more restored results of digital images can
be seen from Fig. 21.

Conclusion

This paper proposes an automated system for the extrac-
tion and restoration of scratched parts seen in the murals
from Yungang Grottoes. This model overcomes the tra-
ditional challenges existed in other methods. Three
steps comprise our method: information enhancement,
information extraction, and virtual restoration. Our
algorithm improves the ability to distinguish between
background information and scratches by combining
PCA and high-pass filter. Then, the scratch information
is extracted using a combination of non-damaged area
mask, multi-scale bottom hat, Otsu, connected compo-
nent analysis and dilation. Then the restoration result is
improved based on improved exemplar-based region fill-
ing method. Experiments taken place in the mural of east
wall of the sixth grotto of Yungang Grottoes and simu-
lated mural show that the proposed method can achieve

Original image

Structure-guided [19]

Reference-guided [34]

Fig. 19 Comparison with other reference-guided algorithms in simulated murals
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Original image FMM [33]

s,

Fig. 20 Comparison of restoration results of different algorithms in murals
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Original image Degraded image FMM

Criminisi Ours

Fig. 21 Comparison of restoration results of different algorithms in digital images

better results both in extraction and restoration. As com-
pared with three existing approaches of extraction, the
technique described in this study can entirely extract
the scratches without being impacted by their depth or
shape when there is extensive scratch degradation of the
mural. When repairing large-scale deterioration on com-
plex images, the improved exemplar-based region filling
method based on structure guidance could fix the issue
of discontinuous lines or vague surface caused by exist-
ing restoration methods. Although this paper only takes
the scratched parts on mural as the research object, the
research work can provide a technical idea and reference
for extraction and restoration of other linear degradation
existed in murals such as crack and graffiti. In the future,
on the base of the work in this paper, we will further
study the automatic extraction and restoration methods
for the degraded areas of ancient murals in other places.
The primary drawback of this system is that the restora-
tion accuracy will be impacted by the influence of small
deterioration areas that are difficult to reduce in the
hyperspectral image. Future research should examine the
enhanced extraction technique utilizing hyperspectral
data.

Abbreviations
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RTV Relative total variation

DA Detection accuracy

FDR False discovery rate

FMM  Fast marching method

RMSE  Root mean square error
PSNR  Peak signal to noise ratio
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