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Abstract—In this paper, an integrated methodology is pro-
posed to virtually enhance the mural images by taking the
weighted average of original image with the mean image. The
algorithm consists of four major steps as described in the paper.
A new line detection and extraction technique using correlation
followed by convolution with different templates is implemented
and explained. The synthesis of the templates is also explained
in detail. Toggle filter is used to enhance the lines. This step is
followed by K-means clustering, averaging pixels and weighted
average. An idea on recovery of degraded patch is also presented.
The results of our experiment are found to be good and may be
used to restore deteriorated digital mural images.

Keywords—Restoration of mural images, line detection, K-
means clustering, Weighted average

I. INTRODUCTION

Digital image processing techniques are widely used in
various scientific fields for better explanation of digital im-
ages. The digital image processing consists of different image
manipulations like image compression, image enhancement,
image restoration and geometrical transformation. The digi-
tal restoration of old degraded mural images is one of the
most interesting and challenging tasks in the field of image
restoration and enhancement. Mural images are generally the
artworks painted or applied directly on a wall, ceiling or other
large permanent surface. These ingenious artworks depict the
culture, traditions and civilization of those respective societies.
But in due course of time, these artworks may deteriorate
due to diverse factors and as a result, various type of defects
appear in the images like cracks, faint lines, broken stroke,
color distortion, loss of paint etc. To propagate the history,
these images have to be retrieved to their former glory. Several
restoration techniques have been proposed to digitally enhance
and restore the mural images.

Michail Pappas and Ioannis Pitas [1] have used several
color restoration techniques such as ‘mean sample matching’
or ‘linear approximation’ to simulate the original appearance of
images. An algorithm is also proposed to enhance the ancient
Chinese paintings using color contrast enhancement based on
saturation and de-saturation in the YUV color space followed
by adaptive histogram equalization to adjust the luminance
component [2]. An unsupervised, information-theoretic, adap-
tive filter to discover the statistical properties of the signal is
proposed by S. Awate and R. Whitaker [3] to restore the wide
spectrum of images. Giakoumis and Pitas have also proposed
some morphological operators to find out cracks which are
filled using seed growing approach [4]. In the other patch
based technique, best patch is matched from the database of

Fig. 1: Original image

patches obtained from clean images and the error patch is
replaced by this matched patch [5]. Patch based anisotropic
diffusion techniques is also used to enhance the edges of mural
images [6]. Another algorithm, based on a non local averaging
of all pixels in the image is proposed for image denoising [7].
Other morphological operators are also used to denoise these
images [8].

Here in this paper we have taken mural images, for example
fig. 1 for digital restoration. These images usually consist of
human figures, clothes and background. The main problems
associated with this figure are faint and broken lines as legs
of the humans, color distortion as in the region marked with
circles and loss of paint as in the region marked with rectangle.
It is very difficult to recover these faded lines with existing line
detection techniques. Moreover recovery from color distortion
and loss of paint due to some physical phenomenon is very
challenging task in this field.

To overcome the above problems, we have proposed
a novel approach for restoring the faded lines and
color distortions. The algorithm presented in this paper
simultaneously detects and enhances the lines present in
the mural images. We have also restored damaged colors
by clustering the pixels in the Lab color space and then
combining the original image and the mean image obtained
by replacing each clusters by it’s mean value. The mean of
each cluster is calculated in RGB color space. This would aid
in smoothening of different colors of the image separately.
Number of clusters to be done for an image depends solely
on the image and the user. This algorithm works for any
number of clusters. For enhancement of the image we also
apply toggle filter in our algorithm. The final image obtained
will be enhanced in terms of both structure and colors.

II. OVERVIEW OF PROPOSED ALGORITHM

The proposed algorithm mainly consists of four steps.
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Fig. 2: Different regions of template (A:alpha, B:beta,
G:gamma)

Fig. 3: Mask and template windows for angle 0, 30, 60, 90,
120, 150 respectively

1) Line Detection: In this step we detect the lines in the
image. Some of these lines are broken and faint. To enhance
and recover the lines, we first detect them using a method
based on correlation and convolution. Here we propose new
templates of certain sizes with various orientations for better
detection of faint and broken lines. We also apply toggle filter
to enhance the processed image.

2) K-means Clustering: Here we address the restoration
problem from damaged color and loss of paints for mural
images. Also our method reduces noise from the images. To
smoothen and restore colors we first segment the image into
different clusters using k-means clustering. This also helps in
extracting the degraded patches present in the image.

3) Averaging Pixels: After clustering, we replace all the
pixels in each clusters by it’s mean value. In this process we
obtain a smooth image where the color is also restored. The
pixels of lines and degraded patches are also replaced using
modified mean value as explained later.

4) Weighted Average: Finally, we take weighted average
of the original image and the mean image to get back the
original texture which is removed in the mean image.

III. DETAILS OF THE ALGORITHM

Different steps of the proposed algorithm are explained in
this section.

A. Line Detection

Here our aim is to detect clear as well as faint lines in the
mural images so that after image enhancement and restoration,
the structure of the image remains unchanged and faint lines
are enhanced. For this we have proposed a novel method based
on correlation and convolution to extract lines present in the
image. We first find the correlation coefficients of each pixel
using a patch centering the pixel and a set of templates of
certain size (same with patch size) with different orientations.
Maximum correlation coefficient among different orientations
produce the strength of the line pixel. These coefficients when
taken as a magnitude of the lines, we get an image containing
all the clear and faint lines. Also we have taken the help of
convolution operation to remove some unwanted noise. We
find the convolution of the patch with the template for which
the correlation coefficient is maximum. Then we multiply the

center value of the convolution matrix with the maximum
correlation coefficient to get the modified line image. Our
algorithm detects the line segments in any orientation and
provides the flexibility for thickness of the lines. Masks are
used in the synthesis of templates which are used in correlation
and convolution. In this method, the larger templates will
join the broken lines that got erased and also extend the line
segments, whereas smaller template will extract the curved
lines perfectly but cannot join the lines. Note that, there is a
trade off in selecting the size of the templates. Therefore, the
size should be decided based on the requirement.

The steps involved in this line extraction are

i) Template synthesis.

ii) Computation of correlation coefficient of each pixel
between the templates of different orientations and the image
patch centering the pixel.

iii) Multiply the maximum correlation coefficient with the
center value of the convolution matrix obtained from the
template corresponding to the maximum correlation and the
image patch.

1) Template synthesis: We first define a mask of size r
which has three regions with different values as shown in
figure 2. Alpha region consists of the line passing through
the center of the mask. Beta region is the region residing just
beside the alpha region which is taken for the flexibility in the
thickness of line. Gamma region is the remaining part of the
mask. The image is rotated by the required angle to obtain
a new mask. Then the block of size s concentric with the
rotated mask is cropped to get the template as shown in the
figure 3 (r > s where s is the required size of template). Note
that rotation must not induce empty pixels into the regions
of alpha and beta of the cropped image. The empty pixels
(if any) of template are replaced by the value of the gamma
region. To normalize the obtained template, following steps
are performed. For a template, let number of pixels in gamma
region be n1 and in alpha region be n2. Assign each element in
gamma region of the template with value 1. Similarly, the value
−n1

n2
is assigned to the pixels in alpha region of the template

and the value 0 is assigned to the pixels in beta region of the
template.

The n templates with n number of different angles are
obtained as explained in the above method. For n = 6, the
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Fig. 4: Line Image obtained after correlation.

Fig. 5: Some cropped blocks from the correlation images for
s=7, 11 and 15 respectively.

Fig. 6: Modified Line Image after convolution. Fig. 7: Lines obtained after applying toggle filter.

masks and respective templates are shown in the figure 3. X0

denotes the template of zero orientation and size s = 7, given
as

X0 =

⎡
⎢⎢⎢⎢⎢⎢⎣

1 0 0 −2 0 0 1
1 0 0 −2 0 0 1
1 0 0 −2 0 0 1
1 0 0 −2 0 0 1
1 0 0 −2 0 0 1
1 0 0 −2 0 0 1
1 0 0 −2 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎦

2) Correlation Computation: For each pixel (x, y) in the
gray image of the original image I , we find the correlation
coefficient as

ρ(x, y, θ) =
E[(Xθ − μXθ

)(Y − μY )]

σXθ
σY

, (1)

where E is the expectation, Xθ is the template with an angle
θ and Y is the patch at the pixel (x, y) in the gray image. μXθ

and μY are the mean of Xθ and Y respectively. σXθ
and σY

are the variances of Xθ and Y respectively.

We find ρ(x, y, θ) for n number of different orientations
between 0◦-180◦ and take the maximum among these n
number of ρ values to get the strength ρ′(x, y) of the line
pixel as

ρ′(x, y) = max{ρ(x, y, θ)}. (2)

Let θ̂(x, y) the orientation for which maximum occurs, be
defined as

θ̂(x, y) = argmax
θ
{ρ(x, y, θ)}. (3)

If the value of ρ′ at a pixel is large, the strength of the line
is strong. This method is robust to detect even weak and broken
lines depending upon the size of the templates. It also recovers
these lines by enhancing faint line and joining broken lines
respectively. But in this step we obtain some unwanted noise in
the image. In fig. 4 we show the image obtain after correlation

computation. To reduce these effect, we apply convolution on
the original gray image with the template corresponding to
θ̂(x, y) for each (x, y). The effect of choosing different scale
is shown in the fig. 5 by selecting rectangular blocks from the
line image.

3) Convolution Computation: We convolve the gray patch
Y with the template Xθ̂ corresponding to θ̂(x, y) orientation
and get the convolution matrix c as

c(x, y) =

�s/2�∑
u=−�s/2�

�s/2�∑
v=−�s/2�

Xθ̂(u, v)Y (x− u, y − v). (4)

The modified line image L is obtain by

L(x, y) = λ ∗ ρ′(x, y) ∗ c(x, y), (5)

where λ is the parameter which controls the brightness of the
image. The figure [6] shows the modified image.

Further, to enhance the lines, threshold is applied on L.
We take the threshold value T where the pixel value less than
T becomes zero and the pixel value equal and above remain
unchanged. It helps to remove unwanted line in the modified
line image.

If the lines have more thickness than required, then toggle
filter is applied on the threshold image. This filter is a type of
morphological operator which is used in sharpening the image
and here mostly lines [9]. If B is the small-size symmetric
disk like structuring element, then

T (L)(x, y) =

⎧⎪⎪⎨
⎪⎪⎩

(L⊕B)(x, y),

if L(x, y) ≥ ((L⊕B)(x, y) + (L�B)(x, y))/2

(L�B)(x, y),

if L(x, y) ≤ ((L⊕B)(x, y) + (L�B)(x, y))/2

(6)
At each pixel (x, y), the output value of this discrete nonlinear
filter toggles between the maximum value of L inside the
moving window B centered at (x, y) (dilation of L by B) and
the minimum value of L within the same window (erosion
of L by B) according to, which is closer to the input value
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Fig. 8: Clustered image for k = 4 Fig. 9: Mean image

L(x, y). Figure 7 shows the result after applying threshold and
toggle filter.

B. K-means Clustering

In the example of mural image, different parts of the image
are distorted in color, texture and structure. In the previous
subsection, we have discussed how to restore the structure by
enhancing faint and broken lines. Now we will explain the
restoration technique proposed in this paper to recover the
color and texture. For this purpose we have used k-means
clustering to segment the image into different regions based
on colors and restore the color of each region by cluster’s
mean.

Clustering is generally the process of intrinsic grouping
from a set of unlabeled data. K-means Clustering starts out
with a fixed number of clusters and allocates all data into
the exact number of clusters. This helps in separating the
mural images in skin and dress of the human, background and
distorted color regions easily distinguishable from other parts
of the image. K-means clustering technique is so applied on
the image to group similar pixels which gives the flexibility to
further process them separately.

In this approach, initially cluster seeds for each of the k
clusters is chosen randomly. These seeds are also known as
mean. Now, following steps are executed for each iteration:
1. Each pixel is assigned to one of the k clusters based on
their inherent distance from the mean. The equation used for
calculating the distance measure is

D(p1, p2) =

√
(a1 − a2)

2
+ (b1 − b2)

2
, (7)

where p1(a1, b1) and p2(a2, b2) are the co-ordinates of the
point in Lab color space. Here, clustering is performed in Lab
color space because of its property of perceptual uniformity.
2. For each cluster obtained in step 1, mean is calculated as
eq. 8 .
3. mean of each cluster is then replaced by this new mean
calculated in step 2.
These steps are repeated till the change in mean is insignifi-
cant. Similar pixels are thus grouped together and k different
clusters are obtained.

The value of k to be chosen, may vary depending on the
image. For this image, we have taken the value of k as 4. In
Fig. 8, we have shown different clusters using different colors.
The image considered, has almost similar skin and background
colors, so these have been clustered together.

C. Averaging Pixels

Here our main aim is to construct a mean image. Mean
image contains only one color for each cluster. The color
is obtained by averaging all the values of the pixels of that
cluster. Line pixels are considered as an extra cluster and are
not included in the calculation of the mean values of other
clusters.The mean Cm

k of the k-th cluster is calculated as

Cm
k =

1

nk

nk∑
i=1

Ck(i) (8)

where, Ck is the k-th cluster and nk is total pixels after
removing line pixels in the k-th cluster. Now, all the pixels
of each cluster are replaced by their respective mean values
and obtain the mean image M . The mean of cluster having line
pixels is also calculated separately. But before replacing these
pixels, the mean is scaled down to enhance the lines. Fig. 9
shows the mean image where color is restored but texture is
removed by averaging the pixels of each clusters. There is
one cluster with green color in fig. 8 which is an example of
loss of paint where the original color is completely distorted
and no color information is available from the region. From
the structure of the image it is clear that this region contain
information about the parts of the human bodies. So our visual
perception decide to fill these region by the skin color of the
human body. For that, the pixels are replaced by mean value
of the most similar cluster represented by the skin color.

D. Weighted Average

Since in the previous step we have taken mean of the
clusters, texture is almost removed from the mean image. To
get back texture we take the weighted average of original
image and the mean image as

F = α×M + (1− α)× I, (9)

where I and M are the original and the mean image respec-
tively while F is the final restored image and α is the weight
factor. α controls the smooth effect of the restored image.
The value of α is in between 0 and 1. The smaller value of
α gives the lower smoothing where as larger value produce
higher smoothing and color restoration.

In brief, here we propose a novel digital restoration tech-
nique for mural images based on line and color restoration
using correlation, convolution and k-means clustering. The
results of the experiment are discussed in the next section.
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Fig. 10: Original image Fig. 11: Final enhanced image

Fig. 12: Part of images before and after

IV. EXPERIMENTAL RESULTS

The proposed algorithm is applied on the image shown in
Fig. 10. In the line detection step, we have taken the size of the
mask r = 25, the size of the template s = 15, the number of
orientations n = 36 with interval length 5 in between 0◦-180◦,
the brightness parameter λ = 2.5, the threshold value T = 37
and the disk structure element of the toggle filter with radius
1. Note that, we have not taken 180◦ for template synthesis
since it is same as 0◦. For the clustering we take the value of
k = 4. In the step of weighted average, we experimentally set
the value of α = .6.

The final output is shown in the Fig. 11. From the result
(Fig. 11), it is observed that the lines are enhanced within the
region marked with rectangle in the Fig. 1 and some broken
lines are also reconstructed by our approach. In that region,
color is almost distorted in the original image and it is restored
by the other three clusters and difference is clearly visible in
the final restored image Fig. 11. Colors are also restored in
different regions. The different blocks of the original image
and the restored image is shown in Fig. 12. This algorithm is
also applied on the other image Fig. 13 and the restored image
is shown in Fig. 14.

V. CONCLUSIONS

This paper presents a sequential algorithm to restore
deteriorated mural images. The lines and colors are given
special importance and restored by a novel method. The image
obtained after this method reduces some part of non uniformity
as shown in the figures and enhances the lines and restores the
deteriorated colors. This algorithm works on any image but
performs better when there is considerable difference in the
colors of the images. Restoration of this type of mural images
is a challenging task. Though the line detection step is good
enough, the color restoration technique can be improved so

that the smooth effect is removed and the texture region is
restored quite successfully. In the future, we will work with
this problem.
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Fig. 13: Mural image

Fig. 14: Enhanced image
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