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Abstract: Virtual Restoration of archaeological heritagemstefrom the need to create a clearer and betteganad the
beautiful historic monuments now in ruins. It gitbe viewer a sense and feel of how the heritaggnatly looked. For this,
there are many restoration projects of the majstohic sites, paintings etc, going on across thddv&omputers have been
introduced to archaeology and cultural heritagtoals for promoting scientific work and as elecimaids for providing users
with substantial information on archaeological taaye. Small holes and breakages in the monumemsrigs can severely
degrade its appeal to viewers. Image restoratidhe operation of taking a corrupted/noisy image estimating the clean
original image. In this work, we have proposed ahwe to automatically detect the defect in the woted image using
Perona Malik Anisotropic Diffusion and Binary Thhedding, followed by Image Inpainting with NavieteBes Method,
which have been found to be effective in the artredtoring lost/selected parts of an image basedhenbackground
information in a visually plausible way.

K eywor ds. Automatic Detection of Defect, Image Inpaintingidge Restoration, Navier-Stokes Inpainting

or retouching, consists of filling in the missing areas or
modifying the damaged ones such that the missieg &

Today's society can very effectively be referredatthe unidentifiable by an observer not familiar with tbaginal
‘Image Society’. This is not just because imaga owerful 'Mages. _ , ,
used medium of communication but also becauseitisasy, = 'NPainting is the operation of taking a corruptedy
compact and widespread way to represent the physarid ~ IMage .and reconstrgctlng the clean original _image.
around us. We rely on images. A huge amount oftaligi CO'TUPtion may come in many forms such as motiar, bl

information is available today. The increase inamiy of ~N0ise, damage, stains, breakages etc. Image réstoia

computers and the advancement made in the ima@pplied to produce realistic data from a scientgmnt of

acquisition devices have led to this phenoméHon 'view. Digital image restorat.ion using. inpaintingshearied
Digital restoration of archaeological heritage stefrom ~@Pplications. It is used in restoring old photogiap

the need to create a more realistic image of theutifal ~rchaeological heritage sites, monuments, paingtgs

historic monuments, paintings etc, which are nowuins. It We propose a method wherein the defect in the immge

gives the viewer a sense and feel of how the aigivas. It automatically detected. This is accomplished using
creates an allusion, a virtual replica of the owgi Anisotropic Diffusion and Binary Thresholding. THetected

Traditionally, skilled craftsmen did the work ofsteration ~ defect is taken as the mask for the Image Inpantising
manually. However, more recently, the use of comysuto Navier-Stokes Algorithm to restore lost/selectedipaf an

enable image restoration has gained a lot of istemarious Mage of historical importance such that we getltssvery

Image processing techniques have been employedtoger C10S€ to the original.

time to get better and more accurate results wipgtyiag

digital restoration. 2. Related Work
The ancient practice of reconstruction of missing o

damaged portions of images has been employed é&xgns

in artwork restoration. This activity, also knowsiapainting

1. Introduction

Criminisi et al. present a method — called exembésed
image inpaintind®. It uses the main idea of PDE to fill in
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texture. This approach helps in filling bigger kts. The
exemplar based technique fills the inpainting ragiath a
texture, generated by texture patches from theosnding
areas. However, in this method the linear strustbardering
the target region only influences the fill ordeheTmethod of
exemplar-based image inpainting, thus combines

In this work, we propose a method to get an aut@mat
estimation of defects in the corrupted image, wischsed to
further do inpainting. Our work builds up on Bentid et
al’'s Inpainting method using Navier-Stokes Equati@ur
method estimates the defect area by using a sefisteps,

thmakes a binary mask and applies inpainting teclnigiock

strengths of PDE based methods and exemplar-basdidgram of the proposed system is shown in Figure 1

techniques.

Preprocessing

Alexandru Teled proposed another method for inpainting We provide the corrupted/damaged image as the .input

using Fast Marching Algorithm (FMM). In this, thenage
smoothness is estimated as a weighted averageaduewn
image neighborhood of the pixel to be inpaintecde Tissing
regions are treated as level sets. The FMM algoriththen
used to propagate the image information acrosfethe sets
to fill up the missing information. A narrow distambetween

the known and the unknown pixels is maintained by t

FMM. The FMM starts with inpainting the unknown pix
closest to the known pixel. Once the unknown phed been
inpainted, its value is updated to the set of knpixels.

Bertalmio et df! coined the term Digital Image Inpainting,

and was the first to present a digital image-inagn
algorithm based on partial differential equatioRPES). In
this approach, the user provides a mask providedifgfng

the portions of the input image to be retouchede Th
algorithm treats the input image as three sepatwanels (R,

G and B). For each channel, it fills in the areasbe
inpainted by propagating information from the odésof the
masked region along level linesdphotes). The algorithm
also introduces the importance of propagating btbté
gradient direction (geometry) and gray-values (phmtry)
of the image in a band surrounding the hole toilbedfin.
Isophote directions are obtained by computing ahqaxel
along the inpainting contour a discretized gradietor.

3. Proposed M ethodology

In many of the existing inpainting algorithms, aems
provided mask is required.

Input as corrupted Image

I

Preprocessing

|

Estimation of defect

}

Application of Navier-Stokes
sInpainting

)

Restored Image

Figure 1. Block diagram of the proposed method

Image preprocessing is the technique of enhanciai d
images prior to computational processing is perémmit is
used to suppress unwanted distortions and noisg, tan
enhance important image features for further prsings

In our method, we do preprocessing in two steps.

a. RGB to Grayscale Conversion: We convert the
corrupted image, example as given in Figure2, into
gray-scale as a part of preprocessing. This is dmne
that each image pixel carries only the informatafn
the intensity where O corresponds to pure black, t85
pure white, and all intermediate values to différen
shades of gray.

A digital grayscale image, I, is an m x n matrihese at
each index,;| has an integer value from 0 to 255. This value
is referred to as the graylevel at location (i, Where O
corresponds to pure black, 255 to pure white, afid a
intermediate values to different shades of graye basic
problem of grayscale transformation is to reprodtice
intent of the color original, its contrasts andiesal features,
while preserving the perceived magnitude and doaaif its
gradients. The goal of converting a color imageo int
grayscale is to create a perceptually accuratdorers the
color image that represents the exact image in gmags to a
viewer and removes all the unnecessary parts freninhage
if required.

b. Anisotropic Diffusion: In the next step we apply
Perona-Malik’s Anisotropic Diffusidfl to the grayscale
image. It is a technique which aims at reducing the
image noise without removing significant parts loé t
image, image content, typically edges, lines orepth
details that are important for the interpretatidnttee
image.

This technique resembles the process that creasesla

space, where an image generates a parameterizélgt tffm
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successively more and more blurred images based on We perform Anisotropic Diffusion iteratively arourgis

diffusion process. It produces a family of paramieéa
images, but each resulting image is a combinatietmwéen
the original image and a filter that depends on lthzal
content of the original image.

Let QOR? denote a subset of plane | (R , be a
family of gray scale image

Then, anisotropic diffusion can be defined as:

al

At =div(C(x, y,t)dl)=0COl +C(x,y,t At

1)

Where,

V denotes the Laplacian,

A denotes the gradient,

div(...) denotes the divergence operator,

C(x,y,t) is the diffusion coefficient.

The equation (i) can be reduced to the heat equatio
C(x,y,t) is constant.

I, =CAl @)

By setting the conduction coefficient to 1 in tinerior of
the region and to O at the boundary of the regiea,can
ensure smoothing only within the region and nobssrthe
boundaries.

When conduction coefficient is chosen as a funatibthe
magnitude of the gradient of the brightness fumctio

Cx y,t)= g1 01 (<, y.0)Il) 3)

This preserves the edges of the image as well apeahs

the edges on correct choice of g(.)
In our approach, we use the function g(.) as
C(H 0l “) — e(-(IIDHI/K)z) (4)

where the constant K controls the sensitivity tgesd We

choose k between 20 - 100, depending on the imag °
requirements as on keeping kappa low, small intgnsi

gradients are able to block conduction and hencehawes
diffusion across step edges. On keeping kappa large
value the influence of intensity gradients on cartidun is
reduced.

2000

Figure 3. Anisotropic Diffusion on Corrupted Image of Figure 1

times to sufficiently blur the interiors. We alseeuanother
parameter, gamma, to control the speed of diffysidrich is
kept approximately between 0.1 — 0.2 to maintaie th
stability of the diffusion process. The result & shown in
Figure 3.

By using Anisotropic Diffusion, we get the sharmed in
the image. Experimentally, it has been noted dowat the
edge detection using the Perona-Malik AnisotropiffuBion
method outperforms other edge detection methodk asc
Canny Edge Detectié”.

Using this, we get an approximation of the defeeta

Estimation of the defect area

Binary Thresholding: After the application of Anisotropic
Diffusion on our images, we get a result with barr
interiors and sharp edges. In the next step, wéydpipary
Thresholding on the image. Thresholding is the &stp
method of image segmentation. From a grayscale émag
thresholding is used to create binary images. Tag-gvel
values below or equal to the selected thresholduatmlly
classified as background, while the values abovis th
threshold are classified as object.

Binary images are used as a mask of the defectedlpa
creates a mask represented in either white or l{lzinkry).

Binary Thresholding on the anisotropically diffusetshge
helps in automatically detecting the defected aiiaary
thresholding creates a mask where the defect ikadaas
red, and the non defected area is marked in blue.

In our approach, we set the threshold value, whtalsed
to classify the pixel intensities in the grayscaieage to
between 190 and 210. We also set a maximum thmshol
value to 255 for pixels in the image which crosstireshold
value.

By using these as our parameters, we get a goodatst
of the region where the defect lies as shown infeigt.

1000

1500

500

1000 1500 2000

Figure 4. Damage Estimation on Binary Thresholding

Application of Navier-Sokes Inpainting

The binary mask obtained from the previous stepssél
as the mask. The corrupted part of the image iwned by
inpainting on applying Navier-Stokes equation.

The Navier-Stokes Inpainting approach adapts
equation for fluid dynamics for images. The isoghbihes

the
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are continuously propagated from the exterior @f tlhgion
to be inpainted, to its interior.

Bertalmio et al, proposed to view the Image Intgnéi)
as a ‘stream function’ ) for a two-dimensional
incompressible flow. Vorticity (w=A¢) of the fluid is
replaced by the Laplacian of the Image Intensigiled
smoothnessw=AI). The Image Intensity is transported into
the region to be inpainted by a vector field dedin®y the
stream function.

The algorithm continues along the isophote while
matching gradient vectors at the boundary of thpaiinting
region. For a seamless filling, it is important goopagate
both the gradient direction (geometry) and grayeal
(photometry) of the image in a band surroundinghble to
be filled-in.

In order to obtain a smooth interpolation and curdtion
of isophotes, a high-order Partial Differential Btjans
(PDE's) or systems of PDE’s needs to be perfornkedm

Figure 5. Inpainted Image

Experimentation and Result

We implemented the method described in this paper i
OpenCV with Python.

Another sample was taken from Shavanabelagola Bempl
India. The results of which are as shown.

Figure 6 shows the damaged image of the statue in

the paper, Image Inpaintifig we use an algorithm to project Shravanabelgola. Figure 7 shows the Anisotropically

the gradient of the smoothness of the image iremsithe
direction of the isophotes., which results in acrdite
approximation of the PDE

I, =010l 5)
Where,
0" is the perpendicular gradiefi®y.ox),

A isthe Laplace Operatd?; +0;.
To get (5) to behave as a steady state solutiompenferm,

0%.0Al =0 (6)

Here, the image intensity propagates along thehisigp
lines.

When using any PDE-based method to do inpaintimg, t
issue of boundary conditions becomes very imporfEmget
results of inpainting which are imperceptible tce tkye,
continuation of the image intensity and directioh the
isophote lines needs to be performed continuoutly the
inpainting region.

Therefore, PDE-based method involving the
intensity |, must enforce Dirichlet (fixedl) boundary
conditions as well as a condition on the directénl on the
boundary. However, lower order PDE’s can enfordy one
of these two boundary conditions for I. Thus, impiaig
would have discontinuities in the slope of isophiites. In
Navier-Stoke’s method, this is handled by usinge&tor
evolution forvl.

The Navier-Stokes analogy guarantees, in a veryralat
way, continuity of the image intensity function hdits
isophote directions across the boundary of the iimipg
region. For the Navier-Stokes inpainting methodge th
continuity across the boundary also produces angéma
intensity function that is continuous across tharuary (6Q)
of the inpainted region.

On applying Navier-Stoke’s inpainting algorithm ¢ar
example, we get the result as shown in Figure 5.

image

Diffused image. Figure 8 shows the estimation oé th
damaged area on Binary Thresholding. Figure 9 shbws
final inpainted image.

Figure 7. Anisotropic Diffusion on Image



American Journal of Applied Mathematics 2015; 3§19-13 13

4. Conclusion

In this paper we have proposed an efficient wayeidorm
automatic detection of the defect area in damageabés.
The damaged images are first preprocessed by being
converted to greyscale. Further, Perona-Malik Ainigmc
Diffusion is applied to the greyscale image, whiemoves
all unwanted image noise from the image, while kagmgll
the significant image content like the edges/linetct.
Application of Binary Thresholding on the Anisoticglly
Diffused Image, finally gives us the correct estienaf the
defect area of the image. This is further used asask for
performing Navier-Stoke’s Inpainting.
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