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ABSTRACT

A painting which was handled roughly or made from low quality paint or base are usually suffers from crack in a
long run, which causes them to lose some of the information. So there is a requirement of restoration. In restoration, there
are three steps involved crack detection-crack classification and filling or interpolation. In order to do the same top hat
transform was applied to detect the cracks, and then supervised and unsupervised classification was done for crack

classification. And lastly several statistical filters were applied to fill the cracks.
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INTRODUCTION

Old paintings which is of great historical and artistic importance, usually suffer from breaks in the substrate, the
paint, or the varnish. These breaks can take a shape of rectangle, circle, spider-web, unidirectional, tree branches and
random. These types of patterns are called cracks or craquelure which depends on the materials used for the painting, the
painting technique of the artist, the atmospheric variations the painting has been exposed to, and manipulation and storage
conditions. The legibility of image decreases due to the presence of cracks on the paintings. Therefore, painting restoration
is a very demanding field that requires considerable expertise. Before each operation a great amount of planning is
necessary because most of the restoration procedures are irreversible. However, digital image processing techniques can be
used to detect and eliminate the cracks on digitized paintings. This type of restoration which is virtual in nature can provide
clues to art historians, museum curators and the general public on how the painting would look like in its initial state, i.e.,

without the cracks. Furthermore, it can be used as a non-destructive tool for the planning of the actual restoration.

A system that is capable of tracking and interpolating cracks is presented in [1] but it requires the user to manually
start with the initial point of the crack pattern to fill them. Another method for the detection of cracks using multi-oriented
Gabor filters is presented in [2]. Crack detection and removal is however similar with the methods proposed for the
detection and removal of scratches and other artifacts from motion picture films [3], [4] & [5] but these methods uses the
information obtained over several adjacent frames for both detection and filling and thus are not applicable for the cracks
in paintings. Other research areas that are closely related to crack removal include image inpainting which deals with the
reconstruction of missing or damaged image areas by filling-in information from the neighboring areas, and disocclusion,
i.e., recovery of object parts that are hidden behind other objects within an image. In this paper an integrated methodology

for the detection and removal of cracks on digitized paintings is presented. The technique consists of the following stages:
e Crack detection.
e Separation of the thin dark brush strokes, which have been misidentified as cracks

e  Crack filling (interpolation).
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METHOD

The method of restoration of cracks on a painting consists of three stages. First, the local minima should be
detected (they can be either cracks or painting brush strokes), by using a morphological high pass operator, called top-hat
transform. A similar technique used for the detection of cracks is presented in [6]. The crack filling procedure must be
applied only on the cracks and not on the dark brush strokes, which are also detected in the top hat transformation
technique. In order to separate these brush strokes from cracks, the differences in the gray values of the cracks and brush
strokes is used. The separation is obtained by classification through the implementation of the back propagation neural
network and fuzzy c-mean classification can also be used for this separation. Finally, crack filling method is proposed
which is based on order statistics filter.

Detection of Cracks

Cracks are the low luminance component of the image, that is, the dark details in the bright background.
Therefore it can be considered as the local intensity minima with rather elongated structural characteristics. Therefore, a
crack detector can be applied on the luminance component of an image and should be able to identify such minima was
presented in [7]. The detection of the cracks can be obtained with the implementation of a very useful morphological filter,
called top-hat transformation. The top-hat transform which is described in [8] is a grayscale morphological filter defined as

follows:
y(x) = f(x) = fus (%) (1)
where f,,5 (x) is the opening of the function with the structuring set nB , defined as:
nB =B@EF@B @F....B (ntimes) 2)

The opening f,,5 (%) of a function is a low-pass nonlinear filter that erases all peaks (local maxima) in which the

structuring element nB cannot fit. Thus, the image f — f,,5 contains only those peaks and no background at all. The

cracks have usually very small luminance. Thus, for extracting the cracks, we must negate the luminance image and then

apply the top-hat transformation. Alternatively, crack can also be detected by performing closing on the original image f(x)

with the structuring set nB and then subtracting f(x) from the result of closing ™ (x).

v(x) = ¥ (x)— f(x) (3)

However, we can control the result of crack detection procedure by choosing the appropriate values of the

following parameters:
e The type and size of structuring element B;
e Number of times the dilation should be done.

These parameters affect the size of the final structuring element nB and must be chosen according to the thickness
of the cracks to be detected. For our results the type of structuring element is square type whereas the size of structuring
element that is used is 3% 3 and the number of times dilation operation is applied on the image is 2 as the thickness of
cracks ranges from 2 to 6 pixels. The top-hat transform generates a grayscale output image t(k,I) where pixels with a large
grey value are potential crack or crack-like elements. Therefore, a thresholding operation on t(k,l) is required to separate

cracks from the rest of the image. The threshold T can be chosen by inspecting the top-hat output histogram, so that only a
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small percentage of the pixels t(k,1) is above it. The thresholding is global, because T is chosen based on global information
is given in [7]. In this case the threshold value T is taken as 23 which is providing good results[6]. The result of the

thresholding is a binary image b (k,I) marking the possible crack locations which generates the crack map.
Crack Classification

In some paintings, there are certain areas where brush strokes have almost the same thickness and luminance
features as that of crack. As brush strokes can be of any color and any thickness depending on the demand of the painting
therefore it can be misclassified as cracks by the top-hat transform. Thus, in order to avoid any undesirable alterations to
the original image, it is very important to separate these brush strokes from the actual cracks, before the implementation of

the crack filling procedure. Two methods to achieve this goal are described as follows:
Classification Using Back Propagation Neural Network

It has been observed by analyzing some paintings that the gray values of cracks usually ranges from 0 to 122.4
while the gray values of the brush strokes may vary from 0 to 255 as brush strokes of any painting can be any value
depending on the color of paint[6]. Thus, a great portion of the dark brush strokes, falsely detected by the top-hat transform
can be separated from the cracks by using this information. This separation can be achieved by classification using a Back
propagation neural network.

Back propagation [9] is a feed forward neural network which usually consists of three layers: input, output and

hidden layer. The following figure shows the generalized back propagation neural network:
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During the training phase, the training data is fed into to the input layer. The data is propagated to the hidden layer

and then to the output layer. This is called the forward pass of the back propagation algorithm. One of the more popular
activation functions for back propagation neural networks is the sigmoid [10], a real function S_: IR — (0,1} defined by

the expression:

1
s5.(x) = Py
In the forward pass, the nodes in hidden layer get input from all the nodes of the input layer, which are multiplied
with appropriate weights and then summed. Similarly each node in output layer gets input from all the nodes from hidden
layer, which are multiplied with appropriate weights and then summed. The output values of the output layer are then
compared with the target output values. As it is the supervised learning the target output values are used to teach the
network. The error of each neuron, which is essentially: target — actual output is calculated and propagated back toward

hidden layer. This is called the backward pass of the back propagation algorithm. This error is then used to change the
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weights in such a way that the error will get smaller and thus the output values will get closer to the target values. During

the testing phase, no learning takes place i.e., weight matrices are not changed. Each test vector is fed into the input layer.

In this implementation, a back propagation network with two outputs is used. The first output represents the class
of cracks while the second one the class of brush strokes. Input vectors that are fed to the network are two-dimensional and
consisted of the gray values of pixels identified as cracks by the top-hat transform. The number of input units depends on
the size of the image as the whole image is divided into smaller regions and any alteration done to these regions does not
heavily affects the whole image. One hidden unit has been incorporated to the neural network. Training is carried out by
presenting the network with the gray values for pixels corresponding to cracks and crack-like brush strokes. The whole
system is trained and an updated weight is calculated for the inputs fed to the network. The weight updation is done based
on backpropagation learning algorithm. This is the supervised training step as the target output is fed to the network which
is calculated using the information of gray values of cracks and brush strokes. The calculated trained weight from the
training phase can then be used to test the network to separate the brush strokes from cracks in the testing phase. Thus the
back propagation neural network will able to classify pixels identified as cracks by the top-hat transform to cracks or brush

strokes.
Unsupervised Crack Classification by Fuzzy C-Means Algorithm

In unsupervised classification we don’t need to provide training data sets, the data is divided in clusters. After
applying top hat transform output is crack map in which there will be some brush stokes classified as crack pixels. In order

to classifying them into their appropriate category, fuzzy c-mean algorithm[22] is applied for unsupervised classification.
Crack Filling

After identifying cracks and separating misclassified brush strokes, the final task is to restore the image using
local image information (i.e., information from neighboring pixels) to fill (interpolate) the cracks. Different approaches for
interpolating information in structured which is discussed in [15]-[19] and textured image areas which is discussed in [20]
have been developed. The technique that is used for the interpolation of cracks in this paper is based on the order statistics
filter. Order statistics filter is a non linear spatial filter whose response is based on ordering or ranking the pixels contained
in an image neighborhood and then replacing the value of the center pixel in the neighborhood with the value determined
by the ranking result. This is implemented on each RGB channel independently and it affects only those pixels which
belong to cracks. This procedure affects only those pixels which belong to cracks. Therefore, the filling procedure does not

affect the useful content of the image.

All filters are selectively applied on the cracks, i.e., the center of the filter window traverses only the crack pixels.

Thus, the crack pixels take values equal to the median of the local observations, i.e. equal to one of the neighboring pixels.
The non linear filters proposed for filling of the cracks are as follows:
Trimmed Mean Filter

A trimmed mean filter excludes the samples x in the filter window, which is considerably smaller from

itr.jts

the local median and averages the remaining pixels.
Fz‘_;l' = [ZEA Dcrs x:‘+n_:l'+s) -"lr (Z ZA Dcrs] (4)

where,
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o= {D’ if med {xi}'}_ Xisrjrs =4
(-3 "
1, otherwise

where, q is a positive parameter.
Modified Trimmed Mean Filter

Modified trimmed mean filter performs mean filtering only on those pixels that are not part of the crack, i.e., it
utilizes information from the binary output image b(k,I) of the top-hat transform. In this case, the filter coefficients as

follows:

oo {n, if bk, 1) =1

1, otherwise

(5)

Alternative Mean Median Filter

In this method alternatively mean filter and median filter was applied on the crack pixels. To avoid smoothing
effect median filter on the overall image pixels can be used. Firstly 13 x 13 mean filter is applied on the crack pixels
followed by 3 x 3 median filter. Recursively size of mean filter will decrease, e.g. 9 x 9 mean filter and size of median

filter will increase, e.g. 5 x 5 median filter.
Variable Median Filter

The problem with the standard median filter method lies on its fixed window size and that there could always be a
possibility that crack pixel count in the local region may exceed the non crack pixel count. This may however, result in
replacing a crack pixel by another crack pixel, thus, failing in our aim. Therefore median filter with varying window size
surrounding the crack pixel were used. The variations depend on the nature of pixels surrounding the crack pixels in the
local region of window. If window is have more than 50% of crack pixels then window size will be increased to 5x5 and

soon.
Controlled Anisotropic Diffusion

Anisotropic diffusion [23] is an image enhancement method that successfully combines smoothing of slowly

varying intensity regions and edge enhancement. Anisotropic diffusion is described by the following Partial Differential

Equation:
dlx, v, t
% = div [ clx, v, t)VI(x,v,t) )
=c(x,y, )AI(x, y, t) + Ve(x,y,t) -VI(x, ¥, t) 6)

where div denotes the divergence operator and V, 4 the gradient and Laplacian operators with respect to the
space variables x,¥ . At each position and iteration, diffusion is controlled by the conduction (or diffusion)
coefficients c(x, v, t).

In order to obtain a numerical solution to the diffusion equation, discretization of the spatial and time coordinates

and approximation of the differential operators by finite difference operators should be performed. A 4-nearest neighbor

discretization of the Laplacian operator can be used:
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I:jl = I:} + -IH-' [Cﬂ; - DJI.J'I + C_:_' 'DSI + CE " DEI + CH;!' " D[-FI]::_._J (7)

1
where 0 = A4 = ;for the scheme to be stable, N, S, E, W are the mnemonics for North, South, East, West and

the symbol I indicates the nearest neighbor differences:

Dy *rz',j:*rz'— 1j *rz',j

Delij=Iliyq; — I
Deli; = li;4 — I

Dwli; = Li;oq — I ®)

The conduction coefficients are updated at every iteration as a function of the brightness gradient:

C,f,—l._j. =g(IDyI; )

¢s,; = g(ll Ds Ij; 1)

cs,, = g(ll DeIf; 1)

Cntw_j - g[ll DW{E}' ”) ¥
The following functiong[-], proposed in [23], has been used in this case:

1
H(E'{j = e (10)
T

The constant K is manually fixed which is taken 30 in this case. In order to fill the cracks, the anisotropic
diffusion algorithm was applied selectively, in neighborhoods centered on crack pixels. All pixels within these
neighborhoods participate in the diffusion process.

However, only the values of the crack pixels are updated in the output image. The experimental results of this
filter are very promising. However, we can have even better results, if we modify the classical anisotropic diffusion filter,
by taking into account crack orientation. For example, if the crack is horizontal we can use only the North and the South
neighbors, because the West and the East neighbors belong also to the crack. In order to find the directions of the cracks,

we apply the Hough Transform [24].
RESULTS

An integrated strategy for crack classification and filling had been presented for digitized paintings. Cracks are

detected by using top hat transform and thresholding operation on cracked painting.

The parameters chosen for this technique are: Structuring element as square, size as 3% 3 and number of dilations

(n) as 2. After top hat transform the result is threshold using the threshold value 23[6]. This will generate the following

results:
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Crack Detection

Figure 2: Result after Applying
Top Hat Transform

Figure 3: Crack Map after Applying Thresholding
The thin dark brush strokes, which are misidentified as cracks, are separated by back propagation neural network
and fuzzy ¢ mean clustering approach. The methods and their results that are used for the separation of misidentified cracks
are as follows:

Crack Classification
Supervised Crack Classification Using Back Propagation Algorithm

The back propagation neural network is implemented on the gray values of the cracked digitized painting using
the information from the binary output image b(k,l) of the top-hat transform.

Figure 4: Original Image ' Figure 5: Crack Map before
Classification
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Unsupervised Crack Classification by Fuzzy C-Means Algorithm

The fuzzy partition is also implemented on the gray values of the cracked digitized painting using the information

from the binary output image b(k,I) of the top-hat transform. This will generate the following results:

Figure : Crack Map after Figure 7: Cracks Map after
Supervised Classification Unsupervised Classification

Crack Filling
Crack filling is performed appropriately by modified order statistics filters. The methodology has been applied for
the virtual restoration of images and was found very effective. The methods and their results that are used for interpolation

are as follows:

Modified Trimmed Mean Filter

Figure: 9: Result after Applying
Modified Trimmed Mean Filter

Figure 10: Cak Map before Filling Fiure 11: rack Map after Filling



Virtual Restoration of Old Digital Paintings 43

Trimmed Mean Filter

Figure 12: Result after Applying  Figure 13: Result after Applying
Trimmed Mean Filter Trimmed Mean Filter
Alternative Mean Median Filter

Figure 14: Result after Applying Figure 15: Result after Applying
Alternative Mean Median Filter  Alternative Mean Median Filter

Alternative mean median filter or trimmed mean filter or trimmed median filter does not depend upon the number
of crack pixels in the filter window. And thus it may replace the crack pixel with another crack pixel. Therefore, a variable

size median filter can be used taking account the number crack pixels in the window.

Variable Size Median Filter

Figure 16: Result after Applying Figure 17: Result after Applying
Variable Size Median Filter Variable Size Median Filter
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Controlled Anisotropic Diffusion

Figure 18: Result after Applying Figure 19: Result after Applying
Controlled Anisotropic Diffussion Controlled Anisotropic Diffusion

CONCLUSIONS

The results presented in this work regard the craquelure of old paintings, however, we find fuzzy classification is

better than back propagation algorithm by visually matching the result with the original image. All algorithms presented

here are tested only on gray paintings. Image processing techniques used to detect and remove crack can be employed to

inspection and/or diagnosis in many scientific field. There are certain aspects of the proposed methodology that can be

further improved. For example; the crack detection algorithm can be applied locally which will select a low threshold

value. Edge detection and segmentation can also be performed which will confine the filling of cracks that cross edges or

region borders to pixels from the corresponding region. Use of image inpainting techniques given in [15] could also

improve results in that aspect.
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