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Abstract. In the paper a new proposal of semi-automatic method of
craquelure detection in old paintings is presented. It is well known, that
craquelure pattern is a unique feature and its character gives a significant
information about the overall condition of the work, progress and cause
of its degradation and helps in dating as well as confirming the authenti-
cation of the work. There exist methods, mostly deriving from other ridge
and valley recognition problems, like geodesic or medical image feature
segmentation based on watershed transform, morphological operations
and region growing algorithm but they sometimes fail because of a com-
plex nature of a craquelure pattern or large scale of an analyzed area.
In this work a method is presented continuing a known semi-automatic
technique based on a region growing algorithm. The novel approach is
to apply a decision tree based pixel segmentation method to indicate the
start points of craquelure pattern. The main difficulty in this mathod is
defining an adequate set of descriptors forming a feature vector for the
mining model.

Keywords: craquelure identification, image segmentation, feature
detection.

1 Introduction

Data mining is defined as an automatic or semiautomatic process of discovering
patterns in data. Machine learning provides the technical basis of data mining
and its application to data mining can be used for prediction, explanation, and
understanding of the rules hidden in the analyzed dataset. The result of learning
is an actual definition of a structure that can be used to classify new entries [21].
Some discussion on the role of artificial intelligence and machine learning in
automatic image understanding may be found in [14] and [19].

Craquelure is a pattern of cracks that appears in a painting during the pro-
cess of aging. Cracks in the paint layer grow as the canvas or wood support of
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the painting moves in response to changes of humidity and temperature. Every
layer of a painting has it’s own distinctive mechanical behaviour, and there-
fore, every layer contributes in it’s own way to the formation of craquelure [18],
[20]. A classification of features for cracks on paintings was made by Stout [18].
Apart from the local features of individual cracks, like the depth or the smooth-
ness of its edges, research was also performed towards defining characteristics of
craquelure patterns. In [6] Bucklow proposed a classification of crack patterns of
paintings into four different categories, representing four paint traditions: Ital-
ian fourteenth/fifteenth-century paintings on panel, Flemish fifteenth/sixteenth-
century paintings on panel, Dutch seventeenth-century paintings on canvas and
French eighteenth-century paintings on canvas. De Willingen in [20] reported a
detailed study of molecular and mechanical issues concerning generation of stress
between paint layers and their influence on formation of crack pattern. Figure 1
is an example of a crack pattern on an oil on canvas 19th century painting from
the collection of the National Museum in Krakow.

Fig. 1. Crack pattern on the detail of 19th century oil on canvas painting (Rafa�l
Hadziewicz, ”Portrait of Wentzl”)

2 Crack Pattern Identification

The nature of a craquelure pattern suggests several methods to be potentially
useful in its identification in a painting. In most cases crack line is an elongated
object, crossed with or split into new lines, distinguishable as a darker (more
rarely brighter) form from the background. However, it might be observed in a
practice, that the direct implementation of any known method meets consider-
able difficulties.

Reticular structure of crossing craquelure lines would suggest implementation
of some border defining algorithm, like watershed method. However, the shapes
created by the lines are not closed, which causes in a worst case that all the
image is flooded and classified as one area, with no dividing lines identified.
Another difficulty is because of the fuzzy nature of craquelure lines - no strict
beginning nor end may be defined objectively. The length of any processed line
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is a subjective choice of the restorer. Furthermore, the gray level of the crack
pattern very often coincides with the gray level of noise or some background
part, so direct threshold implementation is also not possible.

2.1 Top-Hat and Filtering Methods

In automatic selection model cracks are identified by means of a proper filter,
like Gabor filters, or a morphological filter called top-hat transform ([1], [2],
[3]). However, with this approach not only cracks, but also brush strokes and
other texture, like wood panel or canvas background could be detected. This
problem is usually solved by discriminating cracks on the basis of shape, rather
than brightness or colour values since, as mentioned before, the later values of
craquelure and noise tend to overlap.

2.2 Region Growing

The semi-automatic method of craquelure separation described by Barni in [4]
and then recalled in [7] is based on a manual selection of at least one starting
point for each separated piece of a craquelure pattern. Then an iterative process
is run to expand the structure according to the gradient of pixel values. This
approach is adequate due to the character of a craquelure pattern which is formed
of linear, continuous shapes. Efficiency of this method is high as long as the
pattern is regular. Ragged, torn structure causes that much more initial points
have to be indicated, thus making the method less convenient in use.

3 Decision Tree Approach

The novel method is proposed to be a continuation of Barni’s region growing
approach. The main idea is to replace the manual initial points selection by
another process, based on a decision tree application. Mining model is created
upon pixel values of a selected fragment of the painting and then the rules
obtained are applied to the whole image to separate the initial set of craquelure
pixels. Afterwards the region growing step may be applied.

A decision tree is built from a training set, which consists of feature vectors,
each of which is constructed by a set of attributes and a class label. Attributes
are descriptors containing information about the object. A tree is built by de-
termining the correlations between an input and the targeted outcome. After all
the attributes have been correlated, the algorithm identifies the single attribute
that most cleanly separates the outcomes. This point of the best separation is
measured by using an equation that calculates information gain. The attribute
that has the best score for information gain is used to divide the cases into
subsets, which are then recursively analysed by the same process, until the tree
cannot be split any more. Nodes in a decision tree involve testing a particular at-
tribute. Usually, the test at a node compares an attribute value with a constant.
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However, some trees compare two attributes with each other, or use some func-
tion of one or more attributes. Leaf nodes give a classification that applies to all
instances that reach the leaf, a set of classifications, or a probability distribution
over all possible classifications. To classify an unknown instance a path has to
be traced down the tree with respect to the values of the attributes tested in
successive nodes, and when a leaf is reached the instance is classified according
to the class assigned to the leaf ([21],[12]).

Several methods have been proposed to construct decision trees, the initial
being based on CART and C4.5 algorithms. In this work the Microsoft Decision
Trees algorithm has been applied. Details about its construction, requirements
and interpretation may be found in [12]

3.1 Attribute Selection

A set of 30 attributes was chosen to form the feature vector for the preliminary
analysis. Three of them were directly based on red, green and blue channel values
of the image, fourth was the grayscale value. Further values derive from mathe-
matical morphology erosion, dilation, opening, closing, top-hat and bottom-hat
operations with a structuring element radius chosen accordingly to the average
width of a craquelure line. The last set of attributes comes from median and
order-statistic filtering operations performed upon defined neighbourhood.

Training of the decision tree requires manual segmentation of craquelure on
a small, representative area of the image. Pixels denoted as belonging to the
crack pattern construct a binary mask, which is then transformed into a class
label in the feature vector definition. There are two class labels 1 and 0 for
craquelure and non-craquelure pixels respectively. As shown in Figure 2 only a
part of non-craquelure pixels was chosen for further analysis, since according to
mining structure definition rules the proportional participation should be equal
for both classes.

(a) (b)

Fig. 2. Training set definition for a decision tree: (a) - craquelure pixels, (b) - selected
non-craquelure pixels
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3.2 Mining Model Interpretation and Partial Results

A few important observations may be done by analyzing the results of craque-
lure segmentation task done according to the rules obtained by the decision
tree generation. First, the results obtained in the mining model confirmed the

(a) (b)

(c) (d)

(e) (f)

Fig. 3. Initial set of craquelure pixels: (a) - manually defined mask, (b) - top-hat
operation result, (c)-(e) - thresholded top-hat image with different threshold levels, (f)
- decision tree defined mask

adequacy of a top-hat operation as a crack identification method. Top hat value
computed on a grayscale image was recognized as a first splitting attribute in
the model and the split was done into four groups in analyzed case. Pixels of
highest top-hat were classified as craquelure pixels with probability close to 100
percent and these were taken to create the initial set of craquelure without fur-
ther verification. The second split attribute for pixels of lower top-hat value
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appeared to be statistic-order filter with neighbourhoud size biger then of the
structuring element for top-hat operation and value close to first quartile. Only
pixels with low value of order filter were confirmed to be craquelure pixels. Pix-
els with lower top-hat value were excluded from further analysis as not being a
craquelure. Results of the decision tree based classification are shown in Figure
3 with comparison to the results of a pure top-hat method.

As might be observed in the figure, significant amount of noise was auto-
matically reduced in the mask defined upon rules defined by the mining model
comparing to the pure top-hat method. Lowering threshold value can reduce
the noise in the top-hat image, but also limits the number of correctly classi-
fied craquelure pixels. The results show that decision tree classification method
may in some cases give better results since it contains a verification method for
pixels already classified as craquelure pixels by another algorithm. The verifi-
cation method may differ for each analyzed image and is always suggested by
the mining model within the set of methods represented by the feature vector
attributes. In the case discussed above only nodes with significant number of
cases and high probability were taken into further consideration.

3.3 Extension to the Whole Image

In further analysis the classification rules for craquelure pixels obtained by the
decision tree based mining model were applied to the whole image. The results
seen in Figure 4 show that good classification was reached in the whole area
visually similar to the sample defined in the preceding step.

Fig. 4. Decision tree based classification rules applied to the whole image

It may be observed however that not all of the significant craquelure pixels
were identified. That is because the classification rules are strictly fit to the
training area. In further step another sample was added to the mining model
and a new set of rules obtained allowed to separate craquelure in new area (left
part of the image). See Figure 5 to see the result.
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Fig. 5. Result improved by extension of clssification rules set

The discussed approach allowed a satisfactory identification of craquelure pix-
els in the whole area where crack pattern was darker from the background. The
noise was significantly reduced thus letting the obtained mask be a good starting
point for futher analysis of craquelure pattern characteristics. All the dark area,
where cracks appear brighter than the background should be analyzed according
to the newly defined sample and new set of rules generated. This is because the
basic identification step would be rather by bottom-hat, than top-hat operation.

4 Conclusions and Further Work

A new method of craquelure segmentation in old paintings was presented. Data
mining approach was applied to improve the step of identifying the initial set
of pixels for region growing based method. Results obtained brought to three
general conclusions. First, adequacy of a top-hat method for the separation task
was confirmed not only by visual, but also by statistical judgement. Second, the
decision tree based method of initial set identification for region growing method
appeared to give satisfactory results. The manual step was not possible to be
omitted in the method, but in the case of inconsistent (torn) craquelure network
the ratio of work done by the restorer in sample masks definition to the final
result might be better than in manual selection of all the initial pixels. Third, the
noise elimination appeared to be more successful than in a pure top-hat method,
thus the decision tree based craquelure separation algorithm might be used as
an independent method in some cases.

It was shown that one sample mask may be not enough for defining a craque-
lure pattern in a whole image. Such masks should be defined for all significantly
distinguishable background textures. Further research may be lead towards bet-
ter understanding of the influence of sample masks choice to the obtained mining
model rules. The feature vector might be also studied to identify another possible
arguments to improve the separation of craquelure pixels from the background.
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