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ABSTRACT 
 In this paper steps taken for a content-based 
analysis of crack patterns in paintings. Cracks are first 
detected using a morphological top-hat operator and 
grid-based automatic thresholding . From a 1-pixel 
wide representation of crack patterns, we generate a 
statistical structure of global and local features from a 
chain-code based representation. A well structured 
model of the crack patterns allows post-processing to 
be performed such as pruning and high-level feature 
extraction. High-level features are extracted from the 
structured model utilizing information mainly based 
on orientation and length of line segments. Our 
strategy for classifying the crack patterns makes use of 
an unsupervised approach which incorporates fuzzy 
clustering of the patterns.  
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1. INTRODUCTION  
 The availability of effective electronic 
imaging tools, image processing techniques have now 
been used for analysis, preservation and restoration of 
artwork. The growth in the volume of research done 
on image processing related to arts ranging from 
quality evaluation of art images,1 image processing 
tool for art analysis, 2  virtual enhancement as well as 
restoration,3 image retrieval 4 and as an aid for 
conservation.5 As tools for artwork restoration, image 
processing techniques generally serve two main 
purposes. Firstly, it can be used as a guide for actual 
restoration (physical restoration) of artwork or in other 
words, a computer-guided restoration. Secondly, it can 
be used as a tool to produce a digitally restored version 
of the original physical artwork (virtual restoration).3 
The aim of the paper was to provide  collections using 
metadata as well as content-based retrieval of image 
data. One of the image-based requirements is to 
automatically classify the craquelure (cracks) in 
paintings to aid in damage assessment. 
  
 Craquelure in paintings can also be used for 
other research.6 It can be a very important element in 
judging authenticity, use of material or environmental 
and physical impact because these can lead to different 
craquelure patterns. Although most conservation of 

fine artwork relies on manual inspection of 
deterioration signs, the ability to screen the whole 
collection semi-automatically is believed to be a useful 
contribution to preservation. Crack formations are 
influenced by factors including aging and physical 
impacts which also relate to the wooden framework of 
the paintings. It is hoped that the mass screening of 
craquelure patterns will help to establish a better 
platform for conservators to identify the cause of 
damage. 
 Figure 1 shows an example of cracks in 
paintings as an introduction to the type of image being 
discussed. As can be seen the crack patterns are clearly 
visible and can be easily identified by the human 
vision system (HVS). As in the figure, the cracks are 
represented by dark pixels while the background is 
represented by the brighter ones. As far as the HVS is 
concern, segmenting the appropriate crack affected 
regions does not pose a problem as long as the image 
is not highly distorted by noise. To automatically 
segment the image within a certain tolerable error 
range is quite problematic especially when dealing 
with a large collection of crack images with different 
levels of illumination, contrast, noise and intensity. 
Considering the large size of collections, it is difficult 
to monitor every single painting to spot cracks. The 
digitization of painting collections includes 
Xradiographs of paintings, which are better for a 
content-based approach in analyzing the crack 
patterns. This is because they tend to show cracks very 
well after the detection stage is to extract meaningful 
features from the detected cracks for classification 
purpose. “Meaningful” in this scope refers to the 
capability of each feature to distinguish a particular 
type of crack from another. Generally speaking, cracks 
can be classified into many types depending on how  
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they are observed. The relevant classes are the 
probable effect of physical or environmental factors 
might impose upon the paint layer. Support structures 
such as wooden stretcher bars, nails, wedges and 
wooden joints are believed to introduce different 
pattern of cracks. The formation of cracks due to those 
physical factors introduces problems in a way that they 
remain undetected for a long period of time. Although 
the support structures are meant to facilitate 
restoration, their purpose is not fully justified since 
they contribute to the formation of cracks on the paint 
layer. Based on observations, different crack patterns 
are caused by the type of support structure used by 
conservators. The common ones are rectangular, 
circular, spider-web, uni-directional and random 
cracks. The scope of this paper generally falls into 3 
parts - crack detection, feature extraction and data 
classification. 
 
2. CRACK DETECTION  
 Crack-like pattern detection is also known in 
some literature as ridge-valley structure extraction7,8 

have been a matter of high concern among researchers 
mostly for its useful contribution to a variety of 
applications. The presentation here have a much wider 
set of application than just the analysis of paintings, 
however: many images contain similar patterns - 
biological images of veins and tissues, images of 
fingerprints and multi-spectral satellite photos of rivers 
or roads. 
 
2.1. The top-hat transformation 
 Mathematical morphology is a part of digital 
image processing that concerns image filtering and 
geometric analysis by structuring elements. Originally, 
the theory and application of mathematical 
morphology was developed for binary images.9 
Afterwards, the theory was extended to gray-scale 
images. Although binary morphological operations 
serve as useful analytical tools for image analysis and 
classification, they play only a limited role in the 
processing and analysis of gray-level images. Similar 
to the binary case, dilations and erosions are the basic 
operations that define the algebra of gray-scale 
morphology. They are combined to produce the gray-
scale opening and closing operations which are very 
useful and effective set of operations for various 
computer vision application. 
 
A discrete gray-level image, A is defined as a finite 
subset of Euclidean 2-dimensional (2-D) space R2 
whose range is [Nmin,Nmax],  
A : R2 →[Nmin,Nmax] while a 2-D structuring 
element is defined as a function  
 
S : R2 → S where S is the set of neighbourhoods of 
the origin. Gray-scale morphological dilation and 

erosion can be visualized as working with two images 
namely the image being processed A and the 
structuring element S. Each structuring element has a 
specific shape that act as a probe. The four basic gray-
scale morphological operators are defined with respect 
to the structuring element S, scaling factor e, image A 
and point  
Mo � R2. Gray-scale erosion and dilation are defined 
as10: 
          erosion :_e S(A)(Mo) = 
MINM�Mo+e・S(Mo)(A(M)), (1) 
             dilation : δeS (A)(Mo) = 
MAXM�Mo+e・S(Mo)(A(M)). (2) 
 Conceptually similar to the binary case, 
dilation followed by erosion is the closing 
transformation, while erosion followed by dilation is 
the opening transformation and they are defined as10: 
opening : γeS (A) = δeS (_e S(A)), (3) 
closing : ϕe S(A) = _e S(δeS (A)). (4) 
 Cracks can be detected with the 
implementation of a very useful morphological filter, 
known as top-hat transformation developed by 
Meyer.11 These details can be lines or areas with 
particular sizes. Top-hat operators can function as a 
closing or opening operator based on the features we 
wish to extract from an image. Opening tophat 
operators (OTH) will detect bright details in an image 
while closing top-hat operators (CTH) are designed to 
detect dark details. Formulation for OTH and CTH are 
shown denoted by Equations 5 and 6 respectively.10 

OTHeS = A − γeS (A) (5) 
CTHeS = ϕe S(A) − A (6) 
 The top-hat operator can be tuned for 
detection of specific features by modifying two 
important parameters12: 
(a) The shape and the size of the structuring element S. 
A square-shaped or disk-shaped structuring element 
may be used. The size must be chosen carefully based 
on the thickness of the crack to be detected. 
(b) The number of times in which erosion or dilation 
are performed. 
The transformation produces a gray-scale image with 
the desired features enhanced to a certain level. A 
thresholding operation is needed to separate the 
features from the background. 
 
2.2. Grid-based automatic thresholding 
 A single threshold value over the whole 
image is not a good strategy to segment the cracks, 
especially in the case of large crack images. It works 
when the background intensity level is not constant. 
As for the images we are working with, the main 
problem is due to the uneven enhancement of 
suspected cracks as a result of illumination 
inconsistency. One simple strategy to overcome this 
limitation is by performing a technique known as 
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variable thresholding.13 Variable thresholding allows 
different threshold levels to be applied to different 
regions of an image. 
 The image is first sub-divided into smaller 
pre-specified regions with similar sizes. The image is 
divided into regions of even dimensions. The image is 
first zero-padded if its dimension is not a multiple of 
the grid size. The threshold value is then established 
for each region separately using the Otsu algorithm.14, 

15 The Otsu technique is an automatic threshold 
determination technique which is based on 
discriminant analysis. It minimizes the between-class 
variance ratio. Thresholding is performed locally on 
every   sub-image using different values. In another 
term, this technique can be described as a grid-based 
automatic thresholding. Instead of using a global 
threshold, the enhanced crack image is locally 
processed, thus weak cracks are better detected. 
However, the extra care has to take  in choosing the 
dimension of the grids. Very small grids will result in 
the emergence of unwanted noise in the thresholded 
image since the assumption made prior to the process 
is every grid should contain cracks (the object and the 
background). Even if a region in reality does not 
contain cracks, the algorithm will produce spurious 
features to appear since the threshold will emerge to 
be extremely low in these regions. The prime objective 
of tessellating the images into square grids is to deal 
with illumination inconsistency. Even after 
enhancement, the desired output of the CTH technique 
does not totally solve this problem. Assuming 
consistent illumination within the square regions, the 
grid-based automatic thresholding ensures that the 
threshold values are automatically determined for each 
square area. 
 
3. HIERARCHICAL CRACK NETWORK 
STRUCTURING AND REPRESENTATION 
 A crack following algorithm is applied on a 
thinned (down to 1-pixel wide) crack detected image. 
Statistical data are collected as it “runs” along the 
lines. This feature extraction approach collates 
statistical information while marking important points 
such as junctions and end points. The Freeman chain-
code16 has been used for various image processing 
algorithms including finding features of curves/lines. 
We employed a similar scheme to record the direction 
of the crack pixels. The 8-connected Freeman chain 
coding uses a 3-bit code 0 ≤ c ≤ 7 for each boundary 
point. The integer c indicates the direction in which 
the next crack pixel is located. Its implementation in 
our approach serves two main purposes, namely 
postdetection filtering/pruning and high-level feature 
extraction. However, unlike most of the applications 
which implement chain-codes, the approach we take 
does not use the 8-connected direction as a means of 
storing and reconstructing a crack structure. It is 

utilized solely for building a structured representation 
of statistical data to allow efficient data access and 
manipulation. Having that, high-level feature 
extraction and crack pruning can be done easily. The 
extracted high-level features are the actual information 
stored as metadata describing the nature of an 
analyzed crack pattern.  The crack following routine 
collates information on the basis that pixels are 8-
connected. In other words, the process starts from one 
point and “follows” a connected route until it detects a 
discontinuity and along the “way” it marks all 
important points. Statistical information are stored 
temporarily in a structured manner where all 8-
connected pixels are regarded as a single entity which 
we name a crack network. The structure of a crack 
network is as shown in Figure 2 where N, M and P 
represent number of crack network, number of joints 
and number of lines respectively. Each crack network 
has its own sub-structures that hold information 
related to junctions and line segments. The number of 
sub-structures depends on how many of these detected. 
The location of junctions is seen as a potentially good 
feature although the best way of manipulating it has 
not yet been looked into. The line segments can also 
act as locally useful descriptors on the basis that a 
single crack network consists of multiple line 
segments connected in a random or regular pattern. 
With reference to Figure 2, the structured networks are 
divided into 2 parts; global features and local features. 
In simple definition, the former refers to statistical 
values which represent a single network while the later 
numerically represent local entities such as junctions 
and line segments. 

Figure 2. Statistically structured crack network. 
 
4. HIGH-LEVEL FEATURE EXTRACTION 
The next approach involves generating meaningful 
features to numerically describe crack patterns. The 
fact that cracks are represented by line segments. The 
arrangements of these line segments are the main 
factor that separate cracks into different pattern 
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classes. Since in most cases crack patterns are formed 
through a combination of line segments, the 
approaches we undertake consider generating 
meaningful local features as an important starting step. 
These local features are then exploited to form global 
descriptors. For analytical purposes, generate higher 
level features based on the global features which is 
called as  image features. This is graphically illustrated 
in Figure 3. 
 
5. CLASSIFICATION 
Data labels in our work are mostly unknown due to the 
subjective nature of the crack patterns. To-date, there 
is no manual classification performed on our sample 
images based on the fact that such action needs high 
level of expertise to get a reliable classification result. 
Furthermore, the number of images that need 
classification is extremely high, thus making the task a 
lot harder. Having these questions in mind, as an 
initial classification step, The work on unlabelled 
images and we adopt a classification approach that 
will conform to this situation. Crack patterns can be 
interpreted in several ways. From a content-based 
view-point, the question to be asked is how we define 
a single crack pattern. Based on Varley’s17 work, 
classification is made on image-toimage basis. In other 
words, all crack patterns in a single image was 
assumed to belong to the same crack class. This is 
fully understood since his work was not at all 
concerned with content-based issues. However, in our 
case, this undefined interpretation of our content of 
interest is an important matter. Real application of 
content-based crack analysis needs processes on very 
large images with hundreds of crack networks and thus 
the interpretation of content must be addressed. 
 To-date, a crack pattern is defined as a single 
crack network. Every crack network is bounded by a 
rectangular box and each of these networks is treated 
as content. Determination of alternative definitions for 
crack pattern is still an on-going work. 
 

6. CONCLUSIONS AND FUTURE WORK 
 Analysis of painting cracks has been a subject 
of interest for decades particularly for fine artwork 
conservators. It is believed that the existence of cracks 
on a painting does in a way relate to the structural 
support framework and physical impacts. In most 
cases, analysis are done manually by experts. A truly 
useful analysis is the classification of painting cracks 
into distinct patterns which can be used as a clue as to 
what really cause the cracks to form. A novel idea of 
applying content-based functionalities to support the 
analysis of painting cracks has been briefly explained. 
The improvements can be made to this stage such as 
using multi-orientation structuring elements but to the 
expense of processing speed. 
 The structured representation of features 
allows flexible and useful operations to be performed 
as witnessed from the crack pruning process and the 
multi-layer feature representation. It is believed that 
hierarchical representation allows cracks to be 
analyzed both locally and globally, a desired criteria 
for a content-based analysis. Intermediate 
representation of crack patterns or in other words, 
combination or merging of crack networks are also 
desirable since patterns vary according to scope of 
view. We plan on testing several “crack merging” 
strategies to merge features belonging to separate 
crack networks based on proximity rules and pattern 
similarities. 
Uncertainties and lack of prior knowledge are the main 
problems in the classification stage. These originated 
from the lack of labelled data and random presence of 
cracks in a certain image. A  straightforward clustering 
algorithm alone can not predict the number of center 
points one can expect from a clustering process. 
Number 
of classes or clusters in a process should be 
automatically determined. Our next challenge is to 
resolve this problematic situation. 
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