
Project Objective: Results and Data 
Analysis:

Craquelure Classification Using a Convolutional Neural Network

Methodology:

Interpretations and Conclusions:

The objective of the project is to 
use a convolutional neural 
network to classify paintings 
based on their distinct patterns of 
cracks, or craquelure.

● Download 100 images of paintings from each region
● Transform images to enhance cracks
● Develop an algorithm for a convolutional neural 

network to recognize characteristic regional 
craquelure 

● Code the convolutional neural network with algorithm, 
use transformed images to train it

● Use 20 images, 5 for each type of craquelure, to test 
the convolutional neural network.

The objective of the project is to develop a 
convolutional neural network to classify paintings 
based on their distinct patterns of cracks, or 
craquelure. This objective was met. The CNN could 
accurately determine the location of origin of 20 
paintings with at least 75% accuracy.

Accuracy Percentage, 
%

French 87.061

Italian 83.466

Flemish 85.2635

Dutch 77.246



Introduction

Painting is a long tradition stretching back at least 40,000 years. Over its long 
tradition,  it has evolved immensely, from drawings on cave walls to realistics 
masterpieces worth millions of dollars. Some of these paintings are so old that 
they have developed cracks in the paint. These cracks may seem random but are 
actually distinct. These patterns in the cracks of the paint are called craquelure. 

All paintings used to train the model

Image Credit:
https://en.wikipedia.org/wiki/File:Jean-Baptist
e_Sim%C3%A9on_Chardin_007.jpg

Image Credit:
https://en.wikipedia.org/wiki/Jean-Baptiste-Sim%C3%A9on_Chardin#/
media/File:Soap_Bubbles_1733-5_Jean-Baptiste-Simeon_Chardin.jpg

Image Credit:
https://www.nga.gov/collection/art-o
bject-page.71349.html



What is craquelure?

Craquelure is the distinct patterns of 
cracks that form in painting. These 
cracks are determined by many 
factors, the most prevalent being the 
drying process, materials of the paint, 
and what the painting was painted on. 
Over time, these factors became 
characterized by regions. There are 4 
distinct craquelure patterns from 4 
regions. These regions are, Dutch, 
French, Flemish, and Italian. 

Image Credit:
homexyou.com



Characteristics of Craquelure● Dutch craquelure has jagged smooth 
perpendicular, relative to the canvas, lines. 
The lines meet at square junctions. The 
Dutch pieces with this kind of craquelure 
are mostly painted in the 1600s. 

● Flemish craquelure contains parallel, in 
relation to the wood grains it was painted 
on, lines. These also have square junctions 
and were painted between the 1400s and 
1600s. 

● French craquelure is characterized by 
curved lines not following a direction. They 
usually appear with rippled circles and are 
most commonly painted in the 1700s.

● Finally, Italian craquelure has 
perpendicular, in relation to the wood grains 
it was painted on, lines and looks very 
similar to Flemish craquelure. The Italian 
craquelure paintings were made between 
1300s and 1500s. Image Credit:

https://www.hki.fitzmuseum.cam.ac.uk/projects/cracks2



Neural Networks

There are usually three types of nodes, an 
input, hidden, and output node. 

● The input is the information that is given. 
In this case it is an image. 

● The hidden nodes, in their most basic 
form, take information from the input 
nodes and either activate or don’t. 

● Depending on the amount of layers, the 
state of the node would be passed onto 
all of the nodes in the next layer. Each 
node gets the information from all of the 
nodes in the previous layer. 

● This process continues until it reaches the 
output layer where, in this project, it 
determines its confidence value on each 
region a painting could have originated. 

Depiction 
courtesy of 
researcher



Convolution Neural Networks

CNN is a specialized type of neural 
network because of the unique 
techniques it uses. For example, 
some CNNs use a technique called 
maxpooling. Maxpooling begins with a 
group of values (pixels), determines 
the maximum value of the group (of 
pixels) and correlates that as the 
value of one (pixel). This reduces the 
amount of parameters that the CNN 
requires to learn; effectively making 
the convolution neural network more 
efficient and more accurate.Image Credit:

Application of Transfer Learning Using Convolutional Neural 
Network Method for Early Detection of Terry’s Nail



Black Top-Hat Transformation

Black top-hat image processing transforms 
an image so that it brings out the elements 
in an image that are smaller and darker. 
This is a perfect transformation for the 
darkened and small cracks found in the 
older paintings. This image transformation 
also helps the CNN algorithm draw 
connections solely between the cracks and 
nothing else in the image. This 
transformation increases the developed 
convolution neural network accuracy and 
speed. 

Image Credit:
homexyou.com

Image Credit:
homexyou.com Edited by Research using a Black Hat Image 
Transformation



Project Objective

The objective of the project is to develop a convolutional neural network to classify 
paintings based on their distinct patterns of cracks, or craquelure to the region for 
which the painting originated.

Image Credit:
https://towardsdatascience.com/a-comprehensive-gui
de-to-convolutional-neural-networks-the-eli5-way-3bd
2b1164a53, and edited by researcher

French

Dutch

Flemish

Italian

Proposed CNN sequence to classify 
craquelure of paintings



Methodology



Results

Average accuracy 
percentages of the CNN

Accuracy 
Percentage

French 87.061
Italian 83.466

Flemish 85.2635
Dutch 77.246

This is a graph of 4 paintings all painted in separate regions and the 
Convolution Neural Networks Confidence on which is which.



Conclusion and Analysis

The objective of the project was 
to develop a convolutional neural 
network to classify paintings 
based on their distinct patterns 
of cracks, or craquelure. The 
objective was met. 

The developed CNN could 
accurately determine the 
location of origin of 20 paintings 
with at least 75% accuracy.



Conclusion and Analysis Continued
The CNN was most accurate with the French 
craquelure at 89% accuracy. The CNN was 
least accurate with the Dutch craquelure at 
77% accuracy. 

Graphs of all of the 20 images tested and the confidence 
percentage values the CNN had in each

The French craquelure pattern is very different from 
the other craquelure because it has random and 
curved lines. The reason for the high accuracy of 
the French craquelure pattern is most likely due to 
the very distinct pattern that is the French pattern.



Conclusion and Analysis Continued

Other craquelure patterns from other regions are 
characterized by generally straight lines and 
commonly have square-like junctions. Since, the 
French craquelure is so distinct it means the CNN 
is less likely to find the other craquelure patterns 
as French. 

Graphs of all of the 20 images tested and the confidence 
percentage values the CNN had in each

The reason for the Dutch low accuracy is 
most likely due to the similarity between the 
Dutch and Flemish style of vertical cracks, as 
well as the Italian style of branches that can 
sometimes become horizontal cracks.



Implementations and Limitations of the Developed CNN

Implementations: As time goes on, more things are being uploaded to the internet. There are also more 
intricate digital projects which are started that are hosted on the internet. Of these ,Google Arts and 
Culture, is a database that has archived works in over 2000 museums. With all of the works that are being 
archived, classification of paintings can be a time consuming process. With the CNN that was developed 
in this project it can add another minutia to the  classification of paintings and  provide efficiency to 
existing classification techniques.

Limitations:
● Images need to have a good 

resolution of the craquelure, 
● CNN can only determine craquelure 

from four regions, and,
● CNN can only identify paintings from 

select time periods. 
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