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Start time End time Authors Title

8:30 9:00 Registration

9:00 9:10 Conference welcome and logistics

Plenary Chair: I. Daubechies 

9:10 10:00 John Delaney Multi-modal imaging spectroscopy of paintings and illuminated 

manuscripts

Session 1

10:00 10:20 Zahra Sabetsarvestani, Francesco Renna, Franz 

Kiraly, and Miguel Rodrigues

Un-mixing X-ray images with the application in art investigation

10:20 10:40 Jan Blažek, and Barbara Zitová Information separation in art investigation: A survey

10:40 11:00 Shaoguang Huang, Bruno Cornelis, Bart 

Devolder, and Aleksandra Pizurica

Paint loss detection via kernel sparse representation

11:00 11:20 Coffee break

Session 2 Image processing for Photography Chair: S. Jaffard

11:20 11:50 Patrice Abry Anisotropic multiscale representations for an automated and reproducible 

analysis and classification of photographic paper

11:50 12:20 Henri Maître Automatic appreciation of aesthetics in photography: Where are we going?

12:20 13:40 Lunch

13:40 13:50 Group picture

Session 3 Poster pitches Chair: L. Platisa

13:50 13:55 Marie d'Autume, and Enric Meinhardt-Llopis Disrobing Adam and Eve with the linear osmosis model

13:55 14:00 Ana Martins “NO CHAOS, DAMN IT!” Extracting paint maps from Macro-X-Ray 

Fluorescence scanning data to deconstruct Jackson Pollock’s “action 

painting” in Number 1A, 1948

14:00 14:05 Rasha Ahmed Shaheen, Mona Fouad Ali, 

Medhat El-Dabaa

Documentation and digitalizing of royal albumen photographic collection of 

King Farouk, dating from the 19th Century

14:05 14:10 Gjorgji Strezoski, and Marcel Worring OmniArt: A large scale artistic benchmark

Session 4 Imaging tools for artwork diagnostics Chair: M. Martens

14:10 14:40 Hélène Dubois The conservation of the brothers van Eyck’s Ghent Altarpiece

14:40 15:10 Ella Hendriks Transforming conservation

Session 5 New initiatives and collaborations Chair: M. Rodrigues

15:10 15:40 Daniele Zavagno The Visual Science of Art conference: History and aims

15:40 16:00 Collaborative projects

Massimo Fornasier Mantegna Project 4.0: Some novel directions over the work done in the 

Mantegna Project

Miguel Rodrigues Transforming art study, conservation, preservation, and presentation via 

digital technology

16:00 Coffee

16:00 17:00 Session 6 Posters & Demonstrators Chair: L. Platisa

Poster presentations                                                                    Corresponding to the pitch presentations from Session 3   

Laurens Meeus Fast and accurate paint loss detection using deep learning

Gjorgji Strezoski ArtSight: A visual artistic data exploration engine

Roman Sizyakin Detection of cracks in paintings using deep learning

17:00 17:30 Visit to the Ghent Altarpiece restoration studio at the MSK

Evening program

17:30 19:00 Boat & walking tour through the heart of Ghent

19:00 22:00 Conference dinner

Evening presentation by Ingrid Daubechies: Reunited: a digital and art-historical adventure

Combining different imaging modalities to uncover hidden features in paintings                                   Chair: A. Pizurica

Image Processing for Art Investigation Workshop 2018 Program

Fernand Scribedreef 1, 9000 Ghent, Belgium

Auditorium of the Museum of Fine Arts (MSK) in Ghent

June 21-22, 2018

Thursday June 21, 2018

Demonstrators
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Start time End time Authors Title

Session 7

9:00 9:30 Koen Janssens Paintings’ alternations in the past and in the future: Non-invasive X-Ray 

based imaging of subsurface information and how to improve upon it 

9:30 9:50 Barak Sober Iron  age  Hebrew  epigraphy  in  the  silicon  age  - An  algorithmic  

approach  to  study  Paleo-Hebrew  inscriptions

9:50 10:10 R. van Liere, K.J. Batenburg, A. Kostenko, C-L. 

Wang, and I. Garachon

Imaging ancient Chinese ivory puzzle balls: deducing the make Process

10:10 10:30 Ellen van Bork, and Bruno Cornelis The Monitoring of Cracks in Historical Silver with Image Processing 

Techniques

10:30 10:50 Coffee break

Session 8 Frescoes Chair: E. Hendriks  

10:50 11:20 Dubravka Đukanović and Siniša Zeković The renovation and protection of the rich cultural and artistic heritage of 

the Hilandar monastery

11:20 11:50 Massimo Fornasier The Mategna frescoes in Padua: Computer assisted puzzle solving and 

recolorization

11:50 12:10 Simone Parisotto, Luca Calatroni, and Claudia 

Daffara

Mathematical osmosis imaging for multi-modal and multi-spectral 

applications in cultural heritage conservation

12:10 13:30 Lunch

Session 9 Virtual restoration Chair: M. Fornasier

13:30 14:00 Carola-Bibiane Schönlieb Unveiling the invisible - mathematical approaches for virtual image 

restoration

14:00 14:20 Nanne van Noord and Eric Postma Pixel context encoders for painting region inpainting

Session 10

14:20 14:40 Laurens Meeus, Shaoguang Huang, Bart 

Devolder, Maximiliaan Martens, and 

Aleksandra Pizurica

Deep learning for paint loss detection: A case study on the Ghent 

Altarpiece

14:40 15:00 Roman Sizyakin, Bruno Cornelis, Laurens 

Meeus, Maximiliaan Martens, Viacheslav 

Voronin, and Aleksandra Pizurica

A Deep Learning Approach to Crack Detection in Panel Paintings

15:00 15:30 Eric Postma Improving the reliability of CNNs for digital artwork analysis

15:30 15:40 Closing remarks

Deep learning techniques for digital artwork analysis                                                                                 Chair: K. Janssens

Imaging as a tool in understanding creation of the artwork                                                                             Chair: P. Abry

Friday June 22, 2018



IP4AI 2018   Plenary 

6 

 

John K. Delaney is senior imaging scientist in the scientific research 

department of the conservation division of the National Gallery of Art, 

Washington. His research focuses on the adaptation of remote sensing 

sensors and processing methods for the study of paintings and works 

on paper. Before joining the Gallery, Delaney was chief scientist for 

the Advanced Sensors Business Unit of the ISR Airborne Systems 

Division of the Goodrich Corporation. He received his BS from the 

Worcester Polytechnic Institute and his PhD from the Rockefeller 

University, and he completed postdoctoral studies at the University of 

Arizona and the Johns Hopkins University School of Medicine. 

Delaney has published more than 75 papers in the areas of imaging and 

spectroscopy. 

When Delaney joined the Gallery in 2007 thanks to funding provided 

by the Andrew W. Mellon Foundation, the Gallery became the first art 

museum to have an imaging scientist on staff. In his role as senior imaging scientist, Delaney was tasked with 

developing and adapting remote sensing imaging cameras and methods and using those advanced digital imaging 

methods to obtain new information that could be used for conservation and art historical research. Following the 

end of the Mellon grant–funded position, Delaney permanently joined the Gallery in 2011. In the years since, 

Delaney and colleagues in the scientific research department have optimized hyperspectral visible and infrared 

imaging cameras and image processing to better visualize painted-over compositions and map the distribution of 

pigments. Additional funding from the Mellon Foundation, Samuel H. Kress Foundation, and National Science 

Foundation has supported the ongoing training by Delaney of fellows in new advanced imaging methods. 

In addition to his work at the Gallery, Delaney also served as a research professor in the Department of Electrical 

and Computer Engineering of the School of Engineering and Applied Science at the George Washington 

University from 2011 to 2013. He is also an associate editor of Heritage Science and was previously an associate 

editor of Studies in Conservation from 2010 to 2017. 

 

 

 

Multi-modal imaging spectroscopy of paintings and illuminated manuscripts 

John K. Delaney, and Kathryn A. Dooley 

The use of non-invasive point measurements with multiple modalities has been shown to yield more complete 

identification of artist materials’ in situ. For example, the combination of x-ray fluorescence elemental analysis 

combined with molecular reflectance and fluorescence spectroscopy can provide information on colorants (both 

inorganic and organic lake pigments) as well as paint binders. Extending this to collect 2-D spatial maps with 

each modality offers unique opportunities to mathematically combine, or fuse, the information derived from all 

the image cubes to yield material maps with higher confidence, as well as provide new image products. In this 

talk we will describe the instrumentation used to acquire such 3-D data sets and show examples of information 

that can be derived from them. The multi-modal imaging system is able to provide XRF image cubes, diffuse 

reflectance image cubes  (400  to  2500  nm),  as  well  as  molecular  luminescence  image  cubes  (400  to  1000 

nm). Using  a  novel  image  registration  program  developed  with  George  Washington University, these image 

cubes can be spatially aligned with the color image, x-ray radiograph, etc. The case studies will highlight the 

potential to mine these data sets for new information. For example, an improved model for ‘virtual removal of 

aged varnish’ will be presented, which was derived from visible reflectance image cubes collected before and 

after the removal of an  aged  varnish  on  a  painting  by  Georges  Seurat  titled Haymakers  at  Montfermeil,  c. 

1882. Other examples will include improved visualization of prior paintings which have been painted over, such 

as the Spanish woman beneath Pablo Picasso’s Blue Period painting Le Gourmet, c. 1901, and earlier drawn and 

painted features found in Andrea del Sarto’s painting Charity, c. 1528 or 1529 that relate to another of his 

paintings. Improved material maps obtained by fusion of XRF elemental maps with pigment maps obtained from 

reflectance imaging spectroscopy of Pacino di Bonaguida’s illuminated manuscript titled Christ in Majesty with 

Twelve Apostles, c. 1320 will also be shown. Finally, all three imaging modalities were used to understand the 

artist’s materials and methods used to create an encaustic Greco-Roman portrait painting from the 2nd century AD 

Egypt. The increasing availability of such image cubes collected in several modalities offers new opportunities 

for the development of new processing algorithms which will be expected to yield new information about 

important cultural objects. 
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Patrice Abry is currently «Senior Scientist» (Directeur de Recherche) for the French 

National Center of Scientific Research (CNRS) at Ecole Normale Supérieure de Lyon, 

France, where he is in charge of the « Signal, System and Physics » statistical signal 

processing research group, within the Physics department. He received the degree of 

Professeur-Agrégé de Sciences Physiques, in 1989, at Ecole Normale Supérieure de 

Cachan and the Ph. D. degree in physics and signal processing from the Claude-

Bernard University, Lyon, France, in 1994.  

Patrice Abry has developed a long standing research program dedicated to the 

multiscale statistical analysis and modelling of scale-free phenomena. His researches 

are motivated by strong interests in integrating theoretical and applied developments, 

with real-world applications including, hydrodynamic turbulence, Internet traffic, 

heart rate variability, neurosciences. 

He is the author of a book on wavelet, scale invariance and hydrodynamic turbulence 

and is also the co-editor of a book entitled Scaling, Fractals and Wavelets.  

Dr. Abry received the AFCET-MESR-CNRS prize for best Ph.D. in signal processing for years 1993–1994. He 

serves in the IEEE SPS Signal Processing Theory and Methods Committee since 2014 as well as in the French 

National Committee for Scientific Research (CoNRS) since 2017. He was also elected IEEE fellow in 2011. 

 

 

 

Anisotropic multiscale representations for an automated and reproducible analysis and classification of 

photographic paper 

Patrice Abry (CNRS DR, Laboratoire de Physique, ENS de Lyon),  Stéphane G. Roux, Nicolas Tremblay, Pierre 

Borgnat (Laboratoire de Physique, ENS de Lyon, France), Stéphane Jaffard (LAMA, Université Paris-Est Créteil, 

France),  Herwig Wendt (IRIT, Université de Toulouse, France), Béatrice Vedel (LMBA, Université de Bretagne 

Sud, France), Andrew G. Klein (Western Washington University, USA), C. Richard Johnson (Cornell University, 

USA), Paul Messier (Yale University, USA), Jim Coddington and Lee Ann Daffner (MoMA, USA)  

Surface texture is a critical feature in the manufacture, marketing, and use of photographic paper. Hence, texture 

characterization of photographic prints can provide scholars with valuable information regarding photographers’ 

aesthetic intentions and working practices. Currently, texture assessment is strictly based on the visual acuity of 

a range of scholars associated with collecting institutions, such as conservators. Natural interindividual 

discrepancies, intraindividual variability, and the large size of collections present a pressing need for computerized 

and automated solutions for the texture characterization and classification of photographic prints. Recently, an 

automated and digital raking light procedure has been designed (by P. Messier et al.) that reveals texture through 

a stark rendering of highlights and shadows.  

The present work aims to provide evidence that the combination of this automatic, computer-based raking light 

based measure of texture with advanced anisotropic multiscale image processing representations permits to 

achieve relevant characterization and classification of photographic paper textures. The intuition behind 

anisotropic multiscale representation, originally developed for measuring rugosity, or irregularities, in physics 

and biomedical applications, consists in analyzing a texture across a collection of views at different scales, or 

resolutions and relies on a change of paradigm: The information is not extracted in what is seen at each scale, but 

rather in how what is seen changes when scales vary.  

In this work, this recent statistical image processing tool is customized for and applied to two different 

photographic paper datasets. For proof of concept, it is first applied to a small-size reference data set of historic 

(silver gelatin, 120 prints) photographic papers that yet combines in purpose several levels of similarity. Second, 

it is used on a large data set (2491 prints) of culturally valuable photographic prints held by the Museum of Modern 

Art in New York. The promising results achieved with this fully automatized and non-supervised procedure for 

the characterization and clustering of photographic paper are interpreted in collaboration with art scholars with an 

aim toward developing new modes of art historical research and humanities-based collaboration.  
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Hélène Dubois is a painting conservator and art historian. She 

trained at the Université Libre de Bruxelles and at the Hamilton Kerr 

Institute, University of Cambridge (UK). She worked at the 

Doerner-Institut in Munich, the J. Paul Getty Museum in Malibu, 

the Royal Museums of Fine Arts in Brussel and the Limburg 

Conservation Institute in Maastricht where she taught conservation 

of Old Masters Paintings. Attached to the Royal Institute for 

Cultural Heritage in Brussels (KIK-IRPA) and to Ghent University 

(UGent), she leads the conservation project of the brothers van 

Eyck’s  Adoration of the Mystic Lamb since October 2016 and is 

researching the material history of the altarpiece for a PhD 

dissertation at Ghent University. 

 

 

 

 

 

 

The Conservation of the Brothers van Eyck’s Ghent Altarpiece 

Hélène Dubois 

Since 2012, the Royal Institute for Cultural Heritage of Belgium has been in charge of the conservation treatment 

of the brothers van Eyck’s altarpiece of the Adoration of the Mystic Lamb (1432). This monumental masterpiece 

has been admired for centuries for its stunningly convincing suggestion of space and light, materials and 

expressions, reflecting extraordinary sensibility and level of technical accomplishment that determined the course 

of western European painting. The tumultuous material history of the altarpiece, marked by wars, civil unrest, 

fires, changes in tastes and values has deeply influenced its condition and its appearance. The conservation 

campaign is carried out in public view by a team of conservators in the Ghent Museum of Fine Arts. The 

discoveries carried through multidisciplinary research involving the conservators, chemical analysis, technical 

imagery, archival and art historical investigations reveal completely unknown, yet fundamental facets of the 

altarpiece. 

This paper will illustrate the discovery of early overpainting campaigns, the diagnostic of the condition the original 

paint layers and the recovery of the original. 
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Dubravka Đukanović, associated professor at the Academy of Arts in 

Novi Sad, University of Novi Sad, Master Academic Study Program 

Conservation and Restoration of works of fine and applied arts. Research 

fellow of the Institute of Architecture and Urban & Spatial Planning of 

Serbia. Architect with more than twenty years of experience in designing 

and conservation. Owner and leading designer of Studio D’ART. Senior 

Expert Architect in the HTSPE-Eurotrends Expert Team for the 

implementation of the EU project for the rehabilitation of the complex of 

the Franciscan Monastery in Bac. Author of a number of papers in the 

national and international professional and academic journals, co-author 

of several publications and author of two monographs – Serbian Orthodox 

Churches of the XVIII and XIX Centuries in Backa (2009) and Architecture 

of Roman Catholic Churches in Vojvodina from 1699 to 1939 (2015). 

Winner of the annual “Ranko Radović Award” for 2010 in the field of the 

theoretical texts as well as several prizes at national competitions in the field of architectural and urban planning. 

Member of the Chamber of Architects of Serbia, DANS, Society of Conservators of Serbia, IIC and Serbian 

National Committee of ICOMOS.   

 

 

 

The renovation and protection of the rich cultural and artistic heritage of the Hilandar Monastery 

Dubravka Đukanović (Academy of Arts in Novi Sad, University of Novi Sad, Serbia) and Siniša Zeković (The 

Provincial Institute for the Protection of Cultural Monuments, Petrovaradin, Serbia) 

For contemporary art conservation practice, the renovation and protection of the rich cultural and artistic heritage 

of the Hilandar Monastery is a great and complex challenge. The access to the material is granted only under 

specific conditions and the works can only be performed in the intervals between daily rituals. Due to the specific 

circumstances and inability to take the objects outside the territory of Mount Athos, the application of modern 

research, and especially conservation techniques, was  limited  to  in situ examination,  using  mobile equipment  

of  small  dimensions,  limited  analysis  of  movable  samples  for  laboratory diagnostics and techniques of 

conservation-restoration work applicable in the conditions of fieldwork.  

Apart from conservation works on numerous individual items, the experts from the Provincial Institute have 

completed three total reconstructions of iconostases since 2004, while a team of experts from the Provincial 

Institute has been commissioned since 2015 on the protection of decorations and most valuable sacred items, kept 

in the main facilities of the monastery – the church of the Entrance of the Blessed Virgin Mary into the Temple 

(1321) and the Grand Dining Room (XII-XIII). The multiannual conservation works on the throne featuring the 

icons of the Virgin with Three Hands, St.  Nicholas and Holy Three Hierarchs, which cover the southwest stone 

pillar started in 2017. It the first phase, the third zone of engraved, gilded elements was conserved and restored. 

The degree of damage of the icon on the east throne – the Virgin with Three Hands (XIV) was established with 

visual inspection, while a more detailed analysis is planned for the forthcoming period.  

The analysis of hidden layers may bring new findings about historical facts and events on the territory of medieval 

Serbia. One such object is King Milutin’s Charter, written in 1324. The text of the charter, written on a parchment, 

was “repainted” by Bulgarian monks from Mount Athos at the beginning of the 19th century. It is still not known 

whether the new base contains a copy of the original text or whether the content of the text was changed. The 

original letters and signs are visible on the parts of the parchment from which the newly-applied layer has fallen 

off. Determining the content of the original text would be of great art-historical and iconographical value. The 

ultimate goal of our work is to determine adequate methodology that would allow the conservators to implement 

the methods of contemporary conservation in the specific working conditions in the monastery. 
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The research of Massimo Fornasier embraces a spectrum of problems in 

mathematical modeling, analysis and numerical analysis. Fornasier is particularly 

interested in the concept of compression as appearing in different forms in data 

analysis, image and signal processing, and in the adaptive numerical solutions of 

partial differential equations or high-dimensional optimization problems. 

Fornasier received his doctoral degree in computational mathematics in 2003 from 

the University of Padua, Italy. There he worked also for the realization of the 

Mantegna Project, i.e., the complete restoration of the Mantegna's frescoes in the 

Eremitani Church in Padua, which were destroyed by a bombing in World War II. 

After spending from 2003 to 2006 as a postdoctoral research fellow at the University 

of Vienna and University of Rome "La Sapienza", he joined the Johann Radon 

Institute for Computational and Applied Mathematics (RICAM) of the Austrian Academy of Sciences where he 

served as a senior research scientist until March 2011. He was an associate researcher from 2006 to 2007 for the 

Program in Applied and Computational Mathematics of Princeton University, USA. In 2011 Fornasier was 

appointed Chair of Applied Numerical Analysis at the Technical University of Munich. 

 

 

 

The Mategna frescoes in Padua: computer assisted puzzle solving and recolorization 

Massimo Fornasier 

In 1944, near the end of World War II, an allied bombing campaign destroyed the Eremitani church in Padua, 

Italy. The church was famous among art lovers for its magnificent frescoes, which included a series by the early 

renaissance painter Andrea Mantegna (1431-1506). Over 88.000 small pieces of painted plaster, of an average 

area of only 4-5 square centimeters, had been lovingly collected and conserved after the bombing; together, they 

accounted for less than 80 square meters – only a very small fraction of the area covered by the frescoes originally. 

From 1992 onwards, art conservation experts attacked the task of cleaning and photographing every piece, sorting 

them and hoping to reconstruct at least some fragments. The herculean task seemed hopeless – until mathematics 

came to the rescue. We developed an approach that made it possible, for each small piece of plaster that still 

showed an element of the design of the fresco, to find where it belonged exactly. The resulting very fragmented 

and mosaic-like reconstruction of the color scheme of each fresco was then used, via another algorithm, to fill in 

the color information for the whole fresco. 
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Ella Hendriks is full Professor of Conservation and Restoration of Moveable 

Cultural Heritage at the University of Amsterdam, The Netherlands).  

From 1999 to 2016 she was Senior Paintings Conservator at the Van Gogh Museum 

in Amsterdam and from 1987 to 1999 Head of Conservation at the Frans Hals 

Museum in Haarlem. In 2007 she collaborated with Prof. C. Richard Johnson, Jr. 

(Cornell University) to organize the first and second IP4AI conferences held at the 

Van Gogh Museum in Amsterdam and Museum of Modern Art, New York. Since 

then she has been fortunate to collaborate with a broad range of experts in the field 

of image processing for projects ranging from the Thread Count Automation Project 

(TCAP) established in 2007, to ReViGo (Reassessing Vincent van Gogh) within the 

Science4arts programme supported by NWO (2012-2017).  

 

 

 

 

Transforming conservation 

Ella Hendriks 

This presentation broadly considers the ways in which image processing is transforming conservation and 

restoration of cultural heritage in terms of both methods and approach. At the University of Amsterdam 

conservation and restoration training programme, past years have witnessed an increased demand for image 

processing expertise involved in research and practice across the nine different tracks of specialisation. This 

together with the speaker’s own projects in the field of paintings conservation, provides a representative picture 

of the types of problem that can benefit from collaboration with image processing specialists (in the broadest 

sense of the word). While by no means an exhaustive survey, it provides an opportunity to stand still and evaluate 

this development from a user’s perspective in the context of this sixth IP4AI conference.   

A primary task of the modern-day conservator is to manage undesirable processes of change in cultural heritage 

objects. A limitation is that we can only analyse the present, while to do this we also need to understand the past 

and to predict the future. Increasingly, image processing plays an important role in all three related areas of 

activity, ranging from diagnostics to preventive conservation and treatment. These concepts will be used as a 

convenient way to structure this talk, in which case study examples of image processing application will be 

grouped according to these three, overlapping areas of conservation practice.  

Diagnostics. Image processing-based methods have greatly expanded the range of diagnostic tools available to 

the conservator. One example is automated mapping of thread count and thread angle in woven fabrics, such as 

canvases used in paintings. This combined information is useful to answer art historical questions relating to 

dating, provenance or attribution, but has also proved informative to the conservator as it helps to distinguish 

features belonging to the original object from later damages and alterations, as examples will demonstrate.  

Combined optical and chemical mapping of art works is especially helpful to support process-based analysis in 

conservation. On the one hand it can help to determine whether certain degradation processes have stabilized or 

are still ongoing, information that is crucial to the conservator’s assessment of condition (an example of metal 

soap aggregation will be given). On the other hand it enables the process of conservation treatment to be 

monitored, in order to evaluate its effects as a basis for adaptive decision-making. For example, while still at the 

developmental stage, a combination of optical coherence tomography (OCT) and reflection mid-Fourier Transfer 

Infrared (mid-FTIR) proves highly promising to visualize the progressive effects of varnish removal on a painting, 

mapping both the area and thickness of the layer(s) removed.  

Preventive conservation. A combination of non-invasive, micro-analytical scanning techniques can also provide 

a ‘risk’ mapping of e.g. light sensitive colour areas in paintings (see paper Koen Janssens et al. in this conference). 

Potentially this opens the way for selective lighting of different parts of a painting, or of paintings that belong to 

different risk category groups in a collection, according to their level of vulnerability. A recent development has 

been to model future states of discoloration in digital visualizations that make the problem tangible. In effect, this 

has taken research on pigment deterioration out of the laboratory and into the stakeholder’s office, where the 

visualizations have been used as a basis for discussions on what constitutes acceptable damage and deciding an 

appropriate lighting policy (example Van Gogh Museum).   

Restorations. In the past, a common goal of ‘restoration’ was to return objects to a past, or perceived original 

state. Nowadays we may question the validity of this approach, while the irreversible removal or addition of 

material required to achieve this goal may no longer be considered an ethically viable option. Image processing 

methods can provide an alternative by creating visualizations of former states of an object, without changing the 
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object itself (therefore offering a solution for objects that are too fragile to withstand handling and manipulation). 

These visualizations can take on various forms-  from computer screen images to physical or virtual 3D replicas 

of the object- and allow different options for restoration to be explored. Also, light can be projected onto the object 

itself to perform a ‘virtual restoration’, reversing effects of colour change on the original. Case examples 

considered in this talk will include 3-D reconstructions of (maritime-) archaeological objects, virtual varnish 

removal from paintings, reversal of colour change in painted surfaces using digital visualisations, and light 

retouching of furniture.  

In those instances when it is decided to physically restore objects, incorporating image processing methods can 

help to improve the efficiency, cost and ethics of the restoration procedure, as well as benefiting the result. 

Examples for this talk will include the use of computer generated recipes for non-metameric inpainting of losses, 

and the use of 3-D scanning and casting/printing technologies for loss compensation. It should be noted that while 

new computer technologies may play an important role in treatment, the traditional skills and judgement of the 

trained conservator remain of paramount importance for the quality of the result. The new technologies may be 

seen to complement existing methods, extending the range of possibilities at the conservator’s disposal.  
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Koen Janssens is full professor of general and analytical chemistry at 

the University of Antwerp in Belgium. He obtained his PhD in 1989 on a thesis 

dealing with the use of Artificial Intelligence techniques for automated treatment of 

X-ray analysis data. Since then, he has been actively making use of strongly focused 

X-ray micro- and nano-beams, produced in large accelerator complexes called 

Synchrotron Storage Rings, for non-destructive materials analysis. Such beams are 

useful to gain information on the distribution and speciation state of (heavy) metals 

in polluted natural materials such as soils, sediments and airborne particulates and in 

industrial materials such as heterogeneous catalysts. A combination of X-ray 

fluorescence spectrometry, X-ray absorption spectroscopy and X-ray diffraction 

usually is employed to characterize these materials in 2D or 3D imaging mode. He 

applies the same suite of techniques for better understanding naturally occurring 

alteration and degradation processes in cultural heritage materials such as historic 

glass, inks and painters’ pigments. In recent years, these investigations on the micrometre scale were augmented 

with macroscopic imaging, performed using mobile scanning equipment by means of millimetre-sized X-ray 

beams. Such imagery has proven to be useful for art historians and art conservators in order to understand better 

both the past and future of works of art.K. Janssens is (co)author of ca 240 scientific papers and has served as 

(co)editor of four scientific books, dealing with non-destructive analysis in the cultural heritage area. He has 

organised several conferences on analytical chemistry, X-ray micro beam analysis and its applications. He is 

currently vice-dean of the Faculty of Science of the University of Antwerp. Since 2016, he was appointed ‘Senior 

Scientist’ (hon.) at the Rijksmuseum, Amsterdam, The Netherlands. 

 

 

Paintings’ alternations in the past and in the future: non-invasive x-ray based imaging of subsurface 

information and how to improve upon it 

K. Janssens, G. Van der Snickt, S. Legrand, F. Vanmeert, S. De Meyer 

In the last decade we (and other groups) have developed and applied the method of Macroscopic X-ray 

fluorescence (MA-XRF) imaging to ca 100-150 oil paintings in diverse musea of fine arts in Europe and the US. 

This series includes works by famous 15-19th century artists Flemish and Dutch artists such as Van Eyck, 

Memling, Rubens, Van Dyck, Rembrandt, Magritte and Van Gogh. Also stained glass windows, illuminated 

manuscripts and artistic drawings can be examined by means of MA-XRF to yield information that is relevant for 

different purposes, be it authentication, art-historical study or conservation.  

MA-XRF shares several useful characteristics with commonly employed methods for paintings’ inspection such 

as X-ray radiography (XRR), Infra-red reflectograhy (IRR) and the more recently developed hyperspectral 

imaging methods that make use of camera’s sensitive to parts of the ultraviolet, infrared and visual wavelength 

spectrum: 

(i) While the X-rays employed energize the material in the irradiated spot (< 1 mm) on the artwork during a brief 

(< 1 s) period, no (discernable) damage results; 

(ii) The penetrative x-rays allow to visualize ‘hidden’ layers in altered paintings that, for various reasons, were 

covered up by paint strata during/after the artwork creation 

MA-XRF differs from XRR and IRR in three important ways: 

(a) it is a scanning method, involving stepwise irradiation and spectral data recording, thus taking (substantially) 

longer than XRR, IRR and more modern full-field imaging methods, to record relevant imaging data, typically 

taking 1-10 h per m2 

(b) it provides multiple elemental images of the investigated painting areas, allowing (sometimes only 

approximate) identification of the inorganic pigments that were employed and their distribution at the brushstroke 

level; the largely orthogonal nature of the data usually permits a straightforward interpretation of the data cube.  

(c) its information depth depends on the energy of the X-ray fluorescence radiation employed, varying between a 

few to hundreds of micrometers, which is in a suitable range to allow superficial and subsurface visualization on 

the projected distribution of various elemental constituents while the less relevant structure of the ground 

layer/substrate panels usually is not or only vaguely observed. The strong and weak points of MA-XRF (and its 

more recent extensions) for visualization of different types of paintings alterations will be illustrated by examples 

involving artworks by the above-mentioned painters; in each case, the benefits that might be gained by 

(automated) post-processing of the data, e.g. towards noise reduction, feature extraction and/or visualization of 

anomalous patterns will be addressed. 
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Henri Maître is an emeritus professor at Telecom ParisTech. He has taught there 

digital picture processing, was Head of Department and Deputy Director for 

Research.  

His research included works on digital holography, image analysis, image 

understanding and computer vision, with applications in the domains of medical, 

satellite and fine arts image processing. Present work concerns the relation 

between Aesthetics and Photography.  

 

 

 

 

 

 

Automatic Appreciation of Aesthetics in Photography: Where are we going? 

Henri Maître 

Under the impulse of machine learning techniques, digital aesthetics assessment received a renewed interest in 

recent years. In the last 3 years, deep neural networks outclassed hand-crafted feature methods based on image 

processing and classification. Since then, a handful of studies claim their capacity to separate nice images from 

the run of the mill production and exhibit scores of almost 80 % agreement with human experts. But what do these 

methods measure? Implicitly they are based on the "objectivist" tradition of aesthetics dating back to the Greek 

philosophers, and highly influential on the artistic field up to the 18th century. However, the "subjectivist" point 

of view, as pioneered by Locke and Burke gained in popularity in the 19th and 20th centuries. Rested on the 

psychoanalytic school, then by experimental psychology and social studies, and at last in recent days by neuro-

biology (and the so called "neuro-aesthetic" trend), the "subjectivist" school gained in support in the scientific 

community, ... but not in the image-processing  and artificial intelligence body! We will show how the history of 

"scientific beauty evaluation" since the early works of C. Henry (1885) and G. Birkhoff (1933) until DNN is 

indeed following an identical slope where only few attention is paid to the viewer when most of the literature on 

aesthetics tells us that other tracks may be more valuable.   
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Eric Postma is a professor in Artificial Intelligence at the Cognitive Science 

& AI department at Tilburg University and at the Jheronimus Academy of Data 

Science in ‘s-Hertogenbosch. 

He received his M.Sc. in 1989 at the University of Nijmegen; his thesis about 

a connectionist model of implicit and explicit memory was largely based on an 

internship at Leiden University. His Ph.D. in 1994 at Maastricht University 

concerned a biologically inspired model of covert attention and it served as an 

inspiration for his current research, which focusses on the use of data science 

(machine learning) in image recognition and cognitive modelling. 

In 2008 Postma and his team ranked second in the annual “Academische 

Jaarprijs” with a presentation on the breakthroughs of digital painting analysis. 

Together with Laurens van der Maaten, he received the AAAI-08 Most Innovative Video Award for a scientific 

video of the digital painting analysis. Currently, Postma is coordinating the REVIGO project. Over the years, his 

main interest remained human perception and cognition, and the modelling thereof with AI techniques. Professor 

Postma (co-)supervised some 70 M.Sc. and 20 Ph.D. students. He has published in numerous cognitive science 

and AI journals. 

 

 

 

 

Improving the reliability of CNNs for digital artwork analysis 

Eric Postma 

The use of convolutional neural networks (CNNs) for the digital analysis of artworks is now commonplace. 

Although CNNs achieve superior performance in a wide variety of visual tasks, their internal models are fallible 

which can give rise to erroneous predictions. CNNs misclassify adversarial instances (i.e., dataset instances that 

are intentionally distorted by small perturbations), which indicates that their successful performances on visual 

tasks are based on visual cues that are inferior to those of humans. Clearly, this limitation of CNNs hampers their 

applicability on the domain of digital artwork analysis. The presentation reports on our attempts to encourage 

CNNs to employ human-like visual cues. We show that more human-like cues give rise to improved predictions 

and strengthen the ability to deal with adversarial instances. With the improvement, CNNs become more suitable 

to support in the analysis of artworks. 

  

https://www.tilburguniversity.edu/education/bachelors-programs/cognitive-science-and-artificial-intelligence/
https://www.tilburguniversity.edu/education/bachelors-programs/cognitive-science-and-artificial-intelligence/
http://www.tilburguniversity.edu/
http://www.jads.nl/
http://www.jads.nl/
https://lvdmaaten.github.io/
https://www.nwo.nl/en/research-and-results/research-projects/i/62/8162.html
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Carola-Bibiane Schönlieb is a Reader in Applied and Computational Mathematics 

at the Department of Applied Mathematics and Theoretical Physics at the University 

of Cambridge (UK). There she heads the Cambridge Image Analysis Group, is 

Director of the Cantab Capital Institute for the Mathematics of Information and of the 

EPSRC Centre for Mathematical Imaging in Healthcare, Fellow of Jesus College, 

Cambridge and a Faculty Fellow of the Alan Turing Institute. 

Carola graduated from the Institute for Mathematics, University of Salzburg (Austria) 

in 2004. From 2004 to 2005 she held a teaching position in Salzburg. She received 

her PhD degree from the University of Cambridge in 2009. After one year of 

postdoctoral activity at the University of Göttingen (Germany), she became a Lecturer 

in at DAMTP in 2010, promoted to Reader in 2015. 

In her research, she is interested in the interaction of mathematical sciences and 

imaging. She studies non-smooth and possibly non-convex variational methods and nonlinear partial differential 

equations for image analysis and inverse imaging problems, among them image reconstruction and restoration, 

object segmentation, and dynamic image reconstruction and analysis such as fast flow imaging, object tracking 

and motion analysis in videos. Moreover, she works on computational methods for large-scale and high-

dimensional problems appearing in, e.g. image classification and 3D and 4D imaging. 

 

 

 

Unveiling the invisible - mathematical approaches for virtual image restoration 

Carola-Bibiane Schönlieb 

In this talk I will discuss mathematical approaches based on partial differential equations and variational models 

for the virtual restoration of paintings and illuminated manuscripts. The latter in particular provide an interesting 

opportunity for digital manipulation because they traditionally remain physically untouched. Showcasing 

restoration examples we have derived in collaboration with the Fitzwilliam Museum in Cambridge, I will also 

explain the main mechanisms behind the mathematical methods used.  

My presentation will include joint works with Spike Bucklow (Hamilton Kerr Institute, Cambridge, UK), Luca 

Calatroni (Ecole Polytechnique, Paris, Franca), Marie D’Autume (ENS Cachan, Paris, Franca), Rob Hocking 

(Faculty of Mathematics, Cambridge, UK), Stella Panayotova (Fitzwilliam Museum, Cambridge, UK), Paola 

Ricciardi (Fitzwilliam Museum, Cambridge, UK) and Simone Parisotto (Faculty of Mathematics, Cambridge, 

UK). 
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Daniele Zavagno has a master degree in Art Conservation from 

the University of Udine and a Ph.D. in Experimental Psychology 

from the University of Padoa (Italy). He worked as a postdoc at 

the University of Padoa, as research associate at NEC Research 

Institute (now NEC Laboratories America) in Princeton and at the 

University of Maryland, College Park (USA). He was visiting 

scientist at the University of Nagoya and visiting faculty at 

Tohoku Gakuin University (Japan). He is currently associate 

professor at the University of Milano-Bicocca. 

 

 

 

 

The Visual Science of Art Conference: History and aims 

Daniele Zavagno and Rossana Actis-Grosso 

The Visual Science of Art Conference was born in 2012 when Baingio Pinna organized a satellite meeting to the 

36 th European Conference on Visual Perception (ECVP) held in Alghero, Italy. Since then the conference has 

continued to be organized as a satellite conference to ECVP, though the two sister events are sometimes organized 

by different people, though in the same city. Hence, like ECVP, VSAC does not have a stable location nor a stable 

organization. Its flavour changes and is strongly influenced by the locations and the organizers. In 2014 it was 

held in Belgrade, in 2015 in Liverpool, in 2016 in Barcelona, and in 2017 in Berlin. In 2018 ECVP comes back 

to Italy, and will take place in Trieste. 

The aims of the conference are conveniently summarized by each year organizers: “There is a growing interest in 

studying interactions between perception and art [...] VSAC welcomes all kinds of work and approaches, from 

phenomenological to biological and computational, exploring the link between the science of perception and the 

arts.” (http://ecvp.org/2015/sac.html). “The study and production of Art has always fascinated both artists and 

scholars in equal measure throughout history. Nevertheless, in the 20th century there has been little 

encouragement for artists and scientists to meet and collaborate. Fortunately this state of affairs is currently 

changing” (http://www.ub.edu/ecvp/about-vsac). “Its main focus is to better connect the communities of visual 

scientists and artists in order to deepen our understanding of aesthetic phenomena. The VSAC is an ideal venue 

to debate and collaborate on all topics associated with the perception and evaluation of artworks 

(https://vsac2017.org). Summarizing, the aim of VSAC is that “of connecting the communities of visual scientists 

and artists to promote cross-fertilization between the two domains”: open as it is to all those who are interested in 

art, “VSAC invites all people that connect visual perception and the arts (e.g., empirical, experimental, 

philosophical, phenomenological, computational approaches)” (http://www.vsac2018.eu). 

http://ecvp.org/2015/sac.html
http://www.ub.edu/ecvp/about-vsac
https://vsac2017.org/
http://www.vsac2018.eu/


Information separation in art investigation; a survey

Jan Bla�ek, Barbara Zitová.
Dept. of Image Processing, Institute of Theory of Information and Automation, The Czech Academy of Sciences, Czech Republic

Abstract—The goal of artwork analyzes is often to detect of
pentimenti, retouches, overpaintings, or varnishes in order to un-
derstand a painting structure. A common model of a painting used
for interpretation of an artwork multimodal dataset is based on
its multilayer characteristics. Another possibility how to address
an artwork structure is to study an information gain of a partic-
ular modality. We have developed a new approach [2] for thein-
formation gain extraction and demonstrated its applicability. We
present a comparison of four methods for the information separa-
tion [4, 1, 3, 2] applied on a multimodal dataset. Their ability to
uncover concealed features of paintings will be presented together
with their requirements and limitations. The separation limits will
be shown using a concept of the intensity correspondence matrix
(ICM), which can well describe the correlation and the mutual in-
formation. ICM also gives evidence of possibility to achieve an
effective signal separation.

1 Introduction

The general problem of multimodal datasets (if we neglect the
major problem of their registration) is their very high cross-
modal correlation caused by the principle of re�ection or trans-
mission measurements. The information content of a painted
surface affects all radiation passing through; re�ectance in the
visible part of the spectra (VIS) as well as penetrating modali-
ties (terahertz (THz), X-Ray (RTG), near-infrared (NIR)). The
contrast of deeper layers is signi�cantly lowered and often falls
down to the level of noise. Thanks to this, the modal images
are often hardly readable. Moreover, they can go to be com-
pletely useless for art investigation (there are exceptions from
this concept e.g.[5]).

The identi�cation of features of the covered painted layers is
relevant task for image processing. For this purpose the meth-
ods for a signal separation come to the scene. Making an as-
sumption, that the VIS modality is less penetrating than the
THz, the X-ray or the NIR, respectively, we can assimilate the
idea of painted layers. While the VIS modal image is affected
just by the surface "layers visible in VIS modality" the more
penetrating modalities can be affected also by "some deeper
layers" too. For simplicity, we split the painting into two parts:
the surfaceor top layer which represents the layers affecting
VIS re�ectogram andthe layer underneathwhich contains ev-
erything else.

In our survey we would like to compare four methods [4,
1, 3, 2] used for the multimodal dataset separation in order to
visualize concealed features hidden in the images obtained in
penetrating modalities.

2 ICM and its patterns

We offer a new perspective to signal separation by aninten-
sity correspondence matrix(ICM), which can be used as the

Figure 1: A 2D histogram of the intensities correspondence. In the area of
VIS intensity level 230 there are two peaks. The low intensity in NIR corre-
sponds with underdrawings while the high intensity come from areas without
underdrawings. Such dataset is separable.

common denominator for all mentioned studies. Moreover, the
patterns for ICM describe the problems and the limits of the
information separation of a multimodal dataset.

The ICM is a matrix, which contains the frequency of cor-
respondent pixel(s) intensities of two different modalities. As
a matrixhyper-columnwe name a VIS vector while ahyper-
row denotes a vector in a target modality. The number of
hyper-rows and hyper-columns corresponds to the intensity lev-
els recognized in each modality, while the dimensionality of the
hyper-row and hyper-column is given by the pixel vector length
and the pixel neighborhood size taken into account. E.g. for
two modalities with intensity levelsl 2 L = f 0; 1; 2; :::; 255g
the ICM is 2D histogram withkLk = 256 bins in both dimen-
sions (see Figure (1)) while for approach in [3] we have 6D
histogram with(n � d � k Lk)2 bins, wheren is the number of
pixels in the patch andd the length of per pixel intensity vector.

The visualization (if possible) of the (low) dimensional ICM
can give us a notion of the potential separability effectiveness.

In the ICM, it is easier to recognize more probable corre-
spondences of modal vectors from the less probable ones in
the context of modality. In general, the dataset de�nes amap-
ping between VIS and the second modality. But an algorithm
for separation is just afunction (see Figure (2)). The discrep-
ancy between the mapping and the function causes that all the
corresponding intensities in the target modality (for onehyper-
column) are reduced by the separation function to just one out-
put vector. If we ask for the effectiveness of mapping to func-
tion reduction we can recognize peripheral but relevant patterns
of the ICM:

� The good case - the highest peaks in ICM hyper-columns
correspond to thetop layereffect in both modalities
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Figure 2: Two successfully trained transfer functions from the intensity in the
VIS to intensity in the NIR. The purple line demonstrates how non-trivial such
function can be. On the contrary, the red one is an example of the identity like
function. Both lines were trained on the dataset presented in [2], the purple one
on the dataset in the Figure (10), the red line on the dataset in Figure (9). The
VIS input were reduced to the one dimensional intensity gray values.

� The bad case - multiple peaks - several relevant peaks per
hyper-column with similar frequencies

� The bad case - smooth distribution - uniform distribution
of values per hyper-column

Our results [2] highlight the problem of separability based
on the number of materials and their mixtures in the dataset as
well as the importance of correlation of both input modalities.

3 Generalization

We connect the presented approaches with the model of ICM,
because the ICM and our approach [2] can distinguish cases
when the information obtained from the NIR or the X-ray can
be effectively separated and when this is impossible.

Firstly we reduce of the problem of the estimation of the
separation function to the problem of searching corresponding
vector in NIR or X-ray for a vector in VIS. This means an as-
signment of the hyper-row to a hyper-column in ICM. An as-
signment of these vectors to all hyper-columns de�nes the ap-
proximation function converting thetop layer information in
the VIS modality to thetop layer information in the second
modality.

In the Gooch's and Tumblin's paper [4] authors estimate the
target function for each mean-shift based segment. For the
whole segment just one X-ray vector is de�ned, which is com-
puted as the mean value of the segment in the X-ray. This cor-
responds to the assignment of an hyper-column to the mean
value of relevant hyper-rows. For the application of the method
there must be just one signi�cant peak per each hyper-column,
otherwise, the mean value which is probably irrelevant will be
taken as the X-ray representation.

The method in our paper [2] for a hyper-column extracts the
hyper-row which minimizes the square error of approximated
and real vectors. In an ideal case this is the most probable
hyper-row. Our experiments demonstrated that this peak must
be signi�cantly higher than any other hyper-row frequency in
the same hyper-column.

In the paper of Anitha et al. [1] the mutual entropy of an
approximatedtop layer is minimized and the entropy of XRF
information gainis maximized. This approach, in most cases,
takes the highest peak in the hyper-column as the XRF repre-
sentation. Other peaks in the hyper-column and low frequency
values around them are put into theunder-paintingscategory.
Other selections of the hyper-column representative are also
possible, mostly due to the applied regularization, but they need
custom explanation and their stability is lower.

The unsolvable problem for our [2] approach is an existence
of more than two peaks per hyper-column. Because in such
case, false positives will be produced in the separated signal. A
robustness of Anitha's et al. [1] approach is here improved by
the wavelet decomposition which causes that a pixel neighbor-
hood also affects outputCu andCs intensities. But the pixel
neighborhood itself does not in�uence the estimation of an ap-
proximation function.

The last approach of Deligiannis et al. [3] includes the in-
�uence of a pixel neighborhood into the approximation estima-
tion. The authors use the ICM not only per one pixel inten-
sity vector but they include into one hyper-column/row pixel
neighborhood. With the raw pixel intensities this will cause
a curse of dimensionality which in the extreme case can pro-
duce an unstable algorithm. The authors solve this using the
coupled dictionaries with limited number of words and limited
linear combination of those words. A notion what is happening
here is more dif�cult, because more dimensions with differ-
ent meaning are included into our ICM concept. In the optimal
case the more dimensions and the different pixel context moves
the peaks in hyper-space, de�ned by hyper-column dimensions,
close to each other and a more relevant representative vector
could be selected. However, the evaluation of this hypothesis
is out of the scope of our paper. In general, stability of this ap-
proach can be negatively affected more than all previous meth-
ods by decreasing common information in analyzed modalities
due to the minimization in higher dimensional space. As we
presented in our study [2] the maximum of the second modal-
ity information gainis around10%. This condition is for X-ray
and XRF modalities hard to meet. In our case, these10%limit
also includes the noise from both modalities.

4 Conclusion

The separation of the modality information to thetop layerand
the information gainis in all referred studies done, in princi-
ple, by an approximation function. This function estimates the
general mapping between modalities which we analyze by the
ICM. The computed function in the ICM is realized by hyper-
column ! hyper-row pairs. We have pointed out that there
exist patterns in the ICM which cannot be separated by any
function, but the ICM in such cases can be constructed in dif-
ferent way. In [3] the ICM is constructed with respect to the
pixel neighborhood while the sparsity of such ICM is reduced
by dictionary code-words and patch representation rules.

For further research an identi�cation of the bad patterns of
ICM as well as an identi�cation of methods limits is crucial.
We recommend to test separation methods on phantoms, where
the statistical ground truth would be known and non-trivial.
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Disrobing Adam and Eve with the linear osmosis model

Marie d'Autume1, Enric Meinhardt-Llopis1.
1 CMLA, ENS Cachan, CNRS, Université Paris-Saclay, 94235 Cachan, France.

Abstract—The linear osmosis model, an alternative to Poisson
editing, reconstructs a composite image from an input generally
given by the drift �elds, invariant to contrast changes, extracted
from one or several images. It is well adapted to tasks where the
input images contrast vary wildly, as is often the case for multi-
spectral images. We show that its stationary local elliptic formula-
tion with mixed boundary conditions is particularly appropriate
for the task of digitally removing over-paint in illuminations for
which we dispose of underlying information provided by infrared
imaging.

1 Introduction

The osmosis framework was �rst introduced in [1], [2] as a new
model for compact image representation, shadow removal and
seamless image cloning. A drift-diffusion PDE problem, the
linear osmosis �lter is particularly well adapted to tasks where
the input images contrast vary wildly, as is the case for the ap-
plication to image fusion. Recently it was successfully used
to solve the light balance problem in Thermal-Quasi Re�ec-
tography imaging [5]. Yet in [3], we showed that the osmosis
parabolic equation can be advantageously replaced by a the sta-
tionary elliptic equation derived from its stable state

� u = div( du);

whered is the input vector �eld andu is the image to be recov-
ered under appropriate boundary conditions. Fordv = r v=v,
v is a solution of the elliptic equation. For this reason the au-
thors in [1] de�ned it as the canonical drift vector �eld of the
imagev. It is becausedv is invariant to multiplicative changes
of v that the linear osmosis model is so successful with input
images with different contrast.

Multispectral imaging now allows us to look under the lay-
ers and recover under-drawings or covered up areas of a paint-
ing. These multispectral images usually have very different
dynamic range which makes he osmosis equation particularly
well suited to deal with them. Therefore we propose to apply
this model to the task of digitally removing over-paint in illu-
minations from the primer of Claude de France, a manuscript
from the Fitzwilliam museum1. The illuminations illustrating
Adam and Eve's creation, temptation and fall from grace were
censored by a later owner who had some veils and leaves added
to hide their nakedness. But the infrared re�ectogram available
on the museum website gives some information on the details
hidden by the added pigments. It is tempting to try and combine
the informations of the colour image and infrared re�ectogram
to obtain an image closer to the illumination in its original state.

In the following we �rst recall some theoretical results for
the elliptic linear osmosis problem. Then we describe how this

1The images are freely available on the museum website:
http://www.�tzmuseum.cam.ac.uk/illuminated/manuscript/discover/the-
primer-of-claude-of-france/section/panel-intro/folio/page-4/section/panel-
intro

Figure 1: From left to right: colour image, infrared re�ectogram, mask and �nal
result. In the mask, the red lines correspond to Neumann boundary conditions
and the white line correspond to pure diffusion.

model is typically used for the tasks of seamless cloning and
shadow removal. And �nally we explain how we applied it to
this problem of digital restoration.

2 Theoretical results

Here we brie�y recall some theoretical results that we �rst
enunciated in [3].

Proposition 1. Let 0 < � � 1. Let D be aC3 domain. Let
d 2 C3(D ), g : D ! R+ � , g 2 C2;� (D ). Then the elliptic
Dirichlet problem

(
� u = div( du) on D
u = f (x) on @D

(1)
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has a unique solutionu 2 H 3(D ).

Remark 1. For some applications it can be useful to have
mixed boundary conditions. In this case we replace the con-
dition u = f (x) by hr u � du; ni = 0 on part of the boundary
@D.

We adopt the discretization proposed by Weickertet al. [1].
We consider a grid sizeh = 1 in x andy direction. To compute
the divergence ofd we discretized1 on the grid translated by
half a pixel in the vertical direction andd2 on the grid translated
by half a pixel in the horizontal direction.

De�nition 1. Let v be a positive discrete image, we de�ne the
discrete canonical drift vector �elddu by

(
d1;i + 1

2 ;j = 2(v i +1 ;j � v i;j )
v i +1 ;j + v i;j

d2;i;j + 1
2

= 2(v i;j +1 � v i;j )
v i;j +1 + v i;j

(2)



This yields the osmosis equation

Lu i;j = u i +1 ;j

 

1 �
d1;i + 1

2 ;j

2

!

+ u i � 1;j
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2
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2

2
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+ u i;j � 1

 

1 +
d2;i;j � 1
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4 +
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2 ;j � d1;i � 1
2 ;j

2
+

d2;i;j + 1
2

� d2;i;j � 1
2

2

!

(3)

We will from now on assume thatd is reasonably small,
namely

jd1(x)j < 2; jd2(x)j < 2; 8x 2 
 ; (4)

thus keeping the weights of all four neighbours ofui;j positive
in (3). This condition is always satis�ed whend is a canonical
drift vector �eld of a positive image.

To write this discretization in a more compact notation, we
replace the double indexing in each pixel(i; j ) 2 f 0; : : : ; h �
1g � f 0; : : : ; w � 1g by a single indexk = i + jh and assemble
all unknown grey values in a single vectoru 2 Rwh and end up
with the linear system

A u = b (5)

whereA is a pentadiagonal sparse matrix whose nonzero ele-
ments are detailed in [3] andb is a vector of the same size asu
that encodes the Dirichlet boundary conditions.

Proposition 2. Letd 2 R(w+1) h � Rw(h+1) such thatkdk1 <
2. Then the matrixA corresponding to the mixed boundary
problem(5) derived from the discretisation(3) is invertible.

3 Seamless cloning and shadow re-
moval

The osmosis model is typically used to create a new image by
modifying and combining the canonical drift-vector �elds of
one or more images.

For the seamless cloning case where one wants to paste part
of an imagef in the subdomainD of an imageg, the problem
is solved onD with d = df in D , d = ( df + dg)=2 on@D.

For the shadow removal problem, the problem is solved on
the subdomain of the imageg where there is a shadow to re-
move withd = dg except on the edge of the shadow where
it is put to zero. Indeed a shadow can be reduced as a multi-
plicative change in the domain of the shadowed region of the
image while the canonical drift vector �eld is invariant to multi-
plicative change. The presence of the shadow is therefore only
encoded in the drift vector �eld on the edge of the shadow.

But as we noted in [3], because of the diffusion occurring
on the edge of the shadow from having put the drift-�eld to
zero, this solution only works for cast shadows. For attached
shadows, we enforce Neumann boundary conditions on the
edge that separates the lit part of an object from its unlit one,
Neumann boundary conditions ensuring that no exchange takes
place across the boundary.

4 Application to the primer

The problem of digitally removing the over-paint can be viewed
as a combination of the applications previously described when
one has access to a registered infrared re�ectogram of the illu-
mination. The quality of the result and the complexity of the

problem are of course directly linked to the pigments used and
the wavelength chosen for the infrared re�ectogram.

In the ideal case, the pigments added do not appear on the
infrared re�ectogram while the colours to be restored are per-
fectly encoded in it. In this case the problem is reduced to a
simple seamless cloning application with Dirichlet boundary
conditions.

Such an ideal case is however uncommon. The illuminations
of the primer provide us with several typical issues. First, in
the nice case where the added pigments do not appear on the
infrared re�ectogram, some original pigments can also be al-
most absent in the infrared re�ectogram. This is the case in
the �rst illumination displayed in �gure 1. The colour distinc-
tion between the original �g leaves and the skin is slight on the
infrared re�ectogram. Simply following the seamless cloning
method lead to an output image where colours are similar on
both sides of the boundary. Thus to ensure that the skin colour
and the green of the original �g leaves do not mix, we enforce
Neumann boundary conditions along the edges involved (the
red lines in the mask).

Another issue is illustrated by the second illumination of
Figure 1. Some added pigments appear on the infrared re-
�ectogram. But if the added layer has little to no texture dis-
cernible on the infrared and the original image appears by trans-
parency it can be considered as a shadow on the infrared re�ec-
togram. Then we add a shadow removal component to our ear-
lier method: we replace the drift-�eld of the RGB image by the
drift-�eld of the infrared re�ectogram on the subdomain to be
restored but we negate the drift-�eld on the edge of the added
layer (white lines in the mask). Still any texture from the added
cloth present in the infrared image appears in the �nal result, as
can be seen by the stain on Adam's hip. But it is small enough
that the result is still visually acceptable.

Finally in the case where the over-paint contains too much
texture appearing in the infrared re�ectogram, our method can-
not give any good result. A possible solution may be to identify
the pigments of the over-paint and select a more adapted wave-
length for the infrared re�ectogram.

5 Conclusion

We proposed a method to digitally remove over-paint from an
illumination. This method requires some patient work from
the user for the mask creation and is heavily dependent on the
infrared wavelength. For the illuminations from the primer that
we worked on, the results were rather satisfying but the method
should be tested on a larger dataset.
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Abstract— Automatic paint loss detection is desired for sup-
porting conservation/restoration treatments of paintings. Firstly,
producing condition reports with appropriate damage surveys re-
quires now a lot of manual work from the restorers. Secondly,
paint losses have to be accurately detected prior to running virtual
restoration. Large variation of paint loss in size, shape, intensity
as well as varying and complex background make this problem
a challenging task. We develop a multimodal paint loss detection
method based on sparse representation, which incorporates the in-
formation from multiple imaging modalities in a high-dimensional
kernel feature space and makes use of the spatial context. To cope
with unreliable labelled data, we introduce a majority voting ap-
proach. Experimental results with the data set of theGhent Altar-
piecedemonstrate the effectiveness of the proposed approach.

1 Introduction

Digital painting analysis has been a rapidly growing �eld, at-
tracting a lot of interest recently in the signal processing com-
munity [1]. The tasks such as characterization of painting style
and forgery detection [2, 3], crack detection [4], authorship
identi�cation [5], classi�cation of ancient coins [6], canvases
[7] and portraits [8], removal of canvas patterns [9] and inpaint-
ing [10, 11] have demonstrated the great potential of digital im-
age processing techniques.

Loss of paint is typically caused by abrasion and mechani-
cal fracture. In old oil paintings, paint losses were often over-
painted during various restoration campaigns. Modern conser-
vation treatments typically require not only removal of old var-
nish, but also removal of old retouches and overpaint, which
may reveal paint losses underneath [13]. Detection of such
paint loss areas is of great importance to painting conservators
for estimating the extent of the damaged area, which needs to
be maintained for documenting purposes, but also as a crucial
step for virtual inpainting to provide simulations for the actual
restoration. Despite the importance of automatic paint loss de-
tection, this problem has received little attention in the liter-
ature so far. Nowadays, paintings are typically scanned with
a multitude of imaging modalities. During restoration cam-
paigns, additional scans are typically made at various stages
of the rest oration treatment. Examples are shown in Fig. 1.
(a) - (e). We want to exploit such multi-modal information to
detect paint losses more reliably. Our approach will be based
on constructing (training) a dictionary of prototypes that can be
used to effectively, i.e. sparsely, represent paint loss samples.

Sparse Representation Classi�cation (SRC) [14] proved to
be effective in various image classi�cation tasks, especially in
computer vision and remote sensing. It assumes that each test

sample can be sparsely represented as a linear combination of
atoms from a dictionary which is constructed by the selected
training samples. Directly applying SRC to our task results
in poor performance due to the large variability of paint loss,
and complex background. To cope with these challenges, it is
necessary to incorporate appropriately both spatial context and
inter-modal dependencies. Our previous work employed sev-
eral spatial features within local patches and achieved a good
detection performance [13]. However, hand-crafting such fea-
tures leaves much choice and would involve ad-hoc choices and
a lot of manual tuning. Therefore, in this paper we propose a
multimodal paint loss detection method based on sparse rep-
resentation that directly exploits the information from multiple
imaging modalities in the kernel feature space and integrates
the spatial information of context into the model.

2 The proposed method

The multiple imaging acquisitions are typically captured via
different imaging devices and often have different resolutions.
Thus image alignment for all the modalities, which is also
called image registration, should be �rst completed. Here we
use a joint photometric and geometric image registration tech-
nique [15] to register these images. We concatenate the pixels
within a square window in the registered data cube into a vec-
tor. By using a kernel function, the vector is projected to a
high-dimensional kernel feature space. Next to the two classes:
`paint loss' and `background', we specify a third class `crack',
which is by art restorers treated differently than larger portions
of missing paint called paint loss.

The modi�ed SRC model with respect to sparse coef�cients
of x 2 Rm in the projected kernel feature space is

â = argmin
a

kf (x) � f (D)a k2 s:t: ka k0 < K0; (1)

where f : Rm ! F � Rm̂ is an implicit mapping function
that projectsx to a higher dimensional space;f (D) = [ f (d1);
f (d2); :::; f (dN)] is the dictionary in the projected space and
di 2 Rm (i = 1;2; :::;N) are the training samples. Once the
sparse coef�cients are calculated, the class-speci�c residuals
can be computed by

r i(f (x)) = kf (x) � f (Di)a ik2

= hf (x) � f (Di)a i ; f (x) � f (Di)a i i 1=2

= ( k (x;x) � 2a T
i KDi + a T

i KDiDi a i)1=2; (2)

where k : Rm � Rm ! R is a kernel function de�ned by
k (xi ;xj ) = hf (xi); f (xj )i ; KDi 2 RNi is a vector associated with
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Figure 1: Top row: multiple imaging scans, which include (a) macrophotography before cleaning, (b) macrophotography after cleaning, (c) infrared macropho-
tography before cleaning, (d) infrared re�ectography after cleaning and (e) X-radiography before cleaning. Bottom row: (f) Annotated patch 1 used for training,
(g) detection map obtained by applying SRC, (h) detection map obtained by the proposed method, (i) inpainting results using the method of [12] with the SRC
map from (g) and (j) inpainting result with the map obtained by our method.

classi in KD 2 RN = [ k (di ;x); � � � ;k (dN;x)]T ; KDiDi 2 RNi � Ni

is a matrix corresponding to classi in KDD 2 RN� N with entries
KDD(i; j) = k (di ;dj ) anda i is a vector associated with classi
in a . Then we label the class of a test sample by

class(x) = argmin
i= 1;2;3

r i(f (x)) : (3)

We denote byMapcrack the obtained binary crack map. By
collecting all the residualsr i(f (xi)) , we form the residual cube.
Here we denote byR 2 RM� N� 3 the reshaped residual cube,
where each layer corresponds to one class.

Typically, paint losses will occupy an area larger than a sin-
gle pixel. Hence, pixels within a relatively small neighbour-
hood are likely to belong to the same class and share sim-
ilar sparse representation coef�cients. Therefore we apply a
smoothing �lter to each layer of the residual cube to make the
coef�cients of neighbouring pixels similar to each other. In par-
ticular, we use for this purpose a weighted least square (WLS)
[16] �lter. The binary paint loss map,Map

0
, can be calculated

by selecting the smallest smoothed residual. This smoothing
has an adverse effect on thin cracks, which tend to be assigned
to paint loss (or to background). To solve this, we use the crack
mapMapcrack generated prior to smoothing, as follows

Map = Map
0
� Mapcrack: (4)

The training samples inD of (1) play an important role as
they are used to supervise the model to generate the corre-
sponding characteristics of paint loss and background. How-
ever, for most cases, compared with the samples of background,
the number of paint loss samples is rather small. In addition,
accurate annotation on a pixel level is a highly challenging task,
which may lead to mislabelled samples. Errors can be caused

by blurring in low-resolution images, large transitions and low
contrast between target and background, noise, artefacts and so
on. To cope with this problem, we suggest a majority voting
strategy:

identity(x j ) = argmax
c

pc
j (5)

where the fractionpc
j = Nc

j =K is an empirical probability for the
pixel j to belong to the classc. K is the number of simulations
andNc

j the number of times that pixelj was assigned to class
c 2 f Paint loss;Otherg.

3 Results and discussion

We illustrate the detection result on a part of the panelprophet
Zachary, image patch 3 in Fig. 1 (b). The training samples are
from other two image patches in Fig. 1 (b), which were an-
notated by a painting conservator. Fig. 1 (f) shows one of the
annotated image patchs. We set the number of training sam-
ples in each class to 80 andK to 10. The imaging modalities
in Fig. 1 (a), (b) and (c) are used. Fig. 1 (h) and (j) illustrate
paint loss detection results of the proposed approach and virtual
inpainting using the detected mask and the inpainting method
from [12]. For comparison, we also show the paint loss map in
Fig. 1 (g) that is produced by applying the original SRC with
multimodal images and majority voting. The corresponding in-
painting result is reported in Fig. 1 (i). Obviously the proposed
method reduces signi�cantly false detections. Consequently,
we avoid previous excessive oversmoothing and undesired re-
moval of cracks during virtual restoration.
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