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Abstract Over the decades paintings degrade. This degradation is due to factors such as dirt 

accumulation, aging of paint materials and chemical reactions with the atmosphere 

around. As a result of this paintings colors can change. Van Gogh’s paintings are 

no exception to this process, and reconstructing of their original colors is a very 

challenging problem. Nevertheless, tacking this challenge is not an option. 

Therefore, we explore alternative ways to visualize the original colours, such as in 

the digital realm. This report proposes two novel approaches in the predictive 

reconstruction of colors of faded Van Gogh paintings in various defined scenarios. 

These approaches are based on the Generative Adversarial Networks (GANs) 

which are modern state-of-the-art technologies in deep learning. The performance 

of the proposed approaches is evaluated qualitatively as well as quantitatively. 

Qualitative analysis is done with the help of experts from the domain of artwork 

reconstruction. On the other hand, quantitative analysis is done using the standard 

metrics used in the field of computer vision and computer graphics, including the 

Structural Similarity Index Metric (SSIM), the Peak to Signal Noise Ratio 

(PSNR), the Mean Square Error (MSE) and the DeltaE 2000(Δ𝐸2000) color 

difference. The preliminary results demonstrate that the proposed approaches are 

effective in the process of digital predictive color reconstruction known as “Virtual 

Unaging” of the faded paintings in the defined scenarios. 

  

Keywords Degradation, Discoloration, Fading, Aging, Generative Adversarial Networks 

(GANs), Deep Learning, Predictive Color Reconstruction, Virtual Unaging 
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Foreword 

Fading of the original colors in the paintings of Vincent van Gogh is an immense challenge that the van 

Gogh museum is facing. Several factors are responsible for the undesired color change. These factors 

include natural aging, light-induced color change of paints, past reconstruction treatments and deposited 

surface dirt. The Van Gogh museum, in collaboration with the University of Amsterdam, RCE (Dutch 

Cultural Heritage Agency) and ASML, have set the goal to digitally reconstruct the original colors of 

paintings by Vincent van Gogh using various measurements on the paintings and a limited number of 

existing digital reconstructions. 

This report describes two novel data-driven approaches for reconstructing the original colors of Van 

Gogh’s paintings. The first approach, paired color transfer, uses the few existing digital reconstructions 

in order to learn how to reconstruct the original colors of other paintings for which such reconstructions 

are not available. This approach distinguishes itself from the already existing methods by the Bayesian 

view which allows not only a prediction of the original color but also an estimate of the uncertainty of 

the prediction. The second approach, unpaired color transfer, does not require any pre-existing digital 

reconstructions, and relies purely on the data within the painting. The author notes that parts of the 

painting located under the frame are typically well-preserved (mainly due to the protection from light 

exposure and dirt accumulation offered by the frame) and contain colors which are relatively closer to 

their original look. Inspired by the recent advances in machine learning techniques for unpaired image-

to-image translation, a very practical method for digital color reconstruction is formulated. Moreover, 

its performance is demonstrated on actual paintings of Van Gogh. This seems to be the first time that 

such a ‘self-contained’ approach for the color reconstruction of a single painting is described in 

literature. 

In the “Van Gogh team” at ASML, we are proud of the results that are disclosed in this report. I would 

like to take this opportunity to express our sincere gratitude to Ram and his colleagues at the Eindhoven 

University of Technology for their contribution to the success of this endeavor.  

 

Sincerely,  

Maxim Pisarenco 

Sr. Machine Learning Scientist at ASML Research 
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Preface  

This report is formulated for explaining the work that has been done in this graduation project and also 

as one of the deliverables. This graduation project is a part of the Professional Doctorate in Engineering 

(PDEng) programs in Automotive Systems Design (ASD). This program duration is of two years. In 

the first year, trainee is involved in multiple projects with university’s industrial partners alongside 

homologation courses on technical subjects. This helps trainee in developping professional and 

technical skills necessary to meet industry standards. On the other hand, the second year is dedicated 

for a gradution project carried out individually with industrial partners. 

The objective of this project is to digitally reconstruct the colors of the Van Gogh’s paintings which are 

faded over decades. This report consists of formulation, implementation and validation of proposals for 

achieving this objective. This report aims to provide the clear understanding of neural networks and 

their implementation to the readers. 

This report describes how machine learning can tackle the challenge of virtual color restoration in the 

faded paintings. 

This report can serve as a reference for the future projects which are continuation related to this research 

work. 

 

Tirumala Sai Ram Parvathaneni 

September 2021 
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Executive Summary 

Artworks by Van Gogh are faded over decades. Enormous amount of effort is being put from museum 

scientists and educational institutions to comprehend the fading process involved at pigment level of 

the artworks. This comprehension helps in slowing down the fading process before they lose their 

appearance completely.   

ASML, Van Gogh Museum, University of Amsterdam and Dutch Cultural Heritage (RCE) formed a 

consortium in 2019 to speed up this research process. The ambition of this consortium is to keep 

paintings healthy. To achieve this objective, they divided their project into four workpackages. This 

division supported the work on different aspects of the paintings. The goal of this PDEng project 

reported here is to focus on the one of the work packages related to the data collected and generated 

from the artworks during various research activities. 

In this project, a problem statement of “Virtual Unaging” is defined. It means the reconstruction of 

colors to the faded Van Gogh’s paintings virtually using the data available from the paintings. During 

this project, two proposals are formulated, implemented, evaluated based on the type and amount of 

data available. These proposals are named as “Paired Color Transfer” and “Unpaired Color Transfer”. 

Generative modelling has been adopted in this project. Two neural network architectures in the state-

of-the-art GANs family are selected for implementing two proposals.  

To achieve optimality in the color reconstruction, implementation is done in two color spaces RGB and 

CIELAB. The results obtained in the color spaces are compared against each other to opt out the better 

one. The implementations are performed on synthetic data and measured data on the paintings. Standard 

metrics in both RGB and CIELAB color spaces are chosen for quantifying the quality of the digitally 

reconstructed paintings and their achieved color reconstruction. Stabilization techniques are explored 

in this project to achieve stable training of the GANs.  

To summarize, the selected neural network architectures for two different proposals achieved 

significant color reconstruction using the data available from the paintings. This project also leads the 

way to the future highlighting the challenges and possibilities to improve the performance of neural 

networks. 

 

Disclaimer  

Images of Van Gogh paintings in this document that have been manipulated or processed by any 

means do not reflect past or future state of the paintings 

 

 

 

 

 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         v 

Contents 

Foreword .................................................................................................................................................. i 

Preface .................................................................................................................................................... ii 

Acknowledgements ................................................................................................................................ iii 

Executive Summary ............................................................................................................................... iv 

Contents .................................................................................................................................................. v 

List of Figures ....................................................................................................................................... vii 

List of Tables ......................................................................................................................................... ix 

1 Introduction ..................................................................................................................................... 1 

1.1 Project Background ................................................................................................................. 1 

1.1 Project Scope .......................................................................................................................... 2 

1.2 Project Organization ............................................................................................................... 3 

1.3 Problem Statement and Solution Direction ............................................................................. 4 

1.4 Outline of the Report............................................................................................................... 7 

2 Related Work .................................................................................................................................. 8 

2.1 Color Reconstruction Techniques ........................................................................................... 8 

2.2 GANs Stabilization Techniques .............................................................................................. 9 

3 Methodology ................................................................................................................................. 10 

3.1 Paired Color Transfer ............................................................................................................ 10 

3.2 Unpaired Color Transfer ....................................................................................................... 10 

4 State-of-the-Art Technologies ....................................................................................................... 12 

4.1 Generative Adversarial Networks ......................................................................................... 12 

4.2 Architectures for the Virtual Unaging ................................................................................... 12 

4.3 Uncertainty Quantification .................................................................................................... 21 

5 Software Architecture ................................................................................................................... 23 

5.1 Use Case Diagram ................................................................................................................. 23 

5.2 Package Diagram .................................................................................................................. 25 

5.3 Class Diagram ....................................................................................................................... 26 

5.4 Sequence Diagrams ............................................................................................................... 27 

6 An Alternative to RGB Color Space ............................................................................................. 29 

6.1 Color Spaces ......................................................................................................................... 29 

7 Evaluation Metrics ........................................................................................................................ 36 

7.1 Structure Similarity Index Measure (SSIM) ......................................................................... 36 

7.2 Mean Squared Error (MSE) .................................................................................................. 37 

7.3 Peak Signal to Noise Ratio (PSNR) ...................................................................................... 37 

7.4 L1 Error ................................................................................................................................. 37 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         vi 

7.5 DeltaE2000(𝚫𝑬𝟐𝟎𝟎𝟎) .......................................................................................................... 38 

8 Implementation ............................................................................................................................. 40 

8.1 Implementation of Paired Color Transfer ............................................................................. 40 

8.2 Implementation of Unpaired Color Transfer ......................................................................... 53 

9 Visualization ................................................................................................................................. 64 

9.1 Plotting with Plotly ............................................................................................................... 64 

10 Conclusion ................................................................................................................................ 68 

11 Future Scope ............................................................................................................................. 70 

11.1 Additional Data Formats ....................................................................................................... 70 

11.2 Populating Micro XRF Data Using Generated Masks .......................................................... 71 

11.3 Data Selection Techniques .................................................................................................... 71 

11.4 Alternative Architectures ...................................................................................................... 71 

11.5 Custom and Physics-Based Loss Functions .......................................................................... 71 

11.6 Data behind Frame ................................................................................................................ 71 

11.7 Visualization Dashboard ....................................................................................................... 72 

12  References ................................................................................................................................ 73 

Appendix ............................................................................................................................................... 75 

A Project Management ................................................................................................................. 75 

B Image Registration Technique .................................................................................................. 81 

C Image Patching and Stitching ................................................................................................... 83 

D Visualization using Plotly ......................................................................................................... 88 

E Additional Results ................................................................................................................... 105 

About the Author ................................................................................................................................ 107 

 

 

 

 

 

 

 

 

 

 

 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         vii 

List of Figures 

Figure 1: Consortium working on Van Gogh's paintings ....................................................................... 1 

Figure 2: Main goal of the consortium .................................................................................................... 2 

Figure 3: Work package distribution of the ASML - Van Gogh Project ................................................ 3 

Figure 4: Project organization of the PDEng project .............................................................................. 3 

Figure 5: Paint without (right half) and with (left half) varnish (Kirchner, Lans, Ligterink, Hendriks, 

& Delaney, 2017) .................................................................................................................................... 4 

Figure 6: Color reconstructed version of “The Bedroom” (left half) painting and the current version 

(right half) after degradation (Hendriks, 2017) ....................................................................................... 4 

Figure 7: Digital representation of paintings using RGB & Hyperspectral data .................................... 5 

Figure 8: Analytical representation of RGB and Hyperspectral data ...................................................... 6 

Figure 9: Paired color transfer methodology ........................................................................................ 10 

Figure 10: Paint behind the frame ......................................................................................................... 11 

Figure 11: Unpaired color transfer using unpaired patches .................................................................. 11 

Figure 12: Pix2Pix GAN architecture for paired color transfer ............................................................ 13 

Figure 13: CycleGAN architecture schematic view .............................................................................. 15 

Figure 14: UNet architecture with skip connections ............................................................................. 16 

Figure 15: Patch GAN discriminator network architecture .................................................................. 17 

Figure 16: Convolution process ............................................................................................................ 18 

Figure 17: Dimension of output feature map after convolution ............................................................ 19 

Figure 18: Transposed convolution process .......................................................................................... 19 

Figure 19: ReLU activation function .................................................................................................... 20 

Figure 20: Leaky ReLU activation function ......................................................................................... 20 

Figure 21: Epistemic and aleatory uncertainties (Bachstein, Uncertainty Quantification in Deep 

Learning, 2019) ..................................................................................................................................... 21 

Figure 22: Monte Carlo Dropout process (Bachstein, Uncertainty Quantification in Deep Learning, 

2019) ..................................................................................................................................................... 22 

Figure 23:  Use case diagram of the virtual unaging System ................................................................ 23 

Figure 24: Training use case diagram of the virtual unaging system.................................................... 24 

Figure 25: Test use case diagram of the virtual unaging system .......................................................... 25 

Figure 26: Package diagram of virtual unaging system ........................................................................ 25 

Figure 27: Class diagram of virtual unaging system ............................................................................. 26 

Figure 28: Sequence diagram of virtual unaging system during training for paired color transfer ...... 27 

Figure 29: Sequence diagram of virtual unaging system during training ............................................. 28 

Figure 30: CIE 1931 color space chromaticity diagram ....................................................................... 30 

Figure 31: ECI RGB v2 Color space vs Adobe RGB & sRGB ............................................................ 31 

Figure 32: LAB color space representation as color solid (Precise Color Communication) ................ 32 

Figure 33: Process of RGB-2-LAB color space conversion and vice versa ......................................... 33 

Figure 34: Current painting’s image(left) and synthetically faded image(right) of the painting "Garden 

of the Asylum" ...................................................................................................................................... 41 

Figure 35: Patches took from the images for training, validation, testing ............................................ 41 

Figure 36: Process involved in calculating the variance in output samples obtained from Monte Carlo 

dropout .................................................................................................................................................. 42 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         viii 

Figure 37: Training procedure and testing results of the trained Pix2Pix architecture (Disclaimer) .... 42 

Figure 38: Uncertainty quantification of the predicted output on synthetic data .................................. 43 

Figure 39: Van Gogh’s bedroom painting – Current version ............................................................... 43 

Figure 40: Van Gogh’s bedroom painting – Digital reconstruction...................................................... 44 

Figure 41: Datasets from the images ..................................................................................................... 44 

Figure 42: Data flow through the neural network (a) RGB data flow (b) LAB data flow after 

conversion from RGB data ................................................................................................................... 45 

Figure 43: Predictions of “The Bedroom” painting by Pix2Pix network trained on LAB (a) and RGB 

(b) data (Disclaimer) ............................................................................................................................. 47 

Figure 44: 𝛥𝐸2000 maps of the predictions (a) Trained on LAB data (b) Trained on RGB data ........ 48 

Figure 45: 𝛥𝐸2000 (a) map of prediction by LAB trained network and (b) its quantified uncertainty 

map ........................................................................................................................................................ 49 

Figure 46: Delta E images of the predictions done by different configurations ................................... 52 

Figure 47: Patches took for the CycleGAN training from the mock-up scenario ................................. 54 

Figure 48: Results of the CycleGAN predicting both the aging and unaging of the given input painting 

(Disclaimer) .......................................................................................................................................... 55 

Figure 49: Synthetic scenario 1 for the data selection process in unpaired color transfer .................... 56 

Figure 50: Synthetic scenario 2 for the data selection process in unpaired color transfer .................... 56 

Figure 51: Predictions of CycleGANs trained on synthetic scenarios 1 (a) and 2 (b) (Disclaimer) ..... 57 

Figure 52: 𝛥𝐸2000 maps of the predictions wrt to ground truth for synthetic scenario 1 (a) & 2 (b) 

outputs ................................................................................................................................................... 58 

Figure 53: Old Woman portrait painting with its zoomed border to show the faded color difference 

below the frame and the rest of the background ................................................................................... 59 

Figure 54: Data selection areas for the CycleGAN training on the old woman portrait painting ......... 59 

Figure 55: Predicted old woman portrait with dark background (Disclaimer) ..................................... 60 

Figure 56: Training data selection for the "Field with Irises near Arles" painting. Yellow regions 

indicate selection of faded patches and red regions indicate selection of unfaded patches .................. 61 

Figure 57:Predicted color-reconstructed version of the “Field with Irises near Arles” painting 

(Disclaimer) .......................................................................................................................................... 62 

Figure 58: Patches (a) faded iris, (b) color reconstructed iris, (c) faded pink flowers, and (d) color 

reconstructed pink flowers are taken from the “Field with Irises near Arles” painting for the 

quantification of results ......................................................................................................................... 63 

Figure 59: Contour plots illustrating the distribution of colors for “The Bedroom” painting current 

version (top in light color) and its reconstruction (bottom in dark blue color) in the 2D lab color space

 .............................................................................................................................................................. 64 

Figure 60: Quiver plot on top of “The Bedroom” painting reconstruction’s contour plot depicting the 

directions of the color fading process ................................................................................................... 65 

Figure 61: Contour plots illustrating the color distribution of “The Bedroom” painting’s current 

version (Top in light color) and its color reconstructed prediction (Bottom in dark blue color) from 

neural network in the 2D LAB color space ........................................................................................... 65 

Figure 62: Quiver plot on top of the current version of “The Bedroom” painting’s contour plot 

depicting the directions of the color reconstruction process achieved by neural network .................... 66 

Figure 63: Contour plots of the Bedroom painting's reconstruction (bottom in blue color) and its 

prediction (top in light color) acquired from neural network ............................................................... 66 

Figure 64: Quiver plot on the painting showing the color fading direction at each pixel ..................... 67 

Figure 65: Other data formats for the future work ................................................................................ 70 

Figure 66: One year scheduled timeline of the project ......................................................................... 75 

Figure 67: Reference risk matrix based on likelihood and severity ...................................................... 77 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         ix 

Figure 68: Identified risks distribution on the risk matrix .................................................................... 80 

Figure 69: Power-Interest plot of the stakeholders ............................................................................... 80 

Figure 70: Illustration of the patching algorithm .................................................................................. 83 

Figure 71: Illustration of the stitching algorithm .................................................................................. 84 

Figure 72: Density plot of "The Bedroom" painting in LAB space depicting no of pixels per bin in AB 

plane ...................................................................................................................................................... 94 

Figure 73: Max plot of "The Bedroom" painting in LAB space depicted the total no of pixels per bin 

in AB plane ........................................................................................................................................... 94 

Figure 74: 3D scatter plot of "The Bedroom" painting on chromaticity plane depicting errors in 

prediction compared to true color difference ........................................................................................ 95 

Figure 75: Quiver plot of "The Bedroom" painting depicting the color fading process in the AB plane

 .............................................................................................................................................................. 98 

Figure 76: Quiver plot of "The Bedroom" painting depicting the color fading in the AB plane process 

of randomly selected pixels .................................................................................................................. 98 

Figure 77: Quiver plot of "The Bedroom" painting depicting the color fading in the AB plane process 

of uniformly selected pixels .................................................................................................................. 99 

Figure 78: 3D Quiver plot of "The Bedroom" painting depicting the color fading on the xy 

chromaticity diagram .......................................................................................................................... 100 

Figure 79: Predictions of “The Bedroom” painting by Pix2Pix network trained on LAB (a) and RGB 

(b) data using 𝐿1 loss (Disclaimer) ..................................................................................................... 105 

Figure 80: 𝛥𝐸2000 maps of the predictions of “The Bedroom” painting by Pix2Pix network trained 

on LAB (a) and RGB (b) data using 𝐿1 loss ....................................................................................... 106 

 

List of Tables 

Table 1: Pros and cons of proposals ...................................................................................................... 11 

Table 2: Comparison of neural network performances trained on RGB and LAB data ....................... 47 

Table 3: List of trained configurations .................................................................................................. 51 

Table 4: Comparison of metrics resulted after different training configurations .................................. 53 

Table 5:  Calculated mean 𝛥𝐸2000 for synthetic scenario 1 & 2 predictions ...................................... 59 

Table 6: Mean 𝛥𝐸2000comparison between the patches before and after the color transfer .............. 60 

Table 7: Quantified 𝛥𝐸2000 values before and after color transfer for the “Field with Irises near 

Arles” painting ...................................................................................................................................... 63 

Table 8: Process and product risks involved in the project ................................................................... 78 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         1 

1 Introduction 

1.1 Project Background 

In 2019 a consortium was created consisting of the University of Amsterdam, RCE (Dutch Cultural 

Heritage Agency), Van Gogh Museum, and ASML. This consortium’s main focus is to conduct 

scientific research on Van Gogh’s paintings to understand the fading mechanism of the pigments used 

in the paints. Comprehension of this process enables the art conservators to preserve the current state 

of paints for longer periods before they deteriorate. 

 

Figure 1: Consortium working on Van Gogh's paintings 

Figure 2 depicts the main goal of the project started by the consortium. The main objective is to keep 

Van Gogh’s artwork healthy by closely monitoring their well-being using advanced technologies. The 

whole project is divided into four different work packages. Each work package’s objective is related to 

different aspects. These aspects are related to each other and their objectives will contribute to the main 

goal. Work package 1 focuses on the comprehension studies of the pigment fading mechanisms. These 

studies are conducted at different levels of paintings from micro to full paintings. Work package 2 is 

further divided into two sub-packages. One of the sub-packages deals with the design and development 

of a tool that helps to take reads from the paintings such as hyperspectral scans, three-dimensional layer 

scans, and high-resolution photographs while keeping the painting in the same location. The other sub-

package’s goal is to monitor the atmosphere around the paintings by incorporating temperature, 

humidity, and light intensity sensors, since, these three factors are considered as the main contributors 

to pigment fading. The observations from these sensors help the scientists in work package 1 to correlate 

the fading mechanisms to these factors. Work package 3 deals with the reconstruction of colors that 
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Van Gogh used in his creations. This is completely based on a physics-based study of the pigments used 

by Van Gogh. This physics-based approach helps work package 1 to comprehend the distinction 

between the true colors and their faded versions. This understanding will help to fill in the gaps of 

pigment fading mechanisms research work. Work package 4 is more related to the data that has been 

collected from the paintings in the other three packages. This package has multiple aspects. Figure 3 

depicts the sub-packages. The first one is related to defining a standard for the storage of the data. This 

helps in the easy organization of the huge amount of data that is now in a scattered state. The second 

one’s objective is to design and develop a dashboard for the retrieval of the old data and uploading new 

data to each painting with a simple user interface following the data standard defined in the first one. 

The third and fourth packages are related to the utilization of the data in developing models that 

reconstruct the original colors and enhancing the resolution of existing data leading to performance 

boost of the models. 

 

Figure 2: Main goal of the consortium 

1.2 Project Scope 

Being a PDEng project of one year, the scope is confined to a sub-package of the work package 4. The 

main objective of this project is to carry out a feasibility study of virtually reconstructing the colors 

using the available data collected from the paintings. This includes proposing possible solutions 

alongside their implementations and point out the future directions for this sub package. In the earlier 

stages of this project, two sub-packages were given to choose from. One of the sub-packages problem 

statements is related to resolution enhancement of the low-resolution hyperspectral data and the other 

is to virtually unage the faded colors (color reconstruction) from the paintings using the data collected 

so far. Virtual unaging is chosen as the main focus for this project as highlighted with a blue rectangle 

in Figure 3. The motivation behind choosing this topic is that finding a solution for such an intricate 

problem statement is challenging. Furthermore, it is interesting to find out what artificial intelligence 

(AI) can achieve while tackling this challenge. In the later stages of the project, the scope of this topic 

has been broadened by accumulating additional tasks for visualization of the errors in the neural 

network’s prediction and of the fading process. 

Main Goal: Keep paints healthy

Work Package 1: Research on painting mechanism of 
aging 

Work Package 2: Find ways to identify and monitor health 
of the paintings

Work Package 3: Improve sample production & reliability

Work Package 4: Data standard, Data analyzing dashboard 
& Digital Twin
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Figure 3: Work package distribution of the ASML - Van Gogh Project 

1.3 Project Organization 

Figure 4 shows the organization of this project specifying the main stakeholders involved directly within 

this project along with the trainee. The project has two scientists, an art conservator, and a professor 

from the RCE, Van Gogh Museum, and the University of Amsterdam as stakeholders. Other 

stakeholders from the University of Eindhoven are a project mentor and the program manager of the 

Automotive Systems Design PDEng program.  ASML has three main stakeholders in this project. They 

are the project leader of the ASML and Van Gogh project, PDEng project mentor, and department 

manager from the Data Science department at ASML. Furthermore, this project is partially funded by 

the M2i materials innovation institute alongside ASML. Therefore, there is one more stakeholder from 

the M2i as a program manager. All these stakeholders play a crucial role throughout the project. 

 

Figure 4: Project organization of the PDEng project 
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1.4 Problem Statement and Solution Direction 

Paintings degrade over the period due to factors such as aging (degradation), chemical reactions of 

pigments with the environment around the paintings, dirt accumulation, and classical preservation 

techniques such as varnishing. Though varnish is used to preserve the paints, it makes the colors look 

different (Kirchner, Lans, Ligterink, Hendriks, & Delaney, 2017). Sometimes, it adds yellow tint to the 

entire painting due to its degradation, altering the colors of the painting. Figure 5 depicts the effect of 

the varnish on the color of the painting. The left half of the painting looks brighter than the right half 

with varnish. 

 

Figure 5: Paint without (right half) and with (left half) varnish (Kirchner, Lans, Ligterink, Hendriks, 

& Delaney, 2017)  

Figure 6 shows the estimated discoloration of “The Bedroom” painting by Van Gogh over a period. The 

left picture is a digital reconstruction of the faded paint picture that is on the right. This digital 

reconstruction work was done by the museum scientists and conservators based on the scientific studies 

of the pigment fading mechanism. These studies established that the red lakes in the painting have faded 

over time the turning purple color walls into blue and the pink floor to brown (Everts, 2016). 

      

Figure 6: Color reconstructed version of “The Bedroom” (left half) painting and the current version 

(right half) after degradation (Hendriks, 2017) 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         5 

In this project, the idea is to use information that is collected from the paintings and potentially from 

their reconstructions. Based on the available data, a suitable neural network algorithm belonging to 

generative models has to be chosen. Then it shall be trained on that data. This neural network will 

virtually reconstruct the colors of the faded paintings based on the training. After training a network on 

data from one painting, the knowledge can be used to reconstruct other paintings that contain similar 

colors. This is especially applicable to Van Gogh’s work because of the common set of pigments used 

in his paintings. In addition, Van Gogh’s career as an artist lasted only 9 years (1881 - 1890). This 

indicates that all of his works that have undergone degradation are from the same timeline. 

Different measurements are available for the paintings. They include:  

• High-resolution photographs of the paintings 

• Hyperspectral and multispectral data of the paintings 

• Micro XRF data containing chemical information about the chemical composition of the 

pigments used in the paintings 

• Microscopic photographs of the pigments 

Figure 7 depicts the digital representation of a painting in RGB and hyperspectral formats. The RGB 

format stores information in three channels: red, green, and blue. Each channel is an array of pixels 

storing intensity values from 0 – 255 of their respective color of the channel.   

 

Figure 7: Digital representation of paintings using RGB & Hyperspectral data 

Similarly, hyperspectral data is a representation of an image in the electromagnetic spectrum. Unlike 

RGB, which has three channels, the number of channels in this format depends on the resolution in the 

wavelength domain. Each pixel in the respective wavelength channel stores the reflectance values of 

the color (0 - 1) in the image of a scene. Plotting all the reflectance values of a pixel along the 

wavelength domain will result in a reflectance curve of the color at that point in an image. Figure 8 

shows the mathematical representation of data in both RGB and hyperspectral domains. M rows and N 

columns define the spatial resolution of the image in terms of pixels. Resolution in wavelength is 
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defined by the number of channels 𝐾. For an RGB image 𝐾 = 3 because human eyes see the color of 

visible light in three-color bands of the entire visible spectrum. 

 

Figure 8: Analytical representation of RGB and Hyperspectral data 

Alongside the research work in reconstructing the colors of Van Gogh’s paintings, part of the project’s 

time is dedicated to the documentation of the system’s software architecture involved in this project. 

The algorithms implemented in this project are adapted from the existing models that have been 

developed by the authors of Pix2Pix GAN (Isola, Zhu, Zhou, & Efros, 2018) and CycleGAN (Jun-Yan 

Zhu, 2017). These models are open-sourced and well documented for implementation. However, they 

lack the documentation related to the software architecture involved in these models. Identifying this as 

an opportunity, detailed documentation of software architecture is provided with the hope that it will 

help my successors to understand and adapt the models with ease. 

Additionally, this project provided an opportunity to train neural networks in LAB color space alongside 

RGB color space. This is because the LAB color space exhibits a more uniform distribution of colors 

as precepted by the human eye. To evaluate the performances of the neural networks trained in the 

different color spaces, specific metrics are chosen in both the RGB and LAB color spaces. 

Achieving stability of the neural network’s training process is also given importance during this project. 

GANs are used for fulfilling the objective of predicting the original colors of the faded paintings, and 

are known to suffer the problem of stability because of their complicated training procedure. In the 

current research on GANs, a tremendous amount of effort is being put to understand the training 

behavior of the GANs and achieving stability. This opened up a window of opportunity to study the 

behavior of different existing techniques available for attaining stability in the training of GANs.  

Visualization plays a crucial role in reducing the complexity of communicating intricate ideas by 

breaking them down into simple pictorial representations. It eases the way of communication between 

people from different scientific backgrounds. In this project, to achieve smooth and reliable 

communication between data scientists and color scientists, visualization of neural network prediction 

errors has been performed. Various plots have been plotted for explaining the fading process of the 

paintings and the color reconstruction process achieved by the neural networks with their predictions. 
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1.5 Outline of the Report 

In this report, chapter 2 briefly describes the related work carried out in this field. Chapter 3, outlines 

the proposals for virtual unaging. In chapter 4, state-of-the-art technologies in deep learning and the 

neural network architectures used to reconstruct the colors in this project are explained in detail. This 

section also explains the importance of quantifying the uncertainty of network prediction and the 

method to achieve it. Chapter 5, gives a detailed overview of the software architecture of the system 

chosen for the virtual unaging. Chapter explains the color spaces, color difference, and conversion 

between LAB and RGB color spaces. Chapter 7 lists the evaluation metrics chosen for the verification 

and validation of the neural network's performances. In chapter 8, implementation details are given for 

both proposals alongside the results and discussion. Chapter 9 describes the visualization techniques 

covering various plots for the fading process and prediction errors. Finally, chapter 10 concludes the 

whole report followed by chapter 11 pointing out the future directions for this research. 
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2 Related Work 

This chapter outlines the work that has been done in this field of research by various scientists. This 

chapter is divided into two parts. One of the parts is focused on the color reconstruction activities 

performed by various research groups and the other is focused on the stabilization techniques introduced 

to achieve the stable training of GANs. Very limited amount of research has been done in the area of 

color reconstruction using deep learning.  

2.1 Color Reconstruction Techniques 

In 2013, a project named REVIGO (Revisiting Vincent Van Gogh colors) had been started by Van 

Gogh’s museum in collaboration with the University of Amsterdam, RCE, and AKZO Nobel (Eric 

Kirchner, 2017). The objective of this project was to reconstruct Van Gogh’s painting “Field with Irises 

near Arles” digitally, to give an estimate of how it looked at the time of creation. During this project, 

the team had reconstructed the color palette that had been used by Van Gogh at the time of its creation. 

The team has approached this project in with a physics orientation, considering the chemical and optical 

properties of the pigments and binders used to create the painting. For the recreation of pigments, it had 

also used some ancient techniques to replicate the procedure from the late 19th century. The scientists 

have collected hyperspectral data, high-resolution images, micro XRF data, etc., from the current 

painting and performed both chemical and optical analysis. The team generated a reconstructed digital 

version of the painting which is an estimation of the painting at the time of its creation.  

In the past decade, deep learning has been gaining popularity in the field of art reconstruction with 

applications such as image denoising, resolution enhancement, image inpainting, etc., In the paper 

related to image inpainting (Varun Gupta, 2019), the authors have proposed a hybrid architecture using 

U-Net generator and Mask RCNN for the image inpainting for the damaged artwork reconstruction. 

This helps in estimating the original version of the painting before damage. A team from TU Delft had 

worked on the color reconstruction of Van Gogh’s paintings by using their reproductions from the 20th 

century (Y. Zeng, 2019). They used encoder-decoder convolutional neural networks for this purpose. 

In addition, color reconstruction techniques are being applied across various domains such as 

underwater photography, image dehazing, image colorization. A novel approach using GANs was 

proposed for color reconstruction for underwater distorted pictures (Nan Wang, 2019). Moreover, 

images taken in poor weather conditions such as in fog, snow, rain led to reduced image qualities. This 

is due to the variable density of particulate matter in the environment. The process of removing haze 

from the images is called image dehazing and it is one of the challenging problems. A new approach 

was proposed using the combination of CycleGAN and conditional GAN for tackling this challenge 

over conventional methods (Aditya Mehta, 2020).  

Apart from machine learning algorithms, there are also conventional methods for color reconstruction. 

One of them was proposed by (Ahmed, 2009). In this research paper, two approaches for color 

reconstruction were proposed. One of the approaches is the combination of standard deviation-weighted 

gray world and the Combined Gray World and Retinex (CGWR) techniques. The other approach is 

based on the modification of Multi-Scale Retinex (MSR) theory. Furthermore, (Pei, Zeng, & Chang, 

2004) presented a novel approach using color contrast enhancement and lacuna texture synthesis for the 
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virtual reconstruction of ancient Chinese paintings. They had utilized the u’v’Y color space for the 

implementation of the proposed technique. 

2.2 GANs Stabilization Techniques 

In this section, the related work refers to a paper which is a result of an extensive research on the all the 

regularization techniques available in this domain. 

In this decade, GANs are one of the rapidly developing deep learning models. Their application areas 

include image synthesis (D. Berthelot, 2017), image inpainting (J. Yu, 2018) (Varun Gupta, 2019), style 

transfer (Karim Armanious, 2019), etc. The objective of GANs is very different different from the other 

deep learning models. GANs are trained to learn the distributions in the data rather than learning to 

target data points (Minhyeok Lee, 2020).  

Despite their achievements, there is a very well known problem that is challenging deep learning 

scientists in the development of GANs. This is the intricate adversarial training process which is very 

often unstable. When this happens, GANs fail to produce a wide variety of samples and tend to generate 

identical samples irrespective of the input. This failure of training is called the mode collapse problem. 

Thus, there is a necessity in stabilizing the training of GANs in order to ensure a proper learning of 

distributions.  

Having an optimal discriminator in GANs has proven to lead to a stable training process. Based on this, 

in recent years, various regularization techniques have been introduced to achieve stability in 

discriminators. An overview of these regularization methods given by (Minhyeok Lee, 2020) helped in 

this project to experiment with different regularization techniques to achieve stability in the training. 
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3 Methodology 

In this chapter, two different methodologies have been followed and implemented as an alternative to 

each other aiming to address the problem of virtual unaging. In this chapter, each of them is described 

in detail alongside their advantages and disadvantages given in Table 1. 

3.1 Paired Color Transfer 

The concept behind this methodology is to use the data sets of paintings and their reconstructions for 

learning the color transitions. The neural network utilized to achieve this objective is the Pix2Pix GAN 

(Isola, Zhu, Zhou, & Efros, 2018). Each painting has its reconstruction and the algorithm learns the 

color transition from pixel to pixel. Hence this technique is referred to as paired color transfer. The 

concept of this technique is depicted in Figure 9 with the help of an example. In this example, 

hyperspectral data was collected from the soil samples at different rates of moisture contained in them. 

Different moisture content leads to different reflectance values. During training, the neural network 

tries to learn the transition in the reflectance curve from a sample having little moisture to the other 

having high moisture or vice versa. On the other hand, during testing, it applies this knowledge to 

similar samples. 

 

Figure 9: Paired color transfer methodology 

3.2 Unpaired Color Transfer 

The second methodology is an alternative to the first approach because most of the paintings do not 

have a reconstructed version. This limits the application of the first approach. Therefore, we propose to 

look in the painting itself for clues on how it might have looked in the past. It is known that the paint 

behind the frame is less exposed to light and other environmental factors. If there is sufficient 

information behind the frame regarding the true colors of the painting, we could train a neural network 

to learn the color transition from the paint behind the frame to the rest of the faded painting. Figure 10 

illustrates such a scenario. Hence this approach is referred to as unpaired color transfer. Figure 11 shows 
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an overview of the training procedure in unpaired color transfer. The advantage of this approach is that 

it doesn’t need any data outside the painting in order to reconstruct the colors. Instead, it can use the 

areas behind the frame for color reconstruction.  

 

Figure 10: Paint behind the frame 

 

Figure 11: Unpaired color transfer using unpaired patches 

Table 1: Pros and cons of proposals 

Paired color transfer Unpaired color transfer 

Pros 

• Paired pixel-to-pixel 

accurate learning. 

• Prediction accuracy can 

be evaluated both 

objectively as well as 

subjectively. 

• Reconstruction data is not 

necessary. 

• Prediction accuracy can 

only be evaluated 

subjectively with the help 

of experts. 

Cons 

• Reconstruction of every 

painting is not available. 

• Insufficient data behind 

the frame. 
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4 State-of-the-Art Technologies 

In this chapter, state-of-the-art technologies used for the virtual unaging system are explained in detail. 

This chapter mainly focuses on the mathematical description of the loss functions used in the neural 

network architectures alongside their architectures with operations at each layer. Uncertainty 

quantification is also explained in detail emphasizing its importance in this project. 

4.1 Generative Adversarial Networks 

Generative adversarial networks are one of the generative models in deep learning. They find out the 

distributions and patterns in the input data. They use this information to generate models that look 

probable to the original dataset fed to the model.  

Compared to other deep learning models, GANs have a unique training loop. This training loop 

transforms the model training into supervised learning by adding two sub-models into it. One of the 

sub-models is the generator (𝐺) which is used to generate new examples and the other model is the 

discriminator (𝐷), which tries to classify the inputs as real or fake. In this training loop, both the 

discriminator and generator compete against each other as long as the discriminator gets fooled by the 

generator. This means that the generator can generate meaningful outputs and the discriminator fails to 

classify them as fake. 

4.2 Architectures for the Virtual Unaging 

For the virtual unaging introduced earlier, two advanced architectures are chosen for each proposal. 

Pix2Pix GAN (Isola, Zhu, Zhou, & Efros, 2018) for the paired color transfer and CycleGAN (Jun-Yan 

Zhu, 2017) for the unpaired color transfer. 

4.2.1 Pix2Pix GAN 

Paired color transfer is an image-to-image translation problem. The objective is to learn the color 

transition from the faded painting to its unfaded version. Image-to-image translation is the process of 

converting an image to a target image with control. The conversion of black and white images to color 

images is an example of this process. Pix2Pix GAN is the state-of-the-art architecture employed for this 

process. This neural network model is a conditional adversarial network developed for image-to-image 

translation (Isola, Zhu, Zhou, & Efros, 2018). 

Figure 12 depicts the architecture of the Pix2Pix GAN. It contains two sub neural networks, generator 

network 𝐺, and discriminator network 𝐷. The generator network is trained to learn the mapping from 

source images to target images while the discriminator is trained to classify the images that it is 

receiving as real (for ground truth images) or fake (for generated images). The purpose of training is to 

adjust the weights of the generator network such that it generates images that are difficult to classify as 

fake by the discriminator. During the training, the generator network learns this mapping from pixel to 

pixel by considering the neighboring pixels with the help of the convolution step involved in the 

architecture. In this way, it minimizes the loss between the generated images and real target images. 
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Figure 12: Pix2Pix GAN architecture for paired color transfer 

Pix2Pix GAN uses the UNet model architecture (Olaf Ronneberger, 2015) for the generator network 

and Patch GAN architecture for the discriminator network. These architectures will be described in 

detail in the later sections. 

The objective of the Pix2Pix GAN is to reduce its loss function which is comprised of two individual 

loss functions. They are Adversarial loss and 𝐿1 or 𝐿2 loss. Adversarial loss is expressed as  

 ℒ𝑐𝐺𝐴𝑁 =  𝔼𝑥,𝑦[𝑙𝑜𝑔𝐷(𝑥, 𝑦)] +  𝔼𝑥,𝑧[log (1 −  𝐷(𝑥, 𝐺(𝑥, 𝑧)))] (1) 

 

 ℒ𝑐𝐺𝐴𝑁 =  𝔼𝑥,𝑦[(𝐷(𝑥, 𝑦) − 1)2] +  𝔼𝑥,𝑧[𝐷(𝑥, 𝐺(𝑥, 𝑧))2] (2) 

Where  

𝑥 indicates an input sample in domain 𝑋 

𝑦 indicates a target sample in the domain 𝑌 

𝑧 is the input noise 

𝐺(𝑥, 𝑧) is the generated distribution by the generator 

𝐷(𝑥, 𝑦) is the classification output from the discriminator 

In equations (1) and (2), 𝔼𝑥,𝑦 is the expectation of a target distribution with respect to 𝑦. Whereas 𝔼𝑥,𝑧 

is the expectation of a generated distribution for 𝐺(𝑥, 𝑧). The neural network could still learn mapping 

from 𝑥 to 𝑦 without noise 𝑧, but it would result in deterministic outputs, which leads to failure in 

matching any other distributions (Isola, Zhu, Zhou, & Efros, 2018). In the experiments, 𝑧 is introduced 

in the form of dropout in several layers during both training and testing. This resulted in stochastic 

outputs which can be used for quantifying the network's uncertainty prediction. Equation (1) is of binary 

cross-entropy loss and equation (2) is of least square loss. It can be observed from both equations (1) 

and (2) that generator 𝐺 tries to minimize this objective against an adversarial discriminator 𝐷 that tries 

to maximize it. During training either one of the equations is used. 
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𝐿1 or 𝐿2 loss is used at the end of the generator network. It calculates the 𝐿1 or 𝐿2 norm between the 

generated image and the target image. Reducing this loss brings the generated image close to the target 

image. 

 ℒ𝐿1(𝐺) =  𝔼𝑥,𝑦,𝑧[||𝑦 − 𝐺(𝑥, 𝑧)||1] (3) 

 

 ℒ𝐿2(𝐺) =  𝔼𝑥,𝑦,𝑧[||𝑦 − 𝐺(𝑥, 𝑧)||2] (4) 
 

The final loss function of the generator network is expressed as follows: 

 𝐺∗ = 𝑎𝑟𝑔 𝑚𝑖𝑛𝐺  𝑚𝑎𝑥𝐷 ℒ𝑐𝐺𝐴𝑁(𝐺, 𝐷) +  𝜆ℒ𝐿1/𝐿2(𝐺) (5) 

 

Where 

𝜆 is the non negative coefficient that controls the objective of the min-max game by altering the relative 

importance of the two loss functions. 

Equation (5) represents the min-max game which involves generator and discriminator networks. While 

generator tries to reduce this loss function by generating images close to the target images, discriminator 

wants to increase the loss by classifying generated images as fake. 

4.2.2 CycleGAN 

Unpaired color transfer uses the CycleGAN architecture. Unpaired color transfer can be seen as a style 

transfer problem. It is a special case of image-to-image translation where there is no paired data for the 

training. The objective is to transfer the style between two unpaired images without altering the content 

in the images. A famous example of this case is the translation of zebras to horses and horses to zebras 

(Jun-Yan Zhu, 2017).  

In unpaired color transfer, CycleGAN uses the data behind the frame of a painting to transfer the color 

to the rest of the area in painting which is faded. Unlike Pix2Pix GAN, CycleGAN has a different 

architecture and a unique training pipeline. It has two generator networks and two discriminators. It 

uses the UNet model architecture for the generator networks and the Patch GAN architecture for the 

discriminators. In addition, there are six loss functions to be minimized, three for each generator: 

adversarial loss, cycle consistency loss, and identity loss.  

Adversarial loss is expressed as follows when generator 𝐺 mapping from domain 𝑋 to 𝑌 and its 

discriminator 𝐷𝑌: 

 ℒ𝐺𝐴𝑁(𝐺, 𝐷𝑌, 𝑋, 𝑌) =  𝔼𝑦~𝑃𝑑𝑎𝑡𝑎(𝑦)[𝑙𝑜𝑔𝐷𝑌(𝑦)] +  𝔼𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥)[log (1 −  𝐷𝑌(𝐺(𝑥)))] (6) 

Where, 𝐺 tries to generate images 𝐺(𝑥) that look similar to images in the domain Y, while 𝐷𝑌 tries to 

distinguish between generated images 𝐺(𝑥)and real images y. As 𝐺 tries to minimize the adversarial 

loss, 𝐷𝑌 tries to maximize it. Hence it is called a min-max game. Similarly, there is one more adversarial 

loss in the opposite direction from domain 𝑌 to 𝑋 for the second generator 𝐹 having discriminator 

𝐷𝑌 which is given as follows: 

 ℒ𝐺𝐴𝑁(𝐹, 𝐷𝑋 , 𝑌, 𝑋) =  𝔼𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷𝑋(𝑥)] +  𝔼𝑦~𝑃𝑑𝑎𝑡𝑎(𝑦)[log (1 −  𝐷𝑋(𝐹(𝑦)))] (7) 
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Where, 𝐹 tries to generate images 𝐹(𝑦) that look similar to images in the domain 𝑋, while 𝐷𝑋 tries to 

distinguish between generated images 𝐹(𝑦)and real images 𝑥. As 𝐹 tries to minimize the adversarial 

loss, 𝐷𝑋 tries to maximize it. 

The training procedure is unique, and complex compared to the Pix2Pix GAN because of training two 

independent generators and discriminators. Figure 13 illustrates the architecture of the CycleGAN. To 

explain this in detail, let’s consider an example related to faded and unfaded paintings. There is a dataset 

of unpaired images of faded and unfaded paintings. During the training, one generator will learn the 

color transition from faded to unfaded ones and the other generator in the opposite direction. Each 

discriminator will classify the generated images and the ground truth images as real or fake. 

 

Figure 13: CycleGAN architecture schematic view 

Cycle consistency loss compares the input image to the CycleGAN and its generated output using the 

𝐿1 norm. This loss is calculated in two ways to update the generator networks in the CycleGAN. The 

first generator network will generate unfaded painting images from the input faded painting images. 

These generated unfaded painting images are provided as inputs to the second generator which in turn 

generates the faded painting images. The cycle consistency loss calculates the difference between the 

input image to the first generator and the generated image of the second generator. Similarly, this loss 

is calculated in the reverse direction as well from unfaded paintings to faded paintings to unfaded 

paintings. 

An overview of the cycle consistency losses is given as follows: 

4.2.2.1 Forward cycle consistency loss 

• Input image of faded paintings to first generator 𝐺 

• Output image of unfaded paintings from first generator 𝐺 

• Input image of generated unfaded paintings to second generator 𝐹 

• Output image of faded paintings from second generator 𝐹 

• Compare images of faded paintings given to first generator 𝐺 to images of faded paintings from 

the second generator 𝐹 

4.2.2.2 Backward cycle consistency loss 

• Input image of unfaded paintings to second generator 𝐹 

• Output image of faded paintings from second generator 𝐹 

• Input image of generated faded paintings to first generator 𝐺 
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• Output image of unfaded paintings from first generator 𝐺 

• Compare images of unfaded paintings given to second generator 𝐹 to images of unfaded images 

from the first generator 𝐺 

 

Analytically, cycle consistency loss can be expressed as follows: 

 ℒ𝑐𝑦𝑐(𝐺, 𝐹) =  𝔼𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥) [||𝐹(𝐺(𝑥)) − 𝑥||
1

] +  𝔼𝑦~𝑃𝑑𝑎𝑡𝑎(𝑦) [||𝐺(𝐹(𝑦)) − 𝑦||
1

] (8) 

Where 

𝑥 is a faded painting image from domain 𝑋 

𝑦 is an unfaded painting image from domain 𝑌 

𝐺(𝑥) is a generated unfaded painting image by generator 𝐺 

𝐹(𝑦) is a generated faded painting image by generator 𝐹 

𝐺(𝐹(𝑦)) is a generated faded painting image by generator 𝐺 

𝐹(𝐺(𝑥)) is a generated unfaded painting image by generator 𝐹 

 

Identity loss is given as follows 

 ℒ𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦(𝐺, 𝐹) =  𝔼𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥) [||𝐹(𝑥) − 𝑥||
1

] +  𝔼𝑦~𝑃𝑑𝑎𝑡𝑎(𝑦) [||𝐺(𝑦) − 𝑦||
1

] (9) 

Overall, the generator loss function is expressed as follows: 

 ℒ(𝐺, 𝐹, 𝐷𝑋 , 𝐷𝑌) =  ℒ𝐺𝐴𝑁(𝐺, 𝐷𝑌, 𝑋, 𝑌) +  ℒ𝐺𝐴𝑁(𝐹, 𝐷𝑋 , 𝑌, 𝑋) +  𝜆1ℒ𝑐𝑦𝑐(𝐺, 𝐹)

+   𝜆2ℒ𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦(𝐺, 𝐹) 
(10) 

Where 

𝜆1 and 𝜆2 are the non negative coefficients that controls the objective of the min-max game by altering 

the relative importance of the two loss functions. 

4.2.3 UNet Generator Architecture 

 

Figure 14: UNet architecture with skip connections 

Figure 14 depicts the architecture of the UNet generator (Olaf Ronneberger, 2015). It is an encoder-

decoder architecture having a series of encoding blocks followed by the decoding blocks. Each encoding 
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block of the network contains a convolutional layer, a normalization layer, and an activation layer. 

Alongside, each decoding block has a transpose convolutional layer, a normalization layer, and an 

activation layer. Every decoding block has a concatenation step before processing the data. The data 

from the corresponding encoding block output is concatenated to the output of the previous decoding 

block. This technique is named “Skip Connection”. It helps in finding the position of the features while 

decoding by using the information from the encoding layers. Additionally, dropout is used in the 

decoding layers of the architecture. 

4.2.4 Patch GAN Discriminator Architecture 

Patch GAN discriminator is a simple deep convolutional network without the fully connected layers 

used in the conventional deep convolutional neural networks. It outputs the single-channel 2D matrix 

with values of zeros and ones. The value zero indicates the fake and one indicates the real. For example, 

an image of resolution 256 × 256 × 3, after passing through patch GAN discriminator, the output will 

be something like 32 × 32 × 1. The output resolution depends on the number of convolutional layers 

in the discriminator. The output resolution indicates the number of patches in the entire input image and 

its classification with respect to the patch as real or fake. For a fake image, the ground truth of the 

discriminator output should contain zeros. For a real image, the ground truth of the discriminator output 

should contain ones. 

 

 

Figure 15: Patch GAN discriminator network architecture 

4.2.5 Operations at Layers of Neural Network 

In this subsection, a detailed description of different operations that data undergo while traversing 

through the network’s layers is given. Each layer performs a specific operation such as convolution, 

transposed convolution, batch normalization, activation functions. 

4.2.5.1 Convolution 

Convolution is one of the important techniques in deep convolutional neural networks. It is the first 

layer in the neural network to extract the features from an input image. It is a mathematical operation 

that takes images and kernel or filter as inputs and then outputs the features of the images. It preserves 

the relationship between the pixels by learning the computed features during this process in the image. 

The output of the convolution is called “Feature Map”.Convolution involves a linear mathematical 

calculation. It is an element-wise multiplication followed by the addition of the elements.  
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Convolutional layers in the beginning of the neural network architecture extracts low level features such 

as edges, orientation from the input image. The layers farther from the beginning captures high level 

features such as shapes in the input images. 

 

 

Figure 16: Convolution process 

Figure 16 illustrates an example for the process of the convolution. In this example, an image of 

dimension 5 × 5 × 1 is convoluted using a kernel size of 3 × 3 × 1. This convolution process 

involves zero padding which means the image size is unchanged. Otherwise the size of image 

alters based on the size of padding. Padding is a process of adding dummy values around the 

image. The kernel starts traversing across the image width from left to right with a stride length 

from the top of image. Stride length decides the amount of cells to shift at every step while 

traversing. In this example stride length is 1. Once it completes the entire width of the image, it 

hops down with respect to the stride length and starts traversing again from the left to the right 

edge of the image. This process is repeated until the whole image is traversed. At every step 

during traversing, it invokes an element wise multiplication followed by the addition of the 

elements with the kernel matrix to the overlapped image matrix with it. The resulting value is the 

calculated feature in the output. 

In the case of images containing multiple channels, the kernel also has the same number of channels. 

The linear operation is performed between the corresponding channels of a filter to an image. All the 

elements of this multi dimensional output are added to produce one value resulting in that step. This 

case is shown in Figure 17. An image of dimension height(ℎ) × width(𝑤) × depth(𝑑) is subjected to 

convolution using a filter or kernel of dimension 𝑓ℎ × 𝑓𝑤 × 𝑑 with padding (𝑝) and stride (𝑠), the output 

feature map dimensions are given by 

(
ℎ − 𝑓ℎ + 2𝑝

𝑠
+ 1) × (

𝑤 − 𝑓𝑤 + 2𝑝

𝑠
+ 1) × 1 
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Figure 17: Dimension of output feature map after convolution 

4.2.5.2 Transposed convolution 

Transpose convolution is one of the techniques in Upsampling of input feature map of given dimension 

to desired dimension feature map using kernel or filter. It is a reverse operation of convolution. For 

example, consider a 2 × 2 input feature map which needs to be upsampled to an output feature map of 

size 3 × 3 with the help of kernel 2 × 2. An example for explaining transposed convolution is illustrated 

using Figure 18. In this example, a 2 × 2 sized input and kernel are chosen. During this process, every 

element in the input image are multiplied with all the elements in the kernel resulting a matrix size of 

the kernel. These matrices are placed in the specific positions of the output based on the stride length. 

Stride length decides the amount of overlap between these resulted matrices. These overlapped cells in 

the output are summed up to generate the final output as shown in Figure 17.  

 

Figure 18: Transposed convolution process 

In the case of images containing multiple channels, the kernel also has the same number of channels. If 

an input image is having height(ℎ) ×  width(𝑤) ×  depth(𝑑) size and a filter or kernel of dimension 

𝑓ℎ ×  𝑓𝑤 ×  𝑑 with padding (𝑝) and stride (𝑠), then the output dimension are given as follows is given 

as follows: 

((ℎ − 1)𝑠 − 2𝑝 + 𝑓ℎ) ×  ((𝑤 − 1)𝑠 − 2𝑝 + 𝑓𝑤) ×  1 

4.2.5.3 Batch normalization 

Batch normalization is the process of bringing all the input features to a common scale. It eases the 

training process by making it faster. The input data is normalized by the mean and standard deviation 

of the input batch size. In the UNet and Patch GAN discriminator, this process repeats after every step 

of convolution. This means the extracted features after convolution is normalized to a common scale 

using their mean and standard deviation. One of the advantages of using batch normalization is that it 

prevents unstable gradients during backpropagation. 
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4.2.5.4 Activation functions 

Two different types of activation functions are being used in the U-Net architecture. They are Leaky 

ReLU and ReLU.  

4.2.5.4.1 ReLU Activation 

ReLU stands for “Rectified Linear Unit”. It is the most common activation function used in the internal 

layers of deep neural networks and proved to be efficient in its usage. It is non-linear in nature and less 

computationally expensive than other activation functions such as Tanh, Sigmoid. With the help of it, 

the activation of the neurons will become sparse which helps in fast learning. The activation function 

is given as R(z) = max(0,z). It means it only outputs the positive values and zeros vomiting the negative 

values which have an impact on mapping the output.  

 

Figure 19: ReLU activation function 

4.2.5.4.2 Leaky ReLU Activation 

Leaky ReLU is an extension of the ReLU to mitigate the dying ReLU problem. The function is given 

as R(z) = max (a*z, z). Here is the slope, usually 0.01. This slope helps in considering the effect of 

negative inputs in mapping the outputs. During the backpropagation, instead of zero gradients in the 

negative part of the ReLU functions, Leaky ReLU outputs nonzero gradients which will help in updating 

the weights in the neural network by mitigating the dying ReLU problem.  

 

 

Figure 20: Leaky ReLU activation function 
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4.3 Uncertainty Quantification 

The concept of uncertainty quantification is shaped into final form based on the research question “How 

much can we trust our neural networks and what is the certainty of their predictions?”. The question 

was raised because of the rapid growth of neural networks and their applications across multiple 

domains. They are being used in critical applications such as autonomous driving, medical applications 

for diagnosis. We cannot expect these models to be 100 percent accurate in their performance. Hence, 

the model needs to know its uncertainty in its prediction for a given input. In terms of high uncertainties, 

a human can be included in the loop for the verification and carrying out the task that the neural network 

is assigned to accomplish.  

For example, a neural network model is developed for the classification of cats and dogs. The network 

learned appropriately such that it can output its classification as a cat when it receives the cat image as 

input and dog when it receives dog image as its input. It does this by extracting the features from the 

images and assigning them a class of cat or dog based on learning during its training procedures with 

multiple examples. What if the neural network is tested with an image of an animal that is different 

from the cat or dog. Will the output be zero for both cat and dog? The output can be anything since the 

network has not seen this animal during its training. We don’t have any control over the output it is 

going to map. Absolutely, there is a high percentage of uncertainty is present in its prediction. To 

quantify this uncertainty, it is better to know about the types of uncertainties present. There are two 

types of uncertainties. They are  

1. Epistemic uncertainty 

2. Aleatory uncertainty 

The example before relates to the epistemic uncertainty, where the network’s uncertainty is due to the 

lack of training data in the input domain. Aleatory uncertainty is due to the randomness or noise in the 

training data. This randomness or noise is of two types, homoscedastic and heteroscedastic. The noise 

is called homoscedastic if it follows the same distribution independent of the inputs. On the other hand, 

it is called heteroscedastic, if it is having different distributions with variance shift. 

 

Figure 21: Epistemic and aleatory uncertainties (Bachstein, Uncertainty Quantification in Deep 

Learning, 2019) 

There are different methods to quantify the uncertainty in the network. Monte Carlo Dropout is opted 

as the approach to be followed in this project. 
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4.3.1 Monte Carlo Dropout 

Dropout is a known technique used in neural network training. During training, some of the neurons in 

the network are dropped out or disabled randomly, every time generating a slightly different network 

structure. This can be seen as a regularization step which helps in preventing the overfitting problem 

common in neural networks (Bachstein, Uncertainty Quantification in Deep Learning, 2019). 

 

 

Figure 22: Monte Carlo Dropout process (Bachstein, Uncertainty Quantification in Deep Learning, 

2019) 

Monte Carlo dropout takes this technique one step ahead. The dropout is enabled not only during 

training, but also during prediction. This generates an empirical distribution over outputs for a given 

input when passed through the network multiple times for prediction. This empirical distribution can 

be used to calculate the mean and variance. The variance is the confidence score of the neural network. 

The expected score will be small for inputs that are similar to the ones the neural network has seen 

during training and will be large for inputs that are very different.  
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5 Software Architecture 

This chapter describes the software architecture of the Virtual unaging system. Even though the 

algorithms are borrowed from the authors of the Pix2Pix GAN and CycleGAN (Isola, Zhu, Zhou, & 

Efros, 2018), they haven’t explained the software architecture of the system implementing their 

algorithms that are involved in their development process. Considering this as an opportunity, a detailed 

view of the software architecture involved in modeling this system has been provided, hoping that this 

will ease the learning process of the algorithm implemented in the future. UML diagrams such as system 

model diagrams, class diagrams, package diagrams, sequence diagrams, and use case diagrams of the 

architecture are explained. 

5.1 Use Case Diagram 

 

Figure 23:  Use case diagram of the virtual unaging System 

In this subsection, a detailed description of use case diagrams is done. Use case diagrams are used to 

depict the interactions between user and system at a higher abstraction level. Unlike other UML 

diagrams which show the flow of process in detail, use case diagrams illustrate the interaction between 

user and system, system boundaries, and goals achieved with every interaction. Use cases are 

represented within an ellipse shape. Actors are placed outside the system boundaries. The relation 

between use cases and the actors is “Association” and it is represented using a solid line. Interaction 

between different use cases is represented using the dashed line with an arrow pointing from one use 

case to the other. These dashed lines come along with the text representing a type of relationship which 

is “Include” and “Extend”. Include defines that the use case will invoke the other that it is pointing to. 

Extend defines that the use case might get invoked in cases of errors or extra utilities requested by a 

user. The use cases represented using extend dashed lines need not be invoked when a user is interacting 

with the system. 
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In this project, the neural network system designed for the virtual unaging of Van Gogh’s paintings has 

two use cases and only one actor. An actor is a generalized category, an actor can be the developer or 

the user. This system has only two use cases. One is to train the system with new data and the other is 

to test at the end of training to get predictions of the system after unaging. Figure 23 depicts the simple 

use case of this system. Each use case of this system is having a detailed representation of itself with 

more use cases. 

Figure 24 and Figure 25 represent the detailed use cases of train and test use cases. Train and test use 

cases share some common use cases such as parsing options, creating models, setting up models, 

creating a dataset, etc., while they have their unique non-shared use cases. Training of neural network 

requires the update of weights at every iteration of batch and optimization of parameters which are not 

required during testing. Alongside user wants to monitor the losses during training which requires 

printing and plotting losses and also needs to save the network at certain intervals. This can enable the 

user to use the updated parameters at different intervals during testing. On the other hand, testing has 

different use cases such as getting current visuals, saving images. This is because the user wants to see 

the results predicted by the trained network and save them to the local repository for further analysis. 

These are the major differences between the train and test use cases.  

 

Figure 24: Training use case diagram of the virtual unaging system 
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Figure 25: Test use case diagram of the virtual unaging system 

5.2 Package Diagram 

 

Figure 26: Package diagram of virtual unaging system 
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The entire system’s software architecture is divided into individual packages based on their 

functionality. Figure 26 depicts the package diagram of the virtual unaging software system. These 

packages go as follows: 

• Firstly, the model package contains all the neural network modules and necessary loss functions 

required for the initialization of neural network architecture. 

• Secondly, the utils package contains visualizer and HTML objects. These objects are 

responsible for visualizing the results, plotting the graphs, and creating a web directory. 

• Thirdly, the options package is responsible for parsing the necessary options based on chosen 

mode either training or testing.  

• Fourthly, Train & Test package consists of scripts that are responsible for initiating training or 

testing of neural networks. 

• Finally, the data package is responsible for loading the data based on the type of GAN chosen 

during the training. 

5.3 Class Diagram 

 

Figure 27: Class diagram of virtual unaging system 

Figure 27 is the class diagram of the virtual unaging system. It depicts the software architecture of the 

current system. The whole system is divided into different modules based on their functionalities. Base 

options class is an abstract class having child classes train and test. These sub-classes are responsible 

for parsing the options required during the training and testing of the neural network.  
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The base model is an abstract class having two child classes Pix2Pix and CycleGAN. Pix2Pix class is 

instantiated for paired color transfer and CycleGAN for unpaired color transfer. These classes inherit 

all the behavior from their abstract class Base Model. These child classes have an aggregation with the 

classes such as GAN loss, UNet, ResNet, PatchD, PixD. These classes are responsible for creating the 

appropriate neural network architecture for the required purpose. These classes are child classes of 

PyTorch built-in package known as “nn.module”. They inherit all the functionalities from it. Pix2pix 

and CycleGAN elements have an association with CustomDatasetLoader class. This class is responsible 

for creating the dataset that will be fed into the neural network model during the training and testing 

phases. This class is in association with either aligned dataset or unaligned dataset class which is child 

classes of the base dataset. The choice of these subclasses is based on the purpose of the paired color 

transfer or unpaired color transfer. 

5.4 Sequence Diagrams 

Figure 28 and Figure 29 are the sequence diagrams of the training and testing pipelines of the Pix2Pix 

model for paired color transfer, CycleGAN model for unpaired color transfer. This diagram shows the 

sequence of the operations that are being carried out during the training and testing phases of the system. 

The user executes the train.py or test.py scripts depending on the requirement of learning or evaluation. 

The difference between the training and the testing phase is that the training phase has an extra loop 

based on the number of epochs the training needs to be done. This loop is not required during the testing 

phase because of the absence of parameter optimization steps.  

 

 

Figure 28: Sequence diagram of virtual unaging system during training for paired color transfer 
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Figure 29: Sequence diagram of virtual unaging system during training 
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6 An Alternative to RGB Color Space 

In this chapter, an investigation of the perceptually uniform color space and its importance over RGB 

color space are explained. Traditionally, the training of convolutional neural networks is carried out on 

the RGB images. In general, the objective of these trainings is to learn the features from the images in 

the spatial domain. The acquired knowledge is applied in different tasks such as classification, object 

detection, style transfer, etc. In this project, the main objective is learning the color transition between 

different versions of the same painting faded over time. In order to achieve the commendable color 

transfer, different loss functions based on color difference are used in the architectures. During training, 

minimizing the errors (loss) in these loss functions will help in achieving the objective. However, 

reducing an error function in RGB color space is not an ideal solution. One of the main reasons is that 

the RGB color space is not perceptually uniform to the human vision. This implies that the color 

difference calculated in the RGB color space is not equal to the color difference noticed by a human 

eye. Therefore, there is a necessity to find a color space that is perceptually uniform color space and 

investigate its performance over RGB color space while training a neural network architecture.  

6.1 Color Spaces 

Color spaces are the specific organization of colors. There are different color spaces. In particular, CIE 

(International Commision of Illumination) defined a different number of color spaces. These are the 

first mathematically derived relations between the wavelengths of the visible spectrum and human 

vision in perceiving colors. In this project, CIELAB color space considered as an alternative to RGB 

color space for the training. It is one of the uniform color spaces defined by CIE. 

Training of neural networks has been performed on image data in CIE LAB and CIE RGB color spaces. 

Then, their performances are weighed against each other. The loss function used in these trainings is 

based on a norm, which is the Euclidean distance between two points in the respective color spaces. 

Minimizing the errors in this loss function ensures the reduction in the color difference. This euclidean 

distance between two different colors in the LAB color space is the same as the difference perceived by 

a human. This Euclidean distance is a well known norm “Delta_E (∆𝐸)” for calculating the color 

difference and it is given by the equation (Wojciech Mokrzycki, 2011). 

 ∆𝐸𝐿𝑎𝑏 =  √∆𝐿2 +  ∆𝑎2 +  ∆𝑏2 (11) 

Where 

∆𝐿 is the difference between 𝐿 values of the two images 

∆𝑎 is the difference between 𝑎 values of the two images 

∆𝑏 is the difference between 𝑏 values of the two images 

According to an article on the survey of color difference (Wojciech Mokrzycki, 2011), a standard 

observer can notice the significant color differences when the ∆𝐸𝐿𝑎𝑏 is in certain ranges. This is given 

as follows: 

• 0 <  ∆𝐸𝐿𝑎𝑏 < 1: Observer cannot notice any color difference 
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• 1 <  ∆𝐸𝐿𝑎𝑏 < 2: Experienced observer can notice the color difference 

• 2 <  ∆𝐸𝐿𝑎𝑏 < 3.5: Unexperienced observer can also notice the color difference 

• 3.5 <  ∆𝐸𝐿𝑎𝑏 < 5: Color difference can be noticed clearly 

• 5 <  ∆𝐸𝐿𝑎𝑏 : Observer notices two different colors 

On the other hand, a similar equation for calculating Euclidean distance in RGB color space is given as 

follows: 

 ∆𝐸𝑅𝐺𝐵 =  √∆𝑅2 +  ∆𝐺2 +  ∆𝐵2 (12) 

Where 

∆𝑅 is the difference between 𝑅 values of the two images 

∆𝐺 is the difference between 𝐺 values of the two images 

∆𝐵 is the difference between 𝐵 values of the two images 

Since RGB color space being nonuniform, this results in an inaccurate measure of color difference when 

compared to actual color difference perceived by a human. This is due to the difference in eye sensitivity 

to the changes in intensities of colors red, green, and blue components. These sensitivities are not 

considered in the above formula. Therefore, we believe that reducing the color distance in the LAB 

color space is visually recognizable than in the RGB color space and in turn, results in better predictions. 

6.1.1 RGB Color Space 

RGB is the commonly used color space for the representation of images digitally. This color space is 

defined by the three chromaticities of the red, green, blue primaries specified from the CIE 1931 color 

space chromaticity diagram defined in chromaticity coordinates (x, y). The space in the chromaticity 

diagram is also referred to as gamut. These three chromaticities can produce any chromaticity triangle 

that defines RGB primaries of that color space. In addition, a white point chromaticity and a gamma 

correction curve are also required to specify the RGB color space. 

 

Figure 30: CIE 1931 color space chromaticity diagram 
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6.1.1.1 ECI RGB v2 

In this project, the digital images of the paintings are photographed in ECI RGB v2 color space. ECI 

RGB v2 is one of the many other existing RGB color spaces such as sRGB, Adobe RGB, ProPhoto 

RGB, etc., This color space is recommended by European Color Initiative (ECI). The gamut space of 

ECI RGB v2 is slightly larger than the Adobe RGB in certain hue regions of the chromaticity diagram 

as shown in Figure 31. 

 

 

 

Figure 31: ECI RGB v2 Color space vs Adobe RGB & sRGB 

6.1.2 CIELAB Color Space 

CIELAB color space is defined by the CIE in 1976 (Precise Color Communication). It is also referred 

to as L*a*b*. This color space represents color as three values: 

• L* – Perceptual Lightness 

• a* – Color transition from green to red 

• b* – Color transition from blue to yellow 

It is based on the opponent color model. According to this color model, colors lie opposite to each other 

in the plane. This scenario can be noticed in L*a*b* color space, where green and red, blue and yellow 

lie on opposite ends of the plane a*b* along the L* axis as shown in Figure 32. Moreover, it is 

perceptually linear color space compared to all the other RGB color spaces. This means that a change 

in the amount of a color value should result in the same change of visual appearance. It is a three-

dimensional color space covering the entire range of colors perceived by humans. The range of L* is 

from 0 to 100, where 0 indicates black and 100 indicates white. The ranges of a* and b* are unbounded 

and they can exceed ±150 to cover the human color perception. Negative values of a* define the green 
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and positive values define the red color. Similarly, negative values of b* defines the blue color and 

positively defines the yellow.   

 

Figure 32: LAB color space representation as color solid (Precise Color Communication) 

6.1.3 RGB-2-LAB Space Conversion  

The conversion into CIELAB from RGB color space is a two step procedure. First, the data from ECI 

RGB v2 must be converted to tristimulus XYZ space. Then the conversion follows from XYZ space to 

LAB space. This flow of conversions is depicted in Figure 33. This conversion requires a reference 

white point defined in RGB color space, referred as “Standard Illuminant” defined by CIE. Standard 

Illuminant is a source of visible light with specific spectral power distribution. It is used to compare the 

colors under different light settings. CIE is responsible for publishing all the standard illuminants. There 

are series of illuminants published by CIE named in alphabetical order as Illuminant A, B, C, D, E, F.  

In this project, D series illuminant “D50” has been used. It is the most commonly used in the printing 

industry. D series illuminants represent the phases of daylight conditions. D50 illuminant is a 

mathematical representation of horizon daylight in the early morning with a color temperature of 

5000K. The spectral energy distribution of this illuminant matches closely to the blackbody at 5000K. 

One of the main reasons for using the illuminant D50 is because of image data being in ECI RGB v2 

color space. This color working space recommends D50 over other standard illuminants such as D65, 

which is the most commonly used. Notice that varying a reference white point during the conversions 

will lead to shift of all colors in the LAB color space but the linearity property remains the same. 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         33 

 

Figure 33: Process of RGB-2-LAB color space conversion and vice versa 

The equations necessary for the conversion are given as follows (Lindbloom, 2017): 

The conversion of RGB values into XYZ is done by a matrix multiplication. Matrix M in the (13  

varies for each color space and the selected reference white point. In this case it is given as follows: 

𝑀 =  [

𝑋𝑟 𝑋𝑔 𝑋𝑏

𝑌𝑟 𝑌𝑔 𝑌𝑏

𝑍𝑟 𝑍𝑏 𝑍𝑔

] 

 
[
𝑋
𝑌
𝑍

] =  [𝑀] [

𝑟
𝑔
𝑏

] 
(13) 

 

Once after converting to XYZ space, equations (14, (15 and (16 are used for the conversion into LAB 

space. 

 𝐿 = 116𝑓𝑦 − 16 (14) 

 

 𝑎 = 500[𝑓𝑥 − 𝑓𝑦] (15) 

 

 𝑏 = 200[𝑓𝑦 − 𝑓𝑧] (16) 

 

Where 

 

𝑓𝑥 =  {
√𝑥𝑟  3 𝑖𝑓  𝑥𝑟 > ∈

𝑘𝑥𝑟 + 16

116
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(17) 

 

 

𝑓𝑦 =  {
√𝑦𝑟 3 𝑖𝑓  𝑦𝑟 > ∈

𝑘𝑦𝑟 + 16

116
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(18) 

 

 

𝑓𝑧 =  {
√𝑧𝑟 3 𝑖𝑓  𝑧𝑟 > ∈

𝑘𝑧𝑟 + 16

116
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(19) 

 

 
𝑥𝑟 =  

𝑋

𝑋𝑛
 

(20) 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         34 

 

 

 
𝑦𝑟 =  

𝑌

𝑌𝑛
 

(21) 

 

 
𝑧𝑟 =  

𝑍

𝑍𝑛
 

(22) 

 

Using the same equations, the conversion can be reversed from CIELAB to RGB space. For this 

conversion, the following equations are given as follows: 

 
[

𝑟
𝑔
𝑏

] =  [𝑀]−1  [
𝑋
𝑌
𝑍

] 
(23) 

 

Where  

 𝑋 =  𝑥𝑟𝑋𝑛 (24) 

 

 𝑌 =  𝑦𝑟𝑌𝑛 (25) 

 

 𝑍 =  𝑧𝑟𝑍𝑛 (26) 

 

 

𝑥𝑟 =  {
𝑓𝑥

3 𝑖𝑓  𝑓𝑥
3 > ∈

(116𝑓𝑥 − 16)

𝑘
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(27) 

 

 

𝑦𝑟 =  {
(
𝐿 + 16

116
)3 𝑖𝑓  𝐿 >  𝑘 ∈

𝐿

𝑘
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(28) 

 

 

𝑧𝑟 =  {
𝑓𝑧

3 𝑖𝑓  𝑓𝑧
3 > ∈

(116𝑓𝑧 − 16)

𝑘
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(29) 

 

 𝑓𝑥 =  
𝑎

500
+  𝑓𝑦 (30) 

 

 
𝑓𝑧 =   𝑓𝑦 −  

𝑏

200
  

(31) 
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𝑓𝑦 =  

𝐿 + 16

116
 

(32) 

 

 
∈ =  {

0.008856 𝐴𝑐𝑡𝑢𝑎𝑙 𝐶𝐼𝐸 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
216

24389
𝐼𝑛𝑡𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝐶𝐼𝐸 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑

 
(33) 

 

 
𝑘 =  {

903.3 𝐴𝑐𝑡𝑢𝑎𝑙 𝐶𝐼𝐸 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
24389

27
𝐼𝑛𝑡𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝐶𝐼𝐸 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑

 
(34) 

 

During this conversion CIE 1931 2-degree standard observer is chosen as an observer. Color physics 

python package is used to facilitate these conversions. 

The experiments and results of the investigation on usage of perceptually uniform color space 

CIELAB over RGB color space can be found in chapter 8. 
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7 Evaluation Metrics 

In this chapter evaluation metrics chosen to evaluate the performance of neural networks have been 

described in detail. Four metrics are chosen in the RGB color space and two metrics in the LAB color 

space for evaluation purposes. They are  

• RGB Space 

o SSIM - Structural similarity index measure 

o PSNR - Peak to signal noise ratio 

o MSE - Mean squared error 

o L1 error norm of the error 

• LAB space 

o L1 norm of the error 

o DeltaE2000 (Δ𝐸2000) 

7.1 Structure Similarity Index Measure (SSIM) 

SSIM is a structural similarity index measure. It is a perception-based model that is used to determine 

the perceived quality of digital images and videos. It is also used to measure the similarity between two 

digital images. This metric measures the similarity between the predicted image 𝑔 and ground truth 

image 𝑓. 𝑔 and 𝑓 are matrix representation of the RGB images. The SSIM is defined based on the three 

comparison measurements: luminance (𝑙), contrast (𝑐), structure (𝑠). 

 𝑆𝑆𝐼𝑀(𝑓, 𝑔) = 𝑙(𝑓, 𝑔)𝑐(𝑓, 𝑔)𝑠(𝑓, 𝑔) (35) 

 

 
𝑙(𝑓, 𝑔) =  

(2𝜇𝑓𝜇𝑔 +  𝑐1)

(𝜇𝑓
2 +  𝜇𝑔

2  +  𝑐1)
 (36) 

 

 
𝑐(𝑓, 𝑔) =  

(2𝜎𝑓𝜎𝑔 +  𝑐2)

(𝜎𝑓
2 +  𝜎𝑔

2  +  𝑐2)
 (37) 

 

 
𝑠(𝑓, 𝑔) =

(2𝜎𝑓𝑔 +  𝑐3)

(𝜎𝑓𝜎𝑔  +  𝑐3)
  (38) 

 

 
𝑆𝑆𝐼𝑀(𝑓, 𝑔) =  

(2𝜇𝑓𝜇𝑔 +  𝑐1)(2𝜎𝑓𝑔 +  𝑐2)

(𝜇𝑓
2 +  𝜇𝑔

2  +  𝑐1)(𝜎𝑓
2 +  𝜎𝑔

2  +  𝑐2)
 (39) 

 

Where 

𝜇𝑓 and 𝜇𝑔 are the averages of 𝑓 and 𝑔 
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𝜎𝑓
2 is the variance of 𝑓 

𝜎𝑔
2 is the variance of 𝑔 

𝜎𝑥𝑦 is the covariance of 𝑥 and 𝑦 

𝑐1 =  (𝑘1𝐿)2, 𝑐2 =  (𝑘2𝐿)2,   𝑐3 =  
𝑐2

2⁄  are three variables to avoid division by zero 

𝐿 is the dynamic range of the pixel values, which is (0 - 255) 

𝑘1 = 0.01 and 𝑘2 = 0.03  

7.2 Mean Squared Error (MSE) 

MSE is the measure of cumulative mean squared error between the predicted image 𝑔 and ground truth 

image 𝑓.  

 
𝑀𝑆𝐸 =  

1

𝑙 ∗ 𝑚 ∗ 𝑛
 ∑ ∑ ∑[𝑔(𝑘, 𝑖, 𝑗) − 𝑓(𝑘, 𝑖, 𝑗)]2

𝑛−1

𝑗=0

𝑚−1

𝑖=0

𝑙−1

𝑘=0

  (40) 

 

Where 

𝑙 is the number of channels in an RGB image, 𝑙 = 3 

𝑚 is the number of pixel rows in an image 

𝑛 is the number of pixel columns in an image 

7.3 Peak Signal to Noise Ratio (PSNR) 

PSNR means peak signal to noise ratio. This measure is generally used in signal processing. It is the 

ratio between the maximum possible power of a signal and the power of noise that affect the quality of 

its representation. Usually, the logarithmic decibel scale is used to express PSNR. The maximum signal 

value 𝑀𝐴𝑋𝐼 carried in the digital image is 255.  

 
𝑃𝑆𝑁𝑅 = 10. log10(

𝑀𝐴𝑋𝐼
2

𝑀𝑆𝐸
) (41) 

 

This ratio also estimates the quality of the predicted image from the generated image. The quality of a 

predicted image is higher with higher PSNR. By reducing the 𝑀𝑆𝐸 between the predicted and ground 

truth image could lead to the increase in PSNR.  

7.4 L1 Error 

𝐿1 error represents the averaged cumulative sum of absolute error between the predicted image 𝑓 and 

ground truth image 𝑔. The error estimates the amount by which the predicted image 𝑓 is different from 

the ground truth image 𝑔. This metric’s formula is the same for both RGB and LAB color spaces. The 

formula is given as follows: 
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𝐿1 𝐿𝑜𝑠𝑠 =

1

𝑙 ∗ 𝑚 ∗ 𝑛
∑ ∑ ∑ |𝑔(𝑘, 𝑖, 𝑗) − 𝑓(𝑘, 𝑖, 𝑗)|

𝑛−1

𝑗=0

𝑚−1

𝑖=0

𝑙−1

𝑘=0

 (42) 

 

Where 

𝑙 is the number of channels in an RGB image, 𝑙 = 3 

𝑚 is the number of pixel rows in an image 

𝑛 is the number of pixel columns in an image 

7.5 DeltaE2000(𝚫𝑬𝟐𝟎𝟎𝟎) 

CIE (Internation commission oo Illumination) defined Δ𝐸2000 as a new metric for the calculation of 

new color difference by resolving uniform perception problem which was not handled in the earlier 

versions such as Δ𝐸𝐿𝐴𝐵, Δ𝐸94. This is defined in the 𝐿∗𝐶∗ℎ∗ color space. Where, 𝐿∗ is for the lightness, 

𝐶∗  is for the chroma, 𝐻∗ is for the hue. The ISO recommends Δ𝐸2000 over Δ𝐸𝐿𝐴𝐵 based on the 

Euclidean distance and Δ𝐸94 at the industrial level (Wojciech Mokrzycki, 2011). Δ𝐸2000 is achieved by 

adding 5 corrections to the Δ𝐸94. These corrections are the introduction of compensation for lightness 

(𝑆𝐿), chroma (𝑆𝐶), hue (𝑆𝐻), compensation for neutral colors and a hue rotation term (𝑅𝑇). The formula 

for Δ𝐸2000 is given as follows: 

 

∆𝐸2000(𝐼1, 𝐼2) =  √(
∆𝐿′

𝐾𝐿𝑆𝐿
)

2

+  (
∆𝐶′

𝐾𝐶𝑆𝐶
)

2

+  (
∆𝐻′

𝐾𝐻𝑆𝐻
)

2

+ 𝑅𝑇

∆𝐶′

𝐾𝐶𝑆𝐶

∆𝐻′

𝐾𝐻𝑆𝐻
  (43) 

 

Where 

𝐼1, 𝐼2 are the images in LAB space 

 

�̅�′ =
(𝐿1 +  𝐿2)

2
 

∆𝐿′ =  𝐿2 −  𝐿1  

𝐶1 =  √𝑎1
2 +  𝑏1

2  

𝐶2 =  √𝑎2
2 +  𝑏2

2  

𝐶̅ =  
(𝐶1 +  𝐶2)

2
 

𝐺 =

(1 −  √ 𝐶̅7

𝐶̅7 +  257)

2
 

𝑎1̅̅ ̅′ =  𝑎1( 1 + 𝐺) 

𝑎2̅̅ ̅′ =  𝑎2( 1 + 𝐺) 

𝐶1
′ =  √𝑎1

′2 +  𝑏1
2  
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𝐶2
′ =  √𝑎2

′2 +  𝑏2
2  

𝐶̅′ =  
(𝐶1

′ +  𝐶2
′)

2
 

∆𝐶′ =  𝐶2
′ −  𝐶1

′ 

∆𝐻′ =  2√𝐶2
′  𝐶1

′ sin (∆ℎ′/2) 

𝑆𝐿 = 1 +  
0.015(�̅�′ − 50)2

√20 +  (�̅�′ − 50)2
 

𝑆𝐶 = 1 + 0.045𝐶̅′ 

𝑆𝐻 = 1 + 0.045𝐶̅′𝑇 

∆𝜃 = 30𝑒𝑥𝑝{−(
�̅�′ −  275°

25
)} 

𝑅𝐶 =  √
𝐶̅7

𝐶̅7 +  257
 

𝑅𝑇 =  −2𝑅𝐶sin (2∆𝜃) 

𝑅𝑇 is a hue rotation term to handle the blue regions in the LAB color space 

𝐾𝐿 = 2 is a weighing for the lightness 

𝐾𝐶 = 1 is a weighing for the chroma 

𝐾𝐻 = 1 is a weighing for the hue 

𝐿1, 𝐿2 are Lightness values of the two images that are being compared 

𝐶1, 𝐶2 are Chroma values of the two images that are being compared 

𝑎1, 𝑎2 are 𝑎 values of the two images in the LAB space that are being compared 

𝑏1, 𝑏2 are 𝑏 values of the two images in the LAB space that are being compared 
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8 Implementation 

In this chapter, a detailed description of experiments performed on synthetic and measured data of the 

paintings is given alongside the discussion of their results. At the beginning of this project, preliminary 

experiments are done on synthetic data for both paired and unpaired color transfer. Later, after the 

acquisition of more data from the museum, experiments are conducted on the measured data. This 

chapter contains subsections for each proposal. For each proposal, there are multiple implementations 

on different datasets to assess the potential of the concepts that will help in the digital reconstruction of 

the colors.  

8.1 Implementation of Paired Color Transfer 

In the paired color transfer implementation process (Chapter 2.2), Pix2Pix GAN neural network 

architecture has been used. UNet_256 generator is used in the architecture with 8 layers of depth. For 

the discriminator network, PatchGAN architecture of 3 layers is chosen. These two neural network 

architectures are explained in chapter 4. Two types of datasets have been used during the training. One 

is the synthetic dataset created from the “Garden of the asylum” painting and the other is the “The 

Bedroom” painting and its reconstruction. 

Evaluation criteria of this technique’s implementation are done both subjectively as well as objectively. 

During its implementation on the synthetic data, the evaluation is done subjectively by comparing the 

quality of color reconstruction with the ground truth available. After assessing the quality visually, 

which proved the theory of this concept, then further implementation is performed on “The Bedroom” 

painting. This painting has its current version after fading and its color reconstructed version. Evaluation 

metrics discussed in the chapter 7 are used to assess the quality of the image and color reconstruction 

in this implementation. Evaluation is done on the test set as well as on the whole painting. During the 

training of the neural network, validation has been performed using the validation set created. 

Validation losses are calculated after passing each epoch of the training. Following this procedure 

helped in tracking the training and validation losses throughout the training. This tracking enables us to 

utilize the early stopping methods when there is a significant deviation of the validation loss when 

compared to training loss which indicates the undesirable phase in training leading to overfitting of the 

neural network. In the course of this implementation process, comprehensive studies on the effects of 

training a neural network on LAB data over RGB data and the effectiveness of different stabilization 

techniques for achieving stability in GANs training have been done. 

8.1.1 Implementation on Synthetic Data 

In this implementation, the Pix2Pix GAN has been trained on one of Van Gogh’s paintings named 

“Garden of the Asylum”. The resolution of the painting in its digital form is 5409 × 6903 × 3. Since 

there is only one version of this image, which is not sufficient for training the Pix2Pix architecture, the 

painting is assumed as an unfaded one. Using image editing tools, this painting is edited to create a 

faded version of it synthetically. Figure 34 shown below shows the current painting’s image on the left 

and the synthetically faded image on the right. 
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Figure 34: Current painting’s image(left) and synthetically faded image(right) of the painting 

"Garden of the Asylum" 

Training, validation, and testing data are taken as patches of size 256 × 256 × 3 from the above-

mentioned images. Figure 35 depicts the areas where different sets of data for the training, validation, 

and test are taken along with several patches from each section of the area. 

 

Figure 35: Patches took from the images for training, validation, testing 

Once the training is done, two types of tests are done. One test is for predicting the unfaded painting by 

inputting the faded painting data to the trained neural network architecture. The other test is to quantify 

the uncertainty in its prediction. The Monte Carlo dropout technique is incorporated during the testing 

and 500 sample outputs are collected during this test. These samples are processed to quantify the 

uncertainty in the network’s prediction. Figure 36 illustrates the process for quantifying the uncertainty 

from the output samples. Variance across each corresponding channel of the samples is calculated first 

and then the element-wise sum of all the variances in the three channels is plotted in a single channel. 
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Figure 36: Process involved in calculating the variance in output samples obtained from Monte Carlo 

dropout 

8.1.1.1 Results and Discussion 

The top part of Figure 37 depicts the training procedure using the red patches during training and green 

patches during validation. As mentioned before, the patch size is 256 × 256 × 3. The bottom part of 

Figure 37 shows the trained neural network predicting the unfaded painting upon taking the entire faded 

painting data as input. The results show that the trained Pix2Pix GAN architecture achieved 

commendable results by reconstructing the colors in its prediction. However, this is a preliminary test 

done to prove the concept of image-to-image translation for color reconstruction purposes. Moreover, 

the synthetic data created in this implementation underwent a uniform degradation across the entire 

painting image. The pattern of the color transition in this case is quite straightforward to learn for the 

neural network. 

 

Figure 37: Training procedure and testing results of the trained Pix2Pix architecture (Disclaimer) 

Figure 38 shows the quantified uncertainty in the trained neural network’s prediction. This is achieved 

by the use of the Monte Carlo dropout method. It can be noticed that the network is uncertain in the 
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regions of the test and validation data sets. This is because the network has not seen these areas while 

training. Therefore, it is expected that neural network prediction is uncertain in these areas. This result 

indicates that the network’s uncertainty quantification is qualitatively accurate. 

 

Figure 38: Uncertainty quantification of the predicted output on synthetic data 

8.1.2 Implementation on “The Bedroom” Painting 

In this section, the procedure followed for training and testing on Van Gogh’s Bedroom painting and 

its digital reconstruction are discussed. During this implementation, training has been done in RGB as 

well as LAB color space. The motive behind this training has been explained in the chapter 6.  

 

Figure 39: Van Gogh’s bedroom painting – Current version 
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Figure 40: Van Gogh’s bedroom painting – Digital reconstruction 

A similar procedure explained earlier has been followed in the preparation of datasets for training and 

testing from these paintings. Before the preparation of the datasets, the painting’s images should be 

aligned exactly to ensure that they have pixel to pixel correspondence between the two images. The 

process of aligning images is called registration. Iterative Lucas Kanade optical method is employed 

for achieving the image registration of “The Bedroom” painting. Details about this registration method 

and its implementation can be found in the appendix 0. 

 

Training set 

  

 

Validation 

set 

Test set 

Training set 
 

Figure 41: Datasets from the images 

Once the datasets are prepared, we train two different neural networks. One is trained on the RGB data 

of the images and the other is trained on the LAB data of the images. As a first step, a simple neural 

network configuration is selected. The training is only done on the UNet generator network in the 

absence of the discriminator. The outcome of this study will help in the selection of color space for 

further study on the training strategies which will be discussed in detail in the next section.  



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         45 

 
(a) 

 
(b) 

Figure 42: Data flow through the neural network (a) RGB data flow (b) LAB data flow after 

conversion from RGB data 

Figure 42 depicts the training framework of the RGB and LAB data. The difference between the two 

frameworks is the conversion step from RGB to LAB data before the training of architecture starts. 

Moreover, the loss calculation is at different locations for both RGB and LAB frameworks which is not 

explicitly shown in Figure 42. For the RGB framework, the loss function (either 𝐿1 or 𝐿2) is calculated 

on the predicted values which are in normalized form. On the other hand, loss functions (𝐿1 or 𝐿2) are 

calculated on the denormalized values after prediction in the LAB framework. The main reason for 

having this distinction is that the RGB data contains values from 0 to 255 in all three channels which 

implies equal importance of all three channels. The difference between the loss calculated on the 

normalized RGB values and original RGB values is that it is a scaled version by the factor that they are 

being normalized. On contrary, this is not the case for the LAB data because L, A, B are in different 

ranges individually i.e., each channel importance is weighed by their range. Loss calculated in 

normalized space of LAB is not a scaled version of loss calculated on original LAB data. This implies 

that the location of calculating loss in the LAB framework should be different from the RGB framework. 

Thus, the training framework has been modified accordingly for the LAB training. 

8.1.2.1 Results and Discussion 

Once the training is done, predictions from the trained neural networks are computed. Since the network 

is trained on the patches, the testing is also performed on the patches of the entire image. A special 

algorithm has been developed to split the entire painting into serialized overlapping patches as well as 

to stitch it back. Once feeding these patches through the network in a serial manner, the respective 

predicted patches are extracted on the end. These patches are stitched with the help of this algorithm. 

The need for extracting overlapping patches is to avoid checkerboard patterns during stitching the 

predicted patches. This is achieved by weighing overlapping regions in the predicted patches linearly 

and summed to get the final values of prediction in these regions. Details regarding this algorithm and 

its implementation can be found in the appendix C.  
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Figure 43 shows the predictions of “The Bedroom” painting achieved by the neural networks trained in 

LAB and RGB color space using 𝐿2 loss. The results using 𝐿1 loss in these color spaces can be found 

in the appendix E. The results achieved after evaluating the trained networks are listed in Table 2. 

Section 1 of the table contains metrics calculated on the test set. These metrics are with respect to RGB 

color space. Section 2 of the table contains metrics calculated in LAB space and on the entire predicted 

image. These results show that the networks trained using the 𝐿2 loss achieved a smaller color difference 

compared to the networks trained on the 𝐿1 loss. In addition, the neural network trained on the RGB 

data is performing better for metrics in RGB space. On the other hand, the neural network trained on 

the LAB data yields better performance to metrics in the LAB space. Nevertheless, RGB metrics 

achieved by the LAB-trained neural network are comparable to the RGB-trained neural network. 

Since LAB color space is perceptually uniform to human vision than the RGB color space, metrics in 

LAB color space are given more importance than the RGB color space. Therefore, it can be concluded 

that the LAB-trained neural network with Δ𝐸2000 = 2.2815 is better than the RGB neural network with 

Δ𝐸2000 = 3.2743. Based on this conclusion, the rest of the research is carried out using the training in 

LAB color space. 

 

 
(a) 
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(b) 

Figure 43: Predictions of “The Bedroom” painting by Pix2Pix network trained on LAB (a) and RGB 

(b) data (Disclaimer) 

Table 2: Comparison of neural network performances trained on RGB and LAB data 

Type Section: 1 Section: 2 

Metrics calculated in RGB Space on a 

test set of 60 patches in the entire 

image 

LAB L1 

loss of 

entire 

image 

LAB Mean 

𝚫𝑬𝟐𝟎𝟎𝟎 of the 

entire image 

PSNR SSIM MSE L1 

Loss 

RGB_l1_training 22.8115 0.8781 0.0056 0.0549 7.6664 3.4996 

RGB_l2_training 22.5920 0.8682 0.0059 0.0567 7.6813 3.2743 

LAB_l1_training 22.5841 0.8789 0.0058 0.0520 6.9876 2.6708 

LAB_l2_training 22.7038 0.8832 0.0056 0.0519 5.8838 2.2815 
 

The Δ𝐸2000 values listed in Table 2 are the calculated mean over the entire image. To access the quality 

of color reconstruction in the predicted images at pixel level, Δ𝐸2000 can be plotted as error maps. 

Figure 44 depicts the Δ𝐸2000 plots calculated between the predicted image and the ground truth image 

of both predictions. The scale of these maps is adjusted between 0 and 5. This is because the color 

difference of more than 5 indicates two distinct colors as mentioned in chapter 6. Figure 44 (a) is the 

result trained on LAB data and Figure 44 (b) is the result trained on the RGB data. It can be observed 

that the prediction given by the network trained on RGB data has more areas where the Δ𝐸2000 is above 

5. 
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(a) 

 
(b) 

Figure 44: 𝛥𝐸2000 maps of the predictions (a) Trained on LAB data (b) Trained on RGB data 
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8.1.3 Uncertainty Quantification of the Prediction 

 
(a) 

 
(b) 

Figure 45: 𝛥𝐸2000 (a) map of prediction by LAB trained network and (b) its quantified uncertainty 

map  

During the course of paired color transfer implementation on the Bedroom painting, uncertainty 

quantification of the Pix2Pix network trained on LAB data with L2 loss has been performed. Figure 45 

(b) shows the uncertainty map of the neural network’s prediction. From this result, it can be concluded 
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that the neural network’s uncertainty is in the regions where the network is prone to make errors in its 

predictions as shown in Figure 45 (a) Δ𝐸2000 plot. This comparison confirms that the uncertainty 

quantification obtained is valid. However, it is uncertain in the areas that have been used for preparing 

datasets during the training. This is due to the presence of unique patterns or features in each patch 

specific to those areas which are leading to the sparsity of data in terms of shared features. Since there 

are common features on the entire floor, the uncertainty of the neural network is very low in this region 

of the painting. Nonetheless, it doesn’t mean that the neural network’s prediction at this region is 

perfectly right rather it is certain. 

8.1.4 Training Strategies for Stable Training of GANs 

In this project, different neural network configurations have been trained to choose the best suitable 

configuration for better predictions in color transfer. Even though GANs have a relatively short history, 

they have already found important applications in different domains. GANs are known to suffer stability 

issues during training. This is due to their challenging adversarial training procedure of both generator 

and discriminator networks. It has been shown that having an optimal discriminator leads to stable 

training of GANs (Minhyeok Lee, 2020). It is also proven that if the discriminator network satisfies the 

Lipschitz continuity, then the training of GANs is stabilized (Arjovsky, Chintala, & Bottou, 2017).  In 

recent years, machine learning researchers came up with a variety of regularization techniques to 

stabilize the training of GANs. All the regularization techniques introduced are going to optimize the 

discriminator network. In this project, the scope is limited to make use of the already available 

regularization techniques used in the state-of-the-art GANs. Therefore, one of the goals of this project 

is to select a regularization technique that is the best fit for the color transfer. In addition, different GAN 

loss functions such as least squared loss, binary cross-entropy loss, Wasserstein loss in combination 

with L1 or L2 losses of the generator are also employed during the training to study their combined 

effect with the regularization techniques.  

Regularization techniques are categorized into different groups by their operational basis (Minhyeok 

Lee, 2020). They are 

8.1.4.1 Gradient Penalty Methods 

In this project, gradient penalty is employed alongside Wasserstein loss to regularize this loss. Gradient 

penalty has been proved to constraint the gradients of the discriminator to make it Lipschitz continuous 

(Gulrajani, Ahmed, Arjovsky, Dumoulin, & Courville). Gradient penalty methods use an auxiliary loss 

function in addition to the normal loss function of discriminators such as Wasserstein loss or least square 

loss or binary cross-entropy loss. 

8.1.4.2 Imbalanced Training 

Multiple updates and Two Time Scale Update Rule (TTUR) techniques are used from the imbalanced 

training category. These imbalanced training strategies will help the discriminator to learn faster than 

the generator. This faster learning of discriminator guides the generator to generate the images close to 

reality (Martin Heusel, 2018). 

8.1.4.3 Weight Normalization 

In weight normalization methods, the spectral normalization technique is used. It is a known 

normalization technique to normalize the weights of GAN during training. It uses the spectral norm of 

the weight matrix similar to the L2 norm. Spectral norm corresponds to the largest singular vector. It is 

claimed that the largest singular vector is interconnected to the Lipschitz constant (Takeru Miyato, 

2018), which in turn stabilizes the GANs training. 
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8.1.4.4 Normalization of the Output of Layers 

Either instance or batch normalization has been chosen for the normalization of the output of layers. 

These layer normalization techniques restrict the outputs of the neural network layers to enhance the 

training procedure of deep neural networks (Lei Huang, 2020). In general, batch normalization is 

applied only to the generator and not to the discriminator. 

Training of neural networks is carried out on the different combinations of these different regularization 

techniques and different loss functions. This combination is referred to as a configuration. Table 3 lists 

all the possible configurations that are selected and trained during this project. During training, each 

configuration’s L1 loss is plotted and studied to select the best combination. Since L1 loss shows how 

close the generated image is to the ground truth. In addition, after training, evaluation of these 

configurations is done by calculating the metrics introduced in section Evaluation Metrics on the test 

set in RGB space and the entire image in LAB space.  

Table 3: List of trained configurations 

Serial. No Configuration 

1 Only L1 loss, batch normalization 

2 Only L2 loss, batch normalization 

3 Least square loss, L1 loss, batch normalization, TTUR 

4 Least square loss, L1 loss, instance normalization, TTUR 

5 Least square loss, L1 loss, batch normalization, spectral normalization, TTUR 

6 Wasserstein loss with gradient penalty, batch normalization, TTUR 

7 Wasserstein loss with gradient penalty, batch normalization, spectral normalization, 

TTUR 

8 Wasserstein loss with gradient penalty, batch normalization, spectral normalization 

9 Binary cross-entropy loss, L1 loss, batch normalization, TTUR 

 

Table 4‘s first column lists the selected configurations with a special name. The naming of each 

configuration follows a specific order separated by underscore between different loss functions and 

regularization techniques involved. This order is given as follows: 

ColorSpace_GANLoss_GeneratorLoss_WeightNormalization_LayerNormalization_ImbalancedTrain

ing 

For example, if a configuration is trained in LAB color space with WGANGP loss and L1 generator 

loss alongside spectral normalization as weight normalization method, batch normalization as layer 

normalization method, and different learning rates for imbalanced training. Then the name is given as 

“LAB_wgangp_l1_spectral_batch_dlr”. Here “dlr” stands for different learning rates, “slr” for same 

learning rates. 

8.1.4.5 Results and Discussion 

Figure 46 depicts the Δ𝐸2000 images of each configuration with the ground truth. Table 4 lists the 

metrics calculated on the test set and the entire image in both RGB and LAB color space. Results show 

that a configuration with either L1 or L2 loss as generator loss performing better than all the other 

configurations. In this configuration, there is no discriminator network during training which makes it 

an encoder-decoder network unlike a GAN. In the remaining configurations, there is another one which 

is a GAN network unlike the first one. The performance of this configuration is considerably better than 
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other GANs in the list. In this configuration, Wasserstein loss in combination with spectral 

normalization and different learning rates for generator and discriminator networks is used. There is a 

basic configuration with least square loss and L1 loss, instance normalization has proven to have less 

quality prediction overall because it suffers the stabilization problem while training which results in 

poor performance during testing time. These results demonstrates that the regularization techniques 

improved the performance of the architecture individually as well as in combination. 

 

   
LAB lsgan LAB Lsgan-instance LAB Lsgan-spectral 

   

LAB wgangp LAB Wgangp-spectral LAB Wgangp-spectral-same 

learning rate 

   

LAB Vanilla LAB L1 LAB L2 

 

Figure 46: Delta E images of the predictions done by different configurations 
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Table 4: Comparison of metrics resulted after different training configurations 

Normalization & Learning rate 

Metrics in RGB Space 

(Test set – 60 patches) 

Metrics in LAB 

Space 

(Entire Image) 

PSNR SSIM MSE 
L1 

Loss 
L1 loss 

Mean 

𝚫𝑬𝟐𝟎𝟎𝟎 

Range→ RGB – (0 to 1) 

L – (1 to 100) 

A&B – (-150 to 

+150) 

LAB_l1_batch  22.5841 0.8789 0.0058 0.0520 6.9876 2.6708 

LAB_l2_batch  22.3985 0.8698 0.0061 0.0543 6.9095 2.2815 

LAB_wgangp_l1_batch_dlr  22.6269 0.8741 0.0058 0.0530 7.5879 3.9175 

LAB_wgangp_l1_spectral_batch_slr  23.0690 0.8771 0.0053 0.0526 7.6296 3.9790 

LAB_wgangp_l1_spectral_batch_dlr 23.0311 0.8811 0.00527 0.0525 7.3167 3.4076 

LAB_lsgan_l1_instance_dlr 20.3541 0.8256 0.0094 0.0670 12.7849 5.6230 

LAB_lsgan_l1_batch_dlr  20.4780 0.8222 0.0093 0.0656 8.8419 4.1812 

LAB_lsgan_l1_spectral_batch_dlr  21.4114 0.8500 0.0075 0.0613 8.7923 4.0755 

LAB_vanilla_l1_batch_dlr 21.0787 0.8362 0.0082 0.0637 8.1679 3.6977 

 

8.2 Implementation of Unpaired Color Transfer 

In the implementation of unpaired color transfer, the CycleGAN architecture is used. There are three 

different implementations on datasets of various paintings. The resolution of the patches extracted for 

training CycleGAN architecture varies among paintings digital versions. Each digital version has a 

different resolution which affects the patch resolution at the end. High-resolution painting images hold 

more data behind the frames compared to their low-resolution versions. This is due to the limited 

dimensions of the frame rebate. The following assumption has been made in this implementation: 

• Frame overlap less than 2cms is considered for the paintings whose frame dimensions are 

unknown. 

Depending on the resolution of the patches selected in each painting image data, UNet architectures are 

tweaked a bit to fit into the implementation process. These tweaks are related to the number of layers 

in the UNet architecture. Tweaking enabled to avoid resizing before feeding the patches into the training 

framework. 

Evaluation criteria in unpaired color transfer vary in comparison with the paired color transfer. Since 

this technique is implemented on the paintings which don’t have their color reconstructed versions. 

Four different types of implementations are performed using this technique with varied evaluation 

criteria from each other. The first implementation is on the synthetic data created from the painting 

“Garden of the asylum”. As this implementation is a preliminary one for the proof of concept, subjective 

evaluation was followed. The second implementation is on “The Bedroom” painting data by defining 

two synthetic scenarios. This implementation is to prove the capability and uniqueness of this technique 

can achieve from the painting itself. As there is an advantage of the availability of ground truth, the 

Δ𝐸2000 difference is calculated between the prediction and ground truth to quantify the prediction 
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quality of this technique. However, in reality, this technique is implemented on the paintings solely 

using the data behind the frame. Therefore, the third and fourth implementations are performed on the 

paintings named “Old woman portrait” and “Field with Irises near Arles”. In the “Old woman portrait” 

painting, the color behind the frame is less faded compared to the background of the painting. In this 

implementation, the evaluation procedure is done by comparing the calculated color difference Δ𝐸2000 

between the predicted painting and its current version. The following assumption has been made in this 

evaluation criteria: 

• The color behind the frame in the “Old woman portrait” painting is considered as an original 

color before fading. 

Three sets of patches are selected from the predicted painting and the current painting. First set of 

patches are taken from the current painting behind the frame. Second and third set of patches are taken 

from the background of the predicted and  current painting close to the frame. First Δ𝐸2000 is calculated 

between the first and second set of patches. Later, it is calculated between the first and third set of 

patches. These two values are compared against eachother to quantify the achieved color reconstruction 

in the predicted painting. 

For the “Field with Irises near Arles” painting, there are two colors pink and purple whose original 

appearances are preserved under the frame. A different evaluation approach is followed compared to 

the rest of the implementations. This criteria is explained in detail in the sub section belonging to its 

implementation. 

8.2.1 Implementation on Synthetic Data 

In this implementation, CycleGAN architecture with UNet_128 generator and PatchGAN discriminator 

is trained on the images of the painting “Garden near asylum”. The procedure followed to extract 

datasets from the images varies from the paired color transfer. The main objective of the unpaired color 

transfer is to learn the color transition from the paint behind the frame to the paint that is faded due to 

exposure. Since, there is no difference in the colors under the frame to the colors exposed in the 

painting’s current version, a mockup of this scenario is created by taking the patches of images from 

the borders of the painting’s current version as shown in Figure 47. On the other hand, the rest of the 

patches are taken from the faded painting thus making them unpaired patches. The resolution of the 

patches that are taken from the frame is 128 X 128 X 3. This resolution is less than 2cms of frame 

thickness which is a valid assumption because there are paintings with frame thickness close to 5mm. 

In total, 142 image patches are obtained for the training, 20 for the validation, and 20 for the training. 

 

Figure 47: Patches took for the CycleGAN training from the mock-up scenario 
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8.2.1.1 Results and Discussion 

Figure 48 shows the results obtained from the two generator networks. In this context, they are named 

as the aging model and the unaging model. Visually, it can be noticed that both generator networks 

made accurate predictions. Though the data that is available for training is less compared to paired color 

transfer, the predictions are visually accurate. These results confirm that the assumptions are valid, and 

the proposal can give us reliable results if applied to real paintings. 

 

Figure 48: Results of the CycleGAN predicting both the aging and unaging of the given input painting 

(Disclaimer) 

8.2.2 Implementation on “The Bedroom” Painting 

In this implementation on “The Bedroom” painting, two synthetic scenarios are considered. They are 

referred as Multi-Color scenario and Two-Color scenario. The data in these scenarios is selected such 

that it recreates an ideal case of the paintings having unfaded colors below the frame without any 

damage. These experiments are conducted to prove the potential of the proposal “Unpaired color 

transfer” when applied to real paintings. This can enable scientists to reconstruct colors from the 

painting itself. 

The following assumptions are made to select the patches from the painting: 

• Patch resolution of 64 × 64 is considered as an ideal resolution behind the frame.  

• Patches are taken with an offset of 40 pixels to the edges to create an ideal situation, this is to 

ensure that there are no damaged edges and “no paint” areas (only canvas) in the patches. 

Since the dataset contains patches of resolution 64 × 64, the UNet generator architecture is modified 

and adjusted to train adequately on the given resolution. The adapted network is named “UNet_64”. 

Unlike UNet_128 and UNet_256 architectures whose number of encoding and decoding layers is more 

than 6, UNet_64 has only 6 layers depth for encoding and decoding.  

The description of the two scenarios follows: 
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8.2.2.1 Mutli-Color Scenario 

Figure 49 represents synthetic scenario 1. Unfaded patches are taken along the border of the 

reconstructed painting (marked in red color) as mentioned in the assumptions. Faded patches are 

selected closer to the borders in the current faded painting (marked in yellow color). During the training 

random patch pairs are selected from the created datasets. Testing is performed on the entire painting 

by feeding the entire faded image through the network. 

 

Figure 49: Synthetic scenario 1 for the data selection process in unpaired color transfer 

8.2.2.2 Two-Color Scenario 

Figure 50 represents synthetic scenario 2. Patches are taken only on the specific parts of the painting. 

This scenario is defined based on the inputs from the museum conservators and scientists. According 

to them, only red lake pigments are reconstructed in this painting and the rest of the colors are untouched 

during its reconstruction. These reconstructed pigments are only present on the floor and the walls. 

Therefore patches for training neural networks are selected from these areas. Unfaded patches are taken 

from the red boxes on the left image and the faded patches are taken from the yellow boxes on the right 

image of Figure 50. 

 

Figure 50: Synthetic scenario 2 for the data selection process in unpaired color transfer 
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8.2.2.3 Results and Discussion 

Figure 51 a & b depicts the predicted reconstructions after training on the patches selected from 

synthetic scenarios 1 and 2. Though the quality of reconstruction predictions looks similar perceptually, 

evaluation of their quality is done using the Δ𝐸2000 color difference metric with the ground truth 

(original reconstruction).  

    
(a) 

        
(b) 

 

Figure 51: Predictions of CycleGANs trained on synthetic scenarios 1 (a) and 2 (b) (Disclaimer) 

Figure 52 a & b shows the plots of Δ𝐸2000  maps for both predictions. The parts where there is yellow 

indicate the maximum color difference concerning the ground truth. It can be noticed that the neural 

network trained on the patches selected from multi-color scenario gives a better prediction compared to 

the neural network trained on the patches from the two-color scenario. This can be explained by the 
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number of features that the neural network trained on the data from the first scenario is more than the 

second scenario. However, the prediction based on two-color scenario is having comparable prediction 

quality in the areas of floor and walls with respect to multi-color scenario. 

     
(a) 

 
(b) 

Figure 52: 𝛥𝐸2000 maps of the predictions wrt to ground truth for synthetic scenario 1 (a) & 2 (b) 

outputs 

Table 5 quantifies the mean color difference between the predictions and ground truth. The neural 

network trained on multi-color scenario managed to achieve a score of 4.26 whereas the other one 

achieved 4.49.  
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Table 5:  Calculated mean 𝛥𝐸2000 for synthetic scenario 1 & 2 predictions 

Scenario Mean 𝚫𝑬𝟐𝟎𝟎𝟎 

Before color transfer 7.87 

Multi-color scenario 4.26 

Two-color scenario 4.49 

8.2.3 Implementation on “Old Woman Portrait” Painting 

After proving the technique on the synthetic scenarios, the unpaired color transfer is applied to the “Old 

Woman Portrait”. In this painting along the edges that are located behind the frame, a clear distinction 

of colors exists. The dark color behind the frame fading into a dark green which is the major portion of 

the background in the painting (Bommel, 2005). This is the only color in the painting for which color 

change can be demostrated. Figure 53 shows the color difference that can be noticed directly.  

 

Figure 53: Old Woman portrait painting with its zoomed border to show the faded color difference 

below the frame and the rest of the background 

Based on the observations and with the guidance of the museum conservators and conservation 

scientists, a dataset has been prepared. Figure 54 illustrates the unfaded patches taken from the regions 

in the painting enclosed in red boxes and the faded patches from the yellow boxes. A UNet_64 generator 

architecture is used in the CycleGAN for this implementation. 

 

Figure 54: Data selection areas for the CycleGAN training on the old woman portrait painting 
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8.2.3.1 Results and Discussion 

Figure 55 shows the predicted image after training on the patches selected. It is evident that the 

background color is not anymore dark green. The quality of the prediction is evaluated both qualitatively 

as well as quantitatively. Qualitative validation is done with the help of the artwork conservators from 

the museum. Quantitative analysis is done by calculating Δ𝐸2000 of the selected patches next to the 

frame and behind the frame in the ground truth painting and its color reconstructed prediction. Then 

these values are compared against eachother to evaluate the quality of color reconstruction. Table 6 lists 

the quantitative color difference Δ𝐸2000 results before and after color reconstruction using the unpaired 

color transfer. The color difference has reduced to 1.32 from 4.92. According to the CIE, a color 

difference value close to 5 represents distinguishable colors whereas a color difference between 0.5 and 

1.5 can only be noticed by an experienced observer. This result demonstrates that the unpaired color 

transfer has achieved appreciable color reconstruction using only the data available from the painting. 

 

Figure 55: Predicted old woman portrait with dark background (Disclaimer) 

Table 6: Mean 𝛥𝐸2000comparison between the patches before and after the color transfer 

Patches selected on predicted 

images 

Mean 𝚫𝑬𝟐𝟎𝟎𝟎 

Before – Color Transfer 4.92 

After – Color Transfer 1.32 

  

8.2.4 Implementation on “Field with Irises near Arles” Painting 

Unpaired color transfer is also applied to the “Field with Irises near Arles” painting. In this painting, 

two colors under the frame are relatively less faded than in the light exposed area of the painting. This 

is confirmed by the museum scientists. The pink color of the small flowers at the feet of the irises has 

faded into white, and the purple color on the irises has faded into a less saturated version of purple. 

Only few spots under the frame show these differences in the mentioned colors. Areas around these 

spots are selected manually and incorporated into the training set. Figure 56 shows the areas chosen for 

training. Patches of faded colors are taken from the yellow regions and patches of unfaded colors are 

taken from the red regions. Patches of size 64 × 64 × 3 are used similarly to the training set for the 
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“Old Woman Portrait” painting. The UNet_64 architecture is used for the generator networks in the 

CycleGAN.  

 

Figure 56: Training data selection for the "Field with Irises near Arles" painting. Yellow regions 

indicate selection of faded patches and red regions indicate selection of unfaded patches 

8.2.4.1 Color Transfer Quantification 

Quantification of the achieved color reconstruction is done by a specific method. In this method, a patch 

𝑓 from the current painting image and another patch 𝑝 from the predicted painting image are taken. 

These patches contain the colors of interest in calculating Δ𝐸2000. This method goes as follows: 

i. Find the reference of the faded and unfaded colors from the painting. Calculate the average 

color of the patch containing the original color appearance. These are denoted by 𝑓ref for faded 

color reference and 𝑢ref for unfaded color reference. 

ii. Generate the binary mask of the selected patch 𝑓 by calculating Δ𝐸2000 between 𝑓𝑖𝑗 and 𝑓ref for 

each pixel (𝑖, 𝑗) using equation (43).  

 𝑒𝑖𝑗 = Δ𝐸2000(𝑓𝑖𝑗 , 𝑓ref) (44) 
 

 𝑚𝑖𝑗 = (𝑒𝑖𝑗 <  Δ𝐸2000
Threshold) (45) 

 

Where 

𝑓𝑖𝑗 is a pixel in the selected patch 𝑓 of 𝑚 × 𝑛 pixels from the current painting, 0 ≤ 𝑖 ≤ 𝑚, 0 ≤

 𝑗 ≤ 𝑛 

𝑒𝑖𝑗 is a value in the Δ𝐸2000 map 𝑒 containing values of color difference at each pixel w.r.t. 𝑓ref 

𝑚𝑖𝑗 is a binary value in the generated binary mask 𝑚 based on the condition mentioned 

in equation (45).  

Δ𝐸2000𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 defines the acceptable color difference between the two colors 

iii. Calculate the color difference before color reconstruction (calculate Δ𝐸2000 for the selected 

patch from the faded painting w.r.t. to the unfaded color). 

  Δ𝐸2000
Before  =  Δ𝐸2000(𝑓mean, 𝑢ref) (46) 

Where 

𝑓mean is the mean of the faded color on the selected patch from the current painting. 
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𝑓mean =

∑ 𝑓𝑖𝑗 ∗ 𝑚𝑖𝑗𝑖𝑗  

∑ 𝑚𝑖𝑗𝑖𝑗
 

(47) 

 

 

iv. Calculate the color difference after color reconstruction (calculate Δ𝐸2000 for the selected patch 

of the predictied painting w.r.t. to the unfaded color). 

 Δ𝐸2000
after =  Δ𝐸2000(𝑝mean, 𝑢ref) (48) 

Where 

𝑝𝑚𝑒𝑎𝑛 is the mean of the faded color on the selected patch from the predicted painting 

 
𝑝mean =

∑ 𝑝𝑖𝑗 ∗ 𝑚𝑖𝑗𝑖𝑗  

∑ 𝑚𝑖𝑗𝑖𝑗
 

(49) 

Where 

𝑝𝑖𝑗 is the pixel in the selected patch 𝑝 of 𝑚 ×  𝑛 pixels from the predicted painting, 0 ≤ 𝑖 ≤

𝑚, 0 ≤  𝑗 ≤ 𝑛 

 

8.2.4.2 Results and Discussion 

 

Figure 57:Predicted color-reconstructed version of the “Field with Irises near Arles” painting 

(Disclaimer) 

Figure 57 shows the predicted color reconstructed image of the “Field with Irises near Arles” painting. 

From the figure it is evident that the pink in the small flowers (bottom of the painting) and the purple 

in the irises are reconstructed. However, other colors in the painting are changed in its reconstruction. 

This is because the neural network is trying to extrapolate other colors during prediction based on its 

learning from the colors pink and purple. This is not an optimal solution. This behavior of the neural 

network can be altered by providing same information of faded colors (colors don’t have 

any information about their true colors) in both domains A and B during training. This will help in 

avoiding extrapolation of the colors that it has not trained on. Figure 58 illustrates the patches of irises 

and pink flowers selected for the quantification process. Values for the reference colors are obtained by 

calculating mean color  over the patches containing preserved pink and purple colors highlighted in the 

red boxes of the Figure 56. The Δ𝐸2000
Threshold is chosen as 5 because Δ𝐸2000 more than 5 indicates two 
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different colors. Table 7 lists the quantified Δ𝐸2000 results of these patches before and after color 

transfer. Unpaired color transfer achieved a 65% reduction of Δ𝐸2000 between the faded pink color to 

its original color (𝛥𝐸2000 = 6.59) and the reconstructed pink color to its original color (𝛥E2000 =

 2.35). Similarly, 70% of reduction is achieved in reconstructing the faded purple color from 𝛥𝐸2000 of 

12.9 to 𝛥𝐸2000 of 3.98. 

  

(a) (b) 

  

(c) (d) 

Figure 58: Patches (a) faded iris, (b) color reconstructed iris, (c) faded pink flowers, and (d) color 

reconstructed pink flowers are taken from the “Field with Irises near Arles” painting for the 

quantification of results  

 

Table 7: Quantified 𝛥𝐸2000 values before and after color transfer for the “Field with Irises near 

Arles” painting 

Type 𝜟𝑬𝟐𝟎𝟎𝟎 of Pink color 𝜟𝑬𝟐𝟎𝟎𝟎 of Purple color 

Before-color transfer 6.59  12.9  

After-color transfer 2.35  3.98 
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9 Visualization 

In this section, various plots used for depicting the fading process of the paintings and their color 

reconstruction process achieved by the neural networks are explained in detail.  

9.1 Plotting with Plotly 

In this project, Plotly has been chosen as the tool to plot various plots such as quiver plots, scatter plots, 

contour plots, surface plots, and their combinations. These plots are done in both LAB color space as 

well as on the chromaticity diagram. The reason for using LAB color space is that the neural network 

prediction performance using LAB color space data is higher than the data from the RGB color space.  

Contour plots are used to depict the density of the colors concentrated in the 2D LAB color space for a 

painting. These plots are achieved by converting each RGB pixel value of the painting image into LAB 

space. The density areas show the difference in the distribution of colors between the faded painting 

and its reconstruction. With the help of quiver plots, the color fading phenomenon can be observed in 

these plots. The arrows in the quiver plot indicate the direction of colors fading in the 2D LAB color 

space. Surface plots are the alternative versions of 2D contour plots in the 3 dimensions. In all these 

plots scatter plots are used to represent the LAB color space and xy chromaticity diagram. The code 

used to generate these plots is given in the appendix D. Only a few plots are shown here. The rest of the 

plots and their code for implementation can be found in the appendix section. 

 

Figure 59: Contour plots illustrating the distribution of colors for “The Bedroom” painting current 

version (top in light color) and its reconstruction (bottom in dark blue color) in the 2D lab color 

space 

Figure 59 depicts the comparison of the color distributions in the 2D LAB space between “The 

Bedroom” painting’s current version (top in sky-blue color) and it’s reconstruction (bottom in violet & 
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purple combination). It can be noticed from the figure that the color distributions are drifted towards 

the left and top of the LAB space compared to the reconstruction. 

 

Figure 60: Quiver plot on top of “The Bedroom” painting reconstruction’s contour plot depicting the 

directions of the color fading process 

To depict this color drift in the paintings, quiver plots are plotted. Figure 60 shows the quiver plot on 

top of “The Bedroom” painting reconstruction’s distribution. The arrows in the plot indicate the 

direction of fading of the colors in the 2D LAB space reconstruction to the current version of the 

painting.  

 

Figure 61: Contour plots illustrating the color distribution of “The Bedroom” painting’s current 

version (Top in light color) and its color reconstructed prediction (Bottom in dark blue color) from 

neural network in the 2D LAB color space 
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Figure 61 shows the color distribution difference between “The Bedroom” painting’s current version 

and the neural network’s prediction achieved after paired color reconstruction. The neural network is 

trying to reduce the color difference between the input and the reconstruction. So the prediction’s 

distribution started moving towards reconstruction distribution. 

 

Figure 62: Quiver plot on top of the current version of “The Bedroom” painting’s contour plot 

depicting the directions of the color reconstruction process achieved by neural network 

Figure 62 is the quiver plot on top of the contour plot of the color distribution of the painting’s current 

version. The arrows here indicate the direction of colors being reconstructed to look like the painting’s 

reconstruction. It can be noticed that the direction of arrows are actually pointing in opposite to the 

fading process. This indicates the neural network’s prediction for color reconstruction is in the right 

direction.  

 

Figure 63: Contour plots of the Bedroom painting's reconstruction (bottom in blue color) and its 

prediction (top in light color) acquired from neural network 
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Figure 63 depicts the color distribution of the Bedroom painting’s reconstruction (bottom) and the 

neural network’s prediction (top). This plot explains that the neural network in the paired color transfer 

tried to achieve the distribution of the painting’s reconstruction. There are also regions where neural 

networks deviated and entered into the color zones where there is no distribution for the painting’s 

reconstruction. These areas are referred to as error contributors. 

 

Figure 64: Quiver plot on the painting showing the color fading direction at each pixel 

Figure 64 depicts the quiver plot on top of the painting’s reconstruction. Each arrow is located on its 

corresponding pixel. It indicates the direction of fading in the 2D LAB color space. This plot is used to 

conduct analysis on the painting directly rather than on its color distribution data. Considering a patch 

in this plot helps in understanding the direction of the occurrence of fading. There are also regions 

where a single color is fading in two directions which is redundant. These regions can be given special 

focus while conducting physical experiments to find out the true direction of the color fading process. 
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10   Conclusion 

In this project, two proposals for the reconstruction of faded colors on Van Gogh’s Paintings are 

formulated, implemented, and validated. These proposals are referred to as paired color transfer and 

unpaired color transfer (Chapter 2.2). Pix2pix GAN and CycleGAN architectures from GANs state of 

the art are chosen for these two proposals (Chapter 4). In the initial stages of this project, preliminary 

implementation of these architectures has been done on the painting named “Garden of the asylum”. 

During this implementation, synthetic faded data is generated utilizing some image editing techniques 

on the current painting. Results obtained from these tests provided strong ground for further research 

of both proposals on the real data within this project. 

Van Gogh’s painting named “The Bedroom” is used for further research. For this painting a digital 

reconstruction is available. Before implementation of the paired color transfer, the painting and its 

reconstruction are registered using the iterative Lukas-Kanade method. This is a necessary step for 

training a neural network in order to learn the color transition from faded to unfaded colors. Training 

using RGB data provided us with satisfactory results. However, training in RGB color space which is 

a non-uniform color space for the human vision might be sub optimal. Consequently, a uniform color 

space to human perception has been chosen in parallel to RGB color space to support this argument. 

CIELAB color space was chosen for the comparative studies with RGB color space. This color space 

is defined by CIE and considered as standard uniform color space concerning human perception. After 

training the neural networks in both the color spaces, evaluation is done using the metrics explained in 

the chapter 7. The obtained results helped to conclude that the training in LAB color space achieves 

better color reconstruction than the training in RGB color space. This conclusion facilitated the rest of 

the research in LAB color space. 

After training on “The Bedroom” painting patches, testing on the other painting “Field with Irises near 

Arles” is done to reconstruct its colors digitally. The results (don’t exist in this report) demonstrated 

that either RGB data from the painting or its conversion into LAB data is not alone sufficient for the 

efficient color reconstructing predictions. Therefore, in the continuation of this project, other data 

formats alongside RGB data are required during the training. This will enable the robust color 

reconstruction. These list of data types are mentioned in the section 11.1 of chapter 11. 

During training of GANs, Nash equilibrium between generator and discriminator networks will help in 

achieving stability. In this project, in order to achieve such stability during the training procedure, which 

is necessary for extracting better performance from the selected neural network architecture, an 

experimental study is conducted with the aid of existing stabilization techniques explained in the section 

8.1 of chapter 8. This study summarizes that there are two architectures for better color reconstruction. 

One is the architecture without discriminator network and the other is the Pix2Pix GAN with the 

combination of spectral normalization, Wasserstein loss, and different learning rates for generator and 

discriminator networks (TTUR).  

Uncertainty quantification of neural network’s prediction was an important topic of investigation. This 

is because relying blindly on the neural network's prediction is not sufficient. Uncertainty quantification 

is helpful for identifying specific locations in the painting where special attention is needed. On the 

locations with high uncertainty additional research may be performed in order to reconstruct the original 

colors, for example using physics-based models. We use the Monte Carlo dropout method to estimate 
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uncertainty. This technique uses dropout in the layers to quantify uncertainty in the prediction during 

testing time. A small experimental study was also conducted to understand the impact of the dropout 

location in the entire UNet architecture. It is found that dropout in the layers near the output of the UNet 

architecture have a larger impact on output variance than the dropout in the layers away from the output. 

After finishing the experimental research on the paired color transfer, then the focus is shifted to the 

implementation of unpaired color transfer. In this proposal, it is challenging to evaluate the neural 

network's performance since there is no ground truth for the neural network prediction in the unpaired 

color transfer. To overcome this challenge, four different scenarios are defined to evaluate the 

performance of neural network prediction. In the first two scenarios, “The Bedroom” painting is 

considered for the color reconstruction experiments. This is because we have its reconstruction which 

can be used to evaluate the performance of the network. In the third scenario, Van Gogh’s painting 

named “Old Woman Portrait” has been considered for implementation. In this painting, fading of one 

color is clearly evident and it is present in the whole background of the old woman in the painting. In 

the fourth scenario, “Field with Irises near Arles” painting is considered. In this painting there are true 

colors of pink and purple are preserved under the frame which are faded on the painting.  Results show 

that unpaired color transfer achieves commendable color reconstruction using the limited amount of 

data behind the frame.  

Finally, visualization techniques are explored in this project. This is to bridge the communication gap 

between the color scientists and the data scientists. “Plotly” has been chosen as the medium for plotting. 

An iterative process is adopted to achieve common ground between color scientists and data scientists. 

Neural network prediction errors are plotted in 3D and 2D LAB color spaces as well as on chromaticity 

diagrams using quiver plots, contour plots. Similar plots are generated for the fading process. 

To summarize, the results obtained prove that both paired and unpaired color transfer approaches are 

capable of reconstructing colors digitally. The performance can be further improved by incorporation 

of additional measurements such as XRF scans, and hyperspectral scans of the paintings into the 

training. This will enable the neural networks to better distinguish between different pigments lead to 

better reconstructions. 
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11   Future Scope 

Virtual Unaging of Van Gogh’s paintings is a very huge project within the main project of ASML and 

Van Gogh Museum. As this project continues for five years, there are a lot of opportunities to improve 

the performance of neural networks. This chapter outlines such opportunities with the help of gained 

insight during this project. 

11.1  Additional Data Formats 

 

Figure 65: Other data formats for the future work 

The performance of employed neural networks can be enhanced by using various data types related to 

the paintings.  

• One of those data types is XRF (X-ray Fluorescence) data of the paintings indicating the 

chemical information of the pigments used in the painting. This will enable the neural network 

to classify the pigment color based on its chemical signature, thereby solving the problem of 

non-uniqueness in the case of two colors fading into one.  

• The second data type is the hyperspectral data of the painting. In this project, research is limited 

to RGB images and their conversion into LAB space before training. RGB data is a simplified 

version for the representation of the visible spectrum on digital monitors. Using hyperspectral 

data will help in accurate learning of color transition because of the adequate amount of data in 

comparison with the RGB data of an image.  

• Masks can be generated on the paintings manually with the help of color scientists from the 

museum for each color on the painting. This layer of information helps the neural network to 

classify the color accurately before prediction. Similar process is followed for the color 

reconstruction which is explained in a research paper by (Jianchao Tan, 2018). 
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• Similarly, infrared and UV scans of the paintings provide an additional amount of details in the 

painting related to the pigments used which cannot be captured in the visible spectrum.  

• Finally, fading curves of the pigments predicted using physics-based approaches as well as 

artificial aging techniques can be incorporated into the training. 

11.2  Populating Micro XRF Data Using Generated Masks 

For some paintings, point micro XRF data is available. This data contains the chemicals present at those 

point locations indicating the type of pigment used at that location. Using this point data and masks 

created on the entire painting, the entire painting can be populated with XRF data. This can be seen as 

an alternative approach to acquiring the XRF scans from the entire painting.  

11.3  Data Selection Techniques 

In this project, the data selection procedure is explained in section 8.1. This procedure is a simpler way 

for the first implementation. In fact, the data selection from the painting plays a crucial role in neural 

network training. This can be noticed in the performance of the unpaired color transfer implementation 

on “The Bedroom” painting. Even though the data selection process is completely in contrast to each 

other in both proposals, unpaired color transfer achieved comparable results compared to paired color 

transfer in specific areas of the painting. However, the technique followed in the unpaired color transfer 

is completely irrational for the implementation of paired color transfer. Therefore, data selection criteria 

should be given importance in the future which will play a crucial role in the prediction performance 

enhancement of the neural networks. These data selection techniques can be inspired from these 

research articles (Coleman, 2019) (Ghadikolaei, 2019) (Joneidi, 2020). 

11.4  Alternative Architectures 

In this project, only two types of architectures are used. In the future, alternative architectures such as 

pix2pixHD (Ting-Chun Wang, 2017), CUT (Park, Efros, & Zhang, 2020), mask RCNN, and UNet 

combination (Varun Gupta, 2019) can be used.  

11.5  Custom and Physics-Based Loss Functions 

In the future, other loss functions besides the classical 𝐿1 and 𝐿2 norms should be considered. For 

instance, losses based on color difference formula Δ𝐸2000 and physics-based losses at multiple locations 

of the entire architecture may improve prediction accuracy of the neural networks.  

11.6  Data behind Frame 

Currently, most of the paintings do not have unfaded edges behind the frame. A very limited amount of 

high-quality data is present which is insufficient for a proper training of the neural network. In the 

future, instead of reconstructing the whole painting based on the findings from the data behind the frame 

using physics-based methods, it may be more efficient to reconstruct the colors behind the frame and 

use this data to train a neural network for unpaired color transfer. 
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11.7  Visualization Dashboard 

In the future, a visualization dashboard can be designed and developed with an interactive user interface. 

This should enable the users to drag and drop their painting images and do analysis on their input and 

predicted images in different color spaces. The user interface has to provide options for multiple plots 

in various styles such as 3D, 2D plots (quiver, surface, scatter, contour). This can also be a basis for 

defining a standard for storing the data that is being collected from the paintings. 
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Appendix 

A Project Management 

Project Schedule 

Figure 66 depicts the one year schedule for this project including milestones. This is a high level one 

year schedule of the project. 

 

Figure 66: One year scheduled timeline of the project 

Project Assessment and Control 

Scope Change Control Plan 

In this project, any scope change shall be discussed with the steering committee and get it approved. 

Alongside, the final deliverables will be updated upon the changes in the scope and shall be accepted 

by the steering committee. The trainee is responsible for updating the documents accordingly and get 

them approved by the steering committee before submission. 

Schedule Control Plan 

The trainee will prepare the plan for this project. This plan will be submitted to TU/e and ASML 

supervisors for feedback and approval. Both the supervisors will approve the plan, proposed duration 

for the processes in the schedule or adjust them if necessary. Once the document gets approved. The 

plan can be presented officially in the return day presentations at TU/e. The trainee shall prepare this 

plan by considering the risks in the project which will eventually lead to change in the plan in the future. 

In addition, this plan shall contain all the milestones. Milestones are the dates where the deliverables of 

each task will be delivered. The following milestones are as follows 
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• Return day presentations 

• Defining problem statements 

• Defining proposals for the problems 

• Finalized proposal 

• Requirements approval 

• Code approval 

• Report approval 

Quality Assurance Plan 

The quality assurance plan defines the project procedure and documentation standards. The processes 

defined by this plan include code reviewing, coding and documentation standards, project workflow, 

procedure, and architectural review process. The list of rules for the processes are given as follows: 

• All the coding regarding the development, implementation, and testing should be done using 

the Python programming language 

• Proper documentation should be done by the trainee within the code such as providing the 

description of the functions and the code itself at the start 

• The names of the functions should be intact with the purpose of the function 

• A proper indentation should be done within the python scripts. (The standard is yet to be 

decided) 

• Code reviews should be done by the ASML mentor 

• Documents produced should be submitted for review to both the supervisors from TU/e and 

ASML 

• Documents should be approved before the submission by both the mentors from TU/e and 

ASML 

Product Delivery 

The following deliverables are handed over to the stakeholders at the end of the project: 

1. Project management plan 

2. Final report 

3. Half-year report for the M2i  

4. Final code in GitHUB including its explanation documents  

Supporting Process Plans 

Project Supervision and Work Environment 

Project mentors from both TU/e and ASML will supervise the project by means of ensuring compliance 

with the following activities: 

• The trainee will plan and conduct the discussion meetings with the relevant stakeholders 

• Maintain transparency of work and flow of information within the team and between the team 

and stakeholders 

• Provide constructive feedback to team members if required 

• Negotiate with the stakeholders in case of any bottlenecks in the project 

• Provide technical assistance to the trainee if required 

• Reviewing documents before submitting for the evaluation 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         77 

Configuration Management 

Configuration management plan defines a set of rules for the maintenance of folder structure, 

documents, and code related to the project. The trainee will be solely responsible for following and 

sticking to these rules as much as possible. Both the supervisors from ASML and TU/e will make sure 

that the trainee is adhering to the rules. The rules are as follows: 

• The naming convention of the documents should be in the format “date-

yyyymmdd_filename_ram_version. File type”. Version is only for the documents that are being 

updated for every certain period. For example, the naming convention of the project 

management plan is given as “20201116_project_management_plan_ram_v1.docx” 

• The naming convention of the codes in python should be in the same format as the documents 

without a version at the end. It is given as “date-yyyymmdd_codename_ram. File type” 

Risk Management Plan 

A risk management plan identifies, evaluates, and assesses the risks that are involved in the project. 

This helps in prioritizing the tasks. It also helps in coming up with mitigation strategies in the initial 

stages of the project to reduce the impact of the risk.  

The risk management plan contains a formulation of risks, their evaluation using likelihood and impact 

matrix. Risks are categorized into extreme, high, medium, and low depending on their position in the 

likelihood and impact matrix. 

Figure 67 depicts the likelihood and impact matrix. The scale of the likelihood and impact is given on 

a scale of 1 to 5 where 1 indicates the lowest and 5 indicates the highest. Once risks are identified and 

evaluated, they are segregated in this matrix based on their likelihood and impact rating. Table 8 shows 

the listed risks identified in this project and Figure 68 illustrates the distribution of the risks on the 

likelihood and impact matrix. Risks related to Virtual Unaging are of utmost priority because Low 

resolution Hyperspectral data is an alternative if problem statement 1 is not feasible during this project. 

The second column of Table 8 includes the type of risk and its description. The risk type is given the 

name “Type of risk - Problem statement number – Proposal number for the problem statement”. There 

are two types of risks considered in this project. They are process and product related. Besides, there 

are two proposals for problem statement 1 and only one proposal for problem statement 2. 

 

Figure 67: Reference risk matrix based on likelihood and severity 
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Table 8: Process and product risks involved in the project 

Sl. 

No 

Type and Risk Damage Likelihood Impact Risk 

Value 

Rate*  

Mitigation 

 

1 Process-1-1A 

Unavailability 

of hyperspectral 

data from 

AKZO Nobel 

 

Can lead to 

solving 2nd 

problem 

related to 

resolution 

enhancement/ 

Scope changes 

to the 

alternative 

solution 

4 5 20 Extreme  

Getting clarity 

from the client 

about the 

hyperspectral data 

of the 

reconstructed 

digital painting; 

Come up with 

plan B in advance 

2 Process-1-1B 

Insufficient data 

of the faded 

paint for the 

unpaired color 

transfer 

Prediction 

quality can be 

reduced 

3 5 15 Extreme Coming to a 

mutual agreement 

with Van Gogh 

museum in 

generating the data 

using artificial 

aging techniques 

3 Process-1-1B 

Unavailability 

of the painting 

data behind the 

frame 

Unpaired 

color transfer 

cannot be 

possible 

3 5 15 Extreme Coming to a 

mutual agreement 

with Van Gogh 

museum in 

generating the data 

using artificial 

aging techniques 

4 Process-1&2-

All 

Delay in 

receiving data 

Delay in the 

project 

timeline 

3 4 12 High Need to inform the 

client regarding 

the importance of 

data on the project 

process 
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5 Process-1&2-

All 

Lack of 

expertise for the 

trainee in the 

domain of 

digital image 

processing and 

deep learning 

Delay in 

project 

timeline due 

to long-

duration for 

literature 

survey 

2 3 8 Medium Coming to a 

mutual agreement 

with the client 

about the trainee's 

expertise. Thus, 

reducing the 

expectations of the 

client on the 

project outcome or 

Trainee need to 

spend extra time 

in extensive 

literature survey in 

gaining domain 

knowledge 

6 Product-1&2-

All 

Lack of proper 

metrics for the 

evaluation of 

developed 

neural network 

Failure of the 

performance 

evaluation of 

the neural 

network 

2 4 8 Medium Coming up with 

proper evaluation 

metrics with an 

extensive 

literature survey 

and also coming to 

a mutual 

agreement with 

the stakeholder 

regarding the 

qualitative 

analysis 

(Subjective) with 

the help of 

Museum art 

conservators 

7 Product-1-1A 

Color confusion 

while predicting 

the color in the 

scenario of two 

colors fading 

into one color 

Increase in the 

uncertainty of 

the color 

prediction 

2 3 6 Medium Extend proposal 1 

by considering the 

neighbor pixels 

while learning the 

fading effect 

 

8 Product-1-All 

The risk 

involved in 

yielding 

uncertainty of 

the predicted 

colors 

Unreliable 

uncertainty 

values of the 

predicted 

colors 

2 2 4 Medium Extensive research 

and accurate 

implementation of 

the algorithms for 

the better output 

of the predicted 

uncertainty values 
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Figure 68: Identified risks distribution on the risk matrix 

 

Stakeholder Analysis 

Figure 69 depicts the stakeholder analysis done using the power-interest plot. On the X-axis interest is 

plotted and on the Y-axis power is plotted. Van Gogh museum  has the high power and interest in this 

project compared to other stakeholders. Though Akzo Nobel is not part of this project, it has the highest 

power. Because they are the owners of simulated hyperspectral data. This hyperspectral data plays 

crucial role in implementing paired color transfer using this data format. RCE and UVA are having high 

interests in this project with less power compared to other stakeholders. They can be seen as 

stakeholders who provide valuable inputs to the project. 

 

Figure 69: Power-Interest plot of the stakeholders 
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B Image Registration Technique 

Implementation of Iterative Lukas-Kanade method in python is as follows: 

Implementation in Python 

import numpy as np 
from matplotlib import pyplot as plt 
from skimage.color import rgb2gray 
from skimage.transform import warp 
from skimage.registration import optical_flow_tvl1, optical_flow_ilk 
from skimage import io 
 
 
# --- Convert the images to gray level: color is not supported. 
image0 = io.imread('bedroom_reconst_gray.png') 
image1 = io.imread('bedroom_gray.png') 

# --- Compute the optical flow 
v, u = optical_flow_ilk(image0, image1) 
 
# --- Use the estimated optical flow for registration 
 
nr, nc = image0.shape 
 
row_coords, col_coords = np.meshgrid(np.arange(nr), np.arange(nc), 
                                     indexing='ij') 
 
image1_warp = warp(image1, np.array([row_coords + v, col_coords + u]), 
                   mode='nearest') 

image1_warp_1 = (image1_warp * 255).astype(np.uint8) 

Real_Image = io.imread("bedroom.png") 
Array = (Real_Image) 
R = Array[:,:,0] 
G = Array[:,:,1] 
B = Array[:,:,2] 

# Warp each layer in the image individually  

corrected_R = warp(R, np.array([row_coords + v, col_coords + u]),         
mode='nearest') 
corrected_G = warp(G, np.array([row_coords + v, col_coords + u]),         
mode='nearest') 
corrected_B = warp(B, np.array([row_coords + v, col_coords + u]),         
mode='nearest') 
corrected_R = (corrected_R * 255).astype(np.uint8) 
corrected_G = (corrected_G * 255).astype(np.uint8) 
corrected_B = (corrected_B * 255).astype(np.uint8) 
# Expand dimensions in 3rd Dimension 
corrected_R = np.expand_dims(corrected_R, axis=2) 
corrected_G = np.expand_dims(corrected_G, axis=2) 
corrected_B = np.expand_dims(corrected_B, axis=2) 
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corrected_RGB_Image = np.concatenate((corrected_R, corrected_G,corrected_B
), axis=2) 
plt.imshow(corrected_RGB_Image) 
io.imsave('registered_image.png',corrected_RGB_Image) 

image1_warp_1 = np.expand_dims(image1_warp_1, axis=2) 
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C Image Patching and Stitching 

Patching algorithm is used to create the serialized overlapping crops from the painting. These patches 

are then fed into the neural network for the prediction. After achieving prediction of each patch, they 

are stitched back using the stitching algorithm. Figure 70 depicts the patching algorithm logic. The steps 

followed to implement the patching algorithm is given as: 

• First patch size is defined. 

• Stride horizontal and vertical lengths are calculated based on the dimensions of the image. 

• A window of patch size starts traversing on the digital image of a painting from top left to top 

right. Once it traverses through the entire width, the window moves down with stride vertical 

length. 

•  At every step, patch is cropped from the digital image of the painting and saved to the 

respective folder with a serial number of the patch. 

• Since the stride lengths being lesser than the patch size, overlapping patches are obtained. 

 

Figure 70: Illustration of the patching algorithm 

Figure 71 depicts the stitching process of the patches. The steps followed to stitch the overlapping 

patches to obtain a single image is goes as follows: 

• First patch size is defined. 

• Stride lengths both in horizontal and vertical directions are calculated based on the required 

image size. 

• An empty 3D array of size of the required image is defined. 

• The values of this 3D array are filled with the patches in a serialized way from top left to top 

right at step size of stride length in horizontal. Once the width of the image is covered, then the 

patches step down with a vertical stride length and starts traversing from left to right. This 

process repeats until the whole 3D array is filled. 

• In the areas where there is an overlap of the patches, linear combination of the values are 

selected. The difference between the patch size and stride length gives amount of pixels that 

are being overlapped in both the vertical and horizontal directions. Based on this difference the 

importance of the pixels in blue patch are multiplied with range of values [1 to 0] from inside 
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to the end. Similarly the values of the pixels in the red patch are multiplied with in range of  0 

to 1 from beginning to the length of the obtained difference. Then these values from the blue 

and red overlap patches are added. 

• Similar procedure is followed in overlapping regions of top and bottom patches. 

 

Figure 71: Illustration of the stitching algorithm 

Implementation in Python 

The python script goes as follows: 

import numpy as np 

from PIL import Image 

import os 

import matplotlib.pyplot as plt 

## Read image and convert it to numpy array 

img = Image.open('bedroom_reconst_crop.png') 

img = np.array(img).astype('uint8') 

## Set the patch size needed to crop 

[h_patch, w_patch] = [256, 256] 

def returnFactor(n): 

    ## This function returns the factor "f" of the number "n" being fed 

    for i in range(n): 

        k = i+1 

        if (n % k==0 and k<256): 

            f = k 

    return f 
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Patching Algortithm 

def getStrides(h, w, h_patch, w_patch): 

    ## Factor returned from the "returnFactor" function is the stride leng

th     in the rows & columns 

# stride length along the height of the image 

    stride_h = returnFactor(h - h_patch)                                         

# stride length along the width of the image 

    stride_w = returnFactor(w - w_patch)  

    return stride_h, stride_w 

def getNumofPatches(h, w, h_patch, w_patch): 

    stride_h, stride_w = getStrides(h, w, h_patch, w_patch) 

    # n_h, n_w are the num of patches vertically and horizontally  

    n_h = int((h - h_patch)/stride_h + 1) 

    n_w = int((w - w_patch)/stride_w + 1) 

    return n_h, n_w, stride_h, stride_W 

## getPatches function will divide the given image into overlapping patche

s and save the patches as images in  

## the given filename 

def getPatchesFromImage(image, h_patch, w_patch, filename): 

    p = 0 

    q = 0  

    sample = 0 

    ## Get the shape of the image  

    # h is the height of the image 

    # w is the width of the image 

    # c is the no of channels 

    h,w,c = img.shape 

    patch = np.zeros((h_patch, w_patch,c)).astype('uint8') 

    n_h, n_w, stride_h, stride_w = getNumofPatches(h, w, h_patch, w_patch) 

     

    for j in range(n_h): 

        for i in range(n_w): 

            patch = img[q:q+128, p:p+128, :] 

            patch_img = Image.fromarray(patch, 'RGB') 

            patch_img.save(filename+str(sample)+ '.png','PNG') 

            p += stride_w 

            sample += 1 

        q += stride_h 

        p = 0 

Stitching Algorithm 

path = 'path/to/patch_images/' # Define path to the folder containing patc

hes 

def getStitchedImageFromPatches(img, h_patch, w_patch, path): 
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    ## Get the shape of the image  

    # h is the height of the image 

    # w is the width of the image 

    # c is the no of channels 

    h,w,c = img.shape  

    patch = np.zeros((h_patch, w_patch,c)).astype('uint8') 

    n_h, n_w, stride_h, stride_w = getNumofPatches(h, w, h_patch, w_patch) 

    # Declare a empty array of size equal to actual image "img" 

st_img = np.zeros((h,w,c)).astype('uint8')  

    pt_n = 0 # number of patches 

    p = 0  

    q = 0 

    ip_w = np.linspace(0, 1, w_patch - stride_w) 

    ip_h = np.linspace(0, 1, h_patch - stride_h) 

    

    for j in range(n_h): 

        for i in range(n_w): 

            pt_img = np.array(Image.open(path+str(pt_n)+'_fake_A_rgb.png')   

).astype('uint8') 

            if (j == 0): 

                if (i ==0): 

                    st_img[q:q+w_patch, p:p+w_patch, :] = pt_img 

                else: 

                    pt_img_prv =  

np.array(Image.open(path+str(pt_n - 1)+'_fake_A_rgb.png')).astype('uint8') 

                    st_img[q:q+h_patch, p:p+w_patch, :] = pt_img 

                    for n in range(w_patch - stride_w): 

                        st_img[q:q+h_patch, p + n, :] =  

(pt_img_prv[:, stride_w + n, :] * ip_w[w_patch - stride_w - n - 1]) 

+ (pt_img[:, n, :] * ip_w[n]) 

 

            else: 

                if (i == 0): 

                    pt_img_prv = np.array(Image.open(path+str((j - 1) * n_

w)+'_fake_A_rgb.png')).astype('uint8') 

                    st_img[q:q + h_patch, p:p + w_patch, :] = pt_img 

 

                    for m in range(h_patch - stride_h): 

                        st_img[q + m, p:p + w_patch, :] =  

(pt_img_prv[stride_h + m, :, :] * ip_h[w_patch - stride_h - m - 1])  

+ (pt_img[m, :, :] * ip_h[m]) 

                else: 

                    pt_img_prv_t = np.array(Image.open(path+str(((j - 1) * 

n_w) + i) + '_fake_A_rgb.png')).astype('uint8') 
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                    pt_img_prv_b = np.array(Image.open(path+str(pt_n - 1) 

+ '_fake_A_rgb.png')).astype('uint8') 

                    st_img[q:q+w_patch, p:p+w_patch, :] = pt_img 

                    for n in range(w_patch - stride_w):                  

                        st_img[q:q+h_patch, p + n, :] =  

(pt_img_prv_b[:, stride_w + n, :] * ip_w[w_patch - stride_w - n - 1])  

+ (pt_img[:, n, :] * ip_w[n]) 

 

                    for m in range(h_patch - stride_h): 

                        st_img[q + m, p:p+w_patch, :] =  

(pt_img_prv_t[stride_h + m, :, :] * ip_h[h_patch - stride_h - m - 1])  

+ (pt_img[m, :, :] * ip_h[m]) 

 

            p += stride_w 

            pt_n += 1 

        q += stride_h 

        p = 0 

    stiched_img = Image.fromarray(st_img, 'RGB') 

    stiched_img.save(path + '/stitched_image.png')       
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D Visualization using Plotly 

This is the code used to generate plots in the “Plotly”. 

## Import necessary packages 
import pandas as pd 
import numpy as np 
import cufflinks as cf 
from PIL import Image 
import colour 
import sklearn.metrics as sm 
from scipy.spatial import distance 
import chart_studio.plotly as py 
import plotly.express as px 
import plotly.io as pio 
import plotly.graph_objects as go 
import plotly.figure_factory as ff 
%matplotlib inline 
 
from plotly.offline import download_plotlyjs, init_notebook_mode, plot, ip
lot 
init_notebook_mode(connected = True) 
cf.go_offline 

Data Reading and Processing 

## Read Images  

# Color reconstructed image --> Target image 

img_1 = Image.open('bedroom_reconst_crop.png') 

# Input image 

img_2 = Image.open('bedroom_crop.png')  

# Predicted Image 

img_3 = Image.open('stitched_image.png')  

 

img_1 = np.array(img_1)/255. 

img_2 = np.array(img_2)/255. 

img_3 = np.array(img_3)/255. 

 

illuminant = colour.CCS_ILLUMINANTS['CIE 1931 2 Degree Standard Observer']

['D50'] 

 

matrix_RGB_to_XYZ = [[0.6502043, 0.1780774, 0.1359384], 

                     [0.3202499, 0.6020711, 0.0776791], 

                     [0.0000000, 0.0678390, 0.7573710]] 

 

matrix_XYZ_to_RGB = [[1.7827618, -0.4969847, -0.2690101], 

                     [-0.9593623, 1.9477962, -0.0275807], 

                     [0.0859317, -0.1744674, 1.3228273]] 
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## Function to get tristimulus (XYZ), chromaticity (xy), LAB coordinates f

rom the images 

def get_XYZ_xy_and_LAB(img): 

 

    XYZ = colour.RGB_to_XYZ(img,illuminant,illuminant,matrix_RGB_to_XYZ) 

    xy = colour.XYZ_to_xy(XYZ) 

    LAB = colour.XYZ_to_Lab(XYZ) 

    return XYZ, xy, LAB 

 

XYZ_t, xy_t, LAB_t = get_XYZ_xy_and_LAB(img_1) 

XYZ_i, xy_i, LAB_i = get_XYZ_xy_and_LAB(img_2) 

XYZ_p, xy_p, LAB_p = get_XYZ_xy_and_LAB(img_3) 

 

## Calculate the deltaE2000 between the targent & input, target & predicti

on 

delta_1 = colour.delta_E(LAB_t, LAB_i, textiles = True) 

delta_2 = colour.delta_E(LAB_t, LAB_p, textiles = True) 

Creating dataframes of LAB, XYZ, xy data 

def get_dataframe(LAB, XYZ, xy): 
    data = { 
        "L" : np.reshape(LAB[:, :, 0], -1), 
        "A" : np.reshape(LAB[:, :, 1], -1), 
        "B" : np.reshape(LAB[:, :, 2], -1), 
        "X" : np.reshape(XYZ[:, :, 0], -1), 
        "Y" : np.reshape(XYZ[:, :, 1], -1), 
        "Z" : np.reshape(XYZ[:, :, 2], -1), 
        "x" : np.reshape(xy[:, :, 0], -1), 
        "y" : np.reshape(xy[:, :, 1], -1)   
    } 
    dataframe = pd.DataFrame(data) 
    return dataframe 
 
df_target = get_dataframe(LAB_t, XYZ_t, xy_t) 
df_input = get_dataframe(LAB_i, XYZ_i, xy_i) 
df_predicted = get_dataframe(LAB_p, XYZ_p, xy_p) 

Creating bins for data binning in LAB and xy spaces 

## Create bins in the specified interval with given limits 
def get_bins(limits, interval): 
    bins = [] 
    num_bins = int((limits[1] - limits[0])/interval + 1) 
    for i in range(num_bins): 
        bins.append(limits[0] + (interval * i))  
    return bins 
 
## Create Labels for each bin 
def get_labels(bins): 
    labels = [] 
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    for i in range(len(bins)-1): 
        labels.append(str(i)) 
    return labels 
 
A_limits = [-140, 100] 
B_limits = [-110, 110] 
xy_limits = [0,1] 
 
## Function to update the dataframe with labels based on the datapoints lo
cation in the bins 
def get_updated_df_with_labels(dataframe, A_limits, B_limits, xy_limits, A
B_interval, xy_interval): 
 
    A_bins = get_bins(A_limits, AB_interval )  
    B_bins = get_bins(B_limits, AB_interval )  
 
    A_labels = [] 
    B_labels = [] 
 
    A_labels = get_labels(A_bins) 
    B_labels = get_labels(B_bins) 
 
 
    x_bins = get_bins(xy_limits, xy_interval )  
    y_bins = get_bins(xy_limits, xy_interval ) 
 
    x_labels = [] 
    y_labels = [] 
 
    x_labels = get_labels(x_bins) 
    y_labels = get_labels(y_bins) 
     
    dataframe['A_cat'] = pd.cut(dataframe['A'], A_bins, labels = A_labels) 
    dataframe['B_cat'] = pd.cut(dataframe['B'], B_bins, labels = B_labels) 
    dataframe['x_cat'] = pd.cut(dataframe['x'], x_bins, labels = x_labels) 
    dataframe['y_cat'] = pd.cut(dataframe['y'], x_bins, labels = y_labels) 
    return dataframe 
 
df_target = get_updated_df_with_labels(df_target, A_limits, B_limits, xy_l
imits, 1, 0.01) 
df_input = get_updated_df_with_labels(df_input, A_limits, B_limits, xy_lim
its, 1, 0.01) 
df_predicted = get_updated_df_with_labels(df_predicted, A_limits, B_limits
, xy_limits, 1, 0.01) 

## Function to get densities of the data points based on the 2D bins in AB 
plane of LAB color space 
def get_df_with_AB_densities(dataframe): 
    dataframe['d1'] = np.reshape(delta_1, -1) 
    dataframe['d2'] = np.reshape(delta_2, -1) 
    density = dataframe.groupby(['A_cat', 'B_cat']).size() 
    mean_dataframe = dataframe.groupby(['A_cat', 'B_cat']).mean() 
    mean_dataframe = mean_dataframe.fillna(0) 
    mean_dataframe['density'] = density 
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    sum_dataframe = dataframe.groupby(['A_cat', 'B_cat']).sum() 
    sum_dataframe = sum_dataframe.fillna(0) 
    sum_dataframe['density'] = density 
    return mean_dataframe, sum_dataframe 
 
## Function to get densities of the data points based on the 2D bins in xy 
chromaticity plane 
def get_df_with_xy_densities(dataframe): 
    dataframe['d1'] = np.reshape(delta_1, -1) 
    dataframe['d2'] = np.reshape(delta_2, -1) 
    density = dataframe.groupby(['x_cat', 'y_cat']).size() 
    mean_dataframe = dataframe.groupby(['x_cat', 'y_cat']).mean() 
    mean_dataframe = mean_dataframe.dropna() 
    mean_dataframe['density'] = density 
    sum_dataframe = dataframe.groupby(['x_cat', 'y_cat']).sum() 
    sum_dataframe = sum_dataframe.dropna() 
    sum_dataframe['density'] = density 
    return mean_dataframe.reset_index(), sum_dataframe.reset_index() 
 
mean_AB_df_target, sum_AB_df_target = get_df_with_AB_densities(df_target) 
mean_AB_df_input, sum_AB_df_input = get_df_with_AB_densities(df_input) 
mean_AB_df_predicted, sum_AB_df_predicted = get_df_with_AB_densities(df_pr
edicted) 
 
mean_xy_df_target, sum_xy_df_target = get_df_with_xy_densities(df_target) 
mean_xy_df_input, sum_xy_df_input = get_df_with_xy_densities(df_input) 
mean_xy_df_predicted, sum_xy_df_predicted = get_df_with_xy_densities(df_pr
edicted) 

Creating data for default LAB space 

## Creating data points of an entire LAB color space for the RGB color cub
e  
 
L_limits = [0, 100] 
interval = 5 
L_bins = get_bins(L_limits, interval)  
 
A_bins = get_bins(A_limits, interval)  
B_bins = get_bins(B_limits, interval)  
def bound(low, high, value): 
    return max(low, min(high, value)) 
num = (len(L_bins) - 1)*(len(A_bins) - 1)*(len(B_bins) - 1) 
R_lab = np.zeros(num) 
G_lab = np.zeros(num) 
B_lab = np.zeros(num) 
L = np.zeros(num) 
A = np.zeros(num) 
B_b = np.zeros(num) 
LAB = np.zeros((1,3)) 
c = 0 
 
for l in range(len(L_bins) - 1) : 
    for a in range(len(A_bins) - 1): 
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        for b in range(len(B_bins) - 1): 
            LAB[0, 0] = (L_bins[l] + L_bins[l + 1])/2 
            LAB[0, 1] = (A_bins[a] + A_bins[a + 1])/2 
            LAB[0, 2] = (B_bins[b] + B_bins[b + 1])/2 
            L[c] = LAB[0, 0]  
            A[c] = LAB[0, 1]  
            B_b[c] = LAB[0, 2]  
            XYZ = colour.Lab_to_XYZ(LAB) 
            RGB_lab = colour.XYZ_to_RGB(XYZ,illuminant,illuminant,matrix_X
YZ_to_RGB) 
 
            R_lab[c] = int(bound(0., 1., RGB_lab[0]) * 255)#RGB[0,0] * 255 
            G_lab[c] = int(bound(0., 1., RGB_lab[1]) * 255) #RGB[0,1] * 25
5 
            B_lab[c] = int(bound(0., 1., RGB_lab[2]) * 255) #RGB[0,2] * 25
5# 
            c += 1 
             

## Creating data for chromaticity diagram 

## Creating data points of an entire xy chromaticity diagram for the RGB c
olor cube  
 
x_bins = get_bins(xy_limits, 0.01)  
y_bins = get_bins(xy_limits, 0.01) 
 
R = np.zeros(len(x_bins)*len(y_bins)) 
G = np.zeros(len(x_bins)*len(y_bins)) 
B = np.zeros(len(x_bins)*len(y_bins)) 
X = np.zeros(len(x_bins)*len(y_bins)) 
Y = np.zeros(len(x_bins)*len(y_bins)) 
Z = np.zeros(len(x_bins)*len(y_bins)) 
xy = np.zeros((1,2)) 
c = 0 
illuminant = colour.CCS_ILLUMINANTS['CIE 1931 2 Degree Standard Observer']
['D65'] 
for i in range(len(x_bins) ) : 
    for j in range(len(y_bins)): 
        xy[0,0] = x_bins[i] 
        xy[0,1] = y_bins[j] 
        X[c] = xy[0,0] 
        Y[c] = xy[0,1] 
        XYZ = colour.xy_to_XYZ(xy) 
        RGB = colour.XYZ_to_RGB(XYZ,illuminant,illuminant,matrix_XYZ_to_RG
B) 
 
        if not RGB[0,0] == 0: 
            R[c] = int(bound(0., 1., RGB[0,0]) * 255)#RGB[0,0] * 255 
        if not RGB[0,1] == 0: 
            G[c] = int(bound(0., 1., RGB[0,1]) * 255) #RGB[0,1] * 255 
        if not RGB[0,2] == 0: 
            B[c] = int(bound(0., 1., RGB[0,2]) * 255) #RGB[0,2] * 255# 
        c += 1 
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3d Plots 

## Surface plots  
 
x_surf = np.linspace(-140,100,240) 
y_surf = np.linspace(-110,110,220) 
## number of the pixels in each bin 
z_tar_den = np.reshape(mean_AB_df_target['density'].values, (240, 220)) 
z_inp_den = np.reshape(mean_AB_df_input['density'].values, (240, 220)) 
z_pred_den = np.reshape(mean_AB_df_predicted['density'].values, (240, 220)
) 
## Sum of the errors contibuted by each bin 
z_tar_max = np.reshape(sum_AB_df_target['d1'].values, (240, 220)) 
z_inp_max = np.reshape(sum_AB_df_input['density'].values, (240, 220)) 
z_pred_max = np.reshape(sum_AB_df_predicted['density'].values, (240, 220)) 
 
## Function returns a 3D surface figure object 
def get_lab3d_fig(x_surf, y_surf, z_tar, A, B_b, L, R_lab, G_lab, B_lab): 
    ## figure defining the 3D scatter plot color coordinates  
    fig = go.Figure(data=[go.Scatter3d( 
    x=A, 
    y=B_b, 
    z=L, 
    mode='markers', 
    marker=dict(color=[f'rgb({R_lab[i]}, {G_lab[i]}, {B_lab[i]})' for i in 
range(len(R_lab))], 
                       size=5) 
    )]) 

 
    ## figure defining the 3D surface plot color coordinates  
    fig.add_surface(x = x_surf, y = y_surf, z = z_tar.T, 

colorscale = 'earth', showscale=False, opacity=0.5) 
    fig.update_layout(scene = dict( 
                    xaxis_title='A', 
                    yaxis_title='B', 
                    zaxis_title='no of points'), 
                    width=700, 
                    margin=dict(r=20, b=10, l=10, t=10)) 
    return fig 
 

 
## Retrieving density plot in LAB space 

fig_1 = get_lab3d_fig(x_surf, y_surf, z_tar_den, A, B_b, L, R_lab, G_lab, 
B_lab) 
 
fig_1.show() 
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Figure 72: Density plot of "The Bedroom" painting in LAB space depicting no of pixels per bin in AB 

plane 

## Retrieving sum of all the data points in each bin of AB plane 
fig_1 = get_lab3d_fig(x_surf, y_surf, z_tar_max, A, B_b, L, R_lab, G_lab, 
B_lab) 
fig_1.show() 

 

Figure 73: Max plot of "The Bedroom" painting in LAB space depicted the total no of pixels per bin 

in AB plane 

x_tar = mean_xy_df_target['x'].values 
y_tar = mean_xy_df_target['y'].values 
delta_1_mean = mean_xy_df_target['d1'].values 
delta_2_mean = mean_xy_df_target['d2'].values 
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## Function returns a 3D scatter plot figure object on a chromaticity     
diagram 

##  The location of 3D scatter points in Z direction represent the amount 
of error at that particular color location 
def get_xy3d_fig(X, Y, Z, R, G, B, x_tar, y_tar, delta_1, delta_2): 
    fig = go.Figure(data=[go.Scatter3d( 
    x=X, 
    y=Y, 
    z = Z, 
    mode='markers', 
    marker=dict(color=[f'rgb({R[i]}, {G[i]}, {B[i]})' for i in range(len(R
))], 
                       size=5) 
    )]) 
    fig.add_scatter3d(x = x_tar, y = y_tar, z = delta_1, mode='markers',  
                      marker=dict(size=5, color=delta_1, colorscale = 'vir
idis')) 
    fig.add_scatter3d(x = x_tar, y = y_tar, z = delta_2, mode='markers',  
                      marker=dict(size=5, color=delta_2, colorscale = 'red
s')) 
    fig.update_layout(scene = dict( 
                    xaxis_title='x', 
                    yaxis_title='y', 
                    zaxis_title='Error'), 
                    width=700, 
                    margin=dict(r=20, b=10, l=10, t=10)) 
    return fig 
 
fig_3 = get_xy3d_fig(X, Y, Z, R, G, B, x_tar, y_tar, delta_1_mean, delta_2
_mean) 
fig_3.show() 

 

Figure 74: 3D scatter plot of "The Bedroom" painting on chromaticity plane depicting errors in 

prediction compared to true color difference 
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Quiver Plots 

## Quiver plots 
img_1 = Image.open('bedroom_reconst_crop.png') 
img_2 = Image.open('bedroom_crop.png') 
img_3 = Image.open('stitched_image.png') 
 
## Downsample the image resolutions 
img_1 = img_1.resize((128, 100),Image.ANTIALIAS) 
img_2 = img_2.resize((128, 100),Image.ANTIALIAS) 
img_3 = img_3.resize((128, 100),Image.ANTIALIAS) 
 
img_1 = np.array(img_1)/255. 
img_2 = np.array(img_2)/255. 
img_3 = np.array(img_3)/255. 
 
XYZ_t, xy_t, LAB_t = get_XYZ_xy_and_LAB(img_1) 
XYZ_i, xy_i, LAB_i = get_XYZ_xy_and_LAB(img_2) 
XYZ_p, xy_p, LAB_p = get_XYZ_xy_and_LAB(img_3) 
delta_1 = colour.delta_E(LAB_t, LAB_i, textiles = True) 
delta_2 = colour.delta_E(LAB_t, LAB_p, textiles = True) 

image_x_range = np.array([0, 100]) 
image_y_range = np.array([0, 128]) 
 
## Funtion to return a patch of specified size from the entire image 
def get_patch(x_range, y_range, LAB): 
    num_rows = x_range[1] - x_range[0] 
    num_cols = y_range[1] - y_range[0] 
    LAB_patch = np.zeros((num_rows, num_cols, 3)) 
    LAB_patch = LAB[x_range[0]:x_range[1], y_range[0]:y_range[1], :] 
    return LAB_patch 
LAB_t_patch = get_patch(image_x_range, image_y_range,LAB_t) 
LAB_i_patch = get_patch(image_x_range, image_y_range,LAB_i) 
LAB_p_patch = get_patch(image_x_range, image_y_range,LAB_p) 

## Function to compute 2D vectors and return them along with coordinates a
ccordingly 
def get_coordinates_and_vectors(LAB_1, LAB_2): 
    A_1 = np.reshape(LAB_1[:,:,0], -1) 
    A_2 = np.reshape(LAB_2[:,:,0], -1) 
    B_1 = np.reshape(LAB_1[:,:,1], -1) 
    B_2 = np.reshape(LAB_2[:,:,1], -1) 
    u = A_2 - A_1 
    v = B_2 - B_1 
    return A_1, B_1, A_2, B_2, u, v 

## Funtion to return randomly located pixels of specified amount from the 
entire image 
def get_random_samples(LAB_1, LAB_2, array_size, limits): 
    random_array = np.zeros((array_size[0], array_size[1], 4)) 
    x_samples = np.random.randint(0, high = limits[0], size = (array_size[
0], 1)) 
    y_samples = np.random.randint(0, high = limits[1], size = (array_size[
1], 1)) 
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    concatenated_array = np.concatenate((LAB_1[:,:,1:], LAB_2[:,:,1:]), ax
is = 2) 
    for i in range(len(x_samples)): 
        for j in range(len(y_samples)): 
            random_array[i, j, :] = concatenated_array[x_samples[i], y_sam
ples[j], :] 
     
    return random_array 
 
limits = [100, 128] 
array_size = np.array([50,50]) 
random_array = get_random_samples(LAB_t, LAB_i, array_size, limits) 

## Funtion to return uniformly spaced number of pixels size from the entir
e image 
def get_uniform_samples(LAB_1, LAB_2, array_size, limits, step): 
    uniform_array = np.zeros((array_size[0], array_size[1], 4)) 
 
    concatenated_array = np.concatenate((LAB_1[:,:,1:], LAB_2[:,:,1:]), ax
is = 2) 
    for i in range(array_size[0]): 
        for j in range(array_size[1]): 
            uniform_array[i, j, :] = concatenated_array[i + step[0],      
j + step[1], :] 
    return uniform_array 

 
limits = [100, 128] 
array_size = np.array([50,50]) 
step = np.array([10, 12]) 
uniform_array = get_uniform_samples(LAB_t, LAB_i, array_size, limits, step
) 

## Funtion to create and return quiver figure object 
def get_quiver_plots(x_t, y_t, u_p, v_p, x_p, y_p): 
    fig = ff.create_quiver(x = x_t, y = y_t, u = u_p, v = v_p, 
                       scale=0.3, 
                       arrow_scale=0.2, 
                       scaleratio = 0.5, 
                       name='quiver', 
                       line_width=1) 
    fig.update_layout(scene = dict( 
                    xaxis_title='A', 
                    yaxis_title='B'),) 
    return fig 
x_t, y_t, x_p, y_p, u_p, v_p = get_coordinates_and_vectors(LAB_t_patch[:,:
,1:], LAB_i_patch[:,:,1:]) 
fig_5 = get_quiver_plots(x_t, y_t, u_p, v_p, x_p, y_p) 
fig_5.show() 
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Figure 75: Quiver plot of "The Bedroom" painting depicting the color fading process in the AB plane 

x_t, y_t, x_p, y_p, u_p, v_p = get_coordinates_and_vectors(random_array[:,
:,:2], random_array[:,:,2:]) 
fig_6 = get_quiver_plots(x_t, y_t, u_p, v_p, x_p, y_p) 
fig_6.show() 

 

Figure 76: Quiver plot of "The Bedroom" painting depicting the color fading in the AB plane process 

of randomly selected pixels 

x_t, y_t, x_p, y_p, u_p, v_p = get_coordinates_and_vectors(uniform_array  
[:,:,:2], uniform_array[:,:,2:]) 
fig_7 = get_quiver_plots(x_t, y_t, u_p, v_p, x_p, y_p) 
fig_7.show() 



Eindhoven University of Technology 

Virtual Unaging of Van Gogh’s Paintings         99 

 

Figure 77: Quiver plot of "The Bedroom" painting depicting the color fading in the AB plane process 

of uniformly selected pixels 

## Function to compute 3D vectors and return the coordinates accordingly 
def get_coordinates_and_3dvectors(MAT_1, MAT_2): 
    A_1 = np.reshape(MAT_1[:,:,0], -1) 
    A_2 = np.reshape(MAT_2[:,:,0], -1) 
    B_1 = np.reshape(MAT_1[:,:,1], -1) 
    B_2 = np.reshape(MAT_2[:,:,1], -1) 
    z_2 = np.ones(A_1.shape) * 0.001 
    z_1 = np.ones(A_1.shape) * 0.001 
    u = A_2 - A_1 
    v = B_2 - B_1 
    w = z_2 - z_1 
    return A_1, B_1, z_1, A_2, B_2, z_2, u, v, w 

x_t, y_t, z_t, x_p, y_p, z_p, u_p, v_p, w_p = get_coordinates_and_3dvector
s(xy_t, xy_i) 

 
## Funtion to create and return 3D quiver figure (cone plot) object over c
hromaticity plot 
fig_8 = go.Figure(data = go.Cone(x = x_t, 
                               y = y_t, 
                               z = z_t, 
                               u = u_p, 
                               v = v_p, 
                               w = w_p, 
                               colorscale='viridis', 
                               sizemode="absolute", 
                               sizeref=10, 
                              showscale = False)) 
fig_8.add_trace(go.Scatter3d( 
    x=X, 
    y=Y, 
    z = Z, 
    mode='markers', 
    marker=dict(color=[f'rgb({R[i]}, {G[i]}, {B[i]})' for i in range(len(R
))], size=10))) 
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fig_8.update_layout(scene = dict( 
                    xaxis_title='x', 
                    yaxis_title='y', 
                    zaxis_title=''), 
                    width=700, 
                    margin=dict(r=20, b=10, l=10, t=10)) 
fig_8.show() 

 

Figure 78: 3D Quiver plot of "The Bedroom" painting depicting the color fading on the xy 

chromaticity diagram 

Contour Plots 

interval = 2 
A_bins = get_bins(A_limits, interval)  
B_bins = get_bins(B_limits, interval) 
num = (len(A_bins) - 1)*(len(B_bins) - 1) 
R_lab2d = np.zeros(num) 
G_lab2d = np.zeros(num) 
B_lab2d = np.zeros(num) 
L_2d = np.zeros(num) 
A_2d = np.zeros(num) 
B_2d = np.zeros(num) 
LAB = np.zeros((1,3)) 
c = 0 
## Creating LAB 2D coordinates 
for a in range(len(A_bins) - 1): 
    for b in range(len(B_bins) - 1): 
        LAB[0, 0] = 100 
        LAB[0, 1] = (A_bins[a] + A_bins[a + 1])/2 
        LAB[0, 2] = (B_bins[b] + B_bins[b + 1])/2 
        L_2d[c] = LAB[0, 0]  
        A_2d[c] = LAB[0, 1]  
        B_2d[c] = LAB[0, 2]  
        XYZ = colour.Lab_to_XYZ(LAB) 
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        RGB_lab = colour.XYZ_to_RGB(XYZ,illuminant,illuminant,matrix_XYZ_t
o_RGB) 
 
        R_lab2d[c] = int(bound(0., 1., RGB_lab[0]) * 255)#RGB[0,0] * 255 
        G_lab2d[c] = int(bound(0., 1., RGB_lab[1]) * 255) #RGB[0,1] * 255 
        B_lab2d[c] = int(bound(0., 1., RGB_lab[2]) * 255) #RGB[0,2] * 255# 
        c += 1 
             

## Plotting multiple plots such as contour, scatter 2d 
fig = go.Figure(data = go.Scatter(x=A_2d, 
                y=B_2d, 
                mode='markers', 
                marker=dict(color=[f'rgb({R_lab2d[i]}, {G_lab2d[i]}, {B_la
b2d[i]})' for i in range(len(R_lab2d))], 
                       size=10), opacity = 0)) 
             
fig.add_traces(go.Contour(z = np.log10(z_inp_den.T), x = x_surf, y = y_sur
f, colorscale='plotly3', opacity = 1, showscale = False, contours_coloring
='lines', 
        line_width=3,)) 
# fig.add_traces(go.Contour(z = np.log10(z_pred_den.T), x = x_surf, y = y_
surf, colorscale='reds', opacity = 0.5, showscale = False)) 
# fig.add_traces( go.Contour(z = np.log10(z_inp_den.T), x = x_surf, y = y_
surf, colorscale='deep', opacity = 1, contours_coloring='lines', 
#         line_width=3, ))  
fig.add_layout_image(dict( 
                        x = -140, 
                        sizex = 280, 
                        y = 110, 
                        sizey = 220, 
                        xref="x", 
                        yref="y", 
                        opacity=1.0, 
                        layer="below", 
                        sizing='stretch', 
                        source = Image.open('lab_cs.png'))) 
fig.update_layout(title_text = 'Contour plots of target, prediction, input 
paintings data') 
fig.update_xaxes(title = dict(text = 'A : Green -> Red')) 
fig.update_yaxes(title = dict(text = 'B : Blue -> Yellow')) 
# fig.data=(fig.data[0], fig.data[1], fig.data[2]) 
fig.show() 

## Plotting quiver over contour plots 
x_t, y_t, x_p, y_p, u_p, v_p = get_coordinates_and_vectors(LAB_t_patch[:,:
,1:], LAB_i_patch[:,:,1:]) 
fig_6 = get_quiver_plots(x_t, y_t, u_p, v_p, x_p, y_p) 
fig_6.add_traces(go.Contour(z = np.log(z_pred_den.T), x = x_surf, y = y_su
rf, colorscale='reds')) 
 
fig_6.update_layout(title_text = 'Contour & quiver plots of target paintin
g data') 
fig_6.update_xaxes(title = dict(text = 'A')) 
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fig_6.update_yaxes(title = dict(text = 'B')) 
fig_6.show() 

x = np.zeros((LAB_t_patch.shape[0] * LAB_t_patch.shape[1], 1)) 
y = np.zeros((LAB_t_patch.shape[0] * LAB_t_patch.shape[1], 1)) 
## Function to compute vectors at each pixel location in the image 
def get_pixel_coordinates_and_vectors(LAB_1, LAB_2): 
#     print(LAB_1.shape) 
    R = LAB_1.shape[0] 
    C = LAB_1.shape[1] 
    i = 0 
    for r in range(R): 
        for c in range(C): 
            x[i] = R-r-1 
            y[i] = c 
            i+=1 
    A_1 = np.reshape(LAB_1[:,:,0], -1) 
    A_2 = np.reshape(LAB_2[:,:,0], -1) 
    B_1 = np.reshape(LAB_1[:,:,1], -1) 
    B_2 = np.reshape(LAB_2[:,:,1], -1) 
    u = A_2 - A_1 
    v = B_2 - B_1 
    return A_1, B_1, A_2, B_2, u, v, x, y 

x_t, y_t, x_p, y_p, u_p, v_p, x, y = get_pixel_coordinates_and_vectors(LAB
_t_patch[:,:,1:], LAB_i_patch[:,:,1:]) 
x = x 
y = y 
u = u_p 
v = v_p 
img_t = Image.open('bedroom_reconst_crop.png') 
 
 
img_t = img_t.resize((128, 100),Image.ANTIALIAS) 
fig = ff.create_quiver(x, y, u, v, 
                       scale=0.3, 
                       arrow_scale=0.2, 
                       scaleratio = 0.5, 
                       name='quiver', 
                       line_width=1) 
fig.add_layout_image(dict( 
                        x = 0, 
                        sizex = 100, 
                        y = 128, 
                        sizey = 128, 
                        xref="x", 
                        yref="y", 
                        opacity=1.0, 
                        layer="below", 
                        sizing='stretch', 
                        source = img_t)) 
fig.add_layout_image(dict(source = Image.open('lab_cs.png'), 
                         xref="x domain", 
                         yref="y domain", 
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                         x=1, 
                         y=1, 
                         xanchor="right", 
                         yanchor="top", 
                         sizex=0.2, 
                         sizey=0.2)) 
fig.update_layout(title_text = ' Quiver plots of target painting data') 
fig.update_xaxes(title = dict(text = 'A : Green -> Red')) 
fig.update_yaxes(title = dict(text = 'B : Blue -> Yellow')) 
# fig.add_trace(go.Scatter(x=x_t, y=y_t, 
#                     mode='markers', 
#                     marker_size=5, 
#                     name='points')) 
fig.show() 

df_target = get_dataframe(LAB_t, XYZ_t, xy_t) 
df_input = get_dataframe(LAB_i, XYZ_i, xy_i) 
df_predicted = get_dataframe(LAB_p, XYZ_p, xy_p) 
 
df_target = get_updated_df_with_labels(df_target, A_limits, B_limits, xy_l
imits, 4, 0.01) 
df_input = get_updated_df_with_labels(df_input, A_limits, B_limits, xy_lim
its, 4, 0.01) 
df_predicted = get_updated_df_with_labels(df_predicted, A_limits, B_limits
, xy_limits, 4, 0.01) 

x_t, y_t, x_p, y_p, u_p, v_p = get_coordinates_and_vectors(LAB_t_patch[:,:
,1:], LAB_i_patch[:,:,1:]) 
x_t, y_t, x_p, y_p, u, v = get_coordinates_and_vectors(LAB_i_patch[:,:,1:]
, LAB_p_patch[:,:,1:]) 
df_target['u'] = u_p 
df_target['v'] = v_p 
df_input['u'] = u 
df_input['v'] = v 
df_predicted['u'] = u 
df_predicted['v'] = v 

def get_df_with_AB_densities(dataframe): 
    dataframe['d1'] = np.reshape(delta_1, -1) 
    dataframe['d2'] = np.reshape(delta_2, -1) 
    density = dataframe.groupby(['A_cat', 'B_cat']).size() 
    mean_dataframe = dataframe.groupby(['A_cat', 'B_cat']).mean() 
    mean_dataframe = mean_dataframe.dropna() 
    mean_dataframe['density'] = density 
    return mean_dataframe 
 
mean_AB_df_target = get_df_with_AB_densities(df_target) 
mean_AB_df_input= get_df_with_AB_densities(df_input) 
mean_AB_df_predicted = get_df_with_AB_densities(df_predicted) 

x_t = mean_AB_df_target['A'].values 
y_t = mean_AB_df_target['B'].values 
u_p = mean_AB_df_target['u'].values 
v_p = mean_AB_df_target['v'].values 
fig = ff.create_quiver(x = x_t, y = y_t, u = u_p, v = v_p, 
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                       scale=0.8, 
                       arrow_scale=0.6, 
                       scaleratio = 0.5, 
                       name='quiver', 
                       line_width=1, 
                      line_color = 'brown') 
# fig.add_traces(go.Contour(z = np.log(z_pred_den.T), x = x_surf, y = y_su
rf, colorscale='plotly3', contours_coloring='lines', 
#         line_width=3,opacity = 0.7)) 
fig.add_traces(go.Contour(z = np.log(z_tar_den.T), x = x_surf, y = y_surf, 
colorscale='plotly3', contours_coloring='lines', 
        line_width=3,opacity = 0.7)) 
fig.add_layout_image(dict( 
                        x = -140, 
                        sizex = 280, 
                        y = 110, 
                        sizey = 220, 
                        xref="x", 
                        yref="y", 
                        opacity=1.0, 
                        layer="below", 
                        sizing='stretch', 
                        source = Image.open('lab_cs.png')))              
fig.update_layout(title_text = ' Quiver plots of target painting data') 
fig.update_xaxes(title = dict(text = 'A - Green -> Red')) 
fig.update_yaxes(title = dict(text = 'B - Blue -> Yellow')) 
fig.show() 
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E Additional Results 

The predictions obtained from the paired color transfer using 𝐿1 loss are depicted in this sub section. 

 
(a) 

 
(b) 

 

Figure 79: Predictions of “The Bedroom” painting by Pix2Pix network trained on LAB (a) and RGB 

(b) data using 𝐿1 loss (Disclaimer) 
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(a) 

 
(b) 

 

Figure 80: 𝛥𝐸2000 maps of the predictions of “The Bedroom” painting by Pix2Pix network trained on 

LAB (a) and RGB (b) data using 𝐿1 loss 
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