
Reviving Masterpieces: U-Net-Based Deep Learning  
as the Future of Digital Art Conservation 

 
Usher Raymond Abainza, Ruszed Ayad, Karylle dela Cruz,  

Ian Jure Macalisang, Nicole Menorias, and Kobe Marco Olaguir  
 
 

1   Introduction. 

1.1   Art Conservation and Restoration 

Artworks such as paintings, murals, manuscripts, and sculptures are tangible expressions of culture, history, and 
artistic technique. However, they are subject to gradual and sometimes rapid degradation over time. Various 
factors contribute to this deterioration: fluctuations in relative humidity (RH), exposure to light (especially UV), 
temperature changes, pollution, chemical reactions in pigments or binders, and mechanical stress such as 
cracking, flaking, or loss of adhesion between layers. Conservators and heritage scientists have documented 
many such phenomena. For example, the “Environmental Guidelines for Paintings” published by the Canadian 
Conservation Institute highlights that many pigments, varnishes, and binding media respond adversely to visible 
and UV light, RH fluctuations, and pollutants, leading to fading, cracking, and embrittlement [1]. Research on 
the influence of light and RH in modern oil paints shows that pigments like cadmium yellow and ultramarine 
degrade under exposure, forming secondary degradation products such as epsomite, which can lead to 
weakening or visual change in paint films [2]. 

1.2   Importance of Preserving Historical Paintings and Artworks 

Preserving historical artworks is not only about maintaining their aesthetic beauty; it is about preserving cultural 
memory, artistic techniques, and historical evidence. Artworks often bear physical clues — brushstroke styles, 
pigment mixtures, textures — that provide insight into the artist’s materials, methods, and cultural context. 
When pigments fade or layers crack, these clues may be lost irreversibly. A recent review in npj Heritage 
Science (“Machine Learning for Painting Conservation: a State-of-the-Art Review”) emphasizes that pigment 
analysis, damage detection, and virtual restoration are essential to avoid loss of valuable information, especially 
in ancient, fragile, or poorly documented works [3]. Similarly, risk analyses of museum environments (e.g. in 
the Alexandria Museum of Fine Arts) show that uncontrolled environmental conditions (temperature, humidity, 
pollutants) accelerate material degradation, increasing conservation costs and risking the integrity of the 
collections [4]. 

1.3   Traditional Restoration Relies on Manual Expertise 

Historically, restoration has relied almost entirely on skilled human conservators. These professionals clean, 
repair, retouch, and recompose damaged artwork using physical materials similar to the originals. While their 
skill is indispensable, the process is slow, laborious, and subject to human variability. Decisions like how much 
color to retouch, how much fill to apply, or which portion counts as damage vs. original wear are inherently 
subjective. Mistakes or inappropriate materials can cause further damage—for instance, using filling materials 
that do not match the physical expansion properties of the original layers can lead to flaking or detachment later. 
Studies such as those summarized in the npj review show that one of the bottlenecks in traditional conservation 
is precisely this subjectivity and the resource burden (time, materials, expertise) required [3]. 

1.4   Rise of Deep Learning in Cultural Heritage 

To address the limitations of traditional restoration, AI and deep learning have begun to be adopted in the 
heritage conservation field. These methods can process high-resolution images, learn patterns of damage, detect 
subtle degradation that might not be visible to conservators, and sometimes propose or perform virtual 
restorations. The npj review [3] categorizes recent works into five themes: enhancement of scientific imagery 
(e.g. revealing underdrawings or hidden layers), pigment analysis, damage detection, virtual restoration, and 
damage prediction. By using large image datasets and learning from them, AI helps accelerate inspection, 
reduce manual effort, and provide objective, reproducible assessments. 
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Digital restoration via these AI methods is advantageous because it is non-destructive (the original artifact is not 
altered), reversible (digital changes can be undone or refined), and scalable (many works can be processed once 
models are trained). The review also emphasizes that in many cases virtual restoration helps conservators by 
providing previews or proposals—almost like “what it might look like” versions—before any physical action is 
taken [3]. 

1.5   Introduction of U-Net 

U-Net was introduced in 2015 by Olaf Ronneberger, Philipp Fischer, and Thomas Brox at the University of 
Freiburg, Germany, in their landmark paper “U-Net: Convolutional Networks for Biomedical Image 
Segmentation”. The architecture was designed first to address tasks in biomedical image segmentation where 
precision and localization are crucial, even with limited training data.[5] 

Before U-Net, one of the relevant architectures was the Fully Convolutional Network (FCN) by Long, 
Shelhamer, and Darrell (2014), which introduced the idea of transforming image classification networks into 
segmentation networks by replacing fully connected layers with convolutional ones, allowing output maps 
rather than single labels. U-Net built on these ideas but added symmetry (a contracting path and expansive path) 
and skip connections to better preserve detail lost in downsampling. [6] 

In the original 2015 experiments, U-Net was used to segment neuronal structures in electron microscopic 
images (EM images), then also applied to transmitted light microscopy images (phase contrast, differential 
interference contrast). It won the ISBI cell tracking challenge in multiple categories. It was celebrated for being 
trainable end-to-end with a small number of annotated samples, thanks to strong data augmentation strategies, 
and it could process large input images (512 × 512) in less than a second on a modern GPU. [7] 

Key features of U-Net include: 

●​ An encoder–decoder structure: the encoder path reduces spatial resolution while increasing the depth 
of feature representation (so it learns what is in the image, in multi-scale ways), and the decoder path 
upsamples or reconstructs to the original spatial resolution. 

●​ Skip connections between corresponding encoder and decoder layers: these allow high-resolution 
features (edges, textures, small details) lost during the encoder’s pooling to flow directly into the 
decoder stages, helping preserve detail. 

Because art restoration tasks (such as inpainting missing parts, repairing cracks, recreating faded pigments) need 
both global context (what overall shapes, composition, color distributions exist) and fine detail (brushwork, 
texture), U-Net is particularly suitable. For example, in “Restoration of artwork using deep neural networks”, a 
hybrid approach combining Mask R-CNN for mask generation and U-Net with partial convolutions was used to 
restore digitized artworks with irregular damage. This method showed both quantitative improvement (via 
metrics like SSIM) and qualitative approval by art experts [8]. 

2 Application of U-Net in Art Restoration 

2.1   Problem Setting 

Artworks, particularly historical paintings, are often subject to deterioration over time due to aging, 
environmental exposure, and physical damage. Common forms of degradation include cracks, tears, faded 
pigments, and missing regions on the canvas. Traditional restoration methods, while effective, can be 
labor-intensive and sometimes risk altering the authenticity of the original work. To address this, digital 
restoration techniques have been explored as a non-invasive alternative. The primary objective is to digitally 
reconstruct the damaged regions while preserving the artistic style, texture, and fine details of the original 
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artwork. 

2.2   How U-Net is Applied 

The U-Net architecture has proven highly effective for image-to-image translation tasks and is particularly 
well-suited to art restoration. In this context, the encoder module of U-Net captures multi-scale features such as 
color gradients, textures, contours, and brushstroke patterns from the damaged painting. The decoder then 
utilizes this feature representation to reconstruct missing or corrupted regions, generating a plausible restoration 
that aligns with the original style. To ensure the preservation of fine details, skip connections directly transfer 
high-resolution features from the encoder to the decoder, allowing the model to maintain fidelity in delicate 
elements such as brush strokes, subtle shading, and ornamental patterns. 

2.3   Workflow 

The restoration workflow begins with the input, which is an image of the damaged artwork containing cracks, 
scratches, or missing segments. This image is processed by the U-Net model, which predicts the appearance of 
the lost or degraded regions by leveraging its learned representation of textures and artistic features. The output 
is a digitally reconstructed version of the painting in which cracks are filled, colors are enhanced, and missing 
areas are seamlessly restored, resulting in an artwork that closely resembles its original state. 

 

Fig. 1. This figure illustrates a U-Net architecture used for inpainting (filling in missing parts of an image). The 
name "U-Net" comes from its distinctive 'U' shape. The network consists of two main parts: the downsampling 
path (left side) and the upsampling path (right side). 
 
The workflow can be broken down into the following key stages: 

●​ Input: The process begins with the input image (64×64×3) containing a damaged or missing region. 
●​ Downsampling Path (Encoder): The network first compresses the input image. 

DoubleConv blocks extract features, increasing the number of channels (from 64 to 256). 
MaxPool layers progressively downsample the image's spatial dimensions (from 64×64 to 
16×16). 

●​ Bottleneck: At the deepest point of the network (16×16×256), the bottleneck holds the most abstract, 
high-level representation of the image's features. 

●​ Upsampling Path (Decoder): The network then reconstructs the image from this compressed 
representation. 

ConvTranspose layers upsample the feature maps, restoring their spatial dimensions (from 
16×16 to 64×64). 
Skip Connections are vital here; they directly connect feature maps from the downsampling 
path to their corresponding layers in the upsampling path. This ensures that fine details lost 



during downsampling are reintroduced, resulting in a more precise restoration. 
●​ Final Output: The final layers refine the restored image, producing the output image (64×64×3) with 

the damaged areas seamlessly filled in. 
 
2.4  Real-World Uses and Case Studies 

Here are some studies where U-Net (or U-Net variants) has been successfully applied in art restoration or 
damage detection. 

Table 1. Case Studies on U-Net 

Study Title & Year Task Model and Key Results 

[9] Automatic restoration 
of Dunhuang murals 
and process 
visualization method 
based on deep learning 
(2025) 

Applied to the digital 
restoration of ancient 
Dunhuang murals, which 
suffer from irregular 
defects such as missing 
pigments, cracks, and 
erosion. The study also 
emphasized visualization 
of the restoration process 
to aid conservators. 

Model: Introduced an improved U-Net 
with a shift-net layer, enabling the model 
to reconstruct irregular damage while 
maintaining stylistic coherence.  
 
Results: The approach successfully 
preserved both structural accuracy and 
artistic style, offering a practical tool for 
digital conservation. 

[10] UR-Net: An optimized 
U-Net for color 
painting segmentation 
(2024) 

Concentrated on color 
segmentation and digital 
reconstruction of 
paintings, enabling 
accurate mapping of 
color regions for 
conservation and virtual 
exhibitions. 
 

Model: Developed UR-Net, an optimized 
U-Net variant.  
 
Results: The model improved 
segmentation quality, reduced processing 
time, and enhanced the clarity of color 
region boundaries. Outputs were suitable 
for use in digital reconstructions, online 
archives, and AR/VR displays. 

[11] An ancient Chinese 
painting restoration 
method based on 
improved GAN with 
U-Net generator 
(2022) 

Addressed digital 
inpainting of damaged 
Chinese paintings, 
focusing on restoring 
missing or deteriorated 
sections with structural 
and color consistency. 

Model: Proposed an improved GAN 
architecture with a U-Net generator. 
The U-Net backbone provided structural 
accuracy while the GAN added realism.  
 
Results: It showed more coherent 
restorations compared to baseline 
methods, with faster processing times 
suitable for large-scale use. 

[12] Automatic recognition 
of craquelure and paint 
loss on polychrome 
paintings of the Palace 
Museum (2023) 

Detection of craquelure 
(cracks) & paint loss in 
polychrome architectural 
paintings 
 
 
 

Model: Used a Res-UNet model, which 
integrates residual learning into the 
U-Net architecture.  
 
Results: The model reached 98.19% 
accuracy in detection and achieved 
F1-scores above 93%, significantly 
outperforming traditional CNNs in 
capturing fine details of surface damage. 
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3   Impact and Benefits 

The application of U-Net in digital art restoration offers several notable advantages: 

●​ Accuracy and Precision: U-Net’s skip connections and multi-scale feature extraction enable the 
faithful reconstruction of fine artistic details, such as brush strokes and subtle color transitions, which 
simpler CNNs or autoencoders often fail to capture. 

●​ Efficiency: Compared to traditional manual restoration, U-Net-based methods significantly reduce the 
time required to repair artworks, making them particularly valuable in large-scale digitization and 
preservation initiatives. 

●​ Preservation: Digital restoration provides a non-invasive approach to conserving fragile or 
irreplaceable works of art, eliminating the risks of further physical damage associated with direct 
human intervention. 

●​ Accessibility: Restored artworks can be disseminated widely through digital platforms, including 
museum archives, virtual and augmented reality exhibitions, and online educational resources, making 
cultural heritage more accessible to global audiences. 

●​ Innovation: By generating plausible reconstructions of deteriorated or incomplete works, U-Net offers 
art historians and researchers a tool to hypothesize and visualize how a painting may have originally 
appeared, opening new avenues for interpretation, study, and education. 

The use of U-Net and its variants in art conservation has shown significant benefits in the restoration and 
preservation of cultural heritage. Originally developed for biomedical image segmentation, U-Net’s 
encoder–decoder structure with skip connections is highly effective in tasks that require both pixel-level 
precision and contextual awareness, which are critical in handling fragile artworks. 
 
One notable application is the recognition of craquelure and pigment loss in historical artworks. A Res-UNet 
model applied to polychrome paintings at the Palace Museum was able to achieve 98.19% accuracy in 
recognizing cracks and paint loss, with an F1-score above 93% [12]. Similarly, an improved U-Net with a 
shift-net layer was applied to the digital restoration of Dunhuang murals, successfully reconstructing irregular 
defects while preserving stylistic and structural details [9]. These results show that U-Net is highly capable of 
retaining delicate textures and edges that are often lost when using simpler convolutional neural networks. 
 
The practical value of U-Net also lies in its speed and efficiency compared to traditional methods. Traditional 
manual crack mapping and pigment segmentation can take weeks of conservator time, but U-Net models can 
complete these processes in a matter of minutes. In the restoration of ancient Chinese paintings, a U-Net-based 
generator combined with GAN techniques produced faster and more structured reconstructions compared to 
earlier methods, showing measurable improvements in image quality while cutting processing time [9]. This 
allows museums to digitize and restore larger portions of their collections, making conservation work more 
scalable. 
 
Another key contribution of U-Net is its ability to support safe conservation practices. Since U-Net-based 
methods operate only on high-resolution digital scans, they allow conservators to analyze and restore works 
virtually, without any physical intervention. This reduces the risk of further damage to fragile artworks. Crack 
detection and pigment mapping models, for example, allow conservators to simulate possible restorations and 
test different hypotheses digitally before considering physical treatment [9,12]. In this way, U-Net aligns with 
the conservation principle of minimal intervention, ensuring that the authenticity of cultural objects is preserved. 
 
The results of U-Net-based restoration can also be shared beyond conservation laboratories. Digitally restored 
paintings and murals are now being presented in virtual exhibitions, AR/VR applications, and online archives, 
making heritage more widely accessible. For example, optimized U-Net models such as UR-Net have been used 
for color segmentation of paintings, supporting digital color reconstructions that can be displayed in virtual 
exhibitions [10]. This allows audiences to experience restored artworks without the risks associated with 
handling or exposing the originals. 
 
Finally, U-Net has opened new possibilities for art historical research. By powering digital inpainting systems, 
U-Net enables scholars to visualize how damaged or missing parts of paintings may have originally looked, 
offering new perspectives on style, iconography, and technique [11]. Process visualization tools built on U-Net 
architectures also help bridge conservation practice and computational analysis, making it possible for 
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conservators to better understand and validate the outputs of AI models [12]. This positions U-Net not only as a 
tool for restoration, but also as a research instrument that supports new methods of studying and interpreting 
cultural heritage. 
 
4   Conclusion 

Although U-Net was originally developed for biomedical image segmentation, its versatility has enabled strong 
applications in the field of cultural heritage preservation. Its encoder–decoder structure, enhanced by skip 
connections, makes it particularly effective for image restoration tasks such as repairing cracks, reconstructing 
missing regions, and enhancing faded details in paintings. By utilizing this unique architecture, the model can 
capture both global context (e.g., overall shapes, composition, and color distribution) and fine detail (e.g., 
brushwork and texture), which are crucial for authentically restoring artworks. 

Beyond aesthetic enhancement, U-Net–based digital art restoration offers broader contributions to preservation, 
accessibility, and education. It enables non-invasive conservation of fragile artworks by operating on 
high-resolution digital scans rather than the physical object, eliminating the risk of further physical damage 
associated with direct human intervention. This aligns with the principle of minimal intervention, which is a 
core tenet of modern conservation.  

The technology also facilitates the dissemination of restored cultural artifacts through digital platforms, 
including museum archives, virtual and augmented reality exhibitions, and online educational resources. This 
makes cultural heritage more widely accessible to global audiences, allowing people to experience restored 
artworks without the risks associated with handling or exposing the originals. 

Finally, U-Net provides researchers and educators with valuable tools for  historical analysis and public 
engagement. By generating plausible reconstructions of deteriorated or incomplete works, U-Net-based systems 
allow scholars to visualize how paintings may have originally appeared, offering new perspectives on style, 
iconography, and technique. Process visualization tools built on U-Net also help bridge the gap between 
conservation practice and computational analysis, helping conservators to better understand and validate the AI 
models' outputs. 

Looking ahead, the integration of U-Net with other advanced deep learning models holds significant promise for 
even more sophisticated and realistic restorations. 

●​ Generative Adversarial Networks (GANs): Future research should explore combining the U-Net 
generator with GANs. This fusion would leverage U-Net's ability to maintain structural accuracy with 
GANs' capacity to generate highly realistic textures and patterns. This combination could produce more 
stylistically coherent and visually convincing inpainting results, particularly for complex textures like 
brushstrokes. 

●​ Diffusion Models: Another promising avenue is to integrate U-Net with diffusion models. Diffusion 
models have shown exceptional performance in generating high-quality images and could be adapted to 
fill in missing regions with a level of detail and realism that surpasses current methods. This could lead 
to restorations that are virtually indistinguishable from the original artistic style and technique. 

●​ Integration with Computer Vision for Damage Prediction: Researchers can explore extending 
U-Net's capabilities from restoration to damage prediction. By training models on datasets showing the 
progression of degradation, U-Net could be used to simulate future damage to a painting, allowing 
conservators to proactively implement preventative measures 

●​ Scalable and Efficient Solutions: Efforts should focus on optimizing U-Net models for scalability and 
efficiency. Developing lighter-weight or more computationally efficient U-Net variants could make it 
feasible for museums and cultural institutions to digitize and restore large collections of artworks in a 
cost-effective and timely manner. 
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