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1 | INTRODUCTION
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Abstract

The rapid development of artificial intelligence technology has expanded its
use in the restoration of cultural heritage. Although research on the digital res-
toration of ancient coins is well established, most studies have focused on
Western currencies—such as coins from the Roman Empire and Greece—with
little prior research being conducted on ancient Korean coins. This study uses
Sangpyeongtongbo coins—which, among ancient currencies, were widely cir-
culated throughout Korea—as its subject. For this research, a new dataset is
constructed using Sangpyeongtongbo specimens from museums and research
institutes. The Restoration using Inpainting for Cultural Heritage (RICH)
method is developed based on stable diffusion and attempted digital restora-
tion, to successfully recover damaged Chinese inscriptions on the surface of
coins. To validate the restored image, image analysis of the undamaged and
restored inscriptions is conducted, with the results demonstrating similarity
rates of 97.10% for entire inscriptions and 83.81% for restored areas. These
results demonstrate the feasibility of using artificial intelligence for digital
restoration.
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cultural heritage, ancient coins serve not only as a cur-
rency but also as crucial historical materials that reflect

Cultural heritage, as a product of history and tradition, is
essential to understand the unique cultural characteris-
tics of a nation and the evolution of its people’s lives [1].
Cultural heritage holds enormous historical value as it
reflects the overall social, cultural, and political contexts
of an era while simultaneously encompassing artistic,
symbolic, and socioeconomic values [2]. In the context of

the economics, politics, society, and technology of their
time. Ancient coins exhibit various changes in material
composition, design elements, metal content, and sym-
bolic expression [3]. However, ancient coins can be dam-
aged by environmental factors, careless management,
and physical or chemical factors, necessitating preventive
conservation and restoration work.
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Metallic cultural heritage items such as coins are
particularly vulnerable to physical damage and wear,
being prone to oxidation and corrosion when exposed to
environments such as soil or the seabed for extended
periods. Such damage can cause a loss of surface informa-
tion, making it difficult to identify and classify ancient
coins, and ultimately limiting our understanding of their
historical value and characteristics. Consequently,
research and development for the preservation and resto-
ration of ancient coins is essential.

The preservation and restoration of ancient coins
require a systematic scientific approach to analyze the
remaining information on their surfaces and restore lost
elements. For this purpose, traditional methods—such as
X-rays, computed tomography (CT), X-ray fluorescence
(XRF), and energy dispersive spectroscopy (EDS)—have
been employed to identify their internal structures and
compositional elements [4-6]. However, with the rapid
advance of digital technology, restoration techniques
using artificial intelligence (AI) have garnered increasing
attention. These technologies have influenced the field
of cultural heritage restoration and management
research, with the relationship between cultural heritage
and digital technology continuing to evolve [7].
For example, there have been cases that have applied var-
ious technologies, including 3D object reconstruction,
virtual reality, mathematical algorithms (incorporating
diffusion models), and other digital restoration tech-
niques [8-10].

Recently, generative Al—which can create new 2D or
3D images using algorithms such as the generative adver-
sarial network (GAN) [11]—has garnered considerable
attention [12]. GAN-based methods have demonstrated
the potential to improve the appearance and quality of
damaged artifacts, restoring degraded objects to physi-
cally enhanced forms [12]. Moreover, research has been
conducted on developing algorithms that use adversarial
learning centered on a GAN to learn the degradation pro-
cess of ancient coins and restore their pre-damaged
appearance [13].

Research on digital coin restoration continues to
advance, but studies of ancient coins in Asia (including
Korea) remain relatively scarce. Although studies on
ancient numismatics using computer vision and machine
learning techniques have demonstrated the feasibility of
digital restoration technologies, they have focused pre-
dominantly on datasets of ancient Roman coins [13].
These coins were produced in various forms, distin-
guished by the depiction of figures, animals, or other
symbols, whereas Asian coins were categorized primarily
based on Chinese inscriptions. This distinction poses
additional challenges in identifying the coin types when
their surfaces are damaged. In this context, this study

selected the Sangpyeongtongbo, a representative ancient
Korean coin, as the primary research subject.

In this study, we photographed images of Sang-
pyeongtongbo coins to create a novel dataset, based on
which we proposed an algorithm to predict and digitally
restore damaged Sangpyeongtongbo coins. The proposed
method can digitally restore lost information without
causing direct physical damage to the Sangpyeongtongbo
coins. Through this, we aim to support researchers in
more accurately analyzing the surface details of damaged
Sangpyeongtongbo coins, which can be difficult to iden-
tify, and contribute to improving preservation efficiency
by using the restored information as reference material
for conservation work. Moreover, the proposed algorithm
is expected to demonstrate the scalability and potential
application of digital restoration technology, as it can be
applied to Sangpyeongtongbo coins as well as to the res-
toration research of other types of ancient coins. The
code is available on GitHub."

2 | RELATED WORK

Recent advances in image restoration and generation
techniques have introduced various deep-learning-based
methods that aim to recover both the structural consis-
tency and fine textures of damage-related images.
Transformer-based inpainting methods [14], multi-stage
structure-texture integration models [15], super-
resolution using pre-trained diffusion models [16], and
CNN-based dehazing networks [17, 18] have been devel-
oped as alternatives or enhancements to GANs. Despite
these diverse methods, GANs remain central to image
generation and inpainting models. This section reviews
key GAN-based models and deep-learning techniques for
coin restoration.

2.1 | Generative models

Generative models are neural network models with the
ability to create new content that has not existed previ-
ously, thereby producing realistic new images within the
domain of their training dataset [19]. Therefore, it is nec-
essary to develop metrics that measure their closeness to
existing models and calculate gradients to minimize these
differences [20]. Notable generative models include varia-
tional autoencoders (VAEs) [21], which learn latent rep-
resentations of data and generate new data based on
these representations, and GANs [11], which generate
high-quality data through competition between two

!GitHub repository: https://github.com/Seohyun-Baek/RICH

85UBD |7 SUOWILWOD) BAIIS.ID 3|cedtdde ay) Aq pausenoh ae Sao1e YO ‘Bsn Jo S3|Nni 1o ARiqiT auluO AS|IM UO (SUOIIPUOD-pUR-SWIBIW0D AS| 1M ARe1q 1 [U 1 |UO//SA1Y) SUOIIPUOD PUe SWB | 38U} 39S *[9202/20/92] Uo AReiqiT autiuo A3|IAA 'SUO RO IUNWILIOIS R | pUe SOIUoA8 (3 Aq ETT0-G202 [118/8T2Zh 0T/I0p/w0d A3 1M Afelq 1 pul|uoy//Sdny woly papeo|umod ‘0 ‘9ZELEE€22


https://github.com/Seohyun-Baek/RICH

BAEK ET AL.

neural networks—that is, a generator and a discrimina-
tor. Diffusion models [22] have also become an active
area of research.

The VAE can learn the characteristics of training data
using latent variables and generate data similar to the
training data [21]. It can calculate the mean vector (p)
and variance vector (o) from the input using an encoder,
before sampling latent variables according to probability
and reconstructing the original data using a decoder. One
notable characteristic is that it can generate continuously
changing data by adjusting the latent variables [23]. This
results in different outputs for the same input, demon-
strating its ability to extract core features with minimal
noise. Additionally, it is guaranteed to operate even with
unknown inputs. Consequently, VAEs can be used in
various applications, proving to be particularly effective
in image generation, data compression, and feature
extraction applications.

The GAN, proposed in 2014, is a novel type of neural
network architecture [11] that can learn image character-
istics and generate highly realistic images, videos, music,
and text based on the learned patterns [19]. It is a genera-
tive model in which two neural networks—that is, a gen-
erator and discriminator—learn through competition
with each other and is frequently used in image genera-
tion applications [23]. Initially, a multilayer perceptron
was used to create the generator and discriminator; later,
a deep convolutional GAN was proposed, which
enhanced the model’s predictive capabilities by using
convolutional layers in the discriminator network. GANs
are widely used in high-resolution image generation,
image adaptation (through style imitation), and image
synthesis applications. Additionally, various GAN-based
technologies have been developed, including text-
to-image generation and automatic design technologies.
Zhang and others [24] introduced the MMlInvertFill
model, a multimodal GAN inversion method that inte-
grated RGB, edge, and semantic segmentation inputs to
enhance both structural consistency and fine-detail recov-
ery; Lu and others [25] proposed the EXE-GAN model,
which was an exemplar-guided facial inpainting model
that achieved realistic restoration using style similarity
and spatial adaptation techniques; and Ning and
others [15] presented a two-stage GAN-inspired model
for cultural heritage restoration that separated structural
and texture reconstructions to achieve high-fidelity
results.

The diffusion model is a deep generative model for
data generation and is currently one of the best-
performing models in the image-generation field [22]. It
is based on two main processes—that is, the forward pro-
cess (diffusion process), which gradually adds noise to
real data until they become completely noisy, and the
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reverse process, which gradually restores the data from
the noise. By learning these processes, the desired
images, texts, and graphs, can be generated from random
noise. For example, the inpainting diffusion model is
based on a GAN and has been used to generate and mod-
ify images based on the input text [22]. This model con-
verts text into images and uses masks to maintain
structural consistency and texture clarity during the
inpainting process. Methods such as RePaint have used
image inpainting methods based on denoising diffusion
probabilistic models (DDPMs). These methods generate
various output images without modifying the DDPM net-
work. Overall, diffusion models have demonstrated supe-
rior performance compared with GAN-based methods in
image generation applications.

2.2 | Coin restoration using Al

Most research conducted to restore coins has been con-
ducted using traditional restoration methods [26-29].
Dumitriu and others [27] selected nine ancient Roman
coins with varying degrees of corrosion, and production
years to present a preliminary analysis of the stages
related to the preservation and restoration of metal arti-
facts and determined the authenticity of the coins
through information such as their morphological charac-
teristics, weight, and dimensions. However, ancient coins
that are imaged today were produced thousands of years
ago, and even if each coin undergoes the same casting
process, it is impossible to know its exact appearance
before being damaged because of the primitive casting
processes used at the time [13]. Therefore, it can be diffi-
cult for people without professional knowledge to accu-
rately identify heavily corroded ancient coins.
Consequently, this study aims to introduce and evaluate
cases in which deep learning based on 2D images can be
applied to ancient-coin restoration.

Zachariou and others [13] aimed to synthesize images
similar to their original state based on damaged ancient
Roman coin images using deep-learning-based algo-
rithms. Specifically, they developed a cycle-consistent
generative adversarial network (CycleGAN) that could
phenomenologically model the process of damage to
ancient coins using adversarial learning centered on
GANSs. Inspired by the PatchGAN model [30], the Cycle-
GAN comprises five layers using two ResNets and
employs two generators and two discriminators. Each
generator learns to map from one domain to another.
The first generator learns how to generate synthetic
images of extremely fine coins using fine coin input
images, whereas the second generator operates in the
opposite direction, learning to model the degradation
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process that ancient coins experience over time. Through
the trained algorithm, various missing details of symbols
minted on the coin surfaces could be successfully recon-
structed, confirming that the algorithm correctly learned
the range of appearances present on the coin surfaces
and appropriately applied them in the visual context.
However, although this digital restoration technique pri-
marily enhanced the surface details of corroded coins,
such as facial features, it demonstrated no improvement
in other forms of damage, such as missing structural
components, cracks, or discoloration [12].

Altaweel and others [12] built a dataset by collecting
ancient Roman coin images from Nomisma-based web-
sites and attempted to reconstruct damaged areas (includ-
ing cracks), using the CycleGAN model. They confirmed
that the ability to improve damaged coins was enhanced
by generating synthetic images that were similar to those
of real coins. However, the results varied depending on
the degree of damage to the coin surface. When damage
to the coin surface was less than 30%-40%, an overall
improvement was evident, but when more than 40% of
the surface information was damaged, it proved to be dif-
ficult to reconstruct the coin surface. Moreover, they
found that changes in the color and lighting conditions
affected the model’s learning speed and accuracy.

3 | METHODOLOGY

3.1 | Dataset acquisition

Sangpyeongtongbo, whose name means “currency that
maintains a constant value in circulation,” was first
minted in 1678 (the fourth year of King Sukjong’s reign)
and remained in circulation throughout the nation for
approximately 200 years until 1888 (the 25th year of King
Gojong’s reign), serving as the representative currency of

the Joseon Dynasty [31]. The surfaces of these coins con-
tained crucial information regarding their minting
period, offices, and mints, making them valuable heritage
artifacts for archaeological and cultural research [32].

The front of each coin was inscribed with “FZiBEE
(Sangpyeongtongbo),” whereas the reverse side featured
various identifiers, including abbreviations of the
manufacturing office at the top, Thousand Character
Classic characters indicating the mint location at the bot-
tom, and numbers and symbols on the sides. The minting
system was extensive, comprising six central institutions,
including Ho-Jo (&), Hunryun-Dogam (3/l]), Geumwi-
yeong (%%), and Yeoyong-Chong (&), as well as provin-
cial institutions such as Gaeseong-Gamyong (fid),
Pyongan-Gamyong (*f), Jeolla-Gamyong (%), and
Gyeongsang-Gamyong (&) [4]. Each minting office man-
aged approximately 20 mines, resulting in approximately
4000 different varieties of Sangpyeongtongbo coins
through various combinations of mints, inscriptions, cal-
ligraphic styles, symbols, and ordering systems [33].

In this study, we constructed a comprehensive dataset
by examining Sangpyeongtongbo coins from multiple
sources, including the Gongju National Museum, the
National Research Institute of Maritime Heritage, and
the Seoul National University Museum, along with pri-
vately owned specimens. A total of 434 Sangpyeongtongbo
specimens were photographed using a Nikon D850 DSLR
camera equipped with an AF-S Micro Nikon 105 mm
1:2.8G ED lens. Their distribution across different institu-
tions is summarized in Table 1 and categorized according
to their minting offices, as shown in Table 2.

The dataset was split into training and validation
datasets, with 70% of the data being used for training
and 30% being used for validation, maintaining consis-
tent class-distribution ratios across both datasets. To vali-
date the effectiveness of the proposed algorithm, we used
undamaged coins from the dataset. Using the MI-GAN

TABLE 1 Distribution of the Sangpyeongtongbo dataset by institution.

Gongju National

National Research Institute

Seoul National Private

Repository .. . . . . Total
Museum of Maritime Heritage University Museum ownership
Amount 24 47 50 50 434
TABLE 2 Distribution of the Sangpyeongtongbo dataset by minting authority.
Pyongan-Gamyong

X X X X X Ho-Jo Hunryun-Dogam
Chinese inscriptions Left sun Right sun Number inscription
50 50 50 50 50 50
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model [34], the first generative image inpainting net-
work known to produce high-quality results with mini-
mal computational overhead, we removed and restored
various inscribed characters. The generated images
served as training data for our diffusion networks,
enabling the restoration of damaged characters in the
input images.

3.2 | Generation model for restoration
The main contribution of this research is the confirmed
generation of Chinese inscriptions on Sangpyeongtongbo
surfaces using AI models and the demonstrated feasibility
of digital restoration. We explored the optimal base
architecture for this purpose and developed a specialized
algorithm for Sangpyeongtongbo coins. The algorithm
developed was named Restoration using Inpainting for
Cultural Heritage (RICH), signifying its role in restoring
images of ancient coins.

During the model selection process, a comparative
analysis of the GAN and diffusion models was con-
ducted [35]. Although the GAN offers advantages, such
as high-quality generated images and rapid inference
after training completion, it has the limitation of requir-
ing separate training for each new dataset [22]. By con-
trast, diffusion models can be easily generalized, as they
can use pre-trained models for inpainting without modifi-
cation [22] and demonstrate excellent performance, even
in limited data environments. After considering these
characteristics, we adopted Stable Diffusion [36] as the
base model because it could be effectively applied, even
with a limited Sangpyeongtongbo dataset (Figure 1).

The RICH model adopted U-Net [37] as its backbone
for denoising and improved its inference speed through
single-step denoising. The U-Net model is structured

® Diffusion networks

— VAE _, U-Net — VAE _)
Image MI-GAN encoder decoder
! 0 !

Mask

FIGURE 1 Overall RICH architecture: RICH is a diffusion-
based inpainting model that uses a VAE and U-Net. The VAE
identifies the features of the training data using latent variables and
generates data similar to the training data. U-Net, built with
stacked convolutional layers, helps preserve detailed image
information and prevents loss during the reconstruction process.
RICH, Restoration using Inpainting for Cultural Heritage; VAE,
variational autoencoders.
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using convolutional layers in a ‘U’ shape and features
identical input and output image dimensions, which
were used in the RICH model to maintain the same input
and output shapes. For efficient model training, the
images were compressed using a VAE before being input
to the U-Net model. Moreover, to minimize information
loss during dimension reduction, they were restored to
their original form using a VAE decoder [21]. By applying
low-rank adaptation (LoRA) adapters [38] to the U-Net
and VAE to enable the training of specific layers, rapid
and memory-efficient training could be achieved. Train-
ing was conducted using a batch size of four and a weight
decay of 0.01 to prevent overfitting. To ensure stability
during the initial training phase, the warm-up steps were
set to 500 and the gradients were updated for each batch
over 100000 training steps.

Furthermore, the mean squared error (MSE) loss [39]
and structural similarity index measure (SSIM) loss [40]
were combined to optimize the image quality and struc-
tural similarity simultaneously. Although the MSE loss
could generate visually unnatural images owing to its
focus on minimizing pixel-level differences, the SSIM loss
could produce more natural and high-quality images by
emphasizing the structural patterns and textures.
By combining these complementary characteristics, we
could maintain pixel-level accuracy through MSE loss,
while achieving better structural similarity through
SSIM loss.

The MSE loss can be calculated by squaring the differ-
ence between the predicted and actual values, computing
their mean and assigning equal weights to all data points
to prevent errors from being biased in a particular direc-
tion. This can be effective in training the model to ensure
that the predicted values do not deviate significantly from
the actual values and is used to minimize the pixel-level
differences during the image generation or restoration
processes.

1 n ~
MSEloss="3"" (i ~5))" (1)

where y; denotes the actual pixel intensity, y; denotes the
model’s predicted pixel intensity, and n denotes the total
number of data samples.

The SSIM loss is a loss function designed to reflect
the human visual system and can be used as a loss func-
tion for measuring the similarity between two images or
patches when calculating the disparity in image restora-
tion or depth estimation processes. Its purpose is to mini-
mize the difference between the generated and target
images during model training and to guide the model to
generate structurally similar images during learning pro-
cesses (such as image generation, restoration, and
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transformation). Generally, one SSIM value is converted
into a loss value that must be minimized.

(Z,thﬂy + C1) (26xy + Cz)

SSIM loss=1 — )
(ﬂfc + i+ C1) (ch +aol+ Cz)

(2)

where x and y denote the corresponding windows of the
two images being compared, u, and p, denote their
respective mean values, o, and o, denote the standard
deviations, o, denotes covariance, and C; and C, denote
constants used to prevent the denominator from
becoming zero.

3.3 | Evaluation metric

Quantitative evaluation was conducted from two perspec-
tives. First, we measured the SSIM of the entire image to
evaluate whether the restored image maintained the
characteristics of the original image. Second, we sepa-
rately measured the SSIM specifically for the damaged
and restored areas to analyze the restoration quality in
detail.

In this study, we used the SSIM to objectively evalu-
ate and quantify the quality of restored images [40]. The
SSIM is an evaluation metric that reflects how the human
visual system recognizes structural information in images
by comprehensively comparing the luminance, contrast,
and structure of two images. It takes values between —1
and 1, where values closer to 1 indicate a greater struc-
tural similarity between the original and restored images.

2, +C1) (20 +C
SSIM(x,y) = ey FC) R0y £Co)
(ﬂ§+u§+cl) (0§+6§+C2>
Dt 205
SSIM (5, 3) = 2Hets £ C1) Qo+ Co) 4)

(pg% +uz+ Cl) (a)% +ol+ Cz)

To ensure a robust evaluation of the restored regions,
Equations (3) and (4) define the variable x as the repre-
sentation of the overall image, whereas X specifically
highlights the restored regions. This distinction enables a
clear comparison between the complete image and its
reconstructed portions. The SSIM calculation follows this
distinction by incorporating localized statistical mea-
sures, ensuring that the structural integrity of the
restored regions is properly assessed.

In this process, the mean (¢) and variance (o) of both
x and X are computed using a Gaussian window to
capture the localized luminance and contrast variations.

We employed a Gaussian filter with a window size of
11 x 11 and a standard deviation of 1.5 to achieve optimal
local feature extraction while maintaining computational
efficiency.

The SSIM formulation includes two stability con-
stants (C; and C,) which prevent division by zero. These
constants are defined as C;=(K; -L)2 and C,= (K,-L)2,
where L denotes the pixel intensity range, and K; and K,
denote empirically determined coefficients. The standard
values for these parameters are K; =0.01 and K, =0.03,
ensuring numerical stability while maintaining sensitiv-
ity to structural differences.

To enhance visual understanding, illustrative exam-
ples of these restored regions, along with their SSIM
evaluations, are shown in Figure 2.

4 | RESULTS AND DISCUSSION

4.1 | Implementation details

Stable Diffusion ver. 2.1 was used as the base generator.
The input images were resized to 512 x 512 crops in four
batches using the H100 GPU and optimized using
AdamW with a learning rate of 0.0001, based on a pre-
trained model. The training dataset comprised 508
Sangpyeongtongbo images. The RICH model was trained
for 60 000 epochs in approximately 15 h.

The architectural details were as follows: the VAE
used in this study first transformed an input RGB image
at a resolution of 512 x 512 into 128 channels through
an initial convolutional operation and then sequentially
expanded it to 256 and 512 channels through three down-
sampling blocks before finally compressing it into a
latent space with four channels and a spatial resolution
of 64 x 64. The decoder received this latent

(B) ) (&) (H)

FIGURE 2 Example images used for the SSIM evaluation. (A-
D) The entire actual image x, (E-H) Images show x, which focuses
on local areas to be restored.
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representation and restored it to a 3-channel RGB image
through the upsampling stages of the 512256 and
128 channels, whereas intermediate feature maps from
the encoder were processed through dedicated skip con-
volution layers and integrated into the decoder. The
U-Net block took a four 4-channel 64 x 64 latent repre-
sentation as input, expanded to 320 channels through an
initial convolutional operation, and reconstructed the
latent representation through four downsampling stages,
a bottleneck block, and four upsampling stages.

Each stage included residual blocks and cross-
attention modules conditioned on text features, and the
entire network was based on the pre-trained Stable Diffu-
sion Turbo model, where all convolutional and residual
blocks used the SiLU activation function by default, with
memory optimization achieved through xFormers-based
cross-attention and efficient fine-tuning enabled by the
LoRA method.

4.2 | Digital restoration results

The experimental results demonstrated that the RICH
model could effectively restore Chinese inscriptions on
damaged ancient coins. Figure 3 shows a close-up com-
parison between the damaged and restored regions,

Restored

Damaged

FIGURE 3 Close-up view of the restored image highlighting
detailed inscription reconstruction.
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Restored

Damaged

Restored Damaged

(A) B)

FIGURE 4 Sangpyeongtongbo restoration results using the
RICH model. (A) Full image of Sangpyeongtongbo, (B) Detailed
image of the restored part from image (Figure 4A).
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clearly showing the successful reconstruction of the fine-
grained inscription strokes.

As illustrated in Figure 4, the model enhanced the
corroded and worn surfaces of the Sangpyeongtongbo
specimens and achieved accurate restoration of the com-
plex structures and visual characteristics of the original
inscriptions. The restored images not only recovered the
deteriorated sections of the coins but also improved their
overall readability and preserved their aesthetic integrity,
demonstrating the practical applicability of the proposed
method. Although slight blurriness remained in certain
restored areas, we expect the performance to improve
with additional training data in future experiments.

Quantitative evaluation also supported these findings,
with the overall SSIM of the restored images recorded at
97%, indicating a high structural similarity to the original
images. Moreover, the SSIM for the damaged regions was
84%, clearly demonstrating successful restoration of the
degraded areas.

4.3 | Ablation studies

We conducted an ablation study to evaluate the effective-
ness of the different loss—function combinations in the
RICH model. As shown in Table 3, each configuration
was evaluated using the MSE [41-43], peak signal-
to-noise ratio (PSNR) [41-43], learned perceptual image
patch similarity (LPIPS) [41-43], and MS-SSIM metrics.
The combination of the MSE and SSIM yielded the
highest PSNR value (29.88) and highest MS-SSIM score
(0.9761), indicating robust performance in both pixel-

TABLE 3 Quantitative comparison of different loss function.

level accuracy and structural consistency. By contrast,
the mean absolute error (MAE) and LPIPS combination
achieved the lowest LPIPS score (0.0997), suggesting
superior perceptual quality.

The combination of the MAE and SSIM performed
the worst across all metrics and was used as the baseline.
These results show that combining the pixel-wise loss
with structural or perceptual terms can affect the recon-
struction quality, revealing a tradeoff between the percep-
tual quality and numerical accuracy in restoration tasks.

44 | Comparisons with existing models

Here, we discuss both quantitative and qualitative evalu-
ations to compare the performance of the proposed
model with those of the existing generative methods.
Table 4 presents a quantitative evaluation of the image
restoration quality for each model using the four repre-
sentative metrics.

The RICH model outperformed all the others by
achieving the lowest MSE and LPIPS values as well as
the highest PSNR and MS-SSIM scores, indicating supe-
rior pixel-level accuracy, perceptual similarity, and struc-
tural consistency. The Context encoder [44] exhibited the
weakest performance, with high MSE and LPIPS values
and the lowest MS-SSIM score. The SDXL model [45]
achieved lower MSE and LPIPS values than those of the
Context encoder, and its MS-SSIM score improved enor-
mously but still fell short of those of the FLUX and RICH
models. The FLUX model [46] further improved the
PSNR while maintaining a reasonable LPIPS value;

Metric
Loss
MSE | PSNR | LPIPS | MS-SSIM 1
MAE + SSIM 51.6350 10.2030 0.1506 0.9445
MSE + SSIM 33.3374 29.8862 0.1141 0.9761
MAE + LPIPS 36.8720 11.4630 0.0997 0.9545
MSE + LPIPS 46.0146 10.5933 0.1036 0.9498
TABLE 4 Quantitative evaluation of restoration quality for different models.
Metric
Model
MSE | PSNR | LPIPS | MS-SSIM |
Context encoder [44] 379.7840 22.4480 0.6610 0.7997
SDXL [45] 300.3232 23.6859 0.1506 0.9445
FLUX [46] 243.2862 24.5260 0.1985 0.9284
RICH 33.3374 29.8862 0.1141 0.9761
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however, it remained less effective than the RICH model
in terms of both pixel-level accuracy and structural simi-
larity. These results clearly demonstrate the superior res-
toration performance of the RICH model compared to
the other baseline models.

As shown in Figure 5, the proposed model demon-
strated powerful Chinese inscription generation capabili-
ties with clear results. By contrast, the Context encoder
generated restored areas with square-shaped noise,
failing to properly generate Chinese inscriptions on the
surface and incorrectly detecting restoration areas in
incorrect locations, owing to poor recognition. The SDXL
and FLUX models allowed users to specify the restoration
areas using masks, with the results being generated using
the prompt “restore the inscriptions.”

The SDXL output images were more blurred than the
input images, with some masked areas either completely
unrestored or generating unclear imitations of the Chinese
inscriptions. The FLUX model also produced unclear
results and, in some cases, generated English words.

Consequently, we conducted a user study to evaluate
the restoration performance of the proposed model based
on the images shown in Figure 5 and other related
samples. Figure 6 shows part of the questionnaire used
during the study. In the user study, participants were

Context RICH
Input SDXL FLUX
encoder (ours)

FIGURE 5 Sangpyeongtongbo qualitative results. Comparison
with other generative models.

asked to rank the images generated by the four different
models based on the perceived quality of restoration. The
participants included graduate students from the Depart-
ment of Artificial Intelligence, Department of Digital
Cultural Heritage, and working professionals with field
experience. The ranking results were aggregated and ana-
lyzed using the Borda Count [47] method, providing a
fair and robust comparison across the models.

Based on the results summarized in Figure 7, the
RICH model consistently received the highest rankings
across practically all questions, demonstrating a clear
preference for its restoration results among the partici-
pants. The SDXL and FLUX models exhibited moderate
performances, whereas the Context encoder ranked the
lowest in most cases.

This trend was further reflected in the overall scores
summarized in Table 5, where the RICH model

Image-based Digital restoration performance evaluation

Q6

Among the restored images A to D, select the images in order of restoration performance
excellence.

FIGURE 6 A section of the questionnaire used in the user

study.
Model Performance per Question
Context encoder
SDXL
" W FLUX
RICH
60
o
g
3
40
20
Ql Q Q@ Q4 Qs Q6 Q7 Qs Q@ Qo QI QI2

Question

FIGURE 7 Ranking results from the user study using the
Borda Count method per question.

TABLE 5 Overall Borda Count scores aggregated per model

and normalized to a 100-point scale based on user study rankings.
Model FLUX RICH

Score 31.9 78.2 68.5 97.4

Context encoder SDXL
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outperformed the other models, with a normalized Borda
Count score of 97.4/100. These findings suggest that the
RICH model not only excelled in quantitative metrics but
also delivered superior perceived quality in human evalu-
ations, confirming its practical effectiveness in real-world
restoration scenarios.

Accordingly, we could confirm that the proposed
model excelled in restoring damaged Chinese inscriptions
to their original form. The superior performance of the
proposed model can be attributed to several key factors.
First, it maintained consistency in script style and scale
across the entire restoration area, preserving the aesthetic
uniformity of the original coin surface. Additionally, the
model demonstrated remarkable robustness against vari-
ous types of degradation patterns, including scratches,
wear, and corrosion, consistently producing accurate res-
torations regardless of the damage type. Moreover, unlike
other methods that require multiple iterations or manual
adjustments, the proposed model achieved high-quality
results in a single pass, making it more efficient and prac-
tical for numerical research and conservation. Notably,
even with high-resolution images, the model accurately
reproduced the intricate strokes and structural features of
inscriptions, achieving results of sufficient quality to
serve as reference material for actual coin identification.
This performance difference demonstrated that the RICH
model excelled in effectively understanding the complex
structures of damaged images and restoring them to their
original state, more so than the other methods.

5 | CONCLUSIONS

In this study, we introduced the RICH model, an algo-
rithm designed for the digital restoration of ancient
Korean coins. The key idea was to use diffusion networks
composed of a U-Net and VAE to restore the damaged
information on the coin surfaces to their original form.
Specifically, we developed a diffusion-model-based RICH
model to fully reconstruct Chinese inscriptions engraved
on coin surfaces. The RICH model, trained on the
Sangpyeongtongbo dataset, effectively restored Chinese
inscriptions on coins that were difficult to decipher
because of corrosion and damage, thereby providing and
identifying crucial information about the coins. The pro-
posed approach exhibited several major advantages: it
maintained consistent restoration quality across various
degradation patterns, achieved high accuracy in inscrip-
tion reconstruction without compromising the aesthetic
integrity of the original artifacts, and provided reliable
results in a single processing step. We demonstrated that
the RICH model could not only outperform existing
restoration methods but could also offer a practical and

efficient solution for cultural heritage preservation.
Moreover, it could provide practical assistance to cultural
heritage experts in reconstructing the original appearance
of damaged artifacts, while also demonstrating the poten-
tial use of generative models in the digital restoration of
damaged cultural properties. Finally, this work establishes
a promising framework for extending restoration methods
to other types of historical artifacts, potentially revolution-
izing the field of digital cultural heritage preservation.
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