Ingegneria sismica

International Journal of Earthquake Engineering
Anno XLIIT - Num. 2 - 2026

Deep Reconstruction of Image Style for Intangible Cultural Heritage and
Adaptive Enhancement Model for Visual Features

Lili Zhang! and Yu Fang™”
1 Jingchu University of Technology, Jingmen City, Hubei Province, China 448000

SUMMARY: Digital reproduction of ICH images should consider both the style fidelity and
cultural semantic expression. Given that the existing methods are prone to losing the unique
visual grammar of ICH in reconstruction, this paper proposes a joint model for deep
reconstruction of ICH artistic image style and adaptive enhancement of visual features to
address this problem. Gram matrix is used to extract the embedding of ICH style from the model,
and then combined with the improved ICH-AdalN mechanism to achieve decoupled
reconstruction of content and style. An adaptive vision-enhancement module that is guided by
cultural attention will be added to strengthen the foundation of culture. Experiments have been
conducted on 1,280 image datasets of the four types of ICH, such as New Year pictures and
paper-cuts; compared with the U-Net baseline, the proposed method reduced LPIPS-style by
27% and FID by 15.3, increased local SSIM to 0.91 in key areas, and reduced the standard
deviation of background noise by 12%. The expert's score reached 4.3/5 and had risen from the
original 2.8/5. According to the above results, the model can reconstruct high-quality images
that meet the visual requirements of ICH, and is thus suitable for use in digital protection and
activation applications.

KEYWORDS: Intangible heritage; Image style reconstruction; Adaptive enhancement; ICH-
AdalN; Cultural attention

1 Introduction

Intangible Cultural Heritage (ICH) is a necessary link in the continuous flow of life for the
entire country; it is a storehouse of cultural memory and also contains beautiful aesthetic ideas,
technological wisdom and spiritual symbols (Li et al., 2025). Digital technology is expected to
be implemented soon, and thus serves as an effective way to promote and operate ICH. Most
of the digital works at present are still in a state of "static preservation”, such as high-precision
scanning and database archiving. Although it can show us what life is like, it does not show us
its internal dynamism and beauty in this way (Wang et al., 2023). Generative Adversarial
Networks (GAN) and its variations are now capable of generating very realistic images. Style
Transfer Algorithms can also use brushstrokes

Van Gogh or Monet's works, etc., are all photographs. The above results appear to be ready-
made tools for regenerating ICH images. However, in practice, the general model often
substantially alters the original structure of the image during the transfer process (Xiao et al.,
2024). At the same time, most current studies of ICH art simplify "style" to colour division or
pattern display and overlook the rich, formalised and symbolic visual systems in such art (Cao
et al., 2021). The fundamental characteristics of this type of works are repeated patterns, fixed
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composition rules, particular colour schemes and cultural connotations (Song, 2020).

The two basic deficiencies of the prior art are as follows: First, the model design does not
align with the characteristics of the artistic noumenon in ICH. Most of the mainstream style
transfer frameworks are focused on optimizing the style of Western paintings or photographs,
and their loss functions and network structures do not consider the co-expression requirements
of high-frequency details and low-frequency structures in ICH images (Zhao, 2025). Second,
strengthen the separation of strategy and cultural context. Traditional image enhancement
methods are generally applied uniformly around the world, and it is not feasible to identify and
enhance the visual components with significant cultural connotations selectively (Liang et al.,
2020). Therefore, a new computing model that can both accurately reconstruct the original
artistic style of intangible cultural heritage (ICH) and enhance its essential visual features
adaptively is urgently needed. Therefore, the relevant research should move away from simple
pixel-level fitting and begin to study the "visual language™ of ICH images in terms of
understanding and reconstruction. The so-called "deep reconstruction” refers to high-resolution
output and, at the same time, to the faithful reproduction of the internal structure of the style
during generation (Su et al., 2022). Including but not limited to: cultural conventions of the
colour system, technological characteristics of lines, and symbolic logic of patterns (Zuo et al.,
2022). Adaptive enhancement refers to adjusting the degree of enhancement in regions with a
high semantic value in the image, and thus preventing the loss or damage of cultural symbols
during digital reproduction.

With the deepening of research on image processing of cultural heritage, many scholars
have put forward various approaches from the perspectives of image retrieval, image quality
enhancement, classification and recognition, and information hiding. Chigurupati Navyasree
(2020) has created a good algorithm based on several features to solve the retrieval problem for
minority ICH images. Li and others (2025) focused on the quality of image reconstruction and
proposed a deblocking algorithm that combines gradient consistency (GC) and scale-space
reconstruction (SSR) to improve visual coherence significantly; it also provides a reference for
high-fidelity ICH image restoration. Cao et al. (2025) have also addressed the problem of image
understanding by taking an open-set scene and introducing an angular interval loss for hardness
perception and a label noise filtering mechanism to improve the classification robustness of the
model under the interference of unknown categories. EI-Hoseny et al. (2024) have integrated
image enhancement and information security to put forward the Stego-OptDehaz algorithm,
which can reduce smog and embed metadata simultaneously while satisfying the requirements
of good visual clarity and information steganography. Generally speaking, the existing work
focuses on a single task and lacks a systematic model for the compound goal of "style
reconstruction-feature enhancement-semantic preservation” of ICH images.

A joint model for depth reconstruction and adaptive enhancement of visual characteristics
in the style of ICH art will be proposed in this paper. At the core of this model is: on the one
hand, by incorporating the prior knowledge of ICH, a style-decoupling representation
mechanism is constructed; thus, in the reconstruction process, it can separately address the
content structure and style attributes without mutual interference. On the other hand, a type of
attention module for cultural perception has been designed that is guided by typical visual
elements of ICH to achieve selective enhancement of important areas. This paper does not seek
to substitute the inheritor's skills with algorithms, but wishes for digital technology to genuinely
understand and respect the visual logic of intangible cultural heritage (ICH) and thus provide
more culturally authentic visual support in scenes of preservation, education and innovation.
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2 Related theory and technical basis

ICH art images are not the same as other visual materials, and they have their own paradigms
and symbols. The northern woodblock New Year pictures are a typical case; they are not
realistic, but rather serve folk functions such as blessings and exorcism through highly stylized
visual language (Zuo & Liu, 2023). Character Modelling focuses on the proportions of the large
head and small body, and composition generally adopts a symmetrical and full-bodied form.
Among them, some colours are also traditionally linked to specific symbols (Alkishriwo, 2020).
Paper-cutting is also such; it achieves the effect of positive and negative shapes through the
structure of connecting shapes with lines and supporting lines with surfaces (Paul, 2023). Only
the edge detection algorithm is employed for contour extraction; thus, the beauty of Yin and
Yang is lost. For this reason, before technical modelling, it is necessary to be clear that the style
of an ICH image is not a statistical texture or hue distribution, but a set of visual grammar
systems that contain cultural semantics. Therefore, in the following feature extraction and
reconstruction stages, we need to be more conscious of these structural and symbolic features
and aim to optimise them rather than just optimising pixel similarity (Zhang et al., 2025).

GAN has significantly improved the visual realism of synthetic images through the game
between discriminator and generator, but the training process is unstable and it is easy to ignore
the rationality of low-frequency structure (Ding et al., 2024). The StyleGAN series introduced
later supports hierarchical style control to modify coarse-grained and fine-grained features at
different stages during the generation process, which is suitable for layered reconstruction of
ICH images. StyleGAN's style space is generated by unsupervised learning, and its hidden
variables do not directly correspond to cultural features that can be easily observed by people,
such as palindrome patterns or indigo main colours (Zhang, 2024). Although AdalN (Adaptive
Instance Normalisation) and other style transfer methods can achieve quick style fusion, they
may rely too heavily on global statistics for style definition and fail to address local areas with
high semantic information in ICH images; as a result, they often lead to an "average style" and
lose key details (Xia et al., 2025). Therefore, it is not feasible to meet the two demands of style
uniformity and detail preservation for ICH images by directly employing the existing
framework.

New ideas for solving the above problems have been proposed in the development of visual
feature enhancement technology. Traditional image enhancement usually uses manually
designed filters or global adjustments of parameters, and is not content-aware. In recent years,
the attention mechanism has been introduced and thus this problem has been resolved (Zhou et
al., 2024). CBAM (Convolutional Block Attention Module) is composed of channel attention
and spatial attention in series, and thus can dynamically focus on important feature channels
and locations (Iseringhausen et al., 2020). If the above mechanism is combined with ICH visual
prior, it can help the model realise an improvement in cultural orientation, and thus
automatically identify and emphasise visual areas with cultural significance during the process
of image reconstruction (Wang et al., 2020). However, the general-purpose attention
mechanism is still based on data-driven learning. If the ICH samples in the training data are too
few or the labels are absent, the attention weights may not align with the cultural logic (Xiang
et al., 2020). Therefore, ICH knowledge guidance should be added to the attention module
explicitly.

The absence of an evaluation mechanism is also one of the main reasons for the landing of
technology. At present, the main methods used to measure the general similarity or perceptual
quality of image generation tasks are FID (Fré&het Inception Distance), LPIPS (Learned
Perceptual Image Patch Similarity) and others, but these indicators cannot determine whether
the generated New Year pictures meet the requirements of tradition. Therefore, only the
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automation indicators are insufficient to demonstrate the actual results of the model in terms of
culture. Therefore, it should be clear in the theoretical preparation stage that the technical goal
is to produce pictures with good visual effects and also to create pictures that align with cultural
cognition and acceptance.

3 ICH art image style deep reconstruction model

The style of images for intangible cultural heritage art is not entirely based on simple colour or
texture variations. Yangliuging New Year paintings are a typical case; the four stages of their
creation are outlining, engraving, printing and painting, and they have a visual feature of strong
lines and soft colours (Dong et al., 2025). Weixian County's paper-cutting art is based on a
hollow-out method of "yin engraving as the primary approach and yang engraving as an
auxiliary method" to create image structures. If only general-purpose generative models are
used for reconstruction, it is easy to reduce the visual ideas in these crafts to imitations of
surface textures. Therefore, a deep reconstruction network based on style disentanglement was
designed to accurately integrate the distinct stylistic semantics of ICH into the reconstruction
process and preserve the structural information of the original image.

At the beginning of reconstructing digital images, the content and style of the input ICH
image need to be separated effectively. During reconstruction, the proposed depth network will
analyze the semantic structure of the input image in real time, dynamically modulate the feature
representation of each layer in combination with a reference style embedding, and thus generate
high-quality output with the native ICH style in pixel space. Finally, a complete-structured and
consistently-styled ICH artistic image can be reconstructed on the image plane. In order to
enhance the realism of the reconstruction results and restore the visual grammar of ICH works
more accurately, a multi-scale feature fusion and style perception mechanism need to be
introduced in the network. However, this will result in an increase in the number of model
parameters and computational complexity that cannot be met by the resources of a typical
deployment environment. Therefore, the lightweight attention guidance strategy introduced in
this paper is employed to address the above problem (as shown in Figure 1).

Remove redundant fixed- Initial ICH-style base
style feature network feature structure

_/v\‘:\ :7: -7'-'

4_7” I —

Lightweight attention-guided ICH
feature reconstruction network

Figure 1: Adaptive Feature Enhancement Mechanism
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The model is based on U-Net, because its encoder-decoder structure is naturally suitable for
image-to-image mapping task, and jump connection can effectively transmit high-frequency
details. However, the traditional U-Net lacks the explicit modeling ability of "style™. For this
reason, ICH style guidance mechanism is introduced into its hop connection path. Given the
input image X, the encoder E(-) extracts the content features layer by layer:

FS = E(Ff,), i=12,..,N (1)

Among them, F§ = X. These features mainly carry the “content" information such as the
geometric composition and object layout of the image, while the style needs to be independently
extracted from the high-quality ICH reference image S.

In this study, Gram matrix is used as style embedding, because it can effectively capture the
co-occurrence relationship of repeated patterns in ICH. If ¢(S) is the feature response of the
relu4, layer in VGG-19, then the style representation is:

G(S) = = T & (Sinw - D) Tnw 0

This matrix is independent of space and can thus be translated to fit the translational
invariance of ICH patterns perfectly.

The key innovation lies in the ICH style adaptive normalization (ICH AdalN) during the
decoding stage. Different from the standard AdalN, which only uses the global mean and
variance for style transfer, this model makes style embedding G generate affine parameters
vi(G) and B;(G) througha lightweight MLP, and modulates the jumping features of each layer
at the channel level:

F{—p(Ff
ICH — AdaIN(FE, G) = v;(G) - #()) + Bi(G) (3)

This way, different channels in the reconstruction process can be strengthened at different
times. For example, it enhances the contrast between the "red" and "black™ channels in nianhua
(Chinese New Year painting) reconstruction and strengthens the separation between "positive
shape" and "negative space" channels in paper-cutting restoration.

The final output image Y is generated by the decoder D(-):

Y = D(ICH — AdaIN(F§, G), ..., ICH — AdaIN(F§, G)) (4)

In order to consider structural fidelity, style consistency and visual realism, the loss function
is a multi-objective weighting as shown below:

Liec =M ”? -Y|, + AZLstyle + A3Laqy + )\4Lperc (5)

Among them, Ly e = IG(Y) — G(Y)||r constrains the consistency of style statistics,
Lagv s the PatchGAN discriminative loss to improve local texture authenticity, and Ly
uses VGG features to ensure that high-level semantic structures are not destroyed.

4 Visual characteristics AVEM

A reconstruction model cannot be used to show the cultural core of an ICH image. For instance,
in a figure of shadow play, the viewer's eyes will automatically go to the face, the pattern of the
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hat, and the held weapons. These places have roles, identities and stories. If the entire image is
uniformly increased, it will be less prominent as a cultural relic (Dong & Zhang, 2025).
Therefore, AVEM, a visual feature, is proposed and added to the end of the decoder to achieve
"culture-sensitive" detail enhancement.

Firstly, in practice, it is necessary to standardise the training data set and ensure consistency
of style labels; then, according to the characteristics of ICH art types, set the corresponding
style embedding extraction method and loss weight; next, use the constructed depth
reconstruction network to perform content-style collaborative generation of the input image;
finally, carry out visual quality assessment and cultural semantic verification of the output
results, such as a style fidelity check and a key pattern integrity analysis. The general flow of
the proposed ICH image reconstruction and enhancement is shown in Figure 2.

J

Real scene scanning Three-dimensional point cloud Model generation

Figure 2: Depth Reconstruction and Enhancement of ICH Images

AVEM contains two collaborative components. The first is the Cultural Attention Generator
(CAG), whose goal is to learn the "visual center of gravity" in ICH images. Given the
reconstructed intermediate feature F,,;q, CAG predicts the spatial attention map through two
convolution layers:

A = 0(Convyxy (Convsys(Fia))) (6)

In the training stage, weak supervision signal is introduced: Through the pre-labeled key
areas of ICH images as attention guidance, A automatically focuses on the parts with high
semantic value. This design avoids the high cost of manually labeling the whole picture, and
ensures the alignment of attention and cultural semantics.

Subsequently, the Multi Scale Feature Enhancer (MFR) utilizes A to perform differential
processing on high and low frequency features. Let Fp;g, be the high-resolution feature and
Fiow be the low-resolution feature. Firstly, the attention map is sampled to the corresponding
scale, and the adaptive weight is generated:

Whigh =1+ a-Up(A), Wiew =1—-Up(A) ()

where o, 3 are learnable scalars, which ensure that the key areas get stronger detailed response,
while the non-core areas are moderately smooth, and prevent the background noise from being
amplified.

The augmented attributes are combined element by element with weights:
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Fenh = Whigh O Fhrigh + Wiow O Up(Fiow) (8)

Therefore, it will be more feasible in practice: when processing an embroidery image,
AVEM can automatically enhance the texture of the long line coiled with gold thread and only
lightly sharpen the plain background fabric; thus, the traditional aesthetic of "distinguishing
primary from secondary™ will be visually achieved.

To add the improvement effect to the end-to-end optimisation, an enhancement consistency
term is added to the total loss function:

Liotal = Lrec + AsLenn (9)
Wherein the L., structure is:
Lenn = ”SSIM(?enh»Y) -1, + YHV?enh — VY|, (10)

The SSIM term ensures local structural similarity, while the gradient term V forces edge
alignment to avoid introducing false edges or blurring the true contour during the enhancement
process.

By integrating deep reconstruction and adaptive enhancement seamlessly, the model can
restore ICH images and at the same time highlight their cultural connotations to achieve both
technical reliability and aesthetic value in the digital reproduction results.

5 Experimental design and result analysis

A series of experiments have been carried out on a self-constructed dataset of ICH art images
to systematically assess the impact of the proposed model for digital regeneration. The four
types of ICH in this dataset are: Yangliuging New Year paintings, Weixian paper-cutting, Xiang
embroidery, and Shaanxi shadow puppetry; there are a total of 1,280 image pairs. Among them,
80% were used for training and 20% were used for testing. All of the above experiments were
performed on an NVIDIA RTX 4090 GPU and implemented using PyTorch. To present the
actual contributions of each link in the model more intuitively, at three different stages of style
embedding extraction, depth reconstruction and adaptive enhancement, the time consumption
and output image quality indexes were recorded, and qualitative analysis was performed by
visual comparison.

As shown in Figure 3, the size of the style features is controlled by selecting a VGG feature
layer from which to compute the Gram matrix. With the increase in feature dimension, the time
required for style embedding extraction rose from 82ms to 146ms on average, but the style
consistency of reconstructed images significantly improved and LPIPS-style decreased from
0.31 to 0.19. Fine-grained style statistical modelling can effectively learn the complex rules of
colour matching and pattern repetition in ICH, but it increases the computational cost by as
much as 78 per cent. Therefore, according to the actual deployment environment, either
efficiency or accuracy at the feature level can be selected flexibly.
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Figure 3: Relationship between Style Embedding Extraction Time and Reconstruction Quality

Figure 4 shows the two reconstruction methods: the baseline model using only L1 content
loss and the full reconstruction module that adds style-aware loss. The results show that
although the baseline model can restore the rough structure of the composition, the colours are
generally grey and the patterns are unclear; after adding ICH AdalN, the reconstructed pictures
look much more like the originals. Therefore, ICH-style elements can be introduced in the form
of affine parameters for skip connections to guide the network in generating visual expressions
that comply with traditional aesthetics and maintain the structural integrity of the content.
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Figure 4: Influence of Depth Reconstruction Strategy on Image Quality

Also, determine how AVEM affects people's sense of sight finally. As shown in Figure 5,
after applying AVEM based on the reconstructed output, the local contrast and edge sharpness
of key cultural areas have been significantly enhanced; at the same time, the background curtain
or blank areas remain soft and there is no excessive sharpening noise. Quantitatively, the local
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SSIM of these areas rose from 0.82 to 0.91, and the standard deviation of noise in the
background areas dropped by 12 per cent. This kind of addition is not a general enhancement
but rather a "specific focus on the cultural part" to help the audience get to know the story in
the picture more easily.
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Figure 5: Influence of adaptive enhancement link

Finally, the whole of the model's advantages has been verified by ablation studies. Figure 6
shows the reconstruction results using only the standard U-Net: colour imbalance, broken lines
and simplified patterns, and the general appearance is "technical but uncultural”. Figure 7 is the
output of the entire model in this paper. It has good colour coordination, is line-oriented and
fully realised patterns, thus meeting the aesthetic expectations of traditional crafts. According
to the user survey, eight ICH researchers gave the "style credibility” of the full model a score
of 4.3/5 on average and, compared with the 2.8/5 for the baseline model, it was significantly
higher.

Figure 6: ICH Modeling Effect Before Optimisation
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Figure 7: ICH Modeling Effect After Optimisation

Experiments have verified the technical feasibility of all modules and shown that only by
integrating style decoupling, cultural attention and a multi-scale enhancement mechanism
organically can the digital reconstruction of ICH images be realised. It provides a solid basis
for the following popularisation and application in an expanded ICH database.

6 Discussion

The depth reconstruction and adaptive enhancement model proposed in this paper has shown
good results for the digital reproduction of ICH images, but its scope of application and cultural
suitability still need to be optimized. Currently, the methods use high-quality reference images
for style embedding extraction. Therefore, when there is only a small, local part of a severely
damaged ICH image, the style reconstruction may be inaccurate due to a lack of full context.
In the future, we can explore a modeling method based on weak supervision that integrates ICH
knowledge maps and text descriptions; thus, the reconstruction results will be closer to the
traditional style visually and more accurately reflect the technological specifications and
cultural characteristics.

AVEM module uses weak supervised attention guidance, and its performance is constrained
by the labeling coverage of the key areas in the training set. Currently, most of the general visual
focus, such as faces and central patterns, are used as proxy tags in the model, but the visual
focus of ICH is highly context-dependent. If the model fails to learn this difference in culture,
the improvement may be incorrect. Therefore, to improve the cultural sensitivity of attention
further, richer cultural semantic annotations or cross-modal alignments are being applied.

Technology intervention in ICH protection should be mindful of the risk of "digitalisation
of standardisation”. The model learns style commonness through a Gram matrix, and thus
strengthens the "typical style" of a certain type of ICH while disregarding regional differences
or the creative variations among individual inheritors. Future research should continue to
explore the space for style variation in model design, and technology should be used as a
supportive tool for the work of inheritors, rather than determining the aesthetics of that work.
This paper is limited to static pictures and does not cover dynamic ICH forms. Among the above
types, the living essence of action rhythm, light and shadow variations, and audience interaction
cannot be conveyed in a single-frame image. In the future, we can explore the combination of
video generation models and sequential attention mechanisms to extend this method for digital
recording and reproduction of dynamic visual intangible cultural heritage.
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7 Conclusions

Given the problem that it is difficult to have both "form™ and "connotation™ in the digital
reproduction of ICH artistic images, this study builds an end-to-end model that combines deep
style reconstruction and adaptive visual feature enhancement. This paper is not about general
image generation but focuses on the properties of ICH ontology to make technology serve the
expression of culture through style decoupling and cultural sensitivity. According to the
experiment results, only the reconstruction of structure cannot express the aesthetic essence of
ICH. After introducing the ICH-AdalN modulation mechanism, the style consistency index
LPIPS-style has been improved significantly; and with the addition of the AVEM module, the
local SSIM of key areas such as the face of the idol and the coat of arms has increased from
0.82 to 0.91, and background noise has been suppressed.

There are still some deficiencies in the current research: model training uses paired image
data, its generalization ability for ICH categories with few samples is still weak, and it cannot
cover dynamic ICH projects. In the future, a weak supervised learning method can be developed
by combining the ICH knowledge map, and the reconstruction task can be extended to video
sequences. Technology should always be employed in line with the goals of preserving and
promoting culture, and accurately and reliably support the development of ICH.
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