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Oracle bone heritage data augmentation
based on two-stage decomposition GANs
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Oracle bone inscriptions(OBI) constitute a significant part of Chinese civilization, with many
mysterious characters remaining undeciphered. Recent advances in deep learning have introduced
novel approaches for OBI decipherment. However, OBI samples, often derived from tortoise shells
and bones, are prone to corrosion andweathering, degrading dataset quality. This paper proposes an
OBI augmentation model based on two-stage decomposition GANs, learning an unidirectional
mapping to transform low-quality samples into high-quality ones.Unlike traditional data augmentation
approaches that require pre-defined standard samples, ourmodel utilizes a two-stage decomposition
framework to augment OBI samples exclusively from existing data, ensuring enhanced realism and
diversity, as measured by the Inception Score. Compared to existing augmentation techniques, our
approach improves the Inception Score by 6.7% and reduces the Brisque Score by 30.2% on the
public dataset. The augmented dataset quality improves recognition accuracy by 2.56%,
demonstrating our approach’s effectiveness in real-world OBI decipherment.

Oracle bone inscriptions (OBI) represent the earliest known systematic and
mature writing system in China and East Asia, dating back to 1500 BC1

during the late Shang Dynasty. OBI is considered a crucial precursor to
modern Chinese characters. These inscriptions were primarily engraved on
animal bones and tortoise shells, though some were also found on stone
tablets and other materials. After being buried underground for centuries,
many OBI artifacts have suffered severe corrosion and weathering, as illu-
strated inFig. 1.This degradationposes significant challenges todeciphering
OBI after excavation. To date, archeologists have unearthed over 150,000
artifacts bearingOBI, encompassing 4672 distinct characters. Among these,
only 1723 have been successfully deciphered into modern Chinese char-
acters, leaving the majority of their meanings unresolved2,3.

Artificial intelligence (AI) has introduced novel approaches to OBI
decipherment, significantly improving efficiency and bridging the gap
between readers and unearthed artifacts. Researchers have developed var-
ious OBI image datasets based on sample sources, including hand-printed
datasets4–7 and scanned datasets8–11. Hand-printeddatasets offer exceptional
diversity, as they can be simulated based on the writer’s subjective inter-
pretations. In contrast, Oracle Character Recognition (OrCR) models
trained on scanned datasets demonstrate broader applicability in arche-
ological scenarios due to their authenticity, providing archeologists with
objective reference results. However, existing scanned OBI datasets are
plagued by severe class imbalance, redundancy, and corruption caused by

historical degradation. These issues significantly impair the performance of
OrCRmodels, including those based on CNN frameworks12–14 andmodern
Transformer architectures15–17.

Data augmentation is a powerful technique for improving the quality
and diversity of OBI datasets. Unlike artificial hand-printed data, which is
inherently subjective, data augmentation enhances dataset quality and size
while preserving the original data characteristics, making it more repre-
sentative of real-world distributions. Additionally, data augmentation can
be seamlessly integrated into general deep learning frameworks as a pre-
processing step, such as VGG18, Overfeat19, ResNet20, ViT21, and Swin-
Transformer22. Most importantly, data augmentation mitigates noise and
corrosion effects in OBI samples while capturing their inherent styles,
resulting in more diverse and realistic data.

This paper proposes a novel two-stage decomposition Generative
Adversarial Network (GAN) framework for OBI data augmentation, which
learns a unidirectional mapping from low-quality to high-quality samples.
Ourmethod employs a two-stage learning and generation framework tomap
low-quality samples from the reality domain to high-quality samples in the
standard domain. This process enhances dataset quality without requiring
external supervision or pre-defined standard samples. Experimental results
demonstrate that our algorithmeffectively reduces corrosion traces, improves
dataset diversity, andgeneralizeswell to otherOBIdatasets, thereby indirectly
enhancing the performance of downstream classification models.
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Methods
Existing OBI augmentation models
Since 2022, OBI data augmentation has primarily focused on enhancing
GAN frameworks to address various sub-tasks, including denoising9,23, style
transfer24–26, restoration27–29, and sample expansion30,31. The ultimate goal of
these efforts is to improve the accuracy of recognition models32,33. While all
these methods establish a mapping relationship from the source domain to
the target domain, they differ in the mapping process and the number of
generators employed.

On the one hand, models based on a single GAN typically establish a
one-way mapping relationship between the source and target domains.
These models often rely on external knowledge, such as unified fonts,
evolutionary information, attention mechanisms, and graphic transfor-
mations, to compensate for deviations. For example, TH-GAN24 generates
characters by transferring font styles from one type to another. However,
due to the unstandardized font styles and the presence of corrosion marks,
this method lacks generalization ability for OBI. Sundial-GAN33 generates
different forms of oracle bone inscriptions based on their evolution through
five historical stages until the modern form. This method relies on era
sequence labels and corresponding samples. However, different OBI cate-
gories exhibit distinct evolutionary patterns, making it challenging to gen-
eralize beyond the given dataset. EA-GAN27 restores ancient characters
using example attention mechanisms34, but its ability to expand sample
diversity is limited. AGTGAN30 employs unsupervised image transforma-
tion for data augmentation. By incorporating rotation, translation, and
other graphic transformations into the generator’s learning process, it
outputs diverse sampleswhile preserving the original corrosion style ofOBI.
RCRN9 utilizes skeleton extraction andU-Net generative networks to repair
severely corroded OBI images. CharFormer23 introduces an attention
mechanism21 and a skeleton corrector for denoising OBI samples. Li et al.31

augment data by mixing majority and minority samples at the patch level,
which enhances dataset creativity and even combines some non-existent
singular samples.

While single GAN-based models provide a direct mapping from
source to target, they exhibit several limitations. Firstly, many models, such
as TH-GAN and Sundial-GAN, rely on external annotations (e.g., standard
font styles, evolutionary stages), making them less flexible for real-world
applications where such information is unavailable. Secondly, models like
EA-GAN and RCRN are primarily designed for restoration tasks but lack
the ability to generate diverse new samples, limiting their utility for dataset
expansion. Finally, reliance on pre-defined transformations (e.g., AGT-
GAN’s rotation and translation) restricts adaptability to complex degra-
dation patterns found in oracle bone inscriptions. These constraints
highlight the need for amore generalizable approach that canhandle diverse
and naturally degraded OBI images without external supervision.

On the other hand,models based onmultiple GANs typically establish
a transitionalmapping relationship between the source and target domains,
enabling the generative model to learn in stages. For example, DDGAN28

employs a generator with two discriminators to restore images, allowing the
discriminative model to learn in stages. DualGAN29 extends this idea by
adding another generator, forming a dual complete GAN (Generative
Adversarial Network) to restore damaged calligraphy characters. While
DualGAN’s approach is similar to our proposed Two-Stage GAN, it
requires pre-damaged samples as specific references, which is feasible for
calligraphy but impractical for OBI samples, as their pre-excavation
appearance is unknown.

While multi-GAN architectures introduce intermediate transforma-
tions for improved restoration and augmentation, they also present several
challenges. For instance, DualGAN requires pre-damaged reference sam-
ples, which are unavailable for real-world OBI inscriptions, limiting its
practical applicability. Additionally, architectures like DDGAN introduce
training instability due to multiple discriminators and training stages,
making them less efficient for large-scale dataset augmentation. Therefore,
an effective OBI enhancement model for multi-GANs should be able to be
stably trained without explicit references or external labels and generate
high-quality samples.

Architecture of the proposed model
To address training instability and dependence on extra annotations, we
propose a two-stage decomposition GAN for OBI augmentation, guided by
the standard domain embedded in the dataset. Unlike previousmethods that
rely on reference samples or pre-defined transformations, our approach
introduces a novel reference-free strategy. It leverages skeleton-based transi-
tions and a progressive learning framework to enhance real-domain samples
without external labels or paired data. The cumulative effect of two sequential
generators significantly boosts the diversity of the augmented outputs.
Additionally, we design a specialized loss function, a tailored generator-
discriminator architecture, and a balanced training scheme to ensure stability
and effectiveness. These innovations enable scalable, high-quality, and
annotation-free augmentation for real-world OBI decipherment tasks.

As illustrated inFig. 2, our frameworkemploys a two-stageGAN-based
approach to progressively enhance low-qualityOBI samples. The first stage,
Reality-to-Skeleton GAN, generates structural features by converting input
images into skeleton representations via a generator-discriminator pair
(GRS, DRS). The second stage, Skeleton-to-Standard GAN, refines texture
details to restore high-quality images using another pair (GSS, DSS). Both
generators (GRS,GSS) and discriminators (DRS,DSS) share identical network
architectures but are trained independently. This decomposition enables the
model to sequentially learn structural and stylistic features, thereby
improving reconstruction fidelity.

Preprocessing
Preprocessing involves dataset separation, normalization, and skeletoniza-
tion. Given an OBI dataset D, we manually separate the samples into a
standard domain s ∈ S (high-quality images) and a reality domain r ∈ R
(low-quality images) based on image clarity and structural integrity. To
enhance the model’s generalization ability, we perturb reality domain
samples with Gaussian noise as defined in Equation (1):

er ¼ r þ ϵ; ϵ � N ð0; σ2Þ ð1Þ

whereer denotes the perturbed sample, ϵ is the additive noise, and σ2 controls
the noise intensity.

To extract the structural skeleton of standard domain samples s, we
apply morphological operations formulated in Equation (2):

Isk ¼
[N
k¼0
ðs� kBÞ n ðs� kBÞ �Bð Þ½ � ð2Þ

where ⊖ denotes morphological erosion, k iterates until s� kB ¼ ;
(extracting the centerline structure), ∘ represents themorphological opening
operation, and B is a 3 × 3 square structuring element.

Fig. 1 | Oracle bone inscriptions on the artifacts.
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Generator
The generator’s primary function is to synthesize fake images that closely
resemble real images. Our framework employs two generators: a Reality-
to-Skeleton generator (GRS) and a Skeleton-to-Standard generator (GSS).
The input toGRS is a noisy reality sampleer, and its target is to generate a fake
skeleton image Fsk that approximates the ground truth skeleton Isk. The
input to GSS is the output of GRS with added noise, denoted as eFsk, and its
target is to generate a fake standard image Fst that approximates the high-
quality sample s ∈ S. The generators are formally defined as:

Fsk ¼ GRSðer; θRSÞ; Fst ¼ GSSðeFsk; θSSÞ ð3Þ

whereer andeFsk are obtainedby addingGaussiannoise asdefined inEquation
(1). The generator parameters θRS and θSS are updated via gradient descent, as
described inEquation (4). Theoptimizationobjective is tominimize the error
between the generated features (Ff

sk, F
f
st) and the target features (I

f
sk, I

f
st).

θ θ � η∇θLðIf ; Ff Þ ð4Þ

where θ denotes the parameters of GRS or GSS, η is the learning rate, and ∇
represents the gradient. L represents the loss function, and different loss
functions can be designed according to the constraint objectives. The
learning rate is adjusted dynamically based on the training epoch t:

ηt ¼ η0 � γt ð5Þ

where η0 is the initial learning rate, γ is the decay factor, and t is the current
epoch. Specific values for η0 and γ are provided in section “Training Setup”.

The architecture of generatorsGRS andGSS is illustrated in Fig. 3. Each
generator comprises three main components: (1) an initial convolutional
layer with a 3 × 3 kernel, stride 1, and padding 1, which extracts low-level
features while preserving spatial resolution; (2) Residual block N is a
hyperparameter, stacked for efficient feature conversion and reuse. The
specificnumberof stackingNdependson the local computingperformance;
and (3) a final convolutional layer with a Tanh activation function, con-
straining the output values to the range [−1, 1]. The residual block is
defined as:

y ¼ F ðer;WiÞ þer ð6Þ

where y is the output of the residual block, andF ðer;WiÞ represents a non-
linear mapping composed of two convolutional layers and batch normal-
ization, as shown in Equation (7):

F ðer;WiÞ ¼ BNðσðW2 � BN ðσðW1 �erÞÞÞÞ ð7Þ

Here, * denotes the convolutional operation, BN( ⋅ ) represents batch
normalization, and σ( ⋅ ) is the ReLU activation function. Batch normal-
ization stabilizes training, accelerates convergence, and mitigates internal
covariate shift by normalizing feature distributions after each convolutional
layer. Skip connections are introduced to enhance feature reuse, as described
in Equation (8).

yfinal ¼ Xinitial þ eXresidual ð8Þ

Where eXresidual accumulates transformations from all residual blocks with
Equation (9).

eXresidual ¼ FN ðFN�1ð. . .F 1ðeXinitialÞÞÞ ð9Þ

F ið�Þ represents ith residual block mapping. In this paper, five residual
blocks (N = 5) are used to capture non-linear feature transformations while
preserving key structural information from the input.

The loss function serves as a critical reference for updating the gen-
erator parameters. To ensure the generated images closely resemble the
target images in terms of details, we design a composite loss function
comprising three components: adversarial loss (LGAN ), content loss (LC)

35,
and perceptual loss (LP)

36,37. These losses areweighted by coefficients λGAN,
λC, and λP to form the total generator loss:

LG ¼ λGANLGAN þ λCLC þ λPLP ð10Þ

Fig. 2 | Flowchart of two-stage decomposition GANs.

Fig. 3 | Generate structure of GRS and GSS.
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The adversarial loss LGAN ensures the generated images are realistic by
minimizing the following objective:

LGAN ¼ Ez�pz ½logDðGðzÞÞ� ð11Þ

where Ez�pz denotes the expectation over the latent variable dis-
tribution pz, ensuring the generator’s output is indistinguishable
from real data under the discriminator’s judgment. The content loss
LC measures the L1 distance between the generated image and the
target image s:

LC ¼k GðzÞ � sk1 ð12Þ

Finally, the perceptual loss LP extracts feature maps from a
pre-trained VGG network 18 to measure the similarity between
the generated and target images in a high-dimensional feature space:

LP ¼k ϕðGðzÞÞ � ϕðsÞk2 ð13Þ

where ϕ denotes the feature extraction function of the VGG network.

Discriminator
The discriminator’s primary role is to distinguish real images from
generated ones, providing adversarial feedback to refine the gen-
erator’s parameters. It guides the training process by quantifying the
difference between real and generated data through a loss function.
Our framework employs two CNN-based discriminators, DRS and
DSS, whose inputs are Fsk and Fst, respectively, as defined in Equa-
tion (3).

The architecture of the discriminators is illustrated in Fig. 4. BothDRS

andDSS are basedonaCNNframework,with inputsFsk andFst, respectively,
as defined in Equation (3). Each convolutional layer in the discriminator is
defined as:

hi ¼ LU ðWi � hi�1 þ biÞ ð14Þ

where h0 is the input image,Wi and bi are the weights and bias of the i-th
layer, and * denotes the convolution operation. LU( ⋅ ) represents the
LeakyReLUactivation function 38. Batchnormalization is thenapplied to the
convolutional feature map:

h0i ¼
hi � μiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2i þ ϵ

p ð15Þ

The final convolutional output is flattened into a vector v, which is passed
through two fully connected layers:

v1 ¼ f ðW1v þ b1Þ; v2 ¼ f ðW2v1 þ b2Þ ð16Þ

The output layer is activated by the sigmoid function σ( ⋅ ):

DðxÞ ¼ σðW3v2 þ b3Þ ð17Þ

The discriminator’s objective is to distinguish real images from gen-
erated ones. Its loss functionmeasures the accuracy of this classification: for
real images, the discriminator output should be close to 1, while for gen-
erated images, it should be close to 0.Given adiscriminatorD, a generatorG,
a real image x, and a latent input z, the discriminator’s loss function is
defined as:

LD ¼ �Ex�pdata ½logDðxÞ� �Ez�pz ½logð1� DðGðzÞÞÞ� ð18Þ

whereE½�� denotes the expectation over the real data distribution pdata and
the latent variable distribution pz. D(x) represents the probability that the
discriminator assigns to a real image, ideally close to 1, while D(G(z))
represents the probability assigned to a generated image, ideally close to 0.

Training setup
The model was implemented using the PyTorch framework. The training
was conducted on an Intel i9 CPU and an NVIDIA RTX 3070 GPU with
8 GB ofmemory. The number of residual blocksN is 5. The loss weights are
set as λGAN = 1, λC = 0.75, and λP = 1. These values were chosen based on
follow-up experiments at section “Ablation and visualization experiment”,
wherewe testeddifferent lossweight combinations andobserved that setting
λC=0.75helped balance the content loss and adversarial loss, preventing the
generator from overfitting to the adversarial component while still preser-
ving structural details in the generated images. The initial learning rates are
η0GRS
¼ 0:00025 for the Reality-to-Skeleton generator, η0GSS

¼ 0:00025 for
the Skeleton-to-Standard generator, η0DRS

¼ 0:0003 for the skeleton dis-
criminator, and η0DSS

¼ 0:0003 for the target discriminator. These values
were selected based on a grid search over 0.0001, 0.0002, 0.00025, 0.0003,
0.0005, where we found that a slightly higher learning rate for the dis-
criminators (ηD > ηG) stabilized training and reduced mode collapse,
aligning with findings from prior studies on GAN training stability39. The
learning rate decay factor is γ = 0.995, and the noise intensity added to the
input image is σ = 0.05, which introduces minor perturbations to improve
model generalization. The generator is trained three times per epoch, while
the discriminator is trained once. This ratiowas chosen because training the
generator more frequently prevents the discriminator from becoming too
dominant, which can lead to vanishing gradients and poor generator
updates40. Label smoothing is applied with ranges of (0.9, 1.0) for true labels
and (0, 0.1) for fake labels, following best practices in GAN training to
mitigate overconfidence in discriminator predictions41. Additionally, data
augmentation techniques such as rotation, contrast adjustment, and hor-
izontal flipping are employed to enhance the model’s robustness. These
transformations enable the generator to learn structural and stylistic pat-
terns under varying conditions, improving the quality of generated images.

Results
Data preparation
We evaluate our method on two public datasets: OBC3068 and RCRN9.
OBC306 contains 306 categories with 309,551 samples and is primarily used
for classification and restoration tasks. RCRN consists of 362 categories with
1606 samples,manually collected fromrubbingmaterials.There isnooverlap
between the two datasets. The datasets are randomly split into training,
validation, and test sets with a ratio of 8:1:1. Figure 5 displays samples

Fig. 4 | Discriminator structure of DRS and DSS.
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from the RCRN andOBC306, divided into two domains: **Standard** and
**Reality**. The standard domain comprises well-defined, clean character
images, while the reality domain includes noisy, distorted, or incomplete
characters.

Training stability analysis
After initializing the hyperparameters of the generators (GRS, GSS) and
discriminators (DRS,DSS), training proceeds for 200 epochs. To balance the
learning dynamics, the discriminator updates its weights once per epoch,
while the generator updates its weights three times. Figure 6 shows the loss
curves forGRS,GSS,DRS, andDSS. The red line (D loss A) representsDRS, the
blue line (G loss A) representsGRS, the green line (D loss B) representsDSS,
and the yellow line (G loss B) represents GSS. In the first 75 epochs, all loss
curves exhibit significant oscillations without clear convergence, a common
phenomenon in GAN training due to the adversarial nature of the
generator-discriminator interaction. Compared to Fig. 6a, the variance of
GSS and DSS losses is significantly reduced in Fig. 6(b), demonstrating the
improved training stability achieved by our proposed loss function LG
(Equation (10)).

As shown in Fig. 6a, the loss curves of both generators and dis-
criminators exhibit significant volatility, particularly forGSS andDSS (yellow
and green lines). In contrast, DRS (red line) and GRS (blue line) gradually

stabilize, indicating a balanced adversarial relationship between GRS and
DRS. The losses of DSS (green line) and GSS (yellow line) fluctuate more
prominently, especially for GSS. This is likely due to the dependency of GSS

on theoutput ofGRS, which complicates the trainingprocess. Since the input
to GSS is the output of GRS, changes in GRS directly affect the input dis-
tribution of GSS, leading to increased loss fluctuations.

As shown in Fig. 6b, our designed loss function LG (Equation (10)),
which incorporates perceptual loss and content loss, significantly stabilizes
the training of GSS and DSS. The loss values calculated using LG converge
gradually after epoch 50, with significantly reduced oscillation amplitudes
compared toLGAN in Fig. 6a. These results demonstrate thatLG it enhances
training stability, particularly for generators, which are more sensitive to
distribution shifts. This improvement is critical for generating high-quality
oracle bone script images.

Evaluation indicators
Since our low-quality images lack direct ground truth references, we eval-
uate the generated images using three complementary metrics that assess
distributional similarity, diversity, and perceptual quality:
• Fréchet Inception Distance (FID) 42: Measures the similarity between

generated and real image distributions using features from a pre-
trained Inception-v3 network. FID evaluates the distribution of

Fig. 5 | Dataset sample display. Each dataset was separated into the Standard and Reality Domains.

Fig. 6 | Loss curves during the training of the generator and discriminator under different loss functions. a Training losses under the original GAN loss function.
b Training losses under the designed loss function.
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features such as shape, texture, and structure in generated images
compared to real oracle bone inscription images. A lower FID score
indicates that the generated images are closer to real ones in terms of
feature distribution.

• Inception Score (IS)41: Evaluates both the diversity and quality of
generated images by computing the KL divergence between condi-
tional and marginal class distributions. Since oracle bone inscriptions
are not naturally classified into distinct categories, IS mainly helps
assess the diversity and clarity of the generated characters rather than
their classification consistency. A high IS suggests that the GAN gen-
erates distinct and well-defined oracle bone inscription symbols.

• Blind/Referenceless Image SpatialQuality Evaluator (BRISQUE)Score
(BS)43: Measures perceptual quality by analyzing natural scene statis-
tics, quantifying noise and artifacts in images. While BRISQUE does
not explicitly assess structural fidelity, a lower BS score generally cor-
relates with higher perceptual quality, meaning the generated images
appear sharper, clearer, and more visually appealing.

By combining these three metrics, we obtain a comprehensive eva-
luation of the generated images, covering feature distribution similarity
(FID), diversity and clarity (IS), and perceptual quality (BS). This ensures a
well-rounded assessment of the model’s performance.

Comparison of generation performance with state-of-the-
art models
Our framework transforms reality-domain samples into the standard
domain through two generators (GRS and GSS), enhancing dataset quality.
We compare our model against four state-of-the-art methods: AGTGAN30,
RCRN9,DualGAN44, andTailMix31. Six low-quality test samples are used for
qualitative analysis. Figure 7 shows that our model achieves effective
denoising compared to DualGAN and RCRN, while AGTGAN and Tail-
Mix retain noise as a stylistic feature. Quantitative results in Table 1
demonstrate that our method significantly outperforms others.

In Table 1, we evaluate RD(reality-domain) samples in the dataset as a
baseline. Thenwe input the real-domain samples into different state-of-the-
art generation models to generate new samples and finally evaluate the
indicators of the generated samples for comparison. As shown in Table 1,
DualGAN and RCRN achieve lower BS scores (e.g., 29 and 34 vs. baseline
RD’s 72), indicating substantial noise reduction. However, their FID (190
and193) and IS (1.78 and1.74) scores remain close to the baseline (FID: 270,
IS: 1.65), suggesting limited diversity improvement. In contrast, AGTGAN
and TailMix enhance diversity (FID: 188 and 182, IS: 1.94 and 2.10) but
retain higher noise (BS: 61 and 59). Ourmethod strikes a balance, achieving
the best FID (174), IS (2.20), and BS (24). Overall, ourmodel reduces the BS
by 66.7% and FIDby 35.6%, compared to the reality-domain baseline, while
improving the IS by 33.3%. This indicates a superior balance between noise
reduction and diversity preservation on OBI datasets.

Ablation and visualization experiment
In this section, we perform an ablation study on our two-stage model to
analyze the impact of different loss weight configurations on the generated
results at each stage.

Figure 8 shows the generated images under different loss combina-
tions: -A: Original input image. -B: Skeletonized image using Equation (2).
-C/D: GRS/GSSwith only GAN loss (λGAN = 1, λC = 0, λP = 0). -E/F:GRS/GSS

with combined losses (λGAN = 1, λC = 1, λP =1 ). -G/H: GRS/GSS with GAN
and content losses (λGAN = 1, λC = 1, λP = 0).

Comparing C/D (only GAN loss) with E/F (combined losses), we
observe that adding content and perceptual losses improves structural
clarity (e.g., sharper strokes) and style consistency (e.g., better alignment
with standard domain features). However, G/H (GAN+ content losses)
shows that content loss, while smoothing edges, may lead to detail loss
(e.g., blurred textures). The experimental results demonstrate that our
designed loss functionLG effectively preserves both structural and stylistic
characteristics. Specifically, the combination of LGAN , LC , and LP (as in
columns E/F) achieves the best balance between realism and consistency,

Fig. 7 | Comparison of generation performance of state-of-the-art models.

Table 1 | Performance comparison of generated samples.

Method Year RCRN9 OBC3068

FID↓ IS↑ BS↓ FID↓ IS↑ BS↓
Baseline(RD) – 270 1.65 72 330 1.47 83

AGTGAN30 2022 188↓30.4% 1.94↑17.6% 61↓15.3% 240↓27.3% 1.66↑12.9% 74 ↓10.8%

RCRN9 2022 193↓28.5% 1.74↑05.5% 34↓52.8% 252↓23.6% 1.54↑04.7% 44↓47.0%

DualGAN28 2022 190↓29.6% 1.78↑07.9% 29↓59.7% 230↓30.3% 1.58↑07.4% 41↓50.6%

TailMix31 2023 182↓32.6% 2.10↑27.2% 59↓18.1% 226↓31.5% 1.82↑23.8% 73↓12.1%

Ours – 174↓35.6% 2.20↑33.3% 24↓66.7% 205↓37.9% 1.85↑25.9% 37↓55.4%

Green values indicate improvements in noise reduction and image quality, while red values indicate improvements in diversity expansion.
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while using LGAN +LC (G/H) leads to smoother but potentially less
detailed results.

The generator’s total loss consists of weighted contributions from the
GAN loss LGAN , content loss LC , and perceptual loss LP . To find the
optimalweight value combination, wefix λGAN=1 and vary λC and λP in the
range [0, 2] with a step size of 0.25.We evaluate all combinations to identify
the best performance to find the best one. Figure 9 visualizes FID, IS, and BS
under differentweight combinations. The global optimal value combination
in the range [0,2] is found at λC = 0.75 and λP = 1.

Classification experiment
Table 2 shows the impact of our augmentation method on classification
performance. We evaluate our augmentation method on the OBC3068 and
RCRN9 datasets, using an 8:1:1 split for training, validation, and testing.Our
approach is integrated into both supervised (ResNet101, TailMix,
A-DeConv) andunsupervised (UFCNet,UDCN)OBI classificationmodels.
We use Top-n accuracy to evaluate performance, measuring whether the
correct label is among the top n predictions. Our augmentation method
consistently improves classificationperformance. For example, ResNet101’s

Fig. 9 | Loss weight ratio experiment. λC is the weight of content loss, λP is the weight of perceptual loss.

Table2 |Classificationperformance (Top-1andTop-3accuracy) ondifferentmodels anddatasets,with(denotedasw/Ours) and
without (denoted as Original) our proposed augmentation method

Form Method Years OBC3068 RCRN9

Original w/ Ours Original w/ Ours

Top1 Top3 Top1 Top3 Top1 Top3 Top1 Top3

Supervised Learning ResNet10120 2016 69.50 74.92 74.21 80.19 64.45 71.72 71.45 77.77

TailMix31 2023 82.24 86.68 85.25 88.74 76.24 82.27 83.36 86.50

A-DeConv45 2024 86.45 88.14 88.26 89.92 83.36 85.58 86.27 89.98

Unsupervised Learning UFCNet46 2024 86.88 88.51 88.00 90.27 83.75 86.04 86.74 90.20

UDCN44 2024 87.25 90.02 89.27 92.24 85.27 88.26 87.15 91.00

The bold values are the results after using our augmentation method.

Fig. 8 | The results of the generator selecting dif-
ferent combinations of loss functions, where /o
denotes ONLY USE.
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Top-1 accuracy increases from 69.50% to 74.21% on OBC306 and from
64.45%to71.45%onRCRN.Across allmodels,we achieve anaverageTop-1
accuracy improvement of 2.56%.

Discussion
We propose a novel oracle bone inscription (OBI) augmentation method
based on two-stage decomposition GANs. Our method enhances dataset
quality and diversity by mapping low-quality (reality domain) samples to
high-quality (standard domain) samples through an intermediate skeleton
representation. Unlike prior approaches, our method does not require
external references and relies solely on the intrinsic style of the dataset.

Our main contributions include:
• Novel Two-Stage Decomposition GANs Framework: We propose a

two-stage framework that maps real-domain samples to the standard
domain via skeletonization, enhancing data quality and preserving
style details.

• Stable Training Strategy with Weighted Loss Control: We design a
loss function combining adversarial, content, and perceptual losses,
stabilizing multi-GAN training.

• Superior Generation Performance: Our method outperforms state-
of-the-art generativemodels on two public datasets, improving sample
quality and reducing noise.

• Improved Classification Performance: Integrating our augmentation
model into classification networks improves accuracy, with an average
Top-1 gain of 2.56%.

Overall, ourmethod enhances the quality and diversity ofOBI datasets
while improving downstream recognition tasks, demonstrating its broad
applicability. Future work will explore extending this approach to other
ancient script datasets and further optimizing the training process.

Data availability
The RCRN dataset is available at https://doi.org/10.1145/3503161.3548344.
The OBC306 dataset is available at https://jgw.aynu.edu.cn/home/down/
index.html.

Code availability
The underlying code for this study is available in the repository TSDGAN
and can be accessed via this link: https://github.com/gaojiaying1218/
TSDGAN.git.
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