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Abstract

Bamboo Slips are crucial documentary evidences for investigating ancient Chinese
history and civilization. However, due to the lengthy deterioration process for about 2000
years, inscriptions on Bamboo Slips typically suffer from ink fading problem, which seri-
ously impacts their clarity and legibility. This paper proposes Bamblnk, which is among
the first technical initiatives that explore Al-enabled ink enhancement for Bamboo Slips
with faded inks. Bamblnk is a new self-supervised learning method that devises an it-
erative restoration-degradation adversarial learning mechanism to progressively enhance
the faded inks on the Bamboo Slips, yet without requiring any annotated data. In spe-
cific, Bamblnk designs two generators which are ink enhancer and ink degrader, and
two discriminators for evaluating the effects of the enhanced and degraded images, re-
spectively. Moreover, in the generators, it introduces a dynamic convolution mecha-
nism that integrates features captured via three heterogeneous types of attentions; it also
adopts a simple yet effective high-low frequency information differentiation mechanism
for extracting the fine-details of the ink traces. Experiments conducted on the real-world
Bamboo Slips dataset demonstrate the effectiveness of our method. Code, data and the
enhanced results are available at: https://github.com/cszhanglL MU/Bamblnk.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Figure 1: The proposed self-supervised ink enhancement method Bamblnk using iterative
enhance-degrade adversarial learning. Left: the degraded image is processed by the ink
enhancer G, to produce the ink-enhanced image, which is then restored to the degraded
image by the ink degrader Gg.. Right: the ink-enhanced image is processed by the ink
degrader Gy, to produce the degraded image, which is then restored to the ink-enhanced
image by the ink enhancer Gey,.

1 Introduction

Xuanguan Bamboo Slips of the Han dynasty [13] excavated in northwestern China are the
primary historical materials that offer unique documentary evidence and value for investi-
gating the culture, economy, politics and military affairs during that period. However, due
to the text degradation over millennia, bamboo slip images exhibit five challenges: (1) ink
fading, (2) discontinuous strokes, (3) background soiling, (4) textural fissures, and (5) sig-
nificant noise. Furthermore, these images demonstrate variations in character clarity and
background complexity. To enhance both legibility (perceptual quality) and readability (se-
mantic comprehension) of the inscriptions on Bamboo slip images, it becomes imperative to
design specific ink enhancement technique for such degraded Bamboo Slips.

Existing image processing techniques such as denoising, binarization [17], super-resolution
[11], can be used for improving the quality of bamboo slip images. However, these methods
primarily focus on global contrast adjustment and noise suppression, without fully consid-
ering the inherent characteristics and requirements of the inscriptions on the Bamboo Slips.
For instance, losing certain strokes in one character can result in a different character, which
cannot be overlooked during the enhancement process. Moreover, binarization methods may
struggle to distinguish the subtle differences between certain ink traces and background tex-
tures, leading to the loss of structural information in the characters.

To overcome these challenges, we introduce Bamblnk, a specialized self-supervised
learning framework designed for ink enhancement on ancient Bamboo Slips. As depicted
in Figure 1, our model uses unpaired high-quality (ink-legible) and low-quality (ink-faded)
bamboo slip images as dual style domains for unsupervised training. BambInk consists of
four key components: (1) a generator as an ink enhancer, (2) a generator as an ink degrader,
(3) an ink enhancement effect discriminator, and (4) a degradation effect discriminator.

Moreover, in the generators of Bamblnk, we devise a dynamic convolution block that
integrates different types of features captured using three types of attention: spatial atten-
tion, channel attention, and filter attention to extract both global and local stroke features
for better ink traces preservation. We also design a simple yet effective high- and low-
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frequency information differentiation mechanism for extracting the fine-details of the ink
traces. Furthermore, self-attention mechanism is integrated into both discriminators to im-
prove the discrimination capability between generated enhanced images and the originally
ink-legible images. We conduct comprehensive experiments on a real-world Bamboo Slips
dataset which demonstrate that Bamblnk significantly outperforms existing methods in ink
enhancement.

Our main contributions are summarized as follows:

e As far as we know, this work is among the first technical initiatives that explore Al-
empowered ink enhancement on deteriorated bamboo slip manuscripts, which can sig-
nificantly improve the clarity and legibility of ancient inscriptions on the Bamboo
Slips, thereby facilitating more accurate transcription and advancing research in this
field, yet without requiring any data annotation.

e We design Bamblnk, which is a self-supervised learning scheme that adopts an it-
erative restoration/enhancement-degradation adversarial learning mechanism for pro-
gressive ink enhancement, yet without the need of annotated data.

e Bamblnk consists of two generators and two discriminators. In the generators, we
devise a dynamic convolution block that fuses heterogeneous attentions to effectively
preserve both global and local stroke features; we also adopt a high- and low-frequency
information differentiating mechanism to better extract the fine-details of the ink traces.

e Comparisons with various existing methods on real-world Bamboo Slips dataset demon-
strate that Bamblnk achieves state-of-the-art performance in ink enhancement.

2 Related Work

In recent years, Al-empowered interdisciplinary ancient manuscript research [26, 27] has
emerged as a rapidly developing field, which also bridges the Bamboo Slip research com-
munity and the computer science/artificial intelligence community. There are a few prelim-
inary efforts devoted to Bamboo Slips related ancient character detection and recognition
[12, 13, 28], and ancient language understanding [3], etc. While documentary image and
manuscript enhancement has received lots of attention [22], ink enhancement for low-quality
Bamboo Slips remains under-explored, despite being both an important prerequisite and a
significant real-world challenge for Bamboo Slip research.

Ancient manuscript enhancement using image processing. As one of the earliest hand-
crafted image processing approaches, image binarization methods employ thresholds and
adaptive parameters to handle various manuscript conditions in complex backgrounds. These
include thresholding techniques [17], fuzzy methods [19],etc. Later on, several algorithms
that combine many image processing techniques, such as were proposed to handle complex
documents and manuscripts [6, 10]. Although these methods have their strengths in global
contrast enhancement, noise removal, and deblurring, they heavily rely on predefined filter
kernels, prior parameters, making them unsuitable for the complex degradation scenarios
commonly found in Bamboo slip images.
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Ancient manuscript enhancement using deep learning. Deep learning approaches, par-
ticularly Convolutional Neural Networks (CNNs), have been applied for enhancement tasks
including binarization, deblurring, denoising, and artifact removal [21]. Generative Adver-
sarial Networks (GANSs) [5, 29] are key in ancient manuscript enhancement for generating
unrestricted enhanced images. Souibgui and Kessentini [18] proposed the first GAN-based
enhancement called Document Enhancement Generative Adversarial Networks (DE-GAN)
that uses a conditional GAN to address document enhancement. Jemni et al. [8] incorporated
text information via Handwritten Text Recognition (HTR) model. Yang et al. [24] proposed
DocDiff, a diffusion-based document enhancer that combines coarse prediction and high-
frequency refinement. However, these methods only consider overall image enhancement,
but ignore the fidelity requirement on inscriptions during enhancement.

Ink enhancement. In the ancient manuscript enhancement literature, ink enhancement is
not sufficiently addressed. To the best of our knowledge, the work of Kaneko et al. [9] is the
only work specifically proposed to enhance the degraded (faded ink) text of Kuzushi-ji char-
acters in ancient Japanese books using CycleGAN. They alleviate this by adopting the do-
main discriminator that enforces clearer transformations by penalizing insufficient changes,
and an augmented identity loss to better preserve character structure by encouraging iden-
tity mapping when no restoration is needed. However, their ink enhancement method was
specifically designed for historical texts written on papers with a specific writing style, while
little effort has been paid to ink enhancement on Bamboo Slips.

3 Proposed Method

3.1 Opverall Framework

We propose the BambInk framework for Bamboo Slips ink enhancement, which is depicted
in Figure 1, more details about the architecture are given in Figure 2, in particular the gener-
ator. Inspired by CycleGAN [29] and Dual GAN [25], Bamblnk consists of an ink enhancer
(Gen) and an ink degrader (Gg4.) as generators; and an enhancement effect discriminator
(Den) and a degradation effect discriminator (Dge). It is noteworthy that identical network
architectures are used for Ge, and Gy, so is the case with De, and Dyge.

In the training, a degraded bamboo slip image denoted as X, is split into multiple patches.
Each patch is processed by a series of convolutions in the encoder to extract high-level
features. These features are then fed into a sequence of blocks, where each block is an
attention-based module (AttEnc) that accurately locates and enhances textual ink traces and
stroke edge information. The resulting features are upsampled to their original resolution in
the decoder through multiple upsampling stages to get a coarse ink-enhanced image Gen (X).
During the adversarial training, the real ink-enhanced bamboo slip image patches and the
generated Gen(X) are input into the enhancement effect discriminator De, to distinguish be-
tween real ink-legible images and the generated ones (Figure 1(Left)). Simultaneously, to
enforce cycle consistency, Gep(X) is also processed by an ink degrader Gge, which mirrors
the architecture of Gep. This process produces a coarse degraded image Gge(Gen(X)). The
cycle-consistency loss Lcyc is applied to enforce it can reconstruct the original input. The
same process is then repeated to generate a degraded image from the ink-enhanced image in
an inverse way (Figure 1(Right)).


Citation
Citation
{Sukesh, Seuret, Nicolaou, Mayr, and Christlein} 2022

Citation
Citation
{Goodfellow, Pouget-Abadie, Mirza, Xu, Warde-Farley, Ozair, Courville, and Bengio} 2020

Citation
Citation
{Zhu, Park, Isola, and Efros} 2017

Citation
Citation
{Souibgui and Kessentini} 2020

Citation
Citation
{Jemni, Souibgui, Kessentini, and Forn{é}s} 2022

Citation
Citation
{Yang, Liu, Xxiong, Yi, Wu, Tang, Liu, Zhou, and Zhang} 2023

Citation
Citation
{Kaneko, Ishibashi, and Meng} 2023

Citation
Citation
{Zhu, Park, Isola, and Efros} 2017

Citation
Citation
{Yi, Zhang, Tan, and Gong} 2017


CHONGSHENG ZHANG: INK ENHANCEMENT FOR ANCIENT BAMBOO MANUSCRIPTS 5

1
1

i ’;ﬁ:’f ;;g;"/ Downsampling Gen
oy
: ’1! ’T‘ o Il | ‘
‘*g e ,.*,-S | — — | |— | — >
w | >

Degraded image

DynConv

(Cx1x1)

AttEnc

|i HLDiff

Figure 2: Detailed architecture of the generator of Bamblnk.
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3.2 Ink Enhancer and Ink Degrader

Bamblnk consists of dual generator networks with identical model structures designated as
the ink enhancer Ge, and the ink degrader Gge, where both have an encoder-decoder struc-
ture. As shown in Figure 2, for the Gy, each single degraded patch is resized at 256 x256
with borders extended via mirror padding. This preprocessed input image X is fed into a
convolutional layer with filter sizes 7 x 7, followed by another two 3 x 3 convolutions, as
downsampling steps in the encoder. The resulting features are passed into a sequence of 9
AttEnc modules. The structure of AttEnc is shown in Figure 2, which is specifically de-
signed to pay attention to the ink strokes in the image. After that, the obtained features
undergo three upsampling stages with transpose convolution to restore their size to the orig-
inal dimensions of the input. The ink degrader Gy, mirrors this architecture in the opposite
direction, converting ink-enhanced images into degraded images.

3.3 Enhancement and Degradation Effect Discriminators

The network architecture of the enhance-
ment/degradation discriminator is illus- =%
trated in Figure 3. The input image passes %
through three layers of 4 x 4 convolutions "2k
with a stride of 2, each followed by spec-
tral normalization. Two additional 4 x4 =

convolutional layers with a stride of 1 are ~ ~

employed. Finally, the number of channels

is reduced to 1, and a global average pool-  Fijgure 3: Architecture of the discriminator.
ing operation is applied to obtain the score

for binary classification. We improve the discriminator architecture with a self-attention
module after the third convolutional layer to enhance its capability to model global features
that are captured using the attention mechanism over the image.
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3.4 Dynamic Convolution and High-Low Frequency Differentiating

The Attention Encoder (AttEnc) module in the generator is composed of two consecutive
Dynamic Convolutions (DynConv) with a residual connection that passes through a high-
and low-frequency differentiating module (HLDiff) (Figure 2).

Dynamic Convolutions Block (DynConv): The DynConv module dynamically captures
channel, spatial, and filter attentions to adaptively enable the model to preserve textual ink
traces and stroke integrity. As shown in Figure 2, the input feature Z is fed into a global
average pooling to derive the global context vector processed through a 1 x 1 convolution,
followed by batch normalization and ReL.U activation to generate the intermediate features,
which are used to compute the channel, spatial, and filter attention weights through three
separate 1 x 1 convolutions. The intermediate features are multiplied by the channel attention
features, then by the spatial attention features to get channel-spatial attention features. The
filter attention features are also multiplied by the channel-spatial attention features to get the
final Z’ output of the DynConv module.

High- and Low-frequency Differentiating Block (HLDiff): The HLDiff module performs
an amplification on the features to enhance textual ink traces and stroke edges. As shown
in Figure 2, the HLDiff module receives an input feature Z, which is processed with 3 x 3
average pooling, resulting in a smoothed map that contains low-frequency background infor-
mation. Then, the original high-frequency feature map subtracts the smoothed low-frequency
feature map to extract the high-frequency stroke information. After that, the extracted fea-
tures pass through a 1 x 1 convolution, batch normalization, and ReL.U activation. Finally,
the enhanced features are summed up with the original high-frequency features to generate
the final feature map.

3.5 Loss Function

During the training phase, the total loss of the model is composed of contributions from
the ink enhancer Gep, the ink degrader Gge, the enhancement discriminator Dey,, and the
degradation discriminator Dg.. The generators’ losses are defined as follows:

LGen = Ladv (Gena Den) + Afcychyc (Gena Gde) + )LidLid (Gen) (1)

LGy, = Ladv (Gaes Dde) + AcycLeye (Gen, Gae) + AiaLia (Gae) )

where L,qy denotes the adversarial loss, and Lcyc represents the cycle-consistency loss.
Meanwhile, Lig (Gen) and Lig (Gg4e) correspond to the identity losses on the Ge, and Gge,
respectively. The discriminators’ losses are defined as follows:

LDen = %E)'NY [(Den (y) - 1)2} + %EXNX [Den(Gen (x))z} 3)
Ly, = 3B [(Dae ()~ 1] + 5Eyr [Dac(Gae (0))?] @
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4 Experiments

4.1 Experimental Settings

Dataset: We conducted experiments and evaluation on a subset of Xuanquan Bamboo Slips
collection from the Han Dynasty. From 2019 to 2023, three volumes (I to III) of Xuanquan
Bamboo Slips were released, belong to different periods. Bamboo Slips in later periods show
improvements in texts clarity and suppression of background noise, as can be seen from the
four Bamboo Slips in Figure 4.

Therefore, we select 350 images from the ink-
legible Xuanquan II Bamboo Slips as samples of
the target domain for training, and randomly choose
400 images from the degraded Xuanquan I Bamboo
Slips as the degraded source domain. As a prepro-
cessing step, data augmentation, including flipping,
rotation, was applied.

Evaluation Metrics: We adopt two types of eval-
uations: unsupervised and supervised assessments.
In the unsupervised evaluation, we compare the en-
hanced images with the original input images using
three metrics [30]: the Frechet Inception Distance
(FID), Kernel Inception Distance (KID), and Struc-
tural Similarity Index Measure (SSIM) to assess the Figure 4: Comparison of Xuanquan
effectiveness of the enhanced images in terms of dis- Bamboo Slips of the Han dynasty
tribution matching and overall structural integrity. from different periods.

In the supervised evaluation, we assess the binariza-

tion results of the ink-enhanced Bamboo Slips, for which we make the pixel-level annotations
for 100 degraded Bamboo Slips, which will be used as the ground-truth (GT) in binariza-
tion. We calculate the F-Measure (FM), Pseudo F-Measure (pFM), Peak Signal-to-Noise
Ratio (PSNR), and Distortion Ratio Difference (DRD) scores to quantitatively measure the
ink-enhancement effects.

4.2 Unsupervised Evaluation

As presented in Table 1, our proposed BambInk method achieves the best performance on
FID, KID, and SSIM with scores of 110.2, 0.040, and 0.852, respectively, on the unsuper-
vised evaluation. This represents an improvement of 24.7, 0.020, and 0.050 over the original
CycleGAN model on each metric. It also indicates that the images enhanced by Bamblnk
are closer to the original inputs in terms of distribution similarity and structural integrity.

Furthermore, BambInk demonstrates a much higher performance over the best-performing
traditional methods across all metrics. On the FID metric, BambInk is 71.0 lower than
Niblack (181.2), which reflects stronger distribution consistency. On the KID metric, it is
0.055 lower than WAN (0.095), which shows more accurate feature mapping, and on the
SSIM metric, it shows 0.251 higher than ZigZag (0.601), indicating superior structural de-
tail preservation capabilities.
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Methods FID] KID, SSIMt Methods FMt pEM{ PSNRt DRD}
Ostu [16] 2443  0.170 0.561 Ostu [16] 60.32 59.97 10.11 41.64
NiBlack [15] 181.2  0.100 0.361 NiBlack [15] 32.96 32.94 4.62 125.3
Sauvola [17] 2354 0.166 0.596 Sauvola [17] 65.77 65.16 11.27 23.59
Wolf [23] 189.7  0.106 0.568 Wolf [23] 57.62 57.41 9.50 36.36
Gatos [4] 3474 0.327 0.575 Gatos [4] 70.06 69.22 12.25 18.55
Su [20] 350.8  0.333 0.589 Su [20] 68.32 67.57 12.79 15.39
ISauvola [7] 3372 0315 0.573 ISauvola [7] 68.20 67.45 11.81 20.52
WAN [14] 185.8  0.095 0.519 WAN [14] 49.22 49.12 7.85 55.96
AutoFoc [2] 3245  0.278 0.565 AutoFoc [2] 66.80 66.06 12.71 18.52
ZigZag [1] 2858  0.229 0.601 ZigZag [1] 71.86 70.80 12.94 15.78
CycleGAN [29] 1349  0.060 0.802 CycleGAN [29] 76.81 75.24 14.11 11.02
Bamblnk (Ours) 110.2 0.040 0.852 Bamblnk(Ours) 78.91 76.94 14.78 8.56

Table 1: Comparison with other methods on  Table 2: Comparison with other methods on
unsupervised evaluation metrics. supervised evaluation metrics.

4.3 Supervised Evaluation

We compared Bamblnk with ten traditional methods in Table 2. The results indicate sig-
nificant differences among algorithms across various metrics. For example, due to the lim-
itations of the thresholding strategy of Niblack, it shows the lowest performance across all
metrics. The remaining traditional methods achieved relatively better scores. While ZigZag
algorithm performs poorly on the DRD metric, it shows the best traditional method results
on the FM, pFM, and PSNR metrics.

Compared to deep learning methods, traditional methods showed significant shortcom-
ings across all metrics. The CycleGAN method surpassed the best traditional results by 4.95,
4.44,1.17, and 4.37 on the four metrics. However, Bamblnk further improves these four met-
rics by 2.10, 1.70, 0.67, and 2.46 and achieves the best results on all metrics with scores of
78.91, 76.94, 14.78, and 8.56 on the FM, pFM, PSNR, and DRD metrics, respectively. This
demonstrates the efficacy of Bamblnk in ink enhancement for degraded Bamboo Slips.

4.4 Ablation study

Table 3: Ablation study on the effects of different modules in BamblInk.
Baseline DynConv HLDiff Self-Attn FMtT pFM?T PSNRT DRDJ

v 76.81 7524  14.11 11.02
v v 77.52 7556  14.35 9.25
v v v 7821 7620  14.44 8.93
v v v v 7891 7694 14.78 8.56

To assess the impact of the modules proposed in our method, we consider CycleGAN
as the baseline and combine it with different modules. As shown in Table 3, adding Dyn-
Conv, HLDiff, and Self-Attn to the baseline enhances the model’s performance. When only
adding AttEnc (DynConv + HLDIff) to the baseline, the model achieves improvements of
1.40, 0.96, 0.33, and 2.09 across the four evaluation metrics, which shows that this combi-
nation significantly enhances text feature extraction, ink enhancement of text, stroke edge
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reinforcement, and background noise suppression. Further incorporating the Self-Attn mod-
ule into the discriminator shows the highest performance with an improvement of 2.10, 1.70,
0.67, and 2.46 over the baseline. This ablation study demonstrates the effectiveness of each
proposed module in the proposed BambInk framework.

4.5 Visual Analysis

a) image b) GT ¢) Ostu d) Niblack e) Sauvola f) Wolf g) Gatos h) Su i)ISauvola  j) WAN K)AutoFoc 1) ZigZag  m) CycleGAN n) Bamblnk
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Figure 5: Visual comparisons with different methods.

Figure 5 presents the visual comparison results with different methods on two input Bam-
boo slip images. In the first row, it is clearly that BambInk ink-enhanced images can effec-
tively distinguish texts/foreground from the background, while conventional methods and
the original CycleGAN model without these improvements often misclassify a large number
of background pixels as foreground, leading to residual noise and incomplete foreground-
background separation results. The images in the second row encounter issues with un-
clear text boundaries. By comparing the enhancement effects of different methods, it can
be observed that conventional methods generally struggle to accurately identify text bound-
aries. The original CycleGAN shows improvements over traditional methods in terms of
background accuracy and weakening text boundaries, but there are still noticeable residual
boundaries at the top of the image. In contrast, BamblInk can accurately locate text features
in the image and strengthen ink edges by removing boundaries.

Figure 6 presents the pro-

gressive ink enhancement results (= A - - :

at different epochs. It can be 7'3: E __% E :%
observed that at epoch=80, the \Fas > 2] 2] E ]
model reaches its optimal state as |5 & FiE F% ‘

i FiE FiE P
the majority of background noise = E:"g' L"-? — ‘-?
is removed while the clarity of |&= = = ==
the ink is widely improved. At 'r T!f T '1!“
epoch=100, although the back- \ ‘ |
ground nOise iS Stlll Well Sup— a) image b) epoch=20 c) epoch=40 d) epoch=60 e) epoch=80 f) epoch=100
pressed, the processing of text Figure 6: Model outputs at different epochs.
boundaries deteriorates, due to

the instability of GAN. Overall, our model shows a clear enhancement in the inks of the
Bamboo Slips.
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5 Conclusion

This paper explores improving the ancient Chinese manuscripts written on Bamboo Slips
through ink enhancement. We proposed Bamblnk, a self-learning framework Using iter-
ative enhancement/restoration-degradation adversarial learning. Bamblnk includes an ink
enhancer and an ink degrader as generators and two associated discriminators to evaluate the
generators’ performance through end-to-end training with adversarial loss, cycle-consistency
loss, and identity loss. We devise a dynamic convolution block that fuses channel, spatial,
and filter attention features to preserve structural stroke integrity, and a high-low frequency
differentiating block that actively enhances stroke clarity. Comprehensive experiments vali-
date the superiority of our method over existing methods in ink enhancement.
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