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Abstract Image denoising attempts to restore images that have been de-
graded. Historical document denoising is specially challenging because there
is considerable background noise or variation in contrast and illumination in
handwritten literature and the first times of the printing press. The main ob-
jective of this work is to propose a new method for historical document denois-
ing based on an Attentive Generative Adversarial Network (Attentive-GAN).
Our proposed model for historical document denoising is named Doc-Attentive
GAN , and it employs an attention map generated by a deep network to help
the generator to learn and focus on the modification between the target image
and its noisy version. It has been trained and tested with different historical
document collections such as well-known DIBCO datasets, Arabic Historical
Documents from the Tunisian National Library, and Incunabula books. The
experiments demonstrate a clear improvement in the visual quality of the im-
ages obtained by Doc-Attentive-GAN with respect to the state-of-the-art.
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1 Introduction

During the last two decades, different institutions or initiatives related to
cultural heritage have launched preservation policies that have allowed the
access to digitized versions of cultural material. For instance, only Europeana
(open data library providing an access point to cultural access collections
from different European Union member countries) and DPLA (Digital Public
Library of America) provide access to more than 70 millions of digitized items
[9].

An important part of the cultural heritage preserved by these reposito-
ries are digitized versions of analog-borne documents, i.e. digitized versions of
historical manuscripts or any type of printing press with historical value. Log-
ically, in order to provide users with an advanced searching and understanding
of these documents, in addition to the scanned image of the original document,
many of these repositories try to apply Optical Character Recognition (OCR)
on these documents to facilitate also the text content of these documents.

However, the application of OCR to historical documents, even in the case
of using printing press as a source, is especially complicated due to the features
of the physical documents and the quality of the digitized page images [12].
With respect to the physical nature of historical documents in the first times
of the printing press, Springman et al [30] enumerate as possible problems the
use of mixed hand-made typefaces (including ligatures) together with varied
concentration of ink, and the logical degradation of paper. The digitization
mechanism, either direct scanning of original documents or the digitization of
existent microfilms, may also introduce additional problems such as splicing,
gutter shadow, skew, back-to-front interference, or frame/border noise [5,6,
19].

Therefore, in order to increase the accuracy of these OCR tools, it is highly
relevant to pre-process the digitized documents. Apart from splitting digitized
documents into page images, detecting page orientation and removing skew
problems, the main focus of preprocessing is to remove as much background
noise as possible. For instance, salt and pepper noise usually appears in bina-
rized images obtained after a digitization process [33].

The objective of this paper is to propose a new method for removing back-
ground noise in the context of the digitization of historical documents. In
particular, this work proposes to extend an Attentive Generative Adversar-
ial Network (Attentive-GAN) [26] for an improved restoration of text images
as an image-to-image translation task. This proposed model is called Doc-
Attentive-GAN and employs an attention map generated by a deep network
to help the generator to learn and focus on the modification between the target
image and its noisy version. The use of attention maps makes the generator
more confident to generate correct images. In addition, it helps the model to
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be trained faster and have a model with different types of motion and blurry
images. The main advantage of Attentive-GAN is the correction rate between
the target images and the generated images.

The remainder of the paper is organized as follows. Section 2 provides a
review of the related work. Section 3 presents our Doc-Attentive-GAN pro-
posal. Section 4 shows the results of the experiments using different variants
of the proposed method and various datasets for training and testing. Finally,
the paper ends with some concluding remarks and and an outline for futures
lines of research.

2 Related work

Historical documents suffer from several types of degradation that affect their
readability and increase in size during scanning. This section compiles works
related to document cleaning, i.e. removal of background noise originated by
the bad condition of original documents (stains, degradation of paper) or the
digitization process (gutter shadow, back to front interference).

Initial approaches were based on the segmentation of degraded historical
document images in order to find subregions where thresholding algorithms
could be applied to separate written text from the background [4]. Using a
similar approch, Yagoubi et al.[37] proposed a method joining compression
and enhancement of single-side handwritten document images. This approach
presents a foreground/background segmentation algorithm, using both direc-
tional and contrast features to highlight the original information. This pre-
treatment step is embedded into a DjVu encoder, which is commonly used in
national archives and libraries frameworks to drive the compression rate. Bag
et al.[1] also proposed a new technique for restoration of faint characters in
degraded documents using an adaptive–interpolative thresholding technique
for binarization with stroke preservation.

Applying other types of techniques, Sun et al. [32] proposed a method based
on conditional random fields (CRF) to remove the bleed-through from the
scanned images of historical images. Ntirogiannis et al. [23] addressed a pixel-
based binarization evaluation methodology for historical handwritten/machine-
printed document images. Nafchi et al. [21] proposed a binarization model for
ancient document images which consists of three standard steps: preprocess-
ing, main binarization, and postprocessing. Hedjam et al. [15] introduced a
new approach for historical document image restoration using a multispectral
imaging system.

Neural networks have been also applied for denoising. For instance, Na-
mane et al.[22] suggested a two-subnets neural network called complemen-
tary similarity measure method (CSM) for degraded printed character optical
recognition. One of the subnets is a similarity layer which is based on CSM.
The other one is a competitive neural network based on the winner takes all
algorithm (WTA), which is used for the classification.
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In recent years several works have been focused on the applicability of
Generative Adversarial Networks (GAN) for image restoration and document
binarization. Regarding restoration, Cao et al. [3] proposed a novel fast GAN
model for complex masked image restoration that includes a neighbouring net-
work, a generator network, a discriminator network, and two parsing networks.
Cao et al. [2] also studied a novel method for images restoration of damaged
ancient murals using a consistency-enhanced generative adversarial network.
Similarly, Khamekhem et al. [18] proposed an end-to-end architecture based
on Generative Adversarial Networks (GAN) to recover the degraded docu-
ments into a clean and readable form. As far as document binarization is
concerned, Zhao et al. [38] proposed a method for document image binariza-
tion with cascaded generators of conditional generative adversarial networks.
The generator contains two sub-generators called G1 and G2. G1 extracts text
pixels from an input image and G2 learns a combination of results at different
scales from the first sub-generator and produces the final binary result. De et
al. [7] proposed a new approach for document image binarization using dual
discriminator Generative Adversarial Network (DD-GAN) which uses Focal
Loss as generator loss. The model consists of two discriminator networks: one
looks for the global similarity (i.e. on the whole image), and another one ex-
plores the image in small patches (i.e. local similarity). In addition, Souibgui
and Kessentini [29] have used conditional GANs (cGANs) to restore severely
degraded document images. They call their system DEGAN (Document En-
hancement conditional Generative Adversarial Network). They have tested
DEGAN for two main purposes: document cleaning and binarization (1); and
water mark removal (2). Last, it must be noted that Souibgui et al. [28] also
proposed a Text-Degradation Invariant Auto Encoder (Text-DIAE), a self-
supervised model designed to tackle two tasks, text recognition (handwritten
or scene-text) and document image enhancement.

In summary, several methods have been proposed to deal with image degra-
dation using GAN-based approaches. As already indicated in the introduction,
in this work we propose the adaptation of Attentive-GAN [26] for document
denoising injecting an attention map into both generative and discriminative
networks to improve the quality of document restoration. Next section de-
scribes our proposed methodology based on Attentive-GAN for text image
processing.

3 Methodology

The purpose of a document enhancement process is to recover a clean image
from a degraded one as an image-to-image translation task using a generative
adversarial network. In this paper we study the performance of Attentive GAN
for the denoising challenge. The main idea attempts to extend Attentive GAN
for an improved restoration of text images called Doc-Attentive-GAN. The
goal of Doc-Attentive-GAN is to use an attention map generated by a deep
network which is transmitted to the generator. The main idea of an attention
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map is to help the generator to learn and focus on the modification between the
target image and its noisy version. The information existing in the attention
maps guides the generator to generate an effective version from a noisy image
and obtain a sharp version.

The main elements of our Doc-Attentive-GAN model are: an attentive-
recurrent network, a contextual autoencoder, and a fully connected layer. This
section explains the adaptation of Attentive GAN [26] for the reconstruction of
historical documents, where our main contribution lies in the definition of the
appropriate number of attention maps (see Table 2 in Section 4.2) and the loss
functions part of the networks. Section 3.1 describes the generative network
containing the attentive-recurrent network and the contextual autoencoder.
Section 3.2 completes the description of the fully connected network explaining
the discriminative part. Generally, the generative outputs should be evaluated
by the discriminator network to be sure that our outputs look like the real
images.

3.1 Generative Network

Usually, the role of the generator is to generate an image from an image.
However, with Attentive GAN, the generator will focus in the first step to
produce an attention map from input images containing noise. The main idea
to use an attention map is to guide the generator to focus on the existing
noise to be removed from the image. In the second step, a skip connection
network will be used to produce the final outputs that will be directed to
the discriminator. The architecture of the generator is shown in Figure 1. Its
design consists of two subnets: an attentive-recurrent network and a contextual
autoencoder.

3.1.1 Attentive-recurrent network

The attentive recurrent network is used to find regions in the input image that
need to get attention. These regions are necessary for the contextual autoen-
coder and the discriminative network. On the one hand, the autoencoder can
generate better the local image restoration. On the other hand, the discrimi-
nator can focus the assessment on specific regions.

Therefore, the first subnetwork employs a recurrent network to generate
visual attention. It consists of five layers of ResNet, a convolutional LSTM unit
and convolutional layers for generating the 2D attention maps. The attention
map is a matrix ranging from 0 to 1, increased with each time step. The values
of the attention map are initialized to 0.5 in the training process and for each
step the current attention map is concatenated with the input image and then
they are fed into the next block of the recurrent network. The loss function in
each recurrent block is defined as the mean squared error (MSE) between the
output attention map and the binary mask.
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Fig. 1: Generator architecture design used in this study.
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Fig. 2: Architecture of the contextual autoencoder.



8 Hala Neji et al.

3.1.2 Contextual autoencoder

The second subnetwork is a contextual autoencoder used to generate a sharp
image (see Figure 2). The input of this network is the concatenation between
the final attention map from the attentive-recurrent network and the input
image. It consists of 16 Conv-ReLU blocks, and skip connections are added
to prevent blurred outputs. There are two loss functions in the autoencoder:
perceptual loss and multi-scale loss.

The perceptual loss measures the global discrepancy between the features
of the autoencoder output and those of the corresponding ground-truth clean
image. We use a VGG16 pretrained on the ImageNet dataset [8] to extract
these features. The perceptual loss function is defined as:

LP (O, T ) = LMSE(V GG(O), V GG(T )) (1)

where O is the output image and T is the ground-truth image.
With respect to the multi-scale loss, the original function in Attentive-GAN

is a multi-scale mean squared error loss that is computed based on a pixel-
by-pixel operation with the features extracted from different decoder layers to
form outputs in different sizes. The loss function is expressed as:

LM ({S} , {T}) =
M∑
i=1

λiLMSE(Si, Ti) (2)

where Si is the i th output extracted from the 1st, 3rd and 5th of the decoder
whose sizes are 1/4, 1/2 and 1 of the original size, respectively. Ti is the ground

truth. Si and Ti has the same scale i. {λi}Mi=1 are the weights for different
scales. The value of λ is fixed to 0.6, 0.8, 1.0.

As an alternative to this multi-scale loss function, we developed first a mean
squared error noise loss function for the last output of the convolutional layer.
Therefore, we drop the two skip connection between the loss function and the
output scales 2 and 4. Our mean squared noise loss function is expressed as:

LN (I, T,O) = LMSE(DIFF (O − T ), DIFF (I − T )) (3)

where LN is the noise loss, I is the input image, O is the output, T is the
ground truth and DIFF is the subtract operation.

Second, we also investigated the potential use of a multi-scale mean squared
error noise loss. It is defined as:

LN ({I} , {T} , {S}) =
M∑
i=1

λiLMSE(DIFF (Si − Ti), DIFF (Ii − Ti)) (4)

where {λi}Mi=1 are the weights for different scales.
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3.2 Discriminative Network

The discriminative network consists of 7 convolution layers with the kernel
of (3, 3), a fully connected layer of 1024 and a single neuron with a sigmoid
activation function. The output is a 2D matrix containing probabilities of the
generated image being real. This matrix contains probabilities that should be,
to the discriminator, close to 1 if the clean image represents the ground truth
and 0 if the image is generated by the generator.

Fig. 3: Discriminator architecture design used in this study

The model is presented in Figure 3. The discriminator receives two input
images which are the generated image and its ground truth version. The whole
loss function of the discriminator can be expressed as:

LD(O,R,AN ) = −log(D(R))− log(1−D(O)) + γLmap(O,R,AN ) (5)

where Lmap is the loss between the features extracted from interior layers of
the discriminator and the final attention map:

Lmap(O,R,AN ) = LMSE(Dmap(O), AN ) + LMSE(Dmap(R), 0) (6)

where γ is set to 0.05, Lmap represents the process of producing a 2D map by
the discriminative network. 0 represents a map containing only 0 values and
R is a sample image drawn from a pool of real and clean images.

4 Experimental results

4.1 Datasets and environment configuration

We used five different datasets for the purpose of our experiments. Figure 4
shows a representative example of the training and testing datasets . A brief
description of these datasets is as follows:
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Fig. 4: Example of the training and testing datasets.

(a) DIBCO dataset
This dataset refers to the datasets provided in the annual editions of a com-
petition called Document Image Binarization Contest (DIBCO), organized
in conjunction with ICDAR (International Conference on Document Anal-
ysis and Recognition) and ICFHR (International Conference on Frontiers
in Handwriting Recognition) conferences.1

The documents of these datasets originate from collections of historical
documents in well-known national libraries. In each edition, the conference
organizers select images that contain representative degradations which ap-
pear frequently (e.g. variable background intensity, shadows, smear, smudge,
low contrast, bleed-through and show-through) [10]. Table 1 presents the
number of documents on each DIBCO dataset. For the purpose of our ex-
periments, we have used different combinations of the datasets for training
and testing.

(b) Incunabula dataset
This dataset consists of different book page images obtained from the in-
cunabula collection available at the digital repository of the University of
Zaragoza, called Zaguan. This is a remarkable collection containing 384
different incunabula items with 413 digitized documents (some books have
several digitized exemplars), which were originated by 165 different print-
ing offices in Europe. From the set of Zaguan incunabula documents we

1 https://vc.ee.duth.gr/dibco2019/

https://vc.ee.duth.gr/dibco2019/
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Table 1: The number of documents on each DIBCO dataset.

Data set Handwritten Printed Total
DIBCO’09 5 5 10
H-DIBCO’10 10 - 10
DIBCO’11 8 8 16
H-DIBCO’12 14 - 14
DIBCO’13 8 8 16
H-DIBCO’14 10 - 10
H-DIBCO’16 10 - 10
DIBCO’17 20 - 20
H-DIBCO’18 10 - 10
Total 95 21 116

have selected one page of 58 distinct books to create a test dataset that
contains text images with real noise originated by either the digitalization
process or the physical degradation of the paper.

(c) Salt and pepper dataset
In order to create a synthetic dataset with salt and pepper noise, we have
used the Typenrepertorium der Wiegendrucke [13], a comprehensive cat-
alogue of font types and printing offices in the incunabula period that is
accessible in electronic format through a web site [31]. This catalogue in-
cludes sample pages of the books printed by different printers and their
particular font types. From this dataset of sample pages, we chose 109
pages. First, we up-sampled by 3 all the pages. Then, we added a salt and
pepper noise with 0.07 factor. Finally, we cut these pages into images of
size 528x264. As a result, we have obtained a database which contains 1000
pairs of images. Although the initial objective of this dataset was to train
and test models for removing salt and pepper noise, it was also useful for
building models that can denoise Arabic historical documents.

(d) TuLiPa dataset
This dataset was produced as a result of the TuLiPa project, whose objec-
tive is to provide a platform for automatic restoration, dating and trans-
lation of Arabic historical documents preserved in the National Library
of Tunisia. The most common degradation problems found in images of
ancient Arabic documents are the effect of transparency, the presence of
stains of moisture absorbed by the paper, variations in the color of the
paper, the presence of wrinkles and tears, and deformations due to the
natural curvature of the pages. In order to create a TuLiPa dataset corpus
of Arabic historical documents for the purpose of this work, we chose 137
pages from the National Library of Tunisia. We use this dataset only for
the testing part.

(e) Noisy Office dataset
The Kaggle platform includes a competition on denoising dirty documents.2

The data associated with this competition contain 144 pairs of images

2 https://www.kaggle.com/c/denoising-dirty-documents/

https://www.kaggle.com/c/denoising-dirty-documents/
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(noisy image and clean image) with modern printed text, which can be
used for training and testing.

With respect to the environment configuration, it must be noted that all
the computation works were executed on an Ubuntu server with an NVIDIA
Quadro P6000 GPU. In addition, we have created a Fighshare repository3 with
the datasets (used as input or generated as output) and pre-trained models in
the experiments reported at this section. The code is based on the software
provided with Attentive-GAN.4 Our contribution relies on the use of new loss
functions, the identification of the most appropriate number of attention maps,
and the selection of the datasets for the training of each scenario of historical
document denoising.

4.2 Denoising of historical documents

We started with the binarization of DIBCO datasets. Our contribution is fo-
cused on the selection of the loss function to be used by the contextual autoen-
coder and the number of attention maps required by the attentive-recurrent
network in order to generate results with appropriate visual quality.

First, we trained the network using DIBCO 2009, 2010, 2012, 2013, 2014,
2016, 2017, 2018. For this training, we used 6746 pairs of images (patches of
size 256 × 256). Then, we evaluated the performance of the binarization in
our method using DIBCO 2011 as the testing dataset using two metrics: the
Peak Signal to Noise Ratio (PSNR)[35] and the Structural Similarity Index
(SSIM)[36]. As presented in Table 2, we tried to change the number of attention
maps and the loss function. The best PSNR value was 18.66 and SSIM= 0.91
with four attention maps in the attentive recurrent network and the multiscale
mean squared error loss as the autoencoder loss function. We also compared
our result with the state of the art (see Table 3) and our result is competitive
with the state of the art.

Table 2: Comparative results using different loss functions and different num-
bers of attention maps with Doc-Attentive-GAN and DIBCO 2011 dataset

Multiscale MSE MSE noise MSE
Attention map number PSNR SSIM PSNR SSIM PSNR SSIM

2 17.81 0.89 16.77 0.87 17.66 0.88
3 17.65 0.88 17.13 0.87 17.91 0.89
4 18.66 0.91 18.17 0.89 18.35 0.90
5 17.63 0.88 17.89 0.89 17.79 0.88
6 17.84 0.89 18.20 0.89 17.45 0.88

3 https://figshare.com/s/d2d7155f42ed6fa12c7e
4 https://github.com/MaybeShewill-CV/attentive-gan-derainnet

https://figshare.com/s/d2d7155f42ed6fa12c7e
https://github.com/MaybeShewill-CV/attentive-gan-derainnet
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Table 3: Comparative results on H-DIBCO 2011.

Method PSNR
Otsu et al. [25] 15.7
Sauvola et al. [27] 15.6
Howe et al. [16] 19.30
Vo et al. [34] 20.10
Guo et al. [11] 16.50
He et al.[14] 19.9
Zhao et al.[38] 20.3
Competition winner 16.1
Kang et al.[17] 19.9
Doc-Attentive-GAN 18.66

In addition, we tested this model (trained with DIBCO datasets) with the
incunabula dataset. The results were good in qualitative comparisons with the
DEGAN method[29]. As shown in Figure 5, our method clearly improves the
quality of image specially in the details of the page margins and the letters.
However, our model did not work very well for Arabic samples. As shown in
Figure 6, although it clearly cleans the background, it deletes some parts of
the page. Notwithstanding this, our result is better than DEGAN [29].

Fig. 5: Qualitative binarization results produced with some examples of the
Incunabula dataset, comparison between Doc-Attentive-GAN and DEGAN.
(a) original image (b) DEGAN (c) Doc-Attentive-GAN

Second, we used DIBCO 2014 for testing and we trained the model with the
rest of DIBCO datasets. We selected 5734 pairs of images for training and 1013
for the validation. The model was trained with the same configuration as the
previous model: we just changed the loss function derived for the autoencoder
network to compare the effect of the loss function. As presented in Table 4,
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Fig. 6: Qualitative binarization results produced with some examples of the
TuLiPa dataset, comparison between Doc-Attentive-GAN and DEGAN. (a)
original image (b) DEGAN (c) Doc-Attentive-GAN

the best loss function used in the autoencoder was the MSE noise loss : the
obtained PSNR and SSIM values were 19.90 and 0.92 respectively.

Table 4: Comparative results using Attentive GAN, DIBCO 2014 dataset for
testing, 4 attention maps, and different loss functions

Loss PSNR SSIM

Multiscale Mean squared error 18.43 0.90
Mean squared error 18.16 0.90

Mean squared error noise 19.90 0.92
Multiscale Mean squared error noise 19.28 0.91

We also compared our result with the state of the art. As presented in Table
5, our result is competitive. Our method removes the background degradation
from different images and visually we can deduce the capability to improve
the quality of image as shown in Figure 7, where we present the comparative
results of the output images generated using different loss functions (the figure
also includes the degraded input and the ground truth image).

Then, we trained our Doc-Attentive-GAN using four attention map, the
multiscale loss function and different combinations of the DIBCO datasets for
training and testing. For each DIBCO dataset mentioned in Table 6, we used it
for testing the model and the remaining DIBCO datasets were used for training
the model. Table 6 compares the results of our model with the different DIBCO
competition winners. Figure 8 shows and illustrative comparison between our
output and the output obtained with DEGAN [29].

Last, in order to create a model for denoising historical Arabic manuscripts
we have used our salt and pepper dataset. We trained the model using four
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Table 5: Comparative results on H-DIBCO 2014.

Method PSNR
Otsu et al. [25] 18.72
Sauvola et al. [27] 17.63
Howe et al. [16] 19.3
Vo et al. [34] 23.23
Guo et al. [11] 19.17
He et al.[14] 22.1
Zhao et al.[38] 22.12
Competition winner [24] 22.66
Kang et al.[17] 22.37
Doc-Attentive-GAN 19.90

Table 6: Comparison of the proposed methods with (H)DIBCO competition
winners.

Database Method PSNR

DIBCO’09
Best Competition System 18.66
Doc-Attentive-GAN 18.24

H-DIBCO’11
Best Competition System 17.97
Doc-Attentive-GAN 18.66

H-DIBCO’12
Best Competition System 21.80
Doc-Attentive-GAN 19.71

DIBCO’13
Best Competition System 21.29
Doc-Attentive-GAN 19.55

H-DIBCO’14
Best Competition System 22.66
Doc-Attentive-GAN 19.56

H-DIBCO’16
Best Competition System 18.45
Doc-Attentive-GAN 19.22

DIBCO’17
Best Competition System 18.28
Doc-Attentive-GAN 17.60

H-DIBCO’18
Best Competition System 19.11
Doc-Attentive-GAN 15.57

attentive maps, the multi-scale loss function, and our salt and pepper synthetic
dataset. We used 850 pairs of images for training, 50 for validation and 100
for testing. This model performed well with the TuLiPa dataset. In addition,
we compared qualitatively our result with DEGAN [29] and our pre-trained
models using different configurations. As a result, the best output was obtained
using the model trained with the salt and pepper dataset because the noise
of the documents is very similar to the salt and pepper noise. Figure 9 shows
the output obtained with the Doc-Attentive-GAN model (trained with the salt
and pepper dataset), which improves the quality of the Arabic manuscript and
behaves better than the rest of the methods.

4.3 Denoising of modern printed text images

In this part we focused on the noisy office dataset. We trained Doc-Attentive-
GAN with multi-scale noise loss and four attention maps. We used 112 images
for training and 32 images for testing. In addition, we compared quantitatively
our method with DEGAN. The results are shown in Table 7. Doc-Attentive-
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Fig. 7: Comparative results of output images using different loss functions. (a)
original image (b) output image with multiscale MSE loss (c) output image
with MSE loss (d) output image with multiscale MSE noise loss (e) output
image with MSE noise loss (f) ground truth

GAN obtained a PSNR that equals to 32.18db and according to SSIM, we
achieved 0.99 on average.

Table 7: Quantitative results of the denoising task (noisy office dataset)

Method PSNR SSIM

DEGAN [29] 38.12 0.99
Doc-Attentive-GAN 32.18 0.99

Figure 10 shows the qualitative results of the denoising task. We demon-
strate that Attentive-GAN succeeded to reconstruct with high resolution. Al-
though the average PSNR is lower in Table 7, the output image may have a
higher quality. This is due to the fact that the PSNR metric measures the
sensitivity to errors (norm of the arithmetic difference between the reference
and the output image). Despite our Doc-Attentive-GAN model may not com-
pletely remove the grey background color in Figure 10, the obtained letters
are sharper than those obtained by DEGAN.

5 Conclusions

The problem of historical document enhancement is complex. On the one hand,
historical documents present very different types of degradations. On the other
hand, there are few datasets available to be used for training or testing and
containing as well a ground truth version of these documents. The purpose
of this paper has been to study different alternatives to remove the noise and
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(a) Groundtruth

(b) DEGAN [29]

(c) Our result

(d) original image

Fig. 8: Qualitative comparison of our model with DEGAN using a DIBCO
2013 example.

generate a clean version of documents with readable letters to improve the
performance of OCR processes.

In this work we have proposed the use of an Attentive GAN architecture
with new loss functions and different numbers of attention maps. In partic-
ular, we have integrated a Mean Squared Error (MSE) noise loss and multi-
scale MSE noise loss. With respect to the obtained results, we can conclude
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Fig. 9: Qualitative binarization results produced with an Arabic sample in
TuLiPa dataset, comparison between Doc-Attentive-GAN pre-trained models
and DEGAN. (a) original image (b) DEGAN [29] (c) Doc-Attentive-GAN
model trained with all DIBCO datasets (d) Doc-Attentive-GAN model trained
with the noisy office dataset (e) Doc-Attentive-GAN model trained with the
salt and pepper dataset

(a) original image (b) DEGAN [29]

(c) Our result (d) Groundtruth

Fig. 10: Qualitative comparison of our model with state-of-the-art methods

that our models succeeded to restore historical documents independently of
the types of noise. We have demonstrated that GAN-based designs of neural
networks can help to solve the problems related to the degradation of histor-
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ical document images. Specially, we had the chance to improve the quality of
the output generated after applying our model to degraded images available
in DIBCO competitions and Arabic historical document collections, which is
a big challenge in the recent years.

In the future we want to investigate whether alternative combinations of
GAN based networks can provide a better performance for historical document
denoising than Doc-Attentive-GAN. For instance, we want to evaluate if the
pyramid of GAN networks proposed by Ma et al. [20] could be applied to the
case of document denoising.
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