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Abstract—In recent years, U-Net has achieved good results
in various image processing tasks. However, conventional UNets need to be re-trained for individual tasks with enough
amount of images with ground-truth. This requirement makes
U-Net not applicable to tasks with small amounts of data.
In this paper, we propose to use “modular” U-Nets, each of
which is pre-trained to perform an existing image processing
task, such as dilation, erosion, and histogram equalization.
Then, to accomplish a specific image processing task, such
as binarization of historical document images, the modular
U-Nets are cascaded with inter-module skip connections and
fine-tuned to the target task. We verified the proposed model
using the Document Image Binarization Competition (DIBCO)
2017 dataset.
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I. I NTRODUCTION
U-Nets [1] was developed for biomedical image segmentation tasks by Ronneberger et al. U-Nets have been used
for various image processing tasks, for instance, semantic
segmentation. The strength of U-Nets is to capture the
context of the input in the contracting path and to enable
sophisticated localization in the expanding path. This forms
a symmetrical structure.
However, U-Nets have a limitation that they are an endto-end learning model that can only be used for specific
purposes. For example, to divide a cell in a biomedical
image using U-Nets, we need to use annotated images as
labels which consider only segmentation. If an input image
is exposed to various noise, it is necessary to remove the
noise through pre-processing. This is against the concept of
end-to-end learning that U-Net strives for. In addition, UNets are usually used to perform special purposes, such as
dividing cells in a biomedical image or segmenting figures
and text in document images. U-Nets specifically trained
for the dataset and cannot be easily used for other tasks.
Furthermore, if the size of the dataset used is too small to
optimize the model, we cannot guarantee that the U-Net’s
performance is sufficient.
U-Net has been further improved to overcome its limitation by changing the structure of U-Nets or stacking several
U-Nets. Research has been conducted to improve the segmentation performance of U-Nets by changing the internal
structure of U-Net such as Residual U-Net (RUN) [2]. In
addition, in order to obtain robust segmentation performance
on small training datasets, stacked U-Net research has been
researched [3]–[6]. However, these studies were also unable

Figure 1: Concept of the proposed model. After cascading, fine-tuning is
performed with the (often small) training image set of the target task. As
shown later, the modules are further connected with inter-module skipconnections, which are omitted here for simplicity.

to escape the problem of ensuring sufficient data for U-Net’s
optimization.
The purpose of the paper is to propose a cascaded UNet model using modularized pre-trained U-Nets, as shown
in Fig. 1, for overcoming this limitation by a more efficient
strategy. Specifically, we first create U-Net modules, each of
which realizes the conventional image processing techniques
such as Canny edge, erosion, dilation, etc. These modules are
fully trained using a general large dataset and therefore have
no problem with data availability. Then, the modularized
U-Nets are cascaded in an appropriate order with intermodule connections, which acts as the “glue” for connecting
the modular U-Nets. Finally, we perform fine-tuning of the
entire network with a (generally small) training dataset of
the target task. Since each modular U-Net is already trained
to play an image processing task, we can expect that no
large dataset is necessary for this fine-tuning to accomplish
the target task.
In this paper, we evaluate the performance of the
proposed framework on the document image binarization task using the Document Image Binarization Competion (DIBCO) 2017 [7], while the proposed framework
can be applicable to any image conversion task with a
small training dataset. Through this, we demonstrate that we
are able to get state-of-the-art results in image binarization
using multiple evaluation measures. We also propose the
possibility of using modularized U-Nets and show that the
modularized U-Nets can be cascaded and fine-tuned using
small training sets.

II. R ELATED WORK
In this section, we briefly mention related work on UNets, stacked U-Nets, DIBCO, and related studies.
A. U-Nets and stacked U-Nets
In recent times, CNNs have achieved remarkable results in
the field of image recognition [8]–[10] and document analysis [11]–[13]. This is possible due to the expansion of CNNs
to pixel-to-pixel tasks [1], [14], [15]. U-Nets, in particular,
have had impressive results in semantic segmentation [1].
Since 2017, the use of multiple U-Nets in research has
been carried out in order to further enhance segmentation
performance [3]–[6]. For example, Sevastopolsky et al. [4]
diagnosed glaucoma effectively by using multiple stacked
U-Nets. Sevastopolsky et al. suggested two main strategies
to carry out accurate segmentation. First, they stacked RUN
blocks to obtain good segmentation results in glaucoma images. Second, they stacked the U-Nets and the segmentation
performance of the model is improved.
B. DIBCO and H-DIBCO
DIBCO [7] and H-DIBCO [16] are contests that started
in 2009 and was held to objectively evaluate and compare binarization performance in document image analysis.
Through this competition, there have been many advances
in document binarization technologies every year. Document
image binarization is a popular and still active topic as
evidenced by the DIBCO and H-DIBCO. The primary
challenge of binarization is determining the thresholds at
which to binarize the pixels. In the past, the threshold was
tackled directly [17]–[19]. However, document binarization
systems were introduced at DIBCO which utilized image
neural network models. Through the use of neural networks,
binarization became possible without specific consideration
to thresholds [12], [20]. The winner of H-DIBCO 2018
applied a traditional image processing technique [16]. Their
binarization method organized the morphological transformations, stroke width transform (SWT) [21] and Howe’s binarization [22], to separate foreground and background pixels. Afterwards, their system adopted image pre-processing
to remove noise and preserve text stroke connectivity.
Interestingly, as mentioned in [16], the performance of the
DIBCO 2017 winners team’s system was slightly better than
the 2018 winners team’s system. So, we also need to analyze
the DIBCO 2017 winner’s algorithm. The DIBCO 2017 winners team developed a document binarization system using
a U-Net [7]. In the case of the DIBCO 2017 winners, they
analyzed the dataset and found the causes of performance
degradation, such as luminance, document’s boundary, etc.
So, they ameliorated the dataset’s problem through image
processing methods such as elastic deformation, projection
noise. While they were able to build a robust binarization
system, the study has limitations. First, when using a single
U-Net, performance degradation occurs when using a new

dataset. Also, they have to use a huge amount of training
dataset to optimize their model. However, in the case of
document image binarization, the number of annotated document images is often insufficient. Secondly, the conventional
image processing method is vulnerable to new noise and
backgrounds. This is because it is not easy to deal with all
of the obstacles. The systems introduced at DIBCO clearly
demonstrated good binarization performance, but they also
did not solve the problem of an insufficient sized dataset.
Therefore, we obtain effective binarization performance by
the following method.
III. P ROPOSED METHOD
U-Nets can be described by two main characteristics. The
first is the implementation of a Fully Convolutional Network (FCN) [14] model with a contracting path and expanding path structure to facilitate image-to-image processing.
The second characteristic is copying and cropping of the
contracting path’s features to make a more accurate localization in the expanding path. Sevastopolsky et al. [4] described
the method of copying and cropping the features by simply
concatenating the features of the contracting path, which
is referred to as using skip-connections. In the original
work [4], they adopted a method of elastic deformation
and weighted cross entropy strategies to augment the data.
Ultimately, using data augmentation, U-Net even performed
quite well with small amounts of annotated images on the
Electron Microscopic (EM) and the IEEE International Symposium on Biomedical Imaging (ISBI) challenge. However,
for the purposes of the paper, we utilize a strategy for
using pre-trained modular U-Nets using sufficient annotated
images and then fine-tuning the cascaded model on the small
amounts of the data in the DIBCO 2017 dataset.
A. Modular U-Nets
Document binarization using conventional image processing techniques has limitations and a document binarization system using U-Nets was introduced in DIBCO
2017 [7]. The U-Net of the DIBCO 2017’s winner has
shown considerable results in document binarization, but
as document images become more complex and noise increases, performance degradation can occur. Therefore, we
want to implement a system based on U-Net that realizes
the conventional image processing technique required in
document binarization. We refer to this as modular U-Nets
because single image processing tasks are contained in UNet based modules for the end goal of a stacked or cascaded
U-Net.
In this paper, five modular U-Nets are prepared to simulate
the following conventional image processing techniques,
Otsu’s binarization [17], erosion, dilation, Canny-edge, and
histogram-equalization. Each U-Net is pre-trained individually using the MS COCO [23] dataset. The MS COCOText dataset contains a total of 63,686 images, of which
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Figure 2: Example of the COCO-Text images for training U-Nets.

10,000 were used as the training dataset. An example of
annotated images by using COCO-Text dataset is shown
in Fig. 2. In the case of the Canny-edge image in Fig. 2,
the background is expressed in white and the edge area
is expressed in black. For erosion and dilation, we set
the kernel size to 2×2. This is to see that the noise is
removed by performing a minimum transformation through
morphological transformation. Histogram-equalization is an
image processing technique that makes the brightness of
the image uniform by redistributing the brightness values
of the whole image. Contrast-limited Adaptive Histogram
Equalization (CLAHE) [24] can be used to prevent excessive
contrast correction by performing local equalization through
mask setting. However, we adopt the simple histogram
equalization to train our module. The reason for this is
that the final goal of the proposed system is the document
binarization and not histogram-equalization. The generated
datasets from the conventional image processing techniques
were used in the training of each of the modular U-Nets.
Model training performed 10 epochs with 4,000 steps in
total. Through this process, we are able to secure five pretrained U-Nets.
B. Cascaded modular U-Nets
In order to cascade the model in an optimal way, we
proceeded to verify the arrangement order of each module
and find the requisite quantity of U-Nets to be used. Fig. 1
illustrates a concept of the proposed model which consists of
pre-trained U-Net modules. We cascaded from two to four
modular pre-trained U-Nets.
Unfortunately, a simple cascade does not work appropriately. The result of the binarization by the simple cascade is
shown in Fig. 3, where four modular U-nets for histogramequalization, erosion, dilation, and binarization are cascaded.
In this figure, we can see that the results of the previous module are not transferred well to the next module. Especially,
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Figure 3: The result images of the simply cascaded modular U-Nets. (a)
Original image. (b) Ground truth. (c) Single U-Net for binarization. (d)
Cascaded modular U-Nets with histogram-equalization and binarization
modules. (e) Cascaded U-Net with erosion, dilation, and binarization modules. (f) Cascaded modular U-Nets with histogram-equalization, erosion,
dilation, and binarization modules. (g) Cascaded modular U-Net with intermodule skip connections and using the histogram-equalization, erosion,
dilation, and binarization modules.

the localized features that are processed in the contracting
path are not transmitted correctly. This results in partially
noisy areas and untreated areas.
C. Inter-module skip-connections
To properly transfer information from previous modules,
we establish skip-connections among the entire modules.
Much like the intra-module U-Net skip-connections, the
inter-module skip-connections copy and crop the features
from matching layers of the contracting path to layers
of different U-Net modules. We considered that the intermodule skip-connections are useful for carrying lost information from layers of previous modules to layers of subsequent modules. However, through this work, we realized
that excessive inter-module skip-connections leads to too
many features transference and degradation in binarization
performance. In addition, this can be useful for most imageto-image tasks, for binarization, it can also bring unwanted
noise.
Therefore, we suggest the architecture of the modular
cascading U-Nets with inter-module skip-connections that is
illustrated in Fig. 4. Using the proposed inter-module skipconnections scheme, significant features are correctly carried
over between modules. In addition, fewer skip-connections
also aids the ease of training the network compared with
the case of excessive skip-connects. Therefore, as shown
in Fig. 4, we limit the number of skip-connections to the
subsequent modules to n − 1, where n is the total number
of modules. This ensures that the localization features of
each module are appropriately reflected in the final result
while at the same time minimizing interference between
modules. In Fig. 3 (g), we can see the result image of the

Figure 4: Architecture of the proposed model with inter-module skip-connections.

proposed method included the proposed inter-module skipconnections. Comparing Fig. 3 (f) and Fig. 3 (g) with GT
image, we can see that background noise is less segmented
in Fig. 3 (g) than that of Fig. 3 (f). This allows the intermodule skip-connections to ensure that the information from
the previous module is properly propagated.
IV. E XPERIMENTAL RESULTS
ON HISTORICAL DOCUMENT BINARIZATION
A. Dataset
In this experiment, The COCO-Text and DIBCO 2017
dataset are used. One advantage of using these modular UNets is the ability to utilize a transfer learning from the
MS COCO-Text dataset in order to enhance the binarization
results with the DIBCO 2017 dataset. The published DIBCO
2017 dataset is very small in number with only 85 training
images and 20 test images. Because of insufficient DIBCO
data, DIBCO allows the use of other datasets to train and
test models. Therefore we were able to use COCO-Text
images to train the proposed model. The number of COCOText images used to learn the initial modules is 10,000.
Only the DIBCO 2017 dataset is used to train the final
model after cascading the modules. A total of 503 images is
used for training which consisted of the 85 images provided
DIBCO and 418 cropped derivations of them. We used the
20 test images from DIBCO 2017 to verify the binarization
performance of the final model.
B. Results and discussion
First, we evaluate the proposed model by comparing nonpre-trained model. We should elicit the importance of using
pre-trained modular U-Nets in the proposed model. Also,
U-Net itself has a robust image-to-image processing ability,
thus we want to demonstrate the importance of the proposed
method by comparing and verifying results. Fig. 5 shows
differences among the proposed model, non-pre-trained cascaded model, and cascaded model without inter-module
skip-connections. We find that using pre-trained modules
with COCO-Text and using inter-module skip-connections
among modules contribute greatly to the optimization of
the entire model. Fig. 6 shows the binarization results of
the proposed model according to the type of noise. In a
single U-Net (DIBCO 2017 winners team’s method), there
is a problem that binarization cannot be performed at the
portion where stains overlap with a character region. It is

Figure 5: Results indicating why the pre-trained modules and inter-module
skip-connections should be used. Images in the rows from top to bottom
correspond to the original images, the ground truth images, the result images
of the proposed model, the result images of the non-pre-trained cascaded
model, and the result images of the modular cascaded model without intermodule skip-connections.

confirmed that the proposed model is successful in removing
stains. The figure demonstrates that the proposed method is
effective in handling the different types of noise.
We use the evaluation tool provided by DIBCO to quantitatively verify the binarization performance of the proposed
model. The evaluation tool compares the ground truth image
with the binarization result using four measures. These measures consist of F-measure (F M ), pseudo-FMeasure (Fps ),
Peak Signal-to-Noise Ratio (P SN R), and Distance Reciprocal Distortion Metric (DRD).
F M is a harmonic mean value of precision and recall,
which is a measure that can verify the precision and recall
of the model to verify at once. Fps has been proposed to
overcome the problems of F-measure evaluation criteria for

Table I: Comparative Results on DIBCO 2017

(a) Stained image

(b) Blob-noise image
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Figure 6: Binarization results of the proposed model according to the type
of noise. Images in the columns from left to right correspond to the original
images, the ground truth images, and the result images.

binarization [25]. Fps is a version of F M with weighted
P recision and Recall calculations designed to evaluate the
performance according to the importance of the foreground
pixels constituting the character in text detection, so that
images having the same F-Measure value can also compare
the binarization performance results.
P SN R is a method of evaluating the difference between
the detection result and the ground truth image. DRD
has been used to measure the visual distortion of binary
document images [26]. It correlates properly with human
visual perception and measures a distortion of inverted every
pixel. It is defined by:
PS
DRDk
,
(1)
DRD = k=1
NUBN
for S flipped pixels where N U BN is the number of nonuniform 8×8 blocks in the ground truth image. DRDk is the
distortion of the k-th flipped pixel using a 5 × 5 normalized
weight matrix as in [26].
We apply the results of the proposed model in the same
way as the criteria to be evaluated by DIBCO. We compared
the binarization system results published by DIBCO 2017

Method
Proposed
Proposed without pre-training
Proposed without skip-connect.
H-DIBCO 2018 winner [16]
DIBCO 2017 winner [7]
Sauvola and Pietikäien [19]
Otsu [17]

FM
91.57
81.15
87.07
89.37
91.04
86.61
83.52

Fps
93.55
82.91
89.29
90.17
92.86
88.67
86.85

P SN R
15.85
13.40
15.05
17.99
18.28
17.80
16.42

DRD
2.92
8.23
4.98
5.51
3.40
5.56
7.49

with the DIBCO evaluation method. Table I shows that
comparison of the results of the proposed model with
the results of DIBCO 2017 and 2018 winner teams. We
show significant performance differences in the results of
performance verification with DIBCO 2017 and 2018 participating teams. We also show that the results of the proposed
model without pre-trained module and inter-module skipconnections. We obtain meaningful results for the need to
use them. In addition, as the number of modules used in the
model configuration increased, the binarization performance
also improved. Finally, Fig. 7 shows the binarization result
images of the proposed model and the binarization result
images of the DIBCO 2017 winning team. Fig. 7 shows the
result image according to the number of modules used in the
cascaded model. This shows that the added modules were
able to overcome the noise problems.
V. C ONCLUSION
This paper proposes a document binarization system using
cascaded modular U-Nets. The proposed model is made
up of four modular U-Nets trained for different image
processing tasks and shows robust binarization performance
even in environments with few annotated images. Through
the use of effective inter and intra skip-connections, the UNets are able to transmit information between each other
to construct a state-of-the-art model. We hope that this
study of cascaded modular U-Nets will be applied not
only to document binarization but also to other domains
such as semantic segmentation and other image-to-image
applications.
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