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Separating printed or handwritten characters from a noisy background is valuable for many applications including test paper
autoscoring. The complex structure of Chinese characters makes it diﬃcult to obtain the goal because of easy loss of ﬁne details
and overall structure in reconstructed characters. This paper proposes a method for separating Chinese characters based on
generative adversarial network (GAN). We used ESRGAN as the basic network structure and applied dilated convolution and a
novel loss function that improve the quality of reconstructed characters. Four popular Chinese fonts (Hei, Song, Kai, and
Imitation Song) on real data collection were tested, and the proposed design was compared with other semantic segmentation
approaches. The experimental results showed that the proposed method eﬀectively separates Chinese characters from noisy
background. In particular, our methods achieve better results in terms of Intersection over Union (IoU) and optical character
recognition (OCR) accuracy.

1. Introduction
Converting paper documents into electronic documents and
then recognizing them using optical character recognition
(OCR) technology have been widely used in daily life. In
recent years, with the development of machine learning technology, the recognition accuracy of OCR has been greatly
improved [1–3]. We can now process a document with both
machine-printed text and handwritten text and then recognize them separately [4, 5]. Similar applications can be found
in the archiving and processing of historical documents [6,
7]. In the ﬁeld of education, related technologies for examination paper autoscoring have emerged, which greatly reduce
burden for teachers and students. Taking Figure 1 as an
example, an examination paper with students’ answers can
ﬁrst be processed by OCR, and then the recognized answers
can be evaluated and scored automatically by the machine.
Under certain circumstance, since the test paper template
cannot be easily obtained, it is also necessary to directly
identify the printed test paper template.

In order to achieve examination paper autoscoring, one
of the technical challenges to be solved is handling overlapping characters. This may happen when an elementary
school student did not master writing well or put annotation
on the test paper. The current OCR technology cannot handle the mixed situation of printed text and handwritten text
in the same image. Generally, only a single type of text can
be recognized by OCR technology [8]. Our early experiments
showed that when recognizing printed text, the OCR accuracy was greatly reduced if there were handwritten strokes
or handwritten characters around the printed text. Even
worse was that the machine was not able to ﬁnd the text area
needed to be recognized. Therefore, it is desirable to separate
the handwritten characters from the printed characters on
the examination paper and then process diﬀerent text types
accordingly. Furthermore, for Chinese characters, the separation of handwriting and printing becomes more diﬃcult
because the font structure is far more complicated than
Western fonts [9, 10]. A slight loss or increase of strokes
may change the meaning of the characters completely, which
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in both IoU and OCR accuracy; and (c) our dataset (upon
request) for further research is provided.

2. Related Work

(a)

(b)

(c)
(d)
(e)
(f)

Post-processing(OCR, NLP, etc.)
Exam Paper Auto-scoring

Figure 1: Basic process of examination paper autoscoring. (a) A
sample examination paper which consists of both handwriting and
printed text. (b) A subquestion with answers to be scored. (c)
Handwriting touches or even overlaps with printed text. The red
circle shows an example of overlapping characters. (d) The
proposed method targets separation of overlapping Chinese
characters into printed text (left rectangle) and handwriting (right
rectangle). (e, f) After successful separation is made,
postprocessing and autoscoring become feasible.

makes it diﬃcult to separate eﬀectively when handwriting
fonts and printed fonts are highly overlapped.
Separating Chinese characters from noisy background
(particularly with overlappings) can be considered an image
semantic segmentation problem. Previous deep learning
methods [11–13] have shown success in other applications.
However, these methods have poor performance due to the
complex structure of Chinese characters. To distinguish Chinese characters from similar fonts, we adopted a GAN-based
approach [14–19]. A network, called DESRGAN, was developed to denoise background and reconstruct both the stroke
structure and ﬁne details of targeted Chinese characters. Our
method used ESRGAN [19] as the basic network structure
and applied dilated convolution to residual-in-residual dense
blocks. A new loss function that can measure the integrity of
the font skeleton was imposed. Then, the generator of the
trained GAN model was used to separate targeted characters.
Our main contributions include the following: (a) we
proposed a new network structure and a loss function that
achieves the goal of Chinese character separation from noisy
background, especially when characters are highly overlapped; (b) the proposed method achieved the best results

Many applications in document processing need to solve the
problem of separation of handwriting and printed. The
Maurdor project created a realistic corpus of annotated documents in French, English, and Arabic to support the eﬃcient development and evaluation of extraction method
[20]. DeepErase [21] uses neural networks to erase ink artifacts on scanned documents and only extract text written
by a user. The ink artifacts that DeepErase targets mainly
include a tabular structure, ﬁll-in-the-blank boxes, and
underlines. Guo and Ma [22] used a machine-printed and
handwritten annotation discrimination algorithm based on
the Hidden Markov Model. Solely focusing on English and
other Latin languages, their algorithm can locate the position
of the handwritten part in the document in the form of a
bounding box. Zagoris et al. [23] proposed a method of recognizing and separating handwritten content from document images mixed with handwritten and printed
characters through the bag of visual word model. Their
method ﬁrst computes a descriptor for each block of interest
and then classiﬁes the descriptor into handwritten text,
machine printed text or noise. However, few research has
been focusing on highly overlapped texts, especially Chinese
characters that are structurally more complex than English or
other Latin languages.
Recent deep learning methods provide new ways for
solving the separation of handwriting and printed. Li
et al. [5] handles printed/handwritten text separation
within a single framework by using conditional random
ﬁelds. Their algorithm only performs extraction at connected component (CC) level. Each CC is classiﬁed into
printed and handwritten no matter it is overlapping or
not. U-Net [11], which performs well in many segmentation tasks, builds upon only convolution layers and the idea
of propagating context information to higher resolution
layers during upsampling. Pix2Pix [17] translates an input
image into a corresponding output image. With a paired
training dataset, it can output sharp and realistic images.
Such features make it attractive for solving our character
segregation problem. However, a paired training dataset
may not be easy to ﬁnd in real-world applications. CycleGAN [16] is an approach for learning to translate an image
from a source domain to a target domain without paired
examples. CycleGAN’s coding scheme is to hide part of
the information about the input image in low-amplitude,
high-frequency signal added to the output image [14].
Another way to solve the separation of printed is to treat
the image overlapped by handwriting and printed as a
low-resolution picture, and the neural network determines
which part needs to be enhanced in the process of singleimage super-resolution. SRGAN [18] takes advantage of a
perceptual loss function which consists of an adversarial
loss and a content loss. Based on SRGAN, ESRGAN [19]
improves the network structure by introducing the
residual-in-residual dense block and computes perceptual
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Figure 2: The network structure of the DESRGAN. An image with overlapping handwritten and printed characters is ﬁrst processed by a
series of convolution and RRDB modules. There is an operation of dilated convolution inside each residual-in-residual dense block. The
generator outputs separated printed part or handwritten part from the overlapping. The discriminator classiﬁes separated printed or
handwritten characters and ground truth into real or fake.

Figure 3: Image gridding (3 × 3 or 5 × 5) in the calculation of the
integrity loss. From left to right: the overlapping image I OL , the
recovered image GðI OL Þ, and its ground truth I GT . Note that our
integrity loss will focus on the center cells of GðI OL Þ and I GT
which are severely inconsistent.

loss by using features before activation instead of after activation. These techniques signiﬁcantly improve the overall
visual quality of reconstruction. Due to its versatility,
GAN-based super-resolution techniques can potentially
improve poor quality of document images, which is attributed to low scanning quality and resolution. Lat and Jawahar [24] super-resolve the low resolution document images
before passing them to the OCR engine and greatly
improve OCR accuracy on test images. However, we found
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Figure 4: A simple example of image synthesis of overlapping of
handwritten and printed characters. The three columns from left
to right are printed Chinese, Chinese handwriting, and
synthesized overlapping character.

that existing approaches could not provide satisfactory segregation results.
Besides, there are research eﬀorts toward handwriting
synthesis. Graves [25] utilizes Long Short-term Memory
recurrent neural networks to generate highly realistic cursive
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Figure 5: Data synthesis method. For each font type, 708 basic Chinese characters which contain various basic components are chosen to
synthesize overlapping scenarios. Handwritten characters and printed characters are then randomly paired and overlapped to constitute
data samples in training set. Synthesized in a similar way, the test set contains more Chinese characters and the character structure is
more complex. Each data sample has a corresponding ground truth (i.e., original printed or handwritten character) for evaluating
performance. The total size of the test set reaches approximately 12,200 unique overlapping characters.
Hei font
Synthesized overlapping
handwriting and printing

CycleGaN

Pix2pix

U-Net

OCR
OCR
Ground
ESRGAN result of DESRGAN result of
truth
DESRGAN
ESRGAN

Figure 6: Results of separating printed Chinese characters in Hei font. Columns from left to right: synthesized handwritten/printed
overlapped data sample in test set and results of separation of printed characters by CycleGAN, Pix2pix, U-Net, ESRGAN, and
DESRGAN. The ground truth and OCR recognition results are also provided. U-Net classiﬁes each pixel into one of two categories and
generates a binary image.

handwriting in a wide variety of styles. His algorithm
employs an augmentation that allows the network to generate data sequences conditioned on some high-level annotation sequence (e.g., a character string). Lian et al. [10]
propose a system to automatically synthesize personal handwriting for all (e.g., Chinese) characters in the font library.
Their work showed feasibility of learning style from a small
number (as few as 1%) of carefully selected samples handwritten by an ordinary person. Although the handwriting
fonts produced by their models have better visual eﬀects,
their oﬄine processing ﬂow requires the preparation of the
writing trajectory of each stroke for all characters, which
requires a lot of manual eﬀort. Zhang et al. [9] use a recurrent
neural network as a generative model for drawing Chinese
characters. Under their framework, a conditional generative
model with character embedding is employed to indicate
the RNN of the identity of the character to be generated.
The character embedding, which is jointly trained with the

generative model, essentially limits the model to search the
characters with similar writing trajectory (or similar shape)
in the embedded space. Chang et al. [26] formulate the Chinese handwritten character generation as a style learning
problem. Technically, they use CycleGAN to learn a mapping
from an existing printed font to a personalized handwritten
style. Our work referred to these methods to construct a dataset for training and evaluating the proposed DESRGAN.

3. Design
Based on the GAN architecture, our method is shown in
Figure 2. Given a Chinese character with noisy background
(e.g., overlapping), the generative network separates the targeted character, which can be printed or handwritten, from
the input image. Since each stroke in a Chinese character is
almost indispensable, extra attention should be paid to maintaining the integrity of the Chinese character structure. We
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Figure 7: Results of separating printed Chinese characters in Kai font. Critical stokes or ﬁne details of Chinese characters are clipped and
enlarged for further examination. Wrong recognition results by OCR tool are colored in red while the correct ones in green.
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Figure 8: Results of separating printed Chinese characters in Song font. Critical stokes or ﬁne details of Chinese characters are clipped and
enlarged for further examination. Wrong recognition results by OCR tool are colored in red while the correct ones in green.
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Figure 9: Results of separating printed Chinese characters in Imitation Song font. Critical stokes or ﬁne details of Chinese characters are
clipped and enlarged for further examination. Wrong recognition results by OCR tool are colored in red while the correct ones in green.

used a network structure similar to ESRGAN [19] as our
backbone network, with major modiﬁcations. The dense
connection structure of the ESRGAN generator network
directly transfers the Chinese character strokes and skeleton
information extracted from the intermediate layer to the subsequent layer. The proposed DESRGAN generator network
removed the original upsampling layer of the ESRGAN and
further replaced original convolution kernels with dilated
convolution kernels. VGG19 was used to implement the discriminator which validates whether the image generated by
the generative network is real or fake.
In ESRGAN, the loss function is a weighted sum of three
components: a perceptual loss Lpercep which measures the distance between the separated image and the ground truth
image features before activation in pretrained VGG19, an
adversarial loss LRa
G based on the probabilities of a relativistic
discriminator, and a content loss L1 = Exi kGðxi Þ − yk1 which
evaluates the 1-norm distance between separated printed or
handwritten character image Gðxi Þ and ground truth y.
The perceptual loss Lpercep is deﬁned as
Lpercep = ϕðxr Þ − ϕ x f


1

,

ð1Þ

where ϕð⋅Þ represents features before activation in pretrained
VGG19, xr stands for clean printed or handwritten character

image, x f = Gðxi Þ, and xi stands for the mixed image of handwritten and printed characters.
The adversarial loss for generator is deﬁned as

 

 
LRa
− Ex f log DRa x f , xr ,
G = −Exr log 1 − DRa xr , x f
ð2Þ
where DRa ðxr , x f Þ = σðCðxr Þ − E½Cðx f ÞÞ, σ is sigmoid function, CðxÞ is the nontransformed discriminator output, and
Ex f ½· represents the operation of taking average for all fake
data in the mini-batch.
Perceptual loss Lpercep plays an important role in computer vision tasks such as super resolution where the richness
of the details of the recovered image is critical. It is designed
to improve high-frequency details and avoid blurry and
unpleasant visual eﬀects. However, the goal we want to
achieve here is to separate the printed part from the overlapped handwriting as much as possible and indirectly
improve the recognition accuracy of subsequent OCR. With
regard to this, we believe that the overall structure of the
character and the integrity of the strokes are more important
than the high-frequency details for OCR tools. Take the case
in Figure 3 for example, due to the lack of a stroke in the center of the recovered image, OCR tools output the character
“九” other than the correct one “丸”.
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Figure 10: Results of separating handwritten Chinese characters from superimposed printed characters in Imitation Song font. Columns
from left to right: printed characters, synthesized handwritten/printed overlapped data sample in test set, results of ESRGAN and
DESRGAN, and ground truth. Stokes or ﬁne details of reconstructed handwriting are clipped and enlarged for further examination.

Therefore, a novel gradient-based loss term that can measure the integrity of the font skeleton was explored. Image
gradients are powerful shape features, widely used in computer vision tasks. Given an overlapping image I OL , the
recovered image GðI OL Þ, and its ground truth I GT , the gradients of GðI OL Þ and I GT were calculated, denoted as ∇GðI OL Þ
and ∇I GT , respectively. Instead of relying on whole image
level losses, we build on the ideas of gridding and maxpooling. As seen in Figure 3, the whole image area is divided
into a square gird (3 × 3 or 5 × 5) of cells fCi g, and the integrity loss was deﬁned as the largest mean square error between
∇GðI OL Þ and ∇I GT of each cell Ci
Lintegrity = max
Ci

2
1
OL 
〠 ∇I GT
x, y ,
x,y −∇G I
W i H i x,y∈C

ð3Þ

i

where W i and H i are the width and height of cell Ci . With
this strategy, the integrity of every cell of the skeleton is
evaluated. The integrity loss will locate the cell with severe
discrepancy between the recovered strokes and the ground
truth strokes.
Therefore, the total loss for the generator is
LG = Lpercep + λLRa
G + ηL1 + αLintegrity ,

ð4Þ

where λ, η, and α are the coeﬃcients to balance diﬀerent loss
terms.

4. Experiment Settings
4.1. Dataset. In this work, we focus on character-level separation techniques. To process a document, some existing
related technologies, such as layout analysis [27–29] and
connected-component analysis [30], can help locate character positions. Therefore, we assume that there are some
front-end modules that can help us roughly segment
printed characters from a complete document. For the
experiment, a dataset containing only overlapping printed
and handwritten characters was created, as described
below.
The handwritten character images used for synthesis
come from the CASIA HWDB (CASIA Handwritten
Database) 1.1 dataset [31], which contains images of 3755
commonly used Chinese character images written by 300 different writers. Speciﬁcally, we randomly chose handwritten
images from four diﬀerent writers (writer IDs 1003, 1062,
1187, and 1235) for synthesis.
The printed character images used in the synthesis
include images of the same 3,755 commonly used Chinese
characters listed in CASIA HWDB 1.1. In addition, basic
symbols (plus sign, minus sign, equal sign, and answer box)
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Figure 11: Results of separating handwritten characters from superimposed printed characters in Song font.

and Arabic numerals 0 to 9 were also added to the printed
image dataset, which contains a total of 3,769 characters.
For those 3,769 characters, they were printed on the A4 size
paper in four fonts (Song, Hei, Kai, and Imitation Song).
The printed paper was scanned and transferred to an image.
Then, the scanned image was cropped at the character level
to obtain the printed images for synthesis.
Existing researches on the pixel level separation of handwritten characters and printed characters are few. There is
currently no publicly available dataset of overlapped handwritten and printed characters with pixel-level annotations.
Therefore, this work uses handwritten character images and
printed character images to synthesize samples of handwritten characters overlapped with printed characters. As
Figure 4 shows, the method of image synthesis is to calculate
the minimum value of the gray value of the pixels of the two
images at the same position and use this minimum value as
the gray value of the corresponding pixel of the composite
picture.
The selected handwriting samples are paired with the
printed samples by random matching. The ﬁnal pairing
results are as follows: printed Hei is randomly paired with
the handwritten from CASIA HWDB writer ID 1003; printed
Song is randomly paired with the handwritten from CASIA
HWDB writer ID 1062; printed Kai randomly paired with

the handwritten from CASIA HWDB writer ID 1187; and
printed Imitation Song randomly paired with the handwritten from CASIA HWDB writer ID 1235.
On this basis, we refer to a 708 Chinese character set
that contains various basic components of Chinese characters proposed by Lian et al. [10] in the study of handwritten Chinese character synthesis [10] (the collection of
Chinese characters in their work contains a total of 775
characters, of which there are 67 unusual characters that
are not in the CASIA HWDB dataset). Images containing
these 708 Chinese characters also constitute the training
dataset during the training phase. We assume that the
model only needs to learn the features of these 708 Chinese characters to achieve the separation goal, rather than
learning the features of all 3769 characters. Reducing the
number of characters in the training set has a beneﬁcial
eﬀect on both data collection eﬀort and computation cost.
Therefore, shown in Figure 5, 708 corresponding samples
from handwriting samples and printed samples were
selected for random pairing synthesis as the training set.
The remaining samples are also taken as a test set by random pair synthesis. The resulting training set contains
2832 samples (708 samples for each font type), and the
test set contains 12244 samples. This dataset is used as
the dataset commonly used in all subsequent experiments.
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Figure 12: Results of separating handwritten characters from superimposed printed characters in Kai font.

4.2. Evaluation Metrics. Both intersection over Union (IoU)
and OCR accuracy were used as our evaluation metrics.
The separation of handwritten characters and printed characters can essentially be regarded as the semantic segmentation of a mixed image of handwritten and printed
characters. The most commonly used quantitative evaluation
metric in image semantic segmentation is IoU. Therefore,
IoU was used as one of the quantitative evaluation metrics
for evaluating the separation quality of handwriting and
printed characters.
Because this study is a pixel-level segmentation of handwritten printed mixed pictures, IoU is calculated by the number of pixels in the corresponding category (i.e., background
and printed). Before calculating IoU, the image is ﬁrst binarized, and the black area after binarization is regarded as the
printed area, and the white area is regarded as the background area. In the process of binarization, the Otsu algorithm is ﬁrst used to calculate the average binarization
threshold of all printed samples in the test set, and this single
threshold value is used for binarization of all samples. In our
synthesized dataset, the average binarization threshold calculated by the Otsu algorithm for the test set is 184. Finally, we
divide the intersection of the separated printed part (or
background) and the printed part (or background) in ground
truth by their union.
One of applications targeted by this study is the automatic grading of exam papers for primary and middle school

students. Therefore, the main purpose of separating handwritten characters from printed characters in this research
is to improve the recognition accuracy of the printed text
and handwritten text and to prevent the deterioration of recognition of the printed text due to the interference of handwritten strokes or characters on the exam paper. Therefore,
the accuracy of OCR for printed characters is used as another
quantitative evaluation metric for the separation of
handwritten and printed characters.
The OCR tool used to calculate the accuracy of OCR is
Chinese_OCR [32], which is open sourced on Github. This
model recognizes Chinese characters with high speed and
high accuracy. It is very suitable for evaluating the accuracy
of OCR of the separated printed samples. When calculating
the accuracy of OCR, because Chinese_OCR cannot detect
the text of a single character image, we had to ﬁrst horizontally concatenate every 25 samples into a long image for
OCR. Then, the correct number of characters was counted
and identiﬁed according to the character order in the long
image.
4.3. Model Training. The experiment was conducted on a PC
with Intel Xeon E5-2603 v3@1.600GHz CPU, NVIDIA Tesla
P40 24GB GPU, and 64GB memory. The PC runs the CentOS 7 operating system, and the deep learning framework
used is PyTorch 1.2.0.
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Figure 13: Results of separating handwritten characters from superimposed printed characters in Hei font.

In order to verify the eﬀectiveness of the DESRGAN
model, U-Net, Pix2pix, and CycleGAN which are commonly
used in image semantic segmentation were selected as a comparison. Both Pix2pix and CycleGAN models were trained
for 200 epochs with the batch size set to 1. The learning rate
of the ﬁrst 100 epochs remained at 0.0002, and the learning
rate of the last 100 epochs decayed linearly to 0. U-Net was
trained for 200 epochs with the batch size set to 100. The
learning rate was initially 0.01 and then dropped to tenth of
its value after every 50 epochs.
At the same time, we compared with ESRGAN to verify
the eﬀectiveness of the proposed modiﬁcation to ESRGAN.
Both ESRGAN and DESRGAN ﬁrst used L1 loss to train their
generators for 2500 epochs separately with the batch size set
to 16. The initial learning rate was 0.0002 and then halved
after every 200,000 iterations. Then, combined with the discriminator network, the training method of the GAN is used
to train 2500 epochs with the batch size set to 16. The initial
learning rate was 0.00001 and halved after the 50,000th,
100,000th, 200,000th, and 300,000th iterations. Throughout
our work, the coeﬃcient λ of adversarial loss LRa
G and the
coeﬃcient η of content loss L1 are set to 0.005 and 0.01,
respectively.

Table 1: IoU of the separation results of printed characters by
diﬀerent deep learning methods. The IoU of printed and the IoU
of background are ﬁrst calculated for each result against ground
truth in the test set and then averaged. The overall IoU is the
average of the ﬁrst two values.
IoU
Printed
Background
Overall

CycleGAN Pix2pix
0.631
0.869
0.750

0.755
0.935
0.845

UNet
0.697
0.910
0.803

ESRGAN DESRGAN
0.905
0.977
0.941

0.911
0.978
0.944

5. Results and Discussion
5.1. Visual Eﬀects of Separation Results. We veriﬁed several
deep learning methods including our proposed DESRGAN
and visually compared the separation results of Chinese characters in the test set. To understand the performance of separating printed Chinese characters from noisy background,
we synthesized handwritten/printed overlapped data samples
and tested ﬁve methods (i.e., CycleGAN, Pix2pix, U-Net,
ESRGAN, and DESRGAN). Figures 6–9 show the results of
these ﬁve methods, along with the separation ground truth.
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Table 2: Impact of the proposed loss function on IoU of the separated printed characters.
IoU
Printed
Background
Overall

DESRGAN without Lintegrity
0.911
0.978
0.944

DESRGAN + Lintegrity (α = 0:1) DESRGAN + Lintegrity (α = 1) DESRGAN + Lintegrity (α = 10)
0.913
0.979
0.946

0.912
0.978
0.945

0.910
0.978
0.944

Table 3: IoU of the separation results of handwritten characters.

To further understand the impact of a slight loss or increase
of strokes in the separation result, the recognition results of
OCR tool were additionally placed next to the separation
results.
Four popular printed Chinese font types were tested:
Hei, Kai, Song, and Imitation Song. For all tested font
types, ESRGAN and DESRGAN gave the most visually
pleasing results. As shown in Figures 6–9, other methods
could not completely eliminate handwriting strokes in
the separation result. However, not all fonts are designed
equal and some of them (i.e., Song font and Imitation
Song font) contain much thinner strokes. As a result, ESRGAN failed to reconstruct some seemly trivial strokes or
remove artifacts which are harder to distinguish from the
superimposed handwriting. The more complex the structure of Chinese characters or the greater the possibility
of similar structures, the easier it is for OCR tools to predict seemly correct but substantially wrong results. Only
DESRGAN gave separation results that produced most
successful OCR predictions (see Figures S1-S4 in the
Supplementary Material for more separation results of
printed characters).
Since DESRGAN can eﬀectively separate the printed
part from the overlapping image, the next question is
whether it is capable of the separating the handwritten
part. In essence, this task is more diﬃcult because the
handwriting style varies from person to person. For this
test, only ESRGAN and DESRGAN were compared
because the other three methods produce poor results.
We did not report recognition results because no suitable
OCR tool for handwriting recognition was found.
Figures 10–13 show the visual eﬀect of separating handwritten parts from superimposed printed characters in
four diﬀerent font types. The best separation eﬀect came
from the Imitation Song font (Figure 10) and the Song
font (Figure 11), while the Hei font gave the worst eﬀect
(Figure 13). We speculated that it is because the strokes
of printed characters in Hei font are thicker and the colors
are darker, which interfered more with handwritten characters. Nonetheless, DESRGAN produced less artifacts
and reconstructed better character structure than ESRGAN
(see Figures S5-S8 in the Supplementary Material for more
separation results of handwriting).
5.2. Quantitative Analysis. As shown in Table 1, the IoU of
the separation results of printed characters conﬁrmed the
previous visual eﬀect comparison. Both ESRGAN and DESRGAN achieved better results than other deep learning
methods, and DESRGAN has a small advantage over ESRGAN. It should be noted that through visual analysis, DESR-

IoU of handwriting
IoU of background
Overall IoU

ESRGAN

DESRGAN

0.830
0.952
0.891

0.834
0.953
0.894

GAN is better at restoring important details, which only
account for a small part of the total pixels.
In order to study the impact of the proposed loss function, we conducted experiments under three diﬀerent settings
(i.e., α = 0:1, α = 1, and α = 10). Table 2 shows that the proposed loss function had almost no impact on IoU. This is
in line with our expectations, because the main purpose of
the new loss function is to improve the overall structure of
the characters.
The IoU of separation of handwritten characters by ESRGAN and DESRGAN was also evaluated. Both models
received more than 10,000 overlapping Chinese characters
from which the handwriting parts were reconstructed individually. The IoU of separated handwriting and the IoU of
separated background were ﬁrst calculated for each result
against ground truth in the test set. Table 3 shows that DESRGAN achieved slightly better IoU results.
Table 4 shows that the superimposed handwriting has
a great negative impact on the accuracy of OCR. The
worst synthesized overlapping in Imitation Song font only
achieved zero accuracy. The separation results of ESRGAN and DESRGAN led to higher OCR accuracy than
those of CycleGAN, Pix2pix, and U-Net, which proved
the advantage of network structure in identifying characters from a noisy background. Furthermore, DESRGAN
achieved the highest OCR accuracy in three fonts (i.e.,
Kai, Song, and Imitation Song) thanks to better preservation of the strokes and basic skeleton of Chinese characters. Compared to ESRGAN, the proposed method
improved the OCR accuracy by more than 1% in Song
font and Imitation Song font which are more diﬃcult
to handle due to their thin strokes and light colors after
scanning. Except Imitation Song font, the recognition
accuracy rate of the OCR tool for the separation results
of DESRGAN has almost reached the level of recognition
of ground truth.
The impact of the proposed loss function on OCR
accuracy was also measured. As shown in Table 5, the
proposed loss component improved the OCR accuracy,
especially in the case of Imitation Song font. This result
coincides with previous visual analysis, where the OCR
results of Imitation Song font are susceptible to trivial loss
in characters most.
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Table 4: Recognition result of separated printed characters and ground truth by OCR tool.

Synthesized overlapping
CycleGAN
Pix2pix
U-Net
ESRGAN
DESRGAN
Ground truth

Hei font

Kai font

Song font

Imitation Song font

Average

0.288
0.615
0.909
0.622
0.966
0.964
0.968

0.001
0.063
0.831
0.587
0.962
0.971
0.981

0.020
0.129
0.507
0.296
0.925
0944
0.976

0.000
0.028
0.345
0.217
0.889
0.903
0.981

0.077
0.209
0.648
0.431
0.936
0.945
0.977

Table 5: Impact of the proposed loss function on OCR accuracy of separated printed characters.
Hei font

Kai font

Song font

Imitation Song font

Average

DESRGAN without Lintegrity

0.964

0.971

0.944

0.903

0.945

DESRGAN + Lintegrity (α = 0:1)

0.965

0.972

0.947

0.912

0.949

DESRGAN + Lintegrity (α = 1)

0.964

0.972

0.936

0.910

0.946

DESRGAN + Lintegrity (α = 10)

0.962

0.971

0.948

0.912

0.948

6. Conclusions
In summary, a method to separate Chinese characters from
noisy background where other characters are likely to overlap
was proposed. Our method reconstructed important strokes
and retained the overall structure in the complex Chinese
characters. The proposed method also allowed the OCR tool
to achieve better recognition accuracy. Those ﬁndings may
have great beneﬁts to scenarios such as test paper autoscoring
and advanced document analysis. Our future works include
studying how color of handwriting impacts separation process and applying to other writing system.
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