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Abstract—Due to the quality of paper and long-time preser-
vation, the ink on one side of the historical documents often
seeps through and appears on the other side. In this paper,
a new blind ink bleed-through removal method is proposed to
deal with the scanned historical document images. The scanned
historical document image generally consists of three components:
foreground, bleed-through and background. In the proposed
method, conditional probability distribution (CPD) models of
the three components are firstly established by statistics. Then,
conditional random fields (CRFs) are used to model the observed
scanned image and the corresponding labels. For each input
scanned image, parameters of the component-wise CPD models
are estimated and belief propagation is performed on the CRFs
model to determine the most possible labels. Once the bleed-
through component is found, an inpainting algorithm is proposed
to remove the ink bleed-through from the input historical image.
Experimental results show that the proposed method preserves
the foreground component very well and removes the bleed-
through effectively.

I. INTRODUCTION

Nowadays most historical documents are preserved by us-
ing a digital version. The paper pages are scanned to generate a
picture of those historical documents, i.e., the scanned images
of historical documents. Due to the paper quality and long
preservation time, many double-sided historical documents
suffer from ink bleed-through, which refers to that the ink
seeped through the paper and reveals on the other side of the
same page. This may make the historical documents hard to
read manually or automatically. And it may also affect the
aesthetic quality of some valuable manuscripts. Fig. 1 shows
an example of the bleed-through removal.

To solve this problem, a variety of different methods
are proposed to remove the ink bleed-through. The existing
methods can be categorized into two categories: the blind
methods [1], [2] and the non-blind methods [3], [4]. The
non-blind bleed-through removal methods usually require two
aligned images of both sides of one page [4], while the blind
methods only take one. Since registration of the two scanned
images of both sides is still an open issue, this task is usually
accomplished manually. To avoid the registration problem, a
lot of efforts have been devoted to the blind methods in the
past decade.

(a) (b)

Fig. 1. An example of bleed-through removal. (a) the input image with
bleed-through; (b) the bleed-through removal result.

A. Tonazzini et al. address the problem in the signal
processing field by using blind source separation (BSS) [5].
The input scanned image with bleed-through is regarded as a
mixed signal, i.e., a mixture of the foreground, bleed-through
and background. The independent component analysis (ICA)
algorithm is used to compute the weights of the component
signals in the mixed signal (image pixel). This method requires
color scanned image because it need signals collected by
different sensors from the same objects. In the case of color
scanned image, the input signals are the different channels of
the input image. Therefore, the ICA method is also suitable
for the non-blind bleed-through removal.

Apart from the ICA method, the same author also proposed
to solve the BSS problem with Markov random fields (MRFs)
and EM algorithm [6]. The mixing matrix and source vector
are solved by MAP estimation on the MRFs. And the MAP
estimation is performed in an iterative manner with EM
algorithm where the mixing matrix and the source vector act
as unobserved variables.

Different from A. Tonazzini’s signal separation formulism,
C. Wolf formulates blind bleed-through removal as an image
segmentation problem [7]. A model with two hidden MRFs
and single observation field is proposed, where the two hidden
MRFs are binary. Each MRF and the observation field make
a typical image segmentation problem which can be solved
by maximum flow algorithm. Since both segmentation prob-
lems are limited by the same irregular nodes, an alternating
optimization algorithm was proposed to estimate the hidden
values, i.e., labels corresponding to the pixels.

Considering the large variance of intensity and noise of
different historical document images, a CRFs based method
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Fig. 2. The proposed conditional random fields based bleed-through removal method.

is proposed in this paper. The CPDs of the foreground,
background and bleed-through components are modeled by
using logistic function and Gaussian function respectively. The
hidden layer in the graph model of the input image is also
assumed to have the Markov property. Different from the
MRFs method, the CRFs method maximizes the probability
of each hidden node conditioned on the observation and the
hidden fields [8]. The belief propagation (BP) algorithm [9]
is used to estimate the probability of different values of
the hidden node. Finally, a random filling (RF) algorithm is
proposed to restore the bleed-through regions. The rest of this
paper is organized as follows. Section II explains the proposed
method in detail. Experimental results are shown in Section III.
The conclusive remarks are made in Section IV.

II. CRFS BASED BLIND BLEED-THROUGH REMOVAL

Fig. 2 is the overview of the proposed CRFs based blind
bleed-through removal method. Architecturally, the proposed
method consists of three blocks: component-wise CPD model-
ing, pixel-wise labeling with CRFs and random-fill inpainting.
For the foreground, background and bleed-through components
of the input image, logistic and Gaussian function are used to
approximate the CPDs of the three components respectively. A
K-means algorithm is used to generate a coarse labeling and
the parameters of the component-wise model are computed
accordingly. Then a CRFs model is established for the input
image, where each node in the hidden Markov field has three
label values corresponding to the three different components.
The most possible candidate values for all the hidden nodes
are chosen by using the BP algorithm. Finally, the detected
bleed-through regions are inpainted by RF algorithm to ensure
natural transition across boundaries of these regions.

A. Component-wise CPD Modeling

1) Component-wise Models: To model the CPD of each
component, we firstly observe the CPDs of a small number of
scanned images with groundtruth labels from the dataset, and
then choose proper functions to approximate each component.
Histograms of the whole image, foreground region, bleed-
through region and background region are computed and
denoted as H , Hfg , Hbt and Hbg , respectively. Then the CPD
of each component can be computed as follows:

P (s = 0|d) = Hfg

H
(1)

P (s = 1|d) = Hbt

H
(2)

(a) (b) (c)

Fig. 3. An example of conditional probability distributions of the three
components. (a) foreground component P (s = 0|d); (b) bleed-through
component P (s = 1|d); (c) background component P (s = 2|d). The blue
line is the CPDs calculated by (1), (2) and (3) on the real scanned image; The
red line is the CPDs approximated by (4), (5) and (6).

P (s = 2|d) = Hbg

H
(3)

where s is the label and d is the observed intensity value.
P (s = 0|d), P (s = 1|d) and P (s = 2|d) are the conditional
probability distributions of the foreground, bleed-through and
background components accordingly. Fig. 3 shows an example
of component-wise CPDs of the real image. The red lines in
Fig. 3 are calculated on a real scanned image with groundtruth.
Inspired by the shape of the three CPDs, we choose logistic
function to model the foreground and background CPDs, and
Gaussian function for the bleed-through. The model of the
three CPDs are written as follows:

P (s = 0|d) = 1

1 + e
d−u0
σ0

(4)

P (s = 1|d) = ϕe
− (d−u1)2

2σ2
1 (5)

P (s = 2|d) = 1

1 + e
u2−d
σ2

(6)

where ϕ, (u0, u1, u2) and (σ0, σ1, σ2) are the parameters of
the CPD models. From Fig. 3, it can be found the CPD models
fit the real-data CPDs very well.

2) Parameter Estimation: In order to calculate the param-
eter values of the input scanned image without groundtruth, a
K-means segmentation is introduced to generate coarse labels.
The centers of the foreground, bleed-through and background
components are denoted as c0, c1 and c2, respectively. Since
the coarse segmentation may contains too many incorrect
labels, optimization algorithms like the least mean square error
algorithm are not suitable to estimate the parameters in the
present of too many outliers. Therefore, a simple parameter
estimation strategy is developed in the proposed method.
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Fig. 4. The graphic unit of the CRFs model of the scanned image.

By fixing the conditional probability at the centers of each
component, the parameters are calculated as follows:

u0 =
c1ln(

1
δ00
− 1)− c0ln( 1

δ01
− 1)

ln( 1
δ00
− 1)− ln( 1

δ01
− 1)

(7)

σ0 =
c1 − u0

ln( 1
δ01
− 1)

(8)

u2 =
c1ln(

1
δ22
− 1)− c2ln( 1

δ21
− 1)

ln( 1
δ22
− 1)− ln( 1

δ21
− 1)

(9)

σ2 =
u2 − c1

ln( 1
δ21
− 1)

(10)

where δ00 and δ01 are the CPD values of the foreground at c0
and c1, δ21 and δ22 are the CPD values of the background at c1
and c2. Since the bleed-through component is modeled with
Gaussian function, the parameters u1 and σ1 are the mean and
standard deviation of the bleed-through component.

B. Pixel-wise Labeling with CRFs

The CRFs model of the input scanned image consists of
one hidden Markov field and one observation field. Fig. 4
illustrates one graphic unit of the CRFs model. In the CRFs
model, one observation node and one hidden node correspond
to one pixel of the input scanned image. The value of the
observation node is the pixel value, and the hidden node value
is one of three values, i.e., 0(foreground), 1(bleed-through) and
2(background). The value of the hidden node is determined by
solving the following optimization function

ŝi = argmax
si

P (si|D,S) (11)

where si is the hidden node to be estimated, D is the
observation field, S is the hidden label field. Because of the
Markov property of the hidden field, it yields

P (si|D,S) = P (si|di, Ni)
= P (si|di)P (si|Ni)
= P (si|di)

∏
j∈Ni

P (si|sj)
(12)

where di is the corresponding observation node value of si
and Ni is the neighbor set of si in the hidden field. The
solution to this problem can be obtained approximately by the
BP algorithm [9].

TABLE I. PARAMETER SETTINGS OF THE PROPOSED METHOD

Block Parameter Value

Foreground model δ00 0.85
δ01 0.15

Background model δ21 0.15
δ22 0.85

Random filling r 30

(a) (b) (c)

Fig. 5. Labeling results of different methods. (a) original image; (b) K-means
clustering; (c) The proposed CRFs based method.

C. Random-Fill Inpainting

After the label of each pixel is determined by CRFs
based algorithm, an RF inpainting algorithm is proposed to
restore the bleed-through regions. Each pixel in the bleed-
through regions is replaced by the background pixel, which
is randomly selected within the local window. This process
can be described as following

dbtk = R(Wk ∩Dbg) (13)

where R is the random selection operation, dbtk is the bleed-
through pixel to be processed, Wk is the local window around
dbtk and Dbg is the set of all the background pixels.

III. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed method, an
Irish historical manuscript scanned image dataset is used [10].
The dataset contains 25 image pairs. Each image pair consists
of recto and verso image of the same page. In the experiment,
only the recto images are used. Table I shows the parameter
values of the proposed method used for all the images in the
experiments.

Fig. 5 compares the labeling results of the proposed CRFs
based method with the K-means clustering method. From Fig.
5(b), it can be found that the K-means method generate labels
badly corrupted by the noise. On the contrary, the proposed
CRFs based method produces label images with accurate and
smooth boundaries even though the input scanned historical
document images vary a lot in contrast and intensity.
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Fig. 6. Recall vs Precision of the foreground pixel labeling.

To objectively evaluate the labeling performance of the pro-
posed method, the metrics including Precision and Recall are
computed according to the foreground groundtruth provided in
the dataset. The two metrics are computed as following

Precision =
sum(Ŝ = 0 ∩ Sgt = 0)

sum(Ŝ = 0)
(14)

Recall =
sum(Ŝ = 0 ∩ Sgt = 0)

sum(Sgt = 0)
(15)

where Ŝ is the label set obtained by the proposed method,
and Sgt is the groundtruth label set. Since the bleed-through
regions in the recto images are usually different from the
foreground regions in the verso image, these metrics of the
bleed-through regions are not available.

Fig. 6 shows the foreground metrics on different images.
From Fig. 6, it can be found that the proposed method
obtains better Recalls than the K-means method but on some
images the precision is a little lower. To the scanned historical
document images, the foreground pixels should be preserved
as many as possible. Therefore, in this case, the Recall metric
should be more important than the Precision metric.

Fig. 7 show the final results of the proposed bleed-through
removal method. By comparing the Fig. 7(b) and 7(c), it can
be found that the proposed methods preserves the foreground
component better than the K-means method. And by using the
RF inpainting algorithm, the inpainted bleed-through regions
enjoy natural transition across the boundaries, even if the
background is very noisy. Note that although the input scanned
images vary a lot in contrast and intensity, the proposed method
removes the bleed-through effectively.

IV. CONCLUSION

A CRFs based bleed-through removal method is proposed
in this paper. Firstly, the input scanned historical document
image is coarsely segmented into foreground, bleed-through
and background regions. The parameters of the component-
wise CPD model are estimated based on the coarse segmenta-
tion. Then the CRFs model is established for the input image

(a) (b) (c)

Fig. 7. Results of different bleed-through removal methods. (a) the original
image; (b) K-means+RF; (c) the proposed method.

and the BP algorithm is used to compute the probabilities
of candidate values corresponding to the three components.
Finally, a random filling algorithm is developed to inpaint the
bleed-through regions. Experiments on real data show that the
proposed method preserves the foreground well and removes
the bleed-through region effectively.
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