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Abstract— Scanned images of historical documents often suffer
from bleed-through, which refers to the ink on one side seeping
through the paper and appearing on the other side. In this
paper, a new conditional random field (CRF)-based method
is proposed to remove the bleed-through from the scanned
images of historical images. The proposed method only requires
the scanned image of one side, referred as a blind method.
In general, the scanned historical document image is composed of
three components: foreground, bleed-through, and background.
By assuming Gaussian distributions of the three components,
the proposed method establishes conditional probability distribu-
tion (CPD) models of the three components first. The parameters
of the component CPD models are estimated based on an initial
segmentation of the input image. Then, CRFs are used to capture
the relations between observed pixels in the scanned image and
the corresponding labels as well as the spatial relation between
the adjacent labels. The belief propagation algorithm is used
to calculate the probabilities of different labels for each pixel.
Once the labeling is completed by choosing the most possible
label for each pixel, the bleed-through component is removed
from the input historical image by a random-filling inpainting
algorithm. Experimental results on the real data set show that
the proposed method preserves the foreground component very
well and removes the bleed-through effectively.

Index Terms— Bleed-through removal, conditional random
fields, image inpainting, scanned image.

I. INTRODUCTION

NOWADAYS more and more historical documents are pre-
served by using a digital version, i.e., the scanned image

of the historical documents. This makes valuable historical
documents available for the public while keeping the original
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Fig. 1. An example of bleed-through removal. (a) the input image with
bleed-through; (b) the result of bleed-through removal.

documents safe. However the quality of the scanned images
is often reduced a lot by the degradations of the original
documents [1]. Particularly, in the double-sided manuscripts
the ink often seeps through the paper sheet and appears on the
other side. This is referred to as “bleed-through” [2], [3]. This
degradation may make the historical document images hard to
read for either human or machine. And it may also affect the
aesthetic quality of some valuable manuscripts. Bleed-through
removal aims to improve the quality of such scanned images.
Fig. 1 shows an example of the bleed-through removal.

So far, a variety of different methods have been proposed to
remove the bleed-though in the scanned image. The existing
methods can be classified into two categories: the non-blind
methods [2]–[5] and the blind methods [6]–[11]. The inputs
of non-blind bleed-through removal methods are the scanned
images of both sides of one page [4], and the two images
usually need to be aligned. Since registration of the two
scanned images of both sides is still an open issue, this task is
usually accomplished manually. The blind methods only take
the scanned image of the current side and avoid the registration
problem. In the past decade, a number of solutions has been
proposed for the blind bleed-through removal.

Tonazzini et al. [8], [9] formulated the problem as blind
source separation (BSS) and proposed an independent compo-
nent analysis (ICA) based method. The input scanned image
with bleed-through is regarded as a mixed signal of three
components: the foreground, bleed-through and background.
The latent component signals and their mixing matrix are
recovered by the ICA algorithm. Similar to the “cock-tail
party” problem, this method requires signals obtained by
different sensors from the same objects. In this case, each
channel of the input scanned image can be seen as the signal
from one sensor. Therefore, the input of the ICA based method
has to be more than one channel. This makes it directly
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available for the non-blind bleed-through removal, where the
two aligned images of both sides can act as two signals from
different sensors.

Apart from the ICA method, the same author also proposed
another method with Markov random fields (MRFs) and
Expectation Maximization (EM) algorithm in the BSS for-
mulism [10]. The mixing matrix and source vector are solved
by Maximum a Posteriori (MAP) estimation on the MRFs.
The MAP estimation is performed in an iterative manner with
the EM algorithm where the mixing matrix and the source
vector act as unobserved variables.

In the methods proposed by Tonazzini et al., the linear
model is used for the mixing of the source images. This model
may work for the show-through problem that the content of
both sides are superimposed together due to the thin paper.
However, this does not agree with the physical model of the
bleed-through where only part of the verso strokes appears on
the recto side.

Different from the signal separation formulism, Wolf formu-
lated blind bleed-through removal as an image segmentation
problem [11]. A model with two hidden MRFs and single
observation field was 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.

In the cases that the background is not concerned, the bleed-
through removal problem can be converted to the binarization
problem. The main concern is to segment the foreground pixels
as accurately as possible. The binarization of an image has
been under research for decades.

The existing binarization methods can be divided into
two categories: the global method [12]–[15] and local
method [17]–[23]. The representative of the former category
is Otsu’s method [15], which calculated a global threshold
by minimizing the intra-class variance. Wong and Sahoo pro-
posed to select the threshold by maximizing the entropy with
constraints of uniformity and shape measurement [16]. These
methods as well as many other global methods are highly
efficient in computation but can not deal with non-Gaussian
distributions. Sauvola and Pietikinen [23] proposed a classic
local thresholding method. Different thresholding strategies are
designed for local image patches with different homogeneity
property. Nafchi et al. [21] made use of phase-derived features
to determine the local threshold. And several preprocessing
and postprocessing procedures are used to deal with different
document degradations. The local method can handle the non-
Gaussian distribution like the uneven illumination and the
faded strokes. Since the thresholds for all the pixel have to
be calculated individually, the computation may be intensive.

In addition to the conventional binarization methods, several
researchers [24], [25] proposed more sophisticated methods
using the graph model and certain image priors to produce
more accurate binary images. Peng et al. extract the stroke
features with the Gabor filter and use the stroke orientation
prior with the CRF model [24]. The stroke orientation feature

is used to distinguish between the recto and verso strokes
in the associated potential and measure the consistence of
the adjacent pixels. In [25] by Su et al., the edge pixels of
the degraded document image are first detected by using a
combined method. Then, in the MRF model of the scanned
image, the edge map is used to compute the associated
potential and interaction potential. The two methods are good
examples of using priors of the scanned image to deal with
the uncertainties in the binarization problem.

In this paper, a new CRF based method is proposed by
using the intensity distribution of three components in the
scanned image as priors. Considering the large variance of
intensity and noise of different historical document images,
we avoid modeling the intensity distribution directly but build
conditional probability distribution model instead. The con-
ditional probability distributions (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 CRF method maximizes the probability
of each hidden node conditioned on the observation and the
hidden fields [26]. The belief propagation (BP) algorithm [27]
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. The CRF
model of the scanned image with bleed-through is introduced
in detail in Section II. Section III explains the proposed method
in detail. Experimental results are shown in Section IV. The
conclusive remarks are made in Section V.

II. CRF MODEL OF THE SCANNED IMAGE

As mentioned before, the scanned image with bleed-through
consists of three different components, i.e., the foreground,
bleed-through and background. In the image segmentation
formulation, each pixel of the scanned image is supposed to
belonging to one of the three classes. Thus, the input scanned
image I with bleed-through can be expressed as following

I = Ibk Mbk + Ire Mre + Ivo Mvo

s.t . Mbg ∪ Mre ∪ Mvo = 1 (1)

where Ibg , Ire and Ivo are the images of the background, recto
content and verso content respectively, and Mbg , Mre and Mvo

are the corresponding binary label masks.
CRF can be used to model the scanned image and the

corresponding labels. Fig. 2 shows the graphical structure of
the CRF model. The CRF model consists of the nodes and
edges between the nodes, denoted as G = (V , E) where V is
the node set and E is the edge set.

The node set V contains two types of nodes: the observa-
tions and the latent, written as V = (D, S) where D is the
observation set and S is the latent label set. One pixel of the
scanned image corresponds to one observation node di and
one latent node si . The value of the observation node is equal
to the value of the corresponding pixel and the latent node is
its label equal to one of three values: 0(foreground), 1(bleed-
through) and 2(background).
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Fig. 2. The graphic unit of the CRF model of the scanned image.

Corresponding to the two subsets of the nodes, the edges
of the graphical model also consist of two different subsets:
the fidelity edges E1 = {di ∼ si |di ∈ D, si ∈ S} and the
interaction edges E2 = {si ∼ s j |si ∈ S, s j ∈ S, j ∈ Ni }. The
fidelity edge is between the observation node and its latent
label node. In the CRF mode, the fidelity edges model the
probability of each label given the observations, i.e., P(si |di)
known as unary potentials. The interaction edges model the
correlation between the adjacent latent nodes. In the CRF
model, the influence of node s j on its adjacent node si

is described with the conditional probability P(si |s j ) also
called pairwise potential. By considering the fidelity of labels
to observations and the interactions between adjacent latent
nodes, the CRF model aims to determine the best labels of all
pixels by solving the following optimization problem

Ŝ = arg max
S

P(S|D, θ) (2)

where θ is the parameter vector of the unary and pairwise
potential.

III. CRF BASED BLIND BLEED-THROUGH REMOVAL

Fig. 3 is the overview of the proposed CRF based blind
bleed-through removal method. Architecturally, the proposed
method consists of three steps: component-wise CPD model-
ing, pixel-wise labeling with CRF, and random-fill inpainting.
For the foreground, background and bleed-through compo-
nents of the input image, logistic and Gaussian functions are
used to approximate the CPDs of the three components respec-
tively. The K-means algorithm is used to generate a coarse
labeling and the parameters of the component-wise model are
computed accordingly. Then a CRF 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,
an image inpainting algorithm, namely random-filling is pro-
posed to replace the bleed-through regions with background
pixels to ensure natural transition across boundaries of these
regions.

A. Component-Wise CPD Modeling

MRFs maximize the joint probability to determine value
of the hidden nodes, while CRF maximize the conditional
probability of the hidden values conditioned on the obser-
vations [28]. Different from MRFs, CRF avoid modeling of
the generative model which may be too complicated and
focus the discriminative model that is closely related to the
concerned problem. Since the images with bleed-through may
also contain other degradations, such as uneven illuminations,
grainy noise and fainted strokes, it is very difficult to build an
accurate generative model of the scanned image. Therefore, in
the proposed method, the CPDs of the three components of
the scanned image is described with a discriminative model.
The parameters of the model are estimated according to an
initial classification.

1) Component-Wise Models: As shown in Fig. 1(a), the
main difference between the foreground, bleed-through and
background is the pixel intensity. The foreground text is the
darkest. The bleed-through is brighter and the background
is the brightest. Intuitively, the pixel with smaller intensity
may have larger probability belonging to the foreground text.
Similarly, the background tends to have larger intensities. For
the bleed-through pixels, they should have larger intensity than
the foreground since not all the ink goes through the paper.

To determine the proper functions used to approximate the
CPD of each component, we also observe the pseudo CPD of a
small number of scanned images with groundtruth labels. The
intensity distribution of the whole image, foreground region,
bleed-through region and background region are computed and
denoted as H (d), H (s = 0, d), H (s = 1, d) and H (s = 2, d),
respectively. Then the pseudo CPD of each component can be
computed as follows:

P̂(s = 0|d) = H (s = 0, d)

H (d)
(3)

P̂(s = 1|d) = H (s = 1, d)

H (d)
(4)

P̂(s = 2|d) = H (s = 2, d)

H (d)
(5)

where s is the label and d is the observed intensity value.
P̂(s = 0|d), P̂(s = 1|d) and P̂(s = 2|d) are the pseudo
conditional probability distributions of the foreground, bleed-
through and background components accordingly.

Fig. 4 shows an example of component-wise CPDs of the
real image. The pseudo CPDs in blue in Fig. 4 are calculated
on a real scanned image with groundtruth. Inspired by the
shape of the pseudo 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

Z(1+ e
d−u0

σ0 )

(6)

P(s = 1|d) = 1

Z
e
− (d−u1)2

2σ2
1 (7)

P(s = 2|d) = 1

Z(1+ e
u2−d

σ2 )

(8)
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Fig. 3. The proposed conditional random fields based bleed-through removal method.

Fig. 4. The CPD functions inspired by the groundtruth CPD of the three components in the scanned images. (a) the scanned historical images with bleed-
through; (b) the foreground component P(s = 0|d); (c) the bleed-through component P(s = 1|d); (d) the background component P(s = 2|d). The blue line
is the CPDs calculated by (3), (4) and (5) on the real scanned image. The red line is the approximated CPDs modeled by (6), (7) and (8).

where (u0, u1, u2) and (σ0, σ1, σ2) are the parameters of
the CPD models, and Z is the normalization factor. Fig. 4
shows an example of the pseudo CPDs of a real image and
the proposed componentwise CPD model.

2) Parameter Estimation: To calculate the parameter
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 back-
ground components are denoted as c0, c1 and c2, respectively.

To reduce computational load and avoid uncertainty, the ini-
tial centers of the K-means algorithm is not selected randomly.
Assuming background occupies most of the input scanned
image, we calculate the histogram of the input image H
and choose the intensity of most pixels to be the center of
background c2. Then, the pixels with greater intensity values
than c2 are used to estimate the standard deviation of the
background as follows:

σ2 =
√
√
√
√

∑

j :d j>c2
(d j − c2)2

∑N
k=1 1{dk > c2}

(9)

where σ2 is the standard deviation of the background, N is
the total number of pixels in the input image, and 1{} is the
indicator function. After the background is coarsely modeled
with the Gaussian distribution G(c2, σ2), the background
component is subtracted from the histogram of the scanned
image.

Hr(d) = H (d)− G(d, c2, σ2) (10)

Thus, the remaining histogram Hr makes a typical bi-model
one and the minimal intra-class variance method can be used to
calculate the threshold between foreground and bleed-though.
The initial centers of foreground and bleed-through component
can be computed accordingly.

Since the coarse segmentation may contain too many incor-
rect 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. By fixing the conditional probability at the centers of
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each component, the CPD model can be written as follows

P(s = 0|c0) = 1

1+ e
c0−u0

σ0

= δ00 (11)

P(s = 0|c1) = 1

1+ e
c1−u0

σ0

= δ01 (12)

P(s = 2|c2) = 1

1+ e
u2−c2

σ2

= δ22 (13)

P(s = 2|c1) = 1

1+ e
u2−c1

σ2

= δ21 (14)

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. Then the parameters of the CPD model are calculated
as follows:

u0 =
c1 ln( 1

δ00
− 1)− c0 ln( 1

δ01
− 1)

ln( 1
δ00
− 1)− ln( 1

δ01
− 1)

(15)

σ0 = c1 − u0

ln( 1
δ01
− 1)

(16)

u2 =
c1 ln( 1

δ22
− 1)− c2 ln( 1

δ21
− 1)

ln( 1
δ22
− 1)− ln( 1

δ21
− 1)

(17)

σ2 = u2 − c1

ln( 1
δ21
− 1)

(18)

To further simplify the parameter selection, we always choose
the parameter value to make δ00 = δ22 = Pmax and δ01 =
δ21 = Pmin . Since the bleed-through component is modeled
with Gaussian function, the parameters u1 and σ1 are estimated
with the mean and standard deviation of the initial bleed-
through component.

B. Pixel-Wise Labeling With CRF

The CRF model of the input scanned image consists of
one hidden field and one observation field. To determine the
values of the latent nodes, the aforementioned optimization
problem (2) is written as follows

Ŝ = arg max
si

∏

i

P(si |D, S) (19)

where si is the value of the i th hidden node. Furthermore, due
to the Markov property of the hidden field, it yields

P(si |D, S) = P(si |di ,�i )

= P(si |di )
∏

s j∈�i

∑

s j

P(si |s j )P(s j |d j ,� j )

(20)

where �i is the neighbor nodes of si in the hidden field,
P(si |di ) is the unary potential and P(si |s j ) is the pair-
wise potential. The unary potential is computed with the
component-wise CPD models as described above. The pair-
wise potential is given as a matrix A ∈ R3×3 whose element
ai j = P(si |s j ). The pairwise potential matrix A is a diagonally
dominant matrix since it must ensure the smoothness of the
hidden field by assigning large values to the diagonal elements

Fig. 5. Belief propagation on the CRF model of the scanned image. The
blue node is the target hidden node. The red nodes are its neighbors in the
hidden field and the green nodes are the message sources of s j .

of A, i.e., the self-transition probabilities. Thus, the pairwise
potential matrix A is written as follows

ai j =
{

βi i f i = j

0.5(1− βi ) otherwi se
(21)

where i = 0, 1, 2, j = 0, 1, 2 and βi is the self-transition
factor representing the probability of two adjacent nodes
belonging to the same class for the i th component.

For each hidden node, the conditional distribution is com-
puted and the candidate value with the largest conditional
probability value is taken as the label of the corresponding
pixel. However, for the random fields with loops, it is com-
putationally intractable to calculate P(si |D, S). The solution
to this problem can be approximated by a message passing
algorithm called belief propagation(BP) [27]. It provides an
approximate solution for inference for the hidden nodes of
the graph with cycles.

The BP algorithm updates the probability of each candidate
value of the hidden node in an alternative manner. As shown in
Fig. 5, at each alternation, the neighbor hidden node updates its
message to target hidden node by using the received messages
and its observation. With the iteration process going on, the
messages passing to the target node contains information
collected within a larger and larger local region. The message
update can be described as follows

M
si←s j
k =

∑

s j

P(si |s j )P(s j |d j )
∏

sp∈� j ;p �=i

M
s j←sp

k−1 (22)

where M
si←s j
k is the message passing from s j to si at the kth

iteration, P(si |s j ) corresponds to the pairwise potential and
P(s j |d j ) corresponds to the unary potential.

C. Random-Fill Inpainting

After the label of each pixel is determined by CRF based
algorithm, a RF inpainting algorithm is proposed to restore the
bleed-through regions. The RF inpainting algorithm aims to
remove the bleed-through component and blend these regions
with the background. Each pixel in the bleed-through regions
is replaced by a background pixel randomly selected within
the local window. This process can be described as following

dbt
k = R(Wk ∩ Dbg) (23)

where R() is the random selection operation, dbt
k is the bleed-

through pixel to be processed, Wk is the local window around
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Algorithm 1 Bleed-Through Region Inpainting With
RF Algorithm

Fig. 6. The examples of the images from the Irish manuscript image dataset
used in the experiments.

TABLE I

PARAMETER SETTINGS OF THE PROPOSED METHOD

dbt
k and Dbg is the set of all the background pixels. The

proposed inpainting algorithm is described with Algorithm 1
in detail.

IV. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed method,
a scanned image dataset of Irish historical manuscript is
used [29]. The dataset contains 25 image pairs. Each image
pair consists of recto and verso image of the same page.
For each image, the foreground text is manually labeled
as groundtruth. In our experiment of blind bleed-through
removal, the recto images are taken as input while the verso
images are not used. The examples of the images used in the
experiment are shown in Fig. 6. Table I shows the parameter
values of the proposed method used for all the 25 images in
the experiments.

TABLE II

THE OBJECTIVE EVALUATION FOR THE RESULTS OF DIFFERENT
BLEED-THROUGH REMOVAL METHODS

A. Subjective and Objective Evaluations

Fig. 7 compares the labeling results of the proposed
CRF based method with the K-means clustering method and
Sauvola’s method [23]. From Fig. 7(b), it can be found
that the K-means method produces labels badly corrupted
by the noise. In Fig. 7(c), Sauvola’s method misclassifies
some bleed-through pixels to the foreground and have broken
foreground strokes due to large foreground variance. As shown
in Fig. 7(d), the proposed CRF based method preserves
the foreground strokes better than the other two methods.
Compared to the K-means method, the CRF based method
obtains better bleed-through regions with smooth contours.
Generally speaking, the proposed CRF 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.

To objectively evaluate the labeling performance of the
proposed method, three different metrics including Precision,
Recall and F-measure are computed according to the fore-
ground groundtruth provided in the dataset [29]. The three
metrics are computed as following

Precision = sum(Ŝ = 0 ∩ Sgt = 0)

sum(Ŝ = 0)
(24)

Recall = sum(Ŝ = 0 ∩ Sgt = 0)

sum(Sgt = 0)
(25)

F-measure = 2 ∗ Recall ∗ Precision

Recall+ Precision
(26)

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. Table II shows the
average objective metrics of different methods on the Irish
dataset. It can be found that the proposed CRF based method
obtains the best Recall and F-measure and the Precision of the
proposed method is also competitive.

Moreover, the true positive rate and false positive rate are
also calculated on each image.

Fig. 8 shows the restored bleed-through free images of
different methods. The results of the K-means method is
obtained by using the proposed RF inpainting algorithm.
The results of Sauvola’s method is generated by replacing
the non-foreground regions with the estimated background
intensity, i.e., the intensity with the largest number of pixels
in the non-foreground regions. Comparing Fig. 8(c) with
Fig. 8(a) and (b), it can be find that the results of the proposed
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Fig. 7. Labeling results of different methods. (a) the groundtruth; (b) K-means method; (c) Sauvola’s method [23]; (d) the proposed method. The foreground,
bleed-through and background are colored with blue, green and gray respectively.

method preserves the foreground component better than the
other two method and removes the bleed-through effectively.
By using the RF inpainting algorithm, transition across the
boundaries of the inpainted bleed-through regions are natural
and hardly perceived, 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.

B. Effects of Parameters

The component-wise CPD model is one of the most impor-
tant blocks of the proposed method. As shown in Table I,

it contains two parameters Pmax and Pmin . To further ana-
lyze the effect of the two parameters on the proposed
method, we produce labeling results with different values of
Pmax and Pmin . The objective metrics Precision and Recall
are computed for these labeling results and shown in Fig. 9.

From Fig. 9, it can be found that with Pmax and Pmin

decreasing, the Precision of the foreground labeling increases,
but the Recall decreases. According to the CPD model
described with (6), (7) and (8), when Pmax and Pmin decreases,
the estimated CPD model of foreground component shifts to
the smaller intensity end and the estimated CPD of bleed-
through component is not affected. This makes the pixels with
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Fig. 8. The restoration results of different bleed-through removal methods. (a) the original image; (b) K-means+RF; (c) Sauvola and Pietikinen [23]+non-
foreground replacement with background mean; (d) the proposed method.

medium intensity more likely to be classified to the bleed-
through component.

When the Pmax and Pmin are very small, only the pixels
with very small intensity are labeled as foreground. Since most
of the small intensity pixels are real foreground pixels, the
false alarm in the pixels labeled as foreground is quite small
and the Precision of the foreground labeling is very large.
However, not all the foreground pixels have small intensity,
the labeling with small Pmax and Pmin may miss-label the
foreground pixels with medium intensity as bleed-through.
This is the reason that the the Recall of foreground labeling
decreases when Pmax and Pmin decreases.

From Fig. 9(c), it can be found that the F-measure is not
very sensitive to different values of Pmax and Pmin unless

the Pmax is to small or the Pmin is too big. Since the Recall
of the foreground labeling is more important for foreground
preservation, we choose a relatively small value Pmin = 0.15
and a medium value Pmax = 0.85 as shown in Table I.

The self-transition factor β = [β0, β1, β2] is the para-
meter of the pairwise potential. It represents the conditional
probability of the two adjacent hidden nodes with the same
value. Since it is important to preserve the foreground text
as much as possible, β0 for the foreground component is
assigned to a value a little larger than the factors for the other
two components. Fig. 10 shows the objective metrics of the
foreground labeling with different β0 values. It can be found
that the Recall increases and the Precision decreases when
the value of β0 increases. When β0 becomes larger than 0.9,
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Fig. 9. The effect of Pmax and Pmin on the labeling results of the proposed method. (a) Precision with different values of Pmax and Pmin ; (b) Recall with
different values of Pmax and Pmin ; (c) F-measure with different values of Pmax and Pmin .

Fig. 10. The objective metrics of foreground labeling with different
foreground self-transition factor β0 for the BP algorithm(β1 = β2 = 0.8).

the Precision drops dramatically, which may misclassify too
much bleed-through into the foreground. Therefore, β0 is set
to 0.9 larger than β1 = β2 = 0.8 in the experiment as shown
in Table I.

The number of iterations for the BP algorithm is another
important parameter of the proposed method. Fig. 11 shows
the objective metrics of foreground labeling with different
iteration number. The Precision, Recall and F-measure of
foreground labeling are the mean value of 25 different images.

Fig. 11 shows that with the increment of iteration number,
the Precision declines while the Recall and F-measure become
better. The Precision and Recall at the 1st iteration shows the
initial labeling tends to miss some foreground pixels rather
than accept false positive. With the iteration keeping on,
more and more foreground pixels are found but some false
positive are also brought at the same time. After 20 iterations,
the F-measure begin to stay at the stable values. Compared
with the metric values after the 1st iteration, the Recall
improves by 0.12 while the Precision decreases by 0.03. The
iteration process improves the foreground labeling by finding
the foreground pixels at a cost of introducing a little false
positive. The iteration number is set to 20 to preserve the
foreground content.

In addition, the receiver operating characteristic (ROC)
is also computed to evaluate the effects of parameters

Fig. 11. The objective metrics of foreground labeling with different number
of iterations Niter for the BP algorithm.

Fig. 12. The ROC curves of foreground labeling with different values
of β0 and Niter for the BP algorithm. The steps of β0 and Niter are
0.05 and 5 respectively.

β0 and Niter . Fig. 12 shows the ROC curves for different
values of β0 and Niter respectively. With β0 increasing at
step of 0.05, both the false positive rate (FPR) and true
positive rate (TPR) increase. The value of β0 to strike a
balance between the two metrics is near 0.9. The ROC curve
for iteration number Niter shows that the labeling results
converges with the increment of the iteration number. The
labeling results vary very slightly after the 20th iteration.
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Fig. 13. Some restored results of the proposed bleed-through removal method
on the DIBCO dataset. (a) the original images; (b) the restored bleed-through
free images.

Fig. 14. The degradations the proposed method can not handle currently.
The original scanned images are in the top row, and the restored results of
the proposed method are in the bottom row. (a) severe bleed-through; (b) thin
and fainted strokes; (c) strong uneven illumination.

C. Limitations of the Method on Different Degradations

The Irish manuscript image dataset mainly contains degra-
dations like bleed-through, slight uneven illumination and
random noise. To evaluate the performance of the proposed
bleed-through removal method on data with different degra-
dations, we selected all the images with bleed-through from
the well-known document image binarization contest (DIBCO)
dataset,1 i.e., 12 images with bleed-through and other possible
degradations. Table III shows the objective evaluation of the
results of the proposed method on this dataset. Fig. 13 shows
some restored results of the proposed bleed-through removal
method.

Although the proposed method produces high quality bleed-
though free results for most images, it may produce unsatisfied
results in some cases due to the presence of some degradations.
Fig. 14 shows several types of degradations which may lead to
failure of the proposed method. As can be seen from Fig. 14,
the degradations the proposed method can not handle include
severe bleed-through, thin fainted strokes and strong uneven
illumination.

1http://utopia.duth.gr/%7Eipratika/DIBCO2013/resources.html

TABLE III

THE OBJECTIVE EVALUATION FOR THE RESULTS OF THE
PROPOSED METHOD ON THE DIBCO SUBSET

Severe bleed-through and strong uneven illumination fail
the proposed method by producing highly correlated intensity
distributions of foreground and bleed-through. The severe
bleed-through tends to bring in false positive in the foreground,
while the faint strokes probably lead to missing foreground
pixels. To tackle such degradations, the bleed-through removal
may need more image priors and sophisticated learning strat-
egy. For example, the bleed-through and character recognition
may be coupled to learn the content of the image and use
it to constrain the pixel-wise labeling simultaneously. The
strong uneven illumination produces bimodal distribution in
each component, which may bring in broken strokes and
bleed-through residuals in the restored result. To reduce the
negative effect, a preprocessing step should be used to unify
the illumination of the input image.

D. Computational Cost

The most computational part of the proposed method is
the belief propagation algorithm for the CRF. On the laptop
PC with 2.2GHz CPU and 2G RAM, the input image with
1048×1330 costs 27.5 seconds. More specifically, the para-
meter estimation costs 1s, the belief propagation 21.5s, and
the inpainting block 5s. Since the data is not correlated within
each iteration of the belief propagation algorithm, therefore
this block can be accelerated significantly by using GPU or
parallel computing technique.

V. CONCLUSIONS

A new CRF based bleed-through removal method is pro-
posed in this paper. First, the input scanned historical doc-
ument 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
segmentation. Then the CRF model is established for the
input image 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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