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Abstract Document images often suffer from different
types of degradation that renders the document image
binarization a challenging task. This paper presents a doc-
ument image binarization technique that segments the text
from badly degraded document images accurately. The pro-
posed technique is based on the observations that the text
documents usually have a document background of the uni-
form color and texture and the document text within it has
a different intensity level compared with the surrounding
document background. Given a document image, the pro-
posed technique first estimates a document background sur-
face through an iterative polynomial smoothing procedure.
Different types of document degradation are then compen-
sated by using the estimated document background surface.
The text stroke edge is further detected from the compen-
sated document image by using L1-norm image gradient.
Finally, the document text is segmented by a local threshold
that is estimated based on the detected text stroke edges. The
proposed technique was submitted to the recent document
image binarization contest (DIBCO) held under the frame-
work of ICDAR 2009 and has achieved the top performance
among 43 algorithms that are submitted from 35 international
research groups.
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1 Introduction

Document image binarization is often performed in the pre-
processing stage of different document image processing
related applications such as optical character recognition
(OCR) and document image retrieval. It converts a gray-
scale document image into a binary document image and
accordingly facilitates the ensuing tasks such as document
skew estimation and document layout analysis. As more and
more text documents are scanned, fast and accurate document
image binarization is becoming increasingly important.

Though document image binarization has been studied for
many years, the thresholding of degraded document images
is still an unsolved problem. This can be explained by the
difficulty in modeling different types of document degrada-
tion such as uneven illumination, image contrast variation,
bleeding-through, and smear that exist within many docu-
ment images as illustrated in Fig. 1. The recent document
image binarization contest (DIBCO)1 held under the frame-
work of International Conference on Document Analysis and
Recognition (ICDAR) 2009 particularly addresses this issue
by creating a challenging benchmarking dataset and evaluat-
ing the recent advances in document image binarization. The
contest received 43 algorithms from 35 international research
groups, partially reflecting the current efforts on this task as
well as the common understanding that further efforts are
required for better document image binarization solutions.

1 http://users.iit.demokritos.gr/~bgat/DIBCO2009/benchmark.

123

http://users.iit.demokritos.gr/~bgat/DIBCO2009/benchmark


304 S. Lu et al.

Fig. 1 Example document images in DIBCO’s dataset that illustrate document degradation including bleeding-through in (a), image contrast
variation and smear in (b) and (c), and uneven illumination in (d)

A large number of document image thresholding tech-
niques [1,2] have been reported in the literature. For doc-
ument images of a good quality, global thresholding [3–6]
is capable of extracting the document text efficiently. But
for document images suffering from different types of doc-
ument degradation, adaptive thresholding, which estimates
a local threshold for each document image pixel, is usu-
ally capable of producing much better binarization results.
One typical adaptive thresholding approach is window based
[7–12], which estimates the local threshold based on image
pixels within a neighborhood window. However, the perfor-
mance of the window-based methods depends heavily on
the window size that cannot be determined properly without
prior knowledge of the text strokes. At the same time, some
window-based method such as Niblack’s [11] often intro-
duces a large amount of noise and some method such as
Sauvola’s [12] is very sensitive to the variation of the image
contrast between the document text and the document back-
ground.

Some adaptive document thresholding methods [13–18]
have also been reported that make use of the document-
specific domain knowledge. In particular, one adaptive

document thresholding approach is to first estimate a doc-
ument background surface and then estimate a threshold-
ing surface based on the estimated background surface. For
example, Gatos et al. [13] estimate the document background
surface based on the binary document image generated by
Sauvola’s thresholding method [12]. Moghaddam et al. [14]
instead estimate the document background surface through
an adaptive and iterative image averaging procedure. In addi-
tion, some adaptive document thresholding methods make
use of the image edges that can usually be detected around
the text stroke boundary. For example, Chen et al. [16] pro-
pose to first detect and close image edges and then obtain a
primary binary document images based on the determined
edge information. Moghaddam et al. [15] instead make use
of the edge profile to locate the text region and accordingly
estimate the local image threshold. Su et al. [17] also attempt
to locate the text stroke edges by using an image contrast that
is evaluated based on the local maximum and minimum.

This paper describes our algorithm submitted to the DIB-
CO 2009 that has achieved the top performance among the 43
submitted algorithms [19]. The submitted algorithm makes
use of both the document background and the text stroke
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edge information. In particular, it first estimates a document
background surface through an iterative polynomial smooth-
ing procedure. The variation of the image contrast resulting
from document degradation such as shading and smear is then
compensated by using the estimated document background
surface. The text stroke edges are then detected based on
the local image variation within the compensated document
image. After that, the document text is extracted based on the
local threshold that is estimated from the detected text stroke
edge pixels. At the end, a series of post-processing operations
are performed to further improve the binarization results.

One characteristic of our proposed method is that it
first estimates a document background surface through an
one-dimensional iterative polynomial smoothing procedure
[20]. Compared with the document background surface esti-
mated in [13,14], the document background surface esti-
mated through polynomial smoothing is smoother and closer
to the real document background surface. Therefore, it is
more suitable for the compensation of the variation of the
document image contrast that often results from certain doc-
ument degradation such as uneven illumination and smear.
In addition, the proposed method makes use of the text stroke
edges to estimate the local threshold and accordingly over-
comes the limitations of many existing adaptive threshold-
ing methods such as those window-based methods [7–12]
that often falsely detect text pixels from the document back-
ground. Furthermore, it makes use of L1-norm image gradi-
ent that is often more subitable (compared with the traditional
edge detector and the edge profile used in [15,16]) for the text
stroke edge detection based on our empirical observations.

The rest of this paper is arranged as follows: Section 2
first presents the proposed document binarization method in
detail. Experimental results are then described and discussed
in Sect. 3. Finally, some concluding remarks are summarized
in Sect. 4.

2 Proposed method

The section presents the proposed document image binariza-
tion method. In particular, we will divide this section into five
subsections, which deal with polynomial smoothing, docu-
ment background estimation, text stroke edge detection, local
threshold estimation, and post-processing, respectively.

2.1 Polynomial smoothing

The proposed technique makes use of a document back-
ground surface that is estimated through an iterative poly-
nomial smoothing procedure. We therefore first give a
brief introduction of smoothing and polynomial smooth-
ing. Smoothing is a process by which signals are weighted
within a local neighborhood window. For a series of signals

[s1, s2, . . . , sn], the new series of signals [ f1, f2, . . . , fn]
after the smoothing can be represented as follows:

fk =
∑

−n<i<n

wi sk+i (1)

where wi denotes the weighs and n denotes the size of the
local neighborhood window. Therefore, the smoothed signal
fk is actually a weighted combination of the original signal
sk and its neighbors within a neighborhood window.

The polynomial smoothing (also called Savitzky–Golay
smoothing [21]) aims to fit a least square polynomial func-
tion to the signals within a local neighborhood window. The
smoothed signal fk is estimated as the value of the fitted poly-
nomial function at the same coordinate. Given a set of data
within a local neighborhood window, the smoothing poly-
nomial function of order d can be represented in Eq. 2 as
follows:

f (x) =
d∑

i=0

ai s
i (2)

where [ad , . . . , a0] refer to the coefficients of the smooth-
ing polynomial function, which can be estimated from the
signals within the neighborhood window as follows:

A = (ST · S)−1 · ST · I (3)

where I refers to the signal within the local neighborhood
window and the matrix S is constructed as follows:

S =

⎛

⎜⎜⎜⎜⎜⎜⎝

1 s1 s2
1 · · · sd

1

1 s2 s2
2 · · · sd

2

...
...

...
...

1 sn s2
n · · · sd

n

⎞

⎟⎟⎟⎟⎟⎟⎠

where n refers to the number of signals within the local neigh-
borhood window.

2.2 Document background estimation

We estimate the document background surface through poly-
nomial smoothing. Polynomial smoothing has been used in
many different applications for the background surface esti-
mation. For example, Krzysztof et al. [22] make use of the
polynomial smoothing to estimate the fingerprint background
where a local two-dimensional polynomial surface is fitted
by using fingerprint pixels within a sliding window. Seeger
et al. [23] make use of the local polynomial smoothing to
estimate the background surface of the pre-detected docu-
ment text regions. In addition, we also studied the document
background estimation through two-dimensional polynomial
smoothing as reported in [24].

We implement the polynomial smoothing in a different
way. First, we estimate the document background surface
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through one-dimensional polynomial smoothing [20] that is
usually much faster (up to ten times) and also more accu-
rate than the two-dimensional polynomial smoothing [24].
Second, we perform the global polynomial smoothing, which
fits a smoothing polynomial to the image pixels within each
whole document row/column and therefore requires no pre-
detection of the text regions. As the text documents usually
have a background of the same color and texture, the global
smoothing polynomial is usually capable of tracking the
image variation within the document background accurately.
Third, we perform the polynomial smoothing iteratively that
updates the polynomial order and the data points adaptively
after each round of smoothing. The iterative smoothing fur-
ther improves the accuracy of the estimated document back-
ground surface.

In the proposed polynomial smoothing, a set of equidis-
tant pixels are first sampled from a document row/column.
The signal at each sampling pixel is estimated by the median
intensity of the document image pixels within a local one-
dimensional neighborhood window. The initial smoothing
setup can be specified as follows:

xi = ks × i

Si = fmdn([I (x frnd (i−ks )), . . . , I (x frnd (i+ks ))]),
i = 1, . . . , N (4)

where functions fmdn(·) and frnd(·) denote a median and a
rounding functions, respectively. xi and si refer to the posi-
tion of the i-th sampling pixel and the sampled image inten-
sity at that sampling pixel. The sampling index i changes
from 1 to N where N refers to the number of the image
pixels sampled from the document row/column under study.
Parameter ks denotes the sampling step. Our experiments
show that the document thresholding performance changes
little when ks changes from 1 to 6.

The background surface of the document row/column
under study can thus be estimated through an iterative poly-
nomial smoothing procedure specified in Algorithm 1.

As described in Algorithm 1, we pre-define a threshold
to stop the iterative polynomial smoothing procedure. In our
implemented system, the pre-defined threshold is set at 10
because the intensity difference between the document text
pixels and the document background pixels is usually much
larger than 10. In addition, we set the initial polynomial order
do at 6 based on the observation that the polynomial of order
6 in the initial iteration is usually sufficient to track the image
variation within the document background. Furthermore, we
increase the polynomial order adaptively (after each smooth-
ing iteration) as follows to estimate the document background
surface accurately:

dn = do + frnd(kt · n) (5)

Algorithm 1 Polynomial smoothing of one row/column of a
document image
Require:

One row/column document image pixels
Ensure:

A smoothing polynomial of the background of the document image
row/column under study

1: Sample the image data from the document row/column under study
as specified in Eq. 4.

2: Fit a smoothing polynomial of the initial order d0 to the sampled
image data.

3: Evaluate the maximum fitting error between the sampled data and
the fitted smoothing polynomial. Remove the sampling point with
the maximum fitting error if the maximum fitting error is larger than
a pre-defined threshold (to be discussed next).

4: Refit a smoothing polynomial of a higher order dn (to be discussed
next) to the remaining data points;

5: Repeat the previous two steps iteratively until the maximum fitting
error is smaller than the pre-defined threshold or the number of the
remaining data points is smaller than dn .

6: return The final smoothing polynomial

where n denotes the iteration number and frnd(·) refers to a
rounding function. do and dn denote the order of the initial
smoothing polynomial and the smoothing polynomial at the
nth iteration, respectively. Parameter kt specifies the increase
speed of the polynomial order that can be set between 0.1
and 0.2.

The blue graphs in Fig. 2a, b show the image pixel inten-
sity within the document row labeled in the document image
in Fig. 1a. The black graphs show the fitted initial and the
final smoothing polynomials as described in Algorithm 1.
As Fig. 2a shows, the initial smoothing polynomial does
not track the document background variation properly but
the one after multiple rounds of smoothing iterations tracks
the document background much more accurately. Figure 3a
further shows the document background surface estimated
through the row-by-row smoothing procedure. As Fig. 3a
shows, the background of most image rows is estimated accu-
rately except a small number of image rows.

We therefore further perform a column-by-column
smoothing procedure to correct the estimation error that is
introduced through the row-by-row smoothing procedure.
The column-by-column smoothing is very similar to the row-
by-row smoothing as described in Algorithm 1. The only
difference is that the image data are sampled not from the
original document image but from the document back-
ground surface estimated in the row-by-row smoothing stage.
Figure 3b shows the document background surface that is
estimated in the column-by-column smoothing procedure.
As Fig. 3b shows, the column-by-column smoothing prop-
erly corrects the error that is introduced in the row-by-row
smoothing procedure. The estimated document background
surface will be used in document image normalization as well
as post-processing to be described next.
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Fig. 2 Iterative polynomial smoothing: a The intensity of one image row (blue graph) labeled in Fig. 1a and the fitted initial smoothing polynomial
(black bold graph); b The final smoothing polynomial (black bold graph) after multiple rounds of smoothing of the image row labeled in Fig. 1a

Fig. 3 Document background surface estimation: a The document
background surface that is estimated through the row-by-row polyno-
mial smoothing procedure; b The final document background surface
that is estimated after the column-by-column smoothing procedure

2.3 Text stroke edge detection

The stroke edge as a strong text indicator has been used for
document image thresholding [15,16]. But for degraded doc-
ument images, stroke edges may not be detected properly
due to various types of document degradation. In particular,
certain amount of non-stroke edges may be detected due to
the high variation such as noise within the document back-
ground. At the same time, certain amount of real text stroke
edges may not be detected because of the low image contrast
that often results from different types of document degrada-
tion such as uneven illumination or document smear.

We detect the text stroke edges based on the local image
variation. Before the evaluation of the local image variation,
the “global” variation of the document image contrast (often
resulting from document degradation such as uneven illumi-
nation and smear) is first compensated so that the text stroke
edges can be better detected in the ensuing operations. The
document contrast compensatation is performed by using the
estimated document background surface described in the last
subsection as follows:

I = C

BG
× I (6)

where C is a constant that controls the brightness of the com-
pensated document images. In our implemented system, it is
set at the median intensity of the document image under study
to preserve the original document brightness. BG stands for
the estimated document background surface. The image vari-
ation within the document background can therefore be com-
pensated because the compensation factor, i.e., C

BG , will be
large at the dark document regions due to the relatively small
BG but will be small at the bright document regions because
of the relatively large BG.

Different text stroke edge detection methods have been
reported such as those using the traditional edge detector
[16] and edge profile [15]. However, we empirically observed
that many edge pixels detected by either the edge profile or
the traditional edge detector do not correspond to the real
text stroke edges within document images. Instead, the text
stroke edge pixels can be better detected from the ones that
have the maximum L1-norm image gradient in either hori-
zontal or vertical direction as follows:

Vh(x, y) = |I (x, y + 1) − I (x, y − 1)|
(7)

Vv(x, y) = |I (x + 1, y) − I (x − 1, y)|
where I denotes the normalized document image under study.
We therefore first detect a number of candidate text stroke
edge pixels by the ones that have the maximum L1-norm
image gradient in either horizontal or vertical direction.

The local image variation at each candidate text stroke
edge pixel is then evaluated by combining the L1-norm image
gradient in horizontal and vertical directions as follows:

V (x, y) = Vh(x, y) + Vv(x, y) (8)

where Vh(x, y) and Vv(x, y) denote the L1-norm image gra-
dient in horizontal and vertical direction as defined in Eq. 7.
For the sample document image in Figs. 1a, 4a shows the
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Fig. 4 Text stroke edge pixel detection: a The candidate stroke edge
pixels detected from the sample document in Fig. 1a; b The local image
variation of the candidate text stroke edge pixels in Fig. 4a; c The text
stroke edge detected through the thresholding of the image variation
histogram in Fig. 5

candidate text stroke edge pixels that are detected by the
ones having either the maximum Vh(x, y) or the maximum
Vv(x, y). Figure 4b shows the local image variation of the
detected candidate text stroke edge pixels as evaluated in
Eq. 8.

The histogram of the local image variation of the detected
candidate stroke edge pixels usually has a bimodal pattern.
In particular, the local image variation of the real stroke edge
pixels is much larger than that of the non-stroke edge pixels
such as those detected around the bleeding-through shown in
Fig. 4a, b. Figure 5 shows the histogram of the local image
variation of the candidate text stroke edge pixels shown in
Fig. 4a. As Fig. 5 shows, the peak on the left formed by
the non-stroke edge pixels has a small local image varia-
tion whereas the one on the right formed by the real text
stroke edge pixels has a much larger local image variation.
The real text stroke edge pixels can therefore be detected by
using Otsu’s global thresholding method [3] based on such
bimodal histogram pattern. For the detected candidate stroke
edge pixels in Fig. 4a, c shows the finally determined text
stroke edge pixels where most stroke edge pixels are deter-
mined properly.

2.4 Local threshold estimation

Once the text stroke edges are detected, the document text
can be extracted based on the observation that the document
text is surrounded by text stroke edges and also has a lower
intensity level compared with the detected stroke edge pix-
els. The document text is extracted based on the detected text
stroke edges as follows:

Fig. 5 The histogram that is built based on the local image variation
(defined in Eq. 8) of the detected candidate text stroke edge pixels shown
in Fig. 4b

R(x, y) =
{

0 Ne ≥ Nmin && x I (x, y) ≤ Emean

1 otherwise
(9)

where I refers to the normalized document image under
study. Ne refers to the number of the detected stroke edge
pixels within a local neighborhood window. Nmin denotes
a threshold that specifies the minimum number of detected
stroke edge pixels (within the neighborhood window) that is
required to consider the image pixel under study as a pos-
sible text pixel. Emean refers to the mean image intensity of
the detected stroke edge pixels within the local neighborhood
window that can be determined as follows:

Emean =
∑

neighbor I (x, y) ∗ (1 − E(x, y))

Ne
(10)

where E refers to the determined stroke edge image shown
in Fig. 4c. As Eq. 9 shows, the image pixel will be classified
as a text pixel if Ne is larger than Nmin and I (x, y) is smaller
than Emean. Otherwise, it will be classified as a background
pixel.

As described earlier, the performance of the proposed doc-
ument image binarization using the text stroke edges depends
on two parameters, namely the size of the neighborhood win-
dow and the minimum number of the text stroke edge pixels
within the neighborhood window Nmin. Both parameters are
closely related to the width of text strokes within the docu-
ment image under study. In particular, the size of the neigh-
borhood window should not be smaller than the text stroke
width. Otherwise, the text pixels in the interior of the text
strokes will not be extracted properly because there may not
be sufficient text stroke edge pixels within the local neighbor-
hood window. At the same time, the threshold number of the
text stroke edge pixels Nmin (within the local neighborhood
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Fig. 6 The histogram that records the frequency of the distance between the detected adjacent text stroke edge pixels shown in Fig. 4c

window) should be more or less larger than the window size
(if the window size is larger than the text stroke width) due
to the double-edge structure of the text strokes.

The text stroke width therefore needs to be estimated
before the document image thresholding. We estimate the
text stroke width based on the detected text stroke edges
shown in Fig. 4c. In particular, we scan the stroke edge image
row-by-row and record the distance between all adjacent
stroke edge pixel pairs in each row. The stroke width is then
estimated based on the recorded text stroke edge distance as
follows:

W = argmax
i

H (11)

where H denotes a histogram that accumulated the frequency
of the distance between two adjacent text stroke edge pixels.
Therefore, the text stroke width is estimated by the most
frequent distance within the built distance histogram. Such
estimation is based on two observations. First, the proposed
text stroke edge detection method is able to detect most text
stroke edges properly as illustrated in Fig. 4c. Second, for
most scanned text document images, the most frequent dis-
tance between adjacent stroke edges exactly corresponds to
the stroke width. For the detected text stroke edge pixels
shown in Fig. 4c, Fig. 6 shows the constructed edge distance
histogram where a global peak can be easily located.

The size of the thresholding window can therefore be
determined based on the estimated stroke width. Generally,
the document thresholding performance is not so sensitive
to the window size when the window size is bigger than
the real stroke width. Our experiments that change the win-
dow size from 0.5 to 6 times of the estimated stroke width
show that the thresholding performance changes little when
the window size changes from 1.5 to 4.5 times of the esti-
mated stroke width. The window size can therefore be set at

2–4 times of the estimated stroke width in practice. The edge
number threshold Nmin can be set around the same as the esti-
mated text stroke width based on the double-edge structure
of the text strokes. For the document image in Fig. 1a, Fig. 7
shows the resultant binary document image determined by
Eqs. 9 and 10 where the window size and the Nmin are set at
2 and 1 times of the estimated stroke width, respectively.

2.5 Post-processing

Document image thresholding often introduces a certain
amount of error as illustrated in Fig. 7 that can be corrected
through a series of post-processing operations. We correct the
document thresholding error by three post-processing oper-
ations based on the estimated document background surface
and some document domain knowledge. In particular, we first
remove text components (labeled through connected compo-
nent analysis) of a very small size that often result from image
noise such as salt and pepper noise. Based on the observation
that the real text components are usually composed of much
more than 3 pixels, we simply remove the text components
that contain no more than 3 pixels in our system.

Next, we remove the falsely detected text components
that have a relatively large size. The falsely detected text
components of a relatively large size are identified based on
the observation that they are usually much brighter than the

Fig. 7 Document image thresholding result: the binarization result of
the document image in Fig. 1a based on the detected text stroke edge
pixels in Fig. 4c
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Fig. 8 Single-pixel artifacts
along the text stroke boundary
after the document thresholding:
a–b The single-pixel concavity
and convexity along the text
stroke boundary where only
upward single-pixel artifacts are
plotted for the illustration
purpose; c The single-pixel hole
that is often detected from the
interior of the text strokes due to
image noise

Fig. 9 Binarization results of the sample document image in Fig. 1(a) by using Otsu’s method in (a), Niblack’s method in (b), Sauvola’s method
in (c), Gatos’s method in (d), Su’s method in (e), and our proposed method in (f)

surrounding real text strokes. We capture such observation
by the image difference between the labeled text component
and the corresponding patch within the estimated document
background surface as follows:

Diff(c) = |BGc − Ic| (12)

where Ic and BGc denote the intensity of the text compo-
nent under study and the value of the corresponding docu-
ment background region, respectively. In our system, we first
determine the median of the image difference of all labeled
text components. Based on our empirical experiments that
the image difference of the real text components is usually
much larger than 0.4 of the median image difference, the
falsely detected text components of a relatively large size
can therefore be identified and removed if their image differ-
ence is smaller than 0.2–0.4 of the median image difference
(set at 0.3 in our system).

Last, document image thresholding often introduces a
certain amount of single-pixel holes, concavities, and con-
vexities along the text stroke boundary. Figure 8 illustrates
the patterns of these single pixel defects where Fig. 8a, b
just show the pattern of upward convexities and concavities,
respectively. These single pixel defects are actually artifacts,
which can be removed by using certain logical operators that
can be simply set according to their neighborhood patterns

as illustrated in Fig. 8. For the binary document image in
Fig. 7, Fig. 9f shows the final binarization result after the
post-processing where most thresholding error is corrected
properly.

3 Experiments and discussion

3.1 Experiment setup

The described document image thresholding method has
been tested on the document images used in the DIBCO
2009 2 that suffer from different types of representative
document degradation shown in Fig. 1. In addition, we also
compare our method with five state-of-art document image
binarization methods including Otsu’s global thresholding
method [3], Niblack’s, Sauvola’s, Gatos’s, and Su’s adap-
tive thresholding methods [11–13,17]. The parameters of the
adaptive thresholding methods such as the window size, the
weights of local mean, standard variation, and dynamic range
of standard variation used in [11–13,17] are all set according
to the recommendations within the reported papers.

2 http://users.iit.demokritos.gr/~bgat/DIBCO2009/benchmark.
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3.2 Experimental results

The evaluation measures are adapted from the DIBCO report
[19] including F-measure, peak signal-to-noise ratio (PSNR),
negative rate metric (NRM), and misclassification penalty
metric (MPM). In particular, the F-measure is defined as
follows:

FM = 2 ∗ RC ∗ PR

RC + PR
(13)

where RC and PR refer the binarization recall and the
binarization precision, respectively. This metric measures
how well an algorithm can retrieve the desire pixels. The
PSNR is defined as follows:

PSNR = 10 log

(
C2

MSE

)
(14)

where MSE denotes the mean square error and C is a con-
stant and can be set at 1. This metric measures how close the
result image to the ground truth image. The NRM is defined
as follows:

NRM =
NFN

NFN+NTP
+ NFP

NFP+NTN

2
(15)

where NTP, NFP, NTN, NFN denote the number of true pos-
itives, false positives, true negatives, and false negatives
respectively. This metric measures pixel mismatch rate
between the ground truth image and result image. The MPM
is defined as follows:

MPM =
∑NFN

i=1 di
FN + ∑NFP

j=1 d j
FP

2D
(16)

where di
FN and d j

FP denote the distance of the i th false neg-
ative and the j th false positive pixel from the contour of the
ground truth segmentation. The normalization factor D is
the sum over all the pixel-to-contour distances of the ground
truth object. This metric measures how well the result image
represents the contour of ground truth image.

Experimental results are shown in Table 1. As Table 1
shows, our proposed method achieves the highest score in
F-measure, PSNR, and NRM and its MPM is only slightly
lower than Su’s method. This means that our proposed
method produces a higher overall precision and preserves
the text strokes better. In addition, our proposed method also
outperforms the 43 document thresholding algorithms sub-
mitted to the DIBCO 2009 [19]. Figures 9, 10, 11, and 12
further compare the binarization results of the four example
document images in Fig. 1 by using the six document bi-
narization methods. As the four figures show, our proposed
method extracts the text properly from the four document
images that suffer from different types of document degra-
dation. On the other hand, the performance of the other five
methods is generally more or less lower compared with the
proposed method.

Table 1 Experimental results of Otsu’s, Niblack’s, Sauvola’s, Gatos’s,
Su’s methods and our proposed method submitted to the DIBCO 2009

Methods F-measure (%) PSNR NRM (×10−2) MPM (×10−3)

Otsu’s 78.72 15.34 5.77 13.3

Niblack’s 55.82 9.89 16.40 61.5

Sauvola’s 85.41 16.39 6.94 3.2

Gatos’s 85.25 16.50 10 0.7

Su’s 91.06 18.50 7 0.3

Our proposed
method

91.24 18.66 4.31 0.55

In addition, experiments over DIBCO’s test dataset show
that the average execution time of the proposed method is
24 s (implemented in Matlab). In particular, most compu-
tation of the proposed method is spent on the document
background estimation that involves an iterative polynomial
smoothing procedure. The ensuing text stroke edge detection
is computational light because it just evaluates the L1-norm
image gradient within a 3 × 3 local neighborhood window.
The thresholding from the detected stroke edge pixels is
computational light as well because it only evaluates the
image mean at the text region that has a certain amount of
text stroke edge pixels around. As a comparison, the pro-
posed technique is much slower than Otsu’s global thres-
holding method. However, it is comparable to Niblack’s,
Sauvola’s, and Su’s methods and much faster than than
Gatos’s method.

3.3 Discussion

As described in Sect. 2, the proposed technique involves
a number of parameters. In particular, the document back-
ground estimation in Sect. 2.2 makes use of several param-
eters including the sampling step ks , the initial polynomial
order d0, and the order increase step kt . Generally, the esti-
mated document background surface has little variation when
d0 is set between 4 and 6 and kt is set between 0.1 and 0.2. The
sampling step ks has slight effects on the document threshold-
ing when it lies between 1 and 6. In most cases, a slight better
performance can be achieved when ks is set at a small number
such as 1 and 2 with the sacrifice of a high computation cost.
In addition, the local threshold estimation in Sect. 2.4 makes
use of several parameters as well including the thresholding
window size and the number of the edge pixels Nmin within
the thresholding window. In our implemented system, we set
the thresholding window size and Nmin at 2 and 1 times of the
estimated stroke width, respectively, based on our empirical
observations and the double-edge structure of the text strokes
as described in Sect. 2.4.

The superior performance of the proposed method can
be explained by several factors. First, the proposed method
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Fig. 10 Binarization results of the sample document image in Fig. 1b by using Otsu’s method in (a), Niblack’s method in (b), Sauvola’s method
in (c), Gatos’s method in (d), Su’s method in (e), and our proposed method in (f)

Fig. 11 Binarization results of the sample document image in Fig. 1c by using Otsu’s method in (a), Niblack’s method in (b), Sauvola’s method
in (c), Gatos’s method in (d), Su’s method in (e), and our proposed method in (f)

makes use of a document background surface that helps to
compensate the variation of the document background prop-
erly. In particular, the compensation greatly improves the
detection of the text stroke edge pixels. In addition, the esti-
mated document background surface also helps to remove
those falsely detected non-text components in the post-
processing stage. As a comparison, global thresholding such
as Otsu’s method [3] requires a bimodal histogram pat-
tern and so cannot handle the document images with severe
background variation as illustrated in Figs. 9, 10, 11, and
12a. Adaptive thresholding such as Niblack’s and Sauvola’s
[11,12] methods may either introduce a certain amount of
noise or fail to detect the document text with a low image
contrast shown in Figs. 9, 10, 11, and 12b, c. At the same
time, the document background surface estimated through
polynomial smoothing is also much smoother compared with
the ones in [13,14] and so more suitable for the document
degradation compensation.

Second, the proposed method estimates the local thresh-
old based on the detected stroke edge pixels. The use of
the text stroke edges improves the document thresholding as
the document text usually has a sharp and different intensity
level compared with the surrounding document background.
Therefore, those document regions without text stroke edges
will not be classified during the document thresholding pro-
cess. As a comparison, many reported methods [3,11,12]
often improperly classify a certain amount of text pixels from
the document background as illustrated in Figs. 9, 10, 11,
and 12. In addition, the proposed method detects the text
stroke edges from the pixels with the maximum L1-norm
image gradient. Our empirical experiments show that the
L1-norm image gradient usually outperforms the traditional
edge detector and edge profile [16,15] in text stroke edge
detection.

Third, the superior performance of our proposed method
is also partially due to the three post-processing operations
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Fig. 12 Binarization results of the sample document image in Fig. 1d by using Otsu’s method in (a), Niblack’s method in (b), Sauvola’s method
in (c), Gatos’s method in (d), Su’s method in (e), and our proposed method in (f)

as described in Sect. 2.5. With an estimated document back-
ground surface, most bright non-text components that are
falsely detected from the document background can be con-
veniently identified based on the image difference between
the document image at each labeled text component and the
corresponding background surface patch. At the same time,
document thresholding often introduces a certain amount of
single-pixel artifacts such as concavities, convexities, and
holes along the text stroke boundary as illustrated in Fig. 8.
The correction of such single-pixel artifacts more or less
improves the document thresholding performance in most
case.

On the other hand, the proposed document threshold-
ing method still has several limitations. First, the proposed
method can deal with the document bleeding-through shown
in Fig. 1a when the back-side text is fairly brighter compared
with the front-side text. But when the back-side text is as
dark as or even darker than the front-side text, the proposed
method cannot differentiate the two types of character strokes
properly. Second, the proposed technique is designed for the
binarization of scanned document images that have no or
weak slanting. But for the document text captured by digital
cameras that may have severe slanting, the performance of
the proposed document binarization method may degrade a
bit due to higher text stroke width variation resulting from
the severe document slanting. Third, the polynomial smooth-
ing is most suitable for the estimation and compensation of
the smooth variation within the document background such
as shading and smear of large size shown in Fig. 1b, c. But
it cannot handle the sharp variation of small size within the
document background such as the one resulting from the doc-
ument folding. We will study these three issues in our future
works.

4 Conclusion

This paper presents a document binarization technique that
makes use of the document background surface and the text
stroke edge information. In the proposed technique, an iter-
ative polynomial smoothing procedure is first implemented
to estimate a document background surface efficiently. The
stroke edges are then detected based on the local image var-
iation within the compensated document image by using
estimated document background surface. Finally, the local
threshold is estimated based on the detected stroke edge
pixels within a local neighborhood window. The proposed
method has been tested and compared with a number of
reported document thresholding methods. Experiments show
its superior performance which complies with the results of
the recent DIBCO contest.
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