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Abstract

Binarization is an important preprocessing step in sev-
eral document image processing tasks. Nowadays hand-
held camera devices are in widespread use, that allow fast
and flexible document image capturing. But, they may pro-
duce degraded grayscale image, especially due to bad shad-
ing or non-uniform illumination. State-of-the-art binariza-
tion techniques, which are designed for scanned images, do
not perform well on camera-captured documents. Further-
more, local adaptive binarization methods, like Niblack [1],
Sauvola [2], etc, are sensitive to free parameter values,
which are fixed for whole image. In this paper, we de-
scribe a novel binarization technique using ridges-guided
local binarization method, in which appropriate free pa-
rameter value(s) is(are) selected for each pixel depending
on the presence or absence of ridge(s) in the local neigh-
borhood of a pixel. Our method gives a novel way of auto-
matically selecting parameter values for local binarization
method, this improves binarization results for both scanned
and camera-captured document images relative to previous
methods. Experimental results on a subset of CBDAR 2007
document image dewarping contest dataset show a decrease
in OCR error rate using reported method with respect to
other stat-of-the-art bianrization methods.

1 Introduction

Most of the state-of-the-art document analysis systems

have been designed to work on binary images [3]. There-

fore, document image binarization is an important initial

step in most of the document image processing tasks, like

page segmentation [4], layout analysis [5, 6] or recognition.

Performance of these tasks heavily depends on the results

of binarization. The main objective of document image bi-

narization is to divide a grayscale or color document into

two groups, that are foreground text/images and clear back-

ground.

On one hand, cameras offer fast, easy and non-contact

document imaging as compared to scanners and are in more

common use nowadays. But on the other hand, the qual-

ity of camera-captured documents is worse as compared

to scanned documents because of the degradations which

are not very common in scanned images, like non-uniform

shading, image blurring and lighting variations. Due to this,

binarization of camera-captured documents is more chal-

lenging than scanned documents.

From decades, many different approaches for the bina-

rization of grayscale [7, 2, 8, 9, 1, 10, 11, 12, 13, 14] and

color [15, 16, 17] documents have been proposed in the

literature. Additionally, grayscale binarization techniques

can be applied by first converting the color documents into

grayscale. Grayscale binarization approaches can be clas-

sified into two main groups: i) global binarization methods

and ii) local binarization methods.

Global binarization methods, like Otsu [7], try to esti-

mate a single threshold value for the binarization of whole

document. Then based on the intensity values, each pixel is

assigned either to foreground or background. Global bina-

rization methods are computationally inexpensive and per-

form better for typical scanned document images. However,

they produce marginal noise artifacts if grayscale document

contains non-uniform illumination, which is usually present

in case of scanned thick book, came-captured document or

historical document.

Local binarization methods, like Sauvola [2], try to over-

come these problems by calculating threshold values for

each pixel differently using local neighborhood informa-

tion. They perform better on degraded document images

but are computationally slow and sensitive to the selec-

tion of window size and free parameter values [18]. Some

special techniques [11, 12, 13] based on local binarization

have been proposed recently for improving the binarization



results of degraded camera-captured and historical docu-

ments. In general these methods produce good bianriza-

tion results under non-uniform illumination as compared to

other types of local binarization methods, but are still sen-

sitive to free parameter values.

In this paper, we deal with the binarization of degraded

grayscale camera-captured document images. Here, we de-

scribe a local binarization method based on Sauvola’s bi-

narization method, which is less sensitive to free parameter

values. Unlike Sauvola’s method, instead of using the same

free parameter values for all pixels, we select different val-

ues for foreground and background pixels. We use ridges

detection technique for finding foreground regions informa-

tion.

The rest of the paper is organized as follows: Section

2 explains the technical and implementation details of our

binarization method. Section 3 deals with experimental re-

sults and section 4 describes conclusion.

2 Foreground-Background Guided Binariza-
tion

Researchers [19, 20] have evaluated different state-of-

the-art global and local binarization methods and reported

that Sauvola’s binarization method [2] is better than other

types of local binarization methods for degraded document

images. But the performance of local binarization meth-

ods is sensitive to free parameter values [18]. Our binariza-

tion method, presented here, is an extension of Sauvola’s

method. In section 2.1 we discuss about the Sauvola’s bi-

narization method and how to improve its performance by

selecting different free parameter values for foreground and

background pixels. In section 2.2 we describe the method

for detecting foreground regions using ridges. In section 2.3

we describe the guided Sauvola’s binarization method with

respect to foreground/background regions information. .

2.1 Local Binarization using Sauvola’s
method

Grayscale document images contain intensity values in

between 0 to 255. Unlike global binarization, local bina-

rization methods calculate a threshold t(x, y) for each pixel

such that

b(x, y) =
{

0 if g(x, y) ≤ t(x, y)
255 otherwise

(1)

The threshold t(x, y) is computed using the mean

μ(x, y) and standard deviation σ(x, y) of the pixel intensi-

ties in a w × w window centered around the pixel (x, y) in

Sauvola’s binarization method:

t(x, y) = μ(x, y)
[
1 + k

(
σ(x, y)

R
− 1

)]
(2)

where R is the maximum value of the standard deviation

(R = 128 for a grayscale document), and k is a parameter

which takes positive values. The formula (Equation 2) has

been designed in such a way that, the value of the thresh-

old is adapted according to the contrast in the local neigh-

borhood of the pixel using the local mean μ(x, y) and lo-

cal standard deviation σ(x, y). Because of this, it tries to

estimate appropriate threshold t(x, y) for each pixel under

both possible conditions: high and low contrast. In case

of local high contrast region (σ(x, y) ≈ R), the threshold

t(x, y) is nearly equal to μ(x, y). Under quite low contrast

region (σ << R), the threshold goes below the mean value

thereby successfully removing the relatively dark regions of

the background. The parameter k controls the value of the

threshold in the local window such that the higher the value

of k, the lower the threshold from the local mean m(x, y).

The statistical constraint in Equation 2 gives acceptable

results even for degraded documents. But, there is a con-

tradiction regarding the appropriate value of k in research

community. Badekas et al. [20] experimented with differ-

ent values and found that k = 0.34 gives the best results,

but Sauvola[2] and Sezgin[19] used k = 0.5.

We have analyzed Sauvola’s binarization method with

different values of k for degraded camera-captured docu-

ment images. Some of the experimental results are shown

in the Figure 1. These results clearly show the sensitiv-

ity of Sauvola’s binarization on the value of k. Addition-

ally, already reported values of k,i.e k = 0.5 [2, 19] and

k = 0.34 [20], do not give acceptable result under blurring

or non-uniform illuminations, as shown in Figure 1.

However, we have noticed that, k = 0.2 gives low noise

in the background but produces broken characters, shown

in Figures1(g) and 1(h). On the other hand, k = 0.05
gives good results for foreground text/images pixels with

unbroken characters but with some noise in the background,

as shown in Figures 1(i) and 1(j). These experiments al-

lows us to claim that, Sauvola’s method can perform better

on degraded documents, if we use different value of k for

each pixel depending upon its association with foreground

or background region.

In next section we describe the method of estimating

foreground region using ridges detection and in section 2.3

we describe the adaptation of Sauvola’s method using fore-

ground/background region information.



(a) Degraded camera-captured image with blurring. (b) Degraded camera-captured image with non-

uniform illumination.

(c) k = 0.5. (d) k = 0.5.

(e) k = 0.34. (f) k = 0.34.

(g) k = 0.2. (h) k = 0.2.

(i) k = 0.05. (j) k = 0.05.

Figure 1. Sauvola’s binarization results for different values of k. k = 0.5 is reported by Sauvola[2]
and Sezgin[19]. k = 0.34 is used by Badekas et al. [20]. We have selected k = 0.2 and k = 0.05.
With k = 0.2, results have cleaned-background and broken-foreground-characters. And with k = 0.05
results have uncleaned-background and unbroken-foreground-characters.



2.2 Foreground Regions detection using
Ridges

We have already described textline detection techniques

for handwritten and camera-captured documents using

ridges in [21, 22]. In this paper, we use this technique for

finding foreground regions, that are central lines structure

of textlines and drawings. Detection of foreground regions

using ridges is divided into two sub steps: (i) image

smoothing and (ii) ridges detection. Following sections

discuss these steps in detail.

2.2.1 Image Smoothing

Camera-captured document images contain variety of

curled textlines and drawings structure with respect to size

and orientation angle. Match filter bank approach has been

used for enhancing the structure of multi-oriented blood

vessels [23] and finger prints [24]. In [21, 22] , we have

described multi-oriented multi-scale anisotropic Gaussian

smoothing, based on matched filter bank approach, for

enhancing textlines structure. In this paper, we use multi-

oriented multi-scale anisotropic Gaussian smoothing for

enhancing curled textlines and drawings structure. A single

range is selected for both σx and σy , which is the function

of the height of the document image (H), that is aH to

bH with a < b. The suitable range for θ is from -45 to 45

degrees. From these ranges, a set of filters is generated for

different combinations of σx, σy and θ. This set of filters is

applied to each pixel of grayscale image and the maximum

resulting value is selected. Figures 2(a) and 2(b) show the

input and smoothed images respectively.

2.2.2 Ridges Detection

Multi-oriented multi-scale anisotropic Gaussian smoothing

enhances the foreground structure well, which is clearly

visible in Figure 2(b). Now the task is to find the fore-

ground regions information. Since decades, ridges detec-

tion has been popularly used for producing rich description

of significant features from smoothed grayscale images [25]

and speech-energy representation in time-frequency do-

main [26]. Ridges detection over smoothed image can

produce unbroken central lines structure of foreground

textlines/drawings. In this paper, Horn-Riley [25, 26] based

ridges detection approach is used. This approach is based

on the informations of local direction of gradient and sec-

ond derivatives as the measure of curvature. From these in-

formations, which are calculated by Hessian matrix, ridges

are detected by finding the zero-crossing of the appropriate

directional derivatives of smoothed image. Detected Ridges

over the smoothed image of Figure 2(b) are shown in Fig-

ure 2(c) and Figure 2(d). It is clearly visible in the Fig-

ure 2(c) that ridges are present where the foreground data

are present and each ridge covers the complete central line

structure of a foreground object.

2.3 Foreground-Background Guided
Sauvola’s Binarization

We have already discussed in section 2.1 that no sin-

gle value of parameter k in Sauvola’s method is suit-

able for different types of degraded camera-captured doc-

uments. But k = 0.05 gives good results for foreground

textlines/drawings with some background noise and k =
0.2 gives noise free background with broken characters, as

shown in Figure 1. Ridges have been detected in section

2.2, that give information about foreground data. There-

fore, instead of using fixed value of k for all pixels, we use

different values of k for foreground and background pixels

to improve the binarization result. We redefine Sauvola’s

binarization method, such that:

t(x, y) = μ(x, y)
[
1 + k(x,y)

(
σ(x, y)

R
− 1

)]
(3)

where k(x,y) is equal to 0.05 if ridge(s) is(are) present

in the local neighborhood window w × w window centered

around the pixel (x, y), otherwise equal to 0.2. After thresh-

olding, median filter is applied to remove the salt and pepper

noise. Binarization results based on foreground/background

guided Sauvola’s method are shown in Figures 2(e) and 2(f).

3 Experiments and Results

We evaluate our binarization approach on the hand-held

camera-captured document images dataset used in CBDAR

2007 for document image dewarping contest [27]. For this

purpose, we have selected 10 degraded documents from the

dataset. State-of-the-art Otsu’s [7] and Sauvola’s [2] bina-

rization methods are used for comparative evaluation. The

results of Otsu’s, Sauvola’s and foreground-background

guided Sauvola’s binarization methods on some example

documents are shown in Figure 3.

We compare the OCR error rate of all three binarization

methods for 10 selected documents. These documents have

non-planar shape, therefore we apply dewarping algorithm1

on the results of all three binarization methods. Then de-

warped documents of all methods are processed through a

commercial OCR system ABBYY Fine Reader 9.0. After

1We have described dewarping method using ridges based coupled-

snakes model, which is currently in review phase of CBDAR 2009.



(a) Input Image. (b) Smoothed Image generated by us-

ing match filter bank approach.

(c) Horn-Riley method [25, 26] is used

for detecting ridges.

(d) Closeup portion of detected ridges.

(e) Result of foreground/background

guided Sauvola’s binarization.

(f) Closeup portion of binarized result.

Figure 2. Binarization algorithm snapshots.



(a) Input Image (b) Input Image

(c) Otsu’s result (d) Otsu’s result

(e) Sauvola’s result (f) Sauvola’s result

(g) Guided-Binarization’s result (h) Guided-Binarization’s result

Figure 3. Binarization results of Otsu [7], Sauvola [2] and our Guided-Binarization. Note that Otsu’s
results have large amount of noise. For Sauvola’s binarization we have manually selected the appro-
priate paramerter values w = 15 and k = 0.15 for given dataset. Sauvola’s results (w = 15,k = 0.15)
have broken-characters for blured images. Our proposed guided binarization method shows better
results for both text and drawing regions, even in the presence of bluring.



obtaining text from the OCR software, the block edit dis-

tance2 with the ASCII ground-truth has been used as the

error measure. Table 1 shows the comparative results of all

methods with respect to mean edit distance, median edit dis-

tance and the number of documents for each algorithm on

which it has the lowest edit distance (in case of tie, all al-

gorithms having the lowest edit distance are scored for that

document).

4 Conclusion

In this paper we presented a novel way of automati-

cally selecting free parameter values for locally adaptive

binarization methods. Local binarization methods, like

Niblack’s [1] and Sauvola’s [2] binarization, use constant

values of free parameter for all pixels in the image and are

sensitive to these values. We overcome this sensitivity by

not using constant values of free parameters for all pixels.

We used different free parameter values in Sauvola’s meth-

ods for foreground and background pixels and achieved

promising results for degraded camera-captured documents

having blurring and non-uniform illumination. We have

also described the simple and efficient way of finding fore-

ground regions of document image using ridges detection.

Comparative results in Figure 3 and Table 1 show that,

our guided Sauvola’s method outperforms other state-of-

the-art global and local binarization methods for degraded

documents. Furthermore, our method of selecting free pa-

rameter values can also be used with other types of local

binarization techniques.
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