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Abstract Degradations in document images appear due

to shadows, non-uniform illumination, ink bleed-through

and blur caused by humidity. Thresholding of such docu-

ment images either result in broken characters or detection

of false texts. Numerous algorithms exist that can separate

text and background efficiently in the textual regions of the

document; but portions of background are mistaken as text

in areas that hardly contain any text. This paper presents a

way to overcome these problems by a robust binarization

technique that recovers the text from a severely degraded

document images and thereby increases the accuracy of

optical character recognition systems. The proposed doc-

ument recovery algorithm efficiently removes degradations

from document images. Proposed work is based on the

fusion of two well known binarization methods: Gatos

et al. and Niblack, using dilation and logical AND opera-

tions. The results of our proposed binarization approach are

seen to be better when compared to five existing well

known approaches proposed by Otsu, Gatos et al., Niblack,

Souvola et al., and Bernsen using four evaluations mea-

sures: Execution time, F-measure, PSNR, and NRM.
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1 Introduction

There exist lots of handwritten and printed historical

manuscripts in libraries and museums in the world including

medieval manuscripts, books of the renaissance, author

manuscripts, old newspapers, archives, etc. [1]. Now day’s

old and historical documents are archived and preserved in

large quantities worldwide in digital form. A lot of research

effort has been dedicated to optical character recognition

(OCR) systems to convert paper information into digital.

Numbers of algorithms are available for this purpose and

many commercial OCR systems are now available in the

market. But most of these systems work on good quality

documents. There are not sufficient numbers of research

works for OCR that can handle degraded or poor quality

handwritten and printed documents.

Pre-processing is the most important steps of OCR sys-

tems. Pre-processing of poor quality documents is very

important for the accuracy of the other phases of OCR. Bi-

narization (thresholding) of document images is the first

most important step in pre-processing of poor quality scan-

ned documents to save all or maximum subcomponents such

us text, background and image [2]. Binarization computes

the threshold value that differentiate object and background

pixels [3]. The main advantage of binary images is that it

decreases computational load and increases efficiency of the

systems. Binary images can be obtained from gray level

images by binarization. Binarization of degraded document

images is not an easy task. The binarization is become more

difficult when there are a varying illumination, variance of

gray levels within the background and the object, inadequate

contrast, object shape, noise and size non-commensurate

with the scene. Degradations appear frequently and may

occur due to several reasons which range from the acquisi-

tion source type to environmental conditions.
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Binarization technique can be grouped into two cate-

gories: Global and Local. Global binarization methods pick

one threshold value for the entire document images which

is often based on an estimation of the background level

from the intensity histogram of the image. These methods

are very fast and produce good results. These methods fail

when there are non uniform illuminated document images.

Local (adaptive) binarization method uses different values

for each pixel according to the local area information.

These methods achieve good results even on severely

degraded documents, but they are often slow since the

computation of image features from the local neighbour-

hood is to be done for each image pixel.

The most well-known global method was introduced by

Otsu [4]. Trier Jain [5] evaluated goal directed binarization

Methods and shown that all well known existing algorithms

work good on constant illuminated document images but fails

in case of varying illumination. In general, global threshold-

ing performs well for documents where there is a clear sep-

aration between foreground and background. Unfortunately,

real life document images frequently exhibit various kinds of

degradations such as illumination contrast, stains and noise,

whichweaken any guarantee for such a separation.Gatos et al.

[6] proposed a method based on combination of multiple bi-

narization techniques but it fails in case of low illumination

images and produces broken characters. A method proposed

by Niblack [7] completely recovers text from degraded doc-

ument images but itmagnified background noise. Sauvola and

Pietikainen [8] proposed a similar algorithm bymaking some

assumptions based on the distribution of grey values associ-

ated with foreground and background pixels. Bernsen [9]

proposed a local thresholding method based on mean and

contrast information for the calculation of threshold over a

local region. The other existing studies on Binarization

algorithms are available in [10–16].

In this research work, we focused on the robust binari-

zation in recognition of degraded machine-printed as well

as handwritten Devanagari and Latin scripts documents.

The proposed technique of binarization to remove degra-

dations from degraded document images is based on the

fusion of two methods using dilation and logical AND

operations of image processing.

In the following sections, we present a detailed

description of the proposed methodology, as well as

experimental results that demonstrate the efficiency of the

proposed approach of binarization to recover text from

degraded images.

2 Proposed methodology

In the off-line OCR, handwritten and printed document

images to be recognized are captured by a sensor, for

example, a scanner or a camera. Pre-processing is always a

necessity whenever the document to be processed is noisy,

inconsistent or incomplete. Pre-processing significantly

improves the effectiveness of document analysis tech-

niques. The proposed methodology depends upon the

fusion of two well known binarization methods to recover

text from degraded document images. The architecture of

proposed methodology for binarization is shown in Fig. 1.

2.1 Gatos et al. method

Gatos proposed an algorithm [6] of binarization that is

based on the following distinct techniques.

2.1.1 Initial filtering

Noise reduction is essential step in preprocessing of poor

quality grayscale document images due to presence of

noisy text areas. Contrast enhancement and smoothing

between background and text areas are very important

issue before applying other steps of recovering text from

degraded and poor quality document images. For the initial

filtering, Gatos chosen the Wiener filter since it is a popular

filter for document enhancement [17] which has the ability

to reduce the noise, smooth the texture but, in the process,

also blur the texture. It also finds the ideal balance between

contrast enhancement and noise gain.

A low-pass adaptive wiener filter [17] based on statistics

estimated from a local neighborhood around each pixel.

The filtered grayscale image ‘I’ is obtained from source

grayscale image ‘Is’ according to formula:

I x; yð Þ ¼ lþ
r
2 � v2ð Þ Is x; yð Þ � lð Þ

r2
ð1Þ

Where l is the local mean, r2 is the variance at 3 9 3

neighbourhood around each pixel and m
2 is the average of

all estimated variance for each pixel in the neighbourhood.

An example result of wiener filtering is shown in Fig. 2.

2.1.2 Approximation of foreground and background

regions

A binary image S(x,y) is obtained from filtered gray image

I(x,y) by applying Sauvola et al. ’s [8] method using

k = 0.2 to calculate a approximation of foreground pixels.

To extract the binary image S(x, y), an image is processed

I(x, y), where 1’s correspond to the rough estimated fore-

ground regions.

An approximation of background surface B(x, y) of the

image I(x, y) is computed using the valuation of S(x, y)

image. For pixels that correspond to 0’s at image S(x, y),

the corresponding value at B(x, y) equals to I(x, y). For the

remaining pixels, the valuation of B(x, y) is computed by a
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neighboring pixel interpolation that is described in the

following equation

Bðx; yÞ ¼
I x; yð Þ; S x; yð Þ ¼ 0

G x; yð Þ; S x; yð Þ ¼ 1

�

ð2Þ

Where,

G x; yð Þ ¼

Pxþdx
ix¼x�dx

Pyþdy
iy¼y�dy

I ix; iyð Þ 1� S ix; iyð Þð Þð Þ
Pxþdx

ix¼x�dx

Pyþdy
iy¼y�dy

1� S ix; iyð Þð Þ
ð3Þ

The interpolation window size dx 9 dy is taken to cover

at least two image characters.

2.1.3 Binarization

Binary image T(x,y) can be obtained using equation:

T x; yð Þ ¼
1 if Bðx; yÞ � Iðx; yÞ\Td ðBðx; yÞÞ
0 otherwise

�

ð4Þ

Where Td is the threshold that must be changed

according to the gray-scale value of the background surface

B(x,y).

2.2 Niblack’s method

Niblack’s algorithm is also a local thresholding algorithm

[7]. The threshold value for a pixel is decided by local

mean and local standard deviation over a specific window

size around each pixel. The local threshold T(x,y) for pixel

(x,y) is calculated by formula:

T x; yð Þ ¼ m x; yð Þ þ k � s x; yð Þ ð5Þ

where m(x,y) and s(x,y) are the local mean and local

standard deviation of the pixels within the local window

region. The local window is rectangular in nature and pixel

(x,y) is the centre of it. The value of ‘k’ controls the

amount of text region inside the local window. To conserve

local details and handle local illumination level one

requires small window size but if choose too small window

size then it will not cover object and eliminate noise in the

gray image. Window size of 15 9 15 and k = -0.2 was

recommended by Trier and Jain [5].

2.3 Dilation on filtered image

Gatos et al. [6] proposed a binarization approach using all

of the above mentioned steps. The observations of Gatos

proposed approach, it removes degradations in document

images such as shadows, non-uniform illumination, low

contrast, large signal-dependent noise, smear and strain

from images but produces broken characters, variable

stroke width, in low resolution it completely removes the

character or word from the document image and slows in
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Fig. 1 An architecture of proposed methodology

Fig. 2 Wiener filtering
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case of high resolution documents. It is a contrast inde-

pendent binarization algorithm that efficiently extracts the

text and eliminates the background.

So, to overcome these flaws, we applied a morphologi-

cal dilation operation [17] on final filtered image, using

circular structuring element with 7 9 7, radius 3, to search

the text area on the binarized image.

2.4 Fusion of two binarization algorithms

The reason behind combining the Niblack’s approach [7]

with Gatos et al. [6] proposed approach is that Niblack’s

[7] method can distinguish the text from the background

in the area close to the text and labels some part of

background as text that is far from the text; it magnified

background noise. The main advantage of using Niblack

[7] method is that it completely recovers the text from

badly illuminated degraded images but produces large

noise in all degraded images and cannot separate back-

ground and foreground. The fusion of these two com-

plementary binarization approaches is to get a reliable,

robust and efficient binarization algorithm. We used an

output of Niblack’s [7] algorithm for AND operation

with dilated output image of equation number 4 (bina-

rized image). Logical AND operation is used to find the

regions close to the text. The Fig. 3 shows the all steps

of proposed approach to recover text from degraded

image.

3 Evaluation approaches

Execution time, F-measure, peak signal-to-noise ratio

(PSNR) and negative rate metric (NRM) were the standard

performance measurements used to evaluate above men-

tioned algorithms.

The first evaluation measure is execution time: time

spent by the system executing that task, including the time

spent executing run-time or system services on its behalf.

The second measure is F-measure: the weighted har-

monic mean of precision and recall. The equation of

F-measure is as follows:

Falpha ¼
1þ alphað Þ � precision � recall

alpha � precisionð Þ þ recallð Þ
ð6Þ

As the alpha value increases, the weight of recall

increases in the measure. When using precision and recall,

the set of possible labels for a given instance is divided into

two subsets, one of which is considered ‘‘relevant’’ for the

purposes of the metric. Recall is then computed as the

fraction of correct instances among all instances that actually

belong to the relevant subset, while precision is the fraction

of correct instances among those that the algorithm believes

to belong to the relevant subset.

The third evaluation measure is PSNR: the ratio between

the maximum possible power of a signal and the power of

corrupting noise that affects the fidelity of its representation.

PSNR ¼ 10 � log
C2

MSE

� �

ð7Þ

Fig. 3 Steps of fusion of two methods
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Where, Mean Squared Error:

MSE ¼

PM
x¼1

PN
y¼1 Iðx; yÞ � I0ðx; yÞð Þ2

MN
ð8Þ

I is the original and I’ is binarized image.

The fourth evaluation measure is NRM: based on pixel-

wise mismatches between the ground truth and observa-

tions in a frame.

NRM ¼
NRFN þ NRFP

2
ð9Þ

NRFN ¼
FN

FN þ TP
ð10Þ

Where

NRFP ¼
FP

FPþ TN
ð11Þ

and

where NRFN and NRFP denote the number of false

negative and false positive pixels respectively. TN and TP

are the number of true negatives and true positives.

4 Results and discussions

The proposed methodology of binarization was tested on

two sets of degraded document images. First dataset is

collected from old newspapers, old books, computer gen-

erated, internet [18–20] and camera captured document

images. All document images of first dataset contain dif-

ferent types of degradations such as variable background

and shadows, non-uniform illumination, ink bleed-through,

blur caused by humidity, different background complexity,

noise levels, and very low illumination. In second dataset,

we have used standard benchmark datasets: DIBCO

(Document Image Binarization Contest: DIBCO 2009,

Fig. 4 Sample images of both datasets
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Fig. 5 Starting from left to

right: a-1, a-2, and a-3 are the

input images, b-1, b-2, and b-3

are the binarized output images

of Otsu’s method, c-1, c-2, and

c-3 are the binarized output

images of Gatos’s method, d-1,

d-2, and d-3 are the binarized

output images of Niblack’s

method, e-1, e-2, and e-3 are the

output images of Bernsen’s

method, f-1, f-2, f-3 are output

images of Souvola’s, method,

g-1, g-2, and g-3 are the output

images of proposed binarization

method
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H-DIBCO 2010 and DIBCO 2011) series [21–23], which

include a variety of degraded document images. Sample

images of both datasets are shown in Fig. 4. The experi-

mental results of proposed approaches are shown in Figs. 5

and 6.

The observations are based on the two categories of

experiments, first is based on visual perception and second

is based on evaluation using four well known measures:

F-measure, PSNR and NRM. We compared the perfor-

mance of our methodology with five well-known binari-

zation techniques: one global and four local. We evaluated

and compared the following: Otsu’s global thresholding

method [4], Niblack’s [7], Gatos et al. [6], Sauvola and

Pietikainen [8], Bernsen’s Method [9], and our proposed

adaptive methods using above stated four well known

evaluation measures.

On the basis of visual observations from the results,

proposed binarization methodology over Otsu’s, Gatos

et al.’s, Niblack’s, Souvola et al.’s, Bernson et al.’s

methods are promising. Comparative experimental results

of binarization are shown in Fig. 5. In Fig. 5, starting from

left to right, a-1, a-2, and a-3 are the input images, b-1, b-2,

and b-3 are binarized output images of Otsu’s method, c-1,

c-2, and c-3 are binarized output images of Gatos’s

method, d-1, d-2, and d-3 are binarized output images of

Niblack’s method, e-1, e-2, and e-3 are output images of

Bernsen’s method, f-1, f-2, and f-3 are output images of

Souvola’s, method, g-1, g-2, and g-3 are output images of

proposed binarization method.

In the first set of experiment, which is based on the visual

perception, the results are shown that the Otsu’s method not

gives satisfactory results in any test input document image as

it is a global thresholding algorithm and degradations gener-

ally have local variance noise. We have compared Otsu’s

method just to show the comparison with at least one global

method. Gatos method is a contrast independent binarization

algorithm. It efficiently extracts the text and eliminates the

background and works only for degradations which occur due

to shadow, non-uniform illumination, low contrast, large

signal-dependent noise, smear and strain but fails in case of

low resolution documents, produces broken characters and

variable stroke width and slow in case of high resolution

documents. Niblack’s method completely recovers text from

degraded images but produces large noise, fails in the case of

poor contrast images, the text regions are eliminated and

cannot separate background and foreground. Bernsen’s

method produces large noise in all degraded images, fails in

the case of poor contrast images, text regions are eliminated,

and cannot separate background and foreground. Sauvola’s

method handles ink bleed-through and humidity exposed

images but produces broken text in other cases, which is not

suitable for OCR. Proposedmethod is superior to all four well

known adaptive methods. It does not fail in any of the deg-

radation conditions although it does not produce good results

in case of very low resolution and very poor contrast.

In the second set of experiment, we evaluated the fol-

lowing: Otsu’s global thresholding method [2], Niblack’s

adaptive thresholding method [8], Gatos et al. [6], Sauvola

and Pietikainen adaptive method [11], and our proposed

adaptive method using four well known evaluation mea-

sures: F-measure, PSNR and NRM. The evaluation results

are shown in Table 1. All the experiments are carried out

Fig. 6 DIBCO datasets results

CSIT (November 2014) 2(3):153–161 159

123



using the hardware specifications of GPU: GeForce 9500

GT, 1 MB DDR2, No of processors = 4, No of core = 32,

RAM 1 GB, frequency 1.35 GHz, DDR2 and CPU: Intel

Core 2 Duo, 2.66 GHZ, No of cores available = 2, No of

thread = 1, No of thread/core = 1, Physical Mem-

ory = 2 GB, DDR2.

The measures are calculated only for 15 degraded docu-

ment images (1800 9 1000 pixels) containing all four types

of degradations. The average values achieved from all docu-

ment images on all evaluationmeasures are shown inTable 1.

Table 1 shows that the execution time of Otsu’s, Gatos,

Niblack, Sauvola, Bernsen, and proposed method are 0.017,

9.53, 02.83, 02.92, 02.87, 12.34 s respectively. Otsu’s

method is the fastest method among others and proposed

method is slower than other methods. However, it is obvious

that Otsu’s method is global method which always is fastest

than local methods. Niblack’s method is the fastest method

among all four adaptive methods: Gatos, Niblack, Bernsen

and proposed. Proposed methodology is computationally

high but produces better results than others.

F-measure is 36.80 % for Otsu’s method, 72.63 % for

Gatos’s method, 47.92 % for Niblack’s method, 42.38 %

for Sauvola’s method, 54.32 % for Bernsen’s method, and

90.42 % for the proposed method. Proposed method’s

F-measure is the highest and Otsu’s contains the lowest

F-measure but in comparison with local methods, Sauvol-

a’s method produces the lowest F-measure.

PSNR is 07.68 db for Otsu’s method, 39.78 db for

Gatos’s method, 17.26 db for Niblack’s method, 29.34 db

for Sauvola’s method, 21.09 db for Bernsen’s method, and

40.42 db for the proposed method. Proposed method’s

PSNR, 40.42 db is the highest and Otsu’s contains the

lowest 07.68 PSNR, but in comparison with local methods,

Niblack’s method produces the lowest PSNR.

NRM is 27.21for Otsu’s method, 13.28 for Gatos’s

method, 14.35 for Niblack’s method, 32.29 for Sauvola’s

method, 11.21 for Bernsen’s method, and 7. 59 for the

proposed method. Proposed method’s NRM which is 7. 59,

the lowest and Souvola’s NRM is the highest 32.29. But in

comparison with local methods, Sauvola’s method pro-

duces the highest NRM.

5 Conclusions and future scope

In this paper, we proposed a robust approach for removing

degradations and recovering text from Latin and Devana-

gari machine printed and handwritten scanned document

images. Comparative experimental results of binarization

on numerous degraded document images, demonstrate the

efficiency of our proposed methodology. Our proposed

methodology of binarization fails in case of very low res-

olution images because it is a contrast independent bina-

rization algorithm.

Most of the document analysis and recognition works

reported are on good-quality documents. But still it remains

a highly challenging task to implement an OCR that works

under all possible conditions and gives highly accurate

results. Elaborate studies on poor-quality documents are

not much undertaken by the scientists in the development

of script independent OCR. Experiments should be made to

observe the effect of poor quality paper as well as noise of

various types, and take corrective measures.
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