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On foreground - background separation in low quality

document images

Abstraet This paper deals with effective separation of fore-
ground and background in low quality document images suf-
fering from various types of degmdations ncluding scan-
ning noise, aging effects, uneven background, or foreground,
ete. The proposed algorithm shows an excellent adaptability
to tackle with these problems of uneven illumination and lo-
cal changes or nonunifonmity in background and foreground
colors, The approach is pomarily designed for (not restrcted
to) processing of color documents but it works well in the
gray scale domain wo. Test document set considers samples
(in color as well as in gray scale) of old historical docu-
ments including manuscrips of high importance. The data
sel used in this study consists of hundred images. These
images are selected from different sources including image
databases that had been scanned from working notebooks of
famous writers who used 1o write with guill or pencil gener-
ating very low contrast between foreground and background.
Evaluation of foreground extraction method has been judged
by computing the accuracy of extracting handwntten lines
and words from the test images. This evaluation shows that
the proposed method can extract lines and words with ac-
curacies of about 84% and 93%, respectively. Apart from
this quantitative method, a qualitative evaluation is also pre-
sented 1o compare the proposed method with one popular
techmgue for foreground/background separation in docu-
ment images.
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1 Intreduction

Binarization is considered as one of the important prepro-
cessing steps in document mage analysis (DLA) algorithms.
This is so because compared 1o gray or color information
the use of bikevel (foreground and background) information
decreases the computational complexity and thereby enables
the utilization of simplified analysis techniques. Therefore,
in the field of document image analysis efficient binariza-
tion has been a subject of intense research dunng last several
YEArs.

A number of echnigues have been proposed and found
application mainly in the gray-scale domain as research in
document processing has so far by and large been restrcied
o binary or gray-scale area only. On the other hand, with
the widespread development of input devices for color im-
ages, documents like books, magazines, newspapers, per-
sonal notebooks, histoncal documents, ete. are now ofien
stored into computers so that color information is preserved
on the digital data as it is. Therefore research dealing with
color documents has also gained considerable attention in
the mecent past.

With the introduction of color documents, binarization
and foreground — background separation induce a subtle dif-
ference between them, Though binarization essentially does
foreground — background separation in document mmages,
but as far as color documents are concerned, we view that
the later technique (ie. foreground/background separation)
refers o a more general aspect because color documents
very often contains foreground elements (and may be back-
ground too) in different colors. Therefore, apart from label-
ing the image pixels as foreground or background, it seems
to be more meaningful (and perhaps useful wo in many DLA
applications ) if different labels (depending upon their color
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similarity ) are mamtained within different foreground (back-
ground) entities.

However, binarization methods proposed for gray-scale
documents have not been well tested or extended for color
documents. Instead, a very few studies that have been pro-
posed for foreground extraction incolor documents are quite
different in nature from the raditional binarzation methods
and have been restricted to color domain only. In this sense,
a gap is observed regarding the generality of the binanza-
ton echniques concerming the apphication domamn (gray or
color) and a more general approach is therefore called for.

Moreover, generality of an approach, in many cases, suf-
fers wgarding the type (printed or handwntlen) of docu-
ments being processed. Though prnted documents, in gen-
eral, show a well-contrasted background and foreground,
such thing may not hold for many handwrilten manuscripts.
Furthermore, historical documents impose different types of
degradations including aging effect, noise, uneven illumina-
tion, etc. Many of the existiing approaches working in the
gray-scale domain have addressed some of these issues but
several other difficult sitwations still remain unaddressed.
For example, in many handwritten manuscripts of histori-
cal/literary interest, text has been written with guill or pencil
that sometimes does nol generate very well-contrasied fore-
eround. Moreover, stroke marks are very often spread over
the page background. Effective binarization in such cases
still remain a challengmg task.

This paper 15 aimed at addressing the above-mentioned
issues and bridging the observed gaps within ils capacity.
Initially, it presents a general binarization techmigques which
is primarily aimed for (but not restricted to) color docu-
ments and applicable o gray-scale as well. The algorithm is
designed for binarization of vareties of documents starting
from mages of well-contrasted foreground and background
to those suffered from many degradations like uneven illu-
mination, noise, aging effect, etc. Moreover, the approach is
applicable for printed as well as handwndtten manuscripts.
Afier binarization is achieved, the proposed technique at-
tempts o locate different regions (based on color similarity)
within the foreground part and give different labels o them
and thereby helping other immediate DLA applications like
page segmentation, text location, ele.

1.1 A brief survey of popular binarization and
foreground—back ground separation techniques

As mentioned earlier that binarization because of s impor-
tance has been a subject of inense research interest during
the last several years and summary of such lechnigques can be
found in several papers like ones in [1-4]. These technigues
have, so far, been applied for binanzation of grey-scale im-
ages but their potential for binarization of color documents
has not been properly imvestigated.

A major commonality observed in these techniques is
that most of them focus on one aspect of choosing thresh-
old either globally or locally. The global threshold selection
methods (e.g., [ 5, 6]) assumes the gray-level histogram s bi-

modal and then chooses a single threshold at valley point w
label pixels mo foreground or background classes, Experi-
ments show that such a technigue is simple and often effec-
tive too but breaks down when illumination, background or
noise charactenstcs are nonuniform. As a remedy 10 these
problems, local or adaptive thresholding schemes have been
proposed. In local thresholding, threshold values are deter-
mined locally, e.g., pixel by pixel, or region by egion.

In most cases, threshold is computed for every element
(ie. pixel or region) based on local swtistics [7]. For ex-
ample, the approach proposed by Niblack [Y] attempts 1o
vary the threshold over the image based on the local mean
and standard devianon computed in a small neighborhood
of each pixel. O'Gorman’s method [10] chooses the thresh-
old 1o optimize local connectivity whereas Tsai’s method [8]
tries choose threshold o preserve local low-order moments.
Liu and Snhari [11] used the global Otsu [ 5] algonthm to ob-
tain candidate thresholds. Then, texture features were mea-
sured from cach thresholded image, based on which the best
threshold was picked. Sauvola et al. classify page contents
to background, pictures and text prior o apply different ap-
proaches to define threshold for each pixel. Recently, Gatos
el al. [12] proposed another adapuve binanzation tec hnigque
for gray-scale images of low guality historical documents
where Niblack’s method [9] is initally applied to detect
foreground parts but final binarization result is improved us-
g several postprocessing steps.

On the other hand, some binarization or foreground ex-
traction techniques that have been proposed for color docu-
ment images are broadly based on color clusienng or color
segmentation principle and in this sense, they are quite dif-
ferent from traditional threshold selection algorithms. How-
ever, despite the large number of proposed algorithms for
color mage segmentation [14] only a handful of them have
found direct application for the document image processing.
This is 0 because use of classical segmentation algorithm
exhibit difficulties to tackle several document defects like
staing, humidity marks, degradation of ink, paper, ele. Large
size of color document images is another bottleneck for ef-
ficient use of the traditional segmentation strategies. Rather,
generic algorithms, in few cases, have been customized in
several ways for efficient background — foreground separa-
tion in color document images.

A few initial studies dealing with color documents con-
centrates on extraction of text parts. For example, studies by
Lopresti and Zhou [17], T. Peroud et al. [18], Wang and
Kangas [20], Loo et al. [23] ete. deal with locating and ex-
tracting text in color document images. These methods ane
by and large based on some color clustering approach (e.g.,
histogram-based color clustering [17, 18, 20], region grow-
ing [23]) followed by several other processing steps o locate
textual elements m a document image. Experiments have
been conducted on images of printed documents [ 18], of In-
ternet pages [17, 23], scene images from digital camera [20],
ete. Images are mostly well-contrasted and not very much
suffered from image defects that are generally observed in
historical documents,
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Table 1 Summary of binarization or foreground — background separation techniques

Catepory
some important works

Approach with references o

Pros and cons

Global thresholding

Assume histogram is bimodal

Simple to implement and often

(as vet finds application Threshold at valley point [5, 6], effective but breaks downs when
in gray-scale domain elc. illumination, background, noise
only) characteristics are nonunifomm.

Adaptive thresholding
(though so far has
been applied on gray-
scale document images el
but many approaches
under this category can
suitably be extended
to include color domainy

Color Clustering
{Has been used o extract
text or fore ground in
color document images)

Color clustering and

Compute threshold for every
pixel or region based on
local statistics; [4, 7-12].

segmentation approach is involved.
Several other processing steps

are designed to implement
required extraction, [17-27], etc.

Several methods are computationall v
very expensive. Sometimes, the
approaches used o model images
defects do not hold for real
life documents. Despite this,
many proposed methods demonstrate
their effectiveness in handling
difficult situations for binarization.

Mostly designed for specific
applications and lack in generality.
Some require extensive manual
imterventions that makes the methods
less attractive. However, application
of some technigues for processing
of historical documents result in
very interesting and encouraging
CUTOOITLES,

On the other hand, studies by He and Downton [24] and
Leydier et al. [25] are focused on separating foreground and
background in color document images. The approach pro-
posed in [24] works in HSV color space and color map in
a document 15 identified by a color gquantization algorithm
that quantizes image colors into six levels which are found
to include all distinet foreground and background colors for
a batch of archive documents on which the method has been
tested. The method tovolves a manuval registration of tem-
plate color maps. A foreground color is identified through
its matching with the emplate color maps by using a fuzey
color classification algorithm.

In another technique proposed by Leydier et al. [25],
foreground — background segmentation is achieved by a se-
nalized k-means algonthm. However, the approach imvolves
a manual intervention 1o set the number of logical classes
and the color samples for each logical class w initialize the
orginal centers of clustiers in the k-means algorithm [29)
which is applied on a sliding window (e.g. 6 x 6 ) so that the
segmentation 1s neighbor-dependent. Three parameters have
been used 1o take special measures o prevent class swap-
ping (which 1s often done by an unsupervised clustering al-
gorithm like k-means), 1o overcome local stains in the im-
age, and to control the serialization of the algonthm. The
algorthm has been tested with several ancient manuscript
mmages and 1t observed that the parameters along with the
window size which can have a heavy impact on the perfor-
mance of the algornthm as well as onthe computational time,

Interestingly, DjVu [27] implements an efficient fore-
ground — background separation though i the context of
compression. The approach 1s based on a muliscale bicolor
clustering algorithm by considenng several grids of increas-
ing resolution. Each successive grid delimits block whose
size is a fraction of the size of the blocks of the previ-

ous grid. The bicolor clustering algorithm is applied on the
blocks of the first grid and a foreground/background color
for each block i this grid 1s obtained. The blocks of the
nexl grids are then processed and this process continues un-
til convergence of the foreground and background colors,
This technique works quite well for a large category of doc-
uments in the gray as well as in color domam. However, it
fails n cases where documents contain low conirasted fore-
ground and background as observed in many handwritien
manuscrpts. Some demonstrations of such failure are illus-
trated in Sect. 3 that presents our experimental resulis,

Table 1 briefly presents the major binarization and fore-
ground exraction techniques. [t no way attempls Lo present
an exhaustive summary in this area. Rather, popular tech-
nigues are only referred, their relative strength, weaknesses
and domain of application are precised.

1.2 Our approach

To design a generic document image bnanzaton that works
in both gray and color domain and can still handle a variety
of degradation indocuments includmg historical ones (pages
from old printed books, handwritten manuscripts, microfilm
images, ele. ), we propose a new method that initally uses a
connecled component kibeling approach o capture the spa-
tally connected similar color pixels. This helps o rapidly
locate zones containing informaton of interest. Next, dom-
inant background components are detenmined looking at
their size (in terms of member pixels) and then the entire im-
age s divided into number of rectangular blocks (essentially
not disjoint and are of different sizes) one around each dom-
mant background components. These blocks represent local
uniformity of illumination, background, etc. and respective
foreground parts are treated against these local uniformities.
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This  provides
algonthm.

MNeut, blocks are arranged in a forest (collection of trees)
like structure as explained later in Sect. 2.4, Blocks in a tree
are hierarchically connected and parent-child relation is es-
tablished based on their size and geometrde layoul (disjoint
or overlapping). Blocks m a tree are subsequently processed
in a top — down manner (i.e. from root o kaves). Compo-
nents in each block undergo a bicolor clustering by tradi-
tonal k-means approach where mitialezation s done usmg
clustering resuls obtained by processing its parent block.
Processing of all blocks results in binarization of an input
document image.

Apan from locating the local uniformity characteristics,
foreground — background separation or binanzation results
zains from two other aspects: (1) components represent much
larger entities than isolated pixels and each component con-
sist of spatially connected pixels having similar or near-
similar color values, This aspect improves the performance
of k-means because it gets kess confused w cluster a compo-
nent compared 1o the case when it deals with isolated pixels,
(i) o implement k-means, cluster centers are nol mitialized
blindly rather the initialization s done by true background
and foreground color values obtained by using some con-
textual information as described later in Sect. 2.5, Such an
initialization technigue results in a quick convergence of k-
means with better clustering output.

On completion of bmanzaton, foreground components,
in case of color image, further go through an unsuper-
vised color clustering to detect different color regions (or
elements) within the foreground region. The remainder of
the paper is organized as follows, Section 2 presents the
proposed binarization technique while Sect. 3 outlines the
approach for detecting individual color megions within
the foreground part. Experimental results and observations
are presented in Sect. 4. Section 5 concludes the paper with
some discussions on future scope of research in this area.

the adapuve nature of the proposed

2 The proposed method

Our proposed method consists of a chain of processing steps
as shown in Fig. 1. Optional steps are marked with dou-
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Fig. 1 Proposed approach: a schematic diagram

ble ellipses and similarly optional oulpul requirements are
marked with double rectangles. The major steps are: (i) pre-
processing, (i) connected component labeling, (iii) detec-
tion of dominant background components, (iv) segmentation
of the entire image into hierarchically armanged rectangular
blocks of different sizes, (v) bicolor clustering in each block,
and (vi) foreground segmentation. Each of these steps are
explained below with some illustrations.

2.1 Preprocessing siep

Preprocessing, in our approach, is treated as an optional siep
as it 1s required for certain types of images while others may
directly be passed 1o the next stage. One of the preprocess-
ing steps deals with color smoothing in the input image. In
our application, a simple smoothing technique is involved
and it 1s found to be efficient for a large class of documents.
In this approach, each pixel color is reassigned w an aver-
age color value found within a small region sumrounding that
pixel. Color of each pixel ( X') is redefined as the mean color
computed ina 3 = 3 window surounding the pixel, X (X be-
ing at the center of the window). However, for applications
dealing with specific documents, one may incorporate more
sophisticated smoothing techniques or image enhancement
techniques like one in [13]. For example, the binarization
method proposed in [12] uses a low-pass Wiener filter for
Lhis purpose.

Another preprocessing step deals with locatmg the paper
document nside the document image. In many cases, doc-
uments mostly the historical ones contain a dark outer re-
zion surrounding the document and this often happens due o
the requirement to scan such document against a dark back-
eround. Figure 2a shows one such document. Antonacopou-
los and Karatzas [28] address this issue. They assume the
real paper edges 1o be approximately straight and identifi-
cation of outer edges starts by examining the edge pixels of
the image for each of the four edges (top, bottom, left, and
right). From each edge pisel the process moves inwards (row
or column wise) and the difference in Lighmess for each pair
of adjacent pixels 15 recorded. A pixel 1s marked as a poten-
tial paper edge one if the difference is found 1o be above a
threshold value or the difference in Lightness between the
current pixel and the average of the previous pixels exam-
ined 15 above the threshold. A straight line is subsequently
fitted on each of the four potential paper edges.

In our approach, we follow a simple but quite effec-
tive technique that initially computes row and column wise
run length of pixel colors. Only one color channel is used
for color documents. Moreover, instead of 256 levels of a
color (or gray values), a low resolution of 32 levels has been
used w measure run length. Next, maximum run length s
noted for each row and column and first order difference
is calculated as follows. Let r; be the maximum mun length
noted for the i-th ow and B be the number of pixel rows.
First order difference s compuled as, § = 51]- — riy| for
i=0...(8—Dandd = |ri—ri|fori=£ . (R-1).
Actual page borders (top and bollom) are Ibund I:t} locating



On foreground — backeround separation in low quality document images

51

Fig. 2 Preprocessing:

identification of actal paper document

two picks (top and bottom) in the histogram of &;. Similar
operations are carned out column wise o find left and night
page borders. Figure 2b shows the located paper region (oul-
side 15 set to white) for the image in Fig. 2a. This method
though msensitive o small amount of skew (£3% as vern-
fied expenmentally) needs modification in case a document
suffers from large amount of skew during scanning.

2.2 Connected component labeling (CCL)

Afler preprocessing step, a connecled component labeling
(CCL)is executed on the entire image. But as the taditonal
CCL algorithm assumes the inpul image in binary mode and
only considers spatial connectivity (e.g. 4-connectivily or 8-
connectivily ), we modified this algonthm so that it captures
color information and spatial details at the same time. The
modified algorithm is presented under Algorithm-1 where
push ()} and pop () represent the traditional push/pop op-
erations associated with a stack data structune.

It 15 10 be noted that for the same image, CCL result re-
tumed by the Algorithm-l will differ in different color spaces
and even within the same color space {even for gray scale
image) results differ with different values of the threshold, 7.
A low threshold value generates large number of connected
components (resulling i excessive oversegmentalion), on
the other hand, higher values of the threshold wrongly com-
bines pixels not having enough color similarity.

Figure 3 shows variations m results produced by the
Algonthm-1 for one example image (a small image is in-
tentionally chosen for better understanding). Responses
four different color spaces namely, RGB, HSV, YCbCr, and
CIE L*u#*v* are presented and within the same color space
results with various threshold (7)) values have been shown m
Fig. 3. The mteger number given at the bottom-right corner
of each image represents the number of connected compo-
nents obtained for a particular threshold value within a cho-
sen color space.
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Fig. 3 Connected component labeling in color spaces. Original image
is shown at the fop; OCL results in a particular color space are pre-
sented row wise: threshold value (t)ina particolar color space is grad-
ually incremented from left o right; the number of connected comp-
nents obtained for a particular threshold under a particular color space
i5 given at the bamrom-right comer of each image

Application of the Algorithm-l, therefore, needs to have
answers for two important aspects: (1) which color space
must be used to execute CCL? and (i) how 1o choose the
threshold value (1) automatically? Gray-scale images con-
cern only with the second aspect.

Selection of Color Space: As far as the first query is
concemed, we have expenmented with four different color
spaces namely, (1) RGB, (i1) HSV, (iii) YCbCr, and (iv) CIE
L*u*v* (details about these color spaces can be found in
[14, 15]). This experiment was initially conducted on a set of
20 images. We have camied outl experiments o check CCL
results if the color spaces (for the same image) are forced 10
generate the same (or neady the same) number of compo-
nents (by controlling the threshold valoe, () in each mdi-
vidual color space).

It is observed that all the four spaces induce over-
segmentation Le. generate more number of components
than actwal ones. However, among the four spaces, a singhe
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connected component (as perceived visually) in HSV is
broken mio less number of components and therefore, CCL
under HSV generates kess number of connected compo-
nents for an mmage (images n Fg. 3 also well-represent
this phenomenon). This characteristic becomes helpful
subsequent processing stages and increases computational
efficiency. Based on these observations HSV is chosen as
the color space in this present experiment. Hence, choice of
HSV as the color space is completely empirical rather than
based on any general theory. In fact, [14] presents several
ments and dements of different color spaces 1o show no one
is in general superior 1o another.

However, one may improve the CCL resulls by executing
it in more than one color space and then producing the final
results by comparng the resulis obtained in multiple color
spaces. Otherwise, instead of using one color space al a lime,
more than one color space can be used 1o represent color
of an image pixel increasing the feature dimensions used o
compute pp and T i CCL. This has been ined by some
studies like [25] where a six-dimensional vector (RGB and
HSV values wogether) 1s used 1o represent color feature of a
pixel

Automatic selection of threshold, r: Considering the
varying nature of documents, in our approach, we prefer
to select the threshold value (7) by some aulomatic means
rather setting it o a predefined value. The threshold is
calculated from the input image by considering only the
adjacent pair of pixels i row and column wise manner.
The maximum color distance between such pixel pairs are
recorded for each row and column and an average of these
vitlues serves as the threshold, © used in the Algorithm-1. A
few examples of CCL resulis obtained at the automatically
selected T are shown in Fig. 4.

Algorithm-1: Connected component labeling (CCL) in
color space

Input: Color Image (1) and Output: Labeled image consists
of = number of connected components, ¢y, ¢z, ..., s
Initialization: All pixels are initially unlabelled.

S: s the stack of pixel coordinates;

A Qad,

4’1‘_4‘“ ‘q't"‘ “

Fig. 4 Choice of threshold value for connected component labeling in
color spaces. Original images are at the feft: in HSY, OCL results at an
auto-selected © are shown at the o ghr

L: is the label value and iniahzed o 1;
fori = 1 o H (image height in pixels)
for j = 1 to W (image width in pixels)
if X =1ii, j)is unlabelled

push( X );

while Stack (5) is not empty
Y= pop();
Labe(Y) = L;

Compute the current mean color (g ) for
the component o,
EP Py, Py are the 8-connected
pixels of Y then for each unlabelled Py
Compute distance T = |color{Py) — ue |
If T = 7 (a predefined threshold) push( Py );
end while;
end if
end for;
end for;

2.3 ldentification of dominant back ground

Letcy, oo, ..., ¢ be the = number of connected components
found after execution of the Algorithim-1. Each component
(¢ is the i-th component) i1s represented by the following
tuple:

(i, §;,Cilx, {mith (1)
where i is the component label, §; is the size of ¢ in lemms
of number of member pixels, C;(x, v} is the center of inertia
of ¢5. The wenm “bbox’ represents bounding box of ¢ (Le.
the minimum upnght rectangle surrounding ¢ ). Basically,
*bbox” records the top-left and bottom-right coordinates of
the corresponding bounding box. The next three values n
(1), namely pog, . peg . and g, represent the mean hue, satu-
ration and value for o;. The last entry Le. {m;} is the list of
member pixels belonging o the i-th component. In fact, this
list is a collection of x and y coordinates of each m; . Obvi-
ously, this list will have §; number of (x, ¥) entries one for
each member pixel.

MNexl, the components are sorted based on their §; (Le.
size) values and mean of 5 values 1s computed. Let pg
be this mean. Some of background components (1.e. com-
ponents representing backgrounds) are located at this stage
by comparing their size against gg. The dea i1s o capture
heavier or bigger (with respect 1o pg) components which
are assumed o represent background pans, This assump-
tion is quite general because the foreground parts, at large,
contains only about 3% (sometimes even less) of the entire
image (this is very much true for printed pages as well for
handwrillen manuscripts ).

Therefore, if the components are compared with respect
to their mean size values, it would be clear that very large
{with respect 1o the mean size of the components) compo-
nents basically represent multiple backgrounds parts which
are either spatially disconnected or dissimilar in color, 1f the

¥, bbox, puy, ., ps . p .
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Fig. 5 Identification of dominant backgrounds components. a Input image. b Identified background components are painted with randomly cho-
sen colors (lack pivels are part of connected components which are either foreground or background not identified at this stapge). ¢ Recfangular

floeks Tormed by dominant background components

background of an image is uniform then only a few num-
ber of background components are located but this num-
ber increases if (color) non-uniformmity of the background
increases. The background components identified by this
way caplures the local uniformity of color or llumination.
A foreground part, therefore, has 1o be identified with re-
spect o its nearest background component instead of any
elobal background reference. This process provides the re-
quired adaptivity of the algorthm as demonstrated later

Lmitially, a component o 15 labeled as a background com-
ponent if §; = apg, where o is a scalar whose value is not
directly a user-defined one. Rather, 1o minimize the heuristic
nature of our proposed algorithm, value of ‘o 15 detemmined
dynamically. 1t is determined in a way so that the combined
vilue of opy equals to cedan percentage (n our experi-
ment, it is set 1o 10%) of image area. Therefore, the value of
‘w15 caleulated locally and depends on the particular input
image’s height, width and the mean size of the components
found in that image.

The components successfully pass through the above in-
equality condition represents dominant backgrounds in the
image. Figure 5b shows the dominant background com-
ponents extracted for the mmage in Fig. 3a. Execution of
Algonthme-1 for this image results in 16,439 connected com-
ponents which shows a mean size of 182.69 pixels and
only 12 components have been identified as background
components. ldentification of these background components
shows the local non-uniformity in the background of the in-
put image. Components representing foregrounds are much
smaller m sizes; however, there are vanows background
components which are small in size and remain unidentified
at this stape.

Let { be the number of dentified dominant background
components and B represents this subset of | components.
Let o (where b € [1 .. {]) be the biggest component and
its color is taken as the reference color for background parts,

Let Bpop denote this reference background color. A refer-
ence foreground color (Frep) 15 then searched from the rest
of all other components as follows. For each component ¢;,
(i # &) s distance in color space 15 measured with re-
spect o op and the component (o7 ) showing the highest dis-
tance 1s reated as reference foreground par. In other word,
[color(cs) — color{cp)|| = |lcolor{c;) — color{cy || = ¥i #
ihor ). The color of o 15 assigned as Frop. Use of Bpand
Frep will be clear in subsequent sections.

2.4 Formation of rectangular blocks and their hierarchical
arrngement

After wdentifying the set B, the entire image s divided into
several rectangular blocks. This is done by using the bound-
ing box information (1.e. bbox informaton in (1) aval-
able with each component). Hence, { blocks are identified
for { background components. For example, Fig. 5¢ shows
the blocks formed by 12 dominant background components
(shown in Fag. 3b) for the image in Fg. 5a. Next, these
blocks are arranged in a hierarchical structure following a
eraph theoretic approach. Geometrie layouts of the blocks
and the area covered by each block are considered for such
an arrangement which mdoces a tree strucure. The parent -
chifd relationship between two blocks in the tree are estab-
lished following the Algorithm-11.

The largest block consequently forms the root of the
tree and other blocks ovedapping with (or contained in)
the ot block become the leaves and nonleaf nodes of the
tree. From the Algonthm-11, it is to be noted that if a block
(i) 1s overlapped with (or contained in) more than one
block then the parent of (; becomes the one that is larger
than {7; but the smallest among the blocks with which (;
is overlapping (or contained in). Figure 6 demonstrates the
tree that 1s formed with the blocks in Fig. 5¢. In this case,
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{a)

(b)

Fig. 6 Foreground extraction. a Hierarchical arrangement of blocks shown in Fig. Sc. b Extraction resulis after processing of blocks

the largest block contains all the other blocks and therefore,
only one tree 15 formed. But there may be cases where the
largest block does not overlap or contain other blocks and
disjoint sets of overlapping (contained in) blocks may result
in. In such cases, each set of blocks generate a ree and final
arrangement of blocks results in a forest (collection of trees)
structure. However, in any case, the Algorithm-11 defines a
parent-child relatonship, if exists between two blocks.

Algorithm-11: Hierarchical amangement of blocks

Let GGy, Ga, ..., (i be the list of {-blocks corresponding w
{ background components.
Sort the blocks in a descending order on the area covered by
them.
fori =ltol—1
for j=i+ 11w/
if (i and (7 ; are overlapping or contained in one another
then parent[{?j] = {i;;
end if;
end for;
end for;

2.5 Bicolor clustering

The blocks as described in the preceding section are ar-
ranged in a hierarchical structure w implement a multi-scale
bicolor clustering of the connected components obtained af-
ter execution of CCL. In our approach, such a clustering has
been achieved by traditional k-means algorithm [29] with
slight modification for the initialization of the algonthm. For
a tree of blocks, bicolor clustenng algorithm is initially ap-
plied on root block for which one cluster {assumed to repre-
sent back ground) 1s mitalized with 8oy and another cluster
is initialized with Frp obtained at the stage described under
Sect. 23.

For execution of bicolor clustering algonthm for the in-
ner blocks (leaves and nonleal nodes) of the tree, one cluster
is mitialized with the same color as that of the background
component epresented by the block (note that each node
representing a block is originated by a background compo-
nent identified at the stage described in Sect 2.3) but the
cluster representing foreground components is initialized by
the foreground color found for the parent of the current node
(1.e. block). This modification in initializing the bicolor clus-
tering algorithm introduces a bias in the process 1o rapidly
attract the components toward the true foreground and back-
ground clusters.

It is 10 be noted that the bicolor clustenng algorithm in-
side a block is mplemented o cluster the connected compo-
nents contained by the block. The constituent components
for a block is determined by looking at the Cyx, v) value
(see (1)) of the components. Execution of bicolor cluster-
ing in each block classify the block’s member components
into background or foreground components. In fact, all com-
ponents are tagged with a one-bit binary flag (this 1s dong
by adding one more binary field with attributes shown in
(13 to indicate whether a component belongs o background
or foreground pan. Therefore, processing of all blocks (ar-
ranged in a tree or forest) results ina binarized version of the
input image. Figure 6b shows this end result for the image
m Fig. 5a.

On some occasions, the blocks representing dominant
background components may not cover the entire surface
of the input mage. In these cases, some connected com-
ponents will remain unprocessed by the bicolor clustering
execuled on the tree (or forest) of blocks. Therefore, a final
check is done o detect unclassified connected components.
This is achieved by another round of execution of bicolor
clustering involving the unprocessed components only and
in this case, mitalization of the algorithm s done by us-
ing reference background (Bry) and foreground (Frep) col-
ors obtained previously (as explained in Sect. 2.3). Fgure 7
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Fig. 7 Foreground extraction. a Inpat image. b Processed (fock and wiiise) and unprocessed (gray) regions. ¢ Final exiraction result

demonstrates this process. Figure 7a shows the mpul image,
Fig. 7b presents the intermediate foreground exiraction re-
sult where some regions (painted in gray color) remained
unprocessed as they were not covered by the blocks identi-
fied as dominant background. Final run of bicolor clustering
algonthm produces the ultimate binarized version as shown
in Fig. 7c.

2.6 Foreground segmentation

The processes described in the preceding sections exiract
foreground parts from an input image. This can, in general,
be viewed as binarization of the mput document. However,
on some occasions documents (mostly the color documents)
contain foreground pars i different colors and therefore,
separation of these element will probably help subsequent
document analysis tasks. This section describes this process
of segmenting foreground elements mto different clusters
cach one representing foreground parts of similar colon

Let ¢y, 00,..., ¢y be the g (out of z) connected com-
ponents labeled as foreground components. Each of these
g components are lagged with their mean color values
as shown in (1), These components are subject o a color
clustering 1o achieve foreground segmentation. Here the
clustering is essentially an unsupervised one o avoid user
inleraction at this stage. The traditional Maximin clustering
algorthm s slightly modified for this purpose. The follow-
ing algorithm 15 a modification of the Maximin clustering
algorithm o achieve the said task:

Algorithm-1I11: Clustering of foreground components
¢y be the list of g-foreground components.

R 3 G

I

2. Let (cy. cp) wherea £ band 1 < a, b =< g be the pair
for which D{e,, op) is maximum among all (¢, ¢;) pairs
wherei=1. . (g—1); and j={i+1)...q

3. If Dley., cp) = dr then choose 2y = ¢y and z2 = oy
(cluster centers 1 and 2) and number of clusters, N, = 2.

1. Compute d; =

Else Mo segmentation s possible resulting in only one
foreground region; Termmination of the algorithm.

4. Compute distance (77) between all other samples (¢;) o
. [N IR
Compute d; = Min (D{c;, z;)) fori = 1.
L...Ne
C':Dmpu[c Max {di} = dp for 1 =i = m (m denotes the
no. of un-clustered components at this stage).

5. Wdy = dp then N, = N+ 15z, = o4 goto step 4.
Else assign remaining patterns o the closest cluster cen-

somand j =

Unlike Maximin clustering algorithm which always finds
a second cluster, our approach described in Algonthm-111
seeks whether a second cluster exists (step 3 of the algo-
rithm}) using a threshold (d; ) computed dynamically (in siep
1) from the mmage i hand. Some of the foreground segmen-
tation results are shown in the next section presenling exper-
imental details.

2.7 Analysis of the Algorithm

Time and space complexity of the proposed algorithm can
be analyzed in the following manner. Let n x m be the size
of an input image in pixels and loading of this image needs a
space of an order of B(n”) (considering n xm = n~). Execu-
tion of the pre-processing step (Sect. 2.1) does not demand
any viable extra space bul involves a time complexity of
@ {n?). Execution of connected component labeling (CCL)
of Sect. 2.2 imposes a time complexity of @{»7). Storing of
the labeled image needs an extra space of ©(n*). However,
one can avoid the use of this extra space by maintaining a la-
bel tag with cach pixelin the orginal image itself. Moreover,
implementation of CCL needs an extra space for stacking of
pixels and this adds a linear space complexity of ().

Let = be number of components obtained by execution
of CCL. It is to be noted that z <« »*. Storing of these
z-components requires a space of G(z) and sorting (based
on their size value) of components involves a lime com-
plexity of &z log z). This sorting is required to identify
dominant background components as described in Sect. 2.3,
Let { background components are identified (induces a time
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Table 2 Computational complexity of the proposed method

Processing steps Space complexity  Time complexity
Reading of input image () Bin’)
Preprocessing’smoothing B(n’) Bin’)
Connected component labeling — ©(n%) + B(n) Bin’)

Storing and smting of =iz} &z log =)
connected components

Identification of nil =il

dominant backgrounds

Arrangement of blocks E=il) B0
Processing of blocks =il o Bz
Foreground se gmeniation BN Big?) + Big)

i 2
Image size: n = m = n-;

mo. of connected components: = (< w7 mo, of components identified as dominant hackground: { (< z1; p is the no. of temtions

required for comergence of k-means; no. of foreground components: g (< £); no. of foreground regions hased on color similarity: M.

complexity of &(f)) generating { number of blocks 1o be
arranged in a tree (or forest) structurel Sect. 2.4). Such a
data structure needs an extm space of G(0) and armnge-
ment of { blocks into a tree (or forest) requires a lime com-
plexity of B(1?) (see Algorithm-I1). Note that complexity of
Algonthm-11 can be reduced o B/ log {) but considering
the minor gain in overall complexity, this modification was
not explored in our current experment.

MNext, the bicolor clustering is executed separately on |
blocks. Let a block, ; contain o; connected components
and ¢ be the number of iterations needed for the convergence
of k-means in block ;. Note that ij:l o; = z. Hence, pro-
cessing (Sect. 2.5) of each block G involves a time com-
plexity of p; &{op). Time complexity o process all blocks is
therefore, ij:l [ ;B o )] which roughly equals to pxE(z)
where p = Ejr-=l pioand By ) = B4(z) (though ¥i, o; = z).
Additional space complexity to implement bicolor cluster-
ing is quite low as just two cluster centers are maintained for
each block resulting in a low constant (linear) space require-
ment.

Finally, the algonthm for foreground segmentation
{Sect. 2.6) induces a time complexity of ©(g*) for the first
two steps (Algonthm-11). The rest of the steps in this algo-
nthm are executed in &{g) ume. Moreover, the algorithm
15 simgle-pass innature. Like k-means the Algorthm-111 also
does not impose much space complexity as only space (addi-
tional) requirement is to keep information about N, clusters
found among the g foreground components. Table 2 sum-
marzes the time and space complexity involved by the dif-
ferent steps of the proposed algorithm, The method shows a
total complexity expressed as, 38(n” )+ 0 (z g )+ (N +
%) + p [B42)] + ©(g”) + A{g) which is of the order of
B(n”) which comes as the dominating term in the preceding
expression. Similarly, space complexity is also ©(n”).

3 Test data, experimental results and discussions

As the real challenge lies in dealing with low guality doc-
uments showing different degradations due 1o uneven illu-

mination, aging, scanning, ele., creation of test data puts
emphasis on processing of documents of this sort includ-
ing historical documents mostly handwritlen manuscripts of
famous personalities. Both printed as well as handwritien
manuscnpls m color and gray-scale are considered. For the
current expenment, documents dominant in text (printed or
handwritlen) are only taken into consideration.

The dataset contains 100 documents which are broadly
divided into three parts among which first two consider color
documents while other deals with gray-scale documents.
Most of the images are scanned at 300 dpi (a few are at
150 dpi) and mmages are quite large in size (average size is
about 3M pixels) as often encountered in reality.

As the proposed algonthm does nol contain any train-
ing (or learning is real sense) component, there was no need
of using a raining data in the experiment. However, the
method makes use of one user-defined threshold value, Le.
the combined value of “ep’ in Sect. 2.3 (please note another
parameter “t° used in Algorithm 1 s determined dynami-
cally). Therefore, 20 images are initially used 1o (i) empir-
ically choose the right value for "o’ (in this experiment,
the combined value of ey equals to 109 of the total image
area) and (i) choose a color space (HSV in this experiment )
convenient for the present purpose. In sirict sense, this set
of 20 images is not called a training set, as the algorithm
has not been tramed on this set. However, these images ane
excluded from the final test set.

The test set consisting of 80 images is divided into three
parts. Under Part-l of the test set, 20 test documents are
taken from the “Ancient books, and Historical Documents’
category of *DjViu Zone Digital Library.”! Selection of these
documents enable us 1o compare our results with those by
DiVu technigue [27]. Most documents under this group are
century old, some are more than 200 years.

Fart-11 of the test dataset consists of 40 documents
which are in color scanned from working noebooks of
several famous wrters of 19th and 20th century. Samples
include images from the notebooks of Gustave Flaubert
(1821-1880), James Joyee (1882-1941), etc, Many of these
manuscrapts had been written with quill or lead pencil

! Free Iy available at hip: fwowwadjvuzone orgfdjvo/antics/index. html
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Fig. 8 Foreground extraction results on DjVo sample docoments, a and o Input images. b and ¢ Corresponding extraction results obtained (m
300 dpi)d by DV technique. ¢ and T Results obtained the proposed approach

inot k) and pencil marks are frequently spread over the Mext, Part-11 documents are tested. Because of the very
background. Because of the very low contrast between  low contrast between foreground and background parts in
foreground and background pans, efficient extraction of  many of these documents, DjVu very ofen fails 1o prop-
foreground marks seems quite difficult for these documents.  erly extract the foreground parts, whereas our proposed
Part-111 of the dataset considers 20 gray-scale documents  method, in major cases successfully locate the foreground
which are mostly scanned images of century old handwritten  elements. Figure 9 presents a few examples where our tech-
manuscripts, micmofilm images, ele. Out of these 20 docu-  nigue outperfonms DV resulis. Test results on Part-111 doc-
ments, 10 are taken from manuscript of *Madame Bovary'™  uments which are in gray-scale show that the proposed ap-
and others are taken from the database of correspondences  proach is equally effective for gray-scale images. Some re-
received by Emile Zola (1840-1902). These correspondeces  sults are presented in Fig. 10 where Fig. 10d shows result
are recorded on microfilms which has been scanned e on old handwritten manuscript scanned at gray-scale image

images using Canon MS 800 Microfilm scanner.” (Fig. 10c) and Fig. 10f shows result on a microfilm image
Figure 8 shows extraction resulis for two documents  (Fig. 10e).
taken from Par-1 of the test dataset. Figure 8b and ¢ {and Evaluation of foreground exiraction efficiency: Ex-

similarly Fig. 8¢ and ) compares the foreground extraction  amination of foreground extracted from the test images
results obtained by Djvu [30] and our proposed echnique.  reveals that one of the three phenomena takes place: a
These documents are taken from DjVu document database  foreground part (visually perceived) is (1) extracted cor-
where DjVu achieves good extraction results but our results — rectly, (i) missed, or (i) the extracted part is not a fore-
are also comparable 1o that DjVu as checked visually. A ground part at all in the comresponding image. Therelore, an
quantitative evaluation 1s presented later part of this section.  ideal method for evaluation of foreground extraction results
should consider all these three aspects. However, several
nontrivial problems make designing of such an ideal eval-
uation method extremely difficult. Basic question is what
would be the unit for measunng extraction efficiency. For

2 Available at hitpyfwwwaniv-rouen. i/ psi BOVERY
3 Available with the Bibliotheque Nationale de France, Department
Des Manuscripts, N.AF, 24523
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Fig. 9 Foreground extraction results for handwritten historical manoscripts, a and d Input images, b and e corresponding extraction mesults
ohtained (at 300 dpi) by DjVu technique, e and Tresults obtained the proposed approach

example, measunng efficiency at the pixel level s difficult
as no groundiruth (e, whether a pixel belongs o foreground
or background) is available for the test images.

As the test documents are predominantly texiual in na-
ture, accuracy could have been measured at the stroke level.
But designing a consistent evaluation technique working at
the stroke level is equally difficult due 1o lack of a proper
definiion of stroke in the handwriten data being dealt in
the present study (images shown in different figures of this
correspondence well represent this fact). Therefore, quan-
tification of accuracy of extraction is finally done at two dif-
ferent levels: lines and words. Evaluation of extraction re-
sults 15 done by manually computing the number of lines and
words in each onginal image ({,) and in the comesponding
extracted foreground (/). Next, extraction efficiency (e;: at
the line level, and €, - at the word level) is measured as:

o — No. of lines (correctly extracted) in /.
e Nao. of lines in 1,

(2)

MNo. of words (correctly extracted) in f.
MNo. of words in f,

(3)

€y =

It 15 to be noted that sometimes word boundaries are not
very clear m some origmal images and therefore, the counts

{mainly the word counts) are based on manual perception
only. Errors in extractions are classified into two categories
namely, (1) partially extracted and (1) completely missed. A
ling is partially extracted if some of its constituent words are
missed, whereas extraction of a word is partial if some con-
stitwent strokes are missed. Table 3 presents the evaluation
results for the combined set of 80 test documents. Evalua-
tion results for DjVu technique is presented for a compara-
tive evaluation. Table 4 presents evaluation results in details
for 10 samples (handwntten manuscripts of famous writers
and are considered as historical documents of special im-
portance) that show the marked improvement achieved by
our proposed method over the DjVu technigue in extracting
foreground parts.

Major sources behind extraction errors: Visual exam-
ination of extraction/binanzation results reveals that though
the proposed approach successfully works for most of the
images, in a few cases, it fails to locate all the visible fore-
ground parts of an input image. Figure 100 demonstrates
such a problem for processing of the image (which is a mi-
crofilm image) in Fig. 10e. Several strokes are broken in the
extracted foreground. 1t is analyzed that such problems oc-
cur more in handwritten manuscripts than in printed docu-
ments and it 1s mainly due 1o (1) very weak stroke marks, (i1}
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Tahle 3 Evaluation of foreground exiraction results

Evaluation  #No. #Correctly extracted  #Partially extracted #Missed £ OF €
level Dj¥u Our DjVu Our Djvu  Our DjVa  Our
Line 1,457 HRY 1217 431 174 137 6 0.61 0.54
Word 95411 69648  BRTE2 16,047 4703 9716 1976 073 093
Table 4 Foreground extraction results: details for 10est images

Image #word no.  #Correctly extracted  #Partially extracted #Missed [
Sample Djvo  Our Djvo  Our Dyvu Ouwr DyVu Ouwr
| 38 1 17 2 4 i5 17 003 045
2 24 0 24 I 0 23 0 0 Lo

3 23 0 21 6 2 17 0 0 0.91
4 37 14 i7 11 0 12 0 0.38 Lo
5 32 1 28 4 4 27 0 003 087
6 117 116 116 1 I 0 0 L0 L0

7 113 113 101 0 12 0 0 Lo 0.59
i 43 43 43 0 0 0 0 Lo Lo
a 27 27 27 0 0 0 0 1.0 Lo
10 3l 2 26 6 26 23 0 006 084

Fig. 11 Bleed-through in foreground extractions. (a) Input image. (b) Extraction result

very low contrast between a foreground siroke and its cor-
responding background, and (i) spreading of ink or pencil
marks over the background.

Bleed-through (or show-through) effect which is due w
seeping of ink from the reverse page side imposes another
problem. 1t is observed that when a document having
show-through effect is subject to foreground extraction,
marks present due o show-through effect are sometimes
identified as foreground. Figure 11 shows such an example
where onginal image is suffered with bleed-through effect
and extracted foreground contains several bleed-through
strokes. However, in such cases bleed-through marks are
quite prominent and look similar (as visually perceived) o
the true foreground parts and therefore, identifying them
as foreground parts should not be judged as any weakness
of the proposed algorithm which primanly deals with fore-
ground extraction/binarization. Rather, some specialized

technique similar 10 ones proposed in [13, 31, 32] can be
used to tackle the problems related to bleed-through effect.
We treat this part as an future extension of the present study.

Another problem is expenenced for some kind of im-
ages where the background contains a grid like structure,
some portions of the grd is also inconsistently labeled as
foreground along with the actual foreground parts. Figure 12
shows such an example. Onginal image and extraction result
are shown in Fig. 12a and b, respectively. In this case, color
similarity among the grid marks and the handwritten parts
15 50 Close that they are not separated even afier foreground
segmentalion.

Foreground segmeniation: Foreground segmentation
is studied for color images o segment the foreground
parts into regions based on similar colors, Performance of
segmentation results is judged by checking how many color
maps are properly located agamnst the actual number of
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Fig. 12 Errors in foreground extractions. (a) Original image where background contains grid like strocture. (b) Final result for foreground —
background separation where several grid strokes are mislabeled as foreground parts

Barnsy,
H.'r;'-n“n *’-I"L"’JMH“‘-}W_/

Benns,
h.‘r-':‘ﬂ. Ef’f“';ql,wwﬂ?' ':’_/
}‘,l':f-.-u.l‘*— ‘

Tt S50

B fllAm m-u-*-}‘ij S‘i‘m% %j Do ”-'““‘“*‘""‘1'&"}
k) '."?-“"‘ -] ?"-::""'ﬂ Ll | ﬁ'l-u."""‘?
et e _ st sl st 3%
(a) (b) ©

Fig. 13 Foreground segmentation:: (a) input image: (b): extracted foreground: (¢ segmented foreground

maps (marked manually) in the foreground part of an input
mmage. Experiments show our proposed algonthm (1.e. the
Algonthm-111) rarely misses any color map present in the
foreground parts but on a few occasions, more than one
color maps are generated for a single (as perceived visually)
color map. Figure 13 shows an example of foreground
segmentation where Fig. 133 shows a document with three
visible color zones: (1) background (11) handwriting text and
i) red swrokes. Figure 13b shows result afier foreground
extraction and 13(c) exhibits that wo different color maps
are identified within the foreground parts.

Analysis of computational efficiency: Previously m
Sect. 2.7, ume and space complexity of the proposed method
15 discussed. The absolute run tme required by the method
is also analyzed. Programs (written in Matlab and C) when
executed on a server (having two processors of 1.5 GHz
clock speed, primary memory of 1 GB and shared by about
30 people) take on an average 8.17 s to produce the back-
eround/foreground separation result for images of an aver-
age size of 2000 x 1500 pixels. This ime does not include
the tme for reading the image o memory. This 15 done
by Matlab tool and it wkes around 10 1o 15 s on a deskiop
(P-1¥, 1.7 GHz) machme with 256 MB RAM. The average
time units laken by intermmediate steps are like these: (1) pre-
processing steps: 1,23 secs; (1) connecled component label-

ing: 2.75 s_(iii) arrangement and processing of blocks: 3.5 s,
() foreground segmentation: 0,67 s, This analysis further
shows the computational efficiency of the technigue as com-
pared 1o many other existing adaptive bmanzation methods
which are often computationally quite expensive. For exam-
ple, method described in [25] takes about 500 s (o process
a image of size 3000 x 2000 pixels on a latest high-end
PC.

4 Conelusions

In this paper, an efficient approach is presented for back-
eroundforeground separation in document mages with an
emphasis on processing of low-guality color documents for
which a few studies have been reported so far, Algorithm is
tested on varieties of documents staring from gray-scale 1o
color, printed and handwntten manuscripts, documents with
well-contrasted text as well as those suffering from degra-
dations like uneven illumination, aging, ete. which quite of-
ten observed in historical documents. Test documents con-
tain several samples scanned from handwritlen manuscrpts
of famous wrters. These manuscripts are written with quill,
pencil, etc. and generate low contrast between background
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and foreground. Results show enormous adaptability of the
proposed approach with the uneven illumination or local
changes in the background and foreground color.

The method finds 1ts application in the area of binanza-
tion, compression of documents where the foreground and
background layers are separated o achieve betier compres-
sion, locating text in documents, image enhancement in dig-
ital preservation of ancient documents ete. However, the al-
zorthm has so far been tested on text dominant documents
only. Behavior of this algorthm for documents containing in
nontextual elements like graphics, half-tones, etc. 1s consid-
ered as future extension of the present work.

Moreover, proper assessment of the extraction results
needs benchmarking and groundirthing of foreground and
background pixels in sample documents. This needs use of
extensive manual ntervention and hence, finding an efficient
way (may be semiautomatic in nature ) of achieving it could
be treated as another future direction of the current study.
Design of several other processing steps for iniial enhance-
ment of the input image, bleed-through removal, mprove-
ment in foreground segmentation results, ete. needs further
research,
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