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Stroke-Model-Based Character Extraction from
Gray-Level Document Images

Xiangyun Ye, Mohamed CherigBenior Member, IEEEand Ching Y. Suenrellow, IEEE

Abstract—Global gray-level thresholding techniques such as Modeling character objects is thus an attractive topic in
Otsu’s method, and local gray-level thresholding techniques such character extraction methods. Global thresholding methods
as edge-based segmentation or adaptive thresholding method arey,e account for only gray level information in the extraction

powerful in extracting character objects from simple or slowly f ch t d classi ixel in th iqinal i
varying backgrounds. However, they are found to be insufficient of characters and classify a pixel in the original image as an

when the backgrounds include sharply varying contours or fonts Object or background pixel simply according to its gray level
in different sizes. In this paper, a stroke model is proposed to in the global view. To extract character objects from complex
depict the local features of character objects as double-edges ingr nonuniformly illuminated backgrounds, Cheriet al. [3]

a predefined size. This model enables us to detect thin connectedproposed &ecursive Ostalgorithm, while Liu and Srihari [8]

components selectively, while ignoring relatively large back- .
grounds that appear complex. Meanwhile, since the stroke width proposed a feature-based method. Problems remain unsolved

restriction is fully factored in, the proposed technique can be used When the histogram of the objects overlaps with that of the
to extract characters in predefined font sizes. To process large background. The solutions to overcome the disadvantages of
volumes of documents efficiently, a hybrid method is proposed global thresholding can be classified into two classes. The first
for character extraction from various backgrounds. Using the e includes deliberate locally adaptive thresholding methods,
measurement of class separability to differentiate images with h B 'adaptive thresholdind9l that estimat
simple backgrounds from those with complex backgrounds, the SUCN as beérnsenadaplive thresho ind ] at estimates
hybrid method can process documents with different backgrounds & threshold for each pixel according to its local neighbors.
by applying the appropriate methods. Experiments on extracting The drawback of this method is that when a background
handwritings from check image, as well as machine-printed region with varying gray level is encountered, the contour
charactedrs frodmlscene images demonstrate the effectiveness of thepixels distinguishing dark backgrounds from brighter ones are
proposed modet. o classified as object pixels, known as “ghost” phenomenon.
) Index Terms—BaCkground r.emOVal, b|nar|zat|0n, document Ohya et al [10] proposed a Connected_component anaIyS|S
image analysis, local thresholding. method, assuming the gray level within character objects is
homogeneous. Gat al. [11] proposed aifferential top-hat
I. INTRODUCTION transform to extract characters from scene images, considering

XTRACTION of pertinent data from document Im(,jlgescharacters' as particles of limited size. Slnge fixed paramgters
. . ' are used in these methods, problems arise when the input
with complex backgrounds remains a challenging problem . . L
Wiages manifest variable contrasts. The second solution is to

in character recognition applications, such as automatic ba K mct features directly from aray scale images. Wang and
check processing [1]-[3], document search on the World Wi y gray ges. 9

TS . . avlidis [12] considered the gray scale image as a surface,

Web [4], vehicle license recognition [5], recognition of compact . . )
. ) X . -_with topological features corresponding to the shape features
disk labels [6], indexing of video frames [7], database organiza; . : ; . . L
o . : : of the original image. Each pixel of the image is classified
tion, image indexing and retrieval, etc. The problem of character

AT . “aspeak, pit, ridge, ravine, saddle, flabr hillside, according

extraction is critical to the performance of the aforemention : ) e
L X o 0_rules based on the estimated first and second directional
applications, in that the recognition results depend mostlyonthe .~ L ; )
. o erivatives of the underlying image intensity surface, and the
quality of the characters extracted. The variability of the back- . i
. : eatures are used to extract or recognize the characters. Cheriet

ground and structure of document images, together with the

trinsic complexity of the character recognition problem, mak 3] proposed a multiscale approach to extract the full shape

. . handwritten data from noisy gray level images, in order
the development of general algorithms and strategies for aufo- . . e
. . e 0 overcome the intensity variation of strokes over a broad
matic document processing systems difficult.

range of spatial scales. Parker [14] proposddcal intensity
gradienttechnique based on the local contrast estimated by the
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and Zhao'slogical level techniqugl5] emphasizes the local most promising locally adaptive algorithms have been studied:
linearity of character strokes, and Djezet als filiformity Bernsen’s method, Chow and Kaneko’smethod, Eikvil's
[16] is the closest description of the local features of charactaethod,Mardia and Hainsworth’snethod,Niblack’s method,
objects. These methods are found to have the following wed#xt's method,Yanowitz and Brucksteinimethod, White and
points. First, loose restrictions are applied to the stroke width Bbhrer's dynamic thresholdalgorithm, White and Rhorer’s
characters to be extracted, leaving residues to some backgroimegrated functionalgorithm, Parker's method, Trier and
regions. Second, only symmetric local windows are used, $axt’'s method, (corresponding references can be found in [17]
that character strokes thinner than three pixels are lost. Thieshd [18]) of which the former eight use explicit thresholds
fixed thresholds are applied to the local features, so that char-threshold surfaces, while the latter three search for printed
acter strokes with varying contrasts can not be extracted. pixels after having located the edges. Trier and Jain concluded
contribute a unified solution to character extraction problemihat Niblack’s [19] and Bernsen’s [9] methods along with
we hereby define a descriptive model for character strokgmst-processing step proposed by Yannowitz and Bruckstein
accounting for both gray level features and local geometiiz0] were the fastest and best ones based on a set of subjective
features. and goal-directed criteria. The post-processing step here
As we observed, most binarization methods are based onimproves the binary image by removing ‘ghost’ objects. The
tuitive observation of the gray level distinctions between chaawverage gradient value at the edge of each printed object is
acters and backgrounds, regardless of the complexity of the doalculated and objects having an average gradient below a
ument image. To efficiently process the input images, we prtireshold are labeled as misclassified and therefore removed.
pose a hybrid method that applies different techniques to extractn a recent bank check item extraction method [21], we ap-
characters from document images with different complexitieglied a local thresholding method based on Bernsen’s method.
A class separability measurement is used to distinguish ddis-this method, for each pixel of the original image with gray
uments printed with complex backgrounds from those printdelvel f(x,y) € [0,! — 1], the local thresholg(x, ) and local
with simple backgrounds. Since the problem of binarizing handariancec(z, i) are calculated, respectively
writings on simple background has already been solved by many
global or local thresholding techniques, this paper will focus on 9(x,y) = (Prax (T, ) + Fuin(z,4))/2 (1)
the problems caused by uneven bapkground of docum.e.nts. A (2,9) = Fonax(@, ) — Fain(,9) )
model of strokes, namelyouble-edgeis proposed as a unified
solution to the problem of character extraction from complgy \wnich P, ) and Fonin(, ) are the highest and lowest
backgrounds..Théouble—edgéeatur_es can be extracted byasg;ames in a local neighborhood centered at pixely). Each
of morphological operators, enabling either a fast algorithm Blxel (x,y) is classified as an object pixel (indicated by value

sequential processing or parallel processing by special-purpe§e a hackground pixel (indicated by value 0) according to the
hardware. Feature thresholding followed by conditional d”ati%llowing conditions:

for stroke extraction is discussed. Finally, we present the com-

putational cost of the proposed method, and its goal-directed 1, if f(z,y) < glz,y) AND clz,y) > ¢
evaluation in a real-life application involving bank check pro-b(z,y) = {0’ otherwise ’ ’
cessing. ’ 3)

where the threshold® of local variance is decided by applying
Otsu’s method to the histogram ofz, ). The characters are
extracted and stored &= {b(x,y)|(x,y) € F}.

Binarization techniques based on gray levels can be di-This local thresholding method can binarize document
vided into two classes: global and local. Global binarizatioimages with slowly varying nonuniform backgrounds, yet
algorithms use a single threshold for the entire image. Pixalhen the background tends to vary at sharp edges; these edges
having gray levels lower than the threshold value are labeledash be taken as objects, causing great difficulty to the ensuing
print (black), otherwise background (white). Locally adaptiveecognition stage. Fig. 1 shows some examples of character
binarization methods compute a separate threshold for eatiokes on different types of backgrounds, each posing a certain
pixel based on its neighbors. Some of the methods calculategree of difficulty in extracting the strokes. Fig. 1(a) shows
a threshold surface over the entire image. If a piket,y) the ideal case for a simple background that can be removed
in the raw image has a higher gray level than the threshddg¢ a global threshold; Fig. 1(b) illustrates a slow-varying
surface value afz, ), it is labeled as background, otherwiséackground that can be removed by the above mentioned
as print. For document images such as checks or maps, whmtal thresholding method; Fig. 1(c) illustrates a background
may contain different backgrounds consisting of pictures aimdage with a sharp edge in the middle, which will produce
designs printed in various colors and intensities, the scanradartifact if a local thresholding method is applied. Actually,
images are often contaminated by variable backgrounds, Ifig. 1(c) is a common case when legal amounts of bank
contrast, and stochastic noise. These difficulties exclude glolsalecks are considered. As an example of difficult bank checks,
algorithms and lead us to adopt a locally adaptive algorithRig. 2 shows a bank check designed deliberately with stylistic,
that is insensitive to the varying background. colorful and complex backgrounds, which cause difficulties

A comparative study of binarization methods for documeimt both the extraction and recognition of such items as legal
images has been conducted by Tréral. [17], [18]. Eleven amount, courtesy amount, date, signature, etc. The solution

Il. GRAY-LEVEL THRESHOLDING TECHNIQUES
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Fig. 1. Character stroke on different types of background. (a) Simp | (| u____'!ix#

background; easy to binarize by global thresholding; (b) slowly varyin s 'm t

background; can be removed by lical thresholding; (c) fast varying backgrour fal . B

need to be removed by feature thresholding.

Fig. 3. Symmetric masks used in the literature. (a) Logical Level Technique

EEr—————— T [15]; N;(¢ = 0....,7) are local windows that ar&/ pixels away fromp;
(b) Filiformity [16]; s; andsy are two segments defined by an exterior and an
- Be = interior rings aroung pixep.
ij."u 2 gl * 'ﬁ.__=1_ ¥
py—————— T M An edge boxcan be regarded apuble-edges two orthog-

oo background)

onal directions, and thgouble-edgenodel, delimited by a pos-
itive edge and a negative one nearby, is a good description of a
stroke in the local region. Based on this observation, Palumbo
[24] proposed a second derivative method to extract the char-
acters; White and Rohrer [25] proposed an integrated function
to this problem requires a more precise and robust featureig@hnique to extract the sequence-ef—, and 0 in the dif-
describe the objects of our interest. ferential image, and take the pixels between sequenees'

and “—+" as objects; Liuet al. [26] extracted baselines from
bankchecks by searching for a pair of opposite edges in a pre-
defined distance. One common problem for these methods is the
A. Topological Model for Character Strokes and Feature  sensitivity to noise, because the depths of the strokes have not
Extraction been taken into account. Better solutions can be found in Kamel

Before we discuss the model of character objects, it is nec@9d Zhao'dogical level techniquél 5] and Djeziriet al.s fili-
sary to lay down some basic assumptions. Without losing gdRIMity [16] measurement, expressed as
erality, we consider the case of a dark stroke written on a lighter ) ) )
background, and regard a pixel with the following characteris- L¢() = Min{Ave,cn. (£(9)), Avegen, (F(@)} = f(p),

Fig. 2. Typical difficult bank check image.

I1l. CHARACTER EXTRACTION BY STROKE MODEL

tics as an object pixel (Logic Level) (4)
1) it has a gray level lower than that of its local neighbors;  1a(p) = Min{Max,c,, (£(9)), Maxye,, (f(2))} = f(p),
2) it belongs to a thin connected component with width less (Filiformity). (5)
than a predefined value.
The above assumptions do not exclude the possibility ofHere, d = 0,1,2,3 refer to four directions,

overlapping gray level distribution between objects and backs, r/4, 7 /2, 3r/4}, that approximate most possible edge

grounds, which is common in a variety of practical systems. directions around a pixek; ands, are two segments defined
Edge-based image analysis is widely used in computer Yy an exterior ring and an interior one around pixeN+ and

sion. Marr [22] describes any type of significant scene structurgg are two (2W + 1)*(2W + 1) squares that aré/ pixels

in an image as discontinuities in the intensity, generally callegvay fromp, in opposite directions (Fig. 3y¥ refers to the

edge. From the viewpoint of extracting scene structures, the atieth constraints for the strokes to be extracted. The following

jective is not only finding significant intensity discontinuitiesegstimation is used to evaluate whether pixelbelongs to

but also suppressing unnecessary details and noise while phe-stroke or the background

serving positional accuracy. Bergholm [23] proposed that in any

image, there are only four elementary structuresstep edge Ly (p) = Max3_y{La(p)}
Egtlaodbguble-edgethecomer edgdL-junction), and theedge box Lo (p) = Maxgzo{ud(d)}- (6)
Having observed that tHegic level techniquéLLT) tends to
1. ifz>a break character strokes near darker neighbors, Oh [27] proposed
step edge f(z,y) = { 0’ elsewhere a bright-aveage sheme which replaces the average value in
1’ fa<az<b local windows by the average of the maximum in columns and
double-edge f(z,y) = {0’ elsewhere rows. Although the above-mentioned approaches tend to de-
’ scribe character strokes in different ways, we found the common
corner edge f(x,y) = { 1, ifz>aandy >b features behind are the thickness and darkness of a stroke. In this
’ 0, elsewhere sense, the local threshold techniques based on stroke width re-
edge box f(z,y) = { 1, fa<z<bande<y<d striction can be unified into searching fdouble-edgédeatures
2/ 710, elsewhere. occurring within a certain distance. In a one-dimensional (1-D)
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varying backgrounds whose size is larger thEn= 5 are eliminated).

] bl
Fig. 4. (a). Close-up of an ideal stroke in a local neighborhood; (b) 1-D profil
of an ideal stroke; (c) some examples of double-edge feature extracting (shat Z
(5]

proflle, the darkness of a stroke with thickndss can be esti- Fig. 5. Binarization of a courtesy amount. (a) Raw images of a courtesy

mated as aouble-edgewhose intensity is amount with class separability = 0.856 andp = 0.803, classified
as “medium” difficult; (b) binarization by local gray level thresholding
DE(a:) [Section 1lI, formulae (4) and (5)], in which the global threshold of the local

. Ww—1 . . . contrast is obtained by Ostu’s method. The variation of intensity in strokes
= Max;_1 {Min(f(z —2), f(# + W =)} — f(2). (7) causes broken strokes in the binarized image; and (c) Binarization by feature
. . thresholding and conditional dilation [Section Ill, formula (10)], in which the
The darkness of a two-dimensional (2-D) stroke can therefaignectivity of strokes is preserved in the binarized image.

be approximated ab Eyy (p) = Max5_,{ D Ew.}, whose pos-

itive values indicate the existence of a dark stroke written ory@grmation among image representations at different scales. In
lighter background. Although boftiiformity andLLTtry to ex-  their discussion, the character object is modeled as the concave
tract narrow connected components, they are not applicableyigt of an image surface, while the convex part is treated as
strokes that are narrower than two pixels. Meanwhile the usaggckground. Hence the zero-crossings are chosen as thresholds
of symmetric masks limits the size of the extracted objects. Thig the Laplacian scale-space, in order to differentiate objects
can be understood from a close-up of an ideal black stroke (r¢Rym noise. We take his method of decomposing the original
resented ag(p) = 0) written on a white background (repre-image into information and noise, as the primary extraction of
sented ag(q) = 255), shown in Fig. 4(a) and (b). For a givencharacter objects. Similarly, the feature image is decomposed
pixel p on the stroke, we assume thiatandd; are the distances jnto positive partD Ej, and negative pab E;;,, with positive

betweerp and the nearest opposite boundagiesindp:. The  part corresponding to the candidate character objects
relationships betweefi; , d>) and the feature values at pixel

are DEw = DE}. + DEy; (8)
. DEw(x,y), if DEw(z,y)>0
. . + _ WAL, Y), WAL, Y
o9 Livel'}ﬁ (]?d do) < W — (2W + 1)T/2 D)= {0’ otherwise
if Ma — 55
- {07 elser]LX v > DE; (z,y) = (-1)*DEw(z,y), if DEw(z,y) <0
’ 5 it Max(dy, dy) < W wiY 0, otherwise.
ili i . i _ 557 | axidy, 2
Filiformity : yiw (p) = {07 else The existence of dark strokes is then measured by the inten-
55 sity of the positive part, denoted b
Double-Edge DEyw (p) = {(2)00, g.éil +tdz) <W y P P y

Fig. 4(c) illustrates some typical examples diuble-edge
features extracted from a document with sharply varyin
backgrounds. In the experiments we observed that stro
extracted by thresholdin§liformity and logic levelsremain The transformation from the original image into a
artifacts, caused by the noise regions larger than the strok#sible-edge feature image enables us to detect fine ob-
while double-edgéeature eliminated all objects exceeding sizgcts in spite of the complex backgrounds. Each pixel in
W. Properly used, thidouble-edgenodel can not only extract the image can then be classified into object or background
characters from complex backgrounds [28], but also remosecording to the intensity of its local feature.
machine-printed textual noise that touches the handwritingAs discussed in [30] and [31], images of unconstrained hand-
[29]. written data contain strokes with intensities over a wide range

According to our basic assumption of dark strokes/linesf spatial scales [Fig. 5(a)]. Although the local features of either
appearing on light backgrounds, it is easy to prove that ontpntrast,Filiformity or double-edgecan help to eliminate the
the existence of a dark stroke-like object gives rise to a positiveensity variation in background regions, the variation within
value of DFEyw (z,y). Decomposing thedouble-edgeimage strokes themselves may cause severe information loss when a
into positive and negative parts, the original image can lgtobal thresholding technique is applied to the feature images
separated into information and noise. In [30] and [31], Cherif]-{16], [19]. In [30], a top-down and a bottom-up multiscale
et al. have given a detailed discussion about transferriragpproaches to extract handwritten data from gray level images

s Feature Thresholding for Stroke Extraction
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were proposed. In the bottom-up approach, information s trar ,,, ™ i R v = ]
ferred among several scales, and full shape data are extrac PO = ~ . S— -
The multiscale approach assumed a simple background for z (b e W A

code images, which does not hold in document images wi
complex backgrounds. Yet, the idea of information transferrin l
among different scales supports the following post-processi
based on conditional dilation.

#

Define|F|r as a thresholding operation with either a constar '/ == JEuiE - il == o
) . o e s et % 4 A e
threshold or a threshold surface defined by an image L=~ ﬁci-;s&;‘g_%'f Mf‘:‘?:{ \__.#g{féﬁzj s5
|F|T = {fT($7y) | (-T,y) € F}7
fr (x y) Fig. 6. Anexample of Legal Amount extraction. (a) Raw imagd (L x 99

. pixels); (b) new image A after baseline removal; (c) double-edge feature
1, if f(x,y) >T if T is a constant detected in image A; (d) background image estimate from image A; (e)
0, otherwise character extraction by feature thresholding; and (f) binarized image by

= . applying Bernsen’s algorithm to the raw image A.
{ 1, if f(z,y) > T(2,y)

. if 7" is an image
0, otherwise.
(10) significant improvement can be obtained by the proposed
conditional dilation method, without introducing noise into
We may use the following conditional dilation to extract theharacter extraction [Fig. 5(c)]. Encouraging results have been
character strokes: obtained even when complex backgrounds are encountered.
An example of legal amount extraction shown in Fig. 6, a
B;=(Bi_1 ¢ D) ﬂ |Swlr, 4=1,2,...,B0=|Swl|z,- complex case posing difficulty to most binarization methods.
(11) The estimation and elimination of baselines shown in Fig. 6(b)
is implemented by a set of morphological operations [21].
Here,0 < T} < Tp < 255 are two constant thresholds for théWithin a unified scheme, the proposed method is able to extract
intensity of strokes, anf is a3 + 3 square structuring element.character objects from complex backgrounds with satisfactory
The iteration in (11) is repeated until there is no change frofuality [Fig. 6(f)].
B, _1 to B;. The characters are thus extracted and stordsl,as
whereB,, = B, holds.B, differs from|Syy |, in that only IV. COMPARISON OFCOMPUTATIONAL COMPLEXITY
those stroke pixels with relative high intensities are taken as
seeds, and the stroke pixels with lower intensities are extractedimilar to many local thresholding methods that can be im-
if they are connected to the seeds. By this method, the variatiRfgmented efficiently on parallel machines [32], the proposed
of gray scales within strokes is eliminated. method can be implemented in parallel by special-purpose hard-
Let us recall (1) and (2), and rewrite (3) Bs= |C|. ) |G|r, Ware. This is a useful property when large-scale industrial appli-
with the thresholding operation defined in (10), then the cofations are considered. In this paper, we assume software imple-
ditional dilation can be similarly applied as a post-processiftgentation without special-purpose image processing hardware.

procedure of the local gray level thresholding Therefore, the computational complexity related to the sequen-
tial implementation of the thresholding is measured by the re-
B; = (Bi_1 & D) ﬂ (|C|c1 ﬂ |G|F) i=1,2,..., quired number of comparisons in carrying out the local opera-
tions.
By =[Cle, [)IGlr, 0<er <eo< 255 (12)

A. Local Gray Level Thresholding (Enhanced Bernsen’s [9],
HereG = {g(z,y)|(z,y) € F}andC = {c(z.y)[(z.y) € [21] Method)
L'} are the local threshold and variance of the gray level image he local level threshold at siké is calculated b
F = {f(z,4)}; Bo = |Cle, NG| is the local thresholding The local gray level threshold at si#é is calculated by (1) to

result obtained from (3). In our application, we heuristicall )- The major part of the computations involved in this method

chose the thresholdg, T, co. c; as 1.2 and 0.8 times the Ost s the calculation of local maximum and local minimum de-
optimal threshold for feature images, i.e., theuble-edgend scribed in (1). Sinc&V — 1 comparisons are required to extract

; L 5
local contrast images. Therefore the conditional dilation ng maximum or minimum value o¥ e_Iem.ents(W —1)x2
?\omparlsons are required for each pixel in the worst case. Dou-

able to eliminate the “ghost” objects while connecting broke . ;
strokes. The threshold®,, T}, co,c; are so selected, sincedlas [33] has proven that regardless of the size of the structuring

lower values off}, andc, tend to expand the extracted Strc)keglements, erosion and dilation by linear structuring elements
to background regions, while values higher tH&in and ¢, can be implemented with only three comparisons for each pixel,

will exclude isolated light handwritten strokes from the fina?lnd with six comparisons by rectangulgr structurllng ellements.
herefore, the total number of comparisons required in calcu-

results. Visual inspection in the results of local gray Ievil?, he local . d mini .
thresholding [Fig. 5(b)] shows the broken strokes caused Ing the local maximum and minimum Is

the noticeable variation of stroke intensities. While the local
gray-level thresholding method produces some broken strokes, Ci=6x2=12. (13)
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B. Double-Edge Based Feature Extraction in which

The double-edget thicknesd¥V is calculated by (7). Simi-
larly, [24 (W —1)] comparisons are required for eabtty(d =

t
0,1,2,3), and the total number of comparisons required in cal- i =ni/n, wo Z oo wo

culatingdouble-edgdor each pixel is 1 izot p
_ iP — iP _
Co=2+(W -] x4+3=4W+7.  (14) “T—;LP“ ’“—;LP“ o= o
WhenW becomes larger than three, we may use the fast al- = HT — Mt
gorithm described in [33] to calculate the local maxima. In this 1—po
case, the total number of comparisons required for calculating ) =t ) ) )
double-edget each pixel in the raw image becomes o = Z('L —pr) B, op =wowi(p — po)”
1=0
Cn = 4w + 7, if W<3 15
BT 1 (B+1)x4+3=19, otherwise. (19) Here,n; is theith element of the histogram, i.e., the number

of pixels at gray-levet;n = Eﬁ;}) n; is the total number of
pixels in the imageP; = n;/n is the probability of occurrence
V. COMPLEXITY OF DOCUMENT IMAGE at gray-level. For a selected threshottl of a given image, the
Real-life documents are sometimes designed deliberatélfss probabilitiess, andw, represent the portions of areas oc-
with stylistic, colorful, and complex backgrounds, causing diupied by object and background classes respectively. The max-
ficulties in choosing appropriate character extraction methodal value ofn, denoted by)*, can serve as a measurement of
While global thresholding techniques can extract objects frothe separability between the two classes and the bimodality of
simple or uniform backgrounds at high speed, local threste histogram. The class separabilitjies in the ranggo, 1];
olding methods can eliminate varying backgrounds at a pritiee lower bound is reached when the image has a uniform gray
of processing time. When batch-processing speed becomdsvgl, and the upper bound is obtained when the image con-
major concern in practical applications of an automatic docgists of only two gray levels. Since the larggis, the simpler
ment processing system, it is very important to have a balandbé background, we propose to classify the original images ac-
solution to process large quantities of documents at both higarding to their class separabilities, and treat them with different
speed and high reliability. The first step of a balanced solutié&chniques. For an ideal case when characters and background
is to differentiate complex images from simple ones, so thate composed of only two distinct gray levels, the class separa-
various types of images can be processed with the appropri@iléy reaches the maximurm* = 1.
methods. Meanwhile, the classification of document imagesBY choosing one or several proper thresholds for class sepa-
should involve as little computation as possible, so that no extibility, we are able to classify document images as relatively
computation is needed for processing simple images. “simple” or “complex,” and, thus, apply corresponding bina-
For this purpose, we start with a well-known global threshization methods to optimize the batch processing speed and
olding method in retrospect. Based on discriminant analysfeanwhile preserve recognition rate of the entire system. The
Ostu’s method of threshold selection [34] is ranked as the b#3tesholds for class separability are established from a training
and fastest global thresholding method [17], [18]. Thresholdirggt of real-life document images, depending on the application.
operation corresponds to partitioning the pixels of an imadée training set should be composed of documentimages at dif-
into two classesC, and Cy, at thresholdt. For an image ferent complexity levels, and the distribution of the complexity
with gray level ranges withinG = {0,1,...,I — 1}, the should conform to that of the real inputs to the system. Al-
object and background can be represented by two classesthasigh we can not obtain an explicit function of image com-
Co = {0,1,...,t}andC;, = {t+ 1,t +2,...,1 — 1} or plexity versus class separability, we can choose a threshold for
vice versa Without losing generality, we define the objects aglass separability, since the complexity of a document image is
dark characters against lighter backgrounds. As elegant antonincreasing function of the class separability (Fig. 7). For
simple criteria for class separability, the within and betwee#xample, we may choose two threshoigsandn;,0 < 7y <
class scatter matrices are widely used in discriminant analysis < 1, to classify the document images into three classes:
of statistics [35]. The within-class variance, between-clasimple” images with;; < 7 < 1, “medium” images with
variance and total-variance are representedoBy, c% and 70 < 7 < 71, or “complex” images wittd < n < 7. Hence
o2, respectively, and they reach the maximum at equivaleihie binarization procedure of a document image can follow the
thresholdt. Therefore, the optimal threshotd can be deter- diagram shown in Fig. 8. The entire binarization procedure can
mined by maximizing one of the following criterion functiongoe specified as global gray-level thresholding,if= 0; as local

against the threshold gray-level thresholding whem, = 0 and7; = 1; or as feature
) ) ) thresholding which is the worst case in terms of processing time,
)= 0_237 n= 0_1237 — UQ_T (16) Whenn, = 1. Compared with global gray-level thresholding
Tw oT Ty - techniques, local gray-level and feature thresholding methods

Taking for example, the optimal threshattl is determined as take the local features of a document image into account, and
can be applied to more complex images with one-tenth of the

t" = ArgMax;eo,-1)(7) (17) normal speed or even lower.
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the testing set and the number of images belonging to var|0u:,
classes. For the SlmpIeSt case, wher- 1/3(L =01 2) the Fig. 10. Local binarization results of the “Tourism magazine.” (a) Raw image;
expectatlon of the processing time is the algebraic average(gfenhanced Bernsen's method; (c) Kamel-Zhao's logic level technique; (d)

t:(i = 0,1,2), which is a substantial improvement when |arg@h s LLT based on bright-average scheme; (e) Tophat Transform followed
by Ostu’s method; (f) Niblack’s method; (g) Djeziri’s filiformity followed by

quantltles of i Images are proceSSEd Ostu’s method; and (h) proposed double-edge followed by conditional dilation.

VI. EXPERIMENTAL RESULTS AND DISCUSSION S ) )
10(a)]. Local binarization methods are evaluated, including

A. Subjective Evaluation the enhanced Bernsen’s method, Kamel-Zhao's method,
We evaluate the performance of the propodgedble-edge Oh’'s method, Tophat Transform [36] followed by Ostu’s
model based method for character extraction in both subjenethod, Niblack’s method, Djeziri's method followed by
tive and objective manners. The subjective evaluation reli@stu’'s method, and the proposed method. We observed the
mostly on visual effects, including the continuity of strokedargest thickness to be detectedi®s = 4 andW = 5 for
and the suppression of the backgrounds. Two images takba two images, and set the threshold in Kamel-Zhao's and
from a French check, and a tourism magazine, which rep®h’s methods to 20. The constaktin Niblack’s method is
sent different types of documents are tested [Figs. 9(a) aset tok = —0.2. Visual inspection shows the ability of the
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TABLE | Fil] 20
COMPARISON OFCOMPUTATIONAL TIME REQUIRED BY DIFFERENTLOCAL
BINARIZATION METHODS 15 |n| 1%
/|
Processing time {seconds) (measured on a Pentium® 11 400 PC) L |I | L I|~1
Method French Check (Fig. 9a) Towrism magazine (Fig. 10a) 5 | 5 J“' II|
(400X 198 pixels) Wiad (673x264 pixels) W=3 |Ilﬂ !
\ , {a) %—-—-l“"u’ (b g Ll
Enhanced Bernsen's 027 0.60 5 06 67 O0F 08 10 "E|5 0 07 0B o8 10
Kamel-Zhao's 0.61 2.04
Ohys 0.67 27 Fig. 11. Distribution of class separability. (a) Class separability of courtesy
# - amount and (b) class separability of legal amount (250 real-life checks are
Top-Hat + Ostu 1.17 3.64 analyzed).
Niblack's 209 7.47 =
Dijeziri's + Ostu 143 401 ‘*H—/q_ ':ﬁ-‘ g = q: ;‘ f[/_
Diouble-edge model 1.21 3.35 s =
double-edgemodel based method in distinguishing the chat .“ %} {f“ % %
acter strokes of desired thickness from the rest. In the Fren "™ -J -

check (Fig. 9), most parts of the character string “RESERVEL

and thick diagonal lines are removed since all objects larg i :

than the predefined stroke width are considered as noise. I} m ﬂzg—t ? S—-
the tourism magazine (Fig. 10), most methods break the strot .

at low contrast into pieces, while Niblack’s and tfmuble-edge

mOde! based me.thOd keep gOOd contlnglty n charactgrs. M.%rie. 12. Examples of different types of background. (a) “Simple” case;
experiments on images taken from various sources mcIudlmg(]G; (b) “medium” casey = 0.843; and (c) “complex” casey = 0.674.
Canadian checks and maps show thatdbeble-edgemodel

based method can extract characters in varying contragifount recognizer developed by Strathy et al. [1], [39] is used.
Compared to other methods, it generally keeps good continuitife digit recognizer was trained on about 340 000 digits from
in character strokes while suppressing the backgrounds. kRe NIST training database, plus about 15 000 digits collected by
sensitivity to stroke width enables tHeuble-edgenodel based CENPARMI in experimental checks. The extraction and elimi-
method to dIStlnngh characters with the desirable stroke Wlmat|on of baselines from bank check imageS, as well as restora-
from other characters or baCkgroundS. MeanWhiIe, it limits thﬁ)n of broken Strokesy described in [21]’ are based on a set of
method to extract characters with a known stroke width. Wh%rpho'ogica| Operations Wlth Structuring e|ements dep|ct|ng
this information can not be obtainet priori, the characters the |inear feature.
can not be extracted properly. We conducted both qualitative and quantitative experiments
on a set of 870 real-life gray-level check images scanned at Bell
Quebec with aresolution of 300 DPI. Scanned at this resolution,
In terms of processing time, the proposed method is amid sewest handwritings have a stroke width of 3—-5 pixels. There-
eral local thresholding methods. We have the following resultsre, we set?” = 6 in the tests. The distributions of class sep-
on the French check and the tourism magazine (Table I).  arability in both courtesy and legal amounts estimated from a
For quantitative evaluation, we follow the goal-directed rulesubset of 250 images are shown in Fig. 11. According to sub-
used by Trieet al.[17], [18], in which an image understandingjective observation, we classify the images into three classes,
module based on the results of the low-level image processisimple,” “medium,” and “complex.” Two thresholdg = 0.8,
routine in question is used. The experiments are carried outandr; = 0.88 are chosen empirically by matching the subjec-
a bank check processing system [1]. In multibank check prtive observation with the class separability [Fig. 12]. In fact, the
cessing, the main difficulties stem from variations in text lolocal gray level thresholding and feature thresholding methods
cations and the complexity of their backgrounds. Since eaahvays outperform the global gray level thresholding, which
bank has its specific check design and the location of itemmgans the higher the thresholds, the better the results. A com-
the performance of low-level image processing, especially chaarison of computational time is shown in Table II; the pro-
acter extraction, actually plays an important role in the overaléssing time required for each image increases drastically when
specification of multi-bank check processing systems. Insteaubre precise and deliberate algorithms are applied. Among the
of evaluating the quality of the extracted items by visual areveral types of thresholding techniques we have analyzed, the
machine-computed criteria [37], [38], an objective evaluatiatiouble-edgemodel is ranked as the most computation-inten-
method should be conducted to investigate the effects of difive method. However, the classification of original images ac-
ferent extracting strategies on the subsequent image analysigding to their complexity helps to reduce the processing time.
steps. Since we have more reliable recognition techniques fobalance between the computing speed and extracting quality
courtesy amounts, we have chosen the courtesy amount to eshbuld be taken into consideration when choosing the thresh-
uate the proposed method of character extraction. The courte&ing methods.

B. Objective Evaluation
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TABLE I
COMPUTATIONAL TIME REQUIRED BY DIFFERENT BINARIZATION STRATEGIES
FOR COURTESY AMOUNTS (AVERAGE SIZE OF IMAGE 1S 250*100. RESULTS
OBTAINED ON A PENTIUM® 11 400 PC)
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3) “complex,” which involves sharply varying backgrounds,
posing difficulties to most binarization methods.
The complexity of the document image is estimated by class

separability, which is a weak yet useful measurement in classi-

Binarization Ostu’s Enhanced  Double-edge Hybrid fying the document images. A hybrid character extraction ap-

methods Bernsen's model method proach can reduce the computational cost, which can be pro-

Time 0.01 018 0.3 0.64 hibitive in processing a large number of check images. The ex-

) perimental result shows the natural adaptation of the method to
(secfimage) complex and varying backgrounds.

TABLE Il For the cases involving complex backgrounds, we define

COMPARISON OFNONREJECTIONERROR RATES OBTAINED BY DIFFERENT
BINARIZATION METHODS (ONLY THE RESULTS FORCOURTESY
AMOUNT ARE PROVIDED)

character strokes as trenches with a limited size, described by
a double-edgeappearing in a local region. The experimental
results on the goal-directed evaluation of courtesy amount
extraction show the robustness of the method to complex and
varying backgrounds. However, tlimuble-edgdeature does

Method Nen-re. Brr, Rate (%)

Ostu’s 371 not distinguish noise in linear form from true strokes, and
Enbanced Bernsen’s 327 other features may be required to remove such interfering
Ramel-Zhao's 4.3 marks. Since the computational cost @duble-edgefeature
Oh's 349 thresholding is far more than that of global gray-level thresh-
TopHat + Cstu 374 olding, we are looking for a robust and explicit measurement
Niblack’s 82.8 of image complexity, in order to improve the tradeoff between
Djeziri’s + Ostu 89.5 performance and processing speed. In other words, we suggest
Double-edge model 211 the application of simple algorithms to clean images and more
Hybrid 254

sophisticated methods to complex images.
As observed in real-life checks, complex background images

. are often found in legal amount regions, causing errors in recog-
In order to evaluate the performance of different character: ;
e R nitjon. Although this method has not been evaluated by legal

recognition methods quantitatively, we compared the propose ., . A
fanount recognition, experimental results show promising im-

double-edgéeature thresholding method and the hybrid metho 2 :
rovement in visual aspects. Further evaluation on legal amount

with several locally adaptive thresholding methods (Table I“E‘xtraction would require a reliable recoanizer and a common
We observed that due to the highly variable contrast in trgf 9 9

. . ) atabase, which are under investigation. It is noticeable that the

handwritten strokes, some locally adaptive thresholding tech- ; .
. ; i : . proposed approach can be applied not only to check images, but

nigues that involve fixed parameters are found inadequate in th|s . .

application alSo to other document images with complex backgrounds and

The last column of Table Il and the last row of Table IlI iIIus—poor illumination.

trate animportant result, thatis the combination of different char-

acter extraction methods can improve the processing speed of the
system without affecting the recognition rate substantially. Al- The authors would like to thank N. Strathy for introducing the
thoughthe experiments are carried outon courtesy amountrecggit recognizers, C. P. Nadal and A. N. Bloch for their help in

nition, we observed that more complex background images @@ writing, and J. Zhou for his help in preparing the final draft.
usually found in the legal amount region (Fig. 2). The examples

of extracting legal amount as well as other types of documents in
Figs. 9 and 10 demonstrate the ability of the proposed method in
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