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A Recursive Thresholding
Technique for Image Segmentation

In segmenting several objects from a given image, the determi-
nation of multilevel threshold values should not be constrained by
the number of objects in that particular image. For example, [16]
is adequate when the image has exactly three or fewer objects.

Abstract—in thi d . | _Moreover, [18] is based on statistical and spatial information re-

Sstract—In IS corresponaence, we present a general recursive P . : : : - .
approach for image segmentation by extending Otsu's method. The quiring that the histogram consptg of. only Gaussu’fm dlstrlbutlo.ns.
new approach has been implemented in the scope of document images,D€spite the fact that grey-level distributions, small objects, and object
specifically real-life bank checks. This approach segments the brightest overlapping are some of the most complicated issues that create
homogeneous object from a given image at each recursion, leaving only several challenging difficulties for multilevel threshold selection
the darkest homogeneous object after_the last recursion. Th'e major steps i, images, a thresholding technique must be able to segment a
of the new technique and the experimental results that illustrate the digitized i . diff bi ith simil . In thi
importance and the usefulness of the new approach for the specified class4191tized Image into different objects with similar properties. In this
of document images of bank checks will be presented. correspondence, we will present an extension of Otsu’s approach [11]

. . . as a general technique for image segmentation and limit the scope

Index Terms—Grey-scale images, image enhancement, image segmen- .

tation. of the problem to document images. The new approach goes beyond
segmenting only one bright object from an image to an approach that

recursively segments the brightest object at each recursion, leaving

|. INTRODUCTION the darkest object in the given digitized image. The recursive method

The problem ofimage segmentatiohas received considerableiS developed without any constraints on the number of objects in
attention in the literature [12], [17], [20], [21]. Several methodologie§'e digitized image. Section Il will briefly present Otsu's method,
have been proposed to tackle this pr0b|em, however, two approacﬁggtion IV will present the genel’al scope of the recursive thl’esholding
are widely used in this context: edge-based-like [4], [9], [22] antgchnique, and Sections V and VI will present the experimental
region-based-like [1], [2], [7], [8], [16]-[18]. In edge-based methodg€esults and the conclusion of the new approach on document images
the local discontinuities are detected first and then connected to fo @ Particular application.
longer, hopefully complete, boundaries. In region-based methods,
areas of an image with homogeneous properties are found, which IIl. OTsu's APPROACH

in turn give the boundaries. The two methods are co_mplement_ary,-l-his method, as proposed in [11], is based on discriminant analysis.
and one may be preferred to the other for some specific applicatiofg, threshold operation is regarded as the partitioning of the pixels of

like document image analysis. In their remarkable work, Saéo image into two classe& andC; (e.g., objects and background)
al., Palet al, and Trieret al. presented an excellent survey on imag(‘:;'1t grey-levelt, i.e.,, Co = {0,1,---,¢t} and C, = {t + 1,¢t +

thresholding that tested the performance of many automatic global . 1-1}. As stated in [11], let',, 0%, ando? be the within-class

and thresholdlng_ techniques. ) ) . variance, between-class variance, and the total variance, respectively.
In fact, there is currently a substantial and growing interest i, ontimal threshold can be determined by minimizing one of the

the field of document image understanding where several reseaf&%wing (equivalent) criterion functions with respect to
groups are developing and designing systems to automatically process

and extract relevant information from documents such as engineering
drawings, maps, magazines, newspapers, forms, and mail envelopes
[31, [5]‘. [61, [13.]_[15]’ 24], .[25]' . Of the above three criterion functiong,is the simplest. Thus, the
Our interest in this work is to develop a general recursive thresg- : . '
; ) . ggmal thresholdt™ is defined as
olding technique for grey-scale images, and demonstrate the ne

GENERAL SCOPE OF THEMETHOD

M. Cheriet, J. N. Said, and C. Y. Suen

for such a new technique in the field of document processing for t* = ArgMin 5 Q)
document analysis and understanding. Of course, the new technique tea
also aims at preserving the topological properties of the extractégere . -
information that will be used for further processing. o2 = Z (i = pr)2Py  pr = Zip’? )
=0 =0
t
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where n; is the number of pixels with grey-level and » is the

1

%otal number of pixels in a given image definedras= 3/} n:.

Moreover, P; is the probability of occurrence of grey-levietiefined
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Otsu’s method as proposed affords further means to analyze further

image. For a selected thresholl of a given image, the class
probabilitiesw, and w, indicate the portions of the areas occupied
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Fig. 1. Image segmentation using Otsu’'s method on an image with t#dg. 2. Image segmentation using Otsu’s method on an image with multiob-

objects. (a) Original grey-scale image. (b) Histogram whérés the optimal jects.(a) Original grey-scale image. (b) Histogram whereis the optimal

threshold. (c) Final result (clags; ). (d) Thresholded background (claGg). threshold. (c) Final image containing the darkest object. (d) Thresholded
background (brightest object).

by the classe<’; and C;. The class meang, and p; serve as
estimates of the mean levels of the classes in the original grey-lev ;
image. Moreover, the maximum value gf denoted by;*, can be | ¥ A e o e N ___J

L —— e

used as a measure to evaluate the separability of classeand
C1 in the original image or the bimodality of the histogram. This
is a very significant measure because it is invariant under affir
transformations of the grey-level scale. It is uniquely determine
within the range

0<y <1

The lower bound (zero) is obtained when and only when a give
image has a single constant grey level, and the upper bound (uni
is obtained when and only when two-valued images are given. Th
property is an important criteria that we will use in extending Otsu’
approach.

In digital images, the uniformity of objects plays a significant
role in separating these objects from the background. In fact, OtsL
method in thresholding grey-level images is efficient on the basis
uniformity measure between the two claségsandC; that should be
segmented. Fig. 1 illustrates the results after applying Otsu’s meth:
on the given image.

— =

%l

Fig. 3. Image segmentation using recursive method on images with mul-

IV. EXTENSION OF OTsU'S APPROACH(DYNAMIC THRESHOLDING  fiobjects. (@) Original grey-scale image. (b) Histogram whetéR; and
THRy are the optimal thresholds during the first and the second recursions.

In the previous section we presented Otsu's method, which pegy image after thresholding the first objef’s) using TH R, . (d) First
forms well on images with two classes. However, Fig. 2(c) illustrateresholded background object;. (e) Imagef, that contains the darkest
the limitation of this method. In fact, Fig. 2 shows that if an imagébiect. (f) Second thresholded background obj@et

has more than two objects, then by applying [11] only one object is

.thresholded..Hence, we propose thresholding recursively and pro?ﬁﬁ%ref(i.j) is the grey level of a pixel whose coordinates éig),
in the following way: according to [11], a global threshold value 9 < ; < H’ and0 < j < W, andH and¥" are the height and width

evaluated for a given image, Fig. 3(a), and a new image with OR¢ 4 diaiti : : :

- . . | ) gitized imagef, respectively. Also, by convention, the grey
object (the brlghtegt) being threshoIQed IS produceq, ':'9- 3(c). No vel zero is the darkest and the grey lelel 1 is the brightest.
the regions, as in Fig. 3(c), are considered as the given image and t s a first step, given an image a smoothed imaggy; is gener-

process of histogramming, peak selection, and thresholding as in [:‘lj1 d whose intensity at every pixgl j) is obtained by averaging the

is recursively repeated yntll no new peak_s can be found or reg'%?ensity values of the pixels qf contained in a 3< 3 neighborhood
become too small. In this sense, an effective recursive segmentatg)%f (i.7). Formally

technique that segments the brightest object at each recursion can be .
achieved. Ay — . i 4
Formally, let]V' be the set of natural numbers, j) be the spatial fanlind) = n %:esf(n’ m), Vi) €W < H
coordinates of a digitized image, agd= {0,1,---,/—1} be a set of ’
positive integers representing grey levelBhen, an image function Where K is the total number of points iy and W and H are the
can be defined as the mapping width and height of the imagg. This smoothing is required in order
L to produce better histograms to get more accurate thresholds.
f:NXN:=G Now, given fai;, thresholding as in [11] is applied recursively.
1In our model, we assumie= 256. Initially, a grey-level histogram is evaluated for the entire image
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Fig. 4. Diagram of recursive thresholding technique.

frir as illustrated in Fig. 3(b). From this histogram, the method [11 . dand Ao
automatically calculates the threshd@ R, (t* as in Section IIl) and e L TR B
the separability facta8P, (n* as in Section IlI) for the entire image. '*.g_:_ s

SP, is a number ranging from zero to one, indicates the likelihoo | = === “’““"-""' T

of separating the class that has the lowest intensity in the image frc | s | J
the other classes in the same image. If the separability factor is leso

than5 (5 = 95% which is determined in the training phase), whiclkjg 5 |mage segmentation using recursive method on a sample check
indicates the existence of two classes that are not 95% (or abokgdge. (a) Original grey-scale check image. (b) Histogram wigi® and

the same class, the threshold valli#R; is used to separate the THR: are the optimal thresholds during the first and the second recursions.
two classes or objects. This results in a new imdgdFig. 3(c)] (c) Image after thresholding the first background brightest olfjgt using

. . Ri. (d) First thresholded background obje€t. (e) Image f, that
from which one object (denoted b§,) has been segmented fromcontains the foreground darkest object which is the handwritten information.

the original imagefss. (f) Second thresholded background objéat, which is the brightest object
At recursiont (¢ > 1), we will determine the grey-level histogramin the grey-scale image shown in (c).

of the whole image, including the white pixels of the background

and use [11] to calculate the separability facddy; and the threshold

value THR;. If SP, exceeds 95%, the process will terminate, sinceerformance was analyzed by visual inspection considering criteria
the image has only one object remaining against a white backgrougdch as the thickness, intensity, and connectivity of strokes of the
However, if SP; does not exceed 95%, the recursive process ilems to be extracted from the check images.

repeated to threshold an obje€%. Recursion is repeated times In Table | we used the following convention.

until no more objects can be segmented. As a result, we obtain  p:  dark background or dark handwritten

D+: very dark background or very dark handwritten information

fin = Co U01 U e Ufp S:  simple and homogeneous background with no figures
C: complex background with homogeneous figures considered
where f, [f, = finr, @s in Fig. 3(e)] is the object that remains as one object (refer to Section V)
after segmenting the different objects. A diagram of the system isC+: complex background with nonhomogeneous figures consid-
presented in Fig. 4. ered as multiobjects (refer to Section V)
t: thin handwritten information
V. APPLICATION TO CHECK IMAGES T: thick handwritten information

As pointed out in Section Il, the purpose of the new proposed L very light handwritten |nf9rmat_|on )
thresholding method is to develop a general recursive thresholding="  19ht but not dark handwritten information
technique for grey scale images and apply it to document processmg\s an example to illustrate this notation, the check image presented
for document analysis and understanding. In fact, the new technidaeFig. 5 is considered as having the attributesf C+ for its
will facilitate the process of information extraction from documenackground [Fig. 5(d) and (f)] anft, 7'} and D+ for its foreground
images and preserve the topological properties of the extracted infifrig. 5(e)]. Moreover, columnsi, B,C, D, E, F, and G represent
mation that will be presented for further processing and recognitite number of check images, average size of an image in megabytes,
as in [23]. background and foreground of a given cheque imggeime in

In pursuing this line, 220 real-life bank checks were used to traieconds in calculatingis, fin:, and their corresponding total time,
the system, and 505 different checks were used to test its performaresl the performance analysis of the system, respectively.
The training set is used to select an optimal valueSfovhich is setto  Table | indicates that the training and testing checks have good and
95% in this experimental application. For other applications, howeveatisfactory results when the target object required is the darkest in
the value ofS will differ depending on the intensity of the objectsthe given image. However, when the targeted object in a given image
in the scene image. The optimal value $fshould produce the bestis not the darkest object, recursive segmentation will not properly
performance results even though performance evaluation of imagggment the targeted object. The last two entries in Table | illustrate
processing techniques such as image segmentation is a nontrithié point.
task to pursue. In tackling this problem, a set of human visual The system is developed under a Sun Sparc 330 (Sparc 1), with 24
criteria were defined where each criterion is given a weight. SeveMlof memory and 25 MHz. An HP scanner is employed to capture
performance evaluation techniques for image segmentation [21] ahd image of checks. The resolution of digitization of the experiment
thinning [19] follow the same approach. In this application, thean vary between 200 and 300 dpi.
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TABLE | [0

EXPERIMENTAL RESULTS

[10]
A|B |¢C D JE[F |G
Training Set [11]
8 [ 1.3[DS/t D+ 14 | 2 | 16 | 99%-100%
61| 1.4 |DC/t D+ 15 { 3 | 18 | 96%-100% [12]
47 | 1.5y DcC / {t, T} L+ | 16 | 5 | 21 | 85%-100%
26 | 1.5 | D c+/ {t, T} D+ | 17 | 6 | 23 | 73%-84y [13]
Testing Set
(the training images were not used for testing) [14]
68 ] 1.4 DS/ {t, T} D+ | 156 ] 2 [ 17 [ 99%-100Y%
74115 DS/ {t, T} L+ | 17| 2 | 19 | 96%-100% (15]
56 11.4|DS/ {t, T} L 14 | 2 | 16 | 85%-100%
33| 1.5 | D+ S/ {t, T} |16 |2 | 18 | 73%-84% [16]
{D+, L+, L }
47 | 1.4 |DC/ {t, T} D+ | 15| 5 | 20 | 98%-100% [17]
56 | t.4{DcC/ {t, T} L+ | 14 |5 | 19 | 93%-100%
31|1.5{pc/{t, T} L 16 | 5 | 21 | 81%-100Y%
21 | 1.4 | D+ C / {t, T} 15 {5 | 20 | 59%-81Y% (18]
{D+, L+, L }
48 | 1.6 [ D C+ / {t, T} D+ | 18 | 5 | 23 | 98%-100%
35 1.6 | DC+/ {t, T} L+ | 17 | 5 | 22 | 90%-100% [19]
20]1.4|Dc+/ {t, T} L {145 |19]0
14 | 1.5 | D+ ¢+ / {t, T} 16 |7 |13 ] 0
{D+, L+, L }
[20]
VI. CONCLUSION

[21]
In this work, we introduced a new and general method for image
segmentation by extending Otsu’s approach [11]. At each recursi 512]
the new approach segments first the object with the lowest intensity
from the given image. The recursive process continues until thepes]

is one object (the darkest) left in the image. As an application,
the new method is trained on 220 real-life bank checks and tested
on another 505 checks to eliminate their background to facilitats,
further processing [23] on these checks. Results of the performance
analysis indicated that the new method is very efficient and effective
in segmenting the darkest object in a given image. Currently, we dr&l
developing other segmentation methods [10] based on edge detection
to locate targeted objects that are not the darkest in a given image.
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