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The trends in Fig;. 7 and 8 are consistent for both data sets. 
The five-best-choices filtering, followed by the minimum distance 
measure, produces the best results, both at the extrema of the 
curves and in passirig closest to the ideal (0 percent, 0 percent) 
point. The minimum distance measure alone is next best, and 
then the Euclidean distance. Fig. 8 shows the limitation of the 
five-best-choices assumption; the error rate cannot be reduced 
below nine percent because nine percent of the five best choices 
are in error and are, consequently, being accepted by the system 
without question. This assumption is much less problematic for 
the 96 X 96 data, where about 0.1 percent of the five best choices 
are iti error. 

Alterations to the recognition system and changes in the basic 
CQA assumptions might yield improved results. The six airplanes 
arc fundamentally very similar objects. As noise is added to the 
images, and the resolution is reduced, the consistent differences 
between the different airplanes disappear. Techniques such as 
multiframe averaging or multiple views would increase the classi- 
fication success [lo] and, as a consequence, improve the results of 
CQA. Further refinements of the CQA technique are possible. 
For example, cumi t ly  only magnitudes of distances in feature 
space are used to generate a scalar for CQA normalizatio.1; more 
powerful methods might be possible if vector feature space 
measures are used. 

V. CONCLUSION 
This correspondence has presented a method for making an 

object identification system, originally tested by recognizing a 
small set of objects, more general. This generality comes from the 
ability to reject objects that are not known to the recognition 
system. The result~ng classification system still has the same 
computational complexity as before the addition of CQA. The 
strengths of the method include an emphasis on nonruntime 
computation and no dependence on data description techniques. 

I t  is worthwhile to consider briefly the system time complexity. 
For an image of sixe n X n, we calculate feature vectors that are 
complete moment sets (CMS) of order m. An order m CMS 
contains O(m2)  elements, and requires O ( m 4 )  operations for 
normalization [15]. If we have p airplanes in our model database 
we will put U views of each into our libr then the overall 

lone m2 in the time complexity is from an overall library normal- 
ization performed iit the end of library generation. 

Once the library is generated, the CQA measures can be 
calculated. Calculation of CQA 1 for the entire library is 
O(pumZ). Calculation of the CQA 2 normalization measures is 
O( p2u2mZ). All t h s  represents pramputation prior to classifi- 
cation runtime. For the experiments presented here n = 128, 
m = 3, p = 6.  and U = 500. In contrast, runtime complexity for 
classification is O(n2m2 + m“ + m’ + porn'), with additional 
O(1) time required for CQA 1 and 2. The runtime time complex- 
ity could be reduced by using parallel hardware applied along 
any or all of n, m, p. and U 1161. 

After unknown object rejection, a second concept presented in 
this correspondence is that of raising classification dependability, 
by rejecting less reliable classifications of objects that are in the 
data base of known objects. Thus if an action can be taken only 
if certainty of identification is 95 percent or better, this method 
provides a means for achieving this level of dependability for a 
subset of the total possible set of unknown feature vectors. This 
second analysis stage shares the computational characteristics of 
the first stage. I t  is also not dependent on data representations. 

Overall, the CQ.A techniques presented allow an identification 
system, based on a limited object set, to function in a much 
b r o a d e r  context .  Aside from the  generality, alternative applica- 
tions are also posibIe: in an industrial environment, such an 

library generation complexity is O(pu(m 2Y n + m4 + m‘)). The 

enhanced system would allow fast bin picking, where the vision 
system would only need to recognize the parts that were required, 
and not all the types of parts in the bin. This would mean a 
system speedup, by reducing the size of the search space (along 
the same lines as [8]). CQA could also be used to recognize the 
deviation of defective parts from the ideal in a quality evaluation 
system. 
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A Gray-Level Threshold Selection Method Based on 
Maximum Entropy Principle 

ANDREW K. C. WONG, MEMBER. IEEE. AND P. K. SAHOO 

Abslrurt -The gray-level threshold selection method for image segmen- 
tation presented here is based on the maximum entropy principle. The 
optimal threshold value is determined by maximizing the (I posteriori 
entropy subject lo certain inequality constraints whieh are derived by 
means of special measures characterizing uniformity and the shape of the 
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regions in the image. For this purpose, the authors use both the gray-level 
distribution and thc spatial information of an image. The etfectiveness of 
our method is demonstrrited by its performance on some real-world images. 
An extension of this method to chromatic images has been provided. 

I. INTRODUCTION 
Image thresholding is essentially a pixel classification problem. 

Its basic objective is to classify the pixels of a given image into 
two classes: those pertaining to an object and those pertaining to 
the background. Whde one includes pixels with gray values that 
are below or equal to a certain threshold. the other includes those 
with gray values above the threshold. Thresholding is a popular 
tool for image segmentation. It is widely used in halftone repro- 
duction [12], (141, [27], automatic target recognition [3], design of 
visual navigation system for autonomous land vehicles 1251, [29], 
(301, industrial applications of computer vision [9], and biomedi- 
cal image analysis [4], [6], [19], [23]. Over the years many thresh- 
old selection techniques have been proposed. For a survey of 
threshold selection techniques, readers may refer to (261 and [31]. 

In general, threshold selection techniques can be broadly di- 
vided into two groups, namely, global and local thresholding. A 
global technique may be point-dependent or region-dependent. 
The thresholding method is point-dependent if the threshold 
value is determined solely from the pixel gray tone as represented 
by gray-level histogritm and is independent of the gray tone of 
the neighborhood of a pixel. On the other hand, a method is 
called region-dependent if the threshold value is determined from 
the local property within a neighborhood of a pixel. A global 
thresholding technique is one that thresholds the entire image 
with a single threshold value, whereas a local thresholding tech- 
nique is one that partitions a given image into subimages and 
determines a threshold for each of these subimages. 
Though point-dependent global thresholding methods are com- 

paratively simple, they use only a small part of the independent 
information provided by the image. Therefore, these techniques 
are not always useful. For example, in halftone reproduction, 
global point-dependent methods rarely produce good pictures. 

In this correspondence we propose a global threshold selection 
method which uses both gray-level distribution and spatial iofor- 
mation. The work is organized as follows. In Section 11, we 
briefly review some recent methods on thresholding. These meth- 
ods have not been considered in the recent survey article [26] or 
in (311. Section I11 describes the proposed thresholding method 
and its theoretical justifications. Section IV reports the effective- 
ness of our thresholding method when applied to some real-world 
images. In Section V, we show how this method is extended for 
segmenting chromatic images. Finally, in Section VI, we provide 
some concluding rem'uks regarding the method proposed. 

11. l k V l E W  OF RECENT WORKS 

Over the years many threshold selection methods have been 
proposed. All methods optimize criterion functions based on 
information obtained from either gray-level histogram or spatial 
distribution. Some of these methods use information from both 
sources to select a threshold. A recent paper [26] attempts to 
survey many thresholding methods that have appeared in recent 
literature. Unfortunately, a few techniques known prior to 1986 
were not included in [:!6]. In this section, we review only the more 
important recent worhs that had not been covered. 

To relate the reviewed work in [26] to the proposed scheme, we 
first introduce some blasic notations and definitions. Let 2' be 
the set of all positive Integers, (x, y )  be the spatial coordinate of 
a pixel in a digitized image, Z: - (0,l:. . , l - l )  be the set of 
gray levels, where I i s  the total number of quantization levels. 
Then, an image function can be defined as the mapping h: 
2' x 2' + 2:. The tlrightness (i.e., the gray level) of a pixel at 
( x ,  y )  is denoted as h (x, y ) .  

Let t E Z,' be a threshold and A = {U] ,  u2 } be a pair of gray 
levels with a,, o2 E 2';. The result of thresholding an image 

function h ( x , y )  at gray level t is a binary image function 
h l ( x ,  y ) .  The explicit representation of h,(x .  y )  is expressed as 

The constant ul is usually 0 and u2 is I - 1. 
Let fo, il ,- . -, f , -  I be the observed gray-level frequencies of an 

image. The probability of the gray level i in an image can be 
estimated as 

where No is the total number of pixels in the image and I is the 
total number of gray levels. Dunn etol. [5] proposed a uniform 
error threshold selection method which equalizes the probability 
of misclassification between the object and the background pixels 
in an image. The optimal threshold value in uniform error 
method is obtained by finding a threshold r E Z,' such that 

h( t ) (  h( I )  +1) -( a"r) + c( I ) )  = 0 

where 

U (  I )  - Pr { a pixel has gray value > t } 
h( I )  - Pr { two adjacent pixels have gray values 7 t } 
c( I) = Pr {four neighboring pixels have gray values > r 1. 

The probabilities u ( t ) ,  h ( t ) ,  and c ( t )  are estimated by examining 
2 x 2 neighborhoods in the image for fixed t .  The uniform error 
method is a global region-dependent thresholding method. Aviad 
and Lozinskii [l] proposed a thresholding method based on 
minimizing the ambiguity which results from the different con- 
texts in which gray levels are classified as object or background. 
Pavlidis and Wolberg [22] have given an algorithm based on a 
model of the image distortion. Forte and Shoo [7] introduced a 
measure for the loss of idormation due to reduction on the range 
of a real random variable and proposed a thresholding method 
based on the loss of information criterion. Their method belongs 
to the class of point-dependent global techniques. Another infor- 
mation theoretic method that recently appeared in the literature 
is due to Beattie [Z]. Other recent publications related to auto- 
matic threshold selection include [IO], [13]. and [17]. 

111. MAXIMUM ENTROPY THRESHOLDING 
The success of the maximum entropy method for solving 

problems in image reconstruction [32]. [33] and other areas [13] 
has encouraged us to apply this method to threshold selection. As 
is well-known, the maximum entropy principle serves as a crite- 
rion to select opriori probability distributions when very little or 
nothing is known. It states that, for a given amount of informa- 
tion, the probability distribution which best describes our knowl- 
edge is the one that maximizes the Shannon entropy subject to 
the given evidence as constraints. 

Let I E Z,+. After thresholding an image by the threshold t ,  we 
obtain a bilevel image. The U posteriori probability of the pixels 
with gray values less than t is given by 

I 

Similarly, the U posteriori probability of all those pixels with 
values greater than or equal to r is 1 - F(r) .  Thus the Shannon 
entropy of the bilevel picture is 

where the logarithm is taken with respect to base 2 and OlogO is 
assumed to be zero. If nothing else is known regarding the image, 
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