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Goal-Directed Evaluation of Binarization Methods 
Bivind Due Trier, Student Member, IEEE, and Ani1 K. Jain, Fellow, IEEE 

Abstract-This paper presenlts a methodology for evaluation of 
low-level image analysis methods, using binarization (two-level 
thresholding) as an example. Isinarization of scanned gray scale 
images is the first step in most document image analysis systems. 
Selection of an appropriate biniarization method for an input im- 
age domain is a difficult problem. Typically, a human expert 
evaluates the binarized images according to hislher visual criteria. 
However, to conduct an objective evaluation, one needs to investi- 
gate how well the subsequent image analysis steps will perform on 
the binarized image. We call this approach goal-directed evalua- 
tion, and it can be used to evialuate other low-level image proc- 
essing methods as well. Our evaluation of binarization methods is 
in the context of digit recognilion, so we define the performance 
of the character recognition module as the objective measure. 
Eleven different locally adalptive binarization methods were 
evaluated, and Niblack’s method gave the best performance. 

Index Terms-Objective evaluation, performance evaluation, 
binarization, segmentation, document images. 

I. INTRODUCTION 

HERE is currently a substantial and growing interest in the T field of document image analysis (or document image 
understanding). Several research groups are designing systems 
for extracting relevant information from documents as diverse 
as engineering drawings, maps, magazines and newspapers, 
forms, and mail envelopes [l], [2], [3], [4], [ 5 ] ,  [6] ,  [7], [SI. 

One of the most popular airchitectures preferred in designing 
large and complex vision systems is the sequential, modular, 
and feedfonvard processing of information. Typically, a given 
component module in the system takes an intermediate output 
of another module and transforms it into representations which 
make useful information more explicit. Among the range of 
off-the-shelf module alternatives, a system designer is con- 
fronted with the formidable problem of selecting the ‘correct’ 
module to obtain the desired solution for a given application at 
hand. As more and more computer vision systems are being 
developed, there is an intense need for a systematic characteri- 
zation and evaluation of the performance of these systems. 
This paper is an attempt to explore an objective evaluation of 
suitability of a given system component for a practical vision 
system. 
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Performance evaluation of low-level image processing rou- 
tines, such as binarization, segmentation, edge-detection, thin- 
ning, etc., is inherently difficult. The usual approach is to de- 
tine a set of criteria, and give scores for each criterion. Differ- 
ent weights may be assigned to the individual criteria. The 
criteria may be human visual criteria, or machine-computed 
criteria. Recent performance evaluations for binarization 
methods [9] and thinning [lo] follow this approach. These 
efforts are indeed valuable as they sort out the good methods 
from the poor. However, the main drawback of these evalua- 
tion methods is that for a given application domain, where a 
low-level image processing routine is to be used, one can not 
determine from the subjective evaluation which routine will 
perform the best. The low-level module used may not conform 
to the requirements of the higher level image understanding 
module. Also, for complex images, the design of low-level 
operations such as binarization and thinning is a diEcult 
problem. This calls for goal-directed evaluation, where an 
image understanding module using the results of the low-level 
image processing routine in question is used for quantitative 
evaluation. This avoids the use of subjective criteria, the 
problem of assigning weights to the different criteria, and de- 
termining which criteria are important and which are not. 

Our evaluation methodology is not necessarily new and has 
been used to evaluate, for example, feature extraction methods 
in an optical character recognition (OCR) system [l 11. Our 
contribution is to provide a formal framework for this evalua- 
tion methodology for low-level vision modules, and demon- 
strate its usefulness in a particular application. 

Note that to evaluate feature extraction methods for OCR, 
the goal-directed evaluation method, in our opinion, is the only 
sensible scheme. For low-level vision modules, however, the 
goal-directed evaluation method is an alternative to other 
evaluation methods. Also, note that for some computer vision 
systems a goal-directed evaluation of the modules may be dif- 
ficult to conduct, for example, evaluation of edge detectors for 
a vision-guided mobile robot. The difficulty lies in construct- 
ing an unbiased, objective measurement of the system per- 
formance. 

Haralick [12] has proposed a scientific framework for per- 
formance characterization of image analysis methods, and 
Jaisimha et al. [ 131 used this methodology to evaluate thinning 
algorithms. However, Haralick’s evaluation methodology [ 121 
is based on using synthetic images, which may fail to give 
valid results for real images if the assumptions about the image 
formation and degradation models do not hold. Therefore, the 
goal-directed approach is a more appropriate evaluation pro- 
cedure. 

In most document image analysis systems, the scanned gray 
level image is binarized (labeling each pixel as print or back- 
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ground) prior to further processing. This paper will focus on 
performance evaluation of binarization methods for map im- 
ages. Maps are central to a large number of public and private 
organizations. An example is hydrographic maps, which are 
hand-drawn maps of the coast and seabed, indicating the depth 
values and contours of constant depth (Fig. 1). These maps 
need to be digitized for use in computer-aided navigation sys- 
tems in order for ships to operate safely. The depth values 
(numbers) represent extremely valuable information as it is 
very expensive to collect this data. Manual entry of the depth 
numbers and their positions is a tedious, time-consuming, and 
error-prone task. Therefore, it is essential to develop computer 
systems which are capable of automatically capturing as many 
of the depth numbers in these maps as possible. 

Fig. 1 A part of a hydrographic map, showing depth values and contours of 
constant depth The 2,000 x 2,000 pixels subimage shown here represents 
a 2 x 2 inch’ area on the paper map The size of a typical paper map is in the 
range 1000-2000 inch’ 

We utilize an experimental OCR module for this study. This 
OCR module, like most commercially available systems, re- 
quires binary images as input. Experiments have shown that 
when hydrographic maps are scanned binary, quite a few nu- 
merals in some areas are fragmented, while in other areas they 
are connected to each other or to contour lines or grid lines in 
the map, making the recognition task very difficult. Thus, gray 
level scanning, followed by a locally adaptive binarization 
using the best available method, is necessary. 

This application domain provides an excellent setting for 
evaluating the large number of locally adaptive binarization 
methods available in the literature. The 11 most promising 
locally adaptive binarization methods we could identify were 
applied to the test images. The resulting binary images were 
fed into the OCR module, and the results were quantified in 
terms of misclassification rates and reject rates. 

One should keep in mind that binarization is only one of 
several steps in a digit recognition system (Fig. 2). To design 
the best possible recognition system, one should optimize or 
tune the other steps involved as well. The quality of the 
scanned image depends on the resolution used, quality of the 
scanner hardware, and calibration of the scanner. A wide range 
of feature extraction methods exist [ 141. Similarly, a variety of 
classifiers may be used, including statistical [ lS]  as well as 
syntactical [ 161. Besides, factors such as memory requirements 
and execution times may limit the permissible solutions. So, 
the task of designing the best possible digit recognition system 
is indeed challenging. 

SCANNING 
GRAY LEVEL 
IMAGE 

BlNARlZATlON 

FEATURE EXTRACTION 
I FEATURE 

- 
Fig 2. Steps in a digit recognition system 

The rest of the paper is organized as follows. Section I1 
briefly describes the binarization methods used in this evalua- 
tion. Section 111 describes the design of our experiments, with 
a description of the test images, binarization procedure, and 
details of the classifier. The results are described in Sec- 
tion IV, and compared with the results from the evaluation 
study of Trier and Taxt [9], where five different human visual 
criteria were used. The last section contains discussion and an 
outline of future work. 

II. BINARIZATION METHODS 

Global binarization methods calculate a single threshold 
value for the entire image. Pixels having a gray level darker 
than the threshold value are labeled print (black), otherwise 
background (white). 

Locally adaptive binarization methods, on the other hand, 
compute a threshold for each pixel on the basis of information 
contained in a neighborhood of the pixel. Some of the methods 
calculate a threshold surface over the entire image. If a pixel 
(x, y )  in the input image has a higher gray level than the 
threshold surface evaluated at (x, y),  then the pixel (x, y )  is 
labeled as background, otherwise it is labeled as print. Other 
methods do not use explicit thresholds, but search for print 
pixels in a transformed image. 

We tested the following 11 locally adaptive binarization 
methods: 

1) Bemsen’s method [17], 
2) Chow and Kaneko’s method [ 181, [ 191, 
3) Eikvil et al.’s method [20], 
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4) Mardia and Hainsworth’s; method [21], 
5) Niblack’s method [22], 
6) Taxt et al.’s method €231, 
7) Yanowitz and Brucksteiri’s method [24], 
8) White and Rohrer’s Dynamic Threshold Algorithm [25], 
9) Parker’s method [26], 
10)White and Rohrer’s Integrated Function Algorithm [25], 

11)Trier and Taxt’s method [27]. 
and 

These methods were selected because they have been fre- 
quently referred to in the literature, or appeared to be promis- 
ing. The first eight methods use explicit thresholds or thresh- 
old surfaces, while the last three methods search for print pix- 
els after having located the edges. All these methods are 
briefly described below. 

To demonstrate that globad binarization was inadequate to 
threshold the map images properly, we also tested four global 
binarization methods: 

1) Abutaleb’s method [28], 
2) Kapur et al.’s method [?!9], 
3) Kittler and Illingworth’r; method [30], and 
4) Otsu’s method [3 11. 

The latter two are known to be optimal under two different 
normality assumptions [32]. Cho et al.’s improvement of Kit- 
tler and Illingworth’s methold [33] was not used. Abutaleb’s 
method seemed to be the most promising global method, since 
it uses some local information to generate an extra feature for 
each pixel, followed by a two-dimensional thresholding to 
classify the pixels. 

There is a relationship between the window size used in a 
locally adaptive binarization method and the size of the objects 
of interest in the image. If a too small window is used, then it 
will sometimes be positioned totally within the character and 
line strokes, and the binarization method may falsely label true 
print pixels as background. ’With a large a window, the method 
will behave too much like a global thresholding method. 

Our experience is that if an appropriate resolution is chosen 
when scanning the images, ihe window size parameter appears 
to be fairly invariant for a given method. Further, slight modi- 
fications of the window size, or the other parameters for that 
matter, seem to have limited effect on the binarization result. 
Still, the parameters may need to be tuned if the binarization 
methods are to be used in a different application domain, for 
example, as preprocessing in medical image analysis. 

A. Bernsen’s Method 

For each pixel (x, y),  the threshold T(x, y) = (Z,ow + ZhIgh)/2 is 
used, where ZjOw and Zh,gh are the lowest and highest gray level 
pixel values in a square r x r neighborhood centered at (x, y). 
However, if the contrast measure C(x, y )  = (Zhlgh - ZlOw) < e,  then 
the neighborhood consists only of one class, print or back- 
ground. In our images, wide print areas rarely occur, so the 
pixel is labeled background in such cases. We found e = 15 
and r = 15 to be good choices. 

B. Chow and Kaneko’s Method 
We used Nakagawa and Rosenfeld’s implementation [ 191 of 

this algorithm. This method calculates a thresholding surface. 
The image is divided into non-overlapping windows, and the 
histograms for each window are tested for bimodality. As part 
of the bimodality test, each histogram is approximated by a 
mixture of two Gaussian distributions. For each bimodal win- 
dow, a threshold is calculated based on the estimated parame- 
ters ( E , ,  ,h2, &l, and & 2 )  of the bimodal mixture distribution. 
These thresholds are interpolated to give thresholds for the 
unimodal windows. The window thresholds are smoothed, and 
the thresholds for the individual pixels are determined by a 
bilinear interpolation of the window thresholds. 

C. Eikvil et al.’s Method 
The pixels inside a small window S are thresholded on the 

basis of clustering of the pixels inside a larger concentric win- 
dow L (Fig. 3). We let S and L slide across the image in steps 
equal to the side of S. We used windows of sizes 3 x 3 and 
15 x 15 pixels. For all the pixels inside L, Otsu’s threshold T 
[3 I] is calculated to divide the pixels into two clusters. If the 
two estimated cluster means ,& and b2 are further apart than a 
user-specified limit, - ,22)) 2 4 ,  then the pixels inside S are 
binarized using the threshold value T. When )I& - fi2 )I < 4 ,  all 
the pixels inside S are assigned to the class with the closest 
updated mean value. We used e = 15. 

,- - 

Fig. 3. Principle of Eikvil et al.’s method. The large window L with the small 
window S in the center is moved across the image in a zig-zag fashion, in 
steps equal to the size of S. Each pixel inside S is labeled print or background 
on the basis of the clustering of the pixels inside L. 

D. Mardia and Hainsworth’s Method 
This method first makes an initial binarization, using, for 

example, Otsu’s method [3 11. Then several steps are iterated 
until convergence is reached. First, the estimated mean f i ,  and 
the number of pixels n, in both print and background of the 
current binary image are calculated. Then, a threshold t* based 
on these values is calculated, and, for each pixel, a weighted 
mean, G, of the pixel and its eight neighbors is computed. If 
G I  t*, then the pixel is classified as “print,” otherwise 
“background”. The weights may be equal, or they may be cal- 
culated in a more sophisticated (and time-consuming) manner 
[21]. We found that the two approaches gave equivalent bi- 
narization results for our images. 

The last step of the iteration is to smooth the binary image 
using a 3 x 3 median filter. 
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