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Abstract 
Using different algorithms to segment different images is a 
quite straightforward strategy for automated image 
segmentation. But the difficulty of the optimal algorithm 
selection has prevented it from being used for many years. 
In this paper, a framework of algorithm selection system is 
proposed to achieve automated image segmentation. 
Off-line learning scheme is adopted to make use of 
interactive segmentation evaluation. During training, both 
the performance ranks of candidate algorithms on every 
image and image features are used to train a predictor. 
Then, the performance ranks of all candidates will be 
predicted according to image features. Finally, the 
algorithm with the highest rank will be regarded as optimal 
and applied to the image. A simulation system is 
constructed to select optimal segmentation algorithm from 
four candidates for synthetic images. In this system, 
histogram is used as image feature, the number of 
misclassified pixels and computation expenses are used to 
facilitate interactive segmentation evaluation, and 
Principle Components Analysis (PCA) and Support Vector 
Machine (SVM) are used to construct the predictor. The 
system is tested on 9000 images by comparing with the 
manual selection. The best algorithms are selected for 
84.90% of cases. If the second best algorithm is also 
regarded as acceptable, more than 97.5% of images can be 
properly segmented. The satisfied results demonstrate that 
this study has provided a promising approach to automated 
image segmentation.. 
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1 Introduction 
Image segmentation is basically a problem of 
psycho-physical perception, and therefore, not susceptible 
to a purely analytical solution (Pavlidis 1977, Fu, and Mui 
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1981, Nikhil, and Sankar 1993). In order to get satisfied 
result, any segmentation algorithm, no matter what 
mathematical model it bases on, must be supplemented by 
heuristics which involve both semantic information and 
priori knowledge about the images under consideration. 
During the past 40 years, hundreds of segmentation 
algorithms have been presented in the literature, but there 
is no single general algorithm which can be considered 
good for all images, nor are all algorithms equally good for 
a particular image (Nikhil, and Sankar 1993). The utility of 
these algorithms is limited by their narrow, highly specific 
image orientation. When we build an image processing 
system, it is still hard to find a way to automatically 
segment all the images, whose characteristics, such as 
contrast, noise and illumination, etc., may change greatly. 
To this end, a variety of attempts have already been made 
by many researchers. 

The most popular solution is to enhance the flexibility and 
robustness of segmentation algorithms so that they can be 
successfully applied to images with great variant (Yang, 
and Yan 2000, Zhang, and Desai 2001, Gevers 2002). 
With the development of machine learning techniques, 
more and more learning-based systems have been 
proposed, where the parameters for segmentation is 
obtained by training (Nazif, and Levine 1984, Reynolds, 
and Rolnick 1995, Perner 1999). In many machine vision 
systems, rule-based integration methods are well-accepted 
for image segmentation, which successively generate 
more specific interpretations of data. The generation is 
controlled by rules which encode the domain knowledge 
and the experiences of users (Li, Wang, and Li 1988! 
Mussa, Marshall, and Chapman 1992). Although these 
strategies are widely used and to some extent succeed, no 
algorithm can produce equally good results in all situations. 
Even though such a delicately designed all-powerful 
method had existed, it must be less efficient than the 
methods respectively designed for different situations. 

As a matter of fact, selecting different algorithms to 
segment different images seems to be the most 
straightforward and effective solution. However, 
automated selection of an optimal algorithm according to 
image characteristics is a real challenge. In many practical 
image segmentation systems, the intervention of a human 
operator is often needed to choose the algorithm 
(Matsuyama 1989). Zhang and Luo (2000) have attempted 
to construct an automated algorithm selection system by 
using the heuristic knowledge and feedback of 



segmentation evaluation. The iteration of algorithm 
selection, image segmentation and segmentation 
evaluation will not stop until a satisfied result is achieved. 
However, up to now, there is still no universally accepted 
method of objective evaluation of segmentation result, 
which makes evaluation-based algorithm selection hard to 
apply to real applications. Moreover, the trial-and-error 
method is computationally inefficient and not acceptable 
for real-time applications. 

In this paper, an algorithm selection framework based on 
performance prediction is proposed to achieve automated 
image segmentation. A simulation system is constructed to 
select optimal segmentation algorithm from four 
candidates for synthetic images. 9000 testing images are 
used to assess the proposed system. 

2 Framework of Algorithm Selection System 
For a given image, selection of an appropriate 
segmentation algorithm is very difficult for computer, but 
it is quite easy for an experienced person. According to 
their knowledge, people may predict the performance of 
every algorithm on the image, and thus choose an optimal 
one. If we can simulate this process, we will achieve 
automated algorithm selection. However, formulization 
human knowledge is also a difficult problem, at least not 
easier than segmentation. To avoid involving in the 
complex artificial intelligence, we attempt to directly 
obtain the desired algorithm from image features by 
employing learning techniques. With this purpose, we 
need to investigate the knowledge gap between them. 

It is clearly revealed that there is indeed some strong 
correlation between image features and the ranks of 
segmentation performances, which can be modeled as the 
following map 

                           ii rXf a:'                                     (1) 

where ( )mxxxX ,,, 21 L=  denotes the image features 

and ir  denotes the performance rank of the i th algorithm. 

Furthermore, we assumed that applying the same 
segmentation algorithm to the images which share same 
characteristics will obtain the results with same 
performances. Actually, this assumption is the foundation 
of the manual algorithm selection and is satisfied in most 
cases. That means the performance rank of a given 
segmentation algorithm on an image is a function of the 
image features, and the above map can be refined as 

                           ( )Xfr ii =                                        (2) 

For a set of different algorithms, the scalar function (2) 
could be substituted by a multi-variable vector function 

                           ( )XFR =                                        (3) 

where ( )nrrrR ,,, 21 L=  and n is the number of 
algorithms. Then the performance prediction has been 
converted into a function approximation problem, and thus 

can be solved by using various regression algorithms and 
machine learning techniques. 

The function F given by Eq. (3) characterizes the 
relationship between images and segmentation algorithms, 
based on which a framework of an algorithm selection 
system is given by Fig. 1 to achieve automated image 
segmentation. The operation of the proposed system can 
be divided into two stages: learning and using. In learning 
stage, every sample is segmented by all candidate 
algorithms. And the obtained results are ranked by a user. 
Then both the image features and the ranks are used to 
train the predictor. The knowledge needed for algorithm 
selection is now stored in the predictor. When this system 
is put to use, for each input image, features extracted in the 
same way are put into the predictor and the performance 
ranks of all algorithms on that image are then predicted. 
The algorithm correspond to the best performance is 
selected as optimal and applied to that algorithm. 

 
Fig. 1.  The framework of performance prediction 

based segmentation algorithm selection systems 

The proposed system consists of three major modules: 
performance evaluator, feature extractor, and a predictor. 
The predictor provides users a convenient tool to 
automatically acquire, store and utilize human knowledge 
in an implicit way. By using learning techniques, the 
tedious and difficult knowledge formulizing is 
successfully avoided. As mentioned before, segmentation 
evaluation is generally a tough problem. However, the 
proposed system adopts the off-line learning which 
enables interactive segmentation evaluation. Then, the 
complexity of performance evaluator is greatly reduced. 
The feature extractor must be powerful enough so that the 
extracted image features can provide sufficient 
information to direct the selection of optimal algorithm. It 
is hard to design a general feature extractor. Nevertheless, 
histogram can be used as features for most non-texture 
images. 

3 Simulation System 
In order to assess the feasibility of the proposed 
framework of algorithm selection system, we have 
constructed a simulation system to selection optimal 
segmentation algorithms from four candidates for 
synthetic images. 
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In this study, we use an image database, which consists of 
1000 synthetic images. The design and generation of these 
images is similar to that given by Zhang and Gerbrands 
(1992). The object in every image is a square, a circle, an 
ellipse, or a combination of these primitives. The size of 
the object is ranging from 0.5% to 60% of the entire image. 
And the gray lever of object is 144, whereas that of 
background is 112. To make the image more realistic, a 

33 averaging filter is applied for creating a transition 
region between object and background. With the purpose 
of simulating the deformation caused by noise, a two 
dimensional discrete Gaussian grids is added to every 
image. The mean of the Gaussian grids is zero, and the 
variance is ranging from 4 to 36. As defined by Kitchen, 
and Rosenfeld (1981), the Signal-to-Noise Ratio (SNR) is 
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gSNR                                     (4) 

where g is the difference of gray lever between the 
object and background in noise-free image and   is the 
standard deviation of the noise. The SNR levers of these 
synthetic images are ranging from 64 to 0.79, which cover 
the range of many applications (Kitchen, and Rosenfeld 
1981). To simulate the randomness of images, the noise 
lever, target size and target shape are all randomly 
determined for every sample image. 

Since all sample images can be properly segmented by 
gray level, we choose four thresholding algorithms as 
candidates, as shown in Table I. Using these four 
algorithms, all sample images can be properly segmented. 
Even in case of extremely strong noise or tremendously 
small target, fairly good result can be obtained from at 
least one algorithm. 

 

Table 1: Candidate image segmentation algorithms 

Sample images are divided into two sets: training set and 
testing set. In learning stage, every training image is 
segmented by all candidate algorithms, and results are 
evaluated by a user. The number of misclassified pixels N  
is calculated to help the user make judgment. If two results 
share the same N , the fast one will be regarded as better. 
Then, both the algorithm ranks and the histograms of all 
training samples are put into the predictor, which is a 
combination of Principle Components Analysis (PCA) 
(Jackson 1991) and Support Vector Machine (SVM) 
(Cortes, and Vapnik 1995). PCA is adopted to reduce the 
dimension of image features from 256 to 6. That means 

only the eigenvectors corresponding to the largest 6 
eigenvalues are used. And the reconstruction accuracy 
 is about 96%, which can be calculated as follows 
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where i  is the i th eigenvalue and 25621   L . 
Then the obtained new features are normalized around the 
mean and standard deviation, and the ranks are linearly 

mapped into [ ]2,2 . A Support Vector Machine 
(SVM) is a universal learning machine whose decision 
surface is parameterized by a set of support vectors, and by 
a set of corresponding weights. Theoretically, it provides 
much better generalization and tends to work better on 
small sample sets. Since those characteristics are all what 
we desired, SVM is used to approximate the prediction 
function given by Eq. (3). 

After learning, the knowledge needed for algorithm 
selection has already been stored in the predictor. In using 
stage, when a testing image is put into the system. First of 
all, the histogram is computed and projected to the 6 
eigenvectors. After normalized by the mean and standard 
deviation of training samples, the obtained coefficients are 
used as input of SVM. The output of SVM is the predicted 
performance ranks of candidate algorithms on that image. 
Of course, the algorithm with best predicted rank will be 
applied to the testing image. 

4 Experiment Result 
To get a more reliable result, we use 10-folder validation 
scheme to evaluate the performance of the simulation 
system. All sample images are divided into 10 groups, 
each has 100 images. In every test, only one group of 
images is used as training samples and other 900 images 
are used as testing samples. After 10 iterations, all images 
have already been used for training and 9000 images for 
testing. The algorithm selection results of the proposed 
system are given in Table .!  

   

Table 2: Results of algorithm selection 

After learning the heuristics knowledge from users, the 
algorithm selection system works fairly well. As shown in 
Table , for 84.9% of testi! ng images, the selected 
algorithms are indeed the optimal algorithms, and it is the 
second best algorithm in other 12.73% of cases. If we 
regard the second best choices as acceptable, more than 
97.5% of testing images can be successfully and 
automatically segmented by the simulation system. 

predictor SVM 

Best algorithm 84.90 

Second best algorithm 12.73 

Third best algorithm 1.99 

Worst algorithm 0.38 

Name DESCRIPTION 

OTSU Otsu’s thresholding algorithm (Otsu 1979) 

HMT 
Thresholding based on enhanced histogram, which only 
count the edge points (Weszka, Nagel, and Rosenfeld 

1974) 

2DOR
G 

Thresholding based on gray-level and average 
gray-level scatterplot and Region Growing (Xia, and 

Zhao 2002) 

WK Wiener denoising and Kapur’s maximum entropy 
thresholding (Kapur, Sahoo, and Wong 1985) 



5 Conclusion 
This paper has proposed a framework of algorithm 
selection system based on performance prediction for 
automated image segmentation. A simulation system has 
also been constructed to select optimal segmentation 
algorithm from four candidates for synthetic images. The 
system was tested on 9000 images by comparing with the 
manual selection. The results show that 97.5% of the 
testing images, whose characteristics variant greatly, can 
be properly segmented.  

By using this new system, users only need to randomly 
choose some images as training samples, apply all 
candidate algorithms to them and rank the segmentation 
results. Then the predictor will try to learn and use the 
knowledge provided by the user. After training, no manual 
intervention is needed any more and the selection will be 
made in real time. By adopting off-line learning, 
interactive segmentation evaluation can be used, which is 
much more reliable and easy to realize. Besides image 
segmentation, the proposed system can also be applied to 
other image processing problems. 

Further work will be focus on powerful feature extractor 
for texture image. In addition, some objective performance 
evaluation criteria, which have a strong correlation with 
the judgment of human vision system (HVS), should be 
further explored to release users from the tedious training. 
 

6 Acknowledgment 
This research is partially supported by the HK-RGC, ARC, 
CNNSF (No. 60141002), CCOLF of Nanchang Institute of 
Aeronautical Technology grants.  

7 References 
Cortes, C. Vapnik, V. (1995): Support-Vector Networks. 

Machine Learning 20(3): 273 -297. 

Fu, K.S. and Mui, J.K. (1981): A survey of image 
segmentation. Pattern Recognition 13(1):3-16. 

Gevers, T. (2002): Adaptive image segmentation by 
combining photometric invariant region and edge 
information. IEEE Trans. on Pattern Analysis and 
Machine Intelligence 24(6): 848-852.  

Jackson, J.E. (1991): A User's Guide to Principal 
Components, John Wiley & Sons, Inc. 

Kapur, J.N., Sahoo, P.K., and Wong, A.K.C. (1985): A 
new method for gray level picture thresholding using the 
entropy of histogram. Computer Vision, Graphics and 
Image Processing 29(3):273 -285. 

Kitchen, L. and Rosenfeld, A. (1981): Edge evaluation 
using local edge coherence. IEEE Trans. on Systems, 
Man and Cybernetics 11(9):597-605. 

Li, X., Wang, K. and Li, Z. (1988): A rule based image 
segmentation system (RBISS). Proc. IEEE 
International Conference on Systems, Man, and 
Cybernetics, Beijing and Shenyang, China, 1:652-653. 

Matsuyama, T. (1989): Expert systems for image 
processing: knowledge-based compositions of image 
analysis processes. CVGIP: Image Understanding, 48: 
22-49. 

Mussa, A.W., Marshall, S., and Chapman, R. (1992): An 
object-oriented rule-based image segmentation system 
for underwater autonomous vehicles. International 
Conference on Image Processing and its Applications, 
Maastricht, USA, 4:7-9. 

Nazif, A.M. and Levine, M.D. (1984): Low level image 
segmentation: an expert system. IEEE Trans. on Pattern 
Analysis and Machine Intelligence 6(5):555-577. 

Nikhil, R. Pal and Sankar, K. Pal (1993): A review on 
image segmentation techniques. Pattern Recognition 
26(9): 1277-1294. 

Otsu, N. (1979): A threshold selection method from gray 
level histograms. IEEE Trans. on Systems, Man and 
Cybernetics 9(1):62-66. 

Pavlidis, T. (1977): Structural Pattern Recognition. New 
York, Springer. 

Perner, P. (1999): An architecture for a CBR image 
segmentation system. Engineering Applications of 
Artificial Intelligence 12(6):749-759. 

Reynolds, R.G. and Rolnick, S.R. (1995): Learning the 
parameters for a gradient-based approach to image 
segmentation from the results of a region growing 
approach using cultural algorithms. Proc. IEEE 
International Conference on Evolutionary Computation, 
Perth, Australia, 2:819-824. 

Weszka, J. S., Nagel, R. N., and Rosenfeld, A. (1974): A 
threshold selection technique. IEEE Trans. on computer 
23:1322-1326. 

Xia, Y. and Zhao, R.C. (2002): A New Thresholding 
Algorithm Using Spacial Information. Chinese Journal 
of Stereology and Image Analysis 7(4):235-239. 

Yang, Y. and Yan, H. (2000): An adaptive logical method 
for binarization of degraded document images. Pattern 
Recognition 33(5): 787-807. 

Zhang, X.P. and Desai, M.D. (2001): Segmentation of 
bright targets using wavelets and adaptive thresholding. 
IEEE Trans. on Image Processing 10(7):1020-1030. 

Zhang, Y.J. and Luo, H.T. (2000): Optimal selection of 
segmentation algorithms based on performance 
evaluation. Optical Engineering 39(6):1450 -1456. 

Zhang, Y.J. and Gerbrands, J.J. (1992): On the design of 
test image for segmentation evaluation. Proc. European 
research conferences, 1:551-554. 


