
 

 

An Improved Algorithm  

for OAO Classification 

Changyuan, Liu; Ersoy, Okan; Luping, Che; and Lanping, Chen 

 

Abstract: One against one (OAO) algorithm is 

usually used in multi-class pattern classification. It 

consists of multiple classifiers. Due to its high 

accuracy of classification, this method is widely 

used. However, the number of two-class classifiers 

increases quadratically with the number of classes. 

Therefore, the OAO classifier operates slower than 

other classifiers. In order to solve this problem, an 

improved method of OAO is proposed in this paper. 

The number of two-class classifiers in the new 

algorithm grows approximately linearly with the 

number of classes. Simulation tests show that the 

new method increases speed, and the accuracy is 

similar to the accuracy of the original OAO algorithm. 

The improved algorithm is especially useful in 

applications having large number of classes. 

Index Terms: One against one classifier, support 

vector machine, pattern classification, voting law. 

   

1. INTRODUCTION  

In pattern recognition, a multi-class problem 

can be converted in to multiple two-class 

classifications by “one against one (OAO)” [1] rule. 

For example, the support vector machine (SVM) [1] 

is often applied with 2-class problems such as 

judging whether a system is normal or faulty, 

judging whether a decision should be accepted or 

rejected, and judging two types of objects to be  
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identified as to which is better, and so on. Another 

similar machine is the relevance vector machine 

(RVM). 

In pattern classification, many problems are 

not simply two class problems, and there are 

multiple categories [2] such as voice signal 

recognition, fingerprint identification license plate 

recognition, mine safety monitoring, forecasting to 

determine the risk level in a few categories and so 

on. In these problems, the methods like the regular 

SVM cannot be directly used to achieve multi-class 

classification. To solve the problem of multi-class 

pattern discrimination, we can adopt the 

combination classification method of multiple SVM 

two-class classifiers [3-5] [6]. 

This method is also called "voting law" [7]. Any 

of the two classes of k categories can form a basic 

two-class classifier, and there are [k(k-1)]/2 

two-class classifiers. Any two classes of samples 

form a learning machine, and the training sample 

set is divided into k(k-1)/2 subsets. Each two-class 

classifier only performs machine training on the 

corresponding subset of samples. In this way, 

multiple hyperplanes are obtained. When the 

classification of unknown samples is tested, each 

sample to be tested is judged by all k(k-1)/2 

two-class classifiers by means of majority voting. 

Due to its high accuracy, the OAO classifier is 

often used. After training for each of the two-class 

classification models, the test samples are 

processed, and the categories to which they belong 

are voted. The class which gets most votes 

becomes the chosen classifier. The basic structure 

of the algorithm is shown in Figure 1 with respect to 

the relevance vector machine (RVM). 
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Figure 1: OAO algorithm based on RVM.

The OAO algorithm is very effective. A 

drawback is that the number of two-class classifiers 

is rather large, and thereby the operation speed is 

rather slow. 

2. IMPROVED OAO CLASSIFIER 

In order to solve the slow computation problem 

of the OAO classifier, we propose a new multi-class 

classifier in which the classification time is basically 

proportional to the number of classifiers. From the 

analysis of Section 1, we can see that the key to 

reducing the calculations is to reduce the number of 

classifiers. For this purpose, the classes are 

arranged in a circular row as nodes, and only all the 

adjacent categories are initially paired, as shown in 

Figure 2(a). The new problem is that although there 

are fewer computations, the classification accuracy 

declines. In order to compensate for this effect, the 

new method uses a multi-round successive 

elimination. In each round, the node with the least 

number of votes in a 2-class classifier is eliminated. 

In the last round, only two nodes are left, 

generating the last 2-class classifier. In each round, 

the pairs of nodes which were previously computed 

are not recomputed, but their results are utilized. 

In order to understand the algorithm better, a 

five class example is given as shown in Figure 2. 

 

 

(a) OAO classifier comparison method. 

 

(b) Improved classifier first round comparison. 

 

(c) Improved classifier second round comparison. 



(d) Improved classifier third round comparison.

(e) Improved classifier final round of the classifier.

Figure 2: The schematic of improved algorithm with 5 classes.

Figure 2(a) shows the traditional
"one-against-one" algorithm in which all pairs of
categories require an RVM classifier, resulting in
k(k-1)/2 2-class classifiers. In order to reduce the
amount of computation, the method proposed in
this paper adopts the "lowest ticket elimination"
approach. In each round, the pairs are chosen as in
Figure 2, parts (b) thru (e). In the rounds (c) and (d),
it is observed that the node with the lowest number
of votes for its class is eliminated. In the final round,
there are only two nodes left. In Figure 2(e), these
are the nodes B and E.

In this way, the number of 2-class classifiers is
considerably reduced. In this example, there are 7
pairs of nodes chosen whereas in the OAO
algorithm it would be (5×4)/2 = 10 pairs. When the
number of categories k increases, the difference
between the two methods become more
pronounced. For example, when k = 40, the OAO
algorithm requires (40×39)/2 = 780 2-class
classifiers whereas the average of the new method
requires 53.4 2-class classifiers, which is less by
more than an order of magnitude. As k increases
the average number of 2-class classifiers chosen is
2k-3.

3. SIMULATION EXPERIMENTS

In the simulation experiments, three different
sets of data were used. In the first experiment, the
OAO-SVM classifier was compared to the
improved OAO-SVM classifier. The second group
of experiments further tests the new method with

different test functions. In the third group, a
two-dimensional multimodal function is used to
compare the classification performances of several
commonly used multi-classification methods.

3.1 The First Set of Experiments

To generate the experimental data, we
constructed an n-dimensional function as
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(3-1)

In the experiment, n was chosen as 5. In this
space, 500 sets of data were randomly selected as
experimental samples, and they were arranged into
k classes according to the values of data from small
to large. For example, when k = 10, the smallest 50
data values generated the first category, the next
51 to 100 values generated the second category,
and so on. In each category, the first 25 data points
were used for training, and the last 25 data points
were used for testing. The relevance vector
machine (RVM) was used as the classifier. The
experimental results with the OAO-RVM classifier
and the improved OAO-RVM classifier are shown
in Table 1. The comparisons of average running
times and classification accuracies are further
shown in Figures 3 and 4, respectively. In these
figures, it is observed that the improved algorithm
classification accuracy is slightly lower than that of
the original algorithm, but the difference between
the two is very small. When k is larger than 20, the



 

 

difference between the two methods is less than 

1%. It is observed in Figure 4 that the improved 

OAO-RVM classification method has a much 

shorter computation time than the original method, 

and this becomes more pronounced as the number 

of classes increases. With the improved algorithm, 

the computation time increases almost linearly with 

the number of classes whereas this 

correspondence is roughly quadratic with the 

original algorithm. 

 

Table 1: Results with the first set of experimental data. 

RVM   OAO  Improved  OAO 

Number of 
Classes 

Computation 
Time hours (s) 

Classification 
Accuracy (%) 

Computation 
Time hours (s) 

Classification 
Accuracy (%) 

k=10  0.095  96.1  0.054  93.9 

k=20  0.339  95.6  0.099  94.6 

k=40  1.257  96.0  0.183  95.1 

k=60  3.104  95.7  0.271  95.3 

k=80  5.413  95.5  0.369  95.2 

Note: The experiments were run 10 times and averaged for each value of k. 

 

 

Figure 3: Comparison of classification accuracies with the two methods. 



 

 

 

Figure 4: Comparison of computational times of the two methods.

Computational time increases almost linearly 

with the number of classes whereas this 

correspondence is roughly quadratic with the 

original algorithm.  

3.2 The Second Set of Experiments 

In order to further verify the performance of the 

improved method, several representative standard 

test functions were selected for classification 

experiments. The independent variables of the 

function and its corresponding function value 

generate a data set in these experiments, 400 data 

samples were randomly generated with each 

function. These data samples were divided into 40 

intervals, each interval having 10 samples to form a 

class. In this way, 40 classes of data samples were 

generated with each function. The first five samples 

of each class data were used for training, and the 

last five samples were used for testing.      

The four test functions are as follows: 

(1) sqr(x):  0 < x <10; 

(2) log(x):  0 < x <10; 

(3) exp(x):  -5 < x <5; 

(4) tanh(x)  -1 < x <1; 

The support vector machine (SVM) was used 

as the classifier. The experimental results are 

shown in Table 2. 

 

 

 

 



 

 

Table 2: Comparative performance results with the test functions. 

SVM   OAO  Improved  OAO 

Test function 
Computation 
Time (secs) 

Classification 
Accuracy (%) 

Computation 
Time (secs) 

Classification 
Accuracy (%) 

sqr(x)  394  96.4  59.2  96.0 

log(x)  471  89.7  68.3  88.3 

exp(x)  457  97.1  52.0  96.3 

tanh(x)  502  94.9  76.5  94.2 

Note: In the SVM algorithm used in the experiments, the RBF kernel function was used,  

and the average of 10 runs per function are reported. 

From Table 2, it can be seen for several 

different test functions, that the classification 

accuracies of the two algorithms are very similar, 

but the computation time of the improved algorithm 

is significantly reduced. 

3.3 Comparison with Several Multi-Class 
Classifiers 

In order to compare the differences between 

the improved OAO-SVM classifier and several 

other commonly used multi-class classifiers, we 

selected three algorithms [10] [11] [12]: one against 

the rest (OAR), binary tree (BT), and one against 

one (OAO), which are the three most commonly 

used SVM multi-classifiers, and compared them 

with the improved classification method. 

The objective function of this experiment 

chooses a two-dimensional multimodal function, 

which is expressed as: 
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This is called the Rastrigin function. Its global 

minimum value equal to 0 is located at [0,0]. The 
Rastrigin function has a number of local minima 

with greater values away from the origin. Figure 5 

shows the Rastrigin function in the range (-5, 5) for 

x1 and x2. 
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Figure 5: Rastrigin function 
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Figure 6: Equal value contours of the Rastrigin function. 

 

In these experiments, we selected data points 

around 25 local minima in the range of (-2.5, 2.5) 

for both independent variables. In each region, 20 

data points were randomly selected, constituting 25 

classes, with a total of 500 data points. Figure 6 

shows the corresponding equal value contours of 

the Rastrigin function in the range (-2.5, 2.5) for X1 

and X2. The first 10 data points in each class were 

used for training, and the last 10 data points in each 

class were used for testing. The test results are 

shown in Table 3. 

 

Table 3: Results with different SVM classifiers. 

Objective 
function 

OAR  BT  OAO 
Improved 
OAO 

Classification 
accuracy (%) 

90.8  92.0  96.5  96.1 

Mean square 
error 

4.7  6.4  2.6  2.9 

Computational 
time (secs) 

       54.3               37.9             196.5               53.2 

Note: The SVM algorithm was used with the RBF kernel function,  

and the results reported are the averages of 10 independent runs. 

 

Table 3 shows that the improved OAO-SVM 

algorithm gives better results than the OAR and BT 

algorithms in terms of classification accuracy, mean 

square error and computation time. Compared with 

OAO, the improved method is very close to OAO in 

terms of classification accuracy and percentage 

error, with considerably improved classification 

time. This becomes more noticeable as the number 

of classes increases. 

 

 

4. CONCLUSION 

An improved OAO algorithm with higher 

computational peed is proposed. The simulation 

results show that the computational complexity is 

significantly reduced while the classification 

accuracy is very close to the classification accuracy 

of the OAO algorithm.  

With the improved algorithm, the computation 

time almost increases linearly with the number of 

classes whereas this correspondence is roughly 

quadratic with the original algorithm. 
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