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Abstract: In divide-and-combine approach, multi-class support vector machines (SVMs) 
are divided into several binary SVMs and then the SVMs are combined to obtain multi-
class classifiers. In this paper, a new probability voting strategy is presented to combine 
several binary SVMs. By the method, not only the unclassifiable regions existing in 
conventional strategy are solved, but also the decision results satisfy the probability 
distribution. Firstly, two most commonly combining strategy: MaxWins and FSVM are 
discussed, and their performances are compared through posterior probability distribution. 
Secondly, an estimate function for the prior probability in a binary classification problem 
is defined, and an adjustment function satisfying prior probability is normalized in the 
range of 0~1. Thirdly, a novel probability voting is improved by considering the 
conventional voting and the adjustment function. Finally, 5-class SVMs-based fault 
diagnosis models for gearbox respectively with MaxWins majority voting, FSVM and the 
presented strategy are tested. All the tests and data indicate that the multi-class SVMs 
combined by probability voting strategy has more capacity of reliability and robustness, 
and are suitable for fault diagnosis of gearbox. 

Keywords: Multi-class support vector machines, fault diagnosis, gearbox, the Maxwin, 
FSVM, Probability voting strategy 

1.  Introduction 

Support vector machines (SVMs) are based on theoretical learning theory developed by 
Vapnik [1]. As a new machine-learning tool, SVMs outperform conventional classifiers 
especially in small sample cases and there is no overlap between classes. Therefore the 
method has been gained wide acceptance because of the high generalization ability for a 
wide range of applications [2]. In the SVMs, original input space is mapped into a high-
dimensional dot product space called feature space, and in the feature space the optimal 
hyperplane is determined to maximize the generalization ability [3]. 
     There are a lot of papers in the state of art using SVM for fault diagnostic. But SVMs 
are essentially designed for binary classification, the diagnostic processes lack a 
theoretical basis and have a low accuracy in application [4]. The fault diagnosis often is a 
multi-class classification problem, which various other classification structures like neural 
networks or distance-based classifiers allow straightforward extension to [5].  Hence, 
effectively extending SVMs for multi-class classification problems will promote the 
development of fault diagnostic technology. 
     Currently there are two types of approaches for multi-class SVMs [6]. One is by 
directly considering all data in one optimization formulation, while the other is by 
constructing and combining several binary classifiers. The first approach is called “all-in-
one” (AIO) [7], and the second “divide-and-combine” [1]. 
     The idea to solve multi-class SVMs in a single optimization has variables proportional 
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to the number of classes. Therefore, for multi-class SVMs, either several binary classifiers 
have to be constructed or a larger optimization problem in needed. Hence in general the 
multi-class SVMs are computationally more expensive to solve the optimization problem 
with the same number of data. 
     Due to several complexity issues, the AIO method is generally avoided in favor of 
divide-and-combine approach. The main approaches for divide-and-combine are “one-
against-all” (OAA) also known as “winner-takes-all” [8], “one-against-one” (OAO) 
implemented by four different strategies: (1) “MaxWins” majority voting [9], (2) pairwise 
coupling [10], (3) error correcting codes (ECC) [11], (4) directed acyclic graph (DAG) 
[12], and “half-against-half” (HAH) [13]. 
     There are some works in the literature comparing above methods. In [14], OAA, OAO 
MaxWins and DAG are compared, and the authors conclude that there is not one method 
that performs better for others but that MaxWins and DAG perform better with large 
number of classes. In [12], MaxWins, OAA, DAG and Neural Networks are compared. 
The authors show that the methods have comparable performance on accuracy and error 
rate but that OAO and DAG need less time for training phases. MaxWins, pairwise 
coupling, DAG and neural networks are compared in [15]. The results show that 
MaxWins and DAG have almost the same performance and they are both better then 
neural networks in terms of accuracy. According to their researches OAO with MaxWins 
majority voting is the most performing in terms of accuracy and speed.  
     In a standard OAO method, an n-class classification problem is converted into 
( ) 21−nn  binary-classification problems and with ( ) 21−nn  decision functions 

determined [16]. But in this MaxWins majority voting architecture, the datum is 
unclassifiable if the max vote of more than two classes are equal, this is called  
“unclassifiable problem”. 
     To resolve the unclassified regions by the MaxWins, Shigeo Abo and Takuya Inoue 
proposed fuzzy support vector machines for multi-class problems [17]. Unclassifiable 
regions are resolved, but the outputs in a classifier are equidimension while those of 
different classifiers are not. Hence using the minimum of a binary classifier to represent 
the outputs of other classifiers is too single and unreasonable, and the approach easily 
leads to misjudgments.  
     In this paper, we propose a novel strategy to overcome this problem by defining a new 
truncated polyhedral pyramidal decision functions based on posterior probability estimate. 
The proposed multi-class SVMs is applied to the fault diagnosis of gearbox. Experimental 
results show that the multi-class SVMs have more capacity of reliability and robustness, 
offer a good option for fault diagnosis of gearbox. 
2. Multi-class SVMs by OVO Decomposition 

2.1 Conventional MaxWins Majority Voting Strategy 

In the binary class SVMs [1], the input vector x  is mapped into the high dimensional 
feature space through the nonlinear mapping function ( )xΦ , and the linear function sets 

( ) ( ) bf +Φ⋅= xωx ,                                                    (1) 
OAO is also known as pairing method, and in which the classifiers are constructed 
between every two classes. Given l  training data ( )11 x,y , ( )22 x,y , …, ( )ll ,y x , where 

n
i R∈x , l,...,i 1=  and { }1,...,i ny ∈ ω ω  is the class of ix . With the training data from the 

class iω  and the class jω , the classifier j,iSVM  can be achieved by solving the following 

http://dict.cnki.net/dict_result.aspx?searchword=%e7%ad%89%e9%87%8f%e7%ba%b2&tjType=sentence&style=&t=equidimension
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binary classification problem as 
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The ( ) 21−nn  decision functions can be obtained after solving the problem 

( ) ( ) ( ) j,iTj,i
j,i bD +Φ= xωx ,                                             (4) 

where ( ) ( )xx i,jj,i DD −=  is obviously established.  
     The following voting strategy is used in MaxWins: if ( )xj,iD  says x  is in the class iω , 
then the vote for class iω  is added by one. Otherwise, that for the class jω  is increased 

by one. Hence, the final vote for the class iω  can be calculated with 

( ) ( )( )∑
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xx ,                                               (5) 

where ( )⋅sign  is a sign function and defined as 
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With MaxWins strategy, the sample x  is predicted in the class using the max vote 

( )xin,...,i
DmaxargF̂

1=
= .                                                     (7) 

In OAO, the binary classifier considers only two classes ignoring all the other classes. 
Practically the number of variables in (3) is the same as that of samples in two classes. If 
in average each class has nl  samples, the problem need solve ( ) 21−nn  quadratic 
programming problems, while each has only about nl2  variables. Moreover, MaxWins 
strategy does not require topological structure design, the classification results are certain. 

If (6) is satisfied for Plural i ’s, the sample x  is unclassifiable. In the shaded region in 
Figure 1, the final vote for the each class ( ) 1=xiD  ( i =1, 2, and 3). Therefore, the shaded 
region cannot be decided by MaxWins strategy. 

( ) 021 =x,D

( ) 031 =x,D

( ) 032 =x,D
2ω

3ω

1ω

0

2x

1x  
Figure 1: Unclassifiable Regions by MaxWins Strategy 
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2.2  FSVM Strategy 

Shigeo Abe [18] proposed a FSVM strategy to solve the problem of unclassifiable regions 
caused by MaxWins strategy. For the optimal separating hyperplane ( ) 0=xj,iD  of a 
binary classifier, Shigeo Abe defined one-dimensional membership function ( )xj,im  on 
the directions orthogonal to ( ) 0=xj,iD  as follows 

( ) ( )( )xx j,in,...,j,ijj,i D,maxm 1
1=≠

= .                                          (8) 

Then further defined the membership function for the class iω  using ( )xj,im  as 

( ) ( )xx j,in,...,j,iji mminm
1=≠

= .                                             (9) 

Since ( ) 1=xim  holds for only one class, Equation (9) reduces to 

( ) ( )xx j,in,...,j,iji Dminm
1=≠

= .                                           (10) 

The decision function of FSVM strategy without unclassifiable regions is 

( )xin,...,i
mmaxargF̂

1=
= .                                              (11) 

2.3 Comparative Analysis of the Two Strategies 

For above two combining strategies, which result is more credible? To answer the 
question, the concept of prior probability is first introduced in this paper. Assuming that 
the classes are mutually exclusive and a probability j,ip̂  can be estimated through a 

binary classifier j,iSVM  discriminating between the class iω  (positive samples) and the 
class jω  (negative samples). The probability j,ip  is defined by 

( )jiij,i ,p ωωxxωxP ∈∈= ,                                        (12) 

where j,ip  represents the prior probability that x  belongs to the class iω  under the 
condition of  ji ωωx ∈ . 

Then define a posterior probability that x  belongs to the class iω as 

( )xωxP iip ∈= .                                                  (13) 
Obviously, the final classification decision is made with 

in,...,i
pmaxargF̂

1=
= .                                                   (14) 

     Because the classes are mutually exclusive, the probability j,ip  is estimated by Bayes 
formula 
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i
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=−=1 ,                                              (15) 
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     It is easily derived from the identify (12)~(15) that the posterior probability ip  is also 
expressed as 
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     Hence, the prior probability j,ip  can be used to calculate approximation of the 
posterior probability ip . Of course, the right side of (16) includes the estimate ip , and it 
is not convenient to calculate. Therefore assuming that all classes are equal probability 
distribution, MaxWins strategy substitutes a proportional coefficient n2  for ji pp +  of  
(14), and leads to the posterior probability ip  as shown in 

( ) ∑≠=−
=

n

ij,j
j,ii p̂

nn
p̂

11
2 ,                                                   (17) 

    Different estimates of the prior probability j,ip  are implemented in combining 
strategies. As for MaxWins strategy, the probability j,ip  is considered only into two 
extremities: the sample x  either completely belongs to the class iω  or completely to the 
other. The estimate of j,ip  by the strategy is as follows, and the shape is shown in Fig. 2. 
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Figure 2: Prior Probabilities Estimated by MaxWins and FSVM Strategies 

      Comparing (5) with (17), the only difference between the two estimates is a 
proportional coefficient ( )12 −nn , hence the decision results of the two strategies are 
identical.  In other words, the vote in MaxWins strategy just is the approximate estimate 
of posterior probability ip  that x  belongs to the class iω . Of course, it is just because the 
approximate estimates ip̂  are often equal to each other, which forms the unclassifiable 
regions in MaxWins strategy. 
     In FSVM strategy, the decision function ( )xj,iD  is used to calculate the estimate of 
prior probability j,ip , and there is 

( )( )xj,ij,i Dp̂ σ= .                                                   (19) 

where ( )⋅σ  is the monotone increasing function with range between 0 and 1, the shape of 
which is also shown in Figure 2. 
      Then the membership functions ( )xim  defined in (10) is theoretically equivalent to 
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( )xj,in,...,j,iji p̂minp̂
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= ,                                                 (20) 

     It can be seen from (20) that in the FSVM strategy the minimum of all prior probability 
( )xj,ip̂  associated with class iω  is regarded as the estimate of the probability ip . 

According to (16), we know that the posterior probability ip̂  is approximately 

proportional to ∑
≠=
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11 =≠=≠
< , just as we cannot judge the average height of students in 

a class only according to the shortest one. 

3   Probability Voting Strategy 
3.1 Decision Function 

From the above analysis, it is not difficult to recognize that the estimate ip  in FSVM 
strategy lacks of theoretical basis, and the reliability of decision results is not high. 
However, without approximate calculations in FSVM strategy, the membership functions 
for each class are not equal to each other, hence the unclassifiable region problem is 
solved. Whether can we combine of the advantages of MaxWins and FSVM, to propose 
an improved restructuring strategy not only meeting the posterior probability distribution 
and avoiding unclassifiable regions? To address above issues, the following studies are 
made. 
First, we define a new estimate of the prior probability j,ip . In conventional MaxWins 
strategy, the probability estimate in (18) only considers two extremities: either 0 or 1, 
which will cause significant error when estimating the posterior probability ip . Hence it 
is necessary to improve the estimate accuracy in (18) to solve the unclassifiable region 
problem. An ideal estimate function of prior probability j,ip  should satisfy the following 
conditions: (1) Without discontinuity point; it should be continuous to overcome 
approximation error. (2) Value range between 0 and 1; the estimate should be in line with 
the value range of prior probability j,ip . (3) Monotone increasing. The bigger the output 

( )xj,iD  is, the higher the prior probability that x  belongs to the class iω  is. Sigmoid 
function satisfies the above three conditions, we therefore used it as an ideal estimate of 
the prior probability j,ip , i.e. 

( )( ) ( ),, ,
1ˆ

1 i ji j i j Dp sigmoid D
e−

= =
+ xx .                                         (21) 

     Secondly, we selected a new membership function. Through the above analysis, it is 
known that in FSVM strategy, the membership function for the class iω  defined by (10) 
lacks of theoretical basis and does not satisfy the posterior probability distribution. 
Therefore, it is necessary to redefine the function based on posterior probability 
distribution.  
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     In conventional MaxWins strategy, the vote ( )xiD  essentially is an approximate 
estimate of posterior probability ip  (the only difference between the vote and the 
posterior probability is a proportional coefficient). Therefore, substituting the vote ( )xiD  
for the ip  in the right side of (16) leads to a new membership function as 

( ) ( ) ( )( )∑
≠=

+=
n

ij,j
j,ijii pDDm

1
xxx .                                               (22) 

     Thirdly, we normalized the new membership function ( )xim . For convenience of 
calculation and analysis, we made the value range of the new membership function 
between 0 and 1. An adjustment function was defined as 
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where 0>ε  is a small amount, and its role is to make ( ) 10 <≤ xiT  constantly.  
     Finally, the final vote (3) in the conventional MaxWins strategy can be improved to the 
following form  

( ) ( )( ) ( ) ( ) ( ),
, 1

n

i i j i i i
j i i

V sign D T D T
≠ =

= + = +∑x x x x x ,                              (24) 

Here we call this voting as “probability voting”, and the decision function of “probability 
voting strategy” is also improved to 

( )xin,...,i
VmaxargF̂

1=
= ,                                                                  (25) 

3.2  Performance Analysis 

Firstly, both of the MaxWins strategy and probability voting strategy are accord with the 
posterior probability distribution. The final vote ( )xiV  in the new strategy is calculated by 
introducing an adjustment function ( )xiT  into (5). As to an arbitrary classifiable sample 
x  in MaxWins strategy, that means there is only one class iω  with majority voting. 

Considering ( ) 10 <≤ xiT  constantly, therefore the introduction of adjustment function 
( )xiT  does not change the decision, and the role of which can be ignored in this situations. 

Hence the results of the new strategy and conventional MaxWins strategy are exactly the 
same, both satisfying the posterior probability distribution. 
     As to the sample in unclassifiable regions of MaxWins strategy, there are several 
candidate classes with the same max vote, the decision is determined by the adjustment 
function ( )xiT .  From (22), we can see that the new membership function ( )xim  is 
essentially defined based on probability estimate, hence the decision by adjustment 
function ( )xiT  also satisfies posterior probability distribution. Therefore, the new decision 
function ( )xiV , in essence, refines the border of vote, and the shape of which is a 
truncated polyhedral pyramid as shown in Figure 3. 
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( ) 90.Ti =x
( ) 80.Ti =x

( )xiD
iω

 
Figure 3: Contour Lines of the New Decision Function 

     Secondly, the probability voting strategy solves the unclassifiable region problem. 
Assume that a sample x  is unclassifiable by conventional MaxWins strategy, there are m  
candidate classes, i.e. 1iω , 2iω ,…, imω , with the same max vote ( )xiD  ( 1ii = , 2i ,… , 
im ). According to the definition in (24), the final vote ( )xiV  is determined by the 
adjustment function ( )xiT  in the new strategy. Further, the adjustment function ( )xiT  is 
monotone increasing with membership function ( )xim .  
     Hence, for an arbitrary sample x  in unclassifiable regions, the decision is essentially 
determined through membership functions ( )xim  of candidate classes 1iω , 2iω ,…, imω , 
i.e., 

( )xiim,...,ii
mmaxargF̂

1=
= .                                                     (26) 

The prior probability j,ip  defined in this paper is continuous, monotonous and increasing, 
which effectively avoids the same membership value of each classification and solves the 
unclassifiable region problem.  
     The following conclusions can be drawn through the above analysis and contrast: for 
the samples in classifiable region, the decisions by the probability voting strategy are 
consistent with that by MaxWins strategy, satisfying posterior probability distribution ip . 
Whereas for an unclassifiable sample, the new strategy make a decision through the 
membership function among candidate classes, which satisfying prior probability 
distribution j,ip . The unclassifiable regions shown in Figure 1 are solved, and the new 
separating hyperplanes for 3-class classification are shown in Figure 4. 

( ) 021 =x,D

( ) 031 =x,D

( ) 032 =x,D
2ω

3ω

1ω

0

2x

1x  
Figure 4: Class Boundaries with New Decision Function 

4.  Fault Diagnosis of Gearbox 

The unexpected downtime due to rotating machinery failures has become more costly than 
ever before in modern production plants. The faults arising in rotating machines are often 
due to damages and failures in the components of gearbox assembly. Fault diagnosis is an 
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important process in preventive maintenance of gearbox, which avoids serious damage if 
defects occur to one of the components during operation condition. 
     Vibration and noise are the most important diagnostic information for gearbox failures. 
Diagnosing a gearbox system by examining vibration signals is the most commonly used 
method for detecting component failure. The conventional methods for processing 
measured data contain the frequency domain technique, time domain technique, and time-
frequency domain technique. 
     The test object in this experiment is a JZQ250 type gearbox [19]. Fault information of 
the gearbox is mainly obtained by detecting the vibration acceleration, and the fault 
simulator with sensors is shown in Figure 5. A three-phase asynchronous motor with 
speed up to 300~1500 rpm was the basic drive. A FT-B torque meter was attached to the 
shaft of the motor through a flexible coupling. Finally an electromagnetic spring loaded 
disc brake was used to load the gear wheel. A torque level of 15 N-m was applied at the 
full load condition. 

load wheel
Gearbox

Motor

Torque meter

Disc brake
Accelerometers Accelerometers 

Accelerometers 

Accelerometers 

 
Figure 5: Fault Simulator with Accelerometers 

There are two types 6404 and 6312 of bearings in the gearbox. The 6404 type bearings are 
used on drive shaft and jackshaft with 45mm in outer diameter, 15mm in inner diameter, 
and 6 balls. The 6312 types are mounted on the driven shaft with 65mm in outer diameter, 
30mm in inner diameter, and 8 balls. 
     With the 6 piezoelectric accelerometers mounted on top of the gearbox using direct 
adhesive mounting technique, vibrations signals are obtained for various conditions. The 
selected areas were just at the upright position of 6 bearing pedestals, and made smooth to 
ensure effective coupling. The accelerometers were connected to the signal-processing 
unit, where the signal went through the charge amplifier and an analogue-to-digital 
converter (ADC). The vibration signals in digital form were fed to the computer through 
an I/O port. 
     During the experiments, the various defects are created in the gearbox, including 
grinding burn of inner ring (Class 1), spalling fatigue on outer ring (Class 2), bearing 
pedestal damage (Class 3), tooth surface abrasion (Class 4), and gear tooth break (Class 5). 
The vibration signals from the piezoelectric pickups mounted on the gearbox were taken, 
after allowing initial running of the gearbox for some time. 
     The sampling frequency was 8kHz and the sample length was 1024 points, which 
is equivalent to a continuous sample of 0.128 seconds for all conditions. The software 
accompanying the signal-processing unit was used for recording the signals directly in the 
computer’s secondary memory. The signals were then read from the memory and replayed 
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and processed to extract different features. Here x  denotes the signals. 
     After acquiring the vibration signals in the time domain, it was processed to obtain the 
feature vector of faults [20]. The continuous wavelet transform was used for the 
improving signal noise ratio. Of the conventional time-domain parameters, the following 
indexes were selected as the diagnostic parameters for their sensitivities to vibrations 
signals. 

(1) Peak ( )xmaxX max = ; 

(2) Kurtosisness ( ) ( ) 44 SdxxpxK x∫
+∞

∞−
−= µ , where xµ  is the expectation of x , S  is 

the standard deviation of x , ( )xp  is the probability density function of x . 

(3) Margin rmax XXL = , where ( ) 2
rX x p x dx

+∞

−∞
= ∫ . 

(4) Skewness ( ) ( ) 33 SdxxpxS x∫
+∞

∞−
−= µ . 

In the experiments, 3 frequency domain parameters were also extracted as the statistical 
feature as follows 
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Because these time domain and frequency domain parameters were calculated on 
different dimensions, the dataset must be normalized prior to building classifiers. The 
normalized statistical features of vibration signals for 5 class faults under different 
rotating speeds are partially shown in Table 1 (3 samples for each class). 

Table 1: Statistical Features of Vibration Signal for Failure of Gearbox 

              Feature 
Faults Peak Kurtosis Margin Skewness 

Power 
spectrum 

center 

Power 
spectrum 
variance 

Harmonic 
factor  

Class 1 
0.0468 0.0287 0.0371 0.0928 0.0000 0.0000 1.0000 
0.7281 0.3886 0.5426 0.4224 0.6281 0.9423 0.3221 
0.4472 0.2873 0.3812 0.3871 0.6425 0.9269 0.1677 

Class 2 
0.9079 0.3501 0.6515 0.3487 0.8396 0.5554 0.4868 
1.0000 0.5430 0.7723 0.5339 0.6775 0.8825 0.2200 
0.7858 0.3973 0.6176 0.4558 0.5705 0.9857 0.0000 

Class 3 
0.4132 0.0658 0.2997 0.1273 0.8872 0.4222 0.4286 
0.1735 0.1260 0.1451 0.2188 0.5373 0.9987 0.1593 
0.4073 0.1293 0.3217 0.2290 0.5342 0.9996 0.2743 

Class 4 
0.2899 0.0000 0.1205 0.0000 1.0000 0.0298 0.4940 
0.6029 0.2359 0.4465 0.3133 0.5920 0.9724 0.1180 
0.5199 0.2600 0.4122 0.3433 0.5489 0.9952 0.1874 

Class 5 
0.6188 0.2327 0.4529 0.2889 0.8734 0.4637 0.5434 
0.9574 1.0000 1.0000 1.0000 0.7344 0.7916 0.0024 
0.5857 0.6005 0.5769 0.6759 0.7147 0.8274 0.3881 

Then acquired the vibration signals of gearbox under different fault conditions and 
rotating speeds as testing samples. The statistical features of vibration signals for 5-class 
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faults are also partially shown in Table 2  (One sample for each class). 
Table 2: Statistical Features of Fault Samples 

No. Fault Peak Kurtosis Margin Skewness 
Power 

spectrum 
center 

Power 
spectrum 
variance 

Harmonic 
factor  

1 Class 1 1.0000 0.6001 0.7791 0.5778 0.5735 0.9175 0.1390 
2 Class 2 0.6208 0.2622 0.4557 0.3210 0.4817 0.9842 0.0000 
3 Class 3 0.2269 0.1710 0.1759 0.2476 0.4585 0.9940 0.0586 
4 Class 4 0.7128 0.3986 0.5230 0.4224 0.5270 0.9585 0.1931 
5 Class 5 0.9769 1.0000 1.0000 1.0000 0.6140 0.8732 0.0819 

Multi-class SVMs were built and trained with Matlab 6.5 software. Choosing a kernel 
function for SVMs has a considerable impact on classification results. However, there do 
not exist exact rules for this, the best kernel depends on the classification problem 
considered. In this study, all binary classifiers were designed with the same radial basis 
function ( ) ( )22σψ yxyx −−= exp, . In addition, for each model we considered that the 
parameters σ and the penalty factor C  of all binary problems were the same and equal to 
1. For the 5-class classification problems in this paper, we decomposed it into 10 binary-
classifiers between every two classes with 10 decision functions ( )xj,iD , 
( ji ≠ , 51,...,j,i = ). Then putted the fault samples into the decision functions ( )xj,iD , and 
the output results are shown in Table 3. 

Table 3: Output Results of Decision Functions 

No. ( )x21,D
 

( )x31,D
 

( )x41,D
 

( )x51,D
 

( )x32 ,D
 

( )x42 ,D
 

( )x52 ,D
 

( )x43,D
 

( )x53,D
 

( )x54 ,D
 

1 1.3856 2.4975 2.5391 1.9173 2.1962 -1.8968 -0.4122 -1.7452 -1.1958 0.8643 
2 -0.7453 0.1038 -0.3298 0.5873 1.7843 1.1267 2.1480 -0.9974 0.2348 1.8563 
3 -0.8675 0.1295 -1.6945 -1.9874 -0.9124 1.1945 0.9048 1.5132 1.9773 2.1049 
4 0.2100 0.5792 -0.3623 0.5433 1.3289 -0.1945 0.3698 -2.0974 -0.8703 -0.2556 
5 1.9066 -0.0837 1.2098 -0.9073 2.0745 -1.4628 -0.9267 -1.4876 -1.6843 -0.9189 

By (5), the final vote ( )xiD  of unknown fault sample x  for the class i  was calculated. 
The decisions by conventional MaxWins majority voting strategy are shown in Table 4. 

Table 4: Votes and Decisions by MaxWins Strategy  

No. 
5-class Defects 

Diagnosis Results 
Class 1 Class 2 Class 3 Class 4 Class 5 

1 4 1 0 3 2 Class 1 (Grinding Burn of Inner Ring) 
2 2 4 1 3 0 Class 2 (Spalling Fatigue on Outer Ring) 
3 1 3 3 2 1 Unclassifiable 
4 3 2 0 3 2 Unclassifiable 
5 2 1 1 2 4 Class 5 (Gear Tooth Break) 

From the above table, of Sample 3 and 4, the max votes for two candidate classes are both 
equal to 3. Hence the two samples are unclassifiable by MaxWins strategy. According to 
the outputs of the decision functions ( )xj,iD  in Table 3, the membership function ( )xim  
for the class i  was also determined by (9). Hence the decisions for fault diagnosis 
samples with FSVM strategy are shown in Table 5. 
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Table 5: Membership Functions and Decisions by FSVM Strategy 

No. 5-class Defects Diagnosis Results Class 1 Class 2 Class 3 Class 4 Class 5 
1 1.3856 -1.8968 -2.4975 -2.5391 -1.9173 Class 1 (Grinding Burn of Inner Ring) 
2 -0.7453 0.7453 -1.7843 -1.1267 -2.1480 Class 2 (Spalling Fatigue on Outer Ring) 
3 -1.9874 -0.6124 -0.1295 -2.1945 -2.1049 Class 3 (Bearing Pedestal Damage) 
4 -0.3623 -0.2100 -2.0974 -0.2556 -0.5433 Class 2 (Spalling Fatigue on Outer Ring) 
5 -0.9073 -1.9066 -2.0745 -1.2098 0.9073 Class 5 (Gear Tooth Break) 

In the FSVM strategy, the minimums of all prior probability ( )xj,ip  are regarded as the 
estimates of the probability ip ; therefore the unclassifiable region problem can be solved. 
The unclassifiable fault sample 3 and 4 were classed by FSVM strategy. But only the 
values of decision functions ( )xj,iD  are considered as prior probability, while the votes of 
each class are neglected. Hence the misclassification rate by FSVM strategy is high, 
especially for the unclassifiable regions. The diagnosis for Sample 4 also represented this 
situation. 
     Finally, we combined the outputs of 10 binary SVMs by the presented strategy. 
Calculating the adjustment function ( )xiT  by (23), we can obtain the probability vote 
( )xiV . The probability votes of all class and diagnosis results by the new approach are 

shown in Table 6. 
Table 6: Diagnosis by Probability Voting Strategy 

No. 5-class Defects Diagnosis Results Class 1 Class 2 Class 3 Class 4 Class 5 
1 4.9945 1.1265 0.0000 3.4806 2.2350 Class 1 (Grinding Burn of Inner Ring) 
2 2.3199 4.9935 1.1172 3.5319 0.0000 Class 2 (Spalling Fatigue on Outer Ring) 
3 1.0291 3.7395 3.9901 2.3501 1.0000 Class 3 (Bearing Pedestal Damage) 
4 3.8952 2.6835 0.0000 3.9887 2.5992 Class 4 (Tooth Surface Abrasion) 
5 2.4298 1.0769 1.0000 2.3292 4.9925 Class 5 (Gear Tooth Break) 

The presented strategy, in essence, refines the border of vote in conventional MaxWins 
method. Hence as to the classifiable samples, such as Sample 1, 2 and 5, the diagnosis 
results were the same as that by MaxWins strategy. As to the traditional unclassifiable 
samples, such as Sample 3 and 4, the new strategy used the estimate of prior probability 
for the candidate classes as adjustment function. It not only can solve unclassifiable region 
problem, but also the decision results satisfy probability distribution. 

The further tests were developed to verify whether the fault classifier succeeds to 
generalize results to other unknown fault samples. MaxWins majority voting strategy 
resulted in 67% correct classification rate, the recognition rates of the fault samples 
became 83% by FSVM strategy. Surprisingly, the multi-class SVMs combined by 
probability voting strategy generalized well also to other fault samples, and the correct 
diagnosis rate by which reached 94%. All the tests and data indicate that the multi-class 
SVMs combined by the new strategy has more capacity of reliability and robustness, and 
is suitable for fault diagnosis of gearbox. 
5.  Conclusion  

OAO decomposition is widely implemented in multi-class SVMs, and MaxWins is the 
most performing strategy for combining binary classifiers in conventional classification 
task. In this paper, we have discussed two combining strategy: MaxWins and FSVM, and 
compared them with posterior probability distribution. 
     In nature, the vote in MaxWins strategy is an approximate estimate of the posterior 
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probability that the sample belongs to the class. But the approximate estimates are often 
equal to each other, and form the unclassifiable regions. FSVM strategy refines the 
classification boundary and solves the unclassifiable region problem. However, in the 
unclassifiable regions, the minimum of all prior probability is regarded as the estimate of 
the posterior probability, it reducing the reliability of the classification. 
     A new probability voting strategy is presented to combine several binary SVMs. The 
new decision function includes two parts: one is the conventional form of the vote, and the 
other is an adjustment function defined with range between 0 and 1. For the samples in 
classifiable region, the decisions by the new strategy are consistent with that by MaxWins 
strategy, satisfying posterior probability distribution. Whereas for an unclassifiable sample, 
the new strategy can make a decision among candidate classes, which satisfying prior 
probability distribution. 
    This conclusion is confirmed by experiments performed on 5-class different fault types 
of gearbox. The multi-class SVMs-based fault diagnosis models combined respectively by 
MaxWins majority voting, FSVM and the new strategy were also tested with real 
measurement data. Our work shows that SVMs combined by probability voting strategy 
may be successfully used in multi-class classification problems, and the method offers a 
good option for fault diagnosis of gearbox. 
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