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Abstract—Support Vector Machine (SVM) and information 
fusion technology based on D-S evidence theory are used to 
diagnose wear fault of AC engines. Firstly, based on a 
number of frequently used oil sample analysis methods for 
detecting engine wear fault, establish corresponding sub 
SVM classifier. The classifier can reflect the mapping 
relation between fault symptoms and fault types and achieve 
the result for a single diagnosis item. And then, use D-S 
evidence theory to make information fusion over result for a 
single diagnosis item so as to make fault diagnosis. With 
diagnosis of AC engine wear fault serving as example, 
example testing is performed. The result shows that in 
comparison with conventional methods, the combination of 
SVM and information fusion technology is fast and effective, 
suitable for diagnosis of AC engine wear fault. 
 
Index Terms—Support Vector Machine (SVM), AC engine, 
fault diagnosis, information fusion 
 

I. INTRODUCTION 

As an effective tool for solving nonlinear issues, 
artificial neural network is extensively applied in the field 
of mechanical fault [1]. It is one more artificial 
intelligence (AI) technology applied in diagnosis of 
engine wear fault, following application of expert system. 
However, as neural network technology is merely a 
heuristic technology reliant on experience and lacks solid 
theoretical basis, and its learning process uses the 
empirical risk minimization principle, making it likely to 
tend to local minimum and weak in generalization. 
Moreover, the complexity of its algorithm is considerably 
subject to influence of the complexity of network 
structure and samples. These weak points have checked 
its further application and development in smart fault 
diagnosis. In recent years, Support Vector Machine 
(SVM) proposed by Vapnik has received extensive 
attention [2]. It is a new machine learning approach based 
on statistical learning theory and structure risk 
minimization theory and specific to small sample sizes. It 

features brief mathematical form, intuitive geometric 
interpretation and excellent learning performance and 
promotion ability. It can overcome the above-mentioned 
weakness of neural network and has become a new 
popular research field in the realm of machine learning. 
Additionally, it has found successful application in such 
realms as pattern recognition, regression analysis and 
function approximation [3] [4] [5]. 

On the other hand, in practical fault diagnosis, the 
method of oil sample analysis has become the major 
method for diagnosis of wear fault of AC engine. It 
includes ferrography analysis, spectral analysis, grain 
counting analysis method and physical and chemical 
analysis. However, one single method is invariably 
subject to certain limitation in terms of test accuracy, 
hence unsatisfactory accuracy. If diagnosis information of 
these analysis methods can be used to the greatest extent 
possible, with fusion diagnosis made to have results 
complement each other, the accuracy of fault diagnosis 
can be improved. SVM boasts rapid learning speed and 
strong generalization, while D-S evidence theory boasts a 
fairly good ability in processing of uncertain information 

[6]. Therefore, the present article proposes a fusion 
diagnosis technology for engine wear fault, where firstly, 
SVM classifier is used to realize diagnosis with each 
single method, and then based on D-S evidence theory, 
diagnosis results undergo fusion so as to improve 
accuracy and reliability of diagnosis. 

II. SVM 

SVM is a machine learning algorithm proposed by 
Vapnik in the 1990’s. With its good theoretical 
background and structure risk minimization principle, 
SVM provides a brand-new direction for machine 
learning. At first SVM is used for solving pattern 
recognition issues. Subsets of training data chosen for the 
purpose of discovering decision rules with generalization 
ability are called support vectors. Best support vector 
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separation is equivalent to separation of all data. SVM 
involves from optimal hyperplane given linear 
separability, as shown in Figure 1. By way of fixing risks, 
minimizing confidence risk and mapping input space to 
high-dimension inner product space, SVM effectively 
avoids “curse of dimensionality”. SVM obtains the global 
optimum by solving a quadratic programming problem of 
linear constraint, hence no local minima, and the Fast 
algorithm ensures the rate of convergence. Typical SVMs 
for classification are shown in Figure 2. 

 
Figure 1 Optimal Hyperplane 
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Figure 2 SVM Structure Network Diagram 

A. Classification Algorithm of SVM 
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It is known from theory of Reproduce Kernel Hilbert 
Space that: In the inner product of high-dimension space 

( ) ( )i jx xφ φ⎡ ⎤⋅⎣ ⎦ , a kernel function meeting Mercer 
conditions can always be found in the input space to 
enable ( , ) ( ) ( )i j i jK x x x xφ φ⎡ ⎤= ⋅⎣ ⎦ ; therefore, there’s no 
need to know the specific form of nonlinear mapping. 
Formula (1) can be adapted to the following form: 
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Frequently used kernel functions include: Polynomial 
kernel [ ]( , ) 1 ( ) pK x y x y= + ⋅ , 1, , ;p n= L Gaussian radial 

basis kernel 2 2( , ) exp( / 2 )K x y x y σ= − −  and two-
layer feed-forward neural network kernel 

[ ]( , ) tanh ( )K x y k x y θ= ⋅ − . 
For points on the classification border, their 

corresponding 0ia >  is called support vector points. The 
number of support vector points is generally smaller than 
sample size, and support vector points are closely related 
to generalization ability of classifiers. It is necessary to 
use Karush-Kuhn-Tucher condition to get the domain 
value b. Therefore, the classification decision function 
obtained is: 

1
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When data can not be separated without error in the 
high-dimension space, SVM introduces non-negative 
slack variable 0iξ ≥  in constraints and solves the 
following quadratic programming to minimize wrong-
classification error:  
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Among that, slack variable 1( , , )T
Nξ ξ ξ= L  reflects 

the distance between the actual indication value iy  and 
SVM output. C is a marginal factor that reflects the 
balance between item 1 and item 2. Solving of Formula 
(4) can be converted to: 
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To solve Formula (5), likewise KKT condition can be 
used to obtain domain value and get the decision function 
(3). 

B. Algorithm of Multi-class SVM Classification 
Basic principle of multi-class SVM is converting 

multi-class issues into combination of two-class issues. In 
the present article, pair classification is adopted, i.e. 
specific to N-term classification issue, build 

( 1) / 2N N −  SVM sub-classifier(s); train SVM to 
separate between two classes, using the following 
algorithm: 

Supposed training data sample belongs to Class k  and 
Class l ; the 2-term classifier can be converted into a 
multi-term classifier: 
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         (6)                               

After using multi-term classifier to train data samples, 
when new samples are tested, input new samples to each 
trained SVM classifier to make classification recognition, 
thus obtaining a class each time. And then, make statistics 
on the result of ( 1) / 2N N −  classifications; the class 
covering the most class number will become the class for 
the new sample. Multi-term classifier constructed with 
such an approach features less single SVM training size, 
easy realization using programming, accurate result and 
balanced training data. 

 

III.  FUSION DIAGNOSIS BASED ON D-S THEORY 

A. Basis of D-S Evidence Theory 
D-S theory uses “recognition frame work Θ ” to 

describe the aggregate of all elements constituting a 
whole assumed space; it is made up of mutually exclusive 
and exhaustive elements. It defines a set function 
m: ]1,0[2 →Θ , meeting: (1) (m φ)=0; (2) 

∑
Θ⊂

=
A

Am 1)( ; m is called basic probability assignment 

function (BPA) on the recognition framework Θ ; m(A) 
shows the extent of accurate confidence of evidence 
against A. For any proposition set, D-S theory also 
proposes concept of confidence function, i.e.: 

Bel(A) = ( ), ( )
B A

m B A
⊂

∀ ⊂ Θ∑        (7) 

That is to say, confidence function of A is the sum of 
confidence values of each sub-set. Bel function is also 
called lower limit function, and reflects full confidence in 
A. However, for confidence in one specific proposition, 
description with confidence function alone is not all-
around enough because Bel(A) can not reflect the extent 
of suspicion on A. Therefore, a likelihood function is 

introduced, defining that: Pl(A)＝1—Bel(-A), ( )A∀ ⊂ Θ ; 
Pl function is also called upper limit function or 
irrefutable function, reflecting confidence in that 
Proposition A is not false. To make it easy for 
understanding, it is an uncertainty metrics reflecting 
whether Proposition A probably will be true. Obviously: 
Pl (A)≥  Bel(A), to all A Θ⊂ . 

B. D-S Combination Rule 
For the same recognition framework, depending on 

varied evidence, different BPA functions which are 
independent of each other will be obtained. Supposed 1m  
and 2m  are two basic BPA functions on the same 
recognition framework, and 1m  and 2m  can be combined 
into a new BPA function 1 2m m⊕ . The corresponding 
confidence function is expressed as 1 2Bel Bel⊕ ; and 
according to definition of confidence function, 

1 2Bel Bel⊕  calculation can be made by using 1 2m m⊕ . 

Define 1 2
1( ) ( ) ( )

B C
m A m B m C

N φ≠

= ⋅∑
I

 as the BPA 

function of 1 2m m⊕ . 
In this formula, ( )m A  is the mass  function on Θ ; 

1 21 ( ) ( ) 0
B C

N m B m C
φ≠

= − ⋅ >∑
I

. When 0N = , 

1 2 ( )m m A⊕  makes no sense, representing that the two 
BPA functions of 1( )m B  and 2 ( )m C are in full conflict 
and can not  be combined. 

IV. THE COMBINATION OF SVM AND D-S THEORY 
EVIDENCE 

D-S evidence theory is an important method in the 
field of multi-sensor information fusion, but its advantage 
is not fully utilized because is BPA is difficult to obtain. 
SVM is a new learning algorithm based on the statistical 
learning theory. However, its hard decision output does 
not adequately facilitate multi-sensor information fusion. 
In order to apply SVM to information fusion, a two-class 
SVM with BPA output is proposed. By analyzing the 
essence and deficiency of the Platt’s model , the BPA is 
obtained through use of the lower bound of the SVM 
precision to weight the Platt’ s probability model , which 
achieves the combination of SVM and the evidence 
theory in the information fusion. 

The standard SVM output is the {1, 1}, belonging to a 
judge output, not probability output, so that cannot be as 
the evidence of BPA theory. SVM model of fault 
diagnosis is more than a class classification problems, 
"one-versus-one" many kinds of support vector machine 
(SVM) is an effective way to solve this problem, one is to 
use the ballot to judge fault mode.  

For the first L sensors, in recognition framework Θ = 
{F,},s = 1 , 2 , …, t, each "one-versus-one" multi-class 
support vector machine (SVM) output corresponding to a 
evidence, if the total number of votes each V (F,) and 
total votes t (t-1) / 2 than can be obtained with probability 
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output, based on this, the structure, the basic allocation 
function: 

     tsA
tt

FVFm S
S ,,2,1,,

)1(
)(2)(1 ⋅⋅⋅=Φ≠

−
=         (8) 

If using a single source of data to fault diagnosis, the 
probability of the largest such as sample points x belongs 
of fault; If use evidence theory information fusion of data 
to fault diagnosis, the "one-versus-one" multi-class SVM 
output is a evidence. 

V.  MODEL OF FAULT DIAGNOSIS SYSTEM 

Respect to four basic oil sample analysis technologies 
for AC engine wear faults, namely ferrography analysis, 
spectral analysis, grain counting analysis and physical 
and chemical analysis, the present article firstly takes 
some frequently occurring fault sets as a fault domain 
[7][8][9], and then specific to each oil sample analysis 
method, establish sub support vector classifiers 
corresponding to the fault sets, thus realizing mapping of 
each fault symptom and fault type and subsequently 
finishing preliminary diagnosis of fault types. After 
undergoing information fusion, preliminary information 
is sent to a classifier SVC for fault classification, i.e. 
realizing final classification of decision diagnosis. 

As various oil sample analysis methods produce varied 
diagnosis data and dimensions, subsequent fusion Ⅶwill 
encounter some inconveniences. Therefore, pretreatment 
on original symptom data will be made to convert them 
into Boolean values 0 and 1. The basis for the conversion 
is: compare original data obtained by way of various 
methods against their corresponding standard limit values; 
if they are within the normal range, 0 is obtained; if not, 1 
is obtained. 

The realization of decision information fusion is a 
process within the same recognition framework, where 
different evidence bodies are combined into a new 
evidence body. The specific fusion method is as follows: 
supposed { | 1,2, , }S s s q= = L , { }1, 2, ,j pΘ = = L ; 
for symptom domain s , local information fusion leads to 
the result of Model j : ( )ms j ; supposed the confidence 
factor of symptom domain s  being used for local 
diagnosis is ( )R s , ( ) (0,1)R s ∈ , the BPA function is 
defined as follows: ( ) ( ) ( )mass j ms j R s= × , where 

1,2, ,j p= L . ( ) 1 ( )mass R sθ = − .With that determined, 
it is possible to use combination rules of D-S evidence 
theory to make global information fusion, judge 
probability of occurrence of various faults, and eventually 
obtain the final diagnosis of various fault patterns. 

In order to directly show the fault type, the final 
decision diagnosis uses fault classifiers. As SVM is a 2-
value classifier, fault classification of multiple fault types 
requires construction of multi-term classifier to enable 
fault diagnosis classification. 

The model of AC engine wear fault diagnosis system 
based on support vector and D-S evidence theory fusion 
is shown in Figure 3. 

The diagnosis process using the model of AC engine 
wear fault diagnosis system based on support vector and 
D-S evidence theory fusion is as follows: 

(1) Preparation of training set and testing set. Use 
known diagnosis results as sample data for respectively 
training their own classifiers. 

(2) After fusion of output of various classifiers by way 
of D-S evidence theory, take the fusion result as the input 
for fault classifier to train decision rules of SVM. 

(3) Use testing set to test diagnosis system.  

Figure 3 Model of AC Engine Wear Fault Diagnosis System 
 

VI.  ANALYSIS OF FUSION DIAGNOSIS INSTANCE 

A. Diagnosis Instance 
To verify the validity of the diagnosis method based on 

SVM and evidence theory fusion, the present article takes 
6 frequently occurring wear faults of AC engine as the 
fault domains of the diagnosis. The 6 wear faults are: 
bearing wear failure (F1), bearing fatigue failure (F2), 
gear fatigue overload (F3), gear stuck or scratched (F4), 
non-conforming lubricant pollution (F5) and non-
conforming physical and chemical analysis result of 
lubricant (F6). In this way, the recognition framework of 
the evidence theory { }1 2 3 4 5 6, , , , ,F F F F F FΘ =  is built. 
Therefore, number of output type of the four sub 
classifiers built specific to the fault domains - ferrography 
analysis, spectral classifier, grain counting classifier 
method and physical and chemical classifier is 6. 
Regarding ferrography analysis, its input vector is the 
percentage of abrasive grain of elements of various types, 
①globular abrasive grains in large number (SF1); 
②layered abrasive grain in large number (SF2);③fatigued 
abrasive grain in large number (SF3);④cutting abrasive 
grain in large number (SF4);⑤severely slippery abrasive 
grain in large number (SF5);⑥ red oxide abrasive grain in 
large number (SF6); ⑦ black oxide abrasive grain in large 
number (SF7); therefore, the input node number of 
ferrography sub classifier is 7. For spectral sub classifier, 
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choose concentrations of elements of Fe, Cr, Ni, Mo, Cu, 
V, Zn, Al and Ti as the original data for spectral analysis 
(for other machinery, depending on structure and material 
of abrasion parts, elements chosen may vary). After 
pretreatment, the spectral data are turned into: ① non-
conforming Fe element concentration (SS1); ②non-
conforming Cr element concentration (SS2); ③non-
conforming Ni element concentration (SS3); ④non-
conforming Mo element concentration (SS4); ⑤non-
conforming V element concentration (SS5); ⑥non-
conforming Cu element concentration (SS6); ⑦non-
conforming Zn element concentration (SS7); ⑧non-
conforming Al element concentration (SS8); ⑨Non-
conforming Ti element concentration (SS9), so input node 
number of spectral sub classifier is 9; for grain counting 
sub classifier, as number of grain with specific size level 
can not correspond to fault pattern of engine, it is only 
possible to arrive at the conclusion whether the oil sample 
pollution is non-conforming, i.e. the classifier input 
vector is: ①non-conforming pollution (SC1), so for grain 
counting sub classifier, the input node number is 1; for 
physical and chemical analysis sub classifier, the input 
vector is: ①non-conforming kinematic viscosity (SP1); 
②non-conforming impurity content (SP2); ③non-
conforming other physical and chemical 
specifications(SP3). So the input node number can be set 
as 3. Afterwards, train all the sub classifiers and fault 
diagnosis sub classifiers of the system. 

To verify the validity of the algorithm herein, an 
example is provided for verification. Supposed fault 
symptom data of ferrography analysis are {0,0,0,1,0,0,0}; 
supposed fault symptom data of spectral analysis are 
{0,1,0,0,0,0,0,0,0}; fault symptom data of pollution 
analysis are {1}; fault symptom data of physical and 
chemical analysis are {0,0,1}; Single-item diagnosis 
results of each sub classifiers are shown in Table 1. 

 
TABLE I. 

SINGLE-ITEM DIAGNOSIS AND FUSION DIAGNOSIS RESULTS 
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Bearing wear 
failure 0.8 0.9 1 0 0.972

Bearing fatigue 
failure 0.0001 0 0 0 0 

Gear fatigue 
overload 0 0 0 0 0 

Gear stuck or 
scratched 0.8 0.1 1 0 0.6626

Non-conforming 
lubricant 
pollution 

0.6 0 1 0 1 

Non-conforming 
physical and 

chemical analysis 
result of lubricant

0.0001 0 1 1 1 

 
TABLE II 

INSTANCE OF SMALL CONFLICT FUSION 
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Bearing wear 
failure 0.8 0.9 1 0.28 0.972

Non-bearing-wear 
failure 0.2 0.1 0 0.28 0.028

 
TABLE III 

Instance of Large Conflict Fusion 
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Gear stuck or 
scratched 0.8 0.1 1 0.92 0.6626

Non-gear-
stuck-or-
scratched 

0.2 0.9 0 0.92 0.3373

B. Analysis 
(1) Influence of Kernel Function and Its Parameters 

on Diagnosis 
The article uses 2 types of kernel functions (i.e. 

polynomial kernel and Gaussian radial basis kernel) to 
compare influence of varied kernel functions on sub 
SVM classifier and fault diagnosis classifier. K-based 
cross validation and grid search method are used to 
choose from 7 parameters of SVM, where: 0.02ε = . The 
result shows that, 2δ  of Gaussian radial basis kernel 
produces better result in the range of [ ]1,5 , but if 3d ≤ , 
the classification abilities of polynomial kernel and 
Gaussian radial basis kernel are close to each other, 
though the calculation speed of the later is a bit faster 
( 0.06 ). Therefore, radius basis kernel is used herein. 
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(2) Research on Comparison between SVM and 
Neural Network Models 

To make comparison between the diagnosis ability of 
neural network and SVM, here BP neural network is used 
to make diagnosis on test data. Structure of BP network is 
7-12-6, 9-12-6, 1-12-6 and 3-12-6; the allowance is 0.001. 
The result shows that though BP network can also find 
out the wear fault, the confidence degree is only 0.57, 
lower than the confidence degree of SVM diagnosis. This 
also shows generalization ability of BP network is not as 
strong as SVM. 

VII.  CONCLUSION 
(1) The present article applies SVM to research 

of diagnosis of AC engine wear faults, and the result 
shows that: SVM features strong generalization ability 
in issues with small sample size, particularly applicable 
to diagnosis of AC engine faults where obtaining of 
wear fault samples is difficult. 

(2) Firstly, use sub SVM to make preliminary 
diagnosis; then use D-S evidence theory to make 
decision fusion on the diagnosis result. In this way, 
relatively weak diagnosis decision will support 
relatively strong diagnosis decision in a more effective 
way, and such issues as diversification and multiple 
classes of information in practical projects can be solved. 

(3) The combination of SVM and information 
fusion technology based on D-S evidence theory can 
realize effective diagnosis of wear faults of AC engines. 
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