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Abstract: A new fast learning algorithm was presented to solve the large-scale support vector machine

(SVM) training problem of aero-engine fault diagnosis. The relative boundary vectors (RBVs) instead of all

the original training samples were used for the training of the binary SVM fault classifiers. This pruning strate-

gy decreased the number of final training sample significantly and can keep classification accuracy almost invari-

able. Accordingly,the training time was shortened to 1/20 compared with basic SVM classifier. Meanwhile, ow-

ing to the reduction of support vector number, the classification time was also reduced. When sample aliasing

existed, the aliasing sample points which were not of the same class were eliminated before the relative bounda-

ry vectors were computed. Besides, the samples near the relative boundary vectors were selected for SVM train-

ing in order to prevent the loss of some key sample points resulted from aliasing. This can improve classification

accuracy effectively. A simulation example to classify 5 classes of combination fault of aero-engine gas path

components was finished and the total fault classification accuracy reached 96, 1%. Simulation results show that

this fast learning algorithm is effective,reliable and easy to be implemented for engineering application.
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Support vector machine (SVM) is a new
kind of machine learning method first introduced
by Vapnik. Based on statistical learning theory,
SVM has excellent learning performance. SVM
can obtain the only global optimal solution and
has good generalization performance. Further-
more, its algorithmic complexity has nothing to
do with sample dimension by using kernel func-
tion. Owing to the above-mentioned advantages,
SVM is actively used for aero-engine fault diag-
nosis and is proved to be an effective method™™,

When the training pattern set is very large,

SVM may have great difficulty in its realization,
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even can not work properly because of the sharp
increase of compute time and memory to solve
the quadratic programming (QP) problem ',
To overcome these difficulties, researchers
usually consider from two aspects for large train-
ing set. First, design a new realization algorithm
which is different from the traditional quadratic
optimization method to reduce the number of the
samples in optimization computing. On the other
hand, some useful reducing algorithms were
proposed and tried by many researchers to re-
duce the number of training samplest!' '), The

basic idea of the reducing algorithms is to re-
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move the samples with little help for learning
and to reserve those ones which have greater im-
pact on the classification hyperplane. Based on
this idea, the training set scale can be decreased
and the training time can accordingly be re-
duced, while the classification accuracy of the
SVM classifier can be ensured.

It is well known that the optimal hyperplane
which determines the classification results are
decided by the so-called support vectors. This
means that the other samples except support
vectors are redundant, so they do not affect the
location of the optimal hyperplane and can be
pruned away. In the process of SVM training,
not all of the training samples can become the
support vectors. It is obvious that only those
samples near the border are likely to become
support vectors. If we define the above near bor-
der samples to be relative boundary vectors
(RBV) 28] and use RBVs instead of all the o
riginal samples for SVM training, we may get
better training effect. The training speed will
certainly have a substantial increase duo to the
smaller proportion of the RBVs in the training
set. What is more, the classification accuracy
can be guaranteed because this strategy removes
only the samples which are little helpful for
SVM learning from the training set and retain
the RBVs which have greater effect on the opti-
mal hyperplane.

When sample aliasing exists between the
two types of training data, we will obtain a
wrong optimal hyperplane if we only use the RB-
Vs calculated directly according to Reference
[12] for SVM training. Under this condition,
the so-called “RBVs” are not really near the bor-
der of the two categories because of aliasing. If
only the wrong “RBVs” are chosen as the final
training samples and the other samples are
pruned away, including some critical data points
which are really in the vicinity of the boundaries
of the two categories and may become support
vectors, it is easy to know that the classification
error is likely to emerge. The experiment results

in this paper proved the above ideas.

This paper presents a new fast SVM learn-
ing algorithm for aero-engine fault diagnosis at
the condition of large-scale training set. The
main idea of this algorithm is that those aliasing
training samples which are not the same class are
eliminated first, and then the RBVs are calculat-
ed. Moreover, a certain margin is given for the
relative boundary vector computing in order to
prevent the loss of critical sample points resulted
from aliasing. In other words, those samples
whose distances to the relative boundary vectors
are smaller than a certain amount will be select-
ed for SVM training. Simulation results given
later in this paper proved the above algorithm ef-

fective and necessary.

1 Aero-engine fault diagnosis based
on SVM

A fault diagnosis problem for the gas path
components of a turbojet engine is discussed in
this paper. we use SVMs to infer the types of
combination fault for the gas path components
according to the engine fault symptomatic data.

Engine fault diagnosis is essentially a pat-
tern classification problem'. The SVM algo-
rithm for the classification of two types of engine
fault data is described as below.

For training sample (x;,y;) € R* X {4+ 1,
— 1},

SVM is to solve the following optimization prob-

1,2,++,m, the training process of

lem"-

1

2 Za;a,-y;yjK(I; 7Ij)

ivj=1

maxW(q) = Za;*

i=1

s. t. ia,y, =0
i=1

0o, <Cyi=1,2,.m
@)
We can obtain the classifier which consists
of optimal hyperplane, support vector and corre-
sponding parameters after the training is comple-
ted. The test sample x is predicted by the fol-

lowing formula

fla) = sgn[zyiaixu,fi) o] @
i=1

The meaning of the parameters used in e-
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quation (1), (2) are as follows. «; is a non—nega-
tive Lagrange multiplier, C is the regularization
parameter which impacts on the accuracy of clas-
sification. K is the Kernel function satisfying the
Mercer condition and here we use the Gauss ker-

nel function

2
|z — x
26"
b is the bias, the average of b can be got accord-
[3]

K(x,z;) = exp(— 1= 1,",m
( )

ing to all the support vectors
b= %E |:y; — ZyjajK(xi ,xj)]
sies, =
Where S, is the set of support vectors, which
number is I,.

SVM is realized with sequential minimal op-
timization ( SMQ) algorithms. Reference [ 10 ]
gives a detailed principle description and pro-
gram pseudo-code, so we do not repeat them
here.

Here, each SVM involves 8 input parame-
ters: high/low pressure rotator speed n,/n;, ex-
portation pressure in high/low pressure comr-
pressor p,/p., exportation pressure in high/low
pressure turbine py/1)4 , exportation temperature
in high pressure compressor ¢, and exportation
temperature in low pressure turbine ¢,. All the
input parameters are indicated with the relative
values deviating from standard state and have no
unit.

A binary SVM can finish the classification
of two fault types directly. The combination
fault of the engine gas path components consists
of 5 classes including no fault (NON), low pres-
sure compressor plus high pressure compressor
fault(LP+ HP), high pressure compressor plus
high pressure turbine fault (HP + HT), high
pressure turbine plus low pressure turbine fault
(HT + LT) and low pressure turbine plus low
pressure compressor fault (LT+LP)?. To di-
agnose the above 5 categories of faults, multiple
classifiers must be trained. In this paper, we se-
lect the widely used “one-against-one” method to

construct multiple classifiers™.

2 Some related definitions

1) Distance between two training samples

In the original input space, the Euclid dis-
tance of the two training sample inputs x; = (a},
2

2y al) s, = (x),af,+.a)), can be ex

pressed as

dz;sx;) = ||, — 2] = /E(If—xf)z
k

(3)
Later in this paper, the distance formula
(1) will be used to calculate the relative bounda-
ry vectors and the nearest neighbor points of
training samples.
2) Relative boundary vector
Suppose the first class of samples are x;;
i=1,+,m,, and the second class of samples are
Zjpsj = 1l,+++,m,, where m, is the number of

class 1, and m, is the number of class 2.

Make
d; = min(d(x; -xj5)) »
j=1,,m, 4)
then
x, (<< I<m,),
fulfilling

d(xyxp) = d; (5)
is defined to be a relative boundary vector among
class 2 samples corresponding to x;, where
d(z; ,x;,) represents the distance from x,
to xjz.

After ; taken over all of the m; values, all
the relative boundary vectors of class 2, locating
at the relative boundary position to class 1, can
be obtained. The set which consists of all these
relative boundary vectors is denoted as S,.

Similarly, the set called S, , consisting of all
the relative boundary vectors of class 1, can
be got.

3) Nearest neighbor of training samples

For sample x;, if there is a sample x, , meet-
ing

d(x;isx,)
j=1,,m, (6)

then x, is defined as the nearest neighbor of samr-

= min(d(x;,x;))

ple x;, where the distance between each sample
point and itself is defined as o, and m, is the to-
tal number of the original training samples with-

out any pruning.
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3 Pruning strategy and fast algorithm
for large-scale training sample set

”»

Shown as Fig. 1, the symbol “ « ” represents

class 1 and “+” represents class 2, while “ 7 is
for RBVs. According to the definition of RBV,
the two heterogeneous samples with /\ symbol,
which are mixed into the other class, will also be
counted as RBV.

wrong relative boundary vectors resulting from

Obviously, they are two

aliasing. It is not appropriate to put them into
the final training set, on the contrary, they

should be removed primarily.

(O]
. @® +
O ey
NG (_BL\J:.
NS +
.é}‘-O ®++:
..-@ ® + +
+ o+
10 ®

Fig.1 Wrong relative boundary vectors because

of aliasing samples

In addition, when there is sample aliasing,
data points may be very dense in some area in o~
riginal input space. If we only take the RBVs
calculated according to the definition directly,
some critical data points which have important
impact on the optimal hyperplane may be miss-
ing ones and can not be the final training sam-
ples. Therefore, it is necessary to give RBV a
proper margin §.

The meaning of parameter § is as follows: a
data point will be selected as a training sample if
it is located near some RBV, and its distance to
the other class sample is smaller than (1+6)
times of the RBV distance to the same sample. If
0=0, the final training set consists of only the
relative boundary vectors.

According to the above discussion, a prun-
ing strategy for large-scale training set and the
corresponding fast learning algorithm is given as
follows.

For a given training set
c s (Zpo s Yo ) s ER"
v, € {—=1,1}.,i=1,2,+,m,, we use the follow-

(11 9}’1)9(1‘2 ayz)a"

ing strategy to reduce it.
Step 1

y two points

Compute the distance between ever-

Compute the distance between every two
sample points according to formula (3).

Step 2 Eliminate the aliasing samples which
are not the same class

1) For each sample point, according to for-
mula (6), find out its nearest neighbor.

2) I the point and its nearest neighbor be-
long to the same class, i.e. y;, = y,, keep this
point. Otherwise, if the point and its nearest
neighbor belong to different categories, 1i. e.
y; #~y, then remove the point.

3) Get the remaining training set: the num-
ber of class 1 is m, and the corresponding outputs
are all 1, the number of class 2 is m, and the cor-
responding outputs are all —1.

Step 3 Compute the RBV sets

1) If the proportion of aliasing samples is
small (here taking 3%) ,setd = 0, otherwise,set
constant § € (0,1).

2) According to formula (4) and (5), cal-
culate the relative boundary vector correspond-
ing to x;; » and assign it to S, (1), L=1.

3)

for =1:m

{

Calculate the distance d; between x;; and the
corresponding RBV according to formula (3),
search out all the sample points whose distances
to x;; are smaller than (1+¢8) X d,in class 2, then
note these sample points as N,, of which the
number is L;.

for j=1:1L,

{

if N,(jHOFS,(1: L)
L=L+1;
S;(L)= N,();

}

}

4) According to the steps similar to 1) —3),
find out the set S; of the RBVs of class 1.

Step 4 Get the final training sample set

The union of the two sets S; and S, is used
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as the reduced sample collection for SVM train-
ing. After some pruning, the number of the fi-
nal training samples is m,which is denoted by
(1531 s (X35 y3) s (xsy) s € ST U S,
yvi € {1, —1},i=1,2,m.
With the final training samples, the SVM is
trained and we call the final obtained classifier .-

SVM (Lagrangian support vector mathine).
4 Simulation experiments

4.1 data generation and pre-process

We have 56 engine fault samples of 5 classes
in Table 7-3 and Table 7-5 from Reference [ 17 ],
including 32 samples of NON, every 6 samples
of LP+HP, HP+HT, HT+LT and LT+ LP
individually. Each sample input consists of 8
fault symptomatic parameters and is 8-demen-
sional. The 56 samples are used to calculate the
mean and variance of the 5 classes respectively.
Five classes of normal distributed new fault sam-
ples with their own mean and variance are gener-
ated: 4 000 samples for each class. When train-
ing a binary SVM, 2 000 samples (1 000 each
class) are selected for training and the other
1000 samples (500 each class) are arranged as
test ones.

In order to reduce the computation work-
load, the training sample data are pre-processed
with principal component analysis (PCA): the
eigenvalues (%) corresponded to the character-
istic components are [ 44, 4770,24.3257,12.9112,
9.6065,4.9836,2.1524,0.9213,0.62237. After
PCA, we take each sample input a 4-dimensional
vector because the contribution rate of the first 4
characteristic components is more than 91. 32%,

being able to meet the requirements.

4.2 Simulation results according to the

algorithm in this paper

4.2.1 1L-SVM classifier

Fault classification was finished in MAT-
LLAB environment. The computer used for simu-
lation is Pentium(R) 4, CPU 3. 06GHz, RAM 2
GB.

Take the two types of fault for example:

NON and HP + HT. Set kernel parameter ¢* =
0.8, SVM regularization parameter C= 100 and
RBV margin § =0. 1. The simulation results ap-
plying basic SVM without sample pruning as
well as our L-SVM are both listed in Table 1.

Table 1 Simulation results according to basic SVM

and our L-SVM (for fault NON and HP+HT)

Classifier SVM L-SVM
Classification accuracy/ % 92.7 92.5
Number of training samples 2000 281
Training time/s 4060 202
Number of support vectors 275 63

The training time of L-SVM in Table 1 in-
cludes the sample pruning time. Compared with
basic SVM classifier, the training time of the I-
SVM classifier with our pruning algorithm is a-
bout 1/20 of the former, but the classification
accuracy is almost invariable. The improvement
of the training time is obvious because the num-
ber of the final training samples is reduced from
2000 to 281. Meanwhile, the number of support
vectors is reduced to 63, only 22. 9% of basic
SVM, and this may shorten the classification
time.

The “numChanged” is an important variable
in Platt’s SMO algorithm, which refers to the
pairs of optimization variable obtained in each
round of iteration. The iteration can be ended
only when numChanged is equal to zero in both

L1 Therefore. we can

inner loop and outer loop
estimate the convergent speed from the change
of numChanged in each round. Fig. 2 shows the
change curves of numChanged computed accord-
ing to basic SVM and L-SVM classifiers, respec-
tively.

In Fig. 2, the red dotted line corresponds to
L-SVM and the blue solid line stands for the
basic SVM without sample pruning. In iteration
round No. 200 — 3 200, the number of num-
Changed represented by the blue solid line chan-
ges repeatedly within a small range because of

the large scale of training sample. So the conver-

gent speed is very slow and the total iteration
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Fig. 2 Curves of numChanged according to

different classifiers

round is much more, which extends the compu-
ting time greatly.
4.2.2 Comparison with related algorithms

The results of training-sample reducing
through different strategies are compared and
the remaining final training samples after prun-
ing are shown in Fig. 3.

Fig. 3 shows the first two-dimensional com-
ponents after PCA according to the 2 classes of
fault sample data (NON and HP+HT). As the
contribution rate of the first two-dimensional
components reaches up to 68 8%, the two-di-
mensional data can represent the sample distri-
bution basically. Obviously, aliasing exists a-
mong the samples. Fig. 3(a) is obtained in the
case that we use the pruning strategy in this pa-
per and compute the RBVs with a RBV margin
after the elimination of sample aliasing. The fi-
nal training samples obtained through the prun-
ing strategy in this paper character the boundary
of the two classes properly. When we use these
samples for SVM training, we can get a good
classification result which is very close to the re-
sult achieved by using all the training samples.

Fig. 3(b) is the situation of computing RB-
Vs directly. Due to aliasing, the calculated rela-
tive boundary vectors have some distortion and
this makes it impossible for the reserved samples
to character the boundary of the two classes
properly. If we use these reserved samples for
SVM training, a greater classification error will

occur certainly. In fact, the classification accu-

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved.
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Fig. 3 Training samples and remained RBVs

at the condition of aliasing

racy now is only 60. 9%, having a greater differ-
ence with Fig. 3(a).

The related classification accuracy is listed
in Table 2.

aliasing is eliminated but ¢§ is set to 0. That is to

The results are also given when

say, only the relative boundary vectors are con-
sidered as the final training samples in this case.
If only the RBVs are selected strictly, it is very
likely to lose those samples which have very
important impact on the decision boundary since-
sample aliasing near the border is usually more
serious. This is called over-pruning. Similarly,
the final training samples got in this case can not
character the boundary of the two classes cor-
rectly, and the classification accuracy is not
high, which is only 87.4%.

Fig. 4 shows the results at the case of calcu-
lating RBVs directly without aliasing, and the
two classes of fault are LP+HP, HT+LT. The

final training samples obtained through the

http:// www.cnki.net
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pruning strategy in this paper character the
boundary of the two classes correctly. When u-
sing these samples for SVM training, we got a
perfect classification result which was the same

as the result achieved by using all the training

samples. The classification accuracy now
reached 100%.
Table 2 Classification results according to
different pruning strategies
Sample aliasing Classification
o RBV margin §
elimination accuracy/ %
N 0.1 92.5
0 60.9
J 0 87.4

4.2.3 Results of engine multi-faults

classification

We want to classify 5 classes of enginefault.
According to the multi-classification method
“one-against-one”, 10 binary SVM classifiers are
needed to be trained and the final classification

results are decided by votel,

binary classifier for fault NON~ LP + HP, the
binary 1-SVM classifiers obtained using the oth-

Similarly to the

er classes of training fault samples also have sat-

isfactory results shown in Table 3, where m,

and m, are the sample numbers of the two relat

ed classes after aliasing elimination.

4
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Fig. 4 Training samples and remained RBVs

without aliasing

Fig. 5 is the fault sample distribution ob-
tained with the first two-dimensional compo-
nents after PCA (300 samples for each class).
The aliasing among various classes of samples
can be clearly observed and the results in Table 3
describe the sample distribution properly. For
example, since there is no aliasing between the 2
classes of samples, the binary SVM classifiers
LP+HP~HP+HT,LP+HP~HT+ LT and
LP+HP~LTH LP all get 100% classification
accuracy. While the classification accuracy of

classifier HP+HT~HT+LT is only 81. 3%

Table 3 Simulation results of the binary SVMs

Number of Number of
) Classification o Training Kernel RBV
Binary SVMs training ) support my/ms ) )
accuracy/ % time/s parameter ¢°  margin §
samples vectors
NON~LP-+HP 100. 0 31 125 16 999/1000 0. 80 0
NON~HP+HT 92.5 281 202 63 929/913 0. 80 0.1
NON~HT-+LT 94.0 274 195 58 960/944 0.75 0.1
NON~LTHLP 99.4 64 153 22 990/988 1.40 0
LP+HP~HP+HT 100. 0 53 151 13 1000/1000 0. 90 0
LP+HP~HT+LT 100. 0 22 122 12 1000/1000 0.75 0
LP+HP~LT+LP 100. 0 12 118 5 1000/1000 5. 00 0
HP+HT~HT+LT 81.3 305 220 263 740/723 30. 00 0.1
HP+HT~LT+LP 99.0 85 167 21 992/996 10. 00 0
HT+LT~LT+LP 96. 8 266 190 45 957/971 3.50 0.1
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due to the serious aliasing.
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Fig. 5 Five classes of fault samples

Finally, the classification results for 2 500
test samples which belong to 5 classes, 1i. e.
NON, LP+H, HP+HT, HT+LT and LT+
LP, are as follows: 2 403 samples are classified
correctly and only 97 samples have a wrong clas-
sification, the total classification accuracy rea-
ches 96.1%. Because the training of multiple bi-
nary SVM classifiers is needed for multi-class
fault classification, the total training time may
be shortened more obviously if we apply the al-
gorithm presented in this paper.

As the final number of support vector is re-
duced greatly, the classification time is also
shortened accordingly. The classification time of
classifier HP+ HT ~ HT + LT is about 3 sec-
onds, and the others all have a classification time

less than 1 second.
4.2.4 Results for large-scale training set

To validate effectiveness of the fast learning
algorithm in this paper for large-scale training
set, we computed the training-sample numbers
after pruning when the total original training-
sample numbers varied from 2 000 to 6 000 and
the results are now listed in Table 4. RBV mar-
gin § is set to 0. 1. According to our fast learning
algorithm, the numbers of training samples after
pruning are only 1/7—1/10 of the total numbers
of the original samples. When the original train-
ing set is very large, the decrease of training-
time will be very considerable by using the sam-

ple points after pruning for SVM training. Fur-

thermore, as the number of training samples is
reduced, the final number of support vectors
will also be reduced accordingly and that is cer-
tainly very beneficial to the reduction of the clas-
sification computing-time.

Table 4 Training sample numbers after pruning

using our algorithm

Total original Training-sample Percent of training

training-sample numbers after samples after

numbers pruning pruning/ %
2000 81 14. 05
3000 305 10. 17
4000 410 10. 25
5000 571 11.42
6000 678 11. 30

5 Conclusions

1) To the binary SVMs for engine fault
classification, using RBVs instead of all the o-
riginal training samples can decrease the number
of the final training samples significantly and
keep the classification accuracy almost invaria-
ble. Accordingly, the training time is shortened
obviously and the classification time is also re-
duced.

2) When sample aliasing exists, the aliasing
sample points which are not the same class
should be eliminated before the relative bounda-
ry vectors are computed. Besides, the samples
near the relative boundary vectors should be se-
lected for SVM training in order to prevent the
loss of some key sample points resulted from
aliasing. This can improve classification accura-
cy effectively.

3) Since the training of multiple binary
SVM classifiers is needed for multi-class fault
classification, the algorithm presented in this pa-
per may be more effective to the multi-class en-
gine fault diagnosis problem with a large-scale
training set. Simulation examples show that the
classification accuracy of 5 classes of engine com-
bination fault reaches 96. 1%. Therefore, our

algorithm can be applied as a good method for
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aero-engine fault diagnosis with a large-scale

training set.
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