International Journal of Hybrid Information Technology
Vol.7, No.2 (2014), pp.379-396
http://dx.doi.org/10.14257/ijhit.2014.7.2.33

Fault Diagnosis of LPRE Ground-testing Bed Based on PCA-SOM

Zhigang Feng
School of Automation, Shenyang Aerospace University,
Shenyang, Liaoning, China
fzg1023@yeah.net

Abstract

method are better than SOM method.

and real fault data results indicate that the efficiean
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1. Introduction %\ 0@

Liquid propellant rocket en 'nq&RE) ares%e heart of space vehicles and space
transporting systems [1]. Tog%g at d i@equirements are fulfilled, a rocket engine
should be tested on a ground-tes be oduction. The ground-testing bed is used to
examine and test the contr nd the otiienprocesses of the rocket engine. For example, the
Space Shuttle main gn ME) ig peritodically tested by firing it on the ground using a
testing bed located % \ ASA
strong enough to fidldva rocket
system that

and the oxidlz
testing process, the testi

is Space Center. The testing bed provides a structure
in place as it is fired. It also serves as a fuel feed
idizer to the engine. Typically, the fuel is liquid hydrogen
n. If there are any faults on the testing bed during ground-
d improperly provides fuel and oxidizer for the rocket engine,
making the rocket ork abnormally. The rocket engine could even end up destroyed.
Therefore, detectifig, ahomalies in the ground-testing bed to decrease the bad effects on the

rocket engine Es caused by the faults is very important [2].

To detec alies and diagnose faults in the ground-testing bed, researchers have been
focusing @ ding a fault- detecting-and-diagnosis method since 2000. Temple proposes a
testabi% alysis methodology that improves efficiency in terms of maintainability and

of a system. A rocket engine testing bed is modeled and existing testing bed
se are utilized as baseline for testability analysis [3]. Researchers at the NASA Ames
Research Center explore a particular data-driven approach, based on normal detection
algorithms from the machine learning community [4]. In 2005, researchers from the Harbin
Institute of Technology concentrated on the study of the health monitoring system of an
LPRE ground-testing bed [2]. Ning Zhu proposes a fault diagnosis approach based on a self-
organizing map (SOM) to solve the fault diagnosis problem of an LPRE ground-testing bed
[5]. This method is suitable for the diagnosis of the deterministic faults, which have been
established the mechanism model or can generate enough reliable fault data. Simulation
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results show that SOM is a reliable and effective method for fault diagnosis and has good
visualization property. However, the input data dimension for SOM is very large, making the
training time of SOM very long. Moreover, some input data have little contribution to the
fault diagnosis. Thus, extracting the main fault feature from the large input data to reduce
input data dimension and to eliminate the bad influence of noise data is very necessary.

In this paper, the fault diagnosis method based on principal component analysis
(PCA) and SOM is proposed. PCA is used to reduce data size and extract the fault
feature from the sensor data. SOM is used to identify the fault type. Two types of
ground-testing bed-simulated fault data are used to verify the proposed method. One
type of fault data is generated by the mechanism model of the ground-testing bed. The
other type of data is generated according to an expert’s experience and the statistical
model of the fault mode. SOM and PCA-SOM, in the aspect of fault diagnosis ef
ground-testing bed, are compared. Fault diagnosis reliability and fault¢wi
efficiency (time consumption property) are also studied. The comparls

performance with a large sample and with a small sample is also studi
group of fault data from an LPRE ground-testing be\ se'd to #6s t

Ily, one
CA SOM
method.

2. Principle of Fault Diagnosis witt SOM O

SOM, developed by Kohonen [6], is a specia of ar;fl% eural network that is based
on competitive learning, where output neur the net ompete among themselves.
The purpose of SOM training is to comp Qmal cl rmg of a collection of patterns in

. In SOM, neurons are typically ar ﬂ% ensional lattice called the feature
recelve:s& from the input layer (vectors inR")

map, as shown in Figure. 1. Eac
and from other neurons in the Durmg% learning process, the network performs
clustering and the neurons ar ved in ttice to reflect cluster similarity through

distances in the map. Each entint \@1 map is associated with one real vector (inR")
that can be con5|dered ype of th terns in the cluster. For further details on SOM,
we referto [7, 8, 9] %

In the fault diagn of an round-testing bed, SOM projects multidimensional
ground-testing~ies Ndata |nto -dimensional map. A visualization of a SOM is used to
cluster grou he output map of the SOM is divided into several regions.
Each region Is represz by one fault mode. The fault mode of the testing data is

determined accordin region where the labels belong to [5].
The steps of fa osis using SOM are as follows:

(1) Training samiples for every fault mode are selected and normalized.

ture of the SOM is determined and trained using all training samples. Fault
are then labeled on their respective winning neurons. The output map is then
o0 several regions. Each region is represented by one fault mode.

esting data are mapped onto the trained SOM and their corresponding winning
neurons are labeled.

(4) The fault mode of the testing data is then determined according to the region where
their labels belong to.
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Figure 1. Architecture of SOM network

3. Principle of Fault Diagnosis witt PCA-SOM

PCA is a multivariable analysis method, which is also called matrix data analysis. Using
variable transformation, correlated variables are changed into new uncorrelate Mes
which are useful in data analysis. Thus, PCA is widely used in multi-dimengienal/analysis.
The general method of PCA is described in References 10 and 11. PCA i @i ely used
for lowering redundancy and for realizing reduction of data.t enhanc% iS efficiency.

The method also reduces the dimensionality of high-varia e W% iphal information

loss [12, 13].
The dimension reduction process of PCA not onles dat W t also reduces noise
influence. After this process, the SOM is trained. The'edtput mamt labels, which is called

the U-matrix, is divided into several regions, wi ch reg&@resenting one fault. Finally,

fault type is determined using variable Y- iX and loa or. A visualization of fault
status identification and fault variable ori iSi nted.
A schematic of PCA-SOM for fault dia{ IS S igure. 2
-
Fault s_am_ple p— N é-' 2
for trainning -3 =5 3 a
—> S 8>z 3¢ 5
- 22 |S§ =S
T . 2 2,
qure ematic of PCA-SOM for fault diagnosis

First, fault saniple$ are normalized. Training samples for every fault mode are selected and
normalized!

Secont@ng PCA, dimension is reduced and noise is eliminated. PCA is then applied to
thetr samples, and selects the first m PCs as the new input data by calculating the
on rate of each PC.

Third, using SOM, clustering follows. The structure of the SOM is determined and trained
using new training samples composed of the first m PCs. The labeled U-Matrix is then
generated by labeling the fault mode names on their respective winning neurons. The output
map is divided into several regions according to the labeled U-Matrix, with each region
represented by one fault mode. The testing data are then mapped onto the testing data on the
trained SOM. Corresponding winning neurons are labeled. The fault mode of the testing data
is determined according to the region where their labels belong to.

The steps of ::&@f)sis using PCA-SOM are as follows:
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Finally, the fault variable is removed. The fault variable is determined by analyzing
the relationship between fault and PC using a variable U-matrix and by calculating the
load factor of each variable to every PC.

4. Experiment and Results

To verify the proposed method, a comparison experiment for fault diagnosis
reliability and fault diagnosis efficiency of SOM and PCA-SOM is conducted. A
comparison experiment of PCA-SOM performance under a large sample and a small
sample is also done. Two types of ground-testing-bed-simulated fault data are used.
One type of fault data is generated by the mechanism model of the ground-testing bed.
The other type of data is generated according to an expert’s experience and the
statistical model of the fault mode. Meanwhile, one group of fault data from WE

ground-testing bed is used to test the PCA-SOM method. v
4.1. Experiment and results, with fault data generated by the mechanis @I
*
Researchers from the Beijing Institute of Aerospac}:‘%
d

have established the mechanism model for four fault S
-t\'n d liquid hydrogen

bed. The fault simulation architecture of the X>®) n
Qi@
. O Regula\‘ alve hydrogen

system is shown in Figure 3.
ercharging syste o o
@ NS ‘—-.),
‘\ Hyd oge'ﬁ)'—Lu_(ﬂ

\ _supercharging 2

main system &=
& -
\ ot By

- ‘ Hydrogen
LH2 { superchargin—

g assistant

; system
H@gen

emergency

| ‘ @ closing
T | ‘ W].VGJ .—1'}7‘,%—(v:———(~}—
| b ) "7 7 Control system of
Rock&,@e H2 pneumatic film
N l ... Regulating valve
T —— Pt ———

1,u‘ N2 =

%}ure 3. Fault simulation architecture of XX1 ground-testing bed liquid
hydrogen system

4.1.1. Fault diagnosis with PCA-SOM : According to the training and the testing
procedures of PCA-SOM described in Section 3, 100 groups of simulation data are used to
train PCA-SOM,; the other 50 groups are used for testing. Table 2 shows the contribution rate
of the principal components of the five fault types. For the five fault types, the cumulative
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contribution rate of the first two PCs are all greater than 0.95. Thus, the new training samples
are composed of the first two PCs.

Table 1. Fault simulation data of a liquid hydrogen system

Class Fault
Num Fault mode Groups label
1 Regulating valve opening abnormity of hydrogen-providing system 150 F1
2 Leakage of hydrogen emergency closing valve 150 F2
3 Hydrogen emergency closing valve opening abnormity 150 F3
4 Leakage of coupling flange before flow meter 1 on hydrogen-providing pipe 150 F4
5 Normal 150 Nor, ¢
Table 2. Contribution rate of principal component (.A
Fault tve Contributionrate o VA T4
P PC1 PC2 PC3 PC4 \\\ PC5 \< g PCL+PC2

F1 0.723 0.246 0.012 N 200 0.969

F2 0.940 0.021 0.018 00 0.961

F3 0.642 0.338 0.010 04, 0.980

F4 0.722 0.236 0.019 \Q 0.958

Figures 4 and 5 show the labeled U-ma p and t %It area map of the training
p of the SOM is divided into five

samples, respectively. Figure 5 illustrates
ure 6 shows the output map with

ou
regions, with each region representin pe o
labels of the testing samples. It indi at som mples are determined falsely as Nor.
Table 3 shows the detailed fau osis, r t of the testing samples with PCA-SOM,

which indicates that the |dent| n rat% ult modes is very high.

X\

F3

Figure 4. Labeled U-matrix map of training samples (PCA-SOM)

Copyright © 2014 SERSC 383



International Journal of Hybrid Information Technology

Vol.7, No.2 (2014)

F4

F3

F3

F4

F3

F3

F4

F3

F3

Nor

Nor

Nor

Nor

Nor

Nor

Nor

Nor

Nor

Nor

Nor

Nor

F1

Nor

F2

F1

F2

F2

F1

F2

H

Figure 5. Fault area map of training s@e
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Table 3@

O

diagnosis results of testing samples with PCA-SOM

with labels of the testing samples (PCA-SOM)

Testing dat}&

Fault diagnosis results

Identification ratio/%

F1 F2 F3 F4
F1 (50 geQlip 50 0 0 100%
F2450(grodips) 0 41 0 82%
roups) 0 0 50 0 100%
F groups) 0 0 0 50 100%
Nor (50 groups) 0 0 0 0 100%

4.1.2. Fault diagnosis with SOM: A detailed training and testing procedure of SOM is
described in Reference 5 and Section 2. Figure 7 represents the labeled U-matrix map of
training samples. Figure 8 shows the fault area map of training samples. Comparing Figures 5
and 8, the fault region determined by PCA-SOM and SOM is different. Figure 9 presents the

384
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output map with labels of the testing samples. It indicates that some F2 samples are
determined falsely as Nor and that some Nor samples are determined falsely as F2.

Fi Fi

Figure 7. Labele&@&hx ma s*(\mning samples (SOM)

v‘
\' F qct 3 F3

N ?
H 3 )

F4
OC O
F4 F2 F2
6\ F4 F4 F2 F2
Nor Nor F2 F2

Nor Nor Not Nor
@O Nor Nor Nor Nor
F1 F1 Nor Nor
F1 Fi F1 F2

Figure 8. Fault area map of training samples (SOM)
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Figure 9. Output map with labels of the @h\ssammev%)w

Table 4 shows a detailed fault diagnosis result testing \pfes with SOM, which
indicates that the identification ratio is lower th@t of the P%

Table 4. Fault diagnosis its)of test] mples with SOM

Testing data Identification ratio/%

F1 (50 groups) 50 100%
F2 (50 groups) 40 ¢ 0 10 80%
F3 (50 groups) 0 0 100%
F4 (50 groups) Q 50 0 100%

@0 (\ 0 42 84%

Nor (50 groups)

4.1.3. Compariso \I s of SOM and SOM: Table 5 shows the detailed results of
the comparls en P and SOM, including identification ratio and time
consumed. ult di reliability and fault diagnosis efficiency of PCA-SOM are
better than th f SO rough PCA, data dimensions of the input data are reduced, so
the training time of P is less than that of SOM. Meanwhile, noise in the input data is
eliminated, so the cation ratio of PCA-SOM is higher than that of SOM.

@Ie . Comparison results between PCA-SOM and SOM

O Identification ratio /%  Training time consumed (s)
PCA-SOM 96.4% 2.2

@O SOM 92.8% 18.1
4.2 Experiment and results, with fault data generated by statistical model

This part describes the comparison results between PCA-SOM performance under a large
sample and a small sample using fault data generated by statistical model. For the fault mode,
which has not established the mechanism model, the fault data can be generated according to
the fault mode analysis results and the statistical model. Figure 10 shows the fault data
generation software of the statistical model. Fifteen fault modes of the liquid oxygen system
are studied. Table 6 shows details of fault simulation data of the liquid oxygen system.
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# Fault data svnthesizing and management g‘
Stage: Testing - System: Oxygen Syst v Engine Model:  [xx1 -

Conditions: [Conditions 1~ Table name: Abnormal time: 20

Fault mode P: Fault P

Num Fault type Para... ‘ Parameter attributes | Parameter variation rule
ys_01  Filter partially jam fa
ys_02  Filter complete jam fa
ys_03  Oxygen reducing vah
ys_04  Filter partially jam fa
ys_05  Filter complete jam fa
ys_06  Oxygen emergency cl—
ys_07 Leakage of coupling f
ys_08  Leakage of coupling f
ys_09  Filter partially jam fat
ys_10  Filter complete jam fa
ws 11  Oxvaen discharae va ¥
< | >

|>

Parameter attributes Parameter variation rule

»
< |
 High Beyond the threshold multipliers 2 « Step Duration time: 0.2
2 © Slowlyvan,  Duration time: |4
0.1

@ Mot close to atmospheric pressure  Spike Duration time:

 Low Below the threshold multiplier:

¢ Close to atmospheric pressure

Help | [Fauit mode import| [Data management| [ save | \ vai“ \‘

isti%

Table 6. Fault simulation data of t quid owsystem

Figure 10. Fault synthesizing softwareQ‘

Class < -, Fault
Fault m(r!\ \‘O Groups label

Num

1 Filter partially blocked the ource 200 F1
2 Filter completely bloc d%t after %Nen source 200 F2
3 O g@ducmg V 200 F3
4 Filter p&blocked fal oxygen tank 200 F4
5 Filter Ietely blo above oxygen tank 200 F5
6 rgency malve opening abnormity 200 F6
7 Leakage ing flow meter 1 on oxygen-providing pipe 200 F7
8 0 oupllng ﬂmore flow meter 2 on oxygen-providing pipe 200 F8
9 Fil ifilly blocked fault on oxygen pipeline 200 F9
10 F b‘wpletely blocked fault on oxygen pipeline 200 F10
11 @xygen discharge valve closing abnormity 200 F11
12 Pressure measurement pipe blocked of oxygen 200 F12
13 %Pressure measurement pipe blocked of oxygen-reducing valve 200 F13
14 O Pressure measurement pipe blocked of oxygen tank 200 F14
@ Pressure measurement pipe blocked of oxygen pipeline 200 F15
Q’ Normal 200 Nor

A4

There are five parameters for every testing data, namely, pressure of oxygen-reducing
valve (Pejy), pressure of oxygen tank (Pxy), pressure of oxygen pipeline (PGy), pressure of
oxygen pump (Pohy), and flow of oxygen pipeline (Gy). A total of 200 groups of fault data
are generated by this model.

4.2.1. Fault diagnosis of PCA-SOM with large samples: For the large sample testing
process, 120 groups of data are used to train the PCA-SOM; the other 80 groups of data are
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used for testing. Figure 11 is the labeled U-matrix map of training samples. Figure 12 shows
the fault area map of the training samples. Figure 12 also indicates that the output map of the
SOM s divided into 17 regions, except for F14, which is divided into 2 regions, with each
region representing one type of fault. Figure 13 presents the output map with labels of the
testing samples using PCA-SOM. It indicates that some Nor samples are determined falsely
as F12. Tables 7 and 8 show a detailed fault diagnosis result of the testing samples for PCA-
SOM with large samples, which indicates that the identification ratio for all fault modes is
very high.

FIOF20F2 F2 E2F5 F5 F5 ElEG F6 F6 Fo
FILF2 F2 F% FS F5 F5 F5
4 F4 F5 F4

10 F10 F10 F10

0 F10 F10 F10 F10
A O

1

=

F1@ 13 £13 F12 F¢2 @
F11 F1 'I?FM F K b
F11 F17 F1IgE14 F14 | @ Q
Kr MNor N(?N .

F§ Fi c
Fg F8 %r Nor‘Nor%
Figure 11. Labeled Ugmatrix ma@ining samples (PCA-SOM with large
@ ples)

(2

Figure 12. Fault area map of training samples (PCA-SOM with large samples)
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Table 8. Fault recognition ratio of the testing samples (PCA-SOM with large

samples)

Testing  Correct  Identifying  Testing  Correct  Identifying  Testing  Correct Identifying

data Num ratio data Num ratio data Num ratio
F1(80) 80 100% F2(80) 80 100% F3(80) 80 100%
F4(80) 80 100% F5(80) 80 100% F6(80) 80 100%
F7(80) 80 100% F8(80) 80 100% F9(80) 80 100%
F10(80) 80 100% F11(80) 80 100% F12(80) 80 100%
F13(80) 80 100% F14(80) 80 100% F15(80) 80 100%
Nor(80) 71 88.75%

4.2.2. Fault diagnosis of PCA-SOM with small samples: For the small sample testing

process, 20 groups of data are used to train the PCA-SOM; the other 180 groups o e
used for testing. Figure 14 presents a labeled U-matrix map of training samples e 15
shows the fault area map of the training samples. Figure 15 also shows that t t map of

. Figure 16

the SOM is divided into 16 regions, with each region representifyg one ty,
indicates that

represents the output map with labels of the testing sampl
some Nor samples are determined falsely as F12 and Qme F11Wes are determined
falsely as F8, some F13 samples are determlned as F&W 12, and some F10
samples are determined falsely as F9. Tables 9 apd 10 show ileddfault diagnosis results of
the testing samples for PCA-SOM with smﬁles w dicate that all F11 samples
are determined falsely as F8. A total of 82 samples are determined falsely as
F9. The identification ratio of F13 dec % which 48 samples are determined
n

as F14, and one sample is determi tification ratio of Nor decreased to
68.33%, in which 26 samplesg& 1 samples are determined as F12, and 2
samples are determined as F10.

ine gél
Table 9. Fault dlagQ@res e testing samples (PCA-SOM with small
ﬁ samples)
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Table 10. Fault recognition ratio of the testing samples (PCA-SOM with small

samples)

Testing  Correct Identifying  Testing  Correct Identifying  Testing  Correct Identifying

data Num ratio data Num ratio data Num ratio
F1(180) 180 100% F2(180) 180 100% F3(180) 180 100%
F4(180) 180 100% F5(180) 180 100% F6(180) 180 100%
F7(180) 180 100% F8(180) 180 100% F9(180) 180 100%
F10(180) 31 17.22% F11(180) 0 0% F12(180) 180 100%
F13(180) 131 72.78% F14(180) 180 100% F15(180) 180 100%
Nor(180) 123 68.33%

F8 1

F14 F14 F13

F14 F14 F14 F12 F12

0

13 El

13 No

N,

Figure 15. Fault area map of the training samples (PCA-SOM with small
samples)
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\/‘
Figure. 16. Output map with labels of the tesi ple@MOM with small

samples)

Under large training samples, PCA—SOM@a Ve %ﬁ identification ratio. The
identification ratio decreases apparently \M@ rainin s§§p es decrease. Therefore, PCA-
SOM is suitable for the fault mode that c% uire J; @ning samples.

so%(Xl LPRE ground-testing bed

4.2. Experiment and results Q ault d
To verify the PCA-SOM method;, one \ real fault data of XX1 LPRE ground-testing
bed is used to test the per@ance. In’ﬁ' round-testing process, a filter partially blocked
u

fault above the oxygen<ank occurs, résulting in the supercharging pressure not being able to
fulfill the require \ e engh@s t down at about 70 seconds after firing. Curves of the
0

four abnorm:b’%ers ar(@

1874

in Figures 17 to 20.

1 636

T T T T T
-1 1 23 34 46 £ 70
Time (s)

Figure 17. Curve of parameter Pxy
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Figure 18. Curve of parameter PGy

v
¥

1.584 o

1323 4

1062 o

Pohy (Mpa)

08+

0539 o

0275

T

2278 T T T T T
-1 11 23 34 46 58 70
Time {s}

Figure 20. Curve of parameter Gy

@99 at approximately 14 seconds, the value of Pxy, Pohy, PGy, and Gy begins to
decrease slowly. Thus, data from the 14th second to the 26th second are extracted to diagnose
the fault type. The extracted data are normalized and processed by the PCA, and then inputted
to the trained SOM with large samples. Figure 21 is the output map with labels of this testing
data. The fault type diagnosed by PCA-SOM is F4, that is, filter partially blocked fault above
oxygen tank, which is the correct fault diagnosis result.
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S
.\O N\

Fault diagnosis of LPRE ground & be ‘@)n PCA and SOM is proposed.
Comparison results of PCA-SO% M using tfte Tault data generated by the mechanism
o)

5. Conclusions

model indicate that both fault.di sis retiabitity and fault diagnosis efficiency of PCA-
SOM are better than those of S
so the training time of PC M is Ies&%1 that of SOM. In addition, through PCA, noise in
the input data is elimi 0 the%r:l cation ratio of PCA-SOM is higher than that of

. Thr , data dimensions of input data are reduced,

SOM.

Comparison re%\} PCA-@U er large samples and small samples using the fault
data generat statistical model of fault mode indicate that PCA-SOM is suitable for
the fault mo t can
LPRE ground-testing
diagnosis of the det

training samples. Testing results of real fault data of XX1
rther verify that PCA-SOM is an efficient method in the
ic faults of an LPRE ground-testing bed.
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