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Abstract — Incomplete data samples have a serious impact on
the effectiveness of data mining. Aiming at the LRE historical
test samples, based on correlation analysis of condition parame-
ter, this paper introduced principle component analysis (PCA)
and proposed a complete analysis method based on PCA for in-
complete samples. At first, the covariance matrix of complete
data set was calculated; Then, according to corresponding eig-
envalues which were in descending, a principle matrix com-
posed of eigen- vectors of covariance matrix was made; Finally,
the vacant data was estimated based on the principle matrix and
the known data. Compared with traditional method validated
the method proposed in this paper has a better effect on com-
plete test samples. An application example shows that the
method suggested in this paper can update the value in use of
historical test data.
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It is significant demanding for perfect fault
mode knowledge to process Integrated System
Health Management (ISHM) on ground test of Lig-
uid Rocket Engine (LRE). There is no doubt that
the test samples saved after ground testing are im-
portant information source for acquisition of fault
knowledgem. But, incompletion is a common phe-
nomenon in historical test data mining and has a se-
rious impact on the effectiveness of data mining.
The incompletion of test samples is the vacancy of
part test data in the test samples, which is caused by
the reasons as follows'”’ :

1) Failure of transmission agent and recorder;

2) Some data being deleted because they are in-
consistent with others;

3) Some data being not recorded because they
can not be comprehended;

4) Not registering or data changing;

5) Some data being damaged in database.

The time-variant condition information of en-
gine and test bed in the process of ground test is
recorded in test sample, in which the test data of
condition parameters constitute a time sequence that
describes the variation of the parameters. There is
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on doubt that the vacancy of part data will make the
condition information incomplete and affect data
mining through lowering the start point of knowl-
edge discovery and the accuracy of knowledge™ .

The cost of ground test of LRE is so high that
the test can’t be conducted frequently and any test is
strictly forbidden. So, the historical test samples are
so precious that they can’t be abandoned in data
mining just because of the vacant. It is an important
preprocessing work to do complete analysis for in-
complete samples to estimate vacant data™ .

This paper completed analysis of incomplete test
samples by the statistical method. Based on the
study of vacant data estimating and correlation anal-
ysis of condition parameters, Primary Component
Analysis (PCA) was introduced and a complete anal-
ysis method for incomplete test samples was prop-
osed, in which vacant data was estimated based on
known data in test samples. The method in this pa-
per was validated by an application example.

1 Complete analysis by the statistical
method

Now, the complete analysis for incomplete sam-
ple is mainly done by three methods™® :

1) Handling vacant data with machine study-
ing;

2) Handling vacant data based on indiscernible
relation of Rough Set;

3) Estimating vacant data based on known data
in the samples by the statistical method.

For the statistical method doesn’ t need exact
mathematic model, the vacant data is estimated with
known data in the samples based on correlation anal-
ysis of condition parameters. The algorithms of
complete analysis by the statistical method are'>®

1) Average displacement: using the mean value
of known data to replace the vacant data;

2) Cold Deck conjecture: using the data saved
in the past studies to replace the vacant data;

3) Regression conjecture: estimating the vacant
data by analyzing the relation of parameters based
on regression analysis.
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The easiest and most common way to handle va-
cant data by statistical method was average displace-
ment, which was comprehensively used in business
and industrial production[“'5 L Average displacement
algorithm is first used to estimate vacant data. A
test sample recorded the condition of test-bed pro-
pellant filling system in a ground test is given in
Tab. 1, which consists of twenty continual sample
points of five key condition parameters in the stage
of steady test'''. Some data assumed is to be vacant
and made in bold type.

Tab.1 Test sample of test-bed in the stage of steady test

Parameter  pejp Pxr PGr Gr Pohr
Sample pom (MPa) (MPa) (MPa) (kg/s) (MPa)
1 1.7413 0.3181 0.306 1 3.2631 0.2829
2 1.7549 0.3232 0.3111 3.2741 0.287 3
3 1.7921 0.3172 0.3052 3.2519 0.2812
4 1.7573 0.3123 0.2999 3.2569 0.276 6
5 1.7436 0.3163 0.3039 3.2669 0.281 6
6 1.7537 0.3216 0.3093 3.2539 0.287 5
7 1.7914 0.316 7 0.304 1 3.2498 0.2815
8 1.7556 0.3121 0.2995 3.2736 0.2782
9 1.7458 0.3159 0.3033 3.2715 0.2826
10 1.7535 0.3206 0.307 8 3.2541 0.287 3
11 1.789 8 0.3162 0.3032 3.2571 0.280 6
12 1.7516 0.3123 0.2993 3.2599 0.278 3
13 1.7481 0.316 3 0.3034 3.2448 0.2828
14 1.7572 0.3198 0.3068 3.2571 0.2857
15 1.7841 0.3148 0.3017 3.2659 0.2812
16 1.7491 0.3128 0.2996 3.2064 8 0.278 7
17 1.750 7 0.316 7 0.3035 3.2655 0.282 4
18 1.7556 0.3191 0.3058 3.2519 0.284 1
19 1.7727 0.3153 0.3019 3.2477 0.280 6
20 1.7499 0.3136 0.3002 3.2676 0.278 4

Estimate the vacant data by the average dis-
placement algorithm and the estimated result is giv-
en in Tab.2.

Tab.2 Estimated result of average displacement algorithm

Parameter  pe;y Pxr PGr Gr Pohr
Sample poifi (MPa) (MPa) (MPa) (kg/s) (MPa)
1 1.7544 0.3181 0.306 1 3.2631 0.2829
3 1.7921 0.3172 0.3011 3.2519 0.2812
6 1.7537 0.316 8 0.3093 3.2539 0.2875
7 1.7914 0.3167 0.304 1 3.2483 0.2815
11 1.7898 0.3162 0.3032 3.2571 0.277 8
14 1.7572 0.3198 0.3068 3.2571 0.277 8
15 1.7544 0.3148 0.3017 3.2659 0.2812
17 1.7507 0.316 7 0.3035 3.248 3 0.282 4

The estimated accuracy is usually weighed by
the relative error between the estimated value and
real value. In this paper, the aggregate error of va-
cant data ¢ is used to weigh the accuracy of complete
analysis for the incomplete samples, ¢ is defined as

N
o= : (1)
i=1
where N is the number of vacant data, x; is the real
value, x; is the estimated value.
For the above example, the aggregate error of

X, — X

i

X

complete analysis by the average displacement algo-
rithm is 6 = 0.095 9.

With average displacement algorithm, the cen-
tral value of test signal amplitude oscillating is calcu-
lated and used as estimated value of vacant data. As
to the single parameter in the test sample, the esti-
mated values of all vacant data are the same, which
is not in disagreement with the practical situation.
In the process of estimating vacant data, only the
time sequence correlation of single parameter and
the correlation information among the parameters is
ignored, so the estimated result doesn’t reflect the
interdependence of all condition parameters and
can’t satisfy the need of the complete analysis.

2 Correlation analysis of condition
parameters

During ground test, the variant of the condition
parameters is not independent. In normal condition,
there is higher statistical correlation between the test
values of every parameter in different time, which is
determined by some basic laws (such as mass conser-
vation, energy conservation, etc)’ and shows the
range at which one parameter can change while the
other parameters are given values.

The statistical correlation of the parameters can
be described by correlation coefficient. As to two
parameters, x and y, the correlation coefficient is
defined as follows

~ covla,y)

e Db ()

Do(a =)y — )
- \11 : N (2
\/Z(If — 2Dy, — )’
i=1 i=1
where x and y are the mean values of parameters’
time series, N is the number of the sample points.
The range of the correlation coefficient is — 1~
1. If r>0, x and y are said to be positive correla-
tion; if r<0, x and y are said to be negative corre-
lation; and if » =0, x and y are said to be no corre-
lation. Obviously, the larger |r| is, the higher the
statistical correlation between the two parameters
is.

For Tab. 1, the result of correlation analysis is
given in Tab.3, which shows that there is statistical
correlation at a certain degree between each two
condition parameters of the propellant filling sys-
tem.

The correlation coefficient reflects the correla-
tion degree of some condition attributes of the sys-
tem fsom the view of statistics. From Eq. (2), it can
be seen that the correlation coefficient is in direct
proportion to covariance , so covariance is the main
carrier of the statistical correlation information™ .
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Primary Component Analysis (PCA) constructs a
lower dimensional space that intently reflects statis-
tical correlation information included in the higher
dimensional space through calculating covariance
matrix of multiple parameters, based on which, tie
regularities of data distribution are analyzed by
translating higher dimensional space into lower di-
mensional space with PCA, and vacant data is esti-
mated based on acquired information. Therefore, a
method for complete analysis ofr incomplete test
samples based on PCA was proposed in this paper.

Tab.3 Result of Correlation Analysis

Pejr Pxr PGr Gr Pohr
Pejr 1 —-0.0323 -0.0324 —-0.3741 —-0.1336
Pxr —-0.0323 1 0.9919 -0.1510 0.9625
PGr —-0.0324 0.9919 1 —0.1225 0.9432
Gr -0.3741 -0.1510 -0.1225 1 —0.1340

Pohr —0.1336 0.9625 0.9432 —-0.1340 1

3 Complete analysis based on PCA
3.1 Basic principle of PCA

In PCA, the data sample is written as an m X n
matrix X, «,, m is the number of the parameters
and n is the number of the sample points. Some in-
tegrated variables (the number of them is less than
m ) are constructed to intently reflect statistical cor-
relation information included in m parameters.
These integrated variables, named primary compo-
nents, are calculated with the covariance matrix of
X,.«, and they are mutually independent.

Suppose x; € R" is a test vector composed of n
sample points of the parameter i, X = [x,, x, ",
X,, ] is a test matrix composed of m parameters, the
linear transformation of X is

vy =Ilnxy iyttt 2, = L X,
v, = Ly,xy + Ly,xr + -+ 1,2, = L,X, (3)
the constraint condition is
Ll L =1,7i=1,2,",m. (4)

Suppose a variable y, need to estimate X,
which demands that y, contains enough information
of X. According to classical information theory, the
larger the covariance var(y,), the more the infor-
mation included in y,. So y, can be calculated by
finding L, under constraint condition (4) to make
var(y,) maximum, and y, is called the first primary
component. If the information included in y, can’t
sufficiently represent X, the second primary compo-
nent, y,, can be added, in which L, is not only de-
manded to satisfy Eq. (4) and make var(y,) maxi-
mum, but also needed to satisfy constraint condition

(5):
cov(y,y,) = 0. (5)

Similarly, p primary component of X can be

defined, where X is divided into two parts

X=X+X, (6)
where X is named primary component matrix of X
and X is named residual matrix of X.

Suppose R is the covariance matrix of X, and
PER™"™ is the unit eigen vector matrix of R. Ob-
viously P is orthogonal matrix, that is PP" = I,
PP ' =1, with which the theorem 1 is obtained.

Theorem 1: Make PE€ R"*? and PER™ " 7,
where the column vectors of P are the p eigen vec-
tors of P corresponding to the max p eigenvalues,
the column vectors of P are the remained m — p
eigen vectors of P, X can be divided as follows”’

X=X+X=TP" +TP", (7)
where TER"” and TER" " " are called primary
component score matrix and residual score matrix
respectively. PThe above-mentioned is the process of
modeling based on PCA, after which, condition pa-
rameter x can also be divided into two parts

r=x+x, (8)
where x = PP"x is the projection of x in primary
component space, x = PP"x is the projection of x in
residual space.

3.2 Estimating vacant data with PCA

Suppose e; = [ x1;, X5, "> X, ] is the test vector
of X at the sample point i, with Eq. (8), e; can be
divided into two parts: e;; = [ yii» 2 »""*» Y ) and
en=LYwinirs Vi 1", which satisfy

= e, 9)
e

Divide P into two matrixes T, and T, by line,

where T, € R**™ and T,ER™ "™, then

€ir | TI}AT
o= [y e

Theorem 2: With matrix A € C""", unitary
matrixes U = [ul,uz,"',um] and V:[Vl’v29'”’

(10)

v, ] are obtained, which make Eq. (11) rational " .
D
H _
U'AV = [O(HH)XJ m>n,

U'AV = [D 0, 0] m<n, (1)
where D = diaglo,,0,,",0,) and [ =minim,n!,
suppose m < n and [ = m, then Eq. (11) can be
written as

U'AV = D[1,.,,,0,.0oo s (12)
where [ is unit matrix.
Definition 1: The generalized inverse matrix of
AEC™ " is defined as

I Xm
A= VH{ }D 'U. (13)
O(n*m)Xm
Theorem 3: Suppose e;, is the vacant data of X
at the sample point i, e; is known, then e;; can be

estimated as
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ey = T\ Tsep, (14)
where T, is the generalized inverse matrix of T).

Proof: From Eq. (10), it can be seen that e;; =
T,P", and e;, = T, P"e,, so e, = (P") 'T, e, ; from
Eq. (14), it is obvious that e;; = T,P'e;, = T, P"
<}A:'T)71T2+ en=T,T; 5.

In the above study, the vacant data is supposed
to submit the whole distribution of the test samples
and is estimated with known data by calculating sta-
tistical characteristics of the test samples. When m
is small, all eigenvectors of covariance matrix of test
sample can be used to replace P with P.

Because of different dimensions of parameters,
when calculating primary component based covari-
ance matrix, the parameter with larger covariance
may be focused on Ref.[12]. To reduce the effect
of different dimensional parameters on statistical
characteristics analysis of test samples, matrix X
needs to be normalized by Eq. (15) before complete
analysis

X =[x-LU"]/D,"”, (15)
where U and D are mean vector and variance matrix
of X, respectively.

3.3 The algorithm of complete analysis based
on PCA

Input: test sample matrix Y with vacant data,

Output: complete test sample matrix Y.

Step 1: Extract complete test vectors from Y
with sample point to make complete matrix X ;

Step 2: Normalize matrix X with Eq. (15),
with the normalized matrix still signed as X;

Step 3: Calculate covariance matrix R and its
eigenvalues and eigen vectors;

Step 4: Array eigen vectors according to corre-
sponding eigenvalues in descending. If the number
of parameters is larger, take the front p eigen vec-
tors whose corresponding eigenvalue is larger and
make matrix P;

Step 5: For the sample point which has vacant
data, extract line vectors from P, according to the
serial number of parameters with vacant data in the
test sample to make matrix 7, and make matrix 7T,
with the residual line vectors;

Step 6: Calculate generalized inverse matrix of
T5;

Step 7: Estimate vacant data based on Eq. (14).
3.4 Certification for the algorithm

Compile the proposed algorithm with MATLAB
and estimate the vacant data in Tab.1. The estimat-
ed result is given in Tab.4 . The aggregate error of
complete analysis is & = 0.033 3.

From Tab.4, it can be seen that ,after complete
analysis, the complete time series of the parameters
reflect the whole distribution of test values, and are

in agreement with the practical situation. The ag-
gregate error of the proposed algorithm is less than
that of average displacement algorithm, so the com-
plete analysis method proposed in this paper is valid
and has a better effect on complete test samples.

Tab.4 Estimated result of the algorithm based on PCA proposedi
in this paper

Parameter Pejr Pxr PGr Gr Pohr
Sample poin (MPa) (MPa) (MPa) (kgfs) (MPa)

1 1.7497 0.3181 0.3061 3.263 1 0.2829
3 1.7921 0.3172 0.304 3 3.2519 0.2812
6 1.7537 0.3202 0.3093 3.2539 0.2875
7 1.7914 0.316 7 0.304 1 3.2501 0.2815
11 1.7898 0.3162 0.3032 3.2571 0.2795
14 1.7572 0.3198 0.3068 3.2571 0.2819
15 1.7793 0.3148 0.3017 3.2659 0.2812
17 1.7507 0.316 7 0.3035 3.2617 0.2824

4 Application

The tangential vibration of the oxidant tur-
bopump in TN618 ground test is given in Fig. 1,
where there are short lived breakages in the trans-
mission line of sensors near 91.5 s and 103.6 s, wh-
ich make two segments of data recorded ineffective,
as shown in imaginal line frame. Strictly speaking,in
data mining, the phenomenon can’t be deemed to
the fault of sensors, because there are no fault symp-
toms of sensors. It should be attributed to incomplete
test samples caused by failures of transmission agent
and recorder. Before data mining, complete analysis
is made by the proposed method.

uil

a/ms?
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-6000
0 50 100 150 200 250

t/s
Fig.1 Tangential vibration of the oxidant turbopump

In the ground test, the axial vibration and radi-
al vibration of the oxidant turbopump are collected
in synchronition with the tangential vibration,
where the sampling frequency f, =50 kHz. Set the
step as M =5 000, the correlation coefficients of the
tangential vibration with the axial vibration and the
radial vibration are given in Fig.2 and Fig. 3.

From Fig.2 and Fig. 3, it can be seen that in the
normal condition, there is statistical correlation at a
certain degree of the three orientation vibrations of
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the turbopump because of transmission and cou-
pling. In this paper, the data segments of the three
vibrations in 90 s—95 s are used to estimate the inef-
fective data segment near 91.5 s, and those in 102 s
~107 s are used to estimate the ineffective data seg-
ment near 103. 6 s. The tangential vibration after
complete analysis is shown in Fig.4.

0.2

0 50 100 150 200 250
t/s

Fig.2 Correlation coefficient of the tangential vibration
with the axial vibration

) 50 100 150 200 250
t/s

Fig.3 Correlation coefficient of the tangential vibration
with the radial vibration

a/ms?

50 100 150 200 250
t/s

Fig.4 Tangential vibration after complete analysis

As seen from Fig. 4, the estimated data submit
to the whole distribution regularities of the test sam-
ples, reflects the practical tangential vibration in-
formation of the oxidant turbopump near 91.5 s and
103. 6 s, reduces the effect of data ineffectiveness
caused by the breakages on the transmission line of
sensors, and improves the efficiency of data mining
and accuracy of knowledge discovery.

5 Conclusions

The proposed complete analysis method based
on PCA has many advantages (such as higher accu-
racy, less aggregate error, data submitting to the
whole distribution regularities of test samples, etc)
and is more effective than the traditional method
(such as average displacement algorithm). But it
needs to calculate covariance matrix of the test sam-
ples, and when there are lots of test data and more
vacant data. So it is a key problem to advance the
efficiency of calculation, which is very important
point in subsequent studies.
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