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a b s t r a c t

An improved principal component analysis (PCA) method is applied for sensor fault detection and
isolation (FDI) in a nuclear power plant (NPP) in this paper. Data pre-processing and false alarm reducing
methods are combined with general PCA method to improve the model performance in practice. In data
pre-processing, singular points and random fluctuations in the original data are eliminated with various
techniques respectively. In fault detecting, a statistics-based method is proposed to reduce the false
alarms of T2 and Q statistics. Finally, the effects of the proposed data pre-processing and false alarm
reducing techniques are evaluated with sensor measurements from a real NPP. They are proved to be
greatly beneficial to the improvement on the reliability and stability of PCA model. Meanwhile various
sensor faults are imposed to normal measurements to test the FDI ability of the PCA model. Simulation
results show that the proposed PCA model presents favorable performance on the FDI of sensors no
matter with major or small failures.
© 2018 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

When a fault occurs on a sensor, a corrective action should be
promptly initiated since the use of the incorrect information by the
controller could compromise the normal functioning of the process,
with potential fallbacks both on operation economy and safety of a
NPP. Meanwhile sensor maintenance is another challenge in prac-
tice, since almost 73% of cost is incurred by the operation and
maintenance (O&M) activities in a NPP [1]. Usually a fixed main-
tenance schedule is applied, however, the maintenance activities
may be unnecessary when no failures appear within a fixed
maintenance schedule, then periodic and excessive calibration ac-
tivities may result in sensor malfunctions instead. Thus, sensor FDI
is urgently necessary in a NPP, since not only can it provide con-
dition assessment for operating sensors, but also can contribute to
the condition-based maintenance (CBM) strategy in a NPP [2].

The traditional idea for sensor FDI is hardware redundancy,
usually three or more sensors are required to measure the same
parameter. In this way, not only is the equipment cost greatly
increased, but also the number of sensors to be monitored,

calibrated and maintained is significantly increased. Therefore,
software redundancy methods are proposed, including PCA [3e7],
non-linear partial least squares [8], Bayesian network [9], artificial
neural network [10e12] and support vector machine [13,14].

A comprehensive investigation on FDI techniques with rele-
vance to NPPs was detailed in a review paper by Ma et al. [15].
Andrew and Song proposed a sensor FDI method for industrial
combustion process which was based on clustering algorithms.
Current data points were compared with the clusters to identify
sensor faults [16]. Xu et al. adopted a neural network for sensor
validation in a power generation process [11]. An artificial neural
networkwas applied for sensor FDI in a distillation process by Perla,
and the time-delay effects in the distillation process were consid-
ered during training to get better performance [12]. Sensor FDI was
tackled within a comprehensive PCA model by means of local
fusion strategy. The fault detection was based on the sequential
probability ratio test [4]. Wang et al. applied PCA to implement
sensor FDI in centrifugal chiller systems. And estimations of faulty
sensors were also given to improve the operating performance of
chiller systems [5].

A study conducted by Hines et al. [17] concluded that the
simplicity of software redundancy techniques and the tractability
of their uncertainty calculations could favor them for acceptance by
regulatory bodies. Thus, PCA method is selected for sensor FDI in
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this paper according to its relative simplicity and individual strong
points. On basis of previous work on PCA method, one contribution
of this paper is that a data pre-processing framework is proposed to
deal with the abnormal points in the original data. Another
contribution is that a false alarm reducing method is combined
with PCA method to improve the model performance.

The paper is organized as follows: a PCA method with data pre-
processing and false alarm reducingmethods is proposed in section
1. Section 2 outlines the FDI procedures with PCAmethod. Section 3
and 4 details the data pre-processing and false alarm reducing
methods. The improved PCA method is tested with sensor mea-
surements from a real NPP in section 5. Conclusions are given in the
last section.

2. FDI methodology with PCA

PCA is a data-drivenmodeling technique that transforms a set of
correlated variables into a smaller set of new variables that are
uncorrelated and retains most information of original data [7].

In general, an original data matrix with n samples and m vari-
ables can be given as:

X0 ¼ ½x1; x2; :::xn�T ¼
2
4 x1;1 ::: x1;m

: ::: :
xn;1 ::: xn;m

3
5 (1)

X0 is scaled to a new data matrix Xwith zero mean and one unit
variance firstly to eliminate the influence caused by different
magnitudes of variables in X0. Then X is projected onto a new
ordinate system by the linear transformation:

T ¼ XP (2)

where T ¼ ½t1; t2; :::; tm� is the score matrix, in which vectors ti are
orthonormal, they are the linear combination of X which represent
how samples are related to each other. P ¼ ½p1; p2; :::;pm� is the
loading matrix which can be derived from the eigenvalue problem
given in Eq. (3):

C ¼ PLPT (3)

where C is the covariance matrix of X, Vectors pi are also ortho-
normal which indicate how variables are related to each other. Each
pi represents a dimension in the new ordinary system. And L ¼
diagðl1;l2; :::;lmÞ, li shows the variation in this dimension.

Then principal dimensions, namely principal components (PCs)
in the new space are determined according to the eigenvalues.
Different criteria can be used to select the number of PCs in a PCA
model [18]. Cumulative percent variance (CPV) is adopted in this
paper, since eigenvalues describe how much information each PC
contains. Then CPV represents the variation of the selected k PCs
accounts for all the variation in X:

CPV ¼

Pi¼k

i¼1
li

Pi¼m

i¼1
li

� 100% (4)

In this way, X is decomposed into the sum of a PC space (TkPk)
and a residual space (E). PC space contains the information of
system variation, and residual space mainly contains the informa-
tion of noise or model error, that is:

X ¼ TkPk þ E (5)

Where Pk ¼ ½p1;p2; :::;pk�, and Tk ¼ ½t1; t2; :::; tk�. Then the following

FDI are implemented in PC and residual spaces respectively.
There are two commonly used statistics to carry out the fault

detection task: Q statistics and Hotteling's T2 statistics, which are
defined to measure the variation in residual and PC spaces
respectively [7].

Q statistic is the squared prediction error between testing vector
and the model. It quantifies the distance a testing vector falls from
the PC model. For testing vector x, Q statistics is defined as:

Q ¼ x
�
I � PkPk

T
�
xT � Qa (6)

Meanwhile the Hotteling's T2 statistic measures the variation
within the PCA model. For testing vector x, T2 statistic is defined as:

T2 ¼ tiL
�1tTi ¼ xPkL

�1Pk
TxT � T2a (7)

Qa and T2a in Eqs. (6) and (7) are the confidence limits for Q and T2

statistics. The detailed calculation can refer to doctoral thesis by
Li [7].

After Q or T2 statistics exceed the confidence limits, abnormality
is detected. Then fault isolation is applied to locate the faulty
sensor. Since T2 and Q statistics represent the total variance in PC
and residual spaces respectively, then contributions of sensors to T2

and Q statistics are used together to isolate the faulty sensor more
accurately.

Supposed that testing vector x is with m sensors, then contri-
bution of sensor xi to the total variation in residual space is defined
as:

Qxi ¼
��xi�I � PPT

�����x�I � PPT
��� ¼ e2i

e21 þ e22 þ :::þ e2m
� 100% (8)

The sum of the contributions of allm sensors in residual space is
equal to Q statistic of x. A large contribution on xi usually means a
failure on sensor xi, thus faulty sensor can be located.

The contribution of sensor xi to the total variation in PC space is
calculated as follows.

(1) calculate the contribution to score vector tj:

CRj;xi ¼
tjpj;i
lj

xi ði ¼ 1;2; :::;mÞ (9)

where pj,i is the ith element of pj which is described in Eq. (2).

(2) calculate the contribution to T2 statistic:

T2xi ¼
Xk
j¼1

CRj;xi ¼
Xk
j¼1

 
tjpj;i
lj

xi

!
(10)

The sum of contributions of all m sensors in PC space is equal to
the T2 statistic of x. Similarly, a large contribution on xi also means a
faulty state on sensor xi.

The flow chart for sensor FDI with PCA method is illustrated in
Fig. 1. Especially, contents in the ellipses are involved techniques in
this paper. Contents in the red box are FDI process with general PCA
method. data pre-processing and false alarm reducing are the
proposed methods to improve the performance of general PCA
method in this paper which will be detailed explained in the
following sections.

3. Pre-processing methods for original data

Sensors usually work in high temperature, high pressure, high
radiation, high humidity or high corrosion environment in a NPP,
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singular points or noise-like fluctuations are inevitable in original
measurements. Thus, data pre-processing is very necessary for the
sensor measurements from a real operating environment.

Different from previous work, fluctuations in the original data
are further sorted into singular points and random fluctuations in
this paper, and they are dealt with different methods which are
shown in Fig. 2.

Contents in the red box are the pre-processing techniques that
will be explained in this section. A statistics-based 3 s criterion and
its improved form are proposed and compared to eliminate the
singular points in the original data. Meanwhile to reduce the
random fluctuations, sliding window average (SWA) and discrete
wavelet transform (DWT) are applied and compared respectively.

3.1. Singular points elimination

Singular points will seriously disrupt the statistical feature of
the original data, reduce the reliability of the PCA model, and even
result in the FDI failing [19]. Thus, a statistics-based method is
applied to eliminate the singular points which is characterized by
its simple structure, small calculating amount and fast speed. These
advantages make it well suitable for sensor FDI in a NPP, where
large of sensors are installed.

3.1.1. The criterion based on 3 s

Most of random errors in sensor measurements obey normal
distribution under normal operating condition, thus there is only a
small probability that the random error is greater than 3 standard
deviations of the measurements [20]. Supposed that x1,x2, …,xn is n
equal precision measurements for sensor x, and xi will be treated as
a singular point and eliminated from the original data if xi satisfies
the following formula:

jxi � xj>3s ði ¼ 1;2; :::;nÞ (11)

where x and s is the arithmetic average and standard deviation of
the n measurements respectively.

3.1.2. The improved criterion based on 3si
The criterion based on 3 s gives a fixed s, ignoring the local

changes of the measurements. Thus, another improved criterion is
proposed which takes local features of the measurements into
consideration and gives changing s values over time. The average
value for the differences before xi can be obtained:

dxi ¼

Pi
j¼2

dxj

i� 1
¼

Pi
j¼2

�
xj � xj�1

�

i� 1
(12)

Based on Eq. (12), the standard deviation at time i can be given
by:

si ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPi
j¼2

ðdxi � dxiÞ2

i� 1

vuuut
(13)

If the difference between xi and xi-1 is larger than 3si, then xi will
be regarded as a singular point:

jdxij>3si (14)

Compared with Eq. (11), singular points can be eliminated in a
more reasonable way which takes the local fluctuation features of
original data into consideration. To compare the effect of these two
methods for singular points elimination, the measurements of
feedwater flow sensor are selected as an example. The results are
demonstrated in Fig. 3.

The red dotted lines in Fig. 3 are the 3s and 3si values of the
measurements. It can be seen that the improved 3si criterion can
eliminate singular points with changing thresholds over time
which presents better performance.

3.2. Random fluctuations elimination

After singular points are eliminated, the next is to further reduce
random fluctuations (namely denoising) left in the measurements.
Medium filtering, arithmetic average filtering, weighted recursive
filtering, Fourier transform filtering and wavelet analysis are the
most used techniques in the literature [21]. Considering the di-
versity of the measurements in a NPP, SWA and DWT are applied
and compared in this paper, which cover both time and frequency
domains of the measurements.

Fig. 1. The flow chart for sensor FDI with PCA method.

Fig. 2. The flow chart for data pre-processing methods. Fig. 3. Singular points elimination with various criteria.
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3.2.1. SWA method
SWA method eliminates random fluctuations in the time

domain of measurements. Contiguous m measurements are
constantly taken out to calculate the arithmetic average along the
full length of the measurements. m is just the length of the sliding
window. The average value in the sliding window is regarded as the
estimated value at moment k, by which the measurements will
present a smoother changing trend. That is:

xk;est ¼ x ¼
Xk

i¼k�mþ1

xi (15)

3.2.2. DWT method
DWT method eliminates random fluctuations in time-frequency

domain of the measurements. Compared with traditional Fourier
transformwhich filters the noise components only in the frequency
domain of the original data, DWT method shows strong advantages
of its localization or concentrating properties which makes more
contribution to noise reducing [10]. In this paper, the study is focused
on the application of wavelet transform, more details and rigorous
mathematical deviation about DWT can refer to Tomassi [22].

In general, the denoising process with DWT can be described as
follows:
(1) decompose the original data into N levels of approximations

and detailed coefficients with wavelet transform;
(2) thresholding of coefficients;
(3) reconstruct data with approximations and detailed co-

efficients through inverse transform.

3.2.3. Test indexes
It is understandable that the denoising method (SWA or DWT)

will show different performancewhen different influence factors in
the method are selected. Therefore, four test indexes are defined in
this paper to determine the optimal influence factors for SWA and
DWTmethods, and compare the denoising effect between SWA and
DWT methods.

(1) MSE: the mean square error between original and denoised
measurements. It is defined as:

MSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

½xðiÞ � xdðiÞ�2

n

vuuut
(16)

where x(i) and xd(i) are the original and denoised measurements.
Obviously, a smaller MSE means a smaller error which is desired
during denoising.

(2) SNR: the signal-to-noise ratio. A traditional method to
measure the noise level in the measurements. It is defined
as:

SNR ¼ 10lg
�

px
pxd

	
¼ 10lg

0
BBBBBB@

"Pn
i¼1

xðiÞ2
#
=n

MSE2

1
CCCCCCA

(17)

where pxd and px are the power of noise and original

measurements. As we can see in Eq. (17), a larger SNR indicates a
smaller noise power which indicates better denoising performance.

(3) S: a smoothness metric. It is proposed as a further supple-
ment for MSE and SNR indexes. Since when DWT has little or
has no denoising effect, MSE and SNR indexes still show
perfect results, thus S is applied to deal with this issue [23]. It
is defined as:

S ¼ dvxd
dvx

¼

Pn�1

i¼1
½xdðiþ 1Þ � xdðiÞ�2

Pn�1

i¼1
½xðiþ 1Þ � x�ðiÞ2

(18)

Obviously, a smaller S means stronger denoising effect.

(4) R: the correlation coefficient between original and denoised
measurements.

R ¼

Pn
i¼1

h
ðxðiÞ � xÞ

�
xdðiÞ � xd

�i
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

ðx� xÞðiÞ2
s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1
�xdÞðxdðiÞ2

s (19)

From the definition, it can be seen that a higher R implies a
stronger relationship between original and denoised measure-
ments. That is, the denoising process retains more characteristics of
the original measurements.

Then the random fluctuation elimination process is described as
follows: (1) determine the optimal influence factors for SWA and
DWT methods to reach their optimal denoising performance
respectively with the proposed test indexes. (2) compare the
denoising performance between SWA and DWT methods with the
proposed test indexes.

The feedwater flow sensor is selected again to show the fore-
going procedures, then to decide which is the best denoising
method for feedwater flow sensor.

In SWA method, the main influence factor is the length of the
sliding window. A larger value will contribute to smoother trend
of the denoised data, whereas some useful disturbances will also
be covered up. In accordance with experience, 4e12 are selected
as the possible window lengths [24], and the test index values are
shown in Fig. 4. It can be seen that MSE becomes larger, and the
other three indexes become smaller with the increasing of the
window length. How to determine the optimal influence factor,
we should take practical purposes into consideration. For
example, if we prefer to retain more fluctuation characteristics of
the original data, window length with large SNR and R should be
selected, meanwhile reasonable small MSE and S are also should
be guaranteed to make sure denoising effective. In this way, the
optimal denoising effect for feedwater flow senor with SWA can
be obtained.

Different from SWA, there are several influence factors on the
denoising effect for DWT method, including the wavelet basis, the
decomposition level and the thresholding criteria. In this context,
when to determine the optimal value for one factor, all the other
factors should be given reasonable experience values.

For explanation, the procedures to determine the optimal
wavelet basis for feedwater flow sensor is taken as an example.
Based on the foregoing analysis, the decomposition level is set to be
five, and soft thresholding is applied. The simulation results are
demonstrated in Fig. 5. It can be seen that SNR and R present
maximum values with ‘sym2’, meanwhile the smallest MSE and a
relatively small S also can be acquired with ‘sym2’. Thus, ‘sym2’ is
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the optimal wavelet basis for feedwater flow sensor during
denoising.

After the optimal wavelet basis is determined, the next is to
determine the optimal decomposition level of ‘sym2’ in DWT
method. In this context, the proposed test indexes are used again. In
this way, all the other influence factors in DWT method can be
determined. Then the feedwater flow sensor can get optimal
denoising effect with DWT method.

After optimal denoising effects are obtained with SWA and DWT
methods respectively, the next is to compare the denoising effect.
The proposed four test indexes are used again to carry out this task.
The test indexes are calculated and summarized in Table 1. It can be
seen that DWTmethod presents higher R and SNR, lowerMSE and S
compared with SWA method. Based on the definition of these test
indexes, the conclusion can be drawn that DWT shows better
denoising effect, then DWT is finally selected as the denoising
method for feedwater flow sensor.

4. False alarm reducing for T2 and Q statistics

Since sensors in a NPP usually work in abominable environment
in practice, thus false alarms of T2 and Q statistics are inevitable in a
PCA model. Although data pre-processing methods could reduce
the false alarms to some extent, there are still residual false alarms
existing (which is shown in section 5). Thus, a statistics-based false
alarm reducing method is proposed to further reduce the false
alarms of T2 and Q statistic, which is shown in Fig. 6. Contents in the
red box are the detailed procedures for false alarm reducing in this
section.

Supposed that the false alarm probability for T2 and Q statistics
is a, which is usually between 0 and 0.05 according to the statistics

in process industries [25]. We further consider an observation unit
(or called length of observation window) with n testing samples. If
T2 and Q statistics of the n testing samples are independent with
each other, then T2 and Q statistics can be approximately regarded
as obeying Bernoulli distribution. And then the probability density
distribution can be expressed as:

Pða;nÞ ¼ Ci
na

ið1� aÞn�i
(20)

We consider another probability b, which determines the
maximum allowable number of alarms (s) in an observation unit.
That is:

Xs
i¼0

Pða;nÞ ¼
Xs
i¼0

Ci
na

ið1� aÞn�i
< b (21)

where b is also an experience value determined bymodel precision.
Usually it is set between 0.9 and 0.99 according to the statistics in
process industries [25]. If the number of alarms is within s, thenwe
can reckon that it is normal condition. That is, if T2 or Q statistics
exceed Qa or T2

a at current time j, then previous n samples ½xj�ðn�1Þ;
xj�ðn�2Þ; :::; xj� will be further analyzed, and if the number of alarms
for T2 or Q statistics is more than s, then xj will be regarded as a true
faulty state. Otherwise it will be treated as false alarm and ignored
directly. In this paper, n ¼ 8 is adopted as the length of observation
window according to numerous simulation tests. With various a

and b, the maximum allowable alarm number (namely s) in an
observation unit is summarized in Table 2. Then we can select a
proper s according to the actual situation.

In practice, the false alarm probability of T2 and Q statistics can
be obtained with original training data in a PCA model. Supposed
that they are calculated as a1 and a2 for T2 and Q statistics
respectively, then the false alarm probability for the PCAmodel can
be expressed as:

Fig. 4. Test indexes values with various window length.

Fig. 5. Test index values with various wavelet bases.

Table 1
Comparison of SWA and DWT methods on denoising performance.

MSE SNR S R

SWA(4) 0.4271 127.9086 0.2857 0.9260
DWT(sym2) 0.2280 140.4601 0.2343 0.9810

For all the other sensors in PCA model, the similar procedures are implemented
repetitively. Then all sensors can be given optimal denoising method, and best pre-
processed.

Fig. 6. The flow chart for false alarm reducing method.
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PðPCAÞ ¼ P
�
T2∪Q

�
¼

P
�
T2
�
þ PðQÞ � P

�
T2∩Q

� (22)

If false alarm probabilities of T2 and Q statistics are independent
in an observation unit, then Eq. (22) can be further written as:

PðPCAÞ ¼ P
�
T2∪Q

�
¼ a1 þ a2 � a1a2 (23)

Then a in Eq. (20) can be replaced by PðPCAÞ, which is more
reasonable and accords well with the actual situation.

4. Simulations and results

To test the functionality of PCA model as well as the effects of
data pre-processing and false alarm reducing methods proposed in
this paper, sensor measurements from a real NPP under normal
operating condition with full power are acquired to carry out the
simulation tests.

Since thousands of sensors are applied in a NPP, it is impossible
to put all the sensors into a single PCA model. Therefore, a
distributed FDI framework is proposed to deal with this problem.
Various sensors are grouped together to train different PCA models
and several PCA models run in parallel in the distributed frame-
work. Since PCA is a linear analysis method, naturally sensors with
stronger relationships are grouped together which should
contribute to better model performance in theory. To demonstrate
the simulation results on figures more conveniently, all sensors in
the database are numbered in Arabic numerals and arranged in
numerical order. Coolant outlet temperature sensor is exactly
marked NO.1 in the database.

Based on the foregoing analysis, if coolant outlet temperature
sensor is included in a PCAmodel, then linear relationship between
NO.1 and other sensors in the database are estimated. Correlation
coefficient exactly measures the linear relationship among various
sensors [19]. Then correlation coefficients between NO.1 and all
other sensors are calculated. Then another 11 sensors with top
correlation coefficients are picked out, and these 12 sensors are
applied to train the PCA model in this paper. The selected 12 sen-
sors in the database are numbered as: [140 39 33 2110 34 9 45 24 5
20] which are arranged from large to small order according to the
correlation coefficients.

4.1. Simulations with normal data

1000 samples are used to train the PCAmodel, and another 1000
samples are used as testing samples. If the original data are directly
used to develop the PCA model, then the simulation results are
shown in Fig. 7.

Red dotted lines in Fig. 7 are the confidence limits for T2 and Q
statistics. Evidently, the results are not satisfactory, since both Q
and T2 statistics are beyond the limits during the test, which are
representative of false alarms. Random noise and unknown factors
should be responsible for the false alarms to some extent. Thus,
data pre-processing methods are applied with the aim to reduce
false alarms and improve the accuracy and reliability of the PCA

model. After data pre-processing, the simulation results are illus-
trated in Fig. 8.

Obviously, false alarms of T2 and Q statistics are greatly reduced
compared with the results in Fig. 7. However, there are still some
false alarms existed in Q statistics during the test from Fig. 8. Hence
false alarm reducing method is further applied on basis of data pre-
processing. In this context, the simulation results are shown in
Fig. 9, in which the red ‘*’ represents the remaining false alarms
after the application of data pre-processing and false alarm
reducing methods. It can be seen that more false alarms are elim-
inated compared with the results in Fig. 8.

To directly compare and show the effect of data pre-processing
and false alarm reducing methods in Figs. 8 and 9, the false alarm
probability results are summarized in Table 3.

Only with pre-processing, the false alarm probability of T2 sta-
tistics has been reduced to zero. For Q statistics, it is reduced from
7.4% to 4.8%, and further reduced to lower 1.6% with the application
of false alarm reducing method. Based on the simulation analysis,
the conclusion can be drawn that data pre-processing for the
original data and false alarm reducing for T2 and Q statistics really
make contribution to the improvement of accuracy and reliability
of the condition monitoring process.

To show the contribution changing of sensors to T2 and Q sta-
tistics, 600th and 1000th testing points are randomly selected out
from the testing samples. In this context, the contributions of the 12
sensors to T2 and Q statistics at 600th and 1000th testing points are
shown in Fig. 10. It can be seen that no matter at 600th or 1000th

testing point, the contributions of the 12 sensors to T2 or Q statistics
are not equal. In fact, the simulation is carried out under normal
condition, and the unequal contributions seem to be in conflict
with the theoretical analysis in section 2. Thus it is not reliable to
infer a faulty sensor only depending on the results at a single
testing point. Therefore, two testing points are selected from the
1000 samples (namely the 600th and 1000th testing points) as a
contrast to determine the faulty sensor in the monitored 12
sensors.

4.2. Simulations with faulty data

To verify the FDI ability of the proposed PCA model, various
sensor failures are imposed to NO.1 sensor at 400th testing point,
including two drift and two bias faults. One drift simulates a
common problem that may result from aging. It is a ramp that
grows to additional 0.45 �C (0.15% change) on NO.1 sensor, which is
imperceptible in the time profile of the measurements. Another
drift represents a common issue that may result from mechanical
failures. It is also a ramp that grows to additional 3.2 �C on NO.1
sensor. And this drift is equivalent to 1.05% change, which is also
can be seen in the time profile. Two bias faults simulate two

Table 2
Calculated s with various a and b.

a ¼ 0.01 a ¼ 0.02 a ¼ 0.03 a ¼ 0.05

b ¼ 0.99 1 2 2 2
b ¼ 0.98 1 1 2 2
b ¼ 0.95 1 1 1 2

Fig. 7. T2 and Q statistics with original data.
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different degrees of sensor instant failures, which are equivalent to
0.1% and 0.8% change on the measurements of NO.1 sensor
respectively.

For the first small drift, the fault detection results are shown in
Fig. 11. The fault is imposed at 400th testing point, however it is
first detected by Q statistics at almost 650th testing point. Even
more, T2 statistics detect the fault after 950th testing point, which
is significantly later than 400th testing point. It is understandable,

since a drift could be detected unless it is developed into some
severe level.

After the fault is detected by PCA model at the last period of the
test, contributions of the 12 sensors to T2 and Q statistics are
calculated to identify the faulty sensor, and the results are shown in
Fig. 12.

The contributions of all sensors to T2 statistics have no obvious
differences between 600th and 1000th testing points from Fig. 12.
This can be explained in Fig. 11, since T2 statistics begin to exceed
the limit line until 950th testing point during the test. For Q sta-
tistics, the situation is completely not the same. The contribution of
NO.1 sensor to Q statistics is about 11% at 600th testing point, while
this value almost reaches 30% at 1000th testing point. That is, a
significant contribution increasing occurs on NO.1 sensor. In
contrast, contribution declines almost appear on all the other 11

Fig. 8. T2 and Q statistics with pre-processed data.

Fig. 9. T2 and Q statistics after false alarm reducing.

Table 3
False alarm probability of T2 and Q statistics under various situations.

original data data pre-processing false alarm reducing

T2 0.3% 0 0
Q 7.4% 4.8% 1.6%

Fig. 10. Contributions of sensors to T2 and Q statistics under normal operating
condition.

Fig. 11. T2 and Q statistics with a maximum 0.45 �C change on NO.1 sensor.

Fig. 12. Contributions of sensors to T2 and Q statistics with a maximum 0.45 �C change
on NO.1 sensor.

Fig. 13. T2 and Q statistics with a maximum 3.2 �C change on NO.1 sensor.
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sensors between 600th and 1000th testing points. Thus, the
conclusion can be drawn that unknown fault occurs on NO.1 sensor.

Therefore, it also can be concluded that it is entirely within the
capacity of the PCA model to detect and identify the drift sensor,
even if it is only a maximum 0.15% change for the sensor
measurements.

In contrast, the simulation results with a larger drift on NO.1
sensor are shown in Fig. 13. Compared with the results in Fig. 11,
both T2 and Q statistics can detect the fault more quickly after it is
imposed. It is easy to understand that PCA model is certainly more
sensitive to a major failure appeared in testing samples. Meanwhile
the contributions of 12 sensors to T2 and Q statistics in this case are
shown in Fig. 14.

Similarly, the contribution increasing of NO.1 sensor either to T2

or Q statistics is more significant compared with the results in
Fig. 12. From Fig. 14, the contribution of NO.1 sensor to T2 and Q
statistics reach about 10% and 40% at 600th testing point respec-
tively, and the value is almost up to 30% and 50% at 1000th testing
point. In general, all the evidences indicate that something is wrong
on NO.1 sensor.

For two bias faults, the simulation results are illustrated in
Figs. 15 and 16 respectively.

From Fig. 15, it can be seen that T2 statistics cannot detect this
small bias fault after it is imposed at 400th testing point. However, Q
statistics can quickly detect the abnormal behavior after it is
imposed. Thus, the proposed PCAmodel is capable of detecting this
kind of fault. Meanwhile, combining the simulation results with a
small drift which are described in Fig. 11, it can be concluded that Q
statistics are more sensitive to a small fault appeared on NO.1
sensor compared with T2 statistics.

Compared with the simulation results in Fig. 15, the larger bias
can be detectedmore quickly nomatter by T2 orQ statistics which is
shown in Fig. 16. That is to say, the PCAmodel is more sensitive to a

major fault occurred on the testing samples which accords well
with the theories.

5. Conclusions and perspectives

In this paper, PCA method is applied for sensor FDI in a NPP.
Meanwhile, data pre-processing and false alarm reducing methods
are combined with general PCA method to improve the model
performance. In data pre-processing, fluctuations in the original
data are separated into singular points and random fluctuations
respectively, and they are eliminated with various methods to get
better denoising performance. On basis of data pre-processing, a
statistics-based false alarm reducing method is applied to further
improve the accuracy and reliability of the PCA model.

Finally, sensor measurements from a real NPP are used to carry
out simulation tests in order to guarantee the reliability of the
analysis results. Data pre-processing and false alarm reducing
methods are quantitatively evaluated and proved to be greatly
effective on the false alarm reducing of T2 and Q statistics, which is
also equivalent to the significant improvement of model perfor-
mance. Simulations with various faults on NO.1 sensor also indicate
that the proposed improved PCA model is capable of detecting and
isolating the sensors no matter with small or major failures.
Meanwhile Q statistics are proved to be more sensitive compared
with T2 statistics according to simulation results with small drift
and bias faults on NO.1 sensor. And in addition to Q statistics, we
can also identify the small faults with the contributions of sensors
to T2 and Q statistics.

Although these valuable achievements have been attained in
this paper, there is still some further work. How to best reconstruct
the faulty sensor after it is located will be studied in the future. In
this way, a complete sensor conditionmonitoring system, including
detecting, isolating and reconstructing can be established.
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