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a b s t r a c t

To maintain safety and reliability of reactors, redundant sensors are usually used to measure critical
variables and estimate their averaged time-dependency. Nonhealthy sensors can badly influence the
estimation result of the process variable. Since online condition monitoring was introduced, the online
cross-calibration method has been widely used to detect any anomaly of sensor readings among the
redundant group. The cross-calibration method has four main averaging techniques: simple averaging,
band averaging, weighted averaging, and parity space averaging (PSA). PSA is used to weigh redundant
signals based on their error bounds and their band consistency. Using the consistency weighting factor
(C), PSA assigns more weight to consistent signals that have shared bands, based on how many bands
they share, and gives inconsistent signals of very low weight. In this article, three approaches are
introduced for improving the PSA technique: the first is to add another consistency factor, so called trend
consistency ðTCÞ, to include a consideration of the preserving of any characteristic edge that reflects the
behavior of equipment/component measured by the process parameter; the second approach proposes
replacing the error bound/accuracy based weighting factor ðWaÞ with a weighting factor based on the
Euclidean distance ðWdÞ; and the third approach proposes applying Wd; TC; and C; all together. Cold
neutron source data sets of four redundant hydrogen pressure transmitters from a research reactor were
used to perform the validation and verification. Results showed that the second and third modified
approaches lead to reasonable improvement of the PSA technique. All approaches implemented in this
study were similar in that they have the capability to (1) identify and isolate a drifted sensor that should
undergo calibration, (2) identify a faulty sensor/s due to long and continuous missing data range, and (3)
identify a healthy sensor.
© 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

Redundant sensors are generally used in nuclear reactors to
measure safety-related parameters for monitoring plant conditions
during operation, start-up, and shutdown. Redundant sensors such
as resistance temperature detectors, thermocouples, pressure
transmitters, etc., are usually installed in reactors to check critical
variables, and to assure reliablemonitoring and control of the plant,
their signals undergo adequate processing to estimate the averaged
time-dependent signal [1]. These sensors are subject to long-term
exposure to heat, humidity, vibration, and other effects that can
cause damage to sensor bonding, response time, or measurement
accuracy [2]. The degradation of these sensors is a major concern as

they can give inaccurate records, especially in nuclear reactors
where safety, reliability, productivity, and maintenance cost are
major concerns.

To ensure safe and reliable operation, calibration of safety-
related parameter sensors in nuclear reactors is performed regu-
larly, for instance, once every fuel cycle. These calibration activities
consume significant resources and time to isolate the instruments,
calibrate them, and then return them to service. However, high-
quality sensorsmaintain accuratemeasurements formore than 1 or
2 years and, therefore, calibrating them may mean wasting money
[3,4]. Hence, using performance-based calibration rather than
time-based calibrationwas introduced, leading to the development
of on-line drift monitoring and cross-calibration (CC) techniques
[2].

In online CC, redundant sensors' outputs are monitored during
operation and then averaged to identify any deviation of the sensor
signal from the estimated average. If the sensor signal is drifting
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outside the acceptable limits [5e7], the sensor either undergoes
calibration, if possible, or must be isolated and replaced if it is no
longer operable. CC is applicable to all types of process redundant
sensors; it provides a better approach for pressure, level, and flow
transmitters [2].

The CC method has four main averaging techniques: straight
averaging, band averaging, weighted averaging (WA), and parity
space averaging (PSA) [8].

Straight averaging is a simple averaging technique that does not
consider weights for signal points; it simply calculates the sum of
redundant signals and then compares each sensor signal to the
average obtained. Band averaging is an averaging technique that
involves applying an outlier band prior to the averaging process to
eliminate the influence of outliers on the estimated average [3]. WA
and PSA are averaging techniques based on weighting factors that
can be calculated by including, distance-based weighting, as in the
WA, or error bounds and band consistencyebased weighting, as in
PSA. Then, each weighting value is multiplied by its corresponding
estimated sensor reading, aggregated with the others, and then
used to generate an adequate estimated average [3,7e11].

PSA determines the consistency between redundant signals
based on signals' error bounds; redundant measurement values are
combined with the measurement error band; consistent signals
that share bands are given consistency weights of 2, 3, 4, etc.; and
inconsistent signals that have no shared band with any other signal
points are given a consistency weight of 1 [3,5,9,11].

To improve calculations of the PSA, some factors such as char-
acteristic edges and distance between signal points need to be
considered. Edges in signal processing may indicate a transition
between states or the occurrence of interesting/abnormal events
[12] that may be signs of equipment failure. Therefore, these edges
should be preserved in the calculation of the estimated average. To
deal with this problem, the consistency of the signals, based on
dynamic trends, can be considered. On the other hand, a distance-
based weighting factor would be better to make the model totally
data-driven model.

To compare the modified PSA approaches with the PSA
approach applied by Electric Power Research Institute (EPRI) in the
Instrument Calibration and Monitoring Program (ICMP) report,
hydrogen pressure data sets from the cold neutron source (CNS) of
a research reactor were used in the verification and validation [5].

2. Materials and methods

To make a justified comparison between the PSA approach
implemented in the ICMP and the modified PSA approaches pro-
posed in this article, the same data sets were used for all ap-
proaches, all signals were subject to the same preprocessing
technique, and the same statistical implementation was used for
defining the threshold and the uncertainty intervals. The data sets
were collected from the CNS of a research reactor and qualified
using the cross moving median (CMM) filter [13] to attenuate noise
and outliers, as well as to recover the missing data needed to
generate an estimate signal for each sensor. The reduction of noise
and outlier effects is not only important for smoothing the signals
but also to minimize the uncertainty estimate, which can exceed
the drift allowance even when no drift is present [14].

Now, let us assume that we have a group of redundant signals
from 1 to m (where m is the number of redundant signals, m � 3);
they have been cleaned and estimated as S1; S2; S3;/Sm; and their
weighting factors have to be determined and calculated for each
specific signal (k) for a sample that has a time period from 1 to n.
The ICMP PSA approach and three modified PSA approaches and
their related statistical limits are explained in the following
subsections.

2.1. Parity space averaging

A parity space approach defines the consistency relationship
between pairs of measurements in the space; the distinct pairs of
measurements with their measurement errors can be found in the
consistency regions where intersections occur [11].

In the ICMP report [5], the PSAmethodwas applied by obtaining
two weighting factors: the accuracy weighting factor, which is
named Wa in this study and is obtained by calculating the weights
based on the signal accuracy (B) and the band consistency
weighting factor C, obtained by determining how many signals are
sharing their bands with others (see Fig. 1).

Wa is a weight that considers the instrument accuracy; this
weight can allow the giving of greater weight to more accurate and
narrow-range instruments than to wide-range instruments. In the
ICMP report, Wa was calculated as in Equation (1) using the sensor
accuracy [5]. However, in this study, the accuracies of redundant
sensors under processing were unknown, and as the accuracy of an
instrument is sometimes equal to its signal error bound, it was
decided to use the confidence interval (CI), which represents the
estimated signal error, instead. CI is a quantified limit of uncertainty
degree around the measurement of parameter of interest; this limit
adds a margin of error to the parameter [15].

Wa
k ¼ 1

B2k
(1)

where Wa
k is the weight of signal. ðSkÞ

Bk is the accuracy/error bound of the signal in Equation (3) and
can be interpreted from the definition of 95% CI [16] in Equation (2),
as follows:

95%CIk ¼ meanðSkÞ±1:96
�
sSk
� ffiffiffi

n
p
�

(2)

Bk ¼ 1:96
�
sSk
� ffiffiffi

n
p
�

(3)

s is the standard deviation of the signal. ðSkÞ, n is the sample length,
k ¼ 1, 2, 3, … m, and m is the number of redundant signals.

To determine the relationship between pairs of signals and their
error bounds, as in the ICMP report [5], the condition of consistency
check was applied to identify the consistency between any two
signals from the redundant group based on the relation between
them and between their error bounds; where the difference

Fig. 1. Parity space averaging technique as implemented in the ICMP.
ICMP, Instrument Calibration and Monitoring Program.
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between two signals should be either less than or equal to the
summation of their error bands in Equation (4), these two signals
are sharing their error bands; thus, they are consistent, as illus-
trated in the relationship below:

Xm

k¼1; ksz
SzðiÞ � SkðiÞ �

Xm

k¼1; ksz
BzðiÞ þ BkðiÞ (4)

where i ¼ 1, 2, 3, … n, z is the number of signals under processing;
z2m.

Determining the consistency relation between two signals, as
was explained at the beginning of this section, is an essential part of
the PSA approach. The weighting factor C, which yielded natural
numbers in Equation (5), is a consistency measure that specifies
howmany bands each signal shares; it can be illustrated as follows:

CkðiÞ ¼

8>>>>>><
>>>>>>:

1; if no shared bands
2; if 2 signals shared a band
3; if 3 signals shared bands
:
:
m; if m signal shared bands

(5)

If any of the redundant signal error bands are not sharing any
other signal bands (inconsistent), the consistency weighting factor
will be given the lowest weight of 1. And, in other cases, it will be
given a weight of 2 when two signals share error bands, 3 when
three signals share error bands, and so on. Thus, the estimated
average of redundant signals as in the ICMP report was calculated
using Equation (6):

ŜðiÞ ¼
Pm

k¼1W
a
k ðiÞ � CkðiÞ � SkðiÞPm

k¼1W
a
k ðiÞ � CkðiÞ

(6)

2.2. Modifying approaches

Three approaches were mainly applied to improve the PSA
technique:

A. First approach: Since preserving signal edges is important to
maintain the characteristic behavior of the process parameter
that can reflect equipment/component faults, it was proposed to
add a weight that could consider the consistency of trend
behavior in the calculation of the estimated average.

Edges in signal processing may indicate a transition between
states or the occurrence of interesting/abnormal events [12] that
can happen to equipment/component that is measured by the
process parameter. To preserve the characteristic edges in the
calculation of the estimated average of redundant signals, a
weighting factor based on trend consistency (TC) was proposed to
calculate the parity space average.

For instance, as in Fig. 2A, signals#1, 2, 3, and 4 artificially
simulate behaviors of redundant sensor signals of particular
process parameters. S1, S2, and S4 have similar trends but do not
share their bands, while S2 and S3 share their bands but show
different trend behaviors during certain periods of time. If the
typical PSA technique was applied, it would give more weight to
S2 and S3 because they have shared bands; the result of the
estimated average would be similar to that shown in Fig. 2B. Thus,
after generating the estimated average and identifying the faulty
sensors (if any), it should be guaranteed that the estimated
average is a reliable signal of the process parameter and can
confidently represent the process parameter behavior and un-
dergo any further processing to check the equipment/component
condition during operation; however, as in Fig. 2B, no critical
behavior is shown, and the equipment/component regarding its
estimated average would be considered healthy if further pro-
cessing was applied. On the other hand, involving a weighting
factor that can consider the similarity of trend behavior would
show a result, somehow, similar to that shown in Fig. 2C; thus,
after isolating the faulty sensor, the estimated average that shows
critical behavior near the threshold would have to undergo
further investigation to decide whether it is a real equipment
fault or not.

For this reason, it was proposed to add a weighting factor called
TC that has the advantage of preserving any characteristic edges
associated with redundant signals of the process parameter under
study.

Dynamically, the TC factor can be determined using the edge
localization calculation approach in the edge detection method
[12]. To apply this approach, the numerical central difference can be
calculated as in Equation (7) to dynamically identify the edges
associated with the redundant measurements as follows:

d2Sk
dt2

ðiÞ ¼ Skðiþ 1Þ þ Skði� 1Þ � ð2� SkðiÞÞ (7)

where i here started from i ¼ 2…, n � 1.

Fig. 2. Special case of artificial redundant signals' behavior of a particular process parameter; (A) raw signals, (B) signals' average using conventional PSA, (C) signals' average
considering TC.
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The localization of edges will yield the local/global minima as a
negative value surrounded by positive values, and the local/global
maxima as a positive value surrounded by negative values. Then, if
redundant signals show local/global maxims at the same time or
local/global minima at the same time, that means the trend
behavior is the same and the signal should be weighted more than
signals that do not have similar behavior. Thus, similar to the
weighting factor C, TC is given the natural numbers addressed in
Equation (8), and signals that have similar dynamic trends will be
given weight regarding how many of them show TC, as follows:

TCkðiÞ ¼

8>>>>>><
>>>>>>:

1; if no trend similarity
2; if 2 signals has same trend
3; if 3 signals has same trend
:
:
m; if m signals has same trend

(8)

If all signal behaviors show either a positive trend, negative
trend, or no change trend at the same time, TC will be at its
maximum number (m). If only some signals show similar trend
behavior, the TC weight will be determined based on the number of
signals showing the same trend; if three have positive trends, TC
will be equal to 3, and so on.

Adding the TC weighting factor, Equation (6) can be upgraded to
Equation (9), as follows:

ŜðiÞ ¼
Pm

k¼1W
a
k ðiÞ � CkðiÞ � TCkðiÞ � SkðiÞPm

k¼1w
a
kðiÞ � CkðiÞ � TCkðiÞ

(9)

B. Second Approach: The second approach proposes replacing the
weighting factor based on error/accuracy ðWaÞwith aweighting
factor based on Euclidian distance ðWdÞ; and keeping the band
consistency factor (C) as it is.

When sensor accuracy is unavailable, calculating the weighting
factor based on distance can be a suitable approach: the distance-
based weighting factor ðWdÞ; for redundant signals describes the
agreement of measurements between redundant sensors; in the
Euclidian space, the distance of each signal point from similar
points of other signals that present at the same time should be
considered in weighting. The signal point that has the largest dis-
tance seems far from others and must be either an outlier or a part
of faulty behavior; for this reason, it should be isolated by giving it
the lowest weight, while the signal point that has the closest dis-
tance to other signal points seems more reliable and should be
given the highest weight. Wd can be calculated using the Euclidian
distance measure [17], which can calculate the distance of each
signal point with respect to the other signal points at the same
time. Then, using the set complement method, the distance can be
converted into weight [18], as was proposed by Kassim and Heo
[10]; the calculation steps are shown in Equations (10)e(13),
respectively:

dzðiÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm

k¼1; ksz
ðSzðiÞ � SkðiÞÞ2

r
(10)

dzðiÞ ¼
�Xm

k¼1
dkðiÞ

�
� dzðiÞ (11)

dsumðiÞ ¼
Xm

k¼1
dkðiÞ (12)

Wd
k ðiÞ ¼ dzðiÞ

.
dsumðiÞ (13)

where dz is the Euclidian distance of a sensor signal with respect to
all other sensor signals, dz is the set complement of dz, z is any
signal of the redundant group, and dsum is the summation of dz of all
redundant signals.

Therefore, after implementing Wd instead of Wa, the estimated
average can be calculated as in Equation (14):

ŜðiÞ ¼
Pm

k¼1W
d
k ðiÞ � CkðiÞ � SkðiÞPm

k¼1w
d
kðiÞ � CkðiÞ

(14)

C. Third Approach: Finally, what if the TC and the band consis-
tency (C) are used together along with the Euclidian distance-
based weighting factor (Wd)?

In this approach, it was assumed that the consistency weighting
factor (C) has importance equal to that of the TC factor and the
distance-based weighting factor Wd Thus, the estimated average
equation will be written as Equation (15):

ŜðiÞ ¼
Pm

k¼1w
d
kðiÞ � CkðiÞ � TCkðiÞ � SkðiÞPm

k¼1w
d
kðiÞ � CkðiÞ � TCkðiÞ

(15)

2.3. Decision limits

When generating an estimated average in this study, it is
important to explain the limits and the index that the operator and
maintenance staff will use to decide whether the sensor is in
healthy condition.

2.3.1. Deviation limits
The maximum acceptable value of deviation (MAVD) and

allowable deviation value for on-line monitoring (ADVOLM) are
conservative limits that are used to identify any drift problem.
These limits should be specified by licensee and supported by a
technical basis [14,19e21].

Fig. 3 illustrates the deviation limits used to make a decision
related to sensor calibration, where any deviating sensor located in
the ADVOLM is considered inoperable and should be replaced,
while any sensor located in the MAVD should be scheduled for
calibration [14,19e21].

Although sensor signals located inside the operating range of
their error bands are considered acceptable, it was not possible to
obtain all uncertainty components of the ADVOLM and the MAVD
for this study; thus, two statistical limits were used to check the
health of any sensor among the redundant group: the prediction
interval (PI) and the ±3s band.

2.3.1.1. Prediction interval. Dealing with redundant signals and
considering the summation of their remaining noise, the PI seems
suitable for used in determining the uncertainty band of the esti-
mated average. The averaging will add up the remaining noise of
the redundant signals; in addition, TC weighting factor effects
would give more weight to the noise. These facts would lead to an
increase of the standard deviation of the noise, which must be now
considered. Therefore, applying PI, which includes the model pre-
diction's variance, the model bias error, and the noise variance
[15,16,20,22,23], seems to be the right choice. The 95% PI is given in
Equation (16):

M. Kassim, G. Heo / Nuclear Engineering and Technology 50 (2018) 589e598592



95%PIðiÞ ¼ ŜðiÞ±1:96

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
MSE þ

 
sbSffiffiffiffiffiffi
nbS

q
!2

vuuut (16)

where Ŝ is the estimated average of redundant sensors, s
S
_ is the

standard deviation of the estimated average sample, and n
S
_ is the

sample population of the estimated average.
MSE is the mean square error, which is a risk function; OLM

represents the empirical model's prediction uncertainty, including
the variance and the bias errors [23,24], and can be calculated by
Equations (17 and 18):

MSE ¼
�
1
=n

�
�
X�

SavgðiÞ � ŜðiÞ	2 (17)

where

SavgðiÞ ¼
Xm

k¼1
SkðiÞ (18)

2.3.1.2. The ±3s band. As in the Z-score method [25], using the
standard deviation ðsÞ; a statistical band can be set to identify any
faulty data with respect to the entire signal range. In the normal
distribution model, about 99.8% of the data are located
between þ3s and -3s. Therefore, the ±3s band used in this study
was mainly chosen for two purposes: first to check the existence of
sensor signals inside it and to verify the capability of the new ap-
proaches with respect to the ICMP approach. The limits of the 3s
band can be calculated using Equations (19) and (20):

MaxŜ ¼ ŜðiÞ þ
�
3� s

S
_

�
(19)

MinŜ ¼ ŜðiÞ �
�
3� s

S
_

�
(20)

To determine the sensor health, the 3s band can be considered
as a statistical limit if most of its observations were located inside.
And, since the 3s band represents ±99.8% of the data, it can also be
an evaluation standard to check the location of the 95% PI.

2.3.2. Drift index
As this algorithm can be implemented on-line, a metric decision

parameter, which can convert and update the status of sensor
signal behavior with respect to the estimated average uncertainty
and limits, can be used to obtain an automated quantified decision.

The drift index (DI), as in Equation (21), can show the numerical
percentage of signal points present inside the uncertainty band of
interest with respect to the total number of signal sample points If
the existing signal points inside the band are equal to or greater
than X (where X is a predetermined percentage value that can be
set by operator or maintenance staff), the signal will be considered
healthy; otherwise, the sensor should undergo calibration.

DI Sk ¼
 
#ðSkðiÞ2½U�Þ�

nsk
	 � 100

!
(21)

where U is the uncertainty limits of interest, which can here be
either ±3s or PI.

If the DI shows more than a predetermined percentage, the
sensor will be considered healthy; otherwise, it should undergo
calibration procedures during the upcoming outage.

Each sensor signal should be preprocessed, filtered from noise,
outliers, and missing data, and then estimated to qualify for imple-
mentation in one of the proposed approaches. It should be noted that
one of these approaches can only be implemented to generate an
estimated average of redundant signals; however, to explain all three
approaches in one flowchart, it was determined to implement them
in parallel. As shown in Fig. 4, weighting factors that needed to be
used in the tree approaches should be determined; to do that, some
calculation procedures are needed. Calculating the error bounds (B)
was done using the CI in Equation (3); and then B was used to
calculate the accuracy-based weighting factor ðWaÞ; as explained in
Equation (1), and the same error bounds were used to calculate the
relation between each pair of signals and their error bounds (Equa-
tion (4)), as in the consistency check relation to determine the con-
sistency factor C (Equation (5)). Inparallel, using Equations (10)e(13),
the weighting factor based on Euclidian distance was calculated by
calculating the Euclidian distance of each signal point to the other
signal points present at the same time; the TC factorwas determined
by calculating the localization of edges (the second derivatives) using
Equations (7) and (8). These weighting factors were then used to
implement the three modified PSA approaches, either the First MPS
(Equation (9)), Second MPS (Equation (14)), or Third MPS (Equation
(15)), to obtain an estimated average of redundantmeasurements. To
build theuncertaintymargin for the estimated average, the PI and the
±3s band,whichwere calculated using Equations (16), (19), and (20),
were applied to the estimated average.

And, finally, to check the healthy condition of each sensor, each
sensor observation was separately compared with the estimated

Fig. 3. Deviation limits for sensor calibration with respect to decision that must be made.
ADVOLM, allowable deviation value for on-line monitoring; MAVD, maximum acceptable value of deviation; PI, prediction interval.
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average vector and its uncertainty limits to identify the DI (Equa-
tion (21)). If the sensor signal showed a value more than X (pre-
determined value), the sensor can be considered healthy;
otherwise, it should be scheduled for calibration in the coming
outage.

3. Results and discussion

To compare the modified PSA approaches with the PSA
approach implemented in the ICMP, hydrogen pressure data sets
from the CNS of a research reactor were used for the verification
and validation.

The data obtained were for four redundant transmitters (S1, S2,
S3, S4) measuring the hydrogen pressure. The transmitter signals
were corrupted by noise, outliers, and large ranges of missing data.
That is why, at first, it was determined to handle these three
problems using a suitable filter [13]. After generating an estimated
signal for each transmitter signal, the data were used for further
processing (as shown in Fig. 5) to obtain the estimated average and
the results of DI.

The data were generated in normal operation condition during
which the CNS system operating pressure was 305 kPa [26]. The
obvious problem of this data is that three of the redundant trans-
mitters (S2, S3, and S4) have too long and continuous a range of

Fig. 4. Procedures of modified parity space averaging approaches.
C, weighting factor based on shared bands; DI, drift index; TC, trend consistency; Wa, weighting factor based on accuracy; Wd, weighting factor based on distance.
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missing data, but no reason was given from the source provider.
Therefore, long range missing data will be treated as a sensor fault.

After using the CMM filter to filter and reconstruct the missing
data, the estimated redundant signals were used to implement the
ICMP PSA method, to be used for comparison later on. The esti-
mated average results generated by the three modified PSA ap-
proaches (MPS1, MPS2, and MPS3) and the ICMP PSA method
during normal condition are illustrated in Fig. 6.

As it can be noticed in Fig. 6, the result of the First modified PSA
approach (Savg_MPS1) is almost identical to the one generated
using the ICMP method (Savg_ICMP), except that the TC factor in
the MPS1 added some noise to the estimated average, which can be
considered a disadvantage of the TC weighting factor. The Second
and Third modified PSA approach results (Savg_MPS2 and
Savg_MPS3) are also similar to each other. However, Savg_MPS2
and Savg_MPS3 are far from the Savg_ICMP and Savg_MPS1 results
(by about 2 kPa), and the dominant factor that made that difference
was the distance-based weighting factor Wd; this factor was
implemented dynamically with time, which is why it does not
show steady behavior, while the Wa weighting factor, which was
implemented in the ICMPmethod, was a fixed value for all points of
each signal.

The main mathematical and statistical characteristics of each
estimated average with weighting factors implemented are illus-
trated in Table 1.

When sensor observations (S1, S2, S3, and S4) were compared to
the PI of all estimated averages obtained, S2 showed a value out of
the PI. As can be seen in Table 2, S2 has zero results of DI inside PI,
whichmeans it is 100% out of the PI of the estimated average.While
S3 and S4 showed lower percentages of DI, S1 showed very healthy
behavior, in which most of its points are inside the PI of the esti-
mated average.

One important thing to notice in Fig. 7A, which represents the
PSA method implemented in the ICMP report, and Fig. 7B, which
represents the second modified approach proposed in this paper, is
that the 95% PI (Max_PI&Min_PI) is out of the ±3s band (MaxBand
& MinBand; 99.8% confidence level), and the difference between
the 95% PI and ±3s band is larger in Fig. 7A than it is in Fig. 7B.
Statistically, one can understand that the 95% PI is holding 95% of
the normally distributed data and should be accommodated inside
the uncertainty area between the 95% and the 99.8% of the data or
at least not too far fro that range. Therefore, to maintain the pre-
diction error at as low a level as possible, MPS2 and MPS3 were
found to be better than ICMP PSA and MPS1.

The DI results with respect to the ±3s band of the estimated
averages Savg_MPS2 and Savg_MPS3 confirmed the healthy con-
dition of S1 and the unhealthy condition of S2 and that S3 and S4
observations have continuous missing data problems, as shown in
Table 3.

To make sure that the modified methods involving TC and Wd

weighting factors are validated with respect to the assumption of
considering equipment/component fault during operation, a fault
was artificially injected into the same data sets. Faults that would
reasonably affect the behavior of the hydrogen pressure param-
eter are degradation or leakage (negative trend), over pressuri-
zation (positive trend), and a signal disturbance that would refer
to an inconsistency of moderator density (hydrogen impurity
such as mixed with air or water [27]). Therefore, in this study, a
ramp was added to consider the case of a degradation/leakage
fault.

Fig. 8 shows the estimated averages obtained using the four
methods during degradation/leakage problem. Similar to the
normal operation results, the results in this case showed that there
is almost no difference between the estimated average, Savg_ICMP
and the Savg_MPS1; similarly, MPS2 and MPS3 have almost iden-
tical results. The difference between Savg_ICMP/Savg_MPS1 and
Savg_MPS2/Savg_MPS3 is about 1.1 kPa.

Fig. 5. Hydrogen redundant transmitter signals as they were generated from the CNS
facility in a research reactor during normal operation.
CNS, cold neutron source.

Fig. 6. Estimated averages of hydrogen pressure redundant signals obtained using
ICMP approach and the three proposed approaches during normal operation.
ICMP, Instrument Calibration and Monitoring Program.

Table 1
Characteristic differences between ICMP PSA, MPS1, MPS2, and MPS3 estimated
average results during normal operation.

Properties PSA techniques

ICMP MPS1 MPS2 MPS3

Mean 318.568 318.559 320.227 320.219
Median 318.517 318.512 320.311 320.311
Standard deviation 0.257 0.257 0.477 0.493
Weighting factors Wa, C Wa, C, TC Wd, C Wd, C, TC

ICMP, Instrument Calibration andMonitoring Program; PSA, parity space averaging;
TC, trend consistency.

Table 2
Results of drift index of all hydrogen redundant transmitters presented in the PI of
the estimated average of ICMP, MPS1, MPS2, and MPS3 during normal operation.

95% PI Savg_ICMP Savg_MPS1 Savg_MPS2 Savg_MPS3

DI_S1% 97.90 97.89 96.18 95.91
DI_S2% 0 0 0 0
DI_S3% 16.18 16.23 15.79 15.83
DI_S4% 16.32 16.23 16.18 15.96

DI, drift index; ICMP, Instrument Calibration andMonitoring Program; PI, prediction
interval.
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The results of DI with respect to the PI and ±3s band in the
degradation case are illustrated in Tables 4 and 5, where it can be
seen that the DI values of Savg_ICMP, Savg_MPS1, Savg_MPS2, and
Savg_MPS3 all agreed that S2 does not exist inside either the PI or
the ±3s band; on the other hand, they all agreed that S1 was
healthy.

Regarding the relation between 95% PI and ±3s, Figs. 9A and 9B
show the difference between the PSA method of the ICMP and the
third modified PS approach (MPS3) when they were implemented
on data affected by equipment degradation condition. It should be
noticed that the 95% PI of the Savg_ICMP is still beyond the ±3s
band, and the difference is about 2 kPa; while for Savg_MPS3, the
95% PI was accommodated inside the ±3s band, which means the
MPS3 approach achieved good results.

Fig. 7. Hydrogen redundant transmitters during normal operation
ICMP, Instrument Calibration and Monitoring Program; PI, prediction interval.

Fig. 8. Estimated averages of hydrogen pressure redundant signals obtained using ICMP approach and the three proposed approaches in case of equipment fault.
ICMP, Instrument Calibration and Monitoring Program.

Table 3
Results of drift index of all hydrogen redundant transmitters presented in the
threshold of the estimated average of ICMP, MPS1, MPS2, and MPS3 during normal
operation.

±3s band Savg_ICMP Savg_MPS1 Savg_MPS2 Savg_MPS3

DI_S1% 36.58 36.41 83.29 83.25
DI_S2% 0 0 0 0
DI_S3% 11.06 10.95 10.39 10.82
DI_S4% 14.61 14.38 12.76 12.79

DI, drift index; ICMP, Instrument Calibration and Monitoring Program.

Table 4
Results of drift index of all hydrogen redundant transmitters presented in the PI of
the estimated average; Savg_ICMP, Savg_MPS1, Savg_MPS2, and Savg_MPS3 in case
of equipment degradation fault.

95% PI Savg_ICMP Savg_MPS1 Savg_MPS2 Savg_MPS3

DI_S1% 97.90 97.63 94.74 94.33
DI_S2% 0 0 0 0
DI_S3% 35.13 35.09 30.92 31.00
DI_S4% 25.40 26.39 15.92 15.70

DI, drift index; ICMP, Instrument Calibration andMonitoring Program; PI, prediction
interval.

Table 5
Results of drift index of all hydrogen redundant transmitters presented in the
threshold of the estimated average; Savg_ICMP, Savg_MPS1, Savg_MPS2, and
Savg_MPS3 in case of equipment degradation fault.

±3s band Savg_ICMP Savg_MPS1 Savg_MPS2 Savg_MPS3

DI_S1 89.08 88.26 97.89 97.63
DI_S2 0 0 0 0
DI_S3 35.14 35.09 35.13 35.09
DI_S4 16.18 16.09 16.18 16.09

DI, drift index; ICMP, Instrument Calibration and Monitoring Program.
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Four types of weighting factors (Wa, C, Wd, and TC) were
involved in the calculation of estimated averages in the four
methods discussed in this article (ICMP PSA, MPS1, MPS2, and
MPS3), and after the influences of each factor were investigated and
validated using the redundant hydrogen pressure transmitter data,
the following were found:

- Wa is a constant factor for each sensor that depends on the
accuracy value of the sensor; this factor makes the results of the
estimated average more steady, but it has a disadvantage in that
sometimes information about sensor accuracy may not be
available.

- Wd is more dynamic and can be generated with respect to time
and position of the signal point; thus, the variability of this
factor with time made it a dominant factor for generating good
results, especially when it comes to the locations of the PI and
±3s bands. The Wd factor needs only sensor observation to
make the model totally a data driven one, without the need for
any previous information on the sensor accuracy.

- The C factor is a characteristic element of the PSA method;
without it, the model cannot be called a parity space model.
However, when validated against the TC factor, it was discov-
ered that the TC factor can havemore influence on the ±3s band
of the model, where the ±3s band using Wa and C is narrower
than ± the 3s band using Wa and TC.

- The TC factor, as it considers the dynamic trend in the time
domain, recreates some noise in the estimated average; how-
ever, when validated against the C factor, it was discovered that
usingWd with Cmakes the distance between the PI and the ±3s
band narrower than it is when using Wd with TC.

Three of the redundant sensors signals, which are generated by
the CNS of a research reactor, (S2, S3, and S4) have a long range
missing data problem. In addition, all averagingmethods applied in
this study showed that S2 also has a drift problem, in which its
points are not found in the PI or the ±3s band of any estimated
average at all; also, its drift showed a kind of zero drift problem
[5,28].

4. Conclusion

Redundant sensors are very important instruments in nuclear
reactors since they provide information on safety-related

parameters in the reactor; therefore, monitoring them online
should be one of the major tasks to check their healthy condition
for safe operation and perform condition-based maintenance in
nuclear reactors.

Online CC is widely used to provide a reliable estimated
average signal of redundant sensor signals. Typically, four aver-
aging techniques are implemented in the CC method; however,
improving the reliability of the averaging techniques is very
important to provide more reliable estimates. The PSA technique
is a typical CC averaging technique; it accounts for the error
bounds of redundant signals and their consistency. Weighting
factors based on the error bounds or accuracy and weighting
factors based on band consistency (shared bands) are usually used
in the PSA. In the ICMP report, EPRI used the PSA technique,
implementing the weighting factor based on accuracy ðWaÞ and
the weighting factor based on shared bands (C) to generate the
estimated average result.

In this study, in addition to the ICMP averaging approach, three
modified approaches (MPS1, MPS2, and MPS3) were proposed to
enhance the output of the PSA result. Two new weighting factors
were involved: Wd, which is a weighting factor based on the
Euclidian distance, and TC, which is a weighting factor based on
dynamic TC.

All four approaches were validated using data sets of four
redundant hydrogen pressure transmitters (S1, S2, S3, and S4)
generated by the CNS of a research reactor.

Validation results, which were generated using in-house codes,
showed that the second and the third modified approaches (MPS2
and MPS3) lead to reasonable enhancement of the estimated
average and its statistical limits (PI & ±3s).

Regarding sensor health condition, the results showed that in
both normal condition and fault condition (equipment degrada-
tion/leakage) all signal points of sensor#2 (S2) do not exist either in
the ±3s band or in the PI; the sensor has a zero shift problem in
addition to a long range missing data problem found in its obser-
vations. Sensor#3 (S3) and sensor#4 (S4) were found faulty only
because of the long range missing data problem. For sensor#1 (S1),
all four approaches with respect to the statistical limits applied
found it a reliable and healthy sensor.
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Fig. 9. Hydrogen pressure redundant transmitters in case of equipment fault.
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