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a b s t r a c t

To assist operators to properly assess the current situation of the plant, accurate fault diagnosis meth-
odology should be available and used. A reliable fault diagnosis method is beneficial for the safety of
nuclear power plants. The major idea proposed in this work is integrating the merits of different fault
diagnosis methodologies to offset their obvious disadvantages and enhance the accuracy and credibility
of on-line fault diagnosis. This methodology uses the principle component analysis-based model and
multi-flow model to diagnose fault type. To ensure the accuracy of results from the multi-flow model, a
mechanical simulation model is implemented to do the quantitative calculation. More significantly,
mechanism simulation is implemented to provide training data with fault signatures. Furthermore, one
of the distance formulas in similarity measurementdMahalanobis distancedis applied for on-line fail-
ure degree evaluation. The performance of this methodology was evaluated by applying it to the reactor
coolant system of a pressurized water reactor. The results of simulation analysis show the effectiveness
and accuracy of this methodology, leading to better confidence of it being integrated as a part of the
computerized operator support system to assist operators in decision-making.
© 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

The peaceful usage of nuclear energy can ease the world energy
crisis and reduce environmental pollution, but there are potential
radioactive dangers in nuclear power plants (NPPs). Engineering
practice shows that when a malfunction occurs, misoperation and
misdiagnosis by operators could result in catastrophic conse-
quences for the immediate surroundings, and the trans-boundary
effect of the spread of airborne radioactive materials could
impact our global ecological environment [1]. Radioactive material
leakage from an NPP in the Three Mile Island nuclear accident is a
good illustration of the potential effect of an operator's lack of ac-
curate judgment and incorrect measures taken after an accident.
The occurrence of human error is due to the fact that numerous
coupled subsystems will produce massive and scattered alarms
after a malfunction [2]. Besides this, the tremendous psychological

pressure that operators undergo during a novel nuclear transient
situation cannot be over emphasized, and these factors make it
difficult for operators to detect and diagnose faults in a timely
manner [3]. Consequently, the development of effective fault
diagnosis technology is essential to support operators to realize on
time the root causes, locations, and degrees of faults. In this way,
the safety and reliability of NPPs will be guaranteed [4].

The complex interaction of many components and the strong
coupling of parameters in NPPs reduce the accuracy of traditional
fault diagnostic methods that utilize thresholds to trigger alarms
and to artificially diagnose faults [5]. Therefore, there have been
numerous research efforts toward the implementation of auto-
matic and intelligent fault diagnosis. Currently, these methods can
be broadly divided into three groups: qualitative empirical models,
data-driven models, and quantitative mathematical models [6]:

(1) Qualitative empirical models are among the most widely
applied of these methodologies, especially for expert sys-
tems [7]. In reference to their merits, experience accumu-
lated by experts from long-term practice is used to construct* Corresponding author.
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knowledge database, so that complex quantitative models
are avoided. However, if there is an excessive number of
rules, problems such as matching conflicts, will occur during
the reasoning process and lead to low efficiency [8]. In
addition, the evaluation of the degree of failure cannot be
completed using qualitative models.

(2) Data-driven models are constructed by massive learning and
training with historical data [9]. The advantage of this
method is that the modeling processes are relatively simpler,
more universal, and require smaller workload than other
methods. Unfortunately, the data for many fault scenarios
cannot be acquired in advance [10]. In addition, some of
these methods are “black box” models, and this makes
decision-making by the operator difficult [11]. Hence, a sin-
gle data-driven method may lead to uncertainty, and the
result may not be trusted by operators.

(3) Quantitative mathematical models are efficient in describing
physical processes. As a result, the diagnosis results have a
strong interpretability [12]. However, an NPP is a complex
nonlinear system with control system regulation that could
lead to relatively high inertia; therefore, it is difficult to build
an accurate physical model for diagnosis. Indeed, building a
quantitative model for diagnosis requires a heavy workload
[1].

As mentioned previously, each single methodology has its
own demerits; therefore, these methodologies cannot be used in
isolation to detect and solve fault diagnosis issues effectively for
NPP engineering application. Accordingly, different categories of
methods are hybridized to solve fault diagnostic challenges.
To end this, Hadad et al. [13] adopted a back propagation (BP)
neural network and wavelet transform to diagnose system ab-
normalities. Gofuku [14] applied support vector machine and
wavelet transform to detect process malfunctions. The University
of Tennessee used the combination of principle component
analysis (PCA) and causal reasoning to diagnose faults [15]. Chu
et al. [16] at Harbin Engineering University studied Bayesian
networks and used the multi-flow model (MFM) to eliminate
uncertainty in fault diagnosis methods.

However, the hybrid methodologies aforementioned mainly
used data-drivenmethods to reflect the relation between abnormal
parameters and malfunctions by training and learning from sample
data [17]. Then, qualitative empirical models are integrated to
eliminate the weaknesses and reduce uncertainties in data-driven
methods. These methods are indeed beneficial to the progress of
fault diagnosis, but the diagnostic efficiency and accuracy are still
below the requirements. Moreover, the acquisition of sample data
for different failure modes is very limited in engineering applica-
tions. That is, as a result of limited available data with fault signa-
tures, it is hard for data-driven methods to diagnose a fault
accurately. In fact, training data with fault signatures can be
simulated by on-line simulation models, thereby reducing the de-
merits of data-drivenmethods. Recent advancements in simulation
technologies have improved the performance of quantitative
model-based methods, and accurate quantitative mathematical
models can now be achieved. A faster-than-real-time simulator,
TOKRAC, for calculating postaccident thermalehydraulic behavior
in the primary system of a pressurized water reactor (PWR) plant
has been proposed by Gofuku et al. [18]; however, the secondary
thermalehydraulic side and the control system of the PWR are
simplified, which may not be true during the monitoring and
diagnosis processes. Currently, parts of the on-line simulation
model that are mainly focused on the reactor core have been used
in America, France, and Canada [19]. Westinghouse Company
developed a system called BEACON that can do on-line monitoring

and diagnosis prediction (OMDP). In addition, the Idaho National
Laboratory [20] first proposed the idea of predicting the situations
of NPPs by using advanced nuclear thermal-hydraulic and control
simulation models.

This research work adopts a reactor coolant system (RCS) of a
PWR to evaluate the proposed hybrid fault diagnosis methodology.
The originality and advantageous features of this study are sum-
marized as below:

� The architecture of hybrid fault diagnosis technology is first
proposed. The advantages of knowledge-based methods,
quantitative mathematical models, and data-driven methodol-
ogies are enhanced by organic integration, and their demerits
are dexterously compensated for.

� Thermalehydraulic simulation model is adopted with consid-
eration of detailed node partitioning for RCS, sensibility and
significance of related auto-control system, and on-line data
updating for real-time tracking of the PWR.

� By combining the simulation model and PCA to detect residual
errors of corresponding measured and simulated parameters,
malfunctions in the NPP can be detected more rapidly and
distinguished from calculation errors of the simulation model.

� The MFM, which belongs to the qualitative reasoning methods,
is used to diagnose the fault types. More practically, for opera-
tion support, rules and failure modes in the knowledge database
andmodeling of theMFM are separated, whichmakes it easy for
operators to modify the rules without rebuilding the MFM.

� The Mahalanobis distance technique is integrated to evaluate
failure degree. Compared with neural networks and many other
classification algorithms, the Mahalanobis distance is a cluster
algorithm that is suitable for fault degree assessment. In addi-
tion, the on-line nature of the proposed method eliminates
over-reliance of the diagnostic procedures on large off-line
training data.

The structure of this article is as follows: The theories and
methodologies are introduced in Section 2. The development and
modeling of a hybrid fault diagnosis system is presented in Section
3. In Section 4, analysis and comparison of the simulation results
are presented. The methodology is summarized in Section 5.

2. Theory of hybrid fault diagnosis methods

2.1. Structure of hybrid fault diagnosis methods

The purpose of hybrid fault diagnosis is to use the advantages of
each method to compensate for the shortcomings of other
methods, so that accuracy and credibility can be ensured. The MFM
is efficient for causal reasoning and explanation and is hence
suitable to discriminate failure types. However, matching conflicts
may occur during reasoning processes, and the results may not be
exclusive. At this point, quantitative mathematical simulation
models will be involved in the mechanism to analyze the quanti-
tative relationship between parameters and malfunctions. There-
fore, the results of qualitative models will be independently
verified. After locating the failure type, the degree of failure should
be evaluated for certain typical faults to assist the operators to
execute further actions. As the rates of change of the measured
parameters for different failure degrees are all different, distance
functions in similarity measurements can be used to achieve data
mining and classification. Meanwhile, the quantitative simulation
model can perform faster-than-real-time calculation tomake up for
the lack of sample data. The specific research route is shown in
Fig. 1 and is delineated as follows:
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(1) According to the connections and operational principle of the
RCS, mechanism simulation models based on thermal-
hydraulic processes are established.

(2) The MFM and expert knowledge database of RCS are built by
a modeling platform, and then, the thresholds of each mea-
surement are set.

(3) Failure modes and effects analysis (FMEA) is implemented,
and expert system/knowledge database is developed.

(4) The selection of the parameters and data analysis model for
evaluation of failure degree are accomplished using the
Mahalanobis distance.

(5) The status and information on measurements, pumps, and
valves in an RCS are acquired and transmitted to simulation
models. Model debugging process takes place until the de-
viations arewithin thresholds, so that simulation models can
keep track of the NPP.

(6) The residual errors generated by comparing the calculated
values from the simulation model and the corresponding
measured values are transferred to the PCA module, which
can detect abnormal conditions accurately in a short time. On
the basis of this, the MFM is used to diagnose the fault.

(7) During the diagnosis of failure type, the simulation model is
switched from on-line running to off-line faster-than-real-
time calculation, and the results of the MFM can be verified
one after the other.

(8) If the diagnostic results indicate general faults such as mal-
functions of pump and valves, they will be displayed on the
humanemachine interface (HMI). However, if the results
indicate quantifiable faults such as leakage in pipelines and

containers, sample data are acquired by simulation model,
and the Mahalanobis distance uses these data to train and
build an appraisal curve for different degrees of failure.

(9) Real-time data for the RCS after faults are acquired from the
instrumentation and control systems (I&Cs); then, failure
degree is assessed using the Mahalanobis distance.

2.2. Simulation modeling of thermal-hydraulic processes for RCS

To reflect the status of RCS, the SIMEXEC platform and simula-
tion software RELAP5-HD are used to build a thermal-hydraulic
simulation model according to the measurements and structural
parameters in an NPP. SIMEXEC platform allows interaction with
obtained data from an NPP and enables development of universal
and instantaneous HMI. The RELAP5-HD is based on the RELAP-3D
of the Idaho National Laboratory, available in SIMEXEC platform,
and its real-time capability and accuracy are suitable for distributed
models. In addition, one-dimensional, transient, two-fluid models
are used, and the flow equations are composed of gas-liquid mass,
momentum, and energy equations.

On this basis, the simulation model is debugged and updated by
connecting real-time parameters from I&Cs and the simulation
model to transmit the status of boundaries and operation to the
simulation model. In addition, the simulated model is adjusted
until the residual errors of calculated and corresponding measured
values are less than 1%. During the normal operation of the NPP, all
required parameters are updated continuously to ensure that the
monitoring unit is running synchronously.

Simulation model MFMPCA model Mahalanobis
distance

Running
database

General fault Typical faultNormal

HMI

Simulation platform

Control system
modeling software
Thermal-hydraulic
modeling software

General diagnostic
database

Fault diagnosis
knowledge-based

database

Typical diagnostic
database

Fault diagnosis
reasoning model

Knowledge
database

FMEA Failure mode

General fault
trigger rules

Evaluated parameters

Assessment algorithm

Fault sets

Training data

On-line process

Off-line process

Fig. 1. Flow chart of hybrid fault diagnosis methodology.
FMEA, failure modes and effects analysis; HMI, humanemachine interface; MFM, multi-flow model; PCA, principle component analysis.
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2.3. Residual analysis based on PCA

PCA uses the orthogonal transformation to convert a series of
irrelevant variables to linearly relevant variables [21]. PCA has a
great advantage in data compression and feature extraction.
Therefore, PCA is used for residual analysis [22].

The array Xn�m is made up of residual errors of calculated values
and the corresponding measurements under normal operation,
where n is the sample size and m is the number of residual errors.
Then, the array is standardized and represented as follows:

X ¼ X
_þ E (1)

where X
_

is the ideal values of X, and E is the error of modeling. X
_

and E are represented as follows by PCA:

X
_ ¼ bT bPT ¼

Xl

i¼1

tip
T
i (2)

E ¼ ~T~P
T ¼

Xm
i¼lþ1

tip
T
i (3)

where l < m is the number of principal components. T and P
represent the score matrix and the load matrix, and P is an eigen-
vector of Xn�m's covariance matrix S. According to the load matrix
P, the score matrix is

X
¼ Pm�mDlP

T
m�m; Tn�m ¼ Xn�mPm�m (4)

where Dl is an eigenvalue of a diagonal matrix diagðl1; l2;/; lmÞ.
Therefore,

Xn�m ¼ Xn�m
bPm�l

bPT
m�l þ Xn�m

~Pm�ðm�lÞ~P
T
m�ðm�lÞ

¼ Xn�m
bCm�m þ Xn�m

~Cm�m (5)

Furthermore, the number of principal components is calculated
based on the minimum reconstruction error variance, and uj is the
non-refactoring variance of xj:

uj ¼
xTj

�
I � bC�P�

I � bC�xjh
xTj

�
I � bC�xji2 ðj ¼ 1;2; :::;mÞ (6)

where I is the m � m unit matrix, and xj is the fault direction of x,
x2Im�m. Obviously, uj is related to bC , and bC is closely related to the
selection of the principal components [23].

2.4. Failure type diagnosis based on the MFM

Semiotics theories andmethods are adopted in theMFM,mainly
focusing on the goal, function, and physical components. Therefore,
the diagnosed system can be described as in “flow” in terms of
three-level-mass, energy, and information, which observe the law
of mass conservation and energy conservation [24]. The advantage
is that system-level knowledge can be easily obtained, and a
knowledge database is also easily established. Moreover, reflection
between functions will be described clearly, and that is beneficial
for causal reasoning [25].

The functions are the basic elements in the MFM that reflect the
same or similar features of the physical components in the diag-
nosed system. The MFM provides six basic functions: source, sink,
storage, balance, transport, and barrier. In different flow structures,
the functions between the causal relationship are connected by
meanseend, which can be divided into two categories. The first is
described by produce, maintain, destroy, and suppress and is used
for connecting flow structure and target. The second is described by
producer-product and mediate and is adopted to show the rela-
tionship between functions and flow structure [24], as shown in
Fig. 2.

For the diagnosed system, the function is a highly abstracted
model of physical parts or equipment. In addition, whether physical
parts are able to complete corresponding functions can be detected
by their measured parameters. During operation, when parameters
exceed the prescribed limits, alarms will be triggered. Besides this,
the relationship between functions shows the reflection between
these measurements. Therefore, the establishment of the MFM
begins a causal relationship between measurements in the diag-
nosed system. Through the causal-directed graph, the propagation
paths of alarms can be described, and root-cause alarms can be
detected. Meanwhile, fault diagnosis depends on the results of
alarms to analyze the problem [16].

Fig. 2. Basic elements of the MFM.
MFM, multi-flow model.
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Thedevelopment anddiagnostic processesof theMFMare shown
in Fig. 1. Based on the techniques proposed by Lind and Chu et al.,
some general reasoning rules database already exists with some
general rules. In addition, the causal reasoning model of RCS is built
by the MFM using the G2 real-time expert platform, which is a uni-
versal modeling platformwith a powerful object-oriented develop-
ment and operation environment; the knowledge-based diagnostic
database is constructed after FMEA. On the basis of the G2 platform,
basic rules and different failure modes of RCS are separated from the
modeling of the MFM; results are better than the existing research
results. Specifically, the operators can easily add, delete, and modify
the rules and failure modes established in the knowledge-based
database without building the MFM of RCS again, making this

method more practical for operation support. As failure modes of
different systems differ completely from each other, the knowledge-
based diagnostic database must be built according to their features
and connected with functions in theMFM.When alarms trigger, the
real-time expert system consisting of the MFM and the corre-
sponding knowledge-based database is implemented to display
causal reasoning chains and the diagnostic results.

2.5. Failure degree evaluation by Mahalanobis distance

The Mahalanobis distance [26] is a cluster algorithm used to
measure the covariance distance of different sample data.
Compared with neural networks, genetic algorithms, and many
other classification algorithms, cluster algorithms are suitable for
fault degree assessment. For classification algorithms, the real-time
data have to be arranged in a training mode. However, this training
mode may not be the same as the measurements; these classifi-
cation algorithms can do nothing in such situations. But, for cluster
algorithms, the categories of different failure magnitudes are not
identified in advance. In other words, if the real-time data
match the mode of the simulation samples, accuracy of the results
can be guaranteed. Even when there are no matching data, the
range of failure magnitude can be reduced, and then, further failure
assessment can be done in a narrowed scope. In comparison with
traditional cluster algorithms such as the Euclidean distance algo-
rithm, theMahalanobis distance can efficiently calculate the gravity
distance between a sample and its sample sets or describe the
similarity of two unknown sample sets. Beyond this, it can also
eliminate the correlation between variables and is not affected by
dimensions [27]. Hence, its obvious advantages are an abundant
feature index and high accuracy; it is suitable for application to

Fig. 3. Node graph of the RCS from RELAP5-HD.

Table 1
Major parameters of reactor coolant system.

Parameter Value/characteristics

Reactor type 2-Loop PWR
Core power 966 MW (thermal)
Steam generator (SG) Natural circulation
Pressurizer pressure 15.4 MPa
Fuel assembly 15 � 15 type
Core height 3.5 m
Cold leg temperature 288.8�C
Hot leg temperature 315.2�C
Core flow rate 3338 kg/s
SG steam pressure 5.5 MPa
SG steam flow rate 259.9 kg/s
SG level 10.47 m
Heater power of pressurizer 0e1.35 MW

PWR, pressurized water reactor.
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failure degree assessment in multiple failure modes. The basic
principles are as follows:

Given that the selected parameter data matrix X contains i
number of technical indicators in the diagnosed system, the tech-
nical indicators are several parameters that are selected from
measured data, as they can more obviously reflect change trends
after faults. X's mean vector is m ¼ (m1,m2,…, mi)T; then, the corre-
sponding covariance matrix is Cx¼ (dij)n�m. Therefore, the Maha-
lanobis distance of the test vector y and each parameter datamatrix
can be represented as:

d2 ¼ ðy� mÞTC�1
x ðy� mÞ (7)

where m is the sample vector dimension, n is the number of
samples, and CX is the covariance matrix, defined as

Cx ¼ 1
n� 1

Xn
i¼1

ðxi � mÞðxi � mÞT (8)

The basic idea for failure degree evaluation by Mahalanobis
distance is to search the nearest distance to each failure data ma-
trix. According to this principle, real data y are classified by calcu-
lating the distance between y and different sample data M:
dj2(y)(j ¼ 1,2,…,M). Then, they are compared with each other as
defined below:

d2minðyÞ ¼ min
n
d2j ðyÞ

o
; j ¼ 1;2; ::::;M (9)

As a result, the minimum distance between them is searched
with Eq. (9), which means y belongs to a data matrix constructed
using the No. j failure degree.

3. Modeling and development of hybrid fault diagnosis
methodology

Based on the aforementioned theories, the RCS of the Qinshan I
-300MWNPP is utilized as a case study. This sectionmainly focuses

Sample data
Pre-process

PCA Stastictis

Compare
with
limits

Off-line training process

Pre-process

Fault detection

Real-time data

PCA model

Abnormal

Normal

Fig. 5. Abnormal detection based on PCA.
PCA, principle component analysis.

Reactor average temperature
control

Simulated eactorr veraa ge
temperature control

RCS average
temperature

Secondary
turbine

load

Simulated pressurizer pressure control

Pressurizer pressure control

Proportional
heater

Spray
valve

Relief
valve

Safety
valve

Simulated pressurizer level control

Pressurizer level control

Simulated SG level control

SG level control

Letdown
isolation

valve

Charging
flow
valve

On/off
heater

Feed
water
flow

Steam
flow

Core
power

Compare

Debug

Pressurizer
pressure

Compare

Debug

SG
level

Pressurizer
l evel

Compare

DebugDebug

Compare
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on the process of building the hybrid fault diagnosis system with
respect to the type and arrangement of sensors in the NPP and the
steps taken to ensure accurate fault diagnosis and evaluation.

3.1. Thermal-hydraulic simulation modeling of RCS

The Qinshan 300 MW NPP is a typical PWR using rod-type fuel
elements and a natural circulation steam generator. The major
design parameters of the Qinshan I NPP are shown in Table 1.

To build a simulation model of the RCS to track NPP operations,
the RELAP5-HD code is used to establish the model on the
SIMEXEC platform. The nodalization of the Qinshan I PWR is
shown in Fig. 3.

To guarantee the faster-than-real-time calculation for evalua-
tion of failure degree, the fewest nodes for pipelines are used, as
shown in Fig. 3. However, detailed classification of the nodes for the
reactor, steam generator, and pressurizer is ensured to secure the
characteristics of the internals. Specifically, the reactor core is
divided into three channels, one hot channel (026P), one average
channel (024P), and one bypass region (022P). The pressurizer is
made up of two pipes (054P and 050P), which are used to reflect
the natural circulation working principle of the pressurizer itself.

Two separate steam generators are built with pipes in the primary
and secondary loop.

Meanwhile, the related control modules are simulated as shown
in Fig. 4. To ensure the models are able to simulate the RCS per-
formance, parameters such as proportionality coefficient, integral
coefficient, and the sum of corresponding integration variable must
be transmitted first to the simulated control model [28]. On this
basis, the control model and related thermal-hydraulic models are
debugged together by acquiring boundary parameters such as feed
water flow and steam flow of the steam generator (SG) and state
parameters such as speed and pressure head of the pumps and
valve positions through the I&Cs. Moreover, the calculated errors in
the model are kept within 1% so as to appropriately mimic the RCS.
As a result, the simulated model is tested to verify the efficiency of
the projected faster-than-real-time calculation.

3.2. Process of abnormal detection by PCA

When RCS is under normal operation, the system data are ac-
quired from I&Cs, and then, residual errors are generated by
comparing these measured values and the corresponding calcu-
lated ones. Assuming that these residual errors are arranged in a

Fig. 6. Flow chart of the RCS from the MFM.
MFM, multi-flow model; RCS, reactor coolant system.
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matrix of n�mdimension, where n is the sample number andm is
the number of measurements, then the process of abnormality
detection is as shown in Fig. 5, and the steps are as follows:

(1) The impact of different dimensions in data matrix is elimi-
nated, and the mean and variance are calculated so as to
standardize the data matrix.

(2) Covariance matrix is calculated.
(3) The eigenvalue and eigenvectors are derived from an

eigenvalue decomposition of the covariance matrix.

(4) Cumulative percentage of variance method is used to choose
the principal component number t.

(5) Projection of feature vectors in the feature space is
computed.

(6) The control limit statistics should be set. In this article,
Hotelling's T2 statistics is used; this method represents the
variance in principal component space. The mathematics of
Hotelling's T2 statistics and the corresponding limits are well
presented in the work of Herve and Lynne [22].

During fault detection, the residual errors xi from the real-time
measured values and corresponding simulated ones are introduced
to the aforementioned PCA model to calculate the estimated vector
x̂i. Then, the statistics of these real-time vectors are obtained and
compared with the limits. If there are calculation errors in the
simulation model, the corresponding residuals do not vary
considerably, and the values tend to be stable due to slow devel-
opment. However, if a fault occurs, the residuals change signifi-
cantly. Therefore, abnormality is detected, and this activates the
MFM module.

Table 2
Meaning of each function in the MFM for RCS.

Function Meaning Function Meaning

F1 Fission energy F2 Heat conducts into the coolant
F3 Heat conserves in coolant F4 Heat conducts through #1 SG tube
F5 #1 SG generates steam and conserves heat F6 Heat transfers through #1 SG steam line
F7 Heat conducts through #2 SG tube F8 #2 SG generates steam and conserves heat
F9 Heat transfers through #2 SG steam line F10 Gathering heat in two loops
F11 Heat transfers through steam line F12 Heat consume in steam turbine
F13 Reactor vessel conserves coolant F14 Coolant flows through #2 hot leg
F15 Coolant flows through #2 SG tube F16 Coolant flows through pipeline between #2 SG and pump
F17 #1 pump transfers coolants F18 Coolants flow through outlet of #1 pump
F19 Coolant flows through #1 hot leg F20 Coolant flows through #1 SG tube
F21 Coolants through pipeline between #1 SG and pump F22 #2 pump transfers coolants
F23 Coolants flow through outlet of #2 pump F24 From hot leg pipeline of RCS
F25 Flows from surge line to pressurizer F26 Water space of pressurizer
F27 Part of the liquid evaporate F28 Discharge through relief valves or safety valves
F29 Outflow through surge line F30 Return to RCS
F31 Coolant in pressurizer fluctuates F32 Transfer energy to vapor space
F33 Heaters run F34 Heat transfer to liquid in pressurizer
F35 Store energy in steam space F36 Coolant sprays through valves
F37 Vapor condensation F38 Through relief valves
F39 Discharge to relief tank F40 Through safety valves
F41 Discharge steam F42 From chemistry and volume control system to #1 cold leg pipeline
F43 Charging flows through valves F44 From chemistry and volume control system to #2 cold leg pipeline
F45 Charging flows through valves

MFM, multi-flow model; RCS, reactor coolant system; SG, steam generator.

Table 3
Fault diagnosis knowledge-based database.

Number Fault type Relationship in MFM

1 Leakage in #1 hot leg pipelines F14-Leak
2 Leakage of #1 steam generator tube F15-Leak
3 Leakage in #1 cold leg pipelines F17-Leak
4 Leakage in #2 hot leg pipelines F19-Leak
5 Leakage of #2 steam generator tube F20-Leak
6 Leakage in #2 cold leg pipelines F22-Leak

MFM, multi-flow model.
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Fig. 7. Flow chart of failure degree evaluation.
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Table 4
Classification of operating condition.

Condition Probability Failure type

Normal and operating transient >1/reactor-year Normal starting, shutting, and steady running
Transient changes inacceptable

Common fault 0.01e1/reactor-year Control rods out of control in operation
Leakage in coolant pipelines outside the containment
Error opening of safety valve in pressurizer
Error running of safety injection system (SIS)
Rupture or crack in pipelines without SIS running

Table 5
Results of real-time simulation.

Number Parameters Measured values Simulated values Errors

1 Level of pressure vessel 9.53 m 9.541 m 0.12%
2 #1 loop flow 3338.44 kg/s 3338.42 kg/s 0.01%
3 #2 loop flow 3339.04 kg/s 3339..02 kg/s 0.01%
4 Water level of pressurizer 5.400 5.402 0.04%
5 Pressure of pressurizer 15.4 MPa 15.42 MPa 0.13%
6 Temperature of inlet reactor 562 K 562.3 K 0.05%
7 Temperature of outlet reactor 588 K 588.4 K 0.07%
8 #1 Feed water flow 259.86 kg/s 259.92 kg/s 0.05%
9 #2 Feed water flow 259.76 kg/s 260.02 kg/s 0.10%
10 #1 Outlet temperature of steam 270.21�C 270.31�C 0.04%
11 #2 Outlet temperature of steam 270.21�C 270.37�C 0.05%

Fig. 8. Humanemachine interface in normal operation.
MFM, multi-flow model; RCS, reactor coolant system; SG, steam generator.
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3.3. Development of the MFM and knowledge-based database

According to the working principle and structure of the RCS, the
MFM is built to complete the knowledge-based database, as shown
in Fig. 6. There are four main flow structures: S1 is the energy flow
in the RCS, S2 is the mass flow in the RCS, S3 is the energy flow in
the pressurizer, and S4 is the mass flow in the pressurizer. G0 is the

goal of heat transfer from the primary loop to the secondary loop.
G1 and G2 are the goals of maintaining #1 and #2 loop circulating
flows, respectively. G3 is to maintain coolant quantity. The specific
meaning of each symbol is shown in Table 2.

In addition, the knowledge-based fault diagnostic database is
established by connecting the root cause with the failure mode, as
shown in Table 3. Therefore, the MFM will deduce the root cause
and then diagnose the failure type. Moreover, because the safety
analysis report of the NPP is done before the NPP begins operation
and it contains calculations on the changes in trends of measure-
ments after certain typical faults occur, it can provide information
to narrow the scope of fault degree assessment. Specifically,
changes in trends of parameters with time, acquired from the safety
analysis report under different fault magnitudes, are observed and
summarized as rules and knowledge in the knowledge-based fault
diagnostic database, which serves as the preliminary estimate for
the magnitude of the fault.

3.4. Implementation of failure magnitude assessment

On the basis of FMEA, which is done off-line before the whole
diagnosed system starts working, the parameters that change
beyond a certain preset limit are selected as characteristic param-
eters for failure degree assessment. To consider fault characters in
all the equipment of the RCS, the pressure, water level, and steam
temperature of the pressurizer, inlet flow of the reactor, and steam
flow and water level of two SGs are selected as evaluation param-
eters. These parameters are acquired using the faster-than-real-
time simulation model under different failure degrees and from
the I&Cs in the NPP. The data from the simulation model are ac-
quired as sample data and defined as n1i (t), n2i (t), ..., n6i (t), where i
means the number of all possible failure magnitudes.

After diagnosing the failure type by the MFM, this failure type
will be inserted separately into the simulation model, with
different failure degrees. Simulation model will calculate failure
degrees rapidly to provide sample data for the Mahalanobis dis-
tance model. After that, covariance matrixes under different
simulated failure degrees are calculated separately, as shown in Eq.

Fig. 9. Results of PCA-based residual error analysis.
PCA, principle component analysis.

Table 6
Alarm listing after faults.

No. Abnormal parameters Alarm events

1 #1 inlet flow of reactor vessel Low condition
2 Pressure of pressurizer Low condition
3 Water level of pressurizer Low condition
4 Outlet pressure of reactor Low condition
5 Temperature of pressurizer Low condition
6 Charging flow High condition
7 Heater in pressurizer High condition

Fig. 10. Comparison of measured and simulated flow in RCS.
RCS, reactor coolant system; SG, steam generator.
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(8) and Fig. 7. Therefore, the Mahalanobis distance matrix model is
built to calculate the corresponding sample curves Dit as shown in
Fig. 7 and Eq. (7). To compare with the current situation of the RCS,
polynomial fitting methods are adopted to these curves, where
time is the independent variable and the Mahalanobis distances Dit
is the dependent variable. After computing curves for different
simulated failure degrees, numerical integration of these curves,
SDi, is performed.

Meanwhile, the real-time data are calculated through the same
process as aforementioned, so that numerical integration of real-
time curve Sd will be obtained and compared with SDi, as shown
in Fig. 7. Hence, the corresponding integral value of SDi that is
closest to that of Sd is the failure degree i. However, if the difference
between the integral values of SDi and Sd is large, the nearest value

of SDi compared with that of Sd is stored. Then, the simulation
model will compute faster-than-real-time to provide more sample
data around SDi for the Mahalanobis distance function, until the
results for failure degree can be accepted and displayed in the HMI.

4. Results

It is pertinent to note that this methodology is still in the early
research stage; therefore, there are challenges in performing spe-
cific experiments on an operating NPP to acquire real data with
fault signatures. Consequently, the 300MWQinshan NPP full scope
simulator is used in place of a real NPP, and this article assumes that
the data collected are reliable. That is, sensor faults such as drifts
and calibration errors are not considered. In this research work, the

Fig. 11. Comparison of measured and simulated values in pressurizer.

Fig. 12. Reasoning chain of fault diagnosis based on the MFM.
MFM, multi-flow model.
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proposed hybrid diagnosis methodology is developed with REAP5-
HD, MATLAB and C# programming. Faults were injected in the NPP
simulator to verify the accuracy and evaluate the performance of
the fault diagnosis methodology.

When a greater degree of failure occurs, such as guillotine and
large breaks, the phenomenon is obvious, and the operators can
rely on their own experience to detect and diagnose it. Hence, to
verify the proposed methods, our research focus is on incipient
leaks and cracks such as small ruptures in pipelines. This selection
is done according to the profile of likely faults in RCS, formulated by
the American Standards Institute, as shown in Table 4. These faults
are tiny leakages in pipelines, such that safety injection systemwill

not start. More significantly, measured parameters change slowly
after such faults and will not trigger reactor trip or initiate the
operation of either the safety injection system or the emergency
core cooling system. The slight change in plant parameters makes
such faults difficult for operators to detect and analyze.

In this section, the Qinshan PWR was set to run at a stable
966 MW full thermal power; the related parameters are measured
from the I&Cs. At the beginning, the proportionality coefficient,
integral coefficient, and sum of the corresponding integration var-
iable in the pressure control module and water level control
module in the pressurizer, water level control module in the SG,
and the average temperature control module are acquired and

Fig. 13. Pressure of pressurizer under faster-than-real-time calculation.

Fig. 14. Water level of pressurizer under faster-than-real-time calculation.
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initialized in the simulated control model. On this basis, control
model and related thermal-hydraulic simulation model are
debugged together until the calculated errors are within 2%.
Consequently, results of normal operation are shown in Table 5.

During real-time tracking in the simulation model, the HMI of
the hybrid fault diagnosis system is used, as shown in Fig. 8. In
addition, measurements are displayed in the middle active region.

After running the plant under normal operating condition for
200s, a 1 cm2 leakage fault is injected on the RCS cold leg between
the #1 coolant pump and the reactor vessel in the Qinshan PWR
simulator. During these actions, abnormal detection based on PCA

always handles the residual errors between the real-time mea-
surements and the corresponding simulated values. After the fault
is inserted in the RCS, the T2 statistics of the calculated status
vectors estimated by PCA exceed the allowable limits in 201s, as
shown in Fig. 9; the detection results from the PCA module are
displayed in the HMI, and subsequently, the MFM fault diagnosis
module is activated.

Traditionally, a fixed threshold is used in NPPs such that if the
measurements exceed 1% or 2% of relative error, alarms will be
triggered. However, this threshold method would not be effective
for certain less obvious malfunctions, such as the faults considered

Fig. 15. Flow of #1 loop under faster-than-real-time calculation.

Fig. 16. Mahalanobis distance curves in different failure degree.
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in this article. Specifically, the inlet flow of the reactor decreases
from 3338 kg/s to 3328 kg/s, and the relative error is 0.29%, which is
within the range of the fixed threshold. Therefore, the ineffective-
ness of fixed threshold implementation may result in delays in the
optimal time for the operator to control the faults and reduce the
consequences. However, the proposed PCA-based residual error
analysis is sensitive to incipient faults and will detect abnormalities
rapidly and effectively.

Meanwhile, all the detected abnormal residual errors will be
displayed in the HMI and subsequently transferred to the MFM for
causal diagnostic reasoning. After 201s, the alarm listing is shown
in Table 6, and some significant measured and corresponding
simulated parameters are shown in Figs. 10 and 11.

Hence, the results of the fault diagnosis by the MFM are as
shown in Fig. 12, and according to the relationship of the alarms,
the failure type is indicated as “leakage in #1 cold leg pipeline”.
Specifically, the causal reasoning process of active MFM is shown as
follows: Leakage in the #1 loop leads to functional failure of the
pipelines (F17-LEAK), which in turn reduces the measured value of
the pressure in the entire RCS including the reduction in the
pressurizer pressure (F37). Then, the proportional heater in the
pressurizer is activated by an automatic controller to compensate
for the decrease in pressure. Although the charging flow increases,

the water quantity is still running low (G3-L). As a result, water
flows out of the surge line of the pressurizer (F31-H), which further
reduces the water level in the pressurizer (F28-L). In time, the
coolant compensation effort of the charging flow (F43-H) stabilizes
the pressurizer water level, and the reactor continues to operate,
despite the fault. In addition, the feed water flow, steam flow, and
water level in the secondary loop of the SG stabilize. As a result,
combined with Fig. 10, the leakage occurred in #1 cold leg pipeline.
Meanwhile, according to the safety analysis report of the NPP on
the knowledge database, the pressure and water level in the sec-
ondary loop of the SG change distinctly when the leakage in the
pipeline is more than 10 cm2. However, this does not occur in this
case. Hence, the leakage area must be less than 10 cm2 for the
proposed MFM and knowledge database.

Moreover, the specific degree of this fault is evaluated by the
simulated model and the Mahalanobis distance. To begin with, the
simulation model is disconnected from the I&Cs, switching it from
on-line tracking mode to off-line running mode. Then, leakages
with magnitudes of 8 cm2, 6 cm2, 4 cm2, 2 cm2, and 1 cm2 are
injected into the #1 cold leg coolant pipeline, and the time steps are
reduced to enable the whole simulated model to perform its cal-
culations five times faster than real-timemeasurements. Figs. 13, 14
and 15 show that the values of certain significant measured and

Fig. 17. HMI after diagnosing the failure type and degree.
HMI, humanemachine interface; MFM, multi-flow model; RCS, reactor coolant system; SG, steam generator.
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corresponding simulated faster-than-real-time parameters at
different failure degrees.

These simulated parameters under different fault magnitudes are
mapped as points in dimensionmand calculated by theMahalanobis
distance model. Meanwhile, real-time data in I&Cs are also trans-
ferred to the failure degree assessment module. Fig. 16 shows the
base-10 logarithm of theMahalanobis distance curveswith real-time
data and simulated sample under different failure degrees.

Finally, these curves are overfitted by the polynomial function
for different failure degrees. After a fault occurs, for a 1 cm2 leakage
in the simulation model, as shown by the red line in Fig. 16, it
is: y ¼ 1:8227� 10�5x2 � 0:0039xþ 4:3036. In addition, the poly-
nomial function for real-time data, as shown by the black line in
Fig. 16, is y ¼ 2:5887� 10�5x2 � 0:0042xþ 4:3541.

These polynomial functions are integrated 100s after the ab-
normality detection. The results show that the integral curves of
the polynomial functions under 1 cm2 leakage added in the simu-
lation model show the highest similarity with the curves of the
real-time data; relative error is 0.87%. Therefore, the entire failure
information is leakage in #1 cold leg coolant pipeline; the leakage
area is 1 cm2. These messages will be displayed in the HMI to warn
the operators concerning the fault, detailing the severity, and the
changing trends of the current malfunction, as shown in Fig. 17.

5. Discussions

This article, to improve the safety of NPPs, proposes a hybrid of
the MFM and the Mahalanobis distance fault diagnosis method
based on the thermal-hydraulic simulation model. This hybridized
method was applied to detect, identify, and diagnose faults
including failure type and degree in the RCS of an NPP in real time;
the simulation analysis shows the following advantages:

(1) Compared with the fixed threshold-based methodology for
NPPs, PCA-based residual error analysis shows improvement
in the accuracy of abnormality detection for incipient faults.

(2) Through the adoption of a quantitative simulation model for
verifying the reasoning results of the MFM, uncertainties in
qualitative reasoning processes are avoided during the fault
diagnosis process.

(3) The difficulty involved in the acquisition of sample data for
failure degree evaluation is solved by utilizing simulated data
obtained from the simulation model.

(4) The failure degree evaluation, based on the Mahalanobis
distance, performs calculations faster than those of a neural
network, which requires a long time for learning and
training.

Consequently, this methodology can be extended to other PWR
models of other types of NPP, so as to enhance the accuracy and
reliability of diagnosis. Moreover, faults during power reduction,
which is a common issue for nuclear-powered submarines and ships,
can be diagnosed by utilizing the residual errors obtainable from the
measured and corresponding simulated values of the MFM and
Mahalanobis distance. Therefore, by combining this methodology
with operational procedures and informed actions of operators, the
prediction of fault trends after diagnosis is achievable. Hence, our
future work is, of course, to try to predict faults trends that can help
operators to be aware of the consequences of unchecked faults and
preview the related applicable decision/operation.
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