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Diagnosing abnormal events in nuclear power plants (NPPs) is a challenging issue given the hundreds
of possible abnormal events that can occur and the thousands of plant parameters that require
monitoring. This study proposes a convolutional neural network model for abnormality diagnosis in
an NPP. The distinct feature of the proposed approach is the use of two-channel two-dimensional
images to deal with (1) the massive amount of data that individual systems generate in real time,
and (2) the dynamics of the states of individual systems. One channel represents the current NPP
state values, while the other channel represents the changing patterns of the state values during a
prescribed time period in the past. Experimental results from a full-scope simulator confirm, with
statistically significant outcomes, that the developed model outperforms other classification models in
terms of accuracy and reliability and is robust across different contexts of analysis, and thus has the
potential to be adopted by actual NPP systems for real-time diagnosis.
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1. Introduction

A nuclear power plant (NPP) is a large-scale complex system
comprising thousands of individual systems (e.g. equipment and
control systems), with safety given as the top priority [1]. Even
though the damages caused by abnormal events in a plant may
vary to a great extent, any such damages are likely to involve
huge public and economic loss. When faced with an abnormal
event, operators identify the causes of the current situation and
perform corrective actions based on the abnormal operating pro-
cedures (AOPs) to return the plant to the normal condition [2].
If the situation is too severe to cope with via AOPs or becomes
worse by improperly implemented AOP operations, the reactor is
shut down and the plant transitions to a hot standby state, which
is called an accident or emergency situation [3].

Most NPPs provide a large volume of AOPs with which op-
erators are able to identify the list of actions to be done and
the procedures to conduct them following the occurrence of an
abnormal event. However, although the expected symptoms of
abnormal events are described in the AOPs, event diagnosis is dif-
ficult even for well-trained operators since there are hundreds of
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possible related events that can occur and thousands of plant pa-
rameters that require monitoring [4]. For instance, the APR1400,
which is the latest NPP developed in the Republic of Korea, has 82
different AOPs, each of which includes multiple sub-procedures
representing different causes for a given system failure, many of
which in turn require different corrective actions [5]. Moreover,
many abnormal events present similar symptoms and involve
multiple alarms, which can also affect each other [2]. Hence, some
symptoms might not be clearly discerned in the AOPs.

These necessitate the development of systematic models and
methods to reduce the time and effort associated with abnormal-
ity diagnosis in NPPs. Highlighting possible avenues for method-
ological adaptation, recent studies have developed data-driven
approaches. For instance, Yao et al. [6] presented a fault diag-
nosis system for an NPP based on a state information-imaging
method by applying kernel principal component analysis (KPCA)
using data obtained from a full-scope simulator. Wang et al. [7]
developed a fault diagnosis technique with regard to tiny leakages
in pipelines in an NPP, based on an integration of knowledge-
based and data-driven methods using sample data containing
major plant parameters extracted from a full-scope simulator.
Tolo et al. [8] proposed an on-line diagnosis tool to identify the
severity of a loss of coolant accident (LOCA) in NPPs based on
the combination of a set of artificial neural networks (ANNs)
that enhances robustness and quantifies the confidence bounds
associated with the prediction. Pinheiro et al. [9] suggested an
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approach to provide “don’t know” response capability to a deep
learning-based system for the NPP accident identification prob-
lem by employing several data-driven methods, such as a particle
swarm optimisation (PSO), autoencoder (AE), and deep one-class
autoencoder (DOCAE).

However, while previous data-driven approaches have proved
quite useful for detecting transients or faults that can lead to
accidents (e.g. LOCA or steam generator tube rupture), they are
not effective in diagnosing abnormal events as specified in AOPs
because these approaches use a limited number of plant param-
eters for specific individual systems. Accidents, in many cases,
present more specific symptoms and have fewer types than ab-
normal events, and thus can be identified by dozens of key plant
parameters. On the contrary though, the number of plant pa-
rameters that should be monitored for abnormal event diagnosis
is over a thousand because of the large number of abnormal
events that can occur and the high variety of causes and symp-
toms. Hence, previous individual system-level analysis should
be extended into plant-level analysis. Another consideration is
associated with the dynamics of NPP states: as the states of indi-
vidual systems in an NPP change from moment to moment, the
differences in state values between timestamps can provide clues
for diagnosing abnormal events [10]. Despite this, most previous
approaches are not effective in modelling such dynamic aspects.
In particular, the computational complexity and cost associated
with existing approaches escalate sharply if dynamic aspects of
individual systems are incorporated into abnormality diagnosis
at the plant-level.

To solve these problems, we develop a convolutional neural
network (CNN) model for abnormality diagnosis in an NPP. CNN
is one of the derivatives of deep neural networks inspired by the
workings of the visual processing system in the human brain,
which only responds to its local receptive field [11]. The network
has shown considerable success in image analysis tasks including
facial recognition [12,13], handwritten character recognition [14],
image semantic segmentation [15], and medical image classifica-
tion [16,17]. The premise of the current research is that CNNs,
with their ability to deal with image data, can be effective in
handling the massive amount of plant data generated in real time
and diagnosing abnormal events, if the data is properly converted
into an image format. Building on this notion, the proposed
approach adopts two-channel two-dimensional (2D) images to
describe NPP state values. Specifically, one channel represents the
current NPP state values, while the other channel represents the
changing patterns of the NPP state values during a prescribed
time period in the past. Consequently, the model is designed to
deal with (1) the massive amount of data that individual systems
generate, and (2) the dynamics of the states of individual systems.

The proposed approach was applied to data generated by a
full-scope simulator. By imitating NPP operation, full-scope sim-
ulators are capable of generating operating history data almost
similar to a real NPP, and they have been widely used for the
training of NPP operators in practice [18,19]. Moreover, while
abnormal events rarely occur in the real world [20], the data de-
scribing NPP state values under abnormal events can be obtained
as many as needed by setting up malfunctions in the simulator.
Thus, it is considered reliable and practical to use the data gener-
ated by the full-scope simulator for abnormality diagnosis in an
NPP. Experimental results confirm, with statistically significant
outcomes, that the proposed approach outperforms other clas-
sification models (namely one-channel CNN, ANN, PCA+ gated
recurrent unit (GRU), and support vector machine (SVM)) in
terms of accuracy and reliability. The proposed model is also
considered robust across different analysis contexts and thus has
the potential to be adopted by actual NPP systems for real-time
diagnosis.
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The remainder of this paper is organised as follows. Section 2
introduces related work on the diagnosis of abnormal events in
an NPP. Section 3 details the proposed approach, and Section 4
presents the experimental settings employed in this study. Sec-
tion 5 reports the performance of the developed model with other
classification models. Section 6 discusses its related practicality
as a tool for real-time abnormality diagnosis in an NPP. Section 7
presents our conclusions.

2. Related work

Over the past few decades, a variety of models and methods
have been proposed to identify the abnormal events in NPPs,
which can mainly be classified into model-based and data-driven
approaches. The model-based approaches in general identify ab-
normal events based on abnormal changes in the residuals, mean-
ing the differences between actual observation and the analyt-
ically calculated values of plant parameters by a mathemati-
cal model [21,22]. These model-based approaches have demon-
strated their usefulness for the identification of abnormal events
in NPPs by adopting various methods including the sequential
probability ratio test (SPRT) [23], neuro-fuzzy networks [24],
or singular-value decomposition (SVD) [25]. However, such ap-
proaches have difficulties to be applied in practice due to their
low performance with complex systems as well as a lack of
robustness in covering a variety of abnormal events [26].

On the other hand, the data-driven approaches based on pat-
tern recognition-related algorithms have been presented as al-
ternatives to the model-based approach. Data-driven approaches
basically try to find the relationships between plant parame-
ters and abnormal events using multivariate statistical methods
or machine learning techniques. As one of the earliest studies,
Horiguchi et al. [27] diagnosed 100 causes of abnormality by
using patterns of 49 plant parameters in the training of an ANN.
Similarly, Santosh et al. [28] examined several optimisation al-
gorithms for an ANN in order to diagnose four representative
transient initiating events, such as moderator heat exchanger
tube failure and shutdown cooling heat exchanger tube failure,
by employing reactor operating parameters in the NPP as inde-
pendent variables for prediction. Zio [29] proposed a hierarchical
SVM structure consisting of a one-class SVM and multi-class SVM
for transient classification in NPP systems. It uses NPP simulator
signals as its input data and predicts five anomaly classes derived
from a transient regarding faults in line 1 of an NPP feedwa-
ter system. In addition, Galbally and Galbally [30] developed a
dynamic time warping (DTW) algorithm-based system for the
automatic classification of nine plant transients, such as reduction
to 0% power or shut down vessel flooding, through the use of
seven plant parameters and boundary conditions extracted from
real operational data of the Cofrentes NPP.

More recently, several improved methodologies have been
proposed by combining multiple machine learning algorithms or
adopting deep learning methods in order to handle more accurate
judgements for various diagnostic situations. In Ayodeji et al. [31],
a knowledge base for an NPP operator support system was pre-
sented based on fault diagnosis using PCA and two different
recurrent neural networks—the Elman neural network (ENN) and
the radial basis network (RBN). They used eight plant parameters
provided by the Qinshan II NPP simulator to diagnose five faults
including steam generator tube rupture and locked rotor fault.
Specifically, the PCA was utilised for filtering noise and reduc-
ing the dimension of the plant parameters, and the recurrent
neural networks were utilised for predicting two output values
indicating the location and the size of each fault. Peng et al. [32]
suggested a fault diagnosis method to deal with seven types of
representative accidents in an NPP, such as LOCA, steam line
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break, or load rejection. They used 36 plant parameters related to
pressure, temperature, or water level obtained from the PCTRAN
NPP simulator, and employed correlation analysis as a dimen-
sionality reduction method and a deep belief network (DBN) as
a classifier for fault identification. Wang et al. [7] presented a
fault diagnosis technique for NPPs that provides high detection
accuracy with a small number of samples by the integration of
knowledge-based and data-driven methods using SVM and PSO.
They collected sample data with major plant parameters from a
full-scope simulator for model training and testing with the aim
to identify small faults in an NPP such as a small leakage in the
cold leg of the reactor coolant system. Yao et al. [6] proposed a
new approach for a fault diagnosis system in an NPP based on a
state information-imaging method by applying KPCA as a feature
extractor and five basic machine learning algorithms, namely
SVM, K-nearest neighbour (KNN), linear discriminant analysis
(LDA), decision tree (DT), and logistic regression (LR), as the
classifier. They utilised a total of 316 plant parameters obtained
from a full-scope simulator of the China Lead-based Research
Reactor (CLEAR). Kim et al. [33] also suggested an abnormality
diagnosis system for determining several abnormal events and
their detailed causes related to the AOPs of the APR-1400 on
the basis of PCA and two-stage gated recurrent unit (GRU). They
extracted 20 features by reducing the dimension of about 1000
plant parameters through the PCA and used them as inputs to
the GRUs.

In line with such studies, some researchers especially focused
on the additional issues that have to be considered for abnormal-
ity diagnosis, such as measuring the severity of an accident or
dealing with unknown or “don’t know” types of abnormal events.
Tolo et al. [8] measured the severity of LOCA in NPPs based on the
combination of a set of ANNs that takes several sources of input
uncertainty (e.g. data noise or model uncertainty) into account.
Nicolau and Schirru [34] presented a methodology on the basis
of the quantum evolutionary algorithm (QEA) for the nuclear
accident identification problem that is able to distinguish un-
known types of accidents from other known accidents in training
scope. Pinheiro et al. [9] suggested auxiliary methods to supply
a previously developed deep neural network-based system for
abnormality diagnosis in NPPs with the ability to generate a
“don’t know” response by applying several algorithms including
PSO or AE.

These recently developed data-driven approaches have con-
tributed to the research on NPP abnormality diagnosis as they
allow us to utilise vast amounts of data obtained from NPP
systems and identify transients or faults of the systems quicker
than human operator judgement. Nevertheless, the approaches
have certain limitations as stated in Section 1. These provide the
underlying motivation and are addressed in this study.

3. Methodology

The overall process of the proposed approach consists of four
stages, as covered in this section. First, the data generation pro-
cess for collecting raw data from an NPP simulator is described.
Second, the data transformation process is detailed, involving the
conversion of raw data into two-channel 2D image data that rep-
resents the NPP state values at a certain time and their changing
patterns. Third, as the main part of the methodology, abnormality
diagnosis via CNN is described in detail. Finally, performance
evaluation is introduced with four quantitative evaluation metrics
for measuring the performance, reliability, and practicality of the
developed model.
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3.1. Data generation

Abnormal situations can be demonstrated by setting up mal-
functions provided in the simulator. A Python programme was
developed to automate the data collection process, as described
below.

e Step 1: Load the initial condition of a plant. Here, the ini-
tial condition is the normal condition in which the plant
operates at 100% power generation without any events. In
this study, only 100% operating normal condition is con-
sidered as the initial condition, yet other initial conditions
(e.g. startup and shutdown operation) can be added by
further simulations for a more robust diagnosis.

e Step 2: Set up malfunctions corresponding to the target ab-
normal event. A malfunction represents a predefined failure
of a component, such as a stuck-open failure of a valve,
abnormal stop of a pump, or leakage of a pipe. Here, we
can model different scenarios for a malfunction by adjusting
the final value of malfunction severity and the amount of
time during which time the malfunction variable gradually
changes from the current value to the final value. Also, there
is a possibility that the power generated by the plant is
reduced to less than 100% depending on the malfunction
injected.

e Step 3: Define the plant parameters to be monitored. The
parameters describe the NPP state values, which include
temperature, pressure, and flow rate, and the states of the
components such as valves and pumps.

e Step 4: Run the simulator. Here, the NPP state values are
accumulated once per timestamp, usually at 1 s intervals.

e Step 5: Freeze the simulator after the designated period.

e Step 6: Save and export the NPP state values after one
abnormal event simulation.

This programme has been utilised in the previous study that
suggested an abnormality diagnosis system employing PCA and
GRU at the same time [33].

3.2. Data transformation

The data obtained in the previous step includes more than a
thousand variables corresponding to NPP state values. The use
of such a large number of variables in building a classification
model not only results in long training times but also requires a
huge number of training samples [35,36]. Several recent studies
have attempted to remedy these shortcomings by representing
their high dimensional data as images to be used as inputs to a
CNN model [37-39]. The structure of CNNs reduces the number of
parameters to be updated by performing convolution and pooling
operations, thereby effectively dealing with high dimensional
data with advantages in saving computational cost and time.
Based on this technique, the approach developed here employs
image data that describe the NPP state values at a certain point
in time and also the changing patterns of NPP state values during
a prescribed time period in the past.

The detailed process of data transformation from raw data
into two-channel 2D images is presented as follows. First, as the
ranges of the variables in the raw data vary from one to another,
the data needs to be normalised. We utilise the min-max feature
scaling method to normalise the data based on the minimum
and maximum values of each variable obtained from the NPP
simulator, as formulated by:

X — Xmin

Xnormalised = m (1)
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The maximum and minimum values of each variable (i.e. plant
parameter) are predefined according to the upper and lower
bounds of the variable derived from the simulation formulas.
Thus, the maximum and minimum values are applied globally
across all data samples, and the data generated from the simu-
lator in principle do not contain any values outside the specified
range [40]. Consequently, we can differentiate two such scenario
data that show the same tendency but have differences in the
values via the global minimum and maximum values. Second, the
normalised scenario data is transformed into a set of square 2D
images. Generally, square 2D images can be more readily handled
than rectangular 2D images. In the case where the number of
variables in the data is not a square number, adding some zero
values enables the data to be converted into a square shape, as
shown in Fig. 1; we note that such a zero-padding scheme does
not affect the performance of the classification model since it
merely adds some dummy information to the data [41]. Third, the
changes in the NPP state values during a prescribed time period
in the past (i.e. time-lag) are captured and converted into a 2D
image in the same manner as above. Examples of these converged
2D images are presented in Fig. 2(a) and (b). Finally, the two 2D
images generated in the second and third steps are overlapped to
construct a two-channel 2D image data, as illustrated in Fig. 2(c).
The images are presented in grey scale, where black and white
pixels indicate zero and one, respectively; here, the images in
Fig. 2 were created using Python library Matplotlib by setting the
colour map to grey scale and 0-1 as the range that the colour
map covers [42]. The procedure is repeated every timestamp from
a point in time after the first prescribed time period to the end
of the designated period to generate two-channel 2D image data
samples used as inputs to the classification model for abnormality
diagnosis.

3.3. Abnormality diagnosis via CNN

The CNN model employed in this study consists of two parts,
feature extraction and classification, as depicted in Fig. 3. Once
the two-channel 2D image data is fed as an input, a series of lay-
ers (i.e. convolution layers and pooling layers) construct feature
maps from the input data. Second, a fully connected layer then
flattens the constructed feature maps and computes classification
scores for each type of abnormal event. The structure of the
proposed CNN model is presented in detail, as follows.

3.3.1. Convolution layer

The convolution layer accepts images from the previous layer
(i.e. input images) and constructs feature maps through a con-
volution operation that applies trainable filters across the trans-
ferred image. Filters in the convolution layers are a square matrix
of a certain size consisting of weights to be updated during the
training process. Each filter shares weights and performs a con-
volution operation by sweeping through the image transferred
from the previous layer, multiplying the matrix corresponding
to each element of the image, and adding them together. In
the convolution operation, the size of the feature maps to be
constructed is determined by the size of the filter, and the depth
(i.e. the number of channels) of the feature maps is decided by
the number of filters corresponding to the number of channels in
the convolution layer.

Fig. 4 displays an example of the convolution operation con-
sisting of three components assumed to be a square matrix: input
image, filter, and output image. In Fig. 4, the input image is
represented as I € RM*Ni_ where M; and N; indicate the sizes
of the input image, which are the number of rows and columns,
respectively. Likewise, the output image (i.e. feature map) is
represented as O € RM*Ne where M, and N, indicate the size of

Applied Soft Computing Journal 99 (2021) 106874
the output image. The filter is expressed as F € RM >N, where F

indicates the size of the filter. Then, the output value is calculated
as Eq. (2):

M N
0 (Mg, ne) = Y > f(my.my) -i(mi+my, mi+ny), where

mf:Onf:O
m,=0,1,...,M,;;n,=0,1,...,N,;
m=0,1,...,M;;n; =0, 1, ..., Nj, asindexes (2)

In the equation, o (-, -) is each value of the output image, f (-, -)
is each weight of the filter, and i (-, -) is each value of the input
image. Each filter sweeps the input image with a certain amount
of stride, and thus the size of the output image is naturally
determined by:
(Ni — Ny)
S

M, = 7(1\/11 Mf) + 1IN, =

S
In general, the output of each convolution layer passes through an
activation function in order to give non-linearity to the network
before entering the next layer. For this, we employ a rectified lin-
ear unit (ReLU) as the nonlinear activation function, as formulated
in Eq. (4):

f (0 =max (0, x) (4)

+ 1, whereSisstride  (3)

3.3.2. Pooling layer

A pooling layer conducts down-sampling to reduce the spa-
tial size of the feature maps, thereby decreasing the number of
parameters and preventing overfitting. This layer utilises a filter
in a similar manner to the convolution layer, but the filter in
the pooling layer differs in that it resizes the image spatially
without any weight to be trained. There are two typical types of
pooling operation, namely max pooling and average pooling. Max
pooling chooses the maximum value in a sliding window, while
average pooling takes the average value over the sliding window.
As mentioned in Section 3.2, the second channel of the two-
channel 2D image represents the amount of changes in the NPP
state values during a prescribed time period. Generally though,
NPP state values rarely change in the normal state and only a
few plant parameters show fluctuation even in an abnormal state.
That is, most values of such images are close to zero, except for
a few large values. In this context, we employ max pooling for
better capturing the change in state values since average pooling
can cause substantial information loss [43]. With the max pooling
operation, applying a 2 x 2 filter with a stride of 2, for example,
will result in 75% of the values of the input image being discarded.
Then, the remaining values (i.e. maximum values in each sliding
window) are delivered into the next layer.

3.3.3. Fully connected layer

A fully connected layer usually serves as the last hidden layer
in a CNN and carries out a classification task using the feature
maps extracted from the previous layers. After several convolu-
tion and pooling layers, the 2D feature maps are firstly flattened
into a one-dimensional vector as an input to be connected to
the last layer. Subsequently, the fully connected layer computes a
classification score for each output (i.e. the predicted probabilities
for each abnormal event and normal state in an NPP) through
a matrix multiplication of the feature maps and weights in the
layer, in the same manner as the hidden layers of a traditional
artificial neural network. Here, a softmax function is used as
the activation function in this layer for converting the output
values into a probability distribution over the predicted labels, as
formulated in Eq. (5):

"

— 1 wherei=0,1,...,k (5)
D im0 €XP (%i)
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1,024
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32

Converted data

Fig. 1. Example of adding zeros.

(a) Image for the NPP state values at a certain point in time

(b) Image for the changing patterns of NPP state values

(c) Overlapped two-channel 2D image

Fig. 2. Example of the result of data transformation. (a) Image of the NPP state values at a certain point in time. (b) Image of the changing patterns of NPP state

values (c) Overlapped two-channel 2D image.
3.4. Performance evaluation

Considering that abnormality diagnosis in an NPP is a multi-
class classification problem, several performance evaluation met-
rics are examined to assess the performance of our approach after
a confusion matrix is constructed. First, we measure the accuracy
per class and the overall accuracy of the developed model as
defined in Eqgs. (6) and (7) [44,45]:

tpi + tn;

Accuracy; = 6
v Jpi + fri + tp; + f; (€)

l tpi+tn;
i=1 fpi+fni+tpi+fn; )
l

Here, true positive (tp;), true negative (tn;), false positive (fp;), and
false negative (fn;) for class i represent, respectively, the number
of positive examples correctly classified, the number of negative
examples correctly classified, the number of negative examples
wrongly classified as positive, and the number of positive ex-
amples wrongly classified as negative. The number of classes is
L.

Overall accuracy =
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Convolution Convolution Fully connected
w/ ReLU Pooling w/ ReLU Pooling w/ Softmax
=
- ~— :
G =0
0 | | .
Flattened Output
Input data Feature maps Feature maps Feature maps Feature maps

feature maps (Classification scores)
I )

Feature extraction

Classification

Fig. 3. Overall structure of the proposed CNN model.

i(0,N;)

Input I

Fig. 4. Example of the convolution operation.

Second, we calculate precision, recall, and F1 score to assess
reliability and practicality [46]. Precision is the fraction of true
positive results among all results classified as positive, as in
Eq. (8), while recall is the fraction of true positive results among
the results that should have been returned, as in Eq. (9). Typically,
a high precision value indicates that the classification result is
consistently reliable, while a high recall value represents that
the model has a lower risk of misclassifying the positive events.
Lastly, the F1 score is a measure of the general effectiveness of the
model with respect to the classification of positive events, defined
as the harmonic average of precision and recall, as in Eq. (10).
Values in this measure range between 0 (poor classification) and
1 (perfect classification). The overall measure of these metrics can
also be calculated in the same way as the overall accuracy.

tp;

Precisionj = ———— 8
"ty + fpy ®
tn:
Recall, = — 21 9)
tp; + fn;
precision - recall
F1 score =2 - (10)

precision + recall
4. Experimental setting
4.1. Data

This study used a 3KEYMASTER full-scope simulator for data

collection. This simulator is designed for a generic 1400 MWe
pressurised water reactor, named the Advanced Power Reactor

1400 (APR-1400) that is currently in operation in Shin Kori units
3 and 4 in the Republic of Korea, and includes (1) primary, (2)
secondary, and (3) support and safety systems [19,33,40]. Accord-
ingly, the simulator covers almost all components and functions
of the real NPP systems, with the symptoms and conditions of
simulated abnormal operating scenario matching those based
on the AOPs of the real NPP. Moreover, the simulator meets
the requirements of “Nuclear power plant simulators for use in
operator training and examination” from the American National
Standards Institute (ANSI) [47] and thus has been used to train
NPP operators to handle abnormal events that rarely occur in
the real NPP [19,20]. Therefore, the model developed using the
data generated by the simulator can be deployed in practice. In
the process of data collection, the developed Python programme
mentioned in the previous section was used; while no licence
is required to use the programme, it is not publicly available in
practice since the programme only works in conjunction with the
simulator, which is commercialised.

In addition to the normal state, a total of 10 abnormal events
were selected to cover the entire scope of the NPP, as shown
in Fig. 5. The chosen events are considered more significant
than others in terms of occurrence probability or consequence;
descriptions of the abnormal events are summarised as follows.

(1) Primary system abnormalities:

e POSRV: Leakage of the pilot-operated safety relief valve that
depressurises the reactor coolant system;

e LTDN: Abnormality in the letdown water system that con-
trols the reactor coolant system inventory;
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e CHRG: Abnormality in the charging water system that con-
trols the reactor coolant system inventory;

e RCP: Abnormality in the reactor coolant pumps that circu-
late coolant in the primary system.

(2) Secondary system abnormalities:

e SGTL: Leakage of tubes inside steam generators;

e CDS: Abnormality in the condenser vacuum for the cooling
steam transferred from the steam generators;

e MSS: Abnormality in the main steam system that provides
steam to the turbines;

e CWS: Abnormality in the circulating water system that fil-
ters water before it is pumped to and through the condenser.

(3) Support and safety system abnormalities:

e RMW: Valve abnormality in the reactor makeup water tank
that provides coolant to the volume control tank in emer-
gency situations;

e MSIV: Abnormality in the main steam isolation valve that
isolates the main steam in emergency situations.

In particular, the chosen abnormal events can be caused by a
wide range of components in an NPP, rather than being closely
connected to some specific system. Therefore, we utilised a total
of 1004 plant parameters covering almost all components of NPP
in order to deal with these events simultaneously. By and large,
the plant parameters have different trends of values depending
on the state of the NPP. As an example, by following the data
generation and transformation procedures in Sections 3.1 and 3.2,
we visualised the changing patterns of NPP state values under
Normal state, LTDN and CHRG abnormal event scenarios 10 s after
the simulation started, as shown in Fig. 6(a)-(c). While NPP state
values hardly change under the Normal state, there exist several
plant parameters that change significantly under the LTDN and
CHRG events. For instance, the two prominent consecutive pixels
on the upper left of Fig. 6(b) correspond to the plant parameters
related to speed sensors, named ‘TCSST1D’ and ‘TCSST1E’, and the
light grey pixel on the upper right corner of Fig. 6(c) corresponds
to the plant parameter related to a departure from nucleate
boiling ratio channel, named ‘RPS_04_C". Such differences can be
the basis for the proposed model to identify each abnormal event
at the model training stage.

As stated earlier, the trend of the NPP state values for each
scenario varies depending on the severity of the abnormal event
and the time the abnormality has been reached. For example, if
the malfunction for the SGTL abnormal event is injected with the
malfunction severity value of 0.1 and the ramp time of 10 s, the
malfunction variable gradually changes from the initial condition
to the 10% severe SGTL abnormal condition during 10 s. To
construct a dataset describing different trends, the NPP simulator
generated 300 different scenarios for each abnormal event with
different combinations of the malfunction severity value in the
range of 0.5% to 95% and the ramp time in the range of 10 s to 30
s. Accordingly, the dataset comprised 3300 total scenarios; here
we used the same number of scenarios for each abnormal event
and the normal state in order to avoid the imbalanced dataset
problem that causes poor classification performance [32]. Each
scenario included NPP state values during 30 s after the simulator
started, with the 1004 numerical variables. Thus, all scenario
data after generation have the shape of a (30, 1004) matrix, in
which each row represents the corresponding NPP state values
at each timestamp (i.e. 1 s) after an abnormal event simulation.
Then, each scenario data was normalised by the min-max feature
scaling method, and transformed into a 32 x 32 2D images by
adding 20 zeros to each row of the data. Finally, we set up 5
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s as the time-lag value to obtain the changing patterns of NPP
state values, and the two-channel 2D image data samples were
constructed for each scenario data, by overlapping two images
that describe the NPP state values at each timestamp and the
changing patterns of NPP state values for 5 s. As a result, 25
(=30 — 5) samples were drawn for each scenario data, and thus
a total of 82,500 (=3300 x 25) samples were obtained for the
entire dataset. These were used as the inputs of the proposed
CNN model. Here, the time-lag value may affect the model per-
formance. The shorter the time-lag is set, the greater the number
of samples and the faster the diagnosis is, while the longer the
time-lag is set, the longer it takes to diagnose and the smaller the
number of samples is. However, the model with longer time-lag
value may be advantageous for modelling the changing patterns
of NPP state values since some plant parameters change slowly
and many plant parameters affect each other. Thus, we inves-
tigate the effect of different time-lag values on the diagnostic
performance of the proposed model through a further experiment
in the following section.

For a thorough performance evaluation, we used the following
model selection framework including dataset split and stratified
k-fold cross validation. First, we left 10% of all samples out of
the whole dataset for testing. Second, we applied stratified k-
fold cross validation to the remaining 90% of the samples for
hyper-parameter selection. In this step, the dataset was divided
into k groups, and for each group, a model was trained by taking
the remaining k — 1 groups as training data and evaluated using
the selected group as validation data. To avoid bias, in the first
and second step we randomly sampled the data while maintain-
ing the distribution of abnormal events. Finally, we adopted the
best model, with the optimal combination of hyper-parameters
based on the cross validation, and verified it using the remaining
test dataset to obtain the final result of performance evaluation.
Through this procedure, we can examine how the developed
model performs in the scenarios never used in the training. More-
over, as the performance of the model is sensitive to the number
of folds in the k -fold cross validation, we conducted a sensitivity
analysis on the value of k from 5 to 10. There were no significant
differences in the results over the six values of k, as reported
in Appendix A. Accordingly, for the convenience of analysis, we
determined 5 as the value of k for the cross validation.

4.2. Hyper-parameter selection

The proposed CNN model consists of two alternating convolu-
tion and pooling layers and one fully connected layer in order to
conduct the feature extraction and classification tasks, with both
pooling layers having a 2 x 2 pooling filter with a stride of 2.
This model structure follows the standard CNN setup that has
been confirmed to work well on a wide range of classification
problems by several studies using data-driven approaches [48].
To ascertain the most suitable settings of the developed CNN
model, hyper-parameters other than the size and stride of the
pooling layer filters—namely, the number of filters in each convo-
lution layer, the size of each convolution filter, and the number of
neurons in the fully connected layer—were determined by a grid
search experiment that explores how classification performance
varies by different hyper-parameter values. First, candidates for
the number of filters in the two convolution layers were set
as three pairs: 8-16, 16-32, and 32-64 in the first and second
convolution layers, respectively. Second, candidates for the size
of the convolution filters were set to two square fields: 2 x 2
and 3 x 3 for each convolution layer. Lastly, candidates for the
number of neurons in the fully-connected layer were set to 50
and 100. We built several CNN structures by applying every
combination of the three hyper-parameters, trained them over
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(1) POSRV

Fig. 5. Schematic diagram of the APR1400 with the locations of the ten selected system abnormalities.

(2)

(©

Fig. 6. Images of the NPP state values under Normal, LTDN and CHRG scenarios. (a) Image of the changing patterns of Normal scenario at 10 s after the simulator
started (b) Image of the changing patterns of LTDN scenario at 10 s after the simulator started (c) Image of the changing patterns of CHRG scenario at 10 s after

the simulator started.

30 s with the data collected and transformed in the previous
section, and obtained multiple classification performances with
respect to the 5-Fold cross validation. With regard to a method for
model training, generally the weights to be updated in each layer
are estimated via backpropagation algorithms using a gradient
descent method, which updates the weights by calculating the
derivatives of a loss function with respect to the weights of
the network. Specifically, we used categorical cross entropy as
the loss function and the adaptive moment estimation (Adam)
algorithm, which is known as an extension of the stochastic gra-
dient descent method, as an optimiser for updating weights [49].
Results of the hyper-parameter selection process are presented in
Table 1. Although there were no notable differences among the 12
total combinations of hyper-parameters, the CNN structure that
applied 32-64 as the number of filters in the two convolution
layers, 2 x 2 as the size of the convolution filters, and 100
as the number of neurons in the fully-connected layer showed
the highest averaged classification performance metrics for the
validation dataset. Hence, in the following comparative analysis
and robustness test, the model with the best combination of
the hyper-parameters identified through the cross validation was
used.

5. Results

According to the experimental settings specified in Section 4,
we conducted a comparative analysis between the two-channel
CNN model and other major classification models used in previ-
ous studies, namely one-channel CNN, ANN [1,27,28,50],

PCA+GRU [33], and SVM [29,51] to evaluate the performance
of the developed model. For a fair comparison, the one-channel
CNN was constructed in the same manner as the developed
CNN model, except that it employed one-channel 2D images
describing the current NPP state values as its input data. The
ANN was developed after the network structure of [1] as its
results show adequate performance. Similar to [33], a PCA+GRU
method was constructed with the PCA acting as the feature
extractor and the GRU acting as the classifier. In particular, GRU
requires sequential data of a certain length, so its sequence length
is set to 5 to employ the samples composed of 5 s intervals
from each scenario data as its input. The SVM tested in this
study was based on [51], except that here we applied the one-
against-one method to implement multi-class classification [29].
For fair hyper-parameter selection and performance evaluation,
we applied the same model selection and training framework
to the aforementioned five classification models. Particularly in
the dataset split and cross validation process, we set the same
random state value for the random sampling so that the training,
validation, and test dataset have the same distribution for every
model. By the aforementioned model selection framework, we
explored various configurations of the latter three models and
selected the hyper-parameters that showed their best perfor-
mances: five hidden layers of 128, 128, 64, 32, and 16 neurons in
the ANN, one layer of 100 neurons in the GRU, and the radial basis
function kernel in the SVM. During model training, we noticed
that the SVM took 10 to 20 times longer to learn than other
models, and thus we concluded that it was unrealistic to train it
with the entire set of samples. Accordingly, for training the SVM,
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Table 1
Results of the hyper-parameter selection process.
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Number of filters in Number of filters in Filter =~ Number of neurons Accuracy  Precision  Recall F1 score
the first layer the second layer size in the FC layer
8 16 2 50 0.9992 0.9960 0.9959 0.9959
8 16 2 100 0.9987 0.9933 0.9931 0.9931
8 16 3 50 0.9982 0.9906 0.9900 0.9900
8 16 3 100 0.9977 0.9882 0.9874 0.9875
16 32 2 50 0.9991 0.9949 0.9948 0.9948
16 32 2 100 0.9986 0.9926 0.9923 0.9924
16 32 3 50 0.9991 0.9952 0.9950 0.9950
16 32 3 100 0.9987 0.9929 0.9927 0.9927
32 64 2 50 0.9992 0.9959 0.9958 0.9958
32 64 2 100 0.9993 0.9961 0.9960 0.9960
32 64 3 50 0.9987 0.9930 0.9927 0.9927
32 64 3 100 0.9989 0.9940 0.9938 0.9938
Table 2 Table 3
Performance evaluation metrics for the developed two-channel CNN. Performance evaluation metrics for the one-channel CNN.
Class Accuracy Precision Recall F1 score Class Accuracy Precision Recall F1 score
Normal 0.9981 0.9791 1.0000 0.9894 Normal 0.9269 0.5551 0.9856 0.7102
SGTL 0.9994 1.0000 0.9933 0.9967 SGTL 0.9690 0.7650 0.9511 0.8479
CHRG 0.9994 0.9934 1.0000 0.9967 CHRG 0.9746 0.9669 0.7467 0.8426
LTDN 1.0000 1.0000 1.0000 1.0000 LTDN 0.9960 1.0000 0.9556 0.9773
CDS 1.0000 1.0000 1.0000 1.0000 CDS 0.9888 0.9901 0.8856 0.9349
POSRV 1.0000 1.0000 1.0000 1.0000 POSRV 0.9925 1.0000 0.9178 0.9571
RMW 0.9992 1.0000 0.9907 0.9953 RMW 0.9978 0.9989 0.9767 0.9876
CWS 0.9996 1.0000 0.9960 0.9980 CWS 0.9762 1.0000 0.7378 0.8491
MSIV 1.0000 1.0000 1.0000 1.0000 MSIV 0.9980 1.0000 0.9778 0.9888
RCP 0.9993 1.0000 0.9920 0.9960 RCP 0.9881 1.0000 0.8689 0.9298
MSS 1.0000 1.0000 1.0000 1.0000 MSS 0.9738 0.9052 0.7956 0.8468
Overall 0.9995 0.9975 0.9975 0.9975 Overall 0.9801 0.9256 0.8908 0.8975
Table 4
we used only 10% of randomly sampled data from the training ~ Performance evaluation metrics for the ANN.
dataset apart from the test dataset. We implemented all classi- Class Accuracy Precision Recall F1 score
fication models and the two-channel 2D image transformation Normal 0.8241 0.3344 0.9433 0.4937
method in a Python 3.6 environment with Keras and scikit-learn Zig-c g-ggg? g-gig; 82;;; 8?%3
modules. We utilised four GPUs for multi-GPU computing in the y y g g
. . . LTDN 0.9886 0.9852 0.8878 0.9340
training process and set the batch size to 128 for each training cDs 09882 09975 08722 0.9306
epoch in the neural network models. POSRV 0.9858 0.9987 0.8444 0.9151
Tables 2-6 present the performance evaluation results of the RMW 0.9853 0.9446 0.8900 0.9165
developed model and the four other major models, respectively. CWS 0.9667 0.9948 0.6367 07764
o MSIV 0.9854 0.9029 0.9400 0.9211
Overall, it is noteworthy that the developed two-channel CNN RCP 0.9866 0.9936 0.8578 0.9207
model shows far better performance in all performance evalua- MSS 0.9525 0.8402 0.5900 0.6932
tion metrics compared to the other classification models, except Overall 0.9598 0.8754 0.7789 0.8017
the PCA4+GRU approach. While the results of the ANN and SVM
approaches represent an average of nearly 96% accuracy, their Table 5
precision, recall, and F1 scores were relatively low with large vari- Performance evaluation metrics for the PCA4+GRU.
'?'rl‘llcis ai\cNol\IlnpadreSde\z the CNN_bised l()l;,lGRU_CIID?JS,ed prlroa.cfhes’ Class Accuracy Precision Recall F1 score
at is, an can generate volatile and biased classifica-
i Its. Althoush th & h 1 CNN had a d t level Normal 0.9976 0.9753 0.9987 0.9868
ion results. Althoug e one-channe ad a decent leve SGTL 0.9970 0.9690 0.9987 09836
of classification accuracy, it showed lower performance in the CHRG 0.9968 0.9986 0.9667 0.9824
classification of the normal state than the abnormal states, which LTDN 1.0000 1.0000 1.0000 1.0000
is likely to result in a type 1 error in NPP abnormality diagnosis. cDs 0.9999 0.9987 1.0000 0.9993
On the other hand, while demonstrating superior performance POSRV 0.9998 1.0000 0.9973 0.9987
d to other classification models, the PCA4+GRU approach RMW 09999 1.0000 09987 09993
compadred 1o 0 , ! Pprod cws 0.9972 1.0000 0.9693 0.9844
showed a slightly lower level of performance in every evaluation MSIV 1.0000 1.0000 1.0000 1.0000
metric than the developed two-channel CNN model. In spite of its RCP 0.9992 0.9908 1.0000 0.9954
similar performance though, the PCA4+GRU approach takes con- MSS 0.9999 0.9987 1.0000 0.9993
Overall 0.9988 0.9937 0.9936 0.9936

siderable time to conduct PCA, and thus it is less time-efficient.
In summary, given that the F1 scores for the developed model
are at or close to 1 with little variation between them, we can
confirm that the two-channel CNN model achieved a near-perfect
performance as well as unbiased classification results.

The performance may vary with the context of analysis. For
this reason, we conducted two additional tests using different
time-lag values and different output variables to assess the ro-
bustness of the developed model. In the first test, time-lag values
were increased from 5 s to 10 s and 20 s; Table 7 exhibits the

performance evaluation results. The developed model provided
the best performance when the time-lag was set to 20 s. Such
results seem to come from the fact that the model might capture
more information about changes in the plant parameters during
longer time-lag value compared to the shorter time-lag value,
although the number of data samples obtained by setting the
time-lag to 5 s (82,500 samples) was greater than by setting the
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Table 6

Performance evaluation metrics for the SVM (10% sampling).
Class Accuracy Precision Recall F1 score
Normal 0.9079 0.4960 0.8222 0.6187
SGTL 0.9661 0.8169 0.8078 0.8123
CHRG 0.8795 0.3904 0.5800 0.4667
LTDN 0.9745 0.9538 0.7567 0.8439
CDS 0.9836 0.9446 0.8711 0.9064
POSRV 0.9932 0.9988 0.9267 0.9614
RMW 0.9898 0.9385 0.9500 0.9442
CWS 0.9688 1.0000 0.6567 0.7928
MSIV 0.9809 0.8684 0.9311 0.8987
RCP 0.9525 0.8909 0.5444 0.6759
MSS 0.9712 0.8917 0.7778 0.8309
Overall 0.9607 0.8355 0.7840 0.7956

Table 7

Performance evaluation metrics for the developed two-channel CNN model with
different time-lag values.

5s 10 s 20 s
Accuracy 0.9995 0.9999 1.0000
Precision 0.9975 0.9994 1.0000
Recall 0.9975 0.9994 1.0000
F1 score 0.9975 0.9994 1.0000
Table 8

Performance evaluation metrics for the developed two-channel CNN model with
19 sub-procedures (time-lag = 5 s).

Class Accuracy Precision Recall F1 score
Normal 0.9994 0.9894 1.0000 0.9947
SGTL 0.9998 0.9987 0.9973 0.9980
CHRG [LN] 0.9997 0.9987 0.9960 0.9973
CHRG [PM] 0.9999 0.9973 1.0000 0.9987
CHRG [WV] 0.9999 0.9987 1.0000 0.9993
LTDN [LN] 1.0000 1.0000 1.0000 1.0000
LTDN [VV] 1.0000 1.0000 1.0000 1.0000
CDS 1.0000 1.0000 1.0000 1.0000
POSRV 1.0000 1.0000 1.0000 1.0000
RMW |[LL] 0.9997 1.0000 0.9947 0.9973
RMW [LH] 1.0000 1.0000 1.0000 1.0000
CWS [LN] 1.0000 1.0000 1.0000 1.0000
CWS [VV] 1.0000 1.0000 1.0000 1.0000
CWS [PM] 1.0000 1.0000 1.0000 1.0000
MSIV 1.0000 1.0000 1.0000 1.0000
RCP [LC] 0.9997 1.0000 0.9947 0.9973
RCP [SD] 1.0000 1.0000 1.0000 1.0000
MSS [VV] 1.0000 1.0000 1.0000 1.0000
MSS [LN] 1.0000 1.0000 1.0000 1.0000
Overall 0.9999 0.9991 0.9991 0.9991

time-lag to 20 s (33,000 samples). In addition, it should be noted
that although the performance of the developed model witha 5 s
time-lag was slightly lower than those with 10 and 20 s time-lags,
results demonstrate that almost all samples were classified into
the correct abnormal states even with the 5 s time-lag. In other
words, we can conclude that the developed model is robust across
different time-lag values.

In the second test, considering that each abnormal event in-
cludes multiple sub-procedures representing different causes for
the given abnormal event, we tested the two-channel CNN again
using a total of 19 sub-procedures as its output values; Table 8
gives the performance evaluation results of this test. Although
the precision deteriorated slightly in the classification of the
normal state, results in general show that the developed model
achieved adequate performance in the classification of the 19
sub-procedures. In summary, the results of the robustness tests
indicate that the developed two-channel CNN model is robust
across different contexts of analysis, including time-efficient ab-
normality diagnosis as well as the ability to handle up to dozens
of abnormal events.
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6. Discussion

To be applied to a real NPP system and give practical assistance
to operators, any abnormality diagnostic model must have the
ability to classify abnormal events and the normal state in real-
time with high reliability. Regarding the abnormality diagnosis
as a classification problem, the reliability can be defined as the
highest probability that the model predicted among the outputs.
However, the results of our experiments were limited to classifi-
cation using a dataset prepared beforehand, so a problem remains
as to whether the performance of the developed model can be
maintained during real-time diagnosis or not. Moreover, our ex-
periments examined classification performance only without any
measure of the reliability of the results showing how confident
the model provides classification results.

To better examine the practicality of the developed model, we
conducted additional experiments that assessed the performance
of the pre-trained two-channel CNN model and the reliability
of its classification results for longer NPP simulator operating
data. To this end, we additionally collected 3 min of scenario
data that were not utilised in the model training or performance
evaluation, and let the developed CNN model diagnose the ab-
normal events of the newly collected scenarios. The results of
the additional experiment demonstrated that the model was able
to almost perfectly diagnose the abnormal events for the new
samples containing scenario data after 30 s of simulation; Fig. 7
presents some of the results as graphs of the reliability for the
additional 3 min scenario samples, where each line corresponds
to the reliability value of each NPP state predicted by the model.
In Fig. 7(a), which shows the prediction result for the normal
sample, the model has almost correctly diagnosed the normal
state, but has confused the normal state with the RCP abnormal
event over the range of 50 s to 75 s. One possible cause of this
confusion is the scope of the training data, which was limited to
30 s after the simulation started. For example, the trend of the
normal state and the RCP abnormal event may be similar in the
range of 50 s to 75 s. At this point, the model will diagnose based
on existing trends learned from the data earlier than 30 s only,
which can confuse these two states. On the other hand, Fig. 7(b)-
(d) represent the prediction results for the POSRV, CHRG, and
RMW samples, respectively. In the three graphs, the model al-
most perfectly diagnosed each abnormal event with at least 80%
reliability over the entire time period. Overall, with relatively
high reliability, the developed two-channel CNN model correctly
diagnosed the abnormal events and normal state for the scenario
data after 30 s. Thus, the results of this additional experiment
confirm that the developed model has the potential to be used as
an operator support system for real-time abnormality diagnosis
in the real NPP systems. Of course, this experiment does not guar-
antee that the developed model will show stable performance for
a variety of situations not covered in this study. For example, for
NPP operation at less than 100% power generation, the normal
state can be misclassified as abnormal. Moreover, it is also pos-
sible that the model doubts the normal state in some cases, as
exemplified in Fig. 7(a). In this context, to further improve the
robustness of the developed model for real-time diagnosis, we
need to collect additional data related to such different situations
for further model training in future studies.

7. Conclusion

This study developed a convolutional neural network model
for abnormality diagnosis in NPPs. The main principle is that
CNNs with their ability to deal with image data can be effec-
tive in handling the massive amount of data generated in real
time in an NPP [38]. With this consideration, the proposed ap-
proach adopts two-channel 2D images: one channel represents
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Fig. 7. Graphs of reliability for the predicted NPP states along time (a) Normal state (b) Abnormal event POSRV (c) Abnormal event CHRG (d) Abnormal event RMW.
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the current NPP state values, and the other channel represents
the changing patterns of the values over a prescribed time period.

Experimental results from a full-scope simulator confirmed
that the developed two-channel CNN model outperforms other
classification models in terms of accuracy and reliability. The
developed model showed almost perfect performance, especially
with a 20 s time-lag, and it was also found to be robust ac-
cording to different analysis contexts. Moreover, the additional
experiment demonstrated the great ability of our approach for
online diagnosis of abnormal events. Therefore, the developed
two-channel CNN model is expected to serve as a real-time oper-
ator supporting system to reduce the time and effort associated
with abnormality diagnosis in NPPs.

Despite the confirmed validation, this study has limitations
that should be addressed by future research. First, this study
relies only on the data generated by the simulator, although it is
considered reliable and the developed model can be deployed in
practice without any further training or modification. However,
the performance of the model should be assessed by using the
data obtained from the real NPP systems since safety is given
as the top priority and any misclassification may lead to huge
public and economic loss. Second, only 10 abnormal events were
considered among 82 possible events, although they were re-
lated to various components across the plant. Further testing
on different types of abnormal events is essential to confirm
the validity of the two-channel CNN model. Third, the proposed
approach only focused on diagnosing abnormal events in an
NPP, and thus is not intended to provide information about the
proper corrective actions to be performed. The current predictive
approach should thus be extended to prescriptive approaches,
for which reinforcement learning techniques could be useful.
Finally, the developed model was not trained to handle multiple
abnormal events in one scenario or answer “don’t know” for an
untrained scenario. In real NPP systems, once abnormal behaviour
is detected, more than one abnormal event often occurs at the
same time. In such situations, operators need to make a quick
and accurate judgement as to the cause of the abnormality. Thus,
the proposed model, as an operator support system for real-time
abnormality diagnosis, must actively consider these issues. In
future research, they are expected to be solved by changing the
output of the model as follows. By employing a sigmoid instead
of softmax as the activation function, the model could predict a
value between 0 and 1 for each class, and thus the output can
be regarded as individual reliability for each normal or abnormal
event. Accordingly, the model will be able to perform multi-label
classification by setting thresholds for predictions, such as 0.5. In
this context, for data samples in which the model predicts values
above the threshold for two or more classes, they will be judged
to be multiple abnormal events. On the other hand, for other data
samples in which the model predicts values below the threshold
for every class, they will be labelled as “don’t know”.
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