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A B S T R A C T   

Diagnostic support systems are being researched to assist operators in identifying and responding to abnormal 
events in a nuclear power plant. Most studies to date have considered single abnormal events only, for which it is 
relatively straightforward to obtain data to train the deep learning model of the diagnostic support system. 
However, cases in which multiple abnormal events occur must also be considered, for which obtaining training 
data becomes difficult due to the large number of combinations of possible abnormal events. This study proposes 
an approach to maintain diagnostic performance for multiple abnormal events by training a deep learning model 
with data on single abnormal events only. The proposed approach is applied to an existing algorithm that can 
perform feature selection and multi-label classification. We choose an extremely randomized trees classifier to 
select dedicated monitoring parameters for target abnormal events. In diagnosing each event occurrence inde
pendently, two-channel convolutional neural networks are employed as sub-models. The algorithm was tested in 
a case study with various scenarios, including single and multiple abnormal events. Results demonstrated that 
the proposed approach maintained diagnostic performance for 15 single abnormal events and significantly 
improved performance for 105 multiple abnormal events compared to the base model.   

1. Introduction 

Each system in a nuclear power plant (NPP) consists of hundreds of 
components that are required to perform its given function. A mal
function or abnormality occurring in any of these components can cause 
the related system to fail, and if the abnormal event is exacerbated, the 
reactor may shut down and result in an emergency situation. As emer
gency situations in NPPs can create economic loss by halting electricity 
production and also threaten safety, it is important that the operators in 
the main control room mitigate abnormal events to avoid such out
comes. Operators must recognize an abnormal event within a given time 
based on information from key monitoring parameters and alarms and 
follow appropriate measures given in abnormal operating procedures 
[1]. These tasks mostly rely on their experience and skill. The abnormal 
event diagnostic process can be highly burdensome, which makes this 
process directly related to NPP safety. Therefore, developing a model 
with a diagnosis function as part of an operator support system can be 
helpful for improving NPP safety. 

Abnormal events can occur in many various ways in actual NPPs, 
including not only the well-studied single events but also cases with 

multiple occurrences, or multi-abnormal events, which are more com
plex to diagnose. As an example of this complexity, multiple failures 
occurring in related systems such as the letdown line and the charging 
line can produce similar monitoring parameter changes. In addition, 
multiple failures simultaneously occurring in unrelated systems can 
produce complex monitoring parameter changes. That is, parameter 
changes in multi-abnormal events may differ from the alarms and 
symptoms described in the related abnormal operating procedures. 
These situations require a high-level diagnosis ability of operators. 
Accordingly, for an operator support system to perform its intended role 
in actual NPPs, diagnosis models have to maintain stable performance in 
situations with multi-abnormal events, despite their low probability. 

Deep learning models applied to classification problems in many 
industries need sufficient training data for each target label to achieve 
high performance in classification [2]. In the case of the nuclear field, 
the target labels correspond to the target abnormal events, for which 
event diagnosis models likewise need to acquire sufficient data to ach
ieve high diagnostic performance. Therefore, it could be thought that 
model training would require data for all possible combinations of 
abnormal events to diagnose multi-abnormal events reliably. However, 
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the total number of combinations of abnormal events increases expo
nentially every time a label for one event is added, making it impractical 
to simulate a sufficient number of scenarios to produce the required 
amount of training data. In addition, as the amount of data increases, the 
burden on the model training also increases. The purpose of this study is 
to solve these problems by training a diagnosis model with a dataset 
consisting of only single abnormal events to have high diagnostic per
formance for untrained scenarios targeting multi-abnormal events, 
thereby removing the need to train multi-abnormal events. 

This paper proposes an approach to achieve the diagnosis of two 
abnormal events occurring simultaneously by considering each event 
independently. First, feature selection is conducted applying an extra 
trees (or extremely randomized trees) classifier to select key parameter 
sets that are needed to diagnose each target abnormal event. Next, for 
multi-label classification, sub-models are trained by preprocessing all 
training data to include only the key parameter sets selected for specific 
target abnormalities. The trained sub-model set conducts binary classi
fication for the occurrence of each target event. With this approach, we 
find an improved diagnostic accuracy of cases with multi-abnormal 
events. Based on the diagnosis improvements from the proposed 
approach, we expect that future operator support systems can cope with 
more various situations to secure stable NPPs. 

The rest of this paper is organized as follows. Section 2 introduces the 
related background including recent trends in diagnosis model research 
and the need for multi-abnormal event diagnosis models. Section 3 de
scribes the multi-abnormal event diagnosis framework using single 
abnormal event data, Section 4 introduces the case study of our work, 
and Section 5 presents the case study results showing high diagnostic 
performance from our approach as well as optimization steps. Sections 6 
and 7 respectively discuss the results and summarize the conclusions of 
this study. 

2. Background 

This section introduces earlier studies on NPP state diagnosis applied 
with deep neural networks. In addition, the general approach to multi- 
label classification and its application to multi-abnormal event diag
nosis, the goal of this study, are discussed. 

2.1. Related work for NPP state diagnosis 

Many models that predict NPP states have already been studied for 
the development of a system that can support operator tasks. Among 
them, those using data-based approaches such as artificial intelligence 
(AI) can operate efficiently by recognizing the state patterns resulting 
from problems that occur in NPPs with complex systems [3]. Embrechts 
et al. applied several neural network-based models, including a back
propagation algorithm, to identify malfunctions in NPPs [4]. Mo et al. 
diagnosed the type and severity of transients by applying a dynamic 
neural network aggregation model [5]. Santosh et al. developed an 
artificial neural network-based methodology to diagnose transients 
through data with reactor process parameters [6]. Bae et al. applied a 
multi-input multi-output strategy and long short-term memory networks 
to predict the trends of NPP parameters according to device controls by 
operators in an emergency situation [7]. Among the predictions of 
various NPP states, abnormal event diagnosis requires a detailed 
consideration of the changes in NPP parameters or specific malfunctions 
in components, so detailed classification levels are required for systems 
that support this task. Recently, a number of studies have been con
ducted to improve the performance of models dealing with the diagnosis 
of abnormal events. Kim et al. performed abnormal event diagnosis 
using principal component analysis and a gated recurrent unit model 
[8]. This algorithm achieved high performance by conducting the 
diagnosis through two stages corresponding to the procedure level and 
the detailed cause of the event. Kim et al. proposed a consistency check 
algorithm based on preprocessing using principal component analysis 

and an AI model using recurrent neural networks to diagnose abnormal 
events. The proposed algorithm diagnosed 34 abnormal events with an 
accuracy of about 0.98, and subsequently re-diagnosed 19 erroneous 
diagnosis cases correctly [9]. Yu et al. diagnosed sensor faults that 
occurred in various initial conditions based on preprocessing using 
principal component analysis and conditional flowcharts using random 
forest models [10]. In addition, the proposed algorithm enabled 
continuous learning and diagnosis. However, these previously studied 
data-driven models were trained with datasets limited to single 
abnormal events, and most of them were tested with previously trained 
scenarios. Considering this point, abnormal event diagnosis models 
using AI need to be improved before application to operator support 
systems in actual NPPs. This paper targets an approach to improve 
diagnosis models by achieving high performance in covering 
multi-abnormal events with no additional training. 

2.2. Multi-label classification and multi-abnormal event diagnosis 

In multi-label classification, each data instance can be correlated 
with multiple labels. Converting such multi-label data into single-label 
data in order to classify it into multiple labels can be accomplished in 
two ways [11,12]. In the first method, called label powerset, the mul
tiple labels in the training dataset are converted into new single labels. 
In the other method, binary relevance, a given dataset with multiple 
labels is transformed to a dataset with multiple single labels for per
forming binary classification of each label. Certain binary classifiers 
derive relevance for the labels of particular data instances. 

The current study applied multi-label classification to a dataset with 
NPP abnormalities. As systems or components within an NPP interact 
with each other, different abnormal events can affect the same systems 
or components; consequently, considering the dependencies of each 
abnormal event in a diagnosis model is very complex and requires 
careful consideration. In order to minimize the impact of these 
abnormality-specific dependencies on model diagnosis, we applied a 
transformation to independently handle each abnormal event included 
in the multi-abnormality dataset, just like two methods for multi-label 
classification mentioned above. When there are N kinds of single 
abnormal events, N*(N–1)/2 combined multi-abnormal events are 
derived even when the occurrence of only two kinds of abnormal events 
is considered. Therefore, it is costly to consider all multi-abnormal 
events that can occur by applying the label powerset method in the 
model training step, as this would require single labels for all possible 
multi-abnormal events. Accordingly, for multi-abnormal event diag
nosis, it is advantageous to apply binary relevance to train existing 
single abnormality labels using a dataset of only single abnormal events. 

3. Multi-abnormal event diagnosis framework 

This section introduces our approach in this study. In order to di
agnose multi-abnormal events that have occurred in an NPP, the 
following techniques can be used. First, feature selection can be applied 
to given data to select only the information necessary for the classifi
cation. Second, a model structure composed of multiple sub-models can 
be used to solve multi-label classification problems by working with 
binary relevance. In addition, the data used for model evaluation should 
have maximum diversity within the prediction range for multi-abnormal 
event diagnosis. Implementation details of the multi-abnormality data
sets configuration, classifier for feature selection, and sub-models for 
diagnosis are given in Section 4. 

3.1. Proposed approach with single-event training data 

When an emergency situation occurs in an NPP, the plant operating 
parameters exceed the operating setpoints of the reactor protection 
system or engineering safety features, triggering the safety systems and 
numerous parameter changes. Differing from such emergency 
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situations, abnormal events generally involve a specific component or 
system, and these events can typically be alleviated by operator actions 
without major changes to the NPP such as reactor trip or safety in
jections [13]. As abnormal events mostly induce changes in limited 
parameters related with the specific component or system, each indi
vidual event included in a multi-abnormal event affecting the compo
nents can have its own characteristic parameter changes. Examples of 
this are shown in Fig. 1. Based on this point, we try to diagnose abnormal 
events by attending to the more characteristic effects through the 
following algorithm. Our approach selects parameters using the classi
fication importance of each feature calculated in the training of the 
machine learning algorithm to be able to detect the characteristic of 
each abnormal event. At this point, we label the target abnormality data 
as 1 and other abnormality data as 0 beforehand to train machine 
learning models for selecting features and to train sub-models for 
diagnosing each target abnormal event. Through this, feature selection 
is performed to include only the key features that characterize the target 
abnormal event. All feature-selected data are normalized within the 
maximum and minimum range of each parameter, and these pre
processed data are then used to train each sub-model for each target 
abnormal event. This training process is performed iteratively for each 
single abnormal event. For model diagnosis, key feature selection is 
performed iteratively for each abnormal event in the test data in the 
same way as in the training process. The transformed test data is diag
nosed independently by sub-models for each single abnormal event. In 
other words, the diagnosis result by the proposed algorithm is derived in 
the form of 0 or 1 by all sub-models, that is, binary relevance, indicating 
whether each abnormal event has occurred. The entire model training 
and evaluation framework of the proposed approach is shown in Fig. 2. 

3.1.1. Feature selection with extra trees classifier 
Feature selection can improve the classification performance of a 

given model by selecting the features that are correlative and informa
tive. In addition, it is expected that model simplification or model ac
celeration in classification tasks can be achieved by reducing the size of 
the data via feature selection. For this, the following methods can be 
applied: a filter method that uses correlation or statistical techniques 
between features and targets, a wrapper method that finds the optimized 
subset of features leading to the best performance of the machine 
learning model, and embedded methods that use an algorithm with a 
feature selection method already built in. The parameter changes ac
cording to one abnormal event occurring in an NPP are nonlinear and 
can be influenced by the automatic operation of the given component 
having a high malfunction degree. Therefore, the current approach 
suggests the feature selection method using the machine learning model 
because calculation using a single statistical technique is difficult 
considering the relationship between all abnormal events. Among 

model-based feature selection methods, one type of tree algorithm is 
called the extremely randomized trees classifier (extra trees classifier) 
[14]. For the machine learning algorithm, an extra trees classifier was 
selected, which has a more advanced architecture compared to the 
random forest classifier [15,16], a basic tree algorithm. The structure of 
this classifier is shown in Fig. 3. 

Decision trees in the extra trees classifier are constructed from 
original training samples. Then in the test node, each tree gives a 
random sample of k features from the feature set, where each decision 
tree has to select the best feature to split the data according to mathe
matical criteria. This random feature sample produces multiple de- 
correlated decision trees. The model uses an ensemble learning tech
nique that outputs classification results by aggregating the results of 
these decision trees. For each feature in this forest structure, the 
normalized feature importance is calculated based on mathematical 

Fig. 1. Examples of characteristic parameter changes by an abnormal event.  

Fig. 2. Proposed approach to multi-abnormal event diagnosis.  

Fig. 3. Structure of an extra trees classifier.  
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criteria used to determine the feature splitting. Finally, feature selection 
is performed using this feature importance. 

3.1.2. Two-Channel convolutional neural networks for NPP abnormality 
diagnosis 

In an earlier study, Lee et al. applied an improved input structure of a 
basic convolutional neural network (CNN) to NPP abnormal event 
diagnosis [17]. The improved design consisted of two channels: the first 
input channel has parameter information at the current state, and the 
second input channel has parameter information with the changes in the 
parameters from 5 s ago. As a result, the trained model showed about 2% 
higher classification accuracy than a basic one for 10 abnormal events. 
This model structure makes it possible to reflect parameter change in
formation over time due to abnormal events, which are the targets to be 
classified, and secure higher performance by considering time-series 
data of NPPs. 

A typical convolution layer computes the convolution of the input 
data using filters of small size, such as (2*2) or (3*3). This convolution 
has advantages for input data in a two-dimensional format as it allows 
the model to train positional information for each pixel in the input data. 
However, raw data has a tabular form and does not have a two- 
dimensional form in a single time step. In an earlier study for the 
reference model, zero-padding was added to the current information and 
the parameter change information of sequentially listed parameters to 
convert them into a square shape for the two channels to solve this 
problem. 

However, another means to solve this problem effectively is to apply 
a one-dimensional convolutional layer that can maintain the tabular 
characteristics of the raw data instead of making it into a square shape 
[18,19]. Fig. 4 shows the shape of the input data for this model. In this 
way, when applying a one-dimensional CNN to the classification of 
tabular data, higher performance can be expected by reflecting the 
characteristics of convolution calculation. 

3.2. NPP event combination for multi-Labeling validation 

For a deep learning model to achieve high performance, it has to be 
trained with sufficient and diverse data. But in the current case, the 
number of abnormal events that have occurred in actual NPPs is insuf
ficient to make a training dataset for the model, and similarly, it is 
difficult to collect various cases for each abnormal event. In this regard, 
NPP simulators can be used to simulate desired abnormal events by 
injecting specific malfunction commands into various components. In 
addition, the intensity of the abnormal event can be set, such as the 
opening size of a valve or the leakage size of a tube due to a failure. As 
such, NPP simulators offer advantages in obtaining desired data, and 
accordingly can be used to collect single and multi-abnormal event data 
considering the lack of real-world data on multi-abnormal events. 

The parameters affected by different abnormal events may be the 
same or different. If two different abnormal events occur at the same 
time but the intensity of one malfunction is relatively greater than the 
other, operator diagnosis may be concentrated on the abnormal event 
causing the relatively large change in the monitoring parameter, 
potentially leaving the other abnormal event unnoticed. In addition, if 
two abnormal events affecting the same monitoring parameters occur 
simultaneously, the parameters corresponding to different entry condi
tions may present mixed fluctuations, which could cause confusion in 
the operator diagnosis. Even in such situations, a diagnosis model has to 

prove capable of providing accurate diagnosis information. In other 
words, a high level of model diagnostic performance must be maintained 
in the case of abnormal events that are difficult for operators to di
agnose. In order to consider numerous scenarios of concern, such as the 
above examples, multi-abnormal event scenarios can be conceived as 
shown in Fig. 5. 

First, combinations of all abnormal events have to be specified taking 
into account the occurrence of two events. Next, it is required to make 
pairs of combinations of the intensity or fraction of each abnormal event. 
Multi-labeling validation of NPP abnormal events should be carried out 
by simulating such foreseeable scenarios. 

4. Case study 

The approach in this study seeks to diagnose multi-abnormal events 
by classifying whether each abnormal event has occurred or not in a test 
scenario. The multi-abnormal event diagnosis approach is designed to 
detect each event occurrence independently from parameter sets 
selected by the classifier. In this section, we introduce the case study to 
showing multi-abnormal event diagnosis with our approach. 

4.1. Dataset configuration 

As shown in Fig. 6, the 3KEYMASTER NPP simulator used for data 
collection follows the system structure of a general two-loop pressurized 
water reactor capable of producing 1400 MWe power [20]. When we 
constructed the ideal dataset to train and test the classification model, 
we considered a diversity of possible abnormal events through system
atic scenarios. 

Abnormal events were selected as malfunctions that can occur in 
each of three or more components in the primary system, secondary 
system, and auxiliary system. Table 1 lists the 15 abnormal events with 
corresponding labels selected for the data collection in this study. 

In terms of the operating range in a scenario in which two abnormal 
events occur simultaneously, the range of malfunction intensity for each 
abnormal event is based on the minimum intensity at which an alarm or 
a symptom is sufficiently occurred and the maximum intensity at which 
an emergency situation does not occur due to a reactor trip within about 
twice the output time, as shown Fig. 7. For producing datasets, each 

Fig. 4. Input structure of the two-channel CNN.  

Fig. 5. Multiple scenarios in a multi-abnormality case with two 
abnormal events. 
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single abnormal event included 49 scenarios with malfunction in
tensities evenly divided across the criterion range for the event. This 
process was repeated twice to produce a training dataset and a test 
dataset. That is, each single-abnormality dataset was produced with 735 
scenarios for model training and 735 scenarios for model testing. The 
NPP simulator was sampled every second during 60 time steps for 751 

monitoring parameters that show changes for any of the 15 abnormal 
event cases. 

This study conducted model training with only single-abnormality 
datasets, meaning that all of the multi-abnormality datasets produced 
were used for model evaluation. Two overall test datasets were 
considered. Test datasets 1 focused on the multi-abnormalities, where 
we considered a diversity of intensities, not only different kinds of 
malfunctions. A total of 105 multi-abnormal event cases were consid
ered, which are all combinations of 2 of the 15 selected abnormal events 
occurring simultaneously. Next, 49 scenarios were created for each 
multi-abnormal event case considering the combinations of each 
possible malfunction range of the abnormal events. That is, multi- 
abnormality datasets were produced with a total of 5,145 scenarios 
for model evaluation. With test datasets 2, our purpose was to verify the 
diagnostic performance for cases in which there is a time difference 
between the occurrence of the two abnormal events. For this, we used 
210 scenarios by considering the event order in the 105 combinations. 
The intensity of the events was fixed at the median value of the mal
function fraction, and the second event occurred 30 s after the first 
event. 

4.2. Model structure for feature selecting and training 

In the proposed approach, we first trained extra trees classifiers for 
each target abnormal event for feature selection. For this, each scenario 

Fig. 6. 3KEYMASTER NPP simulator overview.  

Table 1 
Abnormal events information for data production.  

Label Abnormal event Malfunction 
command 

Min. 
fraction 

Max. 
fraction 

SGTL Steam generator A tube 
leakage 

IMF mf_RCS01 4 10 

CHRG Charging line break 
upstream of FT-121 

IMF mf_CVC01 10 100 

LTDN Letdown line leakage 
inside containment 

IMF mf_CVC05 100 1000 

CDS Loss of condenser 
vacuum 

IMF mf_CON01 45 50 

POSRV POSRVa valve (HV456A) 
leakage 

ICM fbv_PCV456A 
t:1 

0.2 1 

CWS Circulating water tube 
leak in LPa condenser 

IMF mf_CWS03 65 100 

MSIV Main steam isolation 
valve (HV14) valve 
positioner failure 

ICM 
vmodABHV0014 t:4 

0 0.3 

RCP Loss of reactor coolant 
pump seal injection 
water by valve 
(HV8351A) positioner 
failure 

ICM 
movBBHV8351A 
t:4 

0 0.03 

MSS Main steam header 
steam leakage 

IMF mf_MRS09 2 3 

PZR Pressurizer spray valve 
(PV455B) positioner 
failure 

ICM 
cmPos_PZRSpray1 
t:4 

70 100 

CCW Component cooling 
water service loop 
header leakage 

IMF mf_CCW01 10 100 

LFH LP Feedwater heater 1A 
tube break 

IMF mf_CON02 10 100 

HFH HPa Feedwater heater 
5A tube break 

IMF mf_MFW04 55 90 

MFW Main feedwater pump 
recirculation valve 
(FV1B) positioner 
failure 

ICM 
vmodAEFV0001B 
t:4 

0.45 0.7 

TB HP turbine control valve 
(CV1) positioner failure 

ICM 
vmodACFCV0047 
t:4 

0 0.25  

a POSRV, pilot-operated safety relief valve; LP, low pressure; HP, high 
pressure. 

Fig. 7. Example of intensity setting with loss of condenser vacuum scenarios.  
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was converted into 60 s of data corresponding to the whole time, giving 
a total of 44,100 data used for model training. To determine the number 
of selected features, we selected features above a certain ranking of 
feature importance. Other methods included selecting features above 
the average feature importance and selecting features using cross- 
validation during model training. The common detailed structure of 
each classifier for the 15 events is as follows.  

- Number of trees: 200  
- Criterion to measure the split quality: Gini impurity  
- Maximum depth of the tree: Depth till all leaves contain less than 2 

samples  
- Number of features for the best split: square root of the total number 

This paper targets NPP abnormal event diagnosis model training 
with time-series data. For this, a two-channel CNN that can reflect 
parameter changes over time in the NPP data (see Section 3.2) was used 
as a base model. As the input data needs a time step of 5 s to be formatted 
as two channels, each scenario taking 50 s is transformed into 55 data to 
be formatted. Thus, a total of 40,425 data is used for model training, of 
which 30% is splatted and used for validation at every epoch step. 

The purpose of the sub-models is to basically perform a binary 
classification of whether the target abnormal event occurs or not. The 
models have a neural network architecture with only one convolutional 
layer and one fully connected layer to perform the simple classification. 
Also, since classification is performed on untrained data, which is multi- 
abnormality data, it is important to avoid overfitting the training data, 
which is single abnormal event data. For this, model training was 
terminated early if the log-loss of the validation dataset did not decrease 
for 10 epoch steps. In general models for multi-label classification, a 
sigmoid that has the property of returning a probability value for each 
label and that can represent two or more labels is typically used as the 
activation function, and binary cross-entropy is used as the loss function 
for the fully connected layer [21]. But here, since each sub-model in the 
proposed approach is tasked with the prediction of only a single label, 
softmax was used as the activation function and categorical 
cross-entropy was used as the loss function. The hyperparameters and 
structures for the sub-models are as follows.  

- Epoch size: 50 epochs with early stopping  
- Number of convolution layers: 1  
- Filter size of the convolution layer: 3  
- Filter number of the convolution layer: 32  
- Activation function of the convolution layer: ReLU [22].  
- Activation function of the fully connected layer: Softmax  
- Loss function of the fully connected layer: Categorical cross-entropy  
- Optimizer: Adam [23]. 

5. Test results 

This section presents the diagnostic performance for multi- 
abnormality datasets of models trained with a dataset containing only 
single abnormal events. First, we show that the proposed approach can 
secure high diagnostic performance for multi-abnormal events 
compared to a base model that has no structural changes. Next, we verify 
the model and the feature selection technique used in the proposed 
approach for abnormal event diagnosis. We then conduct sensitivity 
studies adjusting the number of selected features to find the highest 
diagnostic accuracy for multi-abnormal events. Among them, Table 2 
shows examples of the parameters for target events that were selected 
with only the minimum number by the extra trees classifier with 
recursive feature elimination with cross validation (RFECV). These 
selected parameter sets are related to the system in which each event 
occurred. 

5.1. Improvement with feature selection and multi-label classification 

The prior-studied two-channel CNN showed high diagnostic perfor
mance for a single abnormal event. We applied the proposed approach 
to this model and improved the diagnostic performance for multi- 
abnormal events. Below is the result with test datasets 1. 

5.1.1. Multi-abnormal event diagnosis performance 
One of the processes in the proposed approach is feature selection by 

an extra trees classifier, which is performed for each abnormal event. 
Another process is for each sub-model to independently classify whether 
each abnormal event has occurred. In order to confirm the performance 
improvement of multi-abnormal event diagnosis by the proposed 
approach, the diagnostic accuracy of each abnormal event occurrence 
type by each stage process was confirmed. The base model has the same 
structure as in Section 4.2, but here the activation function is changed to 
sigmoid for the distribution of prediction. The model marked ML has a 
structure composed of sub-models for multi-label classification without 
preprocessing (feature selection). The last model as the primary 
approach of this study, FS-ML, has a structure composed of sub-models 
for multi-label classification along with feature selection additionally 
performed with a set of selected parameters for each event. 

As shown in Fig. 8, the model that independently diagnoses each 
abnormal event improves the accuracy by about 18% for the multi- 
abnormality dataset. The overall model, which added a process of 
selecting 50 parameters to diagnose the occurrence of each abnormal 

Table 2 
Examples of the selected parameters for two events.  

Label LTDN RCP 

Selected 
parameter 

Letdown HXa outlet flow RCPa-2B seal water flow 
Letdown HX letdown outlet 
pressure 

RCP-2A seal water flow 

Letdown HX outlet control valve 
(CVa) 

RCP-1B seal water flow 

Letdown HX outlet control valve 
(PROa) 

RCP-1A seal water flow 

Regenerative HX charging outlet 
temperature 

RCP-2A #1 seal leak flow 

Letdown HX letdown outlet 
temperature 

RCP-1A #1 seal leak flow 

Letdown HX outlet to CCWa (CV) RCP total seal injection 
flow(1) 

Letdown HX outlet to CCWa (PRO) RCP total seal injection 
flow(2) 

Valve (PV131) in CVCSa HIa pressurizer pressure 
channel-C 

Valve (TV130) in CVCS Valve (HV8351A) in RCSa  

a HX, heat exchanger; RCP, reactor coolant pump; CV, control variable; PRO, 
process variable; CCW, component cooling water; HI, high; CVCS, chemical and 
volume control system; RCS, reactor coolant system. 

Fig. 8. Abnormal event diagnosis performance with the proposed approach.  
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event, improved the accuracy for the multi-abnormality dataset by 
32.4% compared to the base model. 

5.1.2. Diagnostic accuracy for each abnormal event 
Although the model with the proposed approach was trained on 

single-abnormality datasets, it showed 93.54% accuracy on the multi- 
abnormality dataset. The results for the multi-abnormality data 
including each abnormal event are shown in Table 3. It used for accu
racy as the rate was measured when the model diagnosed both abnormal 
events included in the multi-abnormality data. 

As shown in the previous section, the performance for each single 
abnormal event was mostly maintained in the overall model as well as in 
the base model. As a result of the evaluation of multi-abnormality data, 
the diagnostic performance of most cases was improved in the model 
that applied only the independent diagnosis process excluding feature 
selection, but the accuracy of the CHRG cases was rather low, by 2.16%. 
On the other hand, looking at the results applying the overall model, it 
was confirmed that the multi-abnormal event diagnosis performance for 
all abnormal conditions was improved. In particular, the accuracy 
improved by 57.23% for the multi-abnormality dataset for PZR events 
and by 74.83% for that for RCP events, as marked in bold in Table 3. 
Finally, it was confirmed that the model achieved a minimum diagnostic 
accuracy of 82.62% and a maximum of 99.84% for each abnormal event. 

5.2. Sensitivity studies 

In this study, we tried to improve the two-channel CNN, which is a 
verified abnormal state diagnosis model, and to confirm this, neural 
networks were selected as sub-models. In addition, for feature selection, 
the necessary parameters were selected through an extra trees classifier 
with improved performance compared to the random forest classifier. In 
this section, each selected technique was verified to have an appropriate 
level of results compared to other techniques. Additionally, we tried to 
improve the overall diagnostic accuracy by changing the number of 
parameters selected for each sub-model. 

5.2.1. Comparison with other techniques 
Sub-models should be able to diagnose not only the occurrence of 

target abnormal events in single-abnormality datasets but also the 
occurrence of target abnormal events in datasets containing parameter 
information reflecting multi-abnormal events. In order to confirm the 
performance of the two-channel CNN for this purpose, other represen
tative binary classifiers or simple neural networks were selected and 
evaluated with test datasets 1. Among the selected models, the support 
vector machine [24] is a basic model with a poly kernel, and the 
one-channel convolutional neural network has the same 

hyperparameters as the two-channel CNN but without the second 
channel reflecting parameter change information over time. In the case 
of the simple neural network, the number of nodes in the dense layer is 
adjusted so that the total number of parameters is similar to that of the 
base model. Table 4 shows a comparison of the results of each diagnosis 
model. In addition, by comparing several classifiers for the feature se
lection technique, we confirmed whether the extra trees classifier 
selected in this study has superior performance. Since the purpose of 
these classifiers is to obtain information on feature selection rather than 
to diagnose the event directly, machine learning models were selected as 
a comparison group. A linear support vector machine and logistic 
regression, which are binary classification models, a random forest 
classifier, which is a lower-level tree model compared to the extra trees 
classifier, and LightGBM [25], which showed the highest results in NPP 
event diagnosis in an earlier study [26], were tested with test datasets 1. 
The selected parameters were composed of only parameters whose 
feature importance by each classifier was higher than the mean value. 
Table 5 shows the comparison results. 

The sub-models showed lower diagnostic accuracies, under 87%, for 
multi-abnormality data across all comparative models considering in
puts with single-time-point parameter information. In the case of the 
one-channel CNN, the single-abnormality diagnosis accuracy was 
maintained at about 99%, but the multi-abnormality diagnosis accuracy 
was lower at 77.20%. In contrast, the two-channel CNN selected in this 
study achieved a relatively high diagnostic performance of 93.54%. 

5.2.2. Feature number and time difference verification 
In this work, we tried to secure diagnostic performance for multi- 

abnormal events by selecting appropriate parameters for each sub- 
model to provide data with limited parameter information. On this 
point, we can further improve the model performance by confirming the 
optimal amount of parameter information to include. In the previous 

Table 3 
Abnormal event diagnosis performance comparison.  

Model Base ML FS-ML 

Model type Single model Sub-model set Sub-model set 
Feature selection None None Higher than mean importance 
Event type Single Multi Single Multi Imp. of multi Single Multi Imp. of multi 
SGTL 100.00 41.29 100.00 52.95 11.66 100.00 82.62 41.33 
CHRG 100.00 81.58 100.00 79.42 –2.16 100.00 96.75 15.17 
LTDN 100.00 76.57 100.00 82.68 6.11 100.00 93.98 17.42 
CDS 100.00 69.27 100.00 88.21 18.94 100.00 99.77 30.50 
POSRV 100.00 68.95 99.93 82.65 13.71 100.00 92.77 23.83 
CWS 100.00 76.30 100.00 89.50 13.20 100.00 98.91 22.61 
MSIV 100.00 76.26 100.00 91.88 15.62 100.00 97.70 21.44 
RCP 100.00 25.00 100.00 86.93 61.92 100.00 99.84 74.83 
MSS 100.00 64.53 100.00 76.29 11.76 100.00 83.97 19.44 
PZR 100.00 26.85 100.00 47.38 20.53 100.00 84.08 57.23 
CCW 100.00 75.98 99.96 89.57 13.58 99.93 97.77 21.78 
LFH 100.00 46.53 100.00 78.21 31.68 100.00 95.93 49.40 
HFH 100.00 67.65 100.00 84.28 16.63 100.00 94.31 26.66 
MFW 100.00 70.27 100.00 91.19 20.92 100.00 94.97 24.70 
TB 100.00 49.62 100.00 64.72 15.10 100.00 89.68 40.06  

Table 4 
Diagnosis performance with the extra trees classifier.  

Classification model type Accuracy for single 
abnormalities (%) 

Accuracy for multiple 
abnormalities (%) 

Support vector machine 98.12 87.97 
Artificial neural network 98.75 84.23 
One-channel 

convolutional neural 
network 

98.74 77.20 

Two-channel 
convolutional neural 
network 

100.00 93.54  
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section, selection was made based on parameters having a feature 
importance higher than the criterion, or mean value. 

In this section, diagnostic performance was checked using test 
datasets 1 for different numbers of parameters for each sub-model, 
namely 50, 100, and 150 selected in order of highest feature impor
tance, including the previous criterion. In addition, we tried to auto
matically select the number of parameters required for each abnormal 
event. With RFECV, while training each classifier, the number of pa
rameters with the best performance is determined while removing the 
least important parameters one by one. Fig. 9 shows the accuracy of the 
model for diagnosing abnormal events based on these selected param
eters. From the above results, it was confirmed that when 100 param
eters for each sub-model were selected, the diagnostic accuracy for 
multi-abnormal events was the highest at 94.21%. Moreover, we 
found that a high accuracy of 91% or more was achieved in all cases of 
feature selection. 

Table 6 shows the accuracy for the data containing each abnormal 
event including multi-abnormality cases. The model using 100 param
eters per sub-model, which is the one with the highest diagnostic per
formance, maintained about 100% performance for each single 
abnormal event. In addition, for each abnormal event, a performance of 
about 85% or more was secured for multi-abnormal events. 

We then evaluated the model that showed the highest accuracy of 
94.21% using test datasets 2. Test datasets 2 constituted 5,250 data 
corresponding to multi-abnormal situations with different event tim
ings, namely a second malfunction injection 30 s after the first mal
function. Fig. 10 shows the results for multi-abnormal event diagnosis 
comparing the two test datasets. The model diagnosed test datasets 2 
with an accuracy of 94.97%, which is similar to the result for test 
datasets 1, even though the events occurred at different times. 

6. Discussion 

In order to discuss the appropriateness of the proposed approach for 
use as an NPP abnormality diagnosis model, the following points about 
the experimental results should be mentioned. In Section 5.1, it was 
shown that each process in the proposed approach secured the ability to 
cope with diagnosis with 93.54% accuracy when a multi-abnormal 
event occurred. However, the frequency of single abnormality occur
rence is higher than that of multi-abnormality occurrence in actual 
NPPs. In other words, it is important for the model to maintain the 
ability to accurately perform existing tasks while gaining the ability to 
cope with unexpected abnormal events such as multi-abnormal events. 
In this regard, the overall algorithm showed almost equivalent perfor
mance to the base model, close to 100% accuracy, for single abnormality 
diagnosis. 

In Section 5.2.1, the model diagnostic performance for the target 
data was verified by comparing the experimental results of various 
classification models and the two-channel CNN selected for the proposed 
approach. Through this, it can be confirmed that the diagnostic per
formance for multiple abnormalities is high when considering inputs 
with not only parameter information at a single point in time but also 
parameter change information together. In addition, sensitivity studies 
confirmed that the use of the extra trees classifier for feature selection 
can lead to the highest diagnostic performance among the tested tech
niques by selecting appropriate parameters for multi-abnormality 
diagnosis. Further studies can be conducted for more detailed compar
isons by applying more classification models or feature selection tech
niques to reach the best performance; here, representative techniques 
and model hyperparameters of reasonable levels were selected for a 
general comparison. Through this, it can be inferred that the techniques 
included in the proposed approach can already show sufficient perfor
mance in multi-abnormality diagnosis at the same or higher level than 
other techniques. 

The performance of an artificial neural network is influenced by the 
information contained in the data to be learned. Therefore, it is neces
sary to limit confounding information in order to improve the perfor
mance of models that classify multi-abnormality data, which was 
considered in the sensitivity analysis of Section 5.2.2. Among the tested 
feature selection methods, RFECV represents a detailed means of auto
matically selecting parameters for each event to maximize the diag
nostic performance for a single abnormal event. However, as the results 
showed, models using the mean value for the threshold or using RFECV 
did not achieve higher performance than the models that simply selected 
a fixed number of parameters. Feature selection as used in this study has 

Table 5 
Diagnostic performance of the two-channel CNN.  

Feature selection 
method 

Accuracy for single 
abnormalities (%) 

Accuracy for multiple 
abnormalities (%) 

Linear support vector 
machine 

100.00 90.80 

Logistic regression 100.00 92.03 
Random forest 

classifier 
100.00 92.21 

Extra trees classifier 100.00 93.54 
LightGBM 100.00 89.80  

Fig. 9. Abnormal event diagnosis performance by number of selected features.  
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the purpose to improve the model performance not only for the classi
fication of single abnormal events but also for the classification of multi- 
abnormal events that are not included in the training data. Therefore, 
when we apply feature selection using a model trained on a dataset 
containing only single abnormal events, automatic selection or standard 
selection using the average feature importance as a threshold may not be 
appropriate. In other words, they are not intended to be unconditionally 
suitable for the diagnosis of multi-abnormal events. In conclusion, while 
we may predict an appropriate number of parameters for each abnor
mality data, we cannot predict which parameters are appropriate for 
untrained data such as multi-abnormality data. However, through the 
analysis in Section 5.2.2, it can be inferred that information from about 
100 selected parameters is helpful for diagnosing abnormality occur
rence in each model. The results of test datasets 2, moreover, showed 
that the sub-models could diagnose each target event regardless of the 
time of occurrence of the two events. 

7. Conclusion 

Operators enter the appropriate abnormal operating procedure 
based on the plant information obtained following a single abnormal 
event, for which they need to recognize the plant condition changes. 
However, operators may find their diagnosis tasks to be relatively 

difficult in cases with changes caused by more complex events. There
fore, the artificial intelligence models used in systems developed to 
support operator diagnosis tasks for application in actual NPPs need to 
be able to cope with these situations. Despite this requirement, though, 
it remains difficult for the model training process to consider in advance 
all possible abnormal events at an NPP. In this study, we tried to di
agnose multi-abnormal events in which two events occur simultaneously 
by training the model on only single abnormal events. For this, a multi- 
label classification model with sub-models using two-channel CNNs was 
proposed, and preprocessing was performed with 100 parameters 
selected through an extra trees classifier for each sub-model. The model 
following the proposed approach ultimately achieved a performance of 
94.21% for multi-abnormality diagnosis while maintaining high per
formance for single abnormality diagnosis. This result represents a 
33.1% improvement over the base model. 

These improvements make it possible to diagnose most multi- 
abnormal events with only a small amount of training data. From a 
larger perspective, the possibility of diagnosis improvement for sce
narios other than what are trained increases the reliability of the diag
nosis support system, and thus the proposed approach can be expected 
to be applied to actual NPPs. However, additional studies are needed to 
overcome the discrepancy between real and simulator data before 
application to real NPPs. Prior research has shown that models trained 

Table 6 
Accuracy with test datasets 1 for each abnormal event by feature selection number.  

Feature selection Feature selection number 

Factor 50 100 150 >Mean RFECV 

Event type Single Multi Single Multi Single Multi Single Multi Single Multi 

SGTL 100.00 91.17 100.00 88.48 100.00 76.14 100.00 82.62 100.00 79.42 
CHRG 100.00 99.86 100.00 97.82 100.00 95.06 100.00 96.75 100.00 97.81 
LTDN 100.00 92.93 100.00 95.95 100.00 91.82 100.00 93.98 100.00 94.90 
CDS 100.00 97.75 100.00 97.80 100.00 95.21 100.00 99.77 100.00 96.88 
POSRV 100.00 93.12 100.00 93.28 100.00 90.75 100.00 92.77 100.00 92.01 
CWS 100.00 99.98 100.00 99.37 100.00 98.25 100.00 98.91 100.00 99.58 
MSIV 100.00 95.90 100.00 97.46 100.00 96.93 100.00 97.70 100.00 97.27 
RCP 100.00 99.99 100.00 99.59 100.00 99.72 100.00 99.84 100.00 99.96 
MSS 100.00 82.64 100.00 85.02 100.00 84.31 100.00 83.97 100.00 81.14 
PZR 100.00 86.80 100.00 87.73 100.00 87.70 100.00 84.08 100.00 87.61 
CCW 99.85 99.88 99.96 97.91 99.93 96.18 99.93 97.77 99.96 96.30 
LFH 100.00 91.70 100.00 92.50 100.00 85.13 100.00 95.93 100.00 93.16 
HFH 100.00 92.67 100.00 94.85 100.00 92.63 100.00 94.31 100.00 94.72 
MFW 100.00 94.68 100.00 95.33 100.00 90.43 100.00 94.97 100.00 93.81 
TB 100.00 86.62 100.00 90.06 100.00 85.56 100.00 89.68 100.00 82.89  

Fig. 10. Multi-abnormal event diagnosis performance comparison between each test datasets.  
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with specific simulator data were able to diagnose other types of data or 
data added with noise [27,28]. Therefore, further work can be con
ducted to improve the structure of the sub-model in the proposed al
gorithms, in particular. The proposed approach showed high diagnostic 
performance for each abnormal system by controlling the quantity of 
information in the data and by varying the structure of the model. But 
since we do not fully control the feature selection by the tree classifier, 
we may not be able to completely rule out coupled effects in certain 
cases, such as abnormalities in matched systems. Therefore, if high ac
curacy for each multi-abnormal event cause is needed individually, 
additional training for such cases should be conducted in the future. 
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