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A B S T R A C T

In nuclear power plants, operators can face cognitive workloads when diagnosing abnormal events due to the 
need to monitor numerous parameters and consider hundreds of potential scenarios. Artificial intelligence 
technologies have been proposed to support this process by providing diagnostic results; however, their lack of 
transparency can lead to out-of-the-loop unfamiliarity and distrust, hindering effective decision-making. To 
address these challenges, this study introduces a novel concept to enhance the understandability and trust
worthiness of diagnostic support systems through Explainable Artificial Intelligence (XAI). The first method in 
the proposed concept rearranges monitoring parameters based on system structures to reflect parameter re
lationships. The second method refines explanations from XAI using Multilevel Flow Modeling (MFM) to ensure 
consistency with physical flow, and it visualizes diagnostic cause components on a plant map. By filtering out 
incomprehensible information and visualizing intuitive diagnostic causes, the system enables operators to 
identify expected causes of diagnostic results directly on the NPP map at the component or system level. This 
approach provides explainable and comprehensible support information, fostering trust in the system and 
improving diagnostic efficiency in abnormal situations.

1. Introduction

When an abnormal situation occurs, the operator in a nuclear power 
plant (NPP) diagnoses an event that matches the situation based on the 
alarms and symptoms described in the abnormal operating procedure. 
After that, the operator can perform the given procedure according to 
the diagnosed abnormal event and alleviate the situation in the NPP. 
However, the process of monitoring numerous changing parameters and 
considering hundreds of potential events to diagnose a single matching 
event can impose a high-level workload on operators. Recently, to 
support operators in diagnosing abnormal events, artificial intelligence 
(AI) technologies have been studied. Kim et al. proposed a two-stage 
structure of Gated Recurrent Unit for operating procedures and sub- 
procedures to classify abnormal events [1]. Lee et al. proposed a diag
nosis algorithm that classifies abnormal scenarios and emergency sce
narios based on Robust AI utilizing a feature extractor [2]. Dong et al. 
detected anomalies using a 1-dimensional Convolutional Neural 
Network (CNN) and a soft attention mechanism in an anomaly case 
dataset for a high-temperature gas-cooled reactor [3]. Lin et al. identi
fied events with sensor faults using deep learning-based schemes [4]. 

However, if the model in the diagnostic support system only provides 
results, the operator will not be able to fully understand the situation of 
the plant with the information provided. This transparency problem of 
the model may lead to out-of-the-loop unfamiliarity, which may prevent 
proper decision making [5]. In addition, this may lead to distrust in the 
information provided by the diagnostic support system itself [6].

To address this issue, some prior research has aimed to develop 
technologies that utilize Explainable Artificial Intelligence (XAI) to 
provide operators with both the model’s diagnostic results and their 
interpretations for abnormal situations. Park et al. proposed providing 
diagnostic evidence to operators by explaining the diagnosis model 
using a Gated Recurrent Unit–Autoencoder and Light Gradient Boosting 
Machine, combined with SHapley Additive exPlanations (SHAP) [7]. 
Reddy et al. introduced a method to identify model errors by measuring 
uncertainty quantification for incident identification in NPPs and 
explaining the features contributing to this uncertainty through SHAP 
[8]. Kim et al. proposed a new methodology to determine appropriate 
perturbation values in perturbation analysis, aiming to identify an XAI 
method suitable for NPP accident diagnosis models and enhance model 
trustworthiness through explanations [9]. Zhang et al. developed a 

* Corresponding author.
E-mail address: sjlee420@unist.ac.kr (S.J. Lee). 

Contents lists available at ScienceDirect

Nuclear Engineering and Technology

journal homepage: www.elsevier.com/locate/net

https://doi.org/10.1016/j.net.2025.103589
Received 23 December 2024; Received in revised form 14 February 2025; Accepted 15 March 2025  

Nuclear Engineering and Technology 57 (2025) 103589 

Available online 17 March 2025 
1738-5733/© 2025 Korean Nuclear Society, Published by Elsevier Korea LLC. All rights are reserved, including those for text and data mining, AI training, and 
similar technologies. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 

https://orcid.org/0000-0001-6548-9837
https://orcid.org/0000-0001-6548-9837
https://orcid.org/0000-0002-2582-8213
https://orcid.org/0000-0002-2582-8213
mailto:sjlee420@unist.ac.kr
www.sciencedirect.com/science/journal/17385733
https://www.elsevier.com/locate/net
https://doi.org/10.1016/j.net.2025.103589
https://doi.org/10.1016/j.net.2025.103589
http://crossmark.crossref.org/dialog/?doi=10.1016/j.net.2025.103589&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


novel neural network architecture that combines Long Short-Term 
Memory and attention mechanisms for rapid abnormal event detec
tion, improving interpretability through Derivative Dynamic Time 
Warping Methods [10]. Providing explanations for the model’s results 
addresses transparency challenges and enables diagnostic support sys
tems to offer operators clear reasoning behind the model’s decisions. 
Prior research has adopted the model’s explanations as they are, but the 
following additional considerations regarding explanations are neces
sary. First, it should be noted that if the operator does not understand the 
explanation, excessive information may lead to confusion [11]. 
Furthermore, the trustworthiness of the diagnostic support system may 
not be resolved solely by providing model explanations [12].

This study aims to improve the understandability of diagnostic 
support information for operators performing abnormal event diagnosis 
tasks and, ultimately, to enhance the trustability of diagnostic support 
systems. We propose a concept that provides understandable diagnostic 
cause visualization from a support system that includes XAI. First, the 
monitoring parameters in the dataset are rearranged based on the po
sitions of their respective components or systems to reflect parameter 
relationships through the characteristics of convolution operations. 
Next, the proposed concept includes a method to refine the explanation 
of the model’s results by using Multilevel Flow Modeling (MFM) to 
ensure that only explanations consistent with the physical flow are 
retained. These explanations are visualized on the plant map at the 
component level and provided to the user as diagnostic cause informa
tion. Finally, we implemented an interface based on the proposed 
concept. Users can be provided with the diagnostic result from the 
model along with the anticipated diagnostic cause information used to 
infer that result. Through the proposed concept, diagnostic cause in
formation is provided so that the user can understand it without 
departing from the physical flow and can intuitively recognize the in
formation through visualization.

2. Concept development

In this section, we propose two approaches to provide understand
able diagnostic cause visualization. The first approach introduces a 
model that can better learn parameter relationships by preprocessing 
and rearranging the dataset parameters based on their component po
sitions. The second approach involves selective cause visualization using 
intuitive relevance calculation with MFM at the component level 
through XAI. These concepts are shown in Fig. 1 below.

First, the development environment for the concept proposed in this 
study is based on the 3KEYMASTER Simulator by Western Service 
Corporation [13]. It is a full-scope simulator for a generic pressurized 
water reactor with a 2-loop structure and includes the functions of most 
components in an NPP.

2.1. Abnormal event diagnostic model

In this study, we propose a model that can learn the characteristics of 
related parameters in NPP abnormal situations. In NPPs, abnormal sit
uations refer to conditions where the systems, components, or operating 
parameters of an NPP deviate from the normal operational state or 
exhibit an unexpected symptom. When an abnormal event occurs in a 
specific component in an NPP, monitoring parameters that depend on 
other components may remain unaffected. In contrast, emergency situ
ations are accompanied by rapid cascading changes across the reactor 
coolant system, turbine system and electrical system throughout the 
plant following a reactor trip. In other words, abnormal scenarios have 
to consider impacts on local parameters by targeting a relatively narrow 
range, unlike emergency scenarios. In this aspect, this study suggests an 
explainable model by rearranging features within the datasets to 
emphasize local patterns of abnormal events, and utilizing a CNN to 
fully leverage their locality and spatial relationship characteristics.

2.1.1. Two-channel convolutional neural networks
A CNN is a deep learning model primarily used for processing and 

analyzing image data [14]. In CNN, convolutional layers perform 
convolution operations on input data using small filters [15]. This allows 
the network to focus on smaller regions of the data through local con
nectivity rather than analyzing the entire dataset at once. Consequently, 
the network can effectively capture subtle features, even when abnormal 
events affect only a small subset of monitoring parameters in NPPs. Lee 
et al. showed that a two-channel CNN outperforms a single-channel 
model in classifying abnormal events in an NPP [16]. The two-channel 
input data structure is designed to account for both current states and 
temporal changes. The dataset, structured as a two-dimensional 
parameter value-by-time matrix, is transformed into snapshots of pa
rameters at each time point for input into the CNN. In this structure, 
each feature in the input data corresponds to a single parameter point. 
The first channel contains the current values of monitoring parameters, 
while the second channel includes the variations in these parameters 
over a 5-s interval to enable rapid diagnosis. Tracking both the current 

Fig. 1. Proposed concept for diagnostic results with understandable cause.
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values and their variations allows the model to more effectively identify 
abnormalities and sudden shift in the data. Based on this rationale, this 
study utilizes a two-channel CNN as an abnormal event diagnosis model. 
An example of the values represented by the features within each 
channel is shown in Fig. 2 below.

2.1.2. Feature rearrangement based on component position
The data preprocessing for the given data set is essential to ensure 

optimal model performance. A CNN is capable of learning localized 
features in data while preserving spatial information. For instance, when 
input parameters of a specific component are physically close to each 
other, the network can effectively capture the relationships between 
these parameters using local filters [17]. Additionally, by detecting 
characteristic patterns such as abnormal values occurring in specific 
regions, a CNN is advantageous for understanding how a particular 
component within a system interacts with other components. It means 
that the feature rearrangement directly influences training efficiency 
and the distribution of weights for the CNN model [18,19]. Feature 
rearrangement in the input data helps the CNN model better learn re
lationships between adjacent features by leveraging its spatial pattern 
recognition capability. As a result, more persuasive explanations with a 
higher concentration of relevance on key feature groups can be provided 
to operators. In contrast, without feature rearrangement, the model may 
need to use deeper layers or larger kernels to capture inter-feature re
lationships, which can result in the weights to be dispersed across 
multiple locations. Consequently, it becomes more challenging to 
identify what the model is focusing on in its explanations. Considering 
these aspects, this study rearranges each monitoring parameter ac
cording to the position of the system or component it depends on. This 
rearrangement facilitates training by capturing systematic information 
through the restructured pattern of the final dataset for each abnormal 
event. Consequently, the one-dimensional parameter information at 
each time step is transformed into a two-dimensional image structure, as 
shown in Fig. 3. In this arrangement, each parameter is assigned a po
sition reflecting the topology of its dependent component.

For data preprocessing, we selected 30 systems or components along 
with 391 associated monitoring parameters, as detailed in Table 1
below. These parameters were reorganized into a 1900-pixel image with 
dimensions of 38 b y 50, arranged systematically. Some parameters were 
redundantly used to fill the component-specific regions of the mapped 
image. The approximate spatial arrangement of components within the 
system, such as trains, pumps, and valves, was not considered during 
this process.

The data from the NPP simulator samples changes in monitoring 
parameters over time, with each parameter exhibiting unique charac
teristics. Some parameters have discrete binary values, such as pump 
operating status, while others have continuous values, like valve open
ings between 0 and 1. Additionally, parameters representing thermo
dynamic properties, such as temperature and pressure, vary in range. 
These differences can result in inconsistent value ranges, potentially 
degrading model performance if not properly processed. To address this, 

the data was normalized using the maximum and minimum values for 
each parameter. Fig. 4 shows an example of the first channel after the 
proposed preprocessing was applied.

The final two-channel input data, transformed by feature rear
rangement, will be used to train CNN. This approach leverages the plant 
map-based images to provide snapshot-like patterns, enabling the model 
to utilize convolution operations effectively.

2.2. Understandable diagnostic cause visualization

Multi-class classification models commonly use the softmax activa
tion function to learn separable features between classes [20,21]. In 
other words, the nodes and weights activated during classification 
reflect the features that separate the data into specific classes. Using XAI 
techniques, the classification contribution of input features can be 
analyzed, providing users with valuable insights into how the model 
makes decisions and the factors influencing its predictions. Similarly, 
operators provided with diagnostic results can gain insights from the 
parameters contributing to the diagnosis model’s classification using 
XAI. This diagnostic cause information can support operators in forming 
their own diagnostic inferences. However, the parameters identified as 
contributing factors by the model may not always align with the oper
ator’s knowledge, as they can be influenced by factors such as the kinds 
of events the model classifies, used training scenarios, and the structure 
of the model itself. In such cases, the operator might struggle to un
derstand the provided information, leading to potential confusion. Prior 
research has attempted to enhance the understandability of explanations 
by integrating XAI methods with domain knowledge, and another study 
has demonstrated that users can better evaluate model performance 
when XAI methods and domain knowledge are integrated [22,23]. 
Additionally, a filtering-out approach using guidelines for potential 
areas has been proposed to improve explanations [24]. In this study, we 
propose using a flow model to present the expected cause information 
along with the diagnosis results in a way that is both clear and useful to 
the operator.

2.2.1. Parameter relevance score
This study aims to provide operators with inference support and 

insights obtained from the model’s diagnostic process through expla
nations. Therefore, instead of model-agnostic explanations that rely 
solely on input-output relationships, we employ model-specific expla
nations that utilize the model’s internal information directly. Among 
them, Layer-wise Relevance Propagation (LRP) was chosen as the XAI 
technique to gain insights into the diagnostic model, as it reflects the 
activation of the model’s internal weights during calculations. LRP 
maximizes the use of internal information by propagating the model’s 
output relevance backward through its layers, redistributing relevance 
scores to input features based on their influence on the final prediction 
[25,26]. In other words, this process involves decomposing the output 
relevance layer by layer and propagating relevance to calculate the 
contribution of each neuron to the output. An ε term is added to the 
denominator to prevent issues when the denominator approaches zero 
to ensure computational stability. The main Eq. (1) for LRP is: 

R(l− 1)
j =

∑

i

a(l− 1)
j wji

∑

k
a(l− 1)

k wki + ε
R(l)

i (1) 

Using this explanation technique to calculate the diagnosis results 
allows for the determination of relevance scores for each feature. For 
image data, relevance scores are typically visualized as heatmaps. 
However, this study used Eq. (2) to enhance clarity before generating 
heatmaps [27,28]. It provides explanations only for the parts that have 
made positive contributions to the model’s output. In other words, this 
equation eliminates negative explanations of the model’s output, 
allowing operators to focus on the relevant causal factors without 
experiencing confusion from conflicting information. Next, the Fig. 2. The example of features within each channel.
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relevance scores are normalized to a range between 0 and 1, defined by 
the maximum value Rmax and minimum value Rmin. By focusing only on 
features with high relevance, this approach reduces the information 
presented to the operator, making it more concise and easier to identify. 

The corresponding Eq. (2) and Eq. (3) are as follows.: 

R(l− 1)
j =

∑

i

⎛

⎜
⎝

(
a(l− 1)

j wji

)+

∑

k

(
a(l− 1)

k wki
)+

+ ε

⎞

⎟
⎠R(l)

i (2) 

Rnormalized(x)=
R(x) − Rmin

Rmax − Rmin
(3) 

2.2.2. Diagnostic cause selected based on physical flow model
This study introduces a selective diagnostic cause visualization 

method based on physical flow model. Diagnostic cause selection fo
cuses on isolating causal information that operators can easily 
comprehend. This process filters out unnecessary details that may still 
have non-zero relevance scores by Section 2.2.1 but are not aligned with 
the operator’s understanding or do not require confirmation. For this, 
this study proposes using MFM to exclude the information that diverges 
from the system’s physical flow.

MFM is a methodology designed for modeling complex industrial 
systems, such as NPPs, by explaining goals and functions, means-end, 
and causal relations within mass and energy flow systems. This 
approach enables qualitative reasoning about task success or failure by 
incorporating the physical flow of the system. For this study, MFMSuite, 
a tool developed at the Technical University of Denmark and integrated 
with an editor created by IFE Harden, was used for designing and 
analyzing MFM [29]. Our model includes all 30 systems and components 
introduced in Section 2.1.2, encompassing three energy flow systems 
and three mass flow systems, detailed as follows. 

1. Energy flow system 
A Reactor coolant heat remover system
B Primary component cooling system
C Electrical system

2. Mass flow system 
A Reactor coolant system and chemical volume control system
B Steam generator and secondary system
C Containment spray system

Fig. 3. Feature rearrangement based on component position.

Table 1 
Component or system with selected parameters.

Component 
num.

Component/system Num. Of 
parameters

1 Containment spray system 11
2 Residual heat remover system 3
3 Component cooling water system 20
4 Volume control tank 4
5 Charging system 14
6 Letdown system 9
7 Regenerative heat exchanger 4
8 Steam generator 10
9 Pressurizer/pressurizer relief tank 13
10 Reactor coolant system 12
11 Reactor coolant pump 18
12 Reactor/Reactor rod control system 6
13 Main steam system 12
14 Moisture and reheat steam 24
15 Feedwater heater extraction, drains, and 

vents system
48

16 Main turbine 20
17 Turbine bypass valve, steam dump system 

control
9

18 Condensate system 14
19 Condensate pump 13
20 Low-pressure feedwater heater 15
21 Main feedwater pump 16
22 High-pressure feedwater heater 14
23 Circulating water system 25
24 Essential service water system 6
25 Condensate storage tank 8
26 Main generator 15
27 Electric system (high-voltage 13.8 KV) 5
28 Diesel generators control system 8
29 Electric system (Medium-voltage 4.16 KV) 5
30 Steam generator blowdown 10

Total number of parameters 391
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This model was designed to reflect the flow in 3KEYMASTER simu
lator, with primary and secondary materials categorized into distinct 
mass flow systems, ensuring circulation within each system. Addition
ally, energy transfer between components is represented through the 
energy flow system. For instance, the transfer of heat energy from the 
primary system to the secondary system via the steam generator U-tube 
exemplifies this concept. The resulting model of the NPP simulator used 
in this study is shown in Fig. 5.

To represent only the overall flow of the NPP systems, each physical 
component is simplified in the model as one or more flow functional 
elements, such as source functions or transport functions. In the 
designed MFM, an appropriate trigger state is selected for the MFM flow 
function to simulate the abnormal event trained in the diagnosis model. 

This trigger causes the mass or energy state of the flow function to be low 
or high, which is then propagated to the next flow structure [30]. 
Consequence analysis is conducted by injecting an abnormal event as a 
trigger state into a specific flow function in the MFM and activating the 
prognosis function. The injected state is analyzed as shown in Fig. 6, 
generating a consequence tree that includes all branches representing 
potential paths where physical flow can impact other flow functions 
which correspond to other systems or components. Each branch outlines 
the flow path until it reaches a possible end consequence, as shown in 
Fig. 7.

Through this process, identifying the component associated with the 
flow path makes it possible to determine which component can influ
ence or be influenced by the specific abnormal event. The parameters 

Fig. 4. An example of the first channel of the CNN model after feature rearrangement based on component position.

Fig. 5. MFM designed about 3KEYMASTER simulator.
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related to each component are identified in Table 1, and the relevance of 
each parameter can be confirmed through the results of LRP. This 
relevance is provided to the operator to aid in inference. The informa
tion provided through this approach can offer insights into verifying the 
model’s diagnosis, much like how symptoms and alarms from operating 
procedures are utilized.

To provide the operator with information on the most relevant 
branch, the following steps are performed. 

1. The highest relevance score among the parameters associated with 
each component is identified.

2. The maximum relevance scores for all components within each 
branch corresponding to the diagnosed event are summed.

3. The branch with the highest total relevance score is selected.
4. The operator is presented with a list of components included in the 

branch with the highest total relevance score.
5. Parameters associated with components outside this branch are 

excluded and not provided.

Fig. 6. Example of the consequence tree.

Fig. 7. Example of the potential path by branch.
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In this study, explanations are confined to the MFM consequence tree 
of the diagnosed event to support the operator’s understanding. To 
achieve this, (1) branches directly related to the event are prioritized, 
and (2) components included in the explanation are limited to those 
within a single branch to maintain consistency in the physical flow. Even 
if an individual component has a high relevance score, the explanation is 
provided based on the overall flow of the branch with the highest cu
mulative relevance score to prevent operator confusion. The explana
tions derived from XAI techniques undergo postprocessing to generate 
relevance scores understandable as physical flows. Furthermore, the 
highest relevance score for each component is extracted and used as the 
relevance score for that component. This approach enables the provision 
of component-level relevance scores, offering the potential for visuali
zation on a plant map image.

3. Implementation with user interface

When explaining the classification of image data, relevance scores 
are typically visualized as a heat map. In this study, abnormal event 
diagnosis is conducted using image data that reflects component posi
tions obtained through preprocessing. The result without Section 2.2 can 
be represented as a heat map, as shown in Fig. 8.

This example shows a heatmap of relevance scores corresponding to 
the ‘component cooling water service loop header leak to auxiliary at
mosphere’ abnormal event mapped onto the system layout. The red 
regions highlight areas where the parameter relevance scores are the 
highest, suggesting that the primary causes are likely centered around 
the component cooling water system. However, several diagnostic 
causes visualized appear in other areas, where their connection to the 
abnormal event is less clear. This indicates that the current visualization 
may overwhelm operators with irrelevant information, making it diffi
cult to pinpoint the root cause. By comparison, the proposed diagnostic 
cause visualization based on component level only with Section 2.2, as 
shown in Fig. 9, aims to address this.

In Fig. 9, the parameters contributing to the model’s diagnosis of the 
abnormal event are mainly distributed within the component cooling 
water system and the Residual heat remover system. The proposed 
diagnostic cause visualization intuitively represents the relevance of 
components or systems by indicating the size of the red-highlighted 
areas according to their degree of relevance to the diagnosis results. 
Additionally, this approach delivers causal information consistent with 
the physical flow, enabling operators to comprehend the insights pro
vided, even when they deviate from existing entry conditions. The user 

interface is designed to incorporate this visualization generated by the 
proposed approach, allowing operators to efficiently comprehend the 
diagnostic information, as shown in Fig. 10.

To ensure simplicity and clarity, the main interface displays only 
essential diagnostic information while excluding additional details 
derived from internal models or techniques, such as prediction values 
from the diagnostic model and relevance scores calculated through 
explanation methods. Diagnostic cause is visualized on an NPP map to 
help operators intuitively understand the information. The map has to 
be designed to resemble the layout operators are accustomed to in the 
control room, including the existing large display panel. For this study, 
the overview map from the 3KEYMASTER simulator, used in the 
development environment, was adopted.

The user interface includes the following functions. 

1. Abnormal Event Diagnosis Results: This feature displays the 
abnormal events identified by the diagnosis model. Operators can 
use this function to monitor abnormal events currently occurring in 
the NPP.

2. Heatmap Display: This function visualizes the relevance scores 
calculated for abnormal event diagnosis on the plant map. Only 
components or systems relevant to the event are highlighted in red, 
with the marker size indicating the degree of relevance. Additionally, 
the names of relevant components or systems are activated using a 
button function, and the most relevant ones are marked in black. This 
feature supports operators by intuitively identifying the components 
involved, enabling them to diagnose provided events independently.

3. Real-Time Trend Plotting: When an operator selects an activated 
component or system, the interface plots real-time trends for pa
rameters with high relevance scores, offering additional insights into 
the event’s progression.

4. Case study

We conducted a case study on the proposed concept and its interface 
as follows. First, a training dataset for building a model to diagnose 
abnormal events was generated and used to train the model according to 
the approach introduced in Section 2.1. Several representative cases 
were diagnosed by the model, and relevance scores for diagnosis results 
were output using the XAI technique. These relevance scores were 
refined following the approach detailed in Section 2.2 and subsequently 
visualized through the user interface.

Fig. 8. Example of the heatmap with raw relevance scores.
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4.1. Abnormal event diagnostic model training

The dataset consisted of one normal and 15 abnormal situations, 
comprising 391 monitoring parameters sampled every second over 60- 
time steps. Through the NPP simulator, a total of 425 scenarios were 
generated for model training using scenario scripts written with evenly 
spaced intervals within the malfunction (MF) fraction range. Table 2
provides a description of the abnormal events included in the training 
dataset.

The constructed dataset underwent preprocessing, including feature 
rearrangement, and was used to train a 2-channel CNN model for 
abnormal event diagnosis. It was trained using this dataset divided into a 
training set and a validation set at a 7:3 ratio. During model training, 
early stopping was applied with the validation loss monitored and a 

patience of 20 epochs. The structure and hyperparameters of the model 
are shown in Table 3.

The model achieved a log loss of 9.81e-05 on the training dataset and 
8.19e-05 on the validation dataset. Fig. 11 shows the model’s training 
process across epochs.

4.2. Comparative study of the proposed approach

This section compared explanations with and without the proposed 
feature rearrangement in this study. Additionally, it examines whether 
the selected LRP method effectively identifies features that are highly 
relevant to the model’s diagnosis. To evaluate the explanations, the 
deletion metric was employed as a quantitative evaluation technique. 
The deletion metric quantifies the effect of removing features with the 

Fig. 9. Example of the heatmap with understandable diagnostic cause.

Fig. 10. User interface for proposed concept.
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highest relevance scores from the input data sequentially and measures 
the performance degradation of the model. To minimize distortion, we 
replaced the highest relevant parameter value with the normal-state 

value at the same simulation time step. This metric is primarily used 
to evaluate fidelity, determining whether the explanation method 
correctly identifies the features that are important for the model’s 
prediction.

4.2.1. Comparative study on the influence of feature rearrangement
We aim to evaluate how the preprocessing step that involves rear

ranging features affects the explanations provided by the proposed 
approach. For comparison, we utilized two models: one where the same 
set of 391 features was randomly arranged in a one-dimensional 
sequence and another where the 391 features was rearranged accord
ing to the order of components or systems. Both models employed a one- 
dimensional convolutional layer with a kernel size of 3, while all other 
hyperparameters remained identical to those described in Section 4.1. 
The results for 315 new scenarios for test, which included the abnormal 
events listed in Table 3, indicated that all three models were successfully 
trained with high performance as shown in Table 4.

To evaluate the explanation results of the three models, we per
formed the deletion metric by sequentially removing up to ten of the 
most relevant parameters identified by each model in the test scenario 
dataset. The results of the deletion metric for the models are shown in 
Fig. 12.

In Fig. 12, Comparative model 1, which does not consider feature 
rearrangement, exhibits minimal performance degradation, whereas the 
proposed model shows the most significant decrease in performance. 
Additionally, the Area Under the Curve (AUC) values for each model are 
9.38, 9.69, and 9.43 over ten steps, respectively. This suggests that the 
explanations output by the proposed model provide the highest fidelity 
to the model’s diagnosis. Fig. 13 shows results of the Kernel Density 
Estimate and the Cumulative Distribution Function, which illustrate the 
distribution of the normalized relevance scores (scaled between 0 and 1) 
for each dataset.

These results indicate that the explanations provided by the pro
posed model are captured at the highest proportion within low 

Table 2 
Abnormal event description about used datasets.

Num. Abnormal event MF fraction

Minimum Maximum

1 Steam generator A tube leakage 4 10
2 Charging line break upstream 10 100
3 Letdown line leakage inside containment 100 1000
4 Loss of condenser vacuum 45 50
5 Pilot-operated safety relief valve leakage 0.2 1
6 Circulating water tube leakage in low-pressure 

condenser
65 100

7 Main steam isolation valve positioner failure 0 0.3
8 Loss of reactor coolant pump seal injection 

water
0 0.03

9 Main steam header steam leakage 2 3
10 Pressurizer spray valve positioner failure 70 100
11 Component cooling water service loop header 

leakage
10 100

12 Low-pressure feedwater heater 1A tube break 10 100
13 High-pressure feedwater heater 5A tube break 55 90
14 Main feedwater pump recirculation valve 

positioner failure
0.45 0.7

15 HP turbine control valve positioner failure 0 0.25

Table 3 
Abnormal event diagnosis model structure and training hyperparameter.

Layer Parameters Value

Input – –
Conv2D Filters: 16, Kernel: (3, 3) Activation function: Softplus 

[31]
Conv2D Filters: 32, Kernel: (3, 3) Activation function: Softplus
MaxPooling2D 

[32]
Pool size: (2,2) –

Conv2D Filters: 64, Kernel: (3, 3) Activation function: Softplus
MaxPooling2D Pool size: (2, 2) –
Flatten – –
Dense Units: 16 Activation function: Softmax
Model training Optimizer Adam [33]

Learning rate 0.001
Loss function Categorical cross-entropy
Batch size 64
Patience for early 
stopping

20

Fig. 11. Learning curves about accuracy (left) and loss (right).

Table 4 
Test results about three models.

Proposed 
model

Comparative 
model 1

Comparative 
model 2

Feature 
rearrangement

Component- 
based

Randomization Component-based

Accuracy 0.9998 0.9999 0.9998
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relevance scores. Through this comparison, feature rearrangement not 
only enables the model to focus more on localized feature patterns 
during training but also facilitates providing clearer explanations with 
high relevance.

4.2.2. Comparative study of explanation methods
In this section, we evaluate the fidelity of the LRP method used for 

explanation. For comparison, we selected the Saliency Mapping and 
Gradient-weighted Class Activation Mapping (Grad-CAM) as compara
tive explanation methods. Similar to LRP, these methods can be applied 
to explain the contribution of input features to the model’s output in 
CNNs, relying on the internal structure of the neural network and uti
lizing gradient-based computations. Using the models trained in Section 
4.1, we performed the deletion metric with these three explanation 
methods. The results are shown in Fig. 14.

The AUC values for the three explanation methods, evaluated based 
on the 10 most relevant parameters, are 9.38, 9.96, and 9.60, respec
tively. These results demonstrate that the LRP method achieves the 
highest fidelity in explaining the model’s diagnosis outputs compared to 
other model-specific explanation methods.

4.3. Results with implemented concept

This section aims to conduct several case studies to verify the un
derstandable diagnostic cause visualization for the trained abnormal 
event diagnosis model. We determine how the output of LRP is 

reconstructed into information presented in the user interface through 
the physical flow model. Additionally, we compared the final provided 
cause information with the existing entry conditions used for diagnosis. 
The states of the MFM simulation corresponding to each abnormal event 
are as shown in Table 5 below. For example, in an MFM, to simulate an 
abnormal event involving letdown line leakage inside the containment, 
a low-state trigger can be set for transport 37, a flow function respon
sible for transferring fluid mass from the cold-leg to the letdown heat 
exchanger.

The case studies were conducted as follows, focusing on represen
tative abnormal events: that occurring in the steam generator, where 
heat transfer takes place from the primary to the secondary system; the 
abnormal event in the primary system; and the abnormal event in the 
secondary system. The abnormal scenarios for each case study were 
designed with different MF fractions from those in the training dataset to 
ensure distinct conditions. 

1. Case Study on steam generator tube leakage event

For the scenario in Case Study 1, the left side of Fig. 15 presents a 
visualization of the scores of the most relevant features for each 
component in the explanation of Comparison model 1, as described in 
Section 4.2.1. The right side of Fig. 15 presents a visualization of the 
proposed concept integrated into the user interface.

Comparative Model 1 shows that the relevance scores are distributed 
across multiple components, as evaluated in Section 4.2.1. In contrast, 

Fig. 12. Results of the deletion metric comparing the explanations of the 
three models.

Fig. 13. Results of kernel density estimate (left) and cumulative distribution function (right).

Fig. 14. Deletion metric results for comparing the three explanation methods.
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for the same scenario, the user interface visualized the steam generator, 
pressurizer, and low-pressure feedwater heater as diagnostic causes 
related to the detected steam generator tube leakage. This demonstrates 
that the proposed concept can visualize results in a way that is under
standable to operators. The following Table 6 compares three key cause 
information based on components or systems for the event in Case Study 
1, including existing entry conditions, the output of LRP, and the final 
output derived from the flow model. For comparison with the 391 pa
rameters used in this study, the entry conditions in Table 6 represent the 
general conditions for an abnormal reactor coolant system leak to the 
outside of the containment due to a steam generator tube leakage event.

It shows that cause information related to the essential service water 
system, which falls outside the operators’ scope of understanding, was 
successfully excluded during the final process with the flow model. 
Furthermore, the proposed concept identified the low-pressure feed
water heater system as one of the key causes, in addition to the steam 
generator, unlike the existing entry conditions. Each parameter with the 
highest relevance score, related to the steam generator and low-pressure 
feedwater heater, was plotted, as shown in Fig. 16.

These results suggest that, even when the identified causes—such as 
the steam generator level and the low-pressure feedwater heater tem
perature—differ from the operators’ conventional knowledge, the 
model can provide insights that align with physical flow, contributing to 
diagnostic reasoning. 

2. Case Study on loss of reactor coolant pump seal injection water

The user interface clearly visualized the reactor coolant pump as the 
diagnostic cause of the loss of reactor coolant pump seal injection water 
event, as shown in Fig. 17. Furthermore, Table 7 demonstrates that, 
consistent with the actual entry conditions used for diagnosis, the pro
posed concept maintained the pressurizer as a key diagnostic cause from 
the intermediate output through to the final output derived from the 
flow model.

When the system was selected by the user, the interface displayed the 
trend of the reactor coolant pump seal water inlet temperature and its 
flow to the user, as shown in Fig. 18.

Additionally, it can be observed that cause information about 
moisture and reheat steam, which is relatively less relevant to this event, 
was removed from the user interface through the flow model. 

3. Case Study on loss of condenser vacuum

In the third case study, the proposed concept diagnosed the event as 
a loss of condenser vacuum while simultaneously visualizing the diag
nostic causes, including the condensate system, low-pressure feedwater 
heater, and circulating water system, as shown in Fig. 19 and Table 8. 
Among them, it identified the condensate system as the most significant 
component contributing to the diagnostic cause.

Although the essential service water system may be relevant to the 
model’s diagnosis, it does not directly contribute to condenser cooling 
and may interfere with operators’ reasoning. The results indicate that, 
through the flow model, the essential service water system was excluded 
from the cause information in the final output. Furthermore, the findings 
of this study show that the low-pressure feedwater heater has a high 
relevance score. However, unlike the existing entry condition, which 
considers the increase in low-pressure turbine exhaust hood tempera
ture, the proposed concept reasonably diagnosed based on the increase 
in low-pressure feedwater heater inlet temperature, as shown in Fig. 20. 
Although this parameter differs from the conventionally used entry 
conditions, its increasing trend can provide new insights.

These results show that the interface developed based on the 

Table 5 
MFM simulation description about each abnormal event.

Abnormal event MFM simulation

Flow function State

Steam generator tube leakage traa66 High
Charging line break upstream tra42 Low
Letdown line leakage inside containment tra37, thr1 Low
Loss of condenser vacuum sto10, sto6 Low
Pilot-operated safety relief valve leakage tra36 (tra3) High
Circulating water tube leakage in low-pressure condenser stoa7 Low
Main steam isolation valve positioner failure sto8 Low
Loss of reactor coolant pump seal injection water sto27 Low
Main steam header steam leakage tra11 Low
Pressurizer spray valve positioner failure sto22, sto2 Low
Component cooling water service loop header leakage sto33 Low
Low-pressure feedwater heater tube break sto12 High
High-pressure feedwater heater tube break sto14 High
Main feedwater pump recirculation valve positioner 

failure
sto13 Low

High-pressure turbine control valve positioner failure tra12 Low

a tra: transport; sto: storage.

Fig. 15. Visualization of explanation results by comparative model 1 (Left) and user interface (Right).

Table 6 
Entry condition and explanation results for Case Study 1.

Entry condition Output (LRP) Output (User 
interface)

Component/ 
system

- Pressurizer
- Reactor 

coolant system
- Volume control 

tank
- Charging 

system

- Essential service 
water system

- Steam generator
- Low-pressure 

feedwater heater

- Steam generator
- Low-pressure 

feedwater heater
- Pressurizer
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proposed concept provides users with understandable cause information 
alongside accurate events from the model diagnosis. This indicates that 
the essential cause information required for operators to diagnose events 
is preserved and delivered, provided it aligns with the flow defined by 

the MFM.

5. Conclusion

Numerous AI technologies have been explored to assist operators in 
diagnosing abnormal situations in NPPs. For these AI technologies to be 
effectively utilized as diagnostic support systems, it is essential to pro
vide operators with clear explanations of how the models derive their 
diagnostic results. However, explanations generated by artificial neural 
networks are typically based on learned distinctions between classes, 
which may differ from operators’ prior knowledge or the entry condi
tions outlined in existing abnormal operating procedures. If operators 
fail to understand such discrepancies, it can hinder their comprehension 
of the explanations, thereby limiting the applicability of the information 

Fig. 16. Highest relevant parameter trends for Case Study 1.

Fig. 17. User interface result for Case Study 2.

Table 7 
Entry condition and explanation results for Case Study 2.

Entry condition Output (LRP) Output (User 
interface)

Component/ 
system

- Reactor coolant 
pump

- Reactor
- Reactor coolant 

pump
- Moisture and 

reheat steam

- Reactor
- Reactor coolant 

pump
- Volume control 

tank
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provided by the diagnostic support system.
This study proposes a concept to address the challenges associated 

with AI-based diagnostic support systems in providing results that op
erators can understand. First of the proposed concept, monitoring pa
rameters within the training dataset obtained from the NPP simulator 
are rearranged based on the positions of each system on the plant map. 
This approach enables the CNN to learn abnormal patterns localized to 

specific regions, allowing the explanations of the model’s diagnostic 
results to be derived based on these learned patterns. Next, the concept 
combines the results of LRP-ε as the XAI technique with MFM to provide 
operators with understandable explanations. Even if the explanations 
generated by LRP-ε differ from the operator’s understanding, this 
method ensures that only results consistent with the physical flow are 
presented. To enhance operator cognition, the user interface was 

Fig. 18. Highest relevant parameter trend for Case Study 2.

Fig. 19. User interface result for Case Study 3.
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simplified, and the explanations were visualized at the component level. 
A case study demonstrated that the proposed concept not only provides 
appropriate diagnostic results but also effectively visualizes diagnostic 
causes at a level comprehensible to the operator.

The developed concept aims to provide operators with insights into 
the diagnostic results based on the internal information learned by the 
model, delivering explanations at a comprehensible level. Additionally, 
these insights enable operators to provide feedback on the model’s 
diagnostic outcomes, ultimately fostering trust in the diagnostic support 
system. By leveraging this concept, operators are expected to perceive 
the system’s information as helpful, thereby enhancing the system’s 
overall trustability. However, while AI models provide insights for 
classifying abnormal events based on their learning, operators typically 
diagnose events by considering their broader characteristics described 
with entry conditions. Nevertheless, the approach offers the advantage 
of presenting distinctive features for classification, optimized for the 
identification of abnormal events [34]. Therefore, future work should 
leverage these advantages by expanding the range of abnormal events 
covered in the proposed framework, enabling the provision of optimized 
separable diagnostic causes across the entire spectrum of abnormal 
scenarios. This would support more accurate differentiation of individ
ual abnormal events within a diagnostic support system. Moreover, this 
study focuses on providing explanations of the model’s output in a way 
that is understandable to operators. However, operators must process 
not only the new information provided by the system but also the in
formation they already need to perceive for their existing tasks. There
fore, the information provided should be designed with ergonomic 
intuitiveness in mind, and the amount of information should be opti
mized from the operator’s perspective. To achieve this, a usability 
evaluation should be conducted to ensure that the proposed concept can 
be effectively applied as a diagnostic support system.
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