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a b s t r a c t

Comprehensive condition monitoring of large industry systems such as nuclear power plants (NPPs) is
essential for safety and maintenance. In this study, we developed novel system-scale diagnostic tech-
nology based on deep-learning and IR thermography that can efficiently and cost-effectively classify
system conditions using compact Raspberry Pi and IR sensors. This diagnostic technology can identify the
presence of an abnormality or accident in whole system, and when an accident occurs, the type of ac-
cident and the location of the abnormality can be identified in real-time. For technology development,
the experiment for the thermal image measurement and performance validation of major components at
each accident condition of NPPs was conducted using a thermal-hydraulic integral effect test facility with
compact infrared sensor modules. These thermal images were used for training of deep-learning model,
convolutional neural networks (CNN), which is effective for image processing. As a result, a proposed
novel diagnostic was developed that can perform diagnosis of components, whole system and accident
classification using thermal images. The optimal model was derived based on the modern CNN model
and performed prompt and accurate condition monitoring of component and whole system diagnosis,
and accident classification. This diagnostic technology is expected to be applied to comprehensive
condition monitoring of nuclear power plants for safety.
© 2022 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

A nuclear power plants (NPPs) consist of several components for
safety, which are monitored by the operator. Because NPP has so
many important variables which change minutely or rapidly,
monitoring the condition of NPP in a transient state by an operator
sometimes leads to mistakes [1]. For example, in the Three Mile
Island (TMI-2) unit 2 accident in 1979, a severe accident and core
damage occurred by the operator's wrong decisions with equip-
ment failures because the state of NPP could not be fully under-
stood due to insufficient state information. The lesson of this case is
that having a measurement method with additional, different
mechanisms can help reduce human error by providing the infor-
mation in different point of view. Accurate diagnosis of the condi-
tion of NPPs and identification of the cause and location of the
accident can increase the probability of preventing damage to the
core by making it easier for operators to recognize and address the
problem. Therefore, along with the system diagnosis method of the
by Elsevier Korea LLC. This is an
existing nuclear power plant, the method of assisting the operator
in monitoring the system in the transient state is essential to in-
crease the safety of the nuclear power plant. In this regard, this
study proposes a novel system monitoring technology that com-
bines thermal image measurement using small-scale and broad-
view infrared (IR) technology and a deep learning-based condi-
tion classificationmodel. In this technology, eachmajor component
is visualized in real time with an IR camera, and the deep learning
model determines whether each component and the entire system
is abnormal by using the measured infrared thermal image, if an
accident occurs, it determines the type and main location of the
accident.

Deep learning technology is a method of machine learning that
gradually learns meaningful features in successive deep neuron
layers, and has strength in image data processing in particular. This
has greatly advanced in the direction of faster and more accurate
classification of data that is difficult or ambiguous for humans [2].
In the field of nuclear, studies using deep learning have been
recently conducted in a variety of ways, and in particular, many
studies have been conducted to diagnose the transient state of
NPPs. For example, the prediction of critical heat flux by an artificial
open access article under the CC BY-NC-ND license (http://creativecommons.org/

http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:icbang@unist.ac.kr
http://crossmark.crossref.org/dialog/?doi=10.1016/j.net.2022.10.012&domain=pdf
www.sciencedirect.com/science/journal/17385733
www.elsevier.com/locate/net
https://doi.org/10.1016/j.net.2022.10.012
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.net.2022.10.012
https://doi.org/10.1016/j.net.2022.10.012


I.J. Jin, D.Y. Lim and I.C. Bang Nuclear Engineering and Technology 55 (2023) 493e505
neural network (ANN) was found to be faster than the prediction of
system code using correlation [3], and ANN was used to diagnose
NPP transients based on initial conditions of transients [4]. To
validate the possibility of diagnosing and classifying transient
conditions with deep learning, the state of an NPP was classified
using a convolutional neural network (CNN), which was trained
and evaluated using the reshaped results of the RELAP [5] calcu-
lation. In addition, deep learning technology has also been applied
to real-time diagnostic studies that require fast computation, which
it has proven its ability to reduce operator intervention. Lee et al.
demonstrated the feasibility of real-time diagnosis of an NPP to
classify the operating condition using the safety analysis code
calculation results, which were utilized to train and test a two-
channel CNN [6]. This can prevent operator-induced accidents
and enable accident classification with a short response time.
However, although several studies have attempted to incorporate
deep learning into the safety of NPPs, most of studies have been
based on results calculated using the safety analysis code. Studies
that trained and evaluated the classification model using results of
the system analysis code is meaningful in that it suggests a new
possibility, but it is difficult to evaluate its practical applicability.
Therefore, in order to evaluate the practical performance of deep
learning technology, training using experimental data and applying
it to an experimental facility is essential to evaluate its applicability.

In addition, because numerous measured values obtained by
data-driven monitoring can cause confusion of the operators and
result in difficulty locating faults or failures, intuitive non-contact
IR thermography condition monitoring is widely accepted for the
detection of malfunctions in machines or components [7]. Among
deep learning techniques, CNNs have shown outstanding perfor-
mance for processing images. The significant benefit of CNNs is that
they require fewer parameters than an ANN, making it possible to
classify more complex data accurately with a short response time
[8]. The performance improvement of CNNs has allowed
component-scale fault detection studies. For example, an applica-
tion for fault detection of a rotating component using IR thermal
technology and the CNN was proposed by demonstrating the
feasibility of component diagnosis with a thermal image combined
with deep learning [9]. A study was conducted to classify the state
of a wiring device using an IR camera with the object detection
method, which is a type of CNN, because diagnosis based on vi-
bration requires direct contact with the device [10]. A health
monitoringmethod for a radiator, which is a type of heat exchanger,
was employed to classify the status of the radiator using an IR
camera and visual geometry group (VGG) net, which is a CNN
classification model [11]. In addition, owing to the limitation of
crack detection by conventional cameras, crack detection was car-
ried out using an IR camera and a deep learning object detection
method [12].

Fault detection using IR cameras has been proposed in many
industrial fields, and prompt and accurate component-scale clas-
sification was possible with the use of deep learning. Visual in-
spection of a component using an IR thermal camera with deep
learning can be performed even when no measuring instrument is
installed. However, because the deep-learning-based IR diagnostic
technology uses a high-performance/high-resolution IR camera, it
is not easy to install, difficult to transmit data, and need to a lot of
budgets. In the case of deep learning-based IR diagnostic study for a
single component, a commercial IR camera was used, and the price
of one IR thermal camera used in the literatures was close to
$10,000. Despite the high price, data transmission is not easy and
requires a high-performance computing system. As a result, there
was a disadvantage in that an additional cost was generated for
data acquisition. Therefore, IR diagnostic technologies cannot be
extended from component-scale diagnosis to system-scale
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diagnosis and have been used only for single-component sub-
classification. Nevertheless, using a single component is uncom-
mon in many industries that use components. In order to overcome
the difficulties of the above IR technology studies, this study uti-
lized Raspberry Pi, a low-cost computing system, and a small IR
sensor costing about $80 each, demonstrating similar diagnostic
results compared to conventional analysis methods, and classifying
accidents by enabling multi-component diagnosis at a low cost. If
deep-learning-based IR technology could diagnose multiple com-
ponents, improved safety could be realized by an intuitive diag-
nostic method not only for nuclear power plants but also for many
industrial fields.

This study utilizes small IR thermal cameras and a Raspberry Pi,
which can facilitate installation, data transmission, and cost-
effectiveness to overcome the limitations of expanding to the sys-
tem scale. Therefore, a deep-learning-based system-scale diagnosis
method using IR thermal cameras is proposed for component
diagnosis and accident classification. The data for system-scale
diagnosis were generated using IR thermal cameras based on the
experimental data of the UNIST reactor innovative loop (URI-LO)
which is a scaled-down thermal-hydraulic experimental NPP fa-
cility [13]. The CNN deep learning classification model was trained
using thermal images of major URI-LO components for accurate
component diagnosis and accident classification in quasi-real-time.

2. Modeling and methodology

In contrast to previous studies that used safety analysis codes
with AI for the diagnosis of NPPs, this study trained and tested the
deep learning model using data obtained from the integral test
facility, URI-LO, which scales down APR 1400 (1/8 height, 1/12
diameter), to ensure the reliability of the deep learning model. URI-
LO is shown in Fig. 1. The steady-state operation condition was
designed using the three-level scaling method proposed by Ishii
and Kataoka [14]. The design operating conditions are listed in
Table 1.

The transient data for the deep learning model were obtained
through experiments based on the design operating conditions of
URI-LO. Considering the application of the proposed IR technology
to various industries, this study was carried out by combining a
Raspberry Pi and compact IR thermal cameras, which are conve-
nient to install, transmit data, and are cost-effective. After the state
of the main component was diagnosed, early-stage accident clas-
sification based on diagnosed component data was developed
through deep learning using small IR cameras. The reactor coolant
pump (RCP) and secondary side of the steam generator, which
change significantly at the early stage of transient conditions, were
considered for system-scale diagnosis. The classified accidents
include both design-basis accidents (DBAs) and beyond-design-
basis accidents (BDBAs). A DBA is a postulated accident that a nu-
clear facility must be designed and built to withstand without loss
to the systems, structures, and components necessary to ensure
public health and safety. BDBA is used as a technical means to
discuss accident sequences that are possible but have not been fully
considered in the design process.

2.1. Validation of the experiment based on the thermal-hydraulic
analysis code

The thermal-hydraulic analysis code is frequently utilized to
analyze transient conditions of NPPs or facilities. The calculation
results of the multi-dimensional analysis of reactor safety (MARS)
thermal analysis code have shown similar behavior to the experi-
mental transient conditions [16e18]. The accidents to be classified
using the deep learning model were analyzed with the MARS code



Fig. 1. Schematics of URI-LO

Table 1
Designed normal operation conditions for URI-LO [15].

Design parameters APR-1400 Scaling ratios (P/M) URI-LO (Water)

RCS pressure [bar] 155.13 155.13 1.0
Core inlet temperature [oC] 290.6 e 74.0
Core outlet temperature [oC] 325.0 e 91.2
Temperature difference [oC] 34.4 0.5 17.2
Core flow rate [kg/s] 550.6 203.9 (Cp,oRloR1/2doR2) 2.7
Core power [MW] 79.66 407.3 (loR1/2doR2) 0.196
SG pressure [bar] 70.0 291.65 0.24
SG steam temperature [oC] 291.0 e 66.0
SG heat removal [MW] 39.92 407.3 (loR1/2doR2) 0.098
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to validate the URI-LO experiment. Because the MARS analysis re-
sults for URI-LO, an integral effect test facility, show transient
behavior similar to that of NPPs or other integral effect test facilities
[13], the experimental URI-LO results and MARS calculation results
were compared. Transient condition analysis was carried out
focusing on the RCP and steam generator water level, which are the
main components to be diagnosed.

2.1.1. Simulation of RCP rotor seizure accident
RCP rotor seizure is a type of loss of flow accident, which is clas-

sified as a DBA. The URI-LO experiment of an RCP rotor seizure acci-
dent was carried out for Loops 1 and 2. However, the experimental
and MARS code calculation results were compared only for the RCP
rotor seizure in Loop 1 because the RCP rotor seizure in Loop 2
exhibited similar behavior to that of Loop 1. Although the significant
transition caused by the RCP rotor seizure accident is a flow rate
change for all RCPs, the water level in the steam generator secondary
side does not fall significantly. A comparison between the MARS
calculation results and experimental results for the RCP rotor seizure
accident in Loop1 is shown in Fig. 2(a). Theflow rates of all RCPswere
changed by the RCP rotor seizure accident. The flow rates of the 2A
and 2BRCPs increased and thendecreased,while theflow rates at the
1A and 1B RCPs decreased. The behaviors of the URI-LO experiment
and the MARS code calculation were similar for RCP rotor seizure.

2.1.2. Simulation of SBO accident
Since the Fukushima Daiichi nuclear disaster, SBO has been

considered a crucial accident and has been considered in behavioral
analyses [19,20]. The significant early stage changes in each
component during an SBO accident include the turning off of all
RCPs and a collapse of the water level in the steam generator
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compared to normal operating conditions. Comparisons of the
MARS analysis results and experimental results are shown in
Fig. 2(b) and (c) for the main components diagnosed using the IR
thermal cameras for accident classification. Based on the MARS
analysis and URI-LO SBO experiment results, when SBO occurs,
because the system operating power is no longer supplied, all off
the RCPs cease operation, and the steam generator water level
collapses in all loops because feedwater is no longer injected into
the steam generator. Although the result of the URI-LO SBO simu-
lation showed almost the same behavior as that of the MARS
calculation, the flow rate of the experiment fluctuated more than
the MARS calculation results.

2.2. Configuration of the small IR cameras

Because high-resolution IR cameras are difficult to install, have
difficulty transmitting thermal data, and are costly, the use of
existing IR technology to realize diagnosis at the system scale is
difficult despite the non-contact and intuitive monitoring method.
Therefore, this study proposes a method utilizing Raspberry Pi with
compact IR thermal cameras, which have simple installation, use
multi-remote control, and are cost-effective. The Raspberry Pi en-
ables measurement of the IR intensities acquired from the compact
IR sensors. To measure the IR data, the module for the IR sensor or
general-purpose input/output (GPIO) connection can be used.
However, the connection of the IR camera to the Raspberry Pi
through the module was more stable than the GPIO connection.
Fig. 3 shows a schematic of a compact IR thermal camera connected
to the Raspberry Pi using the module. FLIR Lepton 3.5 is used as the
compact IR thermal sensor. The performance of the FLIR Lepton 3.5
is summarized in Table 2.



Fig. 2. Transient behavior in the MARS code calculation and URI-LO experiments: (a) RCP flow rate during an RCP rotor seizure accident, (b) RCP flow rate, and (c) collapsed water
level of the steam generator secondary side during an SBO accident.

Fig. 3. Schematic of the IR thermal camera connected to the Raspberry Pi through the module.
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The thermal image was created by measuring the intensity with
a compact IR sensor using a Raspberry Pi. The IR intensity and range
were adjusted to respond to even minute temperature changes.
Fig. 4 shows a flowchart of the overall NPP component diagnosis
and accident classification based on the IR cameras and deep
496
learning. Each Raspberry Pi remotely controlled by themain control
computer improved the controllability of the compact IR thermal
cameras. The main components diagnosed using the IR thermal
cameras with deep learning were the 1A, 1B, 2A, and 2B RCPs along
with the water level of the steam generator in Loops 1 and 2. The



Table 2
Main features of the FLIR Lepton 3.5

FLIR Lepton 3.5

Array format 160 x 120, progressive scan
Spectrum range Longwave infrared, 8 mm to 14 mm
Pixel size 12 mm
Thermal sensitivity < 50 mK (0.050�C)
Radiometric Accuracy þ/- 5�C or 5%
Scene dynamic range (High gain mode) - 10�C to þ 140�C
Scene dynamic range (Low gain mode) - 10�C to þ 450�C
Optimum operating temperature range �10�C to þ 80�C
Non-operating temperature range �40�C to þ 80�C

I.J. Jin, D.Y. Lim and I.C. Bang Nuclear Engineering and Technology 55 (2023) 493e505
data were acquired with a Raspberry Pi from the IR thermal cam-
eras, and major components were diagnosed using a model trained
by deep learning on the Raspberry Pi. The thermal image diagnosed
by deep learning was transmitted to the main control computer
after post-processing. However, the component diagnosis time per
thermal image by the trained model was 1.5144 s at the terminal of
the Raspberry Pi. Therefore, component diagnosis by the Raspberry
Pi terminal cannot realize real-time diagnosis owing to the long
time required per component thermal image. For real-time diag-
nosis, this study employed the connection of the Raspberry Pi to a
remote GPU server. The time required for diagnosis is reduced with
connection to the remote GPU server. Remote GPU server allows
users to log in to another computer, run commands on a remote
system, and copy files to another system. When the Raspberry Pi
was connected to the remote GPU server, the diagnosis time per
thermal image decreased to 0.053348 s. The diagnosis time, which
includes the pre-processing and post-processing times in the
remote GPU server and Raspberry Pi terminal, is shown in Fig. 5.
The connection could diagnose the main components with quasi-
real-time performance, including the processing time.
2.3. Characteristics of the dataset

Although a large amount of steady-state data can be acquired
conveniently during system operation, obtaining transient data
from NPPs is difficult under artificial accidents. In addition, when a
transient signal is generated, the reactor will be subject to a SCRAM
because the reactor protection system (RPS) will be activated.
Therefore, it is challenging to obtain data for transient situations.
Fig. 4. Schematic of the system scale diagnosis
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Hence, a deep learning model that is trained using a small amount
of thermal image data should accurately classify the transient
condition based on actual transient conditions. Owing to the
automatic operation of the RPS, the thermal image data is
composed of 2e3 s of each transient condition, which is diagnosed
by the deep learning model. The experimental conditions verified
in section 2.1 was repeated three times for each condition to
database the thermal images of each component for deep learning
application at failure condition. The amount of data for the state of
each component is designated as 100 to verify the feasibility of
high-performance system diagnosis by the deep learning model.
The number of thermal images of each component and the number
of accident data are given in Tables 3 and 4, respectively. The
dataset was divided; 90% of the data was used as training and
validation data, and 10% was used as test data. Of the 90%, 80% was
used for training, and 20% was classified as validation data for the
training process. In this study, considering the actual NPP situation,
training was performed with a small amount of data. Therefore,
data augmentation was carried out to prevent overfitting and
improve the accuracy of the deep learning model.
2.4. Architecture of the CNN

Among deep learning architectures, CNNs exhibit effective im-
age processing performance [8]. A CNN is trained by extracting
patterns from images while processing the images. Therefore, a
CNN was used to classify the thermal images for diagnosis of the
NPP system. There are numerous types of CNNs, such as classifi-
cation, object detection, and segmentation. A classification-type
CNN architecture is used in this study because the deep learning
model is intended to classify the data acquired by fixed IR cameras,
and each thermal image contains one main component. The main
components comprising the NPP should be diagnosed accurately
and promptly to increase the safety of the NPP. Hence, a classifi-
cation algorithm that has a short test time and high accuracy for
thermal images is required for the system diagnosis. Classifying the
type of accident for a large-scale system composed of numerous
components by diagnosing only the components is challenging.
Therefore, we propose an accident classification method using
diagnosed thermal images with deep learning after the application
of component diagnosis. A schematic of the CNN models is shown
in Fig. 6.
by deep learning with IR thermal images.



Fig. 5. Comparison of the diagnosis times per thermal image with the Raspberry Pi terminal and remote GPU server.

Table 3
Thermal image dataset for training of the component diagnosis model.

Total Data Training Data Validation Data Test data Pixel size

1A RCP Normal 100 72 18 10 224 � 224 � 3
1A RCP Abnormal 100 72 18 10 224 � 224 � 3
1B RCP Normal 100 72 18 10 224 � 224 � 3
1B RCP Abnormal 100 72 18 10 224 � 224 � 3
Normal water level of steam generator 1 100 72 18 10 224 � 224 � 3
Collapsed water level of steam generator 1 100 72 18 10 224 � 224 � 3
2A RCP Normal 100 72 18 10 224 � 224 � 3
2A RCP Abnormal 100 72 18 10 224 � 224 � 3
2B RCP Normal 100 72 18 10 224 � 224 � 3
2B RCP Abnormal 100 72 18 10 224 � 224 � 3
Normal water level of steam generator 2 100 72 18 10 224 � 224 � 3
Collapsed water level of steam generator 2 100 72 18 10 224 � 224 � 3

Table 4
Thermal image dataset for training of the accident classification model.

Total Data Training Data Validation Data Test data Pixel size

Normal operation 100 72 18 10 672 � 448 � 3
Loop 1 RCP rotor seizure 100 72 18 10 672 � 448 � 3
Loop 2 RCP rotor seizure 100 72 18 10 672 � 448 � 3
Station blackout 100 72 18 10 672 � 448 � 3
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Various studies have been carried out and compared to develop
better classification models [21]. Numerous classification architec-
tures have been developed, such as AlexNet [22], GoogleNet [23],
VGG net [24], ResNet [25], and DenseNet [26]. Selecting the optimal
algorithm/structure for deep learning applications is important to
prove the same performance when applied to other systems. In
addition, the selection of the proper architecture is a significant ef-
fect on the application of the technique because it proves that the
model could classify the state with high accuracy and optimal time
for given data. Therefore, various architecture have been compared
to implement an optimal classification model that enables prompt
and accurate classification of thermal images. In addition, because
the classification time depends on the architecture, in this study,
ResNet, VGGNet, AlexNet, GoogleNet, DenseNet, and ANN were
compared to select the optimal architecture for the thermal images.
Table 5 represents the number of parameters and multiply and
accumulate per sec (MACs) of the architecture for thermal imaging
used in this study. MACs is related to classification time due to a unit
used to confirm the performance of parameter computing. Because
the performance of the deep learningmodel can change owing to the
hyperparameters, the optimizer, learning rate, and batch size were
adjusted to achieve the optimal hyperparameters for training, and
the hyperparameters were applied to train the component diagnosis
and accident classification CNN models. Adaptive momentum esti-
mation (Adam) algorithm was used as the optimizer for this study
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[27]; learning rates of 0.001 were considered. Considering the
amount of data, batch sizes of 4 was used. The training epochwas set
to 100 to ensure high performance with little learning. The training
conditions for the optimal architecture and hyperparameter selec-
tion are listed in Table 6. The training was carried out without pre-
trained weight. The deep learning application was conducted
based on the PyTorch, which is the deep learning framework on
python. Because there is no possibility of classifying other compo-
nents when using fixed IR cameras, each component in the normal
and abnormal states is separately trained to prevent misdiagnosis as
an incorrect component when the components are diagnosed using
deep learning.

2.5. Evaluation of the deep learning performance

Based on a confusion matrix, model evaluation was performed
for the thermal-image-based system-scale diagnosis. The classifi-
cation performance of the test datawas summarized by a confusion
matrix. A confusion matrix is often used to evaluate classifiers that
include two ormore classes [28]. The confusionmatrix is composed
of positive and negative classes: true positive (TP), true negative
(TN), false positive (FP), and false negative (FN). These parameters
are defined as classifying a positive as a positive, classifying a
negative as negative, classifying a negative as positive, and classi-
fying a positive as negative, respectively. The performance of the



Fig. 6. Schematic of the total number of training models and training process for each model.

Table 5
The number of parameters and multiply and accumulate per sec of architectures for
IR thermal images.

Architectures Parameter MACs

ANN (200, 200, 200) 60,373,204 30,186,000
ANN (300, 300, 300) 90,679,804 45,339,000
ANN (400, 400, 400) 121,066,404 60,532,000
ANN (500, 500, 500) 151,533,004 75,765,000
AlexNet 124,756,688 1,135,256,096
VGGNet-16 268,554,372 15,466,176,512
VGGNet-19 279,178,884 19,627,974,656
GoogLeNet 20,640,428 1,575,133,184
ResNet-18 22,355,076 1,813,562,368
ResNet-34 42,571,396 3,663,250,432
ResNet-50 47,024,260 4,087,140,352
ResNet-101 85,008,516 7,799,361,536
ResNet-152 116,295,812 11,511,582,720
DenseNet-101 1,580,564 416,052,624
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CNN model was first evaluated based on the accuracy, recall, pre-
cision, and F1 score based on four factors. Accuracy represents the
overall performance of the classifier. Recall represents the propor-
tion of positive outcomes predicted by the model out of the actual
Table 6
Training conditions for selection of the optimal architecture and hyperparameter for com

Architecture Hidden layer Optimizer Learning rate

ANN (200, 200, 200) Adam 0.001
(300, 300, 300)
(400, 400, 400)
(500, 500, 500)

AlexNet AlexNet
VGGNet VGGNet-16

VGGNet-19
GoogLeNet GoogLeNet
ResNet ResNet-18

ResNet-34
ResNet-50
ResNet-101
ResNet-152

DenseNet DenseNet-101
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positive outcomes. Precision represents the proportion of actual
positive outcomes out of the outcomes classified as positive by the
model. The F1 score represents the harmonic average, considering
the precision and recall. These statistical parameters are described
by Equations (1)e(4) [29].

Accuracy¼ TP þ TN
TP þ TN þ FP þ FN

(1)

Recall¼ TP
TP þ FN

(2)

Precision¼ TP
TP þ FP

(3)

F1 score¼ 2*
Precision*Recall
Precisionþ Recall

(4)

The trained models were compared in terms of the training loss,
validation loss, and test loss to determinewhether the models were
over-fitted. If the validation loss and test loss did not converge, the
model was considered over-fitted. If the model is over-fitted, it will
ponent diagnosis and accident classification.

Loss function Batch size Epoch Hardware

Cross-entropy 4 100 GPU:
Tesla-k80
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exhibit high accuracy for the training data. However, it will not be
able to classify the new data. Hence, themodel was evaluated at the
lowest point of validation loss, considering the over-fitting of
model. In addition, the occurrence of bias in the model can be
evaluated by comparing the validation loss and test loss. In a biased
model, even if either the validation loss or test loss is low, the other
may be high. Therefore, convergence of the validation loss and test
loss is considered to be important.

2.5.1. k-fold cross validation
Because themodel in this studywas trained and evaluated using

a small amount of data, there was a possibility that the model may
be biased even if the CNN model exhibited high performance.
Therefore, k-fold cross-validation was performed on the model to
verify the model performance. For k-fold cross-validation, the
entire dataset is divided into k groups. Then, the model is trained
using k-1 groups and evaluated using the remaining group. After k
iterations of training and evaluation, the model performance is
evaluated based on the confusion matrix. Here, k values of 2, 5, 8,
and 10were considered, and the evaluationwas carried out for all k.

2.5.2. Grad-CAM
The method of creating visual explanations for the results of

CNN-based models makes CNN-based models more transparent
and explanatory. Gradient-weighted Class Activation Mapping
(Grad-CAM) could be applied to most CNN architectures for the
application of the method and does not require a separate archi-
tectural change or re-training [30]. Grad-CAM uses the gradient of
the target concept flowing to the final convolutional layer to create
a coarse localization map that emphasizes important parts of the
image when predicting. Therefore, Grad-CAM facilitates knowing
which part of the image the neural network looked at and made a
judgment based on a specific label. CAM is a very useful tool to open
the inside of CNN. In this study, an analysis of the pattern extracted
through Grad-CAM was carried out with the trained model to
perform a more in-depth study on the outcomes.

3. Results and discussion

3.1. IR thermography

Thermal images for the normal and abnormal states of the main
components to be diagnosed for accident classification are shown
in Fig. 7, which were acquired by compact IR cameras. The thermal
images of the RCPs under normal operation are shown in Fig. 7(a),
(c), (g), and (i). The thermal images of RCPs that are not operating
owing to rotor seizure or power cut-off are shown in Fig. 7(b), (d),
(h), and (j). Thermal images obtained when the water level of the
steam generator is in the normal range with normal operation of
the feedwater injection are shown in Fig. 7(e) and (k). Thermal
images obtained when the water level of the steam generator has
fallen outside the normal water level without feedwater injection
are shown in Fig. 7(e) and (k). The heat generated by the pump
operationwas sufficiently reduced to allow normal operation of the
pump to be distinguished as soon as the pump stopped working,
regardless of any accidents. In classifying the water level of the
steam generator through thermal images, the operator could not
distinguish the difference between the normal water level and low
water level when the feed water was not injected, despite the more
intuitive monitoring method than conventional data-driven
methods. Therefore, deep learning for component diagnosis was
employed to distinguish differences that were difficult for humans
to identify. The thermal images of components diagnosed by the
deep learning model were post-processed, and all of the thermal
images were then transmitted to the main control computer to
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enable monitoring of the entire system. The diagnosed components
were displayed in green when operating normally and red when
outside the normal range to assist the system operator. Fig. 8 shows
the combined thermal images for system monitoring in the normal
state and during an RCP rotor seizure accident of Loop 1, RCP rotor
seizure accident of Loop 2, and SBO accident. The combined ther-
mal images of components diagnosed by deep learning can allow
the problem location to be identifiedmore intuitively thanwith the
existing methods. However, if intervention of the system operator
becomes essential to classify the accident, the possibility of
misclassification still remains. Moreover, if the number of compo-
nents is increased, prompt accident classification becomes difficult
at an early stage, and deep learning is utilized to classify the acci-
dent situation.

3.2. Deep learning performance evaluation

The CNN models for all pump diagnoses and accident classifi-
cations showed good performance, regardless of the CNN algorithm
in most cases. To the extent to which human eyes could confirm,
the CNN model was easily trained. In addition, in the case of the
accident classification model, post-processing of the thermal im-
ages of the main components was performed to give the CNN
model an advantage during training, resulting in high performance.
However, there was a significant difference depending on the ar-
chitecture utilized when training the steam generator water level
diagnosis. Therefore, the optimal architecture for thermal images
were determined using the steam generator water level diagnosis
data.

3.2.1. Architecture selection
The CNN structure for the optimal model was implemented and

trained under the same conditions, i.e., the same method of
receiving data, data augmentation process, and hyperparameters.
The batch size was set to 4, the optimizer was Adam, and the
learning rate was set to 0.001. The accuracy of the validation and
test data for all of the compared structures is shown in Fig. 9.
Because not only accuracy but also the convergence of loss and
prompt diagnosis were considered important for model perfor-
mance, Table 7 summarizes the losses and diagnosis time per
thermal image with post-processing for each structure. The per-
formance of each architecture was summarized in Table 8. The
diagnostic performance for most architectures was outstanding,
which is considered due to the property of the dataset used for this
study. In this study, the IR sensors were fixed to diagnose each
component. Due to the stationary, component size, angle, etc. in the
thermal image did not change, which improved the diagnostic
performance. Therefore, it is considered that the diagnosis using
the fixed thermal image could contribute to the performance
enhancement for component diagnosis.

ANN_200, ANN_300, ANN_400, and ANN_500 indicate hidden
layers of (200, 200, 200), (300, 300, 300), (400, 400, 400), and (500,
500, 500), respectively. All of the ANNs and AlexNet had the fastest
diagnosis times, but the accuracy of the validation and test datawas
low, and training did not proceed without the convergence of all
types of losses. Although VGG Net 16 had high accuracy for the
validation datawith a prompt diagnosis distinct fromVGGNet 19, it
had poor diagnostic performance for the test data. Among the
ResNet architectures, the performance of ResNet 34 was more
suitable for the diagnosis or classification of thermal images than
the other ResNet types. GoogLeNet demonstrated good perfor-
mance for all of the thermal imaging diagnoses with prompt clas-
sification. DenseNet also showed good performance for thermal
images, but its performance was lower than those of GoogLeNet
and ResNet 34. Both GoogLeNet and ResNet 34 showed good



Fig. 7. Thermal images acquired by compact IR cameras: (a) 1A coolant pump [normal], (b) 1A coolant pump [failed], (c) 1B coolant pump [normal], (d) 1B coolant pump [failed], (e)
Loop 1 steam generator [normal water level], (f) Loop 1 steam generator [collapsed water level], (g) 2A coolant pump [normal], (h) 2A coolant pump [failed], (i) 2B coolant pump
[normal], (j) 2B coolant pump [failed], (k) Loop 2 steam generator [normal water level], (l) Loop 2 steam generator [collapsed water level].

Fig. 8. Combined thermal images composed of diagnosed components in the early stages of accidents: (a) normal state, (b) RCP rotor seizure of Loop 1, (c) RCP rotor seizure of Loop
2, and (d) SBO.
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performance for thermal imaging diagnosis with prompt classifi-
cation. Therefore, the optimal model used for component diagnosis
and accident classification was determined based on the diagnosis
performance of the trainedmodel for noise thermal image data that
were not used for training, considering the inferior transmission
condition. For performance evaluation based on the CNN structure,
the thermal image was artificially manipulated by adding noise to
50% of the entire image pixel. 50% pixel of the image (R,G,B) was
replaced by noise from Gaussian noise. 50% pixel of the image (R, G,
B) was randomly selected. Fig.10 represents the 50% noised thermal
image used for performance evaluation. Table 9 summarizes the
performance evaluation using thermal images that were not used
for learning. AlexNet and all of the ANNs, which performed poorly
on clear thermal images, were classified only as normal or
abnormal. Although the CNN architectures that performed well on
the clean thermal image classification showed good performance
on the noisy thermal image, ResNet 18 exhibited better
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performance on the noisy thermal image than ResNet 34. Thus, it
was concluded that the performance of the structure may change
depending on the data. Nevertheless, GoogLeNet showed high
performance for thermal image classification about the conditions
considered in this study. Therefore, the optimal hyperparameter
selection and validation were carried out based on GoogLeNet.
3.2.2. Validation of the deep learning model
As the training of themodel was conductedwith a small number

of thermal images, k-fold cross-validation was performed to
determine whether the model was biased based on the composi-
tion of the dataset, and the results are presented in Table 10. The
model showed good performance regardless of the configuration of
the dataset. However, when k ¼ 2, the model performance deteri-
orated because the training dataset was too small to extract the
features of the thermal images. Nevertheless, the model exhibited
good performance.



Fig. 9. Comparison of validation and test accuracies for an IR thermal image with different CNN architectures.

Table 7
Losses of training, validation, and test data and the average test time per image for different CNN architectures.

Training loss Validation loss Test loss Test time (sec)

ResNet18 5.2E-05 9.2E-03 2.1 0:0436þ0:0000
�0:0021

ResNet34 1.8E-04 3.6E-03 2.0E-02 0:0694þ0:0006
�0:0003

ResNet50 8.0E-05 5.3E-03 2.8 0:0828þ0:0008
�0:0025

ResNet101 3.1E-05 1.5E-01 9.9E-01 0:1380þ0:0015
�0:0030

ResNet152 2.3E-01 5.2E-01 4.2E-01 0:1955þ0:0001
�0:0004

AlexNet 7.0E-01 6.9E-01 7.1E-01 0:0234þ0:0006
�0:0022

GoogLeNet 1.6E-04 1.4E-04 1.4E-04 0:0533þ0:0005
�0:0003

DenseNet 3.1E-04 9.7E-04 1.1 0:0701þ0:0028
�0:0019

VGGNet16 1.0E-05 1.0E-05 4.9E-01 0:0515þ0:0003
�0:0003

VGGNet19 3.6E-01 3.0E-01 3.5E-01 0:0561þ0:0004
�0:0002

ANN_200 8.1E-01 8.1E-01 8.1E-01 0:0154þ0:0001
�0:0000

ANN_300 8.3E-01 7.6E-01 8.1E-01 0:0163þ0:0004
�0:0004

ANN_400 8.0E-01 6.5E-01 7.4E-01 0:0199þ0:0010
�0:0011

ANN_500 7.9E-01 9.0E-01 8.1E-01 0:0218þ0:0019
�0:0004
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3.2.3. Grad-CAM
Grad-CAM was used to confirm the feature map that the deep

learningmodel mainly used for training in identifying the defects of
each component. Fig. 11 represents the thermal image of the steam
generator and pump, the heat maps obtained through Grad-CAM,
and the combined images. The steam generator water level
Table 8
Performance evaluation metrics for test datasets with different CNN architectures.

Accuracy Precision Recall F1 Score

ResNet18 0.700 0.702 0.700 0.701
ResNet34 1.000 1.000 1.000 1.000
ResNet50 0.650 0.665 0.650 0.657
ResNet101 0.875 0.900 0.875 0.887
ResNet152 0.800 0.830 0.800 0.815
AlexNet 0.500 0.250 0.500 0.333
GoogLeNet 1.000 1.000 1.000 1.000
DenseNet 0.825 0.847 0.825 0.836
VGGNet16 0.950 0.955 0.950 0.952
VGGNet19 0.800 0.830 0.800 0.815
ANN_200 0.500 0.250 0.500 0.333
ANN_300 0.500 0.250 0.500 0.333
ANN_400 0.55 0.567 0.55 0.528
ANN_500 0.500 0.250 0.500 0.333
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diagnosis model mainly conjugates the temperature change of the
upper part when checking the water level of the steam generator,
and sub-confirms the temperature change of the entire steam
generator. In the case of the pump diagnostic model, the thermal
change of the upper part and the central part of the pump was
mainly conjugated. However, because the data for pump diagnosis
is with the thermal image of the surrounding environment, the
pump diagnosis was conducted by reflecting the surrounding
thermal change. In the case of the pump diagnosis model, the
performance was superior to that of the steam generator level
prediction model. Therefore, the environment temperature change
can help improve the performance of diagnosis for main compo-
nent. Both the steam generator water level diagnostic model and
the pump diagnostic model focused on the temperature change of
each component to confirm that the training proceeds. Hence, the
model was trained through a proper feature map.
3.2.4. Result of diagnosis
Fig. 12 illustrates the component diagnosis result from the

optimal model. Fig. 12 (a) and (b) represent the diagnosis results of
RCP in normal operating and malfunction conditions. and Fig. 12 (c)
and (d) represent the diagnosis results of steam generators



Fig. 10. The 50% pixel noised thermal image of RCP and the steam generator.

Fig. 11. Visualization of class activation maps: (a) thermal image of steam generator, (b) Grad-CAM for steam generator, (c) combined image for steam generator (e) thermal image
of RCP, (b) Grad-CAM for RCP, (c) combined image for RCP.

Table 9
Performance evaluation metrics for untrained noise images with different CNN
architectures.

Accuracy Precision Recall F1 Score

ResNet18 0.940 0.943 0.940 0.941
ResNet34 0.930 0.939 0.930 0.934
ResNet50 0.805 0.819 0.805 0.812
ResNet101 0.900 0.906 0.900 0.903
ResNet152 0.770 0.828 0.770 0.798
AlexNet 0.50 0.250 0.500 0.333
GoogLeNet 0.980 0.980 0.980 0.980
DenseNet 0.905 0.906 0.905 0.906
VGGNet16 0.945 0.945 0.945 0.945
VGGNet19 0.720 0.739 0.720 0.729
ANN_200 0.500 0.250 0.500 0.333
ANN_300 0.500 0.250 0.500 0.333
ANN_400 0.525 0.533 0.525 0.529
ANN_500 0.500 0.250 0.500 0.333
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depending on the water level. Fig. 13 illustrated the accident clas-
sification result in accordance with each condition. The model for
pump diagnosis and accident classification outperformed the
model described above. The pump diagnosis had comparable times
per thermal image as a result of the identical pixel size. The acci-
dent classification time per thermal image was 0.054825 s, and the
Table 10
Performance evaluation metrics under k-fold cross-validation.

# of Fold Accuracy Precision Recall F1 Score

2 0.995 1.000 0.990 0.995
5 1.000 1.000 1.000 1.000
8 1.000 1.000 1.000 1.000
10 1.000 1.000 1.000 1.000



Fig. 12. Thermal images acquired by IR thermal camera (a) normal RCP, (b) RCP malfunction, (c) at the normal range of water level in the secondary side of the steam generator, and
(d) collapsed water level less than the normal range.

Fig. 13. Thermal images in the early stages of accidents (a) RCP rotor seizure of loop 1, (b) RCP rotor seizure of loop 2, (c) normal state, and (d) station blackout.
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average time for component diagnosis and accident classification
was 0.117248 s. Therefore, the system-scale diagnosis using thermal
images showed good performance in quasi-real-time.

4. Conclusion

This study proposes a method for diagnosing components and
the system scale by applying deep learning to images from non-
contact IR thermal cameras. The proposed method can more intu-
itively identify fault locations than existing data-dependent
methods. In addition, the possibility of misdiagnosis by the sys-
tem operator can be reduced by applying deep learning. A thermal
image database from URI-LO was utilized for system-scale diag-
nosis; the accident simulations were verified by the thermal-
hydraulic analysis code to ensure that the conditions of the URI-
LO experiment represented the NPP conditions. The thermal im-
ages acquired in the URI-LO accident experiment were reliable as
an NPP diagnostic dataset because the results of the experiments
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showed similar behavior to that of the thermal-hydraulic analysis
code. Because a high-performance/high-resolution IR camera is
difficult to install, has difficulty transmitting data, and is expensive,
compact IR thermal cameras with a Raspberry Pi were employed
for system-scale diagnosis to facilitate installation, data trans-
mission, and cost-effectiveness. By applying a CNN classification
algorithm, which has excellent image processing capability, accu-
rate and prompt component diagnosis and accident classification
could be realized. Compared with other CNN classification archi-
tectures, GoogLeNet achieved prompt and accurate classification of
thermal images for the condition considered in this study. Based on
the selection of the optimal model and learning conditions, the
deep-learning-based system-scale diagnosis with the thermal im-
age method could classify steady-state, DBA, and BDBA conditions
in quasi-real-time with 98%e100% accuracy. The component diag-
nosis model was able to distinguish whether the water level had
collapsed and whether the system was operating normally. The
proposed system diagnostic method can provide good performance
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for component diagnosis and accident classification for any system
composed of numerous components, in addition to the NPPs
considered in this study. However, the diagnosis performance of
more components, composed of the systems, should be confirmed
to apply this technology to actual NPPs or another system, since this
study has only proven the diagnosis performance of pumps and the
water level of the steam generator. The schematic of the steam
generator and the pump would be considered different from URI-
LO when applied to nuclear power plants. In that case, the
training should be conducted considering the newly applied sys-
tem. A similar performance could bemaintained if transfer learning
with the deep learning model utilized in this study. Furthermore,
more accidents should be considered from another integral test
facility because URI-LO was constructed for RCP rotor seizure and
SBO. Real-time diagnosis is expected based on performance
enhancement and improvements in data processing in the future.
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