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Abstract

Advanced nuclear reactors offer innovative applications due to their portability, reliability,
resiliency, and high capacity factors. To operate them on a wider scale, reducing
maintenance life-cycle costs while ensuring their integrity is essential. = Autonomous
operations in advanced nuclear reactors using augmented Digital Twin (DT) technology
can serve as a cost-effective solution by increasing awareness about the system’s health. A
key component of nuclear DT frameworks is the condition monitoring of safety systems,
such as piping-equipment systems, which involves acquiring and monitoring the plant’s
sensor data. This research proposes a condition monitoring methodology utilizing deep
learning algorithms, such as multilayer perceptions (MLP) and convolutional neural
networks (CNNs), to detect degradation and its severity in nuclear piping-equipment
systems. Sensor signals are processed to obtain the power spectral density and the
Short-Time Fourier transform, and feature extraction methodologies are proposed to
develop degradation-sensitive data repositories. The performance of MLP, one-dimensional
(1D) CNN, and 2D CNN within the proposed condition monitoring framework is compared
using a finite element model of a 3D piping system subjected to seismic loads as the
application case study. Various approaches, such as dropout, k-Fold wvalidation,
regularization, and early stopping of training the network, are investigated to avoid
overfitting the models to the input sensor data. The predictive capability and
computational capacity of the deep learning algorithms are also compared to detect
degradation in the Z-pipe system of the Experimental Breeder Reactor II (EBRII). The
Z-pipe system is subjected to harmonic excitations that represent normal operating loads,

such as pump-induced vibrations. The findings of the study indicate that the proposed
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artificial intelligence (Al)-driven condition monitoring framework demonstrates superior
prediction accuracies with a 2D CNN, whereas the MLP exhibits higher computational

efficiency.
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1 Introduction

Advanced nuclear reactors hold the potential to provide factory-fabricated, safe, and
transportable nuclear energy for civilian, industrial, and defense applications. With the
advancements in artificial intelligence (AI) and its deep learning algorithms, the concept of
Digital Twin (DT) has emerged as a feasible approach for autonomous operation in
advanced nuclear reactors [1-4|. Advanced nuclear reactors can be smaller in size, simpler
in design, and exhibit higher efficiency. While various types of advanced reactors are being
designed, such as molten salt reactors, sodium-cooled reactors, gas-cooled reactors,
water-cooled reactors, etc. [5], one common aspect across all these reactors remains the use
of coolants to extract residual heat from the nuclear fission that occurs in the reactor core.
Piping-equipment systems play a critical role in safe and efficient transportation of coolant
between vessels in a nuclear facility. Damage, such as cracks or leaks in these systems, can
potentially result in a nuclear accident.  Therefore, proactive identification of any
degradation is important to prevent severe damage and ensure safe operation of the facility.
This research addresses the significance of condition monitoring for nuclear piping systems
using artificial neural networks (ANNs), drawing from prior research [6] on artificial
intelligence (Al)-based methodology for analyzing various loading scenarios. The condition
monitoring framework aims to detect degradation, such as pipe wall thinning resulting
from flow-assisted corrosion and erosion. The current research aims to: (i) provide a
comparative analysis of different approaches with their deep learning algorithms, feature
extraction techniques, and signal processing methods for condition monitoring, (ii) assess
predictive accuracy and computational efficiency, ultimately identifying an effective and
resource-optimized approach for predicting the condition of nuclear piping systems.
Typically, nuclear power plants undergo scheduled outages for maintenance.
Non-destructive testing (NDT) techniques such as eddy-current, ultrasonic, radiographic,

and visual inspections are used to detect degradation in the piping system during the



scheduled outage [7]. However, the nuclear piping can span several miles, and these
techniques cannot be applied to the entire piping system within the allotted outage time.
Performing NDT for an extended duration results in a substantial loss of revenue, and
there is a growing need for efficient and cost-effective methods that enable continuous plant
operation. The primary objective of this comparative study is to assess the relative merits
of novel technologies in detecting even minor degradation in nuclear piping systems, which
is otherwise not feasible using existing NDT techniques, especially during normal
operations without the need for an outage.

With the promise of autonomous control in advanced reactor systems [8-11], a
condition monitoring framework that can detect even minor degradation in nuclear piping
systems can be advantageous. Prior studies |6, 12] explore the conceptual framework of a
condition monitoring methodology that employs artificial intelligence (AI) for nuclear
piping-equipment systems. The methodology proposed in previous studies is designed to
analyze and assess the effects of different types of loading scenarios, including earthquake
hazards and machinery-induced operational vibrations. A Multilayer Perceptron (MLP)
neural network and signal power spectral density are utilized as diagnostic tools, resulting
in significant prediction accuracy.

However, it is important to conduct a comparative analysis of the predictive capability
and computational efficiency among different Al-based approaches for condition monitoring
of nuclear piping-equipment systems. This can provide valuable insights into the
performance and efficiency of various deep learning algorithms, feature extraction
techniques, and signal processing methods in the context of condition monitoring in nuclear
applications. Such a comparison would aid in identifying an effective and efficient approach
for accurately predicting the structural health of these critical systems while optimizing
computational resources. Therefore, the current research showcases three key components:
(i) utilization of multiple feature extraction techniques to generate a database comprising
of degradation-sensitive parameters, (ii) development of diverse deep learning algorithms,
including Multilayer Perceptron (MLP) networks, 1D Convolutional Neural Networks (1D
CNNs), and 2D CNNs, and (iii) a comparative analysis of the predictive accuracy and
computational efficiency of the proposed frameworks.

This study develops a data-driven condition monitoring framework for nuclear
piping-equipment systems.  Various deep learning algorithms and feature extraction
methodologies are explored to detect degradation locations and severities. Sensor data is
transformed into time-frequency and frequency domains for diagnostic purposes. The study
examines techniques to mitigate overfitting and compares computational resources required

for implementing deep learning algorithms. Different methodologies can be employed



depending on the type of condition monitoring required. An overview of past research on
the health and condition monitoring of structures and systems is provided in section 2. A
description of the problem investigated in this research, along with the selected application
case study models is elaborated in section 3. The signal processing techniques and feature
extraction are mentioned in section 4. A brief overview of neural networks is provided in
section 5, followed by their design, architecture, hyperparameter tuning, validation, and
regularization. The results from both the case studies are presented in section 6, and
comprehensive discussions are provided in section 7. Finally, section 8 outlines the

research’s findings and conclusions.

2 Literature Review

Health monitoring techniques in power plants commonly rely on vibration responses from
structures, systems, and components (SSCs). The key challenge is to identify a robust and
sensitive attribute of the system’s response capable of detecting even minor structural
degradation. Traditionally, many Structural health monitoring (SHM) methodologies have
been developed for detecting damage such as cracks and fissures in structural and
mechanical systems like buildings, bridges, buried pipelines, aircraft wings, wind turbines,
etc. [13-18]. In recent years, most SHM studies focus on detecting deviations or anomalies
in the sensor response by utilizing powerful machine learning algorithms, including both
supervised and unsupervised learning techniques [19-24|. Past research [25-27] shows that
deep learning can yield satisfactory results in detecting damages in systems where
previously collected sensor data accurately represents damage in the system. In comparison
to these applications, the sensor data collected from nuclear piping-equipment systems can
exhibit unique dynamic behavior, where multiple frequency vibration modes are required
to characterize the complete response. However, even minor changes in sensor data can be
essential in detecting early stages of degradation in these safety-critical systems. Given
that a loss of coolant accident (LOCA) can result from cracks or leaks in nuclear piping
systems, it is important to capture various levels of degradation ranging from minor to
severe, before the degradation grows into a crack representing severe damage. This can be
accomplished by developing a condition-monitoring framework that is capable of detecting
subtle changes in sensor data and identifying degraded locations.

Previous research [18, 28, 29| presents damage detection methods for utility pipeline
networks or conduits conveying oil and gas, which are often submerged in soil or water.
Nuclear facility piping systems often rely on vertical hangers or mechanical snubbers for

support. In contrast, buried pipelines encounter different boundary conditions arising from



their soil and fluid surroundings. Consequently, the vibration responses in these cases differ
from those within nuclear power plant piping systems. Additionally, the prior
methodologies built for pipelines are designed to identify notable structural damage,
including the identification of issues such as cracks and leaks, as typically found in
conventional pipeline networks.

The role of power spectral density (PSD) and derived damage indices as indicators for
structural health have been explored previously [19, 20, 30, 31]. These techniques are
effective for structures with a single major peak in the PSD response that experiences
significant amplitude changes due to damage. However, in nuclear equipment-piping
systems, where degradation precedes substantial damage, even minor degradation may
cause minuscule changes in the PSD response, as low as 0.00611% of the original value [24].
Detecting such subtle variations necessitates robust condition-monitoring frameworks and
feature extraction for the specific application.

From past studies [32-37| it seems like convolutional neural networks (CNNs) can be
beneficial in capturing some of the highest levels of degradation-sensitive features from sensor
response acceleration-time series data. The primary advantage of using CNNs is that they
can automatically extract required features from the input data, without requiring significant
data pre-processing. This has been demonstrated in a few studies [36, 37] where the CNNs
are trained on the acceleration-time-series signals. CNNs were initially invented for image
recognition using two-dimensional (2D) image data. Hence, at their heart, CNNs perform
the best for the classification of images and computer vision applications. Therefore, CNNs
can be trained on the images of acquired acceleration-time series signals to detect structural
anomalies in long-span bridges [35]. In a similar study [34], images from accelerometer
sensor data are used for data augmentation and to detect damage in steel jacket-type wind
turbine foundations using CNNs. Some studies [32] explore CNNs for detecting cracks or
holes in plate structures. Guided wave imaging, electromagnetic impedance signatures, or
ultrasonic signals are used to train the CNNs. Another study [33] investigates the role of
transmissibility functions and 1D CNNs in detecting damage for a building frame structure
along with consideration of white noise in the sensor data. CNNs are also used to create
pre-trained networks such as Alexnet and ResNet. Some studies [38, 39| utilize the power
of such pre-trained networks with transfer learning approaches and images obtained from
the structural systems (such as cable-stayed bridges, towers, concrete structures) to detect
damages or for signal denoising.

The studies mentioned above have proposed SHM methodologies utilizing CNNs for
damage detection, with a focus on using either entire acceleration-time series signals for 1D

CNNs or image recognition with 2D CNNs. However, the massive amount of sensor data



generated by nuclear reactor piping systems poses challenges in processing complete signals
from accelerometer sensors due to computational limitations. As a result, this research
explores alternative data preprocessing techniques that can detect degradation with
reduced computational complexity. Moreover, capturing image data for every location on
the piping system that may degrade over time may not always be practical. Therefore, this
study also investigates the use of the Short-Time Fourier transform (STFT) technique to
generate 2D input data for 2D CNNs, providing a potential solution for addressing
computational limitations and data availability issues in nuclear piping condition
monitoring.

The safe operation of advanced nuclear reactors relies on a robust condition monitoring
framework for early detection of issues like pipe-wall thinning due to flow-accelerated
corrosion and erosion [40]. A recent investigation [6] utilized an MLP ANN and innovative
feature extraction methods to assess a post-hazard condition in nuclear piping systems,
successfully identifying locations affected by flow-accelerated corrosion and erosion. In a
separate investigation [12], a vector-based feature extraction approach and an MLP ANN is
used to monitor the condition of nuclear piping systems under normal operational loads.
Although prior studies have demonstrated successful forecasting frameworks, additional
research is necessary to assess alternative deep learning models and signal-processing

techniques for this particular application.

3 Problem Description

In general, the simulation-based sensor response is usually free of noise and is stationary in
nature. On the contrary, sensor data obtained from experiments or real nuclear power plants
may be nonstationary due to the presence of ambient noise. The use of signal processing
techniques such as FFT and PSD is not typically recommended for nonstationary signals
since these techniques are based on the assumption of stationarity which in turn can lead
to erroneous results [41]. Nonstationary signals require time-frequency analysis techniques,
such as the Short-Time Fourier Transform (STFT). Therefore, this research examines STFT
as a diagnostic tool to capture the degraded state of nuclear piping-equipment systems. As
the data generated using STFT is in two dimensions, namely time and frequency domain,
this study investigates the potential of CNNs in extracting relevant degradation-sensitive
features. As CNNs are specifically designed for image analysis and can effectively capture
spatial patterns in the data, they are likely to be well-suited for processing 2D STFT data and
extracting important features related to degradation in nuclear piping-equipment systems.

This study aims to develop and refine signal processing, feature extraction, and deep



learning models for condition monitoring of nuclear piping-equipment systems. A simple
piping system (Figure la) is selected as case study 1 to achieve the objective of this
comparative study. The effectiveness of the proposed methodologies is demonstrated in
case study 2, which involves the Z pipe system from EBRII (Figure 1b). The structural
configurations and the finite element representations of the two piping systems used for the
case studies are briefly described in the following subsections. The simple pipe system is
subjected to earthquake loads and the Z pipe system is subjected to pump-induced
operation vibrations to assess different monitoring conditions. Computational resources
required for each methodology and the accuracy of output predictions are compared to
evaluate the performance of the proposed networks. The proposed workflow for the

Al-based condition monitoring program is illustrated in Figure 2.
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3.1 Case Study 1: Simple Piping System

A three-dimensional (3D) piping-equipment system |[6], similar to a USNRC piping
benchmark problem [42], is selected for designing and testing various deep learning and
signal processing algorithms within the condition monitoring framework. The finite
element (FE) model of the system is created, as illustrated in (Figure la). It consists of
two elbows, three straight sections of pipe, and a vertical hanger. Sensor response is
collected in the form of acceleration-time series signals. Each sensor collects
acceleration-time series data in three orthogonal directions (X, Y, Z). The piping system is
subjected to a collection of 100 unique earthquake records in order to generate high-fidelity
sensor data. Two distinct sensor placement strategies are employed in this research: (i)
placement of 9 sensors on the piping system, and (ii) placement of 4 sensors on the
structural discontinuities of the system, namely the elbows, which are highlighted in yellow
in (Figure la). The efficacy of the reduced sensor placement strategy will be evaluated
based on its accuracy and data storage requirements.

Previous research suggests that the onset of degradation in piping systems often occurs
at structural discontinuities, including elbows, T-joints, nozzles, and valves. [43]. Thus, in
the simple piping system being considered, degradation is assumed to potentially occur at
four elbow locations and one nozzle. The FE model is updated to represent degradation
due to flow-assisted erosion and corrosion at each location, one at a time. The degradation
is classified as minor, moderate, or severe, depending on the percentage reduction in pipe
thickness. The uncertainty in degradation severity is quantified as a uniform distribution
with lower and upper bounds for each classification level, as mentioned in Table 1. Latin
hypercube sampling is utilized to obtain random degradation severity values for the FE

simulations and sensor data collection [44-46].

Table 1: Uniform Distribution Bounds for Uncertainty in Degradation

Minor Moderate Severe

[20% — 30%] [45% — 55%)] [70% — 80%)

3.2 Case Study 2: Z-Pipe System from EBRII

Nuclear plant piping systems are commonly subjected to various vibrations during regular
operations. These vibrations can stem from a range of sources, including mechanical parts
and their movements, pressure pulsations, flow-induced vibrations, flow turbulence,
cavitation and flashing, vortex shedding, acoustical resonance, or water/steam hammer

[47]. Dynamic vibrations caused by the aforementioned factors can result in fatigue and
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subsequent failure of piping systems at branch connections, such as T-joints, elbows, and
nozzles, which may also be susceptible to flow-accelerated corrosion and erosion.

The second case study considers the Z pipe system from EBRII nuclear reactor. The
system is equipped with an electromagnetic auxiliary pump, as depicted in Figure 3. It is
expected that the normal operation of the auxiliary pump will cause steady-state harmonic
vibrations in the Z pipe system. The use of pumps can cause vibrations due to pressure
pulsations in the fluid flow, vortex phenomenon, or mechanical movement of the pump
machinery. A finite element model of the Z pipe system is developed, as shown in (Figure 1b),
and subject to 70 different frequencies of small amplitude harmonic excitations ranging from
10 — 17 Hz in order to generate sensor data from finite element simulations [12]. The range
of excitation frequencies represents the range of the pump’s operating speeds and associated

vibrations.

~<«—— Auxiliary Pump

Primary Pump #1 ——>
-<—7-Pipe System

Primary Pipe System —— 3» <«———Intermediate Heat Exchanger

~€—— Reactor Core

Figure 3: EBRII Primary Tank Layout including the Z-pipe system

The potential degraded locations in the Z pipe system are identified as the four elbows
and two nozzles, which represent discontinuities in the system. Similar to case study 1, two
different sensor placement strategies are evaluated, as mentioned in Table 2. The 8 sensors,
specifically at elbow locations, are highlighted in yellow in (Figure 1b). After collecting the
acceleration-time series signals from the sensors, this study’s proposed condition monitoring
methodology, which includes various feature extraction techniques and Al-based models, is

tested for its effectiveness in assessing the health of the Z pipe system.

4 Signal Processing

Vibrations-based monitoring is commonly used in civil engineering applications to detect

changes in the dynamic behavior of structures that may indicate damage or degradation



Table 2: Sensor Placement Scenarios for Case Study 2

Scenario 1 - 12 sensors Scenario 2 - 8 sensors

&: either end of 4 elbow locations 8: either end of 4 elbow locations
2: the entry and exit nozzle
2: the middle, long straight section of “Z"

[48]. Signal processing techniques are often employed as a preliminary step to analyze and
process sensor data captured from structures to extract meaningful information related to
structural integrity, performance, or health. These techniques can help identify changes in
frequency, amplitude, or other signal characteristics that may indicate the presence of damage
or degradation in the system, and can be further used for diagnostic and prognostic purposes.
In this research, signal processing techniques such as Power Spectral Density (PSD) and
Short-Time Fourier Transform (STFT) are used as preliminary steps within the condition
monitoring framework. These techniques are applied to the sensor response data captured in
the time domain to transform it into the frequency domain or time-frequency domain. The
research also focuses on the design of feature extraction methodologies to further analyze and
process the transformed sensor data for degradation detection and classification purposes.
Both techniques are conducted independently of each other and subsequently assessed for

their predictive capability through comparative analysis.

4.1 Power Spectral Density

The acceleration-time series signals obtained from sensors installed on the piping system are
converted to the frequency domain through the application of Fast-Fourier Transform (FFT)
and PSD signal processing algorithms. The methodology proposed in prior studies |6, 10]
is applied to process the PSD data and derive a vector of degradation-sensitive parameters,
which can then be employed to train ANN algorithms. The set of degradation-sensitive

parameters consists of the following four variables: (i) PSDZ  which is the maximum

PSD value obtained from the degraded state of the system, (ii) APSDax, which is the
maximum difference in error between the PSD values obtained from degraded and non-
degraded systems, and calculated using Equation 1, (iii) wa, the frequency at which APSD .y
is observed, and (iv) PSDY? which is the PSD value obtained from the non-degraded state
at the frequency where APSD,,. is observed. A sample vector of such quantities is tabulated

in Table 3.
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PSD? — psSDVP

APSDax =
max PSDVD

x 100% (1)

where PSD?, PSD™” are the PSD responses of degraded and non-degraded systems,

respectively.

Table 3: Feature Extraction for a Vector with Four Quantities of Interest (Qols)

Qols Definition Sample Values
PSD?. ~ Maximum PSD amplitude from degraded response 2.9 x 10° G*/Hz
APSD,.x Maximum difference observed in significant PSD peaks 49.7%
WA Frequency corresponding to APSD . 2.9 Hz
PSDA” non-degraded PSD peak corresponding to wa 2.0 x 10° G? /Hz

where G is the acceleration due to gravity.

4.2 Short-Time-Fourier-Transform

In a nuclear facility, it is common practice to collect continuous sensor data from
accelerometers installed on the piping-equipment systems. However, in real-life
applications, this data stream is often characterized by non-stationary behavior. While the
FFT can be calculated for stationary signals, such as those generated by simulation tools,
it is not applicable to continuous non-stationary signals [41]. The frequency content of
nonstationary signals changes with increments in the time intervals. Since FFT assumes
constant statistical properties of the signal over time, it can lead to loss of essential
information when applied to nonstationary signals. In such scenarios, it becomes
imperative to adopt one of two approaches: obtaining a truncated FF'T of the signal within
finite time intervals such that the frequency content of the signal is constant or utilizing
alternative signal processing methodologies that preserve the strength and resolution of the
signal in both the time and frequency domains. Examples of such approaches include the
Short-Time Fourier Transform (STFT), Hilbert-Huang Transform (HHT), Wavelet
Transform, among others. This study focuses on using STFT on the sensor response
obtained from simulations, in order to develop a condition monitoring framework for
nuclear piping-equipment systems that are subjected to vibrational loads arising from

earthquakes and normal operating conditions.

11



The STFT is a transform algorithm that is closely related to the FFT. It enables the
analysis of non-stationary signals by dividing them into windows or fractions, within which
the principles of signal stationarity can be applied. The Fourier transform is then computed
for each of these windows, and the resulting spectrum, varying as a function of time, can
be plotted to obtain the STFT. This process is illustrated in Figure 4, where a typical one-
dimensional acceleration-time-series sensor response is transformed into a two-dimensional

spectrum using the STFT algorithm.

STFT Magnitude

Figure 4: Short-Time Fourier Transform of Sensor Response

After analyzing the obtained STFT data from both the degraded system’s response and
the non-degraded system’s response, it is observed that the magnitude of the generated
spectrum approaches zero after a frequency of 100 Hz. Therefore, to conserve data storage
resources, the STF'T data is truncated to only retain the spectrum within the frequency range
of 0 — 100 Hz. To capture the most relevant degradation-sensitive features, the difference in
the STFT data obtained from the degraded system’s response and the non-degraded system’s

response is evaluated and stored in a designated data repository, as depicted in Figure 5.

5 Deep Learning

resourees—and—time: This study compares the accuracy and efficiency of deep learning

algorithms using both processed and unprocessed sensor data, focusing on multilayer
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Non-Degraded State

2-D STFT Array
Size 26 x 161

Degraded State

Difference

Figure 5: Extracting STFT data

perceptron networks and convolutional neural networks, within the context of signal

processing techniques described in section 4.

5.1 Multilayer Perceptron ANNs

ractions s studyve Adane s selected {or s computational efliciency [ 190 A
previous study [6] has presented the design, architecture, and parameters of the MLP ANN
for monitoring nuclear piping systems, predicting degradation locations and severity levels
(Figure 6). The ANN receives a vector of degradation-sensitive quantities as input to

facilitate these predictions.

5.2 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are deep neural networks commonly used in
applications like image classification and computer vision, with minimal data
pre-processing requirements and without requiring human intervention in feature mapping
[50].  However, CNNs can be computationally intensive, often requiring graphical
processing units (GPUs) or even tensor processing units (TPUs) with substantial RAM.

This research explores the performance of 1D and 2D CNNs in an Al-driven condition

13
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Figure 6: MLP ANN Design

monitoring framework. Similar to MLP ANNs, CNNs consist of input, hidden, and output
layers. CNNs, designed for 2D image data, can also handle 1D and 3D data. They include
convolutional layers that extract feature maps from input data, which then feed into
subsequent layers, enabling progressively complex feature extraction. This enhances the
identification of degradation-sensitive data in nuclear piping systems. Table 4 summarizes

key parameters for constructing the 1D and 2D CNNs in this study.

5.2.1 1D CNN architecture and hyper-parameter tuning

In the context of the proposed condition monitoring methodology, this research investigates
different architectures and key parameters for both 1D and 2D CNNs. The design of the 1D
CNN involves training and hyper-parameter tuning using the vector of degradation-sensitive
quantities extracted from the PSD of the sensor response. Four different architectures of
a 1D CNN are analyzed by varying the number of convolutional layers, as illustrated in
Figure 7.

To optimize the performance of the 1D CNN architectures, hyper-parameter tuning is

14



Table 4: CNN Parameters

Parameter Value

Optimizer Adam

Epochs 2000 with early stopping criteria
Dropout 0.5

PReLU: Convolutional Layer

Activation Functi
ctivation Functions Softmax: Output Layer

Validation split 30%
32 64
15 _
— 32 — 15
_—— r T:::::’:::f:::?;;\ _—
Convolution Dense Convolutior — Dense
(a) Design 1 (b) Design 2
128
96 96
32 15 32 s
D / Dense 77:\“”:%:::—:7\ —_ /
Convolution .
Convolution
Dense
(c) Design 3 (d) Design 4

Figure 7: Designs of the 1D CNN

conducted by exploring different values for the learning rate of the model and batch size of
the input data, as detailed in Table 5. The dataset, obtained from high-fidelity simulations,
includes the vector of four degradation-sensitive quantities from each sensor response. The
data is divided into training and testing sets, with 70% of the data used for training and
30% for testing. Within the training dataset, 30% is further set aside for validation of the
different 1D CNN architectures and hyper-parameters under evaluation. The neural network
models undergo a training process that involves running for 2000 epochs while applying early
stopping criteria. The early stopping criterion is employed as a mechanism to prevent the
model from overfitting the training data. The training process is stopped early if the model’s
performance on the validation set fails to exhibit improvement beyond a certain threshold
epoch. During training, all possible combinations of hyper-parameters are considered to
identify the optimal set of values that yield the best performance. The validation accuracy
of each 1D CNN architecture is recorded and presented in Table 5.

Based on the analysis of validation accuracies, it is observed that the performance of

design 3 and design 4 outperforms design 1 and design 2 in terms of overall accuracy. Among
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the four 1D CNN designs evaluated, design 4 achieves the highest validation accuracy of
97% with a learning rate of 0.001 and a batch size of 16. Therefore, design 4 is selected as
the optimal architecture for the implementation of the 1D CNN in the proposed condition
monitoring methodology. The training and validation accuracy as a function of the number
of epochs for the 1D CNN are depicted in Figure 8a. Additionally, the errors incurred
during the training and validation of the 1-D CNN network are illustrated in Figure 8b.
The accuracies during training and testing display a monotonically increasing trend and
ultimately approach a limiting value of 1, indicating the successful avoidance of underfitting.
The training and testing losses exhibit a similar trend, asymptotically decreasing towards a
value of 0, which emphasizes the criticality of carefully selecting an optimal learning rate for
the model.

The abrupt and pronounced spike observed at epoch 50 in Figure 8b is a direct
consequence of employing mini-batch training in the neural network optimization process.
During the application of optimization algorithms like Adam to minimize the cost function,
these spikes may manifest when a particular mini-batch, by chance, includes data points
that introduce unfavorable information into the training process. This phenomenon is
particularly prevalent when the loss function is approaching its minima, to reach the global
minimum through the optimization procedure. However, the presence of an outlier or an
anomalous data point with its own local minima can lead to a significant surge in the error,
causing the observed spike in the cost function. This underscores the importance of careful
mini-batch selection and optimization strategies to mitigate such occurrences during neural

network training.

Table 5: Validation Accuracy for 1D CNN

Batch Size Learning Rate Validation Accuracy

Design 1 Design 2 Design 3 Design 4

0.001 90 % 94% 95% 96%
8 0.005 76% 87% 87% 82%
0.01 73% 5% 67% 78%
0.001 91% 95% 96% 97%
16 0.005 7% 90% 92% 92%
0.01 68% 84% 81% 80%
0.001 91% 95% 96% 94%
32 0.005 7% 93% 94% 95%
0.01 70% 87% 90% 90%
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5.2.2 2D CNN architecture and hyper-parameter tuning

This study aims to investigate the feasibility of utilizing 2-D CNNs for time-series sensor
data classification in the context of condition monitoring for nuclear piping-equipment
systems. To achieve this, the acquired sensor response data is transformed into 2D
Short-Time Fourier Transform (STFT) data, which serves as the foundation for building a
data repository containing key information regarding the current degraded state of the
piping system. Subsequently, various architectures and hyper-parameters of the 2D CNNs
are trained and validated to identify the best-performing network. In this study, a total of
5 architectures of the 2D CNN are considered, and the features of all the designs under

investigation are summarized in Table 6.
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Figure 8: Training and Validation of the 1D CNN Design 4
Table 6: Various 2D CNN architectures
Design Design 1 Design 2 Design 3 Design 4 Design 5
Components (Figure 9)
Convolutional Layers 1 2 3 3 4
“ 3 39 o
No. of units 32 64 64
0 96 128 96
128
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26 x 161

2048 1024

Figure 9: 2D CNN — Design 4

A grid search approach is employed to identify the optimal hyper-parameters for the
2D CNN model, specifically the learning rate and batch sizes. This involves systematically
varying these hyper-parameter values across a predefined range in a grid-like manner, and
training the CNN model with each combination of hyper-parameter values. The performance
of the model is then evaluated based on predefined metrics to determine the best combination

of hyper-parameters that yields the highest performance in terms of accuracy.
e Learning rate of the model: 0.001, 0.01
e Batch size of the input data: 128, 256, 512

An adaptive learning rate strategy is implemented to improve the learning process of
the 2D CNN models. This strategy dynamically adjusts the learning rate during training,
decreasing it whenever the network encounters a plateau in learning new features from the
input data. However, to prevent excessive computation costs associated with very low
learning rates, a lower bound is set at one-tenth of the initial learning rate value. The
architecture of the 2D CNNs includes three dense fully connected layers, each with a
varying number of neurons (2048, 1024, and the number of degraded locations for final
classification, respectively). A total of 5 models are trained over 2000 epochs, with early
stopping criteria applied to all possible combinations of hyper-parameters. The validation
accuracy obtained from each of these 2D CNNs is recorded and tabulated in Table 7.

It is observed that most of the considered designs perform well with a learning rate of
0.001 compared to a learning rate of 0.01. Overall, a batch size of 128 yielded slightly better
results. The best validation accuracy of 99.6% is obtained for a batch size of 128, learning
rate of 0.001 and the 2D CNN design 4. Furthermore, a batch size of 128 yields slightly
better results overall. The highest validation accuracy of 99.6% is achieved with a batch size
of 128, learning rate of 0.001, and 2D CNN design 4. Therefore, this particular architecture
of the 2D CNN; as shown in Figure 9, along with the selected hyper-parameter values, is

chosen for further testing of the proposed condition monitoring framework. The training and
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Table 7: Validation Accuracy for 2D CNN

Batch Learning Validation Accuracy

Size Rate Design 1 Design 2 Design 3 Design 4 Design 5

193 0.001 97% 99.4% 99.4% 99.6% 99%
0.01 96% 41% 96% 97% 20%
956 0.001 98% 99.5% 99.3% 99.3% 99%
0.01 96% 20% 36% 35% 30%
519 0.001 98% 99.3% 99.3% 99.2% 98%
0.01 96% 98% 34% 40% 31%

validation accuracy and loss plots versus the number of epochs are illustrated in Figure 10.
Similar to the 1D-CNN, the model’s accuracies and losses improve over time, approaching
ideal values of 1 and 0 respectively, showing that the model is not underfitting. Careful

selection of the learning rate is critical for achieving this.
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Figure 10: Training and Validation of the 2D CNN Design 4

5.3 Model Fit Validation

A major statistical challenge in employing deep learning algorithms is the issue of overfitting

the data. Overfitting occurs when a neural network fits excessively well to the training data

19



but fails to accurately predict unknown test data sets. Overfitting can arise due to network
complexity, insufficient shuffling of data sets, and noise in the data. On the other hand,
a robust deep learning network should also avoid underfitting, where the network fails to
effectively learn or predict from the data. Many different techniques such as validation of
the network, early stopping criteria, regularization, training with more data, augmentation
of data, data preprocessing and feature extraction, etc., can be used to address the issue
of overfitting in deep learning models. By incorporating some of these techniques, as well
as monitoring the losses during training, as shown in Figure 8 and Figure 10, the neural
networks can be trained to achieve an optimal fit to the sensor data, mitigating the issue of
overfitting.

To address the issue of overfitting, the acquisition of more data for training the neural
network and data augmentation techniques may be considered in the future, particularly
when sensor response data from experimental observations or real data from nuclear
facilities become available. Data preprocessing and feature extraction are conducted using
the Power Spectral Density (PSD) to generate a vector of degradation-sensitive features,
and the Short-Time Fourier Transform (STFT) on the acquired sensor response.
Additionally, early stopping is incorporated as a method to prevent overfitting, where the
training of the model is stopped if its performance does not improve after a certain number
of epochs. For all the deep learning networks under investigation, the training losses are
monitored for 50 epochs before implementing the early stopping criteria, as shown in
Figure 8 and Figure 10. However, to ensure an optimal fit to the sensor data, additional
steps described below are also taken.

The validation of deep learning networks is crucial for establishing an unbiased condition
monitoring framework. In this study, two validation approaches, namely direct training-
validation split and k-Fold validation split, are employed. In the training-validation split
approach, the sensor data obtained from high-fidelity simulations is randomized and divided
into 70% for training and 30% for testing. From the data kept aside for training, an additional
30% is extracted for validation of the network’s performance. This approach is utilized during
the hyper-parameter tuning process as described in section 5.2.1 and section 5.2.2, and for
selecting the best performing deep learning networks.

The k-Fold validation approach splits the entire data set into £ folds and then trains
the network on k-1 folds. The remaining 1 fold is used for validation during the learning
phase. This process is repeated for all combinations within the k folds, and the average of all
prediction accuracies is calculated as the final result. Since the complete data set is utilized
for training and testing in different batches, the network is able to achieve an optimal fit for

all output classifications. In this research, k& = 10 folds are incorporated for implementing
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the k-Fold validation approach on the MLP ANN deep learning algorithm. The results from
each fold are tabulated in Table 8.

The k-Fold validation approach is also applied to the 1D CNN as an additional
exploration. The validation accuracies obtained from both the validation approaches, i.e.,
direct training-validation split and k-Fold validation, when applied to the MLP and 1D
CNN networks are presented in Table 9. It is observed that the k-Fold method yields
slightly better accuracies. However, it is noted that the time required to conduct k-Fold

validation is significantly higher compared to the direct training-validation split method.

Table 8: Validation Accuracy from each fold in the k-Fold Validation

Fold Accuracy Fold Accuracy
1 96.6% 6 98.7%
2 98.7% 7 98.1%
3 98.1% 8 97.5%
4 96.9% 9 97.5%
5 98.7% 10 97.8%
Average 97.9%

Table 9: Comparison of Validation Approaches

Type of Network Validation Approach Validation Accuracy Runtime (s)

Split 97% 145.5

MLP ANN k-Fold 97.9% 1344.3
Split 97% 171.8

1D CNN k-Fold 97.9% 2455.3

Another technique to address overfitting is regularization, which involves penalizing or
eliminating certain features from the input data set to reduce noise. Dropout, a regularization
technique, has been applied to all the networks designed in this research. The investigation
on the use of dropout regularization in neural networks to address the issue of overfitting or
underfitting has been demonstrated in previous studies [6]. By using dropout, the network
randomly drops the information carried by some neurons during the training phase. This
enables the remaining network to learn more robust features and avoid memorizing the noise
in the data. In addition to dropout, this study implements the Lq, Lo, and L5 regularization
on the MLP ANN and 1D CNN deep learning algorithms. The loss function, which generates
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losses from the predictions of the neural network, is extended with a regularization term, as

shown in Equation 2 for L, regularization and Equation 3 for L, regularization.

Ly = afwll; + L (w) (2)

Ly = Slwlf} + L (w) (3)

where, « represents the rate of regularization, w is the weighted matrix of the weight
parameters in the neural network, |wl|, is the L; norm, ||wl||; is the square of L, norm,
and L(w) is the loss function. For L;y regularization, both the approaches of L; and L,
regularization are used to penalize the input parameter weights. In this study, the multiple
values of a such as 0.1, 0.01, and 0.001 are explored, with 0.001 being ultimately selected
for Ly, Ly, and L5 regularization.

The results tabulated in Table 10 indicate that for the MLP ANN, a dropout value of 0.5
yields the highest validation accuracy of 97%, followed by the L, regularization method with
a validation accuracy of 93%. When regularization is applied to the 1D CNN algorithm,
the dropout approach results in the highest accuracy of 97%. Considering that all four
regularization methods require similar computational resources, the dropout approach is

selected based on its superior performance in avoiding overfitting of the neural networks.

Table 10: Comparison of Validation Accuracy for various Regularization Approaches

Regularization Approach Validation Accuracy

MLP ANN 1D CNN
Dropout 97% 97%
L, 91% 94%
Lo 93% 94%
Lo 89% 79%

6 Results

The deep learning algorithms designed in section 5 are combined with signal processing and
feature extraction techniques from section 4 to create a condition monitoring framework.
The proposed condition monitoring frameworks including the MLP ANN, 1D CNN, and 2D
CNN are developed using data from case study 1. Once the design and architecture are

finalized, testing data from case study 1 is employed to evaluate their accuracy in detecting
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degraded locations and determining their severity levels. The outcomes of these evaluations

are presented in Table 11.

Table 11: Results for Simple Piping System

Computational Type of DL  Training Predict Predict Locations

Resources Network Parameters Locations and Severity
94 Qols 97% 97%
MLP ANN sensors
4 Qols
16Gb - CPU 4 sensors 96 % 96%
94 Qols 96% 95%
1D CNN sensors
4 Qols 96 % 95%
4 sensors
QSTFT 99.6% 97.3%
25Gb - TPU 2D CNN SeLSOTS
STFT 99.7% 99.3%
4 sensors

Since nuclear equipment and connected piping systems can experience vibrations and
fatigue failure even during normal operations, a second case study with the Z pipe system
from the EBRII nuclear reactor is considered. The methodologies designed for the simple
piping system are applied to the Z pipe system, which is subjected to various vibrations,
including harmonic excitations due to auxiliary pump operations. However, the process of
hyper-parameter tuning, architecture design, validation, and regularization are not repeated
during this phase. The same algorithms are trained using data from case study 2 and
are directly tested for their efficacy using test data from case study 2. The results are
depicted in Table 11. This approach enables us to assess the generalization capabilities of
the proposed condition monitoring frameworks when applied to a distinct but related case
study, highlighting their potential utility in other similar systems.

Effective data processing and storage are important for machine learning algorithms.
Without efficient data handling, even the best algorithms can fail to perform well. Machine
learning models heavily rely on access to well-organized and readily available data, and the
choice of data storage format can significantly impact the algorithm’s performance. This
study investigates efficient data processing and storage techniques for large amounts of data
collected from sensors on a nuclear piping-equipment system. A conventional .TXT file

format is used for smaller datasets, but for larger datasets, the time-series signals and STFT
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Table 12: Results for EBRII Z pipe System

Computational Type of DL  Training Predict Predict Locations

Resources Network  Parameters Locations and Severity
124 Qols 99% 97%
MLP ANN sensors
4 Qols
16Gb - CPU 8 sensors 98 % 9%
124 Qols 96% 97%
1D CNN sensors
4 Qols 96 % 96%
8 sensors
128;1;1?; . 99.5% 99.3%
25Gb - TPU 2D CNN 1ot
STET 99.5% 99.6%
8 sensors

data are consolidated into a Pickle file [51] for more compact storage and faster processing
times. Table 13 presents the different data formats along with the number of data points

acquired per uniaxial sensor.

Table 13: Data Storage and Processing Techniques

Data processing No. of data points Storage format
per uniaxial sensor

1D acceleration-time series signal 20,475 Pickle File
1D vector with 4 Qols from PSD 4 TXT File
2D STFT array 26 x 161 Pickle File

7 Discussion of Results

7.1 Effectiveness of Reduced Sensor Placement Strategy

The effectiveness of using reduced sensors is demonstrated in Table 11 for case study 1
and in Table 12 for case study 2. For case study 1, when training an MLP ANN using
a vector of 4 degradation-sensitive quantities extracted from only 4 sensors, a prediction

accuracy of 96% is achieved, which is almost the same as using 9 sensors and achieving
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a prediction accuracy of 97% in predicting degraded locations and severity levels. This
suggests that implementing the proposed reduced sensor placement strategy can be beneficial
in terms of reducing data handling and utilizing computational resources more efficiently,
without compromising prediction accuracy. In the context of case study 2, the MLP ANN
demonstrates a predictive accuracy of 97% for degraded locations and severity levels, when
provided with a database incorporating the proposed vector of 4 Qols. This accuracy held
true whether the data originated from the entire 12 sensors or was selected from only 8

sensors, emphasizing the robustness of the reduced sensor placement strategy.

7.2 1D CNN Outcomes and Findings

A 1D CNN is also developed and trained on the vector of 4 degradation-sensitive quantities
extracted from the sensor’s PSD response. The accuracy achieved by the 1D CNN; for case
study 1, is 95% when using data from either 9 sensors or 4 sensors from the simple piping
system, which is comparable to the performance of the MLP ANN. However, it is observed
that the 1D CNN requires higher computational time compared to the MLP ANN, with
each epoch taking about 3 seconds for training, compared to 1 second for the MLP ANN.
The training process for the MLP ANN reaches an optimal solution with around 220 epochs,
while the 1D CNN requires about 200 epochs. These results are obtained on a traditional
desktop machine with 16GB RAM and 6 cores of Intel(R) Core(TM) i7-8700 CPU @ 3.2
GHz. In the context of case study 2, it was observed that the 1D CNN necessitated the use
of data from all 12 sensors to achieve a comparable accuracy level of 97% attained by the

MLP ANN.

7.3 2D CNN Owutcomes and Findings

Next, a 2D CNN is developed and trained over a data repository containing the STFT
data from the sensor responses obtained using case study 1. The results obtained from
the 2D CNN show significantly higher accuracies of 99% in predicting degraded locations
compared to using MLP ANN or 1D CNN with the proposed 4 quantities of interest (Qols).
Interestingly, it is observed that when using data from all 9 sensors on the system, the 2D
CNN achieves only 97% accuracy in predicting degraded locations as well as severity level,
which is elevated to 99% with the reduced sensor placement strategy. This observation can
be attributed to the phenomenon of overfitting, where using excessive redundant data from
too many sensors may reduce the effectiveness of the 2D CNN model in the context of the
condition monitoring framework being investigated. Even though efforts are taken to avoid

overfitting in all the proposed models, the results demonstrate that employing a large number
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of sensors can reduce the predictive capability of the 2D CNN model. This justifies the use
of a reduced sensor strategy to avoid overfitting and enhance the prediction accuracy of the
2D CNN model in the context of the studied condition monitoring framework. A similar
trend is observed for case study 2, where employing 12 sensors yields a 99.3% accuracy, while

using reduced 8 sensors yields a slighter higher accuracy of 99.6%.

7.4 Comparing Computational Efficiency: 1D CNN, 2D CNN, and MLP ANN

After analyzing the results from the condition monitoring of a simple piping system (case
study 1), it can be concluded that the best performance is achieved by implementing a 2D
CNN trained on the STFT of the sensor’s acceleration-time series signals, along with a sensor
placement strategy. However, this methodology requires significantly higher computational
resources and time for training. For example, when using a traditional desktop machine with
16GB RAM and a GPU (NVidia GeForce GTX 1050) with 6 cores of Intel(R) Core(TM)
i7-8700 CPU @ 3.2Ghz, the training for each epoch took close to 30 minutes. To overcome
this computational limitation, a cloud service with 25GB RAM and Tensor Processing Units
(TPUs) is employed, which reduces the training time for each epoch to only 10 seconds. With
this setup, approximately 90 epochs are required for training and testing the 2D CNN with 2D
STFT data. The comparison for the computational runtime in seconds versus the number of
epochs used to train and test the MLP ANN and the 2D CNN is shown in Figure 11. Despite
the availability of higher computational resources, such as TPUs, the 2D CNN still requires
significantly more time to train than the MLP ANN algorithm. Similarly, the degradation
assessment of the Z pipe system (case study 2) requires higher computational resources for
the 2D CNN compared to the MLP ANN, indicating the need for careful consideration of
computational resources when implementing these models in practice.

Considering the computational resources and time constraints at a nuclear facility, it is
recommended that either the MLP ANN or the 2D CNN can be implemented, depending
on the available resources. Both techniques yield good prediction accuracy for degraded
locations and the corresponding degradation severity. The MLP ANN can be a suitable
choice when computational resources are limited, while the 2D CNN may be preferred when
higher computational resources and time are available, such as when using cloud services
with TPUs. The decision on which technique to implement should take into account the
specific requirements and constraints of the nuclear facility in question.

Additionally, the analysis and training of the 1D CNN wusing the complete
acceleration-time series signals from the sensors were attempted, but it was not completed

due to the generation of an exorbitant amount of data, making the deep learning model
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Figure 11: Computational runtime for MLP ANN and 2D CNN

non-executable even with cloud computational services. This highlights the importance of
the feature extraction and signal processing techniques proposed in the research, which are
beneficial in obtaining a well-desired performance for the condition monitoring of nuclear
piping systems. These techniques help to reduce the amount of data and enable the deep
learning models to be trained and executed effectively, overcoming the challenges posed by

the large amounts of time-series data generated by the sensors.

8 Conclusions

This study investigates the performance of a condition monitoring framework for nuclear
piping-equipment systems that can experience degradation over time due to flow-assisted
corrosion and erosion. Deep learning techniques, specifically MLP ANN, 1D CNN, and 2D
CNN, are employed to build an Al data-driven monitoring framework. Algorithms are
designed and tested to predict degraded locations and degradation severity in nuclear
piping-equipment systems under post-hazard (seismic) scenarios and normal operating
loads. By providing recommendations based on the available computational resources and
specific monitoring scenarios, this research proposes a condition monitoring framework for
nuclear piping safety systems, with potential applications in autonomous advanced nuclear
reactor control systems. The key novel contributions of this research and its proposed

approach are:
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e Ability to detect minor degradation, including pipe wall thinning, allowing for early

intervention.

e Use of 2D STFT format to analyze sensor data from nuclear piping systems,
overcoming non-stationary signal challenges and demonstrating its effectiveness in
monitoring system conditions. The STF'T preserves information in both the time and
frequency domains. This additional information, in contrast to the Power Spectral
Density (PSD) that contains only frequency domain data, is important in enhancing

the quality of degradation-sensitive data extraction.

e Design and development of a 1D and 2D CNN, specialized for the purpose of
degradation detection in nuclear piping systems, augmenting the accuracy of the
monitoring process. The design process comprises critical aspects, including
hyperparameter tuning, early stopping, feature extraction, validation, and
regularization to mitigate the risk of overfitting, an important concern in machine
learning. The study provides careful attention to this issue to ensure the achievement

of high training accuracies does not come at the expense of low testing accuracies.

e Comparative analysis of results between the 2D CNN and MLP ANN] revealing that
MLP ANN performs with similar accuracy (>95% overall) while demanding
significantly fewer computational resources and data requirements. The utilization of
a vector-based feature extraction approach enhances the prediction quality of a

straightforward neural network.

e Versatile framework with applicability to varied nuclear piping systems, including
accommodating different loading scenarios such as earthquake-induced loads and
operational loads. Its efficacy is not limited to a single case study, making it a
valuable tool across a spectrum of nuclear mechanical-system applications. This
framework ensures that recurrent, time-consuming processes, like hyperparameter
tuning and neural network architecture design, are not required for each degradation
detection problem in a nuclear piping system. Additionally, the proposed approach
can be enhanced in the future, through the incorporation of transfer learning, for

further reduction in neural network training time.

e In scenarios where quick predictions are required, the study recommends using MLP
ANN with a vector of degradation-sensitive quantities for urgent post-hazard
condition assessment situations. For real-time condition monitoring of nuclear piping

and equipment systems, the 2D CNN with STFT sensor data is recommended as the
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best option, providing the highest prediction accuracies for degraded locations and

severity levels.
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