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a b s t r a c t

Digital twin technology can provide significant value for the prognostics and health management (PHM)
of critical plant components by improving insight into system design and operating conditions. Digital
twinning of systems can be utilized for anomaly detection, diagnosis and the estimation of the system's
remaining useful life in order to optimize operations and maintenance processes in a nuclear plant. In
this regard, a conceptual framework for the application of digital twin technology for the prognosis of
Control Element Drive Mechanism (CEDM), and a data-driven approach to anomaly detection using coil
current profile are presented in this study. Health management of plant components can capitalize on
the data and signals that are already recorded as part of the monitored parameters of the plant's
instrumentation and control systems. This work is focused on the development of machine learning
algorithm and workflow for the analysis of the CEDM using the recorded coil current data. The workflow
involves features extraction from the coil-current profile and consequently performing both clustering
and classification algorithms. This approach provides an opportunity for health monitoring in support of
condition-based predictive maintenance optimization and in the development of the CEDM digital twin
model for improved plant safety and availability.
© 2020 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

One of themost important components of the pressurizedwater
reactor is the Control Element Drive Mechanism (CEDM). Control
rods and drive mechanisms are essential for the safe and reliable
operation of a nuclear power plant. A control rod contains neutron
absorbing material to control reactivity in the reactor core. The
Advanced Power Reactor (APR 1400) relies on the operation of the
CEDM for reactivity control during startup and shutdownmodes, as
well as for power balance and maneuverability during normal
operation. The APR1400 CEDM is of the magnetic jack type and
provides controlled linear motion to the Control Element Assembly
(CEA) for reactivity insertion. A magnetic jack type mechanism is
basically a system consisting of mechanical and electrical compo-
nents that are arranged in such a way that magnetic flux fields are
applied to cause the motion or stationary position of the control
element assembly.

Based on its importance to reactor safety, the control rod drive
system is subjected to the Maintenance Rule and must undergo
by Elsevier Korea LLC. This is an
periodic surveillance and testing [1]. Thus, plant engineers and
maintainers perform detailed measurements of the CEDM param-
eters during plant scheduled outage periods. Even with this in
place, the control rod drive system is susceptible to failures that are
not easily foreseen by the planned maintenance work. The United
States Nuclear Regulatory Commission (USNRC) event notification
reports for 2007e2014 recorded several cases of related failure
events. These events include CEA drop, CEA position deviation
(group & bank), CEA slippage, CEA insertion delay, and CEA full
insertion failure during scram. One reason for the inability to
foresee a failure event during the planned maintenance period is
that failure phenomenon during plant operational state is quite
different from observed behavior when maintenance work is being
performed; usually during cold shutdownmode of the plant. This is
because of the difference in the strength of stressors experienced
by the system in the different plant modes. Therefore, this triggers
the need for a means of online health monitoring of the system
during the operational state of the plant.

Furthermore, in the event of a failure such as a CEA drop acci-
dent, the activities to investigate the root cause and re-establish
normal operation can significantly impact plant resources.
Various operating experiences of light water reactors indicate that
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Acronyms

ACTM Automatic Control Timing Module
AI Artificial Intelligence
ANN Artificial Neural Network
CEA Control Element Assembly
CEDM Control Element Drive Mechanism
ECOC Error-Correcting Output Codes
ESA Extension Shaft Assembly
FDD Fault Detection and Diagnostics
KSNP Korean Standard Nuclear Plant
LCO Limiting Conditions for Operation
LG Lower Gripper
LL Lower Lift

LOESS Locally Estimated Scatterplot Smoothening
LP Label Powerset
ML Machine Learning
NPP Nuclear Power Plant
PCA Principal Component Analysis
PHM Prognostics and Health Management
RUL Remaining Useful Life
SCR Silicon-Controlled Rectifier
SVM Support Vector Machine
UG Upper Gripper
UL Upper Lift
USNRC United States Nuclear Regulatory Commission
ZCD Zero Crossing Detector
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control rod system failures have led to significant effects including
unplanned shutdowns, power reductions, loss of revenue, and have
unnecessarily challenged plant protection systems as well as have
created psychological burdens for maintenance crew who have to
plan repair work in a high radiation zone. In addition, detailed
studies conducted at the Brookhaven National Laboratory (BNL) on
three kinds of control rod drive systems for light water reactors,
concluded that they are vulnerable to age-related degradation due
to the operating and environmental stressors to which they are
exposed over their design life [2,3]. Also, the operating experience
of the Korean Standard Nuclear Plant (KSNP) indicates that control
rod drive and associated systems failures contributed an average
reactor shutdown time of approximately 25 h per failure as of 2002
[4]. This contributed to lost revenue due to unplanned outages. This
further necessitates the need for an online CEDMhealthmonitoring
system that can improve insight into anomalies and failure trends,
increase prognostic capabilities, reduce unplanned outages, and
improve the overall plant safety, availability and reliability.

A data-driven approach to fault detection and diagnostics pro-
vides a solution for implementing prognostics and health moni-
toring (PHM) of control rod drive systems. It is possible to analyze
the CEDM coil current profile for the purpose of extracting useful
features that may indicate the electrical and mechanical behavior
and condition of the drive system. With the extraction of useful
Fig. 1. Conceptual framework
features, a machine learning (ML) algorithm can be trained based
on clustering, classification or regression methods for early
degradation or anomaly detection. Generally, the effectiveness of a
well-trained machine learning algorithm for health monitoring
tasks is an informed and efficient decision on the requisite pre-
dictive maintenance actions. In order to take advantage of the full
scope of opportunities offered by data-driven methodology for
PHM, a digital twinmodel can be developed. A digital twinmodel of
the CEDM is an up-to-date representation of the CEDM in opera-
tion. The digital twin can aggregate all information relating to the
CEDM for an accurate representation of the CEDM's operation.
Typically, to realize this, additional measurements such as vibration
and coil temperature may be required for the full spectrum of
representation.

2. Framework for digital twin technology

This work primarily focuses on the development of ML algo-
rithm for health monitoring of CEDM using coil current profile. The
development of detailed CEDM digital twin model is not the im-
mediate focus of this research as it involves the collection of various
kinds of data. However, a conceptual framework for CEDM digital
twin development is presented in this section.

Fig. 1 depicts the top-level conceptual application of digital twin
for digital twin of CEDM.



Fig. 2. Framework for model development.
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technology to the CEDM. It comprises the integration of physical
layer with digital layer via data communication platform. At the
physical layer, sensor data such as coil current data, CEDM position
data, CEDM step counter data, vibration, temperature, etc. can be
collected via sensor platform that includes the use of smart sensor
technology. The information collected by the sensors is transmitted
via communication platform such as wireless and IoT infrastructure
and can be integrated into the digital layer. At the digital layer,
sensor data can be aggregated with design information, technical
specifications and plant condition data to develop a twin model.
During operation, the data from the CEDM sensors will constantly
update the model to reflect the state of the CEDM operation. In this
way, an anomaly can be detected and the historic data can be used
to estimate its future state. Also, the technical specifications for the
Fig. 3. Timing sequence and current wavefor
control rod drive system and the information regarding the
Limiting Conditions for Operation (LCO) can be incorporated into
the digital twin design in form of an expert system. This provides
support for scenario-based analysis such as what-if-scenario when
dealing with plant conditions concurrent with LCO violation. The
digital twin analytics output based on the system's prognosis can
provide a logical path for a remedial action to support operator's
decision in restoring LCOwithin stated completion time. Themodel
can also be provided with a transfer learning platform through
which it can learn from data of other similar systems in advance
before the physical twin approaches the same condition. Thus, the
resulting analytics of the digital twin model can support the deci-
sion processes in relation to plant safety, plant sustainability, and
management of accident conditions.
m for withdrawal and insertion motion.



Fig. 4. Features extraction points.

Table 1
Failure mode analysis of control rod system.

Failure Mode Causes

CEDM coil damage - ZCD card
- Opto-isolation card
- Coil drive card
- Phase sync. card
- ACTM
- Filter panel
- Power supply

CEA holding failure - Power Switch
- ZCD card
- Bad ground
- Power supply
- Phase sync. card

Electrical failure - Current sensor
- SCR misfiring
- ACTM
- Phase missing
- Opto-isolation card
- Coil drive card
- Phase sync. card
- Power supply

Mechanical motion failure - Friction increase due to s

- Misalignment
- Moving parts broken

- CEDM coil degradation

Safety scram failure - Stuck latch
- Stuck latch magnet
- Stuck CEA or ESA
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3. Development of algorithm for fault detection

The concept of data-driven prognostics and the use of AI tech-
niques such as Artificial Neural Network (ANN) for fault detection
and diagnosis are not new. The concept has been extensively
researched in many areas such as in sensor validation, instrument
calibration, reactor surveillance for loose part monitoring and
transient identification [5e8]. Recent research works have also
demonstrated the use of deep learning methods for fault identifi-
cation and the estimation of RUL [9,10]. ANN is becoming the de-
facto method for prediction and pattern recognition in highly
complex systems. Many attempts have been made to comprehen-
sively review the differences in methods and techniques used in
fault detection and diagnostics (FDD) and PHM [11e20]. However,
the few literature that exists for onlinemonitoring of a control drive
system [4,21e23] describe methods that are based on expert sys-
tems and require deep domain knowledge. This work represents an
alternative that uses machine learning techniques for anomaly
detection. In order to achieve this, the CEDM coil current data is
utilized.

Many of the subtle condition indicators on the coil current
profile that can be used for health monitoring of the CEDM pass
undetectably through the instrumentation systems. One reason for
this is that the objective of the control instrumentation is not to
monitor the health of the system but rather to control the system
within predefined setpoints. The methodology discussed in this
work attempts to extract these condition indicators for the purpose
of defining health index for the control rod motion.

Fig. 2 shows the workflow for PHM algorithm development. It
Detection Method

- Current level and trend
- Gripper transfer
- Waveform comparison

- Current level
- Waveform
- Gripper transfer
- Drop rod contact
- Glitch
- Position deviation
- Change of cycle time
- Re-step
- Waveform comparison

low latch and magnet - Glitch occurrence time
- Dropout time increase
- Change of cycle time
- Waveform comparison
- Early glitch
- Slow sequence
- Change of cycle time
- Waveform comparison
- Position deviation
- Drop rod contact
- CEDM coil current level
- Waveform comparison
- Ripple
- No glitch and no bump
- Change of cycle time
- Restep
- Waveform comparison



Fig. 5. Smoothening and derivative techniques for features extraction.
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adopts the PHM framework proposed by IEEE Std. 1856 [24] and
involves three PHM functional elements, namely: acquisition and
preprocessing, data manipulation, and state detection. Acquisition
of coil current data, which is normally recorded during plant
maintenance work, is accomplished via a hall-effect sensor con-
nected to each coil's supply line. The CEDM data for this research
was acquired from OPR1000 plant type which uses 73 CEDMs. The
data were collected during three separate rod exercising mainte-
nance work. The control rods were exercised at different heights
with different motion sequences. Thus, each CEDM data consists of
a series of withdrawal and insertion step motion sequences. The
coil current signal was acquired at the sampling frequency of 2 kHz.
The time duration for a single step motion cycle is 1.5s. This implies
that the number of samples for a single step motion cycle is 3000.
Also, data preprocessing was performed to remove noise and biases
from data.

The data manipulation process involves the use of signal pro-
cessing and data analytics techniques to organize, segment and
split each CEDMmotion sequence into individual stepmotion cycle.
By analyzing each step motion, deviation in motion behavior can
easily be detected during CEDM operation. The data manipulation
process also groups the CEDM data according to the three CEDM
types namely: 4 fingers full strength, 12 fingers full strength, and 4
fingers part strength. This research utilizes the 4 fingers full
strength type because it has the largest data representation. It is
also assumed that the CEDMs in the group have similar character-
istics and operate under the same stress regime.

The state detection functional element involves the extraction of
features from each step motion data. A step motion data contains
information about the current flowing through each of the four
coils during a step cycle. Time-domain feature extraction is per-
formed on each coil in order to obtain the full representation of the
condition of each step motion. Usually, when the feature space is
too big to be fed into a machine learning model, techniques for
dimension reduction are employed. In this case, a principal
component analysis (PCA) method is utilized for dimension
reduction. State detection also includes clustering algorithm for the
purpose of finding the initial natural grouping of data and the
assignment of health classes based on normal, mid-normal and off-
normal grouping. This step is necessary because the condition of
each step motion waveform is unknown a priori. The cluster as-
signments are utilized as class definitions for training the final
classification model.
3.1. Description of the control element drive mechanism

The mechanism operates on the principle of applying localized
electromagnetic flux fields, via a set of coils around the internal
components made of magnetic material. This causes the operation
of internal latching devices for the gripping, lifting and releasing of
the drive shaft connected to the CEA. A step-wisemotion of the CEA
occurs when power is applied to the electrical coils of the mecha-
nism in a sequential manner. Holding of the control rods in a sta-
tionary position occurs when power is continuously applied to the
coils. Rapid insertion of the CEA for negative reactivity insertion
during scram occurs when the set of coils are de-energized and the
internal latching devices are released. This action allows the CEAs
to fall by gravity into the reactor core in a fully inserted position.

The control rod drivemechanism is basicallymade up of amotor
assembly, an extension shaft assembly (ESA) and a coil stack as-
sembly. The motor assembly consists of the latching devices which
are used to perform the step motion of the CEA and to perform a
load transfer function. The latching devices are grouped into upper
and lower latches.

The ESA is essentially a long drive shaft with grooves around its
circumference. The ESA connects the CEDM to the CEA and acts as
gear for engaging with the CEDM latches.

The coil stack assembly consists of four large direct current (DC)
magnetic coils that are mounted on the motor housing assembly.
The coils are the upper lift (UL), upper gripper (UG), lower lift (LL)
and lower gripper (LG) coils. When energized, the coils supply
magneto-motive force to the internal latching devices for engaging
and moving the ESA and the CEA.



Table 2
Description of features.

Variable Name Description UL UG LL LG

deltaTz Zero-crossing time that marks the start of coil excitation current * * * *
deltaTa Time to reach 2.7A reference value * * * *
deltaTg Time of occurrence of engagement glitch * * * *
glitchH Maximum glitch current * * * *
deltaTp Time to reach signal peak current * * * *
peak Maximum coil current * * * *
deltaTtx Time of occurrence of load transfer bump * * NA NA
Trxbum Maximum transfer bump current * * NA NA
deltaTr Duration of release bump * * * *
bumpH Maximum release bump current * * * *
mean The average value of signal waveform * * * *

* feature extracted.
NA e feature not applicable.

A. Oluwasegun, J.-C. Jung / Nuclear Engineering and Technology 52 (2020) 2262e2273 2267
3.2. Current profile analysis and features extraction

The withdrawal or insertion of the CEA into the reactor core is
accomplished by a step-wise motion sequence of the CEDM ac-
cording to the timing constraint of the control signal shown in
Fig. 3a and Fig. 3b. The CEDM coils operate on three voltage levels:
high, low and zero. The coil is energized such that a low voltage is
applied via the gripper coils to hold the ESA in a stationary position.
Table 3
Normalized Step motion(insertion) data.

Step
Motion

UL mean UL deltaTz UL deltaTa UL deltaTg UL glitchH U

1 0.8606 0.9642 �0.8990 �0.5859 1.1465 �
2 0.0138 0.9919 �0.4896 �0.5859 1.0109 �
3 0.7814 0.9983 1.1481 �0.8132 �1.8231 �
e e e e e e e

e e e e e e e

1307 0.6952 0.9855 �0.8990 �0.5733 1.0702 �
1308 0.9672 0.9962 0.6363 �0.8511 �1.7592 �
Step
Motion

UG mean UG deltaTz UG deltaTa UG deltaTg UG glitchH U

1 �1.8907 �1.0450 0.1141 0.5897 �0.3284 0
2 �0.7302 �0.9773 �0.2135 0.5018 �0.0275 0
3 �0.9222 �0.9900 1.2936 0.6775 �1.9913 1

e e e e e e e

e e e e e e e

1307 �0.0949 �1.0281 �0.1480 0.4140 �0.1922 0
1308 �0.1339 �0.9900 �0.1480 0.0188 0.2641 0

Step
Motion

LL mean LL deltaTz LL deltaTa LL deltaTg

1 0.9757 �0.9922 �0.1276 �0.3742
2 1.3123 �0.9922 �0.1403 �0.2601
3 0.9965 �0.9905 �0.0637 �0.3400

e e e e e

e e e e e

1307 0.6626 �0.9888 �0.0382 �0.3172
1308 1.0502 �0.9784 0.1022 �0.6252

Step
Motion

LG mean LG deltaTz LG deltaTa LG deltaTg

1 0.2757 �0.9776 0.4778 1.0649
2 �1.2969 �0.9823 �0.2974 �0.4946
3 �0.3710 �0.9823 �0.3750 �0.3907

e e e e e

e e e e e

1307 �0.6848 �0.9730 �0.4137 �0.4253
1308 0.5049 �0.9823 0.4390 0.9956
To initiate motion, a high voltage of 150 Vdc is initially applied to
the lift coils to initiate the motion of the internal magnetic com-
ponents. This initial motion causes the closure of the internal gap
between the magnetic components thereby lifting the ESA. A low
voltage of 45 Vdc is then applied to the coil to maintain the closure
of the gap to allow for the latching devices to be engaged. The
current is removed from the coil to allow for gap opening and load
transfer to the latching devices. This sequence allows the CEDM to
L deltaTp UL
Peak

UL deltaTtx UL
Trxbum

UL deltaTr UL bumpH

1.0033 �0.9517 1.0090 �0.2288 �0.7330 �0.7096
1.0544 �1.4314 0.7233 �0.4991 �0.6895 �0.7096
1.0033 �0.8920 0.9358 1.0194 �0.9206 �0.7096

e e e e e

e e e e e

1.1397 �1.0255 1.0163 0.7918 �0.7833 �0.7096
1.0885 �1.0330 1.2287 0.3305 �0.9320 �0.7096

G deltaTp UG
Peak

UG deltaTtx UG
Trxbum

UG deltaTr UG bumpH

.2190 �0.7130 1.0431 �1.1160 0.0578 �0.4297

.4343 1.6170 0.9085 �0.9761 �0.3793 0.2547

.0373 �1.4022 0.8509 �0.9069 �1.6357 �0.4297
e e e e e

e e e e e

.1329 1.3572 0.8381 �0.5650 0.8772 2.2230

.9942 1.4991 0.9790 �0.7592 �0.1881 �0.4297

LL glitchH LL deltaTp LL
Peak

LL deltaTr LL bumpH

0.8324 �0.4685 �0.9823 �0.3864 0.4979
0.9104 �0.3651 �0.2381 �0.4109 2.0768
0.7859 �0.4226 �0.8945 �0.7154 0.8690
e e e e e

e e e e e

0.9127 �0.4685 �1.1989 �0.7400 1.0870
�1.2458 �0.4800 �0.8972 �1.0101 �0.1242

LG glitchH LG deltaTp LG
Peak

LG deltaTr LG bumpH

�0.9711 �0.2629 �0.0828 �0.6348 �1.0011
0.2368 �0.2629 �0.4246 �0.2728 0.5653
0.4021 �0.4547 �0.4817 �0.5612 0.8357
e e e e e

e e e e e

0.4843 �0.2245 0.9377 �0.2543 0.7093
�0.9856 �0.3396 �0.0229 �0.6593 �1.0011



Fig. 6. UL cluster analysis (insertion step motion).

Fig. 7. UL cluster analysis (Withdrawal step motion).
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Table 4
Mean silhouette value.

Type UL UG LL LG

insertion 0.6982 0.5383 0.7397 0.6244
withdrawal 0.6995 0.3973 0.6935 0.6366

Table 5
Final class definition for the coil health index.

Motion Type Coil Type Health Index Final class Description

1
Withdrawal

1
UL

1 111 Normal
2 112 Mid-normal
3 113 Off-normal

2
UG

1 121 Normal
2 122 Mid-normal
3 123 Off-normal

3
LL

1 131 Normal
2 132 Mid-normal
3 133 Off-normal

4
LG

1 141 Normal
2 142 Mid-normal
3 143 Off-normal

2
Insertion

1
UL

1 211 Normal
2 212 Mid-normal
3 213 Off-normal

2
UG

1 221 Normal
2 222 Mid-normal
3 223 Off-normal

3
LL

1 231 Normal
2 232 Mid-normal
3 233 Off-normal

4
LG

1 241 Normal
2 242 Mid-normal
3 243 Off-normal

Fig. 8. Distribution of training and testing dataset.
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move the CEA in both withdrawal and insertion motion. The cor-
responding coil current profiles for the timing sequence are shown
in Fig. 3c and d.

The condition and operation of the CEDM can be determined by
analyzing these waveforms. The current level and time that mark
the internal component actions are important criteria in the se-
lection of features from the coil current profile. Fig. 4 shows the
regions of interest in the extraction of features. The figure indicates
the current and time at the position where the CEDM internal
magnet is pulled and released.

The point that marks the closure of the gap between the mag-
netic components is indicated as the glitch. The point that marks
the transfer of load from one magnet to the other during motion
sequence is indicated as the bump. The features that can be
extracted from the current waveform include:

� The glitch peak and time
� The peak current and time
� The transfer bump and time
Table 6
Coil profile data for SVM classification.

Coil profile Mean deltaTz deltaTa deltaTg glitch deltaT

1 3.10 11.00 32.50 179.00 �0.07 227.0
2 3.75 473.00 31.50 105.00 1.27 156.5
3 3.15 10.50 32.50 180.00 �0.04 228.5
4 4.14 478.00 30.50 104.50 1.40 162.0

e e e e e e e

e e e e e e e

9383 3.00 11.00 32.00 167.50 0.39 218.5
9384 2.75 10.50 32.50 157.00 0.38 204.5
� The average holding current
� The release bump and time
� Ripple harmonics
� Signal mean

The frequency and magnitude of switching noise around these
peaks can also be extracted as condition indicators.

There is a correlation between the shape of the peaks and the
operation of the CEDM. This relationship can be established by
evaluating the failure mode of the CEDM shown in Table 1 [25]. The
table identifies the various detection methods for different failure
modes and is used as the basis for feature selection. For instance,
mechanical motion failure and safety scram failure can be detected
through the glitch and release bump on the waveform.

The coil current signal contains ripple fromthe alternating current
power source. The frequency of the ripple on the dc voltage, in this
case, is 180 Hz since the coil is fired from a set of silicon-controlled
p peak deltaTx Trx bump deltaTr Rsbump Index

0 22.04 0.00 0.00 637.50 0.11 113
0 14.31 76.50 0.02 177.00 0.00 213
0 22.57 0.00 0.00 645.50 0.09 113
0 15.49 140.00 0.10 192.50 0.00 213

e e e e e e

e e e e e e

0 21.85 0.00 0.00 310.00 0.00 111
0 20.41 0.00 0.00 621.50 0.09 113



Fig. 9. Confusion matrix for training dataset.
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rectifier (SCR) devices that are connected to a 3-phase supply. By
analyzing the rippleharmonics, it ispossible togetan indicationof the
performance of the switching power supply to the coils.

In order to extract useful features from the region of interest as
indicated in Fig. 4, segmented smoothening and noise reduction
techniques were used. A combination of simple moving average
smoothening technique, locally estimated scatterplot smoothening
(LOESS), and the derivative function of the signal was utilized. The
basic moving average function is given as:
Fig. 10. Confusion matr
x¼1
k

Xk�1

i¼0

xk�i

Where K is the number of elements in a moving window. The basic
expression of the numerical first-order derivative function for data
of equal sample distance (t) is given as:
ix for test dataset.



Fig. 11. Cluster evaluation of coil profile.

Table 7
Performance result for SVM classifier model.

Sensitivity
mean True Positive rate ¼ 1

n

Xn
i¼1

�
TP

TP þ FN

�
i

Training ¼ 98.83%
Testing ¼ 98.8

Precision
mean Positive Predictive rate

1
n

Xn
i¼1

�
TP

TP þ FP

�
i

Training ¼ 98.98
Testing ¼ 98.85
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xnþ1 � xn�1

2Dt

Where Dt is a unit sample interval. To estimate the inflection points
on thewaveform, the first-order derivativewas applied twice. Fig. 5
shows the plot of the segments of a signal and its derivative func-
tions. The LOESS smoothening function is essentially a
SavitzkyeGolay filter that can be applied to a set of digital data
points in order to smoothen the data without distorting the
waveform. The filtering process is achieved by fitting successive
data points with a low-degree polynomial using the linear least-
squares method. For instance, to detect the zero-crossing time in
a noisy signal shown in Fig. 5a or the valley of the glitch in Fig. 5b, a
combination of the signal smoothening and derivative function
were computed. The resulting curve shows a signal peak at the
maximum inflection point of the signal. Thus, the zero cross point
and the glitch valley were detected. Similarly, Fig. 5c indicate the
same concept for extracting the release bump. A total of 40 features
as shown in Table 2 were extracted from each CEDM step motion.
Table 3 shows the sample step motion data for the case of insertion
motion after data normalization.
3.3. Clustering model

The concept of clustering employed in this work is to find nat-
ural clusters of the data and based on the clusters, assign a health
index to each coil profile. Finding the natural clusters of the signal
can help separate coil profiles that show significant dissimilarity.
For this, a segmented clustering analysis using PCA and K-means
methods is implemented. Segmented analysis means that clus-
tering analysis is performed separately and iteratively on each coil
profile (i.e. UL, UG, LL, LG). This process is iterated for both insertion
and withdrawal motion and the corresponding cluster assignments
are evaluated.

The k-Means algorithm is a hard clustering method that assigns
data objects to a pre-determined number of clusters. Three clusters
representing normal, off-normal and mid-normal were predefined
for this analysis. The algorithm maximizes the similarity of data
points to the cluster centroids that defines the cluster cohesion. By
using the cosine distance metrics, the total cohesion of a cluster can
be expressed as:

XK
i¼1

X
x2Ci

cosineðx; ciÞ

Where ci is the ith cluster centroid. The cosine distance metric is
expressed as:

dðx; cÞ¼1� xc0ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxx0 Þðcc0 Þ

p
Each centroid is the mean of the points in that cluster, after

normalization to unit Euclidean length.
PCA is utilized for dimension reduction of the feature vector

space and to find the correlation between the features. The central
idea of PCA is to reduce the dimension of interrelated features
while preserving the variance in the data by projecting the feature
vectors onto a new set of variables called principal components.
The principal components are orthogonal (uncorrelated) and are
arranged in such a way that the first few principal components
retain most of the variability in the dataset. For the analysis of each
coil current profile, the set of principal components that cumula-
tively explains 90% of the variability in the dataset is used as an
input to the K-means algorithm.

The plots in Fig. 6 and Fig. 7 show the analysis that represent
the case of insertion and withdrawal of UL coil. In each figure, the
Pareto chart in (a) shows the percentage of the variance in the
data that is explained by the principal components. The silhouette
plot in (b) shows the evaluation of the cluster assignments. The
scatterplot in (c) shows the pattern for the cluster assignments of
the coil current waveforms. The waveform plot in (d) shows the
visual evaluation and comparison of the coil current profile from
each cluster. In Fig. 6a, for instance, the first four principal com-
ponents explain about 90% of the variability in the data. In this
case, the first four components are used as inputs to the K-means
algorithm.

The result of the clustering algorithm can be evaluated by
considering the clusters mean silhouette values. Table 4 summa-
rizes the computed silhouette value for each coil clustering anal-
ysis. Except for the withdrawal motion waveform of the UG coil
which has very low value, the average value is about 0.6. This in-
dicates that the algorithm found clusters that are good enough
based on their similarity. The low silhouette value of the UG coil
indicates that the data points cannot be explicitly separated into
three hard clusters.
3.4. Classification model

One of the objectives of this work is to be able to detect
anomalies in control rod systems using the coil current profile. To
do this, a classifier model is to be trained based on the health
index classes that were determined from the clustering model.
The operation of the final classifier is such that it can detect
anomaly in any of the four coil profiles. Thus, the classifier model
should accurately classify based on motion type labels (insert/
withdraw), coil type labels (UL/UG/LL/LG), and the health index
class (normal/off-normal/mid-normal). Since a coil profile will
have a combination of these labels, the problem becomes a clas-
sical multi-label classification problem where multiple labels can
be assigned to each profile. One way to deal with the multi-label
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classification problem is to transform it into a multiclass classifi-
cation problem using the Label Powerset (LP) technique. LP as-
signs a unique class to every possible label combination that is
present in the dataset. Table 5 defines the unique classes that are
possible from the dataset. such that each coil can be defined by the
categorical final class that represents the combination of the
motion type, the coil type, and the health index. Thus, a coil profile
with a final class defined as 213 implies that: 2e insertion motion,
1 - UL coil, and 3 e off-normal waveform.

The classificationmodel is based on the Support Vector Machine
(SVM). The choice of SVM is based on its performance over other
models trained for this application. An SVM is a supervised ML
method that constructs a separating hyperplane in an n-dimen-
sional space that distinctly classifies data points. For linearly
separable data, the optimal separating hyperplane is one that
maximizes themargin between the support vectors. The notion of a
hyperplane can be formally defined as:

f ðxÞ¼ b0 þw$x

Wherew is the weight vector and b0 is the bias. From a geometrical
viewpoint, calculating these parameters means looking for a hy-
perplane that best separates the data points.

In order to perform multiclass classification with SVM, an Error-
Correcting Output Codes (ECOC) model that contains an ensemble
of binary SVM classifiers is used. The ECOC model reduces the
problem of multiclass problem to a set of binary classification
problems. This is achieved by using a coding matrix that maps the
classes that the binary learners train on and a decoding scheme that
determines how the prediction result of the binary learners are
aggregated. The model is based on a one-versus-one coding design.
This implies that each binary SVM classifier handles a pair of output
classes such that one class is positive, one class is negative and the
remaining classes are ignored. Hence, for n output classes, the
number of binary SVM classifiers is determined as:

nðn� 1Þ
2

With n ¼ 24 in this case, the number of binary learners in the ECOC
ensemble is 276.

Table 6 shows the sample of the training data set for the clas-
sifier model. The data is arranged based on coil profile and updated
with the index as determined in Table 5 such that each value in the
index column is the response variable for each sample of coil pro-
file. Fig. 8 shows the distribution of training and testing data set in
which 80% was allocated for training while 20% was allocated for
testing. The training of the SVMmodel was performed using 5-fold
validation with an accuracy of 98.4%. Fig. 9 and Fig. 10 show the
confusion charts for training and testing the model with the
numbers at the diagonal being the numbers of correct classification
while off-diagonal numbers are misclassifications. The charts also
indicate the model performance for true positive and false negative
rates for each class on the vertical axis. On the horizontal axis, the
chart indicates the positive predictive and the false discovery rates.
For this classification model, the false negative and the false dis-
covery rates represent missed alarm and false alarm respectively.
4. Result

Table 4 shows the mean Silhouette values for the evaluation of
each of the clustering analysis performed for the coil current pro-
files. The silhouette value is a measure of cluster cohesion that
indicates how similar a coil profile is to its cluster centroid and how
dissimilar it is to other clusters. A high silhouette value is an
indication of good cluster assignment. A low value is indicative of
poor cluster assignment. Fig. 11 shows the comparison of the
silhouette values for the cluster assignments. The UG coil profile
has the lowest values which indicate that the three clusters defined
for this profile may not be well separated.

Similarly, the result of the classification model is shown in
Figs. 9 and 10. The performance measures for the training and
testing of the SVMmodel can be estimated from the mean values of
the true positive rate, positive predictive rate, false negative rate,
and the false discovery rate as shown on the confusion charts.
These measures are given in Table 7.

5. Discussion

This work is focused on the analysis of time domain features.
This study uses a small set of data collected during maintenance
overhaul period of the drive system and does not represent the full
scope of representation of the stressors experienced during actual
operations. Also, because NPPs predominantly operate in baseload
condition, full stroke motion of the CEDMs are not always needed
during power production except for startup and shutdown modes.
This limits the degree of system dynamics that can be captured in
the operational data.

In addition, this work utilized the data for a full strength 4 fin-
gers CEDM because it has the largest data representation compared
to the 12 fingers shutdown bank and the 4 fingers part strength. In
using this data, the underlying assumption is that the behavior of
same group CEDMs would be similar since they experience the
same operating regime and are by design similar.

6. Conclusion

In this research, a conceptual framework for the application of
digital twin technology to CEDM prognosis and maintenance
process is proposed. This will reduce the potential of failures that
could impact plant operations. Also, the development of machine
learning algorithms for health monitoring of the control rod drive
using the coil current profile is presented. Since no prior knowl-
edge of the health condition of the CEDM is known, a clustering
model was first developed for the purpose of assigning health
index to a small set of data. Afterwards, a classification model is
designed using the result of the cluster assignments to test new
data for the purpose of fault detection. The use of coil current
profile in the development of machine learning algorithm dem-
onstrates the capability and possibility of application in digital
twin technology.
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