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a b s t r a c t

Solenoid operated valves (SOV) play important roles in industrial process to control the flow of fluids.
Solenoid valves can be found in so many industries as well as the nuclear plant. The ability to be able to
detect the presence of faults and predicting the remaining useful life (RUL) of the SOV is important in
maintenance planning and also prevent unexpected interruptions in the flow of process fluids. This paper
proposes a fault diagnosis method for the alternating current (AC) powered SOV. Previous research work
have been focused on direct current (DC) powered SOV where the current waveform or vibrations are
monitored. There are many features hidden in the AC waveform that require further signal analysis. The
analysis of the AC powered SOV waveformwas done in the time and frequency domain. A total of sixteen
features were obtained and these were used to classify the different operating modes of the SOV by
applying a machine learning technique for classification. Also, a deep neural network (DNN) was
developed for the prediction of RUL based on the failure modes of the SOV. The results of this paper can
be used to improve on the condition based monitoring of the SOV.
© 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

It has become imperative for the nuclear power plant (NPP) to
further tilt the economic balance towardsmore sustainability while
increasing safety and reliability. This is necessary if nuclear power is
to remain a competitive and economically viable option in the new
trend of global electricity market. One way to achieve this is to
optimize plant maintenance strategy such that downtime is
reduced, uptime is increased and resources are efficiently allocated.
Maintenance optimization has the effect of improving the overall
plant safety, reliability and availability. An aspect of the plant pro-
cesses that can benefit considerably from maintenance optimiza-
tion is the monitoring and maintenance of solenoid operated valve
(SOV).

Many SOVs are commonly utilized for process control in nuclear
power plants. Under the framework of reliability centered main-
tenance (RCM), the maintenance activities that are typically per-
formed on these SOVs include service, overhaul, repair and
.N. Utah), jcjung@kings.ac.kr

by Elsevier Korea LLC. This is an
replacement of parts [1]. These actions are generally carried out
under corrective or preventive maintenance strategy. A simple
corrective maintenance strategy, also called run-to-failure, involves
invoking maintenance actions only after a failure has occurred. This
incurs high cost for repairs and spare management, and lost reve-
nue due to unavailability [2]. Likewise, traditional preventive
maintenance strategy is described by scheduled periodic mainte-
nance actions according to prescribed criteria regardless of the
component health condition. Although it generally improves
plant's reliability, it adds significant burden on plant economics.
Hence, to strike a balance between reliability and economics,
consideration must be given to condition monitoring and health
assessment of components. This is known as condition based
maintenance (CBM).

CBM forms the basis for predictive maintenance (PdM) since the
future state of the component can be predicted quite well based on
the current state of the component and a maintenance action can
be planned in advance of the actual fault occurrence.

The starting point of any maintenance action is the timely
and accurate determination of component faulty state. An early
detection of fault condition which could lead to eventual failure is
critical to the development of effective predictive maintenance
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programme. This paper is therefore focused on the detection of
fault state of a solenoid operated valve and prediction of RUL using
artificial intelligent techniques to process the coil current signature.

The method to be employed in this paper is a data driven
method that analyzes data gotten from the SOV. Useful features are
obtained in both time and frequency domains.

2. Theory

Data driven methods require sufficient historical data for model
training and it does not depend on prior knowledge of the system
and is widely used in real industries. The main challenge in data-
driven method is the extraction of useful features from the raw
collected data [3,4]. Data analysis techniques are mainly divided
into analysis methods, expert systems and plant view [5]. Analysis
methods consist of the following but not limited to trend analysis,
pattern recognition, correlation, test against limits or ranges, rela-
tive comparison and statistical process analysis. The expert systems
makes use of artificial intelligence to perform diagnostics and
predictions. There are a variety of expert systems whose capabil-
ities depend on pattern recognition, neural networks, Bayesian
belief networks and so on [5].

There have been some research done on the classification and
detection of fault on the SOV using different approaches. O.Moseler
et al. [6] performed amodel basedmethod for fault detectionwhich
is able to measure the solenoid's armature stroke based on
measured current and voltage. Atia.A [7] performed fault detection
of the SOV by analyzing the current signature. Chuan Y.T et al. [8]
proposed a fault classification algorithm for the SOV using an
artificial neural network (ANN) with three layers, one hidden, one
input and one output layer. Jameson J.N et al. reviewed some of the
common issues of the solenoid operated valve and proposed a
physics of failure analysis for fault detection of the SOV [9]. Haifeng
Guo et al. proposed a novel method for the detection of fault based
on the vibration signal measurement [10]. All these research work
were done for the DC powered SOV.

This paper is focused on performing both time and frequency
domain features extraction of the SOV current waveform. The fea-
tures will be used to classify the different modes of the SOV.

2.1. Failure modes and effect analysis (FMEA)

FMEA process is a structured process that identifies the poten-
tial failure modes of a system, their relative likelihood, and their
consequences to the system [11]. According to a report by Oak
Ridge National Laboratory (ORNL), the failure modes of the SOV can
be grouped into four generic classifications: failure of the SOV to
operate, failure of the SOV to operate as required, seat leakage and
body leakage [12]. The report by ORNL gives the components,
failure causes, failure mechanisms and the effects of the failures on
the SOV. The failure cause for this paper was the binding of the
plunger in the guide tube. The mechanism of this failure is the
presence of contaminants between the plunger and guide tube. The
current signature for the different levels of degradation of the
plunger were analyzed. The effect of this failure mode is to cause
the SOV not to operate upon the removal or application of a control
Table 1
Focused areas of Failure modes.

Component Failure Failure
Cause Mechanism

Plunger Binding of plunger in guide tube Contaminants bet
Valve body Blockage of exhaust outlet Contaminants or
signal. Table 1 shows the FMEA considered for this paper.
2.2. Classification technique

Classification is a type of supervised learning technique in ma-
chine learning. Some types of classification algorithms in machine
learning are: nearest neighbors, support vector machines, decision
trees, random forest, etc. In this paper, we shall be comparing some
classification techniques such as k-nearest neighbors, decision
trees, random forest and support vector classification for the pur-
pose of classifying the different states of the SOV. The metrics for
these techniques will be accuracy.
2.3. RUL prediction

Regression techniques or models are used to predict a contin-
uous value. The regression technique will be used to estimate or
predict the RUL of the SOV. There are different types of regression
techniques in machine learning, some of which are support vector
regression, random forest regression, linear regression, etc. The RUL
model for this paper was implemented using a deep learning al-
gorithm with Keras. The algorithms for this paper were imple-
mented with python which is an object-oriented, high level
programming language and it is also free.
3. Experimental setup

Fig. 1 shows the experimental setup for the tests that were
performed on the target SOV. The SOV used for the test was CKD-
GAG412-1. The SOV can be powered with either 200VAC or
220VAC at frequencies of either 60 Hz or 50 and 60 Hz for the two
voltage levels. The input power was supplied by PCR 500 M at 2A.
The voltage was converted into voltage value by non-contact cur-
rent sensor. The current sensor used for the experiment used was
RG-AC10 and the data acquisition (DAQ) device used was NI-9205
with internal resistance of 10U. The process fluid was supplied by
the air compressor. The maximum pressure from the air
compressor was 0.5 MPa.

The data was obtained over a period of 5 s and the process is
described below:

i. 0e1 s: data acquisition when the SOV is off
ii. 1e4 s: data acquisition when the SOV is powered ON
iii. 4e5 s: data acquisition when the device is off.
iv. After waiting for 5 s, the experiment was repeated.

The fourth item in the sequence above was subjected to change
as the condition of test determined the interval between experi-
ments. The sequence described was for the no load condition of the
SOV.

The data acquisition was 2500 data samples per second that is
2500 Hz. At the end of an experiment, a csv file is created with two
entries, the time stamps and the current signal from the hall sensor.
The total data points per file was 12500.
Effect
on device

ween guide tube and plunger Sluggish operation or failure to operate
debris build up Blocked or poor flow of fluid.



Fig. 1. Experimental setup for SOV tests.

Fig. 2. Labview control interface.
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3.1. Experimental cases

Different tests were carried out based on the FMEA given in
Table 1. Nine (9) different tests and their descriptions are shown in
Table 2.

All the experiments were performed 100 times. A total of 900
csv files were obtained from the different experiments. Fig. 2 shows
the control interface for the control of the different experiments.
The different plots from the datasets obtained are shown in Fig. 3
and Fig. 4.

3.2. Features extraction

Features extraction directly characterizes the information rele-
vant to the current signature which tends to form a multi feature
table for state classification of the SOV.

Different data points were recorded from the different experi-
ments but most of the plots could not be discriminated by obser-
vation. This required that hidden features that made these plots
different be extracted. Figs. 3 and 4 show the different plots of the
different cases that were experimented.

The common features among the plots are the OFF period,
inrush current, hold time and hold value. These features are not
enough to discriminate between these plots, therefore these plots
were analyzed in both time and frequency domains to extract more
features.

3.2.1. Time and frequency domain features
The signals were processed to extract the following time domain

features: clearance factor, crest factor, impulse factor, kurtosis,
mean, peak value, root mean square, shape factor, skewness,
standard deviation, total harmonic distortion and signal to noise
and distortion ratio. Six of these are dimensionless features,
Table 2
Experimental Cases and their descriptions.

Cases Name Description

1 Blocked Outlet The output port was blocked to simulate no
2 Normal Normal, for the sake of the experiment was t
3 No load This test did not have any process fluid flow
4 Plunger Degradation

1,2,3 and 4
The tests performed for this case involved intr
involved using a very thin material of thickn

5 Fail Open This is a faulty state of the SOV in which the
6 Fail Close This is also a faulty state where by the plung
clearance factor, crest factor, impulse factor, signal to noise and
distortion ratio, signal to noise ratio and shape factor [13].

The frequency domain features were obtained from the power
spectrum of the signal. The band power is a number that summa-
rizes the contribution of the frequency to the overall power of the
signal.

Table 3 shows the definition of the time domain features
extracted from the current signal waveform.
4. Proposed method

Fig. 5 shows the proposed method to be implemented in this
paper. This flow chart will be expanded for the classification
flow while the system was pressurized at 0.5 MPa
o allow process to flow out without any blockage while being pressurized.
ing through. Current signals gotten was labelled ‘no load’.
oducing debris between the plunger and the guide tube. The introduction of debris
ess of 0.1 mm. This was done to simulate a faulty condition.
SOV fails to operate when a control signal is sent. The plunger was stuck closed.
er of the SOV was stuck open and is unable to stop or control the flow.



Fig. 3. Current signature plots of normal case, fail open, level 3 degradation, level 2 degradation, blocked outlet and level 1 degradation.

Fig. 4. Current signature plots of fail close, level 4 degradation and no load.

Table 3
Time domain features.

No. Feature Feature Definition

1 Mean
Tm ¼ 1

n

Xn
i¼1

xi

2 Root mean square

Trms ¼
 
1
n

Xn
i¼1

x2i

!1
2

3 Standard deviation

Tstd ¼
 

1
n� 1

Xn
i¼1

ðxi � xÞ2
!1
2

4 Skewness
Tsk ¼ Pn

i¼1

ðxi � xÞ3
ðn� 1ÞT3

std
5 Kurtosis

Tkur ¼
Pn

i¼1

ðxi � xÞ4
ðn� 1ÞT4

std
6 Shape factor

Tsf ¼
Trms

x
7 Crest factor Tcf ¼

xmax

xrms
8 Impulse factor Tif ¼

xmax

x
9 Clearance factor Tclf ¼

xmax

xr
10 Signal to noise ratio

Tsnr ¼ 20log
�
S
N

�
11 Total harmonic distortion

Tthd ¼ 20log
�
S
D

�
12 Signal to noise and distortion ratio

Tsinad ¼ 20log
�

S
Dþ N

�
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process. Data is obtained from the DAQ in csv format. The data
when read with excel, had misaligned values. The data was cleaned
and preprocessed. A total of 897 csv files belonging to the 9 classes
as described in section 2. The data was passed through a feature
extraction algorithm. A table of 897 by 17 was obtained from this
process. A total of 16 features were obtained and the last column
was the encoding of the different classes into binary.

Where xi is a signal time series for i ¼ 1, 2,…,n, and n is the
number of data points, xmax ¼max|xi|, x ¼ 1

n
Pn

i¼1
jxij is the absolute

mean value [13], S is the actual signal, D is the distortion and N is
the noise.

The features were passed through a correlation algorithm to see
which features were more important than the others. Fig. 6 shows
the correlation between the features obtained from the feature
extraction process. The features are well correlated whether posi-
tively or negatively. The datawas cleaned to fill missing numbers in
Python. The output column was also changed to categorical format
for the classification algorithm.
4.1. State classification algorithm

Fig. 7 shows the workflow for the classification algorithm.
Following the discussion in the previous section, the classification
model implemented in this model, support vector classification and
the performance metrics are described in the following sub-
sections.

The data before being fed into the different classification algo-
rithms was standardized to improve the accuracy of the classifi-
cation algorithm.



Fig. 5. Proposed flow chart for the classification and RUL prediction.

Fig. 6. Correlation between
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4.1.1. Support vector machines
Support vector machine (SVM) is a machine learning technique

that can be used for both classification and regression problems.
Support Vector machines can be defined as systems which use
hypothesis space of a linear functions in a high dimensional feature
space, trained with a learning algorithm from optimization theory
that implements a learning bias derived from statistical learning
theory [14]. SVMs can handle large feature spaces and its
complexity does not depend on the dimensionality of the feature
space.

SVM maps original sample space to high dimensional feature
space using non-linear transformation and finds the optimal clas-
sification plane to classify samples in the high dimensional feature
space [15].

Fig. 8 shows the training samples in two categories. The lines
represent the hyperplanes. The hyperplanes tend to separate the
classes. The main idea is to find the hyperplane that represents the
maximum margin between the two categories and this is what the
SVM uses to classify between datasets.

The equation of the hyperplane is given as:

y¼wtxþ b (1)

where y is the classification labels, w is the parameter of the plane
and b is what moves the parameters in and out of the origin. These
parameters are used to define the hyperplane.

The classification labels, y can be represented as:

y2ð�1; 1Þ (2)

The square symbols are have þ1 as labels while the circular
symbols have �1 as labels. The broken line is also called the deci-
sion boundary as samples that fall on either side of the planewill be
either �1 or þ1.
the features extracted.



Fig. 7. Workflow for the Classification algorithm.

Fig. 8. Graphical representation of two features.
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The equations of lines 1 and 2 are given below:

wTxþ b ¼ 1 (3)

wTxþ b ¼ �1 (4)
Solving (3) and (4) together,

wT��wT
�� ðx1 � x2Þ¼

2��wT
�� (5)

The equation on the left hand side represents the margin be-
tween the hyperplanes and the aim of SVM is tomaximize the term
on the right hand side. The equation can be simplified into12jjwjj2.
This term, rather than beingmaximized, will be minimized in order
to get the maximum margin hyperplane.

To find the extreme of a function, Lagrange multipliers will be
used, the expression is given below,

L¼1
2

���wT
���2 �X∝i

h
yi
�
wT :xi þ b

�
�1
i

(6)

Differentiating L with respect to w and b,
dL
dwT ¼wT

X
∝iyixi ¼ 0 (7)

wT ¼
X
i

∝iyixi (8)

dL
db

¼ �
X
i

∝ixi ¼ 0 (9)

X
i

∝ixi ¼0 (10)

Substituting (9) and (10) into (6),

L¼
X
i

∝i �
1
2

XX
∝i∝jyiyjxi:xj (11)

The optimization depends on the dot product of pairs of samples
as shown in equation (11). This concept is simplest form of SVM
which is called linear SVM.

Equation (11) applies to linearly separable samples as shown in
Fig. 8. The dataset for this paper is not linearly separable and SVM
provides a technique for handling samples like these. SVM handles
these cases by applying kernel functions where the samples are
mapped into a higher dimensional feature space in which the
classification can be possible [15].

There are different types of kernels in SVM, but the most com-
mon ones are polynomial and the radial basis function (RBF kernel).

Themodel for this paper is not a linearmodel which requires the
tuning of the cost parameter. This model requires the tuning of the
hyper parameters of the SVM in order to find a large margin hy-
perplane. This is done by performing a GridSearch within the al-
gorithm. The GridSearch is given different values and options of the
hyper parameters to find the optimal parameters for the model.

The hyper parameters for the model are;

i. Regularization (also known as cost parameter) which tells
the SVM how much to avoid misclassifying the training
samples. This is also the penalty parameter of the error term.
This controls the tradeoff between smooth decision bound-
ary and classifying the training points correctly. The value
obtained for this parameter after the grid search was,
C ¼ 1000.

ii. Gamma is the parameter that defines how far the influence
of a single training sample reaches, low values mean far from
the hyper plane and high values meaning close to the
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hyperplane. The value obtained after tuning the model was,
gamma ¼ 0.01.

iii. Kernel parameters have a high significant effect on the de-
cision boundary and control the flexibility of the resulting
classifier. The kernel used for this paper was the Gaussian
Radial Basis function. This is expressed as shown in equation
(12):

k
�
xi; xj

�¼ e

 
�jjxi�xjjj2

2g2

!
(12)

The model was then used to predict the classes with these pa-
rameters. The model was classified with 70% of the data for training
while 30% was used for testing.
4.1.2. Compared approaches
The SVC's results were compared to other classification tech-

niques. These techniques are:

i. Decision tree: This is a flowchart like tree structure where
the nodes represent the feature, the branch represent the
decision rule and the lea node represents the outcome. The
decision tree is a form of supervised machine learning that
can be used for classification and regression problems as
well.

ii. K-Nearest Neighbors: This is a form of supervised machine
learning as well. This technique is used for classification. It
does not do well with high dimensionality data.

iii. Random forest: This is an ensemble method that can be used
for classification and regression problems. This is also a su-
pervised machine learning technique. This is a collection of
decision trees. The output of a tree is an input to this algo-
rithm. Hence the name random forest.
4.1.3. Performance metrics
The confusion matrix will be used to compute the metrics of the

classification models. The confusion matrix is used to evaluate the
accuracy, precision, sensitivity and f1-score. An example of a
confusion matrix is shown in Fig. 9 and how it is used is described
as well.

True Positives (TP): this is when the actual class is true and the
predicted class is true.

True Negatives (TN): this is when the true class is false and the
predicted class is false.

False Positives (FP): this is when the actual class was negative
and the predicted class was true.

False Negatives (FN): this is when the actual class was true and
the predicted class was negative.
Fig. 9. Confusion matrix example.
i. Accuracy is the total number of correct predictions made by the
total predictions made.

Accuracy¼ TP þ TN
TP þ TN þ FN þ FP
ii. Precision is the accuracy of positive predictions made.

Precision¼ TP
TP þ FP
iii. Recall or sensitivity is the total correct predictions made by
the algorithm.

Recall¼ TP
TP þ FN
iv. F1-score is the weighted harmonic mean between precision
and recall.

F1� score¼2*ðRecall*PrecisionÞ
Recallþ Precision

The results from the state detection or fault algorithms are
described below. The results can be summarized using a classifi-
cation report which is a method in the Scikit learn library in Python.
The classification report is used to measure how well the classifi-
cation algorithm has performed. The figures below show the clas-
sification reports for the different classification algorithms.

As seen in Fig. 10, Fig. 11, Fig. 12 and Fig. 13, the figures have
precision, recall, f1-score, support, micro avg, macro avg and
weighted avg. The precision, recall and f1-score have been
described earlier. Therefore, the support, micro avg, macro avg and
weighted avg will be described as they relate to the metrics of the
classification algorithm.

i. Support refers to the number of possible predictions that can
be made for a particular class. As seen in the different clas-
sification reports, these numbers have the same distribution,
and that is because for the testing data, 30% of the total data
set was assigned to test the machine learning algorithm. The
Fig. 10. Classification report for support vector classifier.



Fig. 12. Classification report for decision tree algorithm.

Fig. 13. Classification report for random forest classifier.

Table 4
Classification reports.

Metrics SVC KNN Decision Random

(%) (%) Tree (%) Forest (%)

Accuracy 94 81 90 92
Precision 94 81 90 92
Recall 94 81 90 92
F1-score 94 81 90 92

Fig. 11. Classification report for kNN classifier algorithm.
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total number of possible occurrences in all the classes are 270
which is about 30% of 897.

ii. Micro avg can also be referred to as micro average. The micro
average is computed taking into consideration the total
predictions of all classes whether true or false and taking the
average of it. As seen in the different classification reports,
the total number of occurrences for each class are not equal,
therefore this metric score is the preferred choice. This is
because the metric takes into consideration the class
imbalance of the algorithm.

iii. Micro avg can also be referred to as micro average. The micro
average is computed taking into consideration the total
predictions of all classes whether true or false and taking the
average of it. As seen in the different classification reports,
the total number of occurrences for each class are not equal,
therefore this metric score is the preferred choice. This is
because the metric takes into consideration the class
imbalance of the algorithm.

iv. Macro avg can also be referred to as macro average. This
metric computes the metric for each class independently and
then averages them over the total number of classes. The
metric does not necessarily make up for class imbalance.

v. The weighted avg is also referred to as the weighted average.
This metric can be computed by taking the total number of
occurrence for each class and multiplying it by the metric of
that class. Then the sum is obtained. This metric is closely
related to the macro average which also means it does not
handle data imbalance properly.

Themicro avgmetric was selected for the summary report of the
classification algorithms implemented for this paper and are dis-
played in Table 4.

Table 4 shows the performance of the classification algorithm
compared to the other algorithms. The support vector performed
quite well compared to other classification techniques. Fig. 14
shows the confusion matrix. The matrix shows the accuracy as
well. From the figure, the number of correct classifications are
displayed on the diagonal of the matrix.

4.2. RUL prediction

Table 1 shows the FMEA considered for this paper. The plunger
motion was gradually impeded by the introduction of debris be-
tween the guide tube and the plunger. The plunger movement
when impeded can be observed from the current signature wave-
form. In order to, a thin material of thickness 0.1 mm was used to
gradually degrade the plunger.

Fig. 15 shows the plunger and its guide tube. As seen in the
figure, the plunger was designed to have four poles. The degrada-
tion approach is described in Table 5.

This was done in five steps till the plunger was unable to move
thereby causing the SOV not to operate. These levels of degradation
until the plunger was unable to operate were labelled as 20%
degradation, 40% degradation, 60% degradation, 80% degradation
and 100% plunger stuck closed which represents fail open condi-
tion. The experiment was run for 5 s each but a waiting time of 25 s
between each experiment was observed. This was to ensure that
the compressor fully pressurizes the system. The modes or classes
to be considered for the RUL prediction are: normal, 20% degra-
dation, 40% degradation, 60% degradation, 80% degradation and fail
open. A total of 600 files were used for the RUL prediction. The SOV
could not be run to failure, rather failure modes were created. This
mode represented the SOV's inability to perform, as such the SOV
was at the end of its useful life. The unavailability of actual run to
failure data was the reason for the approach.

The number of SOVs used for this experiment were two in
number, the first was to test the normal operating condition and
the second was to run tests for the RUL.

The RUL model depends on a subset of the training data because
the cost function for the model construction ignores all the training
data that are close within a threshold to the model prediction [16].
The RUL was based on the total harmonic distortion because it had
the best distribution for all these modes amongst the features



Fig. 14. Confusion matrix of the SVC.

Fig. 15. Plunger and its guide tube.

Fig. 16. Total harmonic distortion for RUL.

Table 6
DNN algorithm comparison.

Epoch MAE MSE RMSE

500 7.1743855129 83.1957206512 9.1211688204
750 5.8341869586 69.4563404259 8.3340470616
1000 4.6467658566 50.8809675780 7.1330896235
1200 5.1303522929 68.0087050444 8.2467390551
1500 4.6585271141 55.1863779428 7.4287534582
1750 5.7466513001 78.3192500417 8.8498163841
2000 5.1761315221 56.6236899473 7.5248714239

Table 7
DNN parameters for RUL prediction.

Parameter Size Number

Input dense layer 128 neurons 1
Hidden layers 256 neurons 6
Kernel initializer normal
Activation function Input, hidden layer: ReLU

Output: linear
Output dense 1 1
Metrics Mean absolute error, Mean square error
Epochs 1000
Optimizer Adam

Table 5
Degradation approach for RUL experiment.

Degradation Approach

20% The thin material was applied on all four poles.
40% With the base material on all four poles, one of the poles

was further applied with the thin material.
60% Same condition as 40% degradation plus one other pole.
80% Same as 60% degradation plus one other pole.
100% Same as 80% plus the last pole.
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extracted. Fig. 16 shows the distribution of the total harmonic
distribution feature. The right tail represent the normal condition
of the SOV while the left tail represent the failed state of the SOV.

The RUL prediction model was a deep neural network (DNN)
which was developed using Keras on Python. The model had one
dense input layer with input dimensions of 16, the activation
function for that layer was ‘relu’. The input layer had 128 neurons.
The model had 6 hidden layers, each with 256 neurons. The hidden
layers had activation function of ‘relu’ and kernel optimizers of
‘normal. The output layer had one neuron for the regression output,
also the kernel optimizer was ‘normal’ while the activation layer
was ‘linear’. The loss function of the model was mean absolute
error, optimizer was Adam and themetrics for the model was mean
absolute error, root mean squared error and mean squared error.
The model was trained with 70% of the input data, validated with
20% of the training data and tested with 30% of the input data set. A
batch size of 32 and different numbers of epochs were tested. The
number of epochs that were tried were 500, 750, 1000, 1200, 1500,
1750 and 2000 and the optimal number of epochs are 1000.

With the right number of epochs unknown, the DNN was
trained with the different number of epochs and their evaluation
results were compared in order to determine the optimal number
of epochs. Table 6 shows the performance comparison for the DNN
algorithmwith different epochs. As seen from the table, the optimal
number of epochs is 1000. This is the number chosen for the DNN
algorithm.

Table 7 shows the network parameters chosen for the RUL
prediction.

The results of the DNN after training is shown in Fig. 17. The
figures show the training loss as it reduces during training and the
mean absolute error drop.

Fig. 18 shows the actual RUL of the SOV while Fig. 19 shows the
predicted RUL from the DNN and the actual RUL.

The model was tested against another regression model which



Fig. 17. Training loss and plot of the mean absolute error.

Fig. 18. Actual RUL from the data.

Fig. 19. Predicted DNN RUL and actual RUL.
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was not based on DNN.
The model is called XGBoost regressor which is an open source

software library that provides gradient boosting framework for
Python, Cþþ and Java.

The model has proven to be very efficient in the world of ma-
chine learning. The XGBoost was initially in the deep machine
learning community.

After fitting the model to my data and predicting based on the
same test data as the DNN, the output was observed to be better
than the DNN.

Fig. 20 shows how almost perfectly the XGBoost performed over
the DNN regression model.

The metrics for evaluating the model are:

i. Mean absolute error (MAE): This measure measures how close
the predictions are to the actual output. The smaller the MAE,
the better the model.

MAE¼1
n

Xn
i¼1

jðyi � yiÞj (13)

where n is the number of samples, yi is the actual RUL value and yi
is the predicted RUL corresponding to the DNN.

ii. Mean squared error (MSE): This metric is similar to the MAE.
MSE measures the average of the squares of the errors in the
deviations from the actual RUL. The closer this value is, the
better.

MSE¼ 1
n

Xn
i¼1

ðyi � yiÞ2 (14)
iii. Root mean squared error (RMSE): This is the square root of
the MSE.

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

ðyi � yiÞ2
vuut (15)



Fig. 20. XGBoost regressor and actual RUL.

Table 8
Performance comparison between the proposed method and XGBoost.

DNN Regressor XGBoost

MAE 7.1743855129 0.3327358143
MSE 83.1957206512 0.1830351628
RMSE 9.1211688204 0.4278260894

M.N. Utah, J.C. Jung / Nuclear Engineering and Technology 52 (2020) 1998e20082008
The metrics of the DNN compared with the XGBoost regressor
are displayed in Table 8.

Table 8 shows that the XGBoost regressor performed better in
predicting the RUL of the SOV with less errors.

5. Conclusions

In this paper, time and frequency domain analysis of AC pow-
ered SOV was performed in other to classify the state of the SOV.
The machine learning algorithmwas able to classify the faults with
an accuracy of 94%. This value can be improved by performingmore
signal analysis, time-frequency domain and a deeper neural
network could be tested to try and improve the accuracy of the
model.

A deep learning model was developed to predict the RUL of the
SOV and it performed well but when compared to XGBoost re-
gressor, the DNN did not performwell compared to the actual RUL.

The results obtained from this paper can be used to improve the
condition based maintenance of the AC powered SOV.

Despite the very high performance of the XGBoost regressor, the
RUL would still be subject to further study. The aim is to try and
obtain run to failure data for different SOVs. The models were not
computationally expensive and can be run on virtually any com-
puter without issues.
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