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a b s t r a c t

In this paper, we consider a SDMS (Self-Diagnostic Monitoring System) for a reciprocating pump for the
purpose of not only diagnosis but also prognosis. We have replaced a multi class estimator that selects
only the most probable one with a multi label estimator such that we are able to see the state of each of
the components. We have introduced a measure called certainty so that we are able to represent the
symptom and its state. We have built a flow loop for a reciprocating pump system and presented some
results. With these changes, we are not only able to detect both the dominant symptom as well as others
but also to monitor how the degree of severity of each component changes. About the dominant ones, we
found that the overall recognition rate of our algorithm is about 99.7% which is slightly better than that of
the former SDMS. Also, we are able to see the trend and to make a base to find prognostics to estimate
the remaining useful life. With this we hope that we have gone one step closer to the final goal of
prognosis of SDMS.
© 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

A SDMS (Self-Diagnostic Monitoring System) is a system that
monitors a system in consideration with other systems such as
nuclear power plants or factories by measuring data from various
sensors that attach to the various places of the system, analyzes
these data to decide or estimate the current state of the system, and
finally informs us of the status of the system about whether the
system is in a normal state or in an abnormal state [1]. If it is in an
abnormal state, the SDMS needs to inform us which abnormal state
the system is in. According to Ref. [2], in the area of “Detecting and
managing degradation in reactor components”, there are three key
technologies necessary; The SDMS is in the area of the second
“algorithms to characterize and monitor the state of degradation
for the component.” The final goal is probably one that has prog-
nostic capabilities [3] and such that it should have “(3) algorithms
that use the state of degradation information to determine
eural Network; LR, Logistic
l Life; SDMS, Self-Diagnostic

by Elsevier Korea LLC. This is an
remaining useful life (RUL) and probability of failure (POF) of the
component.” In other words, the SDMS is expected to have the
ability to say that, even though the system is in a normal state now,
it will be in the following abnormal state in several months or in
several years, and so on. The SDMS system is widely used in several
areas such as nuclear power plants, factories, or others.

All these concepts may be explained in the context of ‘Prog-
nosis’, while the former system is in the category of ‘Diagnosis’.
While ‘Diagnosis’ is only interested in the current time or past,
‘Prognosis’ deals with the future. The final goal of the prognosis
including ours as well is to develop a SDMS which performs first to
detect an early defect if any, secondly to diagnose the current state
whichmay be normal or defected, and finally to predict the residual
(safety) life of the underlying system such that we build or a CBM
(Condition -based Maintenance) system [2]. In Ref. [4], the authors
also emphasize that in the early stage of defect, to estimate the RUL
(Remaining useful life) is important. If we have mathematical
models of degradation of components, it may be possible to predict
their RULs. This is difficult to have. On the other hand, if we have
some data that reflect the various levels of defects of components a
priori, while running and monitoring a system, we may not only
diagnose the current state but also guess what is going to happen
next. Furthermore, if we have empirical data of the time of
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degradation of components, we may estimate the RUL of compo-
nents and eventually the system.

In this paper, we present some preliminary results that we have
tried to add as a ‘Prognosis’ to the SDMS. The system we are
considering in this paper is a reciprocating pump, which is one of
the widely used systems in nuclear power plants and others. This
paper is organized as follows. After wemention our motivation and
a short introduction of others' work, in Section 3, we consider our
SDMS. We explain modifications from the one in Ref. [1]; specif-
ically, the structure of the preprocessing block, initial estimators,
and the final decisionmaker with a calculation of certainty value. In
Section 4, we present simulation results that we have obtained
after we applied it to the reciprocating pumps. We have built a flow
loop system and introduced defects on various parts of the recip-
rocating system, we derived 19 symptoms including one normal
condition. We ran numerous experiments and present the results.
Also we showed a display system such that we can see not only the
current state but also see the trends which we have shown in the
experiment. Finally, we conclude with presentation of the possible
connection with prognosis and some future work.

2. Motivation and related works

About self-diagnostic monitoring system, the PNNL (Pacific
Northwest National Laboratory) is a pioneer and has been doing
self-diagnostic monitoring of power plants [3,5,6]. In Refs. [1,7,8],
the applications to SDMS to air operated valve are presented. In
particular in Ref. [1], we have presented a prototype of a SDMS for
AOVs (Air-operated valves). In the paper, we have placed various
sensors scattered all over the AOV system, have measured and
monitoring physical quantities such as temperature, pressure, or
acceleration, and monitored the system in the sense that we have
produced arrow patterns of the features by monitoring the trends
of the each of the data from sensors. With these pre-processed
patterns, we ran several machine learning algorithms to decide
the current state of the AOV system. Since there are several good
algorithms in the so-called machine learning area, to decrease the
possibility of mistake and that to increase the reliability, we have
introduced a concept of a majority vote such that we train 3
different algorithms and have made decisions individually and
independently and made a final decision based on the criteria that
if more than or equal to two results out of the 3 decisions matches
with each other, then there is a high probability that the system is
in the state of the common decision.

Although we have improved the performances of the algorithm
compared with the one using one algorithm only [1,3], this
approach needs to improve more to have prognostic capabilities.
Firstly, about the final decision the former system is a hard decision
other than a soft decision. Once a hard decision is made, then it is
final and we need to start all over the next time. In other words, we
do not know what defect comes out the next time although we
have an idea that the defect that had come out last time has a pretty
high probability of appearance the next time and do not know how
the current decision is connected with the past or future one.

Secondly, suppose that the system is in the normal state
currently and a part of the system begins to deteriorate. When a
defect first appears out of a normal state, we do not know this fact
until this defect becomes dominant such that two out of three al-
gorithms make estimations. However, although two out of three
estimators fail to detect the defect, a third one may catch the
symptom. Another point of interest is that since there is no history
concept, we do not knowwhen the system has suffered this kind of
defect and when it will become severe in the future. Thus we need
to have some way to catch minor reports.

Furthermore, suppose the system has more than one defect and
one is dominant. Besides the dominant one that the majority vote
decider made, we have noway of finding this defect until we fix the
first one or this defect become severe enough to become a domi-
nant one. Finally, realistically speaking, in case of a wrong decision,
we do not have a second choice.

Another thing to improve is in the preprocessing module. Usu-
ally the preprocessing block is very hardware dependent and
complicated. This may be a strong point in the sense that if we use
good sensors and do more processing, then the accuracy rate in the
cross-validation process raises up to nearly one. For example, in
Ref. [1], the preprocessed data are in the form of arrow patterns
which are translated from the input data from various sensors ac-
cording to the trends. This means that each of the sensors should
have memories and history of the data so that they should compare
incoming data with stored data to make the rate of change. How-
ever, if new sensors are introduced into the system or some sensors
are discarded or broken, we need to measure data and extract
useful features. Another case is when we apply this SDM system to
another system. In this case, we need to install and measure every
possible sensor and interpret these data to decide which features
are useful or not. Thus the preprocessing is very complicated and
needs much work. In the area of Artificial Intelligence, on the other
hand, everything leaves the algorithm including extracting features
and making decisions except excluding some unnecessary
information.

About prognosis in nuclear power plants, Coble et al. presented
an excellent review paper [2]. A. Mosallam presentedmathematical
modelling of RUL (Remaining useful life) based on Bayesian theory
[9]. Li et al. have presented a paper on the estimation of the RUL
(Remaining useful life) of piston pumps using an adaptive-order
particle filter [10]. Some results on the application of prognostics
for real passive components in nuclear power plants also presented
in Ref. [11]. In this paper, we consider the prognosis of overall
components. About the reciprocating pump [12], had developed
mathematical models. About the prognostics for pumps, J. Sun et al.
presented DCT-composite spectrum and the modified echo state
network for prognosis of CBM (Condition-based maintenance) [13].
In Ref. [14], the authors proposed a general method for extracting a
health indicator to measure the amount of component degradation
of mechanical system such as turbofan engines from a set of signals
measured during operation.

In machine learning, if we make one final decision out of multi
classes, then we call this problem a multi-class classification
problem [15]. If we make more than one decision, we call this
problem amulti-label classification problem [16]. In a majority vote
scheme, all three algorithms are in the category of multi class
classifications [1]. In this paper, we modify one of the three multi
class classification problems into a multi label classification prob-
lem. Specifically, we replace the one-versus-all SVM (Support
vector machine) algorithm in Ref. [1] into an SVM algorithm bank
such that all the predefined defects have their own SVM algorithm
and that they make independent decisions. In this way, the SVM
algorithm bank can make more than 1 decision as well as 0 de-
cisions. Next we introduce a concept of certainty so that, in addition
to initial estimations, we provide a measure to represent how
certain the decision is. With these modifications, we are going to
see what results appear.
3. SDMS (self-diagnostic monitoring system)

In this section we consider a general SDMS and its components.
Since the basic components and their functions are nearly the same
as in Ref. [1], we only mention differences and something special to
this system.
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3.1. Overall diagram of SDMS

Fig. 1 is an overall diagram of the algorithm. This algorithm is
composed of several parts, i.e., Underlying system, Data acquisition
module, Database, Preprocessing module, and Initial estimator
module, which is composed of a Training block and Initial Estimator
block, a Final decision maker module, and finally a Results display
module.
3.2. Underlying system

The system we consider in this paper is a reciprocating pump.
Fig. 2 shows a picture of the reciprocating pump that we are using
and its detailed diagram. This pump is a KA 4815 from Bertolini
pump Inc [17]. As we can see in this detailed diagram, this pump
has three identical cylinders which have lags by 120�. Each cylinder
performs a cycle of suction, compression, discharge, and expansion
and repeat this cycle. The fluid in the inlet manifold goes in each of
the three cylinders and goes out to an outlet manifold. The physical
characteristics of this pump are follows; the maximum flow rate is
48.1 L/min. The dimension is 318� 192� 146mm and the diameter
of the shaft is 24 mm. The diameter of the inlet and outlet valve are
100 and 1/2”, respectively [17].

To monitor the status of the pump system, we need to build a
system, install sensors, and see how the system works while
measuring data from the installed sensors. To do this, we build a
flow loop. Fig. 3 (A) is a diagram of the flow loop system and
Fig. 3(B) is a picture of the real system that we had built for SDMS.
This system is composed of a reciprocating pump and motors,
water pump, pipes, etc. The flow loop system is designed to endure
120 bar of pressure, from 6.8 up to 9 m3=h of flow rate, and 50�

Celsius of temperature. To avoid corrosion and rust, the pipes, a
tank, and valves are made of stainless steel. The reciprocating
Fig. 1. Overall block diagram

Fig. 2. The underlying system: a reciprocating pump KA 4815. (A
pumps is designed to endure 100 bar of operating pressure and 2.7
m3=h of flow rate. The main tank is also designed to endure
from �10 to 30 bar of pressure.
3.3. Data acquisition module

The main goal of the Data acquisition module is to gather data
from the underlying system. Some candidates are pressure sensors,
accelerators, voltage sensors, current sensors, etc. In our system, we
installed three acceleration sensors and several pressure sensors
including three at the cylinder, three at the manifold, and some
other places. Some of these installed sensors are shown in Fig. 4.
Fig. 4(A) is a picture of 3 acceleration sensors installed near the inlet
manifold, the outlet manifold, and on a pipe. These sensors pick up
vibration when the valves open or close. We used Bruel & Kjaer's
Type 4393 piezoelectric accelerometer. The detailed characteristics
such as the frequency response and the sensitivities are given in
Ref. [18]. In Fig. 4(B) we can see the pressure sensors installed two
sensors to measure the rear pressure using Wise P116 pressure
sensors and two Kistler 211B2 pressure sensors to measure the
pressure inside the cylinder by making holes at the suction pipe
and at outlet manifold to measure the inside cylindrical pressure. It
is quite important to synchronize the exact position of the piston
with the acquisition of data from each sensor. We have used
Autonics E50S8-3600-3-T-5 encoders tomeasure the exact position
of the pistons [19]. These values also provide us the exact angle of
the crank rod with a 0.1� accuracy. Thus in each and every cycle,
every sensor is synchronized to produce 3600 data values and these
values are sent to the ‘Preprocessing module’ and/or the ‘Database
module’ for archive and for future use.

In Figs. 5 and 6, we have shown the data measured using these
sensors at the normal state. In these figures we mean the ‘normal
state’ as a defect-free condition. In other words, all the components
of a proposed SDMS.

) Overall diagram, (B) Detailed view of a reciprocating pump.



Fig. 3. The underlying system: a flow-loop system. (A) Overall diagram, (B) Picture of the experimental setup.

Fig. 4. Installed Sensors. (A) Acceleration Sensors, (B) Pressure sensors.

Fig. 5. Measured acceleration data in the normal state.
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Fig. 6. Measured pressure data in the normal state.
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in the flow loop system are in good condition and without any
defect. Contrary to the normal state, we mean the ‘abnormal states’
as the states where the flow loop system has at least one defected
component such as valve or spring. In Fig. 5, three acceleration data
are shown, one at the inlet side, another at the outlet side, and one
at the pipe side. The dimension of the x-axis is degrees. The y-axis is
the accumulated graph of the acceleration values of 910 cycles and
each sample is composed of 3600 data points. Fig. 6 is the graph of
the pressure values of 910 cycles at Cylinder #1, Cylinder #2, and
Cylinder #3. These three graphs look very similar except that one is
the time shifted version of the others. In fact, these data do not have
much distinction among others.
Fig. 7. Block diagram of the Preprocessing module.

3.4. Preprocessing module

The role of preprocessing is to prepare data needed to operate
various machine learning algorithms such that they can raise the
accuracy of the decision as much as possible and to decrease the
size of the data to ease the working of the algorithms, i.e., to lessen
the amount of calculation or to decrease the processing time of the
algorithms. Usually raising accuracy means to extract good features
and thus processing time as well as the cost of the equipment such
as the increase of good sensors. Generally speaking, usually raising
the accuracy of a decision and reducing its processing time conflicts
with each other. While in Ref. [1] we have tried to extract all the
important features to raise accuracy, in this paper, since we are
going to use this system in the real world, we have tried to lessen
the burden of hardware equipment and processing time.

In Fig. 7, we have shown the block diagram of the preprocessing
module. The input to this module is three acceleration data each of
which is composed of 3600 points. These data are measured at the
three accelerometer shown in Fig. 4(a). In every cycle, a total of
10,800 data are entered into this module, which we need to reduce.
By taking an average of every 15 points, we have reduced this
number to 240� 3¼ 720 points per cycle. The accelerometer values
behave like random numbers with zero mean and a large standard
deviation. Since the sign of the data is not of much importance, we
have taken absolute values. To reduce the dynamic range, we have
taken logarithmic transformation. Finally, we have calculated the
average value of the 910 cycles in the normal state and stored it to
use as a baseline. In other words, at each cycle we subtract all the
data by this average. The final outputs, which we call samples, are
the unit of the input to the training and cross-validation and are
going to be used in real time operation.
3.5. Initial estimator module

This module is designed to provide information necessary for
the next module to make a final decision. This module is composed
of two blocks; a Training block and an Initial Estimator block
(Fig. 8). The former is to provide necessary model parameters with



Fig. 8. Block diagram of Initial estimator module.
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the corresponding estimators by training the algorithms. The latter
is basically an estimator bank that are composed of several esti-
mators. Each estimator is basically composed of one machine
learning algorithm. This is somewhat different from that of [1],
since we took out the final decision maker part, i.e., the majority
vote decision making part and the estimators (algorithms) only
make initial estimations i.e., initial decisions. The next module of
the Final decision maker module will complete the remaining tasks
including making soft decisions.

3.5.1. Training block
The role of this block is to generate model parameters for each

and every algorithm in the Initial Estimator block. Training is per-
formed to produce model parameters to meet these conditions. As
in the Initial Estimator block, this module is composed of three
machine learning algorithms, i.e., Logistic regression (LR), an Arti-
ficial Neural Network (ANN), and a Support Vector Machine (SVM).

3.5.2. Initial estimator block
This block is an estimator bank, i.e., the collection of estimators.

Each estimator is an independent machine algorithm. In our case,
there are three estimators and these are Logistic regression (LR), an
Artificial Neural Network (ANN), and a Support vector machine
(SVM). The role of this block is for each estimator to make initial
estimations to help the next module to make a final decision. The
basic structure of these algorithms are basically the same as the
ones in Ref. [1]. About the details of these algorithms, please refer to
Section 3 of [1]. In Ref. [1], each of these initial estimators makes
exactly one estimation. The basic function of a machine learning
algorithm is a dichotomy, i.e., the classification between two clas-
ses. For a multi-class classification problem, i.e., if there are more
than one classes, then we build a one-versus-all algorithm which
chooses exactly one class [20]. Here we have used this scheme for
two estimators; LR and ANN. For SVM, to apply a prognosis concept,
instead of using a one-vs-all algorithm, we built a multi-label
classifier, i.e., an estimator bank which is composed of the same
number of estimators as the number of symptoms. Each algorithm
takes care of one symptom and decides whether the corresponding
symptom is detected or not. In this way, the SVM estimator can
make any number of estimations including a zero decision. The
algorithms used here are modified from the ones provided by the
Andrew Ng Machine learning class [20]. We have used various
functions provided in Assignment packages as libraries and written
main programs and preprocessing programs to process our
measured data.

3.6. Final decision maker module

The inputs to the Final Decision Maker module are three initial
estimations made by the three estimators in the Initial estimator
module. Analyzing these inputs, this module makes final decisions
and their certainty values. In Ref. [1], this module was basically a
majority vote algorithm. Before we deal with the detailed expla-
nation, we will shortly mention the majority vote scheme in
Ref. [1].

3.6.1. Conventional majority vote scheme [1].
The decision making engine in Ref. [1] is a simple majority vote

scheme. This scheme worked as follows: Since every time all the
three machine learning algorithms in the Initial Estimator block
make only one estimation, we always have three estimations. If 2 or
3 estimations match each other, then the module outputs this
estimation as the final symptom. By accepting this scheme, we
could raise the accuracy rate much more compared with using only
one machine learning algorithm. This scheme has a strong point
that every time we can make a definite decision independently of
the past or future, this has some demerits which we presented in
Section 2. In summary, the majority vote scheme does not have a
concept of time which is a very important part of the prognosis. To
combine the time concept with the decisions, we introduce a
concept of certainty. Our intention is to develop a measure that
reflect the credibility, possibility, or/and reliability of every possible
decision we have made. For more detailed information on the
majority vote scheme, please refer to Ref. [1].

3.6.2. Calculation of certainty
The input to this block is the three initial estimations. The logic

of calculating certainty values is in 3 steps; 1) assigning, 2) merging,
and 3) sorting. The first step is assigning of certainty value to each
of the estimations. Since there are three estimators, we assign a
value of 1/3 to each of the algorithms. Since LR and ANN only make
one estimation, each of these estimations will have score of 1/3. For
SVM, since the number of estimations is not fixed, each of the es-
timations will have 1/(3 m) where m is the number of estimations
that SVM has made. If there is no estimation, then the score will be
0. In the second step, among (mþ2) initial estimations, if we find
common ones, then we merge the two and add certainty values.
This process is continued until we do not find anything in common.
The final step is to sort the results in a descending order of certainty
value such that the estimation with the biggest certainty value
comes first. If this process is finished, the first element of the result
will be the first choice and the second one and so on.

In Table 1, we present examples of calculations of the certainty
values for some possible cases. As we can see in this table, Case 1 to
5 are the cases where the estimation of LR and the estimation of
ANN are the same. Case 1 is the case where the estimations of LR
and ANN are same as A and SVM does not make an estimation. In
this case, the first choice of the final decision will be A and its
certainty value 2/3 and there will be no other choices. In case 2, all
the estimations of the 3 algorithms match each other and no other
decision is made from the SVM. In this case, the first choice should
be A and its certainty should be 1. There is neither a second nor a
third decision. Case 3 represents the case when the estimations
from LR and ANNmatch but do not match with the only estimation
of the SVM. In this case, the first choice and the second choice will
be Awith a certainty value of 2/3 and Bwith a certainty value of 1/3,
respectively. For Case 4, SVM makes 2 estimations and one of them
matches exactly with the one from both LR and ANN. In this case,
the first choice is A with a certainty 5/6 and the second choice will



Table 1
Some examples of the calculation of certainty values.

Fig. 10. Valves with a normal spring and a damaged spring. (A) Normal spring, (B)
Damaged spring.
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be B with a certainty 1/6. In Case 5, SVM have made 2 estimations
which do not have anything in commonwith any of LR and ANN. In
this case, the first choice will be A with a certainty of 2/3 and the
second and the third choices will be B or C with the same certainty
of 1/6 without no preferences.

Cases 6 to 12 are the cases where the estimation of LR and ANN
are not the same. In Case 6, SVM does not make an estimation. In
this case the first and the second choices are either A or Bwith all 1/
3. There is no preference on A or B. Cases 7 and 8 are the cases
where two out of three estimations match and are basically the
same as Case 3. Case 9 is a special case that all three estimators
made only one estimation and these estimations are all different. In
this case, the first, the second, and the third choice can be any of A,
B, or C and their certainty value is the same as 1/3. For the cases
where SVM have made more than 2 estimations, we do not
consider in this paper.

3.7. Result display module

In Result display module, we need to show both the final de-
cisions made and their certainty values. If we use the x-axis to
represent time and the y-axis, symptoms, then we can not only see
the current state but also see trend. The real cases will be explained
in Section 4.2 and 4.3.

4. Modelling, simulations, and their results

With the experimental setup shown in Fig. 2, we have per-
formed numerous experiments. In this section, we present some of
Fig. 9. Normal and two damaged valve disks. (A) Normal Condition, (B)
these results. Firstly, we present possible defects that reciprocating
pumps may have such that we need to model. Then we present
results in recognition point of view after we have performed many
experiments. Finally, we present some interpretation of results
when we consider the final results and their certainty values
together.
4.1. Possible defects and their characteristics

Much malfunctioning of a system comes from defects of the
components. The main components in a reciprocating pump are
valves, pistons, springs, etc. In this paper, we consider the defect of
valves and springs. In Fig. 9 and Fig.10, we have shown components
Lightly damaged disk (Level 1), (C) Severely damage disk (Level 2).



Table 2
Summary of Symptoms including both the normal condition and abnormal
conditions.

Symptom ID Symptom Names

1 Normal
2 Suction valve with level 1 damage in cylinder 1
3 Suction valve with level 1 damage in cylinder 2
4 Suction valve with level 1 damage in cylinder 3
5 Suction valve with level 2 damage in cylinder 1
6 Suction valve with level 2 damage in cylinder 2
7 Suction valve with level 2 damage in cylinder 3
8 Discharge valve with level 1 damage in cylinder 1
9 Discharge valve with level 1 damage in cylinder 2
10 Discharge valve with level 1 damage in cylinder 3
11 Discharge valve with level 2 damage in cylinder 1
12 Discharge valve with level 2 damage in cylinder 2
13 Discharge valve with level 2 damage in cylinder 3
14 Suction valve with a damaged spring in cylinder 1
15 Suction valve with a damaged spring in cylinder 2
16 Suction valve with a damaged spring in cylinder 3
17 Discharge valve with a damaged spring in cylinder 1
18 Discharge valve with a damaged spring in cylinder 2
19 Discharge valve with a damaged spring in cylinder 3
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that we have used in experiments both normal and damaged.
Fig. 9(A), (B), and (C) are pictures of valves in normal condition,
lightly damaged, and severely damaged valves, respectively. Thus,
from the start of operation, as time goes on, the states of valves may
go from (A)e(B) to (C). Fig. 10(A) and (B) are pictures of a normal
and a damaged spring, respectively. Since the effect of a damaged
spring can appear as the change of the spring constant k, we have
changed the spring constant by inserting awedge-like object on the
top of the spring in (A). Since the pump that we are considering is
composed of 3 cylinders, we have three suction valves, three
Fig. 11. Measured Inlet Acceleration
discharge valves, three springs at three suction valve, and three
springs at three discharge valves. Thus we have derived 18
abnormal states and summarized as symptoms in Table 2. As we
can see in this table, there are total 19 symptoms and the first
symptom is the normal condition. These 19 symptom numbers are
used as pattern numbers in the machine learning algorithms in the
training module and the initial estimator module.

In Fig. 11, we have shown graphs of acceleration data measured
at the inlet manifold in abnormal states. The abnormal conditions
are listed in Table 2 as Symptoms ID #2 e #19. As we can see in this
figure, we can see that each symptom has its unique and distinct
patterns. As in Fig. 5, each of these graphs are the accumulated
graph of several hundreds of cycles. The number of cycles used in
each of these symptoms is given in Table 3. Each cycle of these data
along with two other acceleration data are used as inputs to the
preprocessing module to perform training and validation. One
thing that we can see is that although there seems to be not much
resemblance in these graphs, some of the symptoms are somehow
correlated. For example, if the degree of the abnormal state of
Symptom #2 worsens, then the graphs in Symptom #2 should
approach the graphs of Symptom#5. This logic should be applied to
Symptom#3 and Symptom #6, Symptom #4 and Symptom #7, and
so on. We think that the reason why these graphs do not show
much resemblance is that although in reality these data do have
resemblance and correlation, because the effects of cavitation are
so intense, we are not able to see much resemblance. Thus our next
mission may be to find methods to compromise the effects of
cavitation.

We also presented the pressure data in Fig. 12. As we can see in
this figure, we can see that the data in some of the symptoms are
distinct but the data from other symptoms do not show much
distinction among them. In using these pressure data, we have an
Data in Abnormal conditions.



Table 3
Number of cycles used in the acquisition of raw data.

Symptom # 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 Total

# of Samples 910 874 854 875 873 837 859 876 884 869 892 905 826 841 849 880 861 836 868 16,469

Fig. 12. Measured Cylinder Pressure Data in Abnormal conditions.
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important and practical drawback to consider. In real systems such
as nuclear power plants, it is difficult or sometimes impossible to
install pressure sensors. Thus we do not use pressure data for
preprocessing and estimation as well.
4.2. Experiments

As we can see in Table 3, the data set is composed of 836e914
cycles per symptom and the total number of cycles regardless of
symptoms is over 16,000. Each sample is composed of measured
data for one cycle. We have performed numerous experiments with
these data. Among these, we present the results of 10 experiments.
In this section, we briefly mention the experiments and their
results.
4.2.1. Preparation of data
About the selection of experiment data, at each experiment we

have selected 100 samples per symptom. In Experiment #1 we
extracted the first 100 samples at each symptom. Since we have
total 19 symptoms, we prepared 1900 samples. In Experiment #2,
we have selected the next 100 samples, i.e., from 101th and 200th
cycles. We have continued this process until Experiment #8. In
Experiments #9 and #10, we randomly selected 100 samples per
symptom out of the whole set of data. So, virtually, we can say that
we have used almost all of the measured data. As we have
mentioned in the Preprocessing module for the normal state, in
abnormal states wemade samples with the same 720 data points of
accelerometer. Among these, we have used 70% for training and
30% for cross-validation. Since for each experiment, we have used a
total of 1900 samples, 1330 samples are used for training and 570
samples for cross validation. The selection is done randomly.
4.2.2. Recognition results
In Table 4, we have presented the results of the 10 experiments.

The first 3 rows show the individual recognition rate of the 3 initial
estimators. As we can see in this table, among the 3 initial esti-
mators the performance of the Logistic regression is the best. The
average accuracy rate is nearly 99.87%. The recognition rate of ANN
is the lowest among the three and its average value is about 84%. In
the next 3 rows, we have presented the recognition rate of the
combined estimations. For example, the 4th row represents the
combined results of LR and ANN. This means that we count as the
correct recognition if both estimations match. For the 5th and 6th
rows, if the estimation of ANN or LR matches with any of the
estimation of the SVM, thenwe counted it as the correct estimation.
Thus the combined rate has a tendency to follow the lower of the
two. The 7th row is the result after we apply the majority vote
scheme given in Ref. [1]. The 8th row shows the recognition rate
when we consider the first choice only and the 9th row shows the
recognition rate when we consider the first and second choices.
Even the first choice recognition rate is better than the majority
vote. If we include the second choice, then the recognition rate



Table 4
Summary of the results of 10 experiments.

No In Summary Experiment Number Average

1 2 3 4 5 6 7 8 9 10

1 Recognition rate for LR only: 99.82 100.00 100.00 100.00 99.47 99.82 100.00 100 99.65 100 99.86
2 Recognition rate for ANN only: 80.53 77.19 83.51 85.96 81.75 80.18 86.14 87.89 90 84.56 83.68
3 Recognition rate for SVM only: 99.30 99.65 99.30 99.82 99.12 98.77 99.30 99.47 98.95 99.47 99.30
4 Combined Recognition Rate for both LR and ANN: 80.35 77.19 83.51 85.96 81.23 80.18 86.14 87.89 89.82 84.56 83.59
5 Combined Recognition Rate for both ANN and SVM: 80.18 77.19 82.98 85.79 81.05 79.30 86.14 87.89 89.3 84.21 83.31
6 Combined Recognition Rate for both SVM and LR: 99.30 99.65 99.30 99.82 98.95 98.77 99.30 99.47 98.77 99.47 99.26
7 Recognition Rate for (former) Majority Vote Scheme: 99.47 99.65 99.82 100.00 99.47 99.65 99.65 99.47 99.65 99.82 99.65
8 Total recognition rate for the first matching basis 99.28 100.00 99.82 100.00 99.82 99.65 99.65 99.47 99.65 99.82 99.71
9 Total recognition rate to the second matching basis 100.00 100.00 100.00 100.00 100.00 99.82 100.00 100 99.82 100 99.96
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increases and becomes nearly 100%. So, based on these results, we
may conclude that the new scheme performs better in the sense
that the overall recognition rate of the new algorithm is as good as
or slightly higher than that of the conventional one.
Fig. 13. Example of final decisions with certainty values. (A) Input p
4.2.3. Consideration of certainty
In Fig. 13, as an example, we have shown final decisions of 100

randomly selected samples from 570 samples in a cross-validation
pool in an experiment in Table 4 and aligned these according to the
atterns for cross-validation, (B) Output of SDMS with certainty.



Table 5
The first 30 final decisions and their certainty values.

Sample Number Initial Estimation 1st Choice 2nd Choice 3rd Choice

LR ANN SVM Decision Certainty Decision Certainty Decision Certainty

1 1 1 1 1 1 0 0 0 0
2 1 1 1 1 1 0 0 0 0
3 1 1 1 1 1 0 0 0 0
4 1 1 1 1 1 0 0 0 0
5 1 1 1 1 1 0 0 0 0
6 2 2 2 2 1 0 0 0 0
7 2 2 2 2 1 0 0 0 0
8 2 2 2 2 1 0 0 0 0
9 3 1 3 3 2/3 1 1/3 0 0
10 3 3 3 3 1 0 0 0 0
11 4 4 4 4 1 0 0 0 0
12 4 1 4 4 2/3 1 1/3 0 0
13 4 4 4 4 1 0 0 0 0
14 4 7 4 4 2/3 7 1/3 0 0
15 5 5 5 5 1 0 0 0 0
16 5 5 5 5 1 0 0 0 0
17 5 5 5 5 1 0 0 0 0
18 5 5 5 5 1 0 0 0 0
19 6 10 6 6 2/3 10 1/3 0 0
20 6 6 6 6 1 0 0 0 0
21 6 6 6 6 1 0 0 0 0
22 6 6 6 6 1 0 0 0 0
23 6 6 6 6 1 0 0 0 0
24 7 7 7 7 1 0 0 0 0
25 7 7 7 7 1 0 0 0 0
26 7 7 7 7 1 0 0 0 0
27 7 7 7 7 1 0 0 0 0
28 7 7 7 7 1 0 0 0 0
29 8 8 8 8 1 0 0 0 0
30 8 8 8 8 1 0 0 0 0
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ascending order of the symptom number. Fig. 13(A) is a graphical
representation of the symptoms used. The x-axis represents the
sample number and the y-axis the symptom number. The right-
most column is a color table that shows what value range each box
is in. For example, the first column has one red box at the top and
the rest are all white. This means that the state of the systemwhen
this sample is measured is Symptom #1, which means that it is
normal. Fig. 13(B) is the graph after the final decisions are made. If
we compare the first column in this graph with the one in (A), we
can see that the column is exactly the same as the first one in (A),
which means that all 3 estimators had made the same initial esti-
mations and thus final decision is Symptom #1with certainty value
of 80e100%. For another example, at the 9th column, we can see in
(A) that this sample is from Symptom #3 and in (B) we can see that
the estimators had made different estimations and made a split
decision with different certainty values.

In Table 5, we present the initial estimations done by 3 esti-
mators and the final decisions with the corresponding certainty
values of the first 30 samples. If we look at the 9th sample, we can
see that the LR and SVM algorithm had made the same estimation
of Symptom #3 and the ANN algorithm had made different esti-
mation of Symptom #1. Thus the first choice of the final decision
becomes Symptom#3with a certainty of 2/3 and the second choice
becomes Symptom #1 with a certainty of 1/3. Thus the 9th column
of the Sample #9 has a brown box at Symptom #3 and a green box
at Symptom #1.
4.3. Gradual degradation and finding prognostics

To show the effects of the introduction of certainty, we have
prepared some experiments. Our original intention was to find out
whether the introduction of certainty will lead to the prognosis of
the system. To do this we need to find the way from the normal
condition to the severe damaged state, somehowwe can find some
clues that the system may go to a severe state. Since it is not only
very difficult to make the system to have our intended damage but
also this process takes very long, we started with two kinds of
samples; one in the normal state and the other in one of the
abnormal states. Then we have interpolated these two samples
linearly by 100 samples and run our decision making algorithm.
Fig. 14 is one example that shows the result after we select
Symptom #5 which is a severely damaged version of Symptom #2.
A possible interpretation of this experiment is as follows; the de-
cision starts with Symptom #1, i.e., the normal state as expected
(Section #1). Continuing this Symptom then the color of the first
row changes to brown, which means that the certainty is
decreasing and some part of the system might have begun to
deteriorate. Soon, around 39, the system has passed the boundary
of the normal state and is not in the normal state anymore (Section
#2 and #3). Then Symptom #2 has started to emerge by changing
colors and this means that the suction valve at Cylinder #1 has
begun to be damaged (Section #3). The degree of this symptom is
getting worse by changing its color to brown. Soon Symptom #5
has also emerged and this means that the damage that the suction
valve at Cylinder #1 has begun to become severe (Section #4).
Finally, the color of the boxes of Symptom #5 became red which
means that we can be quite sure that the suction valve at Cylinder
#1 has been severely damaged (Section #5).

After we have performed many experiments, based on these
results, we could draw the following conclusions; 1) if the color of
the normal state changes from red we can say that in some part of
the system the degradation is under progress. 2) If the color of some
symptom begins to change from white to green, we can say that
part of the system has begun to deteriorate and that part of the
system might go wrong in the future. 3) Suppose we know the
whole process; if we see the patterns of the samples in the middle,



Fig. 14. Display pattern of an example of a gradual degradation from the normal state to severely damaged valve at Cylinder #1 (Symptom #5).
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we may guess what effect would emerge in the future and if we
analyze the speed of deterioration in a real systemwemay estimate
an ‘approximate’ remaining life.

5. Conclusion

In this paper, we have considered the development of Self
Diagnostic Monitoring Systems (SDMS). We have built an experi-
mental setup along with several sensors. We have put various de-
fects into some components in the system intentionally and
collected data to measure their effects. From these data, we have
developed a SDMS. We have found that the system shows almost
100% of recognition rate. We have introduced a concept of certainty
which reflects the possibility of the outcome of the corresponding
symptom. Using this, we have found that if a symptom starts to
appear, then these effects are picked up by some estimators and
these are reflected into the certainty value. While in a majority vote
scheme among these effects only one of them begins to appear after
the effects become quite severe, in the method developed in this
paper we can see the effect before they become severe.

We think that the contribution of this paper is as follows. Firstly,
our final decision is a soft decision not a hard decision. Unlike a
hard decision, the soft decision can see the past results but also
guess the future result. Secondly although the majority vote
scheme makes a decision with the most prevalent result, our
method can detect a second and third result such that we can
monitor which components of the system are getting worse and
guess what symptoms may occur in the future. Finally, with some
mathematical analysis and some study on the degradation of
components, we may find prognostics to estimate the remaining
useful life of the component and the system as well.

There are some other differences and merits in this method. The
preprocessing we used in this paper is just the collection of sensor
data and size reduction, logarithmic transformation, and subtrac-
tion of baseline values. In the past, researchers had made efforts to
extract excellent features. This requires enormous time and effort
as well as special equipment. Another problem with the past
approach is that if some sensors are added, thenwe need to analyze
the effect and need to extract the features. Since the appearance of
deep learning, much of the preprocessing operation is sent to
machine algorithms.
Future work will replace the one-vs-all algorithm in LR and ANN

with independent estimators. Apparently the effect of cavitation
breaks the correlation among samples, so our next approach may
be the search for diminishing the effect of cavitation. One of the
final goals of SDMS is prognosis of the system. So our next research
topic may be the development of mathematical models to predict
the estimation of the remaining useful life of components and the
system.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.net.2019.12.001.
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