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Abstract: As technology advances, the equipment becomes more complicated, and the importance
of the Prognostics and Health Management (PHM) to monitor the condition of the equipment has
risen. In recent years, various methodologies have emerged. With the development of computing
technology, methodologies using machine learning and deep learning are gaining attention, in
particular. As these algorithms become more advanced, the performance of detecting anomalies and
predicting failures has improved dramatically. However, most of the studies are cases that depend
on simulation data or assumed abnormal conditions. In addition, regardless of the existence of
run-to-failure data, the methodologies are difficult to apply to the industrial site directly. To solve this
problem, we propose a Predictive Maintenance (PdM) framework based on unsupervised learning in
this paper, which can be applied directly in the industrial field regardless of run-to-failure data. The
proposed framework consists of data acquisition, preprocessing data, constructing a Health Index,
and predicting the remaining useful life. We propose a framework that can create and monitor models
even when there are no accumulated run-to-failure data. The proposed framework was conducted
in two different real-life cases, and the usefulness and applicability of the proposed methodology

were verified.

Keywords: Prognostics and Health Management (PHM); Predictive Maintenance (PdM) framework;
health index; remaining useful life (RUL); autoencoder

1. Introduction

Recently, Developments in the Industrial Internet of Things (IIoT) have made it pos-
sible to collect and process large amounts of data in sensors and computer-connected
machinery [1]. In addition, it is possible to analyze not only the process data generated
during the production of the product but also the interest in the equipment’s Prognostics
and Health Management (PHM) based on the equipment data, which is the data of the
equipment itself [2]. Initial PHMs, called reactive maintenance, are used until the equip-
ment fails and the equipment is repaired after the failure. This method has a low repair cost
but leads to a very expensive incident in the case of equipment failure. To overcome these
shortcomings, time-based maintenance (TBM) and condition-based maintenance (CBM),
called preventive maintenance, have emerged. TBM is a method of repairing equipment
regardless of the failure over the known life of the equipment. The disadvantage of this is
that more maintenance than necessary is performed because maintenance is performed
at a predetermined time, even without an event of failure. In addition, CBM is a method
to perform maintenance when an abnormal symptom of equipment occurs [3]. It is a
more advanced method than TBM because it performs maintenance when an abnormal
indication occurs. However, an abnormal indication does not necessarily mean that the
equipment is malfunctioning because there is also the problem of false alarms. In order
to overcome this drawback, Predictive Maintenance (PdM) has recently been proposed.
PdM continually detects anomalies in the equipment through condition monitoring, and
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then determines when the equipment is predicted to fail using predictive models [4]. This
allows the engineer to maximize the uptime of the equipment and significantly reduce the
cost of the incident by preparing parts for maintenance in advance [2].

These general PAM methodologies can be broadly classified into two categories:
physical model-based and data-based methodologies [5]. First, the methodology based on
the physical model predicts the failure of a facility by using a known failure model or by a
mathematical model. These are methodologies that rely on the experience and knowledge
of engineers, which are very limited and inadaptable to a variety of environments and
complex real-world applications [6-8]. Conversely, the data-based methodology uses
statistical or machine learning algorithms to calculate the health of the equipment based on
the sensor data such as vibration, temperature, and pressure. This builds a health model of
the equipment without any assumptions about the equipment, provided there are enough
data to model it. This is a more flexible and applicable methodology since, in practice,
the equipment is exposed to a variety of environments and is likely to behave differently
from previously defined models. In addition, this methodology is essential because, for
complex equipment, it is nearly impossible to produce realistic models [5,7]. Recently,
research into data-based PdM has been actively conducted due to the development of
sensors and computing technologies [9]. Data-based methodologies can also be classified
according to whether run-to-failure data exist or not as follows: a supervised learning
method with failure data, and an unsupervised learning method without failure data [7].
The methodology using supervised learning must have sufficient target value for learning;
that is, the failure history data called so-called run-to-failure data. Reliable models created
using supervised methods can only be trusted if there is a sufficient history of failure [8].

However, in the real world, there are very few cases where there is sufficient failure
history data. First, the equipment data that occur in real-time is rarely stored as a whole.
Second, it is unlikely that data will be present when the actual failure occurred by fixing the
equipment before the failure. Third, it is difficult to store the data generated at the specific
time of failure. Therefore, it is not easy to build an applicable model in this way [10].
To overcome these drawbacks, some methodologies define a target Health Index (HI)
curve so that failure history data can at least be built on models [6,10-12]. This allows the
model to learn data by looking at the time of failure as 0 and defining the Health Index
degradation curve of the equipment [13]. However, this method also has the following
problems. First, the predefined Health Index degradation curves may not fit the actual
equipment. Second, even under the same conditions, different Health Index degradation
curves may exist. Third, the Health Index degradation curve may vary depending on
initial conditions, such as maintenance conditions [14]. Therefore, many existing studies
have assumed that there is a failure history data or have generated failure data through
simulation to prove the effectiveness of the proposed method [15,16]. However, this is also
not applicable to the real methodology. Also, there are some methods for the unsupervised-
based model [17-19]. These studies only applicable when there are specific data sources:
time waveform data or Fast Fourier Transform (FFT) data. When a device acquired a
vibration signal and its amplitude plotted against time, it is called a time waveform.
And FFT data are induced by applying FFT to the time waveform, and it is described by
amplitude against frequency domain.

In this paper, we propose a new PdM framework that applies to real situations. The
proposed method is applicable even when there is no fault history data. In addition,
since each model is made for each equipment, there is a possibility that the model can
be elaborately updated if the failure history is accumulated later. The proposed method
consists of three main elements. First, the raw data of the equipment are preprocessed to
make it applicable to the model. Second, the model is made by inputting the preprocessed
data into the autoencoder model as the training data, and the Health Index is made by
comparing it with the training data when the new data are entered. Third, the remaining
useful life of the equipment is predicted based on the HI pattern. The main contributions
of this paper are summarized as follows:
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e Inorder to be applicable in the field, we propose an autoencoder (AE) based method-
ology. This is an algorithm that can be modeled directly from the normal data without
the failure data.

e In order to apply various models in the future, we divided the steps of making HI and
of predicting RUL in the proposed framework. This is the standard applied in recent
PdM studies [20].

e  The proposed framework is applied to real data cases, not simulation data, to prove
the practicality and feasibility of the proposed methodology.

The remainder of this paper is organized as follows: In Section 2, the basic theory of
autoencoder and the prediction method is presented in detail. In Section 3, we describe
the details of the proposed framework, which are applicable even in the absence of run-to-
failure data. In Sections 4 and 5, we describe the application of the proposed framework to
real cases to demonstrate the practicality of the proposed method. We conclude the paper
in Section 6 and discuss future directions.

2. Background
2.1. Autoencoder (AE)

Autoencoder is one of the artificial neural networks used to learn data by unsupervised
learning [21]. Unlike other neural networks, the basic purpose of an autoencoder is to learn
the representation of the data. In other words, the autoencoder is trained to construct a
neural network whose input and output are identical, learning the reconstruction of the
input data while training the networks [13]. To enable this, the autoencoder consists of
three layers: an input layer, a hidden layer, and an output layer. The basic structure of an
autoencoder is shown in Figure 1 below.

Input layer Hidden layer Output layer

N e e [ - — -
LA PR U U SIS U R S p——

Encoder Decoder
Figure 1. The basic structure of an autoencoder.

Autoencoder can be divided into two parts: the encoder and the decoder. The input
layer and the hidden layer are called the encoder, and the hidden layer and the output
layer are called the decoder. In this case, the autoencoder can be expressed as below.

Given an input dataset x = {xl, X2, ..., xp} € R*?, the encoder transforms the
input data to the hidden representation h = {hy, hy, ..., h,} € RIX7 the expression of an
encoding process can be described as in (1)

h = fuctivation (thx + bxh) 1)

where W,;, and b, are the weight matrix and bias vector of the neural network, and

factivation is the activation function which is the nonlinear mapping function.
Subsequently, the decoder takes the hidden representation from the encoder as the in-

put and reconstructs the original input data x. The decoder maps the hidden representation
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to the original input data in the same way as the encoder maps the original input to the
hidden representation. The expression of the decoding process can be defined as follows:

Z = Zqctivation (th’h + bhx’) 2

where W,/ and b,/ is the weight and bias of the network, ¢,tivation i the nonlinear
mapping functionand z = {zy, z, ..., z,} € R1*7 is called the reconstructed data.
The difference between original input data and reconstructed data is a reconstruction

error as in (3).
reconstuction error = ||x — z|| 3)

The autoencoder learns to minimize this reconstruction error using the backpropaga-
tion algorithm. In general, the mean square error (MSE) or the mean absolute error (MAE)
is chosen as the loss function of the autoencoder. In this paper, the mean absolute error is
used as the loss function because the minimizing process using the mean square error can
be extremely affected by the noise or outliers in the input data [13]. In this paper, we use
standardized data as the input data, not normalized data. Unlike deep learning, especially
the convolutional neural networks (CNNs), equipment sensor data often fall outside the
normal range. The standardization formula is expressed in (4).

X—H
o

(4)

Xstandardized =

where y is the mean of given data, o is the standard deviation of given data.

In addition, the nonlinearity of the autoencoder depends not only on the number of
nodes in the hidden layer but also on the activation functions ftivation and Qactivation- In
this paper, fictivation Uses tanh, one of the most commonly used functions, and g tivation
uses the linear function to reconstruct the input data. Since standardized data are used as
the input data, the output may theoretically have a range of real numbers. Therefore, if
using a function such as sigmoid or relu as guctivation, it would be difficult to restore the
input data, and it is better to use the linear function as g,tipation- Moreover, we use the
difference between the input data and the output data of the autoencoder to determine
whether the data are normal or not. This is quite reasonable because the autoencoder
has learned the relationship between the input data variables. As the autoencoder learns
the training data, if the test data are similar to the input data, the reconstruction error
between the input and the output will be small. On the contrary, when data which differs
from the training data are used as the test data, the reconstruction error between the input
and output will be large [22]. Various studies use these characteristics [23-25]. However,
autoencoders are often used for fault detection only [26], or feature extraction [14]. Even if
the autoencoder is used to create the HI, the HI curve is assumed [13].

In this paper, we find the difference between the input data and the output data
by calculating the variable-wise value using the mean absolute error (MAE) function as
defined in the Health Index (HI). In other words, the Health Index is:

1L
Health Index = — ) |x—z 5

y X2 5)
where 1 is the number of sample size, p is the number of variables, x is the input data, and
z is the output of autoencoder, the reconstructed data. Because the loss function and the HI
have the same formula, a well-trained autoencoder will have smaller values for data that
are similar to the training data, so it is natural to define a HI like this way. In this paper, the
framework is proposed to be used when there is little run-to-failure data, and for this, the
simplest type of autoencoder is proposed. If data have more variables or complex patterns,
a deeper model can be used.

2.2. Regression

After building the HI, if the index score continues to rise, it can be assumed that the
equipment is out of order. That is, if the HI of the new data is larger than the score of the
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trained data, it can be said that abnormal data is generated from the equipment, and if
there is a trend of the index score, the failure of the equipment can be predicted. Therefore,
it is necessary to regard the HI score as time series data and predict the future score of
the HI. Regression is a simple, fundamental method among the various algorithms used
for time series prediction. In particular, linear regression is a linear approach to modeling
the relationship between a dependent variable and one or more independent variables.
Among them, the simple linear regression is the simplest prediction method that can be
used when there is only one variable in the data.

Given dataset X = {xl, X2, ..., xp} € R"*7, the general form of the linear regression
can be expressed as follows:

Yi = PBo+ Pixin+ Paxipt, ..., +PpXip €

=xIB+e,ic{l, ..., p} ©

where T denotes the transpose, so that xl.T B is the inner product between vectors x; and
B. And y; is a dependent variable, x;, is the p-th independent variable of timestamp 7,
respectively. Furthermore, B is an intercept, 8, is the p-th coefficient of each independent
variable and ¢; is an error term. In this paper, as the HI is adopted for the regression’s input
vector, a simple linear regression is used. A least-squares estimator is utilized to fit the
model and tries to minimize the sum of squares of an error term. The least-squares estimator
finds the optimal solution, seeking the slope 81 and the intercept B¢ for arg minS(By, f1)

Bo.B1
asin (7)

—
D
R
N

S(Bo, B1) =
)

(vi — Bo — B1xi)*

L= [s

where m is the number of training data.

In this paper, the slope represents the trend of the HI. For example, if the health of the
equipment is good, then there is no trend in the HI, the slope of the regression model can
be either very small or negative. On the contrary, when an abnormality or aging occurs in
the equipment, the trend of the HI may rise, and the slope value of the regression model
becomes large.

3. Proposed Framework

The proposed methodology can be applied immediately regardless of whether run-to-
failure data are less or not exists in the first place. The proposed framework is composed of
the following three technical processes: Acquisition and preprocessing of data, building
model for HI construction and RUL prediction. The proposed framework is shown in
Figure 2.

3.1. Acquisition and Preprocessing of Data

The first step is the acquisition and preprocessing of data, which are the foundation
of the framework. In this step, if there is no historical failure data, the equipment data
measured by the sensor, i.e., vibration, current, temperature data, etc., in real-time are
required. At this time, selecting an area of data that can be estimated as normal based on
an engineer or a priori knowledge should be determined. Correct definitions of normal
data can be used to build sophisticated models. Second, it may be necessary to select
important variables or extract meaningful features. Third, remove non-continuous variables
or remove constant variables. Besides, the performance of the model can be improved
through preprocessing for the model, i.e., standardization and summary statistic in the
case of autoencoder, and the resulting training data.
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Figure 2. The proposed framework for an applicable Predictive Maintenance System in the absence
of run-to-failure data.

The configuration comprises the information you need to set the model. For example,
it includes information such as the time of failure, variable information, and the threshold
to determine failure. A threshold is defined by the value of HI when the equipment fails.
This same process should be followed if historical run-to-failure data are present. The
difference is that there is a failure history so that various information about the failure can
be saved in the configuration for later model use.

3.2. Building a Model for HI

The unsupervised learning model learns based on preprocessed training data. In this
paper, a trained autoencoder is learning the structure of normal data. When the model is
built, the following steps are taken:

e Asmentioned in Section 2, it can be calculated by defining the HI with the MAE of
the input and output data. Observe the calculated HI which is based on the result of
the trained autoencoder. This is to guarantee how the HI is normal and to generate
the initial threshold. In general, the HI for the train data will usually be small and
uniform if the training is done well.

e  The determination of an initial threshold is very challenging. If there is historical
run-to-failure data, the initial threshold can be set using the failure data [13]. However,
if there is no fault history, the exact threshold is unknown. So, in general, it mostly
assumes an arbitrary threshold [6]. The initial threshold can be provided by an expert
or determined based on the HI calculated from the training data. In this paper, it is
proposed to use a gaussian distribution-based value because z-normalization was
applied to the preprocessing method. The general manufacturing process manages
each variable with 3-sigma based on the process control method [27]. That is, it is
heuristically proposed that the threshold is 3 based on the data normalization and
the manufacturing process control method. For example, if the 2-sigma method is
utilized, we can use 2 as the threshold. Therefore, it is a method that can be used even
if run-to-failure data do not exist, and it is expected that the threshold can be updated
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when run-to-failure data accumulates. In this case, we use the most common 3-sigma
method in process control; a value of 3 can be used as a threshold.

e  Whenever new data are collected from the equipment, it can be preprocessed based
on the training data, and HI can be calculated using the trained autoencoder. In other
words, preprocessing is based on the mean and standard deviation of the training
data. If there are some outliers or noise in the new data, a high value of HI can be
made despite the normal condition of the equipment. Therefore, it is necessary to
focus on the overall trend rather than focusing on each HI value.

3.3. Predict the Remaining Useful Life (RUL)

As mentioned in Section 2, when aging or abnormality occurs in the equipment, the
trend of the HI may arise. Then, it is possible to predict the future value of the HI using
time series prediction algorithms. When an incident ends, the configuration can be updated
based on the failure data. In this way, the more the proposed framework is applied, as
knowledge of failure data is accumulated, the performance can be improved [28]. In this
paper, simple linear regression is used. Similarly, RUL can be calculated using regression.
The RUL is the difference between the current time (index) and the predicted failure time
where the regression prediction line meets the threshold. In addition, regression has the
advantage of providing more accurate predictions because it can give confidence intervals
for future time points. This is illustrated in Figure 3.

Health Index
©
predicted
Threshold failure time
bl 1 *
1 1
: : Health Tndex i
7 : : | == Smoothed Health Index lineé
H | Prediction line
L | | .« = 95% confidence interval
| | | == Threshold
o 1 i
o~ - 1 1
! 1
! |
'l 1
- | RUL :
A M 1
o 1 1
. 1 1
o - . current time |
T T . T T T .
0 50 100 150 200 250 300

Time step(s)
Figure 3. The example of the Health Index and the RUL prediction.

In this case, the number of samples for fitting the regression line is important. This is
because in general, the closer the failure point, the more spurred abruptly the HI changes.
Figure 4 compares the results of the last 50 samples with the total sample. Fitting to the
full sample makes it difficult to predict the exact RUL even if the failure is imminent while
fitting to the latest sample can predict a more accurate RUL.

To demonstrate the performance of the proposed methodology, In Sections 4 and 5,
we conducted a case study on real data cases: a pump and a robot arm case.
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Figure 4. The example of the Health Index and the RUL prediction difference. (a) fitting results of the last 50 samples;
(b) fitting results of the total samples.

Vibration B-Pump ,
Temperature B-Pump ,

Power »

Auto adjustable valve w

4. Case Study 1

Normally a pump is used to improve the environmental conditions for manufacturing
facilities. As time passes, pump aging causes problems with the components of the pump.
The purpose of the analysis is to monitor the condition of the pump in real-time and detect
abnormalities based on the plant data. It also predicts the RUL in advance to maximize
the pump’s available time. We run the code on a laptop machine with an Intel(R) Core™
i7-7700HQ (2.80 GH) CPU and 16 GB of system memory. Programming language is R 3.6,
and the model uses Keras library (https://keras.rstudio.com/, accessed on 14 July 2020) to
implement the autoencoder.

4.1. Data Description

The data is generated from the pump equipment and consists of pressure, temperature,
vibration, power. One pump is composed of a A-pump and B-pump and the example of
the overall structure is in Figure 5.

4 Vibration A-Pump
« Temperature A-Pump

4 Power

* Auto adjustable valve

Figure 5. The example of an overall structure of a pump.
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Due to the security policy, all of the variable names are masked. Data description are
as follows: The first equipment is about 6 h of data and consists of 10 variables. The second
equipment is about 5 h of data and consists of 10 variables. Finally, the third equipment is
50 h of data and consists of 8 variables. The data are collected at 1-min intervals and use
the equipment sensor data to monitor the condition of the pump. It consists of summary
data rather than high-period data such as vibration spectrum data. All the pumps are of
different types and the failures have occurred in different parts. Because of the very small
amount of failure data, modeling could not be done by supervised learning. In addition,
the small amount of data made it difficult to apply CNN-like methods.

4.2. Experimental Design

The run and idle states of the pump are delivered by the engineer and preprocessed
based on the run state only, and the normal state is arbitrarily specified and applied
to the autoencoder model. Also, the initial threshold was arbitrarily assigned. In this
experiment, we assumed that the starting 100 data points of a given dataset were stable
and normal. Only standardization and removing constant variables were used without
further pretreatment. The number of nodes in the hidden layer of the autoencoder was set
to 4, which is half the number of variables. The optimizer used RMSprop. The entire data
including the training data are applied to the trained autoencoder to monitor the HI trend
at the time of failure. The experimental results are shown in Figure 6 below.

Health Index

Actual
failure time

Threshold

Health Index
o
Actual 1
- failure time |
|
A
Threshold A
0 " N {}‘f.
"
~ |
.
.
.
.
- .
.
.
|
o .
T T T T T T L
0 50 100 150 200 250

(b)

Figure 6. Cont.
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(c)

Figure 6. The result of pump data. (a) Constructed HI model on pump No. 1; (b) Constructed HI
model on pump No. 2; (c) Constructed HI model on pump No. 3.

4.3. Experimental Result

As shown in Figure 6, the HI model created after setting up the normal interval
detected the failure well. In particular, the HI value increased before the failure occurred,
enabling the engineer to predict the failure in advance.

In addition, as indicated by the orange arrow in Figure 6, there is a section where the
Hl rises sharply. This is difficult to detect with the Statistical Process Control (SPC). In other
words, the autoencoder learns the nonlinear structure of the data so that the correlation of
the data is reflected. Thus, the change in correlation between the variables affected the rise
of the HI value, and when there was a trend, the RUL could be predicted.

It is also confirmed that each fault class has a different threshold. This can be affected
by hyper-parameters and configurations [29]. However, having a different threshold for
each failure type means that failure types can be classified if a lot of failure data are
accumulated later. In other words, the proposed framework can construct HI, predict RUL,
and provide expected failure types.

5. Case Study 2

One of the most used pieces of equipment in the production line is the robotic arm. In
today’s automated production lines, robot arms play a significant role, since they are used
in hazardous and repetitive work environments [30]. In particular, the production line of
automobiles is connected to numerous pieces of equipment. The cost of failure is very high
because the entire line must be stopped if one piece of equipment fails.

5.1. Data Description

The data are equipment sensor data generated from the vibration sensor which is
attached to the edge of the robot arm. The data have three-axis: x, y, and z. For example,
vibration variables were extracted from statistical variables such as data mean, standard
deviation, and maximum for every two seconds.

Raw data are collected at an approximate rate of, on average, 1500 samples per day.
Since failure rarely occurred and the data collection period was over three months, the
daily average was used instead of seconds for ease of analysis. Due to the security policy,
all of the variable names are masked. Detailed data descriptions are in Table 1 and Figure 7
shows the variables of the data. In particular, different types of failures occurred in one
piece equipment.
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Table 1. The details of robot arm data.

No. Size of Data (Time Span) Number of Variables Fault Class Name of Equipment
1 113 points (about 4 months) 20 N1 K1
2 258 points (about 8 months) 20 N3 K1
3 289 points (about 9 months) 20 N2 K2
4 134 points (about 4 months) 20 N3 K2
5 84 points (about 3 months) 20 N1 K2

Figure 7. The variable plot of robot arm data.

5.2. Experimental Design

In this experiment, we assumed that the starting 50 data points of a given data
that were stable and normal. The normal state is arbitrarily specified and applied to the
autoencoder model. Also, the initial threshold was arbitrarily assigned. The rest of the
other settings are the same in case study 1.

5.3. Experimental Result

The experimental results are shown in Figure 8 below.

As shown in Figure 8, the HI model created after setting up the normal data points
detected the failure well. Furthermore, the HI value rises before the failure occurs, allowing
prediction of the failure in advance. In addition, at the orange arrow in Figure 8, there is a
section where the HI rises sharply. These signs, which occur just before the failure, help
engineers to detect anomalies and predict equipment failure.

Originally, the same failure type was expected to have similar thresholds regardless of
the equipment. However, there is a difference in the threshold for each fault class. It can be
inferred that even with the same failure, the degree of failure is different. That is, it may
have different thresholds due to the condition of the equipment the manufacturer of the
equipment. This is one of the most difficult parts of predicting failure. The result is shown
in Figure 9.
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Figure 9 depicts the results of training and testing the model with the first 50 data
from equipment K2. In this case, it can be said that K2’s initial trained model continued
to be used after failure. Equipment K2 had the first failure of N2 and was restarted after
maintenance. However, the HI value remains high after maintenance. In addition, even
the HI value decreases at the time of N3 failure.

Comprehensively, it can be inferred that maintenance does not simply return the
equipment to its original state. Even the same equipment may be in a different state from
the normal state after maintenance. This implies that separate models are required for
each equipment. Therefore, after the maintenance of the equipment, the model should be
newly re-trained using the normal state data obtained after the new operation, rather than
using the initial trained model. Then the failure can then be properly predicted as shown
in Figure 9.

6. Additional Experiment

To verify the reliability of the proposed method, additional experiments were con-
ducted. One additional experiment was a simple experiment investigating how the RUL
was predicted, and an isolation forest was used as a comparison method [31,32]. Isolation
forest is a tree-based ensemble method, which is widely used in outlier detection. The
hyper-parameter of the isolation forest was selected through grid search, and the number
of trees used was 500. The isolation forest outputs a probability value. In this case, the
theoretically possible value is between 0 and 1, but in practice, the normal data have a
value of about 0.5. Therefore, the failure threshold of this model is defined as the average of
these, 0.75. In the general principles of reliability theory, this is a more sensitive threshold
because it is assumed that about 15% of the total length are data in which failure occurs [33].
The experiments were all conducted under the same conditions as in the Sections 4 and 5.
As the training data for regression, 10 min of data for the pump and 1 week of data for
the robot arm were used, respectively. This was settled according to data length. The test
samples consisted of data 1 h before failure for each pump, and 1 month before failure
for each robot arm, and this was presented by the engineer. Hence, this figure is the
starting point of the RUL prediction that the engineer wants to know. Root Mean Square
Error (RMSE) and Mean Absolute Error (MAE) are used as measurements for evaluating
performance [34,35], which can be computed by the following equations:

1 /&,
RMSE = - ,;di

1 n
MAE = =Y |d||
ni3

®)

©)

where 7 is the total number of test data samples. d; = RUL; — RUL; is the difference
between the predicted RUL and the actual RUL for the i-th test data sample. All experiments
were performed 10 times, the average was calculated, and the result is shown in the Table 2.

Table 2. The result of additional experiment.

Pump Pump Robot Arm Robot Arm Robot Arm Robot Arm Robot Arm
Case 1 Case 2 Case 1 Case 2 Case 3 Case 4 Case 5
Method RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Proposed method ~ 378.67  158.07 47.64  15.72 92.08 68.82 78.32 57.75 116.89 71.59 336.05 90.90 20.65 5.01
Isolation forest 888.69  509.43 4238 3754 23130 221.70  84.23 67.35 120.89 11129 456.76  206.77  278.68 125

Table 2 shows the experimental results of the proposed method and the compara-
tive method according to the measurements. The proposed method outperformed with
6 datasets and 6 datasets out of 7, where we used RMSE and MAE as measurements, re-
spectively. In pump cases, the proposed method alternately showed good results in RMSE
and MAE. In pump case 1, the threshold was somewhat inaccurate, resulting in relatively
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poor results. In the robot arm cases, the proposed method showed better results in all cases.
These results indicate the effectiveness of the proposed method. In particular, in robot arm
5, the threshold was fit, so an accurate result could be obtained. On the contrary, the reasons
isolation forest produced poor results are as follows. First, the difference in the score of the
failure compared to the normal is small; this is because the isolation forest does not try to
minimize the reconstruction error of the normal data, unlike an autoencoder which tries
to lower the score value of the normal data. The isolation forest, unlike the autoencoder,
does not try to reduce the score value of the normal data but tries to identify the score
difference between normal and faulty data. In addition, the change rate of score compared
to normal data decreases as data goes to failure. That is, score-based RUL prediction is
relatively difficult. Since it is relatively difficult to estimate the threshold, the usefulness is
somewhat reduced when there is little fault data. Through the additional experiment, the
effectiveness of the proposed method could be confirmed.

7. Conclusions

In this paper, we propose a Predictive Maintenance (PdM) framework that can be
applied even in the absence of run-to-failure data. In particular, if only normal data can
be defined, it is a methodology that can perform PdM. Many existing studies have relied
on simulation data. In addition, because it is essential to have a considerable amount of
run-to-failure data, it was challenging to apply instantly to the industry despite the high
experimental accuracy. However, this paper proposes a framework based on autoencoder
and simple linear regression to generate and monitor models even in the absence of run-to-
failure data. Since the proposed methodology is roughly divided into the construction part
and prediction parts of the HI, relatively simple algorithms are used to demonstrate the
framework in this paper. Other unsupervised learning that suitable for the industry can be
used in addition to the autoencoder. Furthemore, it is possible to improve the accuracy
of the model by using a more appropriate prediction methodology in addition to simple
linear regression. Furthermore, the configuration can be updated based on the failure data.
In this way, a more the proposed framework is applied, as knowledge of failure data is
accumulated, the more improve the performance.

The proposed framework was carried out in two different real cases, even though
they are a completely different domain, confirming the usefulness and applicability of the
proposed methodology. In case study 1, abnormal signs were detected prior to the time
of failure. In addition, because the failure type has different thresholds, the possibility of
failure type classification was also confirmed. If there is no run-to-failure history, the initial
accuracy of the proposed methodology may be low, but we can increase the accuracy of
the model by re-training the model, as shown in case study 2. More sophisticated models
can be performed if there is a history of past failures or with the knowledge of the industry.
In the case studies, we used summary data rather than complicated preprocessing, and the
feasibility is increased. Since feature extraction generally promotes the capability of the
network-based Predictive Maintenance model [31]. In addition, through a simple additional
experiment, the effectiveness of the proposed method was confirmed.

In addition, this study raised the value of research by presenting difficulties in advance
that can be experienced in actual application. However, there is some limitation of the
proposed method. In this paper, the normal data points are determined more or less
arbitrarily as is the threshold. In future research, the threshold needs to be defined based
on the advanced algorithm, normal points in the data should be determined by someone
who understands the industry well.
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