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ABSTRACT This study proposes a practical fault detection and prediction method by addressing a margin-
maximized hyperspace. The proposed method is effective for a highly imbalanced dataset without any
supervision, which is a frequently occurring and challenging problem in real-world applications. The
proposed method has three characteristics. First, knowledge-based feature manipulation is executed to
provide sufficient information for a neural network. Second, a regulated variational autoencoder transforms
distinct input features into a latent space, which ensures high accuracy and robustness. Third, the obtained
latent space is confirmed to statistically allocate two extremes of major (normal) and minor (faulty) clusters
at an origin and unity, maximizing the sensitivity to classify faults. The effectiveness of the proposed
method is demonstrated through field measurements of elevator door-strokes and showed high sensitivity
to separate each cluster along with locational constancy compared to other autoencoders. Therefore, the
proposed method is effective for real-world applications with scarce fault measurements.

INDEX TERMS Artificial neural networks, anomaly detection, deep learning, dimensionality reduction,
expert systems, fault diagnosis, machine learning, prognostics and health management, support vector
machines, unsupervised learning.

I. INTRODUCTION

Fault detection and diagnosis (FDD) on a variety of mecha-
tronics systems, including motors [1], [2], [3], [4], [5], [6],
[71, [8], wind turbines [9], [10], automobiles [11], gas tur-
bines [12], [13], [14], and HVAC systems [15], [16], [17],
[18] have been investigated worldwide because manufac-
turers and customers require to minimize the downtime of
these systems to reduce operational and maintenance costs
[19]. FDD can be classified into three approaches: physics-
based, knowledge-based, and data-driven approaches [20].
A physics-based approach is represented by empirical equa-
tions and finite element models that derive mathematical
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equations explaining the physics and inherent nature of a
system of interest. Then, the residuals between the predic-
tions from a model and those from a real system determine
the current healthy state of the system of interest because
a large residual would be a symptom of faults [21]. This
method depends less on the amount of data. However, pre-
dicting faults originating from highly nonlinear phenomena
and dynamics that are not exactly modeled is challenging.
Significant computational effort is further required to address
the complex dynamics of the system of interest [22]. The
knowledge-based approach correlates a fault phenomenon
and cause and then uses ontology-reasoning technology for
FDD. With this approach, the origin of faults can be fully
explained, and actions can be taken to repair or maintain the
system properly. However, this approach requires expert sys-
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tems containing both domain knowledge about the structure
and symptoms of faults [23], suggesting that this method is
impractical because the affluent experience of expert systems
is expensive and identifying the complex dynamics of an
entire system of interest in real-world industries is practically
unfeasible. A data-driven approach is more flexible than
the other two approaches because this approach learns the
complex dynamics and nonlinear phenomena of a system of
interest correlated to faults from data or measurements. This
approach requires huge data for the complex dynamics and
inherent nature of a system of interest [24], suggesting that
gathering huge data is a prerequisite for securing the accuracy
and robustness of FDD.

Among these approaches, a data-driven approach has been
actively studied nowadays because of its flexibility and sig-
nificant potential for FDD by accounting for all complex
dynamics and the nature of the system of interest under
the assumption that big data is available. Specifically, the
popularity of data-driven methods originates from recent
explosive progress and advances in artificial intelligence
technology [25]. Data-driven FDD is classified as super-
vised and semi-supervised or unsupervised learning, where
supervised learning aims to classify a healthy state of the
system of interest using both input data and associated labels,
whereas only input data are provided for unsupervised learn-
ing and a few labeled data are given for semi-supervised
learning [26]. Semi-supervised or unsupervised learning has
become dominant and has attracted significant attention
recently because supervised learning requires labeling a total
dataset as a prerequisite, which requires one-by-one deci-
sions from expert systems [27]. Labeling an entire dataset
is a highly cost-ineffective and practically unrealistic task
in industrial applications because huge data are collected
every day, and only a few people have the expertise to iden-
tify the real condition of a target object based on domain
knowledge [28].

Among many semi-supervised or unsupervised learning
methods in the data-driven approach, autoencoder (AE),
which comprises an encoding layer for compressing the input
data and a decoding layer for reconstructing the compressed
data as same as the input data [29], has become popular in the
field of FDD. The architecture of an AE can identify com-
plex nonlinear correlations among input variables because an
AE features strong nonlinear transformation characteristics,
where faults are easily detected and classified [30]. Specifi-
cally, AE extracts significant information from input data by
compressing high-dimensional input data, transforming the
features into a low-dimensional latent space, and then recon-
structing the compressed features into the same dimension as
that of the input data. Hence, features are clearly shown in a
latent space because nonlinear space transformation through
layers well extract features from input data [31].

Among various types of AE, variational autoencoder
(VAE), comprising not only encoding and decoding layers
similar to AE but also a sampling layer for featuring sta-
tistical distribution in a latent space, has become popular
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in the field of FDD. This observation can be explained by
the fact that the architecture of VAE can compensate data
deficiency problem by its data augmentation characteristic,
ensuring high robustness compared to conventional AEs [32].
Recently, approaches to solve FDD problems using VAE
could be classified into three ways, each one also has its
drawbacks. The first and most dominant use of VAE is for
alleviating data imbalance levels by generating pseudo data
and using them for improving the accuracy of an independent
supervised classifier [33], [34], [35]. This approach would
be effective because the original distribution is maintained
and shows a better generalization effect compared to other
linear sampling methods such as the synthetic minority over-
sampling technique (SMOTE) [36]. However, this approach
would be impractical in solving real-world problems because
sufficient fault data are required for using a VAE for gener-
ating purposes and that amount of data is not approachable
in most cases. The second approach is to train the model
only with healthy state data and then observe the residuals
between raw and reconstructed data. In this approach, the
residuals are representative metrics for the abnormality of
the machinery [37], [38]. This approach would be suitable
for solving real-world problems because any abnormal data
are required for training. However, this approach also has its
limitations in that cleaning out all the abnormal data from
the entire data is extremely time-consuming and requires
the domain knowledge of experts. The last approach is to
compress high-dimensional input data into low-dimensional
latent space and decide each status based on its location
in latent space [39], [40], [41], [42]. In general, isola-
tion algorithms including one-class support vector machine
(SVM) [39], [40] or other nonlinear classifiers [41], [42]
are utilized for making decisions. This approach could be
effective because the encoder could extract high-level fea-
tures related to abnormality while the curse of dimension is
alleviated simultaneously [43]. However, this approach also
has three downsides. The first one is that entire labels must be
approachable for searching a boundary. The second one is that
it is impossible to predict faults with such traditional methods
when the system shows degradation symptoms, which is the
main disadvantage compared to other methods utilizing the
exact remaining useful lifetime (RUL) [44], [45]. The last
one is that the distribution on the latent space varies with
each training, which results in confusion and restricts clear
decisions from users [46].

To overcome the limitations in previous studies, this study
proposes a margin-maximized hyperspace (MMH), in which
effective fault classification and prediction can be executed
for a highly imbalanced dataset. This study aims to maxi-
mize sensitivity in a featured space for classifying normal
(major) and faulty (minor) clusters in unlabeled and highly
imbalanced datasets, which is a frequent and challenging
issue in real-world applications. Specifically, the proposed
method considers VAE from a different perspective other
than generative purposes so that the normal and faulty data
can be situated in the invariant location even with repetitive
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training. The novelty and key contributions of this study are
summarized as follows.

- This study proposes knowledge-based feature manipula-
tion. Newly manipulated features contain distinct informa-
tion that is directly correlated with faults in the system of
interest and the combined application of manipulated fea-
tures and original measurements is effective for classifying
faults from normal data.

- The proposed method transforms input features into a non-
linear latent space via a VAE. This architecture enables
the input features to be compressed into a low-dimensional
latent space, which shows high accuracy and robustness in
classifying faults.

- This study proposes MMH, which can be obtained from
VAE with restricted latent space and Bayesian optimiza-
tion. The proposed method maximizes the distance between
normal and faulty clusters by locating two clusters to two
extremes of origin and unity in the latent space, enabling
accurate fault classification and prediction.

- The effectiveness of the proposed method in solving
real-world issues is validated with a field measurement of
elevator door strokes. This demonstration confirms maxi-
mized sensitivity dividing two clusters of normal and fault
strokes and locational constancy remaining at the same
location, suggesting that the proposed method is highly
effective and practical in actual field applications.

The remainder of this paper is organized as follows.
Section II explains the proposed method comprising prepro-
cessing, feature extraction, and the detailed principles of the
proposed MMH method. Section III describes the details of
the experiment comprising data description, model construc-
tion, and evaluation index. Section IV presents the results
with an in-depth discussion, including the physical charac-
teristics of elevator door faults and fault classification and
prediction using the MMH method with field measurements.
Section V reemphasizes the novelty of the proposed method
and briefly discusses future work.

Il. METHODOLOGY

The entire process of the proposed framework comprises
three phases (Figure 1). First, the measurements are pre-
processed (Phase A in Figure 1) to change the form of
datasets from time-series raw data to the form of stroke data,
resulting in the formation of inputs for the proposed method.
Specifically, data collected below 8 Hz or above 10 Hz were
filtered, and the filtered measurements were unified to the
same frequency of 10 Hz. Second, features highly correlated
to faults, are extracted from the input data in the form of
an open/close stroke and transformed into a regulated latent
space (Phase B in Figure 1). Three types of statistical features
are extracted. Subsequently, the features are passed through
a VAE to transform the features into a new two-dimensional
latent space. Third, the MMH method is used for fault detec-
tion and prediction of an elevator door (Phase C in Figure 1).
A marginal distance between two clusters defined by normal
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and fault is first maximized using Bayesian optimization
in the latent space, resulting in MMH. Then, an SVM is
applied for fault detection, and the maximized marginal space
between two clusters is used for fault prediction by addressing
the principle of a distance-based RUL estimator.

| Collected data |
!

Phase A. Preprocessing

Phase C. MMH method

| Application on Prognosis |<—

| Data selection | | Application on Diagnosis |<—

i
| Interpolation | |

Scarching for MMH |
! f

Phase B. Feature extraction

| Manual feature extraction |—'| High-level feature extraction |

FIGURE 1. Flowchart of the proposed prognosis framework.

A. PREPROCESSING

This phase describes the process of data preprocessing for
training and testing. First, measurements were filtered out
when the elevator was not in operation and the measurements
during the moving operation were also eliminated because
this operation did not include data related to the door, which
is more than 90% of the total measurements. Next, the refined
data were chopped into each stroke because the original
time-series data were not appropriate for the proposed neural
network. Then the strokes with missing values were excluded
from the dataset. These missing values may be caused by an
unstable data communication line.

The data in the form of a single stroke were interpolated
into the same frequency because the same period of mea-
surements is effective for training the proposed method. The
communication load from a controller might have caused
the variance in the measuring frequency even though the
value was set to 10 Hz. Therefore, measurements recorded
below 8 Hz or above 10 Hz were eliminated, and the fil-
tered measurements were interpolated into a single frequency
of 10 Hz. Data excluded from this process is only 0.005 %
compared to original measurements, suggesting that this data
loss is negligible, and characteristics of the measurements
after cleaning could represent those of the original operation
of an elevator door. Specifically, linear interpolation was
executed in this process for real-number-type data, including
door position, torque, and speed, whereas nearest interpola-
tion was executed for Boolean-type data such as commands
or safety signals.

B. FEATURE EXTRACTION

This phase comprised two major steps. First, manual features
were extracted. Specifically, additional features were manip-
ulated from both the torque and speed measurements by
subtracting the feedback signals from the reference signals.
Subsequently, three types of statistical features were obtained
from seven physical properties, including two manipulated
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features. Second, high-level features were extracted in a
constrained latent space by addressing the VAE. The detailed
process of each step is described below.

In the first step, new features were manipulated and nor-
malized. Features highly correlated to motor delay were
selected in this study because motor delay, a phenomenon
in which the feedback signal is different from a reference
signal, usually appears when an anomaly or fault occurs in
machinery [47]. This physical interpretation of a fault gener-
ally occurs especially in a rotational system, suggesting that
the difference between the reference and feedback signals of
torque and speed plays a crucial role in inferring the health
condition of an elevator door. Therefore, two additional fea-
tures were added by calculating the differences in the torque
and speed measurements. Manipulated features, which are
transformed into easier form of learning input features, are
effective for training a neural network because the neural
network utilized has a limited capacity in consideration of
the limited data available [48]. Then, three statistical features,
peak, mean, and root-mean-square (RMS), were extracted
from measurements at each stroke. Then, the processed data
were normalized to improve convergence and to unify their
sensitivity to the weights of the neural network. Normaliza-
tion can be performed by addressing the min-max or Z-score
normalization methods [49]. Selecting the best normalization
method depends significantly on the data used in the analysis.
Therefore, an appropriate normalization method was selected
for the data of an elevator door through the optimization of
hyperparameters. More details for the optimization process
are covered in Section II-C.

In the second step, high-level features were extracted by
addressing VAE [32]. A VAE is an advanced AE architecture
because it extracts valuable information from a reconstructed
space. The most crucial feature of VAE compared to AE is
that VAE encodes entire input data into latent space which
follows a predefined probabilistic distribution. These charac-
teristics ensure the high robustness of the VAE [50]. In this
study, the encoder was trained for latent space to follow
a normal distribution N(u, 02). Only means were used to
reflect the latent space, whereas standard deviations were
limitedly used for sampling variables before passing through
the decoder for reconstruction. This architecture would be
effective for fault classification and prediction because small
perturbations applied at the latent space can compromise a
minor variance of input data distribution, which is irrelevant
to the health condition of interest.

In this study, means and standard deviations of the latent
space were constrained by addressing a sigmoid layer rather
than applying the value itself as vanilla VAE does so that
each dimension of the latent space was limited to [0, 1].
The constraints enable the latent space to remain within a
certain region so that a quantitative comparison is available
when a fault is detected and predicted. The variables in the
latent space were trained to follow the standard Gaussian
distribution N(0, 1). Therefore, the latent space from the
neural network is always trained such that major cluster heads
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to zero to ensure its mean, whereas a minor cluster heads to
the other extreme, that is, unity, to satisfy its variance so that
the proposed architecture enhances the sensitivity separating
two clusters. Therefore, the proposed neural network in this
study is effective at solving the issue of unsupervised anomaly
detection, which features a highly imbalanced data distribu-
tion. Especially, the acquired latent space can be used as an
excellent evaluation space for fault detection and prediction
of the system of interest because of the repeatability and
sensitivity of the proposed neural network architecture.

C. MMH METHOD

This phase consists of three major steps. The first step is
to acquire a latent space where the distance between two
clusters representing normal and fault conditions is maxi-
mized through Bayesian optimization for various high-level
feature extractors. This process was only conducted to obtain
available hyperparameters for VAEs because the distances are
always set as the maximum, that is, V2, in the constrained
latent space as long as the models converge and the acquired
latent space is specially called MMH hereafter. Note that
there is a basic assumption on the given situation: there
must be at least one abnormal data. Otherwise, operational
conditions within the normal cluster would be separated into
both extremes because the proposed method separates two
imbalanced clusters as long as any characteristic differences
between those clusters exist. Therefore, the base assumption
of the proposed method is that there are faulty and normal data
comprising minor and major clusters similar to most real-
world problems.

First, the distance was calculated based on two SVM
marginal boundaries that cross the support vectors of
normal and faulty clusters and was maximized. The
hyperpara-meters of the VAE were delicately calibrated in
this step. Otherwise, the VAE could diverge under improper
hyperparameters, resulting in the maximum distance between
the two clusters not being achieved with unreasonable hyper-
parameters. Bayesian optimization, which is most widely
used, was used for this process among many optimiza-
tion methods. This method is effective for hyperparameter
optimization because it can solve a nonconvex problem
with relatively few evaluations [51]. Tree-structured parzen
estimator approach (TPE) was applied for modeling prior dis-
tributions [51]. Specifically, this study selected the distance
between two clusters, normal and faulty, as an object value to
be maximized because the distance is a metric that indicates
the sensitivity of RUL dividing clusters of normal and fault.

Strictly speaking, therefore, the proposed method is a
hybrid method featuring both supervised and unsupervised
methods because the MMH itself does not require any label
when the model is trained, whereas a few labels are limitedly
required when hyperparameters are optimized to calculate
the distance. Specifically, a distance between normal and
faulty cannot be calculated in the situation when any label
is unavailable in the conventional architecture of the AE
considering the characteristic of unsupervised learning, i.e.,
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sparse and random distribution of clusters throughout the
latent space. By contrast, the proposed method can easily
calculate the distance between major and minor clusters with
only one labeled point from major and minor clusters in that
two clusters are densely distributed at each extreme of the
latent space. Note that this feature would be originated from
the characteristic of supervised learning. This would be the
main reason that the proposed method is a hybrid method,
outperforming other architectures of AE for fault detection
and failure prediction.

Next, the acquired MMH was used for two purposes in
prognostics and health management (PHM). One is fault
detection in a binary form of normal and fault, and the other is
fault prediction, that is, estimating the RUL in a decimal form
from the normal condition (defined as 1) to fault (defined as 0)
by addressing a distance-based RUL estimator method, which
is newly proposed in this study. Specifically, two clusters
separated by the MMH can be used for anomaly detection.
This study addresses the SVM as a classifier because it is
simple, accurate, and robust [52]. Specifically, SVM aims to
find an optimal separating hyperplane (OSH) that divides two
clusters with maximum margins from edge points, which are
called support vectors [53]. Suppose the binary classification
datasets with N cases in the latent space as {x;, y;} (1 <i <
N,y; € {—1, +1}). The linear OSH is described as

WTXi —b=0, (D

where w and b denote weight and bias, respectively. From
a fault detection perspective, applying linear SVM to MMH
is effective because the boundary between normal and faulty
conditions is distinct such that the two different conditions
can be classified with a single line.

Then, a distance-based RUL estimator was developed
using MMH for fault prediction. This method utilizes the
distance between two support vectors from an SVM for cal-
culating RUL of each state. The equation of boundaries can
be described in summation form as

k-1 H
— 2 el WnXupper,n— 2 i1 WnXupper,n+b+1

Xupper .k = o ’
(2)
and
Xlower k = _ Zﬁ;i WnXlower,n — Znsz—H WnXiower,n+b—1 ,

Wk

3

at a given axis k, where k denotes any axis of the latent
space because orthographic distances can be substituted for
Euclidean distances when calculating the ratio between two
distances. The boundaries on each side can be normal or
faulty depending on the location of the normal and faulty
clusters. However, the lower bound was assumed to be a
normal condition boundary, whereas the upper bound was a
faulty condition boundary because the major and minor clus-
ters always head to the lower and upper boundaries, which
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is attributed to the characteristics of the VAE. The equally
divided space between the two boundaries can be used to
estimate the RUL in decimal numbers as

H
D waxiy=b.b—1<b <b+1, 4)

n=1

and
b/
. XUpper.k
RUL = —2% )
Xlower,k — XUpper k

where b’ denotes the intersection of the line at axis k, which
passes the given point and is parallel to the decision bound-
aries. The maximum and minimum RUL were set to be
1 and 0, respectively, at the borderline passing through sup-
port vectors at the normal cluster (at & = b — 1) and the
faulty cluster (at ¥ = b + 1). The lower and upper regions
of the decision boundaries of the normal and faulty clusters
were assumed to have RUL values of 1 and 0, respectively.
Therefore, the proposed method quantitatively estimates the
health of an elevator door.

Ill. EXPERIMENT

A. DATA ACQUISITION

Operational data on elevator doors were collected from an
elevator located in an apartment in Seoul, Republic of Korea,
which was randomly selected. The exact location of this
test bench is confidential for personal information issues
regarding residents living in apartments and nondisclosure
agreements with the elevator operation and maintenance
company. The operating conditions or physical properties of
the elevator were not special. That is, they are practically
the same as those of normal elevators installed at any place
in Korea and other regions. Therefore, these measurements
demonstrate the effectiveness of the proposed method in real-
world applications. The data were recorded for 30 days from
April 1, 2020, to April 30, 2020, and the total length of the
data was 18,603,367.

Measurements comprise 17 different pieces of information
related to the control of an elevator door, which contains both
real- and Boolean-type data, as listed in Table 1. Seven real-
number-type datasets include the current time, floor, door
position, door speed (reference and feedback), and torque
(reference and feedback) at each measurement period. In con-
trast, 10 Boolean-type data represent order and safety signals,
including door opening, door closing, multi-beam, safety
beam, close limit, open limit, close command, open com-
mand, hatch door limit, and gate door limit. Because elevator
doors are controlled by embedded microprocessors without
any data acquisition unit (DAQ) or data storage, monitor-
ing their health is challenging. This configuration limits the
analysis of the faulty conditions of elevator doors in previous
studies. In contrast, the operation and maintenance company
installed a DAQ for data acquisition at the selected elevator of
interest to study the prognostic method in this study whereas
any other additional sensors were not installed as normally
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did in other studies [54]. Therefore, the measurements effec-
tively show that the proposed method would be effective in
real-world operations.

TABLE 1. Description of raw data collected from the elevator.

Data name Data type Data description Range Unit
Time Year, Month, Date, o -
Real-number Hour, Minute, Second
Floor data Floor of the elevator (2-31)  floor
Door position Location of the door %33)_ mm

Reference Reference speed (0-60) RPM /S
speed for a door motor
Feedback speed
Feedback speed Real-number for a door motor (0-60) RPM/S5
Reference data Reference torque (0-40) A
torque for a door motor
Feedback Feedback torque (0-40) A
torque for a door motor
Door close Ié(t’}?;ri},?::(} (0,1) —
Door open: 1
Door open Otherv&?ise: 0 (0,1) —
Multi beam Door interrupted: 1 1)
Safety edge touched: 1
Safety edge t6thegrwise: 0 ©.1) -
Close limit Qoselimit: 1 o1y —
Boolean-type s
Open limit signal Open limit: 1 on  —
Close Close command: 1 0.1
command Otherwise: 0 ©,1) -
Open command Op g?hce%l;?:?g a (0,1) —
Hatch door
Hatl(':h fioor close state: 1 0,1) —
1mit Otherwise: 0
Gate door
Gate door limit close state: 1 (0,1) —
Otherwise: 0

B. DATASET DESCRIPTION

This section describes the dataset in detail. The refined
strokes after preprocessing were classified into each health
condition by an expert system, resulting in the ground
truth when estimating the accuracy of the proposed method.
Table 2 lists the number of strokes classified by an expert
system comprising complete and incomplete strokes for both
open and close strokes. Note that the small difference between
the number of open and close strokes exists because strokes
collected from outside of the predefined frequency were
eliminated. Specifically, the strokes were defined as complete
strokes when completely opened and closed states were fol-
lowed by the opposite states. In contrast, partially closed and
re-open strokes were defined as incomplete strokes because
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of the interruption by command of a customer or physical
interruption in the middle of a closing stroke. This discrimi-
nation of strokes can be easily conducted because the same
type of limit signal is activated after the signal turns off
in this situation. The total number of strokes is 23933 and
23928 for open and close strokes, respectively, including the
number of incomplete strokes for 1260 and 1251. Incom-
plete strokes were excluded from the target of fault detection
and prediction in this study because they were inappropriate
for determining the health condition of door motors. This
decision can be explained by the fact that the delay effect
is challenging to find in incomplete strokes, suggesting that
judging the health condition of each incomplete stroke is
inefficient and inaccurate even for experts. Therefore, this
study focuses on fault detection and prediction based on
complete strokes, not only to secure high accuracy and robust-
ness but also to improve efficiency for embedding real-world
applications. As aresult, complete strokes were classified into
three conditions: normal, degradation, and faulty based on the
system of elevators analyzing Boolean signals and physical
properties. Only normal and faulty conditions existed during
close strokes, whereas normal, degradation, and faulty condi-
tions existed during open strokes. The detailed physical origin
of this different classification for open and close strokes is
described in Section IV. A.

TABLE 2. Distribution of the dataset based on the health of door motors
for open and close states.

Stroke Complete strokes Incomplete  Total number
YP€  Normal Degradation Faulty strokes of strokes
Open 22605 32 36 1260 23933
Close 22646 0 31 1251 23928

Next, three types of statistical features were extracted from
seven types of physical properties, resulting in 21 types
of features as listed in Table 3. Specifically, the statistical
features include peak, mean, and RMS and the seven mea-
surements included door location, reference speed, feedback
speed, differential speed, reference torque, feedback torque,
and differential torque whereas the measurements irrelevant
to door status such as time, floor and Boolean-type safety
signals were excluded.

C. MODEL CONSTRUCTION

This section illustrates the model construction process in
detail. Figure 2 shows the architecture of the VAE constructed
in this study, which follows a simple VAE comprising four
layers for the encoder and decoder. Twenty-one features were
used as inputs, and the data were compressed into dimensions
with sixteen, eight, four, and two. The last layer of the encoder
consists of two nodes for means and two nodes for standard
deviations. Basically, the architecture of the encoder and
decoder (e.g., number of layers, number of nodes at each
layer) must be optimized with other hyperparameters through
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TABLE 3. List of 21 features used for the training and testing.

Feature number Feature name

1-3 Door location (Peak, mean, RMS)

4-6 Reference speed (Peak, mean, RMS)

7-9 Feedback speed (Peak, mean, RMS)
10-12 Difterential speed (Peak, mean, RMS)
13-15 Reference torque (Peak, mean, RMS)
16-18 Feedback torque (Peak, mean, RMS)
19-21 Differential torque (Peak, mean, RMS)

the hyperparameter optimization process. In this study, how-
ever, the architecture was optimized only with a rule of thumb
for two reasons. One is that the architecture already showed
perfect accuracy for fault classification as shown in Table 7
and our main concern in this paper is the coherence of each
cluster in latent space, the phenomenon which is already
shown in Figure 8. The other is that there are constraints
for the design of the encoder and decoder that an encoder
must compress a higher dimension to a lower one, and the
opposite for a decoder: these constraints must be applied to an
optimizer and those conditions might be obstacles to finding
an accurate solution.

| encoder3
Ll

1 ——
4 _ , encoder2 : o' ; o!
encoderl 1 . decoder3
L L@: Reparametrization ecoders _ I
Raw features Normal trick Reconstructed
Distribution features
0,1

FIGURE 2. Architecture of VAE proposed in this study for diagnostic and
prognostic purposes.

Therefore, other hyperparameters including activation
functions of encoder and decoder, batch size, normaliza-
tion type, epoch, and learning rate were optimized with the
Bayesian optimizer described in Section II-C. Note that mod-
els for open and close strokes were separately optimized
and the optimized hyperparameters are shown in Table 4.
Hyperparameters of other models used for comparative stud-
ies were also optimized through Bayesian optimization for
fair comparison and optimized hyperparameters for other
models are shown in Appendix B (as shown in the supplemen-
tary material published on ieeexplore.ieee.org). SVM also
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has hyperparameters including C and gamma parameters but
default setting (i.e., 100 and 0.01 for C and gamma value, and
linear kernel) was used because the objective of the study is
to focus on the effect of feature extraction, and SVMs are just
utilized for classifier.

TABLE 4. Optimized hyperparameters of VAE with restricted latent space
for achieving MMH.

Stroke type Open Close
activation function of tanh tanh
the encoder layer
activation function of tanh tanh
the decoder layer
batch size 1024 392
normalization tyne min-max, min-max,
ratonbp [-1,1] [-1.1]
epochs 1336 2432
learning rate 5.34e-3 5.88e-3
optimizer adam adam

D. EVALUATION METRICS

This section describes the evaluation metrics for testing. First,
K-fold cross-validation was used for testing the proposed
method because only a small number of strokes were avail-
able in the faulty condition. The entire dataset was divided
into five small datasets, and all datasets were set to be equally
distributed because scarce data could be easily concentrated
in a certain dataset. All datasets except one were used for
training, and the rest were used for testing so that data imbal-
ance could be compensated. The prediction result is listed in
the shape of a confusion matrix as shown in Figure 3.

Predicted
Positive Negative
= Positive | True positive (TP) | False negative (FN)
§
< Negative | False positive (FP) | True negative (TN)

FIGURE 3. Confusion matrix.

Indexes for classification could be divided into accuracy,
precision, recall, and F1 score. The accuracy is the fraction
of correct predicted data from the entire dataset and could
be calculated by dividing true positive (TP) and true negative
(TN) by the sum of TP, TN, false positive (FP), and false
negative (FN) as

TP + TN 6
TP +TN +FP+FN’ ©
Negative predictive value (NPV) is the fraction of true neg-
ative data from the entire number predicted as negative and

Accuracy =
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could be calculated by dividing the number of TN data by the
sum of TN and FN as
TN

NPV = —————, @)
TN + FN

and a higher value denotes high accuracy. Precision is the
fraction of true positive data from actual positive data and
could be calculated by dividing TP data by the sum of TP and
FN as

TP

Precision = ——, (8)
TP + FP

whereas recall is the fraction of true positive data from actual
positive data and could be calculated by dividing TP data by
the sum of TP and FN as

TP
Recall = ——. ©))
TP + FN
The F1 score, which is the harmonic mean of precision and
recall as
2 X Precision x Recall

Flscore = — ) (10)
Precision + Recall

and it was used as a metric for performance evaluation
because it is widely used to verify the accuracy of neural
networks on unbalanced datasets [55]. Therefore, the F1 score
is the metric ranging from 0.0 to 1.0, where a higher F1
score denotes high accuracy. Three iterations were executed
to estimate the F1 scores, and the mean of these scores was
used as the evaluation metric.

IV. RESULT AND DISCUSSION

This section presents an in-depth discussion of the physical
characteristics of door faults and the effectiveness of the
MMH method. The physical characteristics of measurements
depending on the different types of health conditions are
explained in Section A. The dependency of stroke time on
health conditions is discussed in Section B. The strengths of
the proposed method are quantitatively noted in Section C,
comparing different types of high-level feature extractors.
Finally, the effectiveness of the method for real-world appli-
cations is validated in section D.

A. MEASUREMENT CHARACTERISTICS OF STROKES AT
THREE DIFFERENT HEALTH CONDITIONS
This subsection describes the unique characteristics of open
and close strokes when an elevator door motor degrades over
time resulting in a faulty stroke. The strokes representing
each health condition were selected from the dataset for
this demonstration, whose health conditions were labeled by
an expert system. Other strokes show similar behaviors and
patterns so those are omitted herein for the sake of brevity.
Figure 4(a) to (c) show the entire behavior of the measure-
ments, including the open command signal, door position,
rotating speed, and torque (reference and feedback) for the
normal, degradation, and faulty strokes of an elevator door
at open strokes. In normal conditions (Figure 4(a)), the refer-
ence speed rises first when the open command is turned on,
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and the feedback speed directly follows the reference speed.
The corresponding reference and feedback torque simultane-
ously change, resulting in a door position from 295 mm to
840 mm. The door positions of 295 mm to 840 mm denote
completely closed and opened states, respectively. Therefore,
the gaps between the reference and feedback for torques
and speeds were small. Different trends were observed in
speed and torque profiles when an elevator door suffered
degradation (Figure 4(b)). A significant time delay of over
three sec occurs between the measured reference and feed-
back speed. This observation might have occurred because
the feedback speed could not follow the reference speed for
the first three sec. This difference between the reference
and feedback speed results in the rise of the torque. The
reference torque rises to the maximum to follow the refer-
ence speed, also resulting in the feedback torque increasing
to the maximum because the door does not open in the
first three sec. The maximum torque imposed on the motor
of an elevator door during this period might accelerate the
degradation of the motor because a significant overload was
imposed during this period. The speed and torque behaviors
are significantly different when a fault occurs at the elevator
door (Figure 4(c)). Faulty strokes follow degradation strokes
in time-series data, confirming that overload imposed during
a degradation period might result in the fault of the elevator
door. During the early stages of a faulty stroke, the door
behaves similarly to the normal condition. However, it does
not completely open, making the door open very slowly at
the end. Therefore, the door position moved from 295 mm to
835 mm, which was not a completely opened state, implying
that an elevator could not operate in this state because of
safety concerns. Moreover, the reference and feedback torque
remained at the maximum values when a difference between
the reference and feedback speeds existed after three sec,
resulting in the door motor continuously remaining under
extreme load conditions. This extreme load condition might
trigger a severe failure of the door motor, which requires
immediate inspection.

Figure 5 (a) and (b) represent the entire behavior of the
same measurements at a close stroke for normal and faulty
conditions. A close signal, which was a state signal, was used
as a reference with a close command signal to divide each
stroke in that the close command was still activated even after
a door was already closed for safety reasons, whereas the
close signal was directly turned off as soon as the door was
closed. Therefore, dividing each stroke by employing both
command and state signals is an effective way to chop into
each stroke. In normal conditions (Figure 5 (a)), the reference
speed increases first, and the feedback speed directly follows
the reference speed. The reference and feedback torque varied
to close a door, resulting in a door position moving from
840 mm to 295 mm, representing completely opened and
closed states. Unlike a normal stroke in an open stroke,
torque was applied for a short time when a normal stroke
started in a close stroke. This observation can be attributed
to the fact that closing doors are frequently interrupted by
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FIGURE 4. Four types of physical characteristics including open command signal, door position, speed, and torque for each health
state of a door motor in open state. Each subfigure denotes (a) normal, (b) degradation, and (c) faulty conditions.

passengers or obstacles so closing the door with high speed
and torque is unsafe, which may result in severe damage
to both passengers and door systems. The remaining inertia
after applying a small torque at the beginning results in the
door closing. The feedback speed cannot follow the reference
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speed under faulty conditions (Figure 5 (b)), causing the ref-
erence and feedback torque to be maximized to compensate
for the gap between the reference and feedback speed. After
the door barely starts to move, the torque drops rapidly for
safety, and the door slowly closes because it lacks inertia
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compared to that in normal conditions, requiring more time to
be closed.
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FIGURE 5. Four types of physical characteristics including close signal,
door position, speed, and torque for each health state of door motor in
close state. Each subfigure denotes (a) normal, and (b) faulty conditions.
The main difference between those of open state is that there is no
degradation state at a close stroke.

In summary, conventional symptoms of faulty conditions
for both open and close strokes could be characterized by

VOLUME 11, 2023

analyzing the gap between reference and feedback speeds,
excessive torques, and slow rotating speed of motors overall.
Additionally, the main difference between open and close
strokes is that no degradation strokes exist when the elevator
door is closing. Only normal and faulty conditions exist in
close strokes. Health condition is less clearly indicated for
close strokes compared to that of open strokes because torque
is applied only for a short period when starting each stroke
to provide inertia so that the health condition of the motor
is blurred. Therefore, this study only used measurements of
open strokes to monitor the health condition of the elevator
doors effectively.

B. DEPENDENCY OF OPERATIONAL TIME ON THE
HEALTH CONDITION OF THE ELEVATOR DOOR

The analysis of the speed and torque behaviors of the elevator
door revealed that these measurements significantly depend
on the health condition of the elevator door. This physical
correlation suggests that the operational time might depend
on the health condition of each stroke. Therefore, the total
operational time of each stroke was analyzed for in-depth
discussions of the fault analysis of an elevator door. The
controller of the elevator door does not measure the total
operational time of each stroke. This study independently
calculated the operational time of each stroke by analyzing
various digital signals. Figure 6 illustrates the distribution
of the total operational time for open and close strokes. The
vertical and horizontal axes denote the number of strokes on
a log scale and the total operational time for each stroke,
respectively. The three different colors in each column indi-
cate health conditions classified as normal, degradation, and
faulty.

The analysis of the total operational time at the open
stroke shows that the three strokes are clearly classified
into three clusters (Figure 6 (a)). A normal condition was
represented by 22605 strokes distributed between 3.2 s and
4.1 s. This distribution indicated that a period of 3 s to 4 s
was required to open an elevator door under normal health
conditions. Second, 32 strokes were distributed from 6.6 s
to 7.1 s, representing the degradation condition. The delay
might occur at an early phase of the strokes, as mentioned
in section IV-A, resulting in a discrepancy of a few seconds
under a degradation condition. Third, 36 strokes ranged from
13.9 s to 14.7 s, all of which were judged as faulty strokes.
The total operational time for faulty strokes is four times
longer than that for normal strokes. Faults occurring at motors
resulted in a longer period of total operational time after a
small delay occurred during the degradation period under
extreme load conditions. Therefore, the total operational time
for each stroke could become a sensitive metric representing
a health index to detect anomalies in an elevator door because
this metric clearly separated normal, degradation, and faulty
clusters.

In contrast, strokes were divided into two clusters in close
strokes (Figure 6 (b)). Specifically, 22646 strokes were dis-
tributed from 3.2 s to 4.4 s, suggesting that the time was
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consumed in the normal condition at the close strokes. Addi-
tionally, 31 strokes ranged from 7.2 s to 7.7 s, all of which
were judged to be faulty strokes. The physical characteristics
of open and close strokes suggested that the door opens by
imposing huge motor torque during the entire period of the
open stroke, whereas the motor applied a small amount of
torque in a short period, and the door operated with inertia in
the rest of the period at the close stroke. Therefore, the motor
health condition would be less correlated with measurements
of control information in the period of inertia operation at
the close stroke because torque from the motor was not
required in this period. The difference in operational princi-
ples between open and close strokes results in the degradation
condition appearing only in the open stroke because the open
stroke is highly correlated with the control method of the
motor, suggesting that the open stroke is essentially more
sensitive to the motor health condition. However, the total
operational time for each stroke at the close strokes can be
used for fault detection because a sufficient gap is secured
between the two clusters of each health condition.

In summary, measurements of operational information at
the open stroke can be used for fault detection and prediction,
whereas those at the close stroke can be used only for fault
detection.
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FIGURE 6. Distribution of the total operational time at each health
condition for open and close strokes. Subfigure (a) and (b) represent the
distribution of strokes at open and close state. Green, orange, and red
bars each denote the number of strokes at normal, degradation, and
faulty health state.

C. MMH ACQUIREMENT

This subsection describes the procedure for acquiring MMH
and the effectiveness of the VAE for separating major and
minor clusters by quantitatively comparing the performances
of the VAE and AE. The hyperparameters of the AE and VAE
were optimized through Bayesian optimization by setting a
marginal distance between the normal and faulty clusters as
an objective value to be maximized for a fair comparison. The
optimized hyperparameters from Bayesian optimization are
listed in Appendix B (as shown in the supplementary material
published on ieeexplore.ieee.org). Note that other state-of-
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the-art methods are excluded from the comparison because
these two algorithms are accurate enough for classifying
the target dataset and the main interest of the study is to
apparently separate two classes in latent space.

Figure 7 shows the distance between normal and faulty
clusters with different types of AE. Theoretically, the max-
imum distance between two clusters should be v/2, which is
the diagonal length of the square one on a side. The distance
from the VAE was 1.4142 for both open and close strokes,
whereas those from the AE were 0.9747 and 0.9979, respec-
tively. This result suggests that the VAE could converge to
the global minimum solution, whereas the AE could converge
to the local minimum solution because the distance from the
AE was less than the theoretical maximum value. By creating
latent vectors at each latent space dimension in accordance
with standard normal distributions, the VAE separated two
clusters with the maximum distance. The distances between
the two clusters at VAE were same regardless of stroke type,
whereas distances of AE showed a difference of 2 % between
open and close strokes, confirming that the robustness of the
VAE is higher than that of AE. Therefore, the result confirms
that VAE features high robustness in finding the global min-
imum solution, whereas the neural network created by AE is
vulnerable to the convergence of the local minimum solution.

1.5F 44142 1.4142
31.0Ff 0.9747
c
E
®
a

0.5F

0.0

VAE AE VAE AE
Open Close

FIGURE 7. Comparison of the maximized margin distance between when
using AE and VAE is represented to show the maximized sensitivity when
using the proposed method.

To further emphasize the effectiveness of the VAE as a
feature extractor, statistical values, including the mean and
variance of each cluster, were compared. These two metrics
would be good metrics for comparing the differences between
VAE and AE in that the constant means and low variances in
different training cases indicate the robustness of the feature
extractor. Table 5 (a) shows the means and variances for
an open stroke, and Table 5 (b) presents those for a close
stroke. Note that the types of VAE are divided into two
types again for validating the effect of regulation, a VAE
regulated with sigmoid activation function and the other one
which is unregulated. The statistical values were calculated in
each latent dimension and both spaces are indicated as latent
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TABLE 5. Statistical comparison of clusters at each latent dimension, health condition, and types of AEs for each type of stroke is represented to suggest
the coherence of each cluster. Tables (a) and (b) represent those at open and close states.

(a) Open strokes

Health Latent VAE VAE (w.0./ regulation) AE
state  dimension Mean Variance Mean Variance Mean Variance
Dim 1 4.28x107° 3.68 x 10724 —0.72 10.90 0.964 1.31x107*
Normal
Dim 2 1.91 x 107° 1.05 x 1072° 2.47 35.55 0.434 6.64 x 1073
Dim 1 1.0 0.0 44.53 48.23 0.397 219 x 1072
Faulty
Dim 2 1.0 0.0 30.95 183.56 0.921 9.14 x 107*
(b) Close Strokes
Health Latent VAE VAE (w.o0./ regulation) AE
state  dimension Mean Variance Mean Variance Mean Variance
N | Dim 1 1.91 x 107° 1.43 x 10725 5.86 x 1072 1.61 0.964 1.31x107*
ormal
Dim 2 2.11x107° 1.61 x 10725 -7.20x 1072 1.28 0.434 6.64 x 1073
Dim 1 1.0 0.0 —-8.38 3.56 x 1073 0.397 2.19 x 1072
Faulty
Dim 2 1.0 0.0 —0.38 414 x 1073 0.921 9.14 x 107*

dimension 1 (Dim 1) and 2 (Dim 2). Constant means near
two extremes and low variances were characterized when
addressing regulated VAE in both open and close strokes,
whereas random means and relatively high variances were
shown for each health condition in both dimensions when
addressing unregulated VAE and AE. The normal cluster
occupying most of the distribution was transformed to near
the origin (i.e., zero) in the latent space when the regulated
VAE was used, whereas the normal clusters at the latent space
of the unregulated VAE and AE were randomly distributed.
In contrast, the faulty cluster containing only a few cases was
transformed to the opposite extreme of unity, confirming that
the regulated VAE would induce minor clusters to be located
at unity in the transformed latent space. These observations
confirm again that sigmoid function plays a regularization
role at each latent space to maintain the means of the total
distribution as zero, elucidating the effectiveness of the VAE
in making decisions based on the distribution of features in
the latent space because the boundaries between normal and
abnormal clusters would be constant in similar cases.

In summary, VAE is effective for transforming input
data with an unbalanced distribution into those at a
low-dimensional latent space in that the method could effec-
tively separate major and minor clusters with the maximum
distance between them by ignoring minor differences within
the clusters. Moreover, the separated clusters are concentrated
at each extreme so that their classes can be easily classified
without any supervision.

D. APPLICATION FOR DIAGNOSIS AND PROGNOSIS

This subsection describes the application of the MMH
method for classifying strokes as normal or faulty and predict-
ing the RUL of an elevator door. The confusion matrices for
each stroke and evaluation matrices are tabulated in Table 6
and Table 7 by addressing the SVM with different types of
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features to elucidate the origin of the misclassified strokes.
NPV will be mainly discussed in this part because other
indexes showed almost perfect results because of the extreme
imbalance of the dataset.

First, only 15 statistical features from the measurements
were employed to classify the health status of each stroke
(Table 6 (a)). All normal strokes were correctly classified as
normal, whereas the three faulty strokes were misclassified as
normal. The NPV for open and close strokes were 0.917 and
1.0, respectively. Additionally, six manipulated features were
added to the previous dataset to demonstrate the effectiveness
of feature manipulation. Two misclassifications decreased in
open strokes, while one fault stroke was still misclassified as
a normal condition, increasing the NPV from 0.917 to 0.972.
This improvement suggests that accuracy could be enhanced
with knowledge-based feature manipulation, similar to that in
the literature [48], confirming that the maximum performance
of machine learning methods might depend on understanding
of users. The results illustrate that the health condition of an
elevator door can be estimated using simple preprocessing
and feature manipulation methods to raw data to some degree
but sometimes the prediction can be misguided. Misclassi-
fications might arise from the inherent vulnerability of the
SVM for classifying features in a high-dimensional space
because of the curse of dimensionality [56]. Third, two dis-
tinct features in two-dimensional latent space, which were
extracted through the VAE and AE, were used for classifi-
cation (Table 6 (c)). The classification accuracy was perfect
in both cases. The results are described in a single table
because the same result of perfect classification was deduced
regardless of the AE type. All classifications were correct
even though the number of dimensions was significantly
reduced from twenty-one to two, indicating that high-level
features relevant to health conditions were well compressed
to features in the two-dimensional latent space in both cases
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and reflected as their locations in the latent space. Finally,
the reconstructed features from the VAE and AE achieved the
same accuracy (Table 6 (d)). Both results were described in a
single table. The perfect results in the third and fourth cases
suggest that AEs play a critical role in the classification at the
reconstructed space because AEs have a strong noise reduc-
tion effect in common [57]. However, low-dimensional latent
space would decrease the inference time for classification,
suggesting that classification in the latent space might secure
the best performance in terms of both accuracy and inference
time. In summary, feature manipulation increased the clas-
sification accuracy from 0.917 to 0.972 in an NPV because
these additional features provided sufficient information for
classification. Moreover, space transformation through VAE
and AE increased the NPV from 0.972 to 1.0 because non-
linear feature transformation is effective for classification.
The classification result at a close stroke always shows a
perfect NPV of 1.0. However, this type of stroke is limited
in predicting RUL because the close motion of an elevator
door is highly correlated to inertial motion, which is limited
in monitoring the degradation trend of components deployed
in an elevator door.

TABLE 6. Confusion matrix of elevator door stroke classification result
when using: (a) raw features, (b) raw features and manipulated features,
(c) high-level features encoded by AEs, and (d) features after
reconstruction.

(a) Raw features

Predicted state

Period True state
Normal Faulty

Normal 22605 3
Open

Faulty 0 33

Normal 22646 0
Close

Faulty 0 31

(b) Manipulated features added

Predicted state

Period True state
Normal Faulty
Normal 22605 1
Open
Faulty 0 35
Normal 22646 0
Close
Faulty 0 31

(c) High-level features extracted from AEs

Predicted state

Period True state
Normal Faulty
Normal 22605 0
Open
Faulty 0 36
Normal 22646 0
Close
Faulty 0 31

(d) Reconstructed features

Predicted state

Period True state
Normal Faulty

Normal 22605 0
Open

Faulty 0 36

Normal 22646 0
Close

Faulty 0 31
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The data distributions on each latent space were further
analyzed to demonstrate the advantage of the MMH method
for predicting RUL in open strokes because only open strokes
include degradation symptoms. Figure 7 describes the latent
space of open strokes when addressing VAE (Figure 7 (a),
(b)), and AE (Figure 7 (c), (d)). First, the distributions of a
latent space consisting of strokes under normal and faulty
conditions are shown in Figure 7 (a) and (c) for VAE and
AE, respectively. The strokes in the normal condition are
denoted by green points, whereas those in the faulty condition
are denoted by red points. The blue and red lines denote
the lines passing through the support vectors in normal and
faulty clusters, respectively. The results illustrate that feature
distributions extracted from the VAE concentrate each stroke
within its cluster, which can be represented by low variances
of each cluster in both latent dimensions, whereas the features
extracted from an AE are widely distributed in the latent
space. The clusters of the normal and faulty conditions from
the VAE are located at the origin and the other extreme, which
could be represented by means close to 0.0 and 1.0, whereas
the features extracted from an AE are randomly located.
These results suggest that the clusters from the VAE would
be a more distinct metric for fault classification than those
from the AE.

To highlight the effectiveness of the proposed method, the
RULs at given locations are shown in Figure 8 (b) and (d)
using the distances from each cluster to the locations of the
state of interest, when compressed with VAE and AE. The
line passing through a support vector in the normal cluster
(the blue line in Figure 8) and outside of the line is defined
as an RUL of 1.0, and the line passing through a support
vector in the faulty cluster (the red line in Figure 8) and
outside of the line is defined as an RUL of 0.0, indicating
that a fault occurred at that moment. The reserved hyperspace
between the two lines of the support vector is the degrada-
tion region in this configuration, and the OSH (the black
line in Figure 8) is considered as a reference line, which is
defined as the border between a healthy and unhealthy state
representing an RUL of 0.5 because the distances from the
OSH to both clusters are always the same. This assumption
might be unreasonable because most degradation procedures
are nonlinear; however, AE transforms nonlinear input space
into linear latent space, and it rationalizes the assumption.
The strokes in a degradation state denoted by orange points,
which were identified from open strokes, are located in
the degradation region (Figure 8 (b) and (d) for VAE and
AE). This observation suggests that estimating a degrada-
tion state, that is, a healthy condition, is possible at this
MMH because the MMH is well-regulated to reflect only the
major difference between healthy and faulty clusters during
an open stroke. In contrast, estimating a degradation state
with features extracted from an AE would be inappropriate
because the clusters of normal and faulty states are widely
and randomly distributed, which confuses the exact decision.
Furthermore, latent space distribution varies with the initial
values of weights and iterations when addressing AE, which
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TABLE 7. Various metrics of elevator door stroke classification result when different types of features are utilized.

Methods Accuracy NPV Precision Recall F1 score
Raw features 0.99987 0.917 1.0 0.99987 0.99993
Manipulated features added 0.99996 0.972 1.0 0.99996 0.99998
Latent space (from AE) 1.0 1.0 1.0 1.0 1.0
Latent space (from VAE) 1.0 1.0 1.0 1.0 1.0
Reconstructed features 1.0 1.0 1.0 1.0 1.0
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FIGURE 8. Two-dimensional latent space of open strokes extracted from different types of AE.

(a) represents the distribution of each cluster on latent space encoded by VAE. (b) represents the
distribution of each cluster on latent space encoded by VAE but with the colormap representing
distance-based RUL estimation. (c) represents the distribution of each cluster on latent space encoded
by AE. (b) represents the distribution of each cluster on latent space encoded by AE but with the
colormap representing distance-based RUL estimation.

hinders operators of elevators from estimating the health
states of an elevator door in real-world applications. Lastly,
for validating the appropriacy of the proposed method on real-
time deployment, the time consumption on each prediction by
MMH method is calculated by measuring time consumption
for 500 predictions and averaging them. When a door stroke
occurs, statistical features are extracted from each open and
close stroke, going into the model instead of using them in a
time window form. The start and stop points of each stroke
are defined using Boolean-type operating command signals.
Specifically, open stroke is defined as the time when the open
command signal turns on, whereas close stroke is between the
period when the open limit turns off and the close limit signal
turns on because the close command keeps turning on even
after a door is completely closed for safety reasons. Note that
all experiments were conducted on a desktop with two intel
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Xeon E5-2620 v4 (2.10 GHz) CPUs, 64 GB memory, two
RTX-2080ti GPUs, and Ubuntu 18.04 with Tensorflow 2.4.1.
The averaged FPS is calculated as 61.34, the same as 0.016 s
per stroke. This time consumption is much shorter than that
of each stroke, i.e., longer than 3.2 s, which means that the
real-time application of the algorithm is available even for
a generally used single-board computer. In summary, the
proposed MMH could be effective in detecting faults in eleva-
tor doors because high-level features containing information
about health conditions are effectively compressed into the
latent space. Additionally, the method could be effective at
finding potential faults that occur at the open stroke because
the locations of two clusters are reserved through statistical
nonlinear space transformation so that strokes in a degra-
dation state can be easily detected without any supervision.
Furthermore, the proposed method quantitatively provides
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the RUL of the system of interest without defining the RUL
of the system, which is a challenging task in real-world
applications.

V. CONCLUSION

This study proposed an MMH, which is a sensitivity-
maximized latent space for classifying normal and abnormal
clusters. This method tackles the existing unsupervised clas-
sification problem with a highly imbalanced data distribution
without information for the RUL, a common and challenging
problem in real-world applications. Specifically, first, the
knowledge-based feature manipulation provides additional
information for fault classification. Subsequently, the VAE
transforms the original spaces into distinct latent spaces,
enabling perfect fault classification through a statistical non-
linear space transformation. Finally, the MMH is acquired
by maximizing the distance from a major to a minor cluster
through Bayesian optimization, which is effective for fault
classification and prediction. From a diagnostic perspective,
the MMH is useful for dividing dominant and sparse clusters
because it shows high sensitivity and locational constancy.
Additionally, the distance from each cluster in the MMH can
be used to predict RUL from a prognostic perspective. The
effectiveness of the proposed method was demonstrated using
field measurements of elevator door strokes. The results show
that the proposed method perfectly classifies the faults and
effectively shows the RUL of an elevator door, in that the
MMH is trained to only contain features highly correlated
to health conditions. Future studies can be conducted in two
ways. One is to collect more data from various elevators and
verify the reliability of the proposed method. Another is to
develop a real-time fault detection and prediction algorithm
based on the proposed method.
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