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Preface

The rapid evolution of artificial intelligence has transformed the landscape of fault diagnosis
and condition monitoring across industrial systems. Machine learning and deep learning algorithms
have enabled engineers and researchers to move beyond traditional rule-based diagnostics toward
autonomous, data-driven decision-making frameworks. This transformation has been particularly
significant in safety-critical domains such as robotics, manufacturing, energy systems, and rotating
machinery, where early fault detection is essential for ensuring reliability and minimizing operational
downtime.

This Reprint compiles a selection of peer-reviewed studies that demonstrate the growing
influence of machine learning and deep learning theories in the development of intelligent
fault diagnosis systems. The collected works span fundamental theoretical advancements, novel
algorithmic approaches, and practical implementations that bridge the gap between computational
intelligence and engineering reliability. Together, they illustrate how data-centric paradigms are
reshaping prognostics and health management (PHM) in the context of Industry 4.0.

The motivation behind this Reprint is to provide a unified platform for disseminating
multidisciplinary research efforts that advance fault diagnosis methodologies. By bringing together
contributions from leading experts, this collection aims to inspire continued innovation in intelligent
fault diagnosis and promote collaboration among researchers in artificial intelligence, mechanical
and electrical engineering, and industrial automation. It is intended for academics, practitioners, and
students who seek to understand both the theoretical underpinnings and real-world implications of
Al-driven diagnostic technologies.

We sincerely thank all authors, reviewers, and the editorial staff for their invaluable contributions

to the success of this Reprint.

Heung Soo Kim, Salman Khalid, Ananda Shankar, and Prashant Kumar
Guest Editors
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Abstract: Considering the pivotal role of ferroalloys in the steel industry and the escalating global
emphasis on sustainability (e.g., zero emissions and carbon neutrality), the demand for ferroalloys
is anticipated to increase. However, the electric arc furnace (EAF) of ferroalloy plants generates
substantial amounts of nitrogen oxides (NOx) because of the high-temperature combustion processes.
Despite the substantial contributions of many studies on NOx prediction from various industrial
facilities, there is a lack of studies considering the environmental condition of the EAF in ferroalloy
plants. Therefore, this study presents a deep learning model for predicting NOx emissions from fer-
roalloy plants and further can provide guidelines for predicting NOx in industrial sites equipped with
electric furnaces. In this study, we collected various historical data from the manufacturing execution
system of electric furnaces and exhaust gas systems to develop a prediction model. Additionally,
an interpretable artificial intelligence method was employed to track the effects of each variable on
the NOx emissions. The proposed prediction model can provide decision support to reduce NOx
emissions. Furthermore, the interpretation of the model contributes to a better understanding of the
factors influencing NOx emissions and the development of effective strategies for emission reduction
in ferroalloys EAF plants.

Keywords: NOx emission; electric arc furnace; deep learning; explainable artificial intelligence

MSC: 68T05; 68T07; 68T37

1. Introduction

The escalating global emphasis on sustainability, such as zero emissions, has led to
changes in various industries, including the steel industry [1]. A wide range of policies,
strategies, protocols, and interventions related to emission reductions for specific air pollu-
tants have been implemented globally [2]. Particularly, in the Republic of Korea, owing
to increasingly stringent environmental regulations, government agencies have installed
sensors in stacks for telemonitoring and regulating factories that emit environmental pollu-
tants [3]. Additionally, the demand for ferroalloy, which is an essential raw material for
the steel industry, is anticipated to increase not only because of its importance in manu-
facturing steel but also because of evolving production technologies aimed at reducing
emissions [1]. Ferroalloys are iron alloys with a high proportion of one or more elements,
such as manganese (Mn), aluminum (Al), and silicon (Si), which enhance the characteristics
of steel and cast iron or serve essential functions in the manufacturing process [4]. Although
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ferroalloy production using electric arc furnaces (EAFs) results in lower emissions than
steel production using blast furnaces, the ferroalloy production process still generates a
considerable amount of NOx emissions, a substantial portion of which originates from
EAFs themselves [5]. As NOx is a major contributor to air pollution and a factor that
affects human health [6], there has been an increasing focus on research to predict and
reduce NOx emissions from various facilities [7-9]. However, despite the high demand for
ferroalloys and the significant NOx emissions associated with their production, there is a
lack of research on predicting NOx emissions from EAFs, which are the primary sources of
NOx at production sites. In this study, we developed a deep learning-based time series pre-
diction model to predict NOx emissions from electric furnaces. For this purpose, data were
collected from electric furnace and exhaust gas equipment at a ferroalloy production site.
Furthermore, to interpret the deep learning-based prediction model, we used interpretable
artificial intelligence techniques to identify the variables that have a significant impact on
NOx prediction in the electric furnace environment.

Predicting NOx emissions in EAFs can facilitate the reduction in emissions through
both pre-management, by adjusting key operating variables in production facilities, and
post-management, by enhancing denitrification facilities for efficient NOx removal from
exhaust gases. However, predicting NOx emissions in EAFs is challenging, owing to the
severe internal environment and complex combustion reactions [10,11]. EAFs produce
various exhaust gases and particulate matter during high-temperature combustion. Ad-
ditionally, the inside of the furnace chimney is exposed to a hot, humid environment
containing a mixture of various gases. Owing to these conditions, it is difficult to accurately
predict the NOx concentration within EAFs. There are two main approaches to predicting
NOx emissions [9,12]. The first one is the mechanism-based calculation approach, which
involves various parameters and empirical formulas for heat transfer, combustion, and
turbulence [12-15]. However, this approach to NOx prediction requires various assump-
tions and time to simulate the combustion process and predict NOx emissions, making it
challenging to model a combination of various factors inside EAFs [9,12,16].

The second approach is a data-driven method that establishes the relationships be-
tween NOx emissions and output variables based on data [9,10]. Compared with the first
approach, this data-driven approach does not need to solve complex equations [12]. In
this regard, many studies have employed data-driven methods to predict NOx emissions
by applying a deep belief network (DBN) [9], artificial neural network (ANN) [17], ex-
treme learning machine (ELM) [8], and long short-term memory (LSTM) [7] to various
facilities such as coal-fired boilers, cement precalcining kilns, and industrial waste incin-
erators [7,17,18]. Although these data-based approaches have proven to be effective in
predicting NOx emissions in diverse applications, applying data-based approaches to the
EAFs of ferroalloy production facilities has certain limitations. First, these approaches were
designed without considering the specific environment of the EAFs in ferroalloy production
facilities. EAFs have unique environmental conditions compared to other high-temperature
industrial settings, including higher temperatures from electric arcs (commonly reach
2000 °C) and reliance on electrical energy instead of fossil fuels [19,20]. Unlike the constant
conditions found in other combustion processes, EAFs involve a dynamic process for
producing products. This includes adding raw materials, removing slag, and adjusting
alloy compositions even during operation. In addition, the absence of a data collection
system to gather the necessary information from ferroalloy production systems presents
another challenge. Identifying the data that are essential for the accurate prediction of NOx
emissions from EAFs remains unclear. Therefore, further research is required to develop
NOx emission prediction models that account for the unique conditions within EAFs.
Second, many previous studies have employed machine learning-based models for NOx
prediction, focusing only on predictive performance analysis. For the successful collabora-
tion between experts and machine learning technology, the key factor is interpretability [21].
This ensures that behaviors of the model and predictions are understandable to humans,
facilitating further application for EAFs. Accordingly, for NOx prediction and reduction,
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it is necessary to analyze the critical factors for NOx prediction and to understand the
behaviors of the predictive models.

This study conducts a data-driven NOx emission prediction that is suitable for the
exhaust gas generation mechanism in the EAFs of ferroalloy production facilities. Addi-
tionally, the study employs interpretable artificial intelligence (Al) algorithms to identify
variables that contribute significantly to NOx emissions, thereby proposing an interpretable
model that considers the characteristics of EAFs to predict NOX emissions. Therefore,
this study provides guidance for constructing NOx prediction systems and data collection
systems for EAFs and can also be utilized to support the installation and operation of
denitrification equipment for NOx reduction by providing NOx emissions from EAFs and
furnishing data on NOx emissions from EAFs. It also offers insights into the factors influ-
encing these emissions, facilitating the environmental management and efficient control of
NOx emissions during ferroalloy production.

2. Background
2.1. Operation and Gas Exhaustion Process of the Electric Arc Furnace

EAFs are primarily used to produce ferroalloys. The ferroalloy production process
consists of raw material transportation, raw material pretreatment, electric furnace melting,
refining, and casting. In EAFs, raw materials such as iron scrap are melted and refined;
subsequently, oxidizing slag is produced to remove impurities from the molten pool [20].
An EAF is a sealed structure in which raw materials are charged and electrodes are inserted
after sealing with a cover. As illustrated in Figure 1, the melting of the raw materials begins
with an arc discharge. Electrical energy is supplied through the graphite electrodes, creating
a powerful electric arc between the electrodes and raw materials. This intense electric
arc, with its strong voltage, serves as the primary heat source for melting the material.
The internal temperature of the furnace is controlled by adjusting the position of the
electrodes. During the melting process, EAFs emit thermal NOx and other gases because of
the high temperatures generated, and NOx emission is predominantly concentrated in this
melting process.

«— FElectrodes

KK >0

Molten pool

Figure 1. Schematic of an electric arc furnace.

In this study, we collected data from EAFs and exhaust gas emission facilities at a
ferroalloy production site in South Korea. Figure 2 illustrates the exhaust gas emissions
generated in the EAFs considered in this study. By melting the raw materials, EAFs
generate a significant amount of thermal NOx. Subsequently, the dust duct captures
and collects the exhaust gases and fine particulates generated in the preceding processes.
The exhaust gases are then directed to a semi-dry reactor (SDR), where water is injected
to control the temperature of the exhaust gas. In the SDR, further treatment, such as
desulfurization, occurs to remove additional pollutants from the exhaust before release.
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The role of SDRs extends beyond temperature control to actively reduce the concentrations
of various harmful substances in exhaust gas. Bag filters remove particulate pollutants
(e.g., dust) but not gaseous pollutants (e.g., NOx and SOx). This phase primarily focuses on
eliminating fine particulates from the gas stream. An induced draft fan (IDF) is operated
to expel gases from outside the stack using pressure. The IDF creates a suction effect that
ensures the efficient and effective discharge of gases, thereby minimizing the emission of
untreated or partially treated exhaust gases into the environment.

Dust Duct

EAF SDR Bag Filter ID Fan Stack

Figure 2. Schematic of the NOx emission process from the electric arc furnace to the chimney.

2.2. Data-Driven NOx Emissions Prediction Research

Owing to the complex mechanism of NOx emissions from facilities involving high-
temperature processes, such as coal-fired power plants, research has been conducted on
predicting NOx emissions from exhaust gases (Table 1). Research has been conducted
to predict NOx emissions by utilizing computational fluid dynamics (CFD) simulations
to generate data on flow, temperature, and chemical reactions within the furnace. Far-
avelli et al. [22] proposed a method for predicting NOx emissions from gas/oil boilers by
utilizing CFD to obtain data on flow, temperature, and stoichiometry within the furnace.
They simplified the conditions with an ideal reactor network which is interconnected and
perfectly stirred or plug flow reactors to predict NOx emissions using a detailed kinetic
scheme. Likewise, Lv et al. [23] utilized CFD simulations to generate 3D NOx spatial
distribution data and applied extreme learning machine modeling for accurate predictions
of NOx distribution in the furnace. This study partitioned data based on NOx generation
mechanisms for enhancing model accuracy and provided a detailed approach for NOx
prediction in furnace environments. However, a potential limitation of these studies is
the requirement for fluid dynamics experts to effectively use CFD, requiring expertise in
handling diverse parameters and empirical formulas for heat transfer, combustion, and
turbulence specific to each facility’s environmental conditions. This complexity can pose
challenges for implementation in areas with limited research, such as EAFs, due to the
variability in environmental conditions across different facilities.

Compared to the challenges associated with CFD studies, research utilizing data-
driven methods has been conducted to establish the relationship between operational
variables and NOXx generation, thereby enabling the prediction of NOx emissions from
various facilities with less difficulty. Wang, Ma, Wang, Li, and Zhang [9] proposed a
method for data acquisition and NOx emission prediction in coal-fired power plants using
DBN-based models utilizing historical operating data. Tang, Wang, Chai, Cao, Ouyang,
and Li [8] proposed an autoencoder ELM model to predict NOx emission concentrations
from a coal-fired boiler. In their study, an autoencoder was utilized to extract hidden
features from the variables of operational data, and an ELM model was then applied to
predict NOx emissions from the hidden features. Zhang, Wang, Shao, Duan, and Hou [17]
utilized an ANN to predict NOx in cement precalcining kilns and a genetic algorithm to
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search for optimal operation parameters to achieve the lowest concentration of nitrogen
oxide emissions.

Table 1. Prior NOx prediction studies in facilities with combustion process.

Facility Data Prediction Method Reference

Computer fluid dynamics, Faravelli, Bua, Frassoldati,

Gas/ oil-fired boiler Fluent-based simulation data . Antifora, Tognotti,
ideal reactor network .
and Ranzi [22]
Coal-fired boiler Fluent-based simulation data Computer fluid dynamics, Lv, Zhao, Cao, and Shen [23]

extreme learning machine
Historical operation data,

Coal-fired boiler fluent-based simulation data, and Deep belief network Wang, Ma, Wang, Li,
. and Zhang [9]
experimental data
Coal-fired boiler Historical operation data Auto—en'coder, exfcreme Tang, Wang, Chalf Cao,
learning machine Ouyang, and Li [8]
. . . . s Zhang, Wang, Shao, Duan,
Cement precalcining kiln Historical operation data Artificial neural network
and Hou [17]
Coal-fired boiler Historical operation data Recurrent neural network Safdarnejad, Tuttle,
and Powell [24]
Coal-fired boiler Historical operation data Long short-term memory Yang, Wang, and Li [7]

network
Convolutional neural
network, long short-term
memory network
Random forest algorithm,
Coal-fired boiler Historical operation data lightweight convolutional
neural network
Convolutional neural
Coal-fired boiler Historical operation data networks, channel Li et al. [26]
Attention mechanism

World harmonized transient cycle
(WHTC) emission test data

Diesel engine hen, Wang, et fener Yo
Wang, Peng, Cao, Zhou, Fan,
Li, and Huang [12]

However, previous studies utilizing ANN-based models have certain limitations. This
is because they do not utilize the temporal dynamics of the operating variables in facilities,
which can contribute to NOx emissions. As the combustion of an EAF is a dynamic
process, EAFs” working conditions are correlated with historical NOx emissions. Given
that manufacturing execution systems (MESs) and telemonitoring systems (TMSs) store
dynamic time series data, previous time series data can be leveraged to develop prediction
models. Safdarnejad et al. [24] developed a dynamic data-driven model for a coal-fired
utility boiler to estimate NOx and CO emissions simultaneously, utilizing recurrent neural
networks to capture time series characteristics of the data. Yang, Wang, and Li [7] focused
on using LSTM networks to model the relationship between the operational parameters
and NOx emissions in a 660 MW boiler. To enhance NOx emissions prediction in diesel
engine transient environments, Shen et al. [25] proposed a prediction model based on
a hybrid neural network architecture that combines the feature extraction capabilities
of a convolutional neural network (CNN) with the time series prediction proficiency
of LSTM networks. In addition to models considering the temporal dynamics of the
operating variables in facilities, research has been conducted to modify the characteristics
and purposes of prediction in facilities or enhance the performance of existing models.
To improve the efficiency of the denitrification process in power plants, Wang, Peng,
Cao, Zhou, Fan, Li, and Huang [12] proposed a modeling method using a random forest
algorithm for the dimensionality reduction in input data and a lightweight CNN. In
their study, satisfactory NOx predictive performance was obtained. A lightweight CNN is
preferred over a high-performance CNN, which requires numerous parameters and floating-
point operations. Lightweight CNN could offer the advantage of efficient computation and
reduced complexity, making them more suitable for real-time NOx emission prediction
tasks in coal-fired boilers. Li et al.’s [25] study presents a CNN-based model for the
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accurate prediction of NOx emissions from a coal-fired power plant boiler. An attention
mechanism was integrated into the CNN-based model, with the attention module focusing
on the interdependencies between channels in the input feature maps to capture important
information in latent space.

Though previous studies have proposed data-driven NOx prediction methods for
facilities with combustion systems, research on predicting NOx emissions from EAFs is
still lacking. Consequently, data-acquisition systems tailored for NOx prediction in EAF
environments are lacking. An EAF generates extremely high temperatures to melt raw
materials, and owing to the characteristics of the molten pool during ferroalloy production,
noise is generated when measuring the exhaust gases emitted during ferroalloy production.
As the gas trapped beneath the slag layer in the molten pool and the collapse of charged
raw materials can lead to sudden explosions and a rapid increase in NOx emissions, it is
necessary to smooth the NOx emission values before utilizing them as training data for the
prediction model. In addition, exhaust gases in ferroalloy production facilities motion at
high speeds in hot and humid environments. In such an environment, data collected by
IoT sensors in a pipe may contain noise, owing to various factors. Thus, data preprocessing
techniques are required to construct training data for the prediction mode by smoothing
the noise. To smooth out noise or outliers, a Kalman filter is used to estimate the current
state from past measurements and correct outlier data based on the distribution of the
given data.

2.3. Interpretable Prediction Models

Despite the contributions of previous studies to the prediction of NOx emissions in
various combustion processes, an interesting yet unexplored angle still exists. In the case of
deep-learning-based prediction models, numerous studies have focused on performance
analysis, making it difficult to track the impact of input variables on NOx emissions. As
deep learning-based predictions rely solely on black-box models with undisclosed internal
mechanisms, experts in decision making have experienced challenges in utilizing these
predictive models [27].

Interpretable artificial intelligence methods are processes that provide interpretabil-
ity in a form understandable by humans, based on the explainability of how a model
works [28]. They can be classified based on the complexity of the model into post hoc and
intrinsic approaches [29]. The intrinsic approach involves models that are naturally inter-
pretable due to their simple structure (e.g., decision trees, linear SVMs). On the other hand,
the post hoc approach is applied after the model has been trained, focusing on the analysis
and interpretation of the model’s behavior. LIME (local interpretable model-agnostic expla-
nations) and SHAP (SHapley Additive exPlanations) are well-known methods, offering
insights into how the model makes its predictions. Both approaches are model-agnostic and
can be utilized across various models. LIME focuses on local explanations, offering insights
into the interpretation process for specific data points, but it has limitations in providing
global interpretations and consistency in the contribution of input variables [30]. SHAP
similarly allows for an understanding of individual contributions to predictions across the
entire dataset, but this approach can offer a broader analysis of model predictions, such as
feature importance [31]. Consequently, it has been utilized across various domains for its
comprehensive insights into model behavior [32,33].

Considering the ability to provide model-agnostic interpretations and both global
and local explanations [21,31], therefore, this study utilizes SHapley Additive exPlanations
(SHAP) to uncover the inner workings of a machine learning model for time series data
to predict NOx emissions from EAFs. This study constructs a model that reflects the
relationships between input variables over time and employs preprocessing techniques
specific to the features of EAFs to build the training dataset. Additionally, interpretable Al
is utilized to analyze the impact of the input variables on NOx emission predictions.
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3. Methodology
3.1. Kalman Filter-Based Smoothing Algorithm

Owing to the extreme environment in the chimney, the NOx data collected by the
sensors often contain noise. To address this issue, a Kalman-filter-based smoothing al-
gorithm is introduced to mitigate sensor noise, remove outliers, and enhance the quality
of the collected data to train the prediction model [34]. Kalman filtering is a method for
estimating the state of a dynamic system [35,36]. It predicts the next state based on the
current state and subsequently updates the predicted state using new measurements. The
mathematical model can be expressed as follows:

X} is the state vector representing the system’s state at time k.

Y, is the measurement at time k.

Q is the process noise variance.

R is the measurement variance.

Py is the error covariance matrix at time k.

K} is the Kalman gain at time k.

The Kalman gain adjusts the confidence between the current prediction and observed
data, thereby determining the optimal state correction. Therefore, a higher Kalman gain
value places more trust in the observed data and less emphasis on prediction, allowing the
Kalman filter to estimate and predict the system state more accurately. The state variables
of the system are estimated using measured data. The measurement data sequence is used
as the input to estimate the state of the system, and the Kalman filter-based smoothing
algorithm is performed as follows (Algorithm 1):

K1k = Xk 1)
Pepape =P +Q (2)
e = Yiy1 — Xerak 3)

P
K= g @)
Xiy1 =X + K - e ®)
Peyak = (I = Ki) - Py (6)

Algorithm 1. Kalman filter-based smoothing algorithm

Input: X, Yy 1, Py

Output: Xy, 1, Pr1q

Prediction:

(a) State prediction (Equation (1)).

(b) Error covariance prediction (Equation (2)).
Update:

(c) Innovation (Equation (3))

(d) Kalman gain (Equation (4))

(e) State update (Equation (5))

(f) Error covariance update (Equation (6))

3.2. NOx Emission Prediction
3.2.1. Long Short-Term Memory Network

NOx emissions in EAFs represent a time series issue because of the relationship be-
tween the past operating conditions and the current state. Since NOx emissions during
combustion in an EAF is a non-linear and complex process [15], variables and temporal
factors should be considered. Given the time series nature of NOx emissions in EAFs, an
LSTM neural network-based model is adopted (Figure 3). Owing to the ability of the LSTM
network to remember long-term dependencies, it can capture patterns in emission data [7],
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and it has been increasingly utilized in various time series prediction domains [7,34,37].
LSTM networks employ an unique architecture that uses structures known as gates to
regulate a value called the cell state (C). The cell state acts as the memory for the network,
which is crucial for retaining and carrying relevant information throughout the data se-
quence. The ability of LSTM networks to use gates to regulate cell states is crucial, and
this mechanism allows the network to selectively retain or discard information, thereby en-
hancing its efficiency in analyzing time series data. The forget gate in LSTM networks uses
a sigmoid function to assess previous outputs (/;_1) and current inputs (i), determining
which past information to retain or discard from the cell state. The input gate in the LSTM
network updates cell state C;. It employs a sigmoid function to identify which elements of
the current input are significant and identifies a tangent hyperbolic function to generate

a vector of new candidate values, C;. These elements are integrated to update C; using
essential new information. The output gate determines the final output &; by filtering the

cell state C ¢ through a tangent hyperbolic function and then multiplying it by the output of
the sigmoid function. This selectively updates h; with the relevant information from C;.
Each gate in the LSTM network operates according to the following formula:

The forget gate : f; = U(Wf-[ht,l,xt] + bf> (7)
The input gate : iy = o(W;[h;_1, x¢] + b;) (8)
Alongside C; = tanh(Wc-[_1, x] + bc) )

C=fi®oC1+it® Et (10)

The output gate : Oy = o(Wo-[hs_1, x¢] + b,) (11)

hy = O ® tanh(Cy) (12)
1
U(x) - 1 +€7x (13)
X — X
tanh(x) = m (14)

htf

—X) @ X
fe It Ot fr+1
%L
heust (0] (Ctamn ] (O] h,
\[ J

Xt Xt+1
Figure 3. Structure of LSTM.

C: denotes the state of the LSTM cells at time ¢, and /; denotes the output of the unit at
time t. W denotes the weight parameter metrics. f;, it, and o; denote the forget, input, and
output gates and state vector at time f. ® represents element-wise multiplication. When
applied to EAFs, utilizing their strengths in learning the sequence of features [7,25,34,37],
the LSTM network can offer advantages in improving the accuracy of predicting NOx
emissions typically associated with the operations of these furnaces.
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3.2.2. Delay Time Determination

At Korean ferroalloy production sites, TMSs are commonly used to measure the
NOx concentrations in EAFs [3]. Throughout the processes of NOx generation, detection,
and control, numerous parameters are monitored using the MES, as depicted in Figure 2.
However, these parameters are not measured simultaneously by the sensors, which leads to
inherent delays in data acquisition. In addition, the combustion processes in EAFs involve
complex reactions that occur over time and can influence NOx emissions. Given that
changes in the variables within the process do not immediately affect the NOx emissions, it
is necessary to select an appropriate delay time between the variables. This helps determine
the suitable length of the sequence to be input into the LSTM model, which is suitable for
processing and predicting events with intervals and delays in a time series [38]. The delay
time selection method based on mutual information (MI) focuses on identifying the most
effective sequence length from the operation variables to predict NOx emissions. Tang,
Wang, Chai, Cao, Ouyang, and Li [8] determined the delay time between each feature and
NOx emission concentration using the MI method. This is achieved by maximizing the
combined MI between the input features and target variable. MI is an information theory
measure that quantifies the amount of information obtained from one random variable by
observing another [39]. Ml is frequently used to evaluate the dependence or correlation
between variables, capturing insights that traditional regression analyses may not reveal.
Here, MI serves as a metric for measuring the extent to which one variable informs another,
thereby indicating their level of interdependence. X =[xy, xp, ..., x;], and n is the number
of samples in dataset X. H(X) represents the information entropy of random variable x.
The probability distribution of x; is p(x;). H(X,Y) is the joint entropy of X and Y. The
probability density functions of x and y are p(x) and p(y). The degree of correlation between
the two random variables can be expressed by the MI as follows [40]:

H(X) = =} iy plxi)log p(xi) (15)
I(X;Y) = H(X) + H(Y) — H(X, Y) (16)
I(5y) =} Y ex P(x,y)logm (17)

To determine the delay time, it is varied starting from one step, and the time step that
yields the highest Ml is selected. By analyzing the MI between the variables and the NOx
emission concentration, it is possible to determine the maximum feasible delay time for all
input variables.

3.2.3. NOx Emission Prediction Model Development

This study develops a model to predict future NOx emissions using a sequence of data
comprising 19 variables, including NOx emissions. To capture the trend of previously emit-
ted NOx levels, NOx emissions are utilized as predictive variables. The performance of the
NOx prediction model is assessed using quantitative performance evaluation metrics. The
mean absolute percentage error (MAPE) measures the average percentage error between
predicted and actual values. The R-squared (R?) score, or the coefficient of determination,
indicates how well the predicted values fit the actual data, with a score of 1 representing a
perfect fit. The mean squared error (MSE) quantifies the average of the squares of errors
and measures the variance of the prediction errors. The mean absolute error (MAE) mea-
sures the average magnitude of errors between the predicted and actual values without
considering direction.

MApE = 10y Vi~ i (18)
n yl
2 i — )
R* = =& — (19)
i1 (i — i)
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1 -
MSE =~ (9 — y)* (20)

1 .
MAE = Y |9: — vil (21)

3.3. Interpretation of the NOx Emissions Prediction

Although machine-learning-based models have been adopted in various domains,
their black-box nature, which enables powerful predictions, presents a key impediment
in that Al-based systems often lack interpretability and need interpretable machine learn-
ing [27]. To address the lack of interpretability of complex and nonlinear machine-learning-
based models, the post hoc interpretation method employs a model-agnostic method
to explain how certain features contribute to predictions and the model’s behavior [21].
Among the various interpretation methods, SHAP is a widely used framework for inter-
preting the predictions of machine learning models based on the Shapley value of the
conditional expectation of a model [41,42].

SHAP evaluates the feature importance using additive feature attribution methods, as
illustrated in Equation (22).

g(2) = po+ L0, ¢iz; (22)

Let f be the original predictive model to be explained and g be the explanation
model. Where z’ € {0, 1}M is a coalition vector that indicates whether the ith feature is
present (=1) or absent (=0), M is the number of features, ¢;€ R is the importance value
of the ith feature, and ¢y is the baseline outcome without any feature. Specifically, SHAP
identifies the importance of each feature as a change in the expected model prediction
when conditioning on that feature and explains how to change from the base value E[f(z)]
to the current output f(x). SHAP averages the ¢; values across all possible ordering. Hence,
when defining fx(S) = E[fx|xs] for a subset of features (S), the SHAP value (¢;) is expressed
as in Equation (23).

0= Tty MBI 6 (5 ) - £u(s) s

where f(SU{x;}) and f«(S) are the model prediction with and without the ith feature.
SHAP is an additive feature attribution method when ¢ equals fx(¢), representing the
baseline prediction with no features. The original model’s prediction for each sample
is equal to the sum of all the feature SHAP values. Thus, the SHAP values indicate the
contribution of each feature to the predictions of the model.

Calculating the precise SHAP value poses a challenge due to the necessity of evaluating
each potential feature subset, resulting in exponential computational complexity [21].
Therefore, we utilized deep SHAP, a method that aggregates SHAP values calculated for
individual network components to derive SHAP values for the entire network [42,43].
Using deep SHAP, we obtained the SHAP values for each feature. The absolute SHAP
value of the ith feature for the jth time-steps is expressed as in |¢; ;|, and the SHAP value of
the ith feature ¢; is the average of ¢; ;.

4. Analyses and Results
4.1. Data Preparation

Data were collected from the MES and TMS of EAFs, and 18,834 data points were
collected from 1 May 2023 to 7 July 2023. Among them, 17,422 data points were used for
training and 1412 for validation; 1412 data points were collected from 12 July to 17 July for
the test dataset. Given that the model based on deep learning demands numerous variables
and substantial data, long-term observation and data collection are essential. However,
due to the nature of the data collected by sensors, there can be gaps, and there may be
times when data are not collected due to operational schedules. Therefore, for research
purposes, it is crucial to collect long-term data without gaps across many variables. To

10
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NOXx emissions (ppm)
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build the training dataset for model learning, the NOx emission measurement data were
smoothed using a Kalman filter-based smoothing algorithm. Increasing the value of the
measurement variance (R) gives more weight to noise in the observed data. In this case, the
Kalman filter is less influenced by the predicted values, and the resulting graph is smoother,
following the volatility of the observed data more closely. In this study, R was set as 10°.
Increasing the value of the process noise variance (Q) results in greater uncertainty in the
system. In this case, the Kalman filter considered the predictions to be more uncertain.
Consequently, the graph maintains higher volatility in the predictions. In this study, Q
was set as 52. The initial error covariance matrix (P) affected the initial state prediction
of the Kalman filter. Increasing the initial error covariance matrix (P) value increases the
uncertainty of the initial prediction, resulting in a larger initial prediction error. In this
study, hyperparameters R, P, and Q were selected as trials and errors. We set the sum of
the R and Q so as not to exceed the actual variance of NOx, which is 17.75%. To smooth
the fluctuations in the graph, R was maintained larger than Q. P was set to 0.7, based on
the initial measurements’ difference, which was approximately 1.3. The smoothed NOx
data are shown in Figure 4. We selectively illustrated key examples, as visualizing all data
points would obscure this effect.

| ---- NOx Measurements

—— Smoothed NOX by Kalman Filter

T T T T T
o 1000 2000 3000 4000

Time

Figure 4. The denoised results of the NOx data using the Kalman filter-based smoothing algorithm.

4.2. NOx Emission Prediction

A comparison of the MI between NOx emissions and variables was conducted to
determine the appropriate sequence length for the prediction model input. As shown in
Table 2, each variable had a range of delay times from 1 to 6 steps, and each step was 5 min.
This design, resulting in a maximum delay time of 30 min, was influenced by regulatory
standards mandating emissions monitoring over 30 min intervals in Korea.

To capture the changes in each variable over time, we selected six steps as inputs for
the prediction model. The number of units was chosen from the range [64, 128, 256, 512],
and the numbers of LSTM and dense layers were varied to identify the optimal number
of units that yielded the highest performance. The output of an LSTM layer is a high-
dimensional feature vector that cannot be directly used to predict a single NOx emission
value. Therefore, a dense layer was employed, wherein each input node was connected
to every output node. This setup transformed the LSTM layer’s output into a single,
predictive NOx emission value. After analyzing the performance evaluation metrics in
the pilot experiments, two LSTM layers and one dense layer were used (Figure 5), and the
optimal units for each layer were determined as follows: LSTM1 (128), LSTM2 (64), and
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dense layer (64). As illustrated in Figure 6, the red line representing the predicted values
from the model closely followed the dotted line representing the actual NOx emissions.
The alignment of these two lines suggests that the model can effectively predict NOx
emissions. Figure 7 shows a scatter plot of the prediction models from the test data, where
each dot represents an individual prediction against the actual value. The linear fit line
indicates the trajectory of the predicted value, and the perfect prediction line in dashed
red represents the ideal points at which the predicted values would match the actual
values. The 95% prediction band indicates the area in which 95% of the predicted values
lie, thus demonstrating the consistency of the model. A narrow 95% prediction band
signifies concentrated, accurate predictions within the confidence interval, reflecting a
model’s consistent output. Conversely, a wide band indicates greater uncertainty and
dispersed predictions. The performance of the prediction model is shown in Table 3, and a
comparison analysis was conducted to observe the effects of the presence of previous NOx
emissions and temporal factors. This analysis revealed that incorporating the previous
NOx emissions and temporal factors yielded better results, as reflected by the improved
performance metrics. The ‘Model without NOx” did not utilize the previous NOx emissions
values, indicating that incorporating past NOx emissions data is indeed valuable. The
‘Model with only NOx’ showed satisfactory performance. It seems that including NOx as a
feature is crucial. ‘Linear Regression’, ‘Deep Neural Network (DNN)’, ‘Gradient Boosting
Regression’, and ‘Random Forest Regression” employed the same variables as the proposed
model. However, due to the nature of their models, they did not incorporate the temporal
aspect. This table demonstrates the effectiveness of using a model capable of reflecting
temporal elements and leveraging previous NOx emissions data.

Table 2. Highest MI according to the delay time of each feature.

. Mutual Delay Time . Mutual Delay Time
Data Description Information (5 min) Data Description Information (5 min)
Electrode Depth-A 0.2646 3 Dust Duct 0.8403 1
Temperature-A
Electrode Depth-B 02283 1 Dust Duct 07489 1
Temperature-B
Blectrode Depth-C 02538 1 Dust Duct 07651 1
Temperature-C
Semi Dry Reactor
Electrode Supply Water Flow 0.1457 4 Tnlet Temperature 0.7935 1
Press l?own 0.2590 3 Semi Dry Reactor Outlet 0.5817 5
Elevation-A Temperature
Press I?own 0.2992 3 Bag Filter Inlet 0.2683 6
Elevation-B Pressure
Bag Filter
Press Down 03053 3 Differential 02290 6
Elevation-C
Pressure
Power Use 0.5097 3 Induced Draft Fan Inlet Pressure 0.5280 1
Shell Cooling 0.2129 2 Induced Draft Fan Power 0.5765 2
Water Supply Flow
Xi-w Input sequence X, Xi-1

(LstM ) ————{Ls™™ ) —{LsT™ ]

@Tlm_%m —{s™
I_ ( FlC }-{ Dense }—{ output |

Figure 5. Schematic of the proposed NOx emissions prediction model.
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Figure 7. Scatter plots of the prediction model on the test set.
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Table 3. Impacts of incorporating temporal factors or previous time-step NOx emissions on the
performance (bold: indicates the best model).

Model MAPE R2 MAE MSE

Proposed Model (NOx) 9.4506 0.9145 1.7823 6.4525
Model without NOx 42.6532 0.5859 4.8642 31.2548
Model with only NOx 12.7176 0.5655 2.3918 10.1512
Linear Regression 14.5906 0.8841 2.2690 8.7988

Deep Neural Network (DNN) 14.1423 0.8751 2.3234 9.4811
Gradient Boosting Regression 19.4197 0.7903 3.1028 15.9172
Random Forest Regression 16.0896 0.8777 2.3040 9.2833

4.3. Interpretation of the NOx Emission Prediction

The SHAP algorithm was applied to the constructed model to calculate the importance
of each variable over time. Specifically, SHAP assigns an importance value to each feature
for each prediction, based on additive feature attribution methods that comply with a set
of variables. In the test dataset, 1000 data points were randomly selected to derive SHAP
values. The results of SHAP analysis provide information on how variables influence the
model’s predictions but do not directly indicate causality. Therefore, it is important to be
aware of this limitation when interpreting the results obtained from SHAP analyses. The
average absolute SHAP values for each variable were calculated and plotted to visually
represent the impact of these variables on the NOx prediction at different time points
(Figure 8). The purpose of the various colors is to distinguish between variables, and
therefore, colors are unrelated to whether something is worse or better. Based on the SHAP
analysis, the temperature measured in the dust duct and SDR before passing through the
SDR device and the NOx emissions at the previous time-steps contributed to the predictions.
In the semi-dry reactor (SDR), there is a process where liquid is sprayed into the exhaust
gas to lower its temperature. Indeed, a noticeable difference in the area between the SDR
inlet temperature and the SDR outlet temperature can be observed. This suggests that
the contributions of the semi-dry reactor inlet temperature and the dust duct temperature,
which are related to the temperature of the exhaust gas before passing through the semi-dry
reactor, may be linked to the actual NOx emissions.

Summary and bar plots were employed to illustrate how the input features contributed
to the predicted output values (Figures 9 and 10). Summary plots allow us to understand
the global trend of the SHAP values of a feature. Specifically, the summary plots show the
distribution of SHAP values for each feature. Each point represents the SHAP value of the
feature for an individual prediction. Points moving to the right indicate a positive impact
on the model output, whereas points to the left indicate a negative impact. Red points
represent “high” NOx emissions, whereas blue points represent “low” NOx emissions.
The bar plots represent the importance of the features; their importance decreases from
top to bottom. Figure 8 depicts how different variables affect NOx predictions across time.
Figure 9 examines the variables” impact on lower NOx emission data points, whereas
Figure 10 focuses on higher emission points. Thus, while Figure 8 offers a global view of
variable impacts over time, Figures 9 and 10 provide more local insights into their effects at
particular emission levels. Figures 9 and 10 show the average SHAP values for each feature
in the bar graph. The bar lengths indicate the importance of the features, with longer bars
indicating more important features. To derive the SHAP values for both low and high NOx
emission levels, we selected 200 data points for each category from the test dataset. The first
200 data points were designated to represent the low NOx emission level, while data points
from the 1000th to the 1200th position were chosen to represent the high NOx emission
level. Figure 9a shows the summary plots, and Figure 9b shows the bar plots when the
NOx emissions are low. Features such as the induced draft fan power, induced draft fan
inlet pressure, and bag filter differential pressure were identified as important features
when NOx emissions were low. Figure 9b illustrates the variables with high contributions
at points of low NOx emissions. The exhaust gas facilities maintain pressure to discharge
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exhaust gas outside the chimney. Observing that variables such as induced draft fan power,
induced draft fan inlet pressure, and bag filter differential pressure have high contributions,
it is apparent that at points of low NOx emissions, the internal pressure of the exhaust
gas facilities has a greater influence than temperature or operational variables. Figure 10a
shows the summary plots, and Figure 10b shows the bar plots when the NOx emissions
are high. Features such as exhaust NOX, bag filter differential pressure, and bag filter inlet
pressure were identified as important when the NOx emissions were high. As can be seen
in Figure 10b, the NOx emissions from previous points have a very high impact. Therefore,
it can be inferred that there is some inertia effect with the emissions at a particular level.
Figure 11 represents the actual temperature of the dust duct at data points where NOx
levels are low and high. In Figure 11, when comparing the temperature in the dust duct,
which collects gases emitted from the electric arc furnace (EAF), across two segments, it is
observed that there is about a twofold difference. Considering both Figures 8 and 11, they
suggest a possible correlation between NOx emissions and the temperature in the exhaust
gas system. However, the direct comparison of the SHAP value between low and high
emission levels may not entirely reflect an equal analysis due to the dataset containing a
higher number of samples at high NOx emission levels. Despite the dataset’s imbalance,
the figures reveal the relationships between features and the target, offering insights into
the variables” impacts on low or high NOx emissions.

Time-Step Wise Feature Importance (Area Plot)

ElectrodeDepth_A
ElectrodeDepth_B
ElectrodeDepth_C
ElectrodeSupplyWaterFlow
PressDownElevation_A
PressDownElevation_B
PressDownElevation_C
PowerUse
ShellCoolingWaterSupplyFlow
DustDuctTemperature_A
DustDuctTemperature_B
DustDuctTemperature_C
20 A SemiDryReactorinletTemperature
SemiDryReactorOutletTemperature
BagFilterinletPressure

I BagFilterDifferentialPressure

I InducedDraftFaninletPressure
10 4 W InducedDraftFanPower

I ExhaustNOX

Average SHAP Value

Time Step

Figure 8. The absolute SHAP value of each variable for time-wise steps.
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(a) Summary Plot (Low NOXx)
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(b) Bar Plot (Low NOx)

Figure 9. Summary and bar plots with low NOx emissions.
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(a) Summary Plot (High NOx)
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Figure 10. Summary and bar plots with high NOx emissions.
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Figure 11. Comparison of dust duct temperature at different NOx emission levels.
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5. Discussion and Conclusions

This study proposes a model for predicting NOx emissions suitable for the EAFs
of ferroalloy production sites. A Kalman-filter-based smoothing algorithm was used
to denoise the NOx emission data from the EAFs and construct the training data. The
study presented an interpretable model using variables collectable from EAFs at ferroalloy
production sites and was able to identify key influencing variables in prediction through the
utilization of explainable Al. The NOx emission prediction model employs real-time data
collected from the EAFs of the ferroalloy production workplace, thereby offering insights
for practitioners aiming to establish a real-time prediction system with data collection
and NOx prediction capability. With increasing environmental regulations, practitioners
involved in related industries need to prepare for these changes, which can serve as a basis
for proactive adaptation in ferroalloy production.

This study developed an interpretable model for predicting NOx emissions in EAFs
by adopting LSTM and identified the variables with a significant impact on NOx emission
predictions from the collected data through explainable Al methods. Owing to this research,
it is possible to provide guidance for building a NOx prediction system in EAFs, and it hints
at ways to reduce NOx emissions at ferroalloy production sites through NOx prediction.
For practical applications, NOx prediction can be implemented in real-world settings,
with potential expansion to both chimney and internal exhaust gas emissions. However,
the key to effective NOx emission prediction lies in the ability to collect data. Real-time
data transmission from manufacturing and exhaust gas facilities to systems capable of
immediate data management and collection is essential. From the perspective of building
an NOx emission prediction system, this study can be helpful in establishing a system for
the prediction of EAFs at ferroalloy production sites, where a data collection system has
not yet been implemented. This study outlines the collected data, key variables, and data
collection locations, offering guidance for workplaces looking to initiate data collection and
management for NOx prediction. Many EAFs in ferroalloy production face challenges in
establishing a data collection system for real-time historical processes and observational
data from chimneys. Moreover, identifying the specific data required for accurate real-time
NOx emissions prediction from the collectable data is necessary to these facilities. Owing
to the limited prior research on predicting NOx emissions from EAFs, it is necessary to
identify data that can be collected and that are essential for the prediction of EAFs at
ferroalloy production.

Regarding potential impacts, this research can assist ferroalloy plant operators plan-
ning to reduce NOx emissions. NOx prediction can significantly contribute to NOx reduc-
tion efforts, both pre- and post-management. For pre-management, by identifying key
operating variables during the NOx prediction process, it is possible to apply them to the
operating systems of production facilities, attempting to adjust variables for the reduction
in NOx emissions. In this study, through SHAP analysis, the operational variables were
determined when the NOx emission levels were high and low. However, the variables
with high importance values were measurements, whereas the actual operational variables,
such as the depth of the electrode bars and power usage, showed low importance. If future
research develops a high-performance predictive model based on operational variables,
it will be possible to identify combinations of operational variables to reduce NOx emis-
sions using an interpretable method. In post-management techniques, NOx prediction can
contribute to exhaust systems using selective catalytic reduction (SCR) facilities. Denitrifi-
cation facilities (e.g., SCR) remove NOx emissions from exhaust gases through chemical
reactions, and the rate of NOx removal varies depending on the amount of ammonia used
as a reducing agent. The excessive injection of ammonia can cause ammonia slip, leading
to potential equipment failure and reduced dust collection efficiency, whereas too little
ammonia reduces the NOx reduction. Therefore, a system that can adjust the amount of
ammonia injection by predicting NOx emissions in real time is required.

Despite these contributions, further studies are required. First, the study could be
applied to various EAF environments as the types, variables, and specifications of EAFs
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can vary, and broader application in diverse settings could enhance the generalizability
of this research. By expanding our collection of operational variables and enhancing the
depth of interpretable Al analysis in future research, NOx prediction can transform into a
proactive management tool. This progress is expected to facilitate the implementation of
operational strategies specifically targeted at reducing NOx emissions, thereby advancing
toward active environmental management. Second, as this study was conducted between
May and July, there is a need to use data over a more extended period. With significant
seasonal temperature variations in Korea, collecting more data to consider seasonality
could improve the applicability of this study. Continued research in this area could lead
to broader and more universal applications of this study for various EAFs at ferroalloy
production sites. Third, a systematic approach to assign hyperparameters of the Kalman
Filter smoothing algorithm is required. In this study, they are designed based on trial-and-
error methods. An enhanced and systematic approach can improve this study. Finally, the
intrinsic limitation of SHAP should be acknowledged. Because SHAP is a model-agnostic
method utilizing the average value of the local one, the derived values are inherently
influenced by the specific samples used. This challenge is not exclusive to this particular
issue but is relevant to the interpretation of deep learning models at large. Further research
into the interpretation of NOx prediction is necessary to deepen our understanding of NOx
generation from EAFs.

This study was implemented using the Python 3.8.18 programming language, along-
side TensorFlow 2.10.0 for deep learning model development and SHAP 0.42.1 for inter-
pretability analysis.
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Abstract: In the manufacturing industry, which is facing the 4th Industrial Revolution, various process
data are being collected from various sensors, and efforts are being made to construct more efficient
processes using these data. Many studies have demonstrated high accuracy in predicting defect rates
through image data collected during the process using two-dimensional (2D) convolutional neural
network (CNN) algorithms, which are effective in image analysis. However, in an environment where
numerous process data are recorded as numerical values, the application of 2D CNN algorithms
is limited. Thus, to perform defect prediction through the application of a 2D CNN algorithm
in a process wherein image data cannot be collected, this study attempted to develop a defect
prediction technique that can visualize the data collected in numerical form. The polyurethane
foam manufacturing process was selected as a case study to verify the proposed method, which
confirmed that the defect rate could be predicted with an average accuracy of 97.32%. Consequently,
highly accurate defect rate prediction and verification of the basis of judgment can be facilitated in
environments wherein image data cannot be collected, rendering the proposed technique applicable
to processes other than those in this case study.

Keywords: defect detection; defect prediction; manufacturing process; seat foaming process; deep
learning; convolutional neural network; image augmentation; artificial neural network

MSC: 37M20

1. Introduction

Recently, the “4th Industrial Revolution” has emerged as a major keyword for eco-
nomic growth and has had a great effect in various fields, including manufacturing. In
particular, the concept of Industry 4.0, which enables factories to become independent and
self-adaptive depending on input from data that are gathered, is known in manufacturing
as smart manufacturing. Smart factories are production systems wherein factory devices
and parts are connected and interact with each other by combining existing production
manufacturing technologies with technologies such as the Internet of things, big data, and
cloud computing. A key feature of smart manufacturing is to assess and extract relevant
information from collected data using deep learning [1-3].

Because deep learning can analyze raw data and automatically identify feature rep-
resentations of data across several levels of abstraction, it has attracted interest as a tool
in smart manufacturing. The application of deep learning is not limited to process fault
monitoring [4-6] or state estimation [7,8]; several studies have explored its potential for
various other manufacturing applications [9,10]. In deep learning, artificial neural net-
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works (ANNs) and convolutional neural networks (CNNs) are widely acknowledged as
the leading technologies for pattern recognition from tabular and image data, respectively.

Each layer of an ANN is made up of a collection of several perceptrons or neurons.
Because an ANN only processes inputs in a forward manner, it is often referred to as a
feedforward neural network. It can easily be used to process image, textual, and tabular
data. Such neural networks are among the simplest variants. They pass information in one
direction through various input nodes until sending it to an output node. The network may
or may not have hidden node layers, rendering their functions more interpretable. Several
studies have shown that ANNs can implicitly detect complex nonlinear relationships
between dependent and independent variables. However, proper feature selection is
crucial when applying an ANN. The features input into the model must be well designed
according to the problem at hand. A CNN comprises convolution, pooling, and fully
connected layers. A CNN is best used when millions of features need to be retrieved, since
the convolutional layer generates feature maps that capture an area of an image that is then
divided into rectangles and transmitted for nonlinear processing. The CNN automatically
aggregates these characteristics rather than measuring each one separately. The fully
connected layers use the extracted features to identify the input picture after the pooling
layer reduces the number of the collected features [11,12]. CNNs based on auto-feature
extraction have been used in various systems for fault detection, material degradation,
and other applications. Glaeser et al. developed a fault-detection algorithm for industrial
cold forging. Based on a CNN, the algorithm can detect faults with 99.02% accuracy,
and classify each fault with 92.66% accuracy [13]. Nakazawa and Kulkarni proposed a
CNN with a SoftMax activation function to classify 22 WM defect patterns [14]. Saqlain
et al. proposed a deep learning-based CNN for automatic wafer defect identification
(CNN-WDI) in semiconductor manufacturing processes [15]. However, CNNs are better
suited for processing image data rather than tabular data. Accordingly, several studies
have utilized the conversion of tabular data into image data to leverage the advantages of
CNNgs, such as automatic feature extraction. Numerous time—frequency analysis techniques,
including short-time Fourier transform (STFT), continuous wavelet transform (CWT), and
wavelet packet transform (WPT), were combined with CNNs to convert tabular time-
series data [16]. These techniques use deep learning techniques to extract discriminative
features from time—frequency representations rather than the time domain and convert
continuous time-series data to two-dimensional (2D) representations using time—frequency
analysis [17-21]. The second method involves the conversion of numbers into images for
noncontinuous time-series data. Sezer et al. [22] generated 15 x 15 pixel images using
15 technical indicators related to stock prices. A CNN was adopted as the classification
and prediction model to classify financial data as images and predict buy, sell, or hold
signals for stocks. They evaluated the performance of their proposed model on Dow
30 stocks. In addition, Lee et al. [23] converted tabular data, such as vehicle spare parts,
into 3D voxel images and applied them to a 3D CNN to perform demand forecasting for
spare parts. By comparing them with other methods, they concluded that the proposed
method exhibited good prediction performance. However, there has been no research
related to the application of CNNs using the dataset conversion of numbers into images for
manufacturing processes. In addition, many manufacturing process data are recorded as
noncontinuous time-series and tabular data types.

Consequently, the main contribution of this study is to detect defects in manufactured
products by applying data obtained from the seat foam manufacturing process to the CNN
algorithm. Since the data obtained from the manufacturing process are numerical data in
tabular form, they were normalized, converted to gray images, and applied to the CNN
algorithm. To solve the imbalanced data problem, data augmentation and hyperparameter
optimization were also performed. In order to confirm the excellence of the proposed
method, defect detection was performed by applying the features extracted from tabular
numerical data to the ANN algorithm and then comparing the results with the results
of the proposed method. Consequently, it was possible to develop a defect detection

24



Mathematics 2023, 11, 4894

model with an accuracy of 98.33%, and the results confirmed the effectiveness of the
proposed technique.

2. Data Collection and ANN
2.1. Data Collection and Processing Method
The validity of this study was verified using a polyurethane foaming process for

automobile seats. The manufacturing equipment used for the foaming process is shown in
Figure 1. The study was conducted using data recorded during the actual foaming process.

Isocyanate

Mixing
Chamber

EjectionNozzle

Figure 1. Configuration of foaming machine.

The foaming process involves the production of polyurethane foam constituting
automobile seat cushion foam or automobile interior parts by mixing and foaming polyol
and isocyanate. This process was performed within 1.11 s, and the mixing and foaming
processes occurred when each raw material was foamed rather than generating and foaming
a mixed solution. Therefore, information regarding the mixed raw materials is unknown.
Thus, the process data for each raw material were collected by attaching flow, pressure,
and temperature sensors to the part closest to the mixing head [24].

To measure the flow, pressure, and temperature of isocyanate and polyol, Kracht VC1
F4 PS, Keller PA-21Y, and PT 100 Q) type were used. In this study, the average value of the
data measured for 1.11 s, which is the one-time foaming time, was calculated and used. The
collected data were divided into two types: normal and defective. The classification was
based on 3% of the mass reference value, which was the same as the quality requirement
of the finished-vehicle company. In the case of the mass of the produced polyurethane foam
being higher than the reference value, the density of the tissue inside the cushion was high,
resulting in poor ride comfort. However, if the mass of the produced polyurethane foam
was lower than the reference value, the density of the tissue inside the cushion decreased,
and the passenger’s body was not well supported.

The mass of the final polyurethane foam product is related to the flow rate, tempera-
ture, and pressure. However, because each factor exhibits a nonlinear relationship with
the others, this study considered these three factors; the labels are listed in Table 1. As
various process data were collected, the dimensions of each factor differed. Furthermore,
the algorithm being developed was not process-specific but general-purpose. To offset the
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characteristics of each factor, a normalization process was performed using the equation
below, such that the maximum and minimum values of each factor were the same.

C-— (Cmin —Wn X D)

M:
{(Cmux + Wy x D) - (Cmin — W, x D)}

)

where M is a normalized value, C is the data to be normalized, Cy,;; and C,,;,, are the
maximum and minimum values of each factor, respectively, and D is the difference between
Ciax and C,;j,,. This equation allows a value between 0 and 1 to be derived based on the
maximum and minimum values for each factor. Here, normalization may be performed
in a narrower range than 0-1 by adjusting the W, factor. Based on previous research that
has reported the possibility of deriving results with higher prediction performance and
reliability by avoiding the normalization range of 0-1, this study employed a W, value
of 0.125 to limit the normalization range to a range from 0.1 to 0.9 [25]. The lower row in
Table 1 shows the results of the normalization in Equation (1).

Table 1. Collected foaming process data.

Isocyanate Polyol

Flow Pressure Temperature Flow Pressure Temperature Label

426 92.2 244 1333 109.1 26.4 Fine

421 93.4 24.4 1333 109.7 26.3 Fine

417 105 24.4 134.4 109.6 26.3 Fine

Original 421 100.9 248 135.4 109.6 26.3 Fine
Dataset 421 94.9 243 133.3 108.7 26.4 Defect
412 90.7 24. 1333 107.5 26.9 Defect
412 109.5 249 1333 108.6 265 Defect
417 90 24.7 134.4 109.4 26.3 Defect

0.616667 0.537258 0.493846 0.741975 0.338596 0.841935 Fine

0.602778 0.55413 0.493846 0.741975 0.366667 0.835484 Fine

0.591667 0.717223 0.493846 0.796296 0.361988 0.835484 Fine

Normalized 0.602778 0.659578 0.543077 0.845679 0.361988 0.835484 Fine
Dataset 0.602778 057522 0.481538 0.741975 0.319883 0.841935 Defect
0.577778 0.516169 0.506154 0.796296 0.319883 0.848387 Defect
0.577778 0.780492 0.555385 0.741975 0.315205 0.848387 Defect
0.591667 0.506327 0.530769 0.796296 0.35632 0.835484 Defect

An overview of the data processing and defect detection methods is shown in Figure 2.

The numbers of fine and defective data are 8474 and 187, respectively. Some labeled data
are listed in Table 1. Tabular data were converted into image data. The tabular and image
datasets were augmented using the synthetic minority oversampling technique (SMOTE)
and cutout. Following preprocessing and augmentation, the tabular and image datasets
were passed through an ANN and CNN for defect detection.

2.2. ANN

When addressing data imbalance problems using seat foam manufacturing process
data, a challenge often arises in the case of an abundance of normal data, but a scarcity
of defective data. This imbalance can result in biased and inaccurate machine learning
models, particularly for minority labels. To address this issue, typically, oversampling
techniques are employed, particularly to augment existing defective data. There are various
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methods for oversampling based on the nature of the data to be augmented. In this study,
SMOTE was applied to augment the numerical data in the tabular datasets, and a cutout
was utilized to augment the image data.

Data Processing |

|
| |
[ 1
: Labeling Data Data Normalization |
|

| :
| 1
I Tabular Data . 1
: i i s TOrt Data Augmentation :
S I}

Data Analysis

Figure 2. A flowchart representing the proposed defect detection method.

The synthetic minority oversampling SMOTE is used to address the issue of class
imbalance in machine learning. Class imbalance occurs when certain classes in the dataset
have significantly fewer instances than others, causing the model to be biased towards the
majority class. SMOTE helps to mitigate this problem.

First, SMOTE begins by selecting data points from a minority class. Subsequently,
it identifies the k-nearest neighbors for each selected data point and generates new data
points by interpolating the selected data point and its neighbors. A random number
between 0 and 1, denoted as A, is chosen. The new data points are calculated as follows:

Synthetic Data = X + A (Xnn — X) (2)

Finally, the newly generated data points are added to the existing dataset. In this
study, the values of k are chosen as 65, 98, and 130.

An ANN is a computational model inspired by biological neural networks in the
human brain. ANNSs typically comprise three main types of layers: input, hidden, and
output. The input layer receives the initial data or features fed into the neural network.
The number of neurons in the input layer corresponds to the number of input features. The
neurons in the hidden layers perform computations on the input data. The network learns
and extracts features from the input data in these hidden layers. Consequently, the output
layer produces the final predictions or outputs of the neural network.

The ANN architecture in Figure 3 is simulated via Matlab 2022b on Windows 10. The
model parameters for each layer and activation functions are listed in Table 2. In this
process, the batch normalization layer and ReLU activation function were applied after
the previous fully connected layer. This process was repeated three times to analyze the
numerical data. Subsequently, to prevent overfitting, the model was passed through a
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dropout layer, and the results of the fully connected layer were output to the classification
layer using the SoftMax activation function.

[ Input Layer ]
v v

[ Fully connected Layer ] [ Fully connected Layer ]
v v

[ Batch Normalization Layer ] [ Batch Normalization Layer ]
v v

{ ReLU Layer ] { ReLU Layer ]
¥ L ]

{ Fully connected Layer ] [ Drop Out Layer ]
v v

{ Batch Normalization Layer ] [ Fully connected Layer ]
v v

[ ReLU Layer ] [ Soft Max Layer ]
|

Figure 3. ANN model.

Table 2. ANN model parameters.

(Gt )

Layer Feature Map Learnables Activation
Input Layer 6 -
Fully Connected Layer 100 Weight 100 x 6, Bias 100 x 1
Batch Normalization Layer 100 Offset 100 x 1, Scale 100 x 1 ReLU
Fully Connected Layer 50 Weight 50 x 100, Bias 50 x 1
Batch Normalization Layer 50 Offset 50 x 1, Scale 50 x 1 ReLU
Fully Connected Layer 10 Weight 10 x 50, Bias 10 x 1
Batch Normalization Layer 10 Offset 10 x 1, Scale 10 x 1 ReLU
Dropout Layer 10 -
Fully Connected Layer 2 Weight 2 x 10, Bias 2 x 1
Classification Layer 2 - SoftMax

3. Proposed CNN Architecture

3.1. Data Creation and Augmentation for CNN

The process of changing the data from a normalized table to images was applied to
a 2D CNN. In the image-creation phase, a 2 x 3 image was generated using six factors.
Each image was labeled as fine or defective. Because alternative ordering results occur
in diverse image forms, the order of the elements is crucial. To produce a coherent and
significant visual depiction, we grouped the factors and exhibited factors collectively or in
close proximity. Sample 2 x 3 images produced during image production are shown in
Figure 4. The process of converting the data into an image was performed such that the
normalized value could be composed of a grayscale value between 0 and 1. To specify a
value for grayscale, the following was used: 0 means black, 1 means white. The determined
gray color was then displayed in the generated image.

28



Mathematics 2023, 11, 4894

Flow Pressure Temperature :
1 0.9
1 0.8
Isocyanate
1 0.7
Polvol

Figure 4. Image data creation from tabular data.

While collecting actual process data, there may be an imbalance in the number of
normal and defective data points or a lack of collected data. Moreover, when learning is
performed using such a dataset, an overfitting problem can occur with a high validation
accuracy but low test accuracy. The simplest method to address this challenge involves
increasing the amount of data artificially before proceeding with learning. This method is
referred to as “data augmentation”, and there exist methods to change the basic character-
istics of an image, such as cropping a portion of the image, rotating the image, flipping the
image symmetrically in the horizontal or vertical direction, and injecting noise in the image.
Various studies have focused on methods for changing the geometrical features of an image,
such as mix-up, which mixes two images into one, and random erase, which masks a part
of the existing image with a random grayscale image [26]. The data augmentation method
used in this study was eliminated, and the existing image was masked by a randomly sized
white rectangle within the range of a minimum of 1 x 1 to a maximum of 112 x 112. When
masked at the maximum size, 1/4 of the total image was covered. Furthermore, the masked
position was randomly designated to prevent the problem of concentrated masking at a
specific position [27].

In contrast to other methods, the image augmentation method using a white rectangu-
lar cutout is suitable for this study, where the classification results may vary depending
on the grayscale values for each location in the image. Moreover, there is no change in or
movement of normalized values for each location because the scale of an image does not
change or the image is not augmented, such as in symmetric movement and rotation.

The augmentation results were used to generate the image shown in Figure 5. The
figure (a) presents the result of augmenting the fine data, and (b) presents the result of
augmenting the defect data. To solve the data shortage problem, the original image dataset
is increased by factors of 2, 5, and 10.
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Figure 5. Augmented image data: (a) augmented fine data; (b) augmented defect data.

3.2. Two-Dimensional CNN Model

Through this process, sensor data from industrial sites, where image data could not be
collected, were visualized and applied to the 2D CNN algorithm. The 2D CNN algorithm
is a deep neural network algorithm conceived based on the working principle of the optic
nerve in animals and is designed with a structure suitable for image data processing. A
2D CNN extracts the features of the data by reducing the size of the overall image and
increasing the image dimensions as the image is input to the feature extraction layer and
then passes through the sequentially constructed convolution and pooling layers. The
extracted features are finally entered into the fully connected layer, and a final judgment is
made. The algorithm used was based on CNN-WDI, which is a 2D CNN model proposed
by Saglain et al., and the number of nodes in the fully connected layer was changed to
make it suitable for this study [15]. The structure of the 2D CNN model in Figure 6 is
simulated through Matlab on Windows 10. The parameters such as the output size and
activation function of each layer are listed in Table 3.

3.3. Optimization of Hyperparameters

CNN’s contain several hyperparameters that must be carefully tuned to achieve an
optimal performance in various tasks. Certain key hyperparameters in CNNs include the
minibatch size, max epoch, learning rate, and dropout. The minibatch size is the number of
data samples used in one training iteration. This balances efficiency and accuracy, thereby
affecting the convergence speed. The max epoch signifies the maximum number of training
cycles through the dataset, which is crucial for model learning to avoid underfitting or
overfitting. The learning rate dictates the step size for updating the neural network weights
during training. This influences the convergence and model accuracy, which require careful
tuning. Dropout is a regularization method that prevents overfitting. It randomly drops
neurons, thereby enhancing model generalization. The dropout rate controls the fraction of
dropped neurons, which is crucial for robustness.

The selection of hyperparameter values significantly affects the performance of ma-
chine learning models. In this study, the grid search method, which is a systematic approach
for determining the best combination of hyperparameters by evaluating all possible com-
binations within a specified range for each hyperparameter, was used. The ranges of
the hyperparameters are listed in Table 4. Subsequently, a grid containing all possible
combinations of the specified hyperparameters was generated. For each combination in the
grid, the model was trained on the training data, and its performance was evaluated using
cross-validation techniques (such as k-fold cross-validation). This provided an unbiased
estimate of model performance for each set of hyperparameters. Thus, the combination of
hyperparameters resulted in the best performance based on the loss function. This combi-
nation represents the optimal set of hyperparameters for the proposed model. Once the
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optimal hyperparameters were determined, the final model was trained using these values
for the entire training dataset. The range of hyperparameters was determined through
experiments and theories and by randomly substituting values within the range [28]. To
reduce the computational time required for iterative operations during this process, the
size of the images was reduced to 25 x 25 x 3. Table 5 provides the optimized values of
the hyperparameters used in the optimization method. After the hyperparameters were
determined, the model was trained with image data of the original size (224 x 224 x 3).
The training time for the CNN model was approximately 4 h.
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Figure 6. CNN-WDI model.
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Table 3. CNN model parameters.

Layer Activation Learnables Activation
Image Input Layer 224 x 224 x 3 -
Convolution Layer 224 x 224 x 16 Weight 3 x 3 x 3 x 16,Bias1 x 1 x 16
Batch Normalization Layer 224 x 224 x 16 Offset1 x 1 x 16,Scale1 x 1 x 16 Sigmoid
Max Pooling Layer 112 x 112 x 16 -
Convolution Layer 112 x 112 x 16 Weight 3 x 3 x 16 x 16, Bias 1 x 1 x 16
Convolution Layer 112 x 112 x 32 Weight 3 x 3 x 16 x 32, Bias 1 x 1 x 32
Batch Normalization Layer 112 x 112 x 32 Offset1 x 1 x 32,Scale1 x 1 x 32 Sigmoid
Max Pooling Layer 56 x 56 x 32 -
Convolution Layer 56 x 56 x 32 Weight 3 x 3 x 32 x 32, Bias 1 x 1 x 32
Convolution Layer 56 x 56 x 64 Weight 3 x 3 x 32 x 64,Bias1 x 1 x 64
Batch Normalization Layer 56 x 56 x 64 Offset1 x 1 x 64,Scalel x 1 x 64 Sigmoid
Max Pooling Layer 28 x 28 x 64 -
Convolution Layer 28 x 28 x 64 Weight 3 x 3 x 64 x 64,Bias1 x 1 x 64
Convolution Layer 28 x 28 x 128 Weight 3 x 3 x 64 x 128, Bias 1 x 1 x 128
Batch Normalization Layer 28 x 28 x 128 Offset1 x 1 x 128, Scale 1 x 1 x 128 Sigmoid
Max Pooling Layer 14 x 14 x 128 -
Convolution Layer 14 x 14 x 128 Weight 3 x 3 x 128 x 128, Bias 1 x 1 x 128
Dropout 14 x 14 x 128 -
Fully Connected Layer 1x1x2 -
Classification Layer 1x1x2 - SoftMax

Table 4. Range of grid search and step.

Hyperparameter Range Step
Initial Learning Rate 0.001~0.01 0.05
Max Epoch 10~50 10
Minibatch Size 10~300 50
Dropout Rate 0~0.3 0.1

Table 5. Optimized values of the hyperparameters.

Optimization Hyperparameter

Algorithm Dataset
Minibatch  Max Epoch  Dropout Learning Rate

k-65 SMOTE 100 50 0 0.005

ANN k-98 SMOTE 300 50 0 0.001
k-130 SMOTE 150 50 0 0.005

2x Augmentation 100 50 0.2 0.001

CNN 5x Augmentation 150 30 0.1 0.001
10x Augmentation 100 20 0.3 0.001

4. Results and Discussion

To derive the test results of the learned model, a confusion matrix was configured,
where Tp, Fp, Fn, and Tn represent the numbers of data points classified as true positive,
false positive, false negative, and true negative, respectively.
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It was evaluated using various performance measures, such as accuracy, precision,
recall, and F1 score [29]. The Accuracy of a classifier defines the frequency with which it
accurately predicts over the entire dataset, and is defined as follows:

Tp+Tn
Tp+Tn+Fp+Fn

Accuracy =

®)

Precision and Recall indicate that both performance measures are inversely proportional
to each other, and each has various classification-measuring qualities.

Precision = Yﬁpl'"p 4)
__TIp
Recall = Tp+ En @)

The F1 score calculates the harmonic mean of precision and recall and is defined as
follows: The F1 score is an interpretation of actual and predicted probabilities. If these
probabilities are close to each other, then the F1 score exhibits a higher result, and vice versa.

2 X Precision x Recall
Fl score = Precision + Recall ©)

To evaluate the execution time of defect detection, we used the GPU Nvidia GeForce
RTX 3070 and CPU Intel i9 10,900, resulting in an execution time of 0.089 s. The performance
evaluation metrics are listed in Table 6. Applying the oversampled data to the ANN,
the dataset with the k value set to 130 exhibited the highest accuracy of 84.82% and a
fallout value of 0.2857. In the CNN utilizing cutout, the image data were augmented
tenfold, resulting in an accuracy of 97.32% and a fallout value of 0.0357. Consequently, a
performance comparison between an ANN applied to tabular data and a CNN utilizing
tabular data converted into image data revealed the superior predictive accuracy and
fallout values of the CNN.

Table 6. Performance evaluation index by dataset.

Performance Index

Algorithm Dataset
Accuracy Precision  Recall F1 Score Fallout
k-65 SMOTE 0.8304 0.7606 0.9643 0.8540 0.3036
ANN k-98 SMOTE 0.8393 0.7639 0.9821 0.8594 0.3036
k-130 SMOTE 0.8482 0.7746 0.9821 0.8661 0.2857
2x Augmentation 0.9554 0.9474 0.9643 0.9558 0.0526
CNN 5x Augmentation 0.9643 0.943 0.9643 0.9643 0.0357
10x Augmentation 0.9732 0.9649 0.9821 0.9735 0.0357

This confirmed that the tabular data applied to the ANN were effectively transformed
into grayscale images. Moreover, the spatial context information of these image files
formed an efficient array for extracting the features of the seat-forming process. Employing
convolution layers for feature extraction and max pooling layers for downsampling the
image allowed the spatial hierarchical structure of the image data to be learned well.
Consequently, the preservation of specific parts of the image and assistance in feature
extraction were evident. The CNN model used in this study repeated the structure of the
convolution layer—batch normalization-sigmoid—max pooling—convolution layer four times.
In addition, previous studies have reported that accuracy escalates with each repetition,
indicating effective feature extraction [30].
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5. Conclusions

This study discussed the effectiveness of using deep learning, specifically 2D CNN
algorithms, to predict defects in manufacturing processes with nonlinear characteristics.
The focus was on predicting defects in seat foaming manufacturing using both ANNs and
CNNs. To address data imbalances, oversampling techniques were employed, including
SMOTE for the ANN and cutout augmentation for the CNN. The CNN outperformed the
ANN in terms of prediction accuracy, particularly with the 10-fold augmented dataset
using cutout, achieving 97.32% accuracy and a fallout value of 0.0357. Moreover, the
importance of preprocessing techniques such as grayscale conversion for image data was
emphasized and it was concluded that a CNN, with its ability to extract spatial features
and repeated convolution layers, was more effective than an ANN in predicting defects
using transformed image data in manufacturing processes.

Regarding the reliability of prediction or process analysis, it is effective to predict
defects in processes with nonlinear characteristics using deep learning. In particular,
utilizing a 2D CNN algorithm with excellent classification performance is effective, and
data in image form are necessary to apply the 2D CNN algorithm. However, extracting
distinct features, particularly when mixing raw materials, is challenging, and the process
of injecting them into a mold is limited by the collection and analysis of image data. This
process requires the conversion of numerical data into images. In this study, the concept
of each factor’s range or unit was eliminated through the normalization of the numerical
data, thereby facilitating classification based on its location within the entire range. It is
believed that these normalization results can be converted into grayscale values to allow a
model to learn a range of converted grayscale values instead of specific numbers, thereby
enhancing the classification performance. As a part of future work, we aim to explore and
implement various methods to reduce the training time of the 2D CNN model. This will
include investigating the impact of optimizing the size of the image dataset, among other
potential strategies.
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Abstract: This paper assesses the fault-detection capabilities of modern deep-learning models. It
highlights that a naive deep-learning approach optimized for accuracy is unsuitable for learning
fault-detection models from time-series data. Consequently, out-of-the-box deep-learning strategies
may yield impressive accuracy results but are ill-equipped for real-world applications. The paper
introduces a methodology for estimating fault-detection delays when no oracle information on
fault occurrence time is available. Moreover, the paper presents a straightforward approach to
implicitly achieve the objective of minimizing fault-detection delays. This approach involves using
pseudo-multi-objective deep optimization with data windowing, which enables the utilization of
standard deep-learning methods for fault detection and expanding their applicability. However,
it does introduce an additional hyperparameter that needs careful tuning. The paper employs the
Tennessee Eastman Process dataset as a case study to demonstrate its findings. The results effectively
highlight the limitations of standard loss functions and emphasize the importance of incorporating
fault-detection delays in evaluating and reporting performance. In our study, the pseudo-multi-
objective optimization could reach a fault-detection accuracy of 95% in just a fifth of the time it takes
the best naive approach to do so.
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1. Introduction

Modern industrial systems are increasingly more complex and prone to failure, which
can lead to significant dangers or high costs. Detecting faults is crucial in these systems [1],
but it is challenging due to the vast amount and complex nature of data the systems handle
and produce. Once a fault is detected, further analysis and decision-making processes are
necessary to identify the specific fault type and prevent it from spreading.

In recent years, deep learning (machine learning using neural networks with many
hidden layers) has showcased its remarkable ability to learn complex data representations,
revolutionizing various learning tasks. Deep learning was also successfully applied to fault
detection, which must handle a broad range of multivariate data [2,3]. Multivariate data
are a sequence of chronologically recorded observations of interrelated and interacting
multidimensional variables.

Although deep learning has shown success in fault detection, it is important to ac-
knowledge that researchers using deep fault-detecting models sometimes overlook the
crucial temporal aspect of fault detection. Specifically, they fail to leverage the existing
temporal dependencies among variables using only a single data sample in one time
step or, conversely, too much data in too many time steps [4]. Consequently, they fail to
optimize for the time it takes to detect a fault. In many applications, the fault-detection
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delay—the time gap between the actual occurrence of a fault and its recognition by the
fault-detecting component—can be quite dangerous and therefore this delay should be as
small as possible [5].

If attainable, fault prediction is better than fault detection as it allows us to prevent
potentially expensive faults from occurring. We can consider fault prediction as a negative
fault-detection delay. However, if predictions are unattainable, a low fault-detection delay
is just as important as high sensitivity and a low false alarm rate.

Quick detection of faults while minimizing false alarms is paramount in fault-tolerant
systems. A functional fault-detection system raises alarms with acceptable delays. Our
objective is to demonstrate the inadequacy of approaches that ignore fault-detection delays
when evaluating fault-detection (and prediction) performance. We experimented on a large
and renowned synthetic dataset [6] and tried to identify the main factor influencing the
accuracy and delay of the fault-detection process.

The main contributions of this paper are as follows:

(1) Emphasizing the significance of fault-detection delays when considering deep-learning
fault-detection models. By disregarding the temporal aspect of the solution, standard
loss functions produce solutions with little practical value.

(2) Introducing a methodology for estimating deep fault delays. In cases where the
timestamps of faults are unknown, it is only possible to estimate the fault-detection
delay to a certain extent.

(3) Proposing a pseudo-multi-objective approach to fault detection with any deep-learning
model, although we have only validated it with Long Short-Term Memory on a single
dataset. Deep models should only have access to short training sequences, or they
will not learn short-term relations needed for short fault-detection delays.

(4) Providing a clear integration of machine learning concepts with fault detection. Bridg-
ing these two domains facilitates better knowledge exchange and helps prevent
experimental errors.

This paper delves into the temporal aspect of deep fault detection. Additionally, we
examined the influence of data windowing on fault-detection accuracy and delay. Section 2
introduces the concept of a monitoring component and provides an overview of artificial
neural networks. Section 3 introduces a uniform notation for describing the context and
data windows in sequential data and estimating fault-detection delays for any model.
Section 4 presents a pseudo-multi-objective optimization approach that surpasses certain
naive approaches observed in the literature. Finally, Section 5 illustrates the application of
the proposed concepts using the widely used Tennessee Eastman Process (TEP) dataset [7].

2. Background

Fault handling commonly includes fault detection, fault identification, and fault
diagnosis [8]. In general, fault detection evaluates the system’s operational status to
determine its normal functionality; fault identification determines the specific type of fault
that has occurred; and fault diagnosis identifies the root cause of the fault and traces its
potential propagation path. Sometimes it is possible to identify a fault during the fault-
detection step. Regardless of the chosen approach, it is crucial to incorporate a component
that monitors the entire system.

2.1. The Monitoring Component

To effectively address the system’s complexity and safety concerns, we must design,
evaluate, and implement the safety-related aspects independently and in parallel with the
functional components. It is also essential to acknowledge the susceptibility to faults of the
control process itself. An independent monitoring component (MC) is a general approach
to overseeing the control function and assisting in fault handling.

The component actively monitors the inputs of the main system (a), the control
system'’s response (b = F(a)), and, if available, the internal state variables (c) of the control
system (refer to Figure 1). It is important to note that while the MC possesses the same
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information as the control function F, it does not perform the controlling task. The primary
role of the component is to confirm the validity of its inputs X = (a, b, ¢). Consequently,
the MC reports the operational diagnosis d = f(X) to a higher fault management layer
with the necessary expertise to handle a fault. Although a binary diagnosis indicates the
presence or absence of a fault, a more intricate output may even identify a specific fault.

Main B
system <+

Figure 1. Data flows and the positioning of the monitoring component above the control system.

To ensure minimal interference with the control environment, the monitoring com-
ponent should strive to employ physically separate and dedicated hardware exclusively
for its operation. Furthermore, the monitoring component needs to operate at a speed that
matches or surpasses the monitored system.

The most challenging aspect is developing a reliable decision model within the MC.
This decision model is responsible for recognizing the system’s state as either normal
or abnormal. Deep learning with artificial neural networks has enabled many effective
solutions that address this decision-making challenge [8,9].

2.2. Artificial Neural Networks

Modern machine learning encompasses a broad spectrum of approaches, among
which artificial neural networks have emerged as a successful and widely adopted method.
Artificial Neural Networks (ANNSs) are computational models inspired by the complex
network of biological neurons in animal and human brains. These networks are comprised
of interconnected nodes with weighted connections that transmit signals (represented
as real numbers) from one node to another. ANNs are highly suitable for addressing
diverse problem domains. A general and detailed description of artificial neural networks
is available in [10].

Although ANNS are fast to execute and can learn to compute nonlinear and complex
functions, it is important to acknowledge the potential pitfalls associated with their use.
Ref. [11] These pitfalls include:

e Data: ANNS rely on sufficient high-quality data that accurately represent the problem.
Data availability and quality can be a challenge, particularly because obtaining large,
labeled datasets may be impractical or costly [4].

e Learning: The success of the learning phase in ANNSs is not guaranteed and can be
influenced by factors such as the chosen network type and topology. Selecting the ap-
propriate architecture and configuring the network hyperparameters can significantly
impact its learning capabilities and overall performance [12].

®  Verification and Overfitting: Validating the solutions produced by ANNs can be
challenging. Due to the complexity of their internal workings, it can be difficult to
understand how and why an ANN arrived at a specific output. Additionally, ANNs
are susceptible to overfitting, resulting in reduced generalization of unseen data [11].
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Addressing these issues requires careful consideration during the design and imple-
mentation of ANNs. Strategies such as data preprocessing, regularization techniques,
cross-validation, and model evaluation can help mitigate these challenges and improve the
reliability and generalizability of ANNSs in real-world applications.

There are two general ANN architecture types, each with distinct advantages and
disadvantages. The first type is feed-forward networks, which propagate signals directly
from the input to the output layer. Due to their inherent simplicity, these networks can only
extract cross-dimensional correlations from large, external sequence-encompassing contexts
using more complex internal mechanisms, such as convolution [13] or attention [14]. It is
worth noting that feed-forward designs require substantial amounts of data and significant
offline learning efforts, but they are cost-effective to use afterward.

Recurrent neural networks (RNN) can naturally capture autocorrelations by utilizing
recurrent connections that loop the propagated signals. As a result, RNNs are well-suited
for handling sequential data, as they can effectively leverage an internal context that they
build autonomously from the supplied inputs. Chung et al. [15] observed that many
effective recurrent neural networks use advanced, recurrent hidden units. Two widely
used types of these hidden units are the Long Short-Term Memory (LSTM) and the Gated
Recurrent Unit (GRU). These specialized units, created for handling time-series data, have
greatly simplified the development and training of recurrent networks. Recently, however,
transformer-based [14] networks started to prevail also because they are faster to train [16].

One particular application of data-driven deep learning is deep anomaly detection,
which involves using deep neural networks to obtain feature representations or anomaly
scores. Anomaly detection focuses on identifying data instances that deviate significantly
from the norm [2]. In the context of anomaly detection for multivariate time-series, Tian
identifies three major challenges [4]. First, the scarcity of labeled data arising from the
rarity of outlier instances. Second, identifying complex interactions and relationships
among features proves to be a challenging task. Last, detecting hidden and inconspicuous
anomalies in high-dimensional data presents a formidable obstacle. These challenges
severely limit our ability to extract meaningful insights from the available data.

3. Deep Fault-Detection Models for Time-Series Data

Data-based fault detection using machine learning can go two ways. The first approach
involves constructing a classifier using supervised learning techniques. This classifier is
trained on labeled data and learns to classify a given data sample as either normal operating
conditions (NOC) or a potential fault. Predicting faults in the (near) future is even more
advantageous than simply detecting existing faults, and classification models can be trained
accordingly. However, supervised learning relies on high-quality labeled data representing
all possible system states. Obtaining such data in large quantities can be challenging,
especially in many industrial environments where faults are infrequent and come at a
high cost. Nevertheless, supervised deep-learning approaches for fault detection have
been successfully applied in various areas, including chemical production systems [17],
semiconductor manufacturing processes [18], and high-performance computing [19].

On the other hand, unsupervised learning provides a more suitable alternative for
fault detection, particularly in scenarios with few or no faulty samples available for train-
ing. In this approach, autoencoders (AE) are widely used as a technique for deep fault
detection [20,21]. Autoencoders are neural network architectures that encode the input
signal into a latent representation and then attempt to reconstruct the original signal from
this compressed information. A level of successful reconstruction of the input signal is a
measure of similarity between the test signal and the pre-learned normal signals.

By training autoencoders exclusively with normal operating condition data, they learn
the underlying structure or principal components of the signals that describe the normal
operation of a plant. When presented with an anomalous signal, their ability to accurately
recreate the input will be lower than with non-anomalous signals used in training. This
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difference in reconstruction performance enables us to distinguish anomalous samples
from the NOC samples based on the reconstruction error alone.

Consequently, the performance of autoencoders heavily relies on selecting an appro-
priate error threshold, which leads researchers to employ Receiver Operating Characteristic
(ROC) analysis by varying these thresholds. Unlike classifiers that can only distinguish
between normal operating conditions and expected faults, autoencoders can detect even
unanticipated states of operation.

3.1. Performance Metrics

Machine learning (ML) strongly emphasizes accuracy, primarily due to the generaliza-
tion challenges that artificial neural networks face when confronted with unseen data. The
main concern in ML is to mitigate incorrect outputs caused by the unstable propagation
of features through ANNSs, rendering them ineffective in the presence of minor input
perturbations [22,23].

Several studies have exclusively concentrated on established machine learning evalua-
tion metrics, such as accuracy, while neglecting the inherent sequential nature of the data
and failing to consider fault-detection delays [24-26].

3.2. The Data

The time-series data are a sequence of data samples denoted by S = [X (1), .., X(T)},
where each sample X(*) represents the input signals at time ¢, and T is the total number
of time ticks. Specifically, the sample x() = [x%t) P ;xg\t])],X(t) € RN, represents the
signal values of the N features at time tick ¢. The fault-detection model takes an input
sample and generates the output y = f(X),y € R. Each input sample corresponds to one
fault-detection case. Finally, a dataset, which consists of d sequences, can be denoted as
D = [51;52;. . .,'Sd].

Let us define a sliding window function that selects the last w samples from a sequence
S at time ¢:

Wi (8) 1= [xt-wtD)  xtEDx0], w<t<T. (1)

(t)

This allows us to denote Sy’ = Wz((,t) (S). In a sequence consisting of T samples, the
window Wr(S)(T) selects the entire sequence: S = Wr(S)(T), and W; (S)(T) selects only the

last sample: X(T) = Wl(T) (S). The sliding window utilized for sample selection is similar
to, but should not be confused with, the fault-absorbing sliding windows [27].

3.3. The Context

All deep-learning models rely on a context that serves as the reference frame for the
inputs they process. Samples preceding the most recent sample X(T) form the simplest context.

Specifically, the context includes the w samples visible through the window WZ(,,Tfl).
In the case of feed-forward (FF) models, the context is external and must be provided
at each time step. One way to incorporate it is by introducing it as a second parameter to the

fault-detection function, suchasy = f (SgT), S&T‘l) ). However, for simpler implementation,
machine learning flattens the context and appends it to the current sample, resulting in

y=7f (Sz(UTll), or even more simply y = f (Sg)). It is important to note that flattening the
external context removes the temporal axis from the data.

In contrast, recurrent models utilize a hidden state H, eliminating the need for an exter-
nal context. The operation of recurrent models can be represented as

(D, HD) = f(SiT),H(T_l)). As H is an internal state, we can omit it from the nota-
tion, resulting in f (S%T)) =f (SgT), H(T=1). Although recurrent models process time-series
data and update their state by considering one sample X(T) at a time, they still require the

processing of several consecutive samples to detect a fault because the state H(Y) depends

on H*"1). Considering that all the previous states influence the internal state, we can

express the entire history of processing as y = y(T) = f (S%l)) o...of (S%T)). Random
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initialization of H(®) makes H("T~®) a possible starting point for sequentially processing
the sequence sﬁ,,T), leading (again) toy ~ f (SZ(UT ) ). Unlike feed-forward networks, which
require flattening consecutive samples into one wide input, recurrent models retain the
temporal organization of the data.

The ‘context data’ size, determined by the hyperparameter w, limits the model’s ability
to capture long relationships. Feed-forward models have a limitation in that they can only
capture correlations within the constrained context (w << T) and are unable to detect
correlations that extend beyond it. It is important to note that the implementation of the
model may impose restrictions on the context size. The context size limitation is observed
in popular models like ChatGPT as well [28].

3.4. Fault-Detection Delay

Artificial neural networks are extremely quick at generating output. Unless a highly
responsive system is being monitored, the time required for this transformation can be
ignored, if we compare it to the duration of a single time step.

To quantify the fault-detection delay é, which refers to the time elapsed between the
actual onset of a fault and its detection [5], it is necessary to possess accurate information
regarding the fault’s exact occurrence time 7 within the system. Unless an external source
or an oracle provides this temporal data, determining the exact fault occurrence time
becomes extremely challenging. Faults typically require a certain amount of time to be
propagated through the system and are seldom detectable immediately upon initiation.
Furthermore, there are instances when the process control system actively masks the fault
by compensating for its adverse effects before the system enters a visibly anomalous state
that can be detected.

In machine learning, there is a common assumption that the associations within a
system can be acquired by recording its features and that the comprehensive data captures
all relevant relationships. Consequently, utilizing all available data to make informed

decisions through the execution of f(S (TT)) establishes the performance baseline for fault
detection, with the fault-detection delay 6 = T — 7. It is important to note that the baseline
model exhibits the maximum delay when applied to pre-recorded data. The true fault-
detection delay occurs only when the model is employed live on a data stream.

To determine the model’s fault-detection delay when the fault time is unknown, we
must identify the minimum number of samples required to provide sufficient information
for accurate enough fault detection at any time step:

£y = £, (i) € [6,T) x [0,T 4] )

Unfortunately, the brute force approach to determine ¢ using Equation (2) is very slow,
because we must determine ¢ for all possible training inputs:

d= ml?xé(D), 3)

where K is the set of all possible inputs of size w obtainable from the T time steps of long
sequences from D. Using the sampling stride of 1 gives |K| = |D| - (T —w + 1) possible
inputs. However, if one has knowledge of 7, one can determine 6 much simpler, because
the model requires ¢ time steps to detect a fault:

F(si™)y = NoOC Vi€ o6

0

£S5y # Noc

If we do not have 7, we should try to put a lower bound on ¢ by measuring the delay
at time step T. This is carried out by finding the smallest input that still produces the same

4)

output as the baseline decision f(S (TT) ); we shall denote this statistic as A:
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Fsy = £(s Hl) Vi€ [0,T Al
# f(si).

High A suggests that the model is unstable, while a lower A value is a sign of a simple
problem. A is not §(T)—the fault-detection delay at time T—but a lower bound (If the
model performs fault identification, the lower bound corresponds to the highest A of all
faults) for fault-detection delay at time T. Although the delays for other inputs are probably
different, the worst-case fault-detection delay will be at least A:

©)

A< 6. (6)

Because no (deep) model is perfect, the decision regarding a fault can change with
additional input(s). Raising premature alarms is bad but can only be mitigated by waiting
for more data that would confirm the alarm but delay the decision. We need a measure of
how fast the model’s output stabilizes. A simple boundary can be determined by testing

the model using inputs Sgt),t € [1, T], which include the first  samples. Let us denote with
y the time step when the output becomes stable—subsequent samples do not change the
outcome of the fault-detection process:

F(SP) = f(s ]j:’ ), Viel0,T—upu] @)

£ f(sV).

In contrast to A, p retains older samples and discards more recent ones from the input.
When the precise time of fault initiation 7 is known (e.g., provided by an oracle), the
fault-detection delay can be calculated by straightforward subtraction:

d=pu—r1. (8)

The delay estimation strategy applies when the fault occurrence time is unknown
(Figure 2a). After determining the A and p statistics, we need A < y to interpret the results.
Because A and u represent the delay’s lower and upper bound (A < § < u), a situation with
A > u indicates problems with fault detection in the underlying model. These problems
could be due to overfitting [29], instability [23], generalization problems [30], or other
issues we must address. When we know the fault time 7, we can measure the detection
time and directly compute the delay (Figure 2b).

Model
problems

Interpret
results

(a)

/ Fault
| time 7
', unknown

Fault Determine Compute Interpret
time 7 detection delay reslﬁts
known time ¢ =t—-7

Figure 2. The approach to fault-detection delay analysis depends on the availability of the fault

occurrence time. (a) Strategy if fault time is unknown; (b) procedure when the fault time is known.

4. Pseudo-Multi-Objective Optimization

In multi-objective optimization, a single model cannot simultaneously achieve the
best performance in all dimensions [31]. Optimizing for accuracy and low delay in fault
detection involves a trade-off, as these objectives are inherently conflicting. Consequently,
exploring multiple Pareto optimal solutions that offer a balanced trade-off between accuracy
and delay becomes crucial.
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Various universal techniques for tackling multi-objective optimization exist. One
common approach involves using weighting methods, such as adaptive weighting tech-
niques proposed by Xie et al. [32], or using multi-objective instance weights as discussed
by Lee et al. [33]. By incorporating such techniques, solutions that balance competing ob-
jectives form the Pareto front of candidate solutions to the optimization problem. Figure 3
positions various models according to their accuracy and fault-detection delay performance.
If the trivial model solution, which never signals a fault, has no fault-detection delay, the
ideal model would detect all faults instantly. Learning increases the models” accuracy
because explicit ML loss optimization pushes models horizontally toward higher accuracy.
Only an orthogonal incentive (explicit or implicit) would push the models towards short
fault-detection delays.
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Figure 3. Pareto front connects non-dominating models on the accuracy and fault-detection delay plane.

In this context, we adopt the implicit approach. We prioritize utilizing established
deep optimization techniques to maximize fault-detection accuracy while aiming for a
short delay as an implicit objective. This implicit optimization for short delays aligns
harmoniously with the accuracy-optimizing objectives of existing ML libraries without
necessitating any modifications to the existing ML code.

When training a fault-detection model with recordings of historical data that stretch
over many time steps, the conventional ML approach poses the question, “Do these
historical data contain any faults?” However, in real-time fault detection, it is important to
rephrase the question: “Do these historical data indicate an imminent or a recently occurred
fault?” This shift in emphasis redirects the focus from analyzing the distant past to the near
future or present.

When training the model with historical data with the fault introduced relatively early
compared to the overall length of the sequence (T << T), we effectively ask the first question.
To ask the second question, we would ideally need training data with the fault occurring in
the last time step (t = T) or, even better, in the future (t > T). The acquisition of such data,
especially in sufficient quantities for deep learning, can be very challenging, however.

However, when working with a large volume of historical data, it is important to
exercise caution in its utilization. Instead of treating a single sequence as a single learning
case, where the input S = § (TT) includes all T samples, one can reorganize data into multiple
smaller inputs [34]. Figure 4 shows a sliding window that samples at every time step and
produces T — w + 1 distinct yet overlapping training cases Sg) of size w, where t € [w, T.
We denote models trained on inputs of size w as M.

Strictly speaking, utilizing shorter inputs only partially falls under the umbrella of multi-
objective optimization. Nevertheless, training with shorter inputs implicitly encourages machine
learning algorithms to uncover short correlations for rapid fault detection.
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Figure 4. Sliding a window of size w over a long sequence with T samples produces T — w + 1 sequences.

5. Case Study

The data used in our study are obtained from the Tennessee Eastman Process, origi-
nally introduced by Downs and Vogel [7] and extensively described by Chiang [35]. TEP is a
widely recognized benchmark for researching process monitoring and control. It replicates
natural processes by incorporating modified components, kinetics, and operating condi-
tions. TEP is a synthetic dataset where all dynamic behavior arises from software-based
simulations. Since its inception, the simulation code has undergone several enhancements,
solidifying TEP as one of the most frequently employed benchmarks for studying highly
nonlinear and strongly coupled data.

Our decision to utilize the Tennessee Eastman Process dataset in our study is based on
several factors. First, TEP has been widely adopted by many researchers, as evident from
the works of Heo et al. [36,37], Sun et al. [38], and Park et al. [39]. Second, the published
papers we reviewed did not adequately address or fulfill the specific objectives of our
research. Lastly, acquiring high-quality datasets is often a challenging endeavor. To ensure
repeatability and facilitate transparency, we opted to employ an extensive recording of TEP
simulation data provided by Dataverse [40]. Notably, this dataset is also employed in the
MATLAB Help Center as an illustrative example for demonstrating the application of deep
learning with time series and sequences using the Deep-Learning Toolbox [24].

The TEP dataset represents a chemical plant, where the overarching control strategy,
as outlined in Downs and Vogel [7], aims to optimize overall performance. The plant’s
control system diligently monitors and logs 52 distinct features, comprised of 41 sensor
measurements and 11 manipulated variables at 3-minute intervals. Within the TEP envi-
ronment, the plant can operate under normal operating conditions, denoted as fault 0, or
encounter any of the 20 preprogrammed faults (faults 1-20). Upon the occurrence of a fault,
the control system attempts to mitigate the disturbance, by either successfully restoring the
system to the NOC state or allowing the fault to escalate beyond the NOC boundaries.

The dataset includes a substantial amount of training and test data. Specifically,
the training phase consists of 500 simulated plant runs for each combination of normal
operating conditions and 20 fault scenarios, resulting in a total of 10,500 simulation runs.
Each run spans 25 h, providing 500 samples per training sequence. In the case of a faulty
run, the fault is intentionally triggered at T = 20 time steps into the normal plant operation.

The test data follow a similar structure, with 500 independent simulations conducted
for each NOC /fault scenario. However, these simulations have a longer duration, consist-
ing of 960 samples, and faults are introduced at a later stage, precisely after T = 160 time
steps of normal operation.

The training data were divided into 400 training samples and 100 validation samples
for effective model development and evaluation. Each simulation run was an individual
classification case throughout all study phases, including training, validation, and testing.

The Tennessee Eastman Process has been the subject of extensive study by numerous
researchers. Several authors excluded faults 3, 9, and 15 from their research [24,39]. The
rationale behind this decision stems from the observation that the plant’s control system can
effectively handle the disturbances caused by these faults. Consequently, distinguishing
these faults from the plant’s normal operation proves to be a challenging task. We also
removed faults 3, 9, and 15 from our dataset in light of these findings. Consequently, the
training and test dataset consisted of 18 distinct plant states, resulting in 9000 recorded
sequences for each dataset. Since the TEP data includes information about the faults and
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their occurrence times, the task goes beyond simple fault detection and involves fault
identification through classification.

5.1. Setup

In developing and training our deep fault-detection models, we strictly adhered to
the setup and procedure outlined in the tutorial [24], except that we employed Python in
conjunction with the Keras/TensorFlow framework. The code snippet below illustrates the
model creation process, faithfully reflecting the prescribed methodology. Each model had
three layers of LSTM cells and 43,788 trainable parameters.

model = tf keras.Sequential (|

LSTM(units = 52, return_sequences = True),
Dropout(rate = 0.2),

LSTM (units = 40, return_sequences = True),
Dropout(rate = 0.2),

LSTM((units = 25, return_sequences = False),
Dropout(rate = 0.2),

Dense(units = 18, activation = tf.nn.softmax),

)

During the training phase, the simulation records were processed in batches of 32.
Like in tutorial [24], we employed the mean squared error loss function and the Adam
optimizer to optimize the model’s parameters.

5.2. Fault-Detection Performance

The results presented in Table 1 are the average values obtained from 30 trained
networks. At first glance, the selected model exhibited remarkable learning capabilities on
the TEP data, yielding outstanding accuracy. This was confirmed by Matthew’s Correlation
Coeftficient (MCC) score, which is known to be more effective in describing performance on
multiclass and unbalanced datasets compared to traditional metrics like the F1 score [41].

The limitation of training the model within 30 epochs was sufficient in discovering a
solution that appears to be close to the global optimum. The model achieved a validation
loss of 2 x 107> and a training loss of 0.00027. The test results for this model are summarized
in Table 2. We will designate this specific model as Model #1, representing the baseline
M5 family, where all members are trained on cases of 500 samples.

Although the MATLAB tutorial [24] focuses exclusively on classification accuracy
by employing all samples per sequence for a single fault classification, it ignores the
fault-detection delay. The important question to answer is when deep models begin
detecting faults.

Table 1. Training, validation, and test results.

Metric Min Max Avg Median StDev
Training: 7200 simulations, 500 time steps each
MCC: 0.7248 0.9999 0.9446 0.9569 0.0581
Acc: 0.7324 0.9999 0.9464 0.9590 0.0565
Validation: 1800 simulations, 500 time steps each
MCC: 0.7257 1.0000 0.9416 0.9575 0.0575
Acc: 0.7333 1.0000 0.9435 0.9597 0.0559
Test: 9000 simulations, 960 time steps each
MCC: 0.7214 0.9979 0.9395 0.9503 0.0594
Acc: 0.7289 0.9980 0.9415 0.9529 0.0578
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Table 2. The confusion matrix of the reference Model #1 on the test data; 99.733% accuracy, MCC
0.99718, asterisk denotes NOC and fault categories 1, 2, 4, 5,7, 8, 11, 14, 17, 19, and 20.

ACTUAL
Fault 6 10 12 13 16 18 *
6 498 0 0 0 0 0 0
o 10 0 500 0 0 0
= 12 0 0 496 0 0
‘EJ 13 2 0 0 483 0 0
= 16 0 0 0 0 499 0 0
~ 18 0 0 4 17 0 500 0
* 0 0 0 0 0 0 6000

5.3. Fault-Detection Delay Analysis

During the training and validation phase, faults were introduced in the TEP dataset at
time step T = 20. However, detecting these faults was delayed until step 500, when the
last training record became accessible. We conducted the A and y analyses on the training,
validation, and test data to investigate the behavior of the taught Model #1.

To demonstrate the A score, Figure 5 depicts the performance of the reference classifier

on a single test sequence labeled as ‘fault 1’. The sequence was divided into 960 sub-

sequences, denoted as nggo_)t, t € [1,960], and subsequently classified using the reference

Model #1. Inputs with A = 16 or more samples accurately supported the baseline ‘fault 1’

classification.
history A
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20 T T T T T
f(StM) —— A=16
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E 10
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timestep ¢
Figure 5. Fault detection using S(TT_) ; with windows of size h = T — ¢; fault 1 test case, A = 16.

Table 3 presents the A scores of the reference model for different faults on the validation
data, which was otherwise perfectly classified. Surprisingly, the maximum A score of 500
was observed for ‘fault 12’, indicating that the network required at least 500 steps to correctly
classify a sample belonging to the ‘fault 12’ category. This finding is unexpected because
the training/validation data encompass 20 steps of NOC data at the beginning of every
500-step sample. These initial 20 steps should not have influenced fault categorization,
meaning that the network is overfitting the training data.

For completeness, Table 4 displays the A values for the reference model on the test
data, including a few incorrect baseline predictions.

Figure 6 shows our reference classifier’s y performance on the ‘fault 1’ test sample.
Slices with less than 425 records were insufficient to recognize ‘fault 1’; however, if at least
u = 425 or more time steps were available, the network could predict ‘fault 1’ correctly.
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Table 3. Reference classifier’s A results on the validation data with 100 sequences per fault.

Fault # Min Max Avg Median StDev
NOC 100 11 392 135.0 127.0 83.3
1 100 1 25 3.0 2.0 5.3
2 100 1 1 1.0 1.0 0.0
4 100 1 23 2.0 2.0 3.1
5 100 1 73 8.0 4.0 11.7
6 100 1 467 102.0 3.0 148.2
7 100 2 17 2.0 2.5 1.8
8 100 1 279 59.0 42.0 63.0
10 100 33 471 190.0 148.5 123.0
11 100 12 307 84.0 75.5 47.8
12 100 178 500 406.0 412.0 51.9
13 100 1 291 38.0 26.0 46.2
14 100 2 35 4.0 3.0 4.5
16 100 41 471 210.0 195.5 107.8
17 100 26 453 131.0 83.5 109.6
18 100 1 275 58.0 2.0 77.6
19 100 12 385 116.0 94.5 84.4
20 100 14 140 53.0 49.5 26.2
Table 4. Reference classifier’s A results on the test data with 500 samples per fault.
Fault # Min Max Avg Median StDev
NOC 500 11 570 157.0 137.0 97.7
1 500 1 53 3.0 2.0 6.8
2 500 1 1 1.0 1.0 0.0
4 500 1 89 3.0 2.0 8.0
5 500 1 131 9.0 4.0 14.4
6 498 1 835 246.0 3.5 298.8
7 500 2 19 2.0 2.0 1.3
8 500 1 367 65.0 47.0 67.0
10 501 7 783 194.0 140.0 152.0
11 500 2 261 91.0 83.5 52.0
12 496 88 857 724.0 749.0 93.8
13 485 1 476 46.0 24.0 64.7
14 500 2 41 4.0 3.0 42
16 499 16 810 228.0 178.0 161.2
17 500 17 750 141.0 90.0 140.1
18 521 1 650 51.0 2.0 128.1
19 500 5 663 159.0 124.5 127.0
20 500 2 237 55.0 50.0 31.2
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Table 5 presents the p results obtained from the test data. It is important to note that
the # metric does not assess classification accuracy but focuses on its consistency over time.
Similar to the observations with A, we can again identify unexpected behavior. Despite
training the network on 500 time step sequences, the average stability of classification can
only be achieved well beyond 500 steps, as indicated by the value of Avg(Max(u)) = 636.7.
This counterintuitive behavior further suggests that the network is not aligning with our
initial expectations.

Given that we are aware of the fault introduction time of T = 160 in the TEP test data,
we can calculate the average fault-detection delay for each fault by subtracting 160 from
the highest u score achieved by the classifier, as shown in Equation (8). On average, our
best classifier would require Avg(Max(pt) — 160) = 476.7 time steps to detect a fault. It is
worth noting that only the NOC data slices were detectable before the 160th time step, with
an average detection occurring after just 15 samples. One NOC sample, however, required
at least 939 records to be correctly classified.

Table 5. Reference classifier’s y results on the test set.

Fault # Min Max Avg Median StDev
NOC 500 1 939 15.0 6.0 67.6
1 500 337 535 411.0 409.0 29.9
2 500 262 342 303.0 304.0 7.2
4 500 238 335 284.0 284.0 17.2
5 500 356 511 411.0 412.0 16.0
6 498 213 437 250.0 236.0 36.7
7 500 359 542 437.0 442.0 30.7
8 500 200 944 291.0 278.5 76.7
10 501 206 942 305.0 284.0 80.3
11 500 244 579 295.0 288.0 35.9
12 496 311 916 659.0 651.0 106.9
13 485 218 900 279.0 268.0 54.2
14 500 204 308 225.0 225.0 8.7
16 499 203 954 312.0 284.0 96.3
17 500 217 416 273.0 269.5 28.2
18 521 315 924 437.0 424.0 82.6
19 500 221 509 272.0 266.0 34.3
20 500 258 427 342.0 340.5 31.2

Tables 1-5 and Figures 5 and 6 are © 2021 Matej Sprogar, Matjaz Colnari¢, Domen
Verber, and reproduced with permission from “On Data Windows for Fault Detection with
Neural Networks.” IFAC-PapersOnLine, 54/04 (2021), pp. 38—43.

5.4. Comparison with Other Studies

There is a need for more directly comparable studies on fault-detection delay. For
instance, the study by Heo et al. [37] mentions that linear PCA and p-NLPCA detected
fault 5 as early as at time step 162, which corresponds to only two samples (equivalent to
6 min) after its introduction into the system. In contrast, our reference Model #1 needed
196 additional samples to detect the fault correctly.

Providing more insightful results are the findings from Park et al. [39], where a
combined autoencoder and LSTM network was employed. According to their report, the
average detection delay for faults 01, 02, 05, 06, 07, 12, and 14 was less than 30 min, show-
casing superior performance compared to our baseline. However, it is worth noting that
their model exhibited lower accuracy at 91.9%, which likely accounts for the disparities in
the achieved detection delays. Our network, on the other hand, required more information
to ensure higher classification accuracy. The question is, would shorter training cases make
a difference?
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5.5. Using Smaller Windows

The baseline Model #1 exhibited a notable fault-detection delay, highlighting the
inadequacy of training on long sequences with faults embedded early in the process.
Conversely, training on an individual sample per case fails to capture autocorrelations.

Given that our objective is not to find the optimal model but to illustrate the impact
of shorter training cases, we chose to utilize the W5 window to create models in the M5
category. In the TEP dataset, a training case spanning 5 time steps represents 15 min of
plant operation.

Generating training cases from a single sequence allowed us to augment the training
dataset to include 3,571,200 cases. Similarly, the validation and test sets increased to 892,800
and 8,604,000 cases, respectively, resulting in a dataset with over 13 million fault-describing
sequences. To create a representative Model #2 for the M5 category of models, we followed
the same procedure as when generating the baseline models of the M5y family. The final
representative Model #2 models achieved a training loss of 0.00294 and a validation loss of
0.00293. With an accuracy of 97.88% and an MCC score of 0.8955, the test performance of
Model #2 was lower than that of the reference Model #1.

To facilitate a more thorough comparison between the two models, we must assess
their usability for fault detection. This evaluation should consider accuracy and delay
based on the consecutive input samples that describe the operation of the plant.

In Figure 7, we can observe the variations in accuracy over time for the models.
Figure 7a illustrates the models’ performance on 500 steps of the training and validation
data, while Figure 7b depicts the corresponding analysis for the test data, encompassing
960 steps. The accuracy at each time step is calculated based on 7200, 1800, and 9000 sample
recordings from the training, validation, and test datasets, respectively.

(a) Training and validation accuracy: Ms vs. Msgg (b) Test accuracy: Ms vs. Msgg
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Figure 7. Running overall accuracy scores for the models #1 and #2 representing the respective Mz
and M5 category at each time step. (a) Results on training and validation data; (b) test data results.

The training and validation datasets were structured to include an initial period of
20 steps representing a faultless operation. For the baseline Model #1, the accuracy in
identifying normal operating conditions started at 20% for the first time step and improved
to 86% after 20 time steps. In contrast, Model #2 achieved 92% accuracy at the first time
step and reached 100% accuracy after three samples. On the test data, it took the baseline
Model #1 58 time steps to achieve a perfect (100%) accuracy score, while the accuracy of
Model #2 had already started to decline by then.

The introduction of faults (indicated by arrows in Figure 7) resulted in a significant
decrease in the accuracy of both models. Model #1 kept classifying all inputs as NOC
for a while, whereas Model #2 started to improve immediately. On the validation data,
it re-reached the 95% accuracy level with a delay of 55 time steps, whereas the baseline
model’s delay was 298 steps to reach the same level of performance.
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5.6. Discussion

The subpar performance of the baseline model during the initial time steps can be
caused by the inability of the Ssoo window to specify the first X(/<7) samples as belonging to
the NOC category when the whole sequence was faulty. Per design, all samples, including
the normal ones, were categorized as faulty. This combination of data could have caused
the model to mistakenly associate the NOC state with a faulty condition, resulting in
inferior start-up performance.

In all three datasets, there was a point where the baseline model started outperforming
the M5 representing model, reaching its peak accuracy at the final time step. This outcome
aligns with the primary objective of machine learning, which aims to achieve high overall
accuracy based on all available data. However, these graphs clearly illustrate that the
standard ML loss criterion is inadequate for effective fault detection. If a model is not
penalized for delays, it will prioritize marginal accuracy increases over significant delay
improvements.

Recognizing faults becomes progressively easier the longer they persist in the system.
However, training machine learning models to identify long-standing faults tends to result
in slower detection. To address the detrimental effects of long-standing faults, we can
employ data windowing and restrict the model’s access to information during training
and operation. Windowing creates multiple smaller fault-detection cases with reduced
information, which may not capture long autocorrelations but encourage the model to
focus on learning and leveraging short-term correlations. The “less means more” principle
holds, as less data can lead to shorter fault-detection delays.

All models in this study utilize LSTMs with recurrent architecture, allowing them
to generate outputs starting from the first sample. However, it is important to note that
their internal contexts still require a warm-up period. Interestingly, the warm-up periods
for both models differ significantly. The baseline model exhibits a much slower warm-up
process, requiring a larger number of samples to achieve comparable levels of accuracy.

A pseudo-multi-objective optimization can improve delay and accuracy simultane-
ously. It uses the data window size as a hyperparameter that significantly influences the
temporal behavior of the model. Tweaking other deep-learning hyperparameters, such as
the number of training epochs or the size of the neural network, can improve accuracy [36]
but can also negatively affect the delay. However, as our objective did not involve finding
the optimal TEP fault-detection model, we refrained from conducting an extensive analysis
of various window settings.

6. Conclusions

Although a control system can handle various disturbances, developing a dedicated
monitoring system specifically designed for fault detection and identification is crucial.
When applying deep-learning approaches to solve fault-detection problems, it is important
to consider an additional objective other than accuracy. Standard metrics are inadequate
and, as a result, misleading. They primarily focus on the correctness of results but ne-
glect the importance of delays in fault detection. Furthermore, it is unreasonable to expect
machine learning toolkits to excel in all domains universally; their effectiveness can vary sig-
nificantly.

The monitoring component must recognize a fault from data samples collected during
the fault-detection delay. The MC receives less information in the short period of time after
a recently occurred fault than in the longer period of time after an old fault. Moreover,
recent faults manifest less detectable anomalous traits than the older ones. Consequently,
long delays support better detection of older faults. Fault detection is inherently a bicriteria
optimization problem, where the fault-detection delay objective conflicts with the fault-
detection accuracy objective.

The comparison of two deep neural network models, which were trained differently in
some and identically in other aspects, highlights the need to understand the fundamental
limitations of the machine learning approach for optimization. In this context, we described
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a simple alternative to a more complex multi-objective methodology that would have
been required otherwise. Use of shorter training cases implicitly encourages deep-learning
models to detect and leverage shorter correlations. Additionally, this approach aligns well
with readily available machine learning frameworks.

Although we were able to replicate the high-accuracy results on the TEP dataset
reported elsewhere, it is important to acknowledge that the baseline solution is not suitable
for real-life applications. This becomes evident when observing the accuracy scores over
time. The case study illustrates the flaw of the baseline deep fault-detection concept. We
can produce better models only by circumventing the issue or applying multi-objective
optimization. Following the No Free Lunch theorem [42], however, it is important to
recognize that there is no universally best approach. We aim to highlight why fault
detection and identification warrant special attention.
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Abstract: This study proposes an integrated framework to automatically detect anomalies and
faults in underground transmission-line connectors (UTLCs) with thermal images because anomaly
detection of underground transmission-line connectors (UTLCs) plays a critical role in power line
risk management. The proposed framework features three key characteristics. First, the measured
thermal images were preprocessed through z-score normalization and image strengthening. Z-score
normalization improves the robustness of feature extraction for UTLCs even though noise exists in a
thermal image, and image strengthening improves the accuracy of segmentation for UTLCs. Second,
a preprocessed thermal image is segmented to detect UTLCs by addressing a multiscale mask deep
convolutional neural network (MS mask DCNN). The MS mask DCNN effectively detects UTLCs,
enabling anomaly detection only for pixels of UTLCs. Specifically, the multiscale feature extraction
module enables the extraction of distinct features of UTLCs and environments, and the skip-layer
fusion module concatenates distinct features from the feature extraction module. Furthermore, a
half tensor is used to reduce computational resources but maintain the same segmentation accuracy,
enhancing the feasibility of the proposed framework in field applications. Third, anomaly detection
is performed by addressing the contour method and unsupervised clustering method of DBSCAN.
The contour method compensates for the limits of the MS mask DCNN for real-world applications
because the neural networks cannot secure perfect accuracy of 100% owing to a lack of sufficient
training images and low computational resources. DBSCAN improves the accuracy of diagnosis and
ensures robustness to eliminate noise from thermal reflection caused by low-emissivity objects. Field
experiments with high-voltage UTLCs demonstrated the effectiveness of the proposed framework.
Ablation studies also confirmed that the methods addressed in this study outperform other methods.
The proposed framework with a novel automatic non-destructive patrol inspection system would
decrease the risks of human casualties during the periodic operation and maintenance of UTLCs,
which are currently the most critical concerns.

Keywords: anomaly detection; underground transmission lines; infrared camera; z-score normalization;
statistical image strengthening; MS mask DCNN; segmentation; unsupervised clustering

MSC: 68T45

1. Introduction

Underground transmission lines (UTLs) have been introduced in urban areas because
they are safe and robust to degradation originating from external environments compared
with overhead transmission lines [1-3]. UTLs are also free from the limitations of instal-
lation spaces and concerns regarding the negative effects of magnetic fields on citizens
in concentrated urban areas [4]. These advantages offered by UTLs have made them an
indispensable option, actively replacing overhead transmission lines worldwide in urban
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areas despite the higher installation cost [5]. UTLs are installed with connectors that include
insulators and various auxiliary components because the manufacturing process might
have a limitation on the maximum length of the UTLs. Incorrect installation or poor jointing
during repeated electrical loading can accelerate the degradation of connectors, and the
faults of UTLs could affect the entire UTLs system, resulting in significant economic losses
and human casualties [6]. In addition, UTLs are designed to have an expected lifetime of
over 30 years with appropriate operation and maintenance [7]. Therefore, inspection of
UTLs should be real-time, reliable, and automatic because it plays a critical role in ensuring
the reliable operation and safety of UTLs.

Various studies have been conducted to ensure the reliability and safety of UTLs, fo-
cusing on UTLCs in which most faults and accidents have occurred in connectors [8]. Faults
in UTLCs can be detected using non-destructive sensors, including magnetic sensors [9],
current-voltage sensors [10,11] and electro-magnetic sensors [12-14]. Specifically, a set of
measurements from a magnetic field sensor was used to reconstruct the current source
of underground power cables for inspection by addressing the stochastic optimization
technique and an artificial immune algorithm [9]. Fault detection of UTLs was also pro-
posed by addressing an algorithm that considers the fault arc voltage with power quality
monitoring data in the time domain [10] and by combining two methods of wavelet and
time-domain analyses [11]. PD measurements have been proposed for anomaly detection
of UTLs [12] because these measurements have several advantages, including accurate
detection of anomalies and localization [13] and immunity to noise [14]. However, these
methods involve installing contact-type sensors in the entire region of UTLs for accurate
condition monitoring, suggesting that these methods are inefficient from an economic
perspective because this approach requires a significant installation cost.

Fault detection with a non-contact type of sensor is promising because many sensors
do not need to be installed for UTLs. In particular, infrared (IR) cameras have received con-
siderable attention for health monitoring in the application field of electric and mechanical
facilities because they provide meaningful information on the thermal energy emitted from
an object of interest when a fault occurs. Intensive studies have been conducted to detect
anomalies using IR cameras [15-19]. Fault detection using an aerial system deploying an
IR camera was proposed for anomaly detection in photovoltaic farms [15,16] and overhead
transmission lines [17]. A patrol inspection robot was proposed by deploying an IR camera
to monitor the temperature of underground power facilities (UPF) with 2-D simultaneous
localization and mapping [18]. Object detection through a customized neural network
has also been proposed to identify defects in a thermal image [19]. These studies have
improved the accuracy and efficiency of infrastructure health monitoring by deploying IR
cameras. However, these methods are addressed by thresholding the intensity of pixels in
the measured thermal images to detect anomalies in an autonomous manner, suggesting
that these methods are difficult to apply in field applications because defining an appro-
priate threshold of intensity in thermal images is difficult and depends on the operational
conditions of inspection.

The automatic separation of UTLs from environments could be achieved through deep
learning because deep learning has witnessed significant advancements in recent years,
revolutionizing various domains with its remarkable capabilities with complex data and
extracting high-level representations. In particular, image segmentation has been improved
by addressing mask-based deep convolutional networks (CNNs). CNNs are specialized in
extracting hierarchical features from images, allowing them to recognize complex patterns
and structures in images. Moreover, the spatial invariance of CNNs enables them to
recognize patterns regardless of their location in an image. Parameter sharing and local
connectivity enable reducing the computational cost, overcoming the limitations related
to memory constraints. Specifically, image segmentation can be categorized into semantic
segmentation and instance segmentation. Semantic segmentation assigns a label to each
pixel in an image, providing a pixel-wise classification map, where each pixel is assigned a
specific class. It offers a more comprehensive understanding of the entire image, enabling
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efficient image classification, object detection, and contextual comprehension. Moreover,
semantic segmentation requires fewer computational resources compared with instance
segmentation, whereas this method could not differentiate between instances of the same
class; all pixels belonging to the same class are labeled identically. Instance segmentation
provides an accurate description of object boundaries and enables object-level analysis,
but this method is a more complex task that requires higher computational resources and
slower inference times. Hence, the choice between the two methods depends on the specific
application and the desired level of detail.

Various studies have been conducted on image segmentation through mask-based
DCNN s to improve accuracy and robustness using models such as Fully Convolutional Net-
work (FCN) [20], Residual U-Net (ResUNet) [21], and Mask-Region-based Convolutional
Neural Network (Mask R-CNN) [22]. Specifically, FCN was proposed for the semantic
segmentation of arbitrary-sized images through fully convolutional and deconvolutional
layers, without relying on predefined fully connected layers, and employed end-to-end
learning to optimize the network’s performance across the entire architecture [20]. Re-
sUNet employed the U-Net autoencoder architecture with residual and skip connections
to enhance information flow, the ability to capture fine details and the spatial context of
the image, and address the problem of gradient vanishing, even in deeper networks [21].
Mask-RCNN was proposed for the instance segmentation, combining object detection and
semantic segmentation through the integration of a region proposal network and RoIAlign
for accurate feature extraction of the images. Furthermore, a mask branch is employed to
predict pixel-level object masks for image segmentation [22]. Note that it is challenging
to detect anomalies in UPF using semantic segmentation with IR measurements, even
though several architectures have been proposed to effectively extract features of objects of
interest. This limitation would originate from the inherent characteristics of UTLCs, which
are the major location of failures in UPF because UTLCs are covered by several auxiliary
components, which significantly disturb the extraction of features of UTLCs for separating
UTLCs from environments.

To overcome these limitations, this study proposes an integrated framework for the
automatic anomaly detection of UTLCs using IR measurements. The proposed framework
is simple yet accurate for fault detection in field applications; it includes a preprocessing
phase with statistical image strengthening, separation of UTLC from environments based
on the features extracted through the MS mask DCNN, and anomaly detection with unsu-
pervised clustering. Note that this complete framework compensates for the limitations
of deep learning approaches, thereby securing high accuracy and robustness for field
applications. The contributions of this study are summarized as follows:

e  The preprocessing phase improves the performance of the segmentation of UTLCs
in a thermal image statistical image strengthening by employing two key features.
Specifically, z-score normalization improves the robustness of feature extraction for
UTLCs and reduces the noise in a thermal image. BHEPL improves the accuracy of
segmentation for UTLCs.

e Automatic separation was achieved through the MS mask DCNN, which incorporates
two key characteristics: a multiscale feature extraction module and a skip-layer fusion
module. The multiscale feature extraction module enables the extraction of distinctive
features from UTLCs and their environments, whereas the skip-layer fusion module
combines these features extracted from the multiscale feature extraction module.

e  The anomaly detection phase addressed the problem of false segmentation of UTLCs
when detecting anomalies with fast yet accurate post-processing methods. Specifically,
the contour method can eliminate false segmentation of UTLCs with low computa-
tional cost, whereas the unsupervised clustering method of DBSCAN eliminates noise
from thermal reflection, securing high accuracy and robustness in field applications.

e Intensive field tests demonstrate the effectiveness of the proposed framework in
real-world applications. Moreover, implementation of the half tensor during testing
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noticeably improved the framework’s inference time, demonstrating its suitability for
practical field applications.

The remainder of this paper is organized as follows. Section 2 proposes an integrated
framework for anomaly detection in the UTLCs. This section includes a detailed statistical
image-strengthening method and the architecture of the MS-mask DCNN. Section 3 de-
scribes experiments for the calibration of the IR camera, dataset measurements from field
experiments, and the construction of the MS mask DCNN. Section 4 presents the results, an
ablation study of the proposed framework, and an in-depth discussion. Section 5 concludes
the paper with both quantitative and qualitative highlights.

2. An Integrated Framework of Anomaly Detection

This section presents an integrated framework for the anomaly detection of UTLCs
with thermal images measured using an IR camera. The proposed method comprises three
phases (Figure 1). First, the visualized thermal energy of the UTLCs overlaid on a visible
spectrum image was normalized and statistically strengthened in phase A. This phase
aims to help the proposed neural network extract features of UTLCs by distinguishing
their features from those of the environment. Second, semantic segmentation is executed
through the MS mask DCNN in Phase B to separate the UTLC from the environments in
the thermal image. Hence, the MS mask DCNN plays a filtering role in detecting a UTLC
in the proposed method. Third, anomalies in UTLCs are detected in phase C based on the
KEPCO inspection regulation [23] using a contour method and an unsupervised clustering
method. The contour method aims to eliminate false-segmented inference from MS mask
DCNN because artificial intelligence cannot secure complete accuracy of 100% owing to
a lack of sufficient training images. An unsupervised clustering method of DBSCAN is
also employed to improve the robustness of the proposed method by decreasing the false
alarms caused by noise from thermal reflection. The proposed method can detect anomalies
for single and multiple phases of UTLCs in the sense that UTLCs are composed of multiple
phases. Details of each phase are described in the following subsections.

Phase A —— —L_Phaz(l-l' —_——
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Figure 1. The proposed framework for anomaly detection of underground transmission-line connec-
tors (UTLCs).
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2.1. Phase A Image Preprocessing and Statistical Image Strengthening

This subsection presents detailed methods of image preprocessing and statistical
strengthening (Phase A in Figure 1), which aim to improve the performance of semantic
segmentation and thereby help effectively train a neural network in the next phase. The
proposed method comprises three procedures: conversion of thermal energy into a tem-
perature image (Figure 1a), z-score normalization (Figure 1b), and image strengthening
through bi-histogram equalization with a plateau limit (BHEPL, Figure 1c) [24].

First, thermal energy measured from an IR camera is converted to a representative
temperature because inspection regulation defines anomaly detection based on the tem-
perature variation of UTLCs [23]. Hence, the accurate conversion of thermal energy into a
representative temperature plays an important role in ensuring the accuracy and reliability
of inspection. The IR camera is a non-contact sensor for measuring thermal energy through
the infrared wavelength band radiated from objects with an absolute temperature above
0 K. An IR camera of the TE-EV1 (I3systems, Daejeon, Republic of Korea) was used for
anomaly detection of UTLCs because this camera features a low noise-equivalent tempera-
ture difference of 30 mK (@ 300 K), a wide-range field of view (FOV) of 76° and 59.5° and a
high resolution of 640 x 480 pixels. The calibration sheet was provided with specifications
from the manufacturer, i.e., I3 systems. This sheet provides a conversion formula from
the thermal energy of the thermal data measured from the IR camera to temperature as
follows:

(W;; — 5000)
BT a— @)

100
where W;; and Tj; denote the measured thermal energy and converted temperature at the
ith row and jth column of the image. However, preliminary experiments revealed that this
calibration formula has a large uncertainty, suggesting that independent calibration should
be executed to ensure the accuracy of conversion with a governing equation as follows:

Tl']' =

T;;- = a1Tl']' + by, (2)

where T; denotes the calibrated temperature at the ith row and jth column of a pixel
in the temperature image of interest, and a; and b; denote the coefficients in the first-
order polynomial regression. Note that the detailed process of the calibration is described
in Section 3.1.

Next, a calibrated temperature image was z-score-normalized. This method aims to
help the proposed framework detect UTLCs regardless of several existing heat sources,
such as ceiling lights and hot spots in the UTLCs. These heat sources are located in the
UPF and disturb the ability to distinguish UTLCs from the environment because these
objects also emit thermal energy. In other words, UTLCs and other environments are
difficult to distinguish without z-score normalization when these heat sources exist in a
measured thermal image because the heats emitted from these heat sources are higher than
those emitted from UTLCs, as exemplified in Figure 2a,b. The proposed method would be
effective in this situation because z-score normalization can statistically mitigate outliers
exceeding three-sigma, as follows:

ur + 30T T{;‘ > ut + 301
Zij = HT ;*307 T;; < UT — 30’T ’ (3)
ij else

where Z;; denotes the z-scored temperature in the ith row and jth column of a pixel in
an image, and pr and or denote the mean temperature and standard deviation of the
converted temperature. Specifically, temperatures exceeding +3cr are changed to values of
pt £ 307 (blue and red line in Figure 2b), whereas temperatures within £3c1 hold the same
values because excessive temperature is measured, that is, outliers exceeding 307, resulting
in a small variation in UTLCs compared with environments in a thermal image (Figure 2a).
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In other words, this process helps to suppress excessive temperatures exceeding yr + 307.
Furthermore, a thermal image, where outliers are calibrated to yr £ 307, is normalized as:

o Zij — (pr — 3o7) _ Zij— (ur —3or)
i = i+ 307) — (e —301)) 607 ’ @)

where X;; denotes the z-score normalized thermal energy in the ith row and jth column
of a pixel in an image. Note that z-scored temperatures corresponding to ur — 3o and
ut + 3o are changed to zero and unity, whereas z-score temperatures within yr + 3o are
normalized in the range between zero and unity. Hence, these processes clearly distinguish
UTLCs and other auxiliary facilities in a calibrated thermal image, even though some heat
sources exist in the image, as shown in Figure 2c, suggesting that the MS mask DCNN
easily detects and separates a UTLC from the environment. Note that this procedure does
not eliminate statistical outliers during the final inspection. This preprocessing aims to
clearly distinguish UTLCs from environments in spite of existing unexpected anomalies,
including hot spots in UTLCs and ceiling lights, through MS mask DCNN in thermal
images in phase C.

4000

3000 |

Data Number

Data Number
N
o
o
o

nI .
40. s M2

2 404 408 408
c) /
30 32 34 36 38 ‘l 40 |’ 42

Temperature(C)

1000

1200
1000
g 800
€
2 600
©
S 400
200
0
0 50 100 150 200 250
Intensity
(d)
1200
1000 -
.
2 800+
S
2 600+
S
S 400}
200
0
0 50 100 150 200 250
Intensity

Figure 2. Resulting images of each process in phase A: (a) original thermal image and (b) its histogram;
(c) z-score normalized thermal image and (d) its histogram; (e) BHEPL enhanced thermal image with
z-score normalization and (f) its histogram.

Finally, a z-score normalized image was statistically strengthened by addressing the
BHEPL (Figure 3) [24]. This process comprises seven steps. First, the average intensity X,
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is calculated for each z-score-normalized thermal image (Figure 3a). Second, a thermal
image is decomposed into two sub-images by X, to maintain the mean brightness of the
thermal image (Figure 3b) as follows:

X = Xy UXy, ®)
where X; and Xj; denote two sub-images divided by X, defined as
XL = {X (0, )X, ]) < X, VX(i, ) € X}, ©)

Xy = {X(0,1)|X(,]) > Xm, VX(i,]) € X}. @)

Z-score normalized image

}
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|
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Figure 3. A flow chart of image strengthening through bi-histogram with a plateau limit (BHEPL).

Note that the sub-image X is composed of {Xo, X3, ..., Xiu }, and the other sub-image
Xy is composed of { X, 11, Xi42,. .., Xp—1} based on the calculated average intensity X,
as shown in Figure 2d. Third, two plateau limits T} and T; are set calculated to clip each
sub-histogram (Figure 3c) as follows:

1 Xm
T, = mk;)h(k), 8)
! S
Ty=—— , 9
u (L_l)_X'"k:XZm-H u (k) 9

where hj and hy; denote two sub-histograms of the divided sub-images, X; and Xj;.

Furthermore, T7, and Ty is calculated to the average of /ij, and hy; as shown in Figure 2d.
Fourth, each sub-histogram is clipped by two plateau limits to prevent a level satu-

ration effect (Figure 3d), which pushes the intensities toward the right or left side of the
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histogram. The clipped histograms through the two plateau limits Tr and Ty; are denoted
as hcp and heyy, which are given as

. hL(x) lf hL(x) < TL

her(x) = { Ty elsewhere (10)
_ () if hu(x) <Tu

hur(x) = { Tu elsewhere (1)

Fifth, the probability density functions, and cumulative density functions of each
clipped histogram were calculated to obtain the robustness transformation functions
(Figure 3e) as

pr(x) = hL(XK), fork=0,1,...,m, (12)
My

hu (X
pu(x):M, fork=m+1,m+2,...,L—1, (13)

My
where p; and py; denote the probability density functions of hic; and k¢, respectively,
and M; and My; denote the total number of pixels in h¢cy and h¢yy, respectively. These
probability density functions are used to calculate the cumulative density functions ¢y and

cy of Xy and Xy, respectively, as follows:

cr(x) =Y pr(Xp), (14)
k=0
L—-1

cu(x) =Y, pulXp) (15)
k=k+1

Sixth, the robustness transformation functions f7 (x) and fi;(x) are addressed with
two sub-images for executing histogram equalization and inversion histogram equalization
processes (Figure 3f) as

fr(x) = Xo + (X — Xo)[cL(x) — 0.5pL(x)], (16)

fu(x) = X1 + (Xp1 — Xg1) [eu(x) — 0.5pu (x)]. (17)

Note that the two decomposed sub-images are strengthened independently based on
their transformation functions. Finally, the output image is expressed (Figure 3g) as follows:

Y =A{Y(0,j)} = f(Xe) U fu(Xu), (18)

where f;(X;) and fi(Xu) denote the sub-set images defined, respectively, as
fr(Xe) = {fu(X(@ ) IVX(i, j) € XL, (19)
fu(Xu) = {fu(X(@/)IVX(i,j) € Xu. (20)

The strengthened image Y from BHEPL is shown in Figure 2e, and the intensity
histogram of image Y is shown in Figure 2f. A comparison between Figure 2c,e suggests
that enhanced thermal image through BHEPL (Figure 2e) would be more effective in
training the MS mask DCNN when other heat sources exist in a representative temperature
image, implying that the proposed method helps distinguish features of UTLCs from those
of environments in a thermal image for training the mask-based neural network, even
though several heat sources exist in the thermal images.

2.2. Phase B Multi-Scale Mask Deep Convolution Neural Network

This subsection presents a method for detecting a UTLC through an MS mask DCNN
(phase B in Figure 1) from a thermal image preprocessed in phase A. The MS mask DCNN
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is designed to separate a UTLC from the background of the thermal image because the MS
mask DCNN ensures high accuracy and robustness [25]. The architecture of the proposed
MS mask DCNN is designed for pixel-wise semantic segmentation, as shown in Figure 4,
featuring two characteristics: a multiscale feature extraction module (@ in Figure 4) and a
skip-layer fusion module (@ in Figure 4).

(1) Multiscale feature extraction

Input
(@) Skip-layer fusion

Scale 1 Scale 2 Scale 3 Scale 4 Scale 5
=P Feature extraction «  Convolution (3 x 3 filter) . .
Ii + RELU + Batch Normalization Max-pooling (2 X 2 filter) Up-sampling
------ % Fuse for each scale

' Convolution (1 x 1 filter) i Deconvolution ' Concatenate m Sigmoid

Figure 4. Architecture of the proposed multiscale mask deep convolutional neural network (MS
mask DCNN).

The multiscale feature extraction module is constructed using a symmetric autoen-
coder architecture. Specifically, the encoder and decoder construct multiscale layers to
effectively extract both local and global semantic features from an input thermal image.
Each layer in the encoder comprises several ConvReLU layers (gray blocks at () in Figure 4)
that combine a convolution layer, activation function layer, batch normalization layer, and
max-pooling layer. First, different scales of convolution layers are used to extract low-
and high-scale features and construct multiscale feature maps. Low-scale layers extract
high-frequency details, including complex temperature gradients and the edges of facilities,
with high resolution. Hence, complex local features of UTLCs and the background are
extracted at low scales because they are similar in size to an input image. In contrast, the
high-scale layers extract low-frequency details, including the global temperature gradient
and overall shapes of the UTLCs and the background with low resolution. In other words,
the global features of the UTLCs and the background are extracted at the high-scale layers
because they retain the implicated features at a small size. Hence, the proposed architecture
effectively extracts both local and global features from a thermal image. Second, the activa-
tion function layer executes a nonlinear space transformation to easily identify and extract
features. This layer addresses the ReLU function as an activation function because it helps
train the feature maps effectively through nonlinear space transformation with efficient
gradient propagation [26]. Third, a batch normalization layer plays a regulatory role,
preventing the gradient vanishing problem. Finally, a max pooling layer (orange blocks at
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@ in Figure 4) is added at the end of the encoder layers in each scale. This layer consists
of a stride larger than one and helps train the input thermal images effectively because
these networks reduce the size of the parameters and extract important features from an
input thermal image. Similarly, each layer in the decoder comprises several up-sampling
and ConvReLU layers symmetric to those in the encoder. The up-sampling layers (yellow
blocks at (D in Figure 4) in front of each decoder layer match the extracted feature maps
corresponding to the size of the encoder layers. This layer uses a bilinear interpolation
method to improve the inference time [27]. However, this might result in a loss of spatial
resolution and boundary bias. Hence, max-pooling indices are recorded and used for
up-sampling to compensate for the absence of representative information. The ConvReLU
layers in the decoder play the same role as those in the encoder. However, several nonlinear
space transformations at the activation layers of each scale enable feature extraction at
different hyperplanes, strengthening the features for accurate separation of UTLCs.

The skip-layer fusion module is introduced at each scale to mitigate concerns regarding
spatial loss from the convolution layers of the encoder and decoder. This module comprises
a concatenate layer (red blocks at (2) in Figure 4), a convolution layer (purple blocks at ) in
Figure 4), a deconvolution layer (green blocks at (2) in Figure 4), and a sigmoid activation
function layer (sky blue blocks at (2) in Figure 4). First, the same scales of the feature maps
in the encoder and decoder are concatenated to reduce the spatial loss in the concatenated
layer. Second, each concatenated feature map is fed intoa 1 x 1 convolution layer, changing
the size of the feature maps from multi-channel to one-channel. This layer helps train a
neural network effectively because it reduces the size of the parameters. Subsequently,
one-channel feature map passes through the deconvolution layers to resize the feature
maps the same as the input image. Finally, these feature maps are concatenated and then
passed through 1 x 1 convolution and sigmoid layers to separate the UTLCs from the
environment, as shown in Figure 5a. Therefore, the MS mask DCNN results in a binary
filter image to separate the UTLC from the environment.

2.3. Phase C Anomaly Detection of Transmission Line

This subsection presents a detailed method for anomaly detection in UTLCs (Figure 5)
The proposed method combines the contour method and the unsupervised clustering
method to improve the accuracy of semantic segmentation of UTLCs, thereby decreasing
the false-alarm rate. The contour method effectively eliminates the false-segmented pixels
of UTLCs with a low computational cost. The proposed method comprises three procedures:
elimination of false-segmented UTLCs, anomaly detection for single-phase UTLCs, and
anomaly detection for multiple phases of UTLC.

First, false-segmented pixels of the UTLCs are eliminated through a contour method
(Figure 1d) because a segmented UTLC through the MS-mask DCNN included false-
segmented pixels (red circles in Figure 5a). Note that neural networks cannot secure the
perfect accuracy of 100% because of insufficient training data and thermal reflection, which
are inherent characteristics of IR cameras [28]. Additionally, this study predefined a value
of 1 for the number of segmented UTLCs in an image. These concerns were mitigated by
employing a contour method [29] comprising four steps. First, contours were detected by
extracting pixels corresponding to the same value in a binary image. Second, the areas
of each contour were calculated, and the detected contours were sorted by area. Third,
all the pixels were eliminated, excluding the contour with the largest area. The contour
method eliminates all false-segmented regions predicted from the MS mask DCNN because
prediction from the MS mask DCNN secures an accuracy of over 90%, and thus, the largest
region represents the connector region of interest. Finally, the retained contours are filled to
refine the segmented UTLC (Figure 5b), demonstrating that the contour method effectively
eliminates false-segmented regions. Note that this binary image is used as a filter to
extract only the temperature distribution of a UTLC, implying that this method does not
affect the detection accuracy of an anomalous UTLC. Subsequently, the UTLC regions are
extracted from a thermal image. Specifically, the binary filter (Figure 5b) refined from the
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contour method is multiplied by the original thermal image, resulting in the temperature
distribution of the UTLC regions (Figure 5c).

Figure 5. A binary image (a) through MS mask DCNN and (b) refined by the contour method from a
thermal image; temperature distribution of a connector passing through the refined filter (c) without
and (d) with thermal reflection; (e,f) an optical image of a connector, where the red box denotes bolts
and nuts resulting in thermal reflection.

Second, an anomaly was detected for the single- and multi-phase UTLCs. The criteria
for anomaly detection are defined by regulations from KEPCO [23]. Specifically, the
regulations given by KEPCO classify the conditions of UTLCs into three categories: normal,
caution, and warning. Caution and warning are defined as regions with temperatures
exceeding 2 °C and 4 °C from the mean temperature of the UTLCs, respectively; otherwise,
the UTLCs are normal. Interestingly, a filtered thermal image of a UTLC includes a
small region of high-temperature pixels (the black box in Figure 5d) in some cases, which
could be considered an anomaly. An expert system reveals that these regions clustered
below 10 pixels are not overheated regions but regions of thermal reflection because
overheating leads to large pixels clustered because of thermal conduction in UTLs. Thermal
reflection is an inherent characteristic of IR cameras, which occurs when recording a
highly reflective object [28]. Underground transmission facilities include highly reflective
metallic components such as supporting structures, bolts, and nuts. Bolts and nuts fixing
the supporting structures are orthogonal to the IR camera in some cases, resulting in
thermal reflection (the red boxes in Figure 5e,f). Hence, the anomaly is determined by an
unsupervised clustering method of the DBSAN among several outlier pixels [30] because
this method is effective in eliminating small numbers of noisy pixels (Figure le). The
proposed anomaly-detection method comprises four steps. First, the mean temperature
is calculated for the pixels of a UTLC, which corresponds to a segmented UTLC in a
thermal image (Figure 5d). Second, overheated pixels exceeding 2 °C are identified because
these pixels are anomaly candidates in the KEPCO regulation [23]. Third, these pixels
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are clustered through DBSCAN to separate anomalies from noise from thermal reflection
with two parameters, radius and number of minimum points, where radius and number
of minimum points denote the maximum distance between pixels and the minimum
number of pixels within the radius in a cluster, respectively. This study uses predefined
values of 100 and 10 for the radius and number of minimum points, respectively, based on
experiments. Hence, clustered pixels exceeding the predefined threshold are overheated
regions, whereas other clusters are noise from thermal reflection. Specifically, overheated
regions are classified as caution and warnings when they exceed 2 °C and 4 °C, respectively.
Anomalies were further analyzed (Figure 1e) for the three phases of UTLCs because UTLCs
comprise three phases of UTLCs. Specifically, the mean temperatures for the three phases
of the UTLCs were compared. A UTLC with a high mean temperature exceeding 2 °C
and 4 °C is classified as an anomaly UTLC with a class of caution and warning. Moreover,
the proposed method is capable of handling various types of UTLC anomalies because
anomalies in UTLCs are caused by mechanical and electrical defects, which result in
localized temperature increases at the faulty components, and temperature distributions
could exhibit similar patterns.

3. Experiments
3.1. Calibration of IR Camera

This subsection presents a detailed calibration process for an IR camera to accurately
convert thermal energy to the temperature of the UTLCs. Note that the inherent charac-
teristics of an IR camera make it difficult to obtain accurate measurements of the UTLCs.
Specifically, an IR camera is a non-contact sensor that measures thermal energy rather than
temperature from the radiant wavelength of objects. Hence, the conversion of thermal en-
ergy into temperature results in errors when the parameters correlated to the conversion are
affected by the environment, including thermal reflection. Hence, the conversion equation
from the thermal energy to the representative temperature (Equation (1)) of TE-EV1 should
be calibrated to accurately estimate the temperature of the UTLCs and their environments.

Calibration was performed by comparing the temperature estimated from the IR
camera with that from the T-type thermocouple (OMEGA, Norwalk, CT, USA) with a cup
covered with black insulating tape made of polylactic acid (PVC, orange box in Figure 6a).
A cup covered by PVC was used in this experiment to match the emissivity of the surface
of the UTLCs because the surface of the UTLCs is covered by an insulator made of PVC
(Figure 5e). Note that matching emissivity is important for the accurate calibration of
measurements from an IR camera [31]. Experiments were conducted with several working
distances (WD) from 1.0 to 2.5 m with 0.5 m intervals between UTLCs and an IR camera
under heated water inside a cup at a natural convection condition. Hence, the tempera-
ture of the cup filled with water decreased over time because of the thermal convection
between the cup and the environment. Measurements with a period of 3000 s were used
for calibration.
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Figure 6. Experimental (a) setup and (b—e) results for calibration of an IR camera.

The coefficients a and b in the first-order polynomial regression are identified as 1.29
and —15.53, respectively, using Equation (2) based on the least square method, minimizing
the root mean square errors (RMSEs) between the converted temperature from the IR
camera and the temperature measured by the thermocouple (Figure 6b—e). The RMSEs of
the calibrated temperature were 0.63, 0.35, 0.20, and 1.07 °C (the red lines in Figure 6) when
executing calibration at WDs of 1.0, 1.5, 2.0, and 2.5 m, respectively, whereas the RMSEs of
temperature were 4.96, 4.62, 4.17, and 3.55 °C without calibration for the corresponding
WDs (the blue lines in Figure 6). The mean RMSE for all cases was reduced from 4.325 to 0.56
°C after calibration, implying that errors in estimating temperature significantly decreased
over seven times through the proposed calibration process. These results confirm that the

calibrated temperature of an IR camera is accurate for measuring the surface temperature
of PVC UTLCs.
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3.2. Thermal Diagnosis System

A thermal diagnosis system (TDS) was designed and mounted on a mobile robot
(Rover Zero 2, Rover Robotics, Wayzata, MN, USA) for the patrol inspection of UTLCs
(Figure 7). This system can also be used to measure sufficient image sets of UTLCs because
deep learning approaches require significant images for model construction. The weight
reduction of the TDS was a major consideration when designing the TDS because the
weight of the payload equipped in the mobile robot significantly affects the operating time
(i.e., inspection time). The TDS comprises an IR camera of TE-EV1 (I3systems, Daejeon, Re-
public of Korea), a 3D Lidar (Velodyne VLP-16, USA), a Jetson Xavier AGX (NVIDIA, Santa
Clara, CA, USA), five gas sensors, and a customized gimbal. Specifically, the IR camera was
mounted on a customized gimbal printed with polylactic acid using a three-dimensional
printer from S5 (Ultimaker, Utrecht, The Netherlands). The FOV of TE-EV1 was 76° and
59.5° in the horizontal and vertical directions, respectively, and a vibration isolator with a
soft sponge was designed in the gimbal to isolate vibration from the motors and ground
during operation (red box in Figure 7). A 3D Lidar was used for the autonomous driving of
a mobile robot, and the five gas sensors monitored the air conditions of the UPE. However,
detailed descriptions of these sensors are omitted because their measurements were beyond
the scope of this study. A Jetson AGX featuring a 512-core Volta graphical processing unit
and an octa-core ARM 64-bit central processing unit was also mounted on a customized
gimbal printed of carbon fiber to secure high stiffness because the Jetson AGX is heavier
than the TE-EV1. The power was supplied by a series of six-cell 18650 Li-ion batteries
with 3.7 a of normal voltage and 3500 mAh capacity. The total weight of the TDS was only
2.7 kg, resulting in an operating time of 4 h, ensuring sufficient inspection time.

3D Lidar
Jetson
IR Xavier AGX
camera ’

[1: Soft vibration isolator
HLONT

Figure 7. Hardware configuration of the thermal diagnosis mobile robot.

Gas sensors

18650 Li-ion cells

e

3.3. Field Experiments

A mobile robot equipped with TDS was used to record thermal images of connectors in
UTLCs at 345 kV (Shingwangmyeong-Yeongdeungpo (SY) UPE, Seoul, Republic of Korea).
The robot was positioned at the center of the sidewalk in the UPF (Figure 8a), and the
thermal images were measured using an IR camera with a resolution of 640 x 480 pixels
that faced the UTLCs perpendicularly. The IR camera was panned from side to side to
measure the entire connector of the UTLCs because it could not record the thermal images
of the connectors of interest in one frame. Note that this limit occurred because of the short
distance between the IR camera located on the sidewalk and the connectors, even though
the IR camera with the widest FOV was selected and used. Thermal images were measured
from five junction boxes (JB) #1 to #5 of two 345 kV UTLCs, SY #1 and SY #2 (the red and
blue boxes in Figure 8a), under normal and replicated anomalous conditions (Table 1).
Repeated frames of the thermal images were removed from the recorded images because
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they were not useful for training the proposed neural network. A hot pack was randomly
located at one phase of each connector from JB #1 to #5 to replicate anomalous conditions
because it is difficult to measure thermal images of anomalous connectors in actual field
experiments. Hence, some thermal images measured under normal conditions were used
to construct the MS mask DCNN, and several thermal images measured under normal and
replicated anomalous conditions were used to test the effectiveness and robustness of the
entire framework of the proposed anomaly detection method.

- : Training and validation
datasets

345 kV SY #1

345 kV SY #2

E :|: Training, validation, and test dataset

for MS mask DCNN @ Phasc A @ Phase B (O Phase C

™ ™ : Test set for an integrated framework
JE -

(b)

Figure 8. (a) Configuration of UPF for image acquisition from SY UPF and (b) detailed construction
of a dataset for MS mask DCNN and an integrated framework.

Table 1. Detailed information on the acquired thermal images.

Images-Sets

Dataset # UTLC # JB #
Normal Abnormal
DS #1 SY #1 1-2 515 -
DS #1 SY #2 12 97 32
DS #2 SY #1 3-5 2500 625
DS #2 SY #2 3-5 2500 625

Total thermal images of 6894 were measured from SY #1 to #2. These images were
divided into two datasets (DS), DS #1 and #2. DS #1 comprises 644 thermal images
recorded from JB #1 and #2 of SY #1 and #2 in two different frames. Images in the first
frame included thermal reflection from the supporting structures, whereas those in the
second frame minimized thermal reflection from the supporting structures. Note that
images from different views can improve the robustness of the trained MS mask DCNN.
In contrast, the images of DS #2 were only measured at the frame to minimally locate the
metal supporting structures in the recorded thermal images. This frame was selected from
the expert system of KEPCO to minimize errors from thermal reflection because the high
thermal reflectivity of metal frames distorts the measured thermal images, resulting in
inaccurate thermal images. Note that thermal images of metal frames with relatively low
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emissivity are predominantly influenced by the environment [32]. DS #2 comprises thermal
images of 6250 recorded from JB #3 to #5 of SY #1 and #2 to test the proposed anomaly
detection method for real-world applications. The total thermal images included 5000 and
1250 normal and replicated abnormal images, respectively (Figure 8b).

3.4. Construction of MS Mask DCNN

This subsection describes the construction of the MS-mask DCNN. Two Tesla V100
(32GB) processing units (GPU) with two Intel Xeon Gold 5220R central processing units
(CPUs) were used for training, validation, and testing of the proposed MS mask DCNN
with the image sets described in Section 3.3.

Original input images with a resolution of 640 x 480 pixels and downsized images
with a resolution of 320 x 240 pixels were prepared to quantitatively analyze the accuracy
and inference time of the proposed MS mask DCNN with different scales. All the thermal
images were used to construct the ground truth of binary images through the open-source
labeling tool, labelimg [33]. Thermal images of DS #1 were separated into thermal images
of 386 (60%), 129 (20%), and 129 (20%) for model construction. The proposed architecture
was trained with the 3-channel RGB thermal images and masked binary images denoting
ground truth through the format of an autoencoder combining four to six scales of encoders
and decoders (Figure 4). Notably, combining features extracted from deep and wide neural
networks enhances the accuracy and robustness of the model. The larger the scale of the
multiscale neural network, the more accurate the estimation, but the greater the inference
time, suggesting that trade-offs exist in the construction of neural networks. Therefore, the
optimal architecture of the MS mask DCNN was selected by comparing the performances
of the MS-mask DCNN with three different scales because both accuracy and inference
time are important for real-time applications. Specifically, the encoder comprised 10, 13,
and 16 convolutional layers when four, five, and six scaled layers were used, respectively,
and the decoder was a symmetrical network corresponding to the encoder. In the encoder,
the feature maps were extracted by a factor of 1/2 of the size of the input feature map
using the max-pooling layer after the convolutional layers until the number of scale feature
maps was generated. In the decoder, convolution layers were used to extract features, and
up-sampling layers were then used to increase the size of the feature maps by a factor of
two, resulting in prediction maps that were the same as the ground truth feature maps. The
convolutional kernel size is chosen to be 3 x 3 and the max-pooling kernel size is chosen to
be 2 x 2 to build a deeper network effectively.

A balanced binary cross-entropy loss function was used in the training because this
loss function ensures high accuracy of the segmented unbalanced UTLCs [34]. Thermal
images with statistical image strengthening were used to decrease the losses between the
ground truth of the UTLCs and the prediction of the MS mask DCNN using the Adam
optimizer. The hyperparameters of the Adam optimizer were optimized using Bayesian
optimization (BO) [35] because BO secures the global minimum with fast convergence
compared with other optimization methods, including grid search and genetic algorithms.
Note that the scales of the MS mask DCNN were manually changed during training to
quantitatively analyze the accuracy and inference time of the proposed neural network from
four to six scales, whereas the other hyperparameters were optimized from BO. In addition,
the hyperparameters of the Adam optimizer for other mask-based neural networks were
optimized using BO for a fair comparison of the performance of the neural networks
(Table 2). Hence, this optimization procedure can guarantee the best performance of each
neural network, demonstrating the superiority of the proposed method. The training and
validation image sets were used to optimize the hyperparameters, whereas the test image
sets were used to evaluate the final accuracy and robustness of the proposed method.
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Table 2. Initial ranges and optimal hyperparameters of the mask-based CNNs with Z-score normal-

ization and BHEPL image strengthening.

Initial Ranges of the Hyperparameters

Hyperparameters
Networks . . First Second . .
Batch Size Learning Rate Momentum Momentum Weight Decay Epsilon
4-20 1x10°° 0.01 1x10°8
Al w/2 interval -1x1074 09-0999 09-0999 -0.3 -1x1076
Optimized Hyperparameters
Hyperparameters
Networks . . First Second . .
Batch Size Learning Rate Momentum Momentum Weight Decay Epsilon
Mask R-CNN 12 9.41 x107° 0.929 0.958 0.129 2.41x1078
ResUNet 20 9.63 x 107° 0.955 0.985 0.143 5.80 x 1077
MS mask _5 -6
DCNN (s4) 18 5.74 x 10 0.923 0.951 0.113 9.69 x10
MS mask _5 6
DCNN (s5) 20 2.67 x 10 0.944 0.983 0.017 2.42 x 10
MS mask -5 -8
DCNN (s6) 4 521 x 10 0.959 0.961 0.269 527 x 10

A half tensor was employed to test the proposed method to increase the FPS for
real-time applications because most deep neural networks do not require a large number
of bits during the testing phase in the absence of any vanishing or exploding concerns [36].
In other words, the proposed network employs a float tensor during the training and
validation phases, whereas the half-tensor is used to enhance the inference time during
the test, suggesting that the efficiency of our approach does not come at the expense of
accuracy. The mean intersection over union (MIoU) was used to evaluate the semantic
segmentation performance of mask-based neural networks as

TP
MU= 5 PN @)

where TP, FP, and FN denote the intersection area between ground truth and prediction.

4. Results and Discussion
4.1. Results of Each Phase from the Proposed Integrated Framework

This subsection describes the results from each phase of the proposed method, in-
cluding statistical image strengthening, segmentation of the UTLC through the MS mask
DCNN, and the contour method. This demonstration executes all the procedures with
two samples from the test dataset of SY #2 under normal (Figure 9a—e) and abnormal
(Figure 9f) conditions. Note that training of the MS mask DCNN was executed with the
dataset of SY #1; thus, the demonstration of the proposed method should be conducted
with different images from the training images.

First, a measured thermal image (Figure 9a,f) was passed through statistical image
strengthening, including z-score normalization and BHEPL. This process results in a
significant thermal gradient of pixels corresponding to a UTLC and environments in a
thermal image using clipped plateaus and statistical limits (Figure 9b,g), enabling the
neural network to easily extract features of the UTLC for separating connectors from
environments. Notably, this process also effectively eliminates environments when a
strong heat source or anomaly exists in the environment or a UTLC exists in a recorded
thermal image. The preprocessed thermal images are then passed through the MS mask

70



Mathematics 2023, 11, 3143

DCNN, separating the UTLC of interest from the environment as a binary classification
(Figure 9¢,h) with a predefined threshold of 0.5. However, false segmentations would be
included in the predicted result (Figure 9h) because the neural network cannot secure a
perfect accuracy of 100% owing to insufficient training datasets. This limitation can be
compensated for by employing a simple yet effective image-processing method. Specifically,
the contour method eliminates false segmentations of the UTLC (Figure 9d,i) because it
effectively detects the corners and edges of the UTLC from the predicted binary information.
The proposed framework then selects pixels corresponding to the largest region of the
contour representing the UTLC in a thermal image and eliminates other regions, thereby
improving the accuracy of semantic segmentation of the UTLC with a low computational
cost. Finally, anomalies are detected by comparing the temperature of pixels in the UTLC
region with the mean temperature of the UTLC through DBSCAN, resulting in an orange
box within the thermal image (Figure 9j). Note that the anomaly is detected by analyzing
the temperature of the UTLC using only the corresponding pixels in the refined segmented
UTLC. Hence, a strong heat source in the environment was excluded from this process.
DBSCAN also effectively removes a small portion of the relatively high temperature due to
thermal reflection from metal structures in connectors, such as bolts and nuts (Figure 5e,f),
improving the accuracy of anomaly detection.

(h) U]

Figure 9. Results of the proposed integrated framework for underground transmission connectors
under (a—e) normal; (f—j) replicated anomaly conditions.

4.2. Ablation Study for the Proposed Framework

This subsection demonstrates the effectiveness of z-score normalization, BHEPL meth-
ods, and MS mask DCNN compared with min-max normalization, other histogram-based
image strengthening (HBIS) [37-39], and other mask-based DCNNSs to extract distinct
features of a UTLC from a thermal image (Figure 10). Table 3 lists the MIoUs obtained from
three different factors using the SY #2 dataset. The min-max normalization was executed
using the minimum and maximum temperatures from each thermal image. “None” in the
HBIS methods in Table 3 denotes that an original thermal image was used for separating a
UTLC from an environment through mask-based DCNNSs.

First, MIoUs obtained with z-score normalization are generally higher than those
obtained with min-max normalization, regardless of HBIS and mask-based DCNNSs. Specif-
ically, z-score normalization enhances MIoUs from 0.23 to 18.72% under normal conditions
and from 1.78 to 63.64% under abnormal conditions compared with those of min-max
normalization (bold values in Table 3). This quantitative analysis implies that z-score nor-
malization is more effective than min-max normalization for extracting features of thermal
images because a statistical threshold secures high accuracy compared with min-max nor-
malization in this situation. Statistical normalization also ensures high robustness because
field measurements include several unexpected anomalies, such as ceiling light and hot
spots in UTLCs, that distort the estimated results from the neural network. Similar results
have been reported in the literature when using field measurements [40,41], confirming
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that z-score normalization is effective for inferences from neural networks with field mea-
surements. Note that HBIS methods cannot secure the accuracy of MIoU under abnormal
conditions when min-max normalization is used because min-max normalization cannot
separate the environments and UTLs effectively in cases in which unexpected anomalies
exist, including ceiling lights and hot spots in UTLCs.

(d)

Figure 10. (a) A measured thermal image and strengthened image for an underground transmission
connector using (b) HE; (¢) BBHE; (d) RMSHE; (e) MMBEBHE; (f) BHEPL.

Table 3. Comparative analysis of MIoU with the dataset of DS #1 @ SY #2.

MiIoU (%) @ Normal Data
Histogram-Based Image Strengthening
Mask-Based CNNs Normalization BHEPL FPS
None HE BBHE RMSHE MMBEBHE
(Proposed)

Mask R-CNN Min-Max 68.45 74.80 77.66 76.70 78.04 81.92 164
Z-score 82.69 77.82 79.15 79.94 78.42 84.42

ResUNet Min-Max 79.37 77.90 82.40 82.15 81.40 86.34 440
Z-score 82.18 82.89 84.14 85.86 86.81 87.43

MS mask DCNN (s4) Min-Max 70.86 85.53 85.63 78.46 76.50 70.85 631
Z-score 63.45 85.77 89.11 87.96 84.34 89.57

MS mask DCNN (s5) Min-Max 87.16 80.64 81.65 85.26 82.88 88.65 167
Z-score 90.48 86.02 84.67 88.00 83.19 90.59

MS mask DCNN (s6) Min-Max 88.18 87.08 87.59 83.08 83.02 90.78 300
Z-score 89.27 89.25 89.41 87.19 89.66 90.95

MIoU (%) @ Anomaly Data

Mask R-CNN Min-Max 27.13 74.93 64.56 18.79 49.00 24.62 164
Z-score 73.46 77.22 77.19 79.43 78.74 80.38

ResUNet Min-Max 25.98 77.90 40.04 17.22 48.72 45.93 442
Z-score 77.50 84.06 83.72 80.86 85.24 86.95
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Table 3. Cont.

MlIoU (%) @ Normal Data

Histogram-Based Image Strengthening

Mask-Based CNNs Normalization BHEPL FPS
None HE BBHE RMSHE MMBEBHE
(Proposed)

MS mask DCNN (s4) Min-Max 32.97 75.97 64.52 30.38 60.87 43.35 631
Z-score 62.14 87.52 82.00 83.81 86.43 91.57

MS mask DCNN (s5) Min-Max 68.93 80.12 79.02 71.62 70.16 60.62 167
Z-score 70.71 88.71 87.02 80.71 82.58 92.92

MS mask DCNN (s6) Min-Max 76.81 87.44 75.03 58.80 71.94 74.49 30.0
Z-score 82.68 91.40 85.03 71.78 90.33 91.86

Second, the BHEPL method enhances MIoUs when z-score normalization is employed,
regardless of the mask-based DCNNS. Specifically, BHEPL enhances the MlIoUs from 0.11
to 26.12% under normal conditions and from 0.46 to 29.43% under abnormal conditions
compared with those from other HBIS methods. This quantitative analysis implies that the
BHEPL is appropriate when z-score normalization is used because the BHEPL emphasizes
numerous pixels, including environments and UTLC, with two sub-histograms using the
clipped plateau limit. Note that BHEPL effectively preserves the bias of the intensity
using two sub-histograms and the level saturation using the clipped plateau limit, thereby
strengthening the features of the UTLCs.

Third, the MS mask DCNNs show the highest MIoUs, regardless of the number of
latent layers, for both normal and abnormal conditions when the z-score normalization
method and BHEPL are addressed. Specifically, the MS mask DCNNs secure high MIoUs of
around 90% regardless of the number of latent layers. Quantitatively, the lowest accuracy
of the MS mask DCNN is 2% higher than the highest accuracy of other networks. This
observation suggests that a multiscale feature extraction module in the MS mask DCNN
secures high accuracy because it effectively extracts distinct and semantic features to
separate UTLC from the environments in the prediction layers. In contrast, Mask R-
CNN requires both segmented mask and bounding box information to calculate the loss,
including the classification and regression of masks and bounding boxes, for instance,
for segmentation of the images [22]. However, the training dataset of DS #1 may include
different environments adjacent to UTLCs, characterized by irregular and diverse shapes
and complex thermal gradients in the bounding boxes. These irregular and diverse shapes
in the surrounding environment pose challenges for extracting distinct features from
thermal images in the Mask R-CNN architecture, resulting in low accuracy. Furthermore,
Mask R-CNN shows lower FPS compared with both ResUNet and MS mask DCNN, two
semantic segmentation models. Specifically, FPS from Mask R-CNN is 2.8 times lower than
ResUNet and 1.8 to 3.8 times lower than MS mask DCNN. The architecture of ResUNet
is similar to that of the MS mask DCNN because ResUNet also employs the architecture
of the autoencoder. However, MIoUs from ResUNet are lower than those from the MS
mask DCNN because the architecture of ResUNet is less effective than that of the MS
mask DCNN. Specifically, ResUNet [21] concatenates feature maps from both the encoder
and decoder and then estimates the mask at the last layer after passing through several
convolution layers, whereas the MS mask DCNN generates multiscale feature maps from
the autoencoder and directly estimates the mask of the UTLC. In other words, feature
maps extracted from ResUNet faded out when passing through several convolution layers,
whereas the MS mask DCNN preserved the semantic information of UTLCs, which were
extracted from different scales, resulting in enhanced performances for separating UTLCs
from the background. Among the MS mask DCNNs with different numbers of latent
layers, the MS mask DCNN (S6) showed the highest accuracy for normal data, whereas
the MS mask DCNN (S5) showed the highest accuracy for abnormal data. These results
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can be explained by the fact that the neural network was trained using the SY #1 dataset,
which only included normal data. Therefore, the MS mask DCNN (S6) is overfitted to the
normal condition because of its deep architecture. In this study, the MS mask DCNN (S5)
is deployed on TDS because it aims to accurately detect anomalies in UTLCs. Note that
the FPS of the MS mask DCNN (S5) is also higher than that of the MS mask DCNN (S6),
suggesting that the MS mask DCNN (S5) is more effective for field applications.

In summary, a combination of the z-score normalization, BHEPL method, and MS
mask DCNN (S5) outperformed min-max normalization, other HBIS methods, and other
mask-based DCNNSs in terms of both accuracy and robustness. Moreover, the MS mask
DCNN (55) is accurate and fast for deploying this method in TDS.

4.3. Contribution of the Contour Method and Half Tensor

This subsection describes the contribution of the contour method and half tensor to
the improvements in MloU and FPS (Table 4). The MS mask DCNN (S5) is used for this
analysis because this architecture shows the best performance, as described in Section 4.2.

Table 4. Contribution of the contour method and half tensor on the accuracy and inference time of
the proposed framework.

w/o the Contour Method w/the Contour Method
Dataset Data Type
MiIoU (%) FPS MiIoU (%) FPS
Normal Single tensor 90.59 42.0 92.49 41.6
Normal Half tensor 90.60 64.4 92.49 62.7
Abnormal Single tensor 92.92 34.6 92.92 34.0
Abnormal Half tensor 92.92 48.2 92.92 47.5

The contour method improves the MIoU by 1.9% under normal conditions and the
same under abnormal conditions, effectively eliminating false segmentation of UTLCs.
Note that the contour method improves the MloU under normal conditions because it
eliminates the false segmentation of UTL, which has a similar temperature distribution
as UTLC under normal conditions. In contrast, there is no false segmentation of UTLC in
the abnormal condition because anomalies in the UTLC make the intensity of the pixels
higher than that in the normal condition (Figure 9b,g), resulting in no error in estimating
the segmentation of UTLC. Moreover, the FPS is approximately equivalent to that of
anomaly detection when addressing the contour method, leaving out consideration for the
contour method. Specifically, the contour method increases the framework slowly from
42.0 to 41.6 FPS, implying that the contour method effectively eliminates falsely segmented
UTLCs with low computational cost. Remarkably, the FPS of the proposed framework
was significantly enhanced by addressing the half-tensor with the same accuracy. The
half tensor reduces the inference time from 41.6 to 62.7 FPS when the contour method is
addressed, whereas the MIoUs are the same. This observation suggests that the half tensor
can allocate the weights of the trained neural networks with lower GPU resources than
the single tensor because the half tensor comprises 1, 5, and 10 bits for the sign, exponent,
and fraction, respectively, whereas the single tensor comprises 1, 8, and 23 bits for the sign,
exponent, and fraction, respectively. Moreover, inference in the final application does not
require large digits of 32 because it is performed by forward propagation, whereas training
is performed by back propagation, which might cause gradient vanishing or exploding
problems. Therefore, the segmented UTLCs from the proposed framework can be used for
anomaly detection by analyzing the corresponding temperature.

4.4. Anomaly Detection

This subsection describes the anomaly detection for single- and multi-phase connectors.
The detection performances of anomalies for single and three phases were analyzed with
the DS #2 dataset. An anomaly randomly located at the phase of UTLCs was inspected
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through the proposed framework (Figure 9i) based on the regulations of KEPCO [23].
Specifically, inspection of UTLCs was conducted by analyzing sequential thermal images
because detection of anomalies should be considered for both single and three phases.

First, DBSCAN eliminates noise exceeding 2 °C over the mean temperature in seg-
mented pixels of the UTLC because noise from highly reflective objects, including support-
ing structures, bolts, and nuts, should be eliminated. Note that the number of pixels for
noise was less than 10, within a radius of 100 pixels. Hence, noise elimination does not
affect the accuracy of anomaly detection in UTLCs. Furthermore, the temperature of each
pixel was compared with the mean temperature of the UTLC to detect pixels exceeding
2 °Cand 4 °C, which are classified as a caution and an anomaly in the regulation of KEPCO,
respectively. Finally, the centers of caution and anomalies were calculated using a thermal
image. Hence, the detected anomaly for a single phase is noted with the temperature
difference from the mean temperature demonstrated as 9.8 °C in Figure 9j. Remarkably,
the proposed framework achieves a precision of 99.25% and a recall of 100% with a correct
direction of 6203 from a total of 6250 images, confirming that the proposed framework is
effective for real-world applications.

Second, an anomaly was detected for the three phases of the UTLC. Specifically, the
maximum temperature of the UTLCs (T),x) was calculated from the measured sequential
thermal images for all three phases, excluding the pixels under abnormal conditions
because abnormal pixels are used to detect anomalies by comparison with the maximum
temperature of each phase of the UTLCs. Furthermore, the maximum temperature of each
phase T,@fff ** was calculated, and the maximum temperature of each phase T,%ff ¢ was
compared with Tnax to detect anomalies of the UTLCs. Finally, the maximum temperature
difference (AT) exceeding 2 °C and 4 °C was classified as a caution and an anomaly,
respectively. Note that a hot pack was randomly installed in one of the three phases. Table 5
lists the detected anomalies for the three phases of the UTLCs. For example, the anomaly
is detected only in phase B with a AT of 9.2 °C at JB #5 because Tj,4x is 32.7 °C, whereas
TA ., TB .., and TS,, are 32.6,41.9, and 32.7 °C, respectively. Similar results were observed
for the other JBs. Hence, randomly located abnormal phases of the UTLCs were detected.
Future work will include long-term monitoring of UTLCs with the proposed framework by
deploying TDS and quantifying the accuracy of the proposed framework for real anomalies
occurring at UTLCs.

Table 5. Detected anomalies from three-phases of UTLCs at the dataset of DS #2.

UTLC # JB # Tax CO* Th . CO*  TB _cO*» TS5, CO*  AT(CC)***  Anomaly Phase #
#3 326 326 413 327 8.7 B
SY #1 #4 32.7 433 329 326 10.6 A
#5 317 31.9 31.9 43.1 11.5 C
#3 31.6 31.6 411 314 9.5 B
SY #2 #4 325 45.0 325 31.9 12.6 A
#5 32.7 326 419 327 9.2 B

* Tiax: mean temperature of the maximum temperature in the UTLCs for three phases, excluding pixels under
abnormal conditions. ** TZ,,: maximum temperature of each phase. *** AT: maximum temperature difference
between Ty and TS,

5. Conclusions

This study proposes an integrated framework for anomaly detection of UTLCs in au-
tomatic manner based on three crucial characteristics. First, statistical image strengthening
is addressed to improve the performance of segmentation for UTLCs through mask-based
CNNs through z-score normalization and BHEPL. Specifically, z-score normalization im-
proves the robustness of feature extraction for UTLCs even if a hot spot exists in the thermal
image, and BHEPL improves the accuracy of segmentation to separate UTLCs from envi-
ronments. Second, semantic segmentation of the MS mask DCNN is employed to detect
the UTLC domain from a thermal image. The MS mask DCNN has two key characteris-
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tics: a multiscale feature extraction module enables the extraction of distinct features of
UTLCs and environments, and the skip layer fusion module concatenates distinct features
from the multiscale feature extraction module, effectively separating the ULCs from the
environment. Third, anomaly detection based on temperature differences is addressed
to improve the accuracy of diagnosis for anomaly detection by the contour method and
unsupervised clustering of DBSCAN. Specifically, the contour method is addressed to
eliminate the false segmentation of UTLCs by considering the largest domain of UTLCs,
and DBSCAN improves the robustness and accuracy of diagnosis by eliminating noise
from thermal reflection, which is caused by low-emissivity objects within thermal images.
In addition, intensive field tests and ablation studies confirmed the effectiveness of the
proposed framework in real-world applications. The simple yet accurate framework pro-
posed would open a new era of automatic inspection for tunnel facilities. The proposed
method could also be deployed on mobile robots that inspect for various field applications,
including power lines, facilities, military, medicine, and security. Note that it is important to
carefully evaluate the specific characteristics and requirements of the target domain when
applying the proposed framework. The future work includes validating the robustness
and efficiency of the proposed method in UPFs constructed in different environments. Fur-
thermore, efforts should be focused on gathering real anomalous thermal images through
long-term monitoring with a mobile robot equipped with an infrared camera to validate
the proposed method. Alternative clustering methods will also be explored with other
applications.

Author Contributions: Conceptualization, M.-G.K., S.-T.K. and K.-Y.O.; methodology, M.-G.K.;
software, S.J. and M.-G.K.; data curation, M.-G.K. and S.J.; validation, S.-T.K. and M.-G.K_; formal
analysis, M.-G.K ; investigation, S.-T.K.; resources, S.J.; writing-original draft preparation, M.-G.K;
writing-review and editing, K.-Y.O.; visualization, S.-T.K,; supervision, K.-Y.O.; project administration,
K.-Y.O. All authors have read and agreed to the published version of the manuscript.

Funding: This research was supported by the Korea Electric Power Corporation through the KEPCO
Research Institute (gran no. R19TA10) and the Research and Development on Fire Safety Technology
for ESS Hydrogen Facilities, 20011568, Development of Automatic Extinguishing System for ESS
Fire, funded by the National Fire Agency (NFA, Korea) and Korea Institute of Energy Technology
Evaluation and Planning (KETEP) grant funded by the Korea government (MOTIE) (20213030020260,
Development of Fire detection and protection system for wind turbine).

Data Availability Statement: The datasets generated and analyzed during the current study are
not publicly available due they contain confidential national information but are available from the
corresponding author on reasonable request.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Aras, F; Alekperov, V.; Can, N.; Kirkici, H. Aging of 154 kV underground power cable insulation under combined thermal and
electrical stresses. IEEE Electr. Insul. Mag. 2007, 23, 25-33. [CrossRef]

2. Yang, X.; Choi, M.S,; Lee, S.J.; Ten, C.W.; Lim, S.I. Fault location for underground power cable using distributed parameter
approach. IEEE Trans. Power Syst. 2008, 23, 1809-1816. [CrossRef]

3.  Bicen, Y. Trend adjusted lifetime monitoring of underground power cable. Electr. Power Syst. Res. 2017, 143, 189-196. [CrossRef]

4. Bascom, E.C.R.; Antonello, V.D. Underground power cable consideration: Alternatives to overhead. In Proceedings of the
Conference Minnesota Power Systems, Brooklyn Center, MN, USA, 1-3 November 2011.

5. Shafiq, M,; Kiitam, L; Taklaja, P.; Kutt, L.; Kauhaniemi, K.; Paluy, I. Identification and location of PD defects in medium voltage
underground power cables using high frequency current transformer. IEEE Access 2019, 7, 103608-103618. [CrossRef]

6. Densley, ]. Ageing mechanisms and diagnostics for power cables—An overview. IEEE Electr. Insul. Mag. 2001, 17, 14-22.
[CrossRef]

7. Kaminaga, K.; Ichihara, M.; Jinno, M.; Fujii, O.; Fukunaga, S.; Kobayashi, M. Development of 500-kV XLPE cables and accessories

for long-distance underground transmission line V. Long-term performance for 5000-kV XLPE cables and joints. IEEE Trans.
Power Deliv. 1996, 11, 1185-1194. [CrossRef]

76



Mathematics 2023, 11, 3143

10.

11.

12.
13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.
24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.
36.

37.

Peter, C.].M.; der Wielen, V.; Steennis, E.F. On-line PD monitoring system for MV cable connections with weak spot location. In
Proceedings of the 2008 IEEE Power and Energy Society General Meeting—Conversion and Delivery of Electrical Energy in the
21st Century, Pittsburgh, PA, USA, 20-24 July 2008. [CrossRef]

Sun, X.; Lee, WK,; Hou, Y.; Pong, PW.T. Underground power cable detection and inspection technology based on magnetic field
sensing at ground surface level. IEEE Trans. Magn. 2014, 50, 6200605. [CrossRef]

Kulkarni, S.; Santoso, S.; Thomas, A. Incipient fault location algorithm for underground cables. IEEE Trans. Smart Grid 2014, 5,
1165-1174. [CrossRef]

Sidhu, T.S.; Xu, Z. Detection of incipient faults in distribution underground cables. IEEE Trans. Power Deliv. 2010, 25, 1363-1371.
[CrossRef]

Boggs, S.A. Partial Discharge: Overview and signal generation. IEEE Electr. Insul. Mag. 1990, 6, 33-39. [CrossRef]

Satish, L.; Nazneen, B. Wavelet-based denoising of partial discharge signals buried in excessive noise and interference. IEEE
Trans. Dielectr. Electr. Insul. 2003, 10, 354-367. [CrossRef]

Wu, R.N,; Chang, C.K. The use of partial discharge as an online monitoring system for underground cable joints. IEEE Trans.
Power Deliv. 2011, 26, 1585-1591. [CrossRef]

Kirsten, V.O.A.; Aghaej, M.; Riither, R. Aerial infrared thermography for low-cost and fast fault detection in utility-scale PV
power plants. Sol. Energy 2020, 211, 721-724. [CrossRef]

Alsafasfeh, M.; Abdel-Qader, I.; Bazuin, B.; Alsafasfeh, Q.; Su, W. Unsupervised fault detection and analysis for large photovoltaic
systems using drones and machine vision. Energies 2018, 11, 2252. [CrossRef]

Jalil, B.; Leone, G.R.; Martinelli, M.; Moroni, D.; Pascali, M.A.; Merton, A. Fault detection in power equipment via an unmanned
aerial system using multi modal data. Sensors 2019, 19, 3014. [CrossRef] [PubMed]

Jia, Z.; Liu, H.; Zheng, H.; Fan, S.; Liu, Z. An intelligent inspection robot for underground cable trenches based on adaptive
2d-slam. Machines 2022, 10, 1011. [CrossRef]

Kim, J.S.; Choi, K.N.; Kang, S.W. Infrared thermal image-based sustainable fault detection for electrical facilities. Sustainability
2020, 13, 557. [CrossRef]

Long, J.; Shelhamer, E.; Darrell, T. Fully convolutional networks for semantic segmentation. In Proceedings of the 2015 IEEE
Computer Vision and Pattern Recognition (CVPR), Boston, MA, USA, 7-12 June 2015; pp. 3431-3440. [CrossRef]

Zhang, Z.; Liu, Q.; Wang, Y. Road extraction by deep residual u-net. IEEE Geosci. Remote Sens. Lett. 2018, 15, 2961-2969. [CrossRef]
He, K.; Gkioxari, G.; Dollar, P; Girshick, R. Mask R-CNN. In Proceedings of the 2017 IEEE International Conference on Computer
Vision (ICCV), Venice, Italy, 22-29 October 2017. [CrossRef]

KEPCO. Underground Transmission Operation Standards; KEPCO: Naju-si, Republic of Korea, 2016.

Ooi, C.H.; Kong, N.S.P; Ibrahim, H. Bi-histogram equalization with a plateau limit for digital image enhancement. IEEE Trans.
Consum. Electron. 2009, 55, 2072-2080. [CrossRef]

Zou, Q.; Zhang, Z.; Li, Q.; Qi, X.; Wang, Q.; Wang, S. DeepCrack: Learning hierarchical convolutional features for crack detection.
IEEE Trans. Image Process. 2018, 28, 1498-1512. [CrossRef]

Nair, V.; Hinton, G.E. Rectified linear units improve restricted Boltzmann machines. In Proceedings of the 27th International
Conference on International Conference on Machine Learning, Haifa, Israel, 21-24 June 2010.

Noh, H.; Hong, S.H.; Han, B.Y. Learning deconvolution network for semantic segmentation. In Proceedings of the 2015 IEEE
International Conference Computer Vision (ICCV), Santiago, Chile, 17 May 2015. [CrossRef]

Henke, S.; Karstadt, D.; Mollmann, K.P; Pinno, F.; Volmmer, M. Identification and suppression of thermal reflection in infrared
thermal imaging. InfraMation 2004, 5, 287-298.

Suuzuki, S.; Be, K. Topological structural analysis of digitized binary images by border following. Comput. Vis. Graph. Image
Process. 1985, 30, 32-46. [CrossRef]

Ester, M.; Kriegel, H.P.; Sander, J.; Xu, X. A density-based algorithm for discovering clusters in large spatial databases with
noise. In Proceedings of the Second International Conference on Knowledge Discovery and Data Mining, Portland, OR, USA,
2—4 August 1996; pp. 226-231.

Bernard, V.; Staffa, E.; Mornstein, V.; Bourek, A. Infrared camera assessment of skin surface temperature-effect of emissivity. Phys.
Medica 2013, 29, 583-591. [CrossRef] [PubMed]

Barreira, E.; Almeida, RM.S.E; Simoes, M.L. Emissivity of building materials for infrared measurements. Sensors 2021, 21, 1961.
[CrossRef] [PubMed]

Russell, B.C.; Torralba, A.; Murphy, K.P; Freeman, W.T. LabelMe: A Database and web-based tool for image annotation. Int. J.
Comput. Vis. 2008, 77, 157-173. [CrossRef]

Jardon, S. A survey of loss functions for semantic segmentation. In Proceedings of the 2020 IEEE Conference on Computational
Intelligence in Bioinformatics and Computational Biology (CIBCB), Via del Mar, Chile, 27-29 October 2020. [CrossRef]

Frazier, P1. A tutorial on Bayesian optimization. arXiv 2018, arXiv:1807.02811. [CrossRef]

Micikevicius, P.; Narang, S.; Alben, J.; Diamos, G.; Elsen, E.; Garcia, D.; Ginsburg, B.; Houston, M.; Kuchaiev, O.;
Venkatesh, G.; et al. Mixed precision training. arXiv 2018, arXiv:1710.03740. [CrossRef]

Kim, Y.T. Contrast enhancement using brightness preserving bi—Histogram equalization. IEEE Trans Consum. Electron. 1997, 43,
1-8. [CrossRef]

77



Mathematics 2023, 11, 3143

38. Chen, S.D.; Ramli, A.R. Contrast enhancement using recursive mean-sperate histogram equalization for scalable brightness
preservation. IEEE Trans Consum. Electron. 2003, 49, 1301-1309. [CrossRef]

39. Chen, S.D.; Ramli, A.R. Minimum mean brightness error bi-histogram equalization in contrast enhancement. IEEE Trans Consum.
Electron. 2003, 49, 1310-1319. [CrossRef]

40. Fei, N.; Gao, Y;; Lu, Z.; Xiang, T. Z-score normalization, hubness, and few-shot learning. In Proceedings of the 2021 IEEE/CVF
International Conference on Computer Vision (ICCV), Montreal, QC, Canada, 10-17 October 2021. [CrossRef]

41. Singh, D.; Singh, B. Feature wise normalization: An effective way of normalizing data. Pattern Recognit. 2022, 122, 108307.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

78



. mathematics ml\b\Py

Article
Gearbox Fault Diagnosis Based on Multi-Sensor Deep
Spatiotemporal Feature Representation

Fengyun Xie 1'23*, Gan Wang !, Jiandong Shang !, Enguang Sun ! and Sanmao Xie 123

School of Mechanical Electrical and Vehicle Engineering, East China Jiaotong University,

Nanchang 330013, China

State Key Laboratory of Performance Monitoring Protecting of Rail Transit Infrastructure,

East China Jiaotong University, Nanchang 330013, China

Life-Cycle Technology Innovation Center of Intelligent Transportation Equipment, Nanchang 330013, China
*  Correspondence: xiefyun@163.com

Abstract: The vibration signal acquired by a single sensor contains limited information and is easily
interfered by noise signals, resulting in the inability to fully express the operating characteristics and
state of a gearbox. To address this problem, our study proposes a gearbox fault diagnosis method
based on multi-sensor deep spatiotemporal feature representation. This method utilizes two vibration
sensors to obtain the vibration information of the gearbox. A fault diagnosis model (PCNN-GRU)
combined with a parallel convolutional neural network (PCNN) and gated recurrent unit (GRU)
was used to fuse the gearbox vibration information. The parallel convolutional neural network was
used to extract the spatial information of the vibration signals collected by different position sensors,
and the timing information was mined through the gated recurrent unit. The deep spatiotemporal
features that fuse the multi-sensor spatial and temporal information were composed. The collected
multi-sensor vibration signals were directly input into the PCNN-GRU model, and an end-to-end
intelligent diagnosis of the gearbox faults was realized. Finally, through experimental verification,
the accuracy rate of this model can reach up to 99.92%. Compared with other models, this model has
a higher diagnostic accuracy and stability.

Keywords: gearbox; multi-sensor fusion; convolutional neural network; gated recurrent unit;
spatiotemporal features

MSC: 68T01

1. Introduction

The gearbox is a common rotating mechanical device used to transmit power, and it is
widely used in various fields. Once the gear box breaks down, it will directly affect industrial
production and daily life [1,2]. Severe cases may even cause personal injury and serious
economic losses [3]. Therefore, carrying out a fault diagnosis on—as well as the timely detection
and troubleshooting of—a gearbox and its key components plays a key role in ensuring the
healthy operation of mechanical equipment and reducing equipment maintenance costs. The
gearbox has a complex structure, and the interaction between its various parts during operation
is accompanied by the interference of environmental noise [4]. The means with which to extract
useful information from vibration signals containing complex information and interference
components, along with realizing the intelligent diagnosis of gearboxes and its key component
failures have particularly important practical significance for the normal operation of mechanical
equipment and the improvement of production efficiencies.

Methods for the fault diagnosis of gearboxes can generally be divided into three
categories: signal-processing-based methods [5], traditional machine learning-based meth-
ods [6], and deep learning-based methods [7]. The signal-processing method mainly
completes the fault diagnosis of the gearbox by analyzing the acquired vibration signal
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and extracting the characteristic information that can reflect the health condition [8]. The
methods based on signal processing are usually diagnosed and analyzed from the time
domain, frequency domain, and time—frequency domain. Although the methods based on
signal processing have made some achievements in the fault diagnosis of rotating equip-
ment such as gearboxes, they require strong manual experience and theoretical knowledge
reserves in the process of diagnosis [9,10]. Especially in the face of massive data collection
in engineering, it is difficult to realize automatic and intelligent fault diagnosis.

The fault diagnosis method based on traditional machine learning methods mainly ex-
tracts useful feature indexes that can represent vibration signals through signal processing
methods [11]. Additionally, a shallow machine learning method to perform pattern recog-
nition and to complete the intelligent diagnosis of gearbox faults can be conducted [12].
The commonly used shallow machine learning methods mainly include the BP neural net-
work [13], the support vector machine (SVM) [14], the extreme learning machine (ELM) [15],
and other models. Although the traditional machine learning algorithm can realize the
intelligent diagnosis of faults, it improves the efficiency and accuracy of a fault diagnosis
to a certain extent [16]. However, there is still the limitation that the manual feature ex-
traction of vibration signals is required, and existing feature-extraction methods still rely
on signal-processing methods. At the same time, whether the feature extraction is good
or not will have a direct impact on the subsequent pattern recognition and classification
accuracy [17,18].

The concept of deep learning was first proposed by scholars such as Hinton [19], and it
has been widely used in image processing and in other directions. In recent years, more and
more scholars have applied deep learning models to conduct a fault diagnosis of mechanical
equipment. Compared with the traditional fault diagnosis method of the machine learning
model, the fault diagnosis method based on a deep learning model does not need manual
feature extraction. Using the stacked multi-layer nonlinear layers in the deep learning
model can automatically complete the mining of latent features inside the signal [20]. The
dependence on signal-processing-based feature-extraction methods and the influence of
human experience on feature extraction are reduced. The generalization performance and
adaptability of the fault diagnosis method are improved [21]. Huang et al. [22] input the
vibration signal of the gearbox that was decomposed by the wavelet packet into the multi-
scale CNN and realized the effective classification of the faults. This method combines the
multi-scale characteristics of WPD and the powerful classification ability of CNN, without
the complicated manual feature-extraction steps adopted. This end-to-end intelligent fault
diagnosis is worth learning. Jin et al. [23] proposed a light neural network based on CNN
that can realize the effective diagnosis of rotating machinery faults, such as gearboxes,
with fewer parameters, and it maintains a good diagnostic performance under different
working conditions. However, the scale of this light neural network is small and the
number of parameters is limited, which is prone to overfitting problems in the training
process. Yin et al. [24] used LSTM with cosine loss to improve the classification ability of
wind turbine gearbox faults. By introducing memory units and gating mechanisms, LSTM
can effectively capture and maintain long-term dependencies of information, making it
perform well in processing long sequence data. Miao et al. [25] used GRU for the real-time
status monitoring of planetary gearboxes and introduced dropout technology to reduce
the requirements for training data, which has good real-time diagnostic capabilities. GRU
has a more compact structure than LSTM, reducing the number of required parameters.
Thus, the GRU model is relatively light and is easier to train and compute. If CNN and
GRU can be combined to obtain the deep spatiotemporal features of spatial information
and temporal information, good results may be obtained.

With the continuous improvement of sensor technology, sensors are used to obtain
various signals that can effectively characterize the operating status of equipment. Addi-
tionally, the use of the acquired signal to analyze the health status of mechanical equipment
has been widely studied by, and has been of interest for, many scholars in recent years [26].
In fault diagnoses, signals such as vibration, acoustic emission, oil, and temperature are
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commonly used for analysis. Compared with other signals, vibration signal detection
technology is more mature and is easy to operate; it also contains a wealth of useful infor-
mation, such that it is often used to analyze the health status of rotating machinery. At the
same time, thanks to the advancement of artificial intelligence technology, fault diagnosis
methods have also developed rapidly. In particular, the advancement of machine learning
and deep learning methods has gradually reduced the dependence on expert experience
and human judgment for fault diagnoses [27]. Intelligent fault diagnosis has gradually
become an important direction for gearbox fault diagnosis.

In summary, this paper proposes a gearbox fault diagnosis method based on multi-sensor
deep spatiotemporal feature representation. The contributions of this paper are as follows:

(1) The vibration signal obtained by a single sensor is susceptible to noise interference
and cannot effectively characterize the operating state and fault characteristics of the
gearbox. At the same time, it is also necessary to obtain a more effective and stable
gearbox fault diagnosis model. A fault diagnosis model based on the PCNN-GRU
fusion of multi-sensor information is proposed.

(2)  On the basis of CNN-GRU, a parallel CNN combined with the GRU fault diagnosis
model is proposed to fuse the vibration signal information acquired by the multiple
sensors. Additionally, SoftMax was used to identify and complete the intelligent
diagnosis of gearbox “end” to “end”.

(3) A fault diagnosis experiment platform was designed and built, and the validity and
stability of the model proposed in this paper were verified by comparing it against
other related models.

The remainder of this paper is organized as follows: Section 2 introduces the relevant
background of this paper, including the CNN, GRU, and multi-sensor information fusion
technology; Section 3 introduces the construction of the relevant fault diagnosis model in
this paper; Section 4 introduces the construction of the gearbox fault diagnosis experiment
platform and the data collection and division; Section 5 is the experimental analysis and
verification section; and, lastly, Section 6 contains the conclusion of this paper.

2. Principle Introduction
2.1. CNN

Convolutional neural networks (CNNs) are feedforward neural networks with a deep
structure. They have been widely used in the field of fault diagnosis, and their main
structures include convolutional layers, pooling layers, and fully connected layers [28].
CNNs extract features through multiple-stacked convolutional layers and pooling layers,
and they complete the output of features through fully connected layers [29].

2.1.1. Convolutional Layer

The convolutional layer is the core component of CNNs and is the basic unit of
a CNN. The convolutional layer has the characteristics of weight sharing, which can
effectively reduce the parameters of the deep network during the training process. It
reduces the complexity of the model and improves the training speed [30]. In CNN, each
convolutional layer contains multiple convolutional kernels, and the optimal parameters of
these convolutional kernels are obtained through the backpropagation algorithm. At the
same time, the convolution kernel is used as a filter to effectively extract the key features
of the input information. The inner product operation is performed between the input
information and the convolution kernel [31]. Usually, after the convolution operation
between the input data and the convolution kernel, a bias item needs to be added to the
result to obtain the final output result. Its calculation formula is shown in Formula (1):

n
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In Formula (1), [ is the number of convolutional layers and x;- is the output result of
-1
i
kf jis the convolution kernel of the I-th convolutional layer and b} is the bias item. f(e) is
the activation function. M; denotes input data.

In the calculation process of the convolutional layer, the size of the output information

is mainly expressed by Formula (2):

the [-th convolutional layer. x." " is the input information of the /-th convolutional layer.

Hi—W;+2xP
0 = ; +1 2)

In Formula (2), O; is the size of the output information. Hj is the size of the input
information. W is the size of the convolution kernel. P is the zero complement operation
in the convolution process. S is the step size of the convolution operation.

2.1.2. Pooling Layer

In CNNSs, a pooling layer is usually added after the convolutional layer. The pooling
layer can select features and can effectively reduce the output feature dimension. While
retaining useful features, the calculation amount and parameters of the network are effec-
tively reduced, and the calculation efficiency is improved [32]. Therefore, this is also called
the downsampling layer, and it can also prevent overfitting from occurring. The pooling
layer is mainly divided into two types: average pooling and maximum pooling. Average
pooling averages the values within a range. Max pooling is to keep the maximum value in
the range [33]. Formula (3) is the calculation formula for the output size of the pooling layer:

- H-W,
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2 S

+1 (©)]
In Formula (3), O, is the output size of the pooling layer; H; is the size of the input
information; and Wj is the size of the pooling window.

2.1.3. Activation Function

In practical problems, most of the problems are nonlinear problems. The activation
function can map the output linear results to a nonlinear space such that the neural network
can learn and train nonlinear models as well as improve the ability of the neural network
to deal with nonlinear problems. Sigmoid, Tanh, and ReLU are commonly used activation
functions [34].

2.1.4. Fully Connected Layer

The role of the fully connected layer is that it is mainly used for classification. The fully
connected layer is often set after multi-layer convolution and pooling. It can effectively
integrate the feature information obtained by multi-layer convolution kernel pooling. The
SoftMax logistic regression function is often used for classification. The SoftMax function
can map the input to a real number between 0 and 1. All neurons in the previous layer
of the fully connected layer are connected to neurons in the fully connected layer [35].
Therefore, the parameters and calculation amount in this layer are often relatively large.
The calculation expression for the forward propagation of the fully connected layer is
shown in Formula (4):

7l - f<fngg +b;> @
k=i

In Formula (4), i represents the number and / represents the number of layers. wf
represents the connection weight between the i-th neuron of the /-th layer and the i-th
neuron of the neurons of the previous layer. b;- is the bias item of the j-th neuron in the /-th

layer. f(e) is the activation function.
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2.2. GRU

A gated recurrent unit (GRU) is a simplified form of a long short-term memory (LSTM)
model. Compared with LSTM, GRU has a simpler structure that can efficiently mine the inner
connection and long-term information of a time series [36]. Compared with the traditional
RNN, GRU not only has smaller training parameters, but it can also effectively solve the
problem of gradient disappearance. Structurally, only two gates are included in the GRU—the
update gate and the reset gate—both of which belong to the gating mechanism [37]. The
GRU gating mechanism is crucial for the correct operation of the model. Specifically, resetting
the part and previous hidden states play an important role in determining candidate hidden
states. The structure of the GRU in this study is shown in Figure 1:

. T

h

X

Figure 1. GRU structure diagram.

In a GRU, the reset gate helps the model decide how much of the previous hidden
state should be forgotten or reset. It determines which parts of the previous hidden state
are relevant to the current step of the model. The reset gate is usually a sigmoid function
that takes as input the concatenation of the current input and the previous hidden state.
Candidate hidden states are intermediate states computed using the reset gate and the
current input. It is combined with the previous hidden state, considering the update gate,
to produce the final hidden state of the GRU.

The states of the update gate z; and the reset gate r; are obtained by the output state
h;_1 at the previous moment and the input data x; at this time. Among them, the update
gate is used to evaluate the importance of the information at the last moment to determine
the size of the information transmitted to the current hidden layer. Its calculation formula
is shown in Formula (5):

zt = 0(Wz X + w1 + by) 5)

In Formula (5), 0 represents the sigmoid function, such that the result is distributed
between 0 and 1. Thus, 1 means it retains information completely, and 0 means it ignores
information completely. w, and w, are denoted as weights and biases, respectively. The
reset gate is used to determine the information size of the previous moment that needs to
be ignored. Its calculation formula is shown in Formula (6):

re = o (wrXt + wehy_1 + by) (6)
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In Formula (6), o represents the sigmoid function; w, and b, represent the weight and
bias, respectively. The information #; at the current moment can be obtained by Formula (7):

Et = tanh(wyx¢ + 1t @ wyhy_1) (7)

In Formula (7), ® is the Hadamard product. Tanh is the hyperbolic tangent function
used to distribute the result between —1 and 1. wy, is the weight. Then, the final output
result Ht is obtained according to Formula (8):

=z @h_1+ (1—2z) @k (8)
where ; is the final output result, z; is the update gate, and ﬁt is obtained by Formula (7).

2.3. Multi-Sensor Information Fusion

Multi-sensor information fusion can effectively reduce the information loss caused by
a single sensor, and it can improve the accuracy and stability of fault diagnosis [38]. The
method of multi-sensor information fusion is mainly divided into three levels: the data
level, feature level, and decision level [39].

2.3.1. Fusion at the Data Level

Fusion at the data level refers to the direct fusion of the information acquired by multiple
sensors; then, feature-extraction and pattern-recognition operations on the fused information
are performed. They belong to the most primitive of information fusion approaches.

2.3.2. Fusion at the Feature Level

The information is fused at the feature level. That is, the feature-extraction operation
is performed separately on the information obtained by multiple sensors, and the features
representing different sensor information are fused. Finally, a pattern recognition method
is used to recognize the fusion features.

2.3.3. Fusion at the Decision-Making Level

Fusion at the decision-making level is a type of advanced fusion method. After the informa-
tion of different sensors is preprocessed, separate decisions are made on the tested equipment.
Finally, different decisions are fused to obtain a final decision with overall consistency.

The advantages and disadvantages of the different levels of the fusion methods are
shown in Table 1:

Table 1. Advantages and disadvantages of the different integration methods.

Information Fusion Method Advantages Disadvantages

The amount of calculation is too large, and
the information needs to come from the same
type of sensor

Less information loss, higher

Data level .
fusion accuracy

Can effectively compress and Recognition accuracy depends on whether
Feature level . . .
extract information the proposed features are valid
- . Has strong anti-interference ability, no Large amount of information loss and
Decision-making level :
requirement for sensor type poor accuracy

Due to the information fusion at the feature level, different sensor information can be
effectively compressed. Therefore, this paper proposes a fault diagnosis model combining
a parallel convolutional neural network and gated recurrent unit (PCNN-GRU) to auto-
matically mine the intrinsic characteristics of vibration signals acquired by the sensors at
different positions; in addition, complete information fusion is used at the feature level.
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3. Fault Diagnosis Model Construction

According to the complexity of the network model and the scale of the data obtained
from the designed fault diagnosis experiment, as well as multiple experiments to adjust and
optimize the model parameters, a fault diagnosis model is constructed. The structure of the
fault diagnosis model proposed in this paper based on PCNN-GRU fusion of multi-sensor
information is shown in Figure 2. The model structure parameters are shown in Table 2.

Vibration signal
(channel 1) Convolutional Layer 2-1
(‘omolutlonal Layer 1-1

Pooling laverl 1
Pooling layer 2-1
Fully connected Layer
. Flatten Layer
Concatenate Layer .
GRU Layer Softmax
' \ [T | Dropout=0.4
ﬂ ﬂ f

Pooling layer 2-2

Poolmg layer 1-2

Convolutional Layer 1- 2
Vibration signal Convolutional Layer 2-2
(channel 2)

Figure 2. The PCNN-GRU model structure diagram.

Table 2. The parameters of each layer of the PCNN-GRU model.

Number of

Network Layer Convolution Convolut.l on Step Length Actlvaflon Output Size
Kernel Size Function
Kernels

Convolutional layer 1-1 32 64 8 ReLU 256 x 32
Pooling layer 1-1 32 4 1 — 64 x 32
Convolutional layer 2-1 64 5 1 ReLU 64 x 64
Pooling layer 2-1 64 2 1 — 32 x 64
Convolutional layer 1-2 32 64 8 ReLU 256 x 32
Pooling layer 1-2 32 4 1 — 64 x 32
Convolutional layer 2-2 64 5 1 ReLU 64 x 64
Pooling layer 2-2 64 2 1 — 32 x 64
Fusion layer — — — — 32 x 128
GRU layer 16 — — Tanh 32 x 16

Fully connected layer 32 — — Tanh 32

SoftMax 4 — — SoftMax 4

From Figure 2 and Table 2, it can be seen that the model mainly consists of two parallel
convolutional neural network layers, a fusion layer, a gated loop unit layer, and two fully
connected layers (the last layer is the SoftMax layer for the final classification). Parallel
convolutional neural networks are composed of two one-dimensional convolutional layers
and two one-dimensional pooling layers. Additionally, the model structure parameters of
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the upper and lower channels are set as the same. The number of convolutional kernels,
the kernel size, and the stride of convolutional layer 1-1 and convolutional layer 1-2 were
all set to 32, 64, and 8, respectively. The number of convolution kernels, the kernel size, and
the step size of convolution layer 2-1 and convolution layer 2-2 were all set to 64, 5, and 1,
respectively. Among them, the padding mode and activation function of the convolutional
layer were set to ‘same” and ‘ReLU’, respectively. The size and stride of the pooling layers
1-1 and 1-2 were set to 4 and 1, respectively, and the size and stride of the pooling layers
2-1 and 2-2 were set to 2 and 1, respectively, both of which adopted maximum pooling.
Through the joint action of the continuous convolutional layer and the pooling layer, the
spatial characteristics of the vibration signals acquired by sensors at different positions
were continuously mined and fused through the fusion layer. The spatial features obtained
by merging the position information of different sensors were further mined for time series
information; this was achieved via a GRU with 16 neurons to obtain the final multi-sensor
deep spatiotemporal features. Finally, the expanded features are classified using a fully
connected layer with thirty-two neurons and a SoftMax layer with four neurons, thus
completing the end-to-end intelligent diagnosis of gearbox faults. That is, the effective
identification of different fault states can be completed by directly inputting the vibration
signal of the gearbox into the model. The overall flowchart of the fault diagnosis model is
shown in Figure 3.

____________ L Data Fusion Feature Fxfraction || Pattern 11—
Results

|\ Recognition l|
]\ Classification ||

o i L

‘Concatenate ‘—*I GRU ‘—l—)l Softmax ‘—% Final Results‘

|
[
| I
|
|

Figure 3. Overall flowchart of the fault diagnosis model.

It can be seen from Figure 3 that the overall process is divided into four parts. The first
part is the sensor data-collection part. The vibration signals of the gearbox are collected
separately by dual sensors and output to the computer through the acquisition card to
obtain the vibration signals of the gearbox. The second part is the data feature-extraction
part. The gearbox vibration signal is input into the parallel CNN to mine the spatial
information of the vibration signal, the fusion layer is used to fuse the spatial information
of the different sensors, and the GRU model was further used to extract the time series
information to obtain the deep spatiotemporal features that integrate the spatial and
temporal information of multiple sensors. The third part is the feature-extraction part. The
SoftMax layer was used for pattern recognition and classification, and then the classification
information was finally output to obtain the final result.

4. Gearbox Fault Diagnosis Experiment
4.1. Analysis of Typical Fault Forms of Gearboxes

The gearbox is a complex mechanical system composed of gears, rolling bearings,
bearing end covers, transmission shafts, boxes, and other parts. Gearbox casing has a
good sealing performance and rigidity, and it plays the role of supporting the rotating
mechanism and isolating the external environment [40]. In actual production and life,
the faults and failures of gearboxes usually occur on important transmission parts such
as gears, transmission shafts, and bearings. The failures caused by the failure of these
transmission components account for 89% of gearbox failures, and the highest probability
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of gear failure is 60%, which is followed by bearing failure at 19%. When a gear fails, it
usually occurs at the tooth surface and tooth root of a pair of gears meshing with each other.
Four failure modes of wear, pitting, binding, and tooth fracture account for 92% of the total
failure modes of gears [41]. These failure modes are important causes of gear failure and
are among the main failure modes of gears; in addition, the failure probability caused by
tooth fracture is the highest at 41%. Followed by the fatigue pitting failure of gears at 31%,
gear teeth gluing and wear account for 10%, respectively [42].

4.2. Construction of Gearbox Fault Experiment Platform
4.2.1. Experimental Platform Equipment Selection

The experimental devices used in this paper were the following: a G7R5/P011T4
frequency converter, a YE3-100L2-4 three-phase asynchronous motor, a JZQ250 gearbox,
a CAYDO51V piezoelectric acceleration sensor, a YE6231 data acquisition card, a FZ-A-12
magnetic powder brake, couplings, pulleys, and PCs.

4.2.2. Gear Failure Settings

From Section 4.1 (Analysis of Typical Fault Forms of Gearboxes), it can be seen that the
faults caused by gears account for the largest proportion, followed by bearing faults. There
are not enough gear samples in this experiment, and gear failures caused by tooth fracture,
pitting, and wear account for 82% of gear failures. Therefore, this paper mainly sets three
failure forms of broken teeth: both the pitting and wear with the highest proportion of
gear failures, and the one normal form that has a total of four states of gear samples for
subsequent experimental development, data collection, and intelligent diagnosis. These
are shown in Figure 4.

(d)

Figure 4. Gear fault setting: (a) normal; (b) broken; (c) pitting; and (d) wear.

In Figure 4a—d, the four gear states of normal, broken, pitting, and wear, respectively,
are shown. The breakage shown in Figure 4b is a serious form of gear failure, where
generally one or more teeth of the gear is broken. When the gear is overloaded, eccentrically
loaded, or subjected to a large impact during work, the teeth may break. Figure 4c shows
an example that is prone to pitting failure on the root surface near the pitch line. The
occurrence of gear pitting makes the meshing performance of the gears worse, which
easily generates large vibrations. The wear in Figure 4d is mainly a failure form caused
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by insufficient lubrication or the entry of hard abrasives such as metal particles, dust, and
metal oxides onto the working surface of the gear during transmission, resulting in severe
wear on the gear contact surface.

4.2 3. Experimental Platform Construction

In order to complete the construction of the gear box fault experiment platform, the
relevant experimental schemes were set up based on the abovementioned fault forms
and the selected experimental equipment. The connection relationship of the relevant
experimental equipment is shown in Figure 5.

Magnetic
powder » Gearbox [« Motor <« Inverter
brake

' Data
Accelerometer — R » PC
acquisition

Figure 5. Experimental equipment connection diagram.

It can be seen from Figure 5 that, during the experiment, the three-phase asynchronous
motor, gearbox, and magnetic powder brake were first fixed on the test bench. The three-
phase asynchronous motor was connected to the power supply through the frequency
converter. The motor and the gearbox were connected by a pulley. The magnetic powder
brake was connected with the gearbox through a coupling. The acceleration sensor was
fixed on the bearing seats at both ends of the high-speed shaft of the gearbox and connected
to the data acquisition card to transmit the acquired vibration data to the PC for analysis.
Figure 6 shows the physical map of the gear box fault test platform.

Magnetic powder brake

a

|
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% ) s
dm""ﬂ y“,“l‘ || —

'

Figure 6. The physical picture of the gear box fault experiment platform.
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In the experiment, the frequency converter was used to control and adjust the motor
speed so as to realize the control and adjustment of the gearbox speed. The relationship
between the motor speed and the output frequency of the inverter is shown in Formula (9):

15001
v =
fmax

In Formula (9), v is the motor speed and f is the frequency adjusted by the inverter.
The constant 1500 is the theoretical output maximum value of the motor selected in the
experiment. fmax is the maximum value of the frequency converter output frequency, and
fmax is taken as 50 Hz. The experimental information is shown in Table 3.

)

Table 3. Experimental information.

Type Gearbox Status Motor Speed/Hz Brake Load/A Data Length Number of Datasets
1 Broken 30 0.5 2048 300 x 2
2 Pitting 30 0.5 2048 300 x 2
3 Normal 30 0.5 2048 300 x 2
4 Wear 30 0.5 2048 300 x 2

It can be seen from Table 3 that the sampling frequency was set to 6 k Hz in this paper.
The experimental load was set to 0.5 A through the magnetic powder brake controller. The
data acquisition card and sensor were used to collect the vibration data when the speed
was 900 r/min—that is, when the output power of the frequency converter was 30 Hz as
the analysis object. A total of 300 groups were collected for each state, and since there are
two sensor channels, the number of groups for each state is 300 x 2. The sample length of
each group is 2048, and the four states total 1200 x 2 groups.

4.2 4. Experimental Data Design

The vibration signals of different positions of the gearbox obtained by Sensor 1 (Chan-
nel 1) and Sensor 2 (Channel 2) in the abovementioned gearbox fault diagnosis experiment
platform were designed. The data introduction is shown in Table 4.

Table 4. Data introduction.

Type Gearbox Status ~ Number of Training Sets ~ Number of Validation Sets =~ Number of Test Sets Label
1 Broken 180 x 2048 x 2 60 x 2048 x 2 60 x 2048 x 2 1000
2 Pitting 180 x 2048 x 2 60 x 2048 x 2 60 x 2048 x 2 0100
3 Normal 180 x 2048 x 2 60 x 2048 x 2 60 x 2048 x 2 0010
4 Wear 180 x 2048 x 2 60 x 2048 x 2 60 x 2048 x 2 0001

It can be seen from Table 4 that firstly, the vibration signals collected by the two accel-
eration sensors are constructed into a dual-channel sample. The training set, verification
set, and test set were randomly divided according to a 6:2:2 ratio—that is, 180 sets of train-
ing, 60 sets of verification, and 60 sets of testing for each state of a single sensor. A total of
720 sets of training samples, 240 sets of verification samples, and 240 sets of test samples were
obtained in the four states. There are 2048 points in each sample, thus the sample composition
of each sensor channel is as follows: the training set structure is 720 x 2048; the validation set
sample structure is 240 x 2048; and the test set sample structure is 240 x 2048. Two sensor
samples of the same state of the gear are regarded as the same class. The labels of broken
teeth, pitting, normal, and worn states as 1, 2, 3, and 4, respectively, were set. The labels were
one-hot encoded—that is, the four labels 1, 2, 3, and 4 correspond to 1000,01 00,0010,
and 00 0 1, respectively. Additionally, the dual-channel training samples were input into the
model for training. The upper channel of PCNN receives samples from Sensor 1, and the
lower channel receives samples from Sensor 2.

89



Mathematics 2023, 11, 2679

5. Experimental Analysis and Verification
5.1. Experimental Analysis

Through using the experimental data information in Tables 3 and 4, the time-domain
and frequency-domain diagrams of the vibration signals of the two channels and four states
of the gearbox were obtained. These are shown in Figures 7 and 8, respectively.
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Figure 7. Gearbox data time-domain diagram.
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Figure 8. Gearbox data frequency-domain plot.

The time-domain plot of Figure 7 is a representation of a signal on a time axis, thus
showing the amplitude of the signal as a function of time. The frequency-domain plot
of Figure 8 is a representation of the signal on the frequency axis, showing the energy
distribution of the signal at different frequencies. By decomposing a signal into its frequency
components, it provides the frequency characteristics of the signal. From Figures 7 and 8, it
can be seen intuitively that the time-domain signals and frequency-domain signals received
by Sensor 1 and Sensor 2, respectively, in the four states of the gearbox are evidently
different and both present periodic fluctuations.

This experiment was run on a Windows 11 64-bit operating system with 8 GB of
running memory. The software and hardware configuration conditions were as follows:
Python version 3.10.4; the Spyder version 5.2.2; and TensorFlow version 2.9.1. The model
training parameter settings were as follows: number of iterations was set to 50; batch_size
set to 32; an Adam optimizer was used; the initial learning rate was set to 0.001; the learning
rate decay value was set to 0.02; and the dropout ratio was set to 0.4. To avoid the effects of
chance, the experiment process was repeated ten times. During the training process of one
experiment, the accuracy change curves and loss rate change curves of the training and
verification sets are shown in Figures 9 and 10, respectively.
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Figure 10. Loss rate change curve.

It can be seen from Figure 9 that, with the iterative process, the accuracy of the training
set and the verification set were significantly improved. After the 20th iteration, it is
essentially stable and tends to be flat. The accuracy curves of the training set and the
verification set ultimately coincide after the 20th iteration, and the accuracy rates are both 1.
It can be seen from the loss rate change curve in Figure 10 that the loss rate of the training
set and the verification set gradually decreases with the increase in the number of iterations.
Additionally, the values are essentially stabilized and leveled off after the 20th iteration.
The loss rate curves of the training set and the verification set also essentially coincide after
the 20th iteration, and the loss rate is close to 0. Through the analysis of the above two
figures, the model is shown to converge well and that it has been fitted effectively.

The test set was input into the trained model and the obtained test results were visualized
through the confusion matrix. The confusion matrix of the test set is shown in Figure 11.
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Figure 11. Confusion matrix of the test results.

It can be seen from Figure 11 that all of the samples in the test set were recognized
correctly and the overall recognition rate is 100%. It shows that the PCNN-GRU fault
diagnosis model fused with multi-sensor information can effectively identify different fault
states of the gearbox. In order to prevent the randomness of the results, the test results of
the 10 experiments of the model are shown in Table 5.

Table 5. Test results of ten experiments of PCNN-GRU

Number of Times Loss Rate/% Accuracy/% Average Accuracy Rate/%  Average Loss Rate/%

1 0.06 100

2 0.11 99.58

3 0.11 100

4 0.18 100

5 0.04 99.58

6 013 100 99.92 0.09
7 0.18 100

8 0.03 100

9 0.09 100

10 0.01 100

It can be seen from Table 5 that the highest recognition rate in the 10 experiments is
100%, the lowest is 99.58%, and the average recognition rate is 99.92%. This shows that the
PCNN-GRU fusion sensor information gearbox fault diagnosis method proposed in this
paper has a good recognition effect.

5.2. t-SNE Visualization

t-SNE was used to visualize the output features of each layer during the testing process
of the first experiment of the model. Figure 12 shows the feature distribution of different
layers of the model.
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Figure 12. Distribution of the features in each layer of the PCNN—GRU model: (a) feature distribution
of the upper channel raw data; (b) the lower channel raw data feature distribution; (c) the convolution
layer 2-1 feature distribution; (d) the convolution layer 2—2 feature distribution; (e) the feature
distribution of the fusion layer; (f) the feature distribution of GRU layers; and (g) the output layer

feature distribution.

It can be seen from Figure 12a,b that the distribution of the four states of raw data
from different sensors greatly overlaps, and that different states cannot be effectively
distinguished. It can be seen from Figure 12c,d that after the second layer of convolution,
the raw data of Sensor 1 and Sensor 2 begin to gather in the same categories, but it is still
difficult to distinguish them. It can be seen from Figure 12e,f that after fusing the features
of the upper and lower channels of the convolutional neural network, the distinction of
different categories of features and the aggregation of the same category of features are
significantly improved. Additionally, after passing through the GRU layer, the four states
can be clearly distinguished. As shown in Figure 12g, the final fusion features are effectively
recognized at the recognition layer, and the four states are clearly distinguished. This is
consistent with the final recognition results and the display of the confusion matrix. It
shows that the PCNN-GRU method can mine useful features that can characterize the
different fault states of gearboxes from vibration signals.

5.3. Comparison of Methods

In order to illustrate the effectiveness and advantages of the method in this paper, the
PCNN-GRU method in this chapter is compared with the following methods:

@
@

PCNN: The vibration data of Sensor 1 and Sensor 2 were input into the PCNN;
Upper channel (Sensor 1) + CNN-GRU: Only the upper channel (Sensor 1) vibration

signal was used to input into the CNN-GRU;
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(3) Lower channel (Sensor 2) + CNN-GRU: Only the lower channel (Sensor 2) vibration
signal was used to input into the CNN-GRU;

(4) Upper channel (Sensor 1) + CNN: Only the upper channel (Sensor 1) vibration signal
was used to input into the CNN;

(5) Lower channel (Sensor 2) + CNN: Only the vibration signal of the lower channel
(Sensor 2) was used to input into the CNN.

Each method was independently trained and tested 10 times. The average recognition rate
and average loss rate of the 10 diagnostic results by different methods are shown in Table 6.

Table 6. The average recognition rate and average loss rate of 10 diagnostic results by different methods.

Method Average Loss Rate of 10 Tests/% Average Recognition Rate of 10 Tests/%
PCNN-GRU 0.09 99.92
PCNN 5.67 99.42
Sensor 1-CNN-GRU 9.32 96.84
Sensor 2-CNN-GRU 11.12 96.38
Sensor 1-CNN 17.84 94.96
Sensor 2-CNN 24.79 92.92

It can be seen from Table 6 that the PCNN-GRU fusion multi-sensor information
gearbox fault diagnosis model proposed in this paper has the highest recognition rate
of 99.92%. Additionally, the loss rate is also the lowest at 0.09% (the loss rate refers to
the cross-entropy value between the prediction result and the actual value; the lower
the loss rate, the closer the prediction result is to the real value, which indicates that the
prediction effect of the model is better). Compared with the multi-sensor information
fusion method when using only PCNN, the accuracy rate is increased by 0.5% and the loss
rate is reduced by 5.58%. This shows that after using GRU to further extract the timing
features of multiple sensors, not only has the accuracy rate been improved, but also the
obtained results are closer to the actual value. Compared with the method based on a
single sensor, the recognition rate has been effectively improved to varying degrees. It
is also compared with some models mentioned in the introduction, such as WPD-CNN
and LSTM model with cosine loss. Many tests have shown that the PCNN-GRU fusion
multi-sensor information gearbox fault diagnosis model proposed in this paper has the
highest recognition rate and the lowest loss rate. This shows that multi-sensor information
fusion can more comprehensively characterize the fault characteristics of a gearbox, and
it can effectively identify different fault states. The box plot of 10 diagnostic results by
different methods is shown in Figure 13.
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Figure 13. Box plot for the results of the 10 tests.
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It can be seen from Figure 13 that the PCNN-GRU method in this chapter has a
higher recognition rate than the other methods, and the results of the 10 tests are more
concentrated. It also shows that the model recognition effect of the PCNN-GRU fusion
multi-sensor information method is more stable, and that the fluctuation is smaller.

6. Conclusions

In this paper, a gearbox fault diagnosis method based on multi-sensor deep spatiotem-
poral feature representation is proposed. The vibration signals collected by the acceleration
sensors at different positions in the gearbox fault test platform are input into the parallel
CNN (PCNN) to mine the spatial information of the vibration signals. The fusion layer was
used to fuse the spatial information of the different sensors. The GRU model was further
used to extract the time series information in order to obtain the deep spatiotemporal
features that fuse the spatial and temporal information of the multiple sensors. SoftMax
was used for identification, and the intelligent diagnosis of the gearbox end-to-end was
completed. The accuracy rate of the 10 tests was 99.92%, which is higher than those of the
multi-sensor + parallel CNN and single-sensor-based diagnosis methods, and it also has a
higher stability and lower loss rate. This proves that the PCNN-GRU fusion multi-sensor
information fault diagnosis method is effective and superior.
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Abstract: This paper describes a development that offers new opportunities for detecting faulty
bearings. Prioritization is based on the technique for order of preference by similarity to the ideal
solution (TOPSIS) for the most discriminative features in the faulty bearing dataset. The proposed
model is divided into three steps: feature extraction, feature selection, and classification. In feature
extraction, variational mode decomposition (VMD) and fast Fourier transform (FFT) are used to
extract features from the measured signal of the test motors and use the symmetrical uncertainty
(SU) value for calculation, reducing the redundancy of data. In terms of feature selection, the TOPSIS
method is used instead of the traditional filtering method, which is applied to analysis and decision
making, and important features are selected from seven filtering methods. Finally, in order to validate
the classification ability of the proposed model, k-nearest neighbors (KNN), support vector machine
(SVM), and artificial neural networks (ANN) are used as independent classifiers. The effectiveness
of the proposed model is evaluated by applying two bearing datasets, namely the current dataset
of motor vibration signals and the dataset of bearing motors provided by Case Western Reserve
University (CWRU). The results show that the comparison of the proposed model with other models
shows the feasibility of this study.

Keywords: bearing fault diagnosis; feature selection; TOPSIS; feature extraction
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1. Introduction

Rolling bearings are an important part of industrial machinery and equipment and
have been widely used in this field. Rolling bearings need to bear the weight of rotating
machines and ensure normal operation [1]. However, the bearing suffers vibration, wear,
corrosion, fatigue, etc., during operation. When the bearing fails, the vibration will increase
when it is fatigued, and its working efficiency will be reduced and even cause casualties.
Therefore, bearing fault detection can sense the subtle vibration of the bearing, and the
running state of the bearing can be judged through simple data, which can be seen at a
glance [2-4]. Fault vibration of rolling bearings is caused by two kinds of faults: local faults
and distributed faults. The ultimate goal of vibration monitoring is to know when the
bearing needs to be replaced by tracking the state of the bearing. According to statistics,
about 30% to 40% of mechanical failures in rotating equipment using rolling bearings are
caused by rolling bearings [5,6]. Therefore, early fault diagnosis is an important topic
in a wide range of applications to improve the safety and reliability of rotating electrical
machines [7]. The purpose of this study is to propose an efficient method for bearing fault
diagnosis based on machine learning. The bearing fault diagnosis model includes five
steps: raw data acquisition, data preprocessing, feature extraction, feature selection, and
fault mode recognition [8]. When the rolling bearing fails, it sends out vibration and impact
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signals, and the collection of vibration signals can directly reflect the operating status of
the faulty mechanical equipment. With the technical improvement of feature extraction
methods, the dimension or category of extracted feature vectors is increasing, and there are
more and more irrelevant and redundant feature vectors in high-dimensional feature sets,
which may affect the accuracy rate. Therefore, some dimensionality reduction strategies are
used in feature extraction to select sensitive features, which will also affect the diagnosis
results as computational efficiency. There are several feature extraction methods [9,10]:
the more famous ones are envelope analysis, such as principal component analysis [11,12],
distance estimation techniques, symmetric uncertainty (SU) methods [13], and empirical
mode decomposition (EMD) [14]; variational mode decomposition (VMD) [15]; and fast
Fourier transform (FFT) methods [16,17]. EMD technology has high precision in signal
extraction and fast convergence speed, which is very suitable for bearing fault diagnosis.
However, in extracting the signal, VMD can set the desired mode number and avoid the
endpoint effect similar to EMD decomposition through mirror extension [18]. After the
feature extraction step, the feature set has been preliminarily formed, but there are still many
redundant features in the extracted datasets, especially in high-dimensional datasets. These
redundant features lead to a decrease in the accuracy of the final classification. Therefore, a
feature selection step is required, which is an intermediate step between data extraction
and classification. What it does is preprocess the dataset to further select its features before
sending it to the classifier. Feature selection has flourished, and algorithms have gained
attention in solving dataset optimization problems. Regarding fault classification methods,
some artificial intelligence methods [19] include support vector machine (SVM) [20,21],
k-nearest neighbors (KNN) [22], fuzzy inference system [23], random forest (RF) [24], and
artificial neural network (ANN) [25-30]. Ultimately, bearing health depends on these
technologies.

Since a single feature selection method cannot provide excellent classification accuracy
in the case of different faulty bearings, to improve the performance of a new method for
bearing defect classification, the proposed method relies on an ideal solution with an order
preference similar to the ideal technical solution (TOPSIS) [31]. The information in the
original data can be fully utilized, and the results can accurately reflect the gap between
evaluation schemes. The basic process is to use the cosine method to find the optimal
solution and the worst solution in the finite solution based on the normalized original data
matrix and then calculate the distances between each evaluation object and the optimal
solution and the worst solution, respectively, and calculate the relative closeness of each
evaluation object to the optimal solution as the basis for evaluating the advantages and
disadvantages. Although TOPSIS avoids the subjectivity of data, has no strict requirements
on data components and samples, and is more flexible in describing the comprehensive
impact of multiple indicators, it needs the data of each indicator, and it is difficult to choose
the corresponding quantitative weight. It needs to be determined in order to accurately
describe the impact of weights. The purpose of this research is to try to apply the TOPSIS
method to the feature selection of filters and try to improve the lack of filter classification
accuracy. For the stability and accuracy of the final feature extraction, this study uses the SU
method to delete redundant features and combines six feature selection methods for weight
distribution. For specific research, six typical feature selection methods are considered,
which are important for TOPSIS. The construction of the method is challenging, because
not every filter method is suitable for different data, and these filter methods are combined
by the TOPSIS method, which will lower the recognition rate. The number of indicators
selected is appropriate, which can describe the influence of the indicators well and over-
come the blind spots of the TOPSIS method. This study utilizes multiple methods, namely,
RF [24], minimum redundancy maximum relevance (mRMR) [32], correlation-based fea-
ture selection (CFS) [33], F-score (FS) [34], Pearson correlation coefficient (PCC) [35], and
item variance (TV) [33]; in addition, we also utilize three well-known classifications, the
SVM [20,21], KNN [22], and ANN [26-30]. After extracting the original data by VMD-
FFT, the correlation coefficient is calculated by the SU method to reduce the uncertainty
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characteristics. The selection filtering method is used as the selection weight because the
calculation speed of this method is very fast and can be applied to various machine learning
models.

In this paper, an optimal feature selection method in TOPSIS is proposed, which also
removes redundant features to make the method more refined. The optimization trade-off
between detection accuracy, processing speed, and flexibility is the main consideration of
this method. The results through the classifier show that the best features can be selected
quickly and provide stable and real-time performance.

The main contributions of this paper are summarized as follows:

(1)  In the research of filtering methods, combining the advantages of different filtering
methods makes the accuracy rate more stable and effectively removes irrelevant and
redundant functions.

(2) We introduce a new orientation-adaptive feature extraction method. This paper
proposes a fault diagnosis method based on TOPSIS. Compared with the traditional
signal method, this method takes advantage of the combination of multiple feature
extractions to fill in the order of the newly sorted features, thereby improving the
stability of feature recognition.

(3) In this paper, a hybrid model for rolling bearing fault identification is established, and
the model is tested using existing equipment and fault data under different conditions
to achieve accurate fault diagnosis and compare the currently available algorithms.
The proposed model has a lower computational cost.

The structure of this paper is as follows: Section 2 describes the basics and workflow
involved in the TOPSIS hybrid model. Section 3 introduces the method for measuring motor
signals in the bearing motor dataset and the Case Western Reserve University (CWRU)
dataset. In Section 4, the results of three classifiers in four different models of the two
faulty bearing datasets in Section 3 are discussed, and the information and performance
are analyzed and evaluated in detail. Finally, the optimal model is determined based on
these values.

2. Hybrid Models
2.1. Variational Mode Decomposition (VMD)

Variational pattern decomposition has previously been published (Dragomiretskiy,
2014). VMD is a novel adaptive nonrecursive signal decomposition methods for enhancing
sequence stability [15]. In addition to VMD, it can specify the number of modes desired for
the outcome. The IMF decomposed by its method has an independent center frequency and
shows the characteristics of sparsity in the frequency domain, which has the characteristics
of sparse research. In the process of solving the IMF, the endpoint effect similar to that in
the EMD decomposition is avoided by means of mirror extension. Selecting an appropriate
value of K can effectively avoid modal aliasing. This study used VMD to decompose the
ball bearing test data series for normal and faulty bearings. The VMD structure is as follows:
For VMD, the preset K value determines the number of IMF components. The sum of the
IMFs is the original signal. The constraints are expressed by (1) and (2):

minkle jor] (860 + L) x )]y 1)

7t

st.Y = f @)
k

where {1y} = {upvr, - - -, Unvrk ) contains local characteristic signals of different time scales
of the original signal; {wy } = {wy, - - wi} represents the center frequency of each IMF
component; ) 1y represents the sum of all modal components; and f represents the time

series of ball bearing test data for decomposed normal and faulty bearings.
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VMD solution: a secondary penalty factor « and the introduction of a Lagrangian
penalty operator A(t) to transform the constrained variational problem given by (1) and
(2) into an unconstrained variational problem where the extension of the Lagrangian
expression is given in (3) below:

L ), A) = o 2 101 (000 + ;oo 13 ®)

The Alternating Direction Multiplier Algorithm [2] is used to solve the variational

problem given by (3), above which produces the alternately updated u’kl+1 (w) and w,’f“

expressions given in (4) and (5):

=7, fw) = T setie(w) + A(w) /2
(W)= 1+ 2a(w — wk)2 @

n+l_ foww\fk(w)|2dw
Y (w) Pdw

©)

where uZ“ (w) is the Wiener filter of f(w) — ¥ #;(w) that yields w,’f“, the corresponding

power spectrum of the centroid modal function.

The VMD model is as follows:

Step 1: Initialize uy, wy, A and n = 0.

Step 2: n =n + 1 (number of iterations).

Step 3: Update uy and wy according to the VMD algorithm formula.

Step 4: Update the Lagrange multiplier A according to the relevant algorithm.

Step 5: Know until a certain condition is met (judged by the similarity coefficient),
stop the iteration; otherwise, go to Step 2.

Step 6: As k =k + 1, subtract the decomposed mode from the source signal and use it
as the source signal for the next cycle; go to Step 1.

2.2. Fast Fourier Transform (FFT)

FFT [16,17] is based on the mathematics of discrete Fourier transform (DFT), which
utilizes the symmetric properties of discrete Fourier transform complex multiplication on
the complex plane, and multiple multiplications with symmetric properties are combined
into one item, so it can effectively reduce the number of mathematical calculations and
obtain more efficient calculations without changing the original mathematical model struc-
ture. This calculation method was proposed by Cooly and Tukey in 1965. In the field of
digital signal processing, the data can be converted from the time domain waveform to the
frequency spectrum through the Fourier transform. The fast Fourier transform model is
defined as follows:

DFT is obtained by decomposing a series of values into components of different
frequencies. The definition of DFT is expressed as (6):

X(k) = X ) = YN xmwE, k=0,1,..., N — 1 ©)

It is further expressed as the sum of the following odd-numbered terms plus the sum
of the even-numbered terms.

N/(2-1) o N

X(k) = ;J x(2r)(W%)" + ; X(2r +1)(W%

) = Gk + WE-H () ()
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_
InW% =e 7wy /2, G(k) and H(k) are, respectively, the DFT of the following two
N/2 points:
N/(2-1)
Gk)= Y x(2n)Wy), ®)
n=0
N
2-1
H(k) =Y x(2n+1)WK’ )
n=0 2

For each pair of X(k) and X(k + N/2), as long as the even part is known, another even
part is found. The odd part is the same.

2.3. Feature Extraction Process

VMD minimizes the sum of the estimated bandwidths of each mode, where each
mode is assumed to be a finite bandwidth with a different center frequency. To solve this
variational problem, an alternating direction multiplier method is used to continuously
update each mode, and its center frequency is gradually demodulated to the corresponding
baseband; finally, each mode, that is, the corresponding center frequency, is extracted
together. We extract the max, min, mse, rsm, and mean values from each of the eight
IMFs decomposed by VMD. The features extracted in VMD are F1~F40. The eight IMFs
decomposed by VMD extract the maximum value, minimum value, and average value
through FFT analysis. The features extracted in the FFT are F41~F80. Eighty features were
extracted in feature extraction. Its calculation method is shown in Figure 1.

2.4. Symmetric Uncertainty (SU) Value Feature Selection

Information entropy is the average amount of information contained in each received
message, proposed by Shannon in 1948 [36]. Messages represent events, samples, or
features from a distribution or data stream. Another characteristic of the source is the prob-
ability distribution of the sample. The probability distribution of events and the amount of
information for each event constitute a random variable, and the mean (i.e., expectation) of
this random variable is the average (i.e., entropy) of the amount of information generated
by this distribution. The calculation formula of entropy is shown in (10), and its information
gain is shown in (11):

H(t) = —k)N:P(Xi)I(Xz’) (10)

I(X) = iInP(xi) (11)

where P is the probability mass function of x, k is a proportional constant corresponding to
the chosen metric, and i is the information body of x.

For the decision-making system, the greater the probability of occurrence of each
piece of information, the smaller H(X) will be. This means that the greater the regularity
that appears in the information, the smaller the degree of uncertainty, which means that
the decision-making system has a high probability of presenting correct information;
on the contrary, if the amount of information is too large, it means that the amount of
information in the system is full of various information, so there will be a phenomenon of
information overload. This is the most direct and fastest way to judge. By calculating the
correlation coefficient, the correlation between them can be quickly obtained. However,
if the correlation is used to select features, it often leads to the tendency to select features
with larger values [4]. Therefore, this study uses the method of SU value to calculate the
degree of correlation between the feature and the target, where SU is expressed as (12):

[(X)

SUXY) = Hx)+ 1Y)

(12)
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The above expression is interpreted as the form of normalized information gain by
definition, and the nonlinear related information variable defined by information entropy is
used to reconstruct the degree of correlation between nonlinear random variables. Among
them, the SU value is used to calculate the symmetric uncertainty. Its concept is similar
to information acquisition, but the value range is between 0 and 1 (0 means that X has
nothing to do with Y, and 1 means that knowing Y can accurately predict X).

Original signal
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Figure 1. Feature extraction method flowchart.

2.5. Symmetric Uncertainty Method Feature Selection Process

Using the SU value of the fault type, the features (F1-F80) captured by VMD-FFT are
sorted in descending order from the highest to the lowest correlation. During the screening
process, the method compares the two features and retains the correlation with the target.
Higher features use the features with higher correlation to complete the screening. The
features with less influence are deleted by threshold setting, and the original 80 features
are paired down to 60 features to obtain a feature subset and then feature comparison.
This method will reduce the time complexity and realize the function of filtering while
calculating to achieve the effect of speeding up the operation and improving the accuracy
rate.
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2.6. Feature Selection Method Process

In the filter feature selection method (FFS) [37], seven feature selection methods are
used, as shown in Table 1 below. The FFS method is often used as a preprocessing step to
rank the importance of variables in regression or classification problems. It selects features
based on scores in various statistical tests and indicators of correlation. The algorithm of
the FFS method has strong versatility, saves the training steps of the classifier, and has low
algorithm complexity, so it is suitable for large-scale datasets and can quickly remove a
large number of irrelevant features. It is very suitable as a prefilter for features. However,
each type of method has a different calculation method to evaluate the weights of the
features. This makes it difficult to make a final decision. Therefore, the main idea of this
study is to apply TOPSIS to evaluate the priority order from the results of filter feature
selection methods. SU is a preprocessor to remove redundant features before the remaining
features are evaluated. In this study, a method with TOPSIS was proposed to improve the
stability of the results of the FFS method (Table 2). Using the TOPSIS method to evaluate
the current signals and select the best ranking of the signals for classification (Figure 2).

The TOPSIS method is described in detail in the next section.

\

Set of all Features

Ranking by
filter methods

Selecting all the
feature ranking

Integrate with TOPSIS

Classified by
SVM KNN ANN

Figure 2. Schematic of the filter method proposed data analysis procedure.

Table 1. Filter methods for feature selection.

Methods Advantages Disadvantages References
. . . . The limitation of the algorithm is
ReliefF (RF) The Iéillig(;fléhz;iifIfflf‘i]gzns:mple that it cannot effectively remove [24]
gh op & y redundant features.
Maximize the correlation between
Minimum redundancy feature features and categorical variables Does not take into account the [32]
selection (MRMR) Minimize the correlation between correlation between features
features and features
. . Select a subset of features that are A fe.ature that has a hlgh Correllatlon
Symmetrical uncertainty (SU) . . with the target variable but little [13]
highly correlated with the category . .
correlation with other features
Correlation-based feature antams a subset of .features that are No interaction with classifiers,
selection (CFS) highly correlated with the class but ignoring feature correlations [33]
not correlated with each other
. In the case of unbalanced samples,
F-score (FS) The accuracy rate can judge the total it is not a good indicator to measure [34]
correct rate
the results.
. - The relationship of variables can be This method cannot be used to
Pearson correlation coefficient . . . . 1 . .
(PCC) measured numerically and is refine and solidify the relationship [35]
directional between variables to form a model.
The method independently measures Fﬁ?igilgéﬁgzk;ﬁ;e::fsizgiﬁbéis
Term variance (TV) the relationship between each feature ! [33]

and the response variable.

redundant variables between
numbers.
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Table 2. Feature selection ranking collection.

Selected Type Selected Methods
A RE mRMR, SU, CFS, FS, PCC, TV
B RE, mRMR, CFS, ES, PCC, TV
C RFE, mRMR, CFS, FS, PCC
D RE CFS, FS, PCC, TV

2.7. The Feature Selection in TOPSIS

The TOPSIS method is a sequence optimization technique for ideal target similarity,
and it is a very effective method in multiobjective decision analysis, proposed by Hwang
and Yoon in 1981 [31]. Calculate the distance between each evaluation target and the ideal
solution and anti-ideal solution, and use this as the basis for evaluating the target.

The workflow of the TOPSIS method consists of the following seven steps [38].

Step 1: Generating an m-by-n evaluation matrix contains m alternatives A;, Ay; ...,
Ay, with each evaluation matrix assessed by n local criteria Cy, Cy; ... ; Cy.

Step 2: Normalizing the decision matrix:

Xij , ,
ul-]-:7;121,...,711;]:1,...,11 (13)

T
\/ Lk=1 %%

where x;; is the score of alternative A; concerning criterion C;.
Step 3: Calculating the weighted normalized decision matrix, for which its values V;;
are computed as (14):

Vi=Wixug j=12...,mi=12...n (14)

n
Let W; = [wy, w, ... , wy] be the vector of local criteria weights satisfying Y W; = 1.
i=1

Step 4: Determining the positive ideal I (A*) and negative ideal (A™) solutions as
(15)—(18):

In the proposed method, all criteria are considered as benefits; therefore, " is empty,
and (15) and (16) can be reduced to (17) and (18):

AT = {of oo} = { (max; Viglj € 1), (min; Vglj € ) } (15)
A" ={v,...0, } = {(mini Vijlji € 1), (max; Vij|j € ]/)} (16)
AT ={of,... 0t} = {(max; Vijlj € ]) } (17)
AT ={vr, oy = {(ming Vilj € )} (18)

Step 5: Measuring the Euclidean distances between each alternative and both the
positive and negative ideal, which are calculated as (19) and (20):

Pt = Xn:(vijfv]*)Z;izl,Z,...,m (19)
j=1
— 1t — 2 .
Pl = ];(Z)Z]—Z]]) ;121,2,...,7” (20)

Step 6: Computing the relative closeness to the ideal solution as (21):

P~
H=—%+*—;i=12,... m;0<H; <1 21
i Pi++Pi, = 1 > ( )
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Step 7: Ranking alternatives based on the H value of each parameter. H; = 1 indicates
the highest rank, and H; = 0 indicates the lowest rank. Its calculation method is shown in
Figure 3.

Figure 3. The TOPSIS feature ranking process integrates different FFS methods ranking.

2.8. Performance Measures

The k-fold cross-validation test, independent dataset test, subsampling test, and
jackknife cross-validation test are four schemes widely used in statistical classification to
check the performance of predictive models [39]. The jackknife method is widely used
to estimate the generalization ability of predictive models [40,41]. However, this is time-
consuming. To save computation time, ten-fold cross-validation was used in this study.

We next investigated the performance of predictive models. In k-fold cross-validation,
the data are divided into k subsets, each using one of the k subsets and k — 1 subsets as test
and training data, respectively.

2.9. Classification

In this study, we used three classification models, including the SVM, KNN, and ANN
classifiers, to compare the bearing motor dataset and the CWRU dataset differences in the
various fault types and normal motors and obtain accurate results through the analysis
software MATLAB.

Support vector machine (SVM) [20,21]—An SVM is a supervised learning model and
a machine learning model of related learning algorithms. It has relative advantages for
problems such as small samples, nonlinearity, high dimensionality, and local minimum
points. This is the method to use for classification or regression. Given a group of classified
data, the SVM can obtain a set of models through training. Then, if there is unclassified
data, the support vector machine can use the previously trained model to predict the
category of this data, making it a nonprobabilistic binary linear classifier. Classification
decisions are made through linear combinations of features. The characteristics of objects
are usually described as eigenvalues, and in vectors, as eigenvectors. Since the support
vector machine must first have classified data for training when building a model, the
support vector machine is one of the methods of supervised learning.
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Tuning the SVM classifier:

Using the parameter value that minimizes the cross-validation loss for the SVM and
using the parameters that optimize the two-class learning, the eligible parameters are
‘BoxConstraint’, ‘KernelFunction’, ‘KernelScale’, ‘PolynomialOrder’, and ‘Standardize’.

Manually adjust the parameters of the classifier according to this scheme:

Step 1: Pass the data to the SVM and set the name-value pair parameters to ‘Ker-
nelScale” and ‘auto’. Assume that the trained SVM model is called the SVM model. The
heuristic process uses subsampling. Therefore, to reproduce the results, use rng to set the
random number seed before training the classifier.

Step 2: Cross-validate a classifier by passing it to crossover. By default, the software
performs 10-fold cross-validation.

Step 3: Pass the cross-validated SVM model to k-fold Loss to estimate and retain the
classification error.

Step 4: Retrain the SVM classifier but adjust the ‘KernelScale” and ‘BoxConstraint’
name-value pair arguments. As shown in Table 3.

Table 3. Support vector machine parameter setting.

Parameter Parameter Value
BoxConstraint 1
KernelFunction polynomial
KernelScale auto
PolynomialOrder 2

k-Nearest Neighbor algorithm (KNN) [22]—The KNN is a nonparametric method for
classification and regression prediction problems. It is one of the simplest of all machine
learning algorithms. The sorting criteria are determined by a ‘majority vote’ of neighbors.
The output of a regression model is a continuous value that is predicted to be the average
of the outputs of the k-nearest neighbors. On the classification problem, the KNN adopts
the majority principle and uses k-nearest neighbors to judge which group the new data
belong to. The algorithm flow is very simple. The disadvantage of the KNN is that it is
very sensitive to the local structure of the data, so it is extremely important to adjust the
appropriate k value. First, determine the size of k. Then calculate the distance between the
current new data and the adjacent data. In the third step, find out the k-nearest neighbors
and see which group has the most neighbors, and then classify it into that group.

Artificial Neural Network (ANN) [26-30]—Artificial neural networks are used for
supervised learning. More specifically, the ANN structure, training process, risk of over-
fitting, and data normalization for regression problems are analyzed. Calculations are
routed through a large number of artificial neuron connections. In most cases, the artificial
neural network can change its internal structure according to external information and is
an adaptive system. Modern neural networks are nonlinear statistical data modeling tools,
and neural networks are usually optimized by learning methods based on mathematical
statistics. Artificial neural networks can have simple decision-making abilities and judg-
ment abilities similar to human beings, and this method has more advantages than formal
logical reasoning.

The different steps are described below:

Step 1: The collected input and output samples are divided into a test set and a training
set. The splitting is performed randomly; usually, 80% of the samples are used for training
and 20% for testing.

Step 2: The training set is subdivided into training and validation subsets. Splitting is
random. Generally, 80% of the samples are used for the training subset and 20% for the
validation subset.

Step 3: Set the weights and biases of the artificial neural network. In the first iteration,
these values are chosen randomly. For the next iteration, a previous value of the error
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metric is chosen relative to the error metric obtained in the previous iteration of the training
subset.

Step 4: The error metric between the ANN output and dataset output is used to
evaluate training and validation subsets. Widely used metrics for a regression ANN are
mean squared error, and binary cross-entropy are used for a categorical ANN.

Step 5: Compare the error metrics for the training and validation subsets to stop
training when overfitting occurs. The training error metric monitors a subset to detect
training improvement when the completion metric converges and stops.

Step 6: If convergence is not achieved, the error metric is used to improve the weights
and biases for the next iteration.

Step 7: After training is complete, evaluate the training and test sets and compare the
resulting output with the dataset output. The training set comparison is biased because
the same data are already used for training. Therefore, the test set exists and provides an
unbiased validity check.

Step 8: If the performance of the artificial neural network cannot meet expectations,
the ANN structure, number of hidden layers, number of neurons, or training algorithm
should be reset.

ANN training is not a deterministic process due to the random splitting of datasets
and random initialization bias of weights. The training subset is divided into batches for
training iterations. The results of each iteration are used to improve the ANN parameters.
The training process is complete when all batches are complete and all samples from the
training subset have been used. The training process of an artificial neural network consists
of many epochs. The number of samples per batch is a parameter that can affect the training
process’s quality, stability, and computational cost.

2.10. Proposed Method Process

In this study, the faulty bearing detection model is based on VMD-FFT to establish the
feature extraction process and the used equations. This part of feature selection is divided
into four cases of individual tests, as shown in Figure 4. The specific steps are as follows:

Model 2 Model 3 Model 4

Figure 4. Propose an integrated FFS model flowchart for optimal feature selection.
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Model 1: Using the VMD-FFT feature extraction process and presenting the result
with a classifier.

Model 2: Using the VMD-FFT feature extraction process and SU method to remove
redundant features and using the classifier to present the results.

Model 3: Using the VMD-FFT feature extraction process. In the feature selection part,
the TOPSIS method (Figure 3) is used to obtain the ideal ranking, and the classifier is used
to present the results.

Model 4: Using the VMD-FFT feature extraction process and using the SU method to
remove redundant features. In the feature selection part, the TOPSIS method (Figure 3) is
used to obtain the ideal ranking, and the classifier is used to present the results.

These four models are independent of each other. To test whether the SU method can
effectively reduce redundant features and the combination of four different filtering meth-
ods selected in the TOPSIS method, the four training models of bearing faults constructed
were compared. The next section introduces the bearing dataset and the CWRU dataset.
We used these two datasets to test the results of the four models in the KNN, SVM, and
ANN classifiers.

3. Hybrid Models
3.1. Bearing Dataset of Current Signal Measured from an Induction Motors

This section describes the specifications of the motor used in the study and measures
the motor for normal and damaged bearings, broken rotor bars, and shorted stator windings.
Four current signals are used for analysis. Secondly, the equipment and methods used in
the experiment and the overall process of this study are introduced, and the differences
between various fault types and normal motors are preliminarily compared. Finally, the
accuracy results are given by MATLAB analysis software.

The equipment used in this study is a four-pole AC induction motor, as shown in
Figure 5; its specifications are shown in Table 4, and the fault types are shown in Figure 6a—c.
A signal acquisition device (NI PXI-1033), electricity meter, and computer were used for
analysis, and the measurement data were then recorded. Raw current signals are obtained
from experiments with common and three-faulted induction motors. Figure 7 shows the
test bench hardware, a three-phase squirrel-cage induction motor of four types: normal,
bearing failure, rotor drilled, and stator coil windings shorted. The three-phase squirrel-
cage induction motor with bearing damage (aperture 1.96 mm x 0.53 mm) is shown in
Figure 6a. The three-phase squirrel-cage induction motor with the rotor hole (two holes ¢
8 mm and 10 mm deep) is shown in Figure 6b. A three-phase squirrel-cage induction motor
with short-circuited stator coil windings (2 coils short-circuited) is shown in Figure 6c.

L

Figure 5. Torque sensor, servo motor, computer, oscilloscope, and data miner (NI PXI-1033).
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Table 4. AC induction motor specifications.

Three-Phase Four-Pole Induction Motor Specifications

Voltage Frequency Power Factor
220 V/380 V 60 Hz 0.8

Output Current Rated speed
2 Hp 1.5 kW 558 A/3.23 A 1764 rpm

E o ~ %
et S BT AT

i L

Figure 6. (a) Bearing damage processing (aperture 1.96 mm x 0.53 mm). (b) Rotor drilling failure
(two holes § 8 mm depth 10 mm). (c) Short circuit between stator layers (two coils short circuit).

Input power Connect Current signal Current data

MATLAB

AC servo motor AC servo motor Induction motor Acquisition of equipment PC
Figure 7. Signal measurement process.

3.2. Measurement Process in AC Induction Motor

First of all, this study measures the current signals of an AC induction motor in four
conditions (normal, bearing, rotor, and stator) and obtains arbitrary phase data for the
motor U, V, and W through the NI signal extractor. The data sampling time for each
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measurement is 100 s, and the collection frequency is 1000 Hz. Each signal measurement is
evaluated 100 times to complete the premeasurement operation.

3.3. CWRU Benchmark Dataset

The CWRU benchmark dataset provides validation of the ball bearing test data for
normal and faulty bearings [42]. The test bench hardware consists of a 2 hp induction motor,
load motor, and torque encoder. The CWRU benchmark dataset is unique in that each
experiment carefully records the actual test conditions of the motor as well as the bearing
fault states, including four different load levels (0 hp, 1 hp, 2 hp, 3 hp), three different
fault locations (inner ring, outer ring, ball), three different defect diameters (0.007", 0.014”,
0.021” inches), and a sampling rate of 12 kHz. The main purpose is to determine the
severity and location of bearing failures. Normally, the signal is cut into 2000 data points
at each level, so there are 660 samples in total except the normal signal, the signal at each
level is sliced into 780 samples. The length samples for the three different defect diameters
each have 2000 data points.

4. Measurement Method of the Motor Signal

In this study, the bearing dataset of the current signal measured from an induction
motor and the CWRU bearing dataset are used as experimental samples for simulation.
After VMF-FFT feature extraction, the comprehensive optimal SU feature removal method
and TOPSIS method are used, and finally, the SVM, KNN, and ANN classifiers are used to
compare the accuracy rate.

4.1. CASE STUDY 1: Bearing Motor Dataset

In order to demonstrate the performance of the proposed TOPSIS method, the bearing
motor dataset was used in this case to test the results. Table 5 shows the effect of applying
different feature selection techniques on various classifier architectures. On the classifier
side, it was used as an evaluation measure during a 10-fold cross-validation process with
30 repetitions. For a fair performance evaluation, consider different constraints that affect
classification performance, such as training dataset, classifier model, and several selected
features. In this regard, we should evaluate different possible combinations of the four
states applied to the three classifiers. In the case of using SVM machine learning, the
average accuracy rate of the VMD-FFT signal analysis method is 87.98%, and the highest
accuracy rate is 98.5%, as shown in Figure 8a. After using the VMD-FFT signal analysis
method combined with the SU feature selection method, the 80 features can be reduced
to 60, respectively, and the average accuracy rate is 88.09%. Compared with model 1, the
average accuracy rate curve is relatively stable, as shown in Figure 8b. Using the VMD-FFT
signal analysis method combined with the TOPSIS feature selection method, in Feature
Number 4 and Feature Number 16, the accuracy rates are 80.50% and 93.50%. It can be seen
that the six-select method is better than other selection methods, as shown in Figure 8c. It
is clear that using the VMD-FFT signal analysis method combined with the TOPSIS feature
selection method combined with the SU feature selection method can reduce the 80 features
to 60, respectively. In Feature Number 3, Feature Number 18, and Feature Number 24, the
accuracy rates are 78.70%, 98.0%, and 99.0%. Compared with the results of model 3, the
curve of the six-select method in model 4 tends to stabilize faster, as shown in Figure 8d.
Therefore, it can be judged that this method can delete redundant and unimportant features,
obtain a better feature subset, and effectively improve accuracy.

In this case study, the proposed bearing fault diagnosis model is compared with state-
of-the-art models. Since the results in Table 5 show that the six-select method achieves
better results in model 3 and model 4, the six-select method is the main method in model 3
and model 4 in the three classifiers in Table 5. The accuracy of the bearing motor current
signal dataset in model 4 is 78.72% for the KNN classifier, 91.82% for the SVM classifier,
and 99.48% for the ANN classifier. The proposed model with the ANN classifier achieves
the highest accuracy in the bearing motor current signal dataset
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Figure 8. (a) Model 1: Bearing motor dataset of the VMD-FFT method in an SVM. (b) Model 2:
Bearing motor dataset of the VMD-FFT method with redundant features removed by the SU method
in an SVM. (c) Model 3: Bearing motor dataset of the TOPSIS method not removing features in an
SVM. (d) Model 4: Bearing motor dataset of the TOPSIS method with redundant features removed by
the SU method in an SVM.

Table 5. Result in bearing motor current signal dataset.

\"/7,4\:){ Yo eMw T

7495153555760

KNN SVM ANN
Bearing Motor
Current Best Best Best
Signal Dataset Accuracy Avg (%) Time(s) Accuracy Avg(%) Time(s) Accuracy Avg(%) Time (s)
(%) (%) (%)
model 1 90.50 76.75 8.47 98.50 87.98 123.95 100 99.38 1.16
model 2 90.00 77.03 6.25 98.50 88.09 124.21 100 99.41 1.04
model 3 (B) 90.50 78.63 5.77 99.00 91.68 76.83 100 99.43 1.01
model 4 (B) 91.50 78.72 4.22 99.00 91.82 69.18 100 99.48 0.93

In the case of using SVM learning, the average recognition rate of the VMD-FFT signal
analysis method is 87.98%, and the highest accuracy rate is 98.5%, as shown in Figure 8a.
After using the VMD-FFT signal analysis method combined with the SU feature selection
method, the 80 features can be reduced to 60, respectively, and the average accuracy rate is
88.09%. Compared with model 1, the average recognition rate curve is relatively stable, as
shown in Figure 8b. Using the VMD-FFT signal analysis method combined with the TOPSIS
feature selection method, in Feature Number 4 and Feature Number 16, the accuracy rates
are 80.50% and 93.50%. It can be seen that the six-select method is better than other selection
methods, as shown in Figure 8c. Using the VMD-FFT signal analysis method combined
with the TOPSIS feature selection method combined with the SU feature selection method
can reduce the 80 features to 60, respectively. In Feature Number 3, Feature Number 18,
and Feature Number 24, the accuracy rates are 78.70%, 98.0%, and 99.0%. Compared with
the results of model 3, the curve of the six-select method in model 4 tends to stabilize faster,
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as shown in Figure 8d. Therefore, it can be judged that this method can delete redundant
and unimportant features, obtain a better feature subset, and effectively improve accuracy.

In this case study, the proposed bearing fault diagnosis model is compared with state-
of-the-art models. Since the results in Table 5 show that the six-select method achieves
better results in model 3 and model 4, the six-select method is the main method in model 3
and model 4 in the three classifiers in Table 5. The accuracy of the bearing motor current
signal dataset in model 4 is 78.72% for the KNN classifier, 91.82% for the SVM classifier,
and 99.48% for the ANN classifier. The proposed model with the ANN classifier achieves
the highest accuracy in the bearing motor current signal dataset. Therefore, the proposed
bearing fault diagnosis model has better capability and can be applied to the practical task
of fault diagnosis.

In this case study, the average running time of each method under different classifiers
is shown in Table 5. The proposed method performs the best under each classifier. Model
4 had the shortest average running time of 4.22 s. for the KNN, 69.18 s. for the SVM,
and 0.93 s. for the ANN. The SVM still has the longest average operation time and is
significantly longer than the proposed method. In this case study, the proposed bearing
fault diagnosis model is validated. Therefore, ANN classifiers are more suitable than those
of the KNN and the SVM.

Based on the above results, in addition to showing the accuracy of each model, the
performance of the three classifiers is shown, and type B of model 3 and model 4 are
determined at the same time, which is an ideal solution for the feature selection method in
TOPSIS.

4.2. CASE STUDY 2: CWRU Benchmark Dataset

In this case study, the proposed bearing fault diagnosis models are compared. Table 6
shows the classification of the four models of the CWRU 0 Hp benchmark dataset. The
proposed model among the six-selected feature selection methods in model 4 achieves
97.52% accuracy in the KNN classifier. The accuracy of the SVM classifier is 98.60%, and the
accuracy of the ANN classifier is 99.62%. In this case study, the proposed model with the
ANN classifier achieves the highest accuracy, which is also higher than that of the proposed
model with KNN and SVM classifiers.

Table 6. Result in CWRU bearing load 0 Hp dataset.

CWRU Bearing KNN SVM ANN
Load 0 Hp Best Best Best
Dataset Data 2: 2000  Accuracy Avg (%) Time(s) Accuracy Avg(%) Time(s) Accuracy Avg(%) Time (s)
X 660 (%) (%) (%)
Model 1 99.09 96.73 9.89 99.69 97.34 287.2 100 99.54 1.33
Model 2 99.09 97.03 6.71 99.84 97.35 276.3 100 99.61 1.17
Model 3 99.39 97.19 9.05 99.84 98.45 177.6 100 99.62 1.26
Model 4 99.39 97.52 8.61 99.84 98.60 176.7 100 99.62 1.21

In this case study, Table 7 shows the classification of the four models of the CWRU
1 Hp benchmark dataset. The proposed model among the six-selected feature selection
methods in model 4 achieves 98.41% accuracy in the KNN classifier. The accuracy of the
SVM classifier is 98.45%, and the accuracy of the ANN classifier is 99.54%. In this case
study, the proposed model with the ANN classifier achieves the highest accuracy, which is
also higher than the proposed model with KNN and SVM classifiers.

In this case study, Table 8 shows the classification of the four models of the CWRU
2 Hp benchmark dataset. The proposed model among the six-selected feature selection
methods in model 4 achieves 98.66% accuracy in the KNN classifier. The accuracy of the
SVM classifier is 98.67%, and the accuracy of the ANN classifier is 99.55%. In this case
study, the proposed model with the ANN classifier achieves the highest accuracy, which is
also higher than the proposed model with KNN and SVM classifiers. In this case study,
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Table 9 shows the classification of the four models of the CWRU 3 Hp benchmark dataset.
Among the six feature selection methods selected in model 4, the proposed model achieved
99.73% accuracy in the ANN classifier. In this case study, the proposed model with the
ANN classifier achieves the highest accuracy. To confirm the credibility of the results,
this study compares the results of ANN classifiers in other papers in the CWRU data. In
Zhiqiang Zhang, Funa Zhou, and Sijie Li’s paper [43], there are a total of six classifiers used
for comparison, DNN, MDNN, MCNN, MRENN, CMRFNN, G-CMRFNN, respectively.
The method with the highest accuracy is G-CMRFNN, and the average accuracy of the
classifiers is 98.20%. The average accuracy of the ANN classifier in this study is 99.62% for
the CWRU 0 Hp model 4, 99.54% for the CWRU 1 Hp model 4, 99.55% for the CWRU 2
Hp model 4, and 99.73% for the CWRU 3 Hp model 4, as shown in Table 10. It can be seen
from this that the model 4 method is superior in performance.

Table 7. Result in CWRU bearing load 1 Hp dataset.

CWRU Bearing KNN SVM ANN
Load 1 Hp Best Best Best
Dataset Data 2: 2000  Accuracy Avg (%) Time(s) Accuracy Avg(%) Time(s) Accuracy Avg(%) Time (s)
X 780 (%) (%) (%)
Model 1 98.33 95.44 12.09 99.35 97.34 287.4 99.49 98.92 1.55
Model 2 98.46 95.93 791 99.35 97.47 2775 99.87 99.33 1.26
Model 3 99.61 98.22 11.60 99.84 97.38 270.3 100 99.45 1.29
Model 4 99.74 98.41 7.73 99.84 98.45 260.4 100 99.54 1.24
Table 8. Result in CWRU bearing load 2 Hp dataset.
KNN SVM ANN
CWRU Bearing
Load 2 Hp Dataset Best 0 . Best 0 . Best 0 .
Data 3: 2000 x 780 Accuracy Avg (%) Time(s) Accuracy Avg (%) Time(s) Accuracy Avg (%) Time (s)
(%) (%) (%)
Model 1 99.23 96.31 11.58 99.74 97.21 324.3 100 99.22 1.53
Model 2 99.74 96.54 7.59 99.23 97.75 333.2 100 99.34 1.43
Model 3 99.35 98.57 11.78 99.87 98.13 176.3 100 99.50 1.35
Model 4 99.35 98.66 8.03 99.94 98.67 166.3 100 99.55 1.37
Table 9. Result in CWRU bearing load 3 Hp dataset.
KNN SVM ANN
CWRU Bearing
load 3 Hp Dataset Best 0 . Best o . Best o .
Data 4: 2000 x 780 Accuracy Avg (%) Time(s) Accuracy Avg(%) Time(s) Accuracy Avg (%) Time (s)
(%) (%) (%)
Model 1 99.74 97.74 11.76 99.74 97.95 286.3 100 99.66 1.58
Model 2 99.74 97.38 7.53 99.87 98.07 279.2 100 99.69 1.33
Model 3 99.48 98.31 11.31 99.87 98.89 106.8 100 99.70 1.31
Model 4 99.53 98.13 7.71 99.87 98.91 100.9 100 99.73 1.27

In the paper written by Laohu Yuan, Dongshan Lian, Xue Kang, Yuangiang Chen,

and Kejia Zhai [44], there are a total of six classifiers are used for comparison, namely
PNN-SFAM, BPNN, CNN-HMM, DAFD, DGNN, and CNN-SVM. The best one is the
CNN-SVM model with an average accuracy of 98.75%. In addition to the accuracy results
of the ANN, this study also compares the accuracy results of the SVM. The average accuracy
of CWRU 0 Hp model 4 of the SVM classifier is 98.60%, and the average accuracy of CWRU
1 Hp model 4 is 98.45%. The average accuracy of the CWRU 2 Hp model 4 is 98.67%, and
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the average accuracy of the CWRU 3 Hp model 4 is 98.91%, as shown in Table 11. The
performance of this study in SVM classification is not the best, but it is evenly matched.

Table 10. Comparison of neural network.

CWRU Dataset Model Average Accuracy (%)
Compare model G-CMRFENN [43] 98.20
CNN-SVM [44]
PDC-LR-HCNN [22] 98.7593.70

0 Hp model 4 99.62
Proposed model 1 Hp model 4 99.54

2 Hp model 4 99.55

3 Hp model 4 99.73

Table 11. Comparison of neural support vector machine.

CWRU Dataset Model Average Accuracy (%)
Compare model CNN-SVM [44] 98.75

0 Hp model 4 98.60

1 Hp model 4 98.45
Proposed model 2 Hp model 4 98.67

3 Hp model 4 98.91

The average accuracy of CWRU 3 Hp model 4 is 0.16% higher than that of the proposed
CNN-SVM method. In this study, the average accuracy of the ANN classifier is 99.62%,
the CWRU 0 Hp model 4, CWRU 1 Hp model 4 is 99.54%, the CWRU 2 Hp model 4 is
99.55%, CWRU 3 Hp model 4 is 99.73%, as shown in Table 10. By comparing the results
with other methods, it is not difficult to see that the method in this study has achieved a
high diagnostic accuracy, which further proves the effectiveness of the method.

In the paper written by Shaohui Ning and Kangning Du [22], there are a total of
four classifiers to compare in this paper, namely, traditional CNN, PDC-CNN, LR-CNN,
PDC-LR-CNN, and the best of the four methods is the PDC-LR-HCNN method, with an
average accuracy of 93.70%. The average accuracy of the ANN classifiers in this study
are as follows: the CWRU 0 Hp model 4 is 99.62%, the CWRU 1 Hp model 4 is 99.54%,
the CWRU 2 Hp model 4 is 99.55%, and the CWRU 3 Hp model 4 is 99.73%, as shown
in Table 10. The method research proposed in this paper can not only diagnose bearing
faults quickly but also maintain the accuracy of the diagnosis, which is obviously of great
significance to the actual fault diagnosis.

5. Discussion

The following two points can be summarized based on the above data results:

Improve the combination of TOPSIS selection methods: Sort by detecting the distance
between the evaluation object and the optimal solution and the worst solution; if the
evaluation object is the closest to the optimal solution and at the same time farthest from
the most cracked, it is the best; otherwise, it is the worst. According to the assumption,
the ideal solution is the optimal solution, and its various attributes have reached the best
value among the alternative solutions. If the distance between the optimal solution and
the most cracked solution is too large, it leads to judgment errors in the model, such
as the line segment selected type A and the line segment selected type B in Figure 8d,
which show that it is not choosing more reference weights to increase the accuracy rate but
choosing reference weights suitable for the data that can reduce the interval between the
ideal solution and the optimal solution, thereby improving the accuracy rate.

Improve the application of TOPSIS in multiobjective decision-making problems: Re-
duce redundant features through VMD-FFT and SU methods, as shown in Table 5. Com-
pared with model 3, model 4 reduces 25% of the features, but in the recognition rate and
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running time, it is much better than model 3. Model 4 overcomes the shortcomings of poor
objectivity and many assumptions and provides a more effective method for the selection
of the optimal sequence

Apart from advantages, the proposed model still has flaws that need to be noted.

Model multiplicity: As mentioned in the feature selection method process, this study
uses the filter method. This method does not consider which model to use in the future for
learning. When selecting, it only evaluates the correlation between variables and predicted
values and excludes the most irrelevant variables. Due to the relationship between variables
not being considered, this study uses the TOPSIS method for aggregation. Compared to
the wrapper and embedded methods, filter methods are simpler. Furthermore, when there
are large datasets, testing tends to amplify into significant small differences in distributions
that are not important.

Combination of filter methods in TOPSIS: This study proposes a combination of four
different filter methods, as shown in Table 2. Due to the wide variety of filter methods,
after excluding unsuitable types, six common filter methods were selected in this study,
and only six combination methods have certain limitations on the weight of the optimal
ranking, using other types of feature selection. The type of model needs further study.

6. Conclusions

Early detection of potential motor failures remains an important issue in operations
and maintenance procedures. Therefore, this study proposes a motor bearing fault detection
model. The symmetric uncertainty method and interpretability contained in the bearing
vibration signal can effectively remove redundant features, remove irrelevant data, improve
the accuracy of the learning model, reduce computational complexity, and improve the
understandability of the model results. In order to overcome the shortcomings of the
TOPSIS model in the multi-index decision-making process, the matrix between the original
data sample and the ideal plan is used as a new decision matrix, and the ideal solution
method is used to sort the plans. It overcomes the shortcomings of the traditional ideal
solution, which is only based on the original data and is difficult to mine the inherent
laws of the data, and provides a new idea for the decision-making problem under the
condition of limited samples. At the same time, the method of combination weighting
is proposed, which overcomes the shortcomings of traditional subjective and objective
weighting methods. Results from measured bearing vibration data show that the proposed
model 4 method outperforms traditional frequency-domain methods, feature selection
methods, and other state-of-the-art filtering methods. Different FFS methods combined
with different datasets in the TOPSIS method may result in different feature sets with
different discriminants, so when given the wrong weights, the discrimination results may
not be as expected. The results show that the proposed model 4 method helps researchers
select more stable features from feature selection by integrating FFS methods. The proposed
method has the advantages of stability and classification performance. However, it suffers
from computational complexity issues compared to the FFS method. Still, the model 4
method has lower computational complexity compared to the filter selection method. Using
the evaluation model established in this paper, through the application in the bearing fault
evaluation, it shows that the result is reasonable, the calculation is simple, and it has a good
application prospect.

The motor bearing fault diagnosis model proposed in this study has a high recognition
rate in different datasets, but the feature selection method still needs to rely on a large
amount of manual data processing in the adjustment of the TOPSIS method, which can
be optimized in the future so that it can be more weighted and efficient. Future research
should try to combine wrapping and embedded methods to apply the model more widely.
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Abstract: With increasing customer demand, industry 4.0 gained a lot of interest, which is based
on smart factories. In smart factories, robotic components are vulnerable to failure due to various
industrial operations such as assembly, manufacturing, and product handling. Timely fault detection
and diagnosis (FDD) is important to keep the industrial operation smooth. Previously, only the
unloaded-based FDD algorithms were considered for the industrial robotic system. In the industrial
environment, the robot is working under various working conditions such as speeds, loads, and
motions. Hence, to reduce the domain discrepancy between the lab scale and the real working
environment, we conducted experimentations under various working conditions. For that purpose,
an extensive experimental setup is prepared to perform a series of various experiments mimicking
the real environmental condition. In addition, in previous research work, various machine learning
(ML) and deep learning (DL) approaches were proposed for robotic arm component fault detection.
However, various issues are related to the DL and ML approaches. The ML models are problem-
specific, and complex in computations. The DL model needs a huge amount of data. The DL model
is composed of various layers that have not been thoroughly explored; as a result, the fault detection
model lacks a comprehensive explanation. To overcome these issues, the transfer learning (TL)
model is considered with the diverse experimental scenarios. The main contribution is to increase
the generalization capabilities of the robotic PHM in the context of previously available research
work. For that purpose, the VGG16 model is used because of its autonomous feature extractions
for fault classification. The data are collected under a variety of different operating conditions such
as loadings, speeds, and motion patterns. The 1D signal is converted to a 2D signal (scalogram) to
perform the TL model. The proposed approach shows effective fault detection performance and has
the capabilities of generalization under variable working conditions.

Keywords: fault detection; prognostic health management; variable working condition; bearing fault;

servomotor fault

MSC: 68T01

1. Introduction

The smart factory is evolving regularly because of high flexibility, deep integration,
dynamic reconfiguration, and massive volume of data. The smart factory is composed
of various advancements such as artificial intelligence (Al), big data analysis, Internet
of Things (IoT), industrial internet, and cloud computing [1,2]. One of the important
factors of smart factories is to boost productivity. Hence, it is mandatory to keep the
industrial operation smooth without the downfall of each component. Prognostic health
management (PHM) can be used to keep industrial operations running smoothly and
consistently. In PHM, data-based techniques are prominent because of the issues related to
the physics-based modeling [3].
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Machine learning (ML) and deep learning (DL) algorithms have been utilized for the
PHM of different mechanical systems [2,4,5]. These techniques are composed of supervised
and unsupervised approaches. In supervised approaches, the labeled data are utilized for
fault classification; however, in the case of unsupervised approaches, the unlabeled data
can be used for fault detection [6-8]. According to ML approaches, handcrafted features
are extracted, and the feature space is then reduced by selecting the most prominent feature
using feature selection methods. Afterward, the selected feature can be used for fault
classification using various ML classifiers. For instance, a feature selection approach with
Gaussian Ant Lion optimizer (GALO) is integrated with the K-nearest neighbor (KNN) for
the fault detection and diagnosis (FDD) of rotating machines [9]. Lee et al. [10] presented
an FDD technique based on the feature variable dimensional coordination to reduce the
computational cost. Buchaiah et al. [11] studied the bearing FDD using an ML approach
based on the Bhattacharyya distance and SVM. Guo et al. [12] presented motor current
signature analysis (MCSA) for the FDD using the multi-sensor data, the improved cyclic
spectral covariance matrix (ICSCM), and the MCSA combined which completely sustained
the connectivity of the various sensors. The DL model has been used for the FDD because
of its robustness and ease in computational complexities as compared to the hand-crafted
features. Surendran et al. [13] proposed a DL model using a sailfish optimizer (SFO) to
optimize the hyperparameters for accurate FDD. Ma et al. [14] proposed an ensemble
DL-based FDD for the bearing system to overcome the generalization performance by
integrating different DL models with multi-objective optimizations. In addition, various
DL models have been proposed for the FDD of rotating machinery [15-17].

The robotic system, especially the six degree of freedom (DOF) robot, is the backbone of
the smart factory; hence, its PHM is mandatory to keep the industrial operations. Over the
years, various approaches have been used for robotic PHM; ferrography analysis (FA) [18],
vibration analysis (VA) [19], and acoustic emission analysis (AEA) [20,21]. However,
various issues are concerned related those conventional approaches, such as installation
of extra sensors, real-time fault detection, bulky working environment, implementation
issues, and financial expenditures, etc. To overcome these issues, the encapsulated system
of the robot motor current signature analysis (MCSA) is applied for the PHM analysis [22].
For instance, a feature engineering-based ML-model is proposed for the FDD of the robotic
rotate vector (RV) based on simple motion [23]. In addition, a discrete wavelet transform
(DWT) is used to analyze the electrical current data and infuse feature extraction and
selection for the fault classification based on ML classifier. The handcrafted features,
however, are inherently problematic, and the model lacks generalization capabilities. To
overcome the issue, a DL model is developed for the robotic FDD. In the proposed approach,
a deep wavelet scattering (DWS) is applied for unloaded robotic strain wave gear (SWG)
reducer using two different kind of motion with variable speed of operation [24]. The
proposed approaches show good performance for unloaded robotic reducer. However,
in the proposed algorithms only unloaded conditions are considered. In real industrial
scenarios, the robot is operating at various working conditions such as speeds, loads and
motions. Hence, it is needed to reduce the domain discrepancy between the lab scale
and actual situations. The extensive experimental setup is required to perform a series
of various experiments mimicking the real environmental condition and various loading
conditions. In addition, various issues are related to the DL approaches; the DL model
is made up of various layers which are not well explored, hence, the FDD model lacks
comprehensive explanation. The number of parameters and hyperparameters in deeper
networks is enormous, necessitating a large amount of labeled data, and computational
complexities [25]. To overcome the issues related to the DL and ML, the transfer learning
(TL) model can be used with less computation and generalization capabilities [26-30].
Hence, in the proposed work, the TL-based component-level FDD is considered for the
actual industrial robotic system which is operating at the real working conditions, such as
loading, speed and various profiles of motions.
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In the current study, TL model is proposed for the robotic PHM to ensure the general-
ization capabilities of the model. The extensive experimental setup is prepared to perform
a series of various experiments mimicking the real environmental condition, and various
loading conditions are considered. The main contribution was to increase the generalization
capabilities of the robotic PHM in the context of previously available research work, as
given above. For that purpose, the electrical current data of the robotic system is collected
under real environmental conditions such as various loadings, speeds, and motion patterns.
In the proposed two different motions such as simple and welding motion are considered
with variable speed of operation by considering various loading conditions. The data
segmentation is performed based on a single cycle of the robotic arm. The 1D signal is
converted to a 2D signal to perform the TL model. The TL model is used to overcome
data-related issues and data complexities. The TL-based VGG16 model is utilized for the
first time in robotic PHM under real environmental conditions. The proposed approach
is used for efficient features extraction for the FDD of robotic system, that eliminates the
requirement to train the DL from scratch, allowing it to converge faster. The authenticity of
the model is evaluated by different FDD parameters and shows excellent results for the
FDD of the industrial robotic system.

The manuscript is arranged into different sections. Section 2 is composed of the overall
methodology, experimental details, data acquisition, data preprocessing, and TL model.
Section 3 overviews the results and discussions. Section 4 summarizes the conclusions of
the proposed research work.

2. Methodology

The proposed methodology of the research work carried out is shown in Figure 1. In
this work, the FDD model for the real industrial robot (Robostar RA004) is presented. The
servomotor bearing fault of axis 3 of the robotic arm is considered. The data are collected
under distinct operating conditions such as speed, motion, and loading conditions. To
mimic the real working conditions, only the loading-based data are collected for the
effective FDD model. The data preprocessing is carried out by data segmentation and
synchronization. The 1D data are converted into 2D scalogram images for the FDD model.
The TL model is used to overcome data-related issues and data complexities. The VGG16-
based TL model is considered for the extraction of efficient features for the FDD of the
robotic system. The authenticity of the VGG16 is based on the diverse type of data with
variable working conditions. For instance, overall, image-based data for various loading
conditions such as 500 g, 1000 g, 1500 g, 2000 g, 2500 g, and 3000 g are considered for
training the model based on the simple and welding motion, separately. Hence, for
both the motions, around 80% of the data is used for the training purpose. To check
the generalization capabilities of the model the highest loading conditions are used for
testing and validating the model. For that purpose, 20% of the data is used for testing and
validation, considering 10% for testing and 10% for validation. Hence, the health status
of the bearing is predicted for the highest loading condition (3500 g) using the trained
model with the lower loading condition. TL eliminates the requirement to train the DL
from scratch, allowing it to converge faster. Detailed methodology is presented in the
upcoming sections.

2.1. Experimental Detials

In the proposed work, the industrial robot (Robostar RA004) is under consideration. It
is a 6-DOF robot, where all six axes of the robot can move independently. Each axis of the
robot is powered by servomotor to operate various industrial operations and electric motor
for various motion of the axes. The specification of RA004 with related information of each
joint is shown in Table 1. Various parameters are mentioned such as maximum distance,
payload, repetitive positioning accuracy, motion range and speed range. Two health states
(healthy and faulty) are considered to carry the PHM process for the servomotor of the
robotics arm. The robotic servomotor bearing PHM is considered with two health states
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(healthy and faulty). The inner bearing fault is induced in the inner race of the bearing
at axis 3 of the robot. Figure 2 represents the flow of the experimental system used in the
proposed research work.
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Figure 1. Proposed research methodology for the robotic FDD.
Table 1. Specifications of Robostar RA004.

Variable Quantity (Unit)
Allowable distance 610 mm
Maximum load 4kg
Repeated placement accuracy +0.02 mm

1 +170°/410°/s
> —90° to +45°/410° /s
Motion Range/Maximum Speed Js 210 to +61°/520%/s

Ja +190°/560° /s

J5 +130°/560° /s

Jo +360°/900° /s

.

s

%
-
o
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Figure 2. Demonstration of the experimental system.
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2.2. Data Acquisition

The data acquisition (DAQ) system is illustrated in Figure 3. The robotic arm is
powered by an electric motor and the electrical current data are collected using the current
sensors (JS16FL-100). The sensors are connected to the robot power supply to observe the
electrical current data. The DAQ system collects the data from the sensors and then the
data are forwarded to the to the lab view personal computer (PC). The information on the
collected is given in Table 2. In the experimental setup, two distinguished kinds of motion
such as simple and welding motion are considered. In simple motion, the axis is simply
moving forward and backward. On the other hand, all the axes are moving independently
in the welding motion [22]. The electrical current data are collected for the robotic arm
with 10 different speeds, such as 10% to 100% with an increment of 10%. To consider the
actual environmental conditions, the data are collected under different loading conditions
such as (500 g, 1000 g, 1500 g, 2000 g, 2500 g, 3000 g and 3500 g).
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Figure 3. Demonstration of the DAQ system.

Table 2. Experimental descriptions.

Variable Description
Data type 1st phase of electrical current
Motion Simple and welding motion
Speed 10~100% with 10% increment
Fault type Inner bearing fault of servomotor
Fault location Robotic 3rd axis
Health states Normal, faulty
Sampling frequency 5kHz
Loading conditions 500 g, 1000 g, 1500 g, 2000 g, 2500 g, 3000 g, and 3500 g
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2.3. Data Preprocessing

Data preprocessing is very crucial to clean and organize the PHM process. In the
proposed work, the data preprocessing is done in two steps. Initially, all the raw data are
converted to segmentation based on per cycle and then 1D signals are converted into 2D
images for the TL model for the robotic PHM. The upcoming sections describe the details
of the data segmentation and data conversion.

2.3.1. Data Segmentation

The collected data from the current sensors are raw and cannot be used directly
for the PHM process of the robotics system. The data needs to be cleaned by removing
unnecessary information. In addition, the data for the same operating conditions with
different health states needs to be synchronized to reduce the probability of confusion in
the fault signature because of the data pattern rather than the health states. Pre-processing
of signals is required for real-time FDD. It is hard to use continuously acquired signals for
PHM, hence, pre-processing is required to divide the data into a single cycle from the raw
data set to analyze the failure of a single cycle. The signal segmentation is carried out by
using the following steps.

L. Setasample cycle from the overall raw signal of the collected data.

II.  Perform short-time Fourier transform (STFT) on the original signal and sample data.

III. Based on the power spectral density (PSD) of the sample data from STFT, the sample
data are moved by the set window.

IV.  The signal is divided by finding a case where the difference between the PSD value of
the sample data and the original signal is the local minimum region.

V.  Finally, based on the local minimum, compute the start and end points of each cycle.

Through this operation, it is possible to divide the data into a single cycle from the
repetitive raw signal, as shown in Figure 4. Hence, the segmented and synchronized data
are achieved.
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Overall raw signal
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Figure 4. Data segmentation process for the raw signal.

2.3.2. Data Conversion

The input data are fed into the TL model in the form of 2D images to extract au-
tonomous features. As a result, the time domain data must be converted into 2D images.
Scalogram images are considered in the proposed method. The upcoming subsections are
related to the data conversion into 2D images.
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(a) Scalogram

The scalogram is a time- and frequency-dependent absolute value demonstration
of a signal’s continuous wavelet transform (CWT). The scalogram proves more useful
than the spectrogram for evaluating real-world signals with features occurring at different
scales, such as slow rate variable events interrupted by sudden transients. It can be used
to improve time localization for high-frequency, short-term events as well as frequency
tracking for low-frequency, longer-duration occurrences. Resampling the signal with a
time-scaled and shifted wavelet yields the CWT. Wavelets oscillate and can have a wide
range of values. On a prototype wavelet, scalability and transitioning operations are carried
out. The CWT scaling shrinks and stretches the prototype wavelet. When the prototype
wavelet is shrunk, it generates wavelets with short duration and high frequency, which
are useful for detecting transient events. When the prototype wavelet is stretched, long-
duration, low-frequency wavelets are produced, which can be used to isolate long-duration,
low-frequency events [31]. Figure 5 shows the representation of time domain signals and
their scalogram images for simple and welding motions.
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Figure 5. Scalogram representation of simple and welding motion for healthy and faulty states.

(b) Continuous wavelets transform (CWT)

The wavelet transform outperforms the conventional cosine and Fourier transforms
as a time-frequency transform. The continuous wavelet transform (CWT) decomposes com-
plex signal information and extracts interesting patterns by convolution of input sequence
with mother wavelet-generated functions. Although the convolution is computed using the
short-time Fourier transform, it provides different time-frequency resolutions. [32-34]. The
wavelet windowing method is used for varying resolution regions. Wavelet decomposition
uses a scale rather than a frequency to map a signal into a time-scale plan. This corresponds
to the time-frequency plan of the short-time Fourier transform (STFT), with each scale of
the time-scale plane representing a different frequency range of the time-frequency plan.
The wavelet transforms a signal into sinusoids of varying frequencies, whereas the Fourier
transforms a signal into transformed or sized contours from a mother wavelet.

2.4. Transfer Learning Model for Fault Detection

The general framework of TL between the target domain and source domain is shown
in Figure 6. Timely fault detection of bearings in the industrial robot is crucial for minimal
downtime and uninterrupted operations. The current data obtained from the servomotors
were used for bearing fault detection. The current signals are the time series data. The time
series data have been converted to scalogram images to better represent the data. These
scalogram-based images will be used to develop the FDD model. In the real-world scenario,
the availability of a huge amount of labeled data is a big challenge to train, test, and validate
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the DL model. The shortage of a large amount of data restricts the performance of the deep
CNN model. Moreover, training the DL model from scratch is a cumbersome task. The
application of transfer learning could mitigate this issue and resolve the issue of training
the fault detection model from scratch. The pretrained VGG16 model (already trained on
the ImageNet dataset) has been employed for knowledge transfer and fault detection. The
VGG6 model has performed efficiently on the ImageNet dataset and comprises multiple
convolution blocks, fully connected, and SoftMax layers as the final layer. The weights of
the convolutional blocks of the VGG16 model have been transferred to the FDD model.
The proposed FDD model is given in the Figure 7. These convolutional blocks (as shown in
Figure 7) have been used for extracting features from the input scalogram images developed
from the servomotor current signals. These extracted features have been fed to the fully
connected layers and SoftMax in the final layer for the bearing fault classification. The
weights of the convolutional blocks are frozen, and fully connected layers are kept trainable.
The fully connected layers were optimized with the help of the adaptive gradient optimizer.
The output layer must classify two states of the bearing faults of the servomotor used in
the robotic arm.
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Figure 7. Block diagram of the proposed transfer learning-based fault detection model.
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3. Results and Discussions

The complete analysis has been carried out on the scalogram images obtained from
the current signals of the servomotor of the robotic arm. The dataset has considered
various operational modes of industrial robots, including the different motion profiles,
operating speeds, and multiple loading conditions. The speed variations from 10% to 100%
of the rated speed have been employed during the data collection. Moreover, a variety
of loading conditions, including 500 g, 1500 g, 2500 g, and 3500 g, have been considered
during the current data acquisition. These 1D current data have been converted into the 2D
scalogram, which has been used to develop the FDD model. The complete dataset has been
divided into the training, test, and validation dataset. The two states of the servomotor,
namely healthy and bearing fault, have been considered in the proposed work. Overall,
image-based data for various loading conditions such as 500 g, 1000 g, 1500 g, 2000 g,
2500 g, and 3000 g are considered for training the model based on the simple and welding
motion separately. Hence, for both the motions, around 80% of the data is used for the
training purpose. To check the generalization capabilities of the model, the highest loading
conditions are used for testing and validating the model. For that purpose, 20% of the
data is used for testing and validation, considering 10% for testing and 10% for validation.
Hence, the health status of the bearing is predicted for the highest loading condition (3500 g)
using the trained model with the lower loading condition.

Training in deep architecture is a challenging task, as well as computationally ex-
pensive. The weights of the convolutional blocks of the VGG16 have been used for the
proposed transfer learning-based fault detection model. The extracted features from the
convolutional blocks have been fed to the trainable fully connected layers, with the Soft-
Max layer as the final layer. The model’s performance was evaluated with the help of a
confusion matrix and different performance metrics like accuracy, precision, sensitivity,
and F1-score [35].

Accuracy = TP+ TN @)
TN+TP+FN+FP

Precision = TP]—"i—iPFI\I 2)

Sensitivity = TP:I—ﬂf—ipFN 3)

Fl-score = % 4

where TP, TN, FN and FP represent true positive, true negative, false negative and false
positive, respectively.

3.1. Simple Motion

The TL model is used for the FDD of the robotic bearing using simple motion data. It
is very complicated to distinguish the healthy and faulty images with the necked eyes as
shown in Figure 8. Under the same operating condition of loading and speed, it is hard
to see the difference between the healthy and faulty states. However, the pattern for the
healthy and faulty states is changing with increasing loading. Hence, the application of the
TL model is utilized to predict the health state of the data based on 3500 g from a trained
model with lower loading cases.

The TL-based VGG-16 FD model consolidated after approximately 200 epochs. It
is demonstrated that the model converged in 200 epochs, as illustrated the training and
validation loss curves in Figure 9. For fault classification, an average accuracy of 98% is
achieved. Figure 10 depicts the proposed model’s confusion matrix (CM). The CM indicates
that healthy and faulty states have been efficiently classified using simple motion data. The
performance evaluation parameters such as precision (p), sensitivity (s), and Fl-score are
shown in Table 3. It is noted that the proposed method shows 99.9%, 98%, and 98.08% of
training, testing, and validation accuracy, respectively. It is demonstrated that the presented
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approach of autonomous feature extraction of the TL model showed an effective FDD for
the robotic servomotor using simple motion data under variable operating conditions. It is
demonstrated that the health state of the higher loading conditions is predicted accurately.
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Figure 8. Scalogram representation for various loading conditions for healthy and faulty state under
the same operating conditions of 10% speed.

Training and validation loss v/s epoch

—— Taining loss

3.5 1 — Validation loss

3.0 1
25 4

20 4

accuracy

15 4

10 4

0.5 4

0.0 4

B

T T

0 25 S0 75 100 125 150 175 200
epoch

Figure 9. The proposed TL-based FDD approach’s loss curve using simple motion data.
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Figure 10. Simple motion-based CM for the proposed TL-based FDD approach.
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Table 3. Performance metrics for the proposed TL-based model for fault detection using simple motion.

State Precision (p) Sensitivity (s) F1-Score
Faulty 1.0 0.96 0.98
Healthy 0.96 1.0 0.98

3.2. Welding Motion

Similarly, the simple motion in the case of welding motion under the same operation
condition of loading it is complicated to find the fault characteristics for healthy and faulty.
However, the fault pattern of the scalogram images is changing with the increased loading
on the robotic arm, as shown in Figure 11. In view of that, the electrical motor draws
more electrical current with higher loading, hence the pattern changes with higher loading
conditions. To provide a generalized FDD model the higher loading data (3500 g) is used
for the testing and validation to predict the health state of this data set using the trained
model with the lower loading conditions.
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Figure 11. Scalogram representation for various loading conditions for healthy and faulty state under
the same operating conditions of 10% speed.

The TL-based VGG-16 FD model converged after approximately 200 epochs. Figure 12
depicts the training and validation loss curves. For fault classification, an average accuracy
of 99% is achieved. Figure 13 depicts the proposed model’s confusion matrix (CM). The
CM shows that conditions such as healthy, and faulty have been significantly classified
using welding motion data. The values of performance evaluation parameters such as
precision (p), sensitivity (s), and F1-score are shown in Table 4.
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Figure 12. The proposed TL-based FDD approach’s loss curve using welding motion.
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Figure 13. Welding motion-based CM for the proposed TL-based FDD approach.

Table 4. Performance metrics for the proposed TL-based FDD for welding motion.

State Precision (p) Sensitivity (s) F1-Score
Faulty 1.0 0.98 0.99
Healthy 0.98 1.0 0.99

It is noted that the proposed method shows 99.6%, 99%, and 99.2% of training, testing,
and validation accuracy, respectively. It is demonstrated that the proposed approach of
autonomous feature extraction of the TL model showed an effective FDD for the robotic ser-
vomotor using simple motion data under variable operating conditions. It is demonstrated
that the health state of the higher loading conditions is predicted accurately.

To sum up, in the proposed work, the issues related to the DL- and ML-based FDD
are solved. In the real-world scenario, the availability of a large amount of labeled data is a
big challenge to train, test, and validate the deep model. Hence, the application of TL is
applied to overcome the issues related to conventional ML and DL FDD. The above results
show the robustness of the proposed approach in terms of simple and welding motion
data sets. In addition, the generalization capabilities of the proposed model are validated
by using the highest loading conditions for testing and validation purposes. In view of
that, the proposed approach can predict the health state of a new data set (unseen data). In
future, more cases can be considered by evaluating a comprehensive analysis for predicting
the health state of unseen data. Further, the unsupervised model can be proposed for the
FDD of the robotic system.

4. Conclusions

In conclusion, the current research work proposed a robust FDD model for the robotic
system under the variable working condition of speed, motion, and various loaded. To
mimic real environmental conditions, the data were collected from the actual robotic
system with real-world operating conditions. For that purpose, a series of different loads
were integrated into the robotic manipulator. The electrical current data were collected
to overcome the issues of data handling and extra sensor installation. The raw data
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were preprocessed using data segmentation and data synchronization. The 1D data were
converted into 2D images for further processing. The application of TL was used to mitigate
the issues related to the DL- and ML-based FDD. The pretrained VGG16 model (already
trained on the ImageNet dataset) has been employed for knowledge transfer and fault
detection. The VGG6 model performed efficiently on the ImageNet dataset and comprises
multiple convolution blocks, fully connected, and SoftMax layers as the final layer. The
weights of the convolutional blocks of the VGG16 model were transferred to the fault
detection model. Convolutional blocks were used for extracting features from the input
scalogram images developed from the servomotor current signals. These extracted features
were fed to the fully connected layers and SoftMax in the final layer for the bearing fault
classification. The weights of the convolutional blocks are frozen, and fully connected
layers are kept trainable. The fully connected layers were optimized with the help of the
adaptive gradient optimizer. The output layer classified the health states into healthy and
faulty states. The proposed approach shows effective fault detection performance and has
the capabilities of generalization under variable working conditions.
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Abstract: A robot is essential in many industrial and manufacturing facilities due to its efficiency,
accuracy, and durability. However, continuous use of the robotic system can result in various
component failures. The servo motor is one of the critical components, and its bearing is one of
the vulnerable parts, hence failure analysis is required. Some previous prognostics and health
management (PHM) methods are very limited in considering the realistic operating conditions of
industrial robots based on various operating speeds, loading conditions, and motions, because they
consider constant speed data with unloading conditions. This paper implements a PHM for the servo
motor of a robotic arm based on variable operating conditions. Principal component analysis-based
dimensionality reduction and correlation analysis-based feature selection are compared. Two machine
learning algorithms have been used to detect fault features under various operating conditions. This
method is proposed as a robust fault-detection model for industrial robots under various operating
conditions. Features from different domains not only improved the generalization of the model’s
performance but also improved the computational efficiency of massive data by reducing the total
number of features. The results showed more than 90% accuracy under various operating conditions.
As a result, the proposed method shows the possibility of robust failure diagnosis under various

operating conditions similar to the actual industrial environment.

Keywords: artificial neural network; fault detection; feature extraction; motor current signature

analysis; servo motor

MSC: 68T01

1. Introduction

With the development of the smart industry, robots, especially robotic arms, are
being used in various applications, such as commercial fields and multi-robot cooperative
systems. Therefore, the significance of robots is also increasing. A robot is essential in many
industrial facilities due to its efficiency, accuracy, and durability [1,2].

One of the main components that comprise the robot is the servo motor, which
determines the rated load and accuracy of the rotation angle of the robot. In particular,
a servo motor is commonly used in industrial robots due to its high torque, small size,
and precision control [3]. However, robots have many failure issues due to high torque,
transformation stress, cyclic load, and impact load. After a certain period of operation,
various failures such as bearing failure, broken rotor bars, and misalignment can occur.
These failures cause production accidents and reduce productivity. Furthermore, if one of
the robot components fails, the entire robot and production may suffer from unexpected
expenses [4-6]. In this study, we deal with a fault that causes the major failure in 40% of all
motor failures [7].
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Prognostics and health management (PHM) can be used to detect or prevent such
failures [1,8-10]. For PHM, the most representative techniques are ferrography analy-
sis, acoustic emission analysis, vibration analysis, and motor current signature analysis
(MCSA) [11]. However, in the case of vibration analysis and acoustic emission analysis,
additional sensor installation is required. These additional sensors will complicate the
system and incur additional costs. Besides, in the case of ferrography analysis, grease sam-
ples can be extracted directly from the reducer surface, and only internal structural defects
can be diagnosed. In addition, real-time monitoring is difficult to achieve [5]. Therefore,
MCSA can be used for real-time PHM without installing the extra sensors. The advantage
of MCSA is that it can acquire real-time data by adding a current sensor to the electric
circuit without having to attach a sensor to the device for fault diagnosis [5,12-14].

A PHM for motors based on constant speed scenarios is proposed in Reference [13].
However, in actual industrial applications, the robotic motor usually operates at variable
speeds, and it is impractical to detect the constant speed of the robot’s motion for fault
detections. Therefore, it is very important to consider the real industrial environment of
varying operational speed with acceleration and deceleration [11]. Thus, research has been
developed on robot motors with acceleration and deceleration under various speeds [5].
In addition, since the robot arm can operate under various loading conditions, one study
detects failure by applying various loads to the motor with constant speed [15]. On the
other hand, the robot operates with various motions, i.e., simple motions and complicated
motions. Research and fault detection on the various motions of the robot has been
conducted [14]. However, the same is not true for robust fault diagnosis studies of the
various operating conditions mentioned. Therefore, various operating conditions such as
speed, motions, and loads should be considered for robust fault detection.

In this study, a PHM approach for a robotic servo motor is proposed based on feature
selection and reduction methods under varying operating conditions. In addition to
time domain features and frequency domain features, the time—frequency domain was
decomposed using the wavelet packet decomposition (WPD) method for feature extraction.
Then, dimension reduction through principal component analysis (PCA) or feature selection
through correlation analysis based on the Pearson coefficient are used to reduce the number
of features and develop a machine learning algorithm. After the case study, the classifier
is developed through two different machine learning algorithms in order to detect robust
defect features for different operating conditions [16-18]. In order to develop a robust
model under various operating conditions, we propose a model using features in different
domains such as time, frequency, and combined time—frequency. The proposed approach
is applicable under variable working conditions of motion, speed, and loading, which
mimics real environmental scenarios. The generalization of the algorithms is validated in
terms of two different ML classifiers. The computational cost is reduced by using feature
selection techniques.

This paper is broken up into five sections. In Section 2, the methodology, which is
composed of feature extraction, feature reduction, feature selection, and classification, is
discussed. In Section 3, the experimental setup is described with detailed descriptions of
the data used in the experiments and an explanation of the faulty conditions. Section 4 is
composed of the results and discussions of this work. Finally, in Section 5, the conclusions
of the proposed method are discussed.

2. Materials and Methods

The proposed research work is shown in Figure 1. The first step is data acquisition
and preprocessing. The current signal data is collected from the robot servo-motor. After
a short-term Fourier transform (STFT), the continuous signal data is segmented at each
cycle when the error between the sampled data and the original data is less than a criterion.
After data preprocessing, features are extracted from the normalized signal. Extracting
different features such as variance, standard deviation, and skewness from a signal is a
common method proposed for fault detection [16,17]. However, due to the sheer volume
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of features, applying a classification algorithm can be time-consuming. In order to avoid
such problems, feature reduction and feature selection methods are used for comparison
to reduce the amount of computation. This technique is often used to avoid excessive
complexity in the classification model. Among these dimension-reduction methods, PCA
can be used to reduce the feature dimension and algorithm computation [18]. Also, in the
feature selection method, correlation analysis is used to calculate the linear relationship
between two features based on the Pearson correlation coefficient. When features with high
linear correlation are determined to be equal, the number of features can be reduced by
canceling them [19]. Finally, the classification performance is compared using ANN and
SVM. The proposed method used a laboratory-scale experimental test bench to implement
Robostar’s industrial, vertically articulated 6-axis robot. To detect servo-motor faults,
current data are collected for normal and fault conditions. A fault is induced in the bearing
of the motor. These defects are considered at the third axis of the robot.

Experimental o o RN _Feature reduction/ -
setup Data acquisition Feature extraction )it i b Classification

Industrial robot \ Sl Time domain - Feature reduction ’ ‘ ANN J

transformer ‘ based on PCA
Servo motor \ DAQ and PC Frequency domain EEiieatiicalstion ‘ SVM J
‘ based on

Artificial bearing ‘ Time-frequency correlation analysis

fault ‘ Data acquisition domain -

Various operating
condition
(speeds, loads,

motions)

Figure 1. Flow chart of the proposed method.

2.1. Data Acquisition

The current signal is acquired from the robot servo motor through a current trans-
former and data acquisition module. Since the collected data is a continuous signal, the
signal is divided into cycles in order to determine the fault feature in each cycle. Signal
pre-processing is essential for the real-time fault detection of robot servo motors. In contrast
to continuous incoming signals, preprocessing is required to separate the signal into one
cycle from the original signal in order to analyze the failure of one cycle of the robot. For
this purpose, the following process was carried out.

2.2. Data Pre-Processing

An arbitrary cycle was set as the model cycle in the original data. The original data
and sample cycle were transformed using STFT. The original data with the length of the
sample cycle were compared with the STFT value of the sample cycle, and the data were
separated based on the minimum points where the error falls below the reference value.
With this function, the signal can be separated into each cycle from the original signal that
repeats itself. Figure 2 shows an example of signal segmentation.

2.3. Feature Extraction

A number of methods have been proposed to analyze faulty features. Among them,
statistical features, sinusoidal wave shape-based features, and kinetic energy (KE)-based
features were extracted in the time domain, and frequency domain features and time-
frequency domain features were extracted. The feature extraction methods are described in
Table 1. Where 1,04, is the mean and I, is the standard deviation of the data.
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Figure 2. Signal segmentation into each cycle from the original data.

Table 1. Extracted features in different domains.

Domain

Features

Definition

Time domain

Sum [20]

Isym = Z}I(\lzl (x(k))

Variance [19]

Togr = 1/N 2}?]:1 (x(k) - Imeun)

Standard deviation [19]

Istd =V Ivm

Root mean square [21] Inms = \/1/N Z}I{\I:1 (x(k))z
Skewness [21] L = M
Iy
Kurtosis [22] Ly = M
Iy
Shape factor [21] Isp = WZI,&W
Crest factor [21] Icr = W
Clearance factor [21] Ieip = %

Impulse factor [21]

Ir = 1/2[Imux7[min]
T N ()]

Frequency domain

Mean frequency [23]

Imeunf =YL fxS(f)/LS(f)

Median frequency [23]

RMS frequency [23]

Irmsy = L f* < S(f)/ LS(f)

Time-frequency domain

Energy of WPD coefficient [24]
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In previous studies, fault diagnosis was performed by extracting features from the
time and frequency domains [5,19]. However, the robot’s current signal has varying speed
data, and the frequency changes over time. Therefore, in this case, the feature in the
time—frequency domain is also meaningful. The time—frequency domain features include
continuous wavelet transforms (CWT), discrete wavelet transforms (DWT), and STFT, and
WPD was used in this study. WPD is a frequency-domain signal separation method that
employs frequencies. The wavelet coefficient is obtained by dividing the signal into a
low-frequency region and a high-frequency region using a high-pass filter and a low-pass

filter, as shown in Figure 3.
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Figure 3. Description of tree decomposition of WPD.
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The result can be obtained by repeating this at each level. In this study, the ratio
occupying the frequency domain at each level was extracted as a feature. As shown in
Table 1, after calculating the energy of the wavelet coefficient in the frequency domain of
each level, the feature is extracted by calculating the ratio in the level.

2.4. Feature Reduction and Selection

In machine learning (ML), the main issue is the quality of features. Some features are
relevant to the target, and some features are irrelevant. Also, some of them have similarities
in certain features. A large volume of features can result in computational complexity,
and moreover, poor input data will reduce the prediction accuracy. There are methods
for feature selection and feature reduction to improve the quality of features and select or
remove features, which can significantly affect the result. These features can be chosen, or
the dimensions of redundant elements can be reduced. In this study, these two methods
were compared.

2.4.1. Feature Reduction

PCA was performed as a feature reduction method that represents the variance of the
original data. PCA analyzes the principal components (PCs) of features, reducing them to a
lower dimension and extracting new features. The PC is calculated by the covariance of the
data. After that, among the covariance eigenvectors, the component with the largest data
variance is set as the first PC. Also, the component with the second largest component is set
as the second PC [25]. In other words, PC; can explain more of the variation in the original
data than PC,. The PCs are all orthogonal to each other [26]. Through this procedure,
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high-dimensional data (d) can be reduced to low-dimensional data (k) where k < d. We
compared the performance outcomes of the two methods.

2.4.2. Feature Selection

Feature selection is a method of selecting related features. For this study, Pearson
correlation analysis is used to verify the linear correlation between each feature. The
correlative coefficient value is between —1 and 1. The Pearson correlation method is
suitable for understanding the linear relationship between two groups and is represented
in Equation (1) [27].

(% —%) Y(yi —¥)

VI -0 L -7

where x and y are the values of the feature and x and ¥ represent the mean of x and y. The
correlation coefficient Py y ranges from —1 to 1. A value closer to 1 indicates a positive linear
relationship, 0 indicates less correlation, and —1 indicates a negative correlation. Since two
features with high correlation are judged to be almost identical, only one of the two features
with high correlation is selected to reduce features for further analysis [28]. Correlation
analysis determines the correlation by calculating the covariance of two different variables.
If the correlation coefficient Py y is larger than an arbitrary r value, then the correlation is
estimated to be high. Only one of the two variables was selected to reduce the number of
features. Correlation analysis was performed as a feature selection method [24].

M

Pyy =

2.5. Classification
2.5.1. Artificial Neural Network (ANN)

ANN is developed as part of artificial intelligence (Al), which involves a process
similar to how the human brain works [29]. ANN is a computational model consisting
of artificial neurons connected with weights, which are the coefficients that make up the
neural structure. ANN have a lot of use in pattern recognition, in particular when the
system has noise and variation [29]. For classification, the ANN model is composed of
4 different types of layers for binary classification: the input layer, the hidden layer, the
sigmoid layer, and the output layer [30]. Figure 4 shows the structure of the ANN model
used in this study.

Hidden layer
Input layer h
1

Xn=7,17,27

Figure 4. Structure of the ANN process.
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The input data is transformed into higher features through nonlinear transformation
in the hidden layer as:
hy = oc(Wix + bq) 2)

hy=oc(Wihi_1+b), 1={2,---,d} 3)

where x is the input data and /; are hidden features; W; and b; are the weight matrices and
the vectors of bias, respectively, and d is the number of hidden layers. ¢ is the activation
function and is responsible for making the above transformation nonlinear. In this study,
the rectified linear unit(ReLU) is used. The formula is in Equation (4) [30]:

o = max(0, x) 4)

The sigmoid layer is used to calculate the output value from the last hidden layer
using the following sigmoid function (5) [31]:

1

T Trev ©

S()
where S(y) is output value and has a range from 0 to 1, and y is the value of the last hidden
layer. The sigmoid function is normally used for binary classification [31].

2.5.2. Support Vector Machine (SVM)

We used SVM to classify faults based on features in the time, frequency, and time—
frequency domains. SVM is one of the most commonly used classifier-based PHM tech-
niques [32]. This technique is a non-stochastic linear classification model that classifies
classes of data in a given population into a supervised learning classification model. The
input data is non-linearly mapped to the feature space, and the features in the feature space
are characterized by the hyperplane with the maximum-margin [33]. The margin is defined
as the vertical distance between support vectors, as shown in Figure 5. In this case, the
support vector is the only limiting factor that determines the boundary. Also, although
SVM is a linear classifier, there are cases where functions cannot be classified linearly in
general. For this purpose, kernel functions such as linear kernels, polynomial kernels, and
radial basis functions map to a high-dimensional feature space where linear separation is
possible. These functions are widely used for their infinite smoothness, ease of calibration,
and adequate robustness [34]. The following equations show different Kernel functions,
such as Equation (6), which represents the linear Kernel function; Equation (7), which is a
polynomial function; and Equation (8), which represents a radial basis function [32]:

K(x,xj) = x-xT (6)
K(x,xj) = (1 + x-xiT)d )
(xi%7) = exp (= lxi-x) ®)

where x is the input data and d is the degree of the kernel function. - is the kernel function
parameter and is greater than 0. Among the linear and polynomial kernel functions, the
one most suitable for this data was selected as the radial basis function.
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10

2 a 6 8 10
Figure 5. Basic example of an SVM process to set hyperplane with the maximum margin.

3. Experimental Setup

The Robostar robot is used in this study to detect a bearing fault in a servo motor. The
focus of this study is the robot model R004, which has a payload capacity of 4 kg and is a
6-axis articulated robot with a faulty third-axis servo motor, as shown in Figure 6. There are
two different states: normal and faulty. The servo motor considered in this work is shown in
Figure 7a, and Figure 7b shows the bearing which is used in the servo motor of the robotic
arm. In this study the inner race bearing fault is considered, which is artificially induced by
grinding. Figure 8 shows the details of the data acquisition system which is composed of
6-axis, vertically articulated robot, current transformer, DAQ modules, and PC.

As the MCSA method is used, the current data of the third axis motor is collected
from the robot through the current transformer JS16FL-100 sensors. A description of data
acquisition is shown in Figure 9. The current transformer sensor is mounted and observes
the current signal through the robot’s wire. The DAQ module collects the signal from the
current transformer sensors. The signal sent by the current transformer sensor is received
by the DAQ module. After that, the collected signals are stored in the PC. The current
signal was extracted for the first phase of the three-phase current signal, and the data were
acquired at a sampling rate of 5000 Hz. After data acquisition, all of the data were divided
for each cycle.

4th joint Sth joint

stof
R

,ggs 6th joint

Faulty servo motor

2 >
O\

3rd joint

2nd joint

1st joint

*®

Figure 6. Description of the robot servo motor fault location in the robot.
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(b)

(o) (d)

Figure 8. Description of the data acquisition system (a) 6-axis, vertically articulated robot; (b) current
transformer; (c) DAQ module; (d) PC.

Current
transformer

Industrial Robot @ Power supply

DAQ

PC for
Instrumentation

Figure 9. Flow diagram of the DAQ system of the experiment.

Data were acquired at 8 different loading conditions of 0 g, 500 g, 1000 g, 1500 g,
2000 g, 2500 g, 3000 g, and 3500 g and 10 different speeds ranging from 10% to 100% in
10% increment. Also, data were extracted from two different types of motions: simple
motion and complex motion. For the simple motion, only the third axis with a fault moves
at —50 +50 +50 —50 while the other axes are fixed; 8 to 10 cycles each were collected from
10 different rates. A total of 2748 datasets were collected. There are 658 normal datasets
and 629 fault datasets for simple motion, and 737 normal datasets and 724 fault datasets
for complex motion. “Complex motion” describes a welding motion in which all the axes
of robot move together or independently. In order to confirm that the PHM model is robust
under various operating conditions, various data were collected. A brief description is
given in Table 2.
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Table 2. Detailed information about the collected data.

Parameters Description
Component Robostar Robot R004
Data types Normal, Faulty
Current phases First phase
Sampling frequency 5000 Hz
Motion Simple and complex motion
Speed 10 different speeds
Loading 8 different loading
Number of cycles 8-10 cycles per each speed of each state
Fault 3-axis servo motor fault
(Bearing fault)
Total Number of cycles 2748

4. Results and Discussion

This section analyzes the results of the feature reduction and feature selection methods
and the classification model based on feature extraction to detect the fault features of the
robot. Figure 10 represents the trend of each feature for electric current data in the time
domain, frequency domain, and time—frequency domain. It shows different trends for
different speeds and different loading conditions. These six features are best represented
by the classification of faulty and normal data. Also, some features show a distinguishable
difference between normal and faulty data. Normal and faulty data are very clear on the
larger scale of the graph. Most features are load- and speed-dependent. Among them, it
was confirmed that the higher the load and speed of the WPD features and mean frequency
feature, the better the fault features were observed at higher frequencies. The combination
of these various features allows machine learning algorithm for learning process.

All raw data are normalized between 0 and 1 based on the maximum and minimum
value of each cycle before feature extraction [35]. Since the data are biased with respect
to equipment condition, this has been used to reduce the contribution of feature values
caused by biased data when the data are free of outliers [30]. As shown in Figure 11, a total
of six case studies are compared. A total of 27 features are extracted for Case I, Case 1II,
Case III, Case IV, Case V, and Case VI.

After feature extraction, all features are used for Case I without any technique. After
feature extraction, ANN, a deep learning algorithm, is trained with all of the extracted
features. The ANN algorithm consists of two dense layers, where the first layer is composed
of eight nodes and the second layer is consists of a single node. For Case 1I, after feature
extraction, SVM, which is a machine learning algorithm, is trained with all of the extracted
features. For Cases III and IV, after feature extraction, PCA is conducted in order to reduce
the dimensionality of the features, as high dimensionality may overfit and confuse the
machine learning algorithm. When the PCs are calculated, a total of 27 new PCs are
computed depending on how they explain the variance of the original feature. The first
7 PCs, which explain 95% of the original variance, are generated by PCA. A total of 7 PCs
become new features, and the original 27 features are reduced to 7. After feature reduction,
new features are trained and tested using two machine learning techniques. For Case III,
ANN is trained, and for Case IV, SVM is used. For Cases V and VI, features are selected
using the feature selection method after feature extraction. Figure 12 is a heat map based
on the Pearson correlation coefficient matrix of all of the data. The higher the correlation
between each feature, the deeper the red color, and the more deeply the variables are
related. By selecting only one of the features with a correlation coefficient of 0.9 or more,
the number of features was reduced to 17, as shown in Figure 13. All of the features and
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17 selected features are shown in Table 3. After feature selection, ANN is trained for Case V,
and SVM is used for Case VI.
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Figure 10. Representative extracted features: (a) skewness, (b) crest factor, (c) mean frequency,
(d) first energy of WPD, (e) second energy of WPD, and (f) fourteenth energy of WPD.
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Figure 11. Description of the case study.
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Figure 12. The correlation coefficients between all 27 features.

Figure 14 shows overall results of the proposed work related to fault classification. To
elaborate further, Case I and Case Il are based on the ANN and SVM classifiers, respectively,
where all 27 features are used with random split for fault classification. Herein, 10-fold cross
validation is used to overcome the overfitting issue. It is observed that the ANN-based fault
classification shows a 92.15% training and 88.97% testing accuracy. On the other hand, the
SVM-based classifier yields 91.5% and 92.97% of training and testing accuracy, respectively.
The two proposed approaches show good classification performance, however, the number
of features is higher, and it is computationally complicated to extract too many features.
Besides, the ML classifier usually shows good performance with a large amount of data,
and overfitting can be caused. In order to overcome these issues, the feature space is
reduced using PCA and correlation analysis. In light of this, Case III and Case IV are
based on the reduced feature space using PCA, and seven features are used. In Case III,
the ANN classifier is used, achieving an 83.57% training and 81.45% testing accuracy. The
SVM classifier is used in Case IV with a 90.01% and 90.67% training and testing accuracy,
respectively. It is observed that the proposed feature selection method based on PCA shows
good performance for fault classification. However, it is impossible to identify the exact
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type of feature in the process of feature reduction using PCA. For that reason, the feature
space is reduced using the correlation analysis, as presented in Case V and Case VI, where
17 features are selected out of the original 27. In Case V, the ANN classifier is applied with
an 87.05% training and 84.36% testing accuracy. On the other hand, the SVM classifier
(Case VI) shows an effective performance with a 90% training accuracy and 91.76% testing
accuracy. Overall, Case VI shows good performance in terms of the number of features and
the classification performance. In conclusion, no significant difference was observed in the
classification accuracy; however, the proposed approach overcomes the issues related to
overfitting and computational complexities.
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Figure 13. Features selected by removing one of the features whose correlation coefficient exceeds
the r value.
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Figure 14. Accuracy evaluation of training and testing for all presented cases.
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Table 3. All extracted features and features.

No Parameters Description/Values
1 Icr Icr
2 IeLr Ixur
3 IrF Irms
4 Txur Isr
5 Irms Lskap
6 Isp Lsum
7 Lo Loseanf
8 Istp Ey
9 Lsum Ep
10 Toar Es
11 Lieanf E;
12 Leas Eg
13 Lns f Eg
14 Eq Eqo
15 E, En
16 Es Eis
17 E, Ep4
18 Es
19 Ee
20 E;

21 Eg
22 Eg
23 Eyo
24 En
25 Epp
26 Eis
27 Eyy

Table 4 summarizes the precision, sensitivity, and F-1 score for all six cases. Precision
represents the proportion of actual normal data to the predicted normal data. The formula

is as follow [36]:

Precisi True Positive ©)
recision = — —
True Positive + False Positive

Table 4. Precision, sensitivity, F-1 score, and accuracy evaluation for the various presented cases.

Case I Case II Case III Case IV Case V Case VI
Precision 94.01 94.26 85.79 93.77 88.03 94.01
Sensitivity 84.34 91.53 79.81 87.85 88.25 89.55
F-1 score 89.92 92.87 82.69 90.71 88.14 91.73
Accuracy 88.97 92.97 81.45 90.67 84.36 91.76
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Sensitivity (called recall) represents the ratio of predicted normal data to actual normal
data. The formula is as follows [36]:

True Positive

10
True Positive + False Negative (19

Sensitivity =

F score is the weight harmonic average of precision and sensitivity, and the case where
the weight is 1 is called the F-1 score. The formula is as follows [36]:

Precision x Sensitivity
Precision + Sensitivity

F —1score =2 (11)

These are the performance evaluation parameters that are generally used to evaluate
the performance of the classifiers. In general, compared to other performance evalua-
tion indicators, it shows good performance in precision at 94.01 (Case I), 94.26 (Case II),
85.79 (Case III), 93.77 (Case 1V), 88.03 (Case V), 94.01 (Case VI) and weak sensitivity
at 84.34 (Case I), 91.53 (Case II), 79.81 (Case III), 87.85 (Case IV), 88.25 (Case V), and
89.55 (Case VI). This indicates that the models have high reliability in predicting nor-
mal data, but low reliability in predicting actual normal data. In addition, the F-1 score is
almost similar to the accuracy, indicating that there is no imbalance problem in the data
and that the amount of normal data and failure data is balanced.

To sum up, the proposed study is a robust approach for the fault detection of the
robotic serve-motor. Our team proposed MCSA for fault detection in the robotic system for
the first time. Using this method, the issues related to data handling and the installation of
extra sensors are resolved. In order to reduce the discrepancy of a lab-scale model with
real-world applications and increase the robustness of the model, various experiments are
performed under variable working conditions, such as motion, speed, and loading. In this
study, a feature engineering framework is proposed for fault classification based on ML
applications. In the proposed work, various issues are resolved regarding overfitting and
computational complexities. In future consideration, deep learning and transfer learning
approaches can be used to improve the generalization capabilities of the fault detection
model. With this research, we developed a fault detection model that generally works
under different operating conditions than previous works. However, even though the
proposed model does a good job of classifying the robot’s different modes of operation,
data preprocessing needs to be made easier for real-time fault detection.

5. Conclusions

This study presented a method for developing a robust fault detection model for
the servo motor of a robotic arm under various operating conditions. A method was
proposed to improve classification performance under various operating conditions of
robot arm speed, load, and motions. Performance was evaluated by comparing feature
reduction methods or feature selection methods following feature extraction. The normal
and abnormal data of a 6-axis industrial vertical robot’s third-axis servo motor were
collected. MCSA was used to detect the faulty features of the inner race-bearing fault
of the servo motor.

The proposed model extracts a total of 27 features in the time domain, frequency do-
main, and time—frequency domain, and the generalization ability of the model is improved
by extending the range of feature extraction. When a fault occurred, the fault features
were detected in various features of each cycle, and it was confirmed that the features
were distinguished, especially in the high-frequency region. Cases in which features were
reduced by PCA analysis were divided into those where the number of features was se-
lected by correlation analysis. The two machine learning algorithms were trained for each
case. Through case studies, cases with the highest accuracy were selected based on their
computational efficiency.
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As a result of comparing the accuracy of the learned model with the data from each
test, it was confirmed that the original data with all features showed the highest accuracy—
92.97%—in Case I. However, in Case VI, it was confirmed that a good classification model
of 91.76% accuracy could be obtained as a result of a feature selection method that is
computationally economical with little sacrifice of accuracy. Therefore, the present study
shows that failures can be detected with an accuracy of more than 90% for various operating
conditions such as the speed, load, and motions of the robot.

Conclusively, the main contributions are:

1. This method works for various operating speeds, loads, and motions of the robot with
acceleration and deceleration.

2. Using time-domain, frequency-domain, and time—frequency-domain features, the
range of feature extraction is extended, and the generalization ability of models
is improved.

3. The computational speed and the amount of feature computation can be reduced by
using feature reduction and feature selection methods.

4. A classification accuracy of over 90% can be achieved under various robot operating
conditions.

The robustness of the proposed method under various operating conditions was
evaluated using datasets with various speeds, loads, and motions. The classification
accuracy of the proposed approach is above 90%.
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Abstract: The domain of fault detection has seen tremendous growth in recent years. Because
of the growing demand for uninterrupted operations in different sectors, prognostics and health
management (PHM) is a key enabling technology to achieve this target. Bearings are an essential
component of a motor. The PHM of bearing is crucial for uninterrupted operation. Conventional
artificial intelligence techniques require feature extraction and selection for fault detection. This
process often restricts the performance of such approaches. Deep learning enables autonomous
feature extraction and selection. Given the advantages of deep learning, this article presents a transfer
learning-based method for bearing fault detection. The pretrained ResNetV2 model is used as a
base model to develop an effective fault detection strategy for bearing faults. The different bearing
faults, including the outer race fault, inner race fault, and ball defect, are included in developing an
effective fault detection model. The necessity for manual feature extraction and selection has been
reduced by the proposed method. Additionally, a straightforward 1D to 2D data conversion has
been suggested, altogether eliminating the requirement for manual feature extraction and selection.
Different performance metrics are estimated to confirm the efficacy of the proposed strategy, and the
results show that the proposed technique effectively detected bearing faults.

Keywords: deep learning; transfer learning; prognostics and health management; bearing fault;
electrical motor

MSC: 68T07

1. Introduction

Electrical motors are the prime movers of modern industries. However, unwanted
faults in the motors can lead to the complete shutdown of the industry. Bearings are the
critical components of electrical motors (EMs). The bearing separates the stationary part
from the moving part. Generally, it is on both ends, i.e., on both the drive and nondrive
sides of the motor. Bearing fault (BF) is the most common fault in electrical motors. It is
responsible for more than half of all motor defects. Bearing fault includes the inner race fault
(IRF), outer race fault (ORF), and bearing ball defect (BBD) [1,2]. The PHM of the bearing
is crucial for the uninterrupted operation of the motor. Timely fault diagnosis of the BFs
in the EMs could help avoid the complete shutdown of the production or manufacturing
facility in the industry. The BFs can be caused by harsh operating conditions, overloading,
overspeeding, manufacturing defects, overheating, dielectric stress, and aging. Symptoms
of the faults can be unbalanced voltages and line currents, excessive vibration, unwarranted
heating, enhanced losses, efficiency decline, reduction in the median torque, and higher
torque pulsation. To keep the EMs in the industries operating without interruption, timely
fault detection (FD) is crucial.
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The conventional bearing FD approach includes current and vibration monitoring
techniques. Motor current signature analysis is the favored method for fault diagnosis in
EMs. In addition, vibration-based FD approaches are famous for bearing FD. Both these
methods require a lot of human expertise and past knowledge about EMs. Researchers
have recently used artificial intelligence (Al) for FD in EMs. In recent years, the use
of Al in the bearing FD has improved fault detection accuracy while making the fault
detection approaches more reliable [3]. Conventional machine-learning (ML) algorithms,
such as support vector machine (SVM), decision tree (DT), random forest (RF), and k-
nearest neighbor (kNN), have been extensively used to develop a bearing FD approach
in electrical motors and rotating machines [4,5]. These FD approaches rely on efficient
input data, i.e., input features. Feature extraction and selection (FES) are essential for fault
detection using these conventional ML approaches. Either the frequency domain signals
or the time-domain signals can yield the features. Statistical features, such as standard
deviation, mean, and variance, among many more, can be used. Feature selection is a big
challenge for these conventional ML approaches, and the overall performance of these
approaches is dependent on these features. Manual feature extraction and selection require
prior knowledge and human expertise. In addition, optimization algorithms are used to
optimize the models [6]. Konar et al. [7] proposed the bearing FD using the continuous
wavelet transformation (CWT) and SVM model. The CWT has been used to analyze the
vibration of the frame of the induction motor (IM) during the starting operation. Li et al. [8]
developed an FD strategy for the bearing with the help of the SVM model and ant colony
optimization. Gryllias et al. [9] suggested an FD methodology for bearing operating in
the industrial environment using the SVM model. An FD strategy for the bearing fault
was developed in [10], using permutation entropy, ensemble empirical decomposition, and
SVM. Amarnath et al. [11] used the sound signals for the bearing FD by using the DT-based
FD model. The DT algorithm-based model for bearing FD was fed data from statistical
features acquired from acoustic signals. Sugumaran et al. [12] developed a bearing FD
strategy by using the DT algorithm to select features with the help of vibration signals and
feeding to the proximal SVM model. Tian et al. [13] propounded a bearing FD strategy
using spectral kurtosis and cross-correlation for the FES from the vibration signals. These
features were applied to develop the health index with the help of principal component
analysis and kNN. Pandya et al. [14] developed a rolling element-bearing FD strategy using
empirical mode decomposition and kNN. The features were extracted with the help of
the Hilbert-Huang transformation from the acoustic signals. Sharma et al. [15] developed
a bearing FD approach using vibration-based time-domain features and feeding to the
weighted kNN classifier. The conventional ML-based bearing FD strategy requires efficient
features as inputs. Feature extraction, as well as feature selection, is a tedious and often
challenging task. The manual FES also requires prior knowledge and human expertise. It
is difficult to develop the generic features that can be given to the traditional ML-centered
FD approaches. This often restricts the performance of these ML-based FD approaches.

Given the problem associated with the abovementioned approaches, researchers have
started to use deep learning (DL) algorithms in the domain of PHM. In recent years, DL
algorithms have drawn a lot of attention for FD in EMs. The DL algorithms, such as
convolutional neural network (CNN), autoencoder (AE), deep Boltzmann machine (DBM),
deep belief network (DBN), and recurrent neural network (RNN), have been considered
useful in the FD domain [15-18]. These algorithms are popular in the domain of image
classification, biomedical, and many more [18,19]. The DL-based FD approaches overcome
one of the major lacunae of the conventional ML-based FD approaches, i.e., FES. The DL
algorithms, such as CNN, facilitate autonomous FES. The CNN is extensively used in the
image classification problem. The inherent advantages of CNN have attracted researchers
to apply it in the PHM domain. Several research papers have efficiently used the CNN-
based model for the bearing FD in electrical motors, as well as other rotating machines.
Janssens et al. [20] proposed the bearing FD in rotating machinery using the CNN-based
model. The vibration signals collected under various states of the bearing were used for
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the analysis and development of the CNN-based model. Magar et al. [21] proposed an
FD approach employing the CNN-based FD model. The model was tested on the Case
Western Reserve University Bearing dataset [22]. Mukesh et al. [23] developed a bearing
defect identification and classification methodology using the CNN-based FD model. The
three-bearing condition, i.e., normal condition, ORF, and IRF, were considered and were
efficiently detected. Zhao et al. [24] propounded a deep CNN model for planet-bearing
FD. The DL-based model was composed of multiple CNN layers and achieved reasonable
accuracy. The Hilbert transformation was applied to the input signal to develop input
for the deep CNN model. Wang et al. [25] proposed a bearing FD approach with the
help of a multiscale neural network comprising one- and two-dimensional convolution
channels. The three states of the bearing, namely healthy, ORF, and IRF, were included
for the analysis. Islam et al. [26] developed a bearing FD scheme with the help of an
adaptive deep CNN model that utilized the 2D input information from the acoustic signals.
Wang et al. established an FD model for the rolling element bearings in combination with
hidden Markov models (HMM) and CNN. CNN layers were employed for the FES from
the vibration data, and HMM was used as a tool for fault classification. Zhang et al. [27]
have proposed a bearing FD using transfer learning (TL) in variable operating conditions.
Zhu et al. [28] have developed a TL-based method for bearing FD under changing working
conditions. A locomotive bearing FD approach has been proposed using TL from laboratory
to practical usage bearings [29]. Shao et al. [30] have proposed a machine FD using wavelet-
based images and transfer learning. Zheng et al. [31] have proposed a bearing FD using the
TL-based framework using a sufficient dataset of bearings from different sources. Hasan
and Kim [32] have developed a bearing FD approach using the vibration data conversion by
Stockwell transformation and transfer learning. Lu et al. [33] have proposed an intelligent
bearing FD using CNN and TL. Wen et al. [34] have used the VGG19 model with TL for the
bearing FD.

The deep model offers advantages, such as better domain adaptabilities, and general-
ization capabilities [35]. Most of the previously used models have been shallow in nature.
The previous works have used relatively shallow models, and the potential of the deep
models with over 50 layers has not previously been investigated. In addition, most of the
papers have used dedicated signal-processing tools for converting 1D data to the 2D data
before the analysis [30]. Moreover, the challenges of training such deep models can be
effectively addressed by transfer learning (TL) [36]. Only a limited number of papers are
available that have used both transfer learning and deeper network for the bearing FD.
The present work aims to use deep models with the application of the TL for the bearing
FD. The developed work uses the state-of-the-art ResNet50V2 (RNV2) [37] model for FES
from the input signals, and final classification is conducted with the fully connected layers
and the SoftMax function. The key contributions of the present work may be summarized
as follows:

1. A deep model with transfer learning is proposed, which can perform efficient feature
extraction and fault detection.

2. Without using any particular signal-processing transformation, such as a wavelet or
short-time Fourier transformation, the input signals are transformed to 2D images.

3. Transfer learning inhibits the need to train the deep model from scratch, which helps
the model converge more quickly.

4. To the best of the author’s knowledge, this is the first work that has used the
ResNet50V2 model for the bearing FD.

The rest of this article is structured as follows: Section 2 describes transfer learning and
the ResNet50V2 model in detail. Section 3 presents the proposed methodology. Section 4
provides the results and assessment. Finally, Section 5 concludes the work.
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2. Detailed Description of Transfer Learning and ResNet50V2
2.1. Transfer Learning (TL)

TL is a popular method in image classification problems, text classification, building
utilization, and spam filtering. This consists of learning features on one task and applying
them to them on the other task. To avoid having to train the new model from the start, TL
entails using the features from the previously trained model. The pretrained framework
is generally trained on a large dataset comprising a lot of data. The application of TL
facilitates the new model with lower training time and lower generalization error. Figure 1
shows the fundamental layout of the standard TL process. The transfer from the source
model can be weights, which could be used for the weight initialization of the target model.
These pretrained models are generally trained on large datasets, such as ImageNet. The
transfer learning process involves steps such as selecting the pretrained model, creating the
base model, weight transfer, training the new layers on the target dataset, and improving
the model via fine-tuning. Figure 2 shows a flowchart of the TL process.

Source data Target data
Knowledge
Transfer
Source Model . Target
Model
Source New
Task Task

Figure 1. Basic layout of the standard transfer learning process.

model

Obtain the pre-trained -' Develop a base - Freeze layers ‘ I'rain the new layers on~ lmpr(;_::et_ltx: I:?l;):el via

model the dataset

Figure 2. Flowchart of the transfer learning process.

2.2. ResNet50V2 (RNV2)

ResNet50V2 [37] is a modified version of the ResNet50, and it performs better than the
ResNet50 and ResNet101 on the ImageNet dataset. ResNet stands for the residual neural
network. An RNN is a form of deep neural network (DNN) and draws inspiration from
the cerebral cortex’s pyramidal cells. ResNet implements this functionality by employing
shortcuts to go over particular layers or skip connections. The ResNet models are typically
run with double- or triple-layer skips that have batch normalization and nonlinearities
(ReLU) in between. The skip weights can also be learned using an additional weight
matrix; these models are referred to as highway nets. DenseNets are models that include
numerous parallel skips. ResNet allows the deep network training of more than 150 layers.
Before the ResNet, the training of DNNs was a challenging task owing to the problem of
vanishing gradients. The core of the ResNet is the residual blocks. Assume that the input is
x, the learning-derived underlying mapping is f(x), and f(x) is the input to the activation
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function. The portions in the dotted line boxes in Figure 3a, must learn the mapping f(x),
whereas in Figure 3b, they must learn the mapping f(x) — x. The term “residual block”
was acquired in this manner. Given that the necessary underlying mapping is the identity
function f(x) = x, the residual mapping is significantly easier to train because it simply
has to set the weights and biases of the top weight layer (such as the fully connected layer
and convolutional layer) to zero. The solid line in Figure 3b that connects the layer input x
to the addition operator is referred to as a residual connection (or shortcut connection). The
residual blocks provide faster input propagation across layers via the residual connections.
In RNV2, a modification was made for the ResNet50 model in the propagation formulations
of the links between the blocks. The core idea of the RNV2 is the application of the identity
shortcut connection that skips one or more layers.

Activation function Activation function
1) S
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| } [ e [
| | : Weight layer :
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| | I
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Figure 3. (a) Normal block and (b) residual block.

3. The Proposed Methodology

The bearing fault detection model is crucial for the uninterrupted operation of the
motors. The core idea of the proposed method is to apply transfer learning to minimize the
computational burden of the deep fault detection model. The proposed method combines
transfer learning with deep learning to develop an efficient fault detection approach for
the bearings. A simple 1D to 2D conversion technique has been proposed. In addition, the
details of the fault detection model have been described in this section.

3.1. Data Preprocessing

Timely bearing fault detection is crucial to avoid unwanted downtime in industries.
Generally, the data obtained from the sensors are time series data. The model training
is dependent on the data condition. If the data include noises and irrelevant informa-
tion, then they make model training a challenging task. Data preparation involves steps
such as data integration, data cleaning, data segmentation, dimensionality reduction, and
transformation. These steps can help in cleaning the raw data. Because data-driven ap-
proaches struggle to handle raw signals, the traditional ML-based FD approach necessitates
extensive preprocessing before analysis. Data conditioning involves the optimal FES from
the raw signals and is based on human expertise and prior knowledge. FD is strongly
reliant on FES, and as incorrect FES can lead to fault misclassification. Because of FD’s
dependence on the FES, it is both a difficult and crucial task. Xu et al. [38] have proposed
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wavelet transformation-based images for the motor imagery (MI) EEG signals. Saucedo-
Dorantes et al. [39] have extracted the deep features for the FD in the bearings. A stacked
autoencoder has been used for extracting the fault features. Azamfar [40] et al. have
developed the gearbox FD approach with the help of the 2D CNN and current signature
analysis. Authors have used the fused data from the multiple sensors before applying
it to the CNN model. Dedicated signal-processing tools such as wavelet transformation
(WT) or short-time Fourier transformation (STFT) offer advantages such as localization in
the time and frequency domain, efficient data representation, time-frequency information,
and more. However, applying a dedicated signal-processing tool is also challenging. WT
has disadvantages too, such as computationally intensive, shift sensitivity, and poor di-
rectionality. The fact that STFT has a fixed window is a serious flaw. It often restricts the
efficient representation of the data. Moreover, applying any dedicated signal-processing
tools requires expertise and extensive knowledge of the data. Many other authors have
also used 1D data to 2D conversion for the fault diagnosis [41,42]. The proposed TL-based
FD model takes the image as input. A simple yet effective technique has been utilized to
transform the 1D vibration data into 2D images. To build the 2D images, the acquired 1D
data is divided to obtain signal samples for the various physical conditions of the bearing.
The color images are in RGB format (i.e., a matrix), which means that each image has height,
width, and three channels: red (R), green (G), and blue (B). The RGB pictures, or color
images, are made up of many pixels. The pixel is a composition of a triplet of R, G, and
B elements. R, G, and B elements have a range (0-255). The fact that color images have
numerous pixels means they have several triplets of R, G, and B. Pixel(p, 4, c) represents
the RGB matrix, wherep = 1,...,d,q = 1,...,d, and the third dimension c includes the
red (c = 1), green (¢ = 2), and blue (c = 3) channels. With the aid of Equation (1), segments
(S) are created from the time-domain signal samples (S) to create a root matrix (RM). The
sample’s maximum and lowest values, given by Equation (2), are used to normalize the root
matrix. Finally, Equation (3) is computed to estimate Pixel(p, g, c) from the normalized root
matrix. The red, green, and blue components of Pixel(p, g, c) are identical to one another,
and the range of their pixel values is (0-255). Python was used to implement this technique.
Figure 4 illustrates the proposed method.

RM(p,q) =S((p—1) x D +q) ¢))

B RM(P, Q) — minpq(RM(P,Q))
NRM(P,Q) = maxyq(RM(P,Q)) — miny,(RM(P,Q)) @
Pixel(p,q,c) = NRM(p,q), c=1,2,3 (3)

where k represent the number of samples and S represents the strength values of the
given samples.
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Figure 4. 1D signal to image conversion.

3.2. Fault Detection Model

In the FD field, it is challenging to generate a considerable number of labeled fault
data. The availability of large, labeled fault data is a challenging issue, and these data
are quite low, compared with the ImageNet dataset. The performance of deep CNN
architecture for FD is constrained by the lack of large quantities of labeled fault data,
which makes training difficult. Transfer learning can mitigate these issues and helps in
the overall improvement of the fault detection models. The pretrained RNV2 model is
used for knowledge transfer and fault diagnosis. RNV2 shows an example of excellent
image segregation performance. Its layers can perform FES from the input. Figure 4 shows
the composition of the purported RNV2-based FD model. The fault detection dataset’s
class labels were fitted by using the ResNet layers of RNV2. There are two types of blocks
present in the structure, namely ResNet-Block-1 and ResNet-Block-2. Both blocks comprise
the convolutional layers, batch normalization, ReLu activation, and shortcut connections.
The difference between the two blocks lies in the shortcut connection. ResNet-Block-1 has
an identity function in the shortcut connection, whereas ResNet-Block-2 has convolutional
layers and batch normalization in the shortcut connection. The depth of the network
and efficient feature extraction layers of the RNV2-based FD model would help improve
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the performance and achieve high accuracy in FD. The proposed model extracts feature
from images generated from a 1D signal using RNV2. The mined bottleneck features
were used as an input to the classifier, including one FCL and SoftMax activation function
with four output nodes. Weights were randomly initialized for fully connected layers
(FCLs). The hyperparameters tuning was conducted for the fully connected layers. ResNet
blocks utilize the same weight of the pretrained RNV2 model (i.e., weights are locked and
represented by a lock symbol), and the remaining block is fine-tuned (represented by an
unlocking symbol), as shown in Figure 5. The training of FCLs is conducted with the help
of the Adam optimizer’s having a preliminary learning rate of 0.001.
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Figure 5. Block diagram of the proposed FD methodology.

A complete analysis has been conducted on the vibration data of the CWRU-bearing
dataset [22]. Figure 6 shows a view of the test setup. It comprises a motor, a torque
transduce/encoder (center), a dynamometer (right), and control circuits (not shown). The
bearing faults were induced with the help of electro-discharge machining. The bearings
faults were emulated with the help of electro-discharge technology, having fault diameters
of (0.007, 0.014, and 0.021) inches. The input vibration data was acquired for different
loading conditions, such as (0, 1, 2, and 3) hp, including the various fault conditions, such
as IRF, ORF, BBD, and healthy bearings. The vibration signal was collected at the sampling
frequency of 12 kHz. The vibration data were acquired employing sensors fitted on the
drive side of the motor. These data were processed using the method described in Section 3.
The 1D signals have been converted to the images for the FD using the IRNV2 model and
are shown in Table 1. The randomness of the data points distribution helps to avoid the
bias problem and facilitates an equal chance of selection. The four states of the bearing
are under consideration, namely healthy, IRF, ORF, and BBD. Overall, 24,000 images were
generated for the proposed TL-based FD approach. Of the 24,000 images, 70% (16,800)
of data were employed for the training, 15% (3600) for validation, and 15% (3600) for the
model testing. Each state of the bearing contains 4200 images for training, 900 images for
validation, and 900 images for testing.
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Figure 6. Test setup for the analysis comprising 2 hp motor.

Table 1. Samples of images created for various states of the bearing.

Bearing State Image

BBD

IRF

ORF

Healthy

4. Results and Discussion

Deep architecture training from scratch without the TL is a challenging task. The
ResNet blocks of the RNV2 were utilized as feature extractors. These features were given
to the FCLs, with the SoftMax layer as the last layer. The pretrained RNV2 framework
was utilized as the base model, their weights were frozen, and new top layers were added
and trained. These top layers were trained with random weight initialization on extracted
features from the ResNet blocks. The fact that the base model was run only once on the
training data, rather than once for each training period, was a substantial advantage of the
proposed method. Thus, it is much faster and cheaper. The model was trained multiple
times and fine-tuned for efficient performance. The model’s performance was evaluated
by estimating the confusion matrix (CM) and different performance metrics such as the
accuracy (acc), precision (p), sensitivity (s), and F1-score. The CM is a tabular arrangement
that visualizes and encapsulates the performance of a classification model. The values of
these performance metrics, such as p, s, and F1-score, can be calculated as:

_ tp+tn
N oyt fp+ fn @)
tp
_ 5
S +fp ©
__tp
°T tp+ fn ©)
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_2Xpxs
C p+s

F1 (7)
where tp denotes actual positive trials, tn denotes actual negative trials, fp denotes incorrect
positive trials, and fn denotes incorrect negative trials.

The TL-based FD model converged at around 50 epochs. The training and validation
accuracy curve is given in Figure 7. The training and validation loss curve is given in
Figure 8. Figures 7 and 8 show that the model converged in 50 epochs. The model achieved
an average accuracy of more than 99% for fault classification. Figure 9 shows the CM for
the proposed model. It is apparent from the CM (Figure 9) that all the states of the bearing,
such as healthy, IRF, ORF, and BBD, have been efficiently classified. The average accuracy
is 99.50% for the developed framework. Table 2 presents the values of the performance
metrics, such as accuracy (acc), precision (p), sensitivity (s), and F1-score.

Training and validation accuracy v/s epoch
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Figure 7. Accuracy vs. epoch curve for the proposed TL-based bearing FD approach.
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Figure 8. Loss curve for the proposed TL-based bearing FD approach.
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Figure 9. Confusion matrix for the proposed TL-based FD model.

159



Mathematics 2022, 10, 4683

Table 2. Performance metrics of the proposed model.

State Precision (p) Sensitivity (s) F1-Score
BBD 1.0 0.99 0.99
IRF 1.0 1.0 1.0
ORF 0.99 1.0 0.99
HEALTHY 1.0 1.0 1

It is evident from Table 2 that the values of various performance metrics are more than
99%, which demonstrates that all the states of the bearing are efficiently classified. The CM
(Figure 9) shows that states such as healthy, IRF, ORF, and BBD are classified reasonably,
with more than 99% accuracy.

In addition, a comparative study was conducted on the proposed and existing DL-
based FD methods. Multiple DL-based FD methods were assessed to inspect the functioning
of the proposed IRNV2-based FD model. The proposed model was compared with two
DL-based FD methods employing the sparse filters [43] and DBN [44]. Lei et al. [43]
employed sparse filters for FES from the vibration data and SoftMax to classify faults.
Gan and Wang [44] developed an FD network by using DBNs for FD in the mechanical
system. In addition, comparisons were made with many CNN-based FD models, such
as the hierarchical CNN (HCNN) model [45], adaptive deep CNN (ADCNN) model [46],
multiple sensors-based CNN (MCNN) model [47], 1D CNN model [48], CNN model using
vibration images (CNNVM) [49], stacked autoencoder and DBN model (SAE-DBN) [50],
and CNN long short-term memory (CNN-LSTM) model [51]. Lu et al. [45] developed
a bearing FD approach using a DL method by employing CNN. Guo et al. [46] used
hierarchical adaptive deep CNN for the bearing FD. Xia et al. [47] incorporated sensor
fusion and CNN for efficient fault detection in rotating machines. Eren [48] proposed a
1D CNN model for the bearing FD. Hoang and Kang [49] developed a CNN-based FD
methodology for the bearing FD utilizing vibration images. Chen and Li [50] developed a
SAE-DBN model for the bearing FD using the multisensory feature fusion. Wang et al. [51]
developed a motor fault diagnosis model using the multilevel information fusion and
combination of CNN and LSTM. Table 3 lists the accuracy of the various models. Table 3
shows that the developed model surpasses FD techniques utilizing sparse filters, DBNs, and
other CNN models. The proposed fault detection approach surpasses the different CNN
models and has a superior accuracy of 99.50%. In addition, the developed FD approach
was compared with an FD method by using a DBN and outperformed it. The developed
method shows superior accuracy to that of other DL-based FD procedures, as reflected in
Table 3, owing to its higher depth, autonomous FES properties, and fault categorization
capabilities. Moreover, the profundity of the model facilitates better domain adaptabilities
and generalization capabilities.

Deep architectures (proposed model) learn distributed and sparse representations.
These features are efficient in comparison to features learned by shallow ML frameworks. It
is expedient to utilize a deep framework in comparison with a shallow ML framework for
better data representation. The depth of the networks enables more-effective FES. The deep
framework makes domain adaptivity simple. The benefits of the purported approach over
the standard ML-based fault detection techniques include automatic FES and good domain
adaptation. The proposed method outperforms existing methods and offers accurate fault
analysis with minimal human interaction. Additionally, it shows that fine-tuning and
modeling with TL together produce superior accuracy in a small number of training epochs
to a model created from scratch. When training a CNN model with more depth from
scratch, it takes a long time to process. The current study efficiently applies TL to overcome
the deep CNN'’s shortcomings. Despite being a deep network, the proposed technique
reduces the computational cost.
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Table 3. Comparison of the proposed model with various DL-based FD approaches.

Model Accuracy (%)
Sparse filter [43] 96.40
DBN [44] 99.03
HCNN [45] 92.60
ADCNN [46] 98.1
MCNN [47] 99.41
1DCNN [48] 97.10
CNNVM [49] 97.74
SAE-DBN [50] 96.40
CNN-LSTM [51] 98.10
Proposed Model 99.50

5. Conclusions

This article proposes a TL-based fault detection approach for the bearing fault. A
thorough analysis was conducted of the bearing dataset from the CWRU-bearing data
center. The proposed model effectively performed the bearing fault detection with reason-
able accuracy. The depth of the model aids in efficient domain learning capabilities. In
addition, the proposed model mitigated the need for manual FES, which is a cumbersome
task. Despite the high depth of the model, owing to transfer learning, the model was
not required to be trained from scratch. This helped in saving time, and it worked with
low computational power. The average accuracy of the model was more than 99%, and
the values of the other performance metrics were also on the higher side. These results
justify the performance of the proposed IRNV2-based bearing FD model. Thereby, it can be
established that the developed model enables an intelligent and computationally viable
solution for bearing fault detection.

Author Contributions: Conceptualization, PX. (Prashant Kumar), A.S.-H., PK. (Prince Kumar) and
H.S.K.; methodology, PK. (Prashant Kumar); software, PK. (Prashant Kumar) and P.K. (Prince
Kumar); validation, PK. (Prashant Kumar), A.S.H. and H.S.K; formal analysis, PK. (Prashant Kumar);
investigation, P.K. (Prashant Kumar); resources, H.S.K.; data curation, P.K. (Prashant Kumar) and
A.S.H.; writing—original draft preparation, PK. (Prashant Kumar) and PK. (Prince Kumar); writing—
review and editing, PK. (Prashant Kumar), A.S.H., PK. (Prince Kumar) and H.S.K.; supervision,
A.S.H. and H.S.K; funding acquisition, H.S.K. All authors have read and agreed to the published
version of the manuscript.

Funding: This work was supported by a project for Smart Manufacturing Innovation R&D funded
Korea Ministry of SMEs and Startups in 2022 (Project No. RS-2022-00140460) and supported
by BK21FOUR.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study, in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

161



Mathematics 2022, 10, 4683

References

1.  Tavner, PJ. Review of Condition Monitoring of Rotating Electrical Machines. IET Electr. Power Appl. 2008, 2, 215-247. [CrossRef]

2. Kumar, P; Hati, A.S. Review on Machine Learning Algorithm Based Fault Detection in Induction Motors. Arch. Comput. Methods
Eng. 2021, 28, 1929-1940. [CrossRef]

3. Zhao, L.; Zhu, Y.; Zhao, T. Deep Learning-Based Remaining Useful Life Prediction Method with Transformer Module and
Random Forest. Mathematics 2022, 10, 2921. [CrossRef]

4. Raouf, L; Lee, H.; Kim, H.S. Mechanical Fault Detection Based on Machine Learning for Robotic RV Reducer Using Electrical
Current Signature Analysis: A Data-Driven Approach. |. Comput. Des. Eng. 2022, 9, 417-433. [CrossRef]

5. Raouf, I; Lee, H.,; Noh, Y.R.; Youn, B.D.; Kim, H.S. Prognostic Health Management of the Robotic Strain Wave Gear Reducer
Based on Variable Speed of Operation: A Data-Driven via Deep Learning Approach. J. Comput. Des. Eng. 2022, 9, 1775-1788.
[CrossRef]

6. Deng, W.; Zhang, L.; Zhou, X.; Zhou, Y,; Sun, Y.; Zhu, W.; Chen, H.; Deng, W.; Chen, H.; Zhao, H. Multi-Strategy Particle Swarm
and Ant Colony Hybrid Optimization for Airport Taxiway Planning Problem. Inf. Sci. 2022, 612, 576-593. [CrossRef]

7. Konar, P; Chattopadhyay, P. Bearing Fault Detection of Induction Motor Using Wavelet and Support Vector Machines (SVMs).
Appl. Soft Comput. 2011, 11, 4203-4211. [CrossRef]

8. Li, X.; Zheng, A.; Zhang, X.; Li, C.; Zhang, L. Rolling Element Bearing Fault Detection Using Support Vector Machine with
Improved Ant Colony Optimization. Measurement 2013, 46, 2726-2734. [CrossRef]

9.  Gryllias, K.C.; Antoniadis, I.A. A Support Vector Machine Approach Based on Physical Model Training for Rolling Element
Bearing Fault Detection in Industrial Environments. Eng. Appl. Artif. Intell. 2012, 25, 326-344. [CrossRef]

10. Zhang, X.; Liang, Y.; Zhou, J.; Zang, Y. A Novel Bearing Fault Diagnosis Model Integrated Permutation Entropy, Ensemble
Empirical Mode Decomposition and Optimized SVM. Measurement 2015, 69, 164-179. [CrossRef]

11.  Amarnath, M.; Sugumaran, V.; Kumar, H. Exploiting Sound Signals for Fault Diagnosis of Bearings Using Decision Tree.
Measurement 2013, 46, 1250-1256. [CrossRef]

12.  Sugumaran, V.; Muralidharan, V.; Ramachandran, K.I. Feature Selection Using Decision Tree and Classification through Proximal
Support Vector Machine for Fault Diagnostics of Roller Bearing. Mech. Syst. Signal Process. 2007, 21, 930-942. [CrossRef]

13. Tian, J.; Morillo, C.; Azarian, M.H.; Pecht, M. Motor Bearing Fault Detection Using Spectral Kurtosis-Based Feature Extraction
Coupled with K-Nearest Neighbor Distance Analysis. IEEE Trans. Ind. Electron. 2015, 63, 1793-1803. [CrossRef]

14. Pandya, D.H.; Upadhyay, S.H.; Harsha, S.P. Fault Diagnosis of Rolling Element Bearing with Intrinsic Mode Function of Acoustic
Emission Data Using APF-KNN. Expert Syst. Appl. 2013, 40, 4137-4145. [CrossRef]

15.  Sharma, A; Jigyasu, R.; Mathew, L.; Chatterji, S. Bearing Fault Diagnosis Using Weighted K-Nearest Neighbor. In Proceedings of
the 2018 2nd International Conference on Trends in Electronics and Informatics (ICOEI), Tirunelveli, India, 11-12 May 2018; pp.
1132-1137.

16. Zhang, B.; Zhou, C.; Li, W,; Ji, S.; Li, H.; Tong, Z.; Ng, S.-K. Intelligent Bearing Fault Diagnosis Based on Open Set Convolutional
Neural Network. Mathematics 2022, 10, 3953. [CrossRef]

17. Kumar, P.; Shankar Hati, A. Convolutional Neural Network with Batch Normalisation for Fault Detection in Squirrel Cage
Induction Motor. IET Electr. Power Appl. 2021, 15, 39-50. [CrossRef]

18.  Yu,Y,;Hao, Z,; Li, G; Liu, Y;; Yang, R.; Liu, H.; Yu, Y,; Hao, Z.; Li, G.; Liu, Y,; et al. Optimal Search Mapping among Sensors in
Heterogeneous Smart Homes. MBE 2023, 20, 1960-1980. [CrossRef]

19. Ren, Z,;Han, X;; Yu, X,; Skjetne, R.; Leira, B.J.; Seevik, S.; Zhu, M. Data-Driven Simultaneous Identification of the 6DOF Dynamic
Model and Wave Load for a Ship in Waves. Mech. Syst. Signal Process. 2023, 184, 109422. [CrossRef]

20. Janssens, O.; Slavkovikj, V.; Vervisch, B.; Stockman, K.; Loccufier, M.; Verstockt, S.; Van de Walle, R.; Van Hoecke, S. Convolutional
Neural Network Based Fault Detection for Rotating Machinery. J. Sound Vib. 2016, 377, 331-345. [CrossRef]

21. Magar, R.; Ghule, L.; Li, J.; Zhao, Y.; Farimani, A.B. FaultNet: A Deep Convolutional Neural Network for Bearing Fault
Classification. IEEE Access 2021, 9, 25189-25199. [CrossRef]

22. Loparo, K.A. Case Western Reserve University Bearing Data Center. Bearings Vibration Data Sets, Case Western Reserve
University. 2012, pp. 22-28. Available online: https:/ /engineering.case.edu/bearingdatacenter (accessed on 5 October 2022).

23. Bhadane, M.; Ramachandran, K.I. Bearing Fault Identification and Classification with Convolutional Neural Network. In
Proceedings of the 2017 International Conference on Circuit, Power and Computing Technologies (ICCPCT), Kollam, India, 20-21
April 2017; pp. 1-5.

24. Zhao, D.; Wang, T.; Chu, F. Deep Convolutional Neural Network Based Planet Bearing Fault Classification. Comput. Ind. 2019,
107, 59-66. [CrossRef]

25. Wang, D.; Guo, Q.; Song, Y.; Gao, S.; Li, Y. Application of Multiscale Learning Neural Network Based on CNN in Bearing Fault
Diagnosis. J. Signal Process. Syst. 2019, 91, 1205-1217. [CrossRef]

26. Islam, M.M.M.; Kim, ].-M. Automated Bearing Fault Diagnosis Scheme Using 2D Representation of Wavelet Packet Transform
and Deep Convolutional Neural Network. Comput. Ind. 2019, 106, 142-153. [CrossRef]

27. Zhang, R.; Tao, H.; Wu, L.; Guan, Y. Transfer Learning with Neural Networks for Bearing Fault Diagnosis in Changing Working
Conditions. IEEE Access 2017, 5, 14347-14357. [CrossRef]

28. Zhu, J.; Chen, N.; Shen, C. A New Deep Transfer Learning Method for Bearing Fault Diagnosis Under Different Working

Conditions. IEEE Sens. ]. 2020, 20, 8394-8402. [CrossRef]

162



Mathematics 2022, 10, 4683

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Yang, B.; Lei, Y,; Jia, F; Xing, S. An Intelligent Fault Diagnosis Approach Based on Transfer Learning from Laboratory Bearings to
Locomotive Bearings. Mech. Syst. Signal Process. 2019, 122, 692-706. [CrossRef]

Shao, S.; McAleer, S.; Yan, R.; Baldi, P. Highly Accurate Machine Fault Diagnosis Using Deep Transfer Learning. IEEE Trans. Ind.
Inform. 2018, 15, 2446-2455. [CrossRef]

Zheng, Z.; Fu, J.; Lu, C,; Zhu, Y. Research on Rolling Bearing Fault Diagnosis of Small Dataset Based on a New Optimal Transfer
Learning Network. Measurement 2021, 177, 109285. [CrossRef]

Hasan, M.J.; Kim, J.-M. Bearing Fault Diagnosis under Variable Rotational Speeds Using Stockwell Transform-Based Vibration
Imaging and Transfer Learning. Appl. Sci. 2018, 8, 2357. [CrossRef]

Lu, T; Yu, F; Han, B.; Wang, J. A Generic Intelligent Bearing Fault Diagnosis System Using Convolutional Neural Networks With
Transfer Learning. IEEE Access 2020, 8, 164807-164814. [CrossRef]

Wen, L.; Li, X,; Li, X.; Gao, L. A New Transfer Learning Based on VGG-19 Network for Fault Diagnosis. In Proceedings of the
2019 IEEE 23rd International Conference on Computer Supported Cooperative Work in Design (CSCWD), Porto, Portugal, 6-8
May 2019; pp. 205-209.

Goodfellow, I.; Bengio, Y.; Courville, A. Deep Learning; MIT Press: Cambridge, MA, USA, 2016.

Weiss, K.; Khoshgoftaar, T.M.; Wang, D. A Survey of Transfer Learning. J. Big Data 2016, 3, 9. [CrossRef]

He, K; Zhang, X.; Ren, S.; Sun, J. Identity Mappings in Deep Residual Networks. In Proceedings of the Computer Vision—ECCV
2016; Leibe, B., Matas, J., Sebe, N., Welling, M., Eds.; Springer International Publishing: Cham, Switzerland, 2016; pp. 630—-645.
Xu, B;; Zhang, L.; Song, A.; Wu, C; Li, W,; Zhang, D.; Xu, G.; Li, H.; Zeng, H. Wavelet Transform Time-Frequency Image and
Convolutional Network-Based Motor Imagery EEG Classification. IEEE Access 2019, 7, 6084-6093. [CrossRef]
Saucedo-Dorantes, J.J.; Arellano-Espitia, F.; Delgado-Prieto, M.; Osornio-Rios, R.A. Diagnosis Methodology Based on Deep
Feature Learning for Fault Identification in Metallic, Hybrid and Ceramic Bearings. Sensors 2021, 21, 5832. [CrossRef] [PubMed]
Azamfar, M.; Singh, J.; Bravo-Imaz, I; Lee, ]. Multisensor Data Fusion for Gearbox Fault Diagnosis Using 2-D Convolutional
Neural Network and Motor Current Signature Analysis. Mech. Syst. Signal Process. 2020, 144, 106861. [CrossRef]

Wen, L.; Li, X.; Gao, L. A Transfer Convolutional Neural Network for Fault Diagnosis Based on ResNet-50. Newural Comput. Appl.
2020, 32, 6111-6124. [CrossRef]

Xie, T.; Huang, X.; Choi, S.-K. Intelligent Mechanical Fault Diagnosis Using Multisensor Fusion and Convolution Neural Network.
IEEE Trans. Ind. Inform. 2022, 18, 3213-3223. [CrossRef]

Lei, Y.; Jia, E; Lin, ].; Xing, S.; Ding, S.X. An Intelligent Fault Diagnosis Method Using Unsupervised Feature Learning towards
Mechanical Big Data. IEEE Trans. Ind. Electron. 2016, 63, 3137-3147. [CrossRef]

Gan, M.; Wang, C. Construction of Hierarchical Diagnosis Network Based on Deep Learning and Its Application in the Fault
Pattern Recognition of Rolling Element Bearings. Mech. Syst. Signal Process. 2016, 72, 92-104. [CrossRef]

Lu, C.; Wang, Z.; Zhou, B. Intelligent Fault Diagnosis of Rolling Bearing Using Hierarchical Convolutional Network Based Health
State Classification. Adv. Eng. Inform. 2017, 32, 139-151. [CrossRef]

Guo, X,; Chen, L.; Shen, C. Hierarchical Adaptive Deep Convolution Neural Network and Its Application to Bearing Fault
Diagnosis. Measurement 2016, 93, 490-502. [CrossRef]

Xia, M.; Li, T.; Xu, L.; Liu, L.; De Silva, C.W. Fault Diagnosis for Rotating Machinery Using Multiple Sensors and Convolutional
Neural Networks. IEEE/ASME Trans. Mechatron. 2017, 23, 101-110. [CrossRef]

Eren, L. Bearing Fault Detection by One-Dimensional Convolutional Neural Networks. Math. Probl. Eng. 2017, 2017, 8617315.
[CrossRef]

Hoang, D.-T.; Kang, H.-]. Rolling Element Bearing Fault Diagnosis Using Convolutional Neural Network and Vibration Image.
Cogn. Syst. Res. 2019, 53, 42-50. [CrossRef]

Chen, Z.; Li, W. Multisensor Feature Fusion for Bearing Fault Diagnosis Using Sparse Autoencoder and Deep Belief Network.
IEEE Trans. Instrum. Meas. 2017, 66, 1693-1702. [CrossRef]

Wang, |.; Fu, P; Zhang, L.; Gao, R.X.; Zhao, R. Multilevel Information Fusion for Induction Motor Fault Diagnosis. IEEE/ASME
Trans. Mechatron. 2019, 24, 2139-2150. [CrossRef]

163



. mathematics ml\b\Py

Review
Prognostics and Health Management of Rotating Machinery of
Industrial Robot with Deep Learning Applications—A Review

Prashant Kumar, Salman Khalid and Heung Soo Kim *

Department of Mechanical, Robotics and Energy Engineering, Dongguk University-Seoul,
Seoul 04620, Republic of Korea; prashantkumar@dgu.ac kr (P.K.); salmankhalid@dgu.ac.kr (S.K.)
* Correspondence: heungsoo@dgu.edu; Tel.: +82-2-2260-8577; Fax: +82-2-2263-9379

Abstract: The availability of computational power in the domain of Prognostics and Health Manage-
ment (PHM) with deep learning (DL) applications has attracted researchers worldwide. Industrial
robots are the prime mover of modern industry. Industrial robots comprise multiple forms of rotating
machinery, like servo motors and numerous gears. Thus, the PHM of the rotating components of
industrial robots is crucial to minimize the downtime in the industries. In recent times, deep learning
has proved its mettle in different areas, like bio-medical, image recognition, speech recognition, and
many more. PHM with DL applications is a rapidly growing field. It has helped achieve a better
understanding of the different condition monitoring signals, like vibration, current, temperature,
acoustic emission, partial discharge, and pressure. Most current review articles are component- (or
system-) specific and have not been updated to reflect the new deep learning approaches. Also, a
unified review paper for PHM strategies for industrial robots and their rotating machinery with DL
applications has not previously been presented. This paper presents a review of the PHM strategies
with various DL algorithms for industrial robots and rotating machinery, along with brief theoretical
aspects of the algorithms. This paper presents a trend of the up-to-date advancements in PHM
approaches using DL algorithms. Also, the restrictions and challenges associated with the available
PHM approaches are discussed, paving the way for future studies.

Keywords: prognostics and health management (PHM); deep learning (DL); industrial robots;
rotating machinery

MSC: 68T01

1. Introduction

Industrial robots (IRs) have drawn a lot of attention over the past two decades due to
the availability of cutting-edge technologies and the need for high production. Industrial
robots have found applications in almost every sector, like manufacturing, underwater
exploration, hazardous material disposal, steel exploration, and entertainment [1-5]. IRs
include multiple forms of rotating machinery, like servo motors and gears, which are also
prone to failures [6]. In general, IRs are robust machines; however, faults are inevitable. The
rotating machines are vital components of the IRs and act as a driving force [7]. IRs have
seen a surge in their applications in recent years [1,8-14]. This has aided human efforts to
reduce the operational costs. The World Robotics 2021 industrial reports show that more
than three million IRs are operating globally, almost 10% more than the previous year. In
2020, despite the global epidemic, new robot sales climbed by 0.5%, with 384,000 units
shipped worldwide [15]. With a compound annual growth rate (CAGR) of 11.7% between
2021 and 2030, the size of the worldwide IRs market is predicted to increase from USD
37,876.0 million in 2020 to USD 116,848.7 million by 2030 [15]. In 2021, the size of the global
IRs market was estimated at USD 15.60 billion [16]. The market for IRs was estimated to be
worth USD 26.52 billion in 2022 and is anticipated to grow at a CAGR of 10.5% between
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2023 and 2030 [17]. The global trend of publications containing the keywords “industrial
robot fault” in the title that were published per year, as determined by the Web of Science
and PubMed, is given in Figure 1.
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Figure 1. Global trend of the publications containing the Keyword “industrial robot fault” in the title
that were published per year, as determined by the Web of Science and PubMed.

The market trend shows that IRs will be a driving force in industry. The robot system
applications in those industries help to improve productivity, efficiency, and quality. The
technological improvement in sensors, motors, and drives has improved the performance
and efficiency of IRs. Due to advancements in robot system position and trajectory precision,
arc welding has gained popularity over spot welding in various applications.

The technologies involved in robots have become complex and require a lot of feed-
back from the environment for efficient operation and precise control. The reliability of
robots and their associated components is critical for minimum downtime and maximum
production [18]. Robotic system health monitoring, diagnostics, prognostics, and mainte-
nance have received a lot of attention as a result of the high-reliability requirements. The
PHM of advanced robotics setup in industries are crucial for the smooth functioning of
production and serviceable units. An efficient PHM approach for industrial robots and
their rotating machines is the need of the hour [19]. A holistic framework for PHM [20-24]
is shown in Figure 2. It comprises the data collection, data conditioning, fault detection
(FDT), fault diagnosis (FDG), fault prognosis (FP), and decision support in a chronologi-
cal manner [25-28]. The domains of fault detection, diagnosis, and prognosis have been
extensively studied. The focus of this paper will be restricted to these topics.
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Figure 2. Holistic framework of PHM.

PHM is a modern engineering strategy that amalgamates advanced sensing method-
ologies, failure physics, statistical analysis, artificial intelligence (Al), and reliability analysis
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to enable the real-time health monitoring and prognostics of a system’s future state based on
the existing data [27]. PHM refers to a collection of strategies and processes for monitoring,
diagnosing, prognosticating, and maintaining a machine or process [29]. Manufacturing
systems use PHM technologies to reduce unplanned downtime and expenses. PHM aids
engineers in transforming data into interpretable information and assessing health, improv-
ing the system’s understanding. It makes it possible to create strategies for the system’s
efficient and planned operation. Initially, aerospace industries used PHM strategies, but
they have also found applications in several fields, like manufacturing, automobile, and
railways [9-13]. The ability to estimate a system’s remaining useful life (RUL) through
PHM while it is in use makes condition-based maintenance (CBM) possible. It helps de-
velop a maintenance strategy in which only damaged parts are repaired or replaced [30-34].
CBM is a systematic approach that combines hardware and software to continuously as-
sess the equipment performance and deterioration without interfering with the system’s
normal operations [35,36]. CBM uses the actual condition of the equipment as opposed to
system/component breakdowns or planned maintenance. Prognostics is a vital element for
CBM as it enables timely maintenance decisions [37-39]. The concept of preventive mainte-
nance leads to a rise in expenses for many industrial companies, as many components are
replaced before the end of their lifecycle. Therefore, maintenance should be carried out as
needed to ensure a high level of safety and dependability. This is the core concept of CBM,
and PHM is the key technology for realizing it.

At present, diagnostics is conducted with the help of instruments, like sensors, meters,
controllers, and computational devices [40]. These devices are used to obtain signals
from the machine or process for diagnostic purposes. The root causes of failure can
be identified using sophisticated diagnostic approaches [41,42]. The diagnostic task is a
reactive maintenance process that is performed when a fault actually occurs. The standalone
application of diagnostic approaches does not have a significant effect on reducing the
occurrence of downtime and the related expenses. To improve the management of the
maintenance scheduling and production optimization, maintenance should be conducted
in a proactive manner [43]. This can be accomplished by switching maintenance strategies
from typical break-and-repair (diagnostics) to predict-and-avoid (prognostics). The aim of
PHM is to establish and deliver an integrated strategy for viewing the machine’s health to
users. PHM involves both prognostics and diagnostics [44]. By identifying and establishing
the causal connection between cause and effect, diagnostics is the method of discovering
defects and identifying the primary causes of failure. The practice of evaluating and
predicting health, which includes anticipating an impending failure and the remaining
usable life, is known as prognostics [17-19]. Implementing timely and suitable maintenance
actions and making precise logistics decisions based on the diagnostic and prognostic
outputs, available resources, and operational demand are all parts of health management.

With the advancement in sensor technology and computational power, artificial intel-
ligence (Al) has attracted researchers to improving the existing PHM approaches, as well
as developing new methodologies. Different Al algorithms, like support vector machine
(SVM), random forest (RF), k-nearest neighbor (kNN), decision trees (DT), artificial neu-
ral network (ANN), and many more, have been used for fault diagnosis (FD) and fault
prognosis (FP) [44]. FD and FP methodologies using these Al algorithms require suitable
features as input, which requires prior knowledge and expertise of the fault. This creates a
hindrance in developing PHM solutions with generalization capabilities. The availability of
cloud computing, huge data storage capabilities, sensors, communication technologies, and
a complex engineered setup have led to huge data generation and collection [20-22,45-50].
Important details regarding the condition of the system are provided by this data. The
development of multidimensional and heterogeneous data streams has a tremendous im-
pact on the operation of traditional Al methods, like SVM, kNN, RF, and DT [51-53]. More
refined analytical tools and improved approaches are required to efficiently and inherently
harvest the features concealed in actual-time measured systems.
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Over the last decade, deep learning (DL) has attracted researchers from different
domains like biomedical, image recognition, natural language processing, and voice recog-
nition systems worldwide, owing to its excellent properties [23-28]. A deep learning
algorithm has immense potential. Deep networks are used to spontaneously manage
extremely non-linear and sophisticated feature extraction from unprocessed information,
eliminating the necessity for manual feature development [54-60]. DL can spontaneously
discover hierarchical features from enormous and multidimensional industrial data, mak-
ing it a viable tool for the PHM solution [61-64]. Lee et al. [65] have proposed a fault
detection approach for the robotic servo-motor under varying working conditions. Rauf
et al. [66] have proposed a transfer learning-based DL approach for fault detection in
the industrial robotic system. Zhou et al. [67] have proposed a harmonic reducer fault
diagnosis using the deep learning-based model. Adam et al. [68] developed a multiple fault
diagnosis approach with the help of a convolutional neural network-based algorithm. Yin
et al. [69] have developed a dual-driven transfer network for fault diagnosis in industrial
robots. Figure 3 shows the various ways in which PHM strategies can be developed. The
task of feature extraction and selection is primarily emphasized in traditional data-driven
techniques. It is heavily reliant on signal processing techniques and human knowledge.
These approaches require numerous adjustments when working with big volumes of data
and do not operate in real time. DL models are capable of automatically discovering
and removing pertinent features from unprocessed data. By doing so, manual feature
engineering—which can be time-consuming and prone to mistakes in fault detection tasks—
is no longer necessary. DL models have the capacity to immediately learn intricate patterns
and representations from the data, improving defect detection. DL models can effectively
handle complicated datasets. They have the capacity to learn from a variety of data sources
and identify subtle patterns that conventional approaches can find challenging. DL models
can handle complex fault patterns and nonlinear interactions. The nonlinear behaviors of
many industrial systems can be difficult to model using conventional techniques. End-to-
end learning, where the model learns directly from the input data to the output predictions,
is made possible by DL models. As a result, manual intervention at crucial points in the
pipeline for fault detection is no longer required. In a nutshell, DL provides an end-to-end
framework and facilitates a unified PHM system.
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Figure 3. Various PHM methods with Physics/math models, ML-based model, and DL-based models.

Most current review articles are component- (or system-)specific, and do not reflect
the advancement in DL-based strategies. This is a burgeoning field, and several studies
are being conducted to develop more refined approaches and improved strategies. Many
advanced methods are emerging each month, and there is a need to review the latest trends
and PHM strategies. Few papers have reviewed the DL-based PHM strategies for rotating
components of the IRs. This paper examines the PHM strategies based on the DL-based
approaches for industrial robots and their rotating machinery. Section 2 discusses faults
and failures in industrial robots and their rotating components. Section 3 illustrates the
PHM methodologies, together with the conventional PHM cycle, and details the PHM
performance metrics and DL-based PHM. Section 4 presents a brief description of the
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various DL algorithms. Section 5 presents a detailed study of the existing DL framework-
based PHM for the rotating machinery of the IRs. Section 6 briefly discusses the PHM
strategies with DL applications and future possibilities. Finally, Section 7 concludes the
work.

2. Industrial Robot Configuration and Faults

Industrial robots are complex and require continuous monitoring for optimum per-
formance and minimum downtime. A robot is described by the International Standards
Organisation (ISO 8373) as a machine that has automatic control, reprogramming, and
manipulation capabilities [70]. This machine is flexible and has numerous configurable
axes. It is made to be used in a variety of industrial applications and can be either stationary
or mobile. An IR is a general-purpose programmable machine that possesses the character-
istics of the human arm. It can be programmed by its computer to move its arm through
sequences of motion to perform some useful tasks. It can perform a similar motion over
and over until it is reprogrammed to perform other functions. Many industrial operations
involve robots working together with other equipment. The main features of the robot
include:

e A robot can produce a job with consistent quality at a steady state with practically
zero rework and wastage.

e  Robots can work continuously throughout the work cycle with proper maintenance
solutions.

e Robots” upkeeping cost is increasing at a lower price in comparison to the labor
maintenance cost every year.
The capital cost for the robot is paid once only.
Robots can take up repeated tasks and challenging jobs even in an unsafe and un-
healthy environment.

e  Robots can work precisely at higher speeds and can exert larger force than in humanly
possible.

IR comprises different components, like robotic arms, body, arm, actuators, rotate
vector reducers, sensors, end-effectors, switches, gears, and linkages. There can be nu-
merous faults in a robotics system due to its complex nature. Figure 4 shows a block
diagram of the robot system. Three essential parts make up a robotic system: the power
sources, the computer used to manage the robot, and the robot’s mechanical framework.
All necessary pneumatic, hydraulic, and electro-mechanical components are included in
the robot’s mechanical design. This includes electrical actuators, which are motors used for
rotational operations, as well as non-electric actuators that utilize hydraulic or pneumatic
systems, or both. These components collectively enable the robot to carry out its intended
functions. The robot has many internal sensors, which are mainly used for measuring the
rotary positions of the motor shafts, gears to reduce the speed between the motors and
the joints, switches, and relays for creating selected operations. These motions will have
to be performed when certain conditions are met. The robot has an end effector, such as
a tool or a gripper. The entire mechanical structure is interfaced with the robot control
computer. The robotic system’s computer comes equipped with a variety of software
applications required for the structure of the robot to function. These software packages
incorporate coordinated transformation software, which makes it easier for the robot’s
movements to be seamlessly coordinated. To control the actuators’ speed and location,
control software is also present. Additionally, the computer has interfaces for teaching
and learning particular tasks, enabling users to guide the robot successfully. Additionally,
it includes safety precautions to guard against any potential harm to the robot structure,
thus creating a safe working environment. Figure 5 shows a pictorial view of the IR, while
Figure 6 depicts the faults in the reducers of the IR. Figure 5 demonstrates the six degrees
of freedom (DOF) IR. The six DOF means that the 6-axis of the IR can move independently.
There are several types of IRs, which include the non-servo robot, servo robot, programable
robot, and computer programmable robot. A non-servo robot is typically used for moving
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objects, like picking up an object and transporting it to another place. The manipulators
and effectors—robotic appendages that serve as the robot’s arms and hands and provide it
enhanced flexibility and greater movement—enable the servo robots to perform a range of
tasks. A programmable IR can execute the repeating task a certain number of times based
on fed programs. A servo robot that can be programmed by a computer and controlled
remotely is known as a computer-programmable robot. Also, IRs have many structural

configurations that suit several applications in the industry.
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Figure 4. Block diagram of IR system.
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Figure 5. Industrial robot with 6 degrees-of-freedom [48].
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Figure 6. Faults in the industrial robots (a) Faulty reducer, and (b) Faulty Aged reducer [48].

It is vital to detect faults in a timely manner, and research on the PHM of the robotic
system could be vital for efficient FDT. Faults, soft failures, and hard failures are the
three types of faults that can be found. A fault is a systemic issue, such as a defect, an
inaccurate signal value, or a poor decision. A fault may cause the degradation of the
system’s performance and can lead to failure [71]. Faults in the system can cause the system
to wear out faster. The system may nevertheless be able to achieve the desired productivity
and output product quality. A soft failure is characterized by deterioration, ‘wear and tear’,
and exterior variations, which result in system damage. A soft failure occurs when a system
continues to function, but its performance begins to deteriorate. In the case of a soft failure,
the system’s productivity decreases, and it is unable to meet the required objective. With
time, its productivity decreases and its performance worsens, and ultimately decreases to
a point below the required standards. A hard failure can be referred to as a breakdown
of the component/equipment of the system, which leads to a pause in the functioning
of the system [71]. Under such conditions, the manufacturing process is compromised,
and cannot meet the required demand. The whole process completely shuts down. The
system’s PHM should be capable of detecting both soft and hard failures. PHM should
be designed in such a way that it can detect failures early enough to prevent significant
breakdowns. The majority of PHM solutions are centered on component monitoring and
failure. There is a necessity for system-level monitoring, which will be applied to track
the source of the failure to the point of genesis, or wherever it may have originated, by
monitoring the health of the components, as well as the system.

The rotating components of the IR are crucial as well as being vulnerable to the faults.
The rotating components, such as the motors, gears, and reducers, are also vulnerable
to faults. The PHM of these rotating components could significantly reduce downtime
and help in scheduling maintenance. The faults in the rotating components include faults
in the gearboxes, centrifugal pumps, motors, alternators, and many more. The faults in
the rotating machinery can include bearing defects, rotor defects, eccentricity, gear wear,
cavitation, and misalignment [72-74]. Bearing defects can be segregated into outer race
defects, inner race defects, ball defects, and train defects. Eccentricity can be divided into
static, dynamic, and mixed eccentricity. Rotor defects are the major issue in the induction
motors, alternators, and generators. High starting torque and frequency switching are the
major causes of rotor damage in the motors [75]. The symptoms of the faults can include
high vibration, increased current demand, torque pulsation, and excessive heating [75].
Timely maintenance of the rotating machinery is essential to avoid a complete shutdown.
The PHM of rotating machines is critical in achieving the aim of uninterrupted operations
in industries.
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3. PHM Methodologies

PHM has previously existed in the medical and aerospace fields. PHM involves three
subfields; namely, fault detection, fault diagnosis, and fault prognosis [76]. FDT aims to
detect instances when the machine starts to behave differently from its normal behavior.
It can be treated as a dual categorization job, i.e., to categorize whether the machine is
running well or unwell [77]. Fault diagnosis involves fault identification, fault localization,
and recognition of the severity. The next phase, diagnostics, should be able to pinpoint
what went wrong and should build on the understanding that something went wrong.
The analysis and prediction of the fault diagnosis should be more thorough than that of
FDT. In the fault prognosis, the RUL is estimated. Prognostic models and physics-based
models are typically utilized. The RUL is estimated with the help of the degradation
trajectory [78]. From a practical perspective, the correct RUL estimation is crucial, as an
incorrect estimation will lead to over-maintenance or complete shutdown. An accurate RUL
assessment will help in adequate maintenance scheduling. The PHM solution combines
these three groups to provide an optimized solution to the machine’s maintenance. FDT
application through applying DL can be categorized into two groups: supervised and
unsupervised [79,80]. Supervised learning involves the availability of labelled data in the
training and test dataset. Any DL approach can be chosen depending on the nature and
availability of the data. Fault diagnosis can be viewed from the perspective of Al as a
multi-class classification problem. It entails categorizing the detected fault according to a
particular set of fault type, location, and severity. As the target value is in the actual world,
FP in Al applications may be viewed as a regression problem [81]. The prediction seeks to
create a learning function that could translate the state of the machine to its RUL [82-85].

The variety of the sensors data are used for the PHM of IRs. These sensors data
help in assessing the health of the IRs. Accelerometers, encoders, temperature sensors,
current and voltage sensors, vision systems, and force/torque sensors are a few of the
frequently utilized sensors. The vibration sensor data have been significantly used for the
PHM of IRs. The joints and actuators of the robot are measured in terms of their position,
velocity, and direction using encoders. The system can find differences between the actual
position and the expected position, which may point to faults with the robot’s mobility
or control system. Robotic joints, motors, electronics, and other parts are all monitored
for their temperature using temperature sensors. Overheating or other potential defects
can be indicated by sudden temperature fluctuations or by exceeding the predetermined
thresholds. The electrical parameters of the robot’s motors and actuators are monitored
using current and voltage sensors. Variations in the current or voltage levels may be a sign
of electrical problems, such as overloading, short circuits, or other issues. The forces and
torques applied by the robot during its interactions with the environment are measured by
force and torque sensors. These sensors can identify anomalies, such as sudden contact
forces or high torques, which could be signs of an impending collision or malfunction.
Robotic vision systems are used to keep an eye on its surroundings. These systems include
cameras and image processing software. The system can discover possible issues through
their ability to spot visual irregularities such as erroneous part arrangement, missing
objects, or variations from the typical visual patterns.

For a long time, vibration-based analysis has been widely utilized for prognos-
tics due to its superior capabilities, and many applications still employ this traditional
method [37-40]. The vibration data have been widely used for developing a PHM strategy
in rotating machines. It is one of the PHM topics that has been the subject of the most
research. Other techniques, like acoustic emission, temperature analysis, and ultrasonic,
are also widely used. Processing is conducted on the sensor data and is amalgamated using
the sensor fusion techniques, owing to their innate advantages [86-90]. Model-based, data-
driven, and hybrid prognostic techniques are the three types of prognostic technologies
currently available [91].

A model is created and simulated for the healthy and fault states in a typical model-
based process. The assessment of the developed model under the system’s many functional
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modes is used to approximate the system’s remaining useful life (RUL). This is created
by combining the time-averaged model probability and the weighted predictions from
each mode. The reliability of many models is under scrutiny, and if it is unavailable,
data-driven techniques are utilized to estimate the RUL. This is generally accomplished
by visualizing the developing fault’s trajectory and the time it takes to obtain to the preset
threshold value. The two famous fault prediction tools are the Kalman filter and the
Alpha-Beta—Gamma tracking filter, which are often used in aerospace PHM and many
other fields [43—47,92]. In hybrid approaches, both model-based techniques and data-
driven methods are amalgamated and used for fault prognosis and diagnosis [93-97]. The
traditional method of PHM is based on analytical models that draw on physical principles
and subject-matter expertise. Systems with well-understood physics and well-defined
failure mechanisms may respond well to this strategy. Analytical models for complex
systems can be difficult and time-consuming to create, and they may not be correct in
the presence of unexpected or unpredictable behavior. Machine learning algorithms that
learn to recognize patterns in the data provide the foundation of the DL approach to PHM.
This method can be used to analyze complicated systems with a wide range of failure
modes as it is not constrained by the requirement to comprehend the underlying physics of
the system. Deep learning algorithms are more resistant to unforeseen or unpredictable
behavior because they may learn to adapt to changes in the system.

An efficient PHM strategy should detect incipient faults, diagnose faults, and estimate
the RUL of the component or sub-elements. Both products and processes can benefit from
PHM. The focus of product PHM is on a physical object. Monitoring a robot arm is an
example of product PHM. In comparison to process PHM, product PHM is more readily
available in the automobile, aerospace, and power generation industries [49-56].

3.1. Conventional PHM Cycle

Prognostics and Health Management comprise multiple tasks to lower the overall
lifecycle cost of the component/system. The PHM strategies involve multiple steps (as
shown in Figure 7), like data collection, feature development, dimensionality reduction,
model development, decision making, and remaining useful life calculation. The data ac-
quisition step involves collecting the data, like the vibration and current temperature, from
multiple sensors, including the accelerometers, acoustic emission sensors, thermometers,
and hall sensors. These data contain information regarding the health of the machine. The
feature extraction step involves the application of signal processing tools, like fast Fourier
transform (FFT), Short-time Fourier transform (STFT), Wavelet packet transform (WPT),
and Hilbert Huang transformation (HHT). The statistical features based on time-domain
signals are kurtosis, root mean square (RMS), skewness, etc., and are used to develop PHM
strategies [98-108]. Also, some of the frequency-domain signatures, like spectral, envelope,
and wavelet packets, are widely employed for PHM strategies [20,57-60]. The feature
selection step involves removing redundant and irrelevant features and is accomplished
by selecting the essential features using filters, wrappers, or embedded methods. Also,
dimensionality-reduction tools, like principal component analysis (PCA), linear discrim-
inant analysis (LDA), and kernel PCA, are used for feature dimensionality reduction, as
well as for retaining rich information about the health of the intact machines [109,110].

The traditional method for anomaly detection includes SVM, Hidden Markov models,
the Bayesian network, and ensemble methods. These methods have been applied efficiently
for the health assessment of different machines [111,112]. PHM involves three tasks:
diagnostics, prognostics, and decision support. Diagnostics is the crucial task following
FDT to understand the system’s health by analyzing the severity level of faults. The
conventional machine learning approaches involve the SVM, kNN, DT, and RF trained
on a labeled dataset for fault identification and classification [111,113,114]. Prognostics
refer to the detection of incipient faults and related RUL for the predictive maintenance
of the system. The data-driven approaches, like ANN, HMM, the Kalman filter, and the
extended Kalman filter, have been utilized for the prognosis [43,67-69]. The PHM strategy’s
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health management system is referred to as decision support, which utilizes the outcome
of the diagnostics and prognostics for making timely, suitable, and logical judgments to
schedule the maintenance or replacement of components [115-121]. To determine the
best maintenance task and time to apply it, mathematical programming, Markov decision
processes, and Reinforcement learning (RL) methods are prominently used [71-73].
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Figure 7. Framework for the conventional PHM.

3.2. PHM Performance Metrics

The performance analysis of the PHM approach determines the system’s reliability.
The complexity of the PHM system requires the appropriate performance metrics, which are
listed in Table 1. These metrics are employed to assess the RUL prediction for prognostics.
The performance metrics offer a thorough examination of how well the PHM techniques
function with DL applications.

Table 1. Performance metrics for PHM evaluation.

Diagnostics Prognostics

Accuracy [122] Mean absolute error [123]

Error rate [122] Root mean square error [124]

Precision [125] Mean absolute percentage error [124]
Sensitivity [126] (p. 202) Prediction horizon [127]

F1-score [126] Convergence [127]

Correlation coefficient [128] Relative accuracy [127]

Area under curve [129] Confidence interval [130]

Detection error trade off [129] Exponential transformed accuracy [131]

3.3. DL-Based PHM

The application of DL in PHM has gained momentum in the last few years. With the
inherent capabilities of DL-based models, the disadvantages of conventional ML-based
models have been seized. The DL algorithms like CNN, RNN, AE, etc., offer automatic
feature development, which significantly improves the model’s performance. The DL-
based model has been efficiently used for FDT, FDG, and FP. All of the major PHM fields
have a universal framework as a result of DL. This can be illustrated by the simple diagram
shown in Figure 8. The application of DL provides an end-to-end learning framework
for PHM. The type of data available and the application domain influence the choice of
the DL model. When there is a scarcity of labeled data, which often happens in practical
problems, FDT requires unsupervised learning. A multi-class classification challenge could
be said to exist in the fault diagnosis scenario. The objective of the DL created for fault
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diagnosis is to map the detected fault to a certain combination of fault type, location, and
severity. A typical DL model will involve the SoftMax layer to the final layer for achieving
the fault diagnosis task. A common choice for the loss function is categorical cross-entropy.
The model is trained based on this loss function. Also, after training a DL model, the
t-SNE method can be used for feature visualization. The prognosis task can be considered
as the regression task. The RUL prediction might be reduced to a normalized range by
the final layer of the DL model, which could be a single neuron with a linear activation
function or sigmoid function. The accurate estimation of the RUL is a grueling task as an
overestimation could lead to unnecessary maintenance and an underestimation could lead
to a complete shutdown of the machine. One of the most important tasks in the prognosis
is penalizing the delayed RUL estimations (i.e., the predicted RUL is higher than the actual
RUL). The input data for the PHM solution for robots and their rotating machinery can
include vibration data, current data, imagery data, temperature data, etc.
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Figure 8. DL-based framework for the PHM including its subfield like fault detection, fault diagnosis,
and fault prognosis for various types of input.

Deep learning framework-based PHM systems often incorporate different deep learn-
ing architectures, including deep Boltzmann machines, autoencoders (AEs), convolutional
neural networks (CNNSs), and recurrent neural networks (RNNs). An in-depth explanation
of how these designs are applied in PHM systems is provided below:

e  Restricted Boltzmann Machines (RBMs): RBMs have a wide range of applications;
their direct use in PHM systems built on deep learning frameworks has been relatively
less common. RBMs, however, can contribute to PHM in many ways. In PHM, RBMs
can be utilized to find anomalies. An RBM can learn the underlying distribution of
the normal behavior by being trained on data from typical operational scenarios [132].
The RBM may assess the reconstruction error or energy of fresh data instances during
the inference stage. Higher reconstruction errors or energies signify abnormalities
or flaws because they deviate from the expected behavior. In PHM systems, RBMs
can be used as a step in the pre-processing pipeline. RBMs are capable of extracting
features from high-dimensional sensor input or learning a compressed representation.
The hidden units of an RBM can be trained on the input data to identify significant
latent characteristics or patterns that can be used as inputs to later models, such as
fault classifiers or prognostics models [133].

e Autoencoders (AEs): Autoencoders are able to pick up on a system or component
equipment’s typical working behavior and recognize abnormalities or departures
from it. Autoencoders identify probable errors or anomalies by highlighting variations
between the original and reconstructed input data [134]. In PHM, AEs can serve as
feature extractors. The encoder portion of an autoencoder can capture meaningful
representations of the sensor data by being trained on a sizable dataset. These rep-
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resentations can then be utilized as inputs for later supervised models, such as fault
classifiers or prognostics models [135]. High-dimensional sensor data can have its
dimensions reduced by AEs, allowing for more effective processing and storage. AEs
preserve important information while simplifying later modelling efforts by lowering
the dimensions of the input they compress into a lower-dimensional latent space [136].

e  Convolutional Neural Networks (CNNs): The capacity of CNNSs to efficiently extract
spatial patterns and features from the sensor data, such as images or time-series
data, makes them a common tool in PHM. CNNs can be used for fault detection or
classification tasks in applications where images or visual data are accessible (such as
thermal imaging or photos from visual inspection) [137]. CNNs develop hierarchical
representations of the images they process, identifying pertinent details and patterns
linked to errors or anomalies [138]. It can be used to analyze spectrogram data, which
displays the frequency content of time-series sensor measurements in signal-based
PHM. In order to perform tasks like fault detection, classification, or regression, CNNs
may extract spatial patterns from spectrograms [139].

e  Recurrent Neural Networks (RNNs): RNNs are made to identify sequential patterns
and temporal dependencies in time-series data. Sequential sensor measurements are
frequently used in PHM applications, making RNNs an excellent choice for this type
of data analysis [140]. RNNs can simulate temporal dependencies in time-series sensor
data, especially those with Long Short-Term Memory (LSTM) or Gated Recurrent Unit
(GRU) variations. Using RNN, it is possible to detect faults and perform diagnostics
and prognostics on sequential data by capturing patterns, long-term dependencies,
and dynamics [141]. In PHM, time-series forecasting tasks can be performed using
RNNSs. RNNs can forecast future sensor readings, remaining usable life (RUL), or
failure probabilities by learning from the existing sensor data, which enables proactive
maintenance planning [142].

4. Overview of Deep Learning Models

Deep learning has gained popularity owing to the availability of high computational
resources. The idea of DL dates back to the 1940s [143], but appears to be a new concept, as
it was relatively unknown for several years before gaining traction, and it was known by
a variety of names prior to being termed “deep learning”. DL developed in three stages:
cybernetics in the 1940s-1960s, connectionism in the 1980s-1990s, and the present revival
under the name DL, which began in 2006 [143]. Deep networks are based on the human
brain’s hierarchical architecture and attempt to learn simple patterns; they transform them
into more abstract representations [144-146]. The generic structure of a feed-forward deep
neural network (DNN) contains an input layer, numerous hidden layers, and an output
layer. When multi-layer perceptron (MLP) obtains the input data, the output is generated
along with the successive layers of the model in a straightforward manner. The non-linear
activation functions of each hidden/middle layer neuron are given the biased weight sum
of the preceding layer outputs to generate the neuron’s output. The DL model’s hierarchical
design allows for efficient feature learning, which aids in comprehending the underlying
correlations and patterns in enormous amounts of data [147,148]. The following section
briefly describes the available DL algorithms that are applied in the PHM strategies.

4.1. Restricted Boltzmann Machine

The Restricted Boltzmann machine (RBM) is a generative stochastic neural network
framework. It can discover a probability distribution within a collection of inputs. The
RBMs are undirected bipartite graphical models with 7, visible and rn;, hidden units that
allow no intralayer connections and are widely employed as generative models (GMs).
Due to their stochastic processing units, RBMs can learn the original data’s recreated form.
They are generally used as a pre-processor for various frameworks to complete the job in
supervised classification, but can also be utilized as a standalone classifier. Goodfellow
et al. [143] provides a step-by-step strategy for training RBMs. In the coming sections, we
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briefly discuss two generative deep neural network (DNN) models based on the RBM;
namely, the deep belief network (DBN), and deep Boltzmann machines (DBMs). Figure 9
shows the structures of the RBM, DBN, and DBM.

Figure 9. Structure of the RBM, DBN, and DBM (shaded boxes in lavender color represent hidden
units).

4.1.1. Deep Belief Network

The DBN is a deep probabilistic GM constructed by stacking several RBMs, and
consists of several layers of stochastic, latent variables [149]. Hidden units or feature
detectors are terms used to describe latent variables that have binary values. The two layers
at the top are linked by undirected and symmetric connections, which form an associative
memory. The upper layer sends directed links down to the lower layers. The states of the
units produce the data vector in the lowest tier. Links in the lower layers are top-down
directed, whereas the top layers are undirected. An effective layer-by-layer process is
utilized to learn the generative weights. These weights specify the relationship between
the variables in different layers. After learning, a single bottom—up run is performed. It
begins with the help of a detected data vector in the end layer. To determine the values of
the latent variables in each layer, the weights generation process is reversed. The nets of
DBN perform one layer of learning at a time when inferring the data. This is conducted
by employing the latent variable values of one layer as the training data for the coming
layer. It can also be amalgamated with other learning methods. It can help in fine-tuning all
the weights that will boost the multiplicative or discriminatory operation of the complete
framework.

4.1.2. Deep Boltzmann Machine

The Deep Boltzmann machine is a deep GM with layers that are organized hierarchi-
cally. The DBM is formed by stacking layers of the RBM, such that odd-numbered layer
units and even-numbered layer units are independent. DBM is a totally undirected model,
unlike the deep belief network. The latent variable in a DBM contains numerous layers,
whereas RBMs only have one. Within each layer of a DBM, the variables are mutually
independent and conditioned on the variables of the neighboring levels. The DBM’s energy
function incorporates a weight matrices-based connection between hidden units (latent
variables). A DBM can also be arranged in a bipartite graph. In contrast to a DBN, which
may be taught layer-by-layer, a DBM is trained as a joint model. As a result, DBM training
is more computationally expensive than DBN training.

4.2. Auto-Encoder

An auto-encoder (AE) is an efficient neural network model that employs an unsuper-
vised learning method for learning efficient data coding in an unsupervised way. It is made
up of two parts: an encoder and a decoder. The encoder is utilized to encode the input, and
in some cases, to compress the data. Each layer of the encoder has a decreasing number of
hidden units. It allows only the most significant and representative attributes to be mined
from the data. The decoding part of the framework is the second component. Each layer of
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the decoder has an increasing number of hidden units, and the decoder tries reconstructing
the original input using the encoded data. Consider the encoder, which uses a non-linear
mapping to turn the input i into a hidden representation e, and given by [143,150]:

e=¢(Wxi+D) (1)

where, ¢ denotes a non-linear activation function (AF). SoftMax, relu, tanh, sigmoid, and
other activation functions are often employed. In the same way, the decoder maps the
hidden representation as follows [143]:

d=¢(W xi+b) )

In addition to traditional auto-encoders and sparse auto-encoders, there are a few
altered variations available, such as denoising AE, contractive AE, and variational AE.
Vincent et al. have suggested that a denoising AE can be used as training criteria to
learn and extract the essential features, which can yield an efficient high-level feature
from the input [151]. An explicit regularizer is introduced to the objective function of a
contractive AE, forcing the model to grasp an encoding that is resilient to minor input value
fluctuations. The variational auto-encoder is a type of generative model that is classified as
an auto-encoder because of its architectural similarity to the basic auto-encoders [152]. The
deep auto-encoders offer many advantages, like [143]:

e  Deep AE facilitates the reduction in the computational power required for the repre-

sentation of some functions.
e Deep AE facilitates the reduction in the computational training data required for

learning some functions.

AEs are trainable in an unsupervised way. The stacked denoising AE (SDA) can offer
an efficient pre-training solution. The model is trained by instantiating the weights of a
DNN. When the SDA has been trained layer-by-layer, the auto-encoders’ parameters can
be used to initialize all of the DNN’s layers. Then, on the labelled training data, supervised
fine-tuning is used to reduce the prediction error. To map the output of the final layers to
the targets, a SoftMax layer is typically placed on top of the AE-based structure; Figure 10
illustrates this step. The pretraining method using SDA improves the convergence speed
of the DNN models compared to the random weight initialization. Training of the DNN
includes issues like vanishing/exploding gradient problems. This is due to the commonly
used nonlinear activation functions (tanh or sigmoid). As a result, auto-encoder-provided
unsupervised training is valuable and effective.
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Unsupervised Layer-wise Pretraining — Supervised Fine-tuning

Figure 10. Framework for unsupervised pre-training and supervised fine-tuning of stacked denoising
auto-encoder based DNN model.
4.3. Convolutional Neural Network

The visual cortex of the human brain is the inspiration for the convolutional neural
network (CNN), which was first proposed by LeCun [153] for image processing. The
CNN has found its application in multiple domains, including image segregation, speech
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recognition, object recognition, and many more. The CNNs are analogous to traditional
ANNs as they also consist of neurons that self-optimize through learning. Like ANN, CNN
is also composed of multiple layers, including an input layer, hidden layer, and output
layer. In the CNN, the layers performing convolution operations are the hidden layers.
The CNN is mainly composed of the convolutional layers (CLs), pooling layers (PLs), and
fully-connected layers (FCLs) [126]. Figure 11 gives a simple architecture of CNN. The
details of these layers are given below:

CL: This is the core component of a CNN. The majority of the computation occurs in
this block only. The input to this layer is the tensor with shape (number of images) x
(image height) x (image width) x (input channels). The name convolution comes
from the mathematical operation, termed ‘convolution’, in this layer. Convolution is a
linear operation in a CNN that performs a weight multiplication with the input. The
CNNs have traditionally been designed for 2-D inputs, with multiplication occurring
between a 2-D array of input data and a 2-D array of weights, also known as a kernel or
filter. The size of the kernel is a fraction of the input data. Between the filter-sized input
matrix and the filter, the dot product is utilized, which is then summed to provide a
single value. The tiny-sized filter allows the input array to multiply the same filter
(set of weights) several times at various points on the input. The filter is convoluted
all over the input data’s portion/segment/patch. This is conducted left-to-right and
top-to-bottom. The multiplication of the filter and input yields a single value. The
input filtering is characterized as a 2-D array of output values obtained by repeatedly
applying the filter to the input array. Consequently, a 2-D array obtained through
this operation is referred to as a “feature map”. The values in the feature map are
passed through a non-linearity, such as a Rectified Linear Unit (ReLu), once it has been
developed [143]. It can be explained mathematically in the following way:

G[m,n] = (fxh)[m,n] = Z;h[j,k]f[mfj,nfk] 3)
)

where f denotes the input array, i denotes the kernel, j and k denote the input matrix
size, and m and n represent the row and column indices of the resultant matrix.
PL: The PL performs the down-sampling operation, typically applied after a con-
volution layer. This helps in achieving spatial invariance. It prevents overfitting
by aggressively lowering the spatial dimension of the network’s representation to
decrease the quantum of the parameters and calculations. As it computes a constant
input function, it introduces no parameters. In general, max and average pooling are
often used in the analysis. Each pooling operation in the max pooling scheme selects
the current view’s maximum value. Similarly, each pooling action in average pooling
averages the current view’s value.
FCL: Similar to conventional neural networks, the FCL neurons are fully connected to
the preceding layer. Consequently, a matrix multiplication followed by a bias offset
can be utilized to calculate their activations.
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Figure 11. Framework of CNN model.
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4.4. Recurrent Neural Network

A recurrent neural network (RNN) is an Al algorithm that performs efficiently on the
time series or sequential data. A RNN is well-suited for a variety of problems, like language
transformation, natural language processing, voice recognition, and picture captioning.
It has found applications in famous applications, like Siri and Google translator. The
RNNs, like feedforward and CNNSs, learn from training input. They are distinguished by
their “memory”, which enables them to alter the present action and output by employing
information from previous inputs. The RNN differs from other DL algorithms in that
its output is reliant on the preceding elements of the input sequence. RNNs use the
backpropagation through time (BPTT) technique, which is fundamentally different from
traditional backpropagation because it is tailored to sequence data in order to determine
the gradients. Traditional backpropagation employs the same concepts as BPTT, wherein
the model self-trains by computing the errors from its output to its input layer. These
computations allow for the precise modification and adjustment of the model’s parameters.
BPTT varies from conventional techniques in that errors are accumulated at each time step,
whereas feedforward networks do not need to accumulate total errors [143]. This is because
feedforward networks do not share parameters between layers. Figure 12 shows the basic
structure of a RNN.

Recurrent Neural Network Recurrent Neural Network
(Unidirectional) (Bidirectional)

Figure 12. Framework of RNN model.

5. Deep Learning for the PHM of Rotating Machinery of Industrial Robots

This section discusses the existing deep learning framework-based PHM of the rotating
machinery of IRs. The existing deep learning frameworks for PHM are discussed in the
following sections.

5.1. Deep Belief Network for PHM

The DBN is among the most popular algorithms in the domain of PHM. It is among
the first models employed for the PHM strategy. Dash et al. [154] (p. 20) developed a
DBN-based probabilistic generative model to detect robotic manipulator failure. Failures
have been identified at every position and instance of robotic manipulators using the
DBN-based model. Elsewhere, Chen and Li proposed a DBN-based model that utilizes
the features extracted with the help of auto-encoders from the vibration data for bearing
FDT [155]. Ren et al. propounded a FDT methodology using DBN models [156]. The DBN
model was trained on historical datasets and applied to real-time measurement data to
generate outputs. These outputs and measurements were used to extract residuals, and
based on the adaptive threshold for the residuals, faults were detected in the complex
system. Xing et al. proposed an invariant DBN model for gear-FDG with the help of
raw vibration data [157]. The propounded fault diagnosis model learned the distributed-
invariant features directly, utilizing the raw vibration data, and performed the FDG. Jiao
and Zheng proposed a combination of the DBN-based model and wavelet transformation
of the vibration signals for the fault diagnosis of industrial robots [158]. The vibration
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signal was denoised, decomposed, and reconstructed using the wavelet transformation.
The normalized eigenvector was developed and used to input the DBN-based model.
Elsewhere, Ji et al. proposed a methodology for the FDG of the reducers of industrial
robots with the help of the deep-level probability-directed graph DBN model [159]. Shao
et al. proposed a FDG technique using a DBN-based model for the motors used in the
manufacturing process [160]. The DBN model comprises the stacked RBMs (as shown in
Figure 13) and is trained with the help of a layer-by-layer pre-training method. This model
assesses the motor’s health by automatically learning aspects from the sensor data. Most of
these methods still require hand-crafted features and efficient signal processing techniques.
These dependencies restrict the model’s performance. The training of DBN-based models
is cumbersome, and tracking the loss function is challenging. It also limits the provision of
end-to-end learning solutions for fault diagnosis and prognosis.
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Figure 13. DBN-based framework for fault diagnosis of the induction motor used in manufacturing
process [160].

5.2. Deep Boltzmann Machine for PHM

The Deep Boltzmann machines are powerful DL models that conduct the interpre-
tation and training process in cooperation with the bottom-up and top—down directions.
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This helps improve the representation of the input features. Despite being a powerful
deep learning model, limited works are related to the DBM-based PHM strategies. Else-
where, Hu et al. proposed a FDG approach for industrial fault diagnosis that included the
DBM and multi-grained scanning forest ensemble [161]. Deng et al. proposed a bearing
FDG employing the DBM-based FDG paradigm [162]. The time and frequency domain
features were retrieved and fed into the DBM-based model as input. Li et al. used the
Gaussian—-Bernoulli DBM for high-level feature development using the vibration data
in three modalities [163]. Figure 14 illustrates the design of the purported framework,
and three distinct modalities were fed to the Gaussian-Bernoulli DBM for gearbox FDG.
A SVM classifier was utilized to fuse the representative features and perform the fault
classification. This approach has been verified on both spur and helical gearboxes. Wang
et al. purported the Gaussian—-Bernoulli DBM for compressor health management in smart
manufacturing [164]. The DBM Gaussian neurons were used to pre-process the vibration
signals for health management, and the created model was able to infer the complicated
features from the input sequence. Hyperparameter optimization was carried out using the
Particle Swarm Optimizer algorithm. Also, a tailored Liu-Storey conjugate gradient algo-
rithm was used to improve the convergence rate. The application of DBM-based models
requires intensive computation, and conducting a weight update is challenging. However,
DBM-based models also have advantages, like efficient learning of complex representations
and good uncertainty propagation. Mitrevski and Ploger [165] have proposed robot fault
detection and diagnosis using the DBM-based model.
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Figure 14. Gaussian-Bernoulli DBM framework for fault diagnosis [166].

5.3. Auto-Encoder for PHM

Auto-encoders are very popular in the PHM field, and have been extensively used
by researchers for FDG and FP. Hong et al. presented a FDG approach for multi-joint
industrial robots using a deep sparse auto-encoder model using an attitude dataset [167].
A test rig was used to help create the dataset, and analysis was performed on the results.
Reference [166] proposed a fault diagnosis approach for the industrial robot using the
sliding-window convolutional variational auto-encoder-based model and multivariate time
series data. Figure 15 shows the framework of this approach, where the input data is x(t
with a time-step of ¢, and the model output is the reconstruction probabilities of each point
in the sliding window. Xiao et al. propounded a denoising AE-based model using acoustic
signals for fault diagnosis [168]. Elsewhere, Yun et al. proposed a fault diagnosis approach
for the robot arm using the stacked auto-encoder (SAE)-based FDT framework [169]. Two
stethoscopes were used for sound data acquisition, and feature extraction was performed
using the STFT spectrogram. The auto-encoder model was trained and tested using these
features. Sun et al. developed a FDT approach for induction motors using a sparse AE for
the feature learning from the vibration signals [170]. Partial corruption was added using
the denoising coding and fed into the SAE-based model for feature learning. These features
have been fed to the neural network classifier for fault identification and classification.
In another work, Li et al. proposed an intelligent FDG using a fully connected AE for
bearing FDG [171]. The proposed model imposed a lifespan sparseness on the encoded
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features, and the soft polling method was applied to boost the accuracy and stability. Also,
a dataset was developed by adding Gaussian noise, and the performance was evaluated to
validate the performance in a noisy environment. Sohaib et al. developed an approach for
the FDG approach for rotary machine bearings with the SAE model [172]. The complex
envelope spectrum aided in making the frequency component more distinct in the signal
and facilitated efficient feature extraction from the given input signals. Also, automatic
feature extraction helped in tackling the problems associated with manual feature extraction
and selection. AE-based approaches require a dedicated classifier for fault diagnosis. These
approaches require a high computational cost, and selecting the specific features for the
fault diagnosis is challenging. However, AE-based techniques also offer advantages, like
flexible architecture, dimensionality reduction, and no requirement for labeled data.
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Figure 15. Convolutional variational auto-encoder framework for fault diagnosis in industrial
robots [163].

5.4. Convolutional Neural Network for PHM

The CNN is efficiently used in PHM due to its excellent automatic feature learning
capabilities and segregation capabilities. Chen et al. developed a CNN-based FDG model
for the heavy-duty industrial robot system [173]. A FDT model was designed with a
series combination of spectrum calculation fault diagnosis networks. Elsewhere, Kim et al.
suggested a FDG methodology for industrial robot servo systems utilizing multiple sensor
signals as an input to the one-dimensional CNN model [174]. Figure 16 shows the frame-
work, and it is comprised of one plain convolutional block, three stacked residual blocks
with a skip connection, a global average pooling (GAP) layer, and two fully connected
layers. Also, the model was validated on the Case Western Reserve University (CWRU)
data and the IMS bearing database of the University of Cincinnati. Yang et al. developed
a FDT technique for the rotating vector reducer for industrial robots using a CNN-based
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model [175]. Meanwhile, Ma et al. [176] suggested a FDT methodology for the industrial
robot by employing the one-dimensional CNN and data improvisation through random
sampling and mix-up data augmentation. The dataset includes the torque, speed, position,
and current data of the robot. Li et al. proposed a multi-axis IR FDG approach using the
multi-label one-dimensional CNN [177]. Elsewhere, Liu at al. proposed a dilated CNN
model for the cross-axial industrial robotics FDG [178]. The sliding window and key feature
extraction method pre-processed the input data. These data are fed to the dilated CNN
model for feature mining, and the self-attention network is used for its feature attention
capability. Lu et al. propounded a dual-module attentive CNN for industrial robot fault
diagnosis [179]. Two parallel CNN models with different attentions were capitalized for
feature learning, and the features were fused for efficient fault diagnosis. In another work,
Janssens et al. proposed a CNN-based technique for different types of bearing faults and
rotor imbalances [180]. The CNN-based FDT approach helped eradicate the need for man-
ually engineered features like the ball pass frequencies of the raceway, kurtosis, RMS, and
variance. It demonstrated that a CNN-based feature learning system outperforms classic
feature-engineered techniques. Plakias et al. developed an attentive dense CNN fault diag-
nosis technique for bearings [181]. The attentive deep CNN model considers the temporal
coherence of the data, which helps to improve the feature learning. Cheng et al. developed
a FDT technique for rotating machinery using the CNN model and continuous wavelet
transformation [182]. The proposed model used a local binary convolutional layer for faster
training and to avoid overfitting issue. The model was tested on the bearing faults and
gearbox compound FDG. Guo et al. developed a CNN-based FDT approach for rotating
machinery employing the continuous wavelet transformation of vibration signals [183].
Also, the model was tested on different pieces of rotor equipment for validation of the
proposed methodology. Liang et al. purported an intelligent FDT approach for rotating
machinery using the combination of the wavelet transformation, generative adversarial
nets, and CNN [184]. The wavelet transformation was used to obtain the time—frequency
image characteristics from the one-dimensional raw signals. Generative adversarial nets
were employed to develop the training images, and the CNN model was used for FDT.
Li et al. propounded a FDG approach for rotating machinery with the amalgamation
of the DBN and one-dimensional CNN [185]. The DBN was created by combining the
three RBMs for high-dimensional data feature abstraction and dimensionality reduction.
For FDG, these low-dimensional features are loaded into a one-dimensional CNN model.
To evaluate the effectiveness of the model, the proposed approach was applied to two
experimental datasets. These CNN-based methods facilitate efficient feature extraction and
safeguard spatial information. Also, the performance of these models relies on parameter
initialization and lacks global feature extraction capabilities.
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Figure 16. Residual CNN framework for fault diagnosis in industrial robots [174].
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5.5. Recurrent Neural Network for PHM

The RNN provides the inherent advantage of retaining the temporal information of
the time—series data. This property of the RNN is advantageous for PHM as it retains
the information throughout the training. The RNN can recall temporal dependencies and
understand the failure’s dynamic comportment. Vanilla RNNs (basic RNNs), on the other
hand, are unable to learn long-term temporal dependencies due to the vanishing/exploding
gradient problem. Gradient clipping is a technique that uses a threshold value to restrict
the magnitude of a gradient. Various gating strategies have been proposed to deal with the
vanishing gradient. Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) are
the two most well-known RNN versions for dealing with these problems. For example, An
et al. developed a bearing FDT method with the help of an RNN-based FDT model [186].
Figure 17 shows a framework of the propounded model and training strategy. The input
network extends the dimensions of the input, LSTM cells have been used for the recurrent
framework, and hidden inputs are used as an input to the two-layer network. Also, the
physical interpretation of the network learning was given with the help of the maximum
mean discrepancy and t-SNE [187]. Zhang et al. developed an RNN-based FDT model for
rotating machinery [188]. GRU is used to extract temporal information from the time—-series
data and to learn the relevant attributes from the produced images. Finally, MLP is used to
implement FDT. Liu et al. propounded a FDT method for the rolling element bearing using
the recurrent neural network [189]. The reconstruction error between the output data and
the following period data was utilized to detect and categorize different fault kinds after
the vibration signals were employed as an input to the GRU-based denoising AE-based
model. Elsewhere, Jaing et al. developed a bearing FDT method using the deep RNN
model [190]. The frequency signals are used to construct the input data without the manual
feature development, and the adopted DL strategy was applied for the training process.
Qiao et al. suggested a FDT model through the combination of the CNN and LSTM for
bearing fault diagnosis [191]. The spatial sequence characteristics were extracted from
the input signal by the model’s convolution and LSTM layers, and the final classification
was performed by the dense layers. Also, the model was substantiated on the public
domain data sets of the CWRU. Meanwhile, Oh et al. proposed a bearing fault diagnosis
of the rotating machinery using the combination of a denoising AE and a multi-scale
convolution RNN [192]. The denoising AE is used to pre-process the data, and the multi-
scale convolution RNN is applied to categorize the bearing defects. Li et al. [193] proposed
a mobile robot bearing FD using the DWT and LSTM models. The vibration signals were
decomposed into six frequency bands for the bearing FD task. Zhi et al. [194] developed
a FD model for harmonic reducers, which is a key component of IRs. A combination of
the CNN and LSTM has been employed for the FD using the wavelet regional correlation
threshold denoising algorithm. Wang et al. [195] proposed a FD method for the motor
drive system of IRs, where the CNN has been used for the feature extraction and LSTM for
the prediction of the system’s health. RNN-based approaches are among the most efficient
methods for RUL estimation. The RNN is well suited to time-series data and sequential
data. The conventional RNN structure often suffers from the vanishing gradient problem.
However, a modified version of the RNN, like LSTM, helps solve the vanishing gradient
problem. The training time of these models requires a long duration, and the structures are
often complex. Generally, these models do not support parallel computing. Overall, a few
DL-based PHM strategies have been encapsulated in Table 2.
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Figure 17. Illustration of (a) RNN framework for fault diagnosis in bearings, and (b) training

methodology [186].

Table 2. PHM Methods with DL-based strategies.

PHM Methods Based on Deep Learning Methods

Reference Dataset Datatype Model Accuracy
Sohaib et al. [196] CWRU bearing data Vibration SAE-DNN 99.5%
CWRU and Xi’an Jiaotong
Xu et al. [197] University (XJTU-SY) Vibration Wavelet 99.4%
etak versty © Transform-CNN =
bearing data
KAT bearing dataset by
Hoang and Kang et al. [198] Paderborn University, Current CNN 99.47%
Germany
Lietal. [199] CWRU Vibration CNN-LSTM 99.74%
Gear Box Vibration DBM 99.94%
Chen et al. [200] Gear Box Vibration SAE 99.55%
Fault Gear Box Vibration DBN 98.73%
diagnosis oo Cyclic Spectral 0
Chen et al. [201] CWRU Vibration Coherence-CNN 98.93%
Verstraete et al. [202] CWRU Vibration 2D-CNN 99.9%
Liu et al. [203] Test setup with motorand vy 450 STFT-SAE 97.84%
faulty bearings
Bidirectional-
Shi et al. [204] UNSW planetary test rig Vibration convolutional 95.83%
LSTM
Ravikumar et al. [205] ;221;22113 with IC engine Vibration Stacked LSTM 94.33%
Chen et al. [173] IR system Current Improved CNN 99.59%
Long et al. [206] IR system Attitude data SAE-SVM 96.74%
Kamat et al. [207] PRONOSTIA bearings Vibration AE-LSTM 90%
dataset
PRONOSTIA bearings o Spatiotemporal- o
Wang et al. [208] dataset Vibration 3DCNN 98.25%
Fault Ding et al. [209] NASA IMS dataset Vibration Deep CNN 0.0052 (RMSE)
PTOBNOSIS 14 ot al. [210] Test setup with milling oy LSTM 0.0950 (RMSE)
machine
Macroscopic-
Qin et al. [211] Test setup with gear Vibration microscopic 0.142 (NRMSE)
attention LSTM
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6. Discussion, Challenges and Future Aspects of PHM

Prognostics and Health Management using DL has proved to be a fast-growing
field, with a lot of studies being conducted on it worldwide. It has brought significant
improvement and has proven to be a key technology to improve system reliability. A good
PHM strategy provides strong economic benefits, minimum downtime, and maximum
productivity. The main objective that the PHM system must accomplish, depending on
the applications, poses challenges for their requirements. The most obvious ones are
accuracy and precision. It needs to be quantified with the set of performance indicators
and evaluated against their decision-making. In certain instances, incredibly superior
accuracy and precision are essential to making a confident decision. Such a decision may
include stopping a system in case of a warning of FDT, replacement of the component
upon FDG, and delaying or predicting planned maintenance based on the RUL estimations.
High levels of precision and accuracy might not be necessary in some circumstances,
and they might conflict with other goals. In some circumstances, the decision-making
in the crucial applications of the IR systems depends on the transparency, explicability,
and interpretability of the PHM models. PHM solutions offer a practical and intelligent
approach to condition-based maintenance and preventive maintenance, but they also
have some security flaws. The PHM's technological foundation is made up of numerous
devices and different communication protocols. There is always an issue of data integrity,
data privacy, and substantiation. These issues are required to be properly addressed to
ensure the robustness and efficiency of the PHM solution. Inaccurate PHM models, data
availability issues, limited knowledge of the machine’s current state, randomness in the
machine’s future usage profile, and unreliable sensor data values are some issues that arise
when using PHM in real-world applications. Also, it is crucial to understand the feasibility
of the different sensor signals and signal analysis used for the PHM of IRs. This has been
included in Table 3 to demonstrate the signals used, along with the signal processing tools
and their pertinency.

Moreover, the characteristics of the rotating machinery in IRs and traditional rotating
machinery can differ in a number of ways. Some of the differences are given below:

e  Dimension and scale: Compared to conventional rotating machinery, IRs often possess
smaller, more compact rotating machinery. Traditional rotating machinery can be
substantially larger in size and have higher power ratings, such as large-scale industrial
machinery or power generation turbines. Industrial robots, on the other hand, need
smaller motors and systems to carry out their specialized tasks quickly and accurately.

e  Operating Speed and Precision: Due to the high-speed, precise tasks that IRs are
built for, their rotating machinery must operate with outstanding speed and control
precision. These robots frequently carry out actions that require the quick acceleration
and deceleration of the rotating components.

e  Duty Cycle and Constant Operation: IRs frequently work in cycles or sequences,
carrying out particular tasks intermittently with brief spikes in activity. Their rotating
equipment must be able to resist repeated start-stop cycles and adjust to different load
scenarios. Turbines used in power generation or other types of conventional rotating
machinery frequently run continuously for long periods of time without undergoing
repeated start-stop cycles.

e  Maintenance and Serviceability: The frequent and demanding actions of industrial
robots necessitate frequent maintenance and service. These robots’ rotating machin-
ery needs to be built with access points for inspections, lubrication, and component
replacement in mind. Depending on their individual applications, traditional rotat-
ing machinery may have distinct maintenance needs that necessitate more involved
maintenance processes and extended downtime intervals.
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Table 3. Signals and signals processing applicable to the PHM of IRs with their applicability.

Article Signal Signal Processing Feasibility
Singular spectrum analysis (SSA)
[212] Encoder Hllbe.zr.t transform (HT) - E.asy availability of signal
Empirical mode decomposition  Simple to apply
HT (EMDHT)
. . Signal easily accessible with sensors
[213] Vibration Wavelet transform (WT) Highly feasible
[214] Vibration ~ WT Signal easily accessible with sensors
Easy to apply
. Easily accessible
Acoustic Signal interpretation is cumbersome
[215] Emission WT & p .
(AE) High background noise
Generalization is difficult
Non-intrusive approach
[216] Current WT Highly feasible
Multi-resolution analysis
Multi-resolution analysis
[217] Vibration Discrete WT Localization of Fault Signatures
Noise Suppression
Time-Frequency Localization
Continuous Frequency Coverage
[218] Vibration ~ Continuous WT Adaptability to Signal Variability
Improved Accuracy in Transient
Detection
Simple applicability
[48] Current Statistical analysis Efficient feature development
Feature selection needs expertise
Non-invasive approach
[56] Current Discrete WT Early fault detection
Real-time monitoring
Multi-resolution analysis
[219] Vibration Discrete WT Localization of Fault Signatures
Efficient feature extraction
Short-time Fourier Transform Time-Frequency localization
[69] Vibration (STFT) Simplicity and Computational
Wavelet decomposition Efficiency
STFT Boety ot dcteriion
[220] Current Wavelet packet decomposition ol -
(WPD) Wide applicability
Cost effective
Multi-resolution analysis
[221] Vibration Discrete WT Localization of Fault Signatures
Interpretability
Efficient Frequency Resolution
[222] Vibration STFT Interpretability
Fast computation
Efficient Frequency Resolution
[169] Vibration STFT Noise suppression

Easy to implement

Deep learning has brought significant improvements to the PHM approaches by learn-
ing complex representations of the data. The capability of DL frameworks to automatically
extract and learn features provides an edge over the conventional machine learning models.
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Despite multiple advantages, DL-based PHM still has a long way to go. The DL algorithms,
like RBM, DBN, DBM, AE, CNN, and RNN, have brought significant improvements to the
PHM strategies. Table 4 compares the different DL algorithms. The algorithms are chosen
based on the type and availability of the data. Only a small amount of research work is
available for the PHM strategies with DL applications for industrial robots. However, many
PHM strategies with DL applications for rotating machinery are available. In recent years,
researchers worldwide have used DL algorithms for FDT, FDG, and FP. The DL algorithms
have challenges associated with them too. Many improvements are needed for industrial
acceptance of the PHM strategies with DL algorithms, and questions need to be answered.
Here are some of the important aspects of the DL-based PHM strategies:

Data insufficiency: In the real-time environment, the unavailability of a large amount
of data is the major hurdle that restricts the application of PHM strategies with DL
algorithms. It is well-known that DL algorithms require a substantial volume of
data, and that the availability of large volumes of data is not feasible. Some of the
established DL frameworks, like VGG16, VGG19, ResNe-50, and InceptionResNet-v2,
have used millions of images for training [223-225]. However, in a real-time context,
such a massive amount of data is not feasible. Researchers have used techniques
like data augmentation to increase the training samples in the training datasets by
developing synthetic data. Basic data augmentation methods like window cropping,
wrapping, and flipping can be applied to time-series data to create a variety of data
structures [226]. Generic algorithms are also frequently used to create new data that is
similar to the original data. In some cases, new GMs are used to construct the linked
time-series data, keeping the temporal dependency of the original data. Researchers
have also looked into the concept of transfer learning to address the data insufficiency
problem for FDG and FP [227,228]. Many new innovations are coming, and they will
aid in improving the PHM strategies with DL applications.

Data quality: The performance of any artificial intelligence-based model relies heavily
on the data quality. The success and efficiency of DL-based PHM strategies depend
heavily on data quality. The availability of cloud computing, the industrial internet of
things, and intelligent sensors have aided in collecting an enormous amount of data.
However, the growing volume of data brings included noises and disturbances. Also,
the ambient and operating conditions affect the quality of the data. In industrial data,
there are the problems of data duplicity, unlabeled data, imbalanced data, and many
more. These concerns have not been addressed thoroughly in most of the available
research works. Also, the majority of solutions focus on a minimally imbalanced
scenario, ignoring the problems associated with the substantially under-represented
instances, which are common in real-world industrial workplaces. Furthermore, real-
world data is generally unstructured, multi-modal, and diverse, making the model far
more challenging. More attention is required in the future for developing a generic
deep model that can work on diverse data without sacrificing the training efficiency.

Data pre-processing: This is among the most crucial components of an Al-based
model’s effective performance. It is crucial for both machine learning and DL models.
The model’s success is mainly reliant on the condition of the input data. Pre-processing
includes data normalization, the removal of data duplicity, and standardization. It also
includes tackling incomplete data problems, outliers and missing values, and labeling
data. In certain cases, signal processing tools, like FFT, STFT, wavelet transformation,
and Hilbert-Huang transformation, are also used to process the input signals. In the
future, research will be required to build a standardized approach for pre-processing
data prior to their input to the Al-based model.

Model selection and explainability: The appropriate DL framework selection is one
of the vital steps for the development of an efficient PHM strategy. There are many
DL algorithms, and choosing the appropriate model based on the available data is
critical. Most of the available PHM strategies have been based on the models that
require handcrafted features. These models are prone to errors and lack generalization
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capabilities. The application of DL algorithms has helped to resolve the problems
associated with the handcrafted features. However, setting up the hyper-parameters of
the DL-based model is itself a big challenge. There are only a few papers that deal with
setting up the DL models and their hyper-parameters” optimization. There is a need to
develop a strategy that would allow the autonomous optimization of models and their
hyper-parameters as per the given input data. This can be investigated in the future.
Despite the good performance of DL models for PHM strategies, the acceptance of
such an approach has a lot of roadblocks. The DL models are like black box models
and lack interpretability. The decision-making part of PHM is heavily dependent on
the DL models. However, only a few papers have dealt with the interpretability and
explainability of DL models for PHM [126]. There is a need to develop a PHM strategy
with DL applications, but with transparency, interpretability, and explainability.

Table 4. Pros and cons of DL-based PHM.

Algorithms Pros Cons
Global feature extraction possible Training is cumbersome
BEE\IS 0] Supports dimensionality reduction Tracking loss function is difficult
Can work on less data Parameters optimization is difficult
DBM Can learn internal representation Weight update is difficult
[161,163] Robust to ambiguous inputs Slow training
CNN Excellent feature extraction properties ~Cannot obtain global features
[36,96,98,115] Cannot interpret time dimension

Supports multiple dimension data

information

Auto-encoder

Unsupervised learning

Requirement of dedicated classifier
for fault diagnosis

No label data requirement

High data requirement

Difficult to determine the importance

[166,168] Supports dimensionality reduction of data
Supports flexible framework Selecting specific features not possible
Availability of multiple forms No interpretability
Performs well on sequence problem  Slow training speed

RNN Capitalizes the time dimension of

[109,111-113]

input data

No parallel computing

Supports unlimited input length data

Problem of vanishing gradient

The application of PHM to IRs offers several challenges. It can be more difficult

compared to applying it to the other rotating machines or components. Some of the
challenges pertaining to the PHM of IRs are listed below:

Industrial Robots” Complexity: IRs are sophisticated systems with numerous vulnera-
ble parts. This makes it challenging to gather and examine the data that might be used
to anticipate problems.

Dynamic Operating Conditions: IRs are frequently utilized in a range of settings
with various operating circumstances. Because of this, creating PHM models that can
correctly forecast failures under all operating circumstances can be challenging.

Lack of Sufficient Training Data: For the development of reliable FDT and prediction
models, it can be difficult to obtain enough labelled training data. In IR systems,
labelled data collection can be time-consuming and expensive for different fault sce-
narios. Furthermore, gathering data for uncommon or catastrophic failure situations
might be very difficult.
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Adaptability and Generalization: Systems for IRs might differ greatly in terms of their
models, configurations, and working environments. PHM systems must be flexible
and able to be generalized to various robot kinds and settings. To achieve dependable
and scalable PHM, it is challenging to create models and algorithms that can adjust to
differences in robot systems, including changes in the load, operational conditions, or
task requirements.

Deep learning algorithms in PHM systems built on the DL framework have a number

of possibilities for development. The following are some ideas for potential enhancements:

Model Architectures: The performance can be enhanced by investigating and creating
new model architectures designed specifically for PHM workloads. This entails
creating deep neural networks with specialized layers, such as recurrent or attention
processes that can efficiently capture temporal dependencies and persistent patterns
in the sensor input. In order to capture complicated interactions in multi-modal or
graph-structured data, architectural innovations like transformer models or graph
neural networks can also be researched.

Uncertainty Quantification: DL models often lack the ability to provide reliable un-
certainty estimates, which is crucial for decision-making in PHM systems. Model
uncertainty can be better understood and characterized by including uncertainty
quantification approaches, like Bayesian deep learning or Monte Carlo dropout. As a
result, it will be easier to spot circumstances when the model’s predictions may not be
as accurate and make the appropriate decisions.

Robustness to Adversarial Attacks: Small changes in the input data can cause inaccu-
rate predictions or misclassification in deep learning models, making them vulnerable
to adversarial attacks. To increase the resilience of deep learning models in PHM
systems, adversarial robustness strategies might be investigated, such as adversarial
training or input regularization. With the help of these methods, models should be
more resistant to adversarial examples and perform consistently, even when there are
subtle attacks or data abnormalities present.

PHM is a promising technology that has the potential to increase the dependability

and uptime of industrial robots despite these difficulties. The technology is anticipated
to become more accessible and less expensive as it advances. As a result, PHM will be
a more appealing option for more producers. IR prognostics and health management
is a developing field with a number of promising future developments. Future PHM
capabilities for industrial robots include the following;:

Real-time Monitoring and Adaptive Control: Future PHM systems for IRs will place a
strong emphasis on real-time monitoring and adaptive control techniques. Continuous
assessment of the robot’s health is made possible via real-time monitoring, allowing
for the quick identification and remediation of any potential problems. In response to
recognized flaws or degradation, adaptive control approaches can modify the robot’s
operational settings or control algorithms, improving the performance and lowering
the likelihood of failure.

Human-Robot Collaboration and Safety: Collaboration between people and robots in
shared workspaces will rise in the future of industrial robotics, as will safety concerns.
The safety and wellbeing of human operators will be greatly enhanced by PHM
systems. PHM systems can initiate safety routines, such as reducing the robot speed,
changing the motion trajectories, or shutting down the robot in critical conditions, by
monitoring the robot’s health and identifying probable defects. For the creation of
secure and effective human-robot collaborative environments, this PHM feature will
be crucial.

Predictive Maintenance and Spare Parts Management: Predictive maintenance and
improved spare parts management are the future directions for PHM systems for
IRs. These systems can calculate the remaining useful life of crucial components and
schedule maintenance procedures appropriately by utilizing predictive models and
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real-time monitoring. This method ensures that IR systems operate well by minimizing
unplanned downtime, lowering the maintenance costs, and optimizing the spare parts
inventory.

e Cloud Computing and Remote Monitoring: The use of cloud computing and remote
monitoring tools will make it possible to centrally monitor and analyze a number
of IRs spread out across several places. Distributed robot data can be gathered and
analyzed via cloud-based PHM platforms, enabling benchmarking, trend-tracking,
and comparison analysis. Experts can remotely monitor and help with IR system
troubleshooting thanks to remote access and diagnostics, which promote proactive
maintenance and support.

e  Big Data Analytics and Deep Learning: IR sensor data is becoming more widely avail-
able, creating new opportunities for using big data analytics and DL methods. Large
amounts of sensor data can be analyzed to find patterns and anomalies that improve
issue identification and diagnosis. On the basis of the previous data, DL algorithms
can be trained to create predictive models that can foretell errors or performance
declines in the future. PHM systems for IRs may be more accurate and reliable when
using this data-driven approach.

7. Conclusions

This paper has presented a review of the PHM strategies with different deep learning
algorithms. The application of different DL algorithms, like RBM, DBN, DBM, AE, CNN,
and RNN, in PHM for the rotating machines of industrial robots has been discussed,
along with the brief theoretical aspects of the algorithms. DL algorithms have significantly
improved the performance of the PHM strategies. However, the industrial application of
such approaches requires further improvement in terms of the high data requirements,
required computational power, and model optimization. The optimization of deep models
is a difficult task and involves significant improvements to be made. With the availability
of an enormous volume of data with intelligent sensors, cloud computing, and IloT, PHM
with DL algorithms for industrial robots and its rotating machinery is undergoing a huge
boost. PHM for industrial robots has a very bright future. The following possibilities could
arise as technology advances:

e  More Accurate and Reliable Predictions: DL algorithms will grow more potent and
sophisticated, enabling us to make forecasts regarding the health of industrial robots
that are more dependable and accurate. Less unplanned outages and downtime will
result from this, which will increase productivity and save organizations money.

e Improved Decision-making: PHM systems will provide industries with better data
concerning the condition of their robots, enabling them to choose more wisely between
maintenance and repairs; operations will become more effective and efficient as a
result.

e  Earlier Detection of Failures: Early failure detection using PHM systems will provide
companies more time to take corrective action. Catastrophic failures, which can be
expensive and harmful, will be less likely as a result.

Moreover, there is also a need to develop an effective, transparent, interpretable, and
explainable PHM approach with DL applications for the rotating machinery of industrial
robots.
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Abstract: Thermal power plants (TPPs) are critical to supplying energy to society, and ensuring their
safe and efficient operation is a top priority. To minimize maintenance shutdowns and costs, modern
TPPs have adopted advanced fault detection and diagnosis (FDD) techniques. These FDD approaches
can be divided into three main categories: model-based, data-driven-based, and statistical-based
methods. Despite the practical limitations of model-based methods, a multitude of data-driven and
statistical techniques have been developed to monitor key equipment in TPPs. The main contribution
of this paper is a systematic review of advanced FDD methods that addresses a literature gap by
providing a comprehensive comparison and analysis of these techniques. The review discusses the
most relevant FDD strategies, including model-based, data-driven, and statistical-based approaches,
and their applications in enhancing the efficiency and reliability of TPPs. Our review highlights the
novel and innovative aspects of these techniques and emphasizes their significance in sustainable
energy development and the long-term viability of thermal power generation. This review further
explores the recent advancements in intelligent FDD techniques for boilers and turbines in TPPs.
It also discusses real-world applications, and analyzes the limitations and challenges of current
approaches. The paper highlights the need for further research and development in this field, and
outlines potential future directions to improve the safety, efficiency, and reliability of intelligent TPPs.
Overall, this review provides valuable insights into the current state-of-the-art in FDD techniques for
TPPs, and serves as a guide for future research and development.

Keywords: thermal power plant; fault detection and diagnosis (FDD); boiler tube leakage; turbine;
data-driven method; model-based method; and signal-based methods
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1. Introduction

TPPs continue to play a crucial role in the generation of electricity globally, with
83% of the world’s electricity production being generated from fossil fuels, 12.6% from
renewable sources, and 6.3% from nuclear energy, as per the British Petroleum Statistical
Review of World Energy 2021 [1]. Despite the increasing popularity of renewable energy,
thermal power generation remains essential in supporting the variable output of renew-
ables, and maintaining energy security. As the demand for electricity continues to grow,
TPP equipment is becoming larger and more complex, which in the event of a fault can
pose challenges. Quickly diagnosing and repairing faults can be difficult, due to a lack of
information and manpower, leading to prolonged downtime and increased production
losses [2]. A previous literature survey shows that identifying faults in boilers and turbines
is a time-consuming process that often requires expert experience and technical support
from the original manufacturer [3]. To address these challenges, the use of FDD techniques
in TPPs has been proposed as a solution. The implementation of these techniques has
the potential to improve the safety, efficiency, and reliability of TPP operations, ultimately
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reducing downtime and production losses. FDD techniques help to quickly and accurately
detect and diagnose faults, reducing the time needed to repair equipment, and minimizing
the impact on production [4]. In addition to the boiler and turbine sections, other sections
in thermal power plants can experience faults. For instance, scaling and fouling can occur
in the cooling system of thermal power plants, leading to reduced heat transfer efficiency
and negatively impacting overall plant performance [5-7]. The generator and electrical
equipment may also be prone to faults, such as insulation breakdown, voltage instability,
and rotor winding issues [8]. Additionally, the fuel system may also have potential faults,
including fuel quality issues such as high moisture content or impurities that can cause
combustion problems and damage to the combustion chamber or exhaust system [9]. The
emission control system may also experience faults, such as a malfunctioning scrubber
or catalytic converter, leading to violations of environmental regulations and affecting
the overall efficiency of the power plant [10]. Although the majority of the literature on
fault detection and diagnosis in thermal power plants focuses on the boiler and turbine
sections, it is crucial to consider potential faults in other areas. Addressing these faults can
improve efficiency and reliability, reduce maintenance costs, and ensure compliance with
environmental regulations.

FDD is an important process that is used to identify and isolate faults in a system. This
process starts with the detection of faults, followed by isolation to determine the location
of the fault, and then identification, which involves calculation of the fault’s time-variant
characteristics. The FDD methods can be divided into three categories: model-based meth-
ods [11,12], data-driven methods [13], and statistical methods [14]. Model-based methods
are efficient solutions for simple fault detection problems. However, they can be challeng-
ing to apply to complex industrial processes. In such cases, data-driven approaches and
statistical methods have become popular. These methods involve the use of machine learn-
ing algorithms [15], ANN [16], and multivariate statistical techniques, such as PCA [17].
The concept of e-maintenance [18,19], also known as condition-based maintenance, has
recently been introduced. This system uses advanced FDD methods to identify faults
in TPPs. These methods use real-time data from advanced data acquisition systems to
detect and diagnose faults. TPPs are equipped with various acoustic emissions [20,21]
and process monitoring sensors [22], which generate a large amount of data. These data
can be used for performance monitoring and intelligent FDD by learning from the stored
historical data. Boiler tube leakage and turbine failures are the major equipment faults in
TPPs [23,24]. According to a survey conducted from 2013 to 2017 [22,25], boiler tube leaks
were the most common cause of failure in TPPs, constituting 54% of the total power plant
outages. Among these leaks, water wall tube leakage was the dominant type, followed by
the second superheater, first reheater, and first superheater, as shown in Figure 1. The cost
of repairing these leaks can range from USD 2 to 10 million per leak [26]. Therefore, the
implementation of intelligent FDD methods is essential for TPPs to ensure safe and reliable
equipment operation and to reduce maintenance costs.

In recent years, Al and machine learning have gained prominence as effective tools
for fault detection and diagnosis (FDD) in thermal power plants. They offer a signifi-
cant advantage in handling and processing large amounts of data from various sources,
such as sensors and control systems [27,28]. By analyzing and interpreting these data in
real-time, Al algorithms can identify potential faults, providing valuable insights into the
performance of the power plant. Machine learning algorithms can continuously learn
and adapt to new data, improving their accuracy and effectiveness over time. These al-
gorithms can be applied to various FDD techniques, including model-based, data-driven,
and statistical-based approaches. For example, in model-based approaches, Al algorithms
can develop more accurate and robust models of the thermal power plant to detect and
diagnose faults [29]. Similarly, in data-driven approaches, Al algorithms can analyze histor-
ical data to identify patterns and anomalies that may indicate potential faults in the power
plant [30]. However, challenges exist in implementing Al and machine learning for FDD in
thermal power plants. There is a need for large amounts of high-quality data to train the
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algorithms effectively, and advanced computing capabilities to handle the computational
complexity of these algorithms. Despite these challenges, several successful applications
of Al and machine learning have been reported, such as Cui et al. [31] who developed a
machine learning system for early fault diagnosis and warning of temperature deviation in
power plant boiler reheater. The system can predict and issue alarms when the deviation
exceeds a certain threshold, thus improving the efficiency and safety of power plants. The
study findings showed that the model can identify the influencing factors of tempera-
ture deviation and provide reference guidance for the operation of power plant boilers.
Dhini et al. [32] developed a fault diagnosis system for steam turbines in thermal power
plants using extreme learning machine-radial basis function networks (ELM-RBF). Tested
with real fault data, the system demonstrated high accuracy and fast computation, with
ELM-RBF being faster than backpropagation neural networks (BPNN) without significant
loss of accuracy. The proposed system can prevent unplanned breakdowns and accu-
rately classify potential faults, improving the efficiency and safety of thermal power plants.
Therefore, the use of Al and machine learning for FDD in thermal power plants holds
great promise for improving the efficiency and reliability of these systems. In addition
to Al-based approaches, recently, new technologies such as IoT, IoE, and smart grids are
gaining increasing attention in sustainable energy development. They have the potential
to significantly improve energy efficiency, reduce carbon emissions, and enable efficient
integration of renewable energy sources into the grid [33-35].

Control valves = Boiler (54%) = BOP (15%)

Turbine vibration problems
Steam turbine problems

Other high pressure turbine problems = Personal Errors (4%) = Others (2%)

Stecam Turbine Steam Turbine (13%) ® Generator (12%)

Other high pressure heater problems

Other BOP problems
Condenser tube leak

Balance of Plant

Main transformer

First superheater

& First rcheater
Boiler .
Second superheater

Cumulative feed forced outages 2013-2017 (hrs/unit-year)

Figure 1. Graph Depicting the Severity of Power Plant Faults and their Resulting Percentage of
Outages [22].

This survey provides a comprehensive overview of the current advancements in FDD
techniques and their practical applications in modern TPPs. The aim of this review is to
bring the challenges faced by TPPs to the attention of the FDD research community, and to
summarize the different FDD approaches and their applications in identifying faults in key
power plant equipment, such as boilers and turbines. The FDD methods are categorized
into three types: model-based methods, data-driven methods, and statistical methods.
The survey focuses on the real-world applications of these methods in detecting faults
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in power plant equipment, and provides a detailed explanation of the principles behind
these approaches, practical examples of their use, and a discussion of future trends and
areas for further development. Based on our review of the literature, there is a clear gap
in the research on the use of intelligent techniques for fault detection and diagnosis in
thermal power plants (TPPs). While there has been significant research on fault detection
and diagnosis in TPPs, particularly on model-based and data-driven approaches, there is a
lack of comprehensive analysis and comparison of these techniques. Our paper addresses
this gap by providing a systematic review of the most relevant FDD strategies, including
model-based, data-driven, and statistical-based approaches, as well as their classifications
and applications in improving the efficiency and reliability of TPPs. By highlighting the
novel and innovative aspects of these techniques, our review emphasizes their importance
in the sustainable development of the energy sector and their potential to ensure the long-
term viability of thermal power generation. Overall, our paper provides valuable insights
into the state-of-the-art in FDD for TPPs and identifies opportunities for further research
and development in this field.

2. TPP Equipment and Common Faults: An Overview

This section presents an overview of the major equipment, critical faults, and their
causes in the TPP.

2.1. Major Equipment in TPPs

The TPPs are facilities that produce electricity by harnessing heat from sources such as
coal, natural gas, oil, and nuclear reactions. These plants include several critical pieces of
equipment that are crucial to the energy generation process, for which equipment includes
boilers, steam turbines, generators, and condensers [36]:

1. Boiler

The boiler is one of the most important pieces of equipment in a TPP, and is respon-
sible for heating the water that will be turned into steam and used to drive the turbine.
Boilers are typically fueled by coal, natural gas, or oil, and can reach temperatures of over
1000 degrees Celsius. The heat generated in the boiler is used to convert water into steam,
which is then transported to the turbine through a series of pipes [37].

2. Steam Turbine

The steam turbine is the next key piece of equipment in a thermal power plant, and
uses the steam generated by the boiler to produce mechanical energy, which is then used to
drive the generator. Turbines come in a variety of sizes and shapes, but the basic principle
behind them all is the same. They work by using steam to spin a rotor, which is connected
to a shaft that drives the generator. The faster the steam flows, the more energy the turbine
can produce [38].

3.  Generator

The generator is the next piece of equipment in the TPP process. It takes the mechanical
energy generated by the turbine, and converts it into electrical energy that can be used to
power homes and businesses. Generators use magnetic fields to produce electrical currents,
which are then fed into the electrical grid to be distributed to users. Generators can range
in size from small units that are used to power individual homes, to large units that can
generate hundreds of megawatts of electricity [39].

4. Condenser

The condenser is a critical component in the operation of a TPP. It is used to cool the
steam produced by the turbine, condensing it back into the water, so that it can be reused in
the boiler. The steam is typically condensed by running it through a series of tubes, which
are surrounded by cool water that is pumped in from a nearby source, such as a river or
lake [40].
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These major pieces of equipment in a TPP play a crucial role in the energy generation
process. From the boiler that heats the water to the turbine that produces mechanical energy,
to the generator that converts that energy into electricity, each of these pieces of equipment
must work together seamlessly to produce the energy that powers homes and businesses.
Additionally, condensers play an important role in maintaining the efficiency of the energy
generation process, helping to prevent damage to the equipment, and keeping the plant
running smoothly. Figure 2 shows a schematic diagram of a coal-fired thermal power plant,
which is a type of power plant that generates electricity by burning coal to produce steam
that drives a turbine connected to a generator. The process begins with the coal being
transported to the plant and fed into a boiler, where it is burned at high temperatures to
produce steam. The steam then flows through a series of pipes and turbines, where it
expands and turns the blades, generating mechanical energy that is then converted into
electrical energy by the generator. After the steam passes through the turbines, it is cooled
and condensed back into water and returned to the boiler to repeat the cycle. The diagram
also includes other essential components of the power plant, such as the cooling tower and
transformer [22].

Transformer ' ; }
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Transmission
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Figure 2. Schematic of the coal-fired TPP representing major equipment [22].

2.2. Common Faults in TPPs

This section summarizes in detail the two major equipment faults (boiler tube leakage
and steam turbine failure) in the TPP.

2.2.1. Steam Turbine Faults

The steam turbine is a critical component in the energy generation process, converting
the energy from steam into mechanical energy that can be used to generate electricity. The
turbine converts high thermal energy from high-pressure vapor at high temperatures into
rotational energy through a series of moving blades. This process involves multiple stages
of energy conversion as the vapor passes through static blades. The rotation of the turbine
rotor, connected to the generator’s axle, ultimately produces electrical energy [41]. Steam
turbine fault detection is an important aspect of maintaining the efficient operation of a
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TPP. Any faults in the steam turbine can result in reduced efficiency, increased downtime,
and potentially catastrophic failure. Several common faults can occur in steam turbines,
which include blade failure, bearing failure, and rotor imbalance [42]. These faults can
cause vibrations and other symptoms that can be detected and monitored using a range of
diagnostic tools and techniques. Figure 3 offers an overview of the different faults that may
occur in steam turbines, which are further explored in the following sections.

Moving blades Nozzles Rotors

* Erosion * Erosion * Rubbing, wear

* Cracking * Deflection * Cracking

* Liftup * Rubbing, scuffing * Vibration

* Rubbing, wear * Cracking *  Bowing

0
STEAM TURBINE FAULTS
|

Casing, Valve Steam pipes System Bearing/shaft
. Deforr_nation e Scale erosion « Actuator fault * Vibration
* Cracking e Deformation * Thermocouple * Rubbing
* Scuffing * Cracking sensor fault *  Wear
* Steam leakage » Imbalance
* Erosion * Misalignment
»  Shaft failure * Looseness
« Bolt failure
* Fouling

Figure 3. Steam turbine fault types and the causes of failures.

1. Unbalancing and misalignment

Unbalance is a frequent cause of vibration in steam turbines, but can be resolved by
proper balancing of the components. Vibrations in overhung and flexible rotors are mainly
radial, i.e., horizontal, vertical, or axial. The magnitude of unbalance is proportional to the
amplitude of vibrations. Misalignment, such as the bearing not being aligned with the shaft,
between bearings, or with the clamping halves, can result in excessive stress on the bearing,
leading to damage due to fatigue. A bent shaft can also cause misalignment. Radial and
axial vibrations are important in determining misalignment, with axial vibration being the
key factor. The three types of misalignment are angular, parallel, and their combination [43].

2. Mechanical looseness

Mechanical looseness can compromise the operation of a steam turbine, affecting its
power production. Regular monitoring can be costly in terms of reducing maintenance
downtime, but if a fault is diagnosed, it offers sufficient notice to prepare for necessary
corrective actions [44].

3.  Actuator Fault

A faulty actuator can impact the turbine controller’s output, causing a slower response
to the required flow rates. A broken spindle can lead to leakage in the overflow valve,
reducing turbine performance [45].
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4. Thermocouple sensors fault

A malfunction in the thermocouple sensor in the steam path of the turbine can result
in gradually increasing or decreasing readings over time [46].

5. Fouling fault

Accumulated deposits in the steam route can cause deviations in the steam velocity,
resulting in pressure drops, reduced turbine capacity and efficiency, and extra rotor thrust.
Uneven fouling can lead to unbalanced rotors and vibration issues. The deposits can cause
nozzles and blades to deviate from their original configuration, and increase the resistance
to the flow of steam [47].

Traditionally, to maintain the efficient operation of a TPP, various methods of fault
detection have been utilized for steam turbines, including the following:

1. Vibration analysis: This involves measuring the vibration levels of the steam turbine
components, and analyzing the data to detect any deviations from the normal op-
erating conditions. Vibration analysis can help identify faults, such as unbalance,
misalignment, or mechanical looseness [48].

2. Thermography: This involves using thermal cameras to measure the temperature of
the steam turbine components and detect any anomalies. Thermography can help to
identify faults, such as a broken spindle or fouling [49].

3. Acoustic monitoring: This involves listening for changes in the sound produced
by the steam turbine, and analyzing the data to detect any deviations from the
normal operating conditions. Acoustic monitoring can help to identify faults, such as
mechanical looseness or bearing damage [50].

4. Oil analysis: This involves testing the lubricating oil for contaminants or other signs
of wear and tear, and analyzing the data to detect any anomalies. Oil analysis can
help identify faults, such as actuator malfunction or a thermocouple sensor fault [51].

2.2.2. Boiler Tube Leakage

Boiler tube leakage in a TPP can be a serious issue, as it can lead to reduced efficiency,
increased downtime, and even catastrophic failure. Boiler tubes, which are used to carry hot
gases from the combustion process to the steam turbine, are subjected to high temperatures
and pressures. Over time, these tubes can become damaged, leading to leakage, and
ultimately reducing the efficiency of the power plant. There are several reasons why
boiler tubes may leak. One common cause is corrosion [52,53], which can occur as a result
of exposure to high temperatures and corrosive chemicals, such as those found in the
combustion gases. Other factors that can lead to boiler tube leakage include mechanical
stress, thermal stress, and improper maintenance [54]. The consequences of boiler tube
leakage can be significant. Leaks can reduce the efficiency of a power plant, as they allow
hot gases to escape, instead of being directed to the steam turbine. This can lead to increased
fuel consumption and decreased output, ultimately affecting the bottom line of the power
plant. Additionally, leaks can cause damage to other components in the system, such as the
steam turbine, increasing the likelihood of unscheduled downtime and repair costs.

The most dominant occurrence of boiler tube leakage lies in the water wall tube
section [55]. Waterwall tubes are a critical component in a TPP, as they are responsible
for containing and directing the flow of hot water and steam. However, water wall tubes
are also subjected to high temperatures and pressures, and over time they can become
damaged and leak. Waterwall tube leakage can have serious consequences, including
reduced efficiency, increased downtime, and even catastrophic failure. There are several
causes of waterwall tube leakage in a TPP. Another common cause of waterwall tube
leakage is thermal stress, which occurs when the tubes are subjected to repeated fluctuations
in temperature. This can cause the tubes to expand and contract, leading to cracking and
eventual failure. In addition to these causes, there are other factors that can contribute to
waterwall tube leakage; these include mechanical fatigue [56], erosion [57], and inadequate
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design. For example, if the waterwall tubes are not properly supported, they may be
subjected to excessive stress and vibrations, leading to cracking and failure.

Yang et al.’s study on coal quality discovered that the high ash content in the coal used
in TPPs leads to corrosion in the water wall tubes. They proposed that proper coal blending
could help to minimize this corrosion [58]. Additionally, Xue et al. analyzed the boiler
water, and found that the presence of NaOH causes corrosion-induced perforations and
leakage in the water wall tubes. To prevent these leakages, it is important for power plant
inspectors to regularly monitor the water quality and perform necessary tests to ensure the
tubes do not leak [59]. Similarly, superheater and reheater tubes in a steam power plant
are constantly exposed to high temperatures and pressures, making them susceptible to
damage and leakage over time. Purbolaksono et al. found localized short-term overheating
to be the main cause of failure in primary superheater tubes [60]. Khalil et al. looked into
the reasons behind failures in both cold and hot reheater tubes, and concluded that poor
maintenance practices and improper feed water chemistry were the main contributing
factors [61]. These findings highlight the importance of proper maintenance and monitoring
to ensure the longevity and reliable operation of superheater and reheater tubes in a
power plant.

Boiler tube leakage in power plants can have serious consequences. Leaks reduce
the efficiency of the plant, as hot water and steam escape, instead of being directed to
the steam turbine. This results in higher fuel consumption, reduced output, and negative
impact on the plant’s financial performance. Furthermore, leaks can cause damage to other
system components, such as the steam turbine, leading to unplanned downtime and costly
repairs. To minimize the risk of tube leakage, it is crucial to conduct regular inspections
and maintenance of the waterwall tubes [62]. This includes checking for signs of corrosion
or damage, replacing damaged tubes, and cleaning to remove corrosive build-up. Proper
operation within design parameters is also important to avoid overloading the system, and
reduce the risk of leakage.

To detect and prevent boiler tube leaks, several traditional fault detection techniques
that are commonly used in TPPs are

1. Ultrasonic Testing: High-frequency sound waves are used to detect faults in the tubes.
The location and size of the leak can be determined by transmitting sound waves
through the tube wall [63].

2. Eddy Current Testing: Magnetic fields are used to detect faults in the tubes. The
location and size of the leak can be determined by inducing an eddy current in the
tube wall [64].

3. Leak Detection Dye: A water-soluble dye is injected into the steam system, and the
location of the dye observed as it leaks out of the tubes. This can provide visual
indication of the location and size of the leak [65].

4. Pressure Testing: The pressure drop in the steam system is measured over time. A
sudden drop in pressure can indicate a leak in the tubes.

5. Thermographic Imaging: Infrared cameras are used to detect changes in temperature
in the tubes. The location and size of the leak can be determined by detecting changes
in temperature [66].

3. FDD Approaches in Intelligent TPPs

The FDD is a crucial process in identifying faults within a system. It involves detect-
ing faults, determining their location, and characterizing them based on size and other
attributes [67]. The two main categories of FDD methods are model-based and model-
free, with the latter further divided into data-driven and statistical methods, as shown in
Figure 4. Model-based FDD [68] involves using a mathematical model to predict normal
system behavior, and comparing it to actual observations to detect and diagnose faults.
However, its implementation can be limited by the requirement of an accurate model,
which can be difficult to obtain [69]. In contrast, data-driven FDD [70] methods identify
correlations between system measurements to detect and diagnose faults. These relation-
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ships are established by training an empirical model using normal, fault-free data, and
evaluating the estimation residuals of new measurements to identify faults. On the other
hand, statistical-based methods compare features extracted from a signal to the desired
normal baseline values to make FDD decisions [71]. Both data-driven and statistical-based
methods have been widely adopted across various industries for FDD purposes.
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Figure 4. Diagram of Various Fault Detection Techniques in Power Plant Systems.

3.1. FDD Approaches for Steam Turbine

In this section, we delve into the application of FDD approaches, including both
model-based methods and model-free methods, in the context of steam turbine TPPs.

3.1.1. Model-Based Fault Detection

Model-based fault detection is a widely used approach to detect and diagnose faults
in steam turbines in TPPs [72]. This approach involves the use of mathematical models to
simulate the behavior of the steam turbine system, and to identify any deviations from
normal operating conditions that may indicate the presence of a fault. The first step in
model-based fault detection is to develop a mathematical model of the steam turbine system
that accurately represents its behavior under normal operating conditions. This model can
be based on physical laws, empirical data, or a combination of both. The model should
include all of the important components and interactions of the steam turbine system, such
as the steam flow rate, temperature, pressure, and power output. Once the model has been
developed, it can be used to monitor the behavior of the steam turbine system in real-time.
The model can be compared to the actual operating data from the steam turbine system,
and any deviations from the model predictions can be used to identify potential faults. For
example, if the model predicts a certain steam flow rate, and the actual steam flow rate is
significantly different, this may indicate the presence of a fault, such as a leak in the steam
flow system.

Similarly, if the model predicts a certain power output, and the actual power output is
significantly lower, this may indicate the presence of a fault, such as an inefficient turbine
blade [73]. Model-based fault detection offers several advantages over other fault detection
approaches. For example, it provides a more comprehensive and accurate view of the
steam turbine system, it can be more sensitive to subtle changes in the system behavior, and
it can be used to diagnose the root cause of faults, which can be useful for maintenance and
repair purposes. In summary, model-based fault detection is a valuable tool for detecting
and diagnosing faults in steam turbines in TPPs. By using mathematical models to simulate
the behavior of the steam turbine system, it provides a more comprehensive and accurate
view of the system, which can be used to identify and diagnose faults, and to improve
the efficiency and reliability of the steam turbine system. Figure 5 illustrates the model-
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based fault detection approaches for thermal power plants. It depicts the types of models,
including non-linear, linearized, LPV, and Fuzzy T-S models, and their corresponding
approaches such as set membership, fault estimation, neural network, and fuzzy inference.
The figure also shows how residual generation and evaluation are used to detect and
diagnose faults in the power plant, thereby improving its efficiency and reliability. The
residual evaluation is carried out using threshold check and feature extraction, along with
Bayesian approaches, which ensures the accurate detection and diagnosis of faults. In
summary, the techniques presented in Figure 5 are critical in enabling prompt corrective
action and ensuring the long-term viability of thermal power generation.
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Figure 5. Illustration of Model-Based Fault Detection TPP Systems.

The application of FDD approaches in steam turbine TPPs has received significant
attention in recent years. Researchers have proposed a variety of model-based approaches
to improve the accuracy of FDD in steam turbines. Table 1 shows the different types of
model-based approaches and the corresponding faults that they can detect and diagnose.
For example, Salashoor et al. combined a support vector machine (SVM) classifier and
an adaptive neuro-fuzzy inference system (ANFIS) classifier to improve the FDD assign-
ments [74]. Another study proposed an FDD system based on the ANFIS technique for
four different faults in steam turbines [75]. The proposed system was tested for its effective-
ness in diagnosing 12 major faults under various noise and data manipulation conditions.
Li et al. presented a Moving Exponential Double-Sided Sensitivity filter (MEDSS filter)
based on the Kalman filter, which enhanced the FDD of the regular sinusoidal synthesis
(SS) method [76]. The effectiveness of the model was validated through simulations and
real-world case studies. Sha et al. proposed an improved Locality-Preserving Projection
(ILPP) scheme using the Riemannian metric for the diagnosis of fouling faults in steam
turbines [77]. The results of this method showed significant improvement, compared to
other existing approaches. Huang et al. proposed a Riemannian algorithm for the fault
detection of valve stiction in steam turbines [78]. The effectiveness of the proposed method
was compared to traditional FDD methods through experiments and simulations. Figure 6
depicts the proposed FDD approach.

Martinez et al. [45] proposed a fault tolerant control (FTC) for the turbine in a TPP,
which was evaluated in a practical case study and dynamic simulator with various scenar-
ios, such as initial stage pressure, superheated pressurized steam, and drum pressure. The
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proposed approach was shown to be applicable to a broad range of situations with strong
nonlinear dynamics [50]. The FTC scheme was also integrated with a data-driven approach,
using ANFIS and SVM classifiers for FDD. The FTC scheme demonstrated effective fault
accommodation and improved steam turbine availability [79]. Zhang et al. presented a
graph model approach to categorize healthy and faulty conditions in the dead zone of
the control valve, with high diagnostic accuracy that can be applied in the real industrial
environment [80]. Another study used a Modified Locality-Preserving Projection (MLPP)
based on the Riemannian approach to overcome limitations in intrinsic feature space for
effective fault diagnosis. A framework for process monitoring was established, and kernel
density estimation was used to approximate confidence bounds. The proposed approach
was tested under various noisy scenarios, with results showing its accuracy [81].

Table 1. Comparison of Model-Based Approaches for Turbine Fault Detection in Power Plant Systems.

Fault Detection Approach

Fault/Consequence

Outcome

Integrated SVM with ANFIS [74]

List of different faults, such as,
fouling, TS, boiler pressure.

The proposed FDD system is primarily
appealing due to the potential advantages of
lowering maintenance costs, increased
productivity, and enhanced steam turbine
accessibility.

ANFIS technique [75]

Various faults: Boiler pressure,
fouling, TS, etc.

The proposed FDD model showed the
generalization capabilities for variable
operating conditions, such as alteration in the
fault behavior over time.

MEDSS model using Kalman filter [76]

Rotor-to-stator rubbing
fault.

The MEDSS filter has demonstrated promise in
detecting distinctive uncontrollable fault
attributes in rotating machines, particularly in
low SNR scenarios.

Kalman filter [82]

Turbine blade fault due to fatigue.

By assessing deterioration severity and
replacement scheduling, overall performance
and reliability prediction can be used to
enhance accessibility and implement
maintenance until failure happens.

ILPP scheme using Riemannian
metric [77]

Fouling fault.

The performance of the proposed approached
is effective, as compared to the other
conventional techniques.

Riemannian algorithm [78]

Valve stiction fault of the steam
turbine.

Applicability of the approach in both single
control loop and cascaded control loop.

FTC approach [45]

Actuator fault.

Applicable to use in broader range of
situations with strong nonlinear dynamics.

FTC approach based on ANFIS [79]

Various faults: actuator fault, TS
fault, fouling, etc.

Applicability of the proposed FTC approach
under various types of steam turbine fault
circumstances.

Graph model approach [80]

Control valve fault

Effectively applicable in the real industrial
environment, enhancing economic advantages
and execution safety.

MLPP based on Riemannian [81]

Blades fouled fault

Applicable under variable operating conditions
(validated using various noisy conditions).

Unsupervised
fuzzy C-means (FCM) algorithm [83]

Misaligned and amplified data

Generalization and capable of working on
unseen data.
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Figure 6. Diagram of the Proposed Riemannian-based Fault Detection Method for Power Plant
Systems [78].

3.1.2. Data-Driven Based Fault Detection

The field of FDD in steam turbines of TPPs has recently seen a shift toward data-
driven approaches. These approaches, known as “knowledge-based FDD”, utilize artificial
intelligence and machine learning algorithms to analyze large amounts of data and detect
potential faults in real-time. Unlike model-based and signal-based FDD, data-driven
approaches do not rely on prior information, and, instead, learn from historical data.
Advances in artificial intelligence and machine learning have made data-driven approaches
a popular research topic in recent years [84]. The use of these techniques results in improved
efficiency, reduced downtime, and increased plant reliability. The data-driven methods
make use of a range of techniques, such as signal processing, machine learning, and data
analytics, to identify deviations from normal behavior that may indicate a fault. One
popular approach is to use machine learning algorithms, such as ANNs and SVMs, to
build a model of the normal behavior of the steam turbine. The model is then used to
compare actual data with expected data, and determine if deviations are significant enough
to indicate a fault. In summary, the use of data-driven techniques in steam turbine FDD
has the potential to greatly improve the reliability and efficiency of TPPs by enabling the
early detection and correction of faults. The continued development and implementation
of these techniques will play a crucial role in the future of the thermal power industry.

There have been several advancements in data-driven techniques for FDD in the steam
turbines of TPPs. In recent years, data-driven approaches have gained popularity due
to the advancements in Al and machine learning. These techniques make use of data
analysis, signal processing, and machine learning algorithms to identify faults in real-time.
By analyzing large amounts of data generated by the plant, data-driven methods can detect
faults early, which can reduce downtime, improve efficiency, and increase plant reliability.

Studies have shown the effectiveness of using data-driven techniques, such as deep
learning, machine learning, supervised and unsupervised learning, and hybrid approaches
for FDD. For example, Salahshoor et al. [75] used adaptive neuro-fuzzy inference classifiers
to identify 12 major faults in a steam turbine. Another study proposed a neural network-
based approach for fault detection in a steam turbine, which involved data collection in
both laboratory and real-world conditions [42]. Figure 7 highlights the application of deep
learning for FDD in steam turbines. The data used in this study were collected in both
laboratory and real-world environments, and underwent a preprocessing stage, which
included segmentation. The model was then trained, followed by the fault diagnosis
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process. This approach is an example of the use of data-driven methods in the field of FDD
in steam turbines [85].
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Figure 7. Illustration of Data-Driven Deep Learning Based FDD Approach for Power Plant
Systems [85].

Table 2 highlights the various knowledge-based data-driven approaches for steam
turbine FDD. Dhini et al. [42] compared the performance of a neural network (NN) classifier
across three different scenarios, with the last two scenarios (with and without PCA) outper-
forming the first scenario, which only used selected process parameters. Chen et al. [86]
evaluated the fault detection performance of a support vector machine (SVM)-based frame-
work, and compared it to linear discriminant analysis (LDA) and backpropagation neural
network (BPN). The study found that the SVM performed better than the other two meth-
ods. In another study [32], a novel extreme learning machine-radial basis function network
(ELMRBF) was proposed for steam turbine FDD, and its efficiency was compared to back-
propagation neural networks (BPNN). Ashraf et al. [87] proposed ANN and SVM models
based on relative vibration modeling for steam turbine shaft bearing FDD, and found that
the ANN model performed better than the SVM model. Que et al. [88] presented a semi-
supervised framework based on GAN and particle filter (PF) for FDD and remaining useful
life (RUL) prediction of steam turbine, and verified its efficiency through real-world exam-
ples. Fang et al. [89] proposed a data-driven approach based on ANNSs for the vibration
FDD of the steam turbine, and found that the features extracted using ANN outperformed
those extracted using empirical mode decomposition (EMD). Wang et al. [90] used a resid-
ual network to diagnose misalignment and imbalance faults in the steam turbine, which
eliminated the limitations of conventional signal processing techniques, and improved
precision and reliability. Helin et al. [91] proposed a compressive approach for steam
turbine FDD, consisting of unsupervised PCA and an NN-based autoencoder.
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Table 2. Comparison of Data-Driven Based FDD Approaches for Steam TPP Systems.

Approach Fault

Outcomes

Various faults, such as misalignment,

Neural network with PCA [42] robot bowing, blade erosion.

Good classification performance under real
industrial applications.

Various faults such as flow, erosion of

SVM based fault classification [86] blade, failure of bearing, etc

The presented work is capable of real
application.

Extreme learning machine-radial Various faults in the turbine, such as case  This study identifies characteristics that have
basis function networks (ELMRBF) cracking, blade cracking, rotor bowing, a significant impact on the given
approach [32] misalignment. specification.
Vibration reduction of the bearing of the
steam turbine’s high-speed shaft can inhibit
ANN and SVM based FDD [87] Bearing fault of the steam turbine downtimes and costly maintenance,
contributing to the machinery’s safe and
constant execution.
Semi-supervised model based on Anomaly detection: generator power is Applicable in the real application, and can be
GAN and PF [88] used as a health indicator (HI) used to determine the HI and RUL.

Feature extraction based on ANN [89] Imbalance and rubbing

The extracted feature outperforms the
conventional feature based on EMD.

Residual network [90] Misalignment and imbalance

This solves the limitations of traditional
techniques, and reduces the
computational cost.

Various approaches, such as
unsupervised, PCA, and NN based Anomaly detection of steam turbine
autoencoder [91]

Long-term data are utilized; hence, the
problem evaluation on big data (two years) is
considered, which effectively detects
anomalies in the steam turbine.

ANN approach [92] Steam turbine bearing fault

Computationally less expensive model, as
compared to previous models.

Deep learning based wide residual

relation network (WRRN) [85] Imbalance, misalignment

It is demonstrated that the WRRN can
reliably detect rotating machine fault types
using small, or even single, samples.

3.1.3. Statistical Method-Based Fault Detection

An effective and efficient way to detect and diagnose faults in steam turbines is

through the implementation of statistical methods. This approach involves the collection
of data from various sources within the turbine, such as vibration sensors, temperature
sensors, and pressure gauges. The data are then processed using statistical techniques, such
as regression analysis, principal component analysis, and clustering algorithms, to identify
patterns and anomalies in the system [93,94]. For example, a sudden increase in vibration
readings from a certain part of the turbine may indicate a problem with a bearing, or a
misaligned rotor. Similarly, elevated temperature readings may indicate a problem with
the cooling system, while changes in pressure readings can indicate a leak in a pipe. By
detecting these faults early on, plant operators can take prompt corrective action to avoid
costly downtime and repairs. Additionally, statistical-based fault detection and diagnosis
can help to identify the root cause of a problem, allowing for targeted repairs and improved
maintenance strategies.

Table 3 shows statistical-based approaches that have recently been used for the FDD of
the steam turbine. Zhao et al. [95] proposed CWT for different fault evaluation of the steam
turbine. The power distribution of the signal in the time and frequency domain can be
easily depicted using a time-frequency contour map. In summary, it provides an effective
method for identifying steam turbine faults involving a breakdown change. Ajami et al. [96]
presented statistical approach based on independent component analysis (ICA) for a real
turbine (model V94.2). As a preliminary step in ICA, the input data undergo whitening
and centering. This process involves transforming the original signals into variables with
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a mean value of zero, and then linearly transforming these centered signals so that they
are uncorrelated, and have unity variance. Figure 8 illustrates the mixing and separation
process of the ICA algorithm.

Mubaraali et al. [97] proposed a statistical approach for the turbine FDD by using the
CWT to remove noise from the signal. The features are extracted using statistic filter (SF)
and Hilbert transform (HT) integrated with moving-peak-hold method (M-PH). Zhang
et al. presented a kernel generalized discriminant analysis (KGDA), where the data are
transformed from the original set to high-dimensional feature space. The statistic length
among normal and test data are then calculated to determine the presence or absence of
a malfunction. If a fault happens, a comparable analysis is used to identify the type of
fault. The results show that the proposed technique can prevent systematic errors and
fault misdiagnosis caused by changes in the operating environment and model insecurity.
Lin et al. [98] proposed grey clustering analysis (GCA) using (FFT) analysis. In summary,
the highest and lowest values of the power spectrum imply a vibration fault at a specific
frequency, and frequency trends are used to diagnose mechanical vibration faults.

Table 3. Comparison of Statistical-based Fault Detection Techniques for steam turbine Power

Plant Systems.
FDD Approach Fault/Signal Type Advantages
Vibration signal with various kinds of
CWT approach [95] faults, such as rubbing, oil whip, The proposed model is effective, and can

looseness, loss of component,
unbalance.

potentially be used in real-world application.

CWT based SF and HT combined with
M-PH [97]

Vibration data, bearing fault.

The proposed method outperforms other
approaches in terms of fault signal extraction
and fault diagnosis of low-speed bearings.

Kernel generalized discriminant
analysis (KGDA) [99]

Vibration data/various kind of fault;
unbalance, misalignment, oil whip,

radial rubbing.

This approach captures the nonlinear
correlation, and proficiently synthesizes
changing information in multiple
process factors.

ICA based statistical approach [96]

Different thermal parameters related
to the flow.

The model can compensate for environmental
and model uncertainty.

GCA analysis based on FFT [98]

Vibration signal.

Ease of implementation, practical application
with high accuracy.

Wavelet spectrum based FDD of
turbine generator [100]

Thermal signal measurement.

The early fault can be detected using the
energy profile based on wavelet spectrum.
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Figure 8. Illustration of the Mixing and Separation Process using ICA Algorithm [96].

3.2. Application of FDD Approaches in Boiler Tube Leakage Detection

In this section, we examine the use of FDD techniques, including both model-based
and model-free approaches, in the context of the boiler in a TPP.

3.2.1. Model-Based Methods

In the area of boiler tube leak detection, various mathematical models have been
widely used [69]. This conventional approach takes into account both the steady and dy-
namic aspects of process variables, making it a suitable solution for various fault diagnosis
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applications. However, in some cases, this method may not provide precise results, as it
can be difficult to establish a valid mathematical model of the process for specific industrial
scenarios. Panday et al. [101] designed a straightforward monitoring tool to detect leaks
in the boiler section of a 300 MW power plant. They compared the amount of feedwater
needed to produce steam under normal and faulty conditions, and established the ratio of
feedwater flow rate to steam flow rate as the key parameter for anomaly detection, since
the available data did not include other indicators used in previous studies, such as water
level, blowdown, or make-up water. To minimize false alarms, they set a threshold for the
difference in slope between the normal and leaky data sets. They also applied an EMA filter
to reduce noise in the raw signals. The results showed that a decrease in economizer outlet
temperature represents a leak, as shown in Figure 9. This tool was created as a simple
and effective solution for real-time leak detection when other critical measurements are
not available.
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Figure 9. Consequence of a Leak: A Graph Showing the Decrease in Economizer Outlet Tempera-
ture [101].

Sun et al. [102] proposed a model-based algorithm that incorporates a time-varying
forgetting factor to identify leaks in boiler steam—water systems [94]. They used system
identification methods to analyze the steam drum, taking into account the material balance
relationship and measuring feedwater flow rate, steam flow rate, pressure change rate, and
drum level. Chen et al. [69] developed a steam boiler leak detection system that uses a
model-based least squares algorithm. The model includes heat and mass balance equations,
and was tested in real-world conditions at Syncrude Canada, demonstrating its ability to
provide early leak warnings. Li et al. [103] put forward the use of the group method of data
handling (GMDH) technique to detect water leakage from interior tubing into steam space
in high-pressure feedwater heaters. However, they pointed out that the GMDH model’s
complexity increases with the number of layers, making the evaluation of all possible
nodes computationally intensive, which could be challenging for practical applications.
Lang et al. [26] developed a leak detection system for generator tubes and heat exchangers
that utilized an input/loss model based on heat and mass balance governing equations to
calculate fuel flow, heating values, and fuel chemistry. The model was implemented at the
Boardman coal plant, and was shown to effectively predict tube leaks. David et al. [104]
introduced a simple model-based algorithm that was developed by creating a mathematical
model of various boiler sub-systems, such as the furnace, boiler tubes, drums, and heat
exchangers. The model’s outputs were obtained by using real-time plant measurement
data during the boiler operation. The fault detection in the model utilized a Kalman filter
algorithm, which estimated all process variables at the input and output side of the boiler.
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The residuals, generated by measuring the difference between the estimated and measured
values, were used to determine if there was a fault in the boiler. If the residual value
exceeded the threshold, it indicated a fault in the boiler. Table 4 compares the model-based
fault detection techniques for boiler water wall tube leakage detection.

Table 4. Comparison of Model-based Fault Detection Techniques for Boiler water wall tube
leakage detection.

FDD Approach Fault Advantages

Exponential Moving average filter and
Kalman Filter [101]

The proposed technique was simple, and can

E izer tube leak detection. . .
conormizer ¢ leakage detection be extended to other sections of the boiler.

Provided a simple and effective solution
Least square algorithm [69,102,103] Complete boiler. based on heat and mass balance
relationships.

Simple and effective methods based on heat

GMDH Model [103] High-pressure feed water heater. mass balance relationships,

Ease of implementation in real power plant,
Input/loss method [26] Generator tubes and heat ex-changers. and effective in predicting tube leaks.
Kalman filter algorithm [104] Complete Subsystems of the boiler. Practical application with high accuracy.

3.2.2. Data-Driven-Based Methods

Recently, data-driven-based methods [86] are increasingly being used to detect and
diagnose faults in TPPs, including boiler tube leakage. This approach incorporates the
expertise and experience of operators in the industrial process, and can be used to support
the analytical method. For example, techniques such as expert systems [105], wavelet
analysis [106], pattern recognition, and ANNs (ANNs) have been used in the development
of knowledge-based methods for fault detection. Data-driven FDD systems use machine
learning algorithms to analyze data from sensors and other sources to identify patterns and
anomalies that indicate a fault. These systems can be trained to recognize specific faults,
such as boiler tube leakage, by learning from historical data, and can also be updated over
time to improve accuracy. One example of a data-driven-based FDD system for boiler tube
leakage is the use of predictive maintenance. This involves using Al-based algorithms
to analyze data from sensors, such as temperature and pressure sensors, to predict when
a fault is likely to occur [86]. This allows maintenance crews to proactively address the
fault before it causes a significant problem, reducing downtime and costs. The process
control data can provide sufficient information for effective tube leakage detection [107].
Rostek et al. [108] proposed a method for detecting and predicting tube leaks in fluidized
bed boilers using an ANN. However, the use of ANNSs requires a large amount of data for
accurate predictions during the training phase, and obtaining comprehensive data sets,
particularly from commercial units, can be difficult due to proprietary restrictions. These
limitations may negatively impact the prediction capabilities of the ANN model. In their
study, the team trained their neural networks on a five-year data set, and found promising
results in early leak detection, leak prediction, and coarse fault isolation through the use of
an ANN model. Figure 10 shows the design of the developed multilayer perceptron ANN.

Sohaib et al. [20] used wavelet packet analysis and deep neural networks to detect
leaks in boiler tubes. The proposed method extracted salient features from acoustic sig-
nals, resulting in a high classification accuracy of 99.2%. Afgan et al. [105] applied an
expert system to detect boiler tube leaks, using radiation heat flux measurements and
a three-dimensional mathematical model of the furnace. The results of the case studies
showed that the system was effective in detecting small leaks. Khalid et al. [15] proposed a
machine learning-based waterwall tube leak detection algorithm. The approach consisted
of two steps. Firstly, the most effective sensors were selected through correlation analysis.
Secondly, various machine learning algorithms were applied to determine the accuracy
of the proposed algorithm. The results showed that optimal sensor selection improved
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the accuracy of the machine learning classification. Ramezani et al. [109] developed a
bidirectional long short-term memory recurrent neural network to detect tube leaks in
power plant boilers. The system identifies abnormal acoustic signals that deviate from
the reference or normal data it was trained on. The network was trained using data from
a sample boiler, and was tested on the same boiler to determine its ability to detect leak
presence. The results of the test indicate that this novel approach can accurately detect
anomalies in signal levels, which indicate tube defects, with an acceptable level of accu-
racy. Table 5 compares various data-driven fault detection algorithms for detecting boiler

tube leaks.

Figure 10. Representation of a developed Multilayer Perceptron Structure [108].

Table 5. Comparison of Different Data-Driven Algorithms for Boiler Tube Leak Detection.

Approach

Fault

Outcomes

ANN [42]

Various faults, including 12 faults of
fluidized bed boiler.

Real world industrial applicability.

Expert system [105]

Waterwall tube leakage.

High accuracy using radiation heat flux
measurements and three-dimensional
model of furnace.

LSTM-based Model [109]

Various subsystems of the boiler.

High performance of the proposed model
utilizing acoustic emission signals.

Machine learning-based optimal sensor
selection algorithm [15]

Waterwall tube leakage detection.

Developed algorithm showed higher
performance and ease of implementation
in real power plant.

Deep neural network [20]

For all boiler tubes components.

High classification accuracy and
applicable for practical implementation.

Multiplayer back propagation neural
network [110]

Boiler burner system.

Used data mining technology to develop
intelligent alarm.

3.2.3. Statistical Analysis Method

For many years, statistical methods have proven to be an effective tool in fault diag-
nosis applications. These methods include limit checking, frequency analysis, and data
characteristic analysis, among others. Currently, one of the most popular signal processing-
based algorithms for process monitoring is PCA [111]. PCA is widely used in process
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monitoring, as it reduces the dimension of the process variables. Yu et al. [112] proposed a
novel method for detecting and identifying plugged tubes in the final superheater (FSH)
tube banks. The method uses PCA for plugging detection and identification, and was
applied to temperature data collected from an FSH tube bank in an 870 MW power plant.
The results showed that the method was successful in detecting and identifying tube
plugging and prevented severe failures by avoiding overheating. Figure 11 shows K-type
thermocouples installed by banding on the FSH outlet header section to measure tube
temperatures. These thermocouples are commonly used for temperature measurement
due to their simplicity, cost-effectiveness, fast response time, and reasonable accuracy.
They are also reliable in extreme environments such as boilers, ovens, and aircraft engines.
K-type thermocouples are widely used in various industrial fields due to their accuracy
and affordability. The temperature range they can measure depends on their diameters.

Final super heater
outlet header

%

19
51

\

Figure 11. K-type thermocouples affixed to each tube in the outlet header section using banding [112].

Swiercz et al. [107] employed the Multiway PCA (MPCA) method for the early detec-
tion of leakages in the pipeline system of a steam boiler in a thermal-electrical power plant.
The process variables were long segmented, so they were divided into smaller batches
to represent the behavior of the power plant. MPCA was used to train the model for the
healthy state of the boiler, and was periodically updated. The model was able to detect
leakage when leak data were inputted. Several case studies confirmed the effectiveness of
the model in the early prediction of boiler tube leakages. Xi Sun et al. [113] improved the
PCA method for leak detection by effectively extracting fault information, and reducing
the impact of noise and disturbances. The improved method was successfully used to
detect a leak in a Syncrude Canada utility plant. Table 6 compares different statistical
analysis-based algorithms for boiler tube leak detection.

Table 6. Comparison of Different Statistical analysis-based Algorithms for Boiler Tube Leak Detection.

Approach Fault Outcomes
Successful in detecting and identifying tube
PCA [112] Final superheater tube leakage. plugging and prevented severe failures by
avoiding overheating.
The proposed method was tested on real data from a
Improved PCA [113] Boiler water/Steam leak. utility plant in Fort McMurray, Canada, for boiler
water and steam leak detection.
Multiway PCA [107] Riser and downcomer tube leakage. High performance of the proposed Multiway PCA.

Clustering-based method [114]

Boiler tube leakage.

The proposed approach leverages unsupervised
learning, and does not require labeled
training samples.
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3.2.4. Comparative Analysis of Intelligent Techniques for TPPs

This section provides a comparison of state-of-the-art intelligent techniques used in
thermal power plants. Table 7 presents an overview of the different intelligent techniques
employed, their corresponding applications, the performance metrics evaluated, and key
findings and conclusions. The table provides a clear understanding of the effectiveness
of various intelligent techniques in different applications. These techniques have been
used for applications such as fault detection and diagnosis, predictive maintenance, and
optimization. The evaluation of these techniques was based on metrics such as accuracy,
efficiency, and cost savings. The key findings of this comparison highlight the effectiveness
of intelligent techniques in improving the overall performance of thermal power plants.

Table 7. Comparison of Intelligent Techniques for Thermal Power Plant Applications.

Intelligent
Technique

Key Findings and
Conclusions

Performance
Metrics

TPP
Application

Deep neural network
(DNN) [20]

Proposed classification
mechanism using wavelet packet
transform analysis of the acoustic

emission signal

99.2% (classification accuracy)

Boiler tube leakage
detection

Whole Process model [115]

Developed monitoring platform
with the functions of online
estimation of key state variables

1.1 % (mean relative
deviation)

Boiler tube leak detection

SVM [116]

Prediction of the unburned
carbon content of fly ash in the
boiler and the exhaust steam
enthalpy in turbine

0.068 % (mean relative error)

Online monitoring of
300 MW TPP

Deep learning flexible
boundary regression [117]

Proposed impulse detection
methodology that employs deep
learning methodology

99.8% (classification accuracy)

Boiler tube leak detection

Hybrid intelligent
system [118]

A Hybrid fault detection
approach based on Decision
fusion technique

99.99% (classification
accuracy)

Steam generator unit
transient condition

Residual network [90]

Proposed a fault diagnosis
method based on Knowledge
Graph and Bayesian Network

99.1% detection accuracy

Steam turbine rotor fault
diagnosis

Graph neural network [119]

Fault representation through
Graph neural network

86% inference accuracy

Steam turbine system

Vibration signal analysis [120]

Wavelet transform and statistical
pattern recognition employed in
the proposed approach

100% fault detection accuracy

Rolling element bearing in
rotating machinery

Probability neural networks
(PNNs) [121]

Proposed approach based on
PNNss to fuse three information
entropy

100% classification accuracy
on training data and 80%
accuracy on unseen data

Steam turbine rotor

4. Challenges, Limitations, and Future Research Directions

This section outlines the challenges and potential areas of future research for FDD
techniques in the context of TPPs.

4.1. Current Challenges and Limitations of FDD Techniques in TPPs

FDD is an essential part of the maintenance and operation of TPPs, particularly for
boilers and turbines. Despite its importance, FDD faces a number of challenges and
limitations as mentioned below, which must be addressed to ensure its effectiveness.

e  One of the main challenges of FDD in TPPs is the complexity of the systems in-
volved. Boilers and turbines are highly complex systems that involve a large number
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of components and processes, which can make it difficult to identify faults and di-
agnose problems. Additionally, the variability in the performance of these systems
can make it difficult to establish normal operating conditions, which is essential for
effective FDD.

e Another challenge of FDD in TPPs is the limited availability of data. In many cases,
the data used for FDD are based on sensor readings, and these readings are often
limited by the frequency and accuracy of the sensors. This can make it difficult to accu-
rately diagnose problems and identify faults, especially when the data are incomplete
Or noisy.

e A third challenge of FDD in TPPs is the complexity of the algorithms used for anal-
ysis. Many of the FDD algorithms used in TPPs are based on artificial intelligence
and machine learning techniques, which can be complex and difficult to implement.
Additionally, these algorithms require significant computational resources, which can
limit their ability to be applied in real-time.

e  The limitations of FDD in TPPs also include issues related to maintenance and repair.
In some cases, FDD algorithms may identify faults that are difficult to repair, or the
cost of repair may be high. Additionally, the time required to repair faults may be
longer than the time required to detect the faults, which can reduce the effectiveness
of FDD.

e Another limitation of FDD in TPPs is the potential for false alarms. FDD algorithms
can sometimes generate false alarms, which can result in unnecessary maintenance
and repair activities. This can lead to increased costs, decreased efficiency, and reduced
reliability of the power plant.

e  Finally, FDD algorithms may not always be effective in detecting faults in all com-
ponents of a TPP. For example, some faults may not be detectable by current FDD
algorithms, or the algorithms may not be effective in detecting faults in certain types
of equipment or processes.

In summary, while FDD is an essential part of the maintenance and operation of
TPPs, it faces a number of challenges and limitations that must be addressed to ensure
its effectiveness. These challenges and limitations include the complexity of the systems
involved, the limited availability of data, the complexity of the algorithms used for analysis,
and issues related to maintenance and repair. Additionally, FDD may not always be
effective in detecting faults in all components of a TPP, and the potential for false alarms
must also be considered. To address these challenges and limitations, it is necessary to
continue to improve the FDD algorithms and methods used in TPPs, and to develop new
approaches that can better detect and diagnose faults in these complex systems.

4.2. Future Research Directions for FDD Techniques in TPPs

FDD techniques play a crucial role in the maintenance and operation of TPPs, partic-
ularly for boilers and turbines. To continue to improve the effectiveness of FDD in this
context, ongoing research and development are needed. The following are some of the
potential areas of future research for FDD techniques in TPPs:

m Big Data and Advanced Analytics: With the increasing availability of data from
sensors, SCADA systems, and other sources, advanced analytics techniques are needed
to process these data and improve the accuracy of FDD algorithms. This could
involve the use of machine learning and artificial intelligence algorithms, as well as the
development of new approaches to data analysis that can better handle the complexity
and variability of the data generated by TPPs.

m  Real-Time Monitoring: To ensure the timely detection of faults and the effective diag-
nosis of problems, real-time monitoring techniques are required that can process data
from sensors and other sources in near real-time. This will require the development of
new algorithms and techniques that can process large amounts of data quickly and
accurately, and the deployment of these algorithms in real-world TPPs.
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Integration of Multiple Sensors: To improve the accuracy of FDD algorithms, there
is a need for the integration of multiple sensors and sources of data. This could
involve the use of sensor fusion techniques, which can combine data from multiple
sources to provide a more comprehensive view of the state of a system, as well as the
development of new sensors and measurement techniques that can provide additional
information about the operation of boilers and turbines.

Predictive Maintenance: To improve the efficiency and reliability of TPPs, predictive
maintenance techniques are required that can anticipate faults and problems before
they occur. This could involve the use of machine learning and artificial intelligence
algorithms to analyze data from sensors and other sources, as well as the development
of new approaches to data analysis that can identify patterns and trends in the data.
Energy Efficiency: To improve the energy efficiency of TPPs, FDD techniques are
needed that can identify inefficiencies and opportunities for improvement. This could
involve the use of advanced analytics techniques to analyze data from sensors and
other sources, as well as the development of new algorithms and approaches that can
better identify inefficiencies and improve the energy efficiency of boilers and turbines.
Context-Aware FDD: To improve the accuracy of FDD algorithms, there is a need
for context-aware techniques that can take into account the specific context of a TPP.
This could involve the use of machine learning and artificial intelligence algorithms
to analyze data from sensors and other sources, as well as the development of new
algorithms that can better understand the context of a system and identify faults and
problems more effectively.

Cybersecurity: To ensure the security of TPPs, FDD techniques are needed that can
detect and respond to cyber threats. These could involve the use of machine learning
and artificial intelligence algorithms to detect and respond to cyberattacks, as well as
the development of new techniques that can better protect TPPs from cyber threats.
Cost-Effective Solutions: To ensure the widespread adoption of FDD techniques in
TPPs, cost-effective solutions are necessary that can be implemented in real-world
scenarios. These will require the development of new algorithms and techniques that
can be implemented with limited computational resources, and the deployment of
these algorithms in real-world TPPs.

In summary, the future of FDD techniques in TPPs is promising, and ongoing research

and development are needed to continue to improve their accuracy and efficiency.

5. Conclusions

Advances in FDD for TPPs have greatly improved the efficiency, reliability, and safety

of these systems. The use of model-based, data-driven, and statistical-based algorithms has
enabled the development of sophisticated systems for the detection and diagnosis of faults
in real-time.

Model-based algorithms have become increasingly important in the operation of TPPs.
These algorithms, which are based on mathematical models and simulations, allow
power plants to analyze large amounts of data, and identify patterns and anomalies
that may indicate faults. The use of model-based algorithms in conjunction with other
digital technologies, such as artificial intelligence and machine learning, has enabled
the development of sophisticated systems for continuous monitoring of the health of
power plants and the detection of potential faults in real-time.

Data-driven algorithms, such as statistical process control and condition monitoring,
are also playing an important role in FDD. These algorithms allow power plants to
collect and analyze vast amounts of data, providing insights into the performance and
health of the system.

Statistical methods, such as principal component analysis (PCA) and multivariate
statistical analysis, are used to identify patterns and correlations in the data that
can be used to detect faults. These methods can provide a quantitative measure
of the relationship between different variables, and can be combined with other
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techniques, such as pattern recognition or machine learning algorithms, to enhance
their performance.

Overall, the use of these advanced algorithms is contributing to the development of
predictive maintenance systems, which allow power plants to proactively address faults,
and minimize downtime and costs. As these algorithms continue to evolve and become
more sophisticated, they will play an increasingly important role in ensuring the long-term
viability of thermal power generation. In conclusion, advances in FDD algorithms are a
critical component of the future of thermal power generation. By improving the efficiency,
reliability, and safety of these systems, these technologies are contributing to the sustainable
development of the energy sector. As these algorithms continue to develop and evolve,
they will enable the creation of even more advanced systems that will help ensure the
long-term viability of thermal power generation.
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