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Abstract: Fault diagnosis plays a pivotal role in ensuring the reliability and efficiency of industrial
machinery. While various machine/deep learning algorithms have been employed extensively for
diagnosing faults in bearings and gears, the scarcity of data and the limited availability of labels
have become a major bottleneck in developing data-driven diagnosis approaches, restricting the
accuracy of deep networks. To overcome the limitations of insufficient labeled data and domain
shift problems, an intelligent, data-driven approach based on the Triplex Transfer Long Short-
Term Memory (TTLSTM) network is presented, which leverages transfer learning and fine-tuning
strategies. Our proposed methodology uses empirical mode decomposition (EMD) to extract pertinent
features from raw vibrational signals and utilizes Pearson correlation coefficients (PCC) for feature
selection. L2 regularization transfer learning is utilized to mitigate the overfitting problem and to
improve the model’s adaptability in diverse working conditions, especially in scenarios with limited
labeled data. Compared with traditional transfer learning approaches, such as TCA, BDA, and JDA,
which demonstrate accuracies in the range of 40-50%, our proposed model excels in identifying
machinery faults with minimal labeled data by achieving 99.09% accuracy. Moreover, it performs
significantly better than classical methods like SVM, RF, and CNN-based networks found in the
literature, demonstrating the improved performance of our approach in fault diagnosis under varying
working conditions and proving its applicability in real-world applications.
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1. Introduction

Rotating machines are employed in various applications, from manufacturing to wind
turbines, airplane engines, electric motors, marine propellants, and mining equipment [1-5].
Critical components of rotating machines often experience impact damage due to the com-
plicated architecture and harsh working environment, which may risk personal safety and
create enormous economic losses. Critical components of rotating machines often experi-
ence impact damage due to the complicated architecture and harsh working environment,
which may risk personal safety and create enormous economic losses. Still, intelligent
fault detection is a challenging task in both academic research and industry applications,
regardless of technological development. These challenges stem from a variety of factors,
including diverse operating conditions in real-world environments, varying sensor config-
urations (positions) across different rotating machines, and a lack of labeled faulty data
for the training of diagnostic models. The complicated architecture of rotating machines
and their severe operating conditions make it difficult to diagnose faults. Consequently,
researchers and industry professionals are always looking for new ways to make fault
diagnosis systems for rotating machinery more accurate and reliable [6,7].
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Data collection, signal processing, feature extraction, reduction, and classification are
the typical building blocks of defect detection. In recent years, various data-collecting meth-
ods have emerged, such as vibration analysis, acoustic emission monitoring, motor current
analysis, and oil analysis. These techniques are critical for determining the machine’s health
and finding faults before they cause breakdowns. Because vibrations accurately represent
machines” health conditions, they are frequently the first choice for data collection [3].
Sensors, for instance, accelerometers can collect vibration data as time series signal data
to identify any irregularities in machine operation, such as unbalances or misalignments.
Nevertheless, suitable signal processing methods are necessary for the analysis of time
series vibration data due to their non-stationary and non-linear nature. Different methods
are commonly employed, including time-domain analysis (statistical and autocorrelation),
frequency—domain analysis (fast Fourier transform), and time—frequency—domain analysis
(wavelet transform, short-time Fourier transform, Hilbert Huang transform) [8,9]. Among
them, FFT is widely used but cannot effectively capture non-stationary signals. WT requires
determining a suitable basis function, and using an inappropriate wavelet mother function
can result in errors during diagnosis [10,11]. To address these limitations and improve fault
diagnostic accuracy, this paper introduces self-adaptive empirical mode decomposition to
extract useful information from non-stationary and nonlinear vibration signals.

Traditional data-driven fault diagnosis approaches such as artificial neural networks
(ANNSs), K-nearest neighbor (KNN), random forests (RFs), and support vector machines
(SVMs) are commonly used in defect recognition [12-19]. However, these methods often
lack the ability to effectively learn complex nonlinear fault features, often necessitating
manual feature extraction [20]. This manual feature extraction process is time-consuming
and requires in-depth expertise. The limited generalizability of handcrafted features has
driven the need for novel and sensitive feature extraction methods. Deep learning (DL)
has emerged as a promising solution, negating the need for manual feature extraction
and the associated difficulties in learning the sequential data [1,21-23]. Most popular
DL networks, including convolutional neural networks (CNNs), graph neural networks
(GNN ), autoencoders (AEs), deep belief networks (DBNs), and recurrent neural networks
(RNN’s), capture complex patterns within the data [24-29]. To improve the efficiency of
fault diagnosis, these shallow and deep architectures are modified according to specific
types of data and tasks. In the realm of industrial machinery condition monitoring, LSTMs
have become prominent for their use [30,31]. Their capabilities to evaluate vibration signals
and other time series data from sensors have led to the successful detection of anomalies
and prediction of failures. Despite their potential for defect diagnosis on rotating machines,
deep learning models still face challenges on their path to full reliability.

(1) Deep learning models generally necessitate a substantial amount of labeled data to
generalize effectively. The primary problem with fault diagnosis is the challenge
of gathering sufficient data on various fault conditions, as machines rarely exhibit
faults during normal operation. The scarcity of data makes it difficult to train models
effectively, potentially leading to overfitting (a phenomenon where models perform
well on training data but underperform on new, unseen data) [32].

(2) The expense associated with expert labeling of the acquired data poses a significant
financial and resource burden. Because it may be impossible to detect every possible
fault scenario, especially in industrial complex machinery, accurate fault class labeling
based on the machine’s operating conditions typically requires skilled personnel [33].

(3) Variations in loads, speeds, and temperatures are common operating conditions for
machines in industrial settings. Domain shift, in which data distribution changes
between two domains, is the result of this unpredictability and variability. Due to
this shift, DL models trained on data from one domain may struggle to generalize
effectively under new conditions, which makes them unreliable for defect diagnosis
in the real-world scenarios [34].
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Transfer learning (TL) has the potential to mitigate data scarcity, reduce labeling costs,
and tackle the domain shift problem by leveraging knowledge from one domain to another
on a related task. The key aspect of TL lies in applying what has been learned in one
domain to address one problem to a related but distinct domain. Figure 1 illustrates the
fundamental difference between traditional machine learning architecture and transfer
learning architecture. The TL approaches can be briefly categorized into four groups:
parameter-based TL, feature-based TL, instance-based TL, and relevance-based TL [34].
Each of these groups tailors themselves to handle a distinct set of circumstances and
difficulties. Among these approaches, parameter-based TL is one of the most popular
TL methods, particularly suitable for classification tasks due to its simplicity and ease
of implementation [35]. An integral strategy in the parameter-based TL framework is
fine-tuning, which involves modifying the parameters of a pre-trained model to adapt it to
a new but related task [36,37]. It efficiently employs learned features from a model trained
on a large, labeled dataset, minimizing the amount of data and time required to train on the
new task. As a rule, when fine-tuning a model, it is necessary to retrain the higher layers
that are task-specific while freezing the bottom layers that capture general information.
This speeds up training and improves the model’s performance on the new task.

Traditional Machine Learning Transfer Learning
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Source Domain Target Domain Source Domain Target Domain
. Normal . Unbalance O Normal O Unbalance . Normal . Unbalance O Normal O Unbalance
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Figure 1. The difference between traditional machine learning architecture and transfer learning

architecture.

Many studies have investigated the potential applications of fine-tuning methods
for failure predictions using time series data. For example, Shao et al. [37] proposed a
novel approach based on TL and fine-tuning. Su et al. [38] converted the time series fault
signals into images and fine-tuned the pre-trained VGG-16 model. They also examined how
image size influences a fine-tuned model. The authors [39] used two models, VGG-16 with
and without an attention mechanism, to evaluate the applicability of models on different
gear datasets. They did not consider other environmental conditions in which the model
would be applicable. In a study on CNN-SA module fault detection using images, Zhong
et al. [40] emphasized the importance of the CNN model’s last layers. On the other hand,
LeNet-5 [41] and MobileNet V2 [42] are alternative built-in models for fault identification
that use fine-tuning techniques. To improve fault diagnosis with infrared thermal images
under different WCs, Shao et al. [43] suggested a fine-tuning strategy based on enhanced
CNN and stacked convolutional autoencoders. The use of built-in pre-trained models
for fault identification, which convert time series vibration data into images, presents
several drawbacks. (1) There is a potential incompatibility between the pre-trained model’s
architecture and the specific characteristics of the vibration data [44]. (2) The process of
converting time series data into images can result in a loss of temporal information that is
crucial for accurately diagnosing faults in machinery [32,45]. (3) A small or diverse dataset
can result in overfitting due to the large number of parameters. The intricacy and inherent
bias from training on previous data may make these models difficult to understand and
unreliable in new scenarios [46,47].
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Time series data and simpler models, such as one-dimensional CNN networks [48,49],
stacked autoencoders [50], and LSTM networks [51,52], can improve fault classification
accuracy and interpretability. LSTMs are specifically designed to capture temporal depen-
dencies in sequential data, enabling more effective analysis of vibration signals without
losing critical information during image conversion. Some investigators used LSTM net-
works to detect machine faults via fine tuning. For instance, Tang et al. [51] pre-trained
the LSTM model using labeled samples from bearing and gear source datasets and then
fine-tuned it using a small collection of labeled target data. However, the authors manually
extracted the features from raw vibrational signals before inputting them into the model.
Furthermore, to diagnose faults in wind turbine SCADA datasets, Zhang et al. [53] used a
two-layered LSTM model. According to [54], the addition of the L1 regularization technique
resolves the overfitting issue that arises during fine-tuning with small, labeled target data.
For bearing fault diagnosis, An et al. [52] proposed an intelligent fault diagnosis method
using LSTM with RNN architecture under varying WCs.

1.1. Research Gap

It is noteworthy that the aforementioned work has achieved significant improvements
in recent years. However, a notable gap exists in the literature regarding the application
of fine-tuning methods to other types of machine faults. This limitation highlights the
need for further research to explore the versatility of fine-tuning techniques, potentially
leading to more generalized models for condition monitoring. The following shortcomings
in earlier studies need to be addressed:

1. The requirement of uniform data distribution for training and testing datasets should
be addressed. However, in practical situations, variations in machine operating
conditions may modify vibrational patterns, thereby affecting the data obtained from
the actual operational platform. Additionally, training and testing datasets have
unequal data samples and distributions.

2. Currently, models are typically trained independently for each task, limiting their
applicability to new working conditions (e.g., varying loads and speeds) and high-
lighting the need for significant improvements in fault identification accuracy.

3. Acquiring data labels in the context of big data can be tedious because of the inherent
limitations, including labor-intensive and time-consuming procedures.

4. When working with sparse labeled data, TL performs fault diagnosis more efficiently.
Overfitting is a significant problem when using pre-trained models, especially with
small datasets, due to the advanced nature of these models and their typically numer-
ous parameters.

1.2. Key Contributions

This paper introduces a Triplex Transfer LSTM (TTLSTM), a fine-tuning strategy-based
transfer learning method to address the observed limitations for intelligent fault diagnosis
in rotating machines. This approach is designed to enhance fault diagnostic performance,
especially when the target domain has limited labeled data. The key contributions of the
proposed methodology are summarized as follows:

1.  This paper proposes a Triplex Transfer Long Short-Term Memory (TTLSTM) method,
which uses a deep LSTM network to learn long-term dependencies and intricate
non-linear correlations in the data.

2. This method uses the empirical mode decomposition (EMD) technique to extract
features from non-stationary and non-linear vibrational signals, as well as the Pearson
correlation coefficient (PCC) feature selection method, which improves the model’s
diagnostic performance.

3. With small, labeled target domain data, a fine-tuning strategy-based TL method is
designed for effective fault diagnosis. The proposed method overcomes the limitations
of insufficient labeled data and domain shift problems by leveraging transfer learning
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and fine-tuning strategies to improve the model’s adaptability across diverse working
conditions (from low motor speed to high motor speed and vice versa).

4.  To alleviate the overfitting problem, L2 regularization TL is utilized, particularly
in scenarios with limited labeled target data. The ablation experiments are also
conducted to validate the positive impact of L2 regularization in the TTLSTM model.
The developed model is then compared with state-of-the-art fault diagnosis methods
to ensure its robust performance across WCs and its ability to generalize well to new
unknown data.

The remaining sections of the paper are organized as follows: Section 2 presents a
problem description and introduces the fundamental concepts of fine-tuning strategy-based
transfer learning along with LSTM. Building upon this foundation, Section 3 discusses
the proposed methodology (TTLSTM) centered around deep LSTM. This section outlines
the key steps, starting with data pre-processing involving normalization, followed by the
detailed implementation of EMD. Section 4 discusses experimental results in depth. Finally,
Section 5 concludes the paper.

2. Problem Description and Preliminary

This section offers a comprehensive description of the fine-tuning strategy-based
transfer learning problem and explores its intricacies. It provides a detailed explanation of
the core concept of transfer learning and elucidates the architecture of the LSTM network.

2.1. Concept of Transfer Learning

It is common practice in traditional ML and DL methods to train and validate models
using labeled data from a specific domain. Transfer learning, on the other hand, used train-
ing and testing data from distinct but related domains. Parameter-based TL has been the
most widely used transfer learning approach because of its intuitive underlying principle
and simple implementation, making it especially effective for classification problems that
use labeled training data, particularly with the help of fine-tuning algorithms [35,55].

A domain is defined as D = {X,P(X)} which includes the feature space X and
marginal probability distribution P(X). Labeled source domain data in one domain
can be expressed as Ds = {Xg,P(Xs)}5, = {(xs,,¥s,), (Xs5:¥s,)s---r (X5, Y8,) o0
where x5, € X and ys; € Vs are samples and labels of source domain data and g
are number of samples in the source domain data. Target domain data can be denoted as
Dr = {Xr, P(X1)}i%y = {(xn,yn), (¥1,y1), -, (¥1,y1,) };L;, where x7, € X and
yr1, € Yr are samples and labels of target domain data and n1 are number of samples in the
target domain. The existence of different distributions implies that there are two potential
scenarios: either the feature spaces are distinct, or the marginal probabilities differ. In its
simplest form, transfer learning is a process of transferring knowledge from one related
but distinct domain (the source domain Dg) to another (the target domain D).

In this work, we assume that the source domain and the target domain share the same
set of features by having identical feature spaces (Xs = Xr). Despite sharing the same
label spaces (Vs = Yr), the two domains’ data distributions are quite different from one
another. Because of this attribute, the method of transfer learning utilized in the research
was considered an example of homogeneous transfer learning [55].

2.2. Long Short-Term Memory Network

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNNs) de-
veloped to handle sequential input and capture long-term dependencies. The development
of LSTM addressed the limitations of conventional RNNs in capturing and memorizing
information from prolonged sequences. The core key of LSTM is the idea of memory cells
that can be used to temporarily store data and then update it with the latest information.
The input gate, forget gate, and output gate are the three primary elements of these memory
cells. Every gate in a memory cell regulates how data enters and leaves the device [56].
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Mathematically, an LSTM unit can be represented as follows:

it = 0(Wy; * x¢ + Wy hy_1 + b;) (1)

fi = o (Wap 51+ Wiy 5y + by ) 2)
gt = tanh (Wxg * xt + Wyg * hi_1+ bg) 3)
C=fi®oC1+i®g (4)

0r = 0(Wxo * Xt + Wi ¥ hy_1 + by) 5)
ht =0 ® tanh(Ct) (6)

where i, fi, g1, and o; are input gate, forget gate, candidate cell and output gate of LSTM
network. W,;, Wy;, fo, Wi, r Wig, Wig, Wy, and Wy, are weights matrices, and b;, b s be,
and b, are bias vectors. x;, hi;, and C; are current input vector, current hidden state, and
current state of the cell. The Hadamard product, denoted by ®), signifies the element-wise
multiplication between two vectors. The parameters described above undergo continuous
updates throughout the entire network training process until they successfully establish
the desired mapping relationship between the input and output.

This paper proposes a Triplex Transfer LSTM (TTLSTM) network, which uses a deep
LSTM network, to improve the model’s adaptability across diverse WCs with limited
labeled target data. This architecture enhances the model’s capacity to adapt to differing
data distributions between the source and target domains. Because memory cells have
gating processes that enable them to learn and retain long-term dependencies in the data,
LSTM is the optimal choice for diagnosing faults in rotating machines. In an LSTM network,
the sigmoid and hyperbolic tangent functions play crucial roles. These functions, along
with the gating mechanisms, make it easier to control the information flow and memory
retention, enabling the identification of complex patterns and correlations within sequential
data. This approach enables the model to effectively transfer knowledge from the source to
the target domain, ultimately contributing to improved performance and generalization
across diverse domains. Section 3 will explain the details of the proposed TTLSTM network.

2.3. Sliding Window

In the realm of processing sequential data, such as time series vibrational data from
rotating machines, the sliding window technique serves as a crucial method for generating
input sequences suitable for models like LSTM [57]. Both the source and target domain
data typically exist as signals, whereas LSTM necessitates a 2D or 3D matrix as input. A
2D matrix typically comprises the dimensions of time and features [timestep, features],
while a 3D matrix adds an extra dimension of batches, i.e., [batch_size, timestep, features].
Consequently, signal data must be transformed into a 3D matrix format for direct input
into the LSTM.

Let X represent the input data time series signal from machinery vibration. The sliding
window technique applies a specified window width (w) to the time series data. Each
window encapsulates the data as a data matrix unit. This approach splits the sequential
data into either overlapping or non-overlapping segments of a fixed length. These seg-
ments (windows) move through the data one step at a time, assisting in the conversion
of individual data points into organized input sequences suitable for LSTM processing.
Mathematically, at each time step ¢, the sliding window extracts a segment of X, denoted
as Xp.t+w—1, which represents the data from time ¢ to t + w — 1. This process continues
iteratively, creating a series of sequential data segments suitable for further analysis or
processing, as shown in Figure 2.
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Figure 2. Data segmentation: utilizing sliding windows.

3. Proposed Methodology

The following section will discuss a Triplex Transfer LSTM (TTLSTM)), a fine-tuning
strategy-based transfer learning method for intelligent fault diagnosis in rotating machines.
It will cover its basic architecture, proposed methodology, essential implementation steps,
and model pre-training and fine-tuning approach.

3.1. Pre-Processing Overview
3.1.1. Normalization

Normalization of the data is a crucial step in data pre-processing to ensure that all
features have a consistent scale and distribution. One commonly used technique for data
normalization is Min—-Max scaling, as explained in Equation (7).

(X _ Xmin)

(Xmux - Xmin) ’ (7)

Xnorm =
where X is the original value and X_norm is the normalized value. The normalized data has
a range of [0, 1]. Min—Max scaling offers several benefits, including mitigating the impact
of outliers, facilitating the convergence of optimization algorithms, and thus improving the
performance of deep learning models.

3.1.2. Empirical Mode Decomposition

Empirical mode decomposition (EMD), an adaptive noise mitigation method, is a
powerful tool for pre-processing non-linear and non-stationary time series signals. In other
words, it decomposes the non-stationary time series signals into their constituent, finite
components, known as intrinsic mode functions (IMFs). Since EMD adaptively decomposes
the signal based on its intrinsic features, it is ideally suited for fault identification in
rotating machinery.

The envelopes of an IMF are symmetric with zero, and there are the same number of
extrema as zero crossings [58,59]. Sifting is the term used to describe the steps taken to
remove IMFs, and they are as follows:

1. To create the upper and lower envelopes, locate all the local extrema, and then use a
cubic spline to connect the local maxima and minima. There should be no information
lost between the envelopes.

2. The first component is the difference between the mean of the upper and lower
envelope (1) and the signal x(t).

dy =mq —x(t),m = [eupper(t) + [e10wer (t)] /2 ®)

To create IMFs, the following conditions should be fulfilled:

e A maximum of one (1) difference is allowed between the number of extrema and
Zero crossings.

o  The midpoint between the upper and lower bounds is always zero.
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3.  If these above conditions are fulfilled, then d; will be the first IMF. If this condition is
not satisfied, d; will become the original signal, and again, other IMF will be generated
dy. This process repeats n-times, as indicated by

dl(nfl) — M1y = dip 9)

This logic can be regarded as d1,, = 57.
4.  Differentiate S; from x(t)
x(t) -5 =u; (10)

This u; is treated as the original signal, and all the above steps are repeated k times
until u; becomes a monotonic function from which no more IMFs can be extracted.
The original signal can be described as

k
x(t) =Y S+ (11)
j=1

1 are called residuals.

3.1.3. Feature Selection via Pearson Correlation Coefficient

The linear relationship between two quantitative variables (X and Y) can be measured
by an indicator called the Pearson correlation coefficient (PCC). In this study, PCC assesses
the similarity between the high-frequency intrinsic mode function (IMF) and the original
signal to gauge its usefulness. PCC can be expressed as

ox0y

where px and uy are means of signals X and Y, and ox and oy are the standard deviations
of signals X and Y, respectively. E is the expectation. The correlation coefficient, ranging
from —1 to +1, provides insight into the strength and direction of a linear relationship
between X and Y. It defines four levels of correlation strength: strong, moderate, weak, and
no correlation, along with the corresponding ranges of PCC values. A positive or negative
sign indicates a positive or negative correlation between the variables, respectively [60].

3.2. The Architecture of TTLSTM Model

The primary objective of this study is to use the concept of feature extraction to build a
domain-adaptive intelligent fault diagnostic model. One potential approach for extracting
domain-invariant characteristics from vibrational signals is the application of deep learning
techniques. This article suggests a TTLSTM model that uses a deep LSTM network to train
on a large enough labeled source domain dataset and then fine-tune on a small, labeled
target domain dataset. This approach involves more than just relying on the features
extracted from pre-trained models and replacing the final layers; it also entails retraining
the layers.

3.2.1. Pre-Training Network

Pre-training, which involves training a model with massive, labeled data, is identical
to supervised learning. The most noticeable distinction is that this labeled data typically
comes from a different domain than the target domain, while the diagnostic tasks remain
consistent across domains, focusing on fault diagnosis under varied WCs. The pre-training
phase aims to learn suitable representations and patterns from the labeled source domain
data [37,61,62]. Different LSTM layers learn progressively more abstract representations of
the input data. The first LSTM layer learns lower-level temporal patterns, while the second
layer learns higher-level patterns, and so on. This logic makes the model well-suited for
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tasks involving sequences, time series, or sequential data, as it can identify complicated
temporal dependencies in the data.

3.2.2. Fine-Tuning Network

Once the model has been trained on the available labeled source data, its performance
is assessed to determine how well it retained the information. However, the main goal is
to effectively adapt this pre-trained model to the target domain, which may have distinct
features or a different distribution despite sharing the same label space. Consequently,
adjustments are made to the pre-trained model to align it with the target task. Typically, this
involves removing the existing output layer(s) and integrating new layers tailored to the
target task. Unlike traditional fine-tuning approaches that only adjust the last layers, this
model fine-tunes all layers to enhance accuracy [63]. Subsequently, the model parameters
undergo fine-tuning using limited, labeled target data samples. Training persists until the
model reaches convergence or achieves satisfactory performance. As a result, this approach
allows the model to adapt to new data while retaining the knowledge gained from the
initial training on the original data. Figure 3 details the proposed Triplex Transfer LSTM
(TTLSTM), a fine-tuning strategy-based transfer learning model.

Labeled source domain data

Pre-Processing

from working condition 1

- 1
| Pre- -training on  :
| Source Data to
i Obtain Source

i Empmcal Mode |
Decomposmon '

Transferred Layers I I ‘ t
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{}' = data from working condition 2 fine-tune all layers
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!
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Figure 3. The architecture of the proposed TTLSTM model.

3.2.3. Optimizer and Activation Function

In this study, the parameters of the TTLSTM model’s layers are optimized using the
Adam optimizer. The following equations govern the optimization process:
Exponential moving average of gradients (m;):

my = Brxmp_q+ (1 —B1)*g: (13)
9f(

such that g = #w) Moreover, exponential moving average of squared gradients (v;):

vr = B x0p1 + (1— B2) * (g1) (14)
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Bias-corrected moving averages:
iy =me/(1—B1') (15)
th = Ut/ (1 — ﬁzt) (16)
Parameter update:
6 +1=0, o 1y (17)

VUi + ¢

Here, m; represents the moving average of past gradients g, v; is the moving average
of past squared gradients, “o” is the learning rate, and “¢” is a small constant used to
prevent division by zero. These equations collectively govern the optimization process,
ensuring the model’s parameters are updated efficiently and adaptively during training.
Moreover, this model uses the activation function ReLU because it can address vanishing
gradient issues, introduce non-linearity, and improve training efficiency. ReLU can be

expressed as
ReLU (x) = max(0, x) (18)

The ReLU function returns x when it is positive and gives 0 when it is negative.
In short, this activation function is applied to each element (neuron) in a feature map
independently, and it returns the transformed output of that element.

3.2.4. Classification Loss and Classifier

A classification problem is to classify different types of faults, and a categorical cross-
entropy loss function is used, making it suitable for multi-class classification problems.
For this, actual labels are converted into one-hot encoded labels, making them directly
appropriate to use with the categorical cross-entropy loss function. The cross-entropy
represents the Kullback-Leibler (KL) divergence between the model’s predicted and the
true labels. The output layer is configured with four nodes (one for each class). Cross-
entropy (CE) loss can be defined as

N
Losscg = — ) _ yi-logy; (19)
i=1

The SoftMax classifier is a critical component for multi-class classification tasks, en-
abling models to produce meaningful class probabilities and make predictions in scenarios
where instances can belong to one of several possible classes. The SoftMax classifier uses

the following formula:
e~
softmax(z), = ———, (20)
fmex(@); =

where z is the output from the fully connected layer, and N is the number of classes to be
predicted. Both the pre-training and the fine-tuning stages utilize the specific loss function
for the classification outputs. This approach adjusts the model’s learned features to better
align with the characteristics of the target domain, enhancing its performance on the target
task under varying working conditions.

3.2.5. L2 Regularization Transfer Learning

“Regularization for simplicity” is another term for this technique. Finding the model’s
complexity as a function of weights reveals that a feature’s complexity is proportional to its
absolute value. Although L2 regularization does not reach absolute zero, it does influence
weights that get closer to zero. L2 regularization helps to eliminate a nominal proportion
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of weights. Hence, weights can never be zero. Mathematically, L2 regularization for N
number of weights can be expressed as

Lyegterm = w% + w% +---+ w%\, = 2 wlz (21)

The regularization rate (lambda A) is an extra parameter that can be used to adjust the
L2 regularization term. The L2 regularization term is multiplied by the regularization rate,
which is a scalar. It is imperative to choose an ideal value for lambda. The model tends to
underfit if lambda is set too large because it becomes too simplistic. However, the model
is prone to overfitting, and the regularization effect becomes insignificant when lambda
is too low. Setting lambda to zero will disable regularization entirely, which increases the
likelihood of overfitting.

The goal is to reduce the total loss as much as possible during the fine-tuning step,
which is controlled by Equation (21), while also making it easier to generalize to the target
domain data. Therefore, we can use the hybrid loss function to effectively balance different
learning goals across domains and achieve effective transfer learning.

N N
Objective = —Y_ y;-logy; + AY_ w? (22)
i=1 i=1

In this formulation, the L2 regularization term penalizes large weights in the network,
helping to prevent overfitting to the target domain data during fine-tuning. It also generates
stable solutions and manages features with high correlations. By minimizing this combined
objective function, the model aims to achieve excellent performance on the target task
while also generalizing well to unseen data. Hence, the hybrid loss function illustrates an
approach to efficient transfer learning by balancing various learning goals across domains.

3.3. Overview of Proposed Methodology

Figure 4 illustrates the general process of the proposed methodology and summarizes
it as follows:

Step 1: Data Pre-processing Step 3: Fine-tuning

’ Normalization ‘
l Forward Propagation

Predict labels of source domain data [¢—

Predict results of domain classifier

Step 2: Pre-training

Labeled target domain data

l Resample to get input data matrix l Resample to get input data matrix

Load the Source model

/ Labeled source domain data / /
)

l

l

l

I ) S B B BN

’ Empirical mode decomposition Modify the Source model

’ IMF selection via PCC ‘

—

Source Target
domain data domain data

- N Calculate loss Forward Propagation
’ fnteinsic mode functions (IMFs) Cross-entropy loss Predict labels of target domain data [+——
1 i Predict results of domain classifier

Backpropagation
Update parameters by Adam

Is train No

Calculate loss
Cross-entropy loss,
Add L2 regularization term

over

Backpropagation
Update parameters by Adam

Target fine-tuning data
(with few labels)

Target testing data
(without labels)

Save pre-trained Source model and
parameters

|
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@ 2 target get inqu

2] domain data data matrix
~

Load Target Predict label Fault diagnosis
model of target data results

Ts train
over

Save fine-tuned Target model and
parameters

Figure 4. General procedure of proposed EMD-TTLSTM.

Step 1: The COMFAULDA dataset containing vibration data from both domains is

utilized. Data pre-processing begins with normalization, followed by extracting valuable
information from data in both domains using EMD. The selection of IMFs with more
information about faults is carried out via PCC. The source domain data are divided into
three subsets: 70% for training, 15% for testing, and 15% for validation. Additionally, the
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data are resampled to make it match the TTLSTM model’s input requirements using a se-
quential data pre-processing method, employing a sliding window approach, as explained
in Section 2.3.

Step 2: In the pre-training phase, the model is trained on data from the source domain
to identify significant features and patterns, resulting in the creation of the source model.
This is done by optimizing the model’s parameters to minimize an objective function,
as described in Equation (20). The deep features acquired are then mapped to outputs
using the SoftMax classifier, thereby allowing the model to effectively capture the inherent
knowledge present in the source domain dataset, as discussed in Section 3.2.

Step 3: After pre-training, the next stage involves constructing the target model, which
adapts the pre-trained model to the target task through fine-tuning with limited labeled
target domain data. This process entails modifying the pre-trained model’s parameters to
match the characteristics of the target data. By minimizing the combined objective function
(Equation (22)), the fine-tuning aims to enhance the model’s efficiency on the target task
while preventing overfitting. By varying the percentages of labeled target training samples,
the fine-tuning of the target model is systematically adjusted to align well with the features
of the remaining target testing samples.

Collectively, this fine-tuning strategy-based transfer learning method for fault diagno-
sis is called Triplex Transfer LSTM (TTLSTM), and it includes both the source model and
target model.

Step 4: After fine-tuning, the model is deployed to predict unknown faults from an
unlabeled target domain and evaluate its accuracy and generalizability to unseen data
under varying working conditions. To mitigate overfitting, the L2 regularization term is
employed to validate the model’s performance. Additionally, early stopping criteria are
applied to prevent unnecessary training epochs and ensure optimal convergence.

4. Experimental Study
4.1. Dataset Description

To diagnose faults in rotating machine systems, the proposed TTLSTM approach con-
siders the influence of varying working conditions. The approach is thoroughly described,
incorporating extensive simulations and experimental investigations. The results obtained
from these experiments demonstrate the efficiency, effectiveness, and generalizability of
the method. Specifically, experiments are conducted on the benchmark COMFAULDA
dataset to identify faults in rotating machines [64], which consists of vibration signals.
Spectra Quest’s Alignment Balance Vibration Trainer (ABVT) records vibration signals at an
experimental bench for this dataset. These data are collected at the Federal University of Rio
de Janeiro’s Dynamic Testing and Vibration Analysis Laboratory (LEDAV /COPPE/UEFR]).
The essential features of the bench are summarized in Table 1.

Table 1. Detail description of training parameters in different experiments.

ABVT System Features
Motor type Direct current (DC)
Motor power 0.25 HP
Speed range [12, 60] Hz
System mass 22 kg
Shaft length 520 mm
Shaft diameter 16 mm
Rotor diameter 152.4 mm
Distance between bearings 390 mm

Figure 5 displays the experimental benchmark of COMFAULDA. In this study, four
health conditions are considered, i.e., normal (N), unbalance (UN), horizontal misalignment
(HM), and vertical misalignment (VM) for different sets of RPMs (revolutions per minute-
unit of speed). Each fault type (health condition) contains piezoelectric sensor signal data
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collected in the axial (X), vertical (Y), and horizontal (Z) directions. Module sensors’ main
features are signal conditioning for piezoelectric sensors, an operating temperature range of
[12, 60] °C, an anti-aliasing filter, and 24-bit resolution at a maximum sampling frequency
of 51.2 kHz. The following steps should be taken:

e Toinduce the unbalance fault into the ABVT, 20 g screws are inserted in a center-hug
configuration on the inertia disc.

e  To create the horizontal misalignment fault, move the DC motor’s base in the horizon-
tal plane and measure with a digital caliper. The horizontal misalignments are limited
to no more than 0.5 mm.

e  Placing shims of defined thickness on the electric motor’s base causes a vertical
misalignment. A vertical deviation of 0.51 mm is considered.

Motor

"”% A 0 coupling ri

Sliding surface

Interpal bearing

Figure 5. Experimental benchmark of COMFAULDA.

The experimental setup observes motor operation across distinct frequency ranges,
specifically within the [13, 16] Hz range, classified as “low WC”, and the [47, 50] Hz
range, classified as “high WC”. Different sets of low- and high-frequency motor speeds are
considered, including various frequency ranges within the designated categories. Table 2
outlines the types of faults under varying working conditions. This approach enables
comprehensive analysis across a spectrum of motor operation frequencies to validate the
proposed method effectively. Furthermore, to assess the generalizability of the proposed
method, experiments are conducted spanning from low (L1, L2, or L3) to high (H1, H2,
or H3) speeds and vice versa. In the low-to-high motor speed working condition, the
source domain was data from low-speed conditions, and the target domain was data from
high-speed conditions. In contrast, the source domain in the high-to-low motor speed
working state was high-speed data, whereas the target domain was low-speed data. Each
sensor records 150,000 data points for every fault scenario, corresponding to a duration of
3 seconds for each motor speed, with a sampling rate of 50 kHz.

Table 2. Detail description of training parameters in different experiments.

Working Motor Speed Working Motor Speed

Serial No. -/ ditions (Hz) Health Type 0 ditions (Hz)
1 L1 (13, 14] H1 [47, 48]
2 12 [15, 16] HI\II\;[U\I,\IM H2 [49, 50]
3 L3 [13, 16] / H3 [47, 50]

4.2. Detailed Pre-Processing Step

The raw signals from both domains are normalized using Equation (7) for consistent
scale and distribution. After that, the EMD technique is applied to all normalized vibra-
tional signals to extract multiple IMFs. As can be noticed in Figure 6, for instance, the
unbalance fault signal is decomposed into 12 IMFs using Equations (8)—(11). However, not
all IMFs possess useful information, making IMF selection a crucial task. Therefore, a linear
relationship between the original signal and each individual IMF via PCC is calculated
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using Equation (12). The stronger the link between the two variables is, the closer they are
to the extremes. In this case, we use a threshold of 0.01 and select those IMFs whose PCC is
more than this threshold. Therefore, the initial six IMFs are chosen, and the rest of the IMFs
are considered residual signals. Overall, eighteen (18) IMFs are selected from all sensors
for each fault type.
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Figure 6. Intrinsic mode functions (IMFs) extracted from the original signal.

4.3. Diagnostic Performance of the Proposed Method
4.3.1. Experimental Design

The TTLSTM model generates source and target models through a series of pre-
training and fine-tuning steps. To demonstrate the effectiveness of TTLSTM under vary-
ing WCs, the first step, i.e., the pre-training process, uses labeled source domain data
Ds = {Xs,YVs}. The labeled source domain data provides batches of data with consis-
tent lengths for each training step. For fine-tuning, target data are divided into labeled
Dr = {Xr,Yr} and unlabeled Dy = {X7} domain datasets. Table 3 outlines a series
of experiments conducted for fine-tuning batches in the target domain and pre-training
batches in the source domain. Each experiment involves transferring knowledge from
low- to high-speed WCs. For each experiment, different percentages of labeled training
samples in the target domain are considered for fine-tuning, ranging from 10% to 50% of
total target data. Corresponding testing sets are also provided for evaluation and validation.
Additionally, the pre-training batches in the source domain consist of specific numbers of
training, testing, and validation samples.
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Table 3. Detail description of training parameters in different experiments of (L — H) WCs.

Fine-Tuning Batches for Different % Pre-Training
. Transfer 2. . .
Experiments of Training Samples in the Batches in the
Tasks . .
Target Domain Source Domain
1 L1 — H1 10%: 1875 (training), 16,875 (testing)
2 L2 — H2 20%: 3750 (training), 15,000 (testing) Train: 26250
3 L1 — H2 30%: 5625 (training), 13,125 (testing) Test: 5625
o . - Validation: 5625
4 L2 - HI1 40%: 7500 (training), 11,250 (testing)
50%: 9375 (training), 9375 (testing)
10%: 3750 (training), 67,500 (testing)
20%: 7500 (training), 60,000 (testing) Train: 52,500
5 L3 — H3 30%: 11,250 (training), 52,500 (testing) Test: 11,250

40%: 15,000 (training), 45,000 (testing) Validation: 11,250
50%: 18,750 (training), 37,500 (testing)

4.3.2. Source Domain-Based Effectiveness Evaluation (Pre-Training)

This section involves the training process and deep feature extraction via the pro-
posed method. The proposed pre-training source model comprises an input sequence layer
followed by three LSTM layers, dense layers, activation layers, and a classification layer.
Hyperparameters are determined using a random search method [65], selecting 142 hidden
units for each LSTM layer and a classification layer length of 4. With an initial learning rate
of 0.001 and a batch size of 32, training proceeds for 300 epochs. The network parameters
are optimized using the Adam optimizer. Randomization of training samples is imple-
mented to mitigate network overfitting. Choosing appropriate hyperparameters during
the construction and training of the source model is crucial for achieving high diagnostic
accuracy, faster convergence, and overall robustness. Table 4 describes the detailed list of
parameters used during training (pre-training and fine-tuning).

Table 4. List of parameters used during pre-training and fine-tuning.

List of Parameters

Number of hidden layers during pre-training and

fine-tuning process 3
Number of memory units/nodes in pre-training process 142,142, 142
Number of memory units/nodes in fine-tuning process 142,142, 64
Output units/nodes 4
Activation function of hidden units ReLU
Classification activation function softmax
Optimizer Adam (learning rate = 0.001)
L2 regularization during fine-tuning process A =0.001
Batch size in pre-training and fine-tuning process 32 and 64
Epochs for pre-training process and fine-tuning process 300 and 50
Number of features after PCC feature selection method 18

The first experiment trains the source data at a frequency of [13, 14] Hz in a supervised
manner, validates it, and tests it on the same domain data. In this scenario, we got accuracy:
99.42% for training, 99.46% for validation, and 99.95% for testing. Experiment 3 also uses
the same source domain model for fine-tuning. Similarly, experiments 2 and 4 yield high
accuracy of 99.54% for training and 99.88% for testing, utilizing identical source domain
speed ranges of [15, 16] Hz. In Experiment 5, the model is trained using data that possess
the entire frequency spectrum of the source domain ([13, 16] Hz). This comprehensive
approach achieves impressive accuracies of 99.36% for training and 99.99% for testing,
maintaining consistency with the number of training parameters used across experiments.
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The presented Table 5 summarizes the performance metrics of the pre-training model across
various motor speed ranges.

Table 5. Pre-training source model performance: classification loss and accuracy metrics for different
motor speed ranges.

Working Motor Training Training
Conditions Speed CE Loss Acc ValLoss  ValAcc  Test Acc
L1 [13,14] Hz 0.01598 99.42 0.01553 99.46 99.95
L2 [15,16] Hz 0.01394 99.54 0.01423 99.57 99.88
L3 [13,16] Hz 0.01811 99.36 0.01898 99.36 99.99

Val = validation, Acc = accuracy.

Notably, the model demonstrates high class accuracy and low classification loss values
across all speed ranges, indicating its effectiveness in capturing relevant features and
patterns in the data. These results highlight the efficiency of the pre-training process
in capturing relevant features, thereby facilitating accurate classification across diverse
working conditions during the fine-tuning phase.

4.3.3. Evaluating Transferability Under Varying WCs of (L — H)

To ensure the adaptability and domain generalization of the diagnostic model, a
fine-tuning strategy emerges as a promising solution. This strategy adjusts the model’s
parameters based on a limited number of labeled target samples, enabling effective adapta-
tion to new WCs. To achieve this, we modify the pre-trained model by taking the initial two
LSTM layers from the source domain and then adding a third LSTM layer with 64 hidden
units. Fine-tuning lasts over 50 epochs, incorporating the L2 regularization technique
(A =0.001) tuned by the random search method. Similar to the pre-training phase, opti-
mization of network parameters employs the Adam optimizer. The pre-trained source
model is fine-tuned on varying percentages of available labeled target domain data and
then evaluated on the remaining unlabeled target domain data. Most papers [66,67] assume
that 50% of labeled data are available in target domain data. To validate our proposed
method’s robustness and effectiveness, this process involves reducing the percentage of
labeled data from 50% to 10%.

Four evaluation metrics are calculated to evaluate the proposed method’s domain
adaptation capacity, including accuracy, precision, recall, and F1-score. Table 6 presents
the evaluation metrics for various experiments conducted with different percentages of
training samples in the target domain data. In the first experiment, the model is initially
trained using source data from L1 ([13, 14] Hz) to acquire knowledge or features. Following
that, target data from H1 ([47, 48] Hz) is used to fine-tune the model and see how well
it can generalize and use the new information. Fine-tuning is performed using varying
percentages of the target domain data, ranging from 50% to 10%, resulting in accuracy
ranging from 99.91% to 99.004%. In experiment 3, the same source model from L1 is
employed, but this time, the target domain data are from H2 ([49, 50] Hz). After fine-tuning
the source model on these data, achieved accuracy ranges from 99.96% to 98.7%.

Experiment 2 involves feature extraction from the source domain L2 ([15, 16] Hz),
followed by fine-tuning on target domain data H2 ([49, 50] Hz). Here, accuracy falls in the
range of 99.94% to 98.56%. Similarly, in experiment 4, the model achieves accuracy ranging
from 99.97% to 98.62% after fine-tuning on H1 ([47, 48] Hz) using source domain data L2. In
the final experiment, considering the wide speed range of the motor as a working condition,
source domain data L3 ([13, 16] Hz) and target domain data H3 ([47, 50] Hz) are utilized.
When the labeled samples are reduced from 50% to 10% during fine-tuning, accuracy varies
between 99.82% and 97.66%. These results indicate that the model’s performance is robust
and resilient to changes in the amount of labeled data, showcasing its ability to maintain
accuracy within a narrow range of variation, typically within approximately £1% range.
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Table 6. Performance analysis for transfer tasks with varying target training samples from domain
(L — H).

Accuracy (%) Precision (%)
Transfer Tasks
50% 40% 30% 20% 10% 50% 40% 30% 20% 10%
L1 —H1 99.92 99.95 99.90 99.65 99.00 99.92 99.95 99.90 99.65 99.01
L2 — H2 99.94 99.93 99.86 99.65 98.56 99.94 99.93 99.86 99.65 98.57
L1— H2 99.96 99.98 99.81 99.70 98.71 99.96 99.98 99.81 99.70 98.71
L2 - H1 99.97 99.94 99.78 99.64 98.62 99.97 99.94 99.78 99.64 98.63
L3 — H3 99.82 99.68 99.46 98.88 97.66 99.82 99.68 99.46 98.88 97.67
Recall (%) F1-Score (%)
Transfer Tasks

50% 40% 30% 20% 10% 50% 40% 30% 20% 10%
L1 —H1 99.92 99.95 99.90 99.65 99.00 99.92 99.95 99.90 99.65 99.01
L2 — H2 99.94 99.93 99.86 99.65 98.57 99.94 99.93 99.86 99.65 98.57
L1 — H2 99.96 99.77 99.81 99.70 98.71 99.96 99.98 99.81 99.70 98.71
L2 — H1 99.97 99.94 99.78 99.64 98.62 99.97 99.94 99.78 99.64 98.62
L3 — H3 99.82 99.68 99.46 98.88 97.66 99.82 99.68 99.46 98.88 97.66

For a comprehensive assessment of the diagnostic performance of individual fault

categories across different WCs and training sample sizes, we calculated the percentage of

correctly classified instances for each fault category as depicted in Table 7. The experiments

demonstrate that reducing the percentage of labeled data has a minimal impact on accuracy,

with the model maintaining its performance within a narrow margin of variation. The

Average Classification Accuracy (ACA) is also calculated, indicating the average accuracy

achieved for each fault category under the specified conditions. ACA is calculated by using

Equation (23). Furthermore, Overall Classification Accuracy (OCA) is also calculated to get

the insights of the final experimental analysis. OCA is measured by utilizing Equation (24).

Overall, this table offers valuable insight into the model’s capability to accurately classify

different faults while adapting to varying operational scenarios and data availability.
ACA — Y (class — wise accuracy) +100 23)
Y-(total number of classes)
OCA L(Ac4) 100 (24)

pr— *
Y_total number of scenarios of training samples in particular experiment

For instance, in Experiment 5 (L3 — H3), the percentage of correctly classified samples
for each fault category is as follows: using 50% of the target domain’s training samples for
fine-tuning yields N = 99.81%, UN = 99.98%, HM = 99.66%, and VM = 99.82%. However,
under the same conditions, using only 10% of the training samples for fine-tuning results in
a slight decrease in the accuracy rates for fault diagnosis. For instance, the accuracy rates for
N, UN, HM, and VM are 97.27%, 99.7%, 97.54%, and 96.12%, respectively. With the training
samples decreasing from 50% to 10%, we achieved ACAs of 99.82%, 99.68%, 99.46%, 98.88%,
and 97.66%, respectively. Consequently, the OCA of this experiment is calculated as 99.10%.
Similarly, for the other experiments conducted, the impact of varying the percentage of
training samples on fault diagnosis accuracy was analyzed. It is noteworthy that in each
experiment, reducing the training dataset from 50% to 10% results in a decrease in accuracy.
However, this observation demonstrates the proposed model’s robustness in effectively
adapting to domain variations, even when faced with significant motor speed variations,
as seen particularly in Experiment 5.

All experiments are conducted on a personal laptop with the i7-1165G7 processor and
16 GB of RAM. Python software of the 3.9.12 version and a scikit-learn library are used to
calculate all the evaluation matrices.
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Table 7. Diagnostic performance of individual faults in varying WCs with different % of training
samples in target domain data for case (L — H).

Transfer % of Training S.amples in Individual Faults ACA (%) OCA (%)
Tasks Target Domain Data N UN HM VM
10% 98.78 99.82 99.32 98.09 99.00
20% 99.61 99.99 99.78 99.2 99.65
L1 — H1 30% 99.93 99.99 99.82 99.85 99.90 99.68
40% 99.96 99.98 99.91 99.94 99.95
50% 99.93 99.94 99.91 99.9 99.92
10% 98.7 99.99 97.11 98.46 98.57
20% 99.49 99.97 99.51 99.6 99.64
L2 - H2 30% 99.91 99.99 99.81 99.88 99.90 99.59
40% 99.99 100 99.74 99.97 99.93
50% 99.98 100 99.87 99.92 99.94
10% 98.95 99.98 97.61 98.28 98.71
20% 99.69 100 99.46 99.66 99.70
L1 — H2 30% 99.67 99.99 99.93 99.66 99.81 99.63
40% 99.97 100 99.99 99.95 99.98
50% 99.98 100 99.89 99.97 99.96
10% 98.68 99.78 99.16 96.86 98.62
20% 99.4 99.98 99.8 99.37 99.64
L2 — H1 30% 99.94 99.46 99.95 99.79 99.79 99.59
40% 99.93 99.99 99.96 99.87 99.94
50% 99.98 100 99.95 99.94 99.97
10% 97.27 99.7 97.54 96.12 97.66
20% 99.03 99.92 98.57 97.99 98.88
L3 — H3 30% 99.57 99.97 99.27 99.02 99.46 99.10
40% 99.78 99.99 99.63 99.31 99.68
50% 99.81 99.98 99.66 99.82 99.82

4.3.4. Special Case: Evaluating Transferability Under Varying WCs of (H — L)

In addition to assessing the transferability of the diagnostic model from low to high-
speed WCs, it is equally crucial to evaluate its performance under the reverse scenario, i.e.,
from high to low speed. This special case analysis aims to elucidate the generalizability and
adaptability of the model across a wide spectrum of motor operating speeds. By examining
how effectively the model applies its learned features and knowledge to new conditions,
we gain insight into its generalization capabilities and potential real-world applicability. In
this section, we delve into the experimental setup and results of this unique evaluation.

In this scenario, the high-speed WCs (H1, H2, or H3) serve as the source domain
data, while the low-speed WCs (L1, L2, or L3) constitute the target domain data. The
hyperparameters utilized both the pre-training and fine-tuning processes to construct the
source and target models, which remain consistent with those employed in the previous
case. Here, we conduct five experiments, where we transfer knowledge from the high-speed
to the low-speed domain (denoted as H — L). For each experiment, varying percentages of
labeled training samples in the target domain are considered for fine-tuning, ranging from
50% to 10% of the total target data. Corresponding testing sets are allocated for evaluation
and validation purposes. Experiments 1 and 4 focus on training, validating, and testing
the model using data from the [47, 48] Hz frequency range, resulting in accuracy of 99.69%
for training and 99.89% for testing. Similarly, experiments 2 and 3 achieve impressive
accuracies of 99.69% for training and 99.93% for testing, utilizing the [49, 50] Hz frequency
range from the source domain. In Experiment 5, the model is trained on the whole frequency
range of the source domain [47, 50] Hz, which leads to impressive accuracy rates of 99.62%
for training and 99.904% for testing. Table 8 summarizes the results, showcasing the source
model’s performance across various motor speed ranges.
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Table 8. Performance metrics of pre-training source model across different motor speed ranges for
case (H—L).

Working Motor Training Training
Conditions Speed CE Loss Acc ValLoss  Val Acc  Test Acc
H1 [47-48] Hz 0.0088 99.69 0.0076 99.74 99.89
H2 [49-50] Hz 0.0088 99.689 0.0072 99.76 99.93
H3 [47-50] Hz 0.011 99.628 0.0104 99.67 99.904

Val = validation, Acc = accuracy.

Following pre-training, the model undergoes fine-tuning on different percentages of
labeled target domain data, followed by evaluation on unlabeled target domain data to
assess the method’s robustness and generalization. Evaluation metrics, including accuracy,
precision, recall, and F1-score, are computed. Table 9 illustrates the performance metrics
across various experiments with varying percentages of training samples in the target
domain. In the first experiment (H1 — L1), when the training samples are reduced from
50% to 10%, the accuracy falls between 99.19% and 94.14%. Experiment 4 (H1 — L2) has an
identical source model, but the target domain is L2 ([15, 16] Hz), yielding accuracy between
99.42% and 95.46%. The accuracy achieved for experiment 2 (H2 — L2) ranged from 99.46%
to 95.88%. Furthermore, experiment 3 (H2 — L1) attains 99.25% to 94.73% accuracy. The
accuracies in the final experiment, achieved by using H3 ([47, 50] Hz) and L3 ([13, 16] Hz),
varied between 96.67% and 90.28% when the number of labeled samples was reduced from
50% to 10%.

Table 9. Performance analysis for transfer tasks with varying target training samples from domain
(H—1L).

Accuracy (%) Precision (%)
Transfer Tasks
50% 40% 30% 20% 10% 50% 40% 30% 20% 10%
H1 — L1 99.19 98.33 98.27 97.39 94.14 99.19 98.33 98.28 97.39 94.16
H2 — L2 99.46 98.82 98.83 98.26 95.88 99.46 98.83 98.83 98.26 95.93
H2 - L1 99.25 98.74 98.24 97.37 94.73 99.25 98.74 98.24 97.39 94.73
H1 — L2 99.42 98.99 98.69 97.84 95.46 99.42 98.99 98.69 97.84 95.51
H3 — L3 96.67 96.16 94.91 93.64 90.28 96.68 96.16 94.92 93.64 90.31
Recall (%) F1-Score (%)
Transfer Task:

TANSIEr TS s0%  40%  30%  20% 10%  50%  40%  30%  20% 10%
H1— L1 99.19 98.33 98.27 97.39 94.14 99.19 98.33 98.27 97.39 94.14
H2 — L2 99.46 98.82 98.83 98.26 95.88 99.46 98.82 98.83 98.26 95.88
H2 — L1 99.25 98.74 98.24 97.37 94.73 99.25 98.74 98.24 97.37 94.73
H1 — L2 99.42 98.99 98.69 97.84 95.46 99.42 98.99 98.69 97.84 95.46
H3 — L3 96.67 96.16 94.91 93.64 90.28 96.68 96.15 94.90 93.63 90.26

These results demonstrate the model’s resilience to change in labeled data, maintaining
accuracy within approximately +3% to +5% range. For a thorough evaluation of the
diagnostic accuracy across various fault categories under diverse WCs (H — L) and training
sample sizes, we conducted a meticulous analysis, focusing on the percentage of correctly
classified instances for each specific fault category. The Average Classification Accuracy,
and Overall Classification Accuracy are also computed to provide a holistic assessment of
the model’s diagnostic capabilities. Despite the reduction in training samples from 50% to
10%, ACAs and OCAs remained relatively high. Table 10 provides further details on the
accuracy rates for each fault category under varying experimental conditions.
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Table 10. Diagnostic performance of individual faults in varying working conditions with different %
of training samples in target domain data for (H — L).

Transfer % of Training S.amples in Individual Faults ACA (%) OCA (%)
Tasks Target Domain Data N UN HM VM
10% 94.71 91.11 95.16 95.59 94.14
20% 98.11 96.33 97.92 97.20 97.39
H1l — L1 30% 98.65 98.52 97.11 98.80 98.27 97.47
40% 99.39 98.06 97.80 98.07 98.33
50% 99.32 98.75 99.17 99.53 99.19
10% 97.47 95.34 97.44 93.28 95.88
20% 98.68 97.90 98.81 97.63 98.26
H2 —» L2 30% 99.34 98.51 98.82 98.64 98.83 98.25
40% 99.33 98.85 99.55 97.56 98.82
50% 99.59 99.16 99.53 99.56 99.46
10% 96.49 92.94 95.92 93.58 94.73
20% 97.24 97.97 96.72 97.56 97.37
H2 —» L1 30% 98.43 98.08 98.28 98.16 98.24 97.67
40% 98.98 98.25 99.02 98.69 98.74
50% 99.31 98.80 99.40 99.48 99.25
10% 94.76 97.50 95.89 93.71 95.47
20% 98.35 97.94 97.46 97.60 97.84
H1l — 12 30% 99.03 98.93 98.47 98.30 98.68 98.08
40% 99.15 98.27 99.30 99.24 98.99
50% 99.71 99.30 99.47 99.20 99.42
10% 92.14 87.38 93.75 87.84 90.28
20% 94.03 91.63 95.24 93.64 93.64
H3 - 13 30% 96.52 91.90 95.70 95.52 94.91 94.33
40% 97.27 94.78 95.97 96.61 96.16
50% 96.68 96.79 96.72 96.51 96.68

4.3.5. Analysis

In transitioning from low to high (L — H) working conditions, the model consistently
demonstrated accuracy within a narrow range of about +1% across varying percentages of
labeled target domain data that were used for fine-tuning. However, during the reverse
transition from high to low (H — L) speed, the variation in accuracy widened, ranging
from approximately +3% to +5%. Specifically, while experiments under low to high
conditions consistently yielded high OCAs, averaging approximately 99.52%, those under
high to low conditions exhibited less consistent performance, with an average OCA of
approximately 97.16%. Notably, while experiments 2 and 4 achieved high OCAs of 98.25%
and 98.08%, respectively, others, particularly experiment 5, experienced a slightly decrease
in accuracy with an OCA of 94.33%. The disparity in accuracy between transitions from
low to high speed compared with those from high to low speed highlights an intriguing
phenomenon warranting further investigation. Several contributing factors likely observed
this discrepancy.

Firstly, the distribution of data points and their intrinsic characteristics may differ
significantly between the low and high-speed regimes compared with the transition from
high to low speed. Furthermore, the relevance and transferability of extracted features
during pre-training could vary depending on the direction of speed transition. Features
may be inherently more applicable to high-speed domains, facilitating smoother adaptation
during fine-tuning. Conversely, discerning relevant patterns and features in low-speed
conditions may pose greater challenges, leading to more pronounced fluctuations in ac-
curacy. Lastly, the size of the training sample used for fine-tuning is a critical factor.
Smaller training sample sizes, particularly during transitions from high to low speed, may
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introduce more variability in the model’s learned representations, thereby influencing
accuracy fluctuations.

4.3.6. Ablation Study: Effect of L2 Regularization on the TTLSTM Model

Our suggested Triplex Transfer LSTM (TTLSTM) is a fine-tuning strategy-based trans-
fer learning model that employs L2 regularization to prevent overfitting. This improves
the model generalizability, especially in high-dimensional feature spaces, by adding a
penalty to the loss function. To determine its impact, a series of experiments are conducted
with and without the use of L2 regularization. We evaluate the performance with and
without L2 regularization while utilizing 10% labeled target domain data for fine-tuning,
particularly the (L — H) scenario, employing a source model and a target model. All other
hyperparameters and training conditions were kept the same to ensure the effect of L2
regularization.

The t-SNE method, which reduces dimensionality by mapping high-dimensional
data onto a two-dimensional plane, illustrates the impact of L2 regularization on the
feature space. This visualization provides a better understanding of the model’s capacity
to differentiate between different fault types (classes). On the other hand, applying L2
regularization makes the classes appear more clearly differentiated and have smooth,
compact shapes; however, not applying L2 regularization results in the classes appearing
as tangled and overlapped clusters. Different clustering patterns demonstrate how L2
regularization reduces overfitting and improves model generalizability. Figure 7 shows
how L2 regularization affects the categorization output.

L2 > H2 L1 > H2 L2 > H1 L3> H3 ® Class 0
® Class1

® Class?2
3 Class 3
o

|

Figure 7. An ablation study: t-SNE feature visualization (a) with L2 regularization (b) without

L2 regularization.

4.4. Comparative Analysis
4.4.1. Transfer Learning vs. Without Transfer Learning Across Varying Working Conditions

The objective of examination without transfer learning is to evaluate the feasibility
of using the trained models directly across various working conditions. However, the
results highlight a significant inadequacy in this approach. It becomes evident that without
transfer learning, the models’ efficiency significantly suffers. This limitation arises from
the challenge of transferring knowledge from the source domain to the target domain,
especially when significant differences exist between the two domains.

To validate the efficacy of the TTLSTM methodology, several investigations were
conducted. We compared the performance of LSTM with transfer learning (utilizing the
proposed method) and LSTM without transfer learning (LSTM without the fine-tuning
step). The absence of transfer learning implies that the model exclusively trains on data
from the source domain and evaluates it using unlabeled data from the target domain.
In this case, the training-to-testing ratio is kept consistent with transfer learning-based



Mathematics 2024, 12, 3698

22 of 29

scenarios. The comprehensive analysis provided in Table 11 contrasts the accuracy achieved
with and without transfer learning across different transfer tasks and varying percentages
of training samples. The results clearly demonstrate a notable disparity, confirming the
challenge of utilizing models trained from the source domain directly in another domain.

Table 11. Performance comparison: transfer learning vs. without transfer learning with varying
training samples.

With Proposed Transfer Learning Without Transfer Learning
Transfer Tasks

50% 40% 30% 20% 10% 50% 40% 30% 20% 10%
L1 —H1 99.92 99.95 99.90 99.65 99.00 24.06 24.08 24.00 24.03 24.08
L2 — H2 99.94 99.93 99.86 99.65 98.56 27.24 27.21 27.23 27.20 27.20
L1 — H2 99.96 99.98 99.81 99.70 98.71 20.58 20.52 20.64 20.61 20.64
L2 —H1 99.97 99.94 99.78 99.64 98.62 28.60 28.60 28.55 28.59 28.61
L3 — H3 99.82 99.68 99.46 98.88 97.66 25.84 25.87 25.94 25.94 25.92
H1 — L1 99.19 98.33 98.27 97.39 94.14 31.06 31.15 31.19 31.13 31.11
H2 — 12 99.46 98.82 98.83 98.26 95.88 29.50 29.61 29.54 29.57 29.51
H2 — L1 99.25 98.74 98.24 97.37 94.73 28.63 28.67 28.71 28.68 28.71
H1 — 12 99.42 98.99 98.69 97.84 95.51 33.47 33.49 33.52 33.49 33.44
H3 — L3 96.67 96.16 9491 93.64 90.28 31.17 31.18 31.20 31.19 31.15

4.4.2. Comparison with Other Methods

To demonstrate the effectiveness of our proposed TTLSTM model, this study conducts
an experimental comparison among several state-of-the-art and classical models on the
dataset mentioned above. Support Vector Machine (SVM), Random Forest (RF), and
Extreme Gradient Boosting (XGBoost) are some of the classical models that were considered.
From the raw data of each sensor, 28 statistical features were extracted (total 84 features)
and fed into the classifier. To ensure a fair comparison with the proposed methodology,
principal component analysis (PCA) is applied to extract 18 valuable features from these
84 features, then input them into the classifier. Moreover, three experiments are conducted
using the extracted 18 features from EMD on raw data, following the proposed method,
and subsequently applying classical models.

The comparison also includes various traditional transfer learning algorithms, such as
Transfer Component Analysis (TCA) [68], Balanced Distribution Adaptation (BDA) [69],
and Joint Distribution Adaptation (JDA) [70]. These established transfer learning meth-
ods consider source and target domain data together, aiming to align their features and
uniformly distribute both marginal and conditional distributions between the domains.
Table 12 provides details about each model, including its inputs and model descriptions.
Classical models such as SVM, RF, and XGBoost are configured with specific parameters,
while traditional transfer learning approaches, such as TCA, BDA, and JDA, employ Ran-
dom Forest Classifier with kernel “RBF” and specific values for dim, lamb, mu, and gamma.
The proposed TTLSTM model (mainly for the task (L3 — H3)) is compared with these
models to evaluate its performance against state-of-the-art and classical methodologies.

The classical models exhibit a slight improvement in accuracy across different classi-
fiers. This phenomenon stems from the inherent disparity between source and target signal
data, attributed to variations in working conditions. Consequently, achieving competitive
results by directly applying source-trained models to the target domain remains challeng-
ing, even with well-optimized parameters. Traditional TL methods demonstrate accuracy
values ranging from 46% to 47.1%, indicating moderate performance. Their performance
typically falls between 40-60% [58], as these methods leverage shallow models that utilize
a matrix for mapping data into a latent space, which may be less expressive than deep
models. Furthermore, TCA, JDA, and BDA suffer significant information loss because they
do not use the labels of target domain data. In contrast, the proposed method achieves
99.09% accuracy. The LSTM architecture in TTLSTM is proficient in learning temporal
dependencies within vibrational time series data, allowing the model to capture dynamic
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fault characteristics with improved efficiency. These results highlight the effectiveness of
the proposed method in improving accuracy and classification performance, emphasizing
its potential as a highly effective strategy for domain adaptation.

Table 12. Model specifications, descriptions for experimental comparison, and their diagnostic accuracy.

Ref Model Input Model Description Acc (%)
Extraction of features using EMD is followed
by feature selection using PCC. Pre-training
F;‘(;gzses TTLSTM 18 fee;ilolfssE?\ztl;acted on the source model followed by fine-tuning 99.09
& using a small amount of labeled data using L2
regularization transfer learning strategy
Raw sienal combines Used pre-trained models of ResNet18 and
. 5 . customized CNN model. ResNet18 (98.2)
with data from virtual VIR . . .. .
[71] CNN . Limitation: focused primarily on training and customized
sensors input to a . li lecting di » CNN (97.22
scalogram testing split, neglecting diverse working (97.22)
conditions and domain shift problems.
Continuous wavelets transform to convert
raw signal to scalogram and CNN model.
[72] CNN Raw signal Limitation: failed to address the complexities 97.14
introduced by variations in working
conditions and domain shifts.
AE, 1D-CNN, MMD, categorical
cross-entropy loss, DNN
Limitation: did not fully consider the crucial
[73] 1D_C§}IE\I and Raw, noisy data factors of diverse working conditions and 41.63-76.8
domain shift problems, potentially limiting
the model’s effectiveness in real-world fault
diagnosis scenarios.
[52] LSTM and RNN Raw, noisy data LSTM, RNN, categor{cal cross-entropy loss, 93.20
domain loss.
[51] LSTM Statistical f.eatures of Stacked LSTM, categorical cross-entropy loss. 96.9
raw signal
SVM 84 statistical features of SVM with RBF kernel and C = 10. 34.68
raw signal
SVM + PCA 18 statlstlcaI. features of ' SVM w1th PCA for' 41.67
raw signal dimensionality reduction.
RE 84 statlstlcal. features of Rand(?m Forest with 273
raw signal n_estimators = 100.
RE + PCA 18 statlstlcal. features of = Random Forest with PCA for dimensionality 35.55
raw signal reduction.
84 statistical features of XGBoost with
Classical XGBoost raw signal multi-SoftMax objective. 3475
XGBoost + PCA 18 statlstlcal. features of ?(GBogst w.1th PCA fgr 318
raw signal dimensionality reduction
18 features extracted SVM trained on features
EMD +SVM from EMD extracted from EMD of raw signal. 2626
18 features extracted Random forest trained on
EMD + RF features extracted from EMD of the 26.1
from EMD .
raw signal.
EMD + 18 features extracted XGBoost trained on features extracted from 2471
XGBoost from EMD EMD of the raw signal. ’
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Table 12. Cont.
Ref Model Input Model Description Acc (%)
Transfer Component Analysis, based on data
distribution adaptation, applied to features
TCA 18 feﬁs:ﬁsg\);{t};acted from both domains with Random Forest 46
Classifier using kernel = RBF, dim = 30,
lamb =1, gamma = 1.
Trtadltl?nal Balanced Distribution Adaptation applied to
lrans‘ €t BDA 18 features extracted features from both domains with Random 471
earning from EMD Forest Classifier using kernel= RBF, dim = 30, ’
approaches mu =05
Joint Distribution Adaptation applied to
DA 18 features extracted features from both domains with Random 462
from EMD Forest Classifier using kernel = RBF, dim = 30, ’

gamma = 1.

Ref = references, Acc = accuracy.

4.5. Practical Implications in Industrial Operations

The proposed method aims to improve fault diagnosis through transfer learning,
addressing significant issues in industries where labeled fault data are often scarce, partic-
ularly for rare faults like unbalance and misalignment. Collecting sufficient labeled fault
data is time-consuming and expensive. To eliminate the need for large, labeled fault data
in all possible working environments across industries, we propose a Triplex Transfer Long
Short-Term Memory (TTLSTM) model, which is based on a pre-training and fine-tuning
strategy. The robustness and generalization of the TTLSTM model to domain variations
make it well-suited for real-world applications where operating conditions may vary over
time. Industrial practitioners can leverage the model to improve maintenance strategies,
optimize resource allocation, and enhance operational efficiency. This move can result in
reduced downtime, improved productivity, and cost savings. The TTLSTM model provides
practical benefits by achieving high accuracy with limited labeled training data, which is a
significant advantage in scenarios where acquiring large datasets is difficult. Leveraging
transfer learning and fine-tuning techniques enables the model to adapt effectively to new
domains, enhancing its practical utility in real-world applications.

Implementing the proposed paradigm in practical scenarios poses significant chal-
lenges. There is a lot of variation in the real world. Changes in operational conditions,
sensor noise, and machine wear and tear often cause domain shifts that are different from
what was seen during model training, which could affect how well the model works. Model
interpretability is another crucial element; engineers and operators frequently require in-
sight into the causes of detected faults; however, deep learning models are generally seen as
“black boxes”, making interpretability essential for developing confidence and facilitating
decision-making. Ultimately, fault characteristics may change as machines undergo repairs,
requiring ongoing model adaptation to maintain accuracy. This necessitates precise model
updates and maintenance to prevent operational downtime.

The proposed model shows potential for enhancing fault diagnosis in complex indus-
trial situations. However, it is crucial to deal with challenges such as adapting to real-world
variability, ensuring interpretability, and facilitating continuous model updates for effective
and sustainable implementation. Bridging the gap between experimental performance and
real-world applicability, these considerations are essential, which will ultimately result in
an increase in the practicality of the model in operational scenarios. The comparison of the
TTLSTM model with state-of-the-art and classical models provides practical guidance for
fault diagnosis practitioners. Understanding the relative performance of different models
facilitates informed decision-making when selecting appropriate approaches for fault diag-
nosis tasks. This knowledge improves the efficiency and effectiveness of fault diagnosis
systems in practice. These implications contribute to advancing fault diagnosis techniques,
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improving operational efficiency in diverse industries, and encouraging further research
and development in this field.

5. Conclusions

This paper presents an intelligent, data-driven approach based on the Triplex Transfer
LSTM (TTLSTM) network for fault diagnosis in rotating machinery with limited labeling.
During the pre-processing stage of the data, features are extracted from the raw vibrational
signals using the EMD approach, and pertinent IMFs are chosen using PCC. The proposed
method overcomes the limitations of insufficient labeled data and domain shift problems by
leveraging transfer learning and fine-tuning strategies to improve the model’s adaptability
across diverse working conditions (from low motor speed to high motor speed and vice
versa). L2 regularization TL is utilized to mitigate the overfitting problem, especially in
scenarios with limited labeled target data. Comprehensive experiments are conducted,
considering a range of scenarios with varying percentages of labeled data in the target
domain, from 50% to 10%. The results demonstrate the robustness and generalization
ability of the proposed approach in varying working conditions (L -+ H and H — L). Our
model gives satisfying results in recognizing machinery faults even with minimal labeled
data compared with classical and conventional transfer learning methods.

In future research, it is essential to explore methods that minimize the reliance on
labeled data in the target domain for fine-tuning, aiming for more efficient and scalable
transfer learning approaches. In cases where the target domain data does not have labels,
there are two main ways to improve cross-domain generalization: either using distance-
based methods like Maximum Mean Discrepancy (MMD), Correlation Alignment (CORAL),
or Marginalized Kernel MMD (MK-MMD) to minimize discrepancies or employing the
mutual information (MI) method to maximize similarities. Additionally, investigating more
competitive deep architectures tailored for transfer learning tasks presents both challenges
and promising avenues for advancement. Moreover, the proposed methods should be
rigorously tested on diverse datasets to validate the generalization capabilities of the model
across different domains and application scenarios.
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Nomenclature

ACA Average Classification Accuracy
AE Auto Encoder

ANN Artificial Neural Network

BDA Balanced Distribution Adaptation
CNN Convolutional Neural Networks
DBN Deep Belief Network

DL Deep Learning

EMD Empirical Mode Decomposition
FFT Fast Fourier Transform

GNN Graph Neural Networks

IMFs Intrinsic Mode Decompositions
JDA Joint Distribution Adaptation
KNN K-nearest Neighbor

LST™M Long Short-Term Memory

OCA Overall Classification Accuracy
PCA Principal Component Analysis
PCC Pearson Correlation Coefficients
RF Random Forest

RNN Recurrent Neural Networks
SVM Support Vector Machine

TCA Transfer Component Analysis
TL Transfer Learning

WCs Working Conditions

WT Wavelet Transform

XGBoost  Extreme Gradient Boosting
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