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Abstract: Anomaly detection is the process of detecting unusual or unforeseen patterns or events in
data. Many factors, such as malfunctioning hardware, malevolent activities, or modifications to the
data’s underlying distribution, might cause anomalies. One of the key factors in anomaly detection is
balancing the trade-off between sensitivity and specificity. Balancing these trade-offs requires careful
tuning of the anomaly detection algorithm and consideration of the specific domain and application.
Deep learning techniques’ applications, such as LSTMs (long short-term memory algorithms), which
are autoencoders for detecting an anomaly, have garnered increasing attention in recent years. The
main goal of this work was to develop an anomaly detection solution for an electrical machine using
an LSTM-autoencoder deep learning model. The work focused on detecting anomalies in an electrical
motor’s variation vibrations in three axes: axial (X), radial (Y), and tangential (Z), which are indicative
of potential faults or failures. The presented model is a combination of the two architectures; LSTM
layers were added to the autoencoder in order to leverage the LSTM capacity for handling large
amounts of temporal data. To prove the LSTM efficiency, we will create a regular autoencoder model
using the Python programming language and the TensorFlow machine learning framework, and
compare its performance with our main LSTM-based autoencoder model. The two models will be
trained on the same database, and evaluated on three primary points: training time, loss function,
and MSE anomalies. Based on the obtained results, it is clear that the LSTM-autoencoder shows
significantly smaller loss values and MSE anomalies compared to the regular autoencoder. On the
other hand, the regular autoencoder performs better than the LSTM, comparing the training time. It
appears then, that the LSTM-autoencoder presents a superior performance although it was slower
than the standard autoencoder due to the complexity of the added LSTM layers.

Keywords: long short-term memory algorithm; deep learning model; autoencoder model; anomaly
detection; electrical machine

1. Introduction

Since the 18th century’s first industrial revolution, industrial maintenance techniques
have evolved to address the challenges of equipment reliability and performance in in-
dustrial settings. Initially, the predominant approach was reactive maintenance [1], also
known as “breakdown maintenance”. This involved waiting for equipment failures to
occur and then taking corrective actions to fix the issues. While this approach was simple
and cost-effective in the short term, it often resulted in significant production losses, safety
hazards, and higher repair costs.

As industries became more complex and downtime costs increased, predictive mainte-
nance emerged as a more proactive strategy, involving routine inspections and maintenance
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tasks based on predetermined schedules. This approach aimed to prevent unexpected
failures by addressing known wear and tear issues. While preventive maintenance re-
duced unplanned downtime to some extent, it was not always efficient and often led to
unnecessary maintenance activities and associated costs.

In recent years, with advancements in technology and the rising implementation of
artificial intelligence techniques in the industrial sector, predictive maintenance (PdM) has
gained prominence [2]. This approach utilizes real-time data from sensors, monitoring
systems, and predictive algorithms to assess equipment conditions, identify potential
failures, and schedule maintenance activities accordingly. By adopting this approach,
organizations can optimize maintenance schedules, reduce costs, maximize equipment
uptime, and enhance overall operational efficiency.

Furthermore, artificial intelligence, artificial neural networks (ANNs), and deep learn-
ing (DL) methods are being integrated into industrial maintenance practices [3,4]. These
technologies enable more advanced data processing, anomaly detection, and predictive
modeling, leading to more accurate predictions and optimized maintenance strategies. One
of the most common DL techniques is the long short-term memory (LSTM) architecture,
which is one of the recurrent neural network algorithms (RNN) that can model and predict
sequential data [5]. RNN can be used as a regression model for anomaly detection. The
main issue with the standard RNN is its inability to learn long-term patterns in sequential
data due to the gradient vanishing/exploding problem when applying a backpropagation-
through-time (BPTT) algorithm during the training phase. For this reason, a standard RNN
is rarely used in real world applications, which are usually based, instead, on two improved
RNN variants: the long short-term memory (LSTM) and the gated recurrent unit (GRU).

Barso presents a survey of recent advances in anomaly detection methods such as
convolutional neural networks (CNN), generative models, variational autoencoder (VAE),
and temporal logic-based learning [6].

Predictive maintenance is a very advanced maintenance technique, it requires a signif-
icant amount of data to properly function and predict future failures before they occur. In
order to properly handle the large amount of data required and extract patterns to perform
efficient training and predict future failures, the implementation of DL and specifically
LSTM-autoencoder models might be essential.

LSTM-autoencoders can capture long-term dependencies and model contextual infor-
mation, making them particularly useful for tasks involving sequential data with temporal
dynamics [7]. Thus, LSTM is perfectly suited to treat, train, and learn from our database,
which contains a large number of sequential vibration data.

Our model presents a combination of the two architectures; LSTM layers were added
to the autoencoder in order to leverage the LSTM capacity to manage large amounts of
temporal data inputs.

To prove the model efficiency, we first introduced a regular autoencoder and trained
both models on the same data using Python. After visualizing the results and competence
of the two models, we compared and reviewed their performance on three points: training
time, loss function, and MSE anomalies.

2. Related Work

Predictive maintenance (PdM) methods, based on artificial intelligence (AI) techniques
such as deep learning (DL) and machine learning (ML), have recently been widely used
in industries to manage the health status of industrial processes. As a result of the de-
velopment and increasing popularity of these DL algorithms, now it is possible to gather
enormous amounts of operational and process conditions data generated from various
pieces of equipment and use the data to make an automated fault detection, diagnosis, and
most importantly, a prognosis to increase the utilization rate of the components and reduce
and predict downtime [8].

The paper published in [9] pinpointed the current landscape of AI in manufacturing.
A systematic review of different journals and science source materials was made to under-
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stand better the requirements and necessary steps for a successful transition into Industry
4.0 supported by AI and the challenges that may occur during this process.

A state-of-the-art analysis of the ongoing and upcoming AI research is given by
Zhang in [10]. Noting that AI is a multidisciplinary field with various applications in
numerous domains, it concluded that the next advancement in this field can not only
provide computers with better logical thinking powers but can also give them emotional
capabilities. It is possible that soon machine intelligence may surpass human intelligence.
One of the key drivers of artificial intelligence is machine learning (ML), which focuses on
developing algorithms that can learn from data and improve their performance over time.

Without the need for more explicit programming, machine learning algorithms ar-
range the data, learn from them, acquire insights, and generate predictions based on the
information they analyze [11]. Machine learning is concerned with using data to train a
model and then using the model to predict any incoming data [12].

The significant advantage of machine learning is its capacity to handle complex and
large-scale datasets. By processing vast amounts of data, machine learning algorithms
can uncover intricate patterns and relationships that may not be obvious to humans.
This enables applications in various domains, such as speech recognition and image,
natural language processing, recommendation systems, fraud detection, autonomous
vehicles. . . etc.

Computer science, including AI and distributed computing areas, is increasingly
prominent in a field where engineering is predominant, highlighting the necessity of a
multidisciplinary methods to properly meet Industry 4.0. However, several restrictions
and obstacles are categorizing this field [8].

The historical overview of maintenance was mentioned. In the article, the potential
for a “new” kind of maintenance associated with Industry 4.0, namely PdM, was proposed.
They concluded that PdM, being the most advanced form of all maintenance, is what
companies strive to develop and what can give them an advantage over others.

ML algorithms have been widely used in computer science and other fields, including
PdM of production systems, tools, and machines, it is one of the potential applications for
data-driven approaches. ML algorithms can solve many problems using the important
number of available data created by industries. In a study about the recent advancements
of ML techniques applied to PdM, the most commonly used ML algorithms for PdM
were those mentioned in [13]: logistics regression (LR), support vector machine (SVM),
reinforcement learning (RL), and decision tree (DT). The continuous growth of PdM was
highlighted [14]. Ref. [15] surveyed papers related to the automotive industry from an ML
perspective, mentioning the adequacy of ML for PdM, and concluding that the implementa-
tion of DL techniques will increase but requires the availability of large amounts of labeled
data. Ref. [16] is an article that aims at facilitating the task of choosing the right DL model
for PdM by reviewing cutting-edge DL architectures and how they integrate with PdM
to satisfy the needs of industrial companies (anomaly detection, root cause analysis, and
remaining useful life estimation). They are categorized in industrial applications, with an
explanation of how to close any gaps. Open difficulties and potential directions for further
research are then outlined. Ref. [17] is an article summarizing the fundamentals of ML and
DL to generate a broader understanding of the systematic framework of current intelligent
systems. The authors abstractly defined keywords and concepts, described how to develop
automated analytical models using ML and DL, and discussed the difficulties in applying
such intelligent systems in the context of electronic marketplaces and networked commerce.

Machine learning techniques can be subdivided into supervised, unsupervised, semi-
supervised, and reinforcement learning. Ref. [18] is an article that reviews the state of
supervised learning research, concentrating on three common forms of weak supervision:
incomplete supervision, inexact supervision, and inaccurate supervision. It was determined
that when there is a multitude of training instances with ground-truth labels, supervised
learning techniques have had remarkable success. However, in practical applications,
gathering supervision information incurs costs, making the ability to perform weakly
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supervised learning often beneficial [19]. The authors of [20] describe semi-supervised
learning as a field. The survey provides an up-to-date analysis of this crucial area of ML,
covering techniques from the early 2000s as well as more recent developments. Additionally,
they have introduced a new taxonomy for semi-supervised categorization techniques that
makes distinctions between the approach’s main goal and unlabeled data.

The training and learning of ANN-based unsupervised learning is outlined in [21],
where they explain the procedures for choosing and fixing several hidden nodes in an
ANN-based unsupervised learning environment. Additionally, a summary of the sta-
tus, advantages, and difficulties of unsupervised learning are described. A manuscript
introducing deep RL models, algorithms, and techniques is published in [22].

Focusing in particular on the generalization features and the practical uses of deep
RL, one of which is the CNN algorithm. The authors of [23] wrote a paper that provides
a thorough analysis of the fundamental design ideas and technical uses of 1D CNNs,
with a particular emphasis on current advancements in this area. Finally, their distinctive
qualities are highlighted, capping off their cutting-edge performance. Ref. [23] proposed
a data-driven approach that combines RNNs with graspable explanations for predicting
the probability of mortality. This method was able to identify and clarify the historical
contributions of the linked elements to the prediction, in addition to providing the antici-
pated mortality risk. It was determined that if patients’ clinical observations in the ICU are
continually monitored in real time, they may benefit from early intervention.

A survey on RNNs and several new advances for newcomers was exposed in [24] and
by professionals in the field. The fundamentals and recent advances are explained and the
research challenges are introduced, mentioning other RNN architectures, especially LSTM.

3. Long Short-Term Memory Algorithm

A typical feature of RNN architecture is cyclic connectivity, which gives the RNN
the ability to update the current state based on past states and current input data. These
networks, consisting of standard recurrent cells, have had incredible success with numerous
challenges. Unfortunately, when the gap between the relevant input data is large, the above
RNNs are unable to connect the relevant information [25].

To handle the “long-term dependencies”, Hochreiter and Schmidhuber [26] proposed
the long short-term memory (LSTM) model.

Long short-term memory (LSTM) is a type of recurrent neural network (RNN) that is
particularly useful for working with sequential data, such as time series anomaly detection,
which makes it convenient to implement in the PdM approach.

In particular, LSTMs excel at handling the complex and dynamic nature of equipment
performance data, which often contains multiple variables and dependencies. By capturing
the long-term dependencies in the data, LSTMs can provide more accurate predictions
of future equipment failures, enabling organizations to take preventive measures before
failures occur [6].

The LSTM has become the focus of DL. To investigate its learning capacity, the authors
in [25] examined the LSTM cell and its variations. They also divided LSTM networks
into two primary types, LSTM-dominated networks and integrated LSTM networks, and
discussed their different applications. Finally, LSTM network research directions were
outlined. The training process of RNNs was reviewed in [27], and the authors explained
how the LSTM neural networks can handle the main weakness of RNNs by learning long-
term dependencies. In [28], an RNN-LSTM sentiment analysis model was put forth. To
provide structured knowledge that can be applied to certain tasks, the goal was to build
systems capable of extracting subjective information from natural language documents,
such as feelings and opinions. With a 96% success rate, the LSTM model’s performance was
quite remarkable. The LSTM networks can learn higher-level temporal patterns without
prior knowledge of the pattern duration, and it may be a practical method to model typical
time series behavior, which can be used to detect anomalies [29].
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A specific type of neural network is the autoencoder algorithm. The autoencoders’
architecture, goals, and different applications were mentioned in [30].

To identify between spam reviews and legitimate reviews, an unsupervised learning
model integrating LSTM networks and an autoencoder (LSTM-autoencoder) was suggested
in [31]. The model in question was trained on how to identify real review trends from
textual details only. The experimental findings demonstrate that the model can distinguish
between legitimate and spam reviews with reasonable accuracy.

In engineering applications, an LSTM-autoencoder model was utilized for training
and testing to improve the accuracy of the anomaly detection procedure [32]. This strategy
enabled the identification of patterns and trends in the vibration data that might not have
been obvious when using more conventional techniques. The accuracy percentage for
finding anomalies in the vertical carousel system using the correlation coefficient model
and LSTM-autoencoder was 97%.

The study presented in [33] proposed an LSTM network-based approach for multi-
variate time series data forecasting, in addition to an LSTM autoencoder network-based
approach coupled with a one-class SVM algorithm for anomaly detection in sales. The
acquired results demonstrate that, in comparison to the LSTM-based method proposed
in prior work, the LSTM autoencoder-based method leads to improved performance for
anomaly identification.

The LSTM architecture presented in Figure 1 consists of several units, each containing
three main components: the input gate, the forget gate, and the output gate. These gates
work together to control the flow of information into and out of the memory cell [6].
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3.1. The Input Gate

The input gate determines which information is relevant to the current time step and
should be stored in the memory cell. It takes as input the current input and the previous
hidden state and applies an activation function (typically a sigmoid function) to each
component. The sigmoid function is commonly used in neural networks as an activation
function for binary classification problems [34].

The calculations of the first layer can be represented by the following equation:

i1 = σ(Wi1·(Ht−1, xt) + biasi1) (1)

where Wi1 is the weight matrix of the first layer, i1 and Ht−1 is the previous hidden state, xt
is the current input, and biasi1 is a vector added to improve the accuracy of the model.
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The second layer represents the calculation of the candidate values, regulating the
network by passing the previous hidden state and current input into the hyperbolic tangent
function, as follows:

i2 = tanh(Wi2·(Ht−1, xt) + biasi2) (2)

The outputs of these two layers are then multiplied and the information that needs to
be stored in the memory cell results:

iinput = i1·i2 (3)

3.2. The Forget Gate

It determines which information in the memory cell should be forgotten or discarded,
based on the current input and the previous hidden state. Its main role is to prevent
the network from remembering irrelevant or outdated information, which could lead to
overfitting or poor performance.

To achieve this, the LSTM’s forget gate calculates a forget vector, which is a set of
values between 0 and 1 that determine how much of each element in the previous long-term
memory should be preserved or forgotten. The forget vector is created by passing the
concatenation of the current input and the previous short-term memory through a sigmoid
activation function. This sigmoid function maps the input to a range between 0 and 1,
similarly to the input gate, with values closer to 0 indicating that the corresponding element
in the previous long-term memory should be forgotten, and values closer to 1 indicating
that the element should be preserved.

The forget vector has values ranging from 0 to 1 and can be mathematically represented
by the following equation:

f = σ
(

Wforget(Ht−1, xt) + biasforget

)
(4)

Once the forget vector is calculated, it is multiplied element-wise by the previous
long-term memory to obtain the new long-term memory, as follows:

Ct = f ⊙ Ct−1 (5)

where Ct is the new long-term memory, f is the forget vector, ⊙ represents the element-wise
multiplication, and Ct−1 is the previous long-term memory.

The new long-term memory is then updated with the information from the current
input using the input gate, which determines which parts of the current input should be
added to the long-term memory.

Ct = f ⊙ Ct−1 + iinput (6)

This process effectively erases information from the previous long-term memory that
is no longer relevant to the current input. By doing so, the network can learn to focus on
the most important features of the input data and make better predictions or decisions.

3.3. The Output Gate

The output gate in an LSTM cell is a key component that determines which parts
of the long-term memory and current input are passed on to the next cell or used as the
final output of the network. It is responsible for regulating the flow of information and
selectively passing on relevant information to subsequent time steps or as output [35].

The output gate takes as input the current input, the previous hidden state, and the
current long-term memory, which have all been processed by their respective gates (input
and forget gates), as previously explained.

First, the current input and the previous hidden state are passed into the sigmoid
activation function with the appropriate weights, which will determine the proportion of
the current long-term memory that should be included in the new short-term memory.
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O1 = σ(WO1(Ht−1, xt) + biasO1) (7)

Then, the tanh activation function is applied to the new long-term memory, which was
calculated by the forget gate and updated by the input gate. This normalizes the values of
the new long-term memory.

O2 = tanh(WO2·Ct + biasO2) (8)

The normalized new long-term memory is then multiplied element-wise with the
output of the sigmoid gate to produce the new short-term memory:

Ht·Ot = O1 ⊙ O2 (9)

The hidden state/short-term memory and cell state/long-term memory produced by
these gates is then passed to the next time step for the process to be repeated or used as the
final output of the network.

4. System and Database Description

Before we introduce our model, we need to clarify the source and characteristics of the
used data and system. Our database is composed of time series data collected from sensors
installed on SpectraQuest’s Machinery Fault Simulator (MFS) Alignment-Balance-Vibration
(ABVT) system.

SpectraQuest (Richmond, VA, USA) is a company that specializes in providing solu-
tions for machinery fault diagnosis, condition monitoring, and vibration analysis. They
offer a range of products and services aimed at helping industries ensure the reliability,
performance, and safety of their machinery and equipment.

The SpectraQuest’s MFS ABVT is a specialized piece of equipment designed to sim-
ulate various fault conditions and performance scenarios in machinery (Table 1). It is
commonly used for research, testing, and training purposes in the field of fault diagnosis
and condition monitoring.

To collect the data, four sensors were used:

• Three Industrial IMI Sensors, Model 601A01 accelerometers on the radial, axial, and
tangential directions: sensibility (±20%) 100 mV per g (10.2 mV per m/s2). Fre-
quency range (±3 dB) 16-600000 CPM (0.27–10.000 Hz). Measurement range ±50 g
(±490 m/s2).

• One IMI Sensors triaxial accelerometer, Model 604B31, returning data over the radial,
axial, and tangential directions: sensibility (±20%) 100 mV per g (10.2 mV per m/s2).
Frequency range (±3 dB) 30-300000 CPM (0.5–5.000 Hz). Measurement range ±50 g
(±490 m/s2).

The used characteristics of the MFS ABVT are given in the following table:

Table 1. Specifications of the MFS ABVT [36].

Specification Value

Motor 1/4 CV DC
System weight 22 Kg

Frequency range 700–3600 rpm
Rotor 15.24 cm

Diameter of axis 16 mm
length of axis 520 mm

Bearings distance 30 mm
Balls number 8

diameter of balls 0.7145 cm
Cage diameter 2.8519 cm

FTF 0.3750 CPM/rpm
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Our database contains two simulated states:

• Normal functioning state: this state represents the normal operating condition of the
machinery, where all components are functioning properly and there are no faults or
abnormalities.

• Imbalance state: this state simulates an imbalance in the rotating components of the
machinery by adding weights ranging from 6 g to 35 g. Imbalance can occur due to
uneven distribution of mass, leading to vibrations and performance issues.

In the dataset, there are 49 normal sequences without any faults. Each normal sequence
corresponds to a fixed rotation speed ranging from 737 rpm to 3686 rpm, with an increment
of approximately 60 rpm between each sequence.

For the imbalance sequences, the same 49 rotation frequencies used in the normal
operation case are employed for loads below 30 g. However, for loads equal to or above 30 g,
the resulting vibrations make it impractical for the system to achieve rotation frequencies
above 3300 rpm. This limitation reduces the number of distinct rotation frequencies and
measurements available. To conclude, we used in our program a simulated database
obtained from SpectraQuest’s Machinery Fault Simulator.

In anomaly detection, the goal is to identify patterns in data that deviate significantly
from what is considered normal. Anomaly detection using LSTM networks is particularly
effective for time series data, where patterns can change over time and may be difficult to
detect using traditional methods [37].

To use LSTM anomaly detection, the first step is to train an LSTM network on normal
data to learn the patterns and relationships in the time series. This training process involves
feeding the LSTM network with historical data and optimizing the network’s parameters
to minimize the difference between the predicted and actual values. Once the network has
been trained on normal data, it can be used to detect anomalies in new data.

When the LSTM encounters a time series data point that deviates significantly from the
learned patterns, it can flag that data as anomalous and alert the user about potential issues.
For example, in the context of predictive maintenance, an LSTM network trained on sensor
data from industrial equipment can identify patterns that indicate potential equipment
failures, allowing maintenance teams to take proactive measures to prevent downtime.

Autoencoders are a type of neural network that can learn to encode and decode
different types of data. Commonly used in unsupervised learning tasks, the goal of
an autoencoder is to learn a compressed representation of the input data in a lower-
dimensional space, and then use this representation to reconstruct the original data as
accurately as possible [30].

The autoencoder consists of two main parts: an encoder and a decoder. The encoder
takes the input data and maps it to a lower-dimensional latent space, while the decoder
takes the encoded data and reconstructs the original input data.

By training the network to minimize the difference between the input data and the
reconstructed data, the autoencoder can learn to capture the most important features of the
input data and ignore any irrelevant or noisy information.

Autoencoders have a wide range of applications, including data compression, image
and speech recognition, and anomaly detection [30].

In anomaly detection, autoencoders can be used to identify patterns in temporal
data by learning to encode the normal behavior of a system. The idea is to train the
autoencoder on a dataset of normal, or non-anomalous, instances, and then use it to
reconstruct new instances. When an anomalous instance is encountered, it will likely have
a higher reconstruction error than normal instances, since it does not fit the learned pattern.
Thus, the reconstruction error can be used as a metric for anomaly detection, and instances
with high reconstruction errors can be flagged for further investigation.

Autoencoders have several advantages over traditional anomaly detection methods;
they can learn complex patterns in data and do not require explicit feature engineering.
They are also able to adapt to new and changing patterns in the data, making them suitable
for dynamic systems.
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4.1. Data Split

To effectively train our model, the split of the data into a training set and a test set is
necessary:

• The training set is the portion of the dataset on which the model learns the underlying
patterns and relationships between the input features and the target variable. The
training set is typically larger than the test set to provide enough data for the model to
learn from.

• The test set is a subset of the data that are used to evaluate the performance of the
trained model. It serves as an unseen dataset that the model has not been exposed to
during the training phase. The test set is used to assess how well the model generalizes
to new, unseen data. By making predictions on the test set, the model’s performance
metrics, such as accuracy, precision, recall, or mean squared error, can be evaluated.
The test set helps to determine the effectiveness and reliability of the trained model.

The shape of the training set and split set vary according to the amount of data used.
In general, the larger the quantity of data the greater percentage we can use for the training
set. In the case of this study, 12 million data values are used, which allowed us to perform
a 95% to 5% train–test split.

4.2. Data Preprocessing

Preprocessing is a necessary step applied to transform the raw data into a format that
maximizes the performance and reliability of our model.

Down-sampling is a preprocessing technique often used when the dataset is too large
to be handled effectively. It aims to reduce the amount of data treated in order to create
a more balanced dataset, which can improve the performance and fairness of the DL
model. In this study, the “downSampler” function was used. It is an implementation of a
down-sampling technique that reduces the size of the dataset by calculating the mean of
consecutive subsets of the data. the train and test data are down-sampled with a sampling
rate of 1000, which reduces the size of both datasets by aggregating consecutive subsets of
1000 samples into single rows.

LSTM models are primarily designed to work with a three-dimensional data format,
thus, to benefit from the full potential of the proposed model (time series anomaly de-
tection), the reshaping of the 2D data into 3D data is the last step of the preprocessing
of data.

5. LSTM-Autoencoder

In the LSTM autoencoder model architecture, the input data X are passed through sev-
eral LSTM layers. The first LSTM layer (L1) processes the input data, returning sequences
to preserve the temporal information. The second LSTM layer (L2) further processes the
output from the first layer, but does not return sequences. Instead, it compresses the
information into a fixed-length vector. Line L3 creates a layer that repeats the compressed
representation of the input sequence, allowing subsequent LSTM layers to process it and
generate a reconstructed sequence of the same length as the original input. The third LSTM
layer (L4) takes this compressed representation and reconstructs a sequence of the same
length as the original input.

Finally, the fourth LSTM layer (L5) refines the reconstructed sequence. The output
layer applies a dense transformation to each time step independently using the TimeDis-
tributed wrapper, aiming to reconstruct the original input data. The resulting model is an
LSTM autoencoder that learns to compress and reconstruct the input data while capturing
temporal dependencies and patterns.

After defining a function that creates our model, we configure the training process of
the LSTM autoencoder model, including the optimizer, loss function, metrics, and early
stopping callback, and provide a summary of the model’s architecture (Table 2).
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Table 2. Summary of LSTM autoencoder model.

Layer (Type) Output Shape Parm

Input_1(input layer) [(None, 1, 3)] 0
Lstm (None, 1, 64) 17408
Lstm_1 (None, 64) 33,024
Reoeat_vector (None, 1, 64) 0
Lstm_2 (None, 1, 32) 12,416
Lstm_3 (None, 1, 64) 24,832
Time_distributed (None, 1, 3) 195

Total params / 87,875
Trainable params / 87,875
Non_trainable params / 0

The autoencoder is compiled with the Adam optimizer, which is an efficient optimiza-
tion algorithm for neural networks, and the mean squared error (MSE) is used as the loss
function to measure the discrepancy between the model’s predictions and the true values
as it computes the average squared difference between the predicted and target values. The
accuracy metric is also specified to evaluate the model’s performance.

The MSE (mean square error) function is defined as follows:

MSE =
1
n∑n

i=1 (yi − ŷi)² (10)

where n is the number of samples, y is the target value, and ŷ is the target value.
The provided architecture performs the necessary setup and configuration for training

an LSTM autoencoder model using the Adam optimizer and MSE loss function.
The early stopping is defined with twenty epochs for patience, and the model summary

is finally displayed.
LSTM-AE training time per epoch is given in Figure 2. By analyzing the plot result, we

notice that the model quickly converges to a relatively optimal solution. This indicates that
the model has learned the underlying patterns and features of the training data efficiently
within the initial epochs.
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The stagnation of training time from around the 40th epoch suggests that further
training does not significantly enhance the model’s performance, which is why our model
saved the 65th epoch as the best one and stopped the training at the 100th epoch.

The model loss represents the difference between the reconstructed sequences (output)
generated by the LSTM autoencoder model and the original input sequences (target).
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The loss value is calculated using the MSE as the loss function, and the plot of the
model loss over the training epochs is shown in Figure 3. It provides insights into how the
loss changes as the model undergoes training.
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The plot of training accuracy and validation accuracy provides valuable insights into
the model’s performance during training. By comparing the two curves, we can assess the
model’s ability to learn and generalize.

In Figure 4, both lines increase and converge, indicating that the model is learning
well and generalizing to unseen data. A large gap between the two lines may suggest
overfitting, which is not our case. We can also observe the overall trend of the curves, with
increasing accuracy over time indicating successful learning.
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By comparing the accuracy and the loss plots, we can observe that the model’s accuracy
increases while the loss decreases. This indicates that the model is effectively optimizing its
predictions and learning from the training data.

We conclude the LSTM-AE visualization by plotting the models’ mean squared error
of the imbalance axial, radial, and tangential vibrations.

The results of Figure 5 show that the MSEs of the model are very small, which means
that our model learned effectively, and its performance is acceptable. The random peaks of
MSE indicate the presence of anomalies which will be detected next.
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6. LSTM-AE Anomaly Detection

After explaining and visualizing the LSTM-AE model, we will now review its performance
in detecting anomalies. Figure 6 shows 6 g MSE imbalances. We applied a 95% threshold.

Energies 2024, 17, x FOR PEER REVIEW 13 of 19 
 

 

 
Figure 6. LSTM-AE 6 g imbalance anomalies. 

7. Regular Autoencoder 
Our autoencoder model is created using the standard autoencoder function with 

X_train as the input. The autoencoder is compiled with the Adam optimizer, which is an 
efficient optimization algorithm for neural networks, and the mean squared error (MSE) 
is used as the loss function to measure the discrepancy between the model’s predictions 
and the true values as it computes the average squared difference between the predicted 
and target values. The accuracy metric is also specified to evaluate the model’s perfor-
mance. 

The summary of the autoencoder model shows the architecture and the number of 
parameters (Table 3). The model consists of four layers: 

Table 3. Summary of the AE model. 

Layer (Type) Output Shape Param 
Input_1(input layer) [(None, 1, 3)] 0 

Dense (None, 1, 128) 512 
Dense_1 (None, 1, 128) 16,512 
Dropout (None, 1, 128) 0 
Dense_2 (None, 1, 3) 387 

Total params / 17,411 
Trainable params / 17,411 

Non_trainable params / 0 

Figure 6. LSTM-AE 6 g imbalance anomalies.



Energies 2024, 17, 2340 13 of 18

Using the 95th percentile as a threshold offers a balanced approach. Higher percentiles
create a more conservative threshold, reducing false positives but potentially missing some
anomalies. Lower percentiles increase sensitivity to anomalies but may result in more false
positives. The selection of the threshold depends on the specific application and the desired
level of sensitivity and precision.

By setting the threshold at the 95th percentile, we can capture a majority of the normal
data while allowing a small portion of anomalies.

7. Regular Autoencoder

Our autoencoder model is created using the standard autoencoder function with
X_train as the input. The autoencoder is compiled with the Adam optimizer, which is an
efficient optimization algorithm for neural networks, and the mean squared error (MSE) is
used as the loss function to measure the discrepancy between the model’s predictions and
the true values as it computes the average squared difference between the predicted and
target values. The accuracy metric is also specified to evaluate the model’s performance.

The summary of the autoencoder model shows the architecture and the number of
parameters (Table 3). The model consists of four layers:

Table 3. Summary of the AE model.

Layer (Type) Output Shape Param

Input_1(input layer) [(None, 1, 3)] 0
Dense (None, 1, 128) 512

Dense_1 (None, 1, 128) 16,512
Dropout (None, 1, 128) 0
Dense_2 (None, 1, 3) 387

Total params / 17,411
Trainable params / 17,411

Non_trainable params / 0

Then, we plot the epochs’ training time, which allows us to identify any significant
variations or trends in training time and provide insights into the efficiency of the train-
ing process.

Figure 7 shows that the training time decreases significantly during the first epochs
from 2.19 s to 0.91 s, and fluctuates from around the 9th epoch until the last epoch 1.41 s
to 0.7 s. This means that our model reached its optimal capacities in the first epochs, and
continuing the training will not result in major improvements.
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We can see that the training loss decreases and reaches stability within the first epochs,
overlapping with the validation loss. It means that the model has learned the underlying
patterns and can make accurate predictions on both the training and validation datasets.
It quickly adapts to the data and reduces the loss, reaching its full potential early on,
suggesting that continuing the training process may only result in minor improvements.

We conclude by visualizing the MSE for each vibration (axial, radial, and tangential)
in the predicted output compared to the original test data. See Figure 9.
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The MSE plotted in Figure 9 assesses how well the autoencoder model is reconstructing
each feature. The MSE values are very small (from 10−5 to 10−7), which indicates that the
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predicted values are closer to the original values, implying better reconstruction accuracy
and overall performance.

Finally, the anomaly detection step of the 6 g imbalance data is given in Figure 10:
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8. LSTM-AE and Regular AE Comparison

After introducing both models, we will now compare their performance by reviewing
three aspects.

8.1. Training Time

After plotting the training time of both models on the same data, we notice that the
training process of the LSTM-AE took a significant amount of time compared to the training
process of the regular AE (6 min vs. 40 s).

This can be explained by the more complex architecture of the LSTM-AE. The LSTM-
AE requires more time for each epoch due to the additional computations involved in
training the LSTM layers. These computations include the forward and backward propaga-
tion of information through the recurrent connections and updating of the LSTM cell states.

Consequently, the overall training process takes longer compared to the regular AE,
which has a simpler architecture and fewer computational operations.

8.2. Loss Functions

The MSE loss functions of both models decrease significantly with time and reach a
plateau, suggesting that both models successfully learned the data patterns and reached
their optimal performance.

On the other hand, the MSE loss values of the LSTM-AE were remarkably less impor-
tant than the loss values of the regular AE (0.4 vs. 0.0003), Figures 3 and 8, which proves
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the superiority of the LSTM-AE in handling large, complex amounts of data and detecting
temporal features and dependencies.

The LSTM layers allow the model to learn and exploit the temporal relationships
between the input features. This enables the LSTM-AE to better reconstruct the input data
and minimize the reconstruction error, as quantified by the MSE loss function. In contrast,
the regular AE lacks the ability to explicitly model and capture temporal dependencies. It
treats the input data as independent and identically distributed samples, neglecting any
underlying sequential information. As a result, the regular AE may struggle to effectively
reconstruct the time-dependent patterns in the data, leading to higher MSE loss values.

By leveraging the memory cells and recurrent connections, the LSTM-AE is able to
better preserve the temporal information and reconstruct the input data with higher fidelity,
resulting in lower MSE loss values. This highlights the advantage of using LSTM-based
architectures when dealing with sequential or time-dependent data.

8.3. MSE Anomalies

While both models had impressive low mean squared error values on the different
axes of the weighted imbalances, the MSEs of the LSTM-AE were significantly smaller than
the ones on the regular AE (10−7 vs. 10−16). Figures 5 and 9.

This means that while both models are performing well, the LSTM-AE performances
are superior due to its complexity and capability to handle big amounts of data and
temporal dependencies, which is confirmed by the loss results discussed previously.

The remarkably smaller values of the MSE in the LSTM-AE also indicates that the
anomalies present and detected in the machinery are less important and less common
compared to the anomalies in the regular AE model, which only consolidate and confirm
our results and findings.

9. Conclusions

Artificial intelligence plays a significant role in the field of anomaly detection. The
proposed work focuses on a combination of the two architectures: LSTM layers were added
to the autoencoder in order to leverage the LSTM capacity for handling large amounts of
temporal data. After developing the LSTM-AE model, its performances are compared to
the regular AE model of an electrical motor. To prove the efficiency of the model, first, the
regular autoencoder is introduced and both models are trained on the same data using the
same code written with Python. After visualizing the results and competence of the two
models, a comparison of their performance on three points, training time, loss function,
and MSE anomalies, was given. The analysis performed clearly shows that the LSTM-
autoencoder had significantly smaller loss values (0.0003 vs. 0.4) and MSE anomalies
(10−16 vs. 10−7) compared to the regular autoencoder, while the regular autoencoder
outperformed the LSTM when it came to training time (40 s vs. 6 min). Lastly, the LSTM-
autoencoder had superior performance although it was slower than the regular autoencoder
due to the complexity of the LSTM layers added.

Finally, the choice between the two models depends on the specific requirements of
the application, weighing the trade-off between training time and performance. The most
appropriate DL model or approach may vary depending on the systems’ characteristics,
specific requirements, data features, and the goals of the PdM application.

The real-time monitoring integration and feedback mechanisms, and a comparison of
the LSTM-autoencoder with other methods such as generative models, variational autoen-
coder (VAE), and temporal logic-based learning could be examined in future research.
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