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Abstract. Industry 5.0 environments present a critical need for effective
anomaly detection methods that can indicate equipment malfunctions,
process inefficiencies, or potential safety hazards. The ever-increasing
sensorization of manufacturing lines makes processes more observable,
but also poses the challenge of continuously analyzing vast amounts of
multivariate time series data. These challenges include data quality since
data may contain noise, be unlabeled or even mislabeled. A promising
approach consists of combining an embedding model with other Ma-
chine Learning algorithms to enhance the overall performance in detect-
ing anomalies. Moreover, representing time series as vectors brings many
advantages like higher flexibility and improved ability to capture complex
temporal dependencies. We tested our solution in a real industrial use
case, using data collected from a Bonfiglioli plant. The results demon-
strate that, unlike traditional reconstruction-based autoencoders, which
often struggle in the presence of sporadic noise, our embedding-based
framework maintains high performance across various noise conditions.

Keywords: Anomaly Detection · Multivariate Time Series · Time2Vec
· Embedding · Autoencoder

1 Introduction

In digital manufacturing, innovations in Machine Learning (ML) enable to boost
productivity and gain competitive advantages by predicting equipment failures
and improving supply chain efficiency through real-time forecasting. ML and
MLOps applications optimize industrial processes by using data-driven insights
to refine production methods, enhance product quality, and increase operational
efficiency [9]. Research is advancing towards the Industry 5.0 paradigm, and its
challenging Zero Defect Manufacturing (ZDM) and Zero Waste Manufacturing
(ZWM) objectives, aiming for more sustainable processes [8,22]. In this scenario,
vast amounts of data are generated from multiple sensors and operational logs,
necessitating effective methods to identify anomalies that can indicate equipment
malfunctions, process inefficiencies, or potential safety hazards. Early detection
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of such anomalies is crucial for maintaining operational efficiency, ensuring pre-
dictive maintenance, and preventing costly failures. This challenge is intensified
by the nature of Big Data, characterized by its high volume, velocity, and variety.

Anomaly detection (AD) is increasingly becoming a critical research chal-
lenge in industrial applications. In particular, Multivariate Time Series (MTS)
data, which involves observing multiple variables over time, poses additional
complexities. Moreover, the industrial environment usually presents issues re-
lated to data quality. Specifically, measured MTS could present noise resulting
in a more difficult AD process. Traditional anomaly detection methods, such as
Recurrent Neural Networks or reconstruction-based approaches, often struggle
with multivariate time series (MTS) characterized by complex temporal depen-
dencies and cross-variable interactions [16]. For this reason, the need arises for
a robust tool to detect anomalies within MTS, especially in industrial settings.

To address these challenges, embedding techniques [6] have been proposed
as a means to represent multivariate TS data in a transformed space, aiming
to capture the underlying structure and relationships within the data more ef-
fectively. Autoencoders (AE) have emerged as a powerful technique for creating
embeddings of MTS data [21]. Jointly with AEs, various ML algorithms are
commonly used for AD. For example, one-class classification could be used to
detect anomalies in the embedding dataset created using the AE.

In this work, trying to enhance AD accuracy, we propose a novel frame-
work for AD in MTS in an Industry 5.0 setting, leveraging vector embeddings
with integrated temporal information to improve the AD process. Specifically,
we designed a Time2Vec-inspired AE to create a vector representation of MTS,
mapping temporal and spatial dependencies. Then, we perform AD on the em-
beddings using a variety of ML models, including One-Class Support Vector
Machine, Isolation Forest, Elleptic Envelop, One-Class Support Data Distribu-
tion, and Local Outlier Factor.

We tested this framework in an industrial case provided by Bonfiglioli, a
global leading manufacturer of gear motors and drive systems. The aim is to
detect anomalies in the gear production process by analyzing TS data from
various sensors installed on the machinery. In this scenario, we compared our
solution with a reconstruction-based method, which served as the baseline. This
demonstrated that our Time2Vec-based AE either matched or, in some cases,
significantly exceeded baseline performance.

The primary contributions of this paper are: (i) we develop a Time2Vec-
based AE for generating high-dimensional embeddings from multivariate TS
data; (ii) we evaluate the effectiveness of this approach in detecting anomalies
using various established ML techniques on the embeddings in a real industrial
environment.

The paper is organized as follows: Section 2 introduces background and re-
lated work on MTS AD. Section 3 describes the industrial use case at Bonfiglioli.
Section 4 introduces our ad-hoc Time2Vec-based autoencoder approach. Section
5 presents the experimental evaluation of our model. Section 6 concludes the
paper and outlines future work.

ITADATA2024: The 3rd Italian Conference on Big Data and Data Science
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2 Background & Related Work

AD in TS data [17] is essential for maintaining efficiency and safety in various
industrial contexts. An anomaly can be either an isolated observation or a se-
quence of observations that substantially differ from the normal distribution.
Each TS data point is not just an individual measurement, but also part of a
temporal sequence, where each value depends on those that come before it. This
interconnected nature means that patterns and trends unfold over time, making
it possible to utilize historical data to predict and understand future behavior.
In analyzing large sets of MTS, it is crucial to identify interactions between
features. Traditional linear autoregressive models are often insufficient, necessi-
tating new approaches to handle non-linear and non-stationary TS interactions
[20]. Creating effective AD models is very challenging due to the complexities of
TS data. An important issue is the imbalance in training data, where instances of
normal operations greatly outnumber rare occurrences of anomalies. This makes
it hard for ML models to accurately learn about anomalous behavior, since there
isn’t enough anomalous data for effective training, and, the unpredictable na-
ture of anomalies adds another layer of complexity. Unlike regular predictive
modeling where events or outcomes are known and defined, anomalies can often
show entirely new behaviors or patterns that haven’t been observed or labeled
before. This unpredictability requires robust and generalizable algorithms to de-
tect deviations that fall outside the range of historical data used for training.
Unsupervised deep learning methods operate without labeled examples of nor-
mal or anomalous states, making them ideal for scenarios where anomalies are
rare or have not been previously identified [19].

Forecasting-based models for AD predict future values of a TS using his-
torical and current data. Anomalies are identified by assessing the discrepancies
between these predicted values and the actual observed values. Recurrent Neural
Networks (RNNs) and Long-Short Term Memory Networks (LSTMs) are pre-
ferred for their efficacy in managing lengthy interrelated sequences and modeling
intricated temporal dynamics, attributed to their ability to maintain memory
over time. LSTM-based AD for multivariate TS data was first proposed in [14]
by stacking LSTM networks. Other applications of LSTM network architectures
have been explored, such as AD-LTI [23].

Reconstruction-based deep learning models for AD operate on the principle
that normal patterns within the data can be learned and reconstructed accu-
rately, whereas anomalies cannot be reconstructed well and thus will show sig-
nificant deviations when the model attempts to reconstruct them. In particular,
models for normal behavior are constructed by encoding subsequences of normal
training data in latent spaces. In the test phase, the model cannot reconstruct
anomalous subsequences since it is only trained on normal data. As a result,
anomalies are detected by reconstructing a point/sliding window from test data
and comparing them to the actual values, by calculating a reconstruction error.
AEs are among the most widely used reconstruction-based models, especially in
the context of solving AD problems. They consist of two main components: an
encoder that compresses the input data into a lower-dimensional representation,
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and a decoder that attempts to reconstruct the input data from this compressed
form. The goal is to minimize the difference between the original input and
its reconstruction, which helps to identify anomalies when the reconstruction
error is notably high. Variational AEs introduce a probabilistic element, encod-
ing inputs as distributions rather than fixed points in the latent space. Some
implementations of these architectures for TS AD include CAE [7] and USAD
[2].

Hybrid methods for AD in TS data involve combining various techniques to
enhance the overall performance of the detection system. These methods typ-
ically integrate classical statistical approaches, ML models, and deep learning
architectures to handle the intricacies of TS data, such as trends, seasonality,
and noise. They often blend a forecasting-based model with a reconstruction-
based model to obtain improved TS representations. An example is CAE-M
[24], which can model generalized patterns based on normalized data by under-
taking reconstruction and prediction simultaneously. This is achieved through
the combination of a convolutional AE and LSTMs.

All of the mentioned methods conduct unsupervised AD on MTS data. How-
ever, they rely on raw input TS for this task, meaning that AD is performed
on the raw data itself rather than on a representation of the data. Methods
like [5] aim to create a representation for MTS based on feature extraction and
selection. There is currently limited research on AD performed on embeddings,
primarily due to the complexities involved in generating and interpreting em-
beddings for MTS data. Embeddings are dense vector representations that aim
to capture the inherent structure and relationships within the data, potentially
offering a more nuanced view of normal versus anomalous patterns compared to
raw data analysis. In the context of MTS, embeddings need to not only repre-
sent the individual data points but also their sequence and temporal context.
Higher-dimensional embeddings can be particularly beneficial in MTS data due
to the complexity and richness of the data involved [10]. Higher-dimensional em-
beddings can capture complex feature relationships more effectively, preserving
the essential characteristics of the data that might be lost in lower-dimensional
representations. However, the use of higher-dimensional embeddings also intro-
duces significant challenges. The primary concern is the curse of dimensionality
[1], which arises because the vector space grows exponentially with the addition
of each dimension. As the number of dimensions increases, the data distribu-
tion across the space becomes increasingly sparse. This sparsity is problematic
because the data points are spread out over a large volume, and there is less
likelihood that any two points are close to each other. Consequently, traditional
distance metrics become less meaningful, making it harder for ML models to
discern patterns or make accurate predictions. Previous efforts have used AEs
to generate general-purpose embeddings for domain-agnostic problems [4]. Ad-
ditionally, specific solutions like Time2Vec (T2V) [11] have been proposed to
address the unique characteristics of time-dependent data. T2V is a technique
employed to represent time as a feature in neural network models effectively. It
encodes time into vectors that capture both linear and periodic characteristics,
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enabling models to recognize and utilize temporal dynamics within data. T2V
is defined as:

Definition 1. For each time instance τ , T2V of τ , denoted as T2V (τ), is a
vector of size k + 1, defined as follows:

T2V (τ)[i] =

{
ωiτ + ϕi if i = 0,

F (ωiτ + ϕi) if 1 ≤ i ≤ k,

where T2V (τ)[i] is the ith element of T2V (τ), F is a periodic activation function,
and ωs and ϕs are learnable parameters.

The application of T2V as an embedding technique allows for a more re-
fined and structured representation of TS data. Thus, T2V serves as a bridge
between traditional TS analysis and advanced AD strategies that exploit the
rich information contained in embeddings.

3 Industrial Use Case

In this work, we developed an MTS AD tool for a Bonfiglioli machine dedicated
to producing gears. Bonfiglioli3 is a prominent manufacturer with over 130 years
of experience in designing and producing a wide array of gear motors, drive
systems, planetary gear motors, reducers, and inverters. The company is a leader
in power transmission production and increasingly adopting Industry 5.0 best
practices, focusing on implementing efficient and environmentally sustainable
processes.

The goal was to train an AD model to identify irregularities in the gear
production process. As a critical component in Bonfiglioli’s manufacturing line,
this machine requires continuous monitoring to ensure high precision and quality
in gear production. To achieve this, Bonfiglioli collected extensive TS data from
various sensors installed on the machine.

Each monitored Bonfiglioli manufacturing process was recorded in a CSV
file, for a total of one million rows. Each row represents a specific second in time
and, for each second, 104 different measurements were taken.

As a first step, considering only one file at a time, we selected 6 measurements
out of 104, on the recommendation of the domain experts. Next, we checked
the presence of NaN values and deleted duplicated rows and outliers. The "fill
forward" method was employed to substitute NaN values with the value from
the previous row. Regarding outliers, it was important to remove them due to
the unlabeled nature of the dataset, which may contain noise or anomalies. To
reach this goal, we deleted rows where at least one value was below the first or
above the third quantile, calculated on the single column. Some files contained
only 90 rows, while others contained over 10,000 due to the varying duration of
the manufacturing process.

3 https://bonfiglioli.com
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To shorten the TS in the longer files we applied resampling, aggregating
rows belonging to the same time window into a single value, calculating the
values average, and preserving only the time index of the last row in the time
window. The dataset was split into multivariate fixed-size TS of 100 seconds.
The examples shorter than 100 seconds were extended by applying constant
padding, specifically prolonging the last value. Pre-processing produced a final
dataset composed of a total of 2950 multivariate TS each 100 seconds long, with
6 different values for each second.

4 Ad-hoc Time2Vec-based Autoencoder

To address the challenges related to the aforementioned industrial scenario, we
developed an ML model capable of extracting embeddings from MTS. Next, we
conducted AD using various one-class classification ML algorithms.

While our approach does not compress information, it uses high-dimensional
embeddings to effectively describe the multivariate features of TS data. This
method aims to maintain a detailed and informative representation where both
spatial and temporal attributes are preserved.

Furthermore, as shown in [11], vector representations of time must capture
both periodic and non-periodic patterns, being invariant to time rescaling and
be simple enough to be used in different architectures. Therefore, drawing in-
spiration from [15], where T2V is utilized as an embedding layer within a larger
architectural framework, we have developed a novel AE designed to extract vec-
tor representations from MTS data, as illustrated in Fig. 1. As highlighted in
Section 2, T2V was originally proposed to produce a better representation of
time by computing a vector using the scalar notion of time as input. However,
we can assume that our TS includes an implicit notion of time, enabling us to
use the TS values rather than the time. Given a multivariate TS X of dimension
N×F, where N is the number of steps and F is the number of features and an
embedding dimension K (where K is a hyperparameter), we use the function
T2VMTS(X) to create a matrix representation (that is subsequently flattened
into a vector). Where each column i is defined as follows:

T2VMTS(X)[i] =

{
X ω0 + b0 if i = 0

sin (X ωi + bi) if 1 ≤ i < K
(1)

where the sin (·) function operates element-wise. w0 is a vector of weights (F×1)
and b0 is a vector of biases (N×1). wi are matrices of weights of dimension
F×(K-1), bi are matrices of biases (N×(K-1)). By creating the embedding in
this way it is possible to capture both non-periodic patterns (Xw0 + b0) and
periodic patterns (sin(Xw + b)). Also by using the sine function, we make the
embedding invariant to time rescaling [12].

The output of this layer is flattened to obtain a 1-D vector representing the
original TS. Therefore, the Decoder is composed of a reshaping layer and a series
of 1-D convolutional layers that have to reconstruct the original TS starting from
the previously computed embedding.

ITADATA2024: The 3rd Italian Conference on Big Data and Data Science
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Fig. 1: Ad-hoc T2V-based AE Architecture.

5 Experimental Evaluation

We conducted several experiments to assess our T2V-based AE performance,
specifically accuracy in detecting anomalies paying particular attention to the
noise model. We compared the results obtained using it jointly with different
ML algorithms with the reconstruction-based AE representing the baseline.

Initially, the industrial TS dataset was split into two parts: training and test
set, the latter containing 10% of examples. We generated four additional test sets
by including modified MTS from the original test set, altered by adding noise
and synthetic anomalies, as it was assumed that the original dataset did not
include them. Specifically, we altered the MTS adding two kinds of anomalies.
The first one is described as a step function and the second one is a series
of periodic spikes sampled from a 3-component Gaussian Mixture Model. We
made this choice assuming anomalies in industrial machinery typically appear as
step and periodic disturbances within the MTS data. Moreover, to further test
and validate the AEs’ robustness to noise and precision, we introduced random
noise, including single-point and salt-and-pepper noise, into 10% of the test set.
This type of noise, representing sporadic, sharp disturbances, does not align with
the expected anomaly in industrial machinery. The goal was to assess whether
the AEs could effectively distinguish and ignore irrelevant noise, concentrating
instead on significant disturbances relevant to machinery operation. Injecting
these anomalies and noise, we created two different test set versions—one where
anomalies were injected in all 6 features and the other where only 4 features
were affected. This approach was taken because two of the features were almost
flatlined, with minimal fluctuations, and we wanted to assess whether excluding
these features would impact the AD tool’s sensitivity to them. Therefore, we
tested T2V-based AE on four different test sets. In the first test set (A-6F) we
injected anomalies in all 6 features, while the second contains synthetic noise
(AN-6F). The third (A-4F) and fourth (AN-4F) are the same as the first and
second, but anomalies were injected only in 4 features.

ITADATA2024: The 3rd Italian Conference on Big Data and Data Science
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5.1 Time2Vec-based Autoencoder

We trained the T2V-based AE from Section 4 to create a vector representation of
MTS. Specifically, it was trained to minimize the TS reconstruction error, com-
puted using the L2 loss. Given the extensive number of hyperparameters and
their significant impact on the SE performance [3], we conducted a systematic
search for the optimal hyperparameters using Optuna4, a comprehensive hyper-
parameter optimization tool. The tunable hyperparameters include the embed-
ding size, the number of filters, the kernel size of the convolutional layer, the
number of layers, the number of epochs, and the training batch size. Therefore,
the training process was repeated many times with different hyperparameters
automatically optimized. Optuna was configured to minimize the reconstruction
error computed using Dynamic Time Warping (DTW) between the actual se-
ries and the reconstructed ones. We did not employ DTW for training the AE
because it is non-differentiable.

After approximately 150 training trials, we empirically noticed that the loss
did not decrease any further. Consequently, we selected the AE with the lowest
DTW score. In the latter, at the end of the training process, the K parameter
in Equation 1, representing dimensionality (number of features) for each time
instance in embeddings, was set to 7 and the number of convolutional layers
in the decoder was set to 3. Following the training of the AE, we used the
encoder to obtain embeddings of the training set, which has subsequently been
used to perform AD using many ML techniques. We chose different state-of-
the-art one-class classification ML algorithms to detect anomalies within the
embedding test datasets [18,13]: Local Outlier Factor (LOF), Isolation Forest
(IF), One-class Support Vector Machine (OCSVM), Deep Support Vector Data
Description (Deep SVDD), and Elliptic Envelope (EE).

5.2 Recontruction-based Autoencoder

We trained another AE, whose reconstruction error was used to perform AD
for performance comparison purposes. This choice was made to compare our
solution (T2V-based AE) with a standard, well-tested method in AD literature.
In this architecture, the Encoder and Decoder consist of a series of 1-D con-
volutional layers. This AE, like the T2V-based one, was trained using Optuna
to optimize the hyperparameters. During the training process, L2 loss is used
while trials are evaluated using DTW. AD in this case is carried out by mea-
suring the reconstruction error using a combination of L2 Loss, Mean Absolute
Error (MAE), and DTW. DTW is employed to calculate the similarity between
TS, accounting for differences in their lengths. MAE and L2 Loss are utilized to
emphasize significant errors.

5.3 Results

We evaluated the performance using F1-Score, Precision, and Recall across four
different test sets, with anomalies (A) and noise (N) injected, affecting either
4 https://optuna.org/

ITADATA2024: The 3rd Italian Conference on Big Data and Data Science
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six (6F) or four (4F) features. As shown in Table 1, T2V-based AE mirrors the
baseline (reconstruction-based AE) in relatively clean and predictable settings,
such as the A-6F test set where it achieves an F1-score of 0.99. EE and the base-
line excel in scenarios where the test data is without noise and where simulated
anomalies involve either step and periodic components on all of the six features
of the MTS. However, EE, LOF and Deep SVDD algorithms achieved slightly
worse results.

It is worth noting how reconstruction-based AE performance, specifically Pre-
cision, significantly declined with the introduction of noise or in situations where
anomalies do not affect all features, showing its fine-tuning for expected anoma-
lies but difficulty in differentiating sporadic noise from actual anomalies. This
limitation suggests a tendency to misclassify such noise as significant anomalies,
potentially leading to many false positives. It is worth noting the best results in
A-4F and AN-4F were achieved using Deep SVDD paired with the T2V-based
AE, reaching F1-scores of 0.91 and 0.78 (against 0.73 and 0.43 of the baseline),
respectively. This suggests that, in this specific use case, the T2V-based AE
with EE and Deep SVDD, especially in scenarios with noise injection, is the
most effective method for anomaly detection. Nonetheless, the T2V-based AE
joint with LOF also showed stable performance across all test sets. These re-
sults demonstrate that performing AD on T2V-based AE embedding is capable
of mirroring, or even significantly exceeding the baseline. This underscores our
solution’s advantage in handling various anomaly detection scenarios, making it
a versatile choice for diverse and unpredictable environments.

6 Conclusion and future work

In this paper, we presented an AD framework that leverages a T2V-based au-
toencoder to extract vector representation from MTS. This brings several advan-
tages, such as the flexibility of using many ML techniques that provide consistent
and high-performance metrics across varying conditions. We demonstrated how
our solution, compared with a reconstruction-based method, results in higher
performance, stability, and robustness to noise in a real industrial use case.

These excellent initial results motivate us to perform further experimenta-
tion to assess the AD performance in additional use cases and with different
datasets. First of all, we are going to test our solution on other real-world in-
dustrial datasets to validate the model’s practical applicability, and refine our
approach based on these findings. In addition, we plan to investigate and imple-
ment alternative methods for generating embeddings that can possibly better
capture the underlying patterns in MTS, enhancing the overall performance of
the AD process. This could include researching different architecture or devel-
oping new techniques. Finally, we plan to apply our MTS embedding solution
beyond AD applications – for example, to estimate accurately the Remaining
Useful Lifetime (RUL) of industrial machinery.

ITADATA2024: The 3rd Italian Conference on Big Data and Data Science
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Reconstruction-based AE T2V-based AE + IF

Test Set F1-Score Precision Recall F1-Score Precision Recall

A-6F 0.99 0.99 0.99 0.41 0.35 0.51

AN-6F 0.61 0.44 0.99 0.34 0.27 0.46

A-4F 0.73 0.98 0.58 0.53 0.49 0.57

AN-4F 0.43 0.34 0.58 0.42 0.31 0.64

T2V-based AE + EE T2V-based AE + OCSVM

A-6F 0.99 1 0.99 0.69 0.74 0.65

AN-6F 0.62 0.45 0.99 0.6 0.56 0.65

A-4F 0.76 0.75 0.78 0.81 0.78 0.84

AN-4F 0.35 0.28 0.46 0.71 0.62 0.84

T2V-based AE + LOF T2V-based AE + Deep SVDD

A-6F 0.84 0.92 0.76 0.83 0.84 0.83

AN-6F 0.74 0.72 0.76 0.81 0.8 0.83

A-4F 0.75 0.73 0.77 0.91 0.85 0.97
AN-4F 0.78 0.72 0.85 0.87 0.79 0.97

Table 1: Comparison of AD performance using the T2V-based AE jointly with many
ML algorithms (IF, EE, OCSVM, LOF, Deep SVDD) and the reconstruction-based
AE. In the test set names A means Anomaly injected, N means Noise injected, and
-4/6F means 4/6 features are affected by anomaly injection. In bold is highlighted the
highest score for each test set.
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