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Summary: Predictive maintenance is a crucial technique for reducing machine downtime. One challenge is the
absence of labeled run-to-failure data. We propose a semi-supervised anomaly detection approach using Temporal
Convolutional Networks, a regression model that has multivariate data as input and estimates vibration data. Our
study reveals that our sensor signal estimation is quite accurate for normal data. The estimation error serves as a

score that is useful for identifying anomalies.
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Introduction

Predictive maintenance (PdM) is a crucial tech-
nique to reduce machine downtime and improve
operational efficiency. Traditionally, PdM relies
on labeled run-to-failure data to train machine
learning models that can predict equipment fail-
ures. However, obtaining such data is often chal-
lenging and impractical in many industrial set-
tings [1]. This paper addresses the challenge of
detecting anomalies in machine behavior without
labeled run-to-failure data by leveraging control
loop data to predict system responses, particu-
larly vibrations.
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Fig. 1: Basic concept of a Temporal Convolutional
Network. By using dilated causal convolutions,
long-range dependencies (blue lines) can be
capéu;ed without increasing the complexity of the
model.

PdM finds applications across various indus-
tries, including oil, gas, and wind. The poten-
tial of PdM is significant, with studies estimat-
ing that a properly functioning PdM program can
provide savings of 8% to 12% over preventive
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maintenance alone [2]. Depending on a facil-
ity’s reliance on reactive maintenance and ma-
terial condition, savings opportunities could ex-
ceed 30% to 40% [2].

This paper uses a Temporal Convolutional
Network (TCN) approach as shown in Fig. 1 to
perform anomaly detection on a die ejector ma-
chine. The die ejector is a critical component
, Where it is used to precisely place bare-dies
onto substrates. The machine operates at high
speed, which results in vibrations. Distinguishing
normal from abnormal vibrations is a challenge.
Using our adapted TCN-AD approach to predict
the system’s physical response to input signals,
it is possible to detect anomalies in the die ejec-
tor’s behavior, ensuring timely maintenance and
reducing the risk of machine failure.
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Fig. 2: Estimation error based anomaly detection
using Temporal Convolutional Networks. Estimation
errors lead to an increase in anomaly score.

Methodology

The methodology revolves around the develop-
ment and evaluation of the Temporal Convolu-
tional Network for Anomaly Detection (TCN-AD)
approach, which was first used in [3]. What dis-
tinguishes our approach from that in [3] is that
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Fig. 3: TCN-AD anomaly score (blue) and smoothed score (orange) tracked over several month. Towards the end

of the shown time period the machine condition gets worse, which already was indicated by our model.

there is no prediction of future time steps, but
rather a regression of measured signals, in par-
ticular vibrations, based on a set of other signals,
in our case control loop data. The primary goal
is to detect anomalies in machine behavior by
predicting the system’s physical response to ex-
ternal impulses. In this way, the algorithm intrin-
sically models the physical system during nor-
mal operation. If the physical properties change
over time, the regression error, which is the dif-
ference between the estimated and actual sen-
sor signals, increases. Thus, this regression er-
ror makes a good indicator for anomalies (see
Fig. 2).

The TCN model used in our approach con-
sists of several key components, including di-
lated causal convolutions and residual connec-
tions. Dilated causal convolutions allow the
model to capture long-range dependencies in the
time series data without increasing the model
complexity, while residual connections help in
training deeper networks by allowing gradients to
flow more easily through the network.

The model is trained using normal sequences
of control loop data by minimizing the estimation
error on these sequences. It is then validated
with a separate set of normal sequences to en-
sure good generalization to unseen data. During
anomaly detection, the trained TCN model esti-
mates sensor signals for new input sequences,
and sequences with high estimation errors are
flagged as anomalies. What sets our approach
apart from the state of the art is its ability to
model the physical response of a system to in-
put signals using control loop data, without re-
lying on labeled run-to-failure data. This semi-
supervised method is a robust and practical so-
lution for predictive maintenance across various
machines and systems without the need for ex-
tensive labeled datasets.

The approach is evaluated using a dataset that
contains vibration data from a die ejector ma-
chine. The results demonstrate the effective-
ness in detecting anomalies in machine behav-
ior, highlighting its potential for improving pre-
dictive maintenance strategies and reducing ma-
chine downtime.

Results

The evaluation of the TCN-AD approach demon-
strated its effectiveness in detecting anomalies in
machine behavior using vibration data. The key
findings from the evaluation are as follows:

The approach showed high accuracy in de-
tecting anomalies in the vibration data of the die
ejector machine. The estimation error, which
is used as the anomaly score, effectively iden-
tified abnormal behavior in the machine’s oper-
ations (Fig. 3). The model was found to be ro-
bust to noise in the sensor data. The use of di-
lated causal convolutions and residual connec-
tions in the architecture allowed the model to
capture long-range dependencies and filter out
noise, leading to more accurate anomaly detec-
tion. The model demonstrated good general-
ization to unseen data. During inference, the
model successfully identified anomalies in new
input sequences, indicating its ability to general-
ize well to new data.

The evaluation highlighted the advantages of
using a semi-supervised learning method that
uses normal operational data for anomaly detec-
tion, making it a practical solution for predictive
maintenance. The findings from the evaluation
in Fig. 3 suggest that the system changed signif-
icantly over time compared to the modeled one
and thus the machine might have a damage.
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