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Abstract

Jang, Jinkwan
Naval Architecture and Ocean Engineering

The Graduate School

Seoul National University

Recently, with the development of environmental regulations in
the international shipping industry and the emergence of Digital
Twin technology, real—time monitoring of ships and offshore
platforms is gradually spreading. In particular, multivariate time—
series anomaly detection based on sensor dataset is a very
important technology for real—time monitoring of ships and offshore
platforms, where large damages may occur when abnormal states
accumulate and lead to accidents. However, due to the
characteristics of high—dimensional and time —dependent
multivariate time—series data, it is difficult to predict and detect
anomalies, and therefore it is necessary to use deep learning
technology. As advanced deep learning architectures have invented
every vyear, the accuracy of multivariate time—series anomaly
detection has greatly improved, but as the structure of deep
learning models becomes more complex, the model's capacity

increases and it requires a huge amount of training data to show
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stable, optimal performance.

In situations where it is not possible to obtain more real data for
training purposes, data synthesis and augmentation techniques can
be used as an alternative. However, if conventional time—series
data synthesis methods such as random transformation or pattern
mixing are used to gain sufficient multivariate time—series data for
training, the time dependency may not be properly contained and
also the distribution of generated data is significantly different from
that of actual data, resulting in a poor quality of the augmented
training data. As a result, it may actually degrade the performance
of the deep learning model. Therefore, it is necessary to approach
the problem by using novel method like deep generative models that
can generate high—quality synthetic time —series sensor data that is
very similar to the distribution of actual time—series data and
contains both the time dependency and the relationship between
variables.

This study is for reliable detection of anomalies with high
accuracy on the energy system of a diesel engine bulk carrier with
an open loop type SOx scrubber, which is one of the representative
energy systems of ships and offshore platforms. The selected
energy system has the advantage of being intuitive and easy to

analyze. Considering the limited access to training data due to
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security reasons or the lack of training data itself for various
situations in new—build ships, it is necessary to synthesize and
augment the training data sufficiently.

High—quality synthetic data generated by TimeGAN for training
applied to the TranAD, a Transformer—based multivariate time-—
series anomaly detection model that currently has the best anomaly
detection performance, and verify that it shows more stable
prediction and better anomaly detection performance than when it

was trained using only existing sensor dataset.

Keywords : Ships & Offshore Platforms, Energy System, Real—time
Monitoring, Multivariate Time Series Synthesis & Augmentation,
Multivariate Time Series Anomaly Detection, Performance
Improvement

Student Number : 2021—-25813
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