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Abstract

Operational systems, such as industrial automation, autonomous vehicles, and
larger air/sea/landcrafts, often contain a large number of heavily connected sys-
tems with real-time requirements for their functionality. For such systems, detect-
ing and responding to anomalies is both challenging and crucial. Until recently,
such anomalies were monitored using heuristic methods, or even humans monitor-
ing the systems. Such approaches often fail to detect anomalies accurately due to the
complexity of the systems. A continuous development of the systems also poses a
significant challenge, as the current anomaly detectors have to be updated, and staff
trained. Geometrical deep learning is a well known tool used for anomaly detection
in applications where the data can be represented as a graph. However, to our knowl-
edge it is yet to effectively be used for complex operational systems, currently only
being used for simpler cases such as fraud detection. Recently, a new architecture
named Graph Attention Network (GAT) has been studied as an anomaly detection
method. Its ability to incorporate information in large networks makes it potentially
useful for complex operational systems. In this thesis we evaluate different machine
learning based methods for anomaly detection, trained on data from real operational
systems, focusing on submarines. The methods evaluated include GCNs, GATs and
Autoencoders. We also evaluate which data preprocessing methods that are best
suited for our case. The results of this thesis provide a basis for further research and
show that GATs could be successfully implemented as anomaly detectors for com-
plex operational systems, though the usage may not be justified without sufficient
data and complexity.
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Abbreviations

GNN Graph Neural Network

GAT Graph Attention Network

GCN Graph Convolutional Network

CNN Convolutional Neural Network

MTAD-GAT Multivariate Time-series Anomaly Detection via Graph Attention
Network

GD Gradient Descent

SGD Stochastic Gradient Descent

ADAM Adaptive Moment Estimation

GRU Gated Recurrent Unit

MSE Mean Squared Error

MAE Mean Absolute Error

TE Total Error

TP True Positives

TN True Negatives

FP False Positives

FN False Negatives

7





Contents

Abbreviations 7
1. Introduction 11

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.2 Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.3 Goal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.4 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2. Background 18
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.2 Types of Machine learning . . . . . . . . . . . . . . . . . . . . 18
2.3 Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.4 Standard Autoencoders . . . . . . . . . . . . . . . . . . . . . . 22
2.5 Variational Autoencoders . . . . . . . . . . . . . . . . . . . . . 23
2.6 Graph Neural Networks and the Graph Attention Network variation 25
2.7 Optimization Methods . . . . . . . . . . . . . . . . . . . . . . . 28
2.8 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . . 29
2.9 Regularization Methods in Neural Networks . . . . . . . . . . . 30
2.10 Multivariate Time-series Anomaly Detection via Graph Attention

Network (MTAD-GAT) . . . . . . . . . . . . . . . . . . . . . . 32
3. Methodology 33

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.2 Target Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . 34
3.4 Custom Graph Models . . . . . . . . . . . . . . . . . . . . . . . 35
3.5 MTAD-GAT . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.6 Standalone Autoencoder . . . . . . . . . . . . . . . . . . . . . . 37
3.7 Sensor Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.8 Network Data . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.9 Network Data Processing . . . . . . . . . . . . . . . . . . . . . 40
3.10 Extracting Time Series Data from Network Data . . . . . . . . . 44
3.11 Extracting Raw Data for Autoencoder . . . . . . . . . . . . . . 48

9



Contents

3.12 Anomaly Types . . . . . . . . . . . . . . . . . . . . . . . . . . 49
3.13 Generating Anomalies for our Own Models . . . . . . . . . . . 50
3.14 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.15 Finding a Threshold for Anomaly Classification . . . . . . . . . 55
3.16 Underlying System and its Impact on Anomaly Detection . . . . 58
3.17 Experiments Performed . . . . . . . . . . . . . . . . . . . . . . 59

4. Results 60
4.1 Algorithm Selections . . . . . . . . . . . . . . . . . . . . . . . 60
4.2 Preliminary Tests on Simulated Data . . . . . . . . . . . . . . . 60
4.3 GCN and GAT on Simulated Errors . . . . . . . . . . . . . . . . 62
4.4 Custom Graph Models Implementation Details . . . . . . . . . . 64
4.5 MTAD-GAT . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
4.6 Standalone Autoencoder . . . . . . . . . . . . . . . . . . . . . . 71
4.7 Autoencoder Model Architecture . . . . . . . . . . . . . . . . . 75

5. Discussion 77
5.1 Own Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
5.2 MTAD-GAT . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
5.3 Standalone Autoencoder . . . . . . . . . . . . . . . . . . . . . . 84
5.4 Observational Errors . . . . . . . . . . . . . . . . . . . . . . . . 85
5.5 Finding Thresholds . . . . . . . . . . . . . . . . . . . . . . . . 86
5.6 Acquiring Better Data . . . . . . . . . . . . . . . . . . . . . . . 87

6. Conclusion 89
6.1 Can GATs be Used to Monitor Complex Operational Systems? . 89
6.2 Limitations of our Study . . . . . . . . . . . . . . . . . . . . . . 90
6.3 Future Improvements . . . . . . . . . . . . . . . . . . . . . . . 90

Bibliography 92
Appendix 95

A1 Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

10



1
Introduction

11



Chapter 1. Introduction

Submarines are underwater vessels, mostly used for military purposes. The first sub-
marines were powered by hand, but as motors were invented, these were adopted
mainly as generators for batteries that run the vessel while submerged. The first
submarine powered by an electrical battery was invented by a polish engineer in
1881. With the additional invention of underwater torpedoes, submarines became
important tools for Germany, UK, US and Russia, in the first and second World
Wars.

Submarines have been in use by navies since the 19th century, both for offense
towards enemy crafts, and as powerful reconnaissance operators. Due to their
stealthy nature, communication with the outside need to be kept severely limited,
making it exceedingly important with local maintenance capability. Another rein-
forcing factor is the duration of submersion, where a craft may not resurface for
multiple weeks.

Anomaly detection is a crucial part of successful submarine operations, and small
errors can potentially lead to critical situations. Historically, we have seen several
submarine accidents of varying degrees, and to highlight the importance of proper
security measures, we will mention a few:

• HMS Thetis (1939): A British submarine that sank during a trial, unfortu-
nately causing the death of 99 people. The problem was an open torpedo
tube, and the lack of sufficient warning systems lead to only four people be-
ing saved.

• K-141 Kursk (2000): A Russian submarine explosion caused the loss of the
full crew of 118 people. Insufficient communication is thought to have been a
contributing factor, and an anomaly detection system could potentially have
prevented the catastrophe.

A submarine can be a stressful environment for the crew, and as technology has
advanced more load has instead been shifted to computers. However, this has in-
troduced new challenges that must be handled, such as maintenance complexity,
cybersecurity threats and various other technical challenges related to the commu-
nication between components.

Operational systems, such as industrial automation, autonomous vehicles, and
larger air/sea/landcrafts, often contain many heavily connected systems with real-
time requirements for their functionality. Events and patterns leading to costly and
dangerous problems can therefore be hard to detect. Additionally, the unique un-
derwater environment, with high pressure and limited visibility contributes to the
difficulty of the task for personnel.

Saab Kockums specializes in building sophisticated naval vessels for the Swedish
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1.1 Motivation

Armed Forces. Due to the increasing technical complexity of each new generation
of naval vessels, technical maintenance at sea can be challenging. At the same time
the safety and security requirements for these crafts are of utmost importance, as
diverse problems can cause loss of human life or cause a risk for the security of the
craft’s mission.

When an accident occurs, it is critical to correctly identify the cause of the prob-
lem, as well as the solution. This often requires a deep understanding of how the
systems work, and it can be difficult to educate the personnel of the craft to the
extent needed to safely respond to an incident. Monitoring systems that could make
detecting anomalies easier are therefore of great interest to Saab.

1.1 Motivation

Types of anomalies
• Cybersecurity breaches: These anomalies can often manifest in the form

of unusual data traffic or data spikes that could signal a Distributed Denial-
of-Service (DDoS) attack. Another example would be unusual data payloads
which could for example signal code injections. Such anomalies are of utter-
most importance to the safety of the crew, and potentially a larger organiza-
tion, and should therefore be treated accordingly. (Further reading [Krishna
Kishore et al., 2023])

• Operational Anomalies: This type of anomaly signals a malfunction or a
breakdown in the system or process being monitored. This could be as simple
as a cable breaking, a software bug, or a whole part of a system malfunc-
tioning. This could manifest in high signal loss, corrupted data packets or
complete absence of signals from a system. Although not as critical in nor-
mal scenarios, such errors could prove quite significant in stressful and de-
manding situation such as naval battle. (Further reading [Lutz and Carmen
Mikulski, 2003])

• Timing Anomaly: This anomaly occurs when there is a lack of synchroniza-
tion among critical systems, such as sensors or internal clocks. This could
mean measurements in regards of the naval crafts surroundings, as well as
out of sync steering/navigation, which could in turn could lead to inaccurate
environmental assessments, compromised navigational accuracy, or even er-
rors in tactical decisions. For example a non-synchronized navigation and au-
topilot system could result in incorrect course plotting, endangering the craft
and its crew. Furthermore, timing anomalies during stealth operations could
lead operational failures, for example if a craft is not synchronized with other
crafts. (Further reading [Lisova et al., 2016])
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Chapter 1. Introduction

• Wear and Tear Anomaly: This is associated with gradual degradation of
submarine components, such as sensors or mechanical parts. due to wear and
tear over time. Unlike other failures, wear and tear anomalies manifest as
a slow decline in performance and reliability, which can be challenging to
detect early. (Further reading [Michałowska et al., 2021])

The current operational processes
Warships and submarines have complex operating systems that control their nav-
igation and automation. These systems require proper anomaly detection, but the
existing solutions do not currently leverage artificial intelligence or machine learn-
ing, due to their complex structures.

Modern anomaly detection is mostly done manually by the crew of the seacraft.
When something is wrong, it must firstly be detected by the crew, and later also di-
agnosed. This exposes the systems to human factor, which can in stressful, or more
complex situations lead to errors in diagnosis and response to incidents/anomalies.

Graph Based Anomaly Detection
Graph-based anomaly detection involves identifying irregular patterns or behaviors
in data that are structured as graphs. In this approach, nodes represent entities, and
edges depict relationships between them. Anomalies could manifest as unexpected
changes in the connectivity, structure, or attributes of these entities. The detection
process leverages graph properties like centrality, clustering, and subgraph patterns
to discern deviations from the norm. This method is particularly effective in con-
texts where relationships are complex and critical, such as in fraud detection, cyber-
security, and social network analysis. By revealing subtle and unexpected structural
changes, graph-based anomaly detection provides valuable insights into the under-
lying data.

Graph Attention Networks
Graph Attention Networks (GAT) [Veličković, 2024] are a new machine learning
architecture that can represent complex data with irregular structures. They al-
low for training on any type of graph, such as social or transportation networks. It
is therefore reasonable to investigate their potential in complex operational systems.

Neural Networks work by taking numerical data points and feeding them to a num-
ber of hidden layers, in which nodes are trained by a set of independent weights.
These nodes can produce an output result, e.g. a prediction. There are many variants
of Neural Network architectures that work well for different applications, but rele-
vant to this work is the class called Graph Neural Networks. One such architecture,
Graph Convolutional Networks (GCN) is the first attempt towards a generalized
CNN, but comes with a few limitations. Particularly GCNs lack the ability to learn
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1.2 Approach

importance of single nodes, and treat all nodes equally. GATs introduce an attention
mechanism, which allow for arbitrary importances between nodes.

1.2 Approach

With enough relevant data it should be possible to train a machine learning model
that could detect anomalies. For this application, networks able to reconstruct data
are suitable, and GNNs or trained GATs could be used for feature extraction. These
models could potentially be used for anomaly detection.

1.3 Goal

The goal of this thesis is to dive deeper into Graph Attention Networks and how
they can be used, specifically for complex operational systems. Our hypothesis is
that the underlying system is not complex enough for GAT to provide a significant
improvement over simple GCNs.

As there are simpler alternatives such as GCNs, we will compare the GAT’s
performance to different models. We will also examine if the complexity of the
MTAD-GAT model (see Section 2.10) provides significant advantage over simpler
models that use the GAT architecture.

Furthermore, we will explore different models such as simple autoencoders that
would analyze individual packets. Our motivation for this is that these models
could complement the GAT models in identifying exactly where an anomaly oc-
curred, as the GAT/GCN models in this thesis can only detect when an anomaly
occurred, but not where in the system.

Our goal is to understand more about Graph Attention Networks, more specifi-
cally to examine their use in complex operational systems, such as ship automation
and navigation systems onboard warships and submarines. We aim to investigate
whether GATs have an advantage over simpler GCNs, and whether the systems are
suitable for such architectures.1

1.4 Related Work

Since 2018 there have been a substantial number of methods developed around
Graph-based Time-Series Anomaly Detection, which were reviewed in a survey
[Ho et al., 2024]. According to the study, these methods have been used in various

1 The code is available at https://github.com/ivkall/GAT-Monitoring-OpSys
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Chapter 1. Introduction

real-world and industrial applications, such as water systems, as well as traffic
and social networks and video data. It mentions that regarding signal data, there
are a few categories that are based on either autoencoders, Generative Adversarial
Networks (GAN), prediction or self-supervision. One of the most recent contribu-
tions are MST-GAT: A Multimodal Spatial-Temporal Graph Attention Network for
Time Series Anomaly Detection [Ding et al., 2023], which looks at diverse time
series with spatial-temporal relationships and is trained on graph structures in both
dimensions.

Another GAT method, targeted for water systems, is Graph Deviation Network
(GDN) [Deng and Hooi, 2021]. It works by reading the time-series of N sen-
sors, and associating with each one an embedding vector vi, which is initialized
randomly. It builds a directed graph where nodes represent sensors and edges a
dependency relation. We can choose to include all sensors, or a selection, based
on prior knowledge of our data structure to be used as candidates Ci of sensors
dependent on sensor i. Dependencies are learned using the dot product

e ji =
v⊤i v j

∥vi∥ · ∥v j∥
for j ∈ Ci

and we store 1 at the indices of the top k e ji in the otherwise zero-valued learned
adjacency matrix A. The next step is taking a time window of w sensor values that,
using the GAT feature extraction, produces a prediction of the vector of sensor
values at time t, ŝ(t). The difference compared to the observation s(t) is used to
calculate the deviation score As(t). An anomaly is regarded as a score exceeding
a fixed threshold. The authors showed that GDN outperformed the baseline for
accuracy.

More specifically related to this work is the original paper on Graph attention
networks by Veličković et.al., from 2018, which lay out the foundation of the GAT.
The main breakthrough with this model was the ability to assign different weights
to different neighbors of nodes, unlike classical GCNs where all neighbors had the
same weights. This allowed for the model to learn much more complex relations,
and also learn the importance of single nodes in a graph. The result described in the
paper proved that GATs were better at learning the structure of networks than many
other models such as a simple multi-layered perceptron and GCN, even though the
difference between the GAT and GCN was marginal. This paper covered mainly
the clustering and classification of nodes.

Also related is the paper on Multivariate time-series anomaly detection via graph
attention network by Zhao et.al., from 2020, which introduce the MTAD-GAT al-
gorithm. This paper evaluated the use of GATs for analyzing the relations in time
series, and the aim was to detect anomalies in these time series. The data consisted
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of for example CPU, GPU and memory usage in a computer. This paper proved that
MTAD-GAT outperformed state of art methods, however not significantly.
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2
Background

2.1 Introduction

For a long time now, machine learning has been one of the captivating fields in
human development. Its significance has, however, increased rapidly in the past
years. Major improvement in computational power, universal data spread, and,
most importantly, a series of new algorithmic approaches have accelerated machine
learning’s adoption in technology industry. In this field, the thesis majorly focuses
on machine learning whereby a number of types of neural networks are used.

Neural networks have gained the center stage of attention because of their ca-
pability toward complex pattern recognition and predictive analysis.

Therefore, it is capable of solving problems across a large and diversified domain,
for example, from image recognition, natural language processing, to predictive
maintenance. The next chapter will set out the theoretical basis necessary to under-
stand the methodology, experiments, and results laid down in this thesis. Namely,
it will review some of the key concepts in the architecture of many other types of
neural networks.

2.2 Types of Machine learning

Supervised Learning
Supervised learning represents a labeled training dataset; that is to say, in super-
vised learning, there is always a corresponding label for each of the training in-
stances. The model should be able to predict the output for any new or unseen data
after learning patterns from the training set. The main two types under this category
of learning include classification, where the outputs are classes or categories, and
regression, where the outputs are continuous values or set numbers. Basically, the
performance of supervised learning models is majorly provided in terms of accu-
racy to predict the output of a test set that is separate from the data used in training.

18



2.3 Neural Networks

Supervised learning finds applications in fields as diverse as image recognition or
speech recognition.

Unsupervised Learning
Unsupervised learning is a class of machine learning techniques in which the al-
gorithm learns patterns from unlabeled data. Most of the time, the goal is to find
out the underlying structure of data with no, or at best very loose guidance by way
of explicit outputs or labels. The most important tasks of unsupervised learning are
clustering, or the division of data into sets with features that are even more alike
among themselves, and dimensionality reduction, which subsequently reduces the
high complexity of the data down to its essential aspects. In the case of anomaly de-
tection, these unsupervised methods are also brought to bear for the finding of data
points that exhibit large deviations away from the rest and in associative tasks to
derive rules explaining large parts of the data. Unsupervised learning provides very
useful techniques whenever labeled data is sparse or one tries to reveal the hidden
patterns and relationships in the data by itself.

Semi-Supervised Learning
Semi-supervised learning stands as an intermediary approach in machine learning,
utilizing both labeled and unlabeled data for training. Typically, a small amount of
labeled data alongside a larger pool of unlabeled data is used. This method lever-
ages the labeled data to learn a preliminary structure or pattern and then applies
this understanding to categorize or derive insights from the unlabeled data. Semi-
supervised learning is particularly useful when acquiring labeled data is expensive
or labor-intensive but unlabeled data is abundant. Common applications include text
and image classification, where labeling large datasets can be prohibitively costly.
By harnessing both labeled and unlabeled data, semi-supervised learning can sig-
nificantly improve learning accuracy and model performance compared to unsuper-
vised learning, especially when labeled data is scarce. (Further reading [Chapelle
et al., 2006])

2.3 Neural Networks

Multi-layered perceptron
Given a Multi-Layered Perceptron (MLP) [Cybenko, 1989] (see Figure 2.1) with L
layers, where the first L− 1 are hidden layers and layer L is the output layer, the
mathematical operations of the MLP can be described as follows:

1. Input Layer to Hidden Layers: Let x denote the input vector. For the l-th
layer (1≤ l < L), the transformation can be represented as:

hl = f (Wlhl−1 +bl)
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Chapter 2. Background

where h0 = x is the input, Wl represents the weights, bl is the bias, and f is
the activation function.

2. Propagation Through Hidden Layers: The output of each layer serves as
the input to the next, enabling the network to learn complex functions.

3. Output Layer (Layer L): The final output is computed as:

o = g(WLhL−1 +bL)

where g is the activation function suited for the output, which could be differ-
ent from f .

4. Learning Process: The network adjusts its weights and biases to minimize a
loss function, typically using gradient descent or its variants.

5. Backpropagation: Backpropagation computes gradients of the loss with re-
spect to all weights and biases for updating the network parameters, facilitat-
ing learning from the data.

Figure 2.1 A Multi-Layered Perceptron with one hidden layer.

Recurrent Neural Network
Recurrent Neural Networks (RNN) are used for time sequence data, and can be rep-
resented as a MLP like structure, with as many layers as the length of the sequence.
An example architecture can be seen in Figure 2.2.

20



2.3 Neural Networks

Figure 2.2 RNN architecture with a sequence length of three.

Gated Recurrent Unit
A Gated Recurrent Unit (GRU) [Cho et al., 2014] is an extension of a classical RNN
that has two gates, an update gate that determines how much of the current value
to keep, and a reset gate that determines how to combine the new input with the
previous value.

• The update gate zt is calculated as:

zt = σ(Wzxt +Uzht−1 +bz)

where xt is the input at time step t, ht−1 is the previous hidden state, Wz and
Uz are weights for the input and previous hidden state, respectively, bz is the
bias, and σ is the sigmoid function.

• The reset gate rt is computed by:

rt = σ(Wrxt +Urht−1 +br)

with Wr, Ur, and br being the weights and bias associated with the reset gate.

• The candidate hidden state h̃t is given by:

h̃t = tanh(Wxt +U(rt ⊙ht−1)+b)

where W and U are the weights for the input and the gated hidden state, b is
the bias, and ⊙ denotes element-wise multiplication.

• The actual hidden state ht at time t is updated as:

ht = zt ⊙ht−1 +(1− zt)⊙ h̃t

This equation linearly interpolates between the previous hidden state ht−1 and
the candidate hidden state h̃t based on the update gate zt .
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Chapter 2. Background

Long Short-Term Memory
Long Short-Term Memory (LSTM) [Hochreiter and Schmidhuber, 1997] networks
are another RNN extension. It uses a memory cell that allows it to selectively re-
member or forget information over varying time series. It contains an internal mem-
ory ct that allows memory to flow through the network without much modification,
and the following gates:

• Forget gate f : determines what information from the memory to discard or
forget.

• Input gate i: decides which new information to store in the internal memory.

• Output gate o: chooses what information to output based on the current input
and the memory of the cell.

The network is represented in Figure 2.3.

Figure 2.3 LSTM network overview.

2.4 Standard Autoencoders

Autoencoders are neural network architectures similar to multilayer perceptrons
(MLPs) designed to learn how to reconstruct data. The primary objective of an
autoencoder is to compress input information into a lower-dimensional representa-
tion and then reconstruct the original data from this compressed representation. The
architecture of an autoencoder can be seen in Figure 2.4.
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2.5 Variational Autoencoders

Encoder
The encoder in a standard autoencoder compresses the input data x into a lower-
dimensional latent representation z. The encoder directly outputs the latent repre-
sentation without trying to approximate any posterior distribution:

• The encoder transforms the input into a latent representation:

z = fφ (x)

where fφ is a deterministic function parameterized by neural network param-
eters φ .

Decoder
The decoder part of the standard autoencoder aims to reconstruct the input data from
the latent representation:

• The output of the decoder is the reconstruction x̂, which tries to approximate
the original input x:

x̂ = gθ (z)

where gθ is a function parameterized by neural network parameters θ , de-
signed to map the latent representation back to the data space.

Loss Function
The loss function of a standard autoencoder is the reconstruction error between the
input and the output, measured as mean squared error (MSE) , mean absolute error
(MAE) or total error (TE):

• The autoencoder loss L consists of a single term, which is the reconstruction
loss:

L(θ ,φ ;x) = ||x− x̂||2

This loss measures the difference between the input data x and its reconstruc-
tion x̂, often using the squared Euclidean distance.

2.5 Variational Autoencoders

Encoder
The encoder part of a Variational Autoencoder (VAE) tries to approximate the true
posterior distribution of the latent variables z given an input x, with a variational
approximation qφ (z|x). This is often modeled as a Gaussian distribution with pa-
rameters (mean µ and variance σ2) that are functions of the input:
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Chapter 2. Background

• The encoder outputs parameters for the latent distribution:

qφ (z|x) = N (z; µφ (x),σ2
φ (x))

where µφ (x) and σ2
φ
(x) are outputs from neural networks with parameters φ .

Reparameterization Trick
To enable gradient descent through the sampling process, VAEs use the reparame-
terization trick:

• A sample z from the latent distribution is obtained by:

z = µφ (x)+σφ (x)⊙ ε

where ε ∼N (0, I) and ⊙ denotes element-wise multiplication.

Decoder
The decoder part of the VAE generates data by taking samples from the latent space
and mapping them back to the data space:

• The decoded output is given by:

pθ (x|z) = N (x; µθ (z),σ2
θ (z))

where µθ (z) and σ2
θ
(z) are determined by neural networks with parameters

θ .

Loss Function
• The VAE loss L consists of two terms:

L(θ ,φ ;x) =−Eqφ (z|x)[log pθ (x|z)]+KL[qφ (z|x)||p(z)]

where the first term is the reconstruction loss, and the second term is the
Kullback-Leibler divergence between the approximated posterior qφ (z|x) and
the prior p(z) over the latent variables.
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2.6 Graph Neural Networks and the Graph Attention Network variation

Figure 2.4 Autoencoder architecture

2.6 Graph Neural Networks and the Graph Attention
Network variation

Graph Neural Network
Graph Neural Network (GNN) [Scarselli et al., 2009] is a form of geometric deep
learning utilizing graph architectures. Parallels can be drawn between GNNs and
Convolutional neural networks. In terms of computer vision, the graph used in con-
volutions would consist of pixels as nodes, and the neighborhood relations as edges.
Graph neural networks let us apply "convolutions" on asymmetric structures where
different nodes might have different amounts of neighbors.

Message passing layers is the name of the process of mapping the current graph
to a new one using diverse mechanisms. This mechanism can come in form of
averaging the neighbors’ features, or taking the max or min.

Given a graph G = (V,E) with nodes v ∈V having feature vectors xv and edges E,
the message passing mechanism in GNNs involves:

1. Message Computation: For each edge (u,v) ∈ E, the message muv is com-
puted as:

muv = M(xu,xv,euv) (2.1)
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where M is the message function, and euv are the edge features, if available.

2. Feature Update: The feature vector of each node is updated by aggregating
messages from its neighbors:

x′v =U(xv, ∑
u∈N(v)

muv) (2.2)

where x′v is the updated feature vector, U is the update function, and N(v)
denotes the set of neighbors of node v.

After this process another machine learning architecture takes over, such as
regular neural networks.

Graph Attention Network
A Graph Attention Network [Veličković et al., 2018] is essentially a message pass-
ing architecture which allows the edges of the graph to be trained, meaning more
meaningful edges will get heavier weights, while insignificant ones will get lighter
weights. Parallels can be drawn that in a social network graph two close friends
would have a heavy weight, and two distant people would have a light weight (even
though technically being friends). Figure 2.5 shows how neighboring features are
aggregated into a new feature.

In GATs, the message function with an attention mechanism can be defined as
follows for each edge (i, j) ∈ E:

e(hhhi,hhh j) = LeakyReLU
(
aaaT · [WWWhhhi∥WWWhhh j]

)
(2.3)

αi j =
exp(e(hhhi,hhh j))

∑ j′∈N (i) exp
(
e(hhhi,hhh j′)

) (2.4)

where:

• e(hhhi,hhh j) is a scoring function that indicates the importance of node i’s features
to node j.

• αi j is the softmax normalized attention coefficient.

• WWW is a weight matrix applied to every node feature vector hhhi.

• aaa is a learnable weight vector of the attention mechanism.

• ∥ denotes concatenation.

• LeakyReLU is the activation function, introducing non-linearity, defined as

LeakyReLU(x) =

{
x if x > 0,
0.01x otherwise.
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• N (i) denotes the set of neighbors of node i in the graph.

This mechanism enables the network to dynamically assign importance to
neighbors’ information based on their feature vectors, enhancing the model’s ability
to capture complex patterns in the data.

Feature extraction: The new node features from the GAT are calculated by con-
catenating K outputs (Multi-head attention) from the activation function σ applied
to the aggregated features across neighborhoods:

hhh′i =
∥∥∥∥K

k=1
σ

(
∑

j∈Ni

α
k
i j ·WWW khhh j

)

Figure 2.5 Multi-head attention for K=3.

Applications of GATs in Machine Learning
GATs are designed for processing data structured as graphs and are utilized in vari-
ous complex data interconnection tasks such as in social networks, molecular struc-
tures, or communication networks. GATs are generally used as a way to improve
other GNN models. The following are key applications of GATs in machine learn-
ing:

1. Node Classification: GATs excel in classifying nodes within a graph, lever-
aging an attention mechanism to weigh the influence of neighboring nodes.
This is especially useful in applications like social network analysis for iden-
tifying individual roles, or in citation networks.
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2. Link Prediction: This involves predicting potential links between nodes, cru-
cial for applications in recommendation systems, social network analysis, and
bioinformatics. For example, predicting potential friendships in social net-
works.

3. Graph Classification: GATs can classify entire graphs, applicable in fields
such as chemistry for predicting molecular properties, or in biology for classi-
fying protein interactions. For example, classifying water solvable molecules.

4. Time-series Forecasting on Graphs: In scenarios where nodes represent
entities with temporal dynamics, GATs help in forecasting future states by
considering both temporal changes and inter-node connections. Applications
include traffic forecasting and dynamic pricing.

5. Knowledge Graph Completion: GATs aid in completing knowledge graphs
by inferring missing relations or entities based on existing graph structures
and node features.

6. Fraud Detection: In financial networks, GATs can detect unusual patterns
suggesting fraudulent activities by analyzing transactions and relationships
within the graph.

2.7 Optimization Methods

Gradient Descent
Gradient Descent (GD) is an optimization algorithm used to minimize some func-
tion by iteratively moving in the direction of steepest descent as defined by the
negative of the gradient. In the context of machine learning, it is used to minimize
the loss function:

• The update rule for GD is given by:

θ = θ −η∇θ J(θ)

where θ represents the parameters of the model, η is the learning rate, and
∇θ J(θ) is the gradient of the loss function J with respect to the parameters θ .

Stochastic Gradient Descent
Stochastic Gradient Descent (SGD) is a variation of the gradient descent algorithm
that updates the model’s parameters using only a single sample (or a small batch
of samples) at each iteration. This approach reduces computation time significantly,
making it more scalable and faster compared to batch gradient descent:
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• The update rule for SGD is:

θ = θ −η∇θ J(θ ;x(i),y(i))

where θ is the parameter vector, η is the learning rate, and ∇θ J(θ ;x(i),y(i)) is
the gradient of the loss function with respect to θ , computed at a single data
point (x(i),y(i)).

ADAM Optimizer
ADAM (Adaptive Moment Estimation) is an optimization algorithm that combines
the advantages of two other extensions of stochastic gradient descent: Adaptive Gra-
dient Algorithm (AdaGrad) and Root Mean Square Propagation (RMSProp). It is
designed to adjust the learning rate for each parameter dynamically, leveraging the
concepts of momentum and scaling of the gradients:

• The update rules for ADAM are defined as follows:

mt = β1mt−1 +(1−β1)gt ,

vt = β2vt−1 +(1−β2)g2
t ,

m̂t =
mt

1−β t
1
,

v̂t =
vt

1−β t
2
,

θt+1 = θt −
ηm̂t√
v̂t + ε

.

Here, mt and vt are estimates of the first moment (the mean) and the second
moment (the uncentered variance) of the gradients, respectively. gt represents
the gradient at time step t, β1 and β2 are exponential decay rates for these
moment estimates, and η is the learning rate. The term ε is a small scalar
used to prevent division by zero, typically around 10−9.

2.8 Performance Metrics

Performance Metrics for Autoencoders
The effectiveness of an autoencoder, particularly in terms of its reconstruction capa-
bilities, can be evaluated using various performance metrics. These metrics assess
how closely the reconstructed outputs match the original inputs. These metrics are
often also used in the loss function. Key metrics include:

1. Mean Squared Error (MSE): A common metric for evaluating the recon-
struction quality of an autoencoder. It computes the average of the squares of
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the differences between the original inputs and the reconstructed outputs:

MSE =
1
n

n

∑
i=1

(xi− x̂i)
2

where xi is the original input and x̂i is the reconstructed output. A lower MSE
indicates better reconstruction accuracy.

2. Mean Absolute Error (MAE): This metric computes the average of the ab-
solute differences between the original inputs and the reconstructed outputs,
providing a more intuitive measure of average error:

MAE =
1
n

n

∑
i=1
|xi− x̂i|

3. Total Error (TE): Total Error aggregates the absolute differences between
the original inputs and their reconstructions, offering a cumulative measure
of the model’s reconstruction discrepancies:

TE =
n

∑
i=1
|xi− x̂i|

Performance for standard Neural networks
For binary classification tasks (such as anomaly detection), there are four relevant
fractions: True Positives (TP), True Negatives (TN), False Positives (FP) and False
Negatives (FN). An important metric is accuracy, which is the fraction of correct
predictions to the total number of predictions. Other metrics are for example the
recall which measures the fraction of actual positives that were correctly predicted,
and the precision which measures the fraction of positives that are true. The com-
bined metric, F1 score may be better than accuracy in imbalanced classes, and is
particularly sensitive to anomalies:

F1 = 2
precision · recall

precision+ recall
=

2TP
2TP+FP+FN

2.9 Regularization Methods in Neural Networks

In neural network training, various methods are employed to prevent overfitting, en-
hance generalization, and optimize performance. Among these, dropout and pruning
are notable techniques:

1. Dropout: Dropout is a regularization technique used to prevent overfitting
in neural networks. During training, dropout randomly sets a fraction of the
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input units to 0 at each update phase of the training, reducing the reliance on
any specific set of neurons and thus encouraging a more distributed represen-
tation. The probability of setting a neuron to zero is typically a hyperparam-
eter that can be adjusted. Mathematically, for a neuron output x, dropout is
applied by multiplying x with a random variable d drawn from a Bernoulli
distribution with probability p:

x′ = x ·d

where d = 1 with probability p and d = 0 with probability 1− p.

2. Pruning: Pruning is a process of simplifying the network by removing
weights or neurons that contribute little to the output. This can be done stati-
cally after the training is complete or dynamically during training. Pruning
helps in reducing the model size and improving computational efficiency
while aiming to maintain or even enhance the model’s performance. The cri-
terion for pruning could be based on the size of weights, gradients, or other
aspects.

3. Batch Normalization: This method accelerates deep network training by
standardizing the inputs of each layer. For a given layer, batch normalization
adjusts and scales the activations, which helps in stabilizing the learning pro-
cess and reducing the number of epochs needed for training. Mathematically,
if x is the input to a layer, batch normalization transforms it as:

x̂ =
x−µB√
σ2

B + ε

where µB and σ2
B are the mean and variance of the batch, respectively, and ε is

a small constant for numerical stability. This transformation is followed by a
scale and shift operation: y = γ x̂+β , where γ and β are learnable parameters.

4. Max normalization: Unlike batch normalization, min-max normalization is
a scaling technique that shifts and rescales the data to a specified range, typ-
ically [0, 1]. This method is particularly useful for ensuring that all inputs or
features have a are within the same range, which can be great for convergence
in neural network training. The transformation is given by:

x′ =
x−min(x)

max(x)−min(x)

where x′ is the normalized output, and min(x) and max(x) are the minimum
and maximum values of the feature of the data set, respectively. Unlike batch
normalization, min-max normalization does not center the data around zero
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however ensures that each feature contributes proportionately to the final re-
sult.

5. Early Stopping: This is a form of regularization used to prevent overfitting.
During training, the model’s performance is monitored on a validation set.
Training is stopped when the performance on the validation set starts to de-
grade, i.e., when the validation error begins to increase, even if the training
error continues to decrease. This method helps in selecting the model that is
neither underfit nor overfit.

2.10 Multivariate Time-series Anomaly Detection via
Graph Attention Network (MTAD-GAT)

MTAD-GAT [Zhao et al., 2020] builds two networks: a feature-oriented and a time-
oriented GAT. The results from these are concatenated and passed into a GRU layer.

Afterwards the result is passed through a Forecasting-based Model and a Re-
construction model (Variational Autoencoder) in parallel. The errors are calculated
and together produce a inference score. One advantage with MTAD-GAT is that the
anomaly score is represented as a time-series, which allows for identifying when
and how long an anomaly has occurred.

Figure 2.6 MTAD-GAT architecture
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3
Methodology

3.1 Introduction

In this chapter, we describe the methods and their purposes used during this thesis.
This includes the choice of models, preprocessing techniques, tests, metrics, and
evaluation methods, along with the rationale behind most of these choices. The aim
of this chapter is to make our results and discussion comprehensible.

3.2 Target Systems

Figure 3.1, although not the exact system studied in this work, illustrates how an
operational system can look like. It includes sensors that feed data into units that
distribute the data in a redundant manner. Such redundancy can potentially be a
cause for synchronization errors. Another concern with the high degree of intercon-
nectedness in the system is that local errors become global, which can drain the
system resources and interfere with computations.
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Figure 3.1 Navigation system example, illustrating the ring topology and redundancy.

Our network uses the Powerlink protocol [B&R, 2024] to provide real-time updates
in a deterministic manner. The network uses broadcast to distribute data between
nodes, which means that data will be sent to all nodes, as opposed to just the desti-
nation node.

3.3 Experimental Setup

Computing Environment: Our tests were conducted through the use of the
WARA-Ops Dataportal, and its provided jupyterhub. This allows us to run our train-
ing and evaluation processes in a GPU-powered environment, utilizing Nvidia’s
CUDA interface for parallel computation.

Simulation Lab: We performed practical experiments in Saab Kockums’ lab,
where a number of input/output (IO) units and programmable logic controllers
(PLC) communicate over a network. The network, which features 84 active nodes,
uses a ring topology, meaning that each node is connected to two other nodes. Here
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we carried out various simulated anomalies, such as delayed packages, cable rup-
ture, killing nodes and introducing various degrees of package loss. We also col-
lected extensive recordings of the normal state of the network, which is crucial for
the model training. A computer was inserted in the ring network, and outputs em-
ulated network traffic in which the errors are injected. The computer also received
traffic, which was recorded in Wireshark. The process can be seen in Figure 3.2.

Figure 3.2 Anomaly injection and capturing in ring network.

3.4 Custom Graph Models

We have designed two simple models that we will later evaluate. The models are
similar in architecture, only differing in the fact that one uses a GAT and one uses
a GCN. In Figure 3.3 we can see the architecture. In the second box, we can either
use a GAT, or a GCN, depending on the needs.
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Figure 3.3 General graph based anomaly detection model.

The general procedure is as follows:

1. The model takes as input a graph, consisting of an adjacency matrix and a
feature vector.

2. These arrays are fed into a GNN, either a GCN or GAT, which will extract a
flattened list of intermediate features.

3. The new features are fed into an autoencoder that will learn the representation
of these features, and try to reconstruct them as closely as possible.

4. Based on the loss between the original set of features fed into the autoen-
coder, and the reconstructed ones, we get an indication of the likelihood of an
anomaly in the graph,

where input consists of accumulated data in our network over a time frame, as de-
scribed in Section 3.9.

Why Simpler Models?
The purpose of such models is to compare how well a GCN and GAT would func-
tion on Saab’s systems. GCN being a much simpler model should hypothetically
provide less accurate results than a GAT. GAT is also trainable, and should therefore
in theory perform better.

There is a possibility that for simpler systems, a GCN would provide more ac-
curate results when dealing with less data. As autoencoder and anomaly detection
models often require large amounts of data, a simpler model, not as dependent on
learning would perhaps work better.

The models we designed for this purpose are therefore quite simple, the goal
is not to design an effective architecture, but rather to compare GCN and GAT
through a couple of tests, and evaluate overall whether such models are feasible for
this application.
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Training of the Models
The training for the GAT model was done separately to the training of the autoen-
coder. Meaning that we first learnt a proper representation of the graph, and then
trained the autoencoder on that representation.

There was no training of the GCN in the GCN model, as it was only used for
convolution. The convolution was simply done by averaging or summing the neigh-
bors’ features. The autoencoder was trained on the output of the GCN.

3.5 MTAD-GAT

MTAD-GAT can be used to analyze time series data from our network data, or the
sensor data. For this model we need to transform our data into time series of differ-
ent nodes. This can be done in several different ways explained in Section 3.10.

3.6 Standalone Autoencoder

A standalone autoencoder can be used to detect anomalies in single messages. Such
autoencoder would take the raw message data as input as mentioned in Section 3.2.

This approach could be beneficial when trying to deduce exactly where in the
system the anomaly happened, which the other models fail to incorporate, as they
only give as a given time frame when an anomaly occurred.

3.7 Sensor Data

This dataset consists of various time series of sensor measurements. Sensors can
for example mean salinity, pressure or temperature. The data is not completely syn-
chronized, and therefore requires some processing to be used. The measurements
are simulated in a test environment at Saab Kockums providing us with realistic
data. This data can, after synchronization, be directly inserted into the MTAD-GAT
model.

Datasets
This data consisted of one test recording from Saab Kockum’s lab. The data included
salinity and temperature, and a static value of one’s was added for reference. Each
metric is a time series, see Listing 3.1.

1 1707310867779 18.956205368041992 1
2 1707310868280 18.86391830444336 1
3 1707310868909 18.749839782714844 1
4 1707310869439 18.630634307861328 1
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5 1707310870019 18.530654907226562 1
6 1707310870630 18.41273307800293 1
7 1707310871150 18.307626724243164 1

Listing 3.1 Sea water salinity time series. First column holds a time stamp and the second
a sensor reading.

Processing of Sensor Measurements
The data is preprocessed by making interpolation, to achieve synchronization in
regards of time. Other processing might include removing outliers, as sensors of-
ten measure natural phenomenon, extreme outliers should not be possible. In some
cases, data might be averaged using for example a Gaussian bell, or a sliding win-
dow. This is to remove noise from data, which could negatively affect the output
from our models.

3.8 Network Data

The datasets consist of network logs in the system, recorded in Wireshark [Wire-
shark.org 2024]. We are provided with network logs where messages contain the
following:

1. Source
The origin of the message.

2. Destination
The recipient of the message.

3. Protocol
The protocol used, typically Powerlink.

4. Length
The length of the message.

5. Information
Details about the message, including flags such as RD (ready), EA (exception
acknowledge), EN (exception new), RS (request to send), and PR (priority).1

Listing 3.2 is an example of how the logs might look.

1 "No.","Time","Source"," Destination ","Protocol","Length","Info"
2 "1" ,"0.000000000" ,"B&RIndustria_4e :59:a1"," EPLv2_SoC"," POWERLINK

" ,"60" ,"240 - >255 SoC"

1 For a comprehensive list of flags and their meanings, see https://www.ethernet-powerlink.
org/fileadmin/user_upload/Dokumente/Downloads/TECHNICAL_DOCUMENTS/EPSG_DS_
301_V-1-3-0__4_.pdf
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3 "2" ,"0.000246365" ,"B&RIndustria_4e :59:a1","B&RIndustria_33
:55:02" ," POWERLINK " ,"1504" ,"240 - >15 PReq [1480] F:RD=1,EA=0 V
:0.0"

4 "3" ,"0.000512378" ,"B&RIndustria_33 :55:02" ," EPLv2_PRes "," POWERLINK
" ,"1504" ,"15 - >255 PRes [1480] F:RD=1,EN=0,RS=0,PR=0 V=0.0
NMT_CS_OPERATIONAL"

Listing 3.2 Example of network traffic data in its pure form, as displayed by Wireshark.

Datasets
We recorded several different scenarios, as shown in Table 3.1. Three of them were
standard training data, which can be used separately for training, or be concatenated
to one big set. The other three scenarios are different test scenarios. The file size was
on average 1 GB each.

Table 3.1 Datasets

Name Nodes Packages Duration (s) Description
train_1 48 747,334 102.8 Normal data
train_2 49 2,349,750 323.1 Normal data
train_3 51 1,022,652 133.4 Normal data

node_death_PLC 84 2,151,592 344.9 Killing of PLC
node_death_IO_PLC 52 364,852 49.0 Killing of IO and PLC

cable_rupture_IO 46 335,960 43.8 Disconnecting IO cable

• During node_death_PLC we first killed one PLC after 150,000 packages,
then killed a second one after 420,000 packages. The first node was turned
back on at 430,000 packages and the second one turned on at 1,000,000 pack-
ages.

• For node_death_IO_PLC, both a PLC and IO unit were turned off during an
interval between 100,000 and 200,000 packages.

• During cable_rupture_IO a node was disconnected between 150,000 and
240,000 packages.

An example graph representation of the network data during one recording can be
seen in Figure 3.4. The graph shows which nodes communicated with which nodes,
and how much.
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Figure 3.4 Graph representation of network data, where a node represents a source or des-
tination and an edge shows the number of packages sent between them.

Across all the datasets, there are a total of 84 unique nodes. From our dataset we
can see that a recording contains usually only 48−52 nodes, with node_death_PLC
containing 84. This can be explained by the fact that a "redundant system" is ac-
tivated when the original system stops working properly, therefore the amount of
nodes nearly doubles.

Looking at Figure 3.4 we can see that the nodes in the center are quite impor-
tant for our graph. These are PLCs, while the rest of the nodes are standard IO
nodes which are used for message relay.

3.9 Network Data Processing

Extracting Graphs for Own Models
As the data consists of one long recording, different methods can be used to extract
data for training and inference for AI models. In order to be able to insert training
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data into our own models we need the data to be in form of "graphs".

In all cases we essentially sum or take the average of all features for a node over the
considered frame for a data points, implying that each data point, is a graph where
the features of the nodes are for example the "total amount of messages received
during that period".

Features and Graph Representation
A datapoint is represented as graph that includes the following:

• Adjacency matrix: An adjacency matrix describing the connections between
nodes.

• A list of nodes: Each node has an array representation of features, according
to either Feature set 1 or 2 below.

Features for nodes can be extracted in several ways, we mainly used two features
sets in our experiments.

Feature set 1: The first approach was to have 4 features for each node, namely:
the number of packages received, the number of packages sent, the average length
of received package and the average length of sent package.

Feature set 2: As the feature set 1 does not specifically incorporate the relations
between nodes, we can let our feature vector instead use the sent and received fea-
tures, but for every other node in the graph specifically. Meaning that when having
N nodes, each node would have 2N features. Now we will have graphs where each
node has a feature vector that consists of number of packages sent and number of
packages received for each other node in the graph.

The problems for this arise when we have a graph with a sparse number of
connections, for example in the case of a "chain" graph (graph where each node
has at most 2 edges), each node would only have 2 out of N features being nonzero.
Another major problem is the scalability of this approach, as the number of features
increases with O(N2), whilst the previous approach gave us a complexity of O(N),
this should however not pose a major problem with reasonable systems.

The systems we encountered had around 50 nodes, resulting in a total of 5000
features. With approximately 1000 data points in a dataset, this was manageable.
However, in larger systems with more nodes and longer recordings, which are often
necessary for training effective AI models, the time complexity should be taken into
consideration.
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Dividing the Recording into Graphs
As mentioned previously, in order to construct several graphs, our entire recording
has to be cut into pieces, which we call intervals, and the information in those pieces
aggregated by summing the number of packages sent between nodes, and taking the
average of the message length. There are different ways to chop up the recording,
described below.

Dividing Based on Time: One approach is to divide our recording based on time,
meaning that we choose N intervals, which all should incorporate the same amount
of time, however they can differ in the amount of data. This is because the message
frequency in the network varies. Another factor in favor of this approach is the need
for accurate time information of the anomaly occurrences.

Dividing Based on Amount: Another approach is to divide the total recording
into parts by using the number of logs. This ensures that all data points contain the
same amount of data, however they can represent different amounts of time, making
it trickier to find out when an anomaly has occurred.

Number of Intervals: The number of intervals is based on a trade-off between
data precision and data stability. By having more intervals, we can gain more in-
sights. This approach could be bad when dealing with noise, as a too small interval
can get overly affected by noise giving a unstable result. Having a too large interval,
will not be affected by the noise as much, however it will obviously lead to data
loss, which is not optimal.

Furthermore, the choice of interval should also depend on the data’s regularity.
Below is an example of a data vector and different choices for interval size (here
we use the "divide based on amount approach").

Example of Interval Size Selection
In this example we will perform vector aggregation. Consider the data vector:

v =
[
0 0 1 0 0 1 0 0 1

]
This data is regular, and the choice of interval size can significantly affect the sum-
marized output. We will now analyze the effects of different window sizes.

Too Small Window Size: Choosing a too small window size, such as 2, might
disrupt the regular pattern:

Original: v→Windowed:
[
0 1 1 0 1

]
This window size fails to capture the pattern accurately, leading to an inconsistent
summary.
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Too Large Window Size: Conversely, a too large window size, such as 5, could
overly simplify the data:

Original: v→Windowed:
[
1 2

]
This window size results in a loss of detail that is also not optimal.

Optimal Window Size: An optimal window size for this data vector would be 3:

Original: v→Windowed:
[
1 1 1

]
This window size accurately maintains the regular occurrence of ones in the data.

Defining rules for this can be very tricky, also visualizing the data is not possible in
many cases (especially when having 5000 features per data point, like in our case).
Therefore, a trial and error approach is often needed for this parameter. Figure 3.5
are examples from training real data on one of the models (GAT + Autoencoder),
and the corresponding intervals. Both show the training data errors trained with
50 epochs for our GAT model, and 100 for our autoencoder. The parameters were
chosen after rigorous testing, as they provided us with the best results.

(a) Reconstruction loss for 100 intervals of
standard training data

(b) Reconstruction loss for 1000 intervals of
standard training data.

Figure 3.5

In this case we conclude that 100 intervals was a better choice, as 1000 intervals led
to noise (as seen by the peaks) affecting the data too much, and making our training
results worse.

Adjacency Matrix: The adjacency matrix for the graph is extracted from the
network data by looping through a dataset file and creating two-directional edges
between communicating nodes. This allows the GAT architecture to take advantage
of pre-existing structure, which could hypothetically improve the training.

An alternative strategy could be to consider all nodes as interconnected, ignor-
ing the existing network structure. This method would enable the Graph Attention
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Network (GAT) to establish its own connections, potentially identifying relation-
ships in areas where no direct links exist. For instance, it could link pressure and
light sensors based on environmental conditions as deeper water exhibits lower
light levels and higher pressure, even though these sensors are not directly con-
nected through wires. This approach might reveal meaningful correlations between
different types of measurements by learning from the data itself, despite the absence
of direct physical links between the sensors.

Achieving Graphs of Equal Size: All recordings have different number of nodes.
In order to test on different data than we train on, we need to ensure the graphs
have equally many nodes. This is achieved by iterating through all the datasets and
extracting their nodes, which are combined into one large list. This universal list
is then used in all the graph extractions, meaning that some datasets will produce
sparser adjacency matrices and features when some nodes are not used. Based on
the datasets in Table 3.1, our standardized graphs will all have adjacency matrices
of size 84×84, as we have 84 unique active nodes in our system.

3.10 Extracting Time Series Data from Network Data

Starting with a set of raw messages. We can create an array consisting of N ele-
ments, where N is the number of nodes in our network. We can now create such
arrays for all timestamps in our recording. If a node has received or sent a package
at a given timestamp, we can replace the node-corresponding element in the array
with a value.

The value can be chosen in different ways. We chose to use the size of the package
that was sent/received. The value could either be negative or positive, with positive
values symbolizing values that were sent and negative values symbolizing values
that were received. Here is a short example for clarity where we have a simplified
recording.

Example
The raw network data is tabulated as follows:

TimeStamp | Source | Destination | PackageSize
1 1 2 8
2 2 1 3
3 0 1 3
4 1 2 5
4 2 0 4
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Transformation to Time Series Format: To transform this data into a time series
format, we create an array for each timestamp, corresponding to each node in the
network. The length of each array is equal to the number of nodes, N. The position in
the array corresponds to a specific node, and the value at each position is calculated
as the net sum of packages sent (positive value) and received (negative value) by
that node at the timestamp.

Here is the step-by-step transformation for each timestamp:

• Timestamp 1:
Node 1 sends 8 to Node 2⇒ [0,8,−8]

• Timestamp 2:
Node 2 sends 3 to Node 1⇒ [0,−3,3]

• Timestamp 3:
Node 0 sends 3 to Node 1⇒ [3,−3,0]

• Timestamp 4:
Node 1 sends 5 to Node 2 and Node 2 sends 4 to Node 0 simultaneously ⇒
[−4,5,−1]

Resulting Time Series Data: The resulting arrays for each timestamp represent
the network activity as a time series, where each node’s net traffic is captured. Below
is the resulting time series:

[0, 8, -8]
[0, -3, 3]
[3, -3, 0]
[-4, 5, -1]

Sparsity of Data
Such dataset can become very sparse as each timestamp only gives information
about one message being sent. When having more nodes, for example 81 as in our
graph we might end up with too many zeroes. This might be hard for a machine
learning model to process. There are several different ways we can come around it,
as described below.

Smoothing out Time Series Data
In order to make the data more manageable for models such a MTAD-GAT, the data
can be smoothed out so that signals "overlap". These regularizations can potentially
help deep learning networks get better at spotting patterns in data by keeping sig-
nals important for a longer time. For example, the feature GAT used in MTAD-GAT
looks at data one moment at a time. By stretching out how long we consider a signal
active, we can give the network more context to work with. This means that even
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after a bit of time has passed, the network still treats the signal as important. Below,
we can see how we can adjust training data to make signals last longer, helping the
network understand the data better. We can do it in 3 different ways.

Data Aggregation: Data can be aggregated using a sliding window. The de-
ciding parameter is the number of messages aggregated. A higher number of ag-
gregated messages provides cleaner but less specific data. Aggregating reduces the
number of data points. The aggregation function is defined as:

Aggregate(xi) =
n−1

∑
j=0

xi+ j (3.1)

The average aggregation is given by:

Average Aggregate(xi) =
1
n

n−1

∑
j=0

xi+ j (3.2)

Gaussian Bell: The Gaussian bell approach involves convolving the data with
a Gaussian function, often referred to as a Gaussian filter. This method weights
the data points near the target point more heavily than those farther away, with the
weights following the characteristic bell-shaped curve of the Gaussian distribution.
The parameter σ controls the standard deviation of the Gaussian bell, determining
the breadth of the bell curve and thus the smoothness level of the output. A higher
σ value results in more substantial smoothing, as it increases the effective "radius"
of influence of each data point. The Gaussian function in one dimension is given
by:

G(x) =
1√

2πσ2
exp
(
− x2

2σ2

)
(3.3)

To apply the Gaussian filter to data f (x), convolve the data with the Gaussian
function:

( f ∗G)(x) =
∫

∞

−∞

f (t)G(x− t)dt =
∫

∞

−∞

f (t)
1√

2πσ2
exp
(
− (x− t)2

2σ2

)
dt (3.4)

Moving Average: The moving average technique smooths data by replacing
each data point with the average of neighboring points within a specified window
size. This method is similar to sliding a window across the data; at each point, it
calculates the mean of the points within the window and updates that value to the
central point. Larger windows yield smoother data but can obscure quick changes,
while smaller windows preserve more detail but smooth less. The formula for the
moving average at point xi is:
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MA(xi) =
1

2k+1

k

∑
j=−k

xi+ j (3.5)

Figure 3.6 is an example of how different data smoothing methods work on example
data.

**
Figure 3.6 Different plots of time series data after and before smoothing. Original network
data (the first row) is processed in different ways using different smoothing methods, and the
outputs can be seen in the following three rows.

The benefit of smoothing data can be illustrated with the example of two data vec-
tors. Consider two data vectors, where the second vector is a delayed version of the
first:

v1 =
[
1 0 0 0 1 0 0 0 1 0

]
,

v2 =
[
0 1 0 0 0 1 0 0 0 1

]
.

A feature-based Graph Attention Network (GAT) might fail to incorporate the delay
effectively, representing the relationship as follows:

1 0 0 0 1 0 0 0 1 0
| | | | | | | | | |
0 1 0 0 0 1 0 0 0 1

Applying regularization (smoothing) to these vectors can help in capturing the de-
lay, yielding:

1.0 0.5 0.0 0.5 1.0 0.5 0.0 0.5 1.0 0.5
| | | | | | | | | |

0.5 1.0 0.5 0.0 0.5 1.0 0.5 0.0 0.5 1.0
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This structure allows networks to establish connections between non-adjacent data
points, demonstrating temporal relationships not immediately obvious, potentially
enhancing the network’s learning and prediction capabilities. Figure 3.7 is a plot
illustrating the timeseries.

Figure 3.7 A simple example of how data can be smoothed out in order to be more man-
ageable for neural networks.

We need to be careful with such an approach, as while it can improve the feature-
based GAT in the MTAD-GAT model, it may potentially deteriorate the perfor-
mance of the time-based GAT. What smoothing, and how much we smooth, is
decided by trial and error that is done during training of the model.

Another problem is that regularization might lead to data loss, if we have two
opposite signals close to each other (for example a node receiving and sending a
signal at the same time), then some regularizations such as Gaussian curve might
cancel those signals out). This is again tested by trial and error.

3.11 Extracting Raw Data for Autoencoder

The network data can also be left in its original form, meaning that we do not
extract any graph from it, but use the full messages as input. The only processing
we do to allow for training is to convert hexadecimal form into decimal form, and
to pad each line with zeros to achieve equal lengths for all messages. The input then
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consists of a vector containing bytes, which is the encoding for a message.

An example of the message is:

1 "1" ,"0.000000000" ,"B&RIndustria_4e :59:a1"," EPLv2_SoC"," POWERLINK
" ,"60" ,"240 - >255 SoC"

A hexadecimal encoding of this message would then be:

1 22 30 2e 30 30 30 30 30 30 30 30 30 22 20 2c 22 20 42 20 26 20
2 52 49 6e 64 75 73 74 72 69 61 5f 34 65 20 3a 35 39 3a 20 61 31
3 20 22 20 2c 22 20 45 50 4c 76 32 5f 53 6f 43 20 22 20 2c 22 20
4 50 4f 57 45 52 4c 49 4e 4b 20 22 20 2c 22 36 30 22 20 2c 22 32
5 34 30 20 2d 3e 32 35 35 20 53 6f 43 20 22

This can be later converted to decimal values, and used as input. This could be
useful for standalone autoencoders or LSTMs analyzing series of raw data.

3.12 Anomaly Types

Due to the general nature of our goal model, which should be able to detect arbitrary
anomalies in various systems in a submarine, we did not have a predefined set of
errors that we want to evaluate. However, to test and compare the models we had to
pick a few realistic anomalies to focus on.

The anomalies we decided on testing were the following:

1. Increased network traffic
In this experiment we increase certain node package outputs. We try to vary
the load intensity and number of affected nodes. The aim of this error is to
simulate security breaches (DDOS) or operational anomalies. This also aims
to be a sensitivity measure for how sensitive different models are to "differ-
ent" traffic, as it is easily measurable.

2. Removal/shut down of nodes
Here we try to make certain nodes stop sending and receiving packages. The
aim of this error is to simulate wear and tear anomalies as well as operational
anomalies. Such anomalies could in practical situations take form of for ex-
ample faulty cables or broken receivers.

3. Faulty packages
We try to send nonsense, or at least unusual, data. The data can both be com-
pletely meaningless simulating faulty signals, or the data can be malicious,
which could indicate a cybersecurity breach.

These errors can be both simulated and induced in the data after its recording, or
can be generated during the recording.
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Qualitative vs Quantitative anomalies
Quantitative Anomalies: Anomalies that affect the whole system behavior over
longer period of time can be called quantitative anomalies, meaning that the entire
system will suddenly start acting differently. In this category we have the "increased
network traffic" anomaly as well as "Removal/shut down of nodes.

Qualitative Anomalies: Another type of anomalies would be anomalies that do
not necessarily change the entire systems behavior, but still count as an anomaly.
It could for example be unrecognized code being injected through a message, or
unauthorized access. The "Faulty packages" fall under this category.

3.13 Generating Anomalies for our Own Models

These anomalies are generated by changing the features of the extracted graphs that
we use for our own models. Examples of how such changes can look like can be
seen in Figure 3.8 and Figure 3.9, where feature values are increased and decreased,
respectively.

Figure 3.8 Upper figure shows an example feature for each node, lower figure shows the
same feature after anomalies are generated using graph overload (factor 2), when changing
10 nodes with standard deviation of 3. In this case there are 48 nodes, and each node has only
one feature.
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Figure 3.9 Upper figure shows an example feature for each node, lower figure shows the
same feature after anomalies are generated using node malfunction (factor 0.17), when chang-
ing 17% of the nodes. In this case there are 48 nodes, and each node has only one feature.

Simulation of Network Traffic Overload
In order to assess the impact of the increasing load condition on network model
performance, a special simulation function was developed: graph_overload. This
feature is very central in simulating, through artificial creation, a state of traffic
overload in a subset of nodes so as to give an outlook on the behavior of the network
under stress-causing conditions. Underlying this simulation is the objective to show
how our model reacts under abnormal traffic volume that, in real life, becomes an
important scenario when evaluating the robustness of the network system.

Functionality Overview The function graph_overload emulates increased traf-
fic on the network by artificially increasing the values of ’packages received’ and
’packages sent’ metrics for a certain subset of selected nodes in a graph. This is
achieved by updating the features of these nodes based on a specified overload fac-
tor, as detailed in Algorithm 1. It is important to test network response when there
is an unexpected data flow peak, which in this case might represent multiple real-
world events, for example, cyber-attacks, system faults, or irregular user activities.
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Algorithm 1 Update Features for a Subset of Nodes

Input: datapoint (Data point representing the network, see Section 3.9)
Input: overloadFactor (Factor by which to update features)
Output: Modified datapoint with updated features
numNodes← length of datapoint.nodes
selectedNodes← randomSelectionOfNodes(numNodes)
for each node in selectedNodes do

for each f eature in node. f eatures do
updateFactor← generateUpdateFactor(overloadFactor)
f eature← f eature+ f eature×updateFactor

end for
end for

We can now create a dataset with increasing overloads, using Algorithm 2

Algorithm 2 Apply Graph Overload with Variable Step Sizes

Input: datapoint (Data point representing the network)
Input: maxFactor (Maximum overload factor)
Input: stepSize (Increment size for each step)
Output: List of datapoints each with varied overload factors
results← empty list
for f actor← 0 to maxFactor step stepSize do

overloadedDatapoint← graph_overload(datapoint, f actor)
Append overloadedDatapoint to results

end for
return results

Simulation of Node Malfunction
An integral part of assessing network robustness is understanding how the network
behaves under scenarios of node malfunctions. To simulate such conditions, the
node_malfunction function was developed. This function is designed to artificially
induce malfunctions in a subset of nodes within the network, thereby enabling an
analysis of the network’s fault tolerance and recovery mechanisms. The simulation
aims to mimic the effects of node failures or degraded performance, which are com-
mon in real-world networks due to various factors like hardware failures, software
bugs, or external attacks. The process of simulating node malfunctions is detailed
in Algorithm 3.
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Algorithm 3 Simulate Node Malfunction Based on Malfunction Rate and Factor

Input: datapoint (Data point representing the network)
Input: mal f unctionRate (Rate at which nodes malfunction, between 0 and 1)
Output: Modified datapoint with malfunctioning nodes
numNodes← length of datapoint.nodes
numMal f unctionNodes← round(numNodes×mal f unctionRate)
mal f unctionNodes← selectRandomNodes(numNodes,numMal f unctionNodes)
for each node in mal f unctionNodes do

for each f eature in node. f eatures do
f eature← f eature×overloadFactor

end for
end for
return datapoint with updated node features

To extend this functionality, the Batch Node Malfunction Simulation function
simulates node malfunctions at different rates, allowing for a comprehensive anal-
ysis across a range of malfunction scenarios. This extended simulation is described
in Algorithm 4.

Algorithm 4 Batch Node Malfunction Simulation

Input: datapoint (Data point representing the network)
Output: List of datapoints each with nodes malfunctioned at different rates
results← empty list
for i← 0 to length of datapoint. f eatures−1 do

mal f unctionRate← i/length of datapoint. f eatures
modi f iedDatapoint← node_malfunction(datapoint,mal f unctionRate,overloadFactor)
Append modi f iedDatapoint to results

end for
return results

Simulation of Faulty Packages and Wrong Messages on Raw
Data
Faulty packages and wrong messages can indicate a cyber-attack or faulty systems.
The hexadecimal encoding of a random message is extracted, and then some byte
values are changed. Depending on the requirements, we can change the message
content or source/destination, introducing a faulty source destination, or sending
messages to wrong nodes. Here, we used a similar approach to the node malfunc-
tion, but instead changed individual bytes with various intensities. The procedure
for simulating package malfunctions is detailed in Algorithm 5.
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Algorithm 5 Simplified Package Malfunction Simulation

Input: packageLine (Network traffic data)
Input: mal f unctionRate (Percentage of data to modify)
Input: ad justmentRange (Possible adjustment values)
Output: Updated packageLine
numBytes← length of packageLine
mal f unctionCount← round(numBytes×mal f unctionRate)
indicesToModi f y← random sample of mal f unctionCount indices from numBytes
for i in indicesToModi f y do

packageLine[i]← packageLine[i]+ random choice from ad justmentRange
end for
return packageLine

3.14 Evaluation Metrics

Custom Model Comparison Metrics
We use a number of metrics to evaluate our models. For the custom models where
we introduce generated errors, we want to compare how sensitive the models are.
This can be done by measuring the loss as a result of the size of the errors, or how
big portion of the graph is being altered. Since the training loss can vary between
the models, comparing the MSE values straight off, may not be the best sensitivity
metric, especially when using different variations of datasets. Instead, we introduce
a threshold k, which represents a certain level above the MSE we get on unchanged
data. When running multiple iterations of our tests, we can then take note of the
ratio of tests that produced MSE values above the model-dataset specific threshold.
A higher ratio would then indicate a more sensitive model. This can be seen in
Figure 3.10.
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Figure 3.10 A visualization of the k-metric used to compare GAT to GCN. High ratios
above the threshold indicate a sensitive model. k is taken as 5 % above the mean of the
unchanged value (0 graph overload) MSE.

Correlation Another value we can look at is the correlation coefficient for the
errors, which represents the stability of our model. A higher correlation might imply
that the model manages to learn something.

Classification Metrics
When using labeled test data, we can calculate the F1 scores as described in Section
2.8. We could also try to measure the responsivity, i.e., how fast the models respond
to an anomaly. Another interesting metric could be to measure how much data is
required to correctly identify an anomaly.

3.15 Finding a Threshold for Anomaly Classification

Finding a correct threshold can be challenging. The typical approach would be
to use the error from train data and somehow base a threshold on it. However, a
problem occurs when the test data overall looks different, and therefore produces a
higher mean error. In such cases anomalies can still be detected by observing the
error, and how it varies throughout the time series. It essentially boils down to de-
tecting anomalies in the time series consisting of errors. For this approach we have
the following alternatives:
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Mean and STD Based on Test Data
We can calculate the mean and standard deviation of the test data, and exclude
outliers. This is done by setting percentiles above and below which the data is ex-
cluded and then, the recalculating the mean and STD, see Algorithm 6. This helps
us to avoid incorporating the anomaly data in the threshold, however the percentiles
should be set carefully, and will depend on how big of a portion of the dataset the
anomaly data takes up.

Algorithm 6 Calculate Threshold

Input: data (a list of numerical values)
Input: exclusion_percentile (percentile for exclusion of extreme values)
Output: A tuple (mean_val, std_val) or None
if length of data == 0 then

return None ▷ Return None if no data is available
end if
lower_bound← percentile(data, exclusion_percentile)
upper_bound← percentile(data, 100 - exclusion_percentile)
f iltered_data← empty list
for each value x in data do

if x≥ lower_bound and x≤ upper_bound then
append x to filtered_data

end if
end for
if filtered_data is empty then

return None ▷ Return None if no data remains after filtering
end if
mean_val← mean(filtered_data)
std_val← standard deviation(filtered_data)
return (mean_val,std_val)

By using this method, we can now create several different thresholds with different
magnitudes, seen in Algorithm 7.
Having several different thresholds provides more insights about the data. For ex-
ample, magnitudes can be: 1,2,10 or 2,4,8, depending on the data used.

Threshold Based on Maximizing the F1 Score or Accuracy
Another way to find a threshold is by optimizing the F1 score or accuracy. This
gives us the optimal threshold. It is important to mention that this provides us the
theoretical optimal threshold, and such a result would not be realistic in real life
uses of such AI models, in such cases different methods should be considered.

We use a binary search to find the optimal threshold, see Algorithm 8. This method
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Algorithm 7 Generate More Thresholds

Input: threshold_magnitude (multiplier for standard deviation)
Input: data (a list of numerical values)
Output: threshold (calculated threshold value)
(mean,std)← Calculate_Statistics_Excluding_Extremal_Values(data)
if mean is None or std is None then

return None ▷ Return None if statistics cannot be calculated
end if
threshold← mean+ std× threshold_magnitude
return threshold

is not optimal because it can miss local minima, as it assumes that the F1 score will
change linearly according to the Y-axis, which is not the case. However, it gives us
a solid chance of finding a reasonable threshold.

The code in Algorithm 8 maximizes the F1 score; in order to maximize accu-
racy, we simply change the F1 score function to one that calculates accuracy.In this
case we might create more thresholds from the initial threshold by for example
multiplying it with different factors.
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Algorithm 8 Optimal Threshold Using Binary Search

Input: labels (ground truth binary labels)
Input: anomaly_scores (anomaly scores from a model)
Input: tolerance (minimum difference to stop the search, default 1×10−4)
Output: (best_threshold,best_ f 1)
lower_bound←min(anomaly_scores)
upper_bound←max(anomaly_scores)
best_ f 1← 0
best_threshold← lower_bound
while upper_bound− lower_bound > tolerance do

mid_point← (lower_bound +upper_bound)/2
predictions_mid ← list of 1 if score ≥ mid_point else 0 for each score in

anomaly_scores
f 1_mid← f1_score(labels, predictions_mid)
slightly_higher← mid_point + tolerance
predictions_higher← list of 1 if score≥ slightly_higher else 0 for each score

in anomaly_scores
f 1_higher← f1_score(labels, predictions_higher)
if f 1_mid > best_ f 1 then

best_ f 1← f 1_mid
best_threshold← mid_point

end if
if f 1_higher > best_ f 1 then

best_ f 1← f 1_higher
best_threshold← slightly_higher

end if
if f 1_higher > f 1_mid then

lower_bound← mid_point
else

upper_bound← mid_point
end if

end while
return (best_threshold,best_ f 1)

3.16 Underlying System and its Impact on Anomaly
Detection

The underlying system can react in different ways, and even though an anomaly
officially is said to occur during a certain period of time, the system can still be
affected by the anomaly sometime after, for example when trying to reset itself.
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This can affect all sorts of metrics, for example when deciding a threshold based on
a F1 score. Therefore, in this case it is hard to find quantitative metrics to evaluate
our model, and we often have to resort to qualitative comparison instead.

In the case of finding a threshold, we often have to adapt the values of the true
anomalies (but only for finding the threshold) in our data in order to find a reason-
able threshold, which is then evaluated visually.

3.17 Experiments Performed

Comparing GCN to GAT
Our first Experiment will consist of testing whether a CGN or GAT performs better,
using our own models. Graphs will be created in different ways described in Section
3.9. We will use the functions node_malfunction and graph_overload described in
Section 3.13 And the results will be evaluated using the custom k-metric described
in 3.14.

Furthermore, variations of these base models will be evaluated using both fea-
ture set 1 and feature set 2. We will also test whether connecting all nodes, or using
the underlying systems connections will provide better result.

We will also test these models on the recorded test data set, and find thresholds
using the methods described in 3.15.

Testing MTAD-GAT
Our first test aims to find out if the algorithm works correctly, and will make us
accustomed to its workflow, we will therefore use the simpler sensor dataset. We
will also try a few different parameter settings to see how they affect the result. Next,
we will run the algorithm on transformed network data, and see how it compares to
our custom graph models, which are trained on the same original dataset. The three
simulated test cases will be evaluated, where we will try to find an optimal threshold
method using the anomaly scores in comparison to our true anomaly labels.

Testing Standalone Autoencoder
In this test we will train an autoencoder on (normalized) hexadecimal encoding of
raw data. Later we will use the node_malfunction variant for raw data and generate
errors in our encodings with increased intensities.

This test aims to evaluate the performance of autoencoders in detecting anoma-
lies in network data.
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Results

4.1 Algorithm Selections

Along with our custom GAT and reference GCN model, we chose the MTAD-GAT
as an existing algorithm to compare with. The code base [Harstad and Kvaale, 2024]
with the PyTorch implementation worked out of the box, apart from minor adjust-
ments to align with our own data, mainly regarding its dimensions. This also meant
the data had to be formatted according to Section 3.10.

4.2 Preliminary Tests on Simulated Data

GAT/GCN and Autoencoder Models
The experiments simulating node malfunction and graph overload as described in
Section 3.13 were tested on both the GAT and GCN variation of our own models.
The evaluation metric from Section 3.14 was used where the sensitivity of the mod-
els was tested. In these tests we ignored the aspect of time, and only used the "divide
by amount" method for dividing the recording into intervals. This because it did not
matter much for these tests.

Explanation of Model Names
1. GAT: This is a GAT using Feature set 1 (as described in Section 3.2), and

adjacency matrix only consisting of underlying structure.

2. GAT-Ones: This is a GAT using Feature set 1, and an adjacency matrix con-
sisting of all ones, meaning all nodes are interconnected (again described in
Section 3.2).

3. GAT-Big: This is a GAT using Feature set 2 and adjacency matrix only con-
sisting of underlying structure.

4. GAT-BigOnes: This is a GAT using Feature set 2, and an adjacency matrix
consisting of all ones.
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5. GCN: This is a GCN using Feature set 1.

6. GCN-Ones: This is a GAT using Feature set 1, and an adjacency matrix
consisting of all ones.

7. GCN-Big: This is a GCN using Feature set 2, and adjacency matrix only
consisting of underlying structure.

8. GCN-BigOnes: This is a GCN using Feature set 2, and an adjacency matrix
consisting of all ones.

All graph models are connected to an autoencoder which is trained to reconstruct
the input data.

Graph Overload
Below are the tables with the results when testing with an overload factor equal
to 0.0-1.0, and affecting 15% of the nodes in the network. The highlighted models
are the ones that performed best when taking both correlation and the ratios into
consideration.

Table 4.1 Results when testing different models using the Graph overload algorithm

Iteration ratio > k=105% MSE of training data
Overload factor 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 k Corr.

GAT 0.70 0.87 0.88 0.91 0.91 0.93 0.98 1.0 1.0 0.0088 0.5167
GAT-Ones 0.43 0.51 0.58 0.57 0.8 0.75 0.74 0.82 0.84 0.0129 0.2975
GAT-Big 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.0645 0.3000

GAT-BigOnes 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.2143 0.8523
GCN 0.22 0.40 0.31 0.39 0.41 0.41 0.40 0.38 0.54 0.1476 0.3542

GCN-Ones 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.0298 0.5343
GCN-Big 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0002 -

GCN-BigOnes 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.1927 0.7961

Because of the similarity of GAT-Big, Gat-BigOnes, GCN-Ones and GCN-BigOnes
we decided to lower the overload factor to 0− 0.02, in order to compare those
models more accurately, in this case also affecting 15% of the nodes in the network.

Table 4.2 Results when testing different models using the Graph overload algorithm

Iteration ratio > k=105% MSE of training data
Overload factor 0.002 0.004 0.006 0.008 0.01 0.012 0.014 0.016 0.018 k Corr.

GAT 0.00 0.00 0.00 0.00 0.00 0.01 0.09 0.07 0.12 0.0166 0.5638
GAT-Ones 0.67 0.61 0.63 0.65 0.73 0.69 0.76 0.73 0.71 0.0047 0.3542
GAT-Big 0.00 0.00 0.00 0.00 0.19 0.50 0.78 0.93 0.99 0.1118 0.8719

GAT-BigOnes 0.35 0.91 0.99 1.00 1.00 1.00 1.00 1.00 1.00 0.0419 0.7054
GCN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.0351 0.3709

GCN-Ones 0.73 0.82 0.96 0.98 0.99 0.97 0.98 1.00 0.99 0.0436 0.4795
GCN-Big 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0005 -

GCN-BigOnes 0.59 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00 0.3540 0.7823
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The amount of nodes, 15% in this scenario was chosen as it provided the most vari-
ation between results for different models. However the amount of nodes affected
did not matter much, as long as it was larger than 10% and smaller than 50%.

Node Malfunction
We tested the reaction of the models to nodes "shutting" down, where malfunction
rate refers to how many nodes were shut down, 0.5 meaning 50% were shut down.

Table 4.3 Node malfunction

Iteration ratio > k=105% MSE of training data
Malfunction rate 0.083 0.167 0.25 0.333 0.417 0.5 0.583 0.667 0.75 0.833 0.917 k Corr.

GAT 0.00 0.02 0.05 0.05 0.04 0.01 0.00 0.03 0.01 0.01 0.00 0.0163 -0.6947
GAT-Ones 0.33 0.43 0.61 0.77 0.89 0.94 0.98 0.99 1.00 1.00 1.00 0.0016 0.3744
GAT-Big 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.8389 0.2552

GAT-BigOnes 0.38 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.1243 0.6529
GCN 0.01 0.03 0.04 0.09 0.09 0.02 0.08 0.08 0.05 0.04 0.00 0.0798 -0.4333

GCN-Ones 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.0207 0.9059
GCN-Big 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0004 -

GCN-BigOnes 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.2973 0.9588

Plots
The plots of the results in Table 4.1–4.3 in are shown in Figure A1–A6 in the ap-
pendix. The format of the plots is also described in Section 3.14. In these plots, the
x-axis represents either the fraction of nodes turned off (in the case of node malfunc-
tion) or the overload factor (in the case of graph overload). The y-axis represents
the reconstruction error. Each individual point is one simulation, as described in
Section 3.13

4.3 GCN and GAT on Simulated Errors

All the below models are trained with 200 autoencoder epochs, and the GAT mod-
els are trained with 100 epochs. These parameters are chosen after testing various
numbers, and provided the best results overall. The results from each class of mod-
els use the same trained model, both for GCN and GAT. We use the Big feature set,
as its results in our preliminary tests were slightly better, meaning each node has
a feature vector two times the number of nodes; the sizes of each dataset and their
graphs can be seen in Table 3.1.

Furthermore, we divide the datasets based on time, each with 100 intervals, which
is high enough to get variation, but low enough to reduce noise. The thresholds used
are based on Algorithm 6. The levels we chose are 1, 2 and 10 standard deviations
from the mean of non-anomalous data, with an exclusion percentile of 10. The 1
and 2 levels represent values close to the mean, and the 10 level an extreme value.
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In both models our autoencoder splits the original training data into 80% train-
ing data and 20% validation data. The GAT batch size is 32, providing a balance
between stability and training efficiency.

Table 4.4 contains the F1 scores of the models on each dataset, where the clas-
sification threshold is 1, 2 or 10 standard deviations from the mean.

Table 4.4 F1 scores

Node death PLC Node death IO & PLC Cable rupture IO
Std.dev. 1 2 10 1 2 10 1 2 10

GAT-zeros 0.5176 0.5205 0.4706 0.6420 0.0 0.0 0.2593 0.1778 0.0571
GAT-ones 0.6593 0.6591 0.4706 0.6420 0.0 0.0 0.2963 0.1364 0.0

GCN-zeros 0.2778 0.2857 0.2462 0.2727 0.2727 0.0606 0.1463 0.1463 0.1081
GCN-ones 0.7021 0.6818 0.4706 0.6420 0.0 0.0 0.2759 0.2222 0.0

Plots
All results can be found in Figure A7–A18 in the appendix. Some examples are
shown in Figure 4.1–4.3. The figures are split into two different plots.

In the top plot, the x-axis represents time, while the y-axis represents the recon-
struction error. The blue line indicates the reconstruction error from our model. The
red area highlights the ground truth for the anomaly, showing when the anomaly
occurred. We also have three lines, which are the threshold based on the mean and
standard deviation of non anomalous data. In the bottom plot, we observe when the
reconstruction error exceeds a specific threshold.

Figure 4.1 The reconstruction loss when using the GAT-ones model on the Node death
PLC data

.
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Figure 4.2 The reconstruction loss when using the GCN-ones on Node death IO & PLC
data

Figure 4.3 The reconstruction loss when using the GCN on cable rupture data

4.4 Custom Graph Models Implementation Details

The following applies to both our GCN and GAT:

• Graph representation: We decided to use adjacency matrices to represent
our graphs, mostly because they are intuitive and easy to create. Although
some graphs will not utilize the entire matrix size when achieving graphs of
equal size, we do not think the sparsity will affect performance significantly.
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• Number of layers: For our graph, we have found that the maximum number
of edges between two nodes is three. Therefore, we found it reasonable to
limit the number of layers of both the GCN and GAT to three.

• Data normalization: Through rigorous testing and inspection of feature val-
ues, we concluded that the data should not be normalized, as it was gener-
ally imbalanced: a few extreme values would cause most of the values to be
scaled down, resulting in values close to zero. Instead, we standardized the
data (mean=0, std=1) which was sufficient for our purposes.

GCN Implementation
The GCN is not trained, as it is not necessary when only used for feature extraction.
The model is implemented by hand using the Tensorflow [TensorFlow, 2024] library
in Python. The following parameters are used:

• Activation functions: The choice of activation function is implementation
specific, and we go with the ReLU for its sparse nature.

• Layer sizes: Testing different combinations, we came up with the following
dimensions for our hidden layers (for N features per node): 8N, 4N, 3N.

GAT Implementation
The GAT is trained, as attention scores should not be left to the initial values, how-
ever training is done separately from the receiving autoencoder. We use the GAT-
Conv module from the Deep Graph Library [Zhang et al., 2024] in Python to im-
plement the GAT. Our parameter choices were:

• Number of heads: We decided to use 8 heads, to hopefully stabilize the learn-
ing process enough, and it seemed to provide the best results.

• Layer sizes: For our two layers we use the sizes 64 and N respectively (for
N node features), after experimentation.

• Activation functions: Our implementation uses the Exponential Linear Unit,
as it is continuous.

• Loss function: We use MSE (section 2.8.1) as it is preferred for unsupervised
training.

• Optimizer: We include the previously described Adam optimizer 2.7, with a
learning rate set to 0.01.
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4.5 MTAD-GAT

Preliminary Tests on Sensor Data
Initial tests were done on Salinity and Temperature sensor data that were "simu-
lated". The data essentially consisted of a sinus function, and a alternating linear
function. These tests are similar to the data used in the original MTAD-GAT paper
[Zhao et al., 2020].

Testing on sensor data gave reasonable results, as shown in Figure 4.4. Some
synthetically created anomalies that were made by simple data manipulation were
detected. In the plots we can see the anomaly scores before and after gaussian blur,
the actual anomalies, as well as train and test data.

Figure 4.4 Time series of anomaly scores, where the detected anomalies are above the
threshold; the actual anomalies; the training data, containing three sensors: salinity, temper-
ature and a static value; and the testing data identical to the training data except for the three
introduced anomalies.
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When adding noise to the training and test data, by varying the values by a certain
random amount,the anomaly scores were initially not very readable. However, that
was fixed by running the through a Gaussian blur, as shown in the figures. When
introducing noise the performance decreased as shown in Figure 4.5. However, the
errors introduced were quite benign, and could themselves be considered as noise.
Introducing larger anomalies gave more significant results, see Figure 4.6.

Figure 4.5 Training and test data with added noise. Time series of anomaly scores, where
the detected anomalies are above the threshold; the actual anomalies; the training data, con-
taining three sensors: salinity, temperature and a static value; and the testing data identical to
the training data except for the three introduced anomalies.
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Figure 4.6 Time series of anomaly scores, where the detected anomalies are above the
threshold; the actual anomalies; the training data, containing three sensors: salinity, temper-
ature and a static value; and the testing data identical to the training data except for the three
introduced anomalies.

This training was done using a lookback of 10, meaning that the time dependent
GAT considered the last 10 values when predicting a new value. Increasing the
lookback did not improve performance much, however it significantly increased
the size of the model with the complexity O(N2) as every new node calculates
connections with all previous ones.

The anomaly detection here was performed by an advanced method for detect-
ing anomalies in time series data [NetManAIOps-OmniAnomaly, 2024], which we
did not use any further in our own tests.

We All models were trained with around 20 epochs, as the training loss stopped
decreasing after this amount. This can be seen in Figure 4.7.
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Figure 4.7 The resulting loss when training MTAD-GAT on salinity and temperature data

Network Data
We tested the smoothing methods in Section 3.10 on each test case. We also tried
both approaches for threshold setting in Section 3.15. For the standard deviation
method, we have set the levels for each test that seemed to make the classified
anomalies resemble the actual anomalies the most. For the performance optimiz-
ing threshold, we chose to optimize the accuracy as it gave slightly better results
than F1-scores; we also used a lower threshold of 50 percent (green) and a higher
threshold of 150 percent (red), of the optimal threshold (yellow). Figure 4.8–4.10
are the best results we managed to get for each test case. The rest of the results are
Figure A19–A30 in the appendix.

The figures are divided into three plots. The top plot shows the reconstruction
error (blue) and three thresholds. The x-axis shows the package number, and the y-
axis shows the reconstruction error. The middle plot shows when the reconstruction
error exceeded the thresholds. Finally, the bottom plot indicates when the actual
anomalies occurred.
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Figure 4.8 Node death PLC gaussian blur 5, accuracy-based threshold.

Figure 4.9 Node death IO PLC aggregated 10, accuracy-based threshold.

70



4.6 Standalone Autoencoder

Figure 4.10 Cable rupture IO moving average 10, accuracy-based threshold.

4.6 Standalone Autoencoder

Modified Test Data
We performed an experiment on 145 logs from the train_1 recording. After training
the model, logs 60−80 were picked out, and 20% of each the bytes in each message
were assigned a random value, providing us with corrupted messages. In Figure
4.11 we can see the reconstruction error from our autoencoder for each package,
and we can see that the error increased dramatically for packages 60−80.

We cannot guarantee that the messages still are invalid after change, as randomly
changing the bytes might still produce a valid message. However, we deemed the
probability of such scenarios to be quite low. This test proved the potential to use
autoencoders for detecting anomalies in single message logs.

Figure 4.11 Reconstruction error of standalone autoencoder on raw data. Each input data-
point contains a network package converted into decimal values. The red area is the modified
range, where each package randomly gets values changed.

71



Chapter 4. Results

Testing Sensitivity
We used a similar approach here that we did when evaluating the GCN/GAT mod-
els with node malfunction. But instead of changing the features of each node we
decided to change bytes in messages, as described in Algorithm 5.

When randomly picking out bytes with different intensities (increasing the amount
for each step) and assigning a completely new value to each byte we received the
results in Figure 4.12.

(a) Autoencoder loss for node malfunction,
changing 1-30%.

(b) Autoencoder loss for node malfunction,
changing 1-2%

(c) ratios of points above mean · 1.05 in Fig-
ure 4.12b.

Figure 4.12
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We can clearly see that the error increases linearly in Figure 4.12a when we change
0% to 30% bits. Now when we tried to find, similar to the experiment with GCN/-
GAT, where the sensitivity had its limits, it turned out to be when changing around
1−2% of bytes, which can be seen in Figure 4.12b. The ratios above the threshold
mean ·1.05 can be seen in Figure 4.12c.

We can from the ratio see that the anomaly detection become meaningful when
dealing with changes that affect around 1% of the bytes, which is quite good.

As we now changed the bytes randomly, we wanted to test how much we have
to change each byte (0−256) in order to get meaningful results. When adding 1 or
subtracting 1 from a random byte in the data point for a certain percentage of nodes
we got the results seen in Figure 4.13a. Even when changing 100% of values, we
did not achieve any meaningful error.

When trying to change the values with either −5 or 5, we achieved the results
that can bee seen in Figure 4.13b, which were close but not good enough. Finally,
it seemed that when adding or subtracting 25 from random values proved to give
a good result, as seen in Figure 4.13c. The ratios above mean · 1.05 can be seen in
Figure 4.13d.
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(a) changing the values with 1 or −1 (b) changing the values with 5 or −5

(c) changing the values with 25 or −25 (d) changing the values with 25 or −25

Figure 4.13

Simulated Data
While trying to test a standalone autoencoder on recorded data, we did not manage
to achieve any significant results, despite trying different model parameters. Two
example plots can be seen in Figure 4.14–4.15.

Figure 4.14 50 epochs, 512 batch size. Reconstruction error of standalone autoencoder on
raw data. Tested on node death PLC. The real anomaly is represented by the red area.
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Figure 4.15 10 epochs, 256 batch size. Reconstruction error of standalone autoencoder on
raw data. Tested on node death IO PLC. The real anomaly is represented by the red area.

We can see that the reconstruction error does neither increase nor decrease in a
meaningful way when the anomaly occurs. This can be seen in the figures, as the
loss does not increase when the anomaly occurs. In Figure 4.14 we can see a slight
difference, in the way that the frequency of the high reconstruction error (the peaks)
increases, however this was not deemed to be significant enough to be classified as
an anomaly.

4.7 Autoencoder Model Architecture

The autoencoder model designed for this study consists of two principal compo-
nents: an encoder and a decoder, both implemented using the Keras framework
[Keras, 2024].

Encoder
The encoder comprises the following layers:

• Input Layer: Accepts input vectors of size max_length.

• First Hidden Layer: Consists of 256 neurons using ReLU activation, fol-
lowed by batch normalization and LeakyReLU activation for added stability.

• Second Hidden Layer: Composed of 128 neurons, also using ReLU activa-
tion with L1 regularization to encourage sparsity, followed by batch normal-
ization and LeakyReLU activation.

• Third Hidden Layer: Includes 64 neurons with ReLU activation to compress
the data into a lower-dimensional representation.
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Decoder
The decoder mirrors the encoder’s architecture in reverse order to reconstruct the
input data:

• First Layer: Expands the representation to 128 neurons, uses ReLU activa-
tion, followed by batch normalization and LeakyReLU.

• Second Layer: Further expands the data to 256 neurons with the same acti-
vations and regularizations as the previous layer.

• Output Layer: Reconstructs the original input using a sigmoid activation
across max_length neurons.

Training and hyperparameters
The model is compiled with the Adam optimizer and trained using mean squared
error as the loss function. Training is performed over 50 epochs with a batch size
of 512. The model also utilizes data shuffling and validation with separate data sets.
Upon completion of training, the model is saved to ensure reproducibility and for
future evaluations.
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Discussion

5.1 Own Models

Simulated Errors
GAT based Models In the case of GAT it can be clearly seen that using more
features provided much better results, this was also expected, as more meaningful
features often provide better results, therefore concluding that GAT-big and GAT-
BigOnes gave the best results.

The performance of GAT-Big and Gat-BigOnes was similar when testing with
the 0.0−0.1 interval, however GAT-BigOnes had better correlations, and therefore
proved to be better.

When iterating through the 0− 0.02 interval the correlation was better on GAT-
Big, however it was not as sensitive as the GAT-BigOnes, therefore the latter one
being better. Another thing to notice is that the sensitivity between the GAT-ones
model did not change much when switching from 0.0−0.1 to 0−0.02.

This experiment showed that it can be beneficial to let the GAT learn its own
structures, instead of only using the predefined ones.

GCN based Models In the case of GCN we can also see that the GCN and
GCN-Big performed the worst, and in the interval of 0− 0.02 both failed to pro-
duce any meaningful result. This can be attributed to the fact that the GCN is not
being explicitly trained, and just performs convolutions. The adjacency matrix is
quite sparse in the GCN with the predefined structure as input. This leads to the
convolution not producing anything meaningful, especially in the case of GCN-Big.
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The other models, GCN-BigOnes and GCN-Ones proved to be sensitive to the
graph overload, performing in a similar fashion to the GAT models.

Comparing CGN and GAT We could also see that the best models from both
categories performed similarly well, reinforcing out hypothesis about the underly-
ing network not being complex enough for a GAT model to provide better results.

Recorded Data
In the Node death PLC test, GCN-Ones performed the best. In Node death IO &
PLC, all models except GCN-Zeros, which had low values, were more or less the
same. In cable rupture, the same three models were about equally bad. Overall, it is
safe to say that GCN-Zeros was inferior to the other models.

Perhaps the most surprising result was that GAT, despite its level of sophistication,
did not perform better than it did, especially with respect to its feature extraction
process being trained unlike GCN.

The GAT performing in the same manner as GCN could be attributed to the sim-
plicity of our system, as shown in Figure 5.1.

Figure 5.1 Communications between nodes.

There are no complex connections between nodes, from the image we can conclude
that there are 3 central nodes having a lot a connections, and the rest of the nodes
having only around 2-3 connections.
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In a case of a more complex system, GAT could potentially perform better, however
in this case GCN did suffice.

The fact that GCN was as good as the GAT model can also be attributed to the
quality of data. The data used was simply the system in a "steady state" where
nothing was happening. This is not the typical scenario, and perhaps with training
data covering more complex scenarios, a GAT would be better in distinguishing
between anomalies and non-anomalies.

This is however system dependent, some systems might or should act the same
and not vary a lot during runtime, here according to our tests as GCN would suffice.
However, some systems might vary a lot, in those cases a GAT would potentially
be a better choice.

General Observations
Overall, we could see GAT and GCN performed similarly, however there was a clear
advantage of letting GAT learn its own connections for all nodes instead of limiting
it to the predefined structures. In the case of GCN it was also more advantageous to
let all nodes be connected to all nodes. This being said, the best models were GCN-
BigOnes and GAT-BigOnes. The cable rupture test was not being identified, which
makes sense as we are operating in a ring network, which should not be affected if
one node is disconnected.

Improving Feature Extraction
Our feature vector only incorporated the data regarding the number of packages
sent, as well as the average lengths of them. The time aspect was incorporated
when dividing by time. This approach is dependent on which intervals we use, and
does not incorporate time perfectly. Some more complex feature extraction might
provide better results.

An example of a complex feature vector might be one that uses the information
contained in the message as a feature, instead of only using the length and size as
in our case.

Improving Training of the Models
The GAT model and its autoencoder were trained separately. This is not the optimal
solution, as they could be trained in the same feedback loop. This would ensure the
models are adapting together to our data, instead of doing it each on their own.

In regards of the GCN, the weights between layers could and should also be
trained. Preferably in the same feedback loop as the autoencoder.
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Another relevant improvement could be to utilize more of the regularization tech-
niques described in Section 2.9. Specifically, dropout is mentioned as particularly
useful for GAT when applied to attention coefficients [Veličković, 2024]. It means
that neighborhoods will be stochastically sampled and dependencies reducing gen-
eralization are minimized. This is especially useful for small training datasets, such
as our own.

Improved GAT Model
Our GAT model could possibly be improved by not training the GAT and autoen-
coder separately, but instead using feedback from the autoencoder to the GAT. This
would mean that the GAT will be adapted when the total loss changes.

GATv2: There is a recent improvement to the GAT attention mechanism, called
GATv2 [Brody et al., 2022]. The idea is that the original GAT calculates the scoring
function in a static manner, i.e. the ranking of attention coefficients α is shared
between all nodes, see Equation 2.3.

Instead, GATv2 proposes a different order of operations in the scoring function,
preventing aaa and WWW from collapsing into a single linear layer:

e(hhhi,hhh j) = aaaT LeakyReLU(WWW · [hhhi∥hhh j])

which they prove will compute dynamic attention, meaning that nodes will have
different rankings of neighbors. This is shown to outperform GAT in their bench-
marks, while having the same time complexity and parametric cost. However, the
importance of this attention improvement is thought to depend on how complex the
node interactions are.

Importance of Nodes in the System
While testing our own models using graph_overload and node_malfunction we no-
ticed that in some cases our results took the form of two separate lines which points
gathered around. Those lines came in different forms depending on the model and
tests, however in most cases there were exactly two lines that could be identified.

Graph Overload
When testing graph overload, we in many times got results where the MSE errors
could be split in two exponential lines, distinct from each other. An example can be
seen in Figure 5.2.
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Figure 5.2 Graph overload, x-axis values are overload factors. The values at the x-axis
represent by how many percent the nodes feature was increased. In this scenario 10 nodes
were affected.

This occurred quite often with many different models during testing, and occurred
much more often when using the GAT variation than it did when using the GCN
variation.

One possible explanation to this phenomenon is the relative importance of nodes.
The graph had a few central nodes, that received a lot more messages than the rest
of the nodes. As our sampling method was stochastic, and we picked random nodes
each iteration, the split of results could be explained by which nodes were picked.

Our hypothesis is that when we happened to pick and modify the features of
an important node the error became much higher, which could symbolize the upper
line. However, in the case that we managed to not pick an important node, we got a
much lower error as seen in the bottom line.

This explanation aligns well with the fact that GAT learns the relative impor-
tance of nodes in a graph, and GCN does not. This phenomenon was much more
frequent for GAT models, than for GCN during experiments.

Node Malfunction
When testing Node Malfunction there was a large variation in the graphs it pro-
duced. However, in many cases we got an "X" shape when training a GAT model,
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which can be seen in Figure 5.3.

Figure 5.3 Node malfunction. x-axis values are the fraction of nodes that were turned off.

We can see two distinct lines, where the number of points for each line is larger
at the bottom portion of both the increasing and the decreasing line. This is also
likely attributed to the importance of certain nodes, and how GAT learns about them.

In the beginning, when shutting off a small percentage of nodes, there is a high
chance that one of the few central nodes will not get shutdown, therefore the ma-
jority of the simulations have a low MSE, however in the few cases when a central
node gets shut down, we got a higher MSE.

When we approach the end of our testing interval things kind of reverse. Here
the model seems to learn that shutting off all nodes means that the system behaves
normally, therefore the low MSE error. However, we still manage to get some points
with a high error. It is quite unclear why it is this way.

It could be argued that the large MSE errors occur when only some, but not all
central nodes get shut off, meaning that the network learned that when all central
nodes are on, the system works as usual, and when only some of the nodes work,
an anomaly has occurred.

These are of course only conjectures, and this should be explored further. It is
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important to mention that we did not get an X for all models we trained, however it
occurred frequently enough to justify trying to understand the reason behind.

5.2 MTAD-GAT

This method being based on the paper [Zhao et al., 2020] was far more complex
than our initial models and was thought to realistically produce better results.

Recorded Data
When testing recorded data we got satisfactory result for Node death PLC and Node
death IO & PLC, ignoring the potential measurement error (or system error). The
thresholds were mainly found by maximizing the accuracy, and for that we had to
change the ground truth in order for our algorithm to work properly, by extending
the ground truth so it better matched the detected error.

For Node death PLC, we got a more even anomaly detection, instead of getting
two peaks as in our own models. which we deemed a better result as the error did
not decrease unlike the case when testing our own models.

For Node death IO & PLC, we got a similar result to our own models, and this
result was also satisfactory.

This model also failed, just like our own simpler models, to detect the cable rupture
in any meaningful way. We heavily doubt that changing the parameter and training
with an extreme lookback, say 100 instead of 20 would improve the system a lot.
The maximal lookback we tried was 50, this due to the space and time complexity
of the model being O(N2).

Improving Feature Extraction
The methods we used for extracting features were satisfactory, but could be im-
proved. The time series only included if a signal was sent or received during a given
time, and the size of the signal. We did not incorporate from whom the signal was
received, we also did not incorporate the content of the message.

Using the content of the message would be quite tricky in this case, but could
be done by encoding the message and using its value as the input (instead of the
size of the message). We do not know how such a model would behave.

Including who the messages were sent from and to could be done by having N
time series for each node, assuming N is the number of nodes. This would however
provide us with N2 time series, which in our case would be 812 = 6561 time series,
which would produce a very sparse time series matrix, and aggregation would most

83



Chapter 5. Discussion

certainly be needed. We do not know how well the model would perform with such
amount of time series, but we do know that it would be very computationally heavy,
both for inference and training, we therefore deemed exploring such model not
worth the time during this master thesis.

Time and computing power limitation should however not apply when design-
ing safety critical systems, especially for submarines and naval crafts designed to
keep a society safe, such feature extractions should therefore definitely be evaluated
in the future.

5.3 Standalone Autoencoder

We could see that the standalone autoencoder did not detect quantitative anomalies
very well, not all actually. This is logical due to the autoencoder only analyzing
single message format, and as we "turn off" nodes as we did in our tests, the format
and type of the messages did not necessarily change, depending on the system they
either were sent through a different node or were not sent at all.

This approach would be better suited for qualitative errors, where the contents
of messages are changed, either completely as represented by the tests replacing
bytes completely, symbolizing different data content, or bytes simply being changed
slightly (with for example one bit), symbolizing faulty packages.

However, it is worth mentioning that this method of byte manipulation theoreti-
cally can be unreliable, as we cannot be sure that the new data replacing the previous
data actually represents an anomaly; although we consider it unlikely that replacing
a significant number of bytes would consistently produce normal data. Nonetheless,
the autoencoder was able to detect such manipulations, indicating that the changes
made are not normal, at least in relation to the training data. As we see in the results,
these errors were detected quite easily.

Analyzing Frequency Instead of Error Size
As mentioned, the results on the simulated data were not very good. However, when
looking at the result from testing the standalone autoencoder, see Figure 4.15, we
can see that although the error does not increase significantly during the anomaly,
the frequency of high errors increases at one point. Analyzing the frequency of the
errors could potentially provide some insights. Another method would be to for
example use a Gaussian blur and inspect the results after such transformation.

Improving Feature Extraction
The feature vector we used simply consisted of the raw data’s hexadecimal encod-
ings that were normalized. This vector included the source, destination, protocol,
message content and other things. While some things were highly relevant such as
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destination, source and message content, some of the contents were not as useful,
such as protocol (assuming the whole system uses the same protocol). Removing
unneeded features/bytes from the feature vector could prove beneficial as the model
would have less data to work with, therefore potentially increase its performance.

Yet another way would be to extract numerical data from the raw data, for ex-
ample replacing the hexadecimal encoding of the source/destination mac address,
with a simple integer that would be mapped to that specific mac address. Simi-
lar mapping could be performed for message contents, in the case that there is a
standard set of such in the system. This approach would simplify the data, and
potentially improve the models’ performance.

RNN Model
Another potentially good approach could be implementing a RNN model analyzing
raw data. Such model could potentially be able to detect quantitative changes, for
example changes in frequency of certain messages, or increased number of mes-
sages in a specific timeframe. The most suitable architecture would most likely
be an LSTM. However, it would require a quite big sequence length, to capture
enough relevant data, and with our vectors being around 1500 bytes long, it would
produce quite a large network. However as mentioned before different things could
be done to improve the feature extraction, which would make the model possibly a
lot smaller and manageable.

5.4 Observational Errors

Labeling Errors
In all our tests, Node death IO & PLC displayed a behavior where the anomaly
signal was almost exactly double the length of our written down anomaly duration,
see e.g. Figure A11, A12, A14 and Figure A23–A26. We suspect that this could
be due to two reasons. Either the system has a delay that is only present when
switching on the device, as the start times agree, but not the end times; or, perhaps
more likely, there have been a clerical error and the end package number 200,000
should in fact be 300,000. The main concern with this is the possibility that our
performance metrics (F1 score) are lower than they should be. With this in mind,
we adjusted the ending value for our accuracy optimizing thresholds (Algorithm 8),
which increased maximum performance.

System Specific Behavior
What is considered an anomaly heavily depends on the specific system and its op-
erator. Therefore, it is difficult and sub-optimal to set a static threshold that will
classify an event as an anomaly. An illustrating example of this is Figure A7, where
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the error exceeds the threshold when the actual anomaly begins, but then descends
far below it until the state is restored. It is thus important to emphasize that knowl-
edge about the system behavior is needed to draw conclusions from the anomaly
signals, and operators should be able to adjust thresholds and not solely rely on the
system monitoring.

5.5 Finding Thresholds

In this study the thresholds for classifying anomalies were often based on the correct
labels for anomalies, which would not be possible in real life scenarios. Instead,
an expert user could determine the threshold based on relevancy. The results in
this thesis are presented as potential maximal results that could be achieved with
different models, given that a correct threshold method was chosen.

One problem that occurred was when our test data was different than our train-
ing data, meaning that the overall error between data and reconstruction was much
larger for test data than for training data. This case was not hopeless however, as
anomalies could still easily be detected when analyzing the series of errors, this
because the "error" produced peaks in the time series, which could be distinguished
from "normal" data.

The initial and most logical approach for finding a threshold would be to base
it on the training data’s loss. As mentioned above this was not possible in our cases,
and we instead resolved to maximizing F1 score or basing our threshold on the test
data’s mean and standard deviation.

These methods can definitely be expanded in some form adaptable threshold find-
ing, where the actual threshold also has to be learned from training and test data.
This would further add another step to the complexity of the problem, and increase
the amount of data needed. However, it is essential for real life scenarios.

Another important thing, as mentioned several times, is the system’s behavior in
the case of anomaly. A system can behave differently after an anomaly for several
hours, or simply fix itself mere seconds after the anomaly, even though an anomaly
is still technically present. It is important to map the ground truth correctly to the
machine learning models, in order to accurately train or calculate a satisfactory
threshold.
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5.6 Acquiring Better Data

Better Training Data
The main reason we should train on extensive data is that it allows for better gen-
eralization. This is because more training data can contain more variations, which
means that the model will not be locked to one specific type of behavior when
assuming what is normal. This is the same phenomenon that reduces overfitting:
without a large enough sample, we will not have a representative distribution of
our data. This becomes especially important with more complex models, such as
GAT, which can easily overfit without enough data. For example, the more weights
a model has the higher its ability is to predict based on its training data, but if this
data only represents a small sample, it will inevitably be biased. This will, when
testing on new unseen data, affect performance negatively.

In order to fully take advantage of the complexity and test the GAT in relation
to simpler models, we estimate that the models used should in an ideal scenario be
trained on multiple times the current amount of data. To achieve this, we suggest
that the simulations of the normal state should be performed over a longer time
period, while capturing an increased variation of events.

Better Test Data
More test data would allow us to evaluate the models with higher certainty. To
accurately assess generalization, we need more than a small sample of unseen test
data. The other aspect is that we would like to test more types of anomalies, to see
what the model is capable of detecting, and what its limitations are. For example,
we would like to test more of the "slow" errors, such as increasing network traffic,
and various levels of packet loss, which are more difficult to spot and where the
GAT may be more valuable.

The amount of test data also limited our experiments to qualitative evaluation,
instead of quantitative.

Better Labels
As mentioned in the Section observational errors, knowledge of the underlying
system is needed in order to do proper evaluation and produce proper labels. Im-
proper labeling makes quantitative evaluation (such as using F1 scores, or accuracy)
almost useless, as even though the F1 score might be bad, the result is good, and
looks good. This can be seen on Table 4.4, where F1 scores were bad, even though
technically an anomaly was detected properly, however the inaccurate labeling
skewed the results.

In this case it was not the end of the world. However, when using the labels for
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dynamic and adaptable thresholds (such as ones that are learned during inference)
this can be a major issue.
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6
Conclusion

6.1 Can GATs be Used to Monitor Complex Operational
Systems?

GCN vs GAT
We did not find a strong reason to use a GAT instead of a classical GCN, however
the cause of such results deducted to be the simplicity of the systems and quality
of data. An advanced model such as MTAD-GAT worked slightly better that the
simpler models, however needed much more computing power for training and
inference.

To conclude, GAT did not increase the performance of the model enough to justify
its complexity, this is only applicable to the data we trained and tested on, which as
mentioned before, was not of top-notch quality.

Standalone Autoencoder
As our own models, and the MTAD-GAT have a hard time locating the exact lo-
cation of the error in the graph we examined the use of a standalone autoencoder,
which would be a complement to the main GAT-based model.

This approach proved successful when analyzing qualitative errors of single mes-
sages, but it did not however give any promising results when analyzing quantitative
errors.

A proposed solution for the quantitative errors was to explore the use of RNNs,
which analyze sequences of data.
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Positive Findings
Despite the need for further research, there are a few significant findings:

• GAT, GCN and standalone autoencoder were all sensitive to increasing errors
that are synthetically induced in simulated data.

• Both GAT and GCN running on simulated data were able to correctly indicate
that anomalies were occurring, at least for Node death PLC and Node death
IO & PLC.

• MTAD-GAT showed promising results, and was able to somewhat indicate a
cable rupture.

6.2 Limitations of our Study

The biggest limitation of this study was the lack of data, which mainly caused us
to perform qualitative evaluation instead of quantitative. There was not enough
varying test data or training data, which also severely limited our model to only
learning the most usual case of the systems behavior. Anomaly detection usually
require astronomical amounts of data, and creating such datasets was not feasible
during this study.

Another limitation was the bad labeling of the data. A proper labeling was hin-
dered by our lack of knowledge of the underlying system and its behaviour during
different events. It was hard to deduce for how long the system was behaving
anomalously after an abnormality was induced.

The feature extraction we performed for different models was sub-optimal and,
in many cases, failed to incorporate all dimensions of the data. This means that the
results could potentially have been better, for example in the case of Cable rupture
IO if we used all available dimensions of the data.

Another major limitation was that we trained our GAT and Autoencoder model
separately, which may not be optimal, and using the same feedback for both models
could improve the performance significantly. The GCN model should also have
been trained, as we only used it for feature extraction, without training the weights
between layers.

6.3 Future Improvements

Better Data
As mentioned before, it is imperial to acquire better data, both in terms of amount,
quality and labeling.
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6.3 Future Improvements

More Complex Systems
In order to fully take advantage of GAT, larger systems could be analyzed that have
more complex relations between nodes and also vary a lot more.

Feature Extraction
Extracting features better in order to capture the dimensions of the systems in a
better way is also a major area of improvement.

Better Models
More complex and different models could be analyzed. One approach would be to
for example use a standalone autoencoder together with the MTAD-GAT model,
in order to identify when an anomaly occurred (through MTAD-GAT) and identify
where an anomaly occurred using the autoencoder. Another model that can be worth
comparing is GATv2, especially if more complex relations are present in the graph
structure. For our GAT model, adding dropout can also be worth-while in order to
increase generalization.

Other Comparisons
Interesting subjects for future research could be to look at the machine learning
models discussed in this work compared to the built-in system monitoring.
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Appendix

A1 Figures

Generated Error Sensitivity

(a) GAT+Autoencoder-GraphOverload (b) GAT_Ones+Autoencoder-GraphOverload

(c) GAT_Big+Autoencoder-GraphOverload
(d) GAT_Ones_Big+Autoencoder-
GraphOverload

Figure A1 Comparative results of GAT variations with Autoencoder-GraphOverload
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A1 Figures

(a) GCN+Autoencoder-GraphOverload (b) GCN_Ones+Autoencoder-GraphOverload

(c) GCN_Big+Autoencoder-GraphOverload
(d) GCN_Big_Ones+Autoencoder-
GraphOverload

Figure A2 Comparative results of GCN variations with Autoencoder-GraphOverload
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(a) GAT+Autoencoder-GraphOverload (b) GAT_Ones+Autoencoder-GraphOverload

(c) GAT_Big+Autoencoder-GraphOverload
(d) GAT_Big_Ones+Autoencoder-
GraphOverload

Figure A3 Comparative results of GAT variations with Autoencoder-GraphOverload
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A1 Figures

(a) GCN+Autoencoder-GraphOverload (b) GCN_Ones+Autoencoder-GraphOverload

(c) GCN_Big+Autoencoder-GraphOverload
(d) GCN_Big_Ones+Autoencoder-
GraphOverload

Figure A4 Comparative results of GCN variations with Autoencoder-GraphOverload
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(a) GAT+Autoencoder-NodeMalfunction
(b) GAT_Ones+Autoencoder-
NodeMalfunction

(c) GAT_Big+Autoencoder-NodeMalfunction
(d) GAT_Big_Ones+Autoencoder-
NodeMalfunction

Figure A5 Comparative results of GAT variations with Autoencoder-NodeMalfunction
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A1 Figures

(a) CGN+Autoencoder-NodeMalfunction
(b) CGN_Ones+Autoencoder-
NodeMalfunction

(c) CGN_Big+Autoencoder-
NodeMalfunction

(d) CGN_Big_Ones+Autoencoder-
NodeMalfunction

Figure A6 Comparative results of CGN variations with Autoencoder-NodeMalfunction
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Simulated Error

Figure A7 GAT: Node death PLC

Figure A8 GAT-ones: Node death PLC
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A1 Figures

Figure A9 GCN: Node death PLC

Figure A10 GCN-ones: Node death PLC
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Figure A11 GAT: Node death IO & PLC

Figure A12 GAT-ones: Node death IO & PLC
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Figure A13 GCN: Node death IO & PLC

Figure A14 GCN-ones: Node death IO & PLC

105



Bibliography

Figure A15 GAT: Cable rupture IO

Figure A16 GAT-ones: Cable rupture IO
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Figure A17 GCN: Cable rupture IO

Figure A18 GCN-ones: Cable rupture IO
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MTAD-GAT

Figure A19 MTAD-GAT: Node death PLC no smoothing, accuracy-based threshold.

Figure A20 MTAD-GAT: Node death PLC aggregated 10, accuracy-based threshold.
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A1 Figures

Figure A21 MTAD-GAT: Node death PLC gaussian blur 5, accuracy-based threshold.

Figure A22 MTAD-GAT: Node death PLC moving average 10, accuracy-based threshold.
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Figure A23 MTAD-GAT: Node death IO PLC no smoothing, accuracy-based threshold.

Figure A24 MTAD-GAT: Node death IO PLC aggregated 10, accuracy-based threshold.
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Figure A25 MTAD-GAT: Node death IO PLC gaussian blur 5, accuracy-based threshold.

Figure A26 MTAD-GAT: Node death IO PLC moving average 10, accuracy-based thresh-
old.
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Figure A27 MTAD-GAT: Cable rupture IO no smoothing, accuracy-based threshold.

Figure A28 MTAD-GAT: Cable rupture IO aggregated 10, accuracy-based threshold.
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Figure A29 MTAD-GAT: Cable rupture IO gaussian blur 5, accuracy-based threshold.

Figure A30 MTAD-GAT: Cable rupture IO moving average 10, accuracy-based threshold.
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