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Abstract: Spacecraft systems collect health-related data continuously, which can give an indication
of the systems’ health status. While they rarely occur, the repercussions of such system anomalies,
faults, or failures can be severe, safety-critical and costly. Therefore, the data are used to anticipate
any kind of anomalous behaviour. Typically this is performed by the use of simple thresholds or
statistical techniques. Over the past few years, however, data-driven anomaly detection methods
have been further developed and improved. They can help to automate the process of anomaly
detection. However, it usually is time intensive and requires expertise to identify and implement
suitable anomaly detection methods for specific systems, which is often not feasible for application
at scale, for instance, when considering a satellite consisting of numerous systems and many more
subsystems. To address this limitation, a generic diagnostic framework is proposed that identifies
optimal anomaly detection techniques and data pre-processing and thresholding methods. The
framework is applied to two publicly available spacecraft datasets and a real-life satellite dataset
provided by the European Space Agency. The results show that the framework is robust and adaptive
to different system data, providing a quick way to assess anomaly detection for the underlying
system. It was found that including thresholding techniques significantly influences the quality of
resulting anomaly detection models. With this, the framework can provide both a way forward in
developing data-driven anomaly detection methods for spacecraft systems and guidance relative to
the direction of anomaly detection method selection and implementation for specific use cases.

Keywords: anomaly detection; spacecraft systems; metrics; threshold methodologies; time-series data

1. Introduction

A spacecraft consist of many complex systems, with each system’s functional and
operational availability contributing to the overall spacecraft availability. Failures and
faults of a single system can lead to major operational interruptions and substantial costs.
Therefore, spacecraft operators go to great lengths to ensure the high reliability of all
systems and subsystems [1]. Currently, reliability and availability calculations of most
systems are based on historical data and statistical analysis [2], while spacecraft systems are
equipped with sensors recording telemetry and system behaviour in regular time intervals,
the vast amount of available data is still not fully explored [3]. However, together with
operational and technical system data, such sensor data can be used to detect, diagnose
and predict faults and failures and plan according to actions.

Fault or anomaly detection is typically seen as the first major step in prognostics and
health management (PHM). It aims to identify data deviating from what is considered
normal, expected or likely behaviour [4]. Several anomaly detection approaches exist,
ranging from statistics or signal processing techniques to machine learning [5]. As men-
tioned above, most existing approaches for spacecraft rely on statistical models. However,
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as Zeng et al. [6] pointed out, statistical models for anomaly detection rely on historical data,
which makes them inflexible towards new failure modes or change(s) in operating condi-
tions, leading to thresholds often not being exceeded and is associated with time-consuming
development. Furthermore, faults occur randomly for some systems, and failure modes
are diverse. Therefore it can be challenging to collect sufficient historical data representing
all types of faults [7]. With this in mind, machine learning models have gained popularity
over the past few years and have been widely developed for anomaly detection in other
engineering applications. For example, Shao et al. [8] developed an unsupervised machine
learning-based anomaly detection approach for application in wind turbines. An online
adaptive transfer learning model for unsupervised anomaly detection for steam turbines
was presented by Chen et al. [7].

Over the past few years, especially fuelled by the increased number of small satellites
(cube-sat) launches, there has been an increase in the published research on telemetry data
and its use in anomaly detection for satellite systems. Chen et al. [1] presented a real-time
onboard satellite anomaly detection system based on Bayesian neural networks, charac-
terising uncertainty and re-evaluating samples with high uncertainty. Hundman et al. [3]
achieved high performance in spacecraft anomaly detection with an LSTM network mainly
due to their non-parametric, dynamic and unsupervised technique to set the threshold.
An anomaly detection approach considering parameter interactions was suggested by
Zeng et al. [6]. The drawback of these anomaly detection approaches, as well as the ones
presented in the previous paragraph for other applications, is that they aim for more
complexity in algorithms instead of trying to find out which methods work best for the
underlying data or simply understanding if the data is suitable for anomaly detection at all.
In other words, a fundamental underlying assumption is present regarding anomalies and
the associated data’s suitability for anomaly detection approaches. This assumption is not
necessarily true: it can, for example, be the case that failures occur suddenly or there are so
many failure modes and operational conditions to consider that much more data would be
required to train the machine learning models. In addition, it could also be the case that
available data does not capture degradation, for instance, because the sensor properties do
not represent the underlying physical degradation process.

Therefore, as Fink et al. [9] pointed out in their article addressing the challenges and
future directions for deep learning in PHM applications, what is needed are anomaly
detection approaches which are both applicable and adaptable to different systems and
failures. Such a framework is presented in this paper: The generic diagnostic framework
(GDF) takes as the input system data and outputs the optimal combination of data pre-
processing and anomaly detection methods expressed in terms of predefined metrics. It
thereby provides a quick diagnostic assessment for the underlying system and, at the
same time, gives an indication of which AI-based methods are worth pursuing further (if
applicable).

There are two things worth noting regarding the presented framework in this paper:
First, it is referred to as a “diagnostic” framework, while in fact it is a “Generic Anomaly
Detection Framework”. Diagnostics, as Jardin et al. [10] pointed out, incorporates the steps
of fault detection, isolation and identification. Anomaly detection only deals with a part of
it, namely fault detection. The purpose of the framework, however, is to be adaptive and it
can easily be extended incorporating multiple methods for fault isolation and identification.
Therefore, we will continue to refer to it as the “generic diagnostic framework” in the
remainder of the paper. Second, we claim it to be “generic”. When considering the scale of
the problem, the amount of machine learning methods available and the challenges, such
as those related to using real-life data, it becomes clear that such a framework can never
truly be “generic”. In recent reviews on machine learning methods for anomaly detection,
the scale of the problem becomes clear: Choi et al. [11], who only focused on deep learning
methods, listed 27 methods in total. Nassif et al. [12], who summarized their findings by
looking at 290 research articles on machine learning from 2000 to 2020, found 28 different
machine learning methods and 21 different methodologies for feature selection/extraction.
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Furthermore, Zio [4] only listed 16 methods for the step of fault detection, just to give a few
examples. However, the purpose of the framework is to provide a quick assessment and
further guidance for the development and employment of diagnostic methods based on
system data. Furthermore, as demonstrated in three case studies, it is generic in the sense
that it is capable of taking into account different systems and can be adapted quickly.

We pursue the following three objectives: First, to provide an adaptive framework
which outputs anomaly detection models that perform well and gives an indication of
which techniques to use given a specific dataset. Second, to make the framework robust
by including multiple metrics for the performance assessment of the anomaly detection
models. Third, to improve the anomaly detection models further by including thresholding
methodologies. Our contributions can be summarised as follows:

• A robust and adaptive framework for automatically creating anomaly detection mod-
els is presented.

• The framework is applied in three case studies, including benchmark datasets for satel-
lite and spacecraft systems and a real-life satellite dataset provided by the European
Space Agency (ESA).

The remainder of the paper is structured as follows: Section 2 gives an overview of
the existing literature on anomaly detection with a special focus on space applications and
generic methods. In Section 3, the GDF is introduced. Section 4 presents the case studies
and discussion, and Section 5 summarises the main findings and indicates directions for
further research.

2. Literature Review and Background
2.1. Anomaly Detection

Anomaly detection has been thoroughly studied and has found applications in many
domains. The term ’anomaly detection’ or ’outlier detection’ refers to finding data patterns
that are not aligned or do not conform to expected behaviour [12]. Chandola et al. [13]
highlighted three types of anomalies:

• point anomalies, which are punctual occurrences of anomalous data with respect to
the remaining data;

• contextual anomalies, which are instances that show anomalous behaviour in a specific
context; e.g., instances with relatively larger/smaller values in their context but not
globally; and

• collective anomalies are anomalies consisting of a set of related data instances (e.g.,
occurring at a specific time range) that are anomalous with respect to the entire dataset.

2.1.1. Taxonomy of Anomaly Detection Methods

Data-driven anomaly detection techniques can be classified into statistical and AI-
based methods. As pointed out in Section 1, in this study, we focus on AI-based methods,
in particular machine learning (ML) methods. Recent reviews, such as [11,12,14], have
provided an overview of such techniques. Basora et al. [5] provided a comprehensive
summary of advances in anomaly detection applied to aviation. Based on [5], we classify
AI-based anomaly detection techniques into four categories, as shown in Figure 1:

• proximity-based methods, which rely on the definition of a distance/similarity func-
tion between two data instances;

• ensemble-based methods, which use ensembles of AI algorithms for anomaly detection;
• domain-based methods, which define boundaries or domains to separate normal data

from anomalies; and
• reconstruction-based methods, which embed data in a lower dimension to separate

normal instances from anomalous ones.
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Figure 1. Taxonomy of AI-based anomaly detection methodologies. The methods marked in green
are the ones included in the Generic Diagnostic Framework.

2.1.2. Thresholding

The outputs of anomaly detection techniques are scores and labels as defined in [13].
Scores are assigned to each instance, depending on whether it is an anomaly. Thus, scores
can be viewed as a ranked list of anomalies. Those scores are, in further instances, used
to assign labels to each data instance. Labels are binary values and simply classify a data
instance as normal or anomalous. In order to calculate labels using the scores, thresholding
techniques are used. Setting an appropriate threshold influences the quality of an anomaly
detection model and is always a trade-off [11,15]. If it is set too high, anomalies will be
missed, and if it is set too low, the rate of false positives will become high. Typically used
methodologies for thresholding are Area Under Curve Percentage (AUCP) [16], Median
Absolute Deviation (MAD) [17], Modified Thompson Tau Test (MTT) [18], Variational
Autoencoders (VAE) [19], Z-Score [20] or Clustering-based techniques [21].

2.2. Adaptive Anomaly Detection Methods

We claimed in Section 1 that in many cases, the techniques presented in the literature
are tuned to specific applications or datasets. Still, there have been some efforts in the past
to create more generic methods. Zhao et al. [22] presented an adaptive open set domain
generalisation network using local class Clustering-based representation learning and
class-wide decision boundary-based outlier detection. In [23], a simple yet robust way to
detect anomalies in arbitrary time series by detecting seasonal patterns and identifying
critical anomaly thresholds was presented. A meta-framework to create unsupervised
anomaly detectors was introduced by [24]. The output is a suitable anomaly detection
model of temporal streaming data. Several methods for anomaly detection were included;
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however, not all methods proved to be resilient against noise and different anomaly types
in the data. In addition, several papers have been published guiding or even enabling
automatic machine learning model development. Akiba et al. [25], for example, presented
an open-source solution for automatic hyperparameter selection. Such tools are powerful
and provide easily adaptive solutions for machine learning model development. However,
they are very generic and in order to adapt them to specific applications choices have to be
made regarding machine learning or feature engineering methods.

2.3. Adaptive Anomaly Detection Methods for Space Applications

Efforts to develop more adaptive anomaly detection models for spacecraft systems
using telemetry data have been made, for example, at the German Space Operation Center
(GSOC). A statistical-based anomaly detection approach, called the “automated telemetry
health monitoring system” (ATHMoS), was presented in [26]. The authors explored the
application of deep neural networks within ATHMoS in [27]. An autoencoder was applied
for automatic feature extraction, and a Long-Short-Term-Memory (LSTM)-Recurrent Neural
Network (RNN) structure was used for anomaly detection. The authors found, however,
that due to the complexity of the methods and the black-box nature of the outputs, such
approaches are challenging to apply to satellite telemetry data, especially when trying to
link the output to the raw sensor signal. For this purpose one could make use of existing
techniques in other domains. For example, a visual representation technique linking the
output of Bayesian Recurrent Neural Networks back to input signals to identify faults was
presented in [28]. Freeman et al. [29] provided guidelines on choosing anomaly detection
methods based on characteristics in a time series (such as seasonality, trend or missing time
steps). Several anomaly detection methods were compared, and current the challenges
of anomaly detection methods for time series data were provided. The above-presented
methods all tend to focus on the data rather than on the more complex dynamics of using
the data within a PHM framework.

3. Methodology

Using machine learning methods for anomaly detection, we aim to understand if
system data are suitable for anomaly detection in the first place. For this purpose, we make
use of a GDF, which is an extension of the Generic Prognostic Framework presented in [30].
While the underlying idea and concept remain the same, we extend the framework to
include anomaly detection methods. The basic idea is that taking system data as an input,
the framework optimises the choice of data pre-processing techniques in combination with
anomaly detection and thresholding methods simultaneously. The details of this process
are explained in Section 3.2. Such an optimisation relies heavily on the choice of suitable
metrics. We argue that using a single metric for our purpose is insufficient since a single
metric cannot capture the quality of a resulting machine learning model to a full extent.
This is explained in more detail in Section 3.1.

3.1. Metrics for Anomaly Detection

The anomaly detection problem is a classification problem in machine learning (ML).
Classification problems output binary values, and therefore each resulting prediction can
be one of the four: a true positive, if the true value was predicted correctly; a false positive,
if an anomaly was predicted but none occurred; a false negative, if an anomaly occurred
but was not predicted; or a true negative, if no anomaly occurred and none were predicted.
This can be visualised in the form of a confusion matrix as in Figure 2.
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Figure 2. Confusion matrix.

The typically used metrics for classification problems are precision (P) and recall (R),
computed as follows:

P =
TP

TP + FP

R =
TP

TP + FN
,

(1)

with TP denoting the number of true positives, FN the number of false positives and
FN the number of false negatives. The precision is the fraction of relevant anomalies
among retrieved ones, while the recall is the fraction of retrieved relevant anomalies. Using
precision and recall, the F1 score can be calculated as their harmonic mean, i.e.,

F1 =
2 · P · R

P+R
. (2)

One can argue that the F1 score is not an optimal metric for anomaly detection, as it
tends to produce low scores, even though the anomaly was detected [31]. This can be seen
in Figure 3, where the F1 score for anomaly detection model 3 is only 0.29, although the
anomaly was detected. For this reason, a new metric was introduced by Hundman et al. [3]:
the F1 point adjust (F1pa). An in-depth definition and description can be found in [32].
The basic idea behind it is that if at least one moment in a contiguous anomaly segment is
detected as an anomaly, the entire segment is then considered to be correctly predicted as
an anomaly. This is referred to as event-based scoring. The F1 point adjust score is then
calculated with the adjusted predictions.

Figure 3. Examples of anomaly detection model outputs and their resulting F1, F1pa and FC scores.

However, the F1pa does not come without criticism. Kim et al. [32] pointed out that
it overestimates the quality of anomaly detection models. Anomaly detection model 2 in
Figure 3, for example, receives an F1pa score of 0.8 while predicting an anomaly where
none occurred. In order to compensate for this behaviour, the composite F1 score (FC) was
introduced by Garg et al. [33]. The FC score is calculated similarly to the F1 score by taking
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the harmonic mean of precision and recall. The recall uses event-based calculations instead
of instance-based, whereas the precision uses instance-based calculations.

As is clear from our line of argument, no single metric is able to capture the quality
of the diagnostic models to a full extent. No metric is flawless; suitable metrics should be
chosen carefully. Of course, such a choice should be made application-specific and with
the purpose of the anomaly detection model output in mind. Because we aim to provide
an adaptive framework, which is not application-specific, we do not pick a single metric
but instead optimise all three presented metrics: F1 score, F1pa score and FC score. This is
explained in more detail in Section 3.2.

3.2. The Generic Diagnostic Framework

The GDF, visually represented in Figure 4, outputs for given system data and, in terms
of pre-defined metrics, an ’optimal’ anomaly detection model for the system. We assume
that the underlying system data is time series data and comes in the form of sensor read-
ings/telemetry values, which are continuously recorded over a certain period of time.
An example of what this data could look like can be found in Sections 4.2 and 4.4. The GDF
includes a range of data pre-processing techniques, anomaly detection, and thresholding
techniques. The choice of the respective techniques is approached as a multi-objective
optimisation problem, simultaneously allowing optimising all three selected metrics: F1
score, F1pa score and FC score. To be more precise, the problem of finding the respective
combination of techniques can be formulated as the following optimisation problem: The
objective function is to maximize the F1, F1pa and FC scores of the anomaly detection
algorithm together with the data pre-processing and thresholding techniques on the system
dataset. The output of such an optimisation is a Pareto front, which consists of multiple
individuals outperforming the remaining individuals in terms of the chosen metrics. A de-
tailed explanation of the workings and dynamics of the framework and the multi-objective
optimisation problem can be found in [30], in which the Generic Prognostic Framework is
presented, which is the basis for the GDF presented here. In the following, we go into more
detail concerning the genetic algorithm which is used to solve the optimisation problem in
Section 3.2.1, the data pre-processing in Section 3.2.2, the anomaly detection methods in
Section 3.2.3 and the thresholding techniques in Section 3.2.4 included in the framework.

Figure 4. Elements of the Generic Diagnostic Framework.

3.2.1. Multi-Objective Genetic Algorithm

Genetic algorithms are based on the concepts of natural selection and genetics [34].
Due to their flexibility, GAs are able to solve large optimisation problems. In addition, since
GAs are a population-based approach, they are well-suited for multi-objective optimisation
problems, like in our case, simultaneously optimising three different metrics (F1 score,
F1pa and FC score) [35]. This is what makes them good candidates for our optimisation
problem. A wealth of solutions are created, and their respective fitness values are computed
in every generation [36]. We make use of the Non-dominated Sorting Genetic Algorithm II
(NSGA-II, introduced in [37]). It ranks candidate solutions with the fast non-dominated
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sorting method and uses a crowding distance as a diversity mechanism. The algorithm is
well-tested, has been used in many applications and is efficient.

A GA consists of several steps as presented in Algorithm 1. The process is as follows:

- A population is initialised, composed of a set of individuals (i.e., solutions to the
optimisation problem).

- The best-fitted individuals are selected based on a fitness metric which represents the
objective.

- In the following step, the selected individuals undergo a cross-over and mutation
process to produce new children for a new generation of individuals.

- This process is repeated over a number of generations until the algorithm converges
or a stopping criterion is achieved.

Algorithm 1: Genetic Algorithm

start;
t← 0;
initialize population P(t);
evaluate fitness of each individual in P(t);
while termination condition not fulfilled do

t← t + 1;
s1, s2 ← select individuals from P(t);
x1, x2 ← create offspring by crossover operation on s1, s2;
x̂1, x̂2 ←mutate x1, x2;
evaluate fitness of x̂1, x̂2 if fitness of x̂1, x̂2 higher than least fittest individuals in

P(t) then
replace least fittest individuals with x̂1, x̂2;

else
pass;

end
end

The Multi-objective GA (MOGA) takes as an input from the system data and outputs
a set of Pareto optimal solutions. A solution combines a data re-balancing technique,
an anomaly detection method and a thresholding technique. Therefore, an individual of
the MOGA takes the form as shown in Figure 5.

Figure 5. GDF individual.

3.2.2. Data Pre-Processing

Data pre-processing is an essential step in the application of data-driven diagnostic
methodologies. Commonly used data pre-processing methods for time series data are data
standardization or normalization and signal processing methods, such as time-domain
analysis, frequency-domain analysis, time–frequency analysis and sliding windows to
de-noise data [38]. Furthermore, machine learning algorithms are often combined with
feature extraction or feature selection algorithms. Since the framework is supposed to
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be adaptive to different systems, data pre-processing heavily depends on the nature of
the data and the underlying system. In addition, failure behaviour dynamics and the
way system degradation is represented in the underlying data influence the selection
of those methods. In order to make the framework as adaptive as possible, we only
include the minimum amount of required data pre-processing techniques. However, data
normalisation and standardisation are necessary steps when applying ML algorithms,
especially when the input data is multi-dimensional, such as in our case. Therefore,
the two included methods for the data scaling are ’Standardization’ and ’MinMaxScaler’,
or normalisation. Standardization, or also Z-Score normalisation, results in variables with
the properties of a standard normal distribution. Normalisation, or the MinMax scaler,
scales the input data to a pre-defined range, in this case [0, 1]. Note that the cost of having
this bounded range—in contrast to standardization—is that we can end up with smaller
standard deviations, which can suppress the effect of anomalies. We also include the option
’None’, in which no scaling method is chosen.

3.2.3. Anomaly Detection

The anomaly detection methodologies represented in the framework should capture
as many different techniques with different underlying dynamics as possible. For this
reason, we based the selection of the methods on the taxonomy of AI-based anomaly
detection methods in Section 2. In Figure 1, we differed four categories of anomaly detection
methods, namely proximity-based, ensemble-based, domain-based and reconstruction-
based methodologies. In the framework, one representative method from each of the four
categories is included. Those are:

• k-Nearest Neighbours (KNN) as presented in [39], which measures the distance
between data points and classifies the points with the highest distance from the other
instances as anomalous.

• Isolation Forests (iF) as introduced by [40], which build tree structures to isolate data
points (which are considered as anomalies).

• Principal Component Analysis (PCA), which performs a linear dimensionality reduc-
tion into a lower dimensional space to compute outlier scores.

• One Class-Support Vector Machines (OC-SVM), which estimate the support of a high-
dimensional distribution and thereby define non-linear boundaries around the region
of the normal data (separating the remaining points as anomalies).

In order to define the initial settings for each of the four techniques, the hyperparame-
ters are first tuned for each. Table 1 contains the respective parameters and tested values.

Note that all our experiments were conducted in Python, and for the anomaly detection
methods, the PyOD toolbox is used [41].

Table 1. The hyperparameters and tested values for the four anomaly detection methods.

Method Hyperparameter Description Tested Values

Isolation Forest

max_samples
Size of the tree, number of samples to

draw from X to train each
base estimator

100, 300, 500, 700

n_estimators
Number of trees in the ensemble

(default is 100 trees) 100, 200, 300, 400, 500

max_features
Number of features to draw from X to
train each base estimator (default value

is 1.0)
5, 10, 15
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Table 1. Cont.

Method Hyperparameter Description Tested Values

KNN

n_neighbors
Number of neighbours to use for k

neighbours queries 1, 4, 8, 12, 16

p Parameter for Minkowski metric 1, 2, 3

method

• ‘argest’: use the distance to the kth
neighbour as the outlier score

• ‘mean’: use the average of all k
neighbours as the outlier score

• ‘median’: use the median of the
distance to the k neighbours as the
outlier score

‘largest’, ‘mean’, ‘median’

algorithm

Algorithm used to compute the nearest
neighbours:

• ‘ball_tree’ will use BallTree
• ‘kd_tree’ will use KDTree
• ‘auto’ will attempt to decide the

most appropriate algorithm based
on the values that passed the fit
method

‘auto’, ‘ball_tree’, ‘kd_tree’

PCA n_components: Number of components to keep Np.arrange(1,20,2)

OC-SVM

kernel
Specifies the kernel type to be used in
the algorithm used to pre-compute the

kernel matrix.
‘rbf’, ‘poly’, ‘sigmoid’, ‘linear’

nu
Upper bound on the fraction of training

errors and a lower bound of the
fraction of support vectors

0.1, 1, 10, 100, 1000

gamma
Kernel coefficient for ‘rbf’, ‘poly’ and

‘sigmoid’. np.arange(0,1,0.2)

3.2.4. Thresholding

As highlighted in Section 2, thresholding methods can help improve the quality of
anomaly detection methods. In the PyOD toolbox, every anomaly detection method returns
outlier scores but also has an integrated thresholding method to calculate the labels. We
include both the default threshold setting provided by the PyOD algorithms and additional
thresholding techniques in the framework. In a MOGA individual, see Figure 5, the default
threshold methods are represented by the float options for the threshold settings (0.1 to 0.5).
This is because PyOD calculates the thresholds based on the contamination rate, which is
the rate of expected anomalies in a dataset. In the optimisation process of the MOGA, this
can be regarded as an additional hyperparameter for the anomaly detection methods used
being tuned. In order to provide a truly unsupervised and adaptive framework, several
thresholding methods apart from the pre-implemented ones are included in the framework.
These are

• the Area Under Curve Percentage (AUCP);
• the Clustering-based method (CLUST);
• the Median Absolute Deviation (MAD);
• the Modified Thompson Tau Test (MTT); and
• the Z-Score (Z-Score).

The AUCP makes use of the area under the curve (AUC) to calculate the outlier labels
using the outlier scores [16]. The AUC is defined as

AUC = limx→in f

n

∑
i=1

f (x)δx, (3)
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with f (x) denoting the curve, δx the incremental step size of rectangles whose areas are
summed up and n the number of points in the outlier scores. The curve is obtained by
calculating the probability density function of the outlier scores (values between 0 and
1), calculated using a kernel density estimation. The incremental step size δx is set to 1

2n .
Then the AUC is continuously calculated in steps from left to right from the data range
starting from 0 and arriving at a number of AUCs, namely AUC0, · · · , AUCk. To obtain the
threshold, another variable, lim, is introduced as follows:

lim = x̄ + |x̄− x̃|, (4)

where x̄ is the mean outlier score and x̃ the median outlier score. The threshold is defined as:

thres = AUCj, with j = min{k ∈ {1, · · · , n}|AUCk > lim · AUC}, (5)

with lim as defined in Equation (4) and AUC as defined in Equation (3). In other words,
the threshold is set to the first AUC greater than the total AUC of the pdf multiplied by the
lim.

The Clustering-based method used in this study creates clusters of the outlier scores
using hierarchical clustering, classifying objects within clusters as “normal” and objects
outside as “outliers” [42].

The MAD introduced in [17] is motivated by the fact that the median is more robust
against outliers than the mean. The threshold in this case is calculated as follows:

Tmin = median(X)− a ∗MAD (6)

Tmax = median(X) + a ∗MAD, (7)

with MAD = 1.4826 ∗median(|X −median(X|), a a user variable, set to three in our case
and X in the outlier scores.

The Modified Thompson Tau test (MTT) is a modified univariate t-test that eliminates
outliers that are more than a number of standard deviations away from the mean [43].
The Tau critical value is defined as

τ =
t · (n− 1)

√
n
√

n− 2 + t2
, (8)

with n denoting the number of outlier scores and t the Student t-value. The method works
iteratively and recalculates the Tau critical value after each outlier removal until the dataset
no longer has any data points that fall outside the criterion, which is set to three standard
deviations in this case.

Finally using the Z-Score as a thresholding technique (see [20] for further details) is
based on the assumption that the outlier scores, x, are normally distributed with a mean µ
and variance σ2, i.e., x ∼ N (µ, σ2). In this case the underlying Z-Score can be calculated as

Z =
x− µ

σ
. (9)

The data are then labelled as “normal” if the following criterion holds:

|ZScore| ≤ a, (10)

with a as an input variable, set to a = 3 in our case.
The above-mentioned methods are implemented using the PyThres library, a toolkit

for thresholding outlier detection.



Aerospace 2023, 10, 673 12 of 24

4. Case Studies and Results

The GDF presented in Section 3 is applied to three satellite and spacecraft system
datasets: The first two, presented in Sections 4.2 and 4.3 are publicly available and com-
monly used datasets in the literature, while the third, presented in Section 4.4, is a real-life
satellite system dataset provided by the ESA. We try to understand whether the GDF
provides a robust diagnostic assessment for all the datasets by comparing the results to
baseline machine learning algorithms. A thorough assessment of the dynamics of the frame-
work and the way the metrics influence choices is given by comparing the multi-objective
optimisation framework to a single-objective approach. The single-objective optimisation
problem can be formulated as follows: The objective function is to maximize the F1 score
(the F1pa score) of the anomaly detection algorithm together with the data pre-processing
and thresholding techniques on the system dataset. We argue (see Section 3) that including
the thresholding methodologies makes the GDF more adaptive and provides significantly
better results, which is shown by comparing the two versions of the GDF: one including
the thresholding methods and one without them. First, in Section 4.1, we give an overview
of the settings used within the GDF and how it was applied to the three datasets.

4.1. Application of the GDF to the Datasets

Several hyperparameters need to be set for the MOGA (see [30] for more details).
In Algorithm 1, it can be seen that cross-overs from two other individuals create new
individuals. The cross-over rate is the probability with which two individuals are crossed
and is set to 0.5. Furthermore, individuals can be mutated to evolve over time. The mutation
rate is the probability of mutating an individual and is set to 0.1. The algorithm is run either
until it converges to an optimal solution or a stopping criterion is achieved, and we set the
maximum number of generations to 20. The number of individuals in the population is set
to 50.

Each of the datasets presented below consists of multiple subsets corresponding to
components. The subsets are split into training and testing data, respectively. An anomaly
detection model is trained on each of the training datasets and tested on each of the testing
datasets, and the final score is computed using the mean of all the scores on each sub-
dataset. The results are compared to the baseline models. The four baseline models are PCA,
iF, KNN and OC-SVM trained on the dataset without applying any prior hyperparameter
tuning. In other words, they are obtained using the four anomaly detection algorithms
with the default settings as implemented in the Python PyOD package.

4.2. SMAP Dataset

The data from the NASA Soil Moisture Active Passive (SMAP) satellite forms a publicly
available expert-labelled telemetry anomaly dataset [3]. It contains 54 multi-dimensional
time-series sub-datasets. Each sub-dataset is split into a training and testing set. An example
of the telemetry values can be seen in Figure 6.

First, the initial diagnostic algorithms are determined by performing hyperparameter
tuning as presented in Section 3.2.3. This results in the initial anomaly detection models
with their settings presented in Table 2.

4.2.1. Resulting Pareto Front Compared against the Baseline

The output of the GDF is a Pareto front consisting of multiple individuals with different
settings for the data pre-processing, anomaly detection and thresholding techniques. Table 3
contains the Pareto front for the SMAP dataset.

Figure 7 shows the range of the three different scores (F1, F1pa and FC) for all individ-
uals and the individuals in the Pareto front.
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Figure 6. Example telemetry values from the sub-dataset A-1 in the SMAP dataset.

Table 2. Hyperparameter settings of the initial anomaly detection methods for the SMAP dataset.

Algorithm Hyperparameter Chosen Value

PCA n_components 5
iF n_estimators 100

max_samples 100
max_features 10

KNN n_neighbors 13
p 1

method ‘median’
algorithm ‘auto’

OC-SVM nu 0.1
Gamma 0.6
kernel ‘sigmoid’

Table 3. Pareto front individuals and scores for the SMAP dataset.

Settings F1 F1pa FC

Normalization KNN MAD 0.213 0.588 0.319
Normalization KNN 0.04 0.249 0.582 0.34
Normalization KNN ZSCORE 0.19 0.676 0.364
Standardization KNN MAD 0.21 0.598 0.317
Standardization KNN 0.04 0.249 0.582 0.34

It can be seen in Table 3 that for this dataset, the choice of the anomaly detection
method is KNN as it beats the other anomaly detection methods in all cases. Furthermore,
the individuals in the Pareto front, in terms of all the metrics, are very close to each other.
For example, the F1 scores range from 0.19 to 0.249 and the FC scores from 0.317 to 0.364.
This can also be seen in Figure 7. One further notable thing is that it seems as if the threshold
setting has the biggest influence on the scores. For example, the F1pa score when using
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normalization together with KNN and MAD is 0.588, while the F1pa score for the same
settings but using the Z-Score is 0.676. We will go into more detail on this in Section 4.2.3.

Figure 7. Scores of all individuals and Pareto front individuals for the SMAP dataset.

Table 4 shows the results of the baseline models. For a better assessment, a comparison
of the baseline models against the best performing individuals of the Pareto front in terms
of the respective scores can be found in Table 5.

Table 4. Baseline models and scores for the SMAP dataset.

Algorithm F1 F1_pa FC

OC-SVM 0.183 0.565 0.276
KNN 0.239 0.427 0.301
iF 0.095 0.457 0.175
PCA 0.0 0.0 0.0

Table 5. Comparison of the baseline models to the respective best performing Pareto front individuals
for the SMAP dataset.

Baseline GDF

Settings KNN KNN 0.04

F1 0.239 0.249

Settings OC-SVM Normalization KNN ZSCORE

F1pa 0.565 0.676

Settings OC-SVM Normalization KNN ZSCORE

FC 0.276 0.364

When looking closer at Table 4 and the results in terms of the F1 score, it becomes
clear why the KNN was chosen. The performance of other algorithms is much worse,
while the OC-SVM outperforms the other algorithms in terms of the F1pa score. Table 5
reveals that the thresholding improves the results in terms of the F1pa score, resulting in
the performance of all the individuals of the Pareto front outperforming all the baseline
models in terms of the F1pa score. For the FC score, the results are similar to the F1pa score,
but here the KNN baseline model already outperforms the OC-SVM model.

4.2.2. Comparing Multi-Objective Optimisation with Single-Objective Optimisation

Performing single-objective optimisation and setting the metrics to both the F1 and
F1pa scores results in the following individuals chosen by the GDF:
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• When optimising towards an F1 score, the best individual has the following settings:
normalisation, KNN, and a Z-Score of 0.04, with an F1 score of 0.249.

• When optimising towards the F1pa score, the best individual has the following settings:
normalisation, KNN, and Z-Score, with an F1pa score of 0.676.

In this case, Figure 7 already shows that the resulting scores within the Pareto front do
not cover a wide range (e.g., the lowest FC score is 0.317, which is quite close to 0.364, the top
score). Following this observation, we expect the results of single-objective optimisation to
be very close to those of the MOGA, which they are. In most cases, increasing F1pa causes
the F1 score to decrease. So, all in all, while in this case, single-objective optimisation would
form a formidable alternative to using the MOGA, optimising towards a single metric
always means a compromise in terms of another metric. Therefore, the metric should be
chosen with care.

4.2.3. The Effect of Including Thresholding Methods

Table 6 shows the results of using the GDF using just the default settings of the PyOD
algorithms (which set the contamination rate to 0.1) for the label computation.

Table 6. Pareto front when default thresholding techniques are included for the SMAP dataset.

Settings F1 F1pa FC

Normalization PCA 0.136 0.49 0.221
Normalization KNN 0.242 0.427 0.302
Standardization KNN 0.242 0.427 0.302
Standardization OC-SVM 0.103 0.522 0.206

To make the effect of this clearer, Table 7 shows the best individual output by the GDF
with default thresholding and when including the selected thresholding techniques.

Table 7. Comparison of the best individuals when using default thresholding vs. using selected
thresholding for the SMAP dataset.

GDF No Thresholding GDF Incl Thresholding

Settings Standardization/normalization KNN KNN 0.04

F1 0.242 0.249

Settings Standardization OC-SVM Normalization KNN ZSCORE

F1pa 0.522 0.676

Settings Standardization/normalization KNN Normalization KNN ZSCORE

FC 0.302 0.364

While in terms of the F1 score, the thresholding techniques have little effect on the
quality of the results (see Table 7), including more elaborate thresholding methods improves
the scores by quite a bit in terms of the F1pa and FC scores.

4.3. MSL Dataset

Another publicly available spacecraft telemetry dataset that contains expert-labelled
anomalous data is data from the Mars Science Laboratory (MSL) rover, Curiosity. Similarly,
the SMAP dataset consists of 27 sub-datasets, each containing telemetry values from
25 sensors [44].

The hyperparameter tuning to give the initial diagnostic algorithms results in the
settings listed in Table 8.
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Table 8. Hyperparameter settings of initial anomaly detection methods for MSL dataset.

Algo Hyperparam Chosen Value

PCA n_components 1
iF n_estimators 500

max_samples 100
max_features 5

KNN n_neighbors 13
p 1

method ‘largest’
algorithm ‘auto’

OC-SVM nu 0.1
Gamma 0
kernel ‘linear’

4.3.1. Resulting Pareto Front Compared against Baseline

The Pareto front for the MSL dataset is presented in Table 9.

Table 9. Pareto front individuals and scores for the MSL dataset.

Settings F1 F1pa FC

normalization PCA AUCP 0.107 0.734 0.313
Normalization iF AUCP 0.184 0.626 0.306
Normalization iF MAD 0.184 0.626 0.306
Normalization iF 0.08 0.184 0.626 0.306
Normalization KNN CLUST 0.233 0.620 0.36
Normalization KNN ZSCORE 0.249 0.553 0.346
Normalization KNN MAD 0.259 0.524 0.338

Figure 8 shows the range of the three different scores (F1, F1pa and FC) for all individ-
uals and Pareto front individuals.

Figure 8. Scores of all individuals and Pareto front individuals for the MSL dataset.

The performance of the individuals in the Pareto front for the MSL data, as can be
seen in Figure 8, covers a wider range than for those for the SMAP dataset. For example,
the F1 ranges from 0.107 to 0.259 and the F1pa from 0.524 to 0.734. In addition, in this case,
it is less clear which anomaly detection method is the best since three of the four anomaly
detection techniques, IF, PCA and KNN, are represented in the Pareto front. Using KNN
results in the highest scores in terms of F1 but the lowest in terms of F1pa. The iF models
receive medium scores in terms of both F1 and F1pa but score lowest in terms of FC, while
the PCA models score highest in terms of F1pa but lowest in F1.
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Table 10 shows the results of the baseline models. A comparison of the baseline models
against the best performing individuals of the Pareto front in terms of their respective
scores can be found in Table 11.

Table 10. Baseline models and scores for the MSL dataset.

Algorithm F1 F1_pa FC

OC-SVM 0.208 0.53 0.324
KNN 0.251 0.488 0.324
iF 0.144 0.559 0.238
PCA 0.166 0.554 0.261

Table 11. Comparison of the baseline models against the respective best performing Pareto front
individuals for the MSL dataset.

Baseline GDF

Settings KNN Normalization KNN MAD

F1 0.251 0.259

Settings iF Normalization PCA AUCP

F1pa 0.559 0.734

Settings OC-SVM and KNN Normalization KNN
CLUST/MAD/ZSCORE

FC 0.324 0.36

Again, we see that in terms of the F1 score, there is no significant improvement, but the
individuals in the Pareto front score much higher in terms of the F1pa and FC scores.
The F1pa score, as can be seen in Table 11, improved from 0.559 (for the baseline model iF)
to 0.734 (when using normalization, PCA and AUCP).

4.3.2. Comparing Multi-Objective Optimisation with Single-Objective Optimisation

Performing single-objective optimisation and setting the metrics to both the F1 and
F1pa scores results in the following individuals chosen by the GDF:

• When optimising towards an F1 score, the best individual has the following settings:
normalisation, KNN, and MAD, with an F1 score of 0.259.

• When optimising towards an F1pa score, the best individual has the following settings:
normalisation, PCA, and AUCP, with an F1pa score of 0.734.

In the case of single-objective optimisation for the MSL dataset, it can be observed
that the GA outputs normalisation, KNN and MAD when optimising the F1 score, which
results in the lowest scoring individual contained in the Pareto front (see Table 9) in terms
of the F1pa score. The same is true and vice versa: The best performing individual in terms
of the F1pa score is the lowest scoring individual in terms of the F1 score. Therefore, it
becomes visible here that optimising towards a single metric comes at the cost of a lowered
score in terms of another metric.

4.3.3. The Effect of Including Thresholding Methods

Table 12 shows the results of using the GDF with the default settings of PyOD for the
label computation.

Table 12. Pareto front when default thresholding techniques are included for the MSL dataset.

Settings F1 F1pa FC

Normalization iF 0.184074 0.596667 0.282963
Normalization KNN 0.255185 0.503333 0.325185
Standardization iF 0.181481 0.587407 0.291852
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Table 13 shows the best individuals output by the GDF with default thresholding and
when including the selected thresholding techniques.

Table 13. Comparison of the best individuals when using default thresholding vs. using selected
thresholding for the MSL dataset.

GDF No Thresholding GDF Incl Thresholding

Settings Normalization KNN Normalization KNN MAD

F1 0.255 0.259

Settings Normalization iF Normalization PCA AUCP

F1pa 0.597 0.734

Settings Normalization KNN Normalization KNN
CLUST/MAD/ZSCORE

FC 0.325 0.36

Similarly, as for the SMAP dataset, in Table 13 it can be seen that the biggest difference
when including the elaborate thresholding methods is achieved in terms of the F1pa and
FC scores. Compared to the results of the baseline models (see Table 11), the scores improve
slightly when including data pre-processing techniques.

4.4. Satellite Reaction Wheel Dataset

The third dataset used in this study contains telemetry data from reaction wheels
(RWL) operated on the ESA Earth Observation satellites in a two-satellite constellation. Each
of the two satellites carries four reaction wheels. A substantial amount of health-related
RWL data has so far been collected during this mission, which can be utilised for anomaly
detection. During the operation time, however, only six anomalies occurred, which, to-
gether with anomaly reports, were used to create the test dataset for this study. Each RWL
is equipped with 10 sensors recording health-related telemetry values. An example of such
telemetry sensor readings can be seen in Figure 9.

Figure 9. Example telemetry values for the ESA dataset.

The hyperparameter tuning giving the initial diagnostic algorithms results in the
settings listed in Table 14.
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Table 14. Hyperparameter settings for the initial anomaly detection methods for the the ESA dataset.

Algorithm Hyperparameter Chosen Value

PCA n_components 1
iF n_estimators 100

max_samples 400
max_features 10

KNN n_neighbors 5
p 1

method ‘mean’
algorithm ‘auto’

OC-SVM nu 0.1
Gamma 0.8
kernel ‘rbf’

4.4.1. Resulting Pareto Front Compared against the Baseline

Table 15 contains the output of the GDF applied to the ESA dataset, i.e., the individuals
in the Pareto front.

Table 15. Pareto front individuals and scores for the ESA dataset.

Settings F1 F1pa FC

Normalization PCA 0.02 0.459 0.971 0.841
Normalization PCA 0.04 0.489 0.949 0.8
Normalization PCA ZSCORE 0.113 0.983 0.903
Normalization iF 0.02 0.476 0.939 0.817
Normalization KNN MAD 0.031 1.0 1.0
Normalization KNN ZSCORE 0.079 0.983 0.921
Normalization KNN 0.06 0.607 0.839 0.794
Normalization KNN 0.08 0.616 0.827 0.78
Normalization KNN 0.14 0.621 0.791 0.741
Standardization PCA 0.04 0.489 0.949 0.8
Standardization PCA ZSCORE 0.113 0.983 0.903
Standardization KNN 0.06 0.607 0.837 0.79
Standardization KNN 0.08 0.617 0.826 0.776
Standardization KNN 0.12 0.619 0.804 0.754
Standardization KNN 0.18 0.623 0.77 0.724
Standardization KNN ZSCORE 0.059 1.0 0.994
Standardization OC-SVM MAD 0.531 0.933 0.897
Standardization OC-SVM CLUST 0.601 0.907 0.841

Figure 10 shows the range of the three different scores (F1, F1pa and FC) for all
individuals and the individuals in the Pareto front.

Applying the GDF to the ESA dataset results in the largest Pareto front of the three
datasets. This is not surprising that therefore the range of performance of the Pareto front
individuals is quite high (see Figure 10), e.g., the F1 score ranges from very close to 0 to
0.623. It can also be seen that the highest performance in terms of the F1pa score results
in a very poor F1 score: For example, the individual KNN MAD has an F1 score of 0.0314
and the individual using KNN with the ZSCORE an F1 score of 0.059, while both of these
individuals have an F1pa score of 1.0. It can be said that, in general, increasing the F1pa
score comes at the cost of lowering the F1 score (see Table 15). Similarly, increasing the FC
score results in lower F1 scores. Furthermore, the thresholding techniques do not seem to
have a particularly strong effect on the scores when using KNN for anomaly detection (see
Table 15).
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Figure 10. Scores of all individuals and Pareto front individuals for the ESA dataset.

Table 16 shows the results of the baseline models. The comparison of the baseline
models to the best performing individuals of the Pareto front in terms of their respective
scores can be found in Table 17.

Table 16. Baseline models and scores for the ESA dataset.

Algorithm F1 F1_pa FC

OC-SVM 0.54 0.849 0.736
KNN 0.613 0.814 0.766
iF 0.539 0.841 0.737
PCA 0.336 0.597 0.499

Table 17. Comparison of the baseline models against the respective best performing Pareto front
individuals for the ESA dataset.

Baseline GDF

Settings KNN Standardization KNN 0.18

F1 0.613 0.623

Settings OC-SVM KNN MAD/ZSCORE

F1pa 0.849 1.0

Settings KNN KNN MAD

FC 0.766 1.0

When comparing the Pareto front individuals to the baseline models, we again see that
in terms of F1, there is not much improvement in the results. Still, significant improvement
is visible in terms of the F1pa and FC scores.

4.4.2. Comparing Multi-Objective Optimisation with Single-Objective Optimisation

Performing single-objective optimisation and setting the metrics to both the F1 score
and F1pa results in the following individuals chosen by the GDF:

• When optimising towards an F1 score, the best individual has the following settings:
normalisation, KNN, 0.14 with an F1 score of 0.621.

• When optimising towards the F1pa score, the best individual has the following settings:
normalisation, KNN MAD with an F1pa score of 1.0.

Here, the effect of including multiple metrics in the optimisation is visible because
many individuals score high F1pa scores in the Pareto front. Therefore, considering the
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F1 score in addition to the F1pa gives a good insight into performance (see the previ-
ously pointed out very poor performing individuals in terms of F1 score). Again, the FC
score is mostly in alignment with the F1pa score, i.e., increasing the F1pa score usually
simultaneously increases the FC score.

4.4.3. The Effect of Including Thresholding Methods

Table 18 presents the results of using the GDF including default thresholding tech-
niques.

Table 18. Pareto front when default thresholding techniques are included for the ESA dataset.

Settings F1 F1pa FC

Normalization PCA 0.536 0.879 0.744
Normalization iF 0.547 0.839 0.747
Normalization KNN 0.617 0.816 0.769
Normalization OC-SVM 0.54 0.841 0.74
Standardization PCA 0.536 0.879 0.744
Standardization iF 0.547 0.839 0.747

Again, to give a clearer insight into the results, Table 19 shows the best individuals
returned by the GDF with default thresholding and with the additional thresholding tech-
niques.

Table 19. Comparison of the best individuals when using default thresholding vs. using selected
thresholding for the ESA dataset.

GDF No Thresholding GDF Incl Thresholding

Settings Normalization KNN Standardization KNN 0.18

F1 0.617 0.623

Settings PCA KNN MAD/ZSCORE

F1pa 0.879 1.0

Settings Normalization KNN KNN MAD

FC 0.768 1.0

Compared to Table 16, we see that using pre-processing data methods on the ESA
dataset does not improve the results as much as for the MSL and SMAP datasets. Fur-
thermore, we see that again, in terms of the F1pa and FC scores, including thresholding
techniques result in much better anomaly detection models. In contrast, in terms of the F1
score, the effect is less significant.

4.5. Discussion

In this section, we present the findings of the results regarding the three main objectives
as highlighted in Section 1 and at the beginning of Section 4 based on the results. The results
show that the framework is adaptive to different datasets and outperforms the baseline
algorithms in all three case studies (see Tables 5, 11 and 17). Furthermore, the framework
indicates as to which methods to focus further on and which methods perform well for a
given dataset. For the SMAP dataset, the results presented in Section 4.2, a single anomaly
detection method (KNN) can be singled out from the four input techniques. For the MSL
dataset, presented in Section 4.3, this is not so clear, both iF and KNN could be considered.
Similarly for the ESA dataset (see Section 4.4), the Pareto front is much bigger, which makes
it harder to choose the ’best’ set of methods. This points out the importance of choosing
suitable metrics for evaluating the models.

Including three different metrics in the framework makes it more robust, which is
especially visible in the results on the ESA dataset (see Table 15). In this case the best results
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in terms of the F1pa score receive the lowest score in terms of the F1 score. In general, higher
F1pa and FC scores result in lower F1 scores. Mostly the FC score is aligned with the F1pa
score, but this is not always true. For example, for the MSL dataset in Table 9, we see that
the highest scoring individual in terms of the F1pa score (normalisation PCA and AUCP)
reaches an F1pa score of 0.734 and an FC score of 0.313. In contrast, the highest-scoring
individual in terms of the FC score (KNN and ZSCORE) with an FC score of 0.346 has an
F1pa score of only 0.553.

Finally, including thresholding techniques significantly improves the results. Through-
out all three datasets, shown in Tables 7, 13 and 19, both the F1pa and FC scores can be
improved when using thresholding techniques. For example, in the ESA dataset (Table 19),
the FC score is improved from 0.768 to 1.0 and the F1pa score from 0.876 to 1.0 when
including thresholding techniques in the framework.

5. Conclusions

A GDF was presented with its capability to automatically chose optimal data pre-
processing, anomaly detection and thresholding techniques simultaneously given system
data. Overall, thresholding methods play an important role in anomaly detection and can
significantly influence the quality of the resulting models. In addition, the optimisation
metrics affect the choice of methods, and the optimisation towards a single metric is always
a trade-off. Therefore, particular care should be taken when choosing suitable metrics to
evaluate the anomaly detection models.

The next step in the development of the GDF could be to include more metrics in
the model assessment or even perform a more thorough assessment towards applica-
tions. Another interesting direction for further research could be to look into systems
operated under different operating conditions. Especially for satellite systems, for which
failures or even anomalies are scarce, it would be an asset to be able to train models on
systems in different satellite constellations, operated under similar conditions. Furthermore,
the framework could be extended to include a wider range of techniques, e.g., by including
more elaborate data pre-processing methods, deep learning anomaly detection methods or
statistical algorithms.

All in all, the framework offers a quick way to assess the system data of complex
systems towards their suitability for anomaly detection approaches. Based on the outputs,
further decisions can be taken, and development and expertise can be streamlined in
fruitful directions.
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