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Abstract—Satellite anomaly detection is essential for main-
taining mission reliability and spacecraft health, yet remains
challenging due to the high-dimensional, irregular, and imbal-
anced nature of spacecraft telemetry data. This paper presents a
systematic benchmark study evaluating supervised and unsuper-
vised anomaly detection approaches on the large-scale ESA-ADB
dataset across two mission settings of varying temporal scales.
Supervised models, including Multiscale Convolutional Neural
Networks (Multiscale CNN), Graph Convolutional Networks
(GCN), and Graph Attention Networks (GAT), are compared
against unsupervised methods, namely Elliptic Envelope (EE)
and Empirical Cumulative Distribution Function-based Outlier
Detection (ECOD). Beyond detection performance, we rigorously
analyze computational runtime and scalability, which are critical
for practical deployment in spacecraft operations. Results show
that supervised models achieve stronger overall performance,
while unsupervised methods offer competitive precision with
significantly lower computational overhead. These findings un-
derscore a fundamental trade-off between detection capacity and
operational efficiency, offering practical guidance for mission
engineers designing scalable satellite health monitoring systems.

I. INTRODUCTION

Spacecraft are complex and expensive systems consisting
of thousands of telemetry channels that continuously monitor
variables such as temperature, radiation levels, power con-
sumption, instrumentation status, and computational activity
[1]. As space missions increase in complexity and scale,
monitoring and maintaining spacecraft health has become
increasingly challenging for spacecraft operations engineers.
Detecting anomalies in satellite telemetry time-series data is
therefore essential for ensuring the safe, reliable, and contin-
uous operation of scientific, communication, observation, and
navigation satellites.

The primary goal of anomaly detection (AD) is to improve
automated health monitoring systems by identifying unusual
behavior, system faults, and rare events within large-scale
multivariate telemetry streams. However, anomaly detection
in spacecraft telemetry remains difficult because the data
are high-dimensional, noisy, irregular, and highly imbalanced
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[2]. In practice, identifying anomalous events can be time-
consuming and dependent on human expertise [3]. As a result,
many spacecraft monitoring systems still rely on threshold-
based alarm mechanisms that trigger when telemetry values
exceed predefined limits. Failure to detect critical anomalies
in time may result in partial or complete spacecraft loss [1].

Machine learning (ML) approaches have shown strong po-
tential for improving anomaly detection in satellite telemetry
[2]. In [2], the authors leverage the newly released ESA-ADB
benchmark to evaluate supervised and unsupervised anomaly
detection approaches on two mission datasets of varying tem-
poral scales: ESA-Mission 1 (84 months) and ESA-Mission
2 (21 months). For supervised learning, three deep learning
(DL) architectures are investigated: Multiscale Convolutional
Neural Networks (Multiscale CNN), Graph Convolutional
Networks (GCN), and Graph Attention Networks (GAT).
For unsupervised learning, Empirical Cumulative Distribution-
based Outlier Detection (ECOD) and Elliptic Envelope (EE)
are evaluated as approaches capable of detecting anomalies
without labeled data.

In this work, we present a systematic benchmarking study
of anomaly detection for spacecraft telemetry, evaluating both
supervised and unsupervised approaches on the recent com-
prehensive ESA-ADB dataset using state-of-the-art models
from the literature. Our key contributions are threefold: (1) we
provide the first comprehensive cross-paradigm comparison of
Multiscale CNN, GCN, GAT, ECOD, and Elliptic Envelope
under unified experimental conditions across multiple mission
settings; (2) we go beyond detection accuracy by rigorously
analyzing computational runtime and scalability—factors that
are often overlooked yet critical for onboard or ground-
segment deployment in real spacecraft operations; and (3) we
derive practical guidelines for model selection that balance
detection performance against operational constraints, offering
actionable insights for mission engineers and the broader space
anomaly detection community.

II. RELATED WORK

Anomaly detection in satellite telemetry time-series data
has become an important research area due to the increasing
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complexity of modern spacecraft systems. Recent advances in
ML have significantly improved time-series anomaly detection
performance. Hundman et al. [1] proposed one of the most
widely used DL frameworks for spacecraft telemetry anomaly
detection using Long Short-Term Memory (LSTM) networks
combined with nonparametric dynamic thresholding. Their
work demonstrated the effectiveness of deep sequential mod-
els for identifying anomalous spacecraft behavior in NASA
telemetry datasets.

Beyond recurrent architectures, convolution-based ap-
proaches have shown strong performance for multivariate
time-series analysis because they can efficiently capture tem-
poral patterns across different resolutions and time scales.
Multiscale CNN architectures are particularly effective for
learning both short-term and long-term temporal dependencies
in telemetry signals [4]. More recently, graph-based neural
networks such as GCN and GAT have gained attention for
anomaly detection tasks involving structured and intercon-
nected data. These architectures are especially promising for
spacecraft telemetry because satellite subsystems often exhibit
strong inter-channel dependencies.

In addition to supervised DL approaches, unsupervised
anomaly detection methods remain highly relevant because
labeled anomaly data are limited in real-world spacecraft op-
erations. Statistical and distribution-based methods are simple,
computational efficient, and are able to operate without labeled
data. Empirical Cumulative Distribution-based Outlier Detec-
tion (ECOD) and Elliptic Envelope are particularly suitable for
highly imbalanced telemetry datasets where anomalous events
are rare.

III. DATA CLEANING AND EXPLORATION

A. Data Preprocessing - Supervised models

Raw satellite telemetry consists of highly asynchronous and
non-uniformly sampled time series. Since the DL architectures
evaluated in this work require uniformly sampled input matri-
ces, a preprocessing pipeline was developed to transform the
ESA-ADB telemetry into synchronized and memory-efficient
datasets [2].

Chronological Partitioning: Following the ESA-ADB
benchmark methodology [2], the dataset was divided into
predefined temporal windows. ESA-Mission 1 used training
windows of 3, 10, 21, 42, and 84 months, while ESA-Mission
2 used 1, 5, 10, and 21 months.

Synchronization: All timestamps were normalized to UTC
time to ensure accurate alignment between telemetry signals
and anomaly labels.

Global Grid Construction: A uniform timeline was gener-
ated spanning the full temporal range of each mission split. A
sampling interval of 30 seconds was selected to preserve short-
duration anomalies while maintaining computational feasibil-
ity for the large-scale datasets.

Labeling: Anomalies were mapped directly to telemetry
streams using the ESA-ADB multi-class labeling scheme,
where 0 represents nominal operation, 1 standard anomalies,
2 rare events, and 3 system-defined conditions [2].

Temporal Resampling: Zero-order hold (ZOH) interpo-
lation was applied during resampling because it preserves
causal relationships by preventing future information leakage
into previous timestamps [5]. This property is important for
realistic real-time anomaly detection scenarios.

Memory Optimization: Due to the scale of ESA-Mission
1 and ESA-Mission 2, feature vectors were downcast to 32-bit
floating-point precision and labels to 8-bit integers. In addition,
intermediate datasets were incrementally merged and removed
from active memory to reduce memory consumption during
preprocessing.

B. Data Preprocessing - Unsupervised models

A similar preprocessing strategy was applied for the
unsupervised anomaly detection models to ensure consis-
tency with the ESA-ADB benchmark [2]. Telemetry channels
stored in compressed .zip files were extracted into pandas
DataFrames, converted to datetime format, and sorted chrono-
logically. Anomaly labels from the provided labels.csv
file were aligned with telemetry timestamps after removing
inconsistent time zone information.

Because the raw telemetry was irregularly sampled, the data
were resampled at fixed 10-second intervals using zero-order
hold interpolation. The dataset was then divided chronologi-
cally into training, validation, and test sets to prevent future
information leakage. The first half of the time series was used
for training and validation, while the second half was reserved
for testing. Within the training portion, the final three months
were allocated for validation.

Finally, Min-Max normalization was applied using statistics
computed exclusively from the training data before being
applied to the validation and test sets. Ground-truth anomaly
labels were converted into aligned binary time-series labels,
where 1 represents anomalous behavior and 0 represents
nominal operation.

IV. PROPOSED METHODOLOGY

A. Supervised Models

Experimental Setup and Hyperparameters
The supervised models were evaluated under a standardized

training configuration to ensure consistent comparison across
the ESA-ADB Mission 1 and Mission 2 datasets. All models
were optimized using the Adam optimizer with a learning rate
of 0.001 and a batch size of 1024. Since anomaly detection
is formulated as a binary classification task, the models were
trained using Binary Cross-Entropy (BCE) loss for 10 epochs.

To address the severe class imbalance in satellite telemetry,
where nominal events greatly outnumber anomalies, weight
decay (1× 10−5) was incorporated into the GAT optimizer to
reduce overfitting to the dominant class and preserve sensi-
tivity to rare anomalies. The primary configuration difference
across models was the input sequence length (L), selected to
balance temporal feature extraction and computational cost.
The hyperparameter configurations are summarized in Table I.



TABLE I: Hyperparameter Configurations by Model and Mission Dataset

Model Dataset Data Window Batch Size Seq. Length Learning Rate Epochs

Multiscale CNN Mission 1 84 months 1024 100 0.001 10
Mission 2 21 months 1024 100 0.001 10

GCN Mission 1 84 months 1024 15 0.001 10
Mission 2 21 months 1024 15 0.001 10

GAT Mission 1 84 months 1024 50 0.001 10
Mission 2 21 months 1024 50 0.001 10

The sequence lengths reflect the architectural constraints of
each model. The Multiscale CNN used the largest sequence
length (L = 100) to capture long-range temporal patterns
across multiple scales. The GCN used a smaller window
(L = 15) because graph convolutions with static adjacency
matrices become computationally expensive at larger tempo-
ral depths. The GAT used an intermediate sequence length
(L = 50), providing sufficient temporal context for the atten-
tion mechanism while maintaining computational feasibility.
Mission duration also influenced runtime, with ESA-Mission
1 containing 84 months of telemetry and ESA-Mission 2
containing 21 months.

1) Multiscale Convolutional Neural Networks (Multiscale
CNN): Conventional CNN-based architectures often suffer
from information loss and limited feature representation when
processing multivariate time-series data [4]. To better capture
telemetry patterns across multiple temporal resolutions, a
multiscale CNN architecture with three parallel convolutional
branches was implemented.

The input tensor X with sequence length L = 100 is
processed through parallel 1D convolutional layers with kernel
sizes k = 3, 5, 7, enabling extraction of short-, medium-, and
long-term temporal patterns. Each branch applies 64 filters
followed by a Rectified Linear Unit (ReLU) activation and
max-pooling:

Hk = MaxPool(ReLU(Conv1Dk(X)))

The resulting feature maps are concatenated, flattened, and
passed through a multi-layer perceptron (MLP). A dropout
layer (p = 0.3) is applied before the final Sigmoid clas-
sification layer to reduce overfitting and generate anomaly
probabilities.

2) Graph Convolutional Network (GCN): The GCN ex-
tends convolutional learning to graph-structured data, enabling
relationships between telemetry channels to be modeled ex-
plicitly [6]. A static undirected graph G = (V,E) was
constructed where each node represents a telemetry channel.
Edges were defined using the absolute Pearson correlation
matrix of the training data, with an edge added when the
correlation exceeded a threshold of τ = 0.8. Node features
consisted of raw temporal histories with sequence length
L = 15.

The model used a two-layer graph convolution mechanism.
Let Ã = A+ IN denote the adjacency matrix with self-loops
and D̃ the associated degree matrix. The propagation rule is:

H(l+1) = ReLU
(
D̃− 1

2 ÃD̃− 1
2H(l)W (l)

)
The network projected temporal features into a 32-

dimensional hidden representation before aggregation into

a 16-dimensional embedding space. The embeddings were
flattened and passed through a dense layer for binary anomaly
classification.

3) Graph Attention Network (GAT): Unlike GCNs, which
assume fixed relationships between telemetry channels, GATs
dynamically learn the importance of neighboring nodes
through attention mechanisms [7]. This is particularly useful
for spacecraft telemetry because subsystem interactions may
vary over time.

The graph topology was initialized using Pearson corre-
lation with a relaxed threshold (τ = 0.5) to allow broader
connectivity. Temporal sequences of length L = 50 were
processed using a custom multi-head attention layer. For each
node pair (i, j), the attention coefficient is computed as:

eij = LeakyReLU
(
aT [Whi ∥Whj ]

)
where W is a learnable linear transformation and a contains
the attention parameters. Attention values were masked using
the graph topology so that only connected nodes contributed
to the aggregation process.

The first GAT layer used four attention heads with hidden
dimension 64, while the second layer used a single attention
head to project features into a 32-dimensional representa-
tion. Exponential Linear Unit (ELU) activations and dropout
regularization were applied before the final MLP anomaly
classifier.

B. Unsupervised Models
1) Elliptic Envelope: Elliptic Envelope is a statistical

anomaly detection method that assumes nominal data follow a
multivariate Gaussian distribution [8]. The method estimates
the central data distribution using the Minimum Covariance
Determinant estimator and identifies anomalies based on Ma-
halanobis distance:

d(x) =

√
(x− µ)TΣ−1(x− µ)

Samples exceeding a threshold τ are classified as anomalies:

f(x) =

{
1, if d(x) > τ

0, otherwise

The contamination parameter was set to 0.001 to reflect
the rarity of anomalies in spacecraft telemetry, while the
support fraction was fixed at 0.9 to improve robustness against
outliers. Since the model outputs continuous anomaly scores,
the decision threshold was selected from the validation set
using the 99.9th percentile of anomaly scores.

2) ECOD (Empirical Cumulative Distribution Function-
based Outlier Detection): ECOD is a non-parametric anomaly
detection method that identifies outliers based on empirical
cumulative distribution functions (ECDFs) without assuming
any underlying data distribution [9]. For each feature j, the
ECDF is defined as:

Fj(x) =
1

n

n∑
i=1

1(x
(j)
i ≤ x)



Lower and upper tail probabilities are computed as:

plower
j (x) = Fj(x), pupper

j (x) = 1− Fj(x)

The feature-wise tail probability is:

pj(x) = min
(
plower
j (x), pupper

j (x)
)

The final anomaly score is calculated as:

Score(x) = −
d∑

j=1

log (pj(x))

Points located in extreme regions of the feature distributions
receive higher anomaly scores. ECOD is computationally
efficient and well suited for high-dimensional telemetry data
because it avoids distributional assumptions and extensive pa-
rameter tuning. Similar to Elliptic Envelope, binary predictions
were generated using a threshold selected from the validation
set at the 99.9th percentile of anomaly scores.

V. EXPERIMENTAL RESULTS

A. Evaluation Metrics
Model performance was evaluated using event-based met-

rics rather than point-wise metrics, since anomalies in teleme-
try data occur over time intervals instead of isolated times-
tamps. A predicted anomaly event is considered correct if it
overlaps with a ground-truth anomaly interval. Let TPe, FPe,
and FNe denote the number of true positive, false positive,
and false negative events, respectively.

Precision measures the proportion of predicted anomaly
events that are correct: Pre =

TPe

TPe+FPe
.

Recall measures the proportion of true anomaly events
successfully detected: Rece =

TPe

TPe+FNe
.

To balance precision and recall, the F0.5-score was used:

F0.5 = (1 + 0.52) ∗ Pre ∗Rece
(0.52 ∗ Pre) +Rece

A weighting factor of 0.5 emphasizes precision over recall,
reflecting the operational importance of reducing false alarms
in spacecraft monitoring systems, where unnecessary investi-
gations can consume substantial engineering resources.

Event-based accuracy was also computed:

ACe =
TPe

TPe + FPe + FNe

Finally, the Precision-Recall Area Under the Curve (PR-
AUC) was used to evaluate model performance across varying
decision thresholds:

PR−AUC =

∫ 1

0

Pre(r)dr

where r denotes recall. PR-AUC is particularly suitable
for highly imbalanced anomaly detection problems because
it captures the trade-off between precision and recall over the
full range of anomaly scores.

Together, these metrics provide a comprehensive evaluation
of anomaly detection performance while emphasizing robust-
ness in highly imbalanced spacecraft telemetry datasets.

B. Model Performance

TABLE II: Mission 1 – trained and tested on the lightweight subset of channels
41-46

Model Precision Recall F0.5 Accuracy PR-AUC

Multiscale CNN 0.5036 0.2321 0.4081 0.8874 0.3313
GCN 0.1709 0.1472 0.1656 0.7659 0.1777
GAT 0.8435 0.0115 0.0545 0.8981 0.1121
ECOD 0.6017 0.2496 0.4484 0.2056 0.5264
Elliptic Envelope 0.002 0.4634 0.0026 0.002 0.4636

The models were first evaluated on a lightweight subset
of ESA-Mission 1 containing Channels 41-46. The evaluation
metrics are summarized in Table II. As shown in Table II, both
supervised and unsupervised approaches demonstrated distinct
strengths on the lightweight Mission 1 subset. Among the
supervised models, the Multiscale CNN achieved the strongest
balance between precision and anomaly sensitivity, obtaining
the highest PR-AUC (0.3313) and an F0.5 score of 0.4081.
In contrast, the GAT achieved the highest precision (0.8435)
and accuracy (0.8981), but its extremely low recall (0.0115)
indicates that many anomaly events were missed.

Among the unsupervised methods, ECOD achieved com-
petitive performance, obtaining a precision of 0.6017 and the
highest overall F0.5 score (0.4484). Compared to ESA-ADB
baseline results, where several methods achieved near-zero
precision, ECOD maintained a stronger precision-recall bal-
ance while still detecting a reasonable proportion of anomalies.
Although Elliptic Envelope achieved higher recall (0.4634), its
extremely low precision (0.002) indicates a large number of
false positive alarms.

The transition from the lightweight subset to the full Mis-
sion 1 channel set resulted in notable performance changes,
as shown in Table III.

TABLE III: Mission 1 – trained and tested on the full set of channels

Model Precision Recall F0.5 Accuracy PR-AUC

Multiscale CNN 0.6166 0.5306 0.5972 0.9626 0.4674
GCN 0.5709 0.6128 0.5788 0.9603 0.4414
GAT 0.8318 0.6272 0.7809 0.9766 0.7374
ECOD 0.0765 0.4325 0.065 0.043 0.2167
Elliptic Envelope 0.0069 0.4612 0.0078 0.006 0.2451

As shown in Table III, the supervised models improved
substantially when trained on the full Mission 1 dataset. GAT
achieved the strongest overall performance across all primary
metrics, suggesting that its attention mechanism effectively
captures complex inter-channel relationships when broader
telemetry context is available.

In contrast, the unsupervised methods experienced a no-
ticeable decrease in performance on the full channel set.
Nevertheless, ECOD maintained relatively stronger precision
compared to many baseline methods reported in the ESA-
ADB literature. Although its precision decreased to 0.0765,
this remained higher than the near-zero precision reported
for several baseline approaches. Elliptic Envelope achieved
slightly higher recall but produced a large number of false
positive predictions.



The same models were evaluated on ESA-Mission 2 using
a lightweight subset consisting of Channels 18–28. The cor-
responding results are summarized in Table IV.

TABLE IV: Mission 2 trained and tested on the lightweight subset of channels
18-28

Model Precision Recall F0.5 Accuracy PR-AUC

Multiscale CNN 0.7794 0.5299 0.7123 0.9710 0.6235
GCN 0.5709 0.6128 0.5788 0.9603 0.4414
GAT 0.7726 0.2518 0.5465 0.9605 0.2311
ECOD 0.7554 0.1982 0.2187 0.1014 0.4721
Elliptic Envelope 1 0.0665 0.1679 0.0665 0.5302

Table IV shows that the Multiscale CNN achieved the
strongest supervised performance on the lightweight Mission
2 subset, obtaining the highest F0.5 score (0.7123) and PR-
AUC (0.6235). The GCN achieved the highest recall (0.6128),
while the GAT maintained strong precision (0.7726) but lower
PR-AUC performance.

Among the unsupervised methods, ECOD again demon-
strated competitive performance, achieving a precision of
0.7554 comparable to the best supervised models. Although
its recall remained relatively low (0.1982), the high precision
suggests that detected anomalies are highly reliable. Elliptic
Envelope achieved perfect precision (1.0), but its extremely
low recall (0.0665) indicates that only a very small subset of
anomalies was detected. The transition from the lightweight
subset to the full Mission 2 dataset produced significant
changes in model performance, as summarized in Table V.

TABLE V: Mission 2 trained and tested on the full set of channels

Model Precision Recall F0.5 Accuracy PR-AUC

Multiscale CNN 0.2431 0.6871 0.2792 0.7278 0.3219
GCN 0.1676 0.7868 0.1989 0.5426 0.1890
GAT 0.1460 0.6213 0.1724 0.5548 0.1842
ECOD 0.1882 0.2066 0.0619 0.0328 0.1208
Elliptic Envelope 0.2012 0.2877 0.0725 0.036 0.2174

For Mission 2 using the full telemetry dataset, the Multiscale
CNN achieved the strongest overall performance, obtaining the
highest PR-AUC (0.3219) and F0.5 score (0.2792). Although
its precision remained relatively low (0.2431), the model
maintained a stronger balance between anomaly sensitivity and
false alarm reduction compared to the other approaches. The
GCN achieved the highest recall (0.7868), indicating strong
anomaly detection capability.

Both ECOD and Elliptic Envelope experienced performance
degradation on the complete channel set, consistent with the
increased difficulty and dimensionality of the dataset. Nev-
ertheless, both methods maintained precision values between
0.18 and 0.20. Overall, the supervised DL models, particularly
the Multiscale CNN, achieved stronger overall anomaly detec-
tion performance, while the unsupervised approaches provided
simpler and computationally efficient alternatives.

C. Computation Complexity and Runtime Analysis

To evaluate computational efficiency, we measured runtime
per epoch and total training time for each model across

Mission 1 and Mission 2 datasets, as summarized in Tables VI
and VII.

TABLE VI: Computational Runtime Evaluation for Mission 1

Model Runtime per Epoch Total Runtime

Multiscale CNN ≈0.5 hours ≈7 hours
GCN ≈9.0 hours ≈91 hours
GAT ≈5.0 hours ≈51 hours

TABLE VII: Computational Runtime Evaluation for Mission 2

Model Runtime per Epoch Total Runtime

Multiscale CNN ≈0.5 hours ≈5 hours
GCN ≈0.25 hours ≈3.5 hours
GAT ≈1.0 hours ≈11 hours

For Mission 1, the Multiscale CNN required approximately
9 hours per epoch (91 hours total), while the GAT required
5 hours per epoch (51 hours total). The GCN was the most
computationally efficient, requiring approximately 0.5 hours
per epoch (7 hours total). This indicates that graph-based
models exhibit substantially lower training cost, particularly
when using simpler convolutional aggregation schemes.

For Mission 2, overall runtime decreased due to the reduced
temporal history (21 vs. 84 months). The GCN remained the
fastest model at approximately 0.25 hours per epoch (3.5 hours
total), followed by the Multiscale CNN (0.5 hours per epoch,
5 hours total). The GAT also became more efficient (1 hour
per epoch, 11 hours total), but remained the most expensive
graph-based method.

Overall, the GCN consistently provides the lowest com-
putational cost across both missions, making it suitable for
rapid experimentation and large-scale telemetry processing.
In contrast, the GAT is more sensitive to dataset size and
complexity, as reflected by its significantly higher runtime in
Mission 1.

For unsupervised methods, runtime is substantially lower
since ECOD and Elliptic Envelope do not require iterative
training. As shown in Table VIII, both methods complete
training and inference within approximately 0.5 hours on
lightweight subsets, increasing to 1.5–2 hours on full datasets.
ECOD shows slightly higher runtime on full data, reflecting its
sensitivity to dimensionality, although the difference remains
modest.

TABLE VIII: Computational Runtime Evaluation for each model

Model Lightweight channels Full dataset

ECOD ≈0.5 hours ≈2 hours
Elliptic Envelope ≈0.5 hours ≈1.5 hours

Overall, these results highlight a clear trade-off between
computational efficiency and model complexity: simpler statis-
tical methods are computationally efficient but less expressive,
while DL approaches provide stronger modeling capacity at
significantly higher computational cost.



VI. CONCLUSIVE REMARKS

In this work, both supervised and unsupervised learning
techniques for AD in satellite telemetry data were explored.

For supervised models, results show that no single ar-
chitecture is universally optimal; performance depends on
dataset characteristics such as dimensionality and temporal
complexity. On Mission 1, the Graph Attention Network
(GAT) achieved the best overall performance, followed by
the GCN and Multiscale CNN. This can be attributed to the
GAT’s ability to model dynamic inter-channel dependencies
through its attention mechanism, which is particularly effective
in lower-dimensional settings.

However, this ranking changes in Mission 2. The Multiscale
CNN becomes the most robust model, followed by the GCN
and then the GAT. In higher-dimensional telemetry, the mul-
tiscale convolutional structure better captures patterns across
different temporal resolutions, while the GAT appears more
sensitive to increased noise and feature sparsity, leading to
reduced performance.

Beyond accuracy, computational efficiency is a key con-
sideration for deployment. The Multiscale CNN is the most
efficient in Mission 1, while the GCN is the fastest in Mission
2. The GAT consistently incurs the highest computational cost.
Overall, the Multiscale CNN provides the most consistent
trade-off between performance and efficiency across both
missions, despite the GAT achieving the highest F0.5 and PR-
AUC in Mission 1.

Unsupervised methods, particularly ECOD, also demon-
strate competitive performance in terms of precision when
compared to more complex models reported in the ESA-
ADB literature. This is largely due to ECOD’s distribution-
free formulation, which identifies anomalies based on extreme
deviations rather than learned representations. This makes
it particularly suitable for highly imbalanced settings where
anomalous events are rare.

From a computational perspective, unsupervised methods
are significantly more efficient, requiring only a few hours for
full dataset processing. This makes them attractive for real-
time or resource-constrained satellite monitoring scenarios.
However, this efficiency comes with trade-offs: ECOD gen-
erally exhibits lower recall, and Elliptic Envelope is sensitive
to distributional assumptions, leading to instability in high-
dimensional settings.

Overall, the results highlight a clear trade-off between de-
tection performance and computational efficiency. Supervised
models achieve higher PR-AUC and F0.5 scores but require
substantially greater computational resources, while unsuper-
vised methods offer lightweight and scalable alternatives with
reduced detection sensitivity.

In practical satellite operations, the choice of method
depends on operational constraints: supervised models are
preferable when labeled data and computational resources are
available, whereas unsupervised methods are better suited for
rapid screening or scenarios with limited annotations.
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