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Abstract—Monitoring satellite telemetry for anomalies is a
critical task in spacecraft operations, yet existing unsupervised
detectors evaluated on the recent ESA Anomaly Detection
Benchmark achieve near-zero event-wise precision despite high
recall, making them operationally unusable on long telemetry
streams. We propose a label-free anomaly detection pipeline that
decomposes the task into regime-change detection and anomaly
decision, operating in the time-frequency domain through the
Short-Time Fourier Transform. Candidate changepoints are iden-
tified by applying the Pruned Exact Linear Time algorithm with
an automatic penalty selection strategy based on knee detection
over a logarithmic sweep. A per-dimension gain analysis with an
elbow criterion retains only the channel-frequency components
that genuinely contribute to each detected regime change, and
a final gain gate calibrated from unlabeled telemetry suppresses
residual false positives. A semi-supervised extension further re-
ranks candidates with a Random Forest classifier trained on
benchmark annotations. Evaluated on the lightweight channel
subset of Mission 1 of the benchmark, the unsupervised variant
achieves an event-wise F-score competitive with the classical
unsupervised baselines, while the semi-supervised variant ap-
proaches the performance of the best forecasting pipeline without
requiring manual mission-specific threshold engineering.'

Index Terms—anomaly detection, satellite telemetry, change-
point detection, PELT, STFT

I. INTRODUCTION

Monitoring satellite telemetry for anomalies is a critical
and continuous task performed by spacecraft operations engi-
neers in mission control centres worldwide. Modern satellites
generate time series data across hundreds of channels, each
recording physical measurements, status flags, counters, and
telecommands at varying sampling rates. Detecting anomalies
in such data early and reliably is essential for ensuring the
safe and uninterrupted operation of missions.

Current operational practice relies primarily on limit check-
ing, alarming when a measurement exceeds predefined nomi-
nal bounds, supplemented by manual inspection for anomalies
that do not trigger simple threshold violations. While effec-
tive for well-understood failure modes, this approach scales
poorly with the growing complexity of satellite systems and
is ill-suited to detecting subtle, multivariate, or previously
unseen anomalies. The need for more sophisticated, data-
driven anomaly detection methods has been recognised by all
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major space agencies, including ESA, NASA, CNES, DLR,
and JAXA, several of which have released telemetry datasets
and machine learning solutions in recent years [1].

Although several agencies have recently released telemetry
datasets, real anomaly annotations remain extremely sparse
and operationally heterogeneous, making objective evalua-
tion and supervised calibration difficult across missions. This
difficulty is compounded by well-documented flaws in the
evaluation protocols and benchmarks commonly used in the
field, which can produce misleadingly optimistic results [2].
The recently released ESA Anomaly Detection Benchmark
(ESA-ADB) [3] addresses this gap by providing a curated,
annotated dataset of real telemetry from three ESA missions
together with a rigorous evaluation pipeline.

The benchmark results show that virtually all unsupervised
algorithms included in ESA-ADB, including classical outlier
detectors such as Histogram-Based Outlier Score and Isolation
Forest [4], achieve near-zero event-wise precision despite high
recall, resulting in a near-zero Fj 5 score. This behaviour
reflects a broader limitation of many unsupervised time-
series anomaly detection methods, which tend to flag large
portions of long telemetry streams as anomalous, making them
operationally unusable regardless of their recall [5]. In this
paper we propose a label-free anomaly detection framework
that models anomalies as regime changes in the time-frequency
domain. The approach combines changepoint detection with a
sequence of data-driven filtering stages designed to suppress
spurious detections and reduce false alarms.

Two variants are considered, an unsupervised version named
uCPAD (unsupervised Change-Point Anomaly Detector) oper-
ating without anomaly annotations and a semi-supervised ex-
tension using a lightweight classifier named sCPAD (semisu-
pervised Change-Point Anomaly Detector). Experimental re-
sults on ESA-ADB are reported and compared against existing
baselines.

The remainder of the paper is organised as follows. Sec-
tion II reviews related work on time-series anomaly detec-
tion and changepoint detection for satellite telemetry. Sec-
tion III provides an overview of the proposed approach and
summarises its main contributions. Section IV presents the
methodology in detail. Section V reports the experimental
results and benchmark comparison. Finally, Section VI con-



cludes the paper.

II. RELATED WORK

Research on anomaly detection for satellite telemetry can
broadly be divided into two categories. The first consists of
operational and mission-specific approaches developed within
the space telemetry community, typically based on threshold-
ing, forecasting, or highly specialised pipelines adapted to a
given spacecraft. The second consists of general-purpose time-
series anomaly detection and changepoint detection methods
developed in the broader machine learning and signal process-
ing literature.

A. Anomaly Detection in Satellite Telemetry

The dominant operational approach to anomaly detection
in satellite telemetry remains limit checking, in which scalar
thresholds are defined per channel by domain experts and an
alarm is raised whenever a measurement leaves its predefined
nominal range. While simple and interpretable, this strategy
requires continuous expert maintenance, and is blind to anoma-
lies that manifest as changes in the joint behaviour of several
channels rather than as out-of-range values in any single one.

Data-driven approaches have been investigated as a scal-
able alternative, the majority of which are forecasting- or
reconstruction-based deep models trained on nominal oper-
ational behaviour. One of the most widely adopted baselines
is Telemanom [1], proposed by NASA engineers, which trains
an LSTM network to predict each telemetry channel from
its recent history and flags intervals where the prediction
error exceeds a nonparametrically estimated threshold. Similar
approaches include prediction-error models based on bidirec-
tional and Bayesian LSTM variants [6], deep clustering meth-
ods for nominal operational patterns [7], and Transformer-
based architectures designed to model long-range temporal
dependencies in telemetry [8].

A recurring limitation across this family of methods is their
dependence on nominal training sets and threshold calibra-
tion procedures that are often mission-specific. As a conse-
quence, portability across spacecraft, payloads, and operational
regimes remains difficult.

Progress in telemetry anomaly detection has long been
limited by the scarcity of realistic public benchmarks. The
SAT benchmark [9] provides annotated telemetry from an
ESA nanosatellite for single-channel anomaly detection, while
the ESA Anomaly Detection Benchmark (ESA-ADB) [3]
currently provides the most comprehensive operational evalua-
tion framework, combining multi-channel telemetry from ESA
missions with hierarchical event-based metrics, including the
corrected event-wise Fg-score.

The ESA-ADB evaluation highlights an important distinc-
tion between unsupervised and semi-supervised approaches.
Classical unsupervised detectors such as Pearson Correlation
Coefficient (PCC), Histogram-Based Outlier Score (HBOS),
Isolation Forest (iForest), and K-Nearest Neighbours (KNN)
achieve high recall but near-zero event-wise precision, indicat-
ing extensive false-positive activity on long telemetry streams.

In contrast, forecasting-based pipelines with additional thresh-
olding and post-processing stages achieve higher results.

B. Time Series Anomaly Detection

Beyond the satellite domain, time-series anomaly detection
(TSAD) is a broad and rapidly expanding field spanning
statistics, signal processing, and machine learning. The dom-
inant paradigm in recent years has been reconstruction- and
forecasting-based deep learning, in which a model is trained
to reproduce nominal behaviour and anomalies are identified
through large reconstruction or prediction errors.

Representative methods include OmniAnomaly [10], a
stochastic recurrent architecture designed to model distribu-
tions of multivariate temporal sequences, and USAD [11],
which accelerates adversarial autoencoder training for anomaly
detection. Transformer-based architectures and attention mech-
anisms have also been widely explored due to their ability to
capture long-range dependencies in multivariate sequences.

Despite their architectural sophistication, these methods
share a common assumption that the training data are predom-
inantly nominal. Deep reconstruction models are also known
to suffer from over-generalisation, whereby sufficiently expres-
sive networks may reconstruct anomalous patterns almost as
accurately as nominal ones.

The reliability of conclusions drawn from TSAD bench-
marks has itself been questioned in recent years. Schmidl
et al. [5] evaluate 71 anomaly detection algorithms across
nearly one thousand datasets and report that no single ap-
proach consistently dominates across all settings, with simple
statistical methods often matching or outperforming complex
deep architectures under rigorous evaluation protocols.

More critically, Wu and Keogh [2] argue that several
widely used anomaly detection benchmarks contain systematic
flaws, including trivial anomalies, inaccurate labels, and run-
to-failure bias, which can produce misleadingly optimistic
evaluations. These concerns have motivated the development
of more operationally realistic telemetry benchmarks such as
ESA-ADB [3].

C. Changepoint Detection

Changepoint detection (CPD) consists in identifying the
time instants at which the statistical properties of a signal
change abruptly [12], [13]. Applications span finance, indus-
trial monitoring, biosignal analysis, and fault detection. In
satellite telemetry, anomalous events such as hardware failures,
latch-ups, or unexpected responses to telecommands often
appear as abrupt transitions in the statistical properties of one
or more channels, making changepoint detection particularly
suitable for this domain. Truong et al. [12] organise the CPD
literature around three main elements: the search strategy, the
segment cost function, and the penalty controlling the number
of detected changepoints. In penalised offline CPD, the signal
is segmented by minimising an objective composed of a data
fidelity term, measuring how well each segment fits a statistical
model, and a penalty term proportional to the number of
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inputs collected from the same per-window processing chain as
inference (steps 1—4 below), applied to calibration telemetry
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Fig. 1: Overview of the proposed change-point anomaly detection pipeline. The per-window processing chain (steps 1 to 4
in the inference panel, STFT, PELT segmentation, per-window penalty-sweep knee for A\*, and per-dimension elbow filter) is
applied to the calibration set and at the test set during inference. The offline calibration phase (top panel) persists two artefacts
consisting in the gain-gate threshold 7, obtained as the knee of the distribution of per-window maximum gains {g,(ff;)x}, and,
only for the semi-supervised variant sSCPAD, a Random Forest model trained on labeled changepoints from the calibration split.
At inference, the unsupervised variant uCPAD flags windows whose maximum gain exceeds 7 (solid orange flag); the semi-
supervised variant sSCPAD additionally re-ranks surviving candidates with the trained Random Forest (purple dashed branch).

changepoints. The penalty discourages over-segmentation by
balancing segmentation accuracy against model complexity.

Among exact search methods, the Pruned Exact Linear Time
(PELT) algorithm proposed by Killick et al. [14] formulates
changepoint detection as a penalised optimisation problem and
minimises the segmentation objective while pruning subop-
timal candidates during dynamic programming optimisation,
yielding linear expected computational complexity under mild
assumptions. Formally, for a signal X = (X,...,Xr) seg-
mented by changepoints 0 =) < t; < -+ < tg <ilg41 =
T, PELT minimises the penalised segmentation objective

K

K7g1}.1.1,t1( I;OC(th:tk+1) +)\K s (1)

where C(-) denotes the segment cost and A > 0 penalises the
number of changepoints where larger values of A yield fewer
changepoints. The segment cost function determines the type
of changepoints that can be detected. Classical least-squares
costs detect shifts in mean, while variance-based costs target
changes in volatility. More generally, kernel-based costs can
detect arbitrary changes in the underlying distribution even
when low-order moments remain unchanged [15]. Equiva-
lently, rather than designing a cost tailored to a specific type of
change, one may transform the signal so that a classical cost
becomes sufficient; frequency-domain representations are a
common instance of this strategy. This approach was explored
by Oudre et al. [16], who applied changepoint detection

to Short-Time Fourier Transform (STFT) representations for
the segmentation of accelerometer signals during locomotion
analysis, performing segmentation on time-frequency repre-
sentations rather than on the raw temporal signal to capture
structural changes in spectral content. A major practical chal-
lenge in penalised CPD is the selection of the penalty pa-
rameter A\, which controls the trade-off between segmentation
fidelity and segmentation complexity. Small penalties tend to
produce over-segmentation with many changepoints, whereas
excessively large penalties may suppress meaningful struc-
tural changes. Classical penalty-selection strategies include
Bayesian Information Criterion (BIC)-type penalties, slope
heuristics, and cross-validation procedures. Many of these
approaches rely either on strong distributional assumptions
or on the availability of annotated signals. Jung et al. [17]
propose a supervised penalty-learning strategy in which the
penalty parameter is optimised to reproduce expert-annotated
changepoints in physiological signals collected under semi-
controlled conditions. The approach demonstrates that penalty
selection has a strong influence on segmentation quality, but
it relies fundamentally on labelled breakpoint annotations.

III. OVERVIEW OF THE PROPOSED APPROACH

The proposed approach reformulates anomaly detection in
satellite telemetry as a two-stage problem combining change-
point detection and anomaly decision. Rather than assigning
anomaly scores directly to individual samples, the method
first identifies candidate regime changes and subsequently



determines whether these changes correspond to anomalous
behaviour. This decomposition is motivated by the observation
that many telemetry anomalies manifest primarily through
abrupt changes in the statistical or spectral structure of one or
more channels. An overview of the complete pipeline is shown
in Fig. 1. The telemetry signal is first transformed into the
time-frequency domain through the Short-Time Fourier Trans-
form (STFT). Changepoints are then detected on the resulting
multivariate representation using the Pruned Exact Linear
Time (PELT) algorithm [14]. The proposed uCPAD variant
combines automatic penalty selection through a logarithmic
sweep with gain-based filtering in order to suppress spurious
detections and reduce false positives. The semi-supervised
extension SCPAD augments the pipeline with a lightweight
Random Forest classifier trained on annotated changepoints.

The main contributions of this work are threefold:

(i) a label-free penalty-selection strategy for penalised
changepoint detection based on automatic knee detection
over a logarithmic penalty sweep;

(ii) a per-dimension gain analysis with elbow-based filtering
for conservative and interpretable anomaly decisions in
the time-frequency domain;

a data-driven gain gate calibrated exclusively from un-
labeled telemetry in order to suppress spurious change-
points and reduce false positives.

(iii)

IV. METHODOLOGY

The proposed method applies changepoint detection to
satellite telemetry in a label-free manner. Given a multivariate
telemetry signal

Ty = (;vgl), e ,x,gc)) € R¢

where C' denotes the number of telemetry channels and
xic) the value of channel c at time ¢, the pipeline processes
the test set through five stages comprising (i) preprocessing
and standardisation, (ii) time-frequency feature extraction, (iii)
penalty selection via sweep, (iv) per-dimension gain analysis
with elbow filtering, and (v) anomaly flagging. By sepa-
rating regime-change detection from the anomaly decision,
the pipeline operates more conservatively than point-wise
outlier detectors, suppressing false positives on long telemetry
streams.

A. Preprocessing and Standardisation

The raw telemetry channels are loaded at the sampling
rate of 0.033Hz (one sample every 30s). Each channel c is
standardised to zero mean and unit variance:

(© _ (o)
x
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where £(¢) and o(®) are computed over all samples of the cali-
bration set without any label filtering. No anomaly annotations
are used during preprocessing.

The standardised telemetry stream is partitioned into non-
overlapping fixed windows of W = 5 days, yielding 512 win-
dows on each split. Each window is processed independently.

Windows containing only missing values are discarded. This
decomposition allows the algorithm to operate in a streaming
fashion while limiting the computational cost of the PELT
optimisation to manageable temporal segments.

B. Time-Frequency Feature Extraction

Within each window, the multivariate signal {:Eﬁc)}le is
transformed into the time-frequency domain via the STFT
whose coefficients are computed independently for each
telemetry channel and the resulting per-frequency power time
series are concatenated into a feature matrix X € RT*D,
where T denotes the number of STFT frames and D = F' x C
the total number of dimensions, with F' the number of retained
frequency bins and C' the number of channels.

Each dimension of X therefore corresponds to a spe-
cific channel-frequency pair. This representation, originally
proposed in [16], captures structural changes in the spec-
tral content of telemetry signals that may not be visible
directly in the raw time domain. The STFT is computed
with nperseg =128 samples and 75 % inter-segment overlap
using a Hann window. At the telemetry sampling rate of
0.033 Hz this yields I’ = 65 frequency bins spanning the full
available band up to the Nyquist frequency f./2 ~ 0.0167 Hz,
all of which are retained.

C. Unsupervised Penalty Selection via Sweep

The core of the method is the application of PELT [14]
to the multivariate STFT feature matrix X = (Xy,...,X7),
X; € RP, minimising the penalised segmentation objective
of Eq. (1) with C(-) the squared-error (¢3) segment cost and
A > 0 controlling the segmentation granularity. The penalty A
is selected automatically through a logarithmic penalty sweep
over sixty log-spaced values, ranging from large penalties
(few changepoints) to small ones (increasingly fine segmen-
tations). The exact bounds are scaled by the per-window
signal variance and dimensionality, so they adapt automatically
to each window without manual tuning. For each A, PELT
is applied to X and the number of detected changepoints
K (M) is recorded. The optimal penalty A* is then selected
as the point of maximum curvature, the knee, of the curve
K (), identified through a discrete second-order difference
criterion over the logarithmic sweep. PELT is configured with
a squared-error ({2) segment cost, a minimum segment length
of two STFT frames, and a candidate-step parameter of two.
If the selected knee corresponds to K = 0, the window is
considered structurally homogeneous and no changepoints are
reported.

D. Per-Dimension Gain Analysis and Elbow Selection
Once the global changepoints {t; } are obtained by applying
PELT to the multivariate feature matrix X using \*, the con-
tribution of each individual dimension is analysed separately.
For each dimension d, the gain is defined as the reduction
in /5 cost induced by the global segmentation:

ga=CXD) =Y (X ). ©)
k
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where X(? denotes the d-th column of X.

Importantly, the changepoints are computed once globally
on the full multivariate representation X. The gain analysis
then evaluates, independently for each univariate dimension,
how well these global changepoints explain the local signal
structure. A large gain therefore indicates that the global
segmentation meaningfully explains the behaviour of that spe-
cific channel-frequency component, whereas near-zero gains
suggest that the detected changepoints are locally spurious.

Rather than applying a manually tuned threshold on g4, the
gains are sorted in decreasing order and an elbow criterion is
applied automatically to identify the subset of dimensions that
contribute most strongly to the detected regime changes. The
elbow is determined geometrically after normalising the sorted
gains to the interval [0,1] on both axes. The selected point
corresponds to the maximum distance from the straight line
connecting the largest and smallest gains. Only dimensions
with positive gain located before the elbow are retained. The
corresponding STFT frequency bins are mapped back to the
set of selected frequencies used for the final anomaly decision.

This conservative filtering stage is designed to suppress
weak or isolated changepoints and prioritise precision over
recall, consistent with the operational requirements of satellite
telemetry monitoring [3].

E. Gain Gate

As an additional safeguard against spurious detections, a
gain gate is calibrated directly from the telemetry. The com-
plete pipeline (STFT extraction, penalty sweep, PELT segmen-
tation, and gain computation) is applied to all windows indis-
criminately, without using anomaly annotations at any stage.
For each window in which PELT detects at least one change-
point, the maximum per-dimension gain gya.x = maxg gq 1S
recorded. The gain gate threshold 7 is selected automatically
as the knee of the sorted gain distribution, applying the same
geometric elbow criterion used for the per-dimension selection
of Section IV-D. This parameter-free criterion adapts to the
actual shape of the calibration distribution without requiring a
contamination assumption or a manually chosen percentile.

T = Knee({glg;ll;)x}wewcalibration) : (4)

At test time, windows whose maximum gain does not
exceed 7 are suppressed even if PELT reports changepoints.
This gate encodes the intuition that changepoints producing
gains comparable to the bulk of nominal fluctuations are
unlikely to correspond to meaningful anomalies.

F. Anomaly Flagging

The final anomaly decision combines the three previous fil-
tering stages: global changepoint detection through the penalty
sweep, per-dimension validation through gain analysis, and
conservative suppression through the gain gate.

A test window is flagged as anomalous if and only if:

1) The penalty sweep yields K* > 1 changepoints

2) At least one dimension survives the per-dimension gain

elbow selection of Section IV-D

3) The gain gate threshold of Section IV-E is exceeded

All samples belonging to a flagged window are marked as
anomalous in the output binary mask. Consecutive flagged
windows are merged into a single predicted event (run), which
is then compared against the ground-truth anomaly intervals
using the corrected event-wise Fg-score of ESA-ADB with
B = 0.5, as described in Section V.

G. Per-CP Classifier (Semi-Supervised Variant)

The unsupervised pipeline can be refined by appending a
Random Forest re-ranker that filters, on a per-changepoint
basis, the candidates surviving the gain gate. This is the only
component using ESA-ADB annotations, turning the overall
method into a semi-supervised variant. For each candidate
iy, we extract a 17-dimensional descriptor, reusing quantities
already computed by the unsupervised pipeline, covering local
gain statistics, contributing channel-frequency dimensions,
adjacent-segment geometry, and window-level features (\*,
knee index, total changepoints). The Random Forest comprises
300 trees, with class_weight=balanced, and is fitted on
the calibration split. The test split is never seen at any stage. At
inference, a window is flagged if at least one of its candidates
exceeds the calibrated threshold. The results reported in Tables
I and II use a fixed random seed of 42.

V. RESULTS

We evaluate the proposed approach on the public ESA-ADB
benchmark [3], using the lightweight protocol that restricts
experiments to channels 41-46 of Mission 1 over an 84-month
label-free calibration period and an 84-month evaluation pe-
riod containing 29 Anomaly events and 36 Rare Events;
this is the official subset on which ESA-ADB baselines are
reported (e.g. Suppl. Tab. 9), guaranteeing direct comparability
without re-implementation bias. We adopt the corrected event-
wise Fg-score with 8 = 0.5 as the primary metric, weighing
precision higher than recall to reflect the operational priority
of minimising false alarms.

Precision and recall are defined as

TP
TP + FP’

TP

Recall = m,

Precision =

where TP, FP, and FN denote true positives, false positives,
and false negatives, respectively. The Fg-score is defined as

Precision - Recall
(32 - Precision + Recall’

Fg=(1+4%) (5)

Following the benchmark, we report two evaluations. The
anomaly-only evaluation (Table I, mirroring Supplementary
Table 9 of [3]) treats only the 29 annotated anomalies as
positive; detections falling exclusively on rare nominal events
are excluded from FP,.. The all-events evaluation (Table II,
mirroring Table 2 of [3]) merges the 29 anomalies and 36 rare
nominal events into a single positive ground-truth class of 65
events.



TABLE I: Anomaly-only evaluation on the Missionl
lightweight channel subset. Methods are grouped according to
their level of supervision and calibration specificity. Boldface
marks the best value in each column within the generic
methods category.

Method P R Fo.5
Generic unsupervised methods

uCPAD 0.233 0.241 0.234
GlobalSTD5 0.205 0.241 0.211
PCC <0.001 0310  <0.001
HBOS <0.001 0379 <0.001
iForest <0.001 0414 <0.001
Window iForest <0.001 0.552  <0.001
KNN <0.001 0.448  <0.001
GlobalSTD3 <0.001 0310 <0.001
Generic semi-supervised methods

sCPAD 0.814 0.207 0.513
Telemanom-ESA 0.074 0.931 0.090
DC-VAE-ESA STD5 0.021 0.241 0.026
DC-VAE-ESA STD3 0.001 0.310 0.001
Post-processed forecasting baseline
Telemanom-ESA-Pruned 0.999 0.862 0.968

A. Anomaly-only Evaluation

In the anomaly-only evaluation (Table I), the proposed
uCPAD approach achieves the highest Fj 5 score among all
generic unsupervised methods included in ESA-ADB, while
also attaining higher precision than classical unsupervised
baselines such as PCC, HBOS, iForest, and KNN. These
methods exhibit moderate recall but near-zero precision, in-
dicating extensive false-positive activity over long telemetry
streams. In contrast, u~CPAD operates more conservatively by
detecting changepoint-bounded regime transitions, resulting
in a more balanced precision-recall trade-off. The semi-
supervised extension sCPAD further improves precision by
filtering false-positive changepoints. This reduces the number
of false alarms and increases the Fgy 5 score from 0.234 to
0.513, corresponding to an improvement of approximately
119% over the unsupervised variant. Among the generic semi-
supervised methods, SCPAD achieves the best overall precision
and Fj 5 score.

Telemanom-ESA attains the highest recall among the
generic semi-supervised approaches, but at the expense of a
lower precision due to a large number of false alarms.

B. All-events Evaluation

In the all-events evaluation (Table II), where rare nominal
events are merged with anomalies into a single positive class,
uCPAD again achieves the highest Fj5 score among all
generic unsupervised methods included in ESA-ADB. The
inclusion of rare events particularly benefits changepoint-based
predictions, since several detections previously excluded under
the anomaly-only protocol now become valid true positives.
As a result, uCPAD attains a more balanced precision—recall
trade-off than the remaining classical unsupervised baselines.

As in the anomaly-only setting, the semi-supervised exten-
sion sCPAD provides a further substantial improvement, with

TABLE II: All-events evaluation on the Missionl lightweight
channel subset, where anomalies and rare nominal events are
merged into a single positive class. Methods are grouped ac-
cording to their level of supervision and calibration specificity.
Boldface marks the best value in each column within the
generic methods category.

Method P R Fo.5
Generic unsupervised methods

uCPAD 0.515 0.431 0.495
GlobalSTDS5 0.288 0.169 0.253
GlobalSTD3 0.001 0.431 0.001
KNN <0.001 0.754  <0.001
Window iForest <0.001 0.738 <0.001
iForest <0.001  0.585 <0.001
HBOS <0.001 0.585 <0.001
PCC <0.001 0.554 <0.001
Generic semi-supervised methods

sCPAD 0.791 0.431 0.678
Telemanom-ESA 0.148 0.894 0.178
DC-VAE-ESA STD5 0.063 0.338 0.075
DC-VAE-ESA STD3 0.002 0.554 0.003
Post-processed forecasting baseline
Telemanom-ESA-Pruned 0.999 0.424 0.786

Fy 5 increasing from 0.495 to 0.678. This gain is driven both
by a sharper rejection of spurious detections and by a wider
coverage of true events. Since the classifier is trained using
both Anomaly and Rare Event labels as positive examples, it
correctly preserves changepoints associated with rare opera-
tional regimes. Among the generic semi-supervised methods,
SCPAD achieves the highest precision and Fj 5 score.
Telemanom-ESA-Pruned achieves the highest overall per-
formance in both benchmarks; however, the ESA-ADB paper
attributes its advantage to additional dynamic thresholding
and pruning procedures applied during post-processing [3].
Notably, the pruning threshold was not derived automatically
but set manually based on visual inspection of smoothed
training errors, a choice the benchmark authors themselves
describe as highly subjective and probably suboptimal [3]. By
contrast, UCPAD and sCPAD calibrate their operating point
from the empirical gain distribution observed in unlabeled
calibration data, without any manual threshold engineering.

C. Ablation and Robustness

We first assess the contribution of the gain gate by disabling
it (7 = 0) and then varying its threshold. Without the gate,
both variants flag all 512 test windows, causing the all-events
Fy5 to fall from 0.495 to 0.000 for uCPAD and from 0.678
to 0.250 for sSCPAD. The gain gate is therefore responsible for
suppressing the widespread false-positive behaviour produced
by the unfiltered changepoints.

The automatically selected knee lies at the 85.4th percentile.
For sCPAD, it matches the best result in the evaluated grid,
while for uCPAD it remains within 0.031 of the best test-
set operating point. Performance varies smoothly around the
selected threshold, indicating that the result does not depend
on a narrowly tuned value. Finally, across 20 runs varying both
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Fig. 2: Qualitative examples of anomaly detection in the time-frequency domain across four Missionl anomaly events. For
each case, the detected changepoint aligns with a ground-truth anomaly interval characterised by an abrupt change in spectral

energy.

the stratified train and validation split and the Random Forest
seed, sSCPAD obtained an event-wise Fg 5 of 0.534 £+ 0.025 in
the anomaly-only setting and 0.712 + 0.028 in the all-events
setting. The single-seed results reported in Tables I and II fall
within, or below, the corresponding empirical distributions.

D. Recall Ceiling and Limitations

The relatively low recall of both proposed variants reflects
a property of the upstream changepoint stage rather than
a limitation of the classifier itself. The proposed approach
produces a compact set of changepoint-bounded intervals
that capture anomalies, but remains less sensitive to subtle,
gradual, or very short deviations whose contribution to the
segmentation cost remains limited. Because the classifier only
filters changepoints already produced by the upstream detec-
tor, it cannot recover events missed during the segmentation
stage. This conservative behaviour nevertheless reduces the
false-alarm rate compared with most unsupervised ESA-ADB
baselines and contributes to the more balanced precision—recall

TABLE III: Gain-gate ablation and threshold sensitivity under
the all-events evaluation. The bold row is selected without
labels.

Percentile 7 Windows uCPAD sCPAD

Gate off 0.00 512 0.000  0.250
50.0 139.22 256 0.188  0.485
60.0 148.81 205 0.237  0.503
69.9 171.74 154 0294 0513
75.0 188.07 128 0336 0.555
79.9 204.95 103 0.399  0.604
85.0 223.16 77 0478  0.678
85.4 (knee) 225.14 75 0495  0.678
89.8 262.04 52 0526  0.650
94.9 365.29 26 0497 0497

trade-off achieved by uCPAD and sCPAD. Improving recall
while preserving the calibration-light nature of the proposed
approach remains an important direction for future work. A
qualitative example of a successful detection is shown in
Fig. 2, where the changepoint detector identifies an abrupt
spectral regime transition corresponding to a ground-truth
anomaly event.

VI. CONCLUSIONS

We presented a label-free changepoint detection approach
for anomaly detection in satellite telemetry, based on PELT
and evaluated on the ESA Anomaly Detection Benchmark.
The pipeline requires neither labelled anomalies nor mission-
specific threshold tuning, detecting anomalies as changepoint-
bounded regime transitions in the time-frequency domain. On
the Mission 1 lightweight subset, the unsupervised variant
uCPAD achieves the highest Fj 5 among all generic unsuper-
vised baselines in ESA-ADB, with a more balanced precision—
recall trade-off and conservative false-alarm behaviour; the
semi-supervised sCPAD raises Fj 5 to 0.513 (anomaly-only)
and 0.678 (all-events). The main limitation is the recall, in
fact, gradual or weak deviations are often missed during
segmentation and cannot be recovered downstream. Future
work will target more sensitive multivariate cost functions and
adaptive penalty calibration.
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