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Predictive maintenance (PdM) is a key application of the industrial IoT, using sensor-acquired time-series
data to forecast equipment failures that cost billions of dollars annually. Time-series anomaly detection
(TSAD) offers a promising route to PdM, yet prior work is constrained by: i) reliance on private datasets
or case studies, requiring extensive domain-specific engineering; ii) evaluation of only a small number of
algorithms, limiting comparative insight; iii) use of a single implementation strategy per algorithm, hindering
potential improvements; iv) emphasis on supervised solutions, necessitating annotated data that are costly or
unavailable in practice; and v) neglect of runtime and online applicability, raising questions about deployability.
To address these limitations, we present an extensive experimental study with rigorous statistical analysis
conducted within a common evaluation framework. Our objectives are to: i) provide insights into the accuracy,
robustness, and behavior of TSAD techniques in an online PAM setting across four implementation strategies;
ii) analyze effectiveness—runtime trade-offs; and iii) rate dataset difficulty and characterize the forms exhibited
by anomalies preceding machine breakdowns. Our findings indicate that most industrial cases benefit from an
initial calibration phase for operational data collection. Well-established traditional TSAD methods deliver
the best trade-off among effectiveness, runtime efficiency, and the ability to predict individual failure types;
pre-trained LLMs are still statistically outperformed in this context, suggesting that there is still room for
improvement in that direction. Our study serves as a significant step towards disseminating TSAD for PdAM
and we open source our work to support future research.
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1 INTRODUCTION

Industry 4.0 integrates Internet of Things (IoT), Artificial Intelligence (Al), and robotics to establish
interconnected, automated, and intelligent cyber-physical manufacturing systems. The global IoT
market, valued at 18.34 billion USD in 2024, is projected to reach 422.13 billion USD by 2034, driven
primarily by advances in connectivity and by data-driven innovations across industrial, healthcare,
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and agricultural sectors [70, 86, 87, 103, 153, 180, 181]. IoT databases and relevant data manage-
ment platforms form the operational backbone of these applications, providing storage, indexing,
spatial/temporal querying, and ingestion pipelines required for real-time and historical analytics
[78, 90, 92, 93, 112, 123, 124, 134, 143, 154, 159, 165, 204, 205, 213, 224, 225]. A persistent challenge
in the Industry 4.0 paradigm is industrial maintenance: the problem of ensuring the continuous,
safe, and cost-effective operation of heterogeneous assets—including machines, production lines,
vehicles, and infrastructure—throughout their lifecycle. Machine failures have been estimated to
cost the world’s largest manufacturers on the order of 1 trillion USD per year [7].

Discriminating genuine machinery degradation from measurement noise, environmental effects
(e.g., altitude-driven changes in pressure and oxygen affect turbocharger behavior), configuration or
process shifts, and [oT hardware/software inconsistencies remain challenging and confound the tem-
poral analysis of sensor signals [15, 53, 66, 69, 111, 129, 155, 160, 168, 169]. Traditional maintenance
approaches, including reactive [63, 77, 151] and preventive maintenance [16, 122, 219, 232], are
often associated with inefficiencies, such as unplanned downtime and unnecessary interventions,
both of which contribute to elevated operational costs. In contrast, predictive maintenance (PdM)
uses continuous IoT time-series (e.g., temperature, vibration, pressure) and analytics to detect early
degradation and enable targeted interventions, with reported reductions in maintenance costs and
unplanned downtime of up to 40% and 50%, respectively [19, 75].

Prior research on PdM has predominantly focused on single, often proprietary, datasets or use
cases, resulting in heavy reliance on domain-specific knowledge at the expense of generalizability
[33, 50, 195, 208, 241]. Most studies treat PAM as a supervised classification problem [97, 194, 238],
evaluate only a limited number of algorithms [5, 52, 147, 212]—typically three or fewer—seldom
evaluate runtime performance [39, 40, 139, 240], and frequently overlook considerations of online
applicability [84, 95, 108, 173]. Several implementation families coexist: simple empirical static
thresholds and rule-based systems produce transparent and easily deployable alerts [30, 68, 99,
222], but suffer from high false alarm rates and limited ability to capture complex or nonlinear
degradation; fuzzy systems encode expert knowledge with graded membership functions and so
improve flexibility and interpretability, yet their design and real-time execution scale poorly as
inputs and rules increase [4, 98, 102]; model-based techniques leverage mathematical descriptions
of system dynamics and can deliver high accuracy when failure physics are well characterised,
but they typically require labeled data and generalise poorly to novel failure modes [2, 55, 203];
survival models estimate degradation trajectories and failure probabilities but depend on consistent,
reliable degradation patterns that are often absent in industrial practice [80, 81, 227]. In light of
these limitations, time-series anomaly detection (TSAD)—the task of identifying unexpected or
infrequent patterns in temporal data [22, 25, 27, 28, 115, 128, 131, 132, 156, 158]—has emerged as
a promising, versatile alternative for PAM, combining low time-to-value, easy deployment, and
modest data requirements and thus gaining traction in industry and research alike [58, 60, 64—
66, 130, 137, 138, 145, 157, 171, 187, 196, 199, 200].

Although comprehensive research has been conducted on TSAD [82, 83, 89, 132, 163, 176, 210,
218], its systematic application in PdM is underexplored. TSAD for PdM differs in three essential
respects: i) classical TSAD focuses on identifying unexpected deviations per se, whereas TSAD for
PdM seeks anomalies that are precursors to failures [33, 119]; ii) traditional TSAD aims to detect
anomalies contemporaneously with their occurrence; TSAD for PAM must account for sufficient
lead time to enable maintenance planning [44, 189]; and iii) whereas TSAD datasets offer explicit
anomaly annotations, maintenance datasets document failure events, lacking reliable information
on preceding anomalous behavior [139, 226]. These differences motivate a systematic study of
TSAD for PdM to provide insights into detector behaviour and operational utility. In online settings,
a high-level TSAD technique can adopt various operational flavors, a semi-supervised (online)
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Table 1. Comparison between our study and existing time-series anomaly detection/PdM studies.
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approach that trains on segments unlikely to contain failures, incremental window schemes (sliding),
and fully unsupervised modes—each offering distinct trade-offs. To the best of our knowledge,
although these variants have been explored independently in both academic research and the
industry [35, 41, 59, 101, 140, 142, 163, 174, 179, 182, 209, 216, 235], a concurrent, comparative
evaluation remains absent.

In this study, we present the most extensive experimental analysis of TSAD for PdM to date,
offering comprehensive insights into the accuracy, limitations, and operational trade-offs for
(semi/un)-supervised TSAD algorithms in PAM. As summarized in Table 1, we close key gaps in
prior work by analyzing worst-, typical-, and best-case performance across multiple hyperparameter
configurations, rather than the customary best-case-only results. This robustness-focused analysis
is motivated by practical constraints—limited compute on edge IoT devices, data-localization re-
strictions that may prohibit cloud-based tuning, and concept drift that can invalidate previously
optimized hyperparameters—under which worst- and typical-case analyses better inform model
selection. We also study failure prediction in online settings and compare four distinct implementa-
tion strategies, aspects that remain underexplored. In addition, to the best of our knowledge, we
integrate for the first time a Formula 1 dataset in a PAM context. Unlike the other 10 datasets, the
Formula 1 dataset exhibits non-constant, sub-second sampling rates, thereby extending PdM corpora
predominantly with a challenging, real-world workload. Our experimental testbed scales beyond
prior PdM studies by combining diverse real, experimental, and synthetic workloads, alongside
dataset ranking and runtime analysis.
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We begin by describing how TSAD can be applied to a PdAM case (Section 2) and reviewing
related work (Section 3). Following this, we present our contributions:

e We define the experimental setup of our study (Section 4).

e We provide insights into the accuracy of TSAD techniques and demonstrate how dataset
characteristics determine a different flavor choice (Section 5.1).

e We analyze each technique’s effectiveness-runtime trade-offs, highlighting how computa-
tionally efficient methods compete with more complex alternatives (Section 5.2).

e We examine the robustness to hyperparameter selection of TSAD solutions for PAM (Section
5.3).

e We assess dataset difficulty and characterize the anomaly types present in each dataset
(Section 5.4).

e Through a real-world case study, we assess TSAD methods in terms of predictive capability
for individual failure types and robustness to adversarial manipulations. (Section 5.5).

e We suggest guidelines for practitioners when applying TSAD solutions to their use cases and
identify promising directions to improve TSAD for PdM (Section 6).

Finally, we conclude our work (Section 7). The source code, data, and other artifacts, including
the Appendix, are available at [1].

2 PROBLEM STATEMENT

Let S denote a set of (multivariate) time-series where each s € S is defined over [s’tt, s%nd]. The
ground truth for each monitored asset s is represented by a set of failure events F* = {f*}, where
shat < fS < slend The complete maintenance dataset is thus the collection {(s, F*) | s € S}. An
illustrative artificial example in Figure 1(a) shows assets with varying numbers of failures, which
do not necessarily occur at terminal points. We adopt the evaluation framework of [66] and the
VUS metric [21, 158], augmenting the data with a Predictive Horizon (PH) and Lead time (L). The
PH is the interval preceding a failure where raising alarms and observing elevated anomaly scores
are desirable, while the lead time L spans from the end of the PH to the failure, ensuring sufficient
time for maintenance (Figure 1(b)). Following common practice [186], samples within the union
of PH and L are labelled positive (1), and the rest negative (0). As depicted in Figure 1(c), a TSAD
method operating in an online fashion produces a continuous anomaly score for each incoming
sample; applying a threshold to this score yields binary predictions. Note that alarms occurring
within L are disregarded (Figure 1(d)) as they provide insufficient time-to-failure.

Computation of the evaluation metrics requires the introduction of episodes, defined by the
temporal occurrence of failure events. An episode begins either at the s™=r of a time-series s or
immediately after a failure, and terminates at the subsequent failure or at s’nd. Segmenting the
time-series into episodes aids in determining the PH and L intervals. In our experimental study, we
focus on the AD1 level [66]. Precisionap; is computed as the fraction of detected anomalies that
fall within the PH:

#{anomalies detected inside PH}

#{all anomalies detected}

precision,p, =

while recallap; is defined as the fraction of episodes in which at least one anomaly is detected
within the PH:
#{episodes with > 1 anomaly in PH}

11 =
recatlapt #{episodes}

The area under the PR4p; curve formed by (recallsp;,precision ;) points computed over a set
of thresholds, is defined as: AD1 AUC-PR = fol precisionp, (r) dr, i.e. larger precision ,,; and
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Fig. 1. (a) An artificial illustration of a maintenance dataset. (b) Expansion of a PdM case with the concepts
of Predictive Horizon and Lead periods. (c) Anomaly score generation from a TSAD method. (d) Computation
of the evaluation metrics.

recall4p; values increase AD1 AUC-PR. For VUS-based evaluation, precision and recall are defined
analogously to the AD1 definitions above.

Problem Definition. Given a maintenance dataset S of n (multivariate) time-series (with m
channels) and associated failure events, along with fixed PH and L parameters, the goal is to learn
a set of functions ®g = {¢ : RS“"**™ — R%na | s € S} with a shared hyperparameterization 6
across assets in S. Each function ¢s maps a time-series s to a vector of anomaly scores y € Rnd.
The objective is to maximize the AD1 AUC-PR derived from the PR4p; curve.

3 RELATED WORK

Time-Series Anomaly Detection. TSAD remains an active and enduring research area [8, 23,
24, 26, 100, 105, 107, 127, 193, 234]. The diversity of anomaly types, data characteristics, and
application domains drives continued interest, given its impact on critical tasks ranging from cost
reduction in intrusion detection to disaster prevention. A wide variety of TSAD techniques have
been proposed over the years; our intention here is not to exhaustively review them. Instead, we
classify the evaluated methods into four broad categories: proximity (P), distribution (D), tree
(T), and deep learning (DL) based approaches. Proximity-based methods flag points in sparsely
populated localities [6], while distribution-based ones assess deviations from the data distribution.
Tree-based methods rely on hierarchical decision structures [14]. DL-based methods employ neural
networks, typically reconstructing or forecasting time-series values to compute anomaly scores
from the distance between observed and predicted values. Beyond raw performance, explainability
[118] is an essential requirement for industrial adoption, since operators must validate alerts
before committing to maintenance actions. Accordingly, Section 4.1 describes the evaluated TSAD
methods together with their explainability properties. In addition, Section 5.5 showcases how a
model-agnostic method can be employed in a PdM case.
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Table 2. Categorization of the TSAD techniques. Some techniques can be applied both in a semi-supervised
and an unsupervised way. A * symbol denotes streaming capability for the unsupervised variant of a method
(after windowing).

g £
£ i =
= . ) =
Z v < 2 o
< |3| %8 e g g .-
25| 5E g8 'S S il
22|29 =93 < g%
El8 |5 2| .| 288 = S &%
= a Y 0 9« 9 £ -
9 =) a Q = o o = 25 8
o a = 2 o = Q" g g - 8 >
e | Lz 0|22 < 52
AN IR AR ) g : |EEZ
Method 5ld|a% |5 | <ed K & E2E
CHRONOS [10] X DL S Quantization, LLM Pretraining Streaming U
CHRONOS-2 [9] X DL S In-context learning, LLM Pretraining | Streaming M
IF [126] X T P Isolation tree, Ensembling Streaming* M
KNN [178] X P P K-nearest neighbor Streaming” M
LOF [29] X P P Density Streaming™* M
LTSF [231] X DL S Fully-connected linear layers Streaming M
NP [76] X P S Matrix-profile Static* U
OCSVM [191] X X D P Kernel transformation Streaming M
PB [66] X X P P Nearest-neighbor Streaming M
SAND [27] X P S Time-series clustering Streaming™ U
TIME-LLM [94] X X DL S LLM reprogramming Streaming M
TIMEMIXER++ [214] | X X DL S Multi-scale decomposition Streaming M
TRANAD [206] X X DL S Attention, Meta/Adversarial learning | Streaming M
USAD [12] X X DL S Dual adversarial autoencoder Streaming M

Deploying production-grade PAM systems requires end-to-end integration across the engineering

stack [79]. Robustness to manipulation is an increasing concern, and adversarial research demon-
strates that attackers need not alter model weights to undermine TSAD: false data injection and
sensor spoofing strategies that introduce additive noise or induce temporal jittering can decouple
observations from physical reality and bypass conventional statistical filters and state estimators
[56, 192]. Both classical and DL detectors are vulnerable; discrete optimization attacks can corrupt
tree traversals [233], gradient-based, dynamic time warping (DTW), and feature-space perturba-
tions can mask faults or produce spurious alarms [17, 18, 201, 221], while recent black-box attacks
show that increasingly popular large pretrained models are also vulnerable [125]. To move beyond
heuristic hardening, the community is adopting certified defenses: randomized smoothing [45] and
its temporal adaptations yield tractable estimates of a certified radius within which model decisions
are provably invariant, while diffusion-based purification aims to tighten safety bounds with lower
verification variance [31, 133]. Section 5.5 examines the adversarial robustness of detectors through
a real-world case study.
Maintenance Approaches. Maintenance approaches are commonly categorized as reactive, pre-
ventive, and predictive [141]; reactive maintenance postpones activities until failure, raising re-
pair costs [135, 215, 230], while preventive maintenance seeks to reduce unexpected breakdowns
through scheduled inspection and servicing [114, 198, 217, 220, 236]. In our analysis, we incorporate
a methodology designed to represent preventive maintenance approaches. PAM often centers on
predicting remaining useful life (RUL) to schedule interventions proactively, but RUL methods, de-
spite their cost-saving potential, are hampered by scarce labeled failure data and limited diversity of
failure modes, which constrain generalizability and introduce uncertainty into predictions. A broad
literature proposes model-based, data-driven, and hybrid RUL algorithms [47, 57, 113, 117, 223, 239],
yet most rely on limited benchmarks such as CMAPSS [184] (which we also use) and struggle to
adapt to varying load conditions or handle intermittent faults (transient, unpredictable errors that
disappear without maintenance) [150], and often depend on manually engineered, information-rich
features [113, 239]; such limitations impede reliable deployment in industrial settings.
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4 EXPERIMENTAL SETUP

This section outlines the experimental setup of our study. Our design emphasizes real-world data
and evaluation metrics appropriate in TSAD for PAM contexts. By standardizing these elements,
we aim to provide a consistent foundation for meaningful operational improvements and address
misalignments in prior work [71, 96]. We first present the TSAD algorithms evaluated (Section 4.1)
and their various flavors (Section 4.2). We then describe the datasets employed (Section 4.3) and
implementation details (Section 4.4).

4.1 Algorithms

In Table 2, we present a categorization of the selected algorithms. It is important to note that
some methods are available in both semi-supervised and unsupervised flavors. The objective
of this study is not to conduct an exhaustive evaluation, which would require the inclusion of
over one hundred TSAD algorithms [176]. Instead, we prioritize methodological diversity by
selecting representative algorithms with heterogeneous characteristics (e.g., inductive mechanisms,
robustness to distribution shifts) that have demonstrated high effectiveness in both PdM applications
[65-67] and traditional TSAD [132, 176]. A comprehensive benchmark encompassing all existing
algorithms is left for future work. For the application of univariate techniques to multivariate data,
each dimension is processed independently, and the resulting anomaly scores are aggregated using
either the mean or the maximum value.

Although foundation models for time-series analysis are a promising and active research direction,
we prioritized CHRONOS [10] due to its extensive pretraining and theoretical suitability for the
edge via zero-shot inference and quantization [48, 104]. To ensure a comprehensive assessment
of this category without diluting the main benchmark with architectures that currently show
limited applicability, we also extended our evaluation to CHRONOS-2 [9], TIME-LLM [94], and
TIMEMIXER++ [214]. Our preliminary results (Appendix Tables B.1-B.2) confirm that the examined
instances generally underperform the traditional TSAD methods on both detection effectiveness
and runtime efficiency (TIME-LLM attains the best VUS-PR in only a single case).

CHRONOS. CHRONOS [10] tokenizes continuous-valued time-series through scaling and quanti-
zation, mapping values to a fixed vocabulary; in this study, we employ the T5-based variant. This
reformulates regression as a token classification task, where the model’s prediction error defines
the anomaly score.

CHRONOS-2. CHRONOS-2 [9] utilizes in-context learning for multivariate forecasting with covari-
ates via a group attention mechanism; we use past-only covariates. Instead of concatenating inputs,
it shares information across the batch dimension, enabling scalable modelling of dependencies
between targets and related series.

IF. Isolation Forest [126] constructs binary trees based on random space splitting. The nodes with
shorter paths to the root are more likely to be anomalies. An ensemble of such randomly constructed
isolation trees is employed, and the anomaly score is computed using the average path length
across the ensemble.

KNN. In KNN [178], the anomaly score of a point is calculated as the distance from its k-st nearest
neighbour in a reference set.

LOF. Local Outlier Factor [29] detects anomalies by comparing a sample’s local density to that of
its k-nearest neighbours. The anomaly score is derived from the ratio of the neighbours’ Local
Reachability Density (LRD) to the sample’s LRD; values significantly greater than 1 indicate the
point lies in a lower-density region than its surroundings, signalling an outlier.

LTSF. The LTSF-Linear family [231] predicts the future values of a time-series. Similar to CHRONOS,
the prediction error is used to calculate the anomaly score. LTSF-Linear comes with three variants:
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Linear, DLinear and NLinear, with each one being engineered slightly differently for tackling
different issues, such as trends in the data (DLinear) and distribution shifts (NLinear).

NP. Neighbor Profile [76] was proposed to calculate a more generic matrix-profile [229], supporting
k-nearest-neighbor density functions. NP employs a bagging-like subsampling and aggregation
strategy over multiple nearest-neighbour distances, yielding smoother and more reliable density
estimates for subsequences.

OCSVM. One-class Support Vector Machine [191] finds the best-separating hyperplane after trans-
forming samples into a feature space through the use of a kernel function. The anomaly score of a
new point is its distance from the hyperplane.

PB. The Profile-based [66] method produces the anomaly score of a sample as its distance from a
reference set, divided by the maximum distance between data points in this set.

SAND. SAND [27] performs online clustering, scoring anomalies based on the distance to temporal
centroids. It maintains a weighted subsequence memory updated via K-Shape [152, 161, 162],
incorporating both cardinality and recency in cluster weights.

TIME-LLM. TIME-LLM [94] repurposes LLMs for forecasting by treating time-series as a language
task. It aligns input series with the LLM’s capabilities using learnable text prototypes and augments
the context with declarative prompts to guide reasoning.

TIMEMIXER++. TIMEMIXER++ [214] captures multi-scale dynamics by treating time-series as
time images. It applies dual-axis attention to separate trend and seasonality, thereby adaptively
learning comprehensive time-frequency representations.

TRANAD. Deep Transformer Networks for Anomaly Detection in Multivariate Time-Series Data
[206] is a transformer-based reconstruction model that identifies anomalies via reconstruction
errors, using adversarial training to amplify sensitivity to subtle deviations. It further employs
model-agnostic meta-learning and self-conditioning to enable fast, robust generalization across
domains.

USAD. UnSupervised Anomaly Detection on Multivariate Time-Series [12] is an auto-encoder model
that scores anomalies via reconstruction error. It employs adversarial training between decoder
stages to amplify deviations and enhance sensitivity to subtle anomalies.

Explainability properties. The proximity-based methods in Table 2 (P category) are distance-
based and therefore qualify as white-box, interpretable techniques because the computation of the
anomaly score can be directly traced to distances or neighbourhood structures. For instance, a low
KNN anomaly score is attributable to nearby reference points, whereas in SAND, the anomaly score
reflects proximity to a learned cluster centroid; conversely, high scores occur when observations
lie far from the reference set (KNN) or from learned clusters (SAND). By contrast, approaches in
the DL and D classes do not provide an explicit, human-readable mapping from input features to
anomaly scores: their outputs derive from learned latent representations or from kernel transfor-
mations, which motivates the application of inherently interpretable surrogate models or post-hoc
explanation methods [106, 144]. IF exposes an interpretable mechanism at the algorithmic level
(path lengths in random trees), yet attributing anomalousness to specific input features remains
challenging; recent work has therefore proposed techniques to produce feature-level importances
and explanations for IF [32]. Previous work [46] reports that model-agnostic approaches are the
most widely adopted in practice, while also highlighting the challenge of validating explanations,
which typically requires expert annotation of proprietary datasets.

4.2 Flavors

Machine learning (ML) algorithms are commonly classified as supervised, semi-supervised, and
unsupervised. The choice among these classes depends on the characteristics of the data and the
task. Supervised methods require labelled data, whereas semi-supervised approaches can operate
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Table 3. Flavor prerequisites and zero day applicability.

Methodology Flavor Historical Historical Zero Day
Failure Data Operational Data Applicability

Supervised Regression X
Supervised Classification X
Semi-Supervised Historical X X
Semi-Supervised Online X X

Semi-Supervised Sliding X X

Unsupervised Unsupervised X X

with partial labels—typically only for normal (reference) data. Unsupervised methods do not rely
on labels. Within semi-supervised settings, different assumptions about normal data dictate how a
given detector can be applied.

4.2.1 Semi-supervised. The following flavors capture TSAD methods that require training. The
three alternatives are essentially facets of a single higher-level approach: a model is trained on data
collected during a presumed healthy operation and subsequently used to produce anomaly scores.
For deployment in truly online settings, the training data must temporally precede the data used
for scoring (i.e., all training timestamps < scoring timestamps).

Semi-supervised (historical). This approach trains algorithms on healthy historical data. A domain
expert must confirm that the training data reflects healthy asset behaviour.

Semi-supervised (online). In this flavor, a compact reference set is constructed for each monitored
asset at the start of every episode, obviating the need for long-term historical normal data. The
reference set is substantially smaller than a typical historical dataset and therefore only serves as a
proxy for normal behavior; it may not be representative and can contain failures or anomalous
observations.

Semi-supervised (sliding). Using a sliding-window scheme, the model is retrained on the most
recently collected data before generating anomaly scores for new observations. When the window
reaches the required size or a predefined time interval elapses, it advances and a new training
sample is formed. A graphical illustration is provided in Figure 2. In an extended variant, the
reference dataset consists of all historical data accumulated up to that point.

4.2.2  Unsupervised. Techniques in this category employ problem-agnostic assumptions about
the data and function without supervision. They may share characteristics with semi-supervised
methods, but run independently of any label information.
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Table 4. Descriptive statistics for all raw datasets. A * symbol denotes that PH is calculated either as the
10% of the smallest episode or scenario, or, otherwise, it is set based on domain knowledge or external
information/requirements.

Min Avfd& #scenarios  #scenarios .
Dataset type #records  scenario § s . dimensions  failures w/ w/o PH ma);:;um L
length slcenanu failure failure
ength

AZURE [20] synthetic 876100 8761 87610 4 761 100 0 96 192 2
BHD 2023 [13] real 6626869 11 1529 + 776 5-54 4334 4334 0 10 20 2
CMAPSS [184] synthetic 265256 19 187 £ 82 14-21 709 709 707 13* 42 2
CNC [172] real 6304 140 451 + 259 120 14 14 0 15 48 5
EDP-WT [85] real 209236 52244 52309 £ 50 79 8 4 0 8640 8640 8
FEMTO [34] experimental 21493 172 1264 + 772 44 6 6 11 52" 169 2
FORMULA 1 real 5563727 4809 22344 + 10595 17 249 249 0 8 minutes PH + 1920 4 minutes
IMS [110] experimental 9464 984 3154 + 2806 88-176 3 3 0 99* 324 2
METROPT-3 [208] real 1516948 1516948 1516948 + 0 15 4 1 0 288 1008 12
NAVARCHOS [65] real 854178 1482 32853 + 46824 6 22 14 12 15 days PH + 15 1 day
XJTU-SY [211] experimental 9216 42 614 + 853 44 15 15 0 18 26 2

Table 3 summarizes the data prerequisites associated with each flavor and also lists the re-
quirements of the supervised alternatives. As shown, supervised methods for PAM require both
operational and failure past examples; semi-supervised methods typically require only data col-
lected during (healthy) operation; and unsupervised methods do not depend on any labelled or prior
data. The last column reports applicability from day zero. Supervised methods are not deployable
at day zero because they need labelled historical data (hence a higher time-to-value), whereas
unsupervised methods can be deployed immediately. The day zero applicability of semi-supervised
methods depends on whether a reference set is available; however, for online and sliding flavors,
such a reference set can be collected on the fly, enabling deployment from day zero.

4.3 Datasets

Descriptive statistics for the selected raw datasets are summarized in Table 4. The examined datasets
are classified by origin into three categories: real-world (collected under operational, uncontrolled
conditions), experimental (acquired from physical systems under controlled experiments), and
synthetic (generated by simulation). Each dataset may contain multiple monitored assets—for
example, in a vehicle-fleet dataset, each vehicle constitutes a distinct scenario. Not all scenarios
include failure events; Table 4 reports this using the columns #scenarios_w/_failure and #scenar-
ios_w/o_failure. A run-to-failure scenario is defined as one in which a failure occurs at the end of
the time-series, whereas in a non-run-to-failure scenario, any failure that occurs may do so at an
arbitrary time.

In some cases the precise PH at which an alarm should be issued is ambiguous. We address this

ambiguity by using the maximum PH in conjunction with the VUS metric. Specifically, the PH
is set to 0.1 X L,,;,, where L,,;, is the length of the shortest scenario in the dataset (for datasets
with non-run-to-failure scenarios we use the shortest episode length). The maximum PH is then
defined as % X Liin. We justify our selections to account for the variability in time-series lengths
and sampling rates across datasets. Moreover, in PdM deployments, alarms must be raised within a
practically meaningful window—sufficiently early to enable maintenance planning, yet not so far
in advance that the warning loses operational relevance. Representative examples can be found in
Figure A.1 of the Appendix. We now describe the selected datasets in greater detail.
AZURE. The AZURE dataset [20] comprises hourly measurements of voltage, rotational speed,
pressure, and vibration signals collected from 100 machines during 2015. In addition, the dataset
includes records of maintenance operations for individual machine components, failure events, and
logged error states.
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BHD 2023. The BHD 2023 dataset [13] contains S.M.A.RT. (Self-Monitoring, Analysis, and Report-
ing Technology) statistics from hard drives operated in Backblaze’s data centers.

CMAPSS. The Turbofan Engine Degradation Simulation dataset [184] is generated using the
Commercial Modular Aero-Propulsion System Simulation (CMAPSS). It comprises run-to-failure
simulation data for four distinct engine fleets, each operating under varying combinations of
operating conditions and fault modes.

CNC. The CNC dataset [172] comprises run-to-failure recordings of vibration and electrical drive-
current signals acquired during milling of 42CrMo4 steel with 14 cutting tools. Failure events are
annotated as tool damage, specifically cutter/blade breakage.

EDP-WT. The Energias de Portugal Wind Turbine dataset [85] comprises one year of SCADA
(Supervisory Control and Data Acquisition) measurements from four wind turbines.

FEMTO. The FEMTO dataset [34] incorporates 17 accelerated bearing experiments conducted
on a small-scale bearing test rig. This dataset originates from the FEMTO-ST Institute and was
employed in the 2012 IEEE Prognostics Challenge.

FORMULA 1. The FORMULA 1 dataset accommodates telemetry data pertaining to the vehicle,
including throttle position, brake usage, engine and vehicle speed, and gear selection. In addition,
it contains measurements of the distance to the preceding car (in meters) as well as environmental
telemetry related to track conditions.

IMS. The IMS dataset [110] was collected using an endurance test rig. Four bearings were mounted
on a shaft driven by an AC motor and operated continuously until the failure of one of the bearings.
METROPT-3. The METROPT-3 dataset [208] spans operational data from a metro train. It includes
15 signals recorded over six months from multiple analog and digital sensors installed on the train’s
compressor air production unit.

NAVARCHOS. The NAVARCHOS dataset [65] contains one year of vehicle operational telemetry
and associated service records. It covers data from 40 vehicles; for each vehicle, six distinct signals
were recorded at one-minute intervals during operation. Service logs are available for 26 of the
40 vehicles. The dataset also exhibits periods of missing data, reflecting common data-availability
challenges in real-world PdM applications.

XJTU-SY. The XJTU-SY dataset [211] reports 15 run-to-failure experiments generated by acceler-
ated bearing tests. It spans three operating conditions and documents several failure modes, notably
inner-race wear and outer-race fracture.

4.4 Implementation Details

Main experiments were conducted on an Ubuntu 22.04.3 LTS server equipped with a 16-core 5.2
GHz CPU, 64 GB of RAM, and an NVIDIA GeForce RTX 3090 24GB, while adversarial robustness
benchmarks were executed on an HPC Slurm cluster (with 560 cores and 16 NVIDIA A100 40GB
GPUs). The software environment utilized the Anaconda distribution with Python 3.9.7. We ported
and modified all TSAD techniques into a unified API. DL approaches were implemented using the
PyTorch [11] framework. Depending on the algorithm, original codebases were extended to support
multivariate data (if needed) or re-implemented from scratch. To align with realistic computational
budgets, we evaluated up to 50 distinct hyperparameter configurations for each method-flavor
pair, subject to a maximum runtime of one week. A single, global parameterization was applied
across all assets of a dataset.

5 EXPERIMENTAL RESULTS AND ANALYSIS

In this section we report and analyze the results of our study. We first summarize the overall
accuracy (Section 5.1), runtime performance (Section 5.2) and robustness (Section 5.3) of TSAD
methods. Then, we evaluate the relative difficulty of the chosen datasets (Section 5.4), and perform
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an in-depth analysis on a real-world PAM case (Section 5.5). Overall, the study is designed to provide
answers to the following research questions (RQ):

ROQ1. Is there a dominant TSAD technique and flavor to employ for PdM, and how do different
problem instances benefit from particular flavor choices?

RQ2. What are the empirical effectiveness-runtime trade-offs for TSAD methods when applied to
PdM cases?

RQ3. How robust are TSAD for PdM solutions to hyperparameters?

RQ4. How do domain requirements and attributes influence maintenance and, critically, are there
identifiable early warning states prior to failures (manifesting as anomalies) that make (semi/un)-
supervised TSAD methods effective? If so, how do these warning states typically manifest?

5.1 Overall Effectiveness

Table 5. Experimental results for the AD1 AUC-PR metric per dataset. The line represents the mean
and the line the median. The ORACLE represents the best performance achieved per dataset based on
all flavors (excluding ADD and ALL).

FlavorMethod| AZURE | BHD 2023 | CMAPSS CNC EDP-WT | FEMTO |FORMULA 1 IMS METROPT-3 NAVARCHOS| XJTU-SY
CHRONOS| out of time | o i ®p [} o | i) I [}
P e | L b —ATH il oo od] offe g g
KNN ilad 4 - - [ L] oife L] o A
9 LOF A+ |4 {iad Iy — Tk ik 1] o He I i Ik
E LTSF | AT} > 3 TH T | —TH T H — = flo @o b o
3 NP oo b 3 h —TH HTH out of memory Yo T T~ 3
ocsvm [HIH b Hooe HIH e | T I 1] I T
PB Giig I i 3 H it} 1 il i l HH
TRANAD | | $ i) q ] T+ ] of)
Usap_ | § [ | e {H | [ + el ] [} {
IF dffpoo b - b HTH o de —IH {IH 0 e [
KNN e I~ e o—TH o HH| owsf} H= H= (el Hhe
0 LOF e 4 ke (e - o} e HIH HIH HIH = Hi
;é LTSF  (H 0 [ H— || —— | I+ fo o I+~
= Ne | ! i ke 1= {0 1 —{ I (= b
ocsvm | HH I o= * [ (Emg L4 M Bl Hh o THe
PB Hh [ —IH iy Laulll] H —= hooo e
TRANAD | ¢ ¢ T 3 ] HIH [l [3 I
USAD | b 3 ] o a A= | I P —{TH Hhe '
~  |CHRONOS| k ¢ 4 HD ° i = 13 | 4 ooffe
2 F L e b —1H or{[}—e e [miy - e
5 KNN - [HH © ] [ H— —H HH >foo 00 o I—| > I+ Po > HHe
5 LOF | e b 3 g —HIH e a0 —I= HIH [ 4
2 N |[h [ Qo000 fhwo o —1H —T— iy Ak Th oo i [Ho o
= SAND | § [peo o owo | —{TH= = < [ I (I oo 3 [
- romoost |l e Ty | s 5T o Lo o550 | oo Ao | oo [sor s
2 | ORACLE | o.4ss| 0525 0.881| 0743 0.988 0.996|  o.548| L.000| 0.846 0519 0.765]
IS ADD | | 0.070 | 0.050 | 0.160 | 0.07a |o.670 | o210 | 0.2a8 | 0.350 | 0.290 | 0.010 | 0.110
ALL | |0.070 | 0.010 | 0.050 | 0.023 | 0.320 | 0.040 | 0.001 | 0.030 | 0.040 | 0.040 | 0.020

Table 5 presents boxplots corresponding to different hyperparameters for a given technique-
dataset—flavor combination, computed using the AD1 AUC-PR metric, while experimental results
for evaluation with VUS-PR can be found in Table B.5 of the Appendix.! We include two baselines
for completeness: ALL, which issues an alert for every timestamp (yielding perfect recall but
a maximum false alarm rate), and ADD, which implements a standard preventive maintenance
policy [109, 202] that triggers intervention once an asset surpasses a fixed count of operational
cycles. Including these baselines provides a practical reference for assessing whether PdAM methods
deliver meaningful improvements for operational decision-making. The ORACLE indicates the
best performance achieved per dataset (excluding ADD and ALL). For readability, we adopt the
following notation to streamline the analysis of flavor effects (see Table 2). Methods LOF, KNN,
NP, IF, and CHRONOS support both semi-supervised and unsupervised operation and are denoted

IFurther, results for datasets that contain historical healthy records and enable the historical flavor are presented in Tables
B.3 and B.4 of the Appendix.
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flany- SAND is limited to unsupervised mode, denoted f1,,,5, whereas PB, TRANAD, LSTF, USAD,
and OCSVM are applicable only in a semi-supervised manner, denoted flepm;.

To provide a holistic view, Table 5 additionally reports the performance of a prevalent algorithm
for PAM [62, 91, 120, 121, 188, 190, 207], XGBOOST [42], trained in a supervised classification
setting. Supervised algorithms face several practical limitations in PdM contexts: i) labeled failure
data are typically rare and insufficient to train robust supervised models; ii) even when historical
data exist, obtaining reliable annotations is difficult [228]; iii) collected data may be heterogeneous
across assets (e.g., IMS, BHD, CMAPSS), with mismatches in the number and semantics of recorded
dimensions; if data cannot be paired for training/testing or the asset provenance is unknown, their
utility for supervised learning is limited; and iv) operational dynamics in industrial environments
may render historical training data unrepresentative of current normality.

Technique level. We adopt a multifaceted approach, beginning with an analysis of the median
of median AD1 AUC-PR for each technique—dataset-flavor combination across datasets (detailed
results can be found in Table B.6 of the Appendix), excluding the historical flavor. Subsequent
sections provide complementary perspectives that converge on the same methods. KNN, PB, and
TRANAD occupy the top five positions. KNN attains median AD1 AUC-PRs of 0.369 (sliding), PB
(online) is second with a median of 0.288, and KNN (online) achieves 0.279, while TRANAD records
medians of 0.272 with both the online and the sliding flavor. Performance varies substantially
across datasets. For example, OCSVM’s best AD1 AUC-PRs on CMAPSS and NAVARCHOS are
0.595 and 0.519 (Figure B.6 of the Appendix), respectively, while LTSF attains 0.108 and 0.334 on
those datasets. Conversely, on XJTU-SY LTSF achieves the highest performance (0.765), whereas
OCSVM’s best is 0.335. On the other hand, XGBOOST empirically attains competitive best AD1
AUC-PR results in only two cases: CMAPSS (0.567) and IMS (0.687). CMAPSS is a synthetic dataset
with highly constrained conditions and numerous simulations, which favors supervision. We note
an important caveat: because supervision requires an explicit train/test split, the XGBOOST results
are not directly comparable to the TSAD evaluations (e.g., in IMS XGBOOST was evaluated on one
time-series instead of three). This protocol can bias results in favor of supervised methods, yet
XGBOOST still performs poorly under few-shot failure scenarios, consistent with prior work [66].

For an unbiased comparison of TSAD techniques, we select each technique—flavor pair as follows.
First, for each dataset and flavor, we retain the parameterization yielding the highest performance.
Next, among the available flavors of each technique, we select the one with the highest average
rank across datasets. In the event of ties, the flavor with the higher median performance is chosen.
For each selected pair, we compute the minimum, median, and maximum performance values
per dataset to represent worst-case, typical, and peak potential performance, respectively. This
procedure produces three performance axes per dataset against which techniques are compared. To
assess statistical differences across methods, we apply the Friedman-Nemenyi [51, 61] test to derive
average ranks for all method-flavor pairs over the 33 resulting axes, visualized through critical
difference (CD) diagrams. In the results, presented in Figure 3, a solid line in each CD diagram
connects groups of methods without statistically significant differences (also Figures B.3 and B.4 of
the Appendix present a flavor-level view).

Building on the consistency of the XGBOOST findings with prior art [66], we contrast our results
with the broader TSAD literature. KNN achieves higher average ranks under VUS-PR in our study
(Figure 3b), which agrees with reports of TSAD on multivariate datasets [176], yet it (together with
LOF) contradicts earlier multivariate TSAD results [132]. We attribute these discrepancies primarily
to differences in hyperparameter search spaces, dataset selection, and evaluation protocols across
the two TSAD studies. Conversely, TRANAD demonstrates high competitiveness in our evaluation,
challenging the lower performance ceilings reported in traditional TSAD benchmarks [132, 176].
Furthermore, the ranking hierarchy among LOF, KNN, TRANAD, and USAD under VUS-PR shifts

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 242. Publication date: June 2026.



242:14 Anastasios Papadopoulos, Apostolos Giannoulidis, Anastasios Gounaris, & John Paparrizos

cD CD
1110987654321 1110987654321
NP unsJ Il LOF onl NP_uns KNN_onl
OCSVM _onl KNN_sli SAND_uns LOF_onl
SAND “uns TRANAD_onl LTSF_onl TRANAD_onl
CHRONOS onl PB sli CHRONOS onl PB_onl
USAD onl IF_sli OCSVM_onl IF onl
LTSF_on| ——— USAD_onl ————
(a) AD1 AUC-PR (b) VUS-PR

Fig. 3. Critical difference diagrams (a = 0.05) for the best (on average) technique-flavor pairs (excluding the
historical flavor). Smaller numbers represent higher rankings.

notably compared to previous analyses [132]. TRANAD’s resilience aligns with recent reports on
robustness against domain shifts [88], which, in our experiments, are analogous to operating-mode
switches that methods must handle without inputs of other types (see Section 5.5). LOF has been
reported as a strong technique in a recent proprietary PdM case study [67]. TRANAD and LTSF are
the only DL methods whose AD1 AUC-PR scores do not differ statistically from alternatives of
the P category. Although prior work found no broad statistical gap between LLMs and classical
methods [132, 176], our results highlight that CHRONOS performs significantly worse than several
established techniques (LOF, KNN, PB) and TRANAD under the AD1 AUC-PR metric.

Figure 3 highlights a distinct behavioral shift: transitioning the evaluation metric from AD1
AUC-PR to VUS-PR redirects the preferred flavor for three P methods (KNN, PB, IF) from sliding
to online, whereas LOF and TRANAD retain online as the flavor with the higher average rank.
We explain this shift by the differing score statistics induced by the two flavors. For KNN and
PB, the online flavor produces larger variance in anomaly scores than the sliding flavor. Machine
condition typically evolves smoothly and samples lie on a low-dimensional manifold; a sliding
window re-centers the baseline on recent states, so a newly emerging (potentially faulty) regime
becomes the local “normal” and scores remain stable. In contrast, the online flavor compares current
observations against a static history, causing minor deviations to manifest as score spikes that
penalize precision across many thresholds. IF exhibits the same qualitative behaviour despite its
bounded scoring: trees constructed from a recent sliding window yield more consistent depths
for incoming points, reducing score dispersion and stabilizing precision. VUS-PR fundamentally
redefines what we consider an early indicator, and thus score excursions that would be penalized
under AD1 AUC-PR are effectively counted as early true positives.

In the case of LOF, the sliding window approach renders the algorithm hypersensitive to subtle
density fluctuations—such as those introduced by incipient fault data—thereby increasing the false
alarm rate. Conversely, the online flavor maintains a more stable global density estimate, produc-
ing smoother anomaly scores that effectively isolate the faulty condition near failure, typically
amplifying the anomaly score relative to earlier fluctuations. In several assets, we observed that
LOF’s score increase occurred too late (i.e., within the L time), a behaviour we also encountered for
TIME-LLM in preliminary experiments [94]. TRANAD behaves better under the online flavor more
consistently, although its sliding-flavor performance is only marginally worse (see Figure B.6 in
the Appendix). We ascribe this stability to its model-agnostic meta-learning (MAML) mechanism
and adversarial training, which enable the model to infer the manifold of normality from the initial
training, effectively obviating the need for frequent retraining. This challenges the prevailing
assumption that retraining consistently yields performance gains. For instance, while [175] re-
ported that utilizing temporally distant data (analogous to our online flavor) degraded accuracy in a
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specific edge-to-cloud TSAD context, our results align more closely with [37], which demonstrates
TRANAD'’s ability to improve even with limited exposure to new distributions, and [170], which
discusses TRANAD’s ability to maintain stable detection performance under recurring normal
patterns with varying frequencies. Consequently, while continuous weight adaptation remains a
promising avenue for future PdM research, our findings suggest TRANAD already captures the
core data manifold. Synthesizing these insights can help us define the state-of-the-art: methods
that occupy the top clique of the CD diagrams and also exhibit superior secondary characteristics,
which we analyze in the following sections.

Dataset level. At the dataset level, the online flavor appears most appropriate for AZURE. CNC,
EDP-WT, FEMTO, IMS, METROPT-3 and XJTU-SY exhibit negligible sensitivity to flavor choice,
such that the selection of technique becomes the primary determinant of performance. Although
prior TSAD work indicates LLMs can capture general temporal patterns and perform well on
trend- and shift-dominated data [176], we observed no accuracy improvement on FEMTO/XJTU-
SY, which exhibit such characteristics. For BHD 2023, only SAND and NP achieve nontrivial
detection performance, with maximum AD1 AUC-PRs of 0.219 and 0.525, respectively. Performance
on CMAPSS and FORMULA 1 depends on an interaction between flavor and technique. Finally,
NAVARCHOS benefits from semi-supervision: techniques generally perform better under semi-
supervised flavors—for example, NP’s best result increases by 0.308 (from 0.055 in fully unsupervised
batching mode to 0.363 when using a sliding reference set). We extend the analysis to VUS-based
evaluation for datasets without a fixed PH (CMAPSS, FEMTO, and IMS). SAND achieves the highest
performance on both CMAPSS and FEMTO, consistent with the AD1 AUC-PR results, attaining
VUS-PR scores of 0.625 and 0.743, respectively. In the IMS dataset, four techniques reach the
maximum AD1 AUC-PR value of 1. Among these, IF and USAD exhibit the best overall performance
with varying PHs, achieving VUS-PR scores of 0.806 and 0.734, respectively.

Flavor level. Considering the best parameterizations, KNN and CHRONOS (f1,,,) achieve better
performance when applied with the online flavor on the CMAPSS dataset. Similarly, semi-supervised
methods (PB, LTSF and OCSVM; flsem;) preferentially adopt the online flavor over sliding, whereas
TRANAD is an exception, performing marginally better with the sliding flavor. This behaviour is
explained by the characteristics of the CMAPSS dataset: it is a run-to-failure corpus that exhibits
a consistent degradation trajectory (18% mean absolute percentage change across scenarios). By
contrast, NAVARCHOS is subject to strong concept drift (e.g., weather and driver behavior); here,
the sliding flavor—by using a more temporally local reference set—provides more relevant context.
In the BHD 2023 dataset, records are similar at the beginning and end of asset lifecycles; SAND and
NP therefore perform best because they exploit temporal record sequences rather than individual
observations. For the historical flavor, we perform a separate analysis, as its applicability is dataset-
dependent. Only CMAPSS and FEMTO include healthy operational data, enabling the use of this
flavor. In CMAPSS, the historical flavor improves the performance of LOF and USAD, while in
FEMTO, it enhances CHRONOS, PB, and TRANAD. Despite the availability of healthy data, other
flavors are superior, and the overall best performance in both cases is achieved without using the
historical flavor. Pareto frontiers further detail the power of the online flavor (Figure B.2 of the
Appendix).

RQ1 Answer. Our analysis reveals substantial variability in the relative performance of TSAD
techniques across datasets, highlighting the absence of a universal, out-of-the-box solution. Flavor
selection is case dependent and should align with the underlying temporal characteristics of
the data—such as monotonic degradation or nonstationary concept drift. Despite this variability,
proximity-based methods (such as KNN and LOF) consistently rank among the top-performing
detectors with the appropriate flavor. Moreover, the online flavor demonstrates strong performance,
particularly when combined with proximity-based approaches or with TRANAD.
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5.2 Runtime Analysis

Figure 4 reports execution time and normalized AD1 AUC-PR, grouped by flavor and dataset. For
each configuration, the normalized AD1 AUC-PR is computed by dividing its AD1 AUC-PR by the
maximum AD1 AUC-PR observed within the same dataset. For visual clarity, combinations with
more than 30 points are sorted twice—once by AD1 AUC-PR and once by execution time—and
each ordering is partitioned into 10 approximately equal-sized bins; the median point of each bin
is retained. Moreover, for every combination, we always preserve the configurations with the
maximum and minimum AD1 AUC-PR/execution time. The KDE and histogram panels that depict
runtime distributions are computed over the complete set of experimental runs?.
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Fig. 4. Logio-scale execution time and normalized AD1 AUC-PR, grouped by flavor and dataset.

ZResults for the datasets that enable the historical flavor are presented in Figure B.1 of the Appendix.
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Fig. 5. The relationship between the average AD1 AUC-PR and processing time across datasets.

In the online flavor, TRANAD is substantially slower than other well-performing methods
(approximately by one to two orders of magnitude), while LTSF also consistently exhibits high
runtime across datasets. In contrast, KNN, LOF, IF and OCSVM are typically faster while preserving
competitive detection performance. In the historical flavor, analogous performance patterns are
observed for TRANAD, KNN, LOF, and IF. The sliding flavor exhibits greater variability in runtime
(vertical axis), primarily due to window-size selection: smaller windows increase the number
of method invocations and thus runtime. Overall, patterns similar to the online flavor persist.
NP attains competitive performance on roughly half of the datasets but incurs higher execution
times. PB, together with KNN and OCSVM, offers a favorable trade-off between effectiveness and
computational cost. KNN exhibits superior performance in the unsupervised flavor and provides
an efficient approach for computing anomaly scores; IF and LOF also perform well on several
datasets. NP and SAND can yield competitive if not top AD1 AUC-PR but suffer from runtimes at
least an order of magnitude higher. Similarly, CHRONOS is up to two orders of magnitude slower,
corroborating [132, 176]. These inferior runtimes stem, among others, from the methods’ limitation
to univariate input.

Figure 5 illustrates the trade-off between mean AD1 AUC-PR and average total runtime across
datasets. For each configuration, we use the hyperparameters with the highest AD1 AUC-PR,
utilizing runtime as a tie-breaker. This visualization can guide model selection under operational
constraints, revealing that high performance need not compromise speed. It also shows an oppor-
tunity for novel sequence-based architectures to occupy the currently sparse region defined by
intermediate runtimes and moderately superior accuracy. The results highlight the efficiency of
online variants of LOF, KNN, PB, IF, and OCSVM. Notably, LOF (online) achieves 94.8% of the best
average AD1 AUC-PR while incurring only 5.3% of the average computational cost.

To validate statistical stability, Figure 6 presents CD diagrams stratified by flavor (we utilize the
flavor-level view because the online flavor has the lowest overhead; interested readers can find
global-level results in Figure B.5 of the Appendix). For each technique-dataset—flavor combination,
we compute the minimum, median, and maximum of execution time, yielding 33 comparison
axes per flavor in the general case (six axes for the historical flavor). We then apply the Fried-
man-Nemenyi test independently for each flavor. As depicted in Figure 6, LOF, KNN, PB, IF, and
OCSVM under the online flavor constitute a group with significantly superior computational per-
formance (in terms of runtime) compared with the remaining techniques. Under fully unsupervised
settings, KNN, LOF, and IF are significantly faster than the other detectors.

RQ2 Answer. LOF, KNN, PB, IF, and OCSVM exhibit the best effectiveness-runtime trade-offs.
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Fig. 6. Critical difference diagrams (a = 0.05) based on the execution time of TSAD techniques, grouped by
flavor. Smaller numbers represent higher rankings.

5.3 Robustness Analysis

We first analyze results at the dataset and flavor level. In the online flavor (Figure 4), TRANAD is
relatively insensitive to hyperparameter choices in most cases, while LTSF shows marked sensitivity
to hyperparameter selection. PB displays some variability in performance yet is generally robust.
USAD and NP are also sensitive to parameterization and frequently underperform across many
datasets. Fine-tuning CHRONOS yields only marginal gains, which we attribute to CHRONOS’s
large model capacity being ill-suited to few-shot failure scenarios. For the VUS-PR metric, OCSVM
paired with the online flavor exhibits large per-dataset variance; this behavior is explained by the
RBF kernel’s superior ability to project data points into a higher-dimensional feature space where
they become more easily separable, while alternative kernels deliver inferior results. With a suitable
configuration, OCSVM can accommodate varying PHs. NP again demonstrates hyperparameter-
sensitivity. Counterintuitively, XGBOOST displays variance even on some of the easier cases w.r.t
AD1 AUC-PR (see Section 5.4).

We next discuss the worst-case gap to ORACLE across datasets (details in Tables B.8-B.10 and
B.12-B.14 of the Appendix). In all semi-supervised flavors, TRANAD, KNN, PB, LOF, and IF achieve
the smallest average worst-case gap to ORACLE for both AD1 AUC-PR and VUS-PR. While we
note a permutation in method rankings between the two metrics in the unsupervised flavor, the
inter-method performance disparity is markedly reduced. XGBOOST generally underperforms,
exhibiting an average worst-case gap to ORACLE of 0.678 for AD1 AUC-PR and 0.456 for VUS-PR.
RQ3 Answer. Overall, our analysis indicates that TRANAD is the most robust and consistently
effective method at a dataset and flavor level. LOF, KNN, PB, and IF also exhibit strong robustness
(especially w.r.t runtime), although achieving optimized performance with these methods typically
requires careful hyperparameter selection.
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5.4 Case Requirements and Complexity

We analyze dataset complexity using PH,, defined as the fraction of records that lie within the
PH, where the detailed results can be found at Table B.7 of the Appendix. NAVARCHOS exhibits a
relatively low PH, = 0.035, which constrains the temporal window within which anomalies must
occur prior to failure, thereby increasing task difficulty. By contrast, EDP-WT has a high PH, = 0.33,
providing a larger interval for anomalies to manifest, which facilitates higher achievable perfor-
mance. Although both datasets originate from real-world settings, differences in the domain expert
requirements materially influence the complexity of the PdM task. For the comparative analysis
reported below, and to ensure fairness across methods, we represent each technique—flavor pair by
the parameterization with the median performance on each dataset. Employing a Bradley-Terry
model [148] under a maximum-likelihood estimation framework, we then produce an elo-inspired
scoring system of datasets from pairwise comparisons: dataset i is judged to “win” against dataset
j when a given method-flavor combination attains a higher AD1 AUC-PR on i than on j. The
resulting ordering (Table B.7 of the Appendix) provides a data-driven characterization of relative
dataset difficulty and whether datasets contain early-warning anomalies. The kinds of methods
that achieve competitive top performance (Figure B.6 of the Appendix) further inform the likely
form of those anomalies (point- vs. sequence-based).

The ranking indicates that two of the three experimental datasets (FEMTO and IMS) are easier
(i.e., ranked higher) than XJTU-SY, suggesting that more observable wear precedes failures in
FEMTO and IMS, whereas XJTU-SY contains preceding anomalies to a lesser extent—possibly
because different sensors convey less information about the underlying physical state. Synthetic
datasets occupy the middle ranks, implying that assumptions made during dataset synthesis strongly
affect detectability. On CMAPSS, SAND, NP, and OCSVM top AD1 AUC-PR scores (0.595-0.881)
show early indicators exist, but finding the optimal configuration to capture such patterns remains
the challenge. Because SAND attains leading performance across both metrics, we interpret the
detectable signs in CMAPSS predominantly as sequence-based anomalies. Across real-world datasets
the presence and form of early signs vary: EDP-WT and FORMULA 1 exhibit both point- and
sequence-based anomalies (with FORMULA 1 also containing some hard cases with no preceding
signs), METROPT-3 is biased toward point- and CNC toward sequence-based anomalies, and BHD
2023 contains little sequence-based anomalies prior to failure. NAVARCHOS is characterized by
point-based anomalies but is further complicated by concept drift and data gaps, which hinder
anomaly capture by TSAD methods.

We next evaluate the existence of anomalies prior failures and the practical value of TSAD for
PdM within the general context of industrial maintenance, by comparing it against the ADD policy.
For a fair comparison, we contrast both the median and the best AD1 AUC-PR performance achieved
by each TSAD technique (each employed with the best flavor per dataset) against ADD through
pairwise comparison, where the detailed results can be found at Table B.16 of the Appendix. Only
LOF and PB achieve a median performance statistically better than ADD, whereas SAND, although
it achieves statistically worse median performance, is the only one to win in all 11 cases with the
best parameterization. Finally, CHRONOS is the only TSAD method whose best performance is not
statistically better than the ADD policy.

RQ4 Answer. The complexity of industrial maintenance is influenced by domain-specific re-
quirements—such as the PH and system attributes like IoT network Quality of Service (e.g., data
gaps)—as well as by the presence of early-warning anomalies within the PH. Although higher PH,
values typically facilitate prediction—as seen in EDP-WT, this does not always hold. For example,
BHD 2023 is the most challenging dataset, even with extended PH under VUS-PR, due to weak
or absent pre-failure anomalies. In contrast, FEMTO and IMS, despite relatively low PH, values,
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Table 6. Best ADTAUC-PR performance per failure type for each technique on the EDP-WT dataset, including
log excerpts for a generator failure. The maximum performance for each failure type is highlighted in bold.

AD1 AUC-PR performance for each failure type Generator Failure Logs
Hydraulic

Transformer Gearbox oil group
Technique Avg AD1 fan bearings leakage Generator  error Timestamp Description

AUC-PR damaged  damaged in damaged  in the

Hub brake

circuit
CHRONOS 0.36 0.16 0.50 0.60 0.28 0.24 09:00:21 Pause -1.9kW 0RPM
IF 0.54 0.36 0.50 0.83 0.50 0.50 09:03:18 Emergency circuit open
KNN 0.46 0.21 0.50 0.83 0.50 0.26 09:03:20 Emergency -4.7kW 0RPM
LOF 0.45 0.24 0.50 0.82 0.50 0.19 09:52:07  Pause pressed on keyboard
LTSF 0.41 0.27 0.50 0.17 0.50 0.63 09:52:08 Pause -4.7kW 0RPM
NP 0.43 0.19 0.50 0.26 0.50 0.71 09:54:36 Stop -11.3kW 22RPM
OCSVM 0.47 0.12 0.50 0.83 0.50 0.42 10:00:42  Pause pressed on keyboard
PB 0.46 0.22 0.50 0.83 0.50 0.23 10:00:43 Pause -11.3kW 22RPM
SAND 0.50 0.14 0.50 0.65 0.50 0.70 10:01:04 Stop -2.6kW 46RPM
TRANAD 0.42 0.50 0.50 0.26 0.50 0.35 10:26:44 Pause -2.6kW 46RPM
USAD 0.42 0.26 0.50 0.10 0.50 0.75 10:26:44  Pause pressed on keyboard

are easier to handle because of clear and consistent degradation patterns. More complex datasets,
such as NAVARCHOS, AZURE, and FORMULA 1, demonstrate greater difficulty, driven by dynamic
operating conditions, sparse anomaly occurrences, and short PHs. Importantly, the presence of
anomalies across datasets supports the practical relevance of TSAD for PdM, as its statistically
significant improvements over preventive maintenance demonstrate that these anomalies can be
effectively leveraged to improve industrial maintenance.

5.5 A Multifaceted Real-World Case Study

Predictive Capability. Table 6 reports the AD1 AUC-PR performance for each failure type, based
on the best parameterization and flavor evaluated for each technique. Most methods achieve average
AD1 AUC-PR values between 0.4 and 0.5, reflecting their ability to capture different aspects of
system dynamics; strong performance on a single failure type tends to elevate the overall average.
IF attains the highest average performance, performing exceptionally well on one failure type
while maintaining reasonable performance on the others. TRANAD and USAD demonstrate an
ability to model complex relationships, achieving the best performance on two specific failure
types. In experimental conditions, bearing-related failures appear easier to predict, whereas in
real-world scenarios they are more challenging. These observations underscore the potential value
of ensemble methods for handling a broader spectrum of failure types. The bounded performance
observed across certain failure types can be explained by lack of data fusion: log traces indicate
that generator failures are likely associated with electrical issues and multiple human interventions
prior to failure—events that are not represented in the time-series channels supplied to the detectors.
Finally, CHRONOS shows no bias toward specific failure types, consistent with prior research on
diverse anomalies [176].

Explainability. Model-agnostic methods, such as SHAP [136], have attracted significant attention
[46, 73, 74] due to their applicability across diverse architectures. Figure 7 illustrates the application
of SHAP to IF predictions, presenting both local explanations (feature importance for individual
anomaly scores) and global explanations, where the top 10 influential features are retained. Blue and
red colors indicate features with decreasing or increasing effects on the anomaly score, respectively.
Examining the local explanations in Figure 7a, we can observe distinct temporal dynamics: feature
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Fig. 7. Example of local/global explanations using SHAP.

f27 undergoes a polarity shift—from negative to positive—immediately before the first failure,
matching with a rise in the anomaly score, whereas feature importance remains stable during
the high-score period preceding the second failure. On a macro level, Figure 7c depicts global
importance, quantifying the cumulative impact of specific features across the timeline of the T07
wind turbine.

Adversarial Robustness. We evaluate the best model configurations on EDP-WT against out-
of-order attacks [72, 237] and noise injection [116] (Figure 8). The former simulates temporal
corruption via Max Lag (the maximum position a point can be swapped: 6, 12, and 24 hours)
and Prob (swap probability: 0.1, 0.5, 0.75); the latter injects zero-mean Gaussian noise of varying
standard deviation, while dashed markers indicate raw data performance. Results reveal a structural
dichotomy: sequence-based architectures (e.g., LTSF) degrade significantly as temporal coherence
is eroded, whereas point-based methods remain robust. KNN proves the most resilient, due to the
order-invariant distance-based decision rule, while IF shows moderate sensitivity as reordering
alters tree-construction subsamples. Under noise injection, TRANAD and LTSF (alongside NP)
outperform other sequence-based methods, implying robust latent feature learning. In contrast, IF
and OCSVM prove significantly more brittle than their point-based counterparts. Notably, KNN
and LOF reaffirm their status as robust, high-performing solutions, consistent with our broader
analysis of secondary characteristics throughout this work. We also note instances where noise
paradoxically aids detection, likely via noise-induced regularization and enhanced separability in
the feature space [3].

To mitigate the susceptibility of specific models to noise, we investigate randomized smoothing
[45]. While standard randomized smoothing estimates the Gaussian mean, we employ median
smoothing via Monte Carlo sampling to better handle outliers and variance [36, 43]. Furthermore,
utilizing a denoising preprocessing step before the smoothing function has demonstrated efficacy in
other domains [133, 183]. Tailoring this to online (semi/un)-supervised PdM, we introduce a causal
moving average denoising filter (with window size 100) before anomaly scoring. We empirically
examine IF, OCSVM, and TRANAD (see Appendix Table B.17) using 100 noisy dataset copies. The
impact is method-dependent: OCSVM gains substantially under high-noise conditions (improving
AD1 AUC-PR from 0.385 to 0.758), likely as smoothing restores the data manifold, pulling perturbed
points back within the hypersphere boundary. Conversely, TRANAD performance degrades uni-
formly with denoising, suggesting the filter attenuates essential high-frequency temporal transients.
IF exhibits a distinct accuracy-robustness tradeoff, where smoothing generally reduces performance
except at extreme noise levels, where improvements are negligible. Although injecting a simple
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Fig. 8. The AD1 AUC-PR performance of TSAD methods after out-of-order and noise injection perturbations.

denoising layer, such as the moving average filter, appears promising in this case study, further
research is required to fully delineate the impact and trade-offs of such preprocessing steps in the
context of online PAM.

6 DISCUSSION AND FUTURE WORK

For a new use case, inter-dataset similarity measures can be employed [38, 49, 54, 146, 164, 166,
167, 177, 197], and our analysis provides insights into the behavior of TSAD techniques, as well
as the most suitable flavor. In general, we recommend the online flavor, as it ranks among the
top three in approximately half of the cases and is paired with most methods in our selection
process (Figure 3a). Additionally, it imposes lower runtime overhead than other flavors (Figure 4).
When experimentation time is limited and TRANAD’s latency is acceptable, it is a robust choice at
the technique level due to its reduced sensitivity to hyperparameters. For intensive applications,
faster alternatives such as LOF, KNN, IF, or PB may be preferred, as they achieve higher average
rankings, offer a favorable effectiveness-runtime trade-off, and exhibit the smallest average worst-
case gap to ORACLE under all semi-supervised flavors. The sliding flavor is better suited to dynamic
environments with varying operating modes and can be effectively combined with KNN, PB, or
IF. Finally, we would like to note that results may vary with different hardware, preprocessing
pipelines, and hyperparameter search spaces.

In many experiments, individual methods produced rising anomaly scores during the PH, indi-
cating successful capture of degradation. However, variability in score magnitudes across assets
prevents the use of a single global decision threshold and thus degrades final performance. For
example, on CMAPSS (online flavor), KNN and LOF achieve AD1 AUC-PRs of 0.445 and 0.357,
respectively; if their scores were post hoc min-max normalized (which requires access to future
maximum and is therefore infeasible in online deployment), the corresponding AD1 AUC-PRs
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would increase to 0.808 and 0.759. This motivates further investigation of thresholding and post-
processing strategies—such as adaptive or instance-wise normalization and calibration—to improve
detector performance. Also, we observed that, in the online flavor, abrupt changes in an asset’s input-
data scale can cause the anomaly score to spike and effectively suppress the potential successful
detection for other assets.

7 CONCLUSION

We investigate the application of (semi/un)-supervised TSAD methods for PdM in an online setting.
Prior PdM studies typically evaluate a small set of competitors, consider single implementation
strategies, and focus on specialised use cases, often neglecting runtime performance, general-
isability, and robustness. To address these gaps and to spotlight the use of TSAD for PdM, we
compiled 11 publicly available maintenance datasets from diverse domains and provided insights
into the empirical behavior of TSAD algorithms. Our experimental study shows that established
detectors—LOF, KNN, IF, and PB—when deployed with an initial warm-up period, frequently offer
superior trade-offs between runtime efficiency and effectiveness across a range of contexts. In some
cases, transformer-based approaches can better model complex latent relationships but do so at sub-
stantially greater computational cost, and pre-trained LLMs have not yet demonstrated competitive
performance on this task. Overall, no single TSAD method proved universally optimal in terms of
both accuracy and computational efficiency across datasets. An analysis of a real-world case calls
for further research on ensemble techniques to accommodate the heterogeneous characteristics
of different failure modes, and enhancing TSAD models’ robustness to adversarial manipulations.
This work therefore provides a foundation for more comprehensive research into TSAD for PdM.
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