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ABSTRACT

Anomaly detection is essential for ensuring the safe and efficient operation of chemical plants.
Although many deep-learning-based methods have been proposed in recent years, their evalua-
tion remains largely limited to synthetic benchmarks such as the Tennessee Eastman Process
(TEP) [1]. While these simulators enable controlled and reproducible comparisons, they fail to cap-
ture the noise characteristics, operational complexity, and irregular fault dynamics of real industrial
plants, leaving the practical generalizability of many methods unclear. In this work, we extend our
earlier ESCAPE study [2] beyond water-based systems to industrially relevant chemical processes.
We analyze multivariate time-series data from two continuously operated pilot-plant scenarios at
the Technical University of Munich, namely n-butanol/water heteroazeotropic distillation and
poly(oxymethylene) ether purification, whose datasets were recently published at NeurlPS 2025
[3]. Using the open-source TimeSeAD library [4], we benchmark 30 anomaly detection methods,
including 26 deep-learning-based and 4 classical approaches, under a unified preprocessing,
model-selection, and evaluation pipeline. Performance is assessed using the F1-score and the area
under the precision-recall curve (AUPRC). Our results show a substantial performance drop when
moving from synthetic to real process data, with average scores far below those commonly re-
ported for TEP. No single method performs consistently best across all datasets, and the ranking
depends strongly on the chosen metric and process scenario. These findings highlight the limita-
tions of synthetic benchmarks and underscore the need for more realistic industrial datasets, pro-
cess-aware methods, and evaluation practices that better reflect real operating conditions.

Keywords: Machine Learning, Anomaly Detection, Continuous Distillation, Pilot Plant Data, Heteroazeotropic

distillation, Tennessee Eastman Process Data

1. INTRODUCTION

Continuous distillation is the most widely used sep-
aration technique in the chemical industry, enabling
steady-state operation through continuous feed input
and simultaneous product withdrawal [5, 6]. Anomaly de-
tection (AD) is therefore critical, as accidents in chemical
plants—although rare—can result from leaks, fires, or ex-
plosions and may harm personnel, equipment, or the en-
vironment. Over the past two decades, numerous data-
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driven AD techniques have been developed, ranging from
classical multivariate statistical to principal component
analysis, and, more recently, unsupervised machine-
learning-based approaches [7, 8].

Most existing AD methods have been developed
and evaluated on simulated benchmarks such as the
Tennessee Eastman Process (TEP) [1]. Despite their
strong reported performance, it remains unclear to what
extent models trained and validated on simulated data
generalize to real industrial processes operating under
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non-ideal and evolving conditions. Cheng et al. [7] report
that only 12% of the processing methods in their analysis
have been applied to real industrial data, primarily due to
data confidentiality and limited public availability. This
highlights a key challenge: while simulated data repre-
sent idealized scenarios with a limited set of fault cases,
real industrial data are far more complex, influenced by
factors such as minor operational disturbances, equip-
ment aging, and complex chemical mixtures. Industrial
process data are typically proprietary, as they contain
sensitive information on instrumentation, operating con-
ditions, process variables, and control strategies, and are
therefore rarely accessible in the public domain.

To address this gap, we recently published process
data from three scenarios of a continuous distillation
mini-plant at the TUM Campus in Straubing [3]. This pub-
licly available dataset [9] is used to train and evaluate AD
methods. By benchmarking a broad range of anomaly de-
tection approaches from the literature on our data, this
work provides a more realistic assessment of model per-
formance under practical industrial operating conditions.

2. RELATED WORK

The detection of anomalous behavior in industrial
systems has a long tradition in process engineering. Early
work framed fault diagnosis as a multivariate statistical
process control problem, relying on dimension-reduction
techniques such as PCA, PLS, or SIMCA to construct con-
trol charts that identify deviations from regular operation
[10, 11]. Subsequent approaches explored probabilistic
models, including Gaussian mixture models [12], and ker-
nel-based one-class methods [13]. While these “shallow”
models have proven effective at small to medium scales,
their ability to capture the complex, nonlinear dynamics
of chemical plants is inherently limited. As a result, recent
advances in deep learning have been transferred to the
process domain. Ruff et al. [14] introduced deep one-
class classification, followed by numerous studies pro-
posing autoencoder-, GAN-, and VAE-based architec-
tures tailored to multivariate time series from simulators
such as the TEP [15, 16].

Comprehensive surveys [17, 18] categorize AD
techniques into probabilistic, distance-based, domain-
based, reconstruction-based, forecasting-based, and
classification-based approaches. Our previous work pre-
sented the first large-scale comparison of 27 deep AD al-
gorithms on the TEP and demonstrated the strong per-
formance of reconstruction-based models [15]. While
these results are promising, it remains unclear whether
models that perform well on synthetic benchmarks gen-
eralize to real industrial processes. The present paper
addresses this gap by evaluating the same methodolog-
ical spectrum on three newly released real plant datasets
[9]. In practice, anomalies in real plants rarely manifest as
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abrupt, well-defined events; instead, they often evolve
gradually, resemble normal process variability, or are par-
tially masked by control actions.

A key challenge in AD benchmarking is choosing
evaluation protocols that account for the temporal nature
of anomalies. Point-wise metrics such as the F1-score
and AUPRC are still most commonly reported, as they
summarize precision-recall trade-offs in a single value
[19, 20]. However, they ignore event duration and detec-
tion latency. Consequently, different metrics can yield
substantially different conclusions about model perfor-
mance. To mitigate this issue, the literature has proposed
window-based scores (NAB, NAB-modified) [21], time-
to-detect measures [22], and cost-sensitive utility func-
tions [23]. In this work, we report both F1 and AUPRC in
time-series-adapted variants.

The continued popularity of the TEP is driven by its
realistic flowsheet, stochastic disturbances, and public
availability. However, several limitations warrant caution:
(a) faults are introduced as persistent step changes over
entire test runs, amplifying anomaly signals and biasing
results toward high recall; (b) only a single operating
point is represented, whereas real plants undergo grade
changes and load variations; (c) the simplified control
structure lacks advanced layers such as MPC or APC; and
(d) hyperparameter optimization on a small set of stand-
ard faults increases the risk of overfitting and score infla-
tion. Recent studies have shown that even trivial base-
lines, such as an untrained LSTM autoencoder, can
achieve F1-scores above 0.93 on TEP [24]. These limita-
tions suggest that results obtained on synthetic bench-
marks should be interpreted with care when assessing
real-world applicability, underscoring the need for more
rigorous and realistic benchmarks—an objective ad-
dressed by the datasets used in this study.

3. DATASETS

We use recently published steady-state multivariate
time-series data [9] generated on a pilot-scale continu-
ous distillation mini-plant with a capacity of 5 t/a located
at the TUM Campus Straubing. The setup comprises two
distillation columns and a decanter, instrumented with 34
sensors and actuators. Three operating scenarios of in-
creasing industrial relevance are considered: water runs,
a heteroazeotropic n-butanol/water system, and a reac-
tive poly(oxymethylene) ether (OME) system. Water runs
were performed on a single column, yielding approxi-
mately 520 h of steady-state operation. Experiments with
the n-butanol/water system used two columns and a de-
canter, with campaigns averaging 10 h and 80 h of
steady-state data. The OME system was operated in a
single-column configuration (30h of data).

All process variables were recorded at a 30s sam-
pling interval, sufficient to capture relevant steady-state
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dynamics. Measurements include column and reboiler
temperatures, mass flow rates, column head pressure,
pump power, and differential pressure signals. A detailed
description of the plant setup, process, and instrumenta-
tion diagram, sensors and actuators, control strategies,
data preparation, and occurring anomalies is provided in
the related work [9]. Startup and shutdown phases were
removed prior to analysis, leaving only steady-state op-
eration. During routine operation, a range of typical in-
dustrial anomalies was observed, including clogging, re-
boiler level instabilities, overheating, instrument malfunc-
tions, pressure control deviations, and human operating
errors. When specific anomaly types did not occur natu-
rally, they were deliberately induced under controlled
conditions to ensure a representative yet realistic range
of fault behaviours, cf. [9] for details.

Anomalies were labeled following the classification
commonly used in anomaly detection studies [15]. For
each anomaly, metadata describing its type and cause,
affected sensors, and timestamps are provided in the re-
lated work [9]. We additionally document the time of fault
introduction, its first observable manifestation in the
data, and the return to regular operation. Detailed da-
taset statistics are given in [3]; for the continuous water,
butanol, and OME datasets, anomalous samples account
for 20%/25%, 24%/41%, and 4%/36% of train/test time
steps, respectively. Table 1 summarizes the key charac-
teristics distinguishing our pilot-scale datasets from the
TEP benchmark, namely: (1) real sensor noise levels 5-
20x higher than in simulation, (2) closed-loop control that
actively responds to and masks faults, and (3) gradual
fault development rather than step changes.

Table 1: Process comparison of TEP data [1] vs data
available from the pilot plant [9]

Aspect TEP Butanol OME Data
Data

Fault Step Gradual Very

Behavior Changes Evolution Gradual

Control Often Closed- Closed-

Mode open-loop loop loop
automatic automatic

Sensor Roughly 0.5-2% 0.5-2%

Noise 0.1%

Time Fast Medium Slow

Constants 10-30 min 30-60 min

The Supporting Information compares faulty and
normal runs from TEP and our plant, illustrating that
anomalies in our data are more gradual and subtle. Addi-
tional examples in [9] further show that behavior appear-
ing anomalous to a neutral observer may in fact corre-
spond to normal and expected plant operation.

Hartung et al. / LAPSE:2026.0419

Syst Control Trans 5:1728-1736 (2026)

4. COMPUTATIONAL EXPERIMENTS

All experiments are conducted using TimeSeAD, our
open-source benchmark library for time-series anomaly
detection [4]. The evaluated methods were bench-
marked using their implementations in the open-source
TimeSeAD framework and trained by the authors on the
considered datasets under a unified preprocessing, hy-
perparameter-selection, and evaluation protocol. The
framework handles data ingestion, stratified splitting,
normalization, hyperparameter selection, and metric ag-
gregation, ensuring full reproducibility across datasets
and methods. Training data are split into folds for model
training and validation across different hyperparameter
configurations. To ensure a fair comparison, the total
runtime is limited to 24 hours per method. The best-per-
forming configuration is then applied to compute anom-
aly scores on the test data. For each dataset, sensor
channels with constant readings are removed, and the in-
itial transient phase is discarded. The remaining channels
are standardized to zero mean and unit variance within
each dataset to stabilize optimization [25].

We benchmark 30 state-of-the-art anomaly detec-
tion methods, grouped into the following categories:

= Reconstruction-based (8 methods): Models are
trained to reconstruct normal data accurately;
anomalies are identified when reconstruction
errors exceed a threshold.

= Prediction-based (5 methods): Temporal or
probabilistic dynamics are learned to predict
future values; large deviations between
predictions and observations indicate anomalies.

= GAN-based generative (3 methods): A generator
and discriminator are trained adversarially;
anomalies are poorly reconstructed or classified as
unlikely by the discriminator.

= VAE-based generative (6 methods): Models learn
a latent probabilistic representation while
optimizing reconstruction fidelity; anomalies
correspond to low likelihood or high reconstruction
error.

=  Hybrid (4 methods): Multiple paradigms are
combined to exploit complementary strengths,
typically integrating representation learning with
explicit anomaly scoring.

= Shallow baselines (4 methods): Classical, non-
deep approaches based on statistical or simple
machine-learning principles, included as
interpretable and computationally efficient
reference methods.

Evaluation Metrics
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Model performance is assessed using the F1-score
and the area under the precision-recall curve (AUPRC),
both derived from true positives (TP), false positives (FP),
false negatives (FN), and true negatives (TN). Precision
measures the fraction of correctly detected anomalies
among all detections, while recall quantifies the fraction
of actual anomalies that are successfully identified.

. TP
Precision = —— Recall =
TP+FP

The F1-score is defined as the harmonic mean of
precision and recall:

Fl = Precision. Recall
~ ™ Precision + Recall

In addition, we report the AUPRC, which balances
precision and recall across all detection thresholds and is
particularly well suited to the highly imbalanced nature of
anomaly detection datasets. However, conventional
point-wise definitions of these metrics are ill-suited for
time-series data, where anomalies typically occur as con-
tiguous temporal segments rather than isolated points.

To address this, we use the time-series-aware ver-
sions of F1 and AUPRC implemented in the TimeSeAD li-
brary [26]. These formulations extend the classical
TP/FP/FN definitions by evaluating the temporal overlap
between predicted and ground-truth anomaly intervals
instead of comparing individual time points. Each pre-
dicted segment contributes to precision and recall in pro-
portion to its overlap with one or more true anomaly seg-
ments. Partial overlaps are weighted by their intersection
length and penalized when a predicted segment covers
multiple true segments, or vice versa. The resulting time-
series-aware precision and recall are obtained by aggre-
gating these weighted overlaps across all predicted and
true intervals, and the F1-score and AUPRC are then
computed analogously to their classical definitions.

5. RESULTS

Detailed results for all 30 evaluated methods on the
three pilot-plant datasets, including F1-score and
AUPRC, are provided in the supplementary material
(Tables S8-S10). Table S11 reports the mean
performance across all three datasets, while Table S12
lists the corresponding results on the Tennessee
Eastman Process (TEP) for comparison. To give a
compact overview of score distributions, Table 2
summarizes the average, minimum, and maximum F1-
scores achieved per dataset.

A clear performance gap emerges when comparing
simulated TEP data with real pilot-plant data. While TEP
achieves high average scores (F1 = 0.859, AUPRC =
0.906), performance on the pilot-plant datasets is
substantially lower across all cases (F1 = 0.532, AUPRC
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= 0.361). No method exceeds an F1-score of 0.718 or an
AUPRC of 0.597, indicating that none of the evaluated
approaches approaches the benchmark performance
observed on synthetic data.

Despite this overall performance degradation,
deep-learning-based methods consistently outperform
shallow baselines on the real-world datasets. Multiple
deep learning approaches achieve substantially higher
F1-scores than the best-performing shallow baseline
across all settings, reaffirming the advantage of deep
representation learning even under realistic industrial
conditions (Table S11 - results for AUPRC in supporting
information). Among the deep-learning-based
approaches, the strongest performers vary by dataset:
LSTM-2S2-P achieves the best F1-score on Butanol and
Water, whereas generative VAE methods, particularly
LSTM-VAE and LSTM-DVAE, perform best on OME. At
the method-type level, hybrid approaches achieve the
highest mean F1-score across the three pilot datasets,
whereas, for deep methods, reconstruction-based
methods rank first in mean AUPRC, highlighting strong
dataset- and metric-dependence.

Table 2: Dataset-level F1-score statistics across evalu-
ated AD methods showing average, minimal, and maximal
F1-Score, and the span (AUPRC results in appendix)

F1 average min max A
Butanol | 0.538 0.291 0.624 0.333
OME 0.629 0.215 0.718 0.503
Water 0.428 0.104 0.531 0.427
Average | 0.532 0.267 0.590 0.323
TEP 0.859 0.497 0.911 0.414

Table 3: F1-scores of the best-performing deep-learning
and shallow methods, and the mean across all three da-
tasets

n- OME | water mean
butanol
Best Deep 0.624 0.718 | 0.531 | 0.624
Best Shallow | 0.588 0.666 | 0.433 | 0.562

6. DISCUSSION

Our earlier benchmark study on the TEP dataset [11-
15] showed that most deep anomaly-detection methods
achieve near-perfect performance when anomalies ap-
pear as persistent fault states. In contrast, our evaluation
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of real pilot-plant distillation data reveals a markedly dif-
ferent picture. When anomalies are transient, gradual, or
intermittent, as is typical in industrial practice, the same
methods achieve at best an F1-score of 0.718. This pro-
nounced performance degradation highlights a key limi-
tation of current approaches: their strong reliance on
temporally persistent and clearly separable fault signa-
tures, which are common in synthetic benchmarks but
rare in real plants. Importantly, this performance gap can-
not be attributed to label uncertainty. In our datasets, the
onset and resolution times of anomalies are known, al-
lowing us to rule out annotation noise as a confounding
factor. Instead, the observed differences directly reflect
model behavior under realistic operating conditions.

Across the three datasets and both evaluation met-
rics, no single method or method family consistently
dominates. However, across all datasets, several deep-
learning-based methods outperform all shallow baselines
in terms of F1-score, and in two out of three datasets also
with respect to AUPRC. While GenAD [27] and Anoma-
lyTransfer [28] achieve comparatively low average F1-
scores, they exhibit stronger AUPRC performance on se-
lected datasets. Hybrid approaches show a slight aver-
age advantage but also pronounced dataset-specific
weaknesses, underscoring the lack of robust generaliza-
tion across fault types and evaluation metrics.

The root cause of this discrepancy lies in the devel-
opment of industrial faults. Real process anomalies typi-
cally evolve gradually due to fouling, clogging, drift, or
degradation rather than abrupt step changes. The fault
scenarios in our datasets [3, 9] were explicitly designed
to reflect this behavior. Gradual faults are inherently more
difficult to detect: early deviations often remain within
normal variability, fault signatures evolve slowly, and
closed-loop control systems may partially compensate
disturbances, thereby masking their effects. Controllers
suppress deviations in controlled variables while redis-
tributing the effects of anomalies into manipulated varia-
bles, such as flow rates or reboiler duties. Consequently,
faults may be physically present but only indirectly ob-
servable through control actions, in stark contrast to TEP,
where faults are introduced as step disturbances with
clear onsets and pronounced responses.

These differences lead to a systematic performance
gap, with F1-scores of approximately 0.80-0.90 on TEP
compared to 0.55-0.72 on real plant data. Crucially, this
gap does not primarily indicate insufficient model com-
plexity or flawed algorithmic design. Instead, it reflects
fundamental process-engineering challenges: (i) gradual
fault evolution, (ii) active feedback control that masks
faults in controlled variables, and (iii) sensor noise levels
that are 5-20 times higher than in synthetic benchmarks.

From a deployment perspective, reduced detection
performance on real industrial data should therefore be
expected rather than interpreted as model failure.
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Anomalies often become observable first through
changes in control actions rather than deviations in pro-
cess outputs. Effective anomaly-detection systems must
explicitly incorporate manipulated variables and control
behavior and align detection window sizes with process
time scales. For continuous distillation, fault dynamics on
the order of 10-60 minutes imply an unavoidable trade-
off between detection reliability and alarm latency.

Robust methods must therefore demonstrate stable
performance across diverse datasets rather than excel-
ling only on highly structured synthetic benchmarks.
Deep-learning-based methods not only outperform shal-
low approaches under realistic conditions but also offer
greater potential for further methodological advances,
making them a promising path toward closing the current
performance gap between synthetic and real-world
benchmarks.

Finally, this work provides the first publicly available
pilot-scale distillation benchmark featuring realistic
faults, industrial noise characteristics, and closed-loop
control interactions. We hope it fosters the development
of process-aware anomaly-detection methods that ex-
plicitly account for plant physics and control behavior
and are validated under realistic industrial conditions, ra-
ther than treating chemical plants as generic time-series
systems.

7. LIMITATIONS AND FUTURE WORK

While this benchmark focuses on distillation-related
process data, several limitations should be acknowl-
edged. Although the datasets and benchmarks pre-
sented in this work provide a more realistic assessment
of anomaly detection methods than commonly used syn-
thetic benchmarks, they cannot exhaustively represent
all anomalies encountered in industrial distillation pro-
cesses. Rare or safety-critical events, such as severe
equipment failures or cascading faults, are inherently dif-
ficult or unsafe to reproduce in a pilot-scale plant. Future
data collection campaigns could therefore expand the di-
versity of fault types, include additional separation pro-
cesses, and capture longer-term degradation phenom-
ena as well as more subtle control-related anomalies. In
addition to collecting further real-world data, data aug-
mentation and generation offer substantial potential to
mitigate current data limitations [58].

Second, the benchmarking framework relies on the
current capabilities of the TimeSeAD library. While
TimeSeAD enables reproducible preprocessing, training,
and evaluation across a wide range of anomaly detection
methods, it does not yet cover all approaches or evalua-
tion protocols proposed in the literature. Future work will
extend TimeSeAD with additional models, improved hy-
perparameter optimization strategies, and alternative
evaluation metrics that more explicitly account for

1732



temporal aspects such as detection delay and fault dura-
tion. Given the still considerable development potential of
deep-learning-based methods, compared to the largely
saturated performance of shallow approaches, the inte-
gration of transformer-based models, in particular the re-
cently proposed NeuTral AD method [56], into the library
and our benchmark datasets is of high interest.

Third, while F1-score and AUPRC provide comple-
mentary perspectives on model performance, they can
lead to different rankings and interpretations. To achieve
a more comprehensive and task-specific evaluation, fu-
ture work should investigate additional metrics tailored to
anomaly detection, such as the recently proposed
ALARM metric [57], which may improve comparability
across datasets and operating conditions.

Finally, although the presented pilot-scale and in-
dustrial datasets capture realistic process dynamics,
noise characteristics, and operational variability, they
cannot be assumed to be universally representative of all
large-scale industrial systems. Differences in plant de-
sign, control strategies, sensor quality, and operating re-
gimes may substantially influence anomaly characteris-
tics and model performance. Consequently, future stud-
ies should incorporate data from additional plants and
process types to further assess the robustness and gen-
eralizability of anomaly detection methods across indus-
trial settings.

8. SUMMARY OF CONTRIBUTIONS

The main contributions of this work are:

=  We benchmark 30 anomaly detection methods,
including deep-learning-based and classical
approaches, on steady-state multivariate time-
series data from pilot-scale and industrial
continuous distillation processes.

=  We show that methods achieving strong
performance on synthetic benchmarks, such as
the Tennessee Eastman Process, experience a
pronounced drop in performance when evaluated
on real process data.

= We demonstrate that no single method
consistently performs well across datasets and
operating conditions, while several deep-learning-
based methods outperform shallow baselines
under realistic process conditions.

=  We highlight the strong dependence of
benchmarking outcomes on the choice of
evaluation metrics and emphasize the need for
time-series—aware evaluation in industrial anomaly
detection.

DIGITAL SUPPLEMENTARY MATERIAL
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Comparison of TEP data vs data from our pilot plant.
Details on the performance of the different AD methods
on the Butanol, OME, Water, and TEP datasets. Mean
performance of the AD Methods. Supporting Information
available at:
https://psecommunity.org/LAPSE:2026.0038
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