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ABSTRACT

Photovoltaic (PV) systems are increasingly important for re-
newable energy generation, but faults can reduce yield if they
remain undetected. This paper presents a benchmark of mul-
tivariate time-series anomaly detection (TSAD) methods for
PV monitoring using two complementary datasets: a newly
collected real-world twin-plant PV dataset (FHC), in which
controlled faults were physically introduced during opera-
tion and additional anomalies were injected after data col-
lection, and the publicly available PV fault dataset (UTFPR).
Using the TimeEval framework, we evaluate a broad range
of unsupervised and semi-supervised TSAD algorithms on
the FHC dataset, and only unsupervised algorithms on the
UTFPR dataset, as the latter does not contain fault-free days
required for semi-supervised training. On the FHC dataset,
the highest performance is achieved by semi-supervised recon-
struction-based methods. On the UTFPR dataset, fully unsu-
pervised distance- and density-based methods perform best.
The ablation study further shows that environmental features
do not necessarily improve detection performance and may
introduce confounding operating-regime structure for some
algorithms. These findings highlight the importance of dataset
characteristics and feature selection when applying TSAD
methods to PV monitoring.

1. INTRODUCTION

In 2025, the electricity generated by photovoltaic (PV) sys-
tems reached 13.2% (369 TWh) of total electricity in Europe,
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representing a 20.1% increase compared to the previous year
(Ember, 2026). Given this substantial and rapidly growing
share, optimizing the operation of PV systems has become in-
creasingly important. However, PV systems may operate un-
der faulty or sub-optimal conditions that remain undetected
for extended periods, thereby reducing the effective energy
yield. Causes of these operating conditions include electrical
malfunctions and partial panel coverage, for example due to
leaves or debris.

Operational time-series data, such as string-level voltage and
current measurements, are available in many residential and
commercial PV installations and provide a valuable basis for
automated fault detection. Continuous monitoring of these
data streams enables early identification of anomalous op-
erating conditions, allowing maintenance actions to restore
optimal performance and recover otherwise lost energy. Ac-
curate and timely anomaly detection can therefore improve
annual energy yield, reduce CO2 emissions, and shorten the
economic payback period of PV systems.

In this paper, we introduce a real-world PV dataset and bench-
mark various time-series anomaly detection (TSAD) algo-
rithms that can be executed on the historical time-series when-
ever new data becomes available, thereby enabling prompt
anomaly detection, as motivated above. The evaluation is
conducted on the electrical quantities typically available in
standard inverters, and additional meteorological measure-
ments such as solar irradiance, ambient temperature, wind
speed, and wind direction. This allows us to assess perfor-
mance under both commercial deployment conditions, where
only inverter data are available, and experimental installations
equipped with additional sensors.

The main contributions of this work are as follows. First,
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we introduce a new real-world PV anomaly detection dataset
(FHC) collected from a twin-plant setup, containing both con-
trolled physical faults and artificially injected sensor or data-

quality anomalies. Second, we perform a comprehensive bench-

mark of a wide range of unsupervised and semi-supervised
TSAD methods within a unified and reproducible evaluation
framework. Finally, we analyze the impact of environmen-
tal features by evaluating models with and without weather-
related variables, providing insights into how feature selec-
tion influences anomaly detection performance in PV moni-
toring systems.

The remainder of this paper is structured as follows. Section 2
reviews related work on anomaly detection in PV systems and
TSAD methods. Section 3 describes the datasets used in this
study. Section 4 outlines the benchmark methodology and
evaluation setup. Section 5 presents the experimental results.
Section 6 discusses the findings and their implications for PV
monitoring. Finally, Section 7 concludes the paper and out-
lines directions for future work.

2. RELATED WORK

Numerous studies have explored machine-learning-based fault
detection and diagnosis in PV systems. Much of this litera-
ture frames PV fault diagnosis as a supervised classification
problem, using labeled examples of fault conditions such as
open-circuit faults, short-circuit faults, mismatch, degrada-
tion, and shading. However, semi-supervised and unsuper-
vised anomaly-detection methods are increasingly relevant
for real-world PV monitoring, where fault labels are sparse,
incomplete, or unavailable.

Several reviews address fault detection in PV systems. B. Li,
Delpha, Diallo, and Migan-Dubois (2021) survey artificial
neural networks for PV fault detection, covering architec-
tures, input features, fault types, and data sources. Gaviria,
Narvéez, Guillen, Giraldo, and Bressan (2022) review deep
learning methods across PV tasks like fault diagnosis, fore-
casting, and energy management, noting the dominance of
supervised methods. Berghout et al. (2021) categorize PV
failures (e.g., shading, open-circuit, degradation) and provide
an overview of conventional machine learning, deep learn-
ing, and knowledge-guided methods. Similarly, Abuhashish,
Refaat, Kalas, Hamad, and Elfar (2025) provide an overview
of common PV array faults and review recent machine learn-
ing and deep learning approaches for their diagnosis. They
note that supervised learning methods remain the predomi-
nant approach for fault diagnosis in PV systems. Alhazmi,
Kholoud, and Eke (2025) review deep learning approaches
and datasets for photovoltaic applications, highlighting inad-
equate data quality and limited data availability as major chal-
lenges in the field. Y. Liu et al. (2025) observe that most ex-
isting research is limited to simulated or laboratory datasets,
which fail to capture the noise and complexity inherent in

real-world time-series data. They identify a critical need for
publicly accessible benchmarks and data-efficient techniques
that incorporate meteorological and operational parameters.
In summary it can be stated that supervised learning methods
dominate the field for fault detection. Further challenges lie
in the lack of publicly available data and standardized bench-
marks to compare different methods.

Supervised PV fault diagnosis has been studied extensively
for fault types such as open-circuit faults, short-circuit faults,
ground faults, mismatch, and partial shading, using methods
ranging from classical machine learning and ensemble classi-
fiers to CNN-, GRU-, and time—frequency-based deep learn-
ing models (Amiri, Kichou, Oudira, Chouder, & Silvestre,
2024; Khandeparkar, Shreshtha, & Ramu, 2025; Seghiour et
al., 2026; Toche Tchio, Kenfack, Kassegne, Menga, & Ouro-
Djobo, 2024). However, these approaches require represen-
tative labeled examples of the relevant fault classes, which
limits their applicability in real-world monitoring scenarios
where labels are sparse, incomplete, or unavailable.

Because diverse labeled datasets are costly and time-consum-
ing to produce, TSAD methods provide an attractive alterna-
tive. In particular, semi-supervised approaches can learn nor-
mal operating behavior from fault-free historical data, while
unsupervised methods can be applied directly to unlabeled
operational data. Schmidl, Wenig, and Papenbrock (2022)
present one of the most comprehensive benchmarks of TSAD
algorithms, evaluating 71 methods across 976 datasets from
diverse application domains. Their study highlights the broad
methodological diversity of TSAD techniques. Complemen-
tary to this work, Zamanzadeh Darban, Webb, Pan, Aggar-
wal, and Salehi (2024) provide a recent survey of deep learn-
ing methods for TSAD, summarizing architectures and detec-
tion principles relevant for multivariate sensor data.

Within the PV domain, several studies explore the application
of anomaly detection techniques to identify abnormal system
behavior. Branco, Gongalves, and Costa (2020) developed
tailored anomaly detection algorithms to identify production
anomalies in PV plants by analyzing deviations in electri-
cal measurements. Miraftabzadeh, Longo, Leva, and Mat-
era (2025) propose a deep learning approach based on au-
toencoders for detecting anomalies in PV power time series,
demonstrating its effectiveness on operational data from a PV
installation in Genoa, Italy.

In summary, while much of the PV fault-detection literature
focuses on supervised fault classification, these methods re-
quire representative labeled fault examples and therefore suf-
fer from costly labeling and limited applicability in real-world
monitoring scenarios. Recent reviews and benchmarks high-
light the shift toward semi-supervised and unsupervised anom-
aly detection methods for handling unlabeled or partially la-
beled time-series data. However, existing PV fault-detection
studies often focus either on supervised fault classification or
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on individual anomaly-detection methods. What is still miss-
ing is a reproducible benchmark of heterogeneous TSAD al-
gorithms on realistic PV time series, especially one that com-
pares semi-supervised settings with fault-free reference data
against fully unsupervised settings on contaminated opera-
tional data.

3. DATA

We used two datasets: a novel dataset introduced in this pa-
per (Section 3.1), and a publicly available dataset, detailed in
Section 3.2.

3.1. FHC Twin-Plant PV Dataset

The primary dataset used in this study is the FHC twin-plant
PV anomaly dataset (Bradl, Hofer-Schmitz, Grippa, & Hofer,
2026).! The dataset originates from a multi-month measure-
ment campaign involving two physically identical PV plants
installed at the FH Campus 02 (FHC) in Graz, Austria, and
operating under identical environmental conditions. An over-
view of the plants is shown in Figure 1.

Each plant is equipped with one inverter (Hoymiles HM-1500)
and four strings. Each string consists of a single PV module
(Risen Energy Titan S RSM40-8-400MB). Electrical mea-
surements are recorded at a temporal resolution of 30 s and in-
clude string-level DC voltage and current for all four strings.
In addition, environmental variables are measured, namely
solar irradiance, ambient temperature, wind speed, and wind
direction.

One of the two PV plants is operated under normal conditions
and is used to construct a fault-free reference dataset for train-
ing semi-supervised TSAD algorithms. The second plant is
deliberately modified to simulate realistic PV faults. For the
present study, we selected 25 days between 17th June 2025
and 16th July 2025, focusing on two fault scenarios: partial
shading and induced mismatch. Partial shading was created
using sheets of paper (sizes DIN A5 and A4) to simulate the
presence of objects such as leaves and debris on the panel.
The mismatch was achieved by altering the tilt angle of se-
lected modules, which reduces incident solar irradiance on
the modules.

In addition to these physical fault scenarios, artificial anoma-
lies were injected into the data to simulate common data-
quality and sensor issues. Artificial anomalies were injected
only into the electrical measurements of the modified plant,
i.e., the four string-level voltage and current channels. Injec-
tion was performed at the segment level using a fixed random
seed to ensure reproducibility. The target artificial-anomaly
ratio was set to 2% of the dataset length. Segment lengths
were sampled uniformly between 10 and 180 samples, corre-

IThe dataset is publicly available on Zenodo: https://doi.org/10
.5281/zenodo.18979877

Figure 1. Photograph of the FHC twin-plant PV installation
used for data collection.

sponding to 5-90 minutes at the 30 s sampling interval, while
spike anomalies were injected as single-sample events. For
each injected segment, one to three electrical channels were
selected randomly. The following anomaly types were con-
sidered: signal dropouts, implemented by setting the selected
values to zero; scaling anomalies, implemented by multiply-
ing the selected values by a factor sampled uniformly from
0.5 to 0.8; spikes, implemented by adding or subtracting six
times the empirical standard deviation of the affected chan-
nel; stuck-sensor anomalies, implemented by repeating the
previous valid value; and additive noise, implemented by add-
ing Gaussian noise with a standard deviation equal to 0.5
times the empirical standard deviation of the affected chan-
nel. Artificial anomalies were injected only into samples not
already labeled as anomalous, so that they do not overwrite
the manually annotated physical fault intervals.

Table 1 summarizes the segment-level class distribution of
the FHC dataset. After anomaly injection, the dataset con-
tains 31 labeled anomaly intervals, comprising both single-
point anomalies and long contiguous segments. The mini-
mum anomaly length is 1 sample (30s), while the longest
anomaly spans 813 samples (406.5 min). The resulting dataset
contamination is 5.33 %. This mixture of short-duration and
extended anomalies reflects realistic PV monitoring condi-
tions and poses a challenging benchmark for TSAD methods.

3.2. UTFPR PV Fault Dataset

To assess the generalizability of the evaluated methods, we
additionally consider a publicly available PV fault dataset, re-
ferred to in this paper as the UTFPR PV fault dataset (UTFPR),
named after the institutional affiliation Universidade Tecno-
logica Federal do Parand of the dataset’s authors. The dataset
is openly available in the authors’ repository and is described
in detail in the corresponding publication (Lazzaretti et al.,
2020).

2UTFPR PV fault dataset repository: https://github.com/clayton
-h-costa/pv_fault_dataset
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Table 1. Segment-level class statistics of the FHC twin-plant dataset (modified plant).

Class # Segments Total dur. Min. length Median length Max. length Dataset share
Normal operation 33 34079.5min 12.0 min 624.5min  3726.5 min 94.665 %
Shadowing (A4 sheet) 1 282.5 min 282.5 min 282.5 min 282.5 min 0.785 %
Shadowing (A5 sheet) 2 516.5 min 110.0 min 258.2 min 406.5 min 1.435%
Tilt increase 1 329.5 min 329.5 min 329.5 min 329.5 min 0.915%
Current dips 4 9.0 min 0.5 min 1.5min 5.5 min 0.025%
Spikes 8 4.0 min 0.5 min 0.5 min 0.5 min 0.011%
Dropouts 4 176.0 min 33.5min 38.8 min 65.0 min 0.489 %
Scaling 5 283.5 min 23.5min 72.0 min 76.5 min 0.788 %
Noise 5 265.5 min 36.5 min 56.5 min 68.0 min 0.738 %
Stuck sensor 1 54.0 min 54.0 min 54.0 min 54.0 min 0.150 %

The UTFPR dataset contains 16 days of electrical and envi-
ronmental measurements from a PV system operating under
normal and faulty conditions, with labeled fault events. The
PV plant used to record this dataset consists of two strings
with 8 modules (CS6U-330P) each. Both strings are con-
nected to a 5kW grid-tie power inverter (NHS Solar 5K-
GDM1).

The recorded variables include DC voltage and current mea-
surements at string level, solar irradiance, and module tem-
perature. Fault conditions are intentionally introduced and in-
clude partial shading, short-circuit faults, open-circuit faults,
and degradation-related effects. The original sampling inter-
val of the dataset is 1s; for consistency with the FHC dataset
and to reduce computational cost, the data are downsampled
to a sampling interval of 30 s in this study.

Since the UTFPR dataset differs in system configuration, re-
corded variables, and fault characteristics compared to the
FHC dataset, it provides a complementary benchmark for eval-
uating TSAD algorithms.

Table 2 summarizes the segment-level class distribution of
the UTFPR PV fault dataset, including the number of seg-
ments, duration statistics, and the relative share of each class.
The dataset is dominated by normal operation and shadow-
ing events, while short-circuit, degradation, and open-circuit
faults occur less frequently and form comparatively short in-
tervals.

Table 3 compares the anomaly characteristics of the FHC
and UTFPR datasets. Compared to FHC, UTFPR exhibits a
higher anomaly contamination and a larger number of shorter
anomaly intervals.

4. EXPERIMENTAL SETUP
4.1. Benchmark Framework
All experiments are conducted using the TimeEval (Wenig,

Schmidl, & Papenbrock, 2022) framework,? a modular bench-

3TimeEval GitHub repository: https://github.com/TimeEval/
TimeEval

marking environment that enables a fair and reproducible com-
parison of TSAD algorithms. It provides a unified execution

interface for a broad range of TSAD methods. Using a sin-

gle benchmarking framework across all experiments ensures

that performance differences observed in this work are at-

tributable to the characteristics of the datasets and algorithms

rather than to differences in experimental setup.

Algorithms are evaluated under standardized experimental con-
ditions, including consistent data handling, preprocessing, train-
ing, execution, and evaluation. Hyperparameters for all al-
gorithms were optimized using grid search over predefined
parameter ranges. Each configuration was evaluated indepen-
dently, and the best-performing configuration for each method
was selected based on the area under the precision-recall curve
(PR-AUC).

4.2. Training and Test Splits

For the FHC dataset, we exploit the twin-plant setup to define
a semi-supervised evaluation scenario. The unmodified plant
is assumed to represent fault-free operation and is therefore
used as the training dataset for semi-supervised algorithms.
The modified plant contains the deliberately introduced phys-
ical faults as well as the synthetically injected anomalies and
is used as the test dataset for all evaluated algorithms. Thus,
semi-supervised methods learn normal operating behavior ex-
clusively from the unmodified reference plant and are evalu-
ated on the modified plant.

Unsupervised algorithms do not require a separate training
dataset. For these methods, the modified FHC plant is used
both for model fitting and for testing. However, the labels
of the modified plant are used only for evaluation and hy-
perparameter selection, not during model fitting. This setup
reflects the practical case in which anomaly detection meth-
ods are applied directly to operational data that may already
contain faults.

For the UTFPR dataset, no fault-free training subset is avail-
able, since each day contains at least one labeled fault event.
Consequently, semi-supervised algorithms cannot be trained



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

Table 2. Segment-level class statistics of the UTFPR PV fault dataset.

Class # Segments Total duration Min. length Median length Max. length Dataset share
Normal operation 157 19242.0 min 0.5 min 23.5min 945.0 min 84.037 %
Short-circuit 12 96.0 min 0.5 min 9.25 min 10.5 min 0.419%
Degradation 12 170.5 min 8.0 min 10.0 min 45.0 min 0.745 %
Open circuit 10 99.5 min 9.5 min 10.0 min 10.5 min 0.435%
Shadowing 167 3289.0 min 0.5 min 1.5 min 113.5 min 14.364 %

Table 3. Comparison of the FHC twin-plant PV dataset and
the UTFPR PV fault dataset.

Statistic FHC UTFPR
Total length 600.0 h 381.6h
Contamination 5.33% 15.96 %
Number of anomaly segments 31 156
Minimum anomaly length 30s 30s
Median anomaly length 36.5min  10.5min
Maximum anomaly length 406.5min  113.5min

in a comparable way on this dataset. We therefore evaluate
only fully unsupervised algorithms on UTFPR, using the en-
tire dataset for fitting and testing. As for the FHC dataset,
labels are used only for evaluation and hyperparameter selec-
tion.

4.3. Algorithms

We evaluate a diverse set of unsupervised and semi-supervised
multivariate TSAD methods. In this context, semi-supervised
refers to algorithms trained exclusively on fault-free data to
characterize normal system behavior; anomalies are subse-
quently detected as deviations from this learned baseline. In
contrast, unsupervised methods are fitted directly on the con-
taminated test data without a separate training phase.

All algorithms and their reference implementations were ob-
tained from the TimeEval framework. Detailed methodologi-
cal descriptions can be found in (Schmidl et al., 2022). Each
method outputs a continuous anomaly score between 0 and 1
for each timestamp, where higher scores indicate more anoma-
lous behavior. For subsequence-based methods, TimeEval
first computes anomaly scores for sliding windows and then
maps these window-level scores back to individual timestamps.

In addition to the following algorithms, a random baseline
is included as a reference, assigning an independent random
anomaly score drawn from a uniform distribution to each times-
tamp, without using any information from the data. This
baseline provides a lower bound for detection performance
and helps contextualize metric values.

Reconstruction- and prediction-based deep models. These
methods learn a representation of normal behavior—usually
in a semi-supervised way—and use reconstruction or predic-

tion errors as anomaly scores.

* Autoencoder (AE) and denoising autoencoder (DAE)
(Sakurada & Yairi, 2014): feed-forward autoencoders
trained to reconstruct the input. DAE adds input corrup-
tion during training for robustness.

* EncDec-AD (Malhotra et al., 2016): sequence-to-sequen-
ce (encoder—decoder) recurrent model; anomalies are in-
dicated by reconstruction deviations over windows.

¢ DeepAnT (Munir, Siddiqui, Dengel, & Ahmed, 2018):
convolutional predictor trained on normal data; anoma-
lies correspond to high prediction errors.

* LSTM-AD (Malhotra, Vig, Shroff, Agarwal, et al., 2015):
forecasting/reconstruction approach based on long short-
term memory (LSTM); prediction errors define anomaly
scores.

¢ OmniAnomaly (Su et al., 2019): stochastic recurrent
model that detects anomalies based on reconstruction er-
rors.

e MTAD-GAT (Zhao et al., 2020): leverages parallel graph
attention networks (GAT) to explicitly map dependen-
cies between different sensors and across time, identify-
ing anomalies through a combination of forecasting and
reconstruction tasks.

* TAnoGAN (Bashar & Nayak, 2020): based on genera-
tive adversarial networks (GAN), it learns normal behav-
ior using adversarial training.

¢ Telemanom (Hundman, Constantinou, Laporte, Colwell,
& Soderstrom, 2018): uses LSTM networks to identify
anomalies by applying a nonparametric, dynamic thresh-
olding technique to the resulting prediction errors.

e Torsk (Heim & Avery, 2019): spatially aware echo state
network (ESN); anomalies are derived from prediction
residuals.

¢ HealthESN (Chen, Zhang, Huang, He, & Song, 2020):
optimizes an ESN using a modified objective function
that penalizes the misclassification of minority-class ano-
malies more heavily than normal data points.

Distance- and density-based detectors. These methods i-
dentify observations that lie far from typical data regions.
With the exception of Hybrid KNN, all of those algorithms
are unsupervised.
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* K-nearest neighbors (KNN) (Ramaswamy, Rastogi, &
Shim, 2000): uses distance to the k& nearest neighbors as
outlier score.

* Subsequence KNN (Sub-KNN): applies KNN on slid-
ing windows to detect anomalous subsequences.

* Local outlier factor (LOF) (Breunig, Kriegel, Ng, &
Sander, 2000): is based on local density deviations.

* Connectivity-based outlier factor (COF) (Tang, Chen,
Fu, & Cheung, 2002): replaces density-based metrics of
LOF with a connectivity-based approach to better iso-
late anomalies located in non-spherical or linear struc-
tural patterns.

¢ Cluster-based local outlier factor (CBLOF) (He, Xu,
& Deng, 2003): anomaly score is measured by both the
size of the cluster the object belongs to and the distance
between the object and its closest “large” cluster.

* Hybrid KNN (Song, Jiang, Men, & Yang, 2017): solves
the curse of dimensionality by using a deep autoencoder
to map high-dimensional data into a compact subspace
before applying an ensemble of KNN graphs to calculate
anomaly scores.

¢ k-Means (Yairi, Kato, & Hori, 2001): distance to nearest
centroid is used as anomaly score.

Isolation- and ensemble-based detectors. These methods
isolate anomalous points using randomized partitions or en-
sembles.

» Isolation Forest (iForest) (F. T. Liu, Ting, & Zhou, 2008):

detects anomalies by randomly partitioning the data space
until a point is isolated, assigning higher outlier scores to
points that require the fewest number of splits to be sep-
arated.

¢ Extended Isolation Forest (EIF) (Hariri, Kind, & Brun-
ner, 2021): extension of iForest using random hyper-
planes for improved performance in higher dimensions.

* IF-LOF (Cheng, Zou, & Dong, 2019): two-stage ap-
proach that combines isolation-based candidate selection
with density-based refinement.

* Random Black Forest (RBF) (Ziegelmeir, 2019): pre-
dicts the next multivariate point using an ensemble of
random-forest regressors and flags large prediction errors
as anomalies.

Probabilistic and pattern-based methods. These methods
rely on robust covariance estimation, projection, distributional
assumptions, or symbolic/motif representations.

* Histogram-based outlier score (HBOS) (Goldstein &

Dengel, 2012): fast and simple algorithm assuming feature-

wise independence.

¢ Fast-MCD (Rousseeuw & Driessen, 1999): allows for
the calculation of robust Mahalanobis distances, making
it easier to flag outliers that would otherwise hide in a
standard analysis.

¢ Robust principal component analysis (RobustPCA)
(Paffenroth, Kay, & Servi, 2018): decomposes signals
into low-rank (normal) and sparse (anomalous) compo-
nents.

¢ Copula-based outlier detection (COPOD) (Z. Li, Zhao,
Botta, Ionescu, & Hu, 2020): copula-based probabilistic
outlier detection using empirical tail probabilities.

* Principal component classifier (PCC) (Shyu, Chen, Sarin-
napakorn, & Chang, 2003): correlation-based detector
that flags deviations from typical correlation structure.

¢ Discord aware matrix profile (DAMP) (Lu, Wu, Mueen,
Zuluaga, & Keogh, 2022): focuses only on potential dis-
cords and skips the redundant calculations of normal pat-
terns.

¢ mSTAMP (Yeh et al., 2016): matrix-profile-based sub-
sequence anomaly detection (discord discovery) on slid-
ing windows.

¢ GrammarViz (Senin et al., 2015): grammar-based sym-
bolic representation; anomalies correspond to rare/discord
subsequences in the symbolic domain.

e Subsequence LOF (Sub-LOF) (Breunig et al., 2000):
LOF applied to sliding windows to capture interval anoma-
lies.

Overall, this algorithm set covers complementary detection
principles, enabling a systematic comparison under identi-
cal preprocessing and evaluation settings as recommended
by Schmidl et al. (2022).

4.4. Evaluation Metrics

To rigorously assess the performance of the various TSAD
algorithms, we employ two primary, well-established met-
rics: the area under the receiver operating characteristic curve
(ROC-AUC) and the area under the precision-recall curve
(PR-AUC). While ROC-AUC is widely used and facilitates
comparison with prior benchmarking studies, it can present
an overly optimistic view in highly imbalanced settings, as
it does not fully reflect the impact of false positives when
the number of normal samples strongly exceeds the num-
ber of anomalies. In contrast, PR-AUC focuses on precision
and recall and is therefore more sensitive to class imbalance.
Since anomaly detection is inherently characterized by low
anomaly contamination rates, PR-AUC is generally consid-
ered more informative and better suited for evaluating detec-
tion performance in this context. For completeness and com-
parability, we report both metrics throughout this study. In
the result tables, the best hyperparameter configuration per
algorithm is selected based on PR-AUC, reflecting its higher
relevance for anomaly detection scenarios.
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4.5. Experimental Procedure

First, both datasets were standardized using a z-score nor-
malization, applied independently to each input variable (i.e.,
feature). For the FHC dataset, scaling parameters were com-
puted using the fault-free training data only and subsequently
applied to the corresponding test set. For the UTFPR dataset,
scaling parameters were computed on the entire dataset due
to the absence of a fault-free training subset.

Second, depending on the algorithm category, models are ei-
ther trained on fault-free data (semi-supervised setting — FHC
only) or fitted directly on the test data (unsupervised setting).
Note that all algorithms operate directly on the standardized
raw sensor measurements—hereafter referred to as features.
No additional feature engineering was applied.

Third, each algorithm is executed with multiple predefined
hyperparameter configurations. We evaluate all configura-
tions independently and report the best-performing run per
algorithm based on PR-AUC. Note that we use the test set
for hyperparameter selection, since no separate labeled val-
idation set is available. This protocol can lead to optimistic
metric values because the same labeled anomalies are used
both to select the best hyperparameter configuration and to
report final performance. However, since this procedure is
applied consistently across all evaluated algorithms, the re-
sults remain comparable and the benchmark focuses on rel-
ative performance rather than absolute metric values which
can be expected in real-world deployments. Explored hyper-
parameters vary by method; examples include window sizes,
number of nearest neighbors, latent dimensionality, and net-
work architectures.

Finally, continuous anomaly scores are generated for each
timestamp. For window-based methods, window-level scores
are mapped back to time points using the aggregation strategy
implemented in TimeEval. Performance is then evaluated us-
ing ROC-AUC and PR-AUC, and runtime (training plus in-
ference) is recorded to assess computational efficiency.

4.6. Ablation Study

To analyze the impact of feature selection on anomaly de-
tection performance, we conduct a systematic ablation study
on both datasets. Starting from the full multivariate feature
set (electrical and environmental features), we progressively
remove selected environmental measurements and re-run the
complete benchmarking pipeline.

For the FHC dataset, three configurations are considered:

e all available features,

* without wind speed, wind direction and ambient temper-
ature,

* without wind speed, wind direction, ambient tempera-
ture, and irradiance.

For the UTFPR dataset, we evaluate:

¢ all available features,
e without module temperature,

e without module temperature and irradiance.

Note that the UTFPR dataset contains module temperature,
which is physically influenced by ambient temperature as well
as wind speed and wind direction through convective cool-
ing effects. Although ambient temperature and wind mea-
surements are not explicitly available in the UTFPR dataset,
module temperature implicitly captures part of this environ-
mental information. Consequently, removing module temper-
ature from the feature set corresponds to eliminating a proxy
feature that encodes weather-dependent operating conditions.

5. RESULTS
5.1. Results on FHC Dataset

Table 4 reports the best-performing hyperparameter config-
uration of each algorithm selected by PR-AUC. Overall, re-
construction-based deep models achieve the strongest detec-
tion performance on this dataset. The AE yields the highest
PR-AUC when all features are used (PR-AUC 0.868; ROC-
AUC 0.9606), closely followed by the DAE (PR-AUC 0.839;
ROC-AUC 0.956). When excluding wind and temperature
measurements, AE and DAE remain the two top-performing
methods (PR-AUC 0.860 and 0.853, respectively). In the
most reduced feature set (excluding wind, temperature, and
irradiance), DAE achieves the best PR-AUC of 0.863 (ROC-
AUC 0.965), while AE remains competitive (PR-AUC 0.839).

Among non-deep methods, Fast-MCD performs consistently
well across configurations and notably improves when irra-
diance is removed (PR-AUC increases from 0.777 with all
features to 0.829 without wind, temperature, and irradiance).
HealthESN shows a strong positive response to feature ab-
lation, improving from PR-AUC 0.564 to 0.737 in the re-
duced feature set. Distance- and density-based methods (e.g.,
KNN, LOF, CBLOF) show the largest gains from remov-
ing environmental features, reaching PR-AUC values in the
range 0.55-0.67 in the reduced configuration, whereas they
perform substantially worse when all environmental measure-
ments are included.

Figure 2 (left) compares runtime and performance of the best-
performing run for each algorithm. AE and DAE achieve the
strongest performance at moderate runtime compared to more
complex deep architectures. Fast-MCD provides an attractive
trade-off between runtime and detection quality, offering high
PR-AUC at low execution time.

5.2. Results on UTFPR Dataset

Table 5 shows the best-performing run for each algorithm on
the UTFPR dataset. In contrast to the FHC dataset, the best-
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Table 4. Best-performing run for each algorithm (selected by PR-AUC) on the FHC dataset under different feature configu-
rations. The class column denotes the method family: reconstruction- and prediction-based (R), distance- and density-based
(D), isolation- and ensemble-based (I) or probabilistic and pattern-based methods (P). The learning type is indicated with ss for

semi-supervised and u for unsupervised.

all features

w/o wind & temp w/o wind & temp & irrad

Algorithm type class PR-AUC ROC-AUC PR-AUC ROC-AUC PR-AUC ROC-AUC
AE SS R 0.868 0.966 0.860 0.968 0.839 0.930
DAE Ss R 0.839 0.956 0.853 0.969 0.863 0.965
Fast-MCD SS P 0.777 0.951 0.748 0.945 0.829 0.963
HealthESN Ss R 0.564 0.876 0.694 0.890 0.737 0.923
Telemanom Ss R 0.364 0.816 0.358 0.808 0.362 0.817
GrammarViz u P 0.349 0.557 0.165 0.824 0.170 0.812
KNN u D 0.298 0.854 0.481 0.875 0.673 0.918
EIF u I 0.246 0.812 0.358 0.831 0.396 0.840
OmniAnomaly SS R 0.234 0.799 0.213 0.778 0.218 0.805
IF-LOF u I 0.222 0.807 0.487 0.875 0.555 0.893
LOF u D 0.221 0.806 0.488 0.876 0.556 0.893
k-Means u D 0.211 0.767 0.242 0.817 0.252 0.805
LSTM-AD SS R 0.210 0.708 0.149 0.609 0.158 0.637
Sub-KNN u D 0.205 0.781 0.252 0.824 0.269 0.836
CBLOF u D 0.199 0.807 0.439 0.880 0.617 0.848
EncDec-AD SS R 0.198 0.656 0.174 0.687 0.233 0.690
iForest u I 0.194 0.796 0.202 0.776 0.193 0.688
RBF SS I 0.154 0.755 0.318 0.839 0.349 0.854
mSTAMP u P 0.147 0.772 0.174 0.781 0.196 0.792
HBOS u P 0.144 0.701 0.124 0.640 0.131 0.641
COF u D 0.128 0.701 0.281 0.844 0.315 0.863
COPOD u P 0.115 0.711 0.100 0.663 0.089 0.634
RobustPCA SS P 0.114 0.658 0.121 0.617 0.150 0.617
DeepAnT SS R 0.111 0.567 0.153 0.683 0.231 0.743
MTAD-GAT Ss R 0.111 0.739 0.118 0.716 0.097 0.711
Sub-LOF u P 0.106 0.604 0.159 0.731 0.169 0.734
Torsk u R 0.106 0.661 0.138 0.708 0.117 0.683
PCC u P 0.099 0.641 0.102 0.610 0.095 0.583
Hybrid KNN Ss D 0.084 0.635 0.149 0.737 0.109 0.678
DAMP u P 0.078 0.680 0.097 0.637 0.084 0.648
Random - - 0.054 0.502 0.054 0.502 0.054 0.502
TAnoGan SS R 0.035 0.310 0.035 0.313 0.036 0.333

performing methods are unsupervised distance- and density-
based detectors. Using all available features of the dataset,
KNN (PR-AUC 0.740; ROC-AUC 0.953) and CBLOF (PR-
AUC 0.734; ROC-AUC 0.932) achieve the highest PR-AUC,
followed by HBOS (PR-AUC 0.692; ROC-AUC 0.942).

Removing module temperature consistently improves perfor-
mance for most methods. KNN reaches PR-AUC 0.815 (ROC-
AUC 0.964) without temperature, while CBLOF improves to
PR-AUC 0.798 (ROC-AUC 0.941). When additionally re-
moving irradiance, CBLOF attains the best PR-AUC of 0.810
(ROC-AUC 0.946), and KNN remains essentially tied (PR-
AUC 0.809; ROC-AUC 0.965).

Figure 2 (right) illustrates runtime vs. performance on the

UTFPR dataset. The top-performing methods (KNN, CBLOF,
HBOS) provide favorable runtime—accuracy trade-offs, where-
as other approaches are substantially more expensive without

delivering higher performance.

6. DISCUSSION

The experiments reveal two main insights: (i) the best-per-
forming detection principle depends strongly on whether fault-
free reference data is available, and (ii) environmental mea-
surements can either support or hinder detection depending
on the method class and dataset characteristics.

Semi-supervised advantage on the FHC dataset. The FHC
setting provides an uncommon but practically relevant sce-
nario: a physically identical reference system supplies fault-
free data for training, while faults occur only in the test plant.
In this scenario, semi-supervised reconstruction-based meth-
ods (AE/DAE) perform best. This suggests that learning a
compact representation of “normal” PV behavior enables ro-
bust detection of both physically induced faults and injected
data-quality anomalies. A practical nuance is that, despite
the twin-plant design, the two plants still exhibit small sys-
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Figure 2. Runtime—performance comparison of anomaly detection methods on the FHC (left) and UTFPR (right) datasets using
all available features. Each point shows PR-AUC versus total runtime (log scale). Different symbols indicate method families.

Table 5. Best-performing run for each algorithm (selected by PR-AUC) on the UTFPR dataset under different feature config-
urations. The class column denotes the method family: reconstruction- and prediction-based (R), distance- and density-based
(D), isolation- and ensemble-based (I) or probabilistic and pattern-based methods (P). All methods use unsupervised learning.

all features w/o temp w/o temp & irrad

Algorithm class PR-AUC ROC-AUC PR-AUC ROC-AUC PR-AUC ROC-AUC
KNN D 0.740 0.953 0.815 0.964 0.809 0.965
CBLOF D 0.734 0.932 0.798 0.941 0.810 0.946
HBOS P 0.692 0.942 0.728 0.953 0.731 0.948
Sub-KNN D 0.643 0.941 0.657 0.945 0.647 0.943
k-Means D 0.599 0.924 0.659 0.939 0.644 0.932
EIF I 0.589 0.898 0.654 0.927 0.684 0.927
iForest I 0.580 0.900 0.593 0.910 0.512 0.890
GrammarViz P 0.393 0.836 0.460 0.860 0.488 0.864
Torsk R 0.339 0.774 0.305 0.762 0.321 0.785
COPOD P 0.306 0.807 0.320 0.812 0.349 0.822
DAMP P 0.293 0.712 0.254 0.715 0.337 0.775
COF D 0.252 0.739 0.342 0.791 0.334 0.790
Sub-LOF P 0.245 0.664 0.166 0.572 0.169 0.584
IF-LOF I 0.241 0.642 0.323 0.733 0.339 0.750
LOF D 0.228 0.626 0.319 0.708 0.336 0.726
PCC P 0.184 0.561 0.185 0.537 0.219 0.639
Random - 0.159 0.497 0.159 0.497 0.159 0.497
mSTAMP P 0.151 0.450 0.156 0.486 0.146 0.462
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tematic differences (e.g., slightly different shading patterns
in the morning and evening). Such differences can appear
“anomalous” to models trained purely on the reference plant.
In the evaluation, these plant-to-plant differences are not la-
beled as anomalies. Detections triggered by systematic differ-
ences between the reference and modified plant are counted
as false positives. Consequently, the FHC results evaluate not
only fault sensitivity, but also the robustness of each method
to moderate reference-to-target domain shift.

Why most algorithms improve after removing environ-
mental features. Several distance- and density-based de-
tectors perform substantially better when environmental fea-
tures are excluded. A plausible explanation is that irradi-
ance, wind, and temperature introduce dominant global struc-
ture corresponding to operating regimes. Methods that rely
on global or local distances can then separate data primar-
ily by regimes rather than by fault-related electrical devia-
tions. Removing environmental features reduces this con-
founding structure and makes anomaly-relevant electrical de-
viations more salient. Importantly, this does not imply that
environmental features are generally unhelpful: rather, their
utility depends on dataset coverage. In longer-term datasets
spanning multiple seasons and weather patterns, meteorolog-
ical measurements may become essential for disambiguating
benign variability from genuine faults.

The strong performance without irradiance can also be ex-
plained by the structural properties of our datasets. In both
the FHC dataset and the UTFPR dataset, all strings are elec-
trically identical and operate under the same environmental
conditions. Under normal operation, this enforces a strong
cross-string consistency constraint. Many evaluated methods
might implicitly learn this multivariate consistency structure
and can therefore detect faults as deviations between strings,
even without explicit irradiance information. However, this
property does not necessarily generalize to heterogeneous PV
systems. In installations with differing string orientations,
module types, or anomalies that affect all modules simulta-
neously (e.g., soiling, gradual degradation, etc.), irradiance
information becomes important for reliable anomaly detec-
tion.

Why the best methods on UTFPR do not generalize to
FHC. A notable observation is that algorithms that domi-
nate the UTFPR dataset (KNN, CBLOF, HBOS) do not attain
the same top performance on FHC. This discrepancy can be
explained by structural dataset differences. UTFPR contains
no completely fault-free days, and labeled faults occur almost
exclusively during daytime operation. In this situation, algo-
rithms that partition the data primarily by global structure can
achieve decent scores by separating day and night regimes. In
contrast, the FHC test set includes many fault-free days and

anomalies that occur during both daytime and nighttime oper-
ation. Consequently, trivial regime separation does not yield
strong performance. Detectors must instead capture subtle
deviations within each regime. This difference highlights that
“benchmark winners” can reflect dataset-specific separability
rather than universally superior fault sensitivity.

Runtime and deployment implications. From a deploy-
ment perspective, methods such as AE/DAE/Fast-MCD (on
FHC) and KNN/CBLOF/HBOS (on UTFPR) offer strong per-
formance with manageable runtime, whereas several com-
plex deep architectures incur high computational cost without
commensurate gains. This indicates that for inverter- or edge-
adjacent monitoring, lighter models may often be preferable,
especially when frequent scoring is required.

A limitation of the benchmark is that identical hyperparame-
ter search budgets could not be applied to all algorithms. The
evaluated methods differ substantially in computational com-
plexity, training time, and number of relevant hyperparame-
ters. Applying the same exhaustive grid size to every method
would have made the benchmark computationally impractical
and would have allocated disproportionate resources to algo-
rithms with very long runtimes. We therefore used method-
specific tuning grids that cover the most relevant hyperpa-
rameters of each algorithm while keeping the total bench-
mark runtime feasible. As a consequence, the reported re-
sults should be interpreted as performance under a practi-
cal benchmarking budget rather than as the theoretical op-
timum achievable by each method. This particularly affects
computationally expensive deep learning models, whose per-
formance might improve under more extensive architecture
and training-parameter optimization. Nevertheless, because
all methods were evaluated using the same preprocessing,
datasets, metrics, and selection criterion, the results remain
informative for comparing algorithm families and identifying
practically useful runtime-performance trade-offs.

A second limitation is that, as discussed in Section 4.5, the
best hyperparameter configuration for each algorithm was se-
lected based on PR-AUC on the labeled test set, since no
separate labeled validation set was available. This can lead
to optimistic metric values and means that the reported PR-
AUC values should not be interpreted as expected deploy-
ment performance. However, the same selection procedure
was applied consistently across all algorithms. The bench-
mark therefore focuses on relative comparisons between meth-
ods rather than on absolute performance estimates for real-
world deployment.

7. CONCLUSION

This paper benchmarked multivariate time-series anomaly de-
tection algorithms on two photovoltaic datasets: the newly
introduced FHC twin-plant PV dataset and the publicly avail-
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able UTFPR PV fault dataset. The results show that the most
suitable detection approach depends strongly on the available
data scenario. When fault-free reference data are available, as
in the FHC twin-plant setup, semi-supervised reconstruction-
based models achieve the strongest performance. In contrast,
on the fully unsupervised UTFPR setting, classical distance-
and density-based methods perform best.

The ablation study further shows that adding environmen-
tal measurements does not automatically improve anomaly
detection performance. In the evaluated datasets, removing
weather-related variables often improved PR-AUC, suggest-
ing that such features can introduce confounding operating-
regime structure for some algorithms. However, this finding
should not be generalized without caution, since environmen-
tal information may become essential in longer-term datasets,
heterogeneous PV systems, or fault scenarios affecting all
strings simultaneously.

Overall, the study highlights the need to evaluate PV anomaly
detection methods under realistic data conditions and with
attention to feature selection, available reference data, and
dataset-specific fault characteristics. Future work will extend
the FHC measurement campaign to additional seasons and
fault types, and investigate physics-informed features such
as irradiance-normalized power to improve robustness across
operating regimes and installation types.
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