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ABSTRACT

This study investigates the impact of incorporating categori-

cal inverter data into power-forecasting and anomaly-detection
frameworks. Three forecasting models are evaluated on their

ability to estimate power output on a large dataset coming

from a fleet of multiple photovoltaic plants, over one hun-

dred inverters and an approximate total of 33.2 installed MW.

The forecasting models employed are Multi-Layer Percep-

tron, Long Short-Term Memory, and Extreme Gradient Boost-

ing. Two encoding strategies for categorical alarm codes are

compared: one-hot encoding and entity embeddings. Anomaly
detection is performed by analysing residuals between pre-

dicted and measured power output. By systematically evalu-

ating the integration of categorical inverter data into PV mon-

itoring models, this work addresses an important gap in the

literature and provides a foundation for future research ex-

ploring advanced methods for exploiting categorical opera-

tional data in photovoltaic systems.

1. INTRODUCTION

The (International Energy Agency, 2025) (IEA) has set a net-
zero emissions target by 2050, which requires rapid expan-
sion of clean energy technologies, along with improvements
in energy efficiency and electrification. Among renewable
technologies, solar photovoltaics (PV) exhibit the fastest growth
across all projected scenarios .

To address reliability challenges in PV systems, a wide range
of prognostics and health management (PHM) techniques have
been developed. PHM approaches in PV systems span from
physics-based models to advanced data-driven techniques. For
instance, (Sheppard et al., 2024) investigate physics-based
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models for fault detection in the DC collector field of PV sys-
tems.

Beyond analytical approaches, data-driven methods have gained
significant attention. Classical machine learning (ML) tech-
niques such as Artificial Neural Networks (ANN) (Onal, 2022),
Support Vector Machines (SVM) (Hashemi, Taheri, Cretu, &
Pouresmaeil, 2021), and Random Forests (RF) (Yao, Kang,
Zhou, Abusorrah, & Al-Turki, 2021; Liebermann, Um, Hwang,
& Schliiter, 2021) have demonstrated strong performance in
fault detection and diagnosis tasks.

More recently, deep learning (DL) architectures have further
expanded PHM capabilities. Work by (Chang & Han, 2024)
provides a comprehensive review of DL applications in PV
system PHM, covering a wide range of architectures such
as deep neural networks (DNN), deep autoencoders (DAE),
convolutional neural networks (CNN), generative adversarial
networks (GAN), and more.

Despite the rapid development of PHM techniques for PV
systems, anomaly detection remains challenging. A major
issue is the scarcity of labelled failure data. By definition, PV
systems operate under normal conditions for the vast majority
of their lifetimes, resulting in highly imbalanced datasets in
which abnormal events represent only a small fraction of ob-
servations.Table 1 shows in more detail the imbalanced nature
of the dataset, after labelling the data into normal and abnor-
mal periods, less than 3% of the data is abnormal. Because
of this imbalance, a common strategy in anomaly detection is
to model normal behaviour and identify deviations from this
learned baseline as potential faults.

Table 1. Class distribution of the dataset.

Class Count Percentage (%)
Normal 20093 811 97.53
Shutdown 508 426 2.47
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Beyond data imbalance, another under explored aspect con-
cerns the use of categorical information generated directly by
PV inverters. To the best of the authors’ knowledge, existing
PHM approaches rely on continuous SCADA measurements,
while the systematic integration of inverter alarm codes as
predictive features remains unexplored. Modern inverters,
such as Huawei devices, continuously transmit numerical codes
describing their operational state and potential fault condi-
tions.

These numeric codes provide detailed information about the
inverter’s state, grid conditions, input voltages and currents,
temperatures, and other operational parameters. They repre-
sent a potentially valuable yet insufficiently exploited source
of diagnostic information.

In this work, we investigate the impact of integrating cat-
egorical inverter data into power-forecasting and anomaly-
detection models. Specifically, we compare three forecast-
ing architectures for predicting inverter active power output:
Multi-Layer Perceptron (MLP), Extreme Gradient Boosting
(XGB), and Long Short-Term Memory (LSTM).

In addition, we evaluate two embedding strategies for incor-
porating categorical alarm data: one-hot encoding and entity
embeddings.

In the context of this work, the alarm messages provided by
the inverters are represented only by numeric codes and do
not include any associated textual description. Due to this
dataset limitation, the semantic meaning of the alarms is un-
available during model development. Consequently, all alarm
codes are treated as categorical identifiers without prior in-
terpretation. Any potential relationships between them must
therefore be inferred directly from the data. Techniques such
as entity embeddings allow the model to learn latent relation-
ships between these categorical variables based on their sta-
tistical behaviour in the dataset.

To detect anomalies, the deviation between the predicted and
measured power output is analysed to generate O& M warn-
ings.

The analysis is conducted using real operational data col-
lected from several PV systems through SCADA monitoring
platforms. Continuous features used for model training are
obtained from field-deployed sensors, while categorical data
is transmitted directly by the inverters.

In addition, O& M records documenting system failures are
available for labelling purposes. These textual records are
processed using regular expressions and keyword matching
to extract structured failure information.

The remainder of this document is organized as follows. Sec-
tion 2 goes over the related work and our scientific contri-
bution. Section 3 describes the dataset, including the num-
ber of PV plants and inverters, the total operational time, and

the features considered. Following, section 4 introduces the
embedding techniques for encoding categorical data and the
forecasting algorithm.

Section 5 details the proposed methodology, data preprocess-
ing, and the labelling procedure. It also describes the system-
atic model training process for power prediction, including
hyperparameter tuning, as well as the residual analysis used
to generate user warnings.

Section 6 presents the experimental results and compares the
models using forecasting and anomaly detection metrics. Fi-
nally, Section 7 summarizes the main conclusions of the study.

2. RELATED WORK AND SCIENTIFIC CONTRIBUTION
2.1. Anomaly detection in PV systems using Al

Two common approaches to anomaly detection in PV sys-
tems rely either on image-based inspection of PV modules
or on ML methods that use operational time-series data col-
lected from SCADA systems. While imaging techniques can
effectively identify physical defects at the module level, they
typically require specialised inspection equipment and are not
suited for continuous monitoring. Therefore, this review fo-
cuses on data-driven methods based on operational measure-
ments.

Several studies have proposed ML models that learn the nor-
mal electrical behaviour of PV systems and detect anomalies
from deviations between predicted and measured signals. For
example, (Ibrahim, Alsheikh, Awaysheh, & Alshehri, 2022)
compared AutoEncoder-LSTM, Facebook Prophet, and Iso-
lation Forest models trained on inverter operational measure-
ments. Their study, however, was conducted on a relatively
small dataset consisting of only two inverters and thirteen
known anomalies. Similarly, (De Benedetti, Leonardi, Messina,
Santoro, & Vasilakos, 2018) trained an ANN to estimate the
expected AC power output of a PV system from irradiance

and temperature measurements, and identified anomalies through

residual analysis. Their method was validated on a PV plant
containing 13 inverters.

Other works combine predictive modelling with additional
anomaly detection techniques. In his work, (Marangis et al.,
2024) propose a predictive maintenance workflow that com-
bines performance modelling with XGBoost, anomaly detec-
tion with a one-class SVM, and trend forecasting with the
Prophet algorithm, and validated it on a dataset of four in-
verters and 37 labelled faulty days. Similarly, (Syamsuddin,
Adhi, Kusumawardhani, Prahasto, & Widodo, 2024) devel-
oped an LSTM autoencoder framework trained on SCADA
measurements to detect anomalies through reconstruction er-
rors using operational data collected from 18 inverters.
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2.2. Research Gap

Despite the growing body of research on anomaly detection
and predictive maintenance in PV systems, several limitations
remain in the current literature.

First, many existing studies are evaluated on relatively small
datasets. For example, (Ibrahim et al., 2022) evaluate their
approach on a dataset composed of only two inverters and a
small number of labelled anomalies, while other works rely
on single-plant deployments with a limited number of moni-
tored devices (Marangis et al., 2024; Syamsuddin et al., 2024).
While these studies demonstrate the feasibility of ML ap-
proaches for anomaly detection in PV systems, the scalabil-
ity and robustness of these methods remain insufficiently ex-
plored in large-scale PV fleets with hundreds of inverters.

Second, most anomaly detection methods in PV systems rely
almost exclusively on continuous operational variables. How-
ever, modern inverter monitoring systems continuously gen-
erate categorical information such as alarms and warning codes.
These alarms contain potentially valuable diagnostic informa-
tion related to abnormal operating conditions. Despite their
potential relevance for PHM, such categorical signals have
received little attention in the anomaly detection literature for
PV systems.

These limitations highlight the need for studies that evaluate
anomaly detection methods on large-scale, real-world datasets
and explore the integration of categorical operational signals
generated by PV inverters.

The use of categorical or event-based operational data for pre-
dictive maintenance has already demonstrated value in other
industrial domains. For instance, (Bezerra et al., 2019) high-
light that alarm and event logs constitute an important source
of operational information that is often underutilized in in-
dustrial systems.

Beyond exploratory analysis, several studies have incorpo-
rated categorical operational records directly into PHM frame-
works. In their work, (Luo, Li, Zhang, Zhao, & Lim, 2008),
propose a framework for constructing degradation models that
predict equipment failures using categorical data generated
by manufacturing systems, thereby extracting degradation pat-
terns from discrete operational records. Similarly, (Gutschi,
Furian, Suschnigg, Neubacher, & Voessner, 2019) investi-
gate the use of machine log messages, event logs, and op-
erational information to estimate the probability of machine
breakdown in manufacturing systems. Their work integrates
data mining, feature extraction, and ML methods, demon-
strating that machine failures can indeed be predicted using
such event-based information.

Despite these advances in other industrial domains, the ex-
ploitation of categorical alarm data for PHM remains largely
unexplored in PV systems. In particular, inverter-generated

alarm streams have rarely been considered as predictive fea-
tures in anomaly detection or performance modelling tasks.
Addressing this gap requires evaluating anomaly detection
methods on large-scale PV datasets while investigating how
categorical alarm information can be integrated into data-driven
monitoring frameworks.

2.3. Scientific Contribution

To address the aforementioned limitations, this work proposes
an anomaly detection framework for PV inverter monitoring
that integrates categorical alarm information with operational
time-series data and evaluates its performance on a large-
scale dataset. The main scientific contributions of this work
are the following:

1. Systematic exploration of categorical inverter alarm data
for PV monitoring. This study investigates an underuti-
lized source of information generated by inverter mon-
itoring systems: categorical alarm signals including er-
ror codes, warning codes, and inverter state messages.
While these signals are routinely recorded in operational
databases, they have rarely been incorporated into data-
driven predictive maintenance approaches in the PV do-
main. In this work, an exploratory analysis of these cate-
gorical variables is conducted, and their integration into
ML-based monitoring models is evaluated, thereby es-
tablishing a baseline for future research on the use of
categorical operational data in PV systems.

2. Evaluation on a large-scale PV dataset. The proposed
methodology is validated using operational data from 126
PV inverters deployed across multiple plants, represent-
ing several megawatts of installed capacity. The scale of
this dataset exceeds that of many previously published
studies in PV anomaly detection, enabling a more robust
evaluation of model performance under realistic operat-
ing conditions.

3. Systematic comparison of ML models and categorical
feature encoding strategies. This study compares the per-
formance of several ML and DL architectures for power
prediction and anomaly detection. In addition, two dif-
ferent encoding strategies for categorical alarm data are
compared: one-hot encoding and embedding-based rep-
resentations, providing insights into the impact of cate-
gorical data representation on model performance.

The categorical data considered in this work consist of nu-
merical identifiers corresponding to inverter warning codes,
error codes, and operational state messages. Although textual
descriptions for these codes were not available, these signals
are expected to reflect internal inverter conditions and opera-
tional events.

This study addresses these limitations by evaluating anomaly
detection methods on a large-scale real-world PV dataset while
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systematically investigating the use of categorical inverter alarm
signals as predictive features for data-driven monitoring mod-
els.

The proposed framework can be visualized in Figure 1. Where
dark blue boxes denote data objects, intermediate artifacts, or
outputs; yellow boxes represent processes; light blue boxes
denote optional preprocessing operations, of which at most
one may be applied. E.E. stands for Entity Embeddings, O.H.
stands for One Hot encoding, e is the prediction residual and
DU L is the daily upper limit threshold for said residual used
in the warning logic.

3. DATASET

The dataset used in this study consists of real-world oper-
ational measurements collected at the inverter level from PV
plants located in Germany. A total 13 PV plants and 126 Con-
ergy inverters are analysed. On average, each inverter pro-
vides approximately 8.3 years of operational data, resulting
in an aggregated observation period of roughly 1045 inverter-
years. The operational lifespan of the inverters varies consid-
erably, ranging from a minimum of 164 days to a maximum
of 3492 days. A summary of the inverter ages and operational
periods across the different plants is presented in Table 3.

For each inverter, the continuous features collected are: ir-
radiance, inverter temperature, module temperature, internal
voltage, and degradation over time.

Furthermore, grid-connected solar inverters can transmit in-
formation about their current state as a numeric code. These
codes have been recorded in our dataset into five different cat-
egories, which can be seen next to their cardinality in Table 2

Table 2. Available categorical features and their cardinality

Category Cardinality
Error code 1 68
Error code 2 211

Warning code 1 11
Warning code 2 13
State of the inverter 21

Preliminary analysis of inverter monitoring data supports its
potential value. The distribution of alarm codes across the
two classes (normal and abnormal) reveals that certain error
codes appear more frequently during abnormal conditions, as
can be seen in Figure 2.

These observations suggest that categorical inverter alarm data
may provide valuable complementary information for PHM
applications in PV systems. Importantly, this information is
generated internally by the inverter monitoring system and
therefore does not require additional sensors or hardware. As

Table 3. Summary of PV plants, operational lifetime, and
installed power

Plant ID Inverters Lifetime (yr) Power (MW)
I 1 9.6 0.28
16 62 8.5 17.36
19 3 8.8 0.84
27 8 8.7 2.24
31 5 8.9 1.40
37 9 8.4 2.14
38 5 8.9 1.40
39 8 8.9 1.44
40 3 7.0 0.84
41 6 8.9 1.68
42 8 8.9 1.80
43 4 8.9 0.88
57 4 8.8 0.90

a result, leveraging this data can improve monitoring capa-
bilities without increasing instrumentation costs, thereby en-
hancing its practical value for industrial deployments.

4. EMBEDDING AND FORECASTING METHODS EMPLOYED
4.1. Categorical Encoding Methods

Categorical variables cannot be directly processed by most
ML models and must therefore be converted into numerical
representations. Two encoding strategies are evaluated in this
work.

One-hot encoding converts a categorical variable with £ pos-
sible values into k binary features, where only one element is
equal to 1, and the others are 0. This representation prevents
the introduction of artificial ordinal relationships between cat-
egories and is widely used in classical ML pipelines. How-
ever, it produces high-dimensional and sparse feature spaces
when categorical variables have many unique values.

Entity embeddings (Guo & Berkhahn, 2016), provide a learned
dense representation of categorical variables. Instead of rep-
resenting each category as a sparse binary vector, categories
are mapped to low-dimensional continuous vectors that are
learned during neural network training . This approach allows
the model to capture latent similarities among categories and
typically scales better with high-cardinality categorical vari-
ables.

4.2. Forecasting Models

Three forecasting models are evaluated for predicting inverter
power output.

Multi-Layer Perceptron (MLP) is a feedforward neural net-
work trained using backpropagation (Rumelhart, Hinton, &
Williams, 1986) . MLPs are effective at modelling non-linear
relationships between input variables, but do not explicitly
capture temporal dependencies in time-series data.

Long Short-Term Memory (LSTM) networks are a type of
recurrent neural network designed to model sequential data
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Figure 2. Comparative distribution of inverter error codes
during normal and abnormal operation. The heterogeneity
and concentration of specific alarms during abnormal periods
suggest that categorical alarm information is valuable for pre-
dicting abnormal behaviour.

(Hochreiter & Schmidhuber, 1997). Their gated architecture
allows the model to capture temporal dependencies while mit-
igating the vanishing gradient problem present in traditional
RNNS.

XGBoost is a gradient-boosted decision tree algorithm that

builds an ensemble of trees sequentially, where each tree cor-

rects the residual errors of the previous ones (Chen & Guestrin,
2016). Due to its strong performance on tabular data and effi-

cient implementation, it is widely used as a baseline in many

ML applications.

5. METHODOLOGY
5.1. Pre-processing and exploratory data analysis (EDA)

Data pre-processing is an essential step in any ML project.
This statement holds especially true when dealing with real
data, as it often contains noise: outliers, periods of missing
data, and unreasonable data that defies the physical systems
under study. These disturbances often arise from errors in the
system’s installed sensors, and it is of utmost importance to
address them before using this data to train ML or DL models.

Our dataset showed gaps and periods of infeasible data, such
as large irradiance values (~ 1000Wm~2) at nighttime for
more than one consecutive month.

Finally, the nighttime data points are removed from the dataset,
as they constitute a significant portion of the data and do not
provide useful information for model training.
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To deal with missing data, small gaps are filled with a linear
interpolation. Any gap of 3 or more data points (30 minutes)
is left untouched. Then, any days with missing values are
removed from the dataset.

The continuous features are scaled between 0 and 1 using
equation 1. Scaling is important for models like MLPs or
LSTMs to prevent a single feature from dominating the train-
ing process.

Tscaled = T~ Tmin (1)
max — Lmin

The max and min values for x are taken from the maximum
and minimum values of each feature for each inverter model.
The inverter fleet consists of inverters of different sizes from
the same brand. These inverters operate at different voltages
and currents; therefore, they are grouped by model before
scaling the continuous features.

5.2. Labelling

The labels used in this study were derived from three comple-
mentary sources:

* Information from the O& M ticketing system, which records

interventions and reported failures in the PV system.

* A rule-based detection method designed to identify com-
plete inverter shutdowns.

* Manual inspection of power and irradiance time series.

The O&M records consist of the maintenance logs with the
following categories: affected component, start timestamp,
end timestamp, and description. To efficiently read through
and process the maintenance tickets, they are filtered using
search keywords.

If either the affected component or the initial timestamps are
missing from the record, the ticket is discarded. Using these
records, we define five different categories of tickets: inverter
failures, isolation defects, system failures, planned mainte-
nance actions and communication failures.

The first three cases are labelled as failures, and the last two
are excluded from the analysis.

The second method of labelling consists of a rule-based ap-
proach designed to identify inverter shutdowns. Consecutive
periods of operation during which the inverter output power is
equal to zero while irradiance measurements exceed 5WWm 2
are detected. When such periods persist for longer than 12
hours, they are labelled as failures. This duration thresh-
old was chosen to avoid short temporary drops in production
caused by sensing errors, communication issues, or even cur-
tailment.

The final labelling step consisted of manual validation of can-

didate anomalous events. After training and evaluating each
model configuration, the days flagged as anomalous were vi-
sually inspected using the corresponding power production,
irradiance, and inverter voltage time series. A day was la-
belled as a failure when clear abnormal operating patterns
were observed. These included sustained underperformance
relative to the available irradiance, complete inverter shut-
down during periods of sufficient irradiance, and characteris-
tic patterns associated with string disconnections or derating.

This validation procedure was repeated for each model ar-
chitecture and each input configuration tested in this study
(continuous variables only, one-hot encoded categorical vari-
ables, and entity embeddings). By applying the same inspec-
tion process to the anomalies detected by each model con-
figuration, the labelling procedure ensured that no particular
model or feature representation was favoured in constructing
the ground-truth dataset.

5.3. Training methodology

A regression model is trained independently for each inverter.
For each device, the first year of operation is used as the train-
ing dataset to represent normal operating conditions. The fol-
lowing two months of data are used as the validation set.

Both datasets are filtered to resemble normal operation. First,
data points where either the power output or the irradiance
is below 0.05 are removed, as illustrated in Figure 3. This
step removes measurements corresponding to night-time con-
ditions or very low irradiance levels, where the relationship
between power and irradiance is not informative.

AC Power vs Irradiance Inverter 1

1.0 10°

0.8 q

0.6 q

AC Power

0.4

Log-scaled count

0.2 4

b4
0.0 £l S SR

T T T T T T 10°
0.0 0.2 0.4 0.6 0.8 10
Irradiation

Figure 3. Removed data points to resemble normal operation

Next, any periods labelled as failures are removed from both
the training and validation datasets. This preprocessing step
ensures that the model is trained only on data representing
normal inverter behaviour. Such an approach, where anoma-
lous or failure events are excluded from the training data, is
commonly adopted in predictive maintenance studies for PV
systems (De Benedetti et al., 2018).

The model hyperparameters are optimized using the Optuna
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library to minimize MAE on the validation set when esti-
mating inverter output power. Once the optimization process
is complete, the configuration achieving the lowest MAE on
the validation set is selected and used to generate predictions
on the test set. This procedure is repeated independently for
each inverter. The hyperparameters optimized depend on the
model architecture being trained. The overall training pro-
cedure is illustrated in Figure 4. During hyperparameter tun-
ing, validation MAE values lower than 0.020 were commonly
achieved. These values are substantially lower than those ob-
served on the test set (see Table 4 and Figure 6), as expected,
since the hyperparameters are explicitly optimized on the val-
idation data.

5.4. Anomaly warning logic

Anomaly detection is performed by comparing the actual power

in the test dataset to the power predicted by the model. If the
difference between the predicted and measured power is suf-
ficiently large, an anomalous behaviour alarm is raised.

Finding these thresholds and generating the alarms is a pro-
cess divided into three steps:

* Clipping the residuals to zero

* Finding the threshold of anomalous behaviour by the in-
verter

* Raising daily alarms

The first step is to compute the residuals as the difference be-
tween the expected power and actual power at each instance
t, as seen in 2:

T = max(O, Up — yt) )

where r; is the residual, 3 is the expected power and y; is
the actual power, all at the same instance ¢. The residuals for
each day and inverter are then grouped and summed.

The second step, finding the limits, is done by measuring the
standard deviation of the daily residuals for each inverter. We
set a daily lower limit (DLL) at three standard deviations and
a daily upper limit (DUL) at five standard deviations, as de-
scribed by equations 3 and 4. This simple method is inspired
by (De Benedetti et al., 2018) and was more recently em-
ployed in (Syamsuddin et al., 2024).

DLL = 30daily 3
DUL = 5Udm'ly (4)

The final step is simple: for each day when the residual value
exceeds the DUL, we raise an alarm (value of 1); each time
the DLL is crossed (but not the DUL), we raise a warning
(value of 0.5).

5.5. Model evaluation metrics

The performance of the models is evaluated using two com-
plementary criteria: (i) their ability to accurately model the
inverter power output and (ii) their ability to detect anomalies.
To quantify the prediction accuracy, two widely used regres-
sion metrics are employed: Mean Absolute Error (MAE) and
Root Mean Squared Error (RMSE) (Kim, Kim, Kim, Lee, &
Yoon, 2025):

The second evaluation criterion assesses the anomaly detec-
tion capability of the proposed approach. In this context, the
problem is formulated as a binary classification task where
the system state is classified as either normal or abnormal.
To evaluate the detection performance, the metrics precision,
recall, and F1-score are used.

6. RESULTS

Table 4 summarises the forecasting and anomaly detection
performance obtained by the different models under the var-
ious categorical feature encoding strategies. Two tasks are
evaluated: the models’ ability to accurately forecast inverter
power output, measured by MAE and RMSE, and the effec-
tiveness of the anomaly detection method, measured by pre-
cision, recall, and F1 score.

6.1. Power forecasting results

Across all evaluated models, including categorical inverter
alarm variables, does not substantially improve short-term
power-forecasting accuracy. In most configurations, mod-
els trained exclusively on continuous operational variables
achieve performance comparable to or slightly better than
those incorporating categorical alarm features. This suggests
that additional work is required to obtain value from the cat-
egorical signals generated by the inverter. However, the best-
performing algorithm in the power estimation task is the MLP
with entity embeddings, pointing to an interesting line of in-
vestigation.

For the MLP model, entity embeddings yield the best fore-
casting results among the tested configurations, achieving the
lowest MAE. However, the improvement compared to the
model using only continuous variables is marginal. In con-
trast, one-hot encoding slightly degrades performance due to
the high dimensionality and sparsity it introduces. Entity em-
beddings mitigate this issue by learning compact representa-
tions of categorical values.

The XGBoost model shows very similar forecasting perfor-
mance with and without categorical variables. This suggests
that tree-based models handle high-dimensional sparse inputs
more effectively, while entity embeddings do not provide a
significant advantage.

For the LSTM model, including categorical variables gener-



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

DATA PREPARATION

Clean data along the axis

\“'-—_——-"'"“

OPTIMIZATION

Hyper Parameter -ﬁ
[Tuner 0

Model Training

Validation
Metrics

TESTING

Validation Set

J”rfE'S[

Figure 4. Data split, optimization process, and testing

ally leads to worse forecasting performance. This degradation
is most pronounced with one-hot encoding, while entity em-
beddings partially mitigate the effect but still perform worse
than using only continuous variables.

Overall, the best forecasting performance is achieved by the
MLP model with entity embeddings, closely followed by the
MLP model using only continuous variables. The strong per-
formance of this relatively simple architecture suggests that
long temporal dependencies play a limited role in predicting
PV inverter power output. This observation is supported by
the partial autocorrelation analysis (Figure 5), which shows
that correlations quickly diminish beyond the most recent lag.

PACF (5-min) with 95% ClI

0.0 M
-0.2
0 20 40 60 80 100
Lag (steps of 5 minutes)

Figure 5. Partial auto-correlation function of the power output
of an inverter

The MAE distributions across all inverters can be seen in Fig-
ure 6.

MAE distribution grouped by model and categorical encoding
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Figure 6. Box plot of MAE of the power prediction of the
different models with different categorical data as input.

6.2. Anomaly detection performance

In the anomaly detection task, the inclusion of categorical
variables does not consistently improve performance across
the evaluated models. Precision values are generally high,
while recall remains moderate, largely due to the strong class
imbalance in the dataset, where PV systems operate under
normal conditions most of the time. In addition, forecasting
models are trained primarily on normal operating data, lim-
iting their ability to learn patterns associated with abnormal
behaviour.

For the MLP model, the best anomaly-detection performance
is achieved when only continuous variables are used. Nev-
ertheless, entity embeddings outperform one-hot encoding,
again highlighting the advantage of dense learned represen-
tations over sparse categorical encodings.

The XGBoost model shows similar anomaly-detection per-



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

formance across different encoding strategies, indicating that
tree-based models are relatively robust to sparse input fea-
tures. Interestingly, the configuration with entity embeddings,
which produces larger forecasting errors, achieves the high-
est precision and F1 score. This suggests that the model tends
to overestimate expected power during abnormal conditions,
resulting in larger residuals that facilitate anomaly detection.

For the LSTM model, using entity embeddings improves per-

formance over one-hot encoding, although the overall anomaly-

detection capability remains comparable to that of the MLP
model.

An example of an underperforming inverter can be seen in
Figure 7.

inverter 10 — 2018-02-18

Normalized iradiance or AC poer

021508 021505 021810 021811 o281z 021613 021814 021815 021816 021817
Time

Figure 7. Underperformance case detected by the anomaly
detection framework.

Although the inclusion of categorical alarm signals does not
significantly improve the predictive performance of the eval-
uated models, the alarm distribution seen in Figure 2 suggests
that these signals still contain valuable operational informa-
tion. Certain alarm codes occur more frequently during ab-
normal operating periods, suggesting that categorical inverter
messages may offer useful diagnostic insights. These obser-
vations suggest that categorical alarm data may be more suit-
able for complementary monitoring tasks, such as fault in-
terpretation or event pattern analysis, rather than for directly
improving the accuracy of short-term power forecasting.

7. CONCLUSION

This work investigates the potential value of categorical in-
verter alarm data in data-driven monitoring models for PV
systems. To the best of the authors’ knowledge, this study
is the first to systematically explore the use of inverter alarm
codes as categorical inputs in ML models designed for power
prediction and anomaly detection in PV systems.

Several modelling approaches were evaluated to assess their
ability to predict inverter power output and detect abnormal
behaviour. The models compared include classical ML meth-

ods and DL architectures, namely MLP, XGBoost, and LSTM.

The results show that relatively simple architectures provide
competitive or superior performance compared to more com-
plex models. In particular, the MLP model using only contin-

uous operational variables achieved the best performance in
the anomaly detection task, while the same model incorporat-
ing entity embeddings achieved the best results in the power
prediction task.

Different encoding strategies for categorical alarm signals were
also evaluated to analyse how inverter alarms can be inte-
grated into ML models. Entity embeddings generally pro-
vide better results than one-hot encoding, highlighting the
advantage of dense learned representations when handling
categorical operational data. However, the inclusion of cate-
gorical alarm variables does not consistently improve power-
forecasting accuracy or anomaly-detection performance. This
suggests that inverter alarm signals contain limited predictive
information for short-term power forecasting when used di-
rectly as model inputs.

Nevertheless, the exploratory analysis of alarm distributions
reveals that certain error codes occur more frequently dur-
ing abnormal operating periods (see Figure 2). This observa-
tion indicates that categorical inverter messages contain use-
ful diagnostic information about system behaviour. Impor-
tantly, these signals are already generated internally by the
inverter monitoring system and therefore do not require addi-
tional sensors or instrumentation, making them a potentially
valuable source of information for industrial monitoring ap-
plications.

Future work will focus on several directions. First, improv-
ing the interpretability of alarm codes would allow a more
informed selection of categorical inputs. In the present work,
the semantic meaning of the numeric alarm codes was not
available, and all codes were therefore treated equally. Ac-
cess to detailed alarm descriptions could allow the identifica-
tion of the most informative signals and improve the integra-
tion of categorical data into monitoring models.

Second, larger datasets containing more failure events would
allow models to learn richer representations of rare alarm pat-
terns and better capture relationships between alarm signals
and abnormal operating conditions. Finally, future research
will investigate more advanced approaches to exploiting cat-
egorical operational data, such as sequential pattern analysis
of alarm events and other data-mining techniques to identify
recurring fault signatures in inverter alarm logs.

This work establishes a baseline for integrating categorical
inverter alarm data into PV monitoring models and highlights
the need for further research into methods that can effectively
exploit this largely untapped source of operational informa-
tion.
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Table 4. MAE and RMSE for different models and input configuration. Precision, recall, and F1 score of anomaly detection.

Model Input Type Avg. MAE Avg. RMSE  Precision Recall F1
Without discrete 0.058 £0.026  0.085 £0.033 0.932 0.593 0.706
MLP One-Hot Encoded  0.062 £0.028  0.090 £0.040 0.874 0.544  0.648
Entity Embedding 0.057 £0.024 0.083 +£0.031 0.915 0.577 0.686
Without discrete 0.065 £0.028 0.090 £0.032 0.824 0.491 0.600
XGBoost  One-Hot Encoded  0.066 £0.025 0.090 £0.030 0.838 0.514 0.623
Entity Embedding 0.070 £0.029 0.094 £0.034 0.869 0.519 0.639
Without discrete 0.069 £0.023 0.094 £0.027 0.881 0.546 0.646
LSTM One-Hot Encoded  0.085 £0.033  0.113 £0.039 0.879 0.590 0.673
Entity Embedding 0.074 £0.028  0.099 +0.032 0.899 0.566 0.664
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