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Abstract—Accurate day-ahead photovoltaic (PV) power fore-
casting is essential for grid operation and energy market partic-
ipation. Nevertheless, PV plants frequently do not have enough
historical production data to develop accurate forecasting models.
In situations where real measurements are scarce, this work
investigates whether physics-based simulated data can support
data-driven forecasting models. We propose a methodology that
leverages a subset of numerical weather prediction (NWP)
variables, provided by the ICON-EU model that predicts day-
ahead DC production for a target PV plant. Specifically, a 3D
convolutional neural network (3D-CNN) is trained to map spatial-
temporal NWP forecasts to day-ahead PV power production. To
overcome the issue of data scarcity, we use a physics-based model
implemented with pvlib to simulate the DC power production
for the target PV plant. We compare two experimental settings
to assess the use of simulated data as an alternative to scarce
real measurements, one using simulated production data and
another using the limited available real measurements. Results
obtained on a real-world demo site show that the model trained
on simulated data achieves a lower root mean squared error
(RMSE) than the model trained solely on measured production,
highlighting the potential of combining physical modeling and
machine learning to improve PV forecasting in data-scarce
scenarios such as newly deployed solar plants.

Index Terms—PV power forecasting, Day-ahead forecasting,
Synthetic data, Numerical weather prediction, Deep learning

I. INTRODUCTION

Although the amount of carbon dioxide emitted per unit
of electricity produced worldwide has declined over the past
decade, emissions from electricity generation still account for
40% of the worldwide emissions [1]. In this scenario, photo-
voltaic (PV) systems continue to expand with their generation
expected to overtake wind and nuclear by 2026.

However, renewable energy production, from wind and solar
particularly, is highly variable due to weather phenomena hard
to predict. This poses challenges to the power grid flexibil-
ity, and and accurate power production forecasting becomes
crucial. Indeed, grid stability, energy trading, and the correct
management of distributed energy resources all depend on the
quality of PV forecasts.

In recent years, methods that rely on machine learning
and deep learning have shown high effectiveness in PV
forecasting tasks. Despite these advances, the performance
of data-driven models strongly depends on the availability
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National project funded by the Ministry of the Environment and Energy
Security (MASE) under the Mission Innovation 2.0 initiative.

of historical production measurements. This creates a major
challenge for newly installed PV plants, where there may only
be a short period of operational data available. In such limited
data scenarios, training robust forecasting models becomes
challenging due to the limited amount of labeled data and
the risk of overfitting.

To overcome this limitation, one approach could be to
use synthetic data produced by physics-based simulations.
Physical PV models can simulate how much power a particular
PV asset can produce based on identified characteristics of
both the facility and the environment at its location; thus
enabling the generation of a set of training samples without
an extensive availability of historical measurements. These
simulations could provide a valuable source of training data
to data-driven forecasting models.

In this work, we propose a data-driven methodology for
day-ahead PV power forecasting. The approach is based on
a 3D convolutional neural network (3D-CNN) that maps
spatio-temporal numerical weather prediction (NWP) forecasts
to target PV power production. Fig. 1 shows the pipeline
of the proposed methodology, including the required data,
forecasting modeling and evaluation setup. To address the
limited availability of measured data, we leverage a physics-
based model implemented with pvlib to generate simulated
direct current (DC) power production. In this context, we
evaluate the approach under two experimental settings, SIM
and REAL, which differ in the source of the PV training
targets, while sharing the same NWP inputs and real-world
test set. Both settings are evaluated on the same real-world test
set to ensure a fair comparison. The proposed methodology is
evaluated on a real-world demo PV plant located in Mathi,
Italy. Results show that the SIM setting leads to improved
forecasting performance on measured data compared to the
REAL setting, reducing the root mean squared error (RMSE)
by more than 250 W. These findings highlight the potential
of combining physical modeling and machine learning for PV
forecasting in scenarios with limited availability of historical
data.

The rest of the paper is organized as follows: Section II
reviews related work on PV power forecasting strategies and
results. Section III describes the available datasets, PV power
simulation models, and the proposed forecasting methodol-
ogy. Section IV discusses the experimental results, comparing
forecasting performance of the models trained exclusively with
synthetic and real data respectively. Finally, Section V outlines



directions for future research.

II. RELATED WORKS

The accurate forecasting of PV power output is essential
for power system operation and energy market participation.
The approaches to forecast PV power can be categorized into
physical and statistical [2]. The physical methods, based on
technical specifications of the PV asset, utilize theoretical
models of the PV system to estimate the power generation.
While statistical models rely on historical data to estimate the
PV power. Finally, hybrid approaches combine the theoreti-
cal knowledge drawn from physical models with data-driven
methods.

In the literature, statistical models are widely used to
forecast PV power, as machine learning and deep learning
have gained significant attention thanks to their capability
at learning complex nonlinear relationships between weather
conditions and PV power production. However, based on the
forecasting horizon of interest, the choice of the method can
change substantially. For instance, satellite and sky images or
ground measurements are more suited for short-term forecasts
up to 6 hours ahead; while, with NWP models data it is
possible to forecast up to days ahead [3].

The joint need for accurate day-ahead power forecasting and
the increasing accuracy of statistical methods has driven the
development of forecasting methods that leverage NWP fore-
casts as input predictors. Several studies have demonstrated
that combining historical production measurements with NWP
data can improve day-ahead forecasting performance [4], [5].
Architectures such as convolutional neural networks, recurrent
neural networks, and hybrid models have been successfully
applied to solar power prediction tasks [6], [7]. In particular,
convolutional architectures can effectively process spatially
distributed NWP fields, allowing forecasting models to exploit
the spatial structure of atmospheric variables surrounding the
PV plant.

Despite these advances, a key challenge remains the limited
availability of historical production data for newly installed PV
systems. To address this issue, recent works have explored the
use of synthetic or simulated data generated through physics-
based PV models [8], [9]. By combining plant characteristics
with meteorological information, these models can approxi-
mate PV production and generate additional training data when
real measurements are scarce.

Based on this idea, the present work proposes a day-ahead
PV power forecasting methodology that exploits a subset of
variables derived from ICON-EU NWP forecasts [10], [11],
in addition to PV production data as target variables, while
investigating the use of a physics-based PV simulator, devel-
oped using pvlib, as an alternative source of PV production
data. The produced day-ahead forecasts are characterized
by a temporal resolution of 15-minutes. As illustrated in
Fig. 1, the proposed methodology is evaluated under two
experimental settings described in Section III-E. We evaluate
the methodology on a real-world demo PV system located
in Mathi, northern Italy. In contrast to approaches that rely

Fig. 1. The pipeline of the proposed methodology and experimental setups.

solely on measured production data, we analyze whether a
model trained on simulated data can generalize effectively to
real-world observations.

III. METHODOLOGY

In this section, we describe the proposed day-ahead PV
power forecasting methodology, detailing the required inputs,
processing steps, and model architecture. We also present
the physics-based simulation method used to generate the
synthetic PV production dataset.

A. NWP forecasts

The NWP models provide forecast data for a vast collection
of variables at atmospheric and ground level. Referring to
Fig. 1, NWP forecast are the input to the proposed fore-
casting model. Specifically, we acquired NWP data from the
ICON-EU model, the operational regional forecasting system
developed by the German Weather Service (DWD) [10], [11].
ICON-EU provides meteorological forecasts over Europe with
a resolution of approximately 6.5 km and hourly forecast
steps (lead times). For this study, we just considered the
forecasts produced by the 00 UTC run and extract the lead
times corresponding to the day-ahead forecasting horizon.
Specifically, we select lead times from +21 h to +48 h to
match the production period of the following day.

The NWP fields (the spatial grids representing the selected
meteorological variables) are spatially cropped over the region
centered around the location of the real-world PV plant to an-
alyze, corresponding to an area of approximately 90,000 km2.

We considered a subset of the available variables relevant for
solar power generation, specifically surface downward short-
wave radiation flux and near-surface temperature. These fields
for the selected NWP lead times are stacked as multi-channel
spatial tensors and used as input to the proposed forecasting
model. Fig. 2 shows a sample image variable of temperature at
two meters above the ground from the selected NWP model,
including the analyzed cropped region.

We retrieved the historical operational NWP data used
in this study from a publicly available repository. As the
dataset is maintained by a third-party provider, occasional



Fig. 2. A sample image variable of temperature at two meters above the
ground from ICON-EU for the 00 run and a given init time and lead time.

interruptions in data availability may occur due to external
service limitations.

B. PV production data

Through the inverter monitoring systems, it is possible
to extract operational data from a PV system. These data
generally include electrical measurements at both the alternate
current (AC) and DC sides, such as voltage and current, as
well as additional variables describing the system’s operating
conditions, for instance inverter temperature, operational sta-
tus, and cumulative energy production. Due to maintenance or
communication issues in the data acquisition system, the PV
dataset may contain missing or corrupted measurements.

The target for the forecasting model is defined as the total
DC power generated by the PV system. When multiple PV
strings are available, the instantaneous DC power is computed
as the sum of the contributions from each string. Eq. 1,
describes how DC power can be computed:

PDC(t) =
∑
i

PPVi(t) =
∑
i

VPVi(t) · IPVi(t) (1)

where VPVi(t) and IPVi(t) denote the voltage and current
measured for the i-th PV string at time t.

We adopt DC power as the prediction target rather than
the AC power injected into the grid, allowing the model to
capture the actual energy conversion at the module level,
independently of inverter efficiency and losses on the grid side,
guaranteeing consistency with the physics-based simulated
PV power production. The temporal resolution of the PV
dataset matches the 15-minute granularity of the day-ahead
forecasting task.
C. Synthetic PV production

We generate a synthetic dataset of PV power production us-
ing a physics-based model implemented with pvlib, allowing
the generation of additional training samples to complement

the limited real measurements. Table I lists the PV module
parameters required by the simulator and their unit. Such
information can be acquired from datasheets of the PV asset
of interest.

Besides technical PV module information, the simulation
also requires environmental inputs, such as global horizontal
irradiance (GHI) and its components direct normal irradiance
(DNI) and diffuse horizontal irradiance (DHI), ambient tem-
perature, and wind speed. These inputs, together with module-
specific parameters, are used to compute the effective irradi-
ance and cell temperature, which determine the simulated DC
power at the module level. The outputs of multiple modules
and strings are then aggregated to obtain the total DC power
of the simulated PV system.

Through the PV asset simulation model, it is possible to
generate a synthetic DC power dataset for arbitrary historical
periods by feeding the corresponding meteorological measure-
ments. This approach allows the creation of long-term and
accurate datasets enriching the amount of training samples
for data-driven PV forecasting models, whenever on-site PV
measurements are not available.

D. Forecasting Model

To predict day-ahead PV power production, we employ a
3D-CNN deep learning model. This architecture is designed
to exploit the spatio-temporal structure of NWP data, which
provide meteorological variables over a spatial grid and across
multiple forecast lead times. The input to the model consists
of a sequence of NWP fields defined over a geographical grid
surrounding the PV plant. This results in a four-dimensional
input tensor with shape (C, T, H, W), corresponding to NWP
fields (C), lead time (T), latitude (H), and longitude (W),
respectively.

Referring to Table II, which reports in detail the 3D-CNN’s
layers and their parameters, the model processes the inputs
through a stack of 3D convolutional layers, which jointly
learn spatial and temporal patterns from the NWP fields while
progressively reducing the spatial resolution of the feature
maps. Then, the encoded feature maps are flattened and passed
to a set of fully connected layers with nonlinear activation
functions and dropout regularization. These layers map the

TABLE I
TECHNICAL PARAMETERS OF THE PV PLANT MODULE REQUIRED BY THE

PHYSICS-BASED PV SIMULATOR.

Parameter Real-world demo PV plant Unit
Tilt angle 10 °

Orientation azimuth angle 210 °
Cell type Multicrystalline silicon -

Number of cells in series 60 -
Nominal DC power 245 W
Open-circuit voltage 37.10 V
Short-circuit current 8.54 A

Maximum power point voltage 30.65 V
Maximum power point current 8.02 A
Power temperature coefficient -0.46 %/°C



learned spatio-temporal features to the final prediction of PV
power production, characterized by a temporal granularity of
15 minutes.

Before training, we standardized the NWP input tensors
using z-score normalization. We computed the mean and
standard deviation for each selected NWP field in the training
set by averaging across the temporal and spatial dimensions,
as described in Eq. 2:

x′ =
x− µ

σ
(2)

where µ and σ denote the mean and standard deviation
computed from the training set then used to normalize the
validation and test data.

E. Real-world demo PV site & experimental settings

a) Experimental design: Referring to Fig. 1, we de-
fine two experimental settings, namely SIM and REAL, to
investigate the effectiveness of simulated data for training
the forecasting 3D-CNN model. In both settings, the model
receives as input the selected variables from the ICON-EU
NWP forecasts, while differing in the source of the PV power
targets used during training. In the SIM setting, the model is
trained using simulated PV production data and evaluated on
real observations. Instead, in the REAL setting, the model is
both trained and evaluated using only measured PV production
data as target. This comparison enables assessing whether
simulated data can be employed as a reliable substitute for
real measurements.

b) Real-world demo PV site: The considered real-world
PV plant is located in Mathi, in the Piedmont region of
northern Italy. It is a 11.27 kW DC system whose speci-
fications are reported in Table I. We retrieved operational
data from the inverter monitoring system of the PV plant
covering the period from July 2024 to December 2025, with
a temporal granularity of 15 minutes. Using the measured
currents and voltages of the PV strings, we computed the total
generated DC power of the plant using Eq. 1. The resulting DC
power time series constitutes the data employed in the REAL

TABLE II
ARCHITECTURE OF THE PROPOSED 3D-CNN FORECASTING MODEL,

WHERE ks REPRESENTS THE KERNEL SIZE AND st IS THE STRIDE OF THE
CONVOLUTIONAL LAYERS.

Layer Hyperparameters
Input tensor shape = (C, T,H,W ) (NWP fields, lead times, latitude, longitude)
With C = 2, T = 28, H = 38, W = 43,
Conv3D channels = C → 128, ks = (1, 3, 3), ReLU
Conv3D channels = 128 → 128, ks = (1, 3, 3), st = (1, 2, 2)

Conv3D channels = 128 → 128, ks = (1, 3, 3), st = (1, 2, 2)

Conv3D channels = 128 → 128, ks = (1, 3, 3), st = (1, 2, 2)

Conv3D channels = 128 → 128, ks = (1, 3, 3), st = (1, 2, 2)

Temporal Conv3D ks = (T, 1, 1), ReLU
Flatten –
Fully Connected hidden units = ff , ReLU
Dropout rate = 0.2

Fully Connected hidden units = ff , ReLU
Dropout rate = 0.2

Fully Connected hidden units = ff , ReLU
Output Layer units = Nlead

experimental setting and for the validation of the day-ahead
forecasts for both SIM and REAL settings.

c) Simulated vs measured data: We employed a physics-
based model described in Section III-C to generate a synthetic
dataset of PV power production for the real-world PV site
of Mathi by parameterizing the simulator sourcing from its
specification, reported in Table I. Due to the lack of a
meteorological station on-site, the environmental inputs for
the simulation, including GHI, ambient temperature, and wind
speed, are obtained from ARPA Piemonte [12], for the closest
meteorological station available located in Caselle Torinese,
approximately 11 km away from the PV demo site. The DNI
and DHI components are retrieved by decomposing the GHI
using Boland model provided by pvlib. We generated the
synthetic DC power dataset for the period from January 2010
to December 2025 by feeding the ARPA Piedmont meteoro-
logical measurements for that period into the PV simulation
model. This approach provides a sufficiently long dataset that
captures production seasonality, allowing the model to learn
from a wide range of operating conditions.

Fig. 3 shows the comparison between simulated and mea-
sured PV power for a few sample days, while Table III reports
the global errors between the two timeseries for the whole time
span of the real dataset. The mathematical formulation and
description of the selected metrics is provided in Section IV.
The results, evaluated over the full real dataset, indicate that
the simulation model closely reproduces with limited errors
the observed PV production dynamics. Overall, the model
provides a reliable representation of the process, supporting
its use for synthetic data generation.

d) Dataset splits: We chronologically split the datasets
into training, validation, and test sets. For the simulated
dataset, the training set covers the period from January 2020
to June 2024. The validation set includes the second half
of 2024 and a few selected months of 2025. The test set

Fig. 3. Comparison between simulated and measured PV power for a sample
period of time.

TABLE III
THE PERFORMANCE METRICS COMPUTED BETWEEN THE SIMULATED AND

MEASURED PV POWER GENERATION FROM JULY 2024 TO DECEMBER
2025, THE ENTIRE TEMPORAL COVERAGE OF THE MEASURED DATASET.

RMSE [W] nMAE MBE [W] R2

643.55 0.21 -119.55 0.92



consists of four representative months of 2025 (April, July,
September, and December), chosen to cover different seasons.
As shown in Fig. 1, the test set is always defined using
real PV production data and is shared across both SIM and
REAL experimental settings. This ensures a fair comparison
during the performance evaluation of the SIM and REAL
setting. For the real dataset, the training and validation sets
are selected within the available period between June 2024
and late 2025. Due to the limited availability of measurements,
non-consecutive months are used for training, while a smaller
subset is reserved for validation.

The temporal splits are designed to cover different seasons
of the year, ensuring that training, validation, and test sets
include a representative range of meteorological conditions
influencing PV production. In this way, we make sure that both
models are evaluated under identical real-world conditions,
isolating the effect of the training data source.

We consider a training or test sample to be valid only if both
the NWP input variables and the corresponding PV power
target are available. If either the NWP inputs or the target
value is missing, the sample is excluded from both training and
evaluation. This filtering step inevitably reduces the number of
usable samples. Table IV reports the number of valid samples
available for each split in the SIM and REAL experimental
settings. Test samples are identical for both settings.

The model parameters were optimized using the training set,
while the validation set was used for hyperparameter tuning
and early stopping. Specifically, we specified a number of
epochs equal to 1000 with a patience of 200, and a batch
size of 256. The experiments were conducted on an NVIDIA
A5000 GPU.

IV. RESULTS

In this section, we present the evaluation of the forecasting
model, comparing its performance for the SIM and REAL
experimental settings. We first introduce the chosen perfor-
mance metrics, and then discuss the results across different
test periods, highlighting differences in prediction errors and
the ability to capture PV production variability.

A. Evaluation Metrics

We evaluated the performance of the day-ahead forecasting
models in the SIM and REAL experimental settings in terms
of the root mean squared error (RMSE), the normalized mean
absolute error (nMAE), the mean bias error (MBE), and the
coefficient of determination (R2).

The RMSE measures the square root of the average squared
difference between predicted and observed values, giving

TABLE IV
NUMBER OF VALID SAMPLES FOR EACH SET IN THE SIMULATED AND

REAL DATASETS.

Exp. setting Training Validation Test
SIM 1394 339 75

REAL 278 85 75

higher weight to large errors. The nMAE represents the mean
absolute error normalized by the installed capacity of the PV
system, providing a scale-independent indicator that facilitates
comparison across different plants. The MBE quantifies the
average bias of the forecasts and indicates whether the model
tends to systematically overestimate or underestimate PV pro-
duction. Finally, the R2 measures the proportion of variance in
the observed data explained by the model predictions. Eq. 3,
4, 5, 6 describe the mathematical formulation of the selected
performance metrics:

RMSE =

√∑N
n=1(ytest,n − ypred,n)2

N
(3)

nMAE =

∑N
i=1 |ytest,n − ypred,n|

ytest
(4)

MBE =

∑N
n=1 ytest,n − ypred,n

N
(5)

R2 = 1−
∑N

n=1(ytest,n − ypred,n)
2∑N

n=1(ytest,n − ytest)
2

(6)

where ypred,n and ytest,n are the predicted and observed value
for sample n respectively, ytest is the mean value of the
observed values, and N is the total number of predictions.

B. Forecasting results

Table V reports the forecasting performance obtained under
the two experimental settings in terms of the selected metrics.
The SIM setting achieves comparable and often superior per-
formance compared to REAL. Considering the overall results,
the SIM model achieves an RMSE of 932.62 W, considerably
lower than the 1270.13 W obtained by the REAL model.
A similar trend is observed for the nMAE, which decreases
from 0.41 in the REAL setting to 0.33 in the SIM setting.
Furthermore, R2 improves from 0.71 to 0.85, indicating that
the SIM model better captures the variability of the observed
PV production.

The most significant differences emerge during high-
irradiance conditions. For instance, in July 2025, the SIM
model achieves an RMSE of 1067.82 W compared to
1929.8 W for the REAL model, while also improving the R2

TABLE V
PERFORMANCE METRICS COMPARISON ON THE DAY-HEAD FORECASTS
FOR THE SIM AND REAL EXPERIMENTAL SETTINGS, ON THE SHARED

EVALUATION TEST SET.

Period Exp. setting RMSE [W] nMAE MBE [W] R2

Apr 2025 SIM 926.04 0.31 -267.82 0.87
REAL 872.93 0.26 48.52 0.89

Jul 2025 SIM 1067.82 0.30 1.80 0.84
REAL 1929.8 0.53 -874.32 0.47

Sep 2025 SIM 1083.60 0.42 -118.06 0.73
REAL 1137.53 0.43 -6.17 0.70

Dec 2025 SIM 500.73 0.52 -78.96 0.75
REAL 498.06 0.44 -86.01 0.75

Total SIM 932.62 0.33 -127.0 0.85
REAL 1270.13 0.41 -257.83 0.71



from 0.47 to 0.84. Similarly, in September 2025, the SIM set-
ting slightly outperforms the REAL setting, with an RMSE of
1083.60 W against 1137.53 W and a higher R2 (0.73 vs 0.70).
Instead, during lower-irradiance periods, the performance of
the two settings becomes more comparable. For example, in
December 2025, both models achieve similar RMSE values
(500.73 W for SIM and 498.06 W for REAL), although the
REAL model exhibits a slightly lower nMAE. In April 2025,
the REAL setting shows marginally better performance, with
an RMSE of 872.93 W compared to 926.04 W for SIM,
suggesting that real data may still provide an advantage under
certain conditions.

Generally, the SIM setting exhibits a more stable behavior
across different seasons, especially in periods characterized
by higher variability in PV production. This is supported by
the observed lower MBE bias, which remains closer to zero
compared to those of the REAL setting. We can associate these
improvements to the larger temporal coverage and variability
of the simulated dataset, which includes a wider range of
operating conditions.

Fig. 4 illustrates the comparison between measured PV
production and day-ahead predictions generated by the models
trained under the SIM and REAL settings for a few sample
days in the test set. The figure highlights how the model trained
with synthetic data captures the overall variability of the actual
PV production.

The results indicate that training on simulated data can
effectively enhance the generalization capability of the fore-
casting model when evaluated on real-world observations,
especially in scenarios characterized by limited availability of
historical measurements.

V. CONCLUSIONS

This work investigated the use of simulated PV production
data for training deep learning models for day-ahead PV power
forecasting. A pvlib physics-based simulation framework
was used to generate synthetic PV power time series based on
meteorological inputs and plant characteristics. The approach
was evaluated under two experimental settings, SIM and
REAL, with models tested on a shared real-world dataset.
Results on a real-world demo PV site show that the SIM
setting achieves competitive and often superior performance

Fig. 4. Day-ahead predictions from the synthetic-data and real-data trained
models compared to the target measured power production.

compared to the REAL setting, with lower errors and higher
R2, particularly under high-irradiance and highly variable
conditions. This indicates that simulated data can effectively
support model training and improve generalization when real
measurements are limited. Overall, simulation-based datasets
represent a valuable alternative in data-scarce scenarios, en-
abling the development of robust forecasting models. Future
work will extend the analysis to multiple plants and locations,
and investigate hybrid strategies combining simulated and real
data through transfer learning techniques.
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