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ABSTRACT Accurate photovoltaic (PV) power forecasting enables stable grid operation; however, acquiring
sufficient and diverse data remains challenging. Although numerous deep learning models have been
employed, most rely on proprietary datasets or data spanning only a few years, limiting the generalizability
of forecasting applications. This study proposes a cross-continental transfer learning framework for PV
power forecasting using a large-scale dataset with 4.5 million data points, including a source domain dataset
with over 3.5 million data points. The prediction model, which is a transformer-based approach, compares the
results of zero-shot learning, linear probing, fine-tuning, and training on the target dataset alone. The target
datasets are located on different continents with different meteorological characteristics. Results demonstrate
that the proposed transfer learning approach significantly improves prediction accuracy. It reduces the mean
absolute percentage error by up to 38.8% compared with models trained solely on the target data. Further
analysis reveals that freezing a few transformer blocks is beneficial when the target dataset is sufficiently
large, whereas freezing most layers is effective for smaller datasets. This study analyzes the impact of source
and target datasets on prediction performance, demonstrating that larger datasets in both domains enhance
forecasting accuracy. These findings offer a robust approach for cross-continental knowledge transfer in
renewable energy forecasting, particularly benefiting regions with limited historical data or newly installed
systems. The source code is available on https://github.com/gist-ailab/transfer-learning-PV-forecasting

INDEX TERMS Photovoltaic power forecasting, large-scale dataset, transfer learning, deep learning.

I. INTRODUCTION

Increasing concerns about global warming have heightened
international interest in environmental issues, leading to
the widespread adoption of the Net Zero policy. This
policy balances greenhouse gas emissions with removals,
achieving “zero” net emissions, and consequently empha-
sizes renewable energy source utilization [1]. Photovoltaic
(PV) energy has garnered attention owing to its continuous
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availability from natural resources and relatively flexible
installation requirements compared with other renewable
sources. However, completely replacing conventional power
grid operations with renewable energy sources alone remains
challenging [2]. PV energy output varies significantly due
to weather and environmental factors, presenting major
challenges for stable grid management and effective market
participation [3]. Therefore, advanced forecasting techniques
must be developed for PV power generation. In response
to these challenges, the Korean Power Exchange, which
manages electric power transactions, has introduced the
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FIGURE 1. Overview of the data preparation protocol and transfer learning process. To address key limitations in previous studies, this work introduces

two main contributions: (1) a structured data collection and refinement procedure for training a transformer-based model, and (2) a site-specific
transfer learning strategy to adapt the pre-trained model for local power forecasting.

Renewable Energy Generation Forecasting Program. This
program provides tiered incentives based on the accuracy of
PV power forecasts made one day in advance [4].

Despite the growing emphasis on accurate PV forecasting,
a significant gap remains. Most research relies on single-
site data, limiting practical application for new sites with
insufficient historical data [5], [6], [7]. Furthermore, the full
potential of transformer-based models for PV forecasting
remains underdeveloped owing to a lack of comprehensive
studies utilizing PV datasets.

Transfer learning has emerged as a promising approach [8],
[9], [10], enabling the use of pre-trained models from data-
rich solar PV plants to improve forecasting at new, data-
scarce sites. While successful in geographically similar
regions, existing transfer learning approaches rarely span
multiple continents or significantly different climate zones,
posing a challenge for accurate forecasting across diverse
global regions. For instance, Kim et al. [11] explored inter-
continental transfer learning between Korea and Germany,
whereas the SolNet model [12] utilized extensive datasets
for global PV forecasting. This present study addresses
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these limitations by proposing a robust methodology for
cross-continental knowledge transfer, further detailed in
Section II.

This study proposes a data preparation protocol and a
transfer learning strategy for PV power forecasting using
a large-scale dataset. The approach demonstrates improved
prediction accuracy across diverse geographical regions and
climate zones. Fig. 1 shows the proposed data prepara-
tion protocol and transfer learning method for PV power
generation forecasting. A large dataset is constructed from
the Desert Knowledge Australia Solar Center (DKASC,
Australia) by obtaining real-time power generation and
weather information for PV arrays since 2008. Additionally,
several local dataset are collected for conducting transfer
learning. By systematically building and preprocessing the
data for deep learning, the proposed transfer learning strategy
improves forecasting PV power generation. Additionally,
by conducting comprehensive experiments with varying data
volumes, the impact of the data volume on performance and
the application of transfer learning in local environments are
analyzed. To the best of our knowledge, this is the first study
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FIGURE 2. Geographic distribution of the datasets used in this study, overlaid on the Koppen—-Geiger climate classification map. The accompanying

graph shows the data point ratios for each dataset.

to utilize a large, million-scale dataset for transfer learning on
PV power forecasting to across different continental regions.
The main contributions of this study are as follows:

o A systematic preprocessing protocol is proposed to
utilize large-scale PV power and meteorological data,
enhancing their usability.

The applicability across various regions and continents
is verified using a large-scale source dataset (DKASC).
The large-scale data are applied to the transformer-based
model, resulting in improved prediction performance
and demonstrating effectiveness in data-scarce regions.
By comparing the performance of different transfer
learning techniques (zero-shot, fine-tuning, linear prob-
ing) and data size/training period changes, appropriate
conditions for utilizing data and models are proposed.

The remainder of this paper is organized as follows: Section II
provides an overview of PV power generation forecasting.
Section III introduces the datasets from various continents
and outlines the preprocessed steps. Section IV describes
PatchTST [13], a transformer encoder-based time series
prediction model, along with the transfer learning approach
used in this study. Section V presents the results of applying
transfer learning using large-scale datasets and highlights the
importance of dataset volume. Finally, Section VI concludes
the study.

Il. RELATED WORKS

A significant trend in recent research involves applying
deep learning technologies to PV power forecasting, thereby
contributing to the efficient operation and economic viability
of volatile renewable energy sources [14]. Among renewable
energy sources, solar and wind energy represent major
contributors, with solar power exhibiting particularly rapid
growth in recent years. According to the International Energy
Agency, the global solar PV market recorded 231 gigawatts
direct current of new installations in 2022 alone, reaching a
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cumulative installed capacity of 1.2 terawatts direct current.
This trend represents the fastest growth among renewable
energy sectors [15]. With the rapid growth of solar power
generation, the need for accurate PV power forecasting
techniques has also been increasing [16]. Inaccurate fore-
casting can lead tocause unexpected system performance
deterioration or failures, resulting in higher maintenance
costs and potential losses in power generation [17].

PV power forecasting methods have evolved significantly.
Early approaches relied on traditional statistical models such
as autoregressive (AR), moving average (MA), autoregres-
sive moving average (ARMA), and autoregressive integrated
moving average (ARIMA) models, which also addressed
nonstationary data [18], [19], [20], [21]. Concurrently,
analytical PV power forecasting models emerged, utilizing
irradiance and temperature data from numerical weather pre-
diction models [22]. Since the 1980s, the PV power forecast-
ing has transitioneed toward machine learning techniques,
notably artificial neural networks (ANNs) and support vector
machines (SVMs) [5], [6]. These methods improved forecast-
ing by capturing complex, nonlinear relationships but often
faced limitations such as overfitting, high computational
requirements, and difficulties with high-dimensional input
data. More recently, advances in computational resources
and algorithms have facilitated the adoption of deep learning
models, including long short-term memory (LSTM) [23]
and convolutional neural networks (CNNs) [24], [25], [26],
which excel at capturing temporal and spatial characteristics,
respectively. The latest development involves transformer-
based models, such as PatchTST [13] and Autoformer [27],
which utilize robust self-attention mechanisms to effectively
manage large-scale datasets and long-term dependencies,
leading to substantial improvements in prediction accuracy.

Subsequently, advancements in computational resources
and algorithmic improvements have enabled the construction
of deeper neural network architectures, leading to the
emergence of deep learning. Deep learning methods can
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precisely capture complex patterns and nonlinear correlations
within large-scale datasets—features that traditional ANN
and statistical approaches struggled to detect—significantly
improving the accuracy of PV power forecasting [28],
[29]. Al-Waeli et al. [30] compared the effectiveness
of mathematical models and neural networks (MLP and
SOFM) for forecasting the power output of a nano-cooled
PV/T system. A systematic review by Khouili et al.
[28] reported that LSTM networks, effective for capturing
temporal characteristics, and CNNs, well-suited for spatial
features, are among the most widely used deep learning
algorithms in PV forecasting. To address the challenge of
high-dimensional data that these models can face, other
studies have proposed combining dimensionality reduction
techniques like principal component analysis (PCA) with
ANN models to increase computational efficiency and
analyze the impact on prediction accuracy [31]. Notably, deep
learning models trained on insufficient data typically suffer
from underfitting, failing to adequately capture complex data
patterns, which can lead to high variance in performance
estimates. To address this limitation, numerous studies have
explored the application of transfer learning, utilizing deep
learning models pre-trained on data-rich solar power plants,
to achieve reliable PV power forecasting performance for
newly installed plants lacking sufficient historical data [8],
[10], [11]. For instance, Sarmas et al. [8] demonstrated
transfer learning’s effectiveness by applying models trained
on PV plants in Western European to newly installed plants in
Greece, effectively addressing data scarcity within geograph-
ically similar regions and enhancing prediction accuracy.
Similarly, Miraftabzadeh et al. [10] utilized pre-trained deep
learning models from a data-rich PV plant in Maryland,
USA, to enhance forecasting performance at a nearby new
plant with limited data. Despotovic et al. [32] also performed
transfer learning among multiple meteorological stations in
Spain to predict solar irradiance. Collectively, these studies
demonstrate that transfer learning is a robust approach to
mitigating data scarcity, effective across varying degrees
of geographical similarity, and significantly improves the
generalization capabilities of PV forecasting models between
regions with different environmental characteristics.

However, studies applying transfer learning across dif-
ferent continents remain limited. Kim et al. [11] extended
the scope of transfer learning applications by conducting
intercontinental transfer learning between PV power plants
in South Korea (Asia) and Germany (Europe). Their
study explored both transfer directions—applying models
pre-trained on Korean PV data to German plants and
vice versa—demonstrating improved generalized forecasting
performance despite significant geographic and climatic
differences between these regions. Similarly, the SolNet
model [12] utilized extensive datasets from the Netherlands,
Australia, and Belgium to develop a globally applicable PV
power forecasting model.

Despite these advancements, the full potential of
cross-continental transfer learning for large-scale PV
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TABLE 1. PV Systems of source dataset located in alice springs and yulara
in australia.

Parameter Alice Springs Yulara
Total array rating [kW] 189.5 1,820
Largest array capacity [kW] 7.0 1,058
Smallest array capacity [kW] 2.0 22.6
Mean array rating [kW] 5.742 260.757
Number of PV arrays 35 7
mono-Si, poly-Si,
PV technology Si—llilcrl:)rljy\l/);}ie, mono-Si, poly-Si
CIGS
Installed year 2008 2016
Array tilt [deg.] 20 10, 15, 20
Array Azimuth [deg.] 0 (Solar North) ~ ° (45001? g‘;‘)h)’
Coordinate (Lat., Long.) -23.7618 -25.1905
133.8749 130.9764

TABLE 2. Description of meteorological features and target variable.

Feature Name Unit Description

Global W/m? The total solar radiation received on a

Horizontal horizontal surface; the primary driver of

Irradiation (GHI) PV power generation.

Air Temperature °C  The ambient air temperature, which

(Temp.) directly affects the operational efficiency
of PV panels.

Relative % The amount of water vapor in the air,

Humidity (RH) which can influence atmospheric

transparency and panel performance.

Wind Speed m/s  The speed of the wind, which contributes

to the convective cooling of PV panels.
Active Power kW  The actual electrical power output of the
(AP) PV system; the target variable for

forecasting.

forecasting remains largely unexplored. This study addresses
this research gap by proposing a robust methodology and
providing practical insights to enhance prediction accuracy
across diverse global regions.

lll. DATA

A large source dataset, detailed in Table 1, was obtained
to facilitate accurate PV generation forecasting. Target
datasets from diverse climates and regions were also obtained
to evaluate the generalizability of the pre-trained model
across PV power forecasting tasks. This study employs the
largest publicly available dataset and proposes preprocessing
procedures to train the model for PV power generation
prediction. As shown in Fig. 2, the obtained datasets span
multiple climatic zones across Asia, Europe, Oceania, and
North America [33], [34]. Following data acquisition, pre-
processing techniques were implemented to remove outliers
and irrelevant data, ensuring data quality for effective model
training. Subsequently, a correlation analysis was conducted
between the target variable, active power (AP), and relevant
meteorological factors.
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A. DESCRIPTION OF PV DATASETS

This study used data from DKASC to pre-train the proposed
PV power prediction model. The DKASC, located in
the Northern Territory inland of Australia, provided the
large-scale source dataset [35]. As an open-access platform,
DKASC offers multiple datasets; two were selected for this
study: DKASC, Alice Springs, and Yulara Solar Systems.
Notably, DKASC Alice Springs has been collecting data
since 2008 and features multiple technologies and various
installation configurations. Yulara Solar Systems, located
around Uluru with a total capacity of 1.8 MW, has been
operational since 2016. Although both sites feature diverse
installation methods, this study focused on fixed systems,
which represent the most common installation type.

The local-scale target datasets were collected from var-
ious locations: South Korea (Gwangju Institute of Science
and Technology [GIST], Miryang), Germany (Household
Dataset [36]), the United States of America (photovoltaic
data acquisition [PVDAQ] [37]), and United Kingdom
(photovoltaic solar panel energy generation [PVSPEG]
dataset [38]). The specifications of both source and target
datasets, including capacity, measurement periods, and the
number of installed PV arrays, are described in Table 3.
The GIST dataset includes PV power generation data from
14 institutional buildings and meteorological data sourced
from the Open MET Data Portal [39], operated by the
Korea Meteorological Administration (KMA). One of KMA’s
automatic weather stations is located on the GIST campus.
The Miryang dataset comprises power generation data from
seven PV arrays within Miryang city, with meteorological
data obtained from the National Institute of Agricultural
Sciences agricultural weather observation database [40]. The
household data consists of power generation and load data
from several small industrial warehouses and residential
buildings in the Konstanz region of Germany, with weather
data sourced from the Deutscher Wetterdienst Open Data
Server [41]. The PVDAQ dataset, developed by the National
Renewable Energy Laboratory, is a time-series database
covering various experimental and commercial public PV
sites. Based on this database, this study specifically utilized

PV arrays with fixed installation types located in Social
Circle, Georgia, and Arbuckle, California—sites included in
the 2023 DOE Solar Data Prize dataset. These data include
both generation and meteorological variables; however, these
PVDAQ datasets do not contain RH information, and no
meteorological observatories exist close to either site. In this
case, no substitution data exist for the RH variable. The
PVSPEG dataset includes load and generation information
from various regions in England. For this study’s analysis,
power generation and weather data from PV arrays located in
Maple Drive East and Forest Road areas were used.

An initial correlation analysis using the raw data from
the previously described datasets indicated that GHI, wind
speed, air temperature, and RH significantly influence
AP generation. Table 2 presents the description of those
meteorological features. However, owing to the presence
of missing values and outliers, data preprocessing was
subsequently conducted.

B. DATA PREPROCESSING

Inspection of the raw datasets revealed numerous missing
values and outliers. For instance, attribute statistics from
the Alice Springs dataset [42] indicated unrealistic mete-
orological values, such as wind speeds below —900 m/s
and RH exceeding 100%. Additionally, measurement failures
were observed across all the datasets. To address these
challenges, a standardized preprocessing protocol was estab-
lished, as shown in Algorithm 1, and applied uniformly across
all datasets. Before preprocessing, data were standardized
by the hour and included variables such as GHI, air
temperature, wind speed, RH, and AP as consistent units.
Specifically, the preprocessing procedure consists of two
main stages. First, outliers and inconsistent data are identified
and removed based on physical and logical constraints.
This procedure includes identifying unrealistic values and
inconsistent relationships between variables, such as zero
power generation during high irradiance or significant power
generation during negligible irradiance. Second, data are
processed at the daily level, where days with excessive
missing values (two or more consecutive missing values

TABLE 3. Summary of characteristics, locations, and specifications of the target PV datasets.

Site Total Array PV Technolo Measurement NP?'VOf Array Tilt Array Azimuth Coordinate
Name Rating [kW] 8Y Period [deg.] [deg.] (Lat., Long.)
Arrays
. - . 35.2274
GIST 1,180.6 not specified 2018. 10 - 2024. 09. 14 not specified not specified 126.8416
Germany 69.15 not specified 2015. 05. - 2018. 09. 9 not specified not specified not specified
. . o o 35.5282
Miryang 2,028 mono-Si 2022. 10. - 2024. 09. 7 25 not specified 128.8942
- . R . 38.9963
California 893 mono-Si 2018. 12. - 2023. 11. 1 25 180 1221341
. . o . 33.6780
Georgia 38,687 poly-Si 2016. 02. - 2023. 11. 1 20 180 83.6759
UK 6.371 not specified 2013. 10. - 2014. 10. 2 not specified not specified not specified

VOLUME 13, 2025
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Algorithm 1 Data Pre-processing Procedure

Require: A comma-separated value dataset with columns:
timestamp, AP, GHI, air temperature, wind speed, and
RH.

Ensure: A pre-processed dataset with cleaned rows and
interpolated missing values.

1: for each row (timestamp) in the dataset do

2: if GHI > 2000 or
Air_Temperature < —30 or
Wind_Speed < 0 or
Relative_Humidity ¢ [0, 100] or
Normalized_AP = 0 and GHI > 200 or
Normalized_ AP > 0.1 and GHI < 10 or
ConsecutiveSame_AP > 10

then
3: Set the corresponding feature value to NaN
> Outliers and inconsistent data
4 end if
5: end for
6: for each day in the dataset do
7: if Consecutive NaN values > 2 then
8: Remove the day
> Remove days with excessive missing data
9: else if Single NaN value exists then
10: Apply linear interpolation
> Fill small gaps in data
11: end if
12: end for

[NaNs]) are removed, while single missing values are handled
through linear interpolation to maintain data continuity.
After pre-processing, the datasets were verified and found
to be within the normal range. Subsequently, Pearson corre-
lation was conducted between AP and other attributes across
all datasets. Pearson correlation is a statistical measure that
evaluates the strength and direction of the linear relationship
between two continuous variables, ranging from —1 to 1.
As presented in Table 4, GHI exhibited the strongest positive
correlation with AP across all sites, whereas RH showed
a negative correlation. Air temperature and wind speed
demonstrated significant correlations that varied by location.
However, RH was excluded from this analysis and subsequent
experiments for the sites in Georgia and California, as this
variable was not recorded at those locations. Consequently,
more than 3.5 million data points were retained for the
large-scale source dataset, and approximately 963,000 data
points were retained across the local-scale target datasets.

IV. METHODOLOGY

A. BASELINE MODEL

PatchTST is a transformer encoder-based model designed
for time series forecasting, incorporating two key design
elements: patching and channel independence. These design
elements provide significant advantages regarding predic-
tion time, spatial complexity, extended look-back window
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TABLE 4. Correlation of meteorological features with AP (kW) for each
site. Asterisk(*) indicates the source dataset.

GHI Air Wind

Site Name [W/m2] Teomp. RH[%] Speed
[°C] [m/s]

Alice Springs* 0.91 0.29 -0.38 0.30
Yulara* 0.91 0.29 -0.38 0.33
GIST 0.88 0.19 -0.54 0.28
Germany 0.92 0.61 -0.68 0.01
Miryang 0.75 0.13 -0.48 0.16
California 0.98 0.54 - 0.27
Georgia 0.95 0.38 - 0.41
UK 0.77 0.40 -0.52 0.04

capabilities, and representation learning capacity. This
section presents the distinction between PatchTST and
conventional transformer encoders.

As illustrated in Fig. 3(a), the input signal x €
undergoes instance normalization [43] to enable channel
independence, followed by channel-wise patching of each
univariate time series. Notably, B represents the batch size,
M denotes the number of input channels, and L is the
input sequence length. Through channel independence, the
input is divided into individual univariate time series x®,
where i = 1,..., B x M. The patching process transforms
each input into a sequence of patches. With patch length
P and stride length S, the input is converted into x;,’) €
RP*N  where N represents the number of patches and is
calculatedas N = L(LS;P)J +2. Subsequently, the transformed
input x[(,') is mapped to the Transformer encoder’s latent
space of dimension D through two learnable components:
a linear projection W, € RP*N and positional embedding
W,os € RPN This transformation is expressed as xi,') =
W,x? + W, where x € RPXN denotes the input for the
transformer encoder shown in Fig. 3(b).

Finally, the latent features are processed through the
transformer encoder, followed by a flatten layer and feature
projection to generate predictions 3 = ()7(3 SRTREE 9(0i)JrT) €
R!*T for T time steps ahead from the current time O. For
the PV power forecasting task, the predicted AP, denoted as
j’(k ) e RMT isthe primary output. The model is trained using
the mean square error (MSE) loss function, optimized with
the AdamW algorithm.

This study utilized PatchTST, which is a transformer-based
model for PV power forecasting using an NVIDIA RTX
3090. The details for reproducibility are presented in Table 5.
The GeLU at the activation function stands for Gaussian error
Linear Unit [44]. The dropout was applied to the transformer
and fully connected layers, not to attention heads. These
details were selected through extensive empirical validation
to ensure optimal forecasting performance across various
PV datasets. The same hyperparameter configuration was
maintained for all subsequent transfer learning experiments
to ensure a fair comparison.

RBXMXL
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TABLE 5. The details include hyperparameters and configurations.
Asterisks indicate the parameter the PatchTST.

Hyperparameters or configurations Values
Batch size 256
Transformer input dimension 5
Transformer hidden dimension 512
Fully connected layer dimension 2048
Number of encoder blocks 8
Number of attention heads 16
Input sequence length 240
Prediction sequence length 24
Patch length* 24
Stride for patches* 8
Dropout rate 0.05
Activation function GeLU
Early stopping 10 epochs
s N

GHI

[kW/m? LL—"

Temp.

Rel. 0—L o-1 M|}

4

N NV
1°c] /\/\/\ - H

Humid. ‘/“_\/ ST
[%] et e
Wind 0-1L o-1 / L
1 I
Speed ’\M /' x € RBXMXL
[m/s] ot =/

Channel
Independence ! .
+ 3 xé‘) € RPXN
Instance Norm i=1,..(BxM)
+ '
Patching

(a) Channel-Independence Setting and Patching

xéi) € RP*N

Projection
+
Positional
Embedding

Active
Power /’\fx\
(kW] 0

}7(") € RIXT
k=1,..,B

Flatten
+
Feature
Projection

Transformer
Encoder

0+T

i Output

YD e R, i=1,..,

(b) Encoder-based Transformer

FIGURE 3. Explanation of the channel independence approach, patching
process, and encoder-based transformer model.

B. TRANSFER LEARNING

The key to transfer learning in PV power forecasting is
applying knowledge learned from large datasets to regions
with limited data availability. To achieve this objective, a pre-
trained model developed on the large-scale DKASC dataset is
applied to smaller target datasets. The pre-trained PatchTST
model comprises an input embedding layer, eight transformer
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encoder blocks, and a linear head for the final prediction.
Transfer learning is performed by selectively fine-tuning or
freezing layers of the trained model to utilize the pre-trained
features effectively. The earlier layers learn generalized
features, such as basic time series patterns, whereas deeper
layers learn domain-specific features. Thus, selective freez-
ing of layers enables systematic differentiation between
general-purpose features applicable to new environments and
those requiring adaptation to specific local datasets. This
study adjusted the number of frozen transformer blocks and
analyzed the change in prediction performance for each
setting.

C. EVALUATION METHOD

For performance evaluation, multiple metrics, including
mean absolute error (MAE), root mean squared error
(RMSE), coefficient of determination (R?), and mean abso-
lute percentage error (MAPE), were employed based on
Zhang et al’s study [45]. When calculating MAPE, the
equations presented in [4] and [45] divide the absolute
difference between the true and predicted values by the
capacity to derive the percentage error. However, in this study,
dividing by the installed capacity was infeasible because
many datasets did not specify the installed capacity of the
PV arrays. Therefore, maximum power generation was used
instead of the installed capacity for consistency in evaluation,
as shown in (1).

M Ni

M
MAPE = — ZZ nod N=>Ne. ()
k=1

k=1 i=1 ymax

where y{? is the true value, 5)5‘ is the corresponding predicted
value for group k, M is the number of groups with different
maximum values, Ny is the number of data points in group
k, Y .. represents the maximum true value in group k, and N
denotes the total number of data points across all groups.

Unlike previous studies, the proposed dataset includes
diverse PV installation scales, prompting an evaluation of
model performance across different capacity ranges. Evalu-
ation groups were primarily categorized in 100 kW intervals.
For installations below 100 kW, classification followed the
guidelines set by the Korea Ministry of Trade, Industry and
Energy [46]. Based on these guidelines, installations under
30 kW were classified as small, while those between 30 and
100 kW were classified as small-to-medium. Accordingly,
installations under 100 kW were further divided into two
groups.

V. EXPERIMENTS AND RESULTS

This study compares a control group and an experimental
group to evaluate the effectiveness of transfer learning.
The control group includes experiments conducted on each
dataset, whereas the experimental group applies transfer
learning on the target domain dataset. The transfer learning
experiments are divided into two categories: first, evaluating
the transfer learning performance on the test set of the target
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TABLE 6. Performance comparison on source dataset (DKASC).

Model Name Rgr?g:fll(t\);v] [Mkl‘svﬁj lﬁx‘%E R? REI% l])E
<30 0.029  0.086  0.996
PatchTST [13] 30-99 2.067 5227 0970  0.909
300-399 3996 10478 0.987
<30 0.177  0.683  0.928
DLinear [47] 30-99 3.802 7.775 0933  3.146
300-399 11.667 24.096 0.931
<30 0.055 0.123  0.993
LSTM [23] 30-99 1.740  3.888  0.983 1.275
300-399 3.625 9.018  0.990
<30 0.045  0.091  0.996
Transformer [48] 30-99 1.493 3.423 0.987 1.007
300-399 2.696 6962  0.994
<30 0.196 0326  0.947
Autoformer [27]  30-99 4956 7956 0930 3.707
300-399 13.938 23.959 0.932

domain dataset; and second, comparing results across varying
quantities of source and target domain datasets used during
training.

A. PERFORMANCE EVALUATION ON SOURCE DATASET

As the initial step of the experiment, the performance of sev-
eral deep learning models, such as PatchTST, DLinear [47],
LSTM, Transformer, and Autoformer, was evaluated using
the source dataset (DKASC Alice Springs and Yulara). The
test set was divided into three groups according to the range
of the power generation capacities: <30 kW, 30-99 kW,
and 300-399 kW, with 252,000 (252k), 56,000 (56k), and
51,000 (51k) data points, respectively. As shown in Table 6,
the PatchTST model achieved the best overall performance,
recording the lowest MAPE of 0.909% across all capacity
ranges. It also achieved the highest prediction accuracy in
the <30 kW group, which represented approximately 70%
of the total dataset. Given PatchTST’s widespread adoption
as a benchmark model in the latest time series forecasting
research ([27], [49], [50], [51]) and these performance
evaluation results, it was selected as the base model for
the subsequent transfer learning experiments. During the
model training process, PatchTST was implemented based
on PyTorch and trained using the AdamW optimizer, with
a learning rate of 10~* and batch size of 256. Additionally,
the input characteristics were normalized using the Standard-
Scaler to reflect the characteristics of each PV array. These
settings were maintained for the subsequent transfer learning
experiments.

B. TRANSFER LEARNING

Prior training on large datasets enhances transfer learning
performance on small datasets. Two experimental setups were
designed to verify the effectiveness and feasibility of transfer
learning for PV power forecasting.
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First, this study evaluated the effectiveness of transfer
learning by applying a pre-trained model from the source
dataset to multiple target datasets. During this process,
optimal layer freezing strategies were analyzed based on
the characteristics and size of the dataset, and a systematic
transfer learning methodology was developed according to
the data conditions. Second, the impact of source and target
dataset sizes on transfer learning performance was analyzed.
This approach involved experiments that gradually reduced
the source data’s size and varied the target data’s training
period.

Through these experiments, this study proposes data
conditions and learning strategies to effectively transfer PV
power generation characteristics learned from large datasets
to environments with limited data volume, as detailed in the
following sections.

1) TRANSFER OF SOURCE-TRAINED MODEL TO TARGET
DATA

Table 7 presents the results of applying pre-trained models to
various target datasets to verify the effectiveness of transfer
learning, a key focus of this study. Performance comparisons
are made between the target-only (TO) approach, which
is trained using only the target dataset, and the source-to-
target (S2T) approach, which transfers knowledge based on
the pre-trained model trained on the source dataset. The
results demonstrate that transfer learning improves MAPE
across all datasets, with additional improvements observed
in other performance metrics, except for R? in the cases
of California and Georgia. These findings indicate that
models pre-trained on the source dataset effectively enhance
prediction performance across target datasets, regardless of
geographical location, generation capacity, or data volume of
PV installations.

However, the California and Georgia datasets showed
only modest improvements compared with other datasets.
As shown in Table 4, this variation is attributed to their
limited data volume and the absence of RH from the
input channels, a variable that exhibited a strong nega-
tive correlation. Notably, despite a significantly smaller
dataset, the United Kingdom dataset achieved a much
greater performance improvement compared with California
and Georgia. Furthermore, the GIST dataset, the largest
target dataset, did not achieve the best prediction per-
formance. These findings suggest that, regarding transfer
learning, the number of available input features often
has a stronger influence on performance than dataset
size.

Before presenting the transfer learning results for the target
dataset in Table 7, experiments were conducted to optimize
the freezing level of the pre-trained model’s transformer
block to achieve improved performance across different
target datasets. For this purpose, different freeze strategies
were applied, ranging from fully fine-tuning (no freezing)
to linear probing (freezing all eight blocks). Prediction
performance was analyzed by gradually increasing the
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FIGURE 4. Performance analysis of transfer learning across different
target datasets with varying numbers of frozen transformer blocks.

A value of zero indicates fully fine-tuning, while eight corresponds to
linear probing on a number of freeze blocks.

freezing level starting from the blocks closest to the input
embedding layer.

According to the results shown in Fig. 4, the optimal
freezing strategy can be categorized into two patterns based
on dataset characteristics. For relatively large datasets such
as GIST (531,000 data points), Germany (145,000), and
Miryang (82,000), the best performance was achieved by
freezing only the first transformer block. Notably, prediction
error increased as the number of frozen blocks increased.
However, for smaller datasets such as California (45,000),
Georgia (26,000), and the UK (10,000), freezing 7—-8 blocks
was more effective. Two main factors may explain this
difference. The first is the size of the dataset. In the Miryang
dataset (approximately 82,000 data points), freezing a few
blocks was optimal, while freezing most blocks improved
performance in the California dataset (45,000 data points).
The second is the difference in data partitioning. Datasets
larger than 80,000 have sufficient installations to allow

‘| ® Fine-Tuning # Linear Probing ® Zero-Shot ® Target-Only

MAPE [%]

California

GIST Germany Miryang Georgia UK

Site Name
FIGURE 5. Comparison of different transfer learning strategies and TO
training across target datasets. Fine-tuning is transfer learning by freezing
several blocks. Linear probing is just freezing the head layer. Zero-shot
means directly using a pre-trained model without any training on the

target dataset. Target-only means training with only the target dataset
from scratch.

a per-installation train/validation/test split, while smaller
datasets require a chronological split. These results suggest
that freezing fewer transformer blocks is generally effective
when per-installation data exceed 80,000 data points, while
freezing most blocks may better support transfer learning
performance when data volume is limited or a chronological
split is required.

Fig. 5 shows the results of fine-tuning, linear probing,
zero-shot, and TO. In this context, zero-shot means that
the pre-trained model predicts directly without additional
training on the target dataset. Fine-tuning showed the
best performance across all datasets. However, for the
GIST, Germany, and Miryang datasets—which have relatively
large sample sizes-it ranked the second best. Conversely,
for smaller datasets, zero-shot prediction with a model
pre-trained on a large source dataset outperformed training
solely on the local dataset.

The mechanism underlying these freezing strategies can
be interpreted from both computational and representational
perspectives. Computationally, increasing the number of
frozen blocks significantly accelerates convergence during
fine-tuning, as fewer parameters require optimization. This
faster convergence is particularly beneficial for smaller

TABLE 7. Performance comparison on target datasets for fine-tuning and target-only (TO) training. Evaluation metrics show TO versus source-to-target
(S2T) transfer learning results. The MAPE shows relative improvement achieved through transfer learning, with bold values indicating better performance

between TO and S2T approaches.

. # of Capacity Range MAE [kW] RMSE [kW] R? MAPE [%] AMAPE [%]
Site Name .
Data Points [kW] S2T A—B
TO TO S2T TO S2T TO A s2TB = (=B o qqp
(Ours) B
<30 1133 0794 2398 2162 0975  0.980
GIST 531,710 2.143 1.601 33.90
100-199 3882  3.050 7.844 7280 0903 0916
Germany 145,209 <30 03489 02373 06948 0.5885 0927 0947  3.143 21378 47.02
Miryang 82,255 500-599 17.071 12296 35355 33.014 0856  0.874  3.199 2.304 38.83
California 45,699 700-799 37.866 36794 77376 79.671 0.896  0.890  5.264 5.155 291
Georgia 26,547 3290032999  3839.6 2027.5 38347 3839.6 0778 0778  6.628 6.146 7.83
UK 10,083 <30 0241 0199 0363 0357 0562 0576  9.042 7.466 21.10
VOLUME 13, 2025 136183
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FIGURE 6. Visualization of PV power forecasting results across different datasets. Prediction results on source dataset (DKASC) and target datasets using
TO and S2T transfer learning approaches. Notably, S2T predicts closer to the ground truth than TO.

datasets, where extensive training can lead to overfitting.
Representationally, the strategy reflects the hierarchical
nature of learned features in transformer architectures. Early
blocks in the pre-trained model capture fundamental temporal
patterns, such as diurnal cycles and weather-power relation-
ships, universally applicable across geographical regions.
Conversely, deeper blocks encode more source-domain-
specific features, such as local meteorological patterns
unique to the Australian climate. For large datasets, minimal
freezing supports the adaptation of these domain-specific
representations while preserving universal patterns. However,
for smaller datasets, extensive freezing prevents overfitting
by limiting adaptation to only the most generalizable layers.
This phenomenon explains why the UK dataset (10,000 data
points) benefits from freezing most blocks, while the GIST
dataset (531,000 data points) achieves optimal performance
with minimal freezing.

Fig. 6 shows a sample of the prediction results from
TO training and from applying the pre-trained model to
target datasets. The pre-trained model performs the prediction
task well on both the source and target datasets, often
outperforming models trained with TO.
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2) IMPACT OF VARYING SOURCE AND TARGET DATASET
VOLUME
This study examines how varying the amounts of data in
the source and target datasets affects the performance of
transfer learning. Table 8 presents the results obtained using
pre-trained models trained on 1/8 and 1/16 of the source
dataset. Comparing with results from models trained on the
full source dataset (Table 6), the error increases progressively
as the volume of source dataset decreases. For example, when
the source dataset was reduced by 1/8, the MAPE increased to
2.701%; when it was reduced by 1/16, it increased to 3.345%.
To analyze the effect of the target dataset, the training
period was adjusted from 3 months to 12 months in 3-month
increment. The test set remained fixed, based on its original
size defined before the data volume adjustment. Training sets
were constructed based on the most recent data. For datasets
containing multiple installations, training period was adjusted
independently for each installation. For the UK dataset, the
duration ranged from three to nine months, as the data for
individual installations consisted of less than a year of data.
The prediction error decreased as the volume of source and
target datasets increased. As shown in Fig.7, which presents
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FIGURE 7. Comparison of source and target data volumes for transfer learning performance, measured by MAPE. Heatmaps show the impact of source
dataset size (All, 1/8, 1/16) and target dataset duration (3-12 months) on performance for (a) target datasets with sufficient data volume and (b) target
datasets with insufficient data volume. Lower MAPE values, indicated in red, reflect better performance.

TABLE 8. Performance comparison for source dataset (DKASC) with
reduced source volume. Reducing the original dataset to 1/8 (447,000
points) and 1/16 (223,000 points) impacts on the forecasting accuracy.

Source Capacity MAE RMSE R2 MAPE
Reduction Range [kW] [KW] [KW] [%]
/8 <30 0.139 0334  0.945
(447,000 points) 30-99 3.678  7.940  0.931 2.701
300-399 11.595 24961 0.926
1/16 <30 0.183  0.398 0.922
(223,000 points) 30-99 4249 8333 0923  3.345
300-399 13.184 26.102 0912

a heatmap of MAPE variation with dataset volume for all
target datasets, overall performance improved as the amount
of source and target datasets increased. However, for the
UK dataset, the lowest prediction error was recorded when
the train set size was reduced to three months, indicating
a different relationship compared with other datasets. This
outcome likely occurred because the reduced training set
contained data that reflected the seasonal characteristics most
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similar to those in the test set. The data from the last three
months most accurately reflected the characteristics of the
test set, while the data from the previous three months showed
different characteristics, likely due to seasonal fluctuations.
Fine-tuning the model, pre-trained on the full source dataset,
using only three months of UK data yielded prediction
accuracy comparable to that reported in Table 7.

The comprehensive experimental results demonstrate that
the source and target dataset sizes significantly impact the
performance of transfer learning. Particularly, it emphasizes
that pre-training with a large source dataset is crucial for
improving the performance of transfer learning. Furthermore,
analysis of the UK dataset highlights that successful transfer
learning depends on data volume and temporal alignment
between training and testing periods, particularly regarding
seasonal characteristics.

3) ASSESSING TEMPORAL ROBUSTNESS
Inreal-world applications, a solar power prediction model can
be used for several months to a year beyond its training data
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period without further retraining. In the results presented in
section V-B1, both California and Georgia datasets, trained
on single PV arrays, were tested against nonoverlapping
periods of 10 and 7 months, respectively. However, neither
datasets included RH as a meteorological feature, nor did
their climates exhibit high variability to fully assess the
model’s robustness to temporal and seasonal climate changes.

Therefore, this study examines the robustness of transfer
learning against meteorological and seasonal changes using
the GIST dataset. The GIST dataset was selected for
evaluating temporal robustness because, among all source
datasets, it demonstrates the most significant annual climate
variability across seasons. The most recent year of data for
all PV arrays was designated as the test set to assess temporal
robustness. For the remaining periods, the PV arrays used
as training and validation sets in the experiment described
in section V-B1 were utilized as the training set, while the
other arrays were assigned to the validation set. Considering
the data from the dataset was collected until September 24,
2024, and to align with seasonal divisions of three months,
data acquired from September 2023 was used in the test set.
In South Korea, seasonal divisions are generally categorized
into four periods, each lasting three months, starting from
March [52].

Fig. 8(a) shows the results of various training strategies
applied to the GIST dataset for the latest one-year period.
Freezing seven encoder blocks yielded the lowest prediction
error. Consistent with previous experiments, transfer learning
outperformed both training solely on the target dataset and
zero-shot inference. However, this observed trend differs
from that shown in the GIST graph in Fig. 4, which presents
results based on splitting the test set by PV arrays. For
the temporal robustness experiment, freezing fewer blocks
generally led to better optimal results, and the variation
in performance across different numbers of frozen blocks
was relatively smaller. Fig. 8(b) presents results from the
same one-year period, divided into three-month intervals. The
model configuration applied to each season included freezing
seven encoder blocks, which yielded the best performance
in our previous experiments. Notably, the lowest prediction
error was observed in autumn, a season characterized by cool
temperatures, abundant sunshine, and minimal day-to-day
weather variation. Conversely, prediction errors were com-
paratively higher in summer—which includes the monsoon
season with heavy rainfall—and in spring, which involves
frequent yellow dust and significant weather fluctuations.

4) ABLATION STUDY OF METEOROLOGICAL FEATURES
SELECTION

In section III-B, the relationship between the climate
variables used for training and solar power generation
was examined using Pearson correlation following data
preprocessing. However, the actual relationship between
the input features for power generation, which depend on
combinations of climate variables, is more complex and
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FIGURE 9. The ablation study of meteorological features selection. The
x-axis indicates which meteorological features—GHI (G), air temperature
(T), RH, and wind speed (W)—were used for training in each experiment.
The GHI was included in all experiments. California and Georgia datasets
do not have RH observations.

often nonlinear. To further explore this complexity, this
study conducted additional experiments across all datasets,
evaluating the power generation prediction results based on
different combinations of climate variables.

Fig. 9 shows the effect of different meteorological
feature combinations on prediction performance. Feature
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combinations were selected from GHI, air temperature, RH,
and wind speed. As GHI is inherently essential for solar
power generation, it was included in all combinations. For
the California and Georgia datasets, experiments involving
RH were not conducted owing to the absence of observed
values for this feature. Each dataset’s experiments were
conducted utilizing the most effective freezing number
determined in Section V-Bl. Across most experiments,
using all available features yielded the best results. For the
Germany dataset, the combination of GHI, air temperature,
RH, and wind speed achieved the lowest MAPE at 2.1370%.
However, this result was not a significantly difference
from the “All” combination, which yielded a MAPE
of 2.1378%.

Analyzing the influence of each feature by comparisons
with Table 4 reveals that, unless the absolute correlation
between a meteorological feature and AP is notably low
(as seen with wind speed in Germany), combining it with
GHI generally improves prediction performance. Never-
theless, in some cases, such as Miryang and the UK,
incorporating additional features alongside GHI sometimes
resulted in worse performance than using GHI alone. This
observation is attributed to the fact that the correlation
between GHI and AP in these two datasets is lower
compared with the other datasets. Despite these variations,
a common inference across all datasets is that if GHI’s
correlation with AP is approximately 0.9 or higher and
other meteorological features have correlations of 0.1 or
higher, then including them in the training process is
beneficial.

VI. DISCUSSION

This study demonstrated the effectiveness of transfer learn-
ing for improving PV generation prediction models using
large-scale datasets. While previous works have primarily
focused on intra-regional transfer or simple source-target
setups [8], [10], [11], [12], this study highlights the feasi-
bility and effectiveness of cross-continental transfer learning
tailored for diverse climate zones. Specifically, the proposed
work utilized the large-scale DKASC dataset [35] from
Australia as a source and data from diverse climate zones—
including Korea, Germany, the United States, and the United
Kingdom—as targets. To handle missing values and outliers
in raw data, this study proposed the data preprocessing
procedure that considers physical and logical constraints and
establishes a preprocessing protocol that can be consistently
applied to all datasets.

The experimental results highlighted several key findings.
First, pre-training on a large source dataset consistently
improved the prediction performance across all target
domains, with MAPE improvements exceeding 20% for
target datasets containing identical input features to the
source dataset. Second, source dataset size was shown
to influence prediction performance: reducing the source
data size to 1/8 and 1/16 increased the MAPE by 2.70%
and 3.35%, respectively. Additionally, expanding the target
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training period from 3 to 12 months generally improved
prediction performance, emphasizing the importance of both
a sufficiently large source dataset and an appropriate period
for the target dataset. Regarding data quality, the result
indicated that it is important to include characteristics that
are highly correlated with power generation, such as GHI,
temperature, RH, and wind speed, rather than just the amount
of data. This finding was evidenced by transfer learning
from California and Georgia, where RH was unavailable.
Regarding transfer learning strategy, the optimal approach
depends on the characteristics of the target dataset. Freezing
only a few layers was adequate when sufficient data was
available (80,000 samples or more), while linear probing
or freezing most layers was advantageous when data was
scarce. Particularly, zero-shot prediction performed better
than training on the target dataset alone when data availability
was limited (less than one year).

The GIST dataset was chosen explicitly to evaluate
temporal robustness owing to its notable climatic variability.
It experiences diverse weather conditions such as spring
yellow dust, summer monsoon and typhoons, and winter
snow, along with significant diurnal temperature fluctuations
(over 15 °C) in spring, autumn, and winter. The high
meteorological diversity and significant climatic difference
from the source dataset made it ideal for assessing the
effectiveness of transfer learning. In temporal evaluation,
the GIST dataset showed a MAPE of 6.25%, which is
more comparable to California’s 5.12% and Georgia’s 6.15%
(both split by period) than its own PV array-based split
(1.60%). This notable difference in prediction error between
the PV array-based and chronologically-based test sets
suggests that, in the PV array-based test set, the model might
have implicitly utilized meteorological information from
the same period across different PV arrays during training.
Nevertheless, the compatible prediction error in the GIST
dataset’s temporal evaluation indicates the model’s long-
term robustness even in regions with numerous influencing
meteorological variables. Further performance improvements
are anticipated if accurate weather forecasting information
can be utilized as an additional input for meteorological
features during the prediction period.

Regarding the encoder block freeze strategy, the GIST
dataset, despite being notably larger than other target datasets,
exhibited differences in optimal freeze levels between PV
array-based and chronologically-based test set divisions.
Comparing Fig. 4 and 8(a), the optimal freeze strategy for
the latest one-year period test set was relatively similar to
other temporally split datasets. This observation suggests
that unfreezing only a few layers during transfer learning
might be a more effective strategy regardless of dataset size.
However, confirming this strategy requires further validation.
This study has some limitations. Notable is the absence of
RH features in the California and Georgia datasets. A more
rigorous evaluation would require similar dataset volumes
and meteorological measurement methods across diverse
climates.
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Future work will further enhance PV power forecast-
ing accuracy via incorporating advanced meteorological
forecasting data and developing improved model archi-
tectures that explicitly account for climate characteristics.
It can also involve a more detailed temporal analysis by
investigating seasonal and monthly variations in photovoltaic
(PV) power generation, which can provide deeper insights
into the model’s behavior under varying climatic conditions.
Additionally, while the current study applied the proposed
framework to two representative regions in South Korea, the
methodology will be extended to other regions across the
country to further evaluate the spatial generalizability of
the model. Moreover, considering the growing deployment
of other renewable sources such as onshore and offshore
wind power, future research will explore the applicability
of transfer learning to wind energy forecasting, assessing
its effectiveness and scalability in different operational
environments. These directions are expected to broaden
the utility of the proposed approach and contribute to
more resilient and adaptable renewable energy forecasting
frameworks.

VII. CONCLUSION

This study makes several key theoretical and practical
contributions to PV power forecasting. It is the first to
achieve effective cross-continental PV forecasting using a
million-scale dataset (over 4.5 million data points), demon-
strating robust generalizability across diverse Koppen—
Geiger climate zones—from Australia’s arid climate and
Korea’s monsoon climate to Germany’s temperate conditions
and diverse North American regions. The proposed system-
atic approach enables reliable PV forecasting in data-scarce
regions, potentially accelerating renewable energy adoption
in emerging markets. Furthermore, this study offers practical
guidelines showing that freezing only a few transformer
layers is optimal for large target datasets (over 80,000 data
points), while freezing most layers is more effective for
smaller ones. Additionally, the analysis revealed that model
performance can vary significantly depending on the test
set split methods (e.g., by PV array vs. chronologically),
providing methodological insights for rigorous evaluation
standards in future PV forecasting research.

The results of this study highlight the importance of
utilizing large datasets and transfer learning in PV generation
forecasting. They indicate that effective forecasting is feasi-
ble, especially in data-limited environments. This approach
is expected to significantly benefit the initial operation of
new PV plants worldwide and power generation forecasting
in data-poor regions.
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