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Abstract. This paper proposes a framework based on Automated Machine Learning (AutoML) combined with
Transfer Learning techniques to forecast solar radiation, particularly for locations without extensive meteorological
data. The objective is to enable the prediction of solar radiation values in an optimized way in cities where there
is no meteorological history. The framework enables knowledge transfer from regions with abundant data to those
lacking measurement histories by leveraging historical data on solar radiation, meteorological conditions, and
geographic features. This approach enables the generation of reliable forecasts even in data-scarce cities, without
requiring extensive historical records. A case study was conducted in Juiz de Fora, Minas Gerais, Brazil. The
results show that the use of Transfer Learning alongside AutoML offers a promising strategy for enabling cities
with limited measurement history to achieve accurate predictions.
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1 Introduction

Distributed generation (DG) of electricity from photovoltaic solar sources has stood out in Brazil as a sus-
tainable and decentralized alternative to energy supply. According to data from ANEEL and ABSOLAR [1, 2],
99.26% of the installed power in microgeneration (up to 75 kW) and mini-generation (above 75 kW up to 5 MW)
distributed in the country comes from photovoltaic solar sources, demonstrating the broad predominance of this
technology in the sector. Currently, Brazil has more than 3.3 million solar systems connected to the grid, benefiting
approximately 4.96 million consumer units through the Electric Energy Compensation System.

Minas Gerais is the second Brazilian state with the largest installed capacity in distributed solar generation,
totaling 4,609.5 MW, representing 12.4% of the national capacity. These demonstrate Minas Gerais’ leadership in
the distributed generation scenario, resulting from state public policies, investment attractiveness, and broad public
engagement in the energy transition. Juiz de Fora, located in the Zona da Mata region, is Minas Gerais’s tenth
largest producing city, with 39.3 MW installed. It is one of the largest cities in the region economically and in
terms of population size. It has an INMET[3] meteorological facility in operation since 2007, capturing different
meteorological information, which will be detailed later.

Furthermore, Brazil’s photovoltaic solar energy production sector has 153 manufacturers of photovoltaic kits
registered with BNDES’ FINAME and other manufacturers of inverters, solar trackers, modules, batteries, and
string boxes. In terms of consumption profile, the residential segment accounts for most of the installed power
(49.45%), followed by the commercial and services (28.45%) and rural (13.63%) sectors, reflecting the leading
role of individual consumers and small businesses in adopting the technology.

As such, Minas Gerais is one of the leading national hubs for distributed solar generation, contributing sig-
nificantly to the expansion of renewable energy in Brazil.

Automated Machine Learning (AutoML) emerged as a response to the growing demand for machine learning
solutions that can automate critical steps in the machine learning process, such as model selection, feature engi-
neering, hyperparameter optimization, and cross-validation. AutoML has many applications, including time series
forecasting in finance, AI-assisted medical diagnostics, fraud detection, customer segmentation, and industrial
process optimization[4].

Transfer Learning is a machine learning technique that leverages the knowledge acquired by a previously
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Vitória, Brazil, November 24-27, 2025



An AutoML framework for Transfer Learning applied to solar radiation prediction

trained model on one task to improve its performance on another, often related task, but with different or scarce
data[5]. This approach is especially useful when the data for the specific problem is limited, as it allows reusing
generalized representations that already capture relevant features of the original domain. Transfer Learning ap-
plications are vast, ranging from natural language processing to computer vision. Among the main benefits are
reduced training time, lower computational costs, and the possibility of achieving better results even with smaller
datasets[6].

This work presents a new autoML framework that, in addition to traditional hyperparameter optimization
of machine learning models, selects the best dataset for applying Transfer Learning to solar radiation prediction.
The framework selects the best machine learning model among a predefined set, optimizes its hyperparameters,
performs feature selection, and chooses the best dataset to serve as a training base in the Transfer Learning process.

These results are primarily used in the implementation of new photovoltaic plants.This type of plant requires
efficient prediction of solar radiation data to control the load generated on the grid. When a new plant is in-
stalled, depending on its location, there is no historical record of meteorological data for the region. Therefore,
using Transfer Learning, the generated models can predict solar radiation data sufficiently well until a database is
effectively stored.

This paper is organized as follows: In Section 2, we describe the materials and methods used, presenting the
database and variables used. We also present the performance metrics and briefly describe the machine learning
models used. This section also details the feature selection processes and the optimization approach. In Section
3, we describe the testing methodology and present the results. Finally, in Section 4, we present our conclusions,
along with the possible implications of the work presented.

2 Materials and Methods

2.1 Data

The National Institute of Meteorology (Instituto Nacional de Meteorologia - INMET) [3] maintains and
makes available data from more than 500 meteorological stations throughout Brazil, 68 of which are automatic
meteorological stations in Minas Gerais - MG. This work utilized data from various periods, spanning from De-
cember 2002 to December 2021, collected from 67 different stations in 66 cities across all regions of Minas Gerais.
We also used data from stations in other states besides Minas Gerais to develop the methodology proposed in this
work. To select these stations, we calculated the 10 closest stations for each of the 66 cities in Minas Gerais.
All cities on this list were included in the database for this work, regardless of whether they are located in Minas
Gerais or not. Data from 67 stations outside Minas Gerais were used: 17 from the state of São Paulo (SP), 13 from
Rio de Janeiro (RJ), 12 from Espı́rito Santo (ES), 11 from Bahia (BA), 9 from Goiás (GO), 4 from the Distrito
Federal (DF), and 1 from Mato Grosso do Sul (MS). The availability of data at each station depends on several
external factors, including the installation date, potential failures, and scheduled maintenance periods. Specifically
for the Juiz de Fora station, measurements were taken between May 26, 2007, and December 31, 2021, totaling
5,333 calendar days. After accounting for outliers and missing data, the total number of entries for the Juiz de Fora
station was 5,055 days. Figure 1 highlights all cities on the map where there are analyzed weather stations, with
colors differing between states.

Figure 1. Map from studied municipalities.
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In this work, 20 variables were used. The maximum, minimum, and average temperature for a day; The
maximum, minimum, and average relative humidity of the air for a day; The maximum, minimum, and average
dew point; The maximum, minimum, and average atmospheric pressure in a day; The measure of the average wind
speed in a day; The average maximum wind gust speed in a day; The daily extraterrestrial solar irradiance. It is the
energy available in a day at a given latitude without considering the dampening effects of the atmosphere; Latitude,
Longitude, Altitude, and Biome; The measure of all solar irradiation that reaches the Earth’s surface. This is the
target variable of this work. Here the unit used is MJm−2d−1.

It is worth noting that the INMET data have an hourly measurement granularity. In this work, we used the
daily values for each variable, considering that for the variables Global and Qo, the sum of each day was used, and
for the others, the average of the daily readings. The Qo variable, unlike the others, is not measured by devices and
is not available through INMET. This variable was synthetically generated by the PySolar [7] library. The source
of the values used for the Biome variable was provided by the Brazilian Institute of Geography and Statistics [8].

2.2 Methodology

Performance Metrics

The metrics described in Table 1, as outlined in the scikit-learn library documentation [9], were used to
evaluate the performance of the methods. This Table also describes the purpose of using each metric, the best and
worst results that can be found, and what they mean.

Table 1. Performance Metrics and Indicators for Model Evaluation. For each performance metric, ŷi represents the
predicted output, yi is the measured output, ȳ denotes the mean of the measured values, and N is the total number
of samples in the dataset.

Performance
Metric

Expression Description Best Result Worst Result

R2 1−
∑N

i=1(yi−ŷi)
2∑N

i=1(yi−ȳ)2
Measures the proportion of vari-
ability in the dependent variable ex-
plained by the independent vari-
ables

1
(perfect fit)

0
(no fit)

RMSE
√

1
N

∑N
i=1(yi − ŷi)2 Measures the average deviation be-

tween observed and predicted val-
ues

0
(no error)

Higher values
possible

MAE 1
N

∑N
i=1 ∥yi − ŷi∥ Measures the average deviation be-

tween observed and predicted val-
ues

0
(no error)

Higher values
possible

Machine Learning Models

Below we briefly describe the machine learning models used in this work. Other models can be used by
the methodology described here. The choice of these specific models was made because previous works had
demonstrated their efficiency in this type of implementation.

• Extrme Learning Machine (ELM) is a training strategy for single-hidden layer feedforward neural networks[10].
This algorithm assigns random values to the weights of the input layer, the hidden layer, and the biases in the
hidden layer. These parameters are frozen during the training process. The non-linear activation functions
in the hidden layer provide non-linearity to the system. With this, the process can be considered as a linear
system. The only parameter that needs to be discovered is the weight between the hidden layer and the out-
put layer. Thus, ELM converges much faster than traditional algorithms because it learns without iteration
while random hidden nodes provide a generalized approximation capability.

• Multivariate Adaptive Regression Splines (MARS) is a flexible regression method that automatically
searches for interactions and nonlinear relationships[11, 12]. The model builds this relationship from a
set of coefficients and basis functions derived from the regression data. In a way, the method is based on the
’divide and conquer’ strategy, which divides the input space into regions, each with its regression equation.

• eXtreme Gradient Boosting (XGB) implements a boosting technique where new trees are added sequen-
tially to correct the errors of previous trees, resulting in an increasingly robust and accurate predictive
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Vitória, Brazil, November 24-27, 2025



An AutoML framework for Transfer Learning applied to solar radiation prediction

model[13, 14]. Its ability to handle different types of data, process parallelization, and internal optimizations
to reduce overfitting make it a powerful tool for classification, regression, and ranking problems.

Transfer Learning

In machine learning, Transfer Learning is a technique that leverages knowledge from a model trained on one
task to enhance performance on a related, yet different, task.

Typically, the Transfer Learning process uses four steps: Pre-training, where an existing model is first trained
on a large dataset for a ”source” task. This initial training phase is usually resource-intensive and takes a con-
siderable amount of time. Feature Extraction, where the pre-trained model is then used to extract useful features
or representations from the source data. These features encapsulate important patterns. Fine-tuning, where the
extracted features provide a starting point for a new model designed for the target task. This new model is trained
on a smaller, specific dataset for the target task. Finally, adaptation involves further training the new model on
the target dataset, often with a reduced learning rate. This step enables the model to precisely adjust its learned
features and optimize its performance for the unique requirements of the new task[15].

Specifically, in this work, the Transfer Learning process was employed to generate a machine learning model
trained on data from weather stations in cities other than the one for which we want to make predictions. Thus, no
data from the Juiz de Fora database was used in the training step, while only data from the Juiz de Fora database
was used in the testing step. Figure 2 illustrates this process.

Figure 2. Transfer Learning geolocated database creation.

Automatic Feature Selection

The feature selection process is crucial in building machine learning models. This process implies selecting
the most relevant variables or features from a dataset. It is essential for reducing dimensionality, enhancing model
interpretability, and improving overall performance.

The developer can perform the variable selection process arbitrarily, where the variables judged attractive
are used and others discarded[16]. In this process, the correlation matrix of the variables is usually observed.
Considering the numerous databases and their combinations, this approach would be highly time-consuming and
inefficient for the present work[17]. In this way, the feature selection process was performed automatically by an
optimization algorithm, which also optimized the hyperparameters of the machine learning model. Therefore, all
available variables were initially considered usable in training the final model. However, the optimization process
selected only those that performed best.

A unique characteristic in this work is that the feature selection technique was also employed to select the
cities that should comprise the training base in the Transfer Learning process. Thus, the optimizer, in addition
to selecting the most suitable variables and the best hyperparameter values for the machine learning models, also
selects which cities will generate the best results when included in the training dataset.
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Hybrid Computational Approach

The methodology for developing the individual model of the city of Juiz de Fora has already been used
in other works[18–20] and is described below: Initially, each machine learning model is executed individually
to optimize its hyperparameters. Each model has defined upper and lower bounds for these hyperparameters.
At this initial stage, we can choose to use a specific subset of variables, all available variables, or apply a feature
selection technique. In this work, we employed an automatic feature selection process. After the initial settings, the
optimization algorithm randomly generates a population of candidate solutions. Each solution represents a set of
hyperparameters for a model, and if feature selection is automatic, each solution will have its own set of variables.
Each solution is evaluated using k-fold cross-validation, to minimize the root mean square error (RMSE) between
observed and predicted values. Since we are dealing with time series, we use Time Series Split Cross-Validation,
ensuring future values are not used for training during the folds. The evolutionary cycle ends when the stopping
criterion is met, and the solution with the lowest RMSE is stored. Finally, we analyze which model performed best
and identify its optimal hyperparameter configuration. Figure 3 illustrates this process.

Figure 3. Optimization process.

3 Results

To validate the results of the Transfer Learning process, two scenarios were evaluated for each machine
learning model. In both scenarios and for each machine learning model, 10 independent runs were performed.
The optimizer used was a simple genetic algorithm[21] configured with 30 generations, 95% crossover factor with
single-step strategy, population size of 20, and 20% mutation chance with uniform strategy.

In the first scenario, the learning model’s hyperparameters were optimized without any changes to the database.
The goal of this scenario is to have a benchmark for evaluating the quality of the Transfer Learning process. Only
data from the Juiz de Fora station were used in both the training and testing periods. The training/testing split was
70-30. The second scenario used the previously described Transfer Learning methodology. This scenario simulates
the real-world challenge of predicting solar radiation in locations with limited or no historical measurement data.
The results in Table 2 show the average of 10 independent runs for each scenario and learning model. We can
see that the results of the machine learning process, as expected, are inferior to those of the traditional scenario
when we use the same training and testing datasets. However, the results of the Transfer Learning models are still
sufficiently good when compared to those found in the literature[20].

An important fact for analyzing the results is the pattern of the cities selected by the optimizer. Considering
the ten independent runs, all 67 cities were selected at least once. On average, 15.7985 cities were selected in
each run, with a standard deviation of 4.7673. This automatic, data-driven selection process for optimal source
datasets is a key differentiator of our AutoML framework, underscoring its ability to prepare the most relevant
training environment for Transfer Learning applications. Figure 4 shows the cities map, coloring the most used
cities darker.
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Table 2. Average Performance Metrics for Machine Learning Models in Single Base and Transfer Learning Sce-
narios.

Machine learning model Scenario R2 RMSE MAE

MARS Single base 0.867 2.22 1.73

MARS Learning transfer strategy 0.749 3.10 2.49

XGB Single base 0.801 2.71 2.11

XGB Learning transfer strategy 0.739 3.15 2.53

ELM Single base 0.826 2.54 2.00

ELM Learning transfer strategy 0.715 3.29 2.69

(a) ELM most used cities.

(b) MARS most used cities (c) XGB most used cities

Figure 4. Selected cities count.

4 Conclusion

This paper presents and tests a Transfer Learning methodology for predicting solar radiation. A case study
is conducted using the city of Juiz de Fora as a target, along with a database containing data from 134 cities.
The primary question addressed in this work is whether the Transfer Learning process can be effective for solar
radiation prediction. The results show that, when compared to models using data from the target city, the Transfer
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Learning process performs worse, as expected; however, it still achieves satisfactory results, consistent with the
existing literature.

As future work, we suggest applying this methodology to other cities to replicate the results found in Juiz de
Fora in other locations. Other machine learning models may also produce different results.
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