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Abstract: The accurate prediction of global horizontal irradiance (GHI) is crucial for optimizing solar
power generation systems, particularly in mountainous areas with complex topography and unique
microclimates. These regions face significant challenges due to limited reliable data and the dynamic
nature of local weather conditions, which complicate accurate GHI measurement. The scarcity of
precise data impedes the development of reliable solar energy prediction models, impacting both
economic and environmental outcomes. To address these data scarcity challenges in solar energy
prediction, this paper focuses on various locations in Europe and Asia Minor, predominantly in
mountainous regions. Advanced machine learning techniques, including random forest (RF) and ex-
treme gradient boosting (XGBoost) regressors, are employed to effectively predict GHI. Additionally,
optimizing training data distribution based on cloud opacity values and integrating synthetic data
significantly enhance predictive accuracy, with R? scores ranging from 0.91 to 0.97 across multiple
locations. Furthermore, substantial reductions in root mean square error (RMSE), mean absolute
error (MAE), and mean bias error (MBE) underscore the improved reliability of the predictions.
Future research should refine synthetic data generation, optimize additional meteorological and
environmental parameter integration, extend methodology to new regions, and test for predicting
global tilted irradiance (GTI). The studies should expand training data considerations beyond cloud
opacity, incorporating sky cover and sunshine duration to enhance prediction accuracy and reliability.

Keywords: global horizontal irradiance (GHI); mountainous regions; data scarcity; solar energy
prediction; machine learning

1. Introduction

Solar energy stands as a pivotal pillar of sustainable development, as highlighted by
the International Energy Agency (IEA) in 2020 [1]. Solar irradiance predictions, especially
global horizontal irradiance (GHI), are crucial for efficiently harnessing this renewable
resource [2]. Accurate GHI prediction is essential for optimizing solar energy system
performance, planning, and maintenance. It enables the precise estimation of energy
yields, which is crucial for cost-effective system design and efficient grid integration. These
capabilities are fundamental for increasing the adoption and reliability of solar energy
systems, supporting their sustainable growth and impact.

However, obtaining precise measurements of GHI pose significant challenges due
to various factors. GHI, representing the total solar radiation received per unit area on a
horizontal surface, is heavily influenced by dynamic atmospheric conditions like clouds,
aerosols, and water vapor. The geographical location plays a crucial role, impacting
measurement accuracy due to varying angles of incidence and atmospheric attenuation. In
mountainous regions, these challenges are even more pronounced. Variable topography,
microclimates, and inconsistent weather patterns create additional obstacles for accurate
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GHI prediction. The shadows from mountains and rapid weather changes can significantly
affect solar irradiance, making predictions more complex and less reliable.

Instrumentation limitations, such as sensor calibration and maintenance issues, further
complicate the task. Long-term data collection is necessary to accurately capture seasonal
and diurnal variations, adding another layer of complexity. Additionally, free satellite GHI
data providers often do not offer the high spatial and temporal resolution necessary for
accurate measurements in complex environment such as mountains and urban regions.
These challenges underscore the difficulty in achieving precise GHI measurements, essential
for reliable solar energy assessments and applications [3,4].

As a consequence, building a comprehensive and precise dataset of GHI measure-
ments demands substantial resources. Obtaining such data requires not only high-quality,
specialized equipment but also significant financial investment [5]. Ensuring the accuracy
of these readings is crucial, necessitating the regular maintenance of the equipment to keep
precision and reliability over time. Additionally, numerous scientific studies emphasize the
importance of investing in equipment and the challenges associated with acquiring GHI
data, further highlighting the critical need for precise measurement [6,7]. The accuracy of
GHI measurements is pivotal, as any errors can have a cascading effect on the entire solar
energy prediction process. The far-reaching consequences of such inaccuracies can impact
both the economic and environmental aspects [8,9]. Inaccurate GHI data can lead to flawed
solar energy forecasts, resulting in potential financial losses and the suboptimal utilization
of solar resources, thereby affecting the overall efficiency and sustainability of solar energy
systems. Thus, the precision of GHI measurements is integral to the advancement and
reliability of solar energy technologies.

In recent years, machine learning (ML) techniques have gained significant traction
in solar energy prediction, promising technological advancements [2,10]. ML methods
utilize sophisticated algorithms to analyze extensive datasets on solar energy produc-
tion, enabling the accurate estimation of solar radiation [11,12]. These algorithms excel
in identifying complex patterns, enhancing the efficiency and reliability of solar energy
forecasts [13]. Moreover, artificial intelligence (AI) techniques like artificial neural networks
(ANNSs), genetic algorithms, and ML have demonstrated superior performance over tradi-
tional methods [14-18]. Hybrid models such as those combining long short-term memory
networks (LSTM) and convolutional neural networks (CNNs) [19], as well as ensemble
methods utilizing multiple ML algorithms [20], further exemplify the advances in solar
radiation forecasting.

However, the following critical challenge arises: the effectiveness of these ML algo-
rithms is heavily reliant on the quantity and quality of the training dataset. Frequently,
the scarcity of accessible data becomes a bottleneck, hindering the creation of precise solar
energy prediction models [21,22]. Therefore, there is a pressing demand for cost-effective
approaches capable of efficiently obtaining and utilizing GHI data to enhance the accuracy
of solar energy prediction models. The quality of the training dataset plays a crucial role in
determining the effectiveness of ML algorithms [22]. High-quality data are essential for
artificial intelligence (AI) systems to deliver meaningful results, as they possess several key
attributes, such as accuracy, completeness, and reliability. Inaccurate or incomplete data
can mislead Al models and produce unreliable outputs, leading to incorrect conclusions
and reduced model performance [23]. Data acquisition costs, privacy concerns, and the
presence of irrelevant or noisy data are some of the challenges associated with increasing
the quantity of data [24,25]. Moreover, the relationship between data quality and data
quantity is task-specific and requires human engineering [26].

In the context of solar energy prediction, the quality of the data is particularly im-
portant, as it directly impacts the accuracy and reliability of the predictions. Gathering
high-quality GHI data is essential for developing accurate solar energy prediction models,
which in turn can help optimize the performance of solar power systems and improve
their integration into the grid [27]. Considering the challenge of limited accessible data for
solar energy prediction models, our study introduces a methodology aimed at improving
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the accuracy of GHI prediction, even with constrained datasets. We leverage machine
learning by employing the random forest (RF) algorithm [28] in conjunction with the ex-
treme gradient boosting (XGBoost) regressor [29]. This integration enhances the accuracy
of decision trees within the RF ensemble model, aiming to improve prediction accuracy.
We focus on optimizing the distribution of training data based on cloud opacity values,
a significant factor in GHI estimations [30,31]. Additionally, we generate synthetic data
points, which are then augmented using techniques such as flipping, rotating, scaling, and
the introduction of random noise [32]. This augmentation strategy diversifies the dataset,
aiming to improve the model’s robustness against environmental variations. By enriching
dataset variability through synthetic augmentation, our approach seeks to enhance model
performance and resilience. In this way, this research addresses data scarcity challenges in
solar energy prediction across various locations in Europe and Asia Minor, encompassing
diverse geographical features such as mountainous terrain, alpine regions, urban areas,
and plain zones.

2. Materials and Methods
2.1. Data Collection

In this study, global horizontal irradiance (GHI) across various locations was analyzed
using data from 2019 and 2021. This study strategically chose regions across Europe and
Asia, encompassing diverse topographies such as the Alps and other mountainous areas,
known for their unique microclimates. Ground-based GHI measurements were randomly
selected from various mountain plateaus to ensure an unbiased analysis. Random sites from
non-mountainous environments were also included for comparative analysis, evaluating
the model’s performance across different terrains. These regions, serving as the training
and testing sites for the GHI prediction model, are illustrated in Figure 1, with details
summarized in Table 1, including geographical coordinates and reference weather stations
where GHI was measured.
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Figure 1. Spatial distribution of training and testing sites for global horizontal irradiance (GHI)
prediction model. The map indicates terrain complexity with varying altitudes for each location.
Map generated from the available source [33]. See Table 1 for the names of locations (1-14) and
further data.

Data collection relied on the following two primary sources: Visual Crossing provided
GHI data [34], and Solcast supplied the historical actual meteorological year (AMY) weather
and atmospheric data used as independent variables [35]. The preference for AMY data
over typical meteorological year (TMY) data arises from the more accurate representation of
specific years” meteorological conditions, capturing variability and trends essential for precise
solar irradiance prediction amidst dynamic weather and climate change impacts [36,37].
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Table 1. Spatial sampling sites for model training and testing.

Ne Station Code Name Site County Latitude (°) Longitude (°) Altitude (m)
1 EW5468 Saint-Christophe Aosta Valley Italy 45.75 7.343 951

2 UniBZ Bolzano Italy 46.50 11.35 262

3 LEBG Burgos Spain 42.37 —3.63 859

4 CW1292 Coignieres FR Paris France 48.812 2.276 28

5 EHEH Eindhoven Netherlands 51.45 5.42 17

6 IW2LAO-13 Esine IT Esine Italy 45.92 10.25 286

7 LOWI Innsbruck Austria 47.27 11.35 574

8 EPKK Krakow Poland 50.08 19.8 219

9 LSZL Locarno Switzerland 46.16 8.88 200

10 LFMN Nice France 43.65 7.2 4

11 YOS8RBY-13 Piatra Neamt Piatra Neamt Romania 46.96 26.387 345

12 LQSA Sarajevo He?;’;gé:na 43.82 18.32 518

13 LTAR Sivas Turkey 39.79 36.9 1285

14 EYVI Vilnius Lithuania 54.63 25.28 112

The methodology required the use of data from two different years: specifically, 1% of
the 2019 data was used for model training, while the entire dataset from 2021 was used
for testing to ensure robustness against overfitting. TMY data, based on historical records,
cannot fulfill this requirement.

Visual Crossing provided comprehensive site-specific GHI data collected at hourly
intervals, ensuring high temporal resolution, and covering various geographic locations
within the specified regions. This spatial coverage facilitated capturing diverse climatic
conditions and microclimates across Europe and Asia Minor. Solcast’s data included key
environmental, solar geometry, and temporal variables as indicated in Table 2, crucial for
the model’s training and testing. These data encompassed the following seven pivotal
meteorological and atmospheric quantities: air temperature, cloud opacity, precipitable
water, relative humidity, surface pressure, wind direction, and wind speed. Additionally,
solar geometry variables and temporal inputs such as azimuth, zenith angles, month,
day, and hour were incorporated at hourly intervals to align with GHI prediction needs.
The predictors” high spatial resolution of approximately 1 km? [35] facilitates a detailed
analysis of meteorological conditions, capturing the nuances of local weather patterns and
their impacts on solar irradiance. Temporal data from Solcast, also provided at hourly
intervals, ensured consistency with the GHI data from Visual Crossing. Solcast provided
a detailed methodology for data preprocessing and quality control as outlined in their
documentation [31].

Integrating these datasets created a robust ML framework for accurate GHI predic-
tions in challenging environments. This approach addresses data scarcity and variability,
ensuring reliable solar energy prediction and optimization.

As specified before, we utilized a random forest (RF) regressor [28] in conjunction
with an extreme gradient boosting (XGBoost) regressor [29] trained on the 2019 dataset
to predict the global horizontal irradiance (GHI) and test the model’s accuracy on a new
unseen 2021 dataset. We intentionally used a different year for both training and testing
the model to prevent overfitting.
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Table 2. Environmental, solar geometry, and temporal variables for model training and testing.

Variable Description Units

The total amount of shortwave radiation received from above by a surface Y

GHI . W-m
horizontal to the ground

Air temperature The temperature of the air °C

. The angle between the projected vector of the sun on the ground and a reference

Azimuth degrees
vector on that ground

Cloud opacity The thickness or density of clouds affecting sunlight %

Dew point temperature

The temperature at which air must be cooled to become saturated with water vapor °C

The total atmospheric water vapor contained in a vertical column of unit

Precipitable water cross-sectional area kg:m™
Relative humidity nocded fo sturation o he came temperatre. Lo
Surface pressure The pressure exerted by the atmosphere at the earth’s surface hPa
Wind direction 10 m The direction from which the wind is blowing at 10 m above the surface degrees
Wind speed 10 m The speed of the wind measured at 10 m above the surface m-s~!
Zenith The angle away from the vertical direction to the sun at its highest point degrees
Month The month of the year -

Day The day of the month -
Hours The hour of the day in 24 h format -

2.2. Random Forest Regressor

RF regressor is an ML model that predicts continuous outcomes by combining predic-

tions from multiple decision trees (DTs) [28]. It is known for its robustness and accuracy,
achieved by training each tree on random subsets of data. The final prediction is obtained
by averaging the predictions of all trees in the forest. The construction and operation of RF
involve several key steps:

1.

Bootstrapped dataset: Before constructing each DT in RF, a bootstrapped dataset is
formed by randomly selecting data points from the original training dataset, with
replacement. This ensures that each data point from the original training dataset
has an equal chance of being chosen. As a result, some data points may be selected
multiple times, while others may not be selected at all. Each DT in RF is trained on its
own bootstrapped dataset, enabling them to learn from slightly different perspectives
of the original training dataset. This diversity among the trees enhances the overall
robustness and effectiveness of the RF model.

The root node: The root node symbolizes the starting point of the decision tree. It
encompasses the entire bootstrapped dataset, serving as the foundation for the sub-
sequent partitioning process. At this initial stage, the algorithm evaluates various
predictors to determine the optimal split that divides the dataset into more homo-
geneous subsets. This decision sets the course for further branching, shaping the
structure of the tree as it progresses. Ultimately, the root node plays a crucial role in
guiding the recursive partitioning process, leading to the formation of internal nodes
and leaf nodes that collectively constitute the DT model.

The internal node: Each internal node represents a pivotal point in the decision
tree’s path. At these nodes, the bootstrapped dataset undergoes division into subsets
based on true/false conditions, determined by predictors like zenith angle, dew point
temperature, cloud opacity, etc. Utilizing the mean squared error (MSE), the algorithm
selects the optimal split at each node. This process aims to minimize the variance
within each subset, thus facilitating the creation of groups with closely aligned GHI
values. The recursive splitting continues from the root node down the tree until
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reaching the leaf nodes, guiding the tree’s evolution toward more refined predictions.
The mean squared error (MSE) is calculated using the following formula:

14 .
MSE = — %" =(yi - 9i)” (1)
i=1

Here, n represents the number of samples, yi denotes the actual GHI values, and §i
signifies the predicted GHI values for each sample.

4.  Stopping criteria: Stopping criteria prevent the algorithm from excessively splitting
the data, ensuring the model does not become overly complex or specific to the train-
ing data. The algorithm typically stops when each group of data at a node becomes
quite small, either containing just one sample or having samples with identical GHI
values. This ensures better generalization to new data.

5. The leaf node: A leaf node represents the endpoint of a branch in the tree. It signifies
a terminal point where no further splits occur. Each leaf node contains the predicted
GHI value for the subset of data that has traversed through the tree and arrived at
that specific node. This prediction is based on a particular combination of inputs (e.g.,
air temperature, cloud opacity) and is calculated as the average GHI value derived
from the actual GHI values of the samples in that subset. Leaf nodes serve as the final
predictions made by the decision tree model.

6. Ensemble aggregation: Each decision tree within the RF makes a prediction at its
leaf nodes based on the data it was trained on. The RF model then collects these
predictions from all its trees and typically calculates the average to determine the final
prediction. This means the RF’s prediction is essentially an average of the predictions
from each decision tree, each contributing based on the subset of the data from which
it has learned. This ensemble method enhances the prediction’s accuracy and stability,
as it combines the strengths of multiple trees, rather than depending on just one.

7.  Prediction on unseen data: When new predictors are introduced, the tree uses the
splits it learned during training to navigate the new data point down the tree. The new
data follow splits introduced during model training, and any deviation in predictor
values leads to a corresponding adjustment in the predicted target value. Since the
model has been trained on a variety of data samples, it can handle different scales
and distributions in the predictors space. The final prediction for the unseen target is
derived by averaging the predictions from all the trees, which compensates for any
individual tree’s errors and leads to a more accurate and stable prediction.

The process of splitting the bootstrapped dataset in the model, from the root node
through the internal nodes to the leaf nodes, is illustrated in Figure 2. This diagram captures
a single DT within the RF, showcasing how the algorithm recursively partitions the data
based on feature values to build a predictive model. Each split represents a decision rule
applied to a subset of the data, ultimately leading to the leaf nodes, which provide the
final predictions. This visualization helps to understand the hierarchical structure and
decision-making process within RF.

2.3. Extreme Gradient Boosting Regressor

The next step in the analysis was to employ extreme gradient boosting (XGBoost) [29]
in the RF to enhance the regression model’s performance. XGBoost applies a boosting
technique to each decision tree within the RF ensemble, iteratively improving the regression
predictions based on the residuals from previous trees. Mathematically, the boosting process
can be explained as follows:
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Relative humidity < 44.3
squared_error = 83560.0

samples = 15
value = 202.9

samples = 3 samples = 12
value = 755.5 value = 72.8

l

squared_error =-0.0

Dew point temperature < 8.5 Azimuth angle < 122.5
squared_error = 34848.0 squared_error = 6249.9

Dew point =16 Azimuth angle <-111.0

squared_error =-0.0

wa’::ﬁ;{; : 21 = samples = 1 squa'se;;;{::: 121644‘2 samples = 1
value = 852.1 VENEEAESS value = 43.3 palle s 0
= T Surface pressure < 855.9 Cloud opacity < 46.2
w:::;g;o; ; 00 wg’:‘ﬁ;?;] -00 squared_error = 1282.2 squared_error = 399.9
value =716.8 value = 919.7 Samples= e e
- - value = 102.2 value = 10.5

Zenith angle < 83.0 —
squared_error = 44.1 Squared_lerro_r : 0.0
samples =7 3:{:}5 fse; !
value = 3.8 = 64.

Dew point <-79 =
squared_error = 559.3 squasv:ni_le;rso;q -00
SR valus = 1309
value =77.
squared_error = 0.0 squared_error = 0.0 squared_error = 0.0 squared_error = 0.0
samples = 1 samples = 1 samples = 1 samples = 6
value = 43.6 value = 93.8 value = 15.3 value = 0.0

Figure 2. Example of random forest decision tree structure.

1.

Initialization: Given a training dataset ((xl-, yi)ﬁzl}), where (x;) represents the
predictors and (y;) represents the target variable, we initialize the regression model
with a constant prediction, i.e., the mean of the target variable: ( Foxy = (ymmn)) .

Sequential Fitting of Weak Learners: For (m =1,2,..., M ), where M is the prede-
fined number of iterations, we fit a weak learner ( hm(x)) , typically a shallow decision

tree (a decision tree with minimal levels of splits), to the residuals of the training data
by minimizing a loss function, mean squared error (MSE):

L(%v Fim—1}(x) + hm(x») @)

Residual Calculation: We calculate the residuals, which are the differences between
the observed target values (y;) and the current model predictions (F(,, _1)(y;))-

Focusing on Residuals: We train the next weak learner (hm(x)) to predict these

residuals. This directs the learning towards the most challenging cases.
Combining Weak Learners: We update the model by adding the weighted (scaled) pre-

diction of the new weak learner to the previous model (Fm(x) =Foun1y0) + ’ymhm(x)),

where ( vy,) is the learning rate that scales the contribution of (hm(x)) .

Termination: We continue the process until reaching the maximum number of iter-
ations (M), or until the model no longer shows improvement. The final regression
model is represented as:

M
Fpxy = Fox) + { 21}7mhm(x) 3)
m=

where

. (P M(x)) is the final ensemble model after M iterations;
. (hm( x)> is the prediction of the m-th weak learner;

®  (ym) is the learning rate for the m-th weak learner.

By integrating XGBoost with RF, the DTs within the RF are boosted to improve their

accuracy, leading to better overall predictions.
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2.4. Data Sampling and Representation Optimization Based on Cloud Opacity Levels

Cloud opacity is a measure of a cloud’s impenetrability to electromagnetic or other
kinds of radiation, especially visible light [38]. In the context of meteorology and weather
prediction, cloud opacity is used to describe how much sunlight clouds let through [39].

Clouds can be categorized into the following three types based on their opacity [39]:

1. Transparent: These are thin clouds through which light passes easily, and through
which people can even see the blue sky. We could consider these as clouds with
opacity from 0% to about 33%.

2. Translucent: These are medium-thickness clouds that let some sunlight through, but
through which people cannot see the blue sky. These could be clouds with opacity
from about 34% to about 66%.

3. Opaque: These are thick clouds that do not allow light to pass directly, although light
can diffuse through them. Such thick clouds often look gray. When the sky is overcast,
or when these clouds are in front of the sun, it is impossible to tell where the sun is.
These would be clouds with opacity from about 67% to 100%.

Cloud opacity is crucial in solar irradiance prediction because it affects the amount
of sunlight that reaches the Earth’s surface. Different cloud opacity levels correspond to
different cloud conditions, which, in turn, result in diversified GHI related to different
cloud states.

In our study, to simulate the challenge of having limited data we first utilized only 1%
of the randomly chosen data points for training. Then, in contrast, we used Python 3.11 to
implement an active learning approach [40] to enhance model accuracy, beginning with a
uniform representation of 1% of the training data points based on cloud opacity.

Initially, we grouped the data points based on their associated cloud opacity levels,
ensuring that each group represented a specific GHI. Subsequently, the Python code cal-
culated the total number of data points necessary to represent one percent of the initial
dataset. Once determined, the code calculated the number of data points to select from each
group to ensure uniform representation. This was achieved by dividing the total number
of data points required by the number of groups (G) present in the dataset:

Nielected
Neroup_selected = -G 4)

Following this determination, the code iteratively selected data points from each group
to maximize model performance based on mean squared error (MSE). We trained the model
until it showed its best performance, by using different randomly selected data points from
each group, ensuring that they collectively represented one percent of the initial dataset.
Finally, the selected data points were consolidated into a single training dataset. This
dataset comprises data points uniformly sampled across different cloud opacity levels,
ready for model training.

The application of an active learning method ensures a more balanced representation
of available data, particularly when dealing with small and limited datasets. Randomly
selecting data points may result in certain subsets of the data being underrepresented
or overlooked, potentially leading to the omission of critical patterns or relationships
necessary for effective model training.

2.5. Synthetic Data Generation

Our approach to generating synthetic data was crafted to address the limitations of
our training dataset, aiming to strengthen the accuracy and robustness of our model. The
process of generating synthetic data was centered around a Python-based algorithm. Its
objective was to create and use synthetic variables to predict GHI data points that closely
resembled real-world conditions represented by the original predictors.

To expand the training dataset, we defined a range of multiplier values, typically
ranging from 1 to 20 with a step size of 0.1. This range was carefully chosen, as further
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expansion did not lead to improvements in model accuracy. Next, we iterated over each
predictor in the dataset and multiplied its values by each multiplier, effectively creating
new instances with variations in the original predictors. These modified predictors were
then used to predict new GHI values, resembling the process of testing the model on
unseen data.

Subsequently, we concatenated the modified predictors and new GHI values with the
original training dataset. This resulted in an expanded training dataset containing a diverse
set of instances with variations in the original predictors. Expanding the training dataset in
this manner enhances the diversity of the data, enabling machine learning (ML) models to
learn from a broader range of predictor combinations.

To further improve the diversity of the dataset, we implemented a range of established
data augmentation techniques [32]. These techniques included the following:

e  Flipping: mirroring existing data points to introduce variations that capture inverted
scenarios, such as changes in solar angles.

e Rotating: applying rotations to data points to simulate different solar angles and
azimuths, thereby expanding the dataset’s coverage of potential conditions.

e  Scaling: introducing scaling factors to data points to represent varying magnitudes of
meteorological and atmospheric quantities, effectively diversifying the dataset.

e Introducing Random Noise: injecting controlled random noise into the synthetic data
to mimic the inherent variability in real-world atmospheric conditions.

2.6. Model Testing

In the final stages of our methodology, after we trained our model using a structured
dataset from the year 2019, which we created by combining the original dataset with
the synthetic and augmented data, we evaluated the model’s performance using 2021 as
a testing dataset. Our assessment included several metrics, such as root mean squared
error (RMSE), mean absolute error (MAE), mean bias error (MBE), and the coefficient of
determination (R?).

2
n
Zi:1 (Yobserved,i - predicted,i)

RP=1- . (5)

Z?:1 (Yobserved,i - observed)

Here, R? is a statistical measure that represents the proportion of the variance for GHI
that is explained by predictors, n is the number of data points, Y,pgerved i represents the
observed solar radiation at time i, Ypredicted,i represents the predicted solar radiation at time

i, and Yypgerved 1S the mean of observed solar radiation.

RMSE measures the differences between the predicted and observed solar radiation.
This is the standard deviation of the residuals (prediction errors), which are a measure of
how far from the regression line the data points are.

1 n 2
RMSE = n Z (Yobserved,i — Ipredicted, ) (6)

i=1

MAE is the average of the absolute differences between prediction and actual observa-

tion.
1 n
MAE = —
n

)

Yobserved,i - Ypredicted,i

MBE is the average of the differences between prediction and actual observation.
Unlike MAE, the differences are not taken as absolute values. This means that MBE can
indicate if the model tends to overestimate (positive MBE) or underestimate (negative MBE)

the actual values.
1 n
MBE = E Z (Yobserved,i - Ypredicted,i ) (8)
i=1
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3. Results and Discussion

This section presents the findings from this study and discusses their implications for
addressing challenges associated with data scarcity in solar energy prediction. This study
highlights the potential effectiveness of the approach in optimizing the distribution of
training data [40], as illustrated in Figure 3. By identifying the minimum number of hours
of measured global horizontal irradiance (GHI) required for each sky condition to train the
ML model, the effectiveness of this optimization strategy in enhancing model performance
is analyzed. An emphasis is placed on the model’s preference for clear sky days during
training and its broader impact on overall accuracy. The practical implications of the
approach, including enhancements in equipment maintenance and data collection, are
discussed. This study also evaluates the accuracy and reliability of the model, emphasizing
the advantages of integrating synthetic data and augmentation techniques.

50
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Figure 3. Cloud opacity range and corresponding hours of measured GHI selected for model training.

3.1. Preference for Clear Sky Days and Training Impact

As can be seen in Figure 3, various locations across Europe exhibit notable similarities
in terms of hours of GHI for training with corresponding cloud opacity values. In particular,
the model tends to select GHI data for training related to clear sky days (transparent
opacity). This preference is derived from the simplicity and predictability of clear sky
conditions, which offer stable and consistent relationships between weather quantities
(such as solar angles, air temperature, and humidity) and GHI [41]. Clear sky days have
less noise and fewer confounding factors, allowing models to achieve lower error rates and
better generalization on unseen data [41]. This phenomenon is consistent with findings that
ML models often perform better on regular and less noisy data [42,43]. The predictability
of GHI is significantly higher under clear sky conditions [44], supporting the preference for
clear sky data points [44].

Training on clear sky days improves the model’s overall performance, even when
predicting GHI for all sky conditions (clear, intermittent, and overcast) [45,46]. By first
learning the fundamental patterns from clear skies, the model builds a strong founda-
tional understanding of the underlying physical relationships governing GHI [45,46]. This
foundation allows the model to adapt more effectively to complex and variable patterns
under intermittent and overcast conditions [45,46]. Training the model with GHI data
associated with low cloud opacity values, i.e., clear sky conditions, helps identify and focus
on the most relevant predictors without being negatively affected by noise, leading to a
better initial model fit and robust generalization capabilities [42]. In essence, the model,
by first mastering the easier clear sky examples, incrementally tackles more challenging
cases through a form of active learning [40,47,48]. This staged learning process reduces
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the overall error for clear days, which may be more frequent, thus improving overall
performance metrics.

3.2. Practical Implications and Data Collection

Our methodology can be seen as an important guide for selecting specific days in a
year for instrument inspection, maintenance, and training data collection for ML models
to ensure accurate predictions. This information helps to calibrate the instruments more
accurately, thereby reducing the need for inspections throughout the year. It also makes
equipment maintenance easier because it can be more precisely scheduled. By focusing
on critical days for accurate predictions, proactive maintenance planning becomes more
efficient, reducing unexpected downtime and ensuring consistent data accuracy. Such an ap-
proach is potentially sustainable and cost-effective, making it possible to save considerably
and thereby minimizing any waste.

In addition, our approach also has benefits in terms of data collection. It minimizes the
amount of work required for collecting data by concentrating on those days with specific
sky conditions that are essential for obtaining accurate predictions [49]. This streamlined
approach hints at potential optimizations in the allocation of time and resources, which
could result in a more cost-effective process. This is especially relevant in remote or
hard-to access locations where data collection can be resource-intensive [50]. Additionally,
improved data quality arises from the reduced influence of confounding variables like
cloud cover or extreme weather conditions, which can introduce inaccuracies into the
dataset [51]. These enhancements in data quality have the potential to elevate the accuracy
and efficacy of GHI prediction. However, we should highlight that these advantages are
currently theoretical and require further experimental validation and testing to confirm
their real-world benefits.

3.3. Model Accuracy and Reliability

As regards the accuracy of the model, it achieved an R? score ranging from 0.91 to
0.97 when evaluated against the 2021 testing dataset. This performance signifies a robust
correlation between the predicted and actual GHI values, as evidenced in Table 3, which
shows performance metrics under three different scenarios:

1.  Random Distribution: with no guided distribution of the training data.

2. Best Distribution: with guided best distribution of the training data to improve
model accuracy.

3. Synthetic Data: incorporating synthetic data to further enhance the model accuracy.

Furthermore, the low RMSE, MAE, and MBE values provide strong evidence of the
quality of prediction accuracy. Notably, these metrics showcase a significant decrease in
error rates when synthetic data with augmentation techniques are integrated, indicating a
close alignment between our model’s predictions and actual GHI values.

Moreover, the uncertainties associated with the measurements, particularly those
from the utilization of first- and second-class pyranometers, can be analyzed to better
understand the accuracy level of the model. Considering the theoretically achievable daily
uncertainty of hourly GHI at a 95% confidence level, the first-class pyranometers typically
have an uncertainty of around +8% and second-class pyranometers an uncertainty of
around £20% [52]. The ability of the proposed model to minimize error rates even in the
presence of such uncertainties underscores its robustness and reliability in predicting GHI
accurately across varying atmospheric conditions.

To illustrate the impact of our approach, Figure 4 includes scatter plots depicting
the model’s performance under different training data scenarios: random distribution,
best distribution, and synthetic data scenarios, focusing on predicted versus observed
GHI values.
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Table 3. Performance metrics for GHI prediction with and without synthetic data generation and
augmentation techniques.

RMSE MAE MBE
. 0 2
City Scenario R [W m-2] [W m-2] [W m-2]
Random Distribution 0.84 99.75 71.36 39.03
Aosta Valley Best Distribution 0.93 68.16 48.25 20.10
Synthetic Data 0.97 42.64 20.33 3.13
Random Distribution 0.79 114.93 78.61 38.58
Bolzano Best Distribution 0.88 87.90 57.77 20.57
Synthetic Data 0.91 74.61 41.82 3.06
Random Distribution 0.83 103.47 72.97 39.14
Burgos Best Distribution 091 73.74 50.69 20.74
Synthetic Data 0.96 52.93 29.07 3.32
Random Distribution 0.81 107.88 77.83 38.80
Eindhoven Best Distribution 0.91 76.26 53.88 19.71
Synthetic Data 0.95 53.52 28.90 3.16
Random Distribution 0.80 110.58 73.93 38.80
Esine Best Distribution 0.88 86.25 58.87 19.93
Synthetic Data 0.93 66.40 38.62 3.12
Random Distribution 0.81 108.11 73.96 38.71
Innsbruck Best Distribution 0.89 82.96 55.76 20.78
Synthetic Data 0.93 67.84 39.53 3.00
Random Distribution 0.86 94.88 65.29 39.11
Krakow Best Distribution 0.92 68.87 47.57 19.52
Synthetic Data 0.97 45.93 19.03 3.06
Random Distribution 0.80 111.75 77.77 38.73
Locarno Best Distribution 0.88 88.42 61.68 20.25
Synthetic Data 0.92 69.97 38.42 3.06
Random Distribution 0.78 118.18 80.65 29.05
Nice Best Distribution 0.84 98.56 67.60 9.63
Synthetic Data 0.88 87.31 53.51 -9.07
Random Distribution 0.78 118.09 83.24 43.98
Paris Best Distribution 0.90 80.52 51.28 24.72
Synthetic Data 0.94 62.62 31.73 7.56
Random Distribution 0.86 94.75 68.18 27.66
Piatra Neamt Best Distribution 0.94 58.95 44.31 6.49
Synthetic Data 0.97 40.03 32.57 —11.89
Random Distribution 0.84 101.49 69.58 36.15
Sarajevo Best Distribution 0.92 71.01 45.89 16.49
Synthetic Data 0.94 59.46 33.62 -1.01
Random Distribution 0.75 124.18 87.09 41.58
Sivas Best Distribution 0.85 97.64 64.37 23.78
Synthetic Data 0.89 84.30 46.38 6.93
Random Distribution 0.78 117.47 83.78 39.59
Vilnius Best Distribution 0.88 86.98 58.93 20.38
Synthetic Data 0.92 71.53 39.86 3.12

In the random distribution scenario, the scatterplot shows a wide dispersion of data
points around the line of perfect agreement. This dispersion arises from the limited
and less representative training data, particularly lacking critical hours of clear sky days.
Consequently, the model struggles to predict accurately, resulting in significant errors.

Conversely, the best distribution scenario exhibits a tighter clustering of data points
around the line of perfect agreement. Here, the training dataset includes a higher proportion
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of clear sky days, improving the model’s ability to generalize and predict GHI values more
accurately, thus reducing errors.

The synthetic data scenario shows the least dispersion among the plots, with data
points closely aligned with the line of perfect agreement. By leveraging synthetic data
generation and augmentation techniques, this scenario effectively expands the training
dataset. Augmenting the data enhances the model’s robustness and accuracy by exposing
it to a broader range of conditions during training.

In summary, Figure 4 underscores the critical role of the training data quality and
quantity in model performance. The random distribution scenario, constrained by lim-
ited and less representative data, leads to higher prediction errors. In contrast, the best
distribution scenario, with strategically selected and representative data, significantly
improves prediction accuracy. The synthetic data scenario further enhances accuracy
through data augmentation, demonstrating the benefits of enlarging and diversifying the
training dataset.
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Figure 4. Comparative scatterplots of model performance (from left to right): random distribution,
best distribution, and synthetic data scenarios.

The inclusion of synthetic data generation and augmentation techniques has not only
improved the model’s accuracy but also enhanced its reliability. By expanding our initial
training dataset, the model now demonstrates improved predictive capabilities across
various scenarios, including complex meteorological conditions such as those found in
mountainous regions.

4. Conclusions

In conclusion, our study presents a cautiously optimistic approach for addressing
the challenges posed by data scarcity in solar energy prediction. By integrating extreme
gradient boosting (XGBoost) with random forest (RF) regression and employing active
learning techniques, such as data sampling based on cloud opacity levels, and synthetic
data generation and augmentation techniques, we have developed a methodology aimed
at improving solar irradiance prediction.
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Our results suggest the potential effectiveness of our approach in optimizing model
performance across various locations in Europe and Asia Minor. By iteratively selecting
GHI datapoints for model training and its corresponding predictors based on cloud opacity
values, we have enhanced the model’s ability to make an accurate prediction of hourly
GHI for all sky conditions. The integration of synthetic data generation and augmentation
techniques to expand the training dataset has farther enhanced the model’s ability to make
accurate predictions. Indeed, developed machine learning models achieved high accuracies,
with an R? score ranging from 0.91 to 0.97 and substantial reductions in RMSE, MAE, and
MBE values, consistently across the selected locations. The findings also suggest that by
optimizing the distribution of training data based on cloud opacity values, we may be able
to identify specific days with favorable sky conditions for accurate GHI measurements.

The proposed approach has the potential to improve data collection efficiency, reduce
costs, enhance data quality, and possibly aid in instrument calibration. For instance,
our methodology may be considered for optimizing maintenance schedules, potentially
reducing downtime, lowering maintenance costs, and extending the lifespan of equipment.

The proposed method has the potential to positively impact renewable energy gen-
eration by improving the accuracy of solar irradiance predictions. This could enable
photovoltaic (PV) systems and solar water heaters to optimize operations, potentially
leading to increased green energy production and more efficient resource use. These im-
provements support efforts to increase the share of renewable energy and reduce reliance
on fossil fuels. More accurate predictions may help maximize efficiency, resulting in greater
energy savings and potentially lower electricity bills.

Future research in this field could delve deeper into refining the synthetic data genera-
tion process, optimizing the integration of additional meteorological and environmental
parameters, and extending the methodology to other regions. Additionally, testing the
proposed methodology for predicting tilted irradiance (global tilted irradiance, GTI) is
a crucial next step. Instead of focusing solely on cloud opacity, future studies should
consider the distribution of training data based on sky cover and sunshine duration to
further enhance prediction accuracy and reliability.
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