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Abstract

Photovoltaic panels have become a promising solution for generating renewable energy
and reducing our reliance on fossil fuels by capturing solar energy and converting it into
electricity. The effectiveness of this conversion depends on several factors, such as the qual-
ity of the solar panels and the amount of solar radiation received in a specific region. This
makes accurate solar irradiance forecasting essential for planning and managing efficient
solar power systems. This study examines the application of machine learning (ML) models
for accurately predicting global horizontal irradiance (GHI) using a three-year dataset from
six distinct photovoltaic stations: NELHA, ULL, HSU, RaZON+, UNLV, and NWTC. The
primary aim is to identify optimal shared features for GHI prediction across multiple sites
using a 30 min time shift based on autocorrelation analysis. Key features identified for ac-
curate GHI prediction include direct normal irradiance (DNI), diffuse horizontal irradiance
(DHI), and solar panel temperatures. The predictions were performed using tree-based
algorithms and ensemble learners, achieving R? values exceeding 95% at most stations,
with NWTC reaching 99%. Gradient Boosting Regression (GBR) performed best at NELHA,
NWTC, and RaZON, while Multi-Layer Perceptron (MLP) excelled at ULL and UNLV.
CatBoost was optimal for HSU. The impact of time-shifting values on performance was
also examined, revealing that larger shifts led to performance deterioration, though MLP
performed well under these conditions. The study further proposes a stacking ensemble
approach to enhance model generalizability, integrating the strengths of various models for
more robust GHI prediction.

Keywords: global horizontal irradiance; solar energy; machine learning; explainable Al

1. Introduction

Climate change, driven by global warming, has become one of the most pressing
challenges of our time. In response, nations worldwide have committed to seeking effective
solutions to mitigate its impact [1]. A landmark step in this direction was the Paris Agree-
ment of 2015, which set a critical objective: limiting the rise in global average temperature
to well below 2 °C above pre-industrial levels, with an aspirational target of 1.5 °C. Achiev-
ing these ambitious goals requires a fundamental shift toward renewable energy sources,
particularly green energy technologies that can replace fossil fuels [2]. Among these, solar
energy stands out as one of the most promising and abundant resources available.
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Solar energy’s potential hinges on the efficient utilization of solar irradiance—the
power per unit area received from the sun through electromagnetic radiation. Solar irra-
diance plays a pivotal role in optimizing the performance of solar panels and other solar
energy systems. Accurate forecasting of solar irradiance is essential for maximizing the effi-
ciency of photovoltaic (PV) systems and ensuring reliable integration into the power grid.
Among the various parameters of solar irradiance, predicting global horizontal irradiance
(GHI) —the total amount of solar radiation received on a horizontal surface—is the first
and most crucial step in most PV power prediction systems [3].

The prediction of GHI has been widely studied in the literature, with researchers
proposing a variety of methods to address the challenges of accuracy, scalability, and
generalization [4]. Table 1 summarizes the key approaches and their classifications. Recent
advancements in machine learning (ML) have opened new avenues for improving GHI
forecasting, making it a focal point of this study. For instance, in [5], the authors introduced
a novel solar irradiance forecasting method designed to optimize photovoltaic generation
planning and management in smart grids. Their approach combined long short-term
memory (LSTM) models with the Choquet integral for aggregation, achieving superior
accuracy compared to traditional methods such as ARIMA and persistence models. The
success of this method highlights the importance of modeling temporal changes and

capturing interactions between predictions.

Table 1. Summary of GHI forecasting methods.

Method Description Advantages Disadvantages
Utilize historical weather data to May not capture complex
Statistical identify patterns and predict future GHI. ~ Simple, quick, and often weather patterns; less

Methods [6]

Includes methods like regression
analysis, ARIMA, and time-series
analysis.

effective for short-term
forecasts.

effective for long-term
forecasts.

Physical
Models [7]

Rely on physical principles and
equations that govern the atmosphere
and solar radiation. These models
include clear-sky models and radiation
transfer models.

More accurate as they are
based on physical laws;
suitable for clear-sky
conditions.

Require detailed atmospheric
data; computationally
intensive.

Hybrid
Models [8]

Combine statistical and physical models
to leverage the strengths of both
approaches for more accurate
predictions.

Can provide better
accuracy by integrating
multiple data sources and
methods.

Complex to implement and
may require substantial
computational resources.

Machine
Learning
Tech-
niques [7]

Use algorithms like neural networks,
support vector machines, and random
forests to learn from large datasets and

make predictions.

Capable of handling large
datasets and capturing
complex relationships.

Require large amounts of
data and computational
power; can be a ‘black box’.

Satellite-
Based
Models [9]

Employ satellite imagery to estimate
GHI by analyzing the amount of cloud
cover and other atmospheric conditions.

Provide spatially
comprehensive data and
can cover large areas.

Depending on satellite data
availability and quality, they
may have time delays.

Numerical
Weather
Prediction
(NWP)
Models [10]

Use complex mathematical models to

simulate the atmosphere and predict

GHI based on weather forecasts and
other meteorological data.

Highly accurate and can
provide detailed forecasts
for various time scales.

Computationally expensive
and requires
high-performance computing
resources.

In [11], researchers tackled the challenge of forecasting solar irradiance in locations

lacking historical data by leveraging metric learning techniques. By using irradiance
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measurements from sites with similar radiation patterns, they demonstrated that accurate
models could be trained even in data-scarce regions. When combined with clear-sky
models and relevant meteorological data, this approach significantly improved forecasting
accuracy, offering a practical solution for deploying solar PV systems in new locations.

Another innovative approach was presented in [12], where real-time surface irra-
diance mapping models were used to forecast minutely solar irradiance under varying
cloud conditions. By extracting RGB values and position information from sky images, the
authors achieved high forecasting accuracy across different cloud types, including blocky,
thin, and thick clouds. This method underscores the potential of real-time data processing
in addressing rapid fluctuations in solar irradiance. In [13], the authors presented Gaus-
sian Process Regression (GPR) as a new accurate soft computing model to predict daily
and monthly solar radiation in Mashhad, Iran, using meteorological data from 2009 to
2014. They employed sensitivity analysis to identify the most relevant input features and
evaluated the model using metrics such as mean absolute percentage error (MAPE), root
mean square error (RMSE), and efficiency factor (EF). The aim was to develop a reliable
prediction model for solar radiation using minimal and relevant meteorological parame-
ters. The results showed that the GPR model achieved high accuracy, with an MAPE of
1.97%, RMSE of 0.16, and EF of 0.99 for daily predictions, and that monthly models trained
individually provided better performance. Furthermore, the model demonstrated strong
generalizability and stability under different training set sizes using 5-fold cross-validation.
Machine learning methodologies such as Hidden Markov Models (HMMs) and Support
Vector Machine (SVM) regression have also shown promise in short-term solar irradiance
forecasting [14]. The results show that these machine learning-based forecasting algo-
rithms can accurately predict solar irradiance for future 5-30 min intervals under different
weather conditions. The experimental evaluations, performed using the Australian Bureau
of Meteorology dataset and analyzed via the MATLAB interface Weather Forecasting Plat-
form, demonstrated the effectiveness and importance of these methodologies in enhancing
forecasting precision.

Deep learning techniques have also emerged as powerful tools for solar irradiance
prediction. In [15], deep recurrent neural networks (DRNNs) outperformed traditional
methods like support vector regression (SVR) and feedforward neural networks (FNNs)
in terms of accuracy. Applied to real-world data from a Canadian solar farm, DRNNs
showcased their potential for big-data applications in renewable energy forecasting. Other
notable works are summarized in Table 2.

1.1. Problem Formulation

Solar irradiance, defined as the measure of light energy output from the sun received
at the Earth’s surface, serves as the foundation for harnessing solar energy [4]. This energy
can be captured primarily through two methods: photovoltaic (PV) cells and concentrated
solar power (CSP) plants.

e Photovoltaic cells:
1.  Operation: PV cells, commonly arranged into solar panels, directly convert
sunlight into electricity.
2. Usage: This method is widely used in residential, commercial, and utility-scale
solar energy systems.
¢  Concentrated solar power (CSP) plants:

1.  Operation: CSP plants use mirrors or lenses to concentrate sunlight onto a small
area, generating heat. This heat is then used to produce electricity.
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2. Scale: Typically, large-scale operations requiring substantial infrastructure and
investment.
3. Advantage: CSP can provide a consistent and reliable renewable energy source.

To effectively quantify and forecast PV power production, global horizontal irradiance
(GHI) is a critical meteorological parameter. GHI measures the total irradiance received
on a horizontal surface and is influenced by factors such as location, time, weather, and
season. It comprises three main components:

1.  Direct normal irradiance (DNI): Solar radiation received directly from the sun, unaf-
fected by the atmosphere.

2. Diffuse radiation (DI): Indirect radiation scattered by atmospheric particles, clouds, or
other meteorological elements.

3. Albedo: The ratio of the reflected to incident radiation flux.

Understanding, predicting, and measuring these components is essential for designing
efficient solar irradiance-based systems. A graphical representation of these entities is
provided in Figure 1, adapted from [16].
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Figure 1. GHI components and solar PV interception.

A key strength of this work lies in the adaptability of the proposed solution across six
distinct solar forecasting sites. This versatility is attributed to the extensive preprocessing
and analysis steps, which leverage multiple time-shifted versions of GHI values along with
their relevant linked features. The application of autocorrelation and partial autocorrelation
analyses facilitates the identification of optimal time shifts, ensuring the best possible
performance from the regressors. This was validated through an in-depth analysis of metric
variations across different shift configurations. Furthermore, the study highlights the
varying responses of different ensemble compositions across sites, with models consistently
achieving high R? values. The integration of explainable Al (XAI) techniques further
enhances interpretability, allowing for a comprehensive investigation and validation of
results by identifying the most critical features. In terms of generalization, the proposed
approach outperforms those in the existing literature by effectively addressing previously
overlooked challenges, thereby advancing the state of the art in solar forecasting.
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Table 2. Summary of solar irradiance forecasting studies.

Reference Contribution Models Used Result
Develop a real-time solar Cloud tracking techniques, The techniques outperformed
[17] irradiance forecasting implanted fisheye network existing forecasting models at two
technique camera, ANN algorithm locations.
Review the use of ANNs in .
solar power generation ANN usage increases accuracy;
[18] . ANN hybrid systems and instrument
forecasting and analyze A
. calibration improve accuracy.
measurement instruments
. Extreme gradient boosting The proposed model outperformed
[19] Forecast hourly GHI using forest, deep neural network, standalone ML and DL models in

ensemble model

ridge regression

stability and accuracy.

[20]

Compare ML and DL methods
for predicting solar irradiance

SVR, Random Forest,
polynomial regression, ANN,
CNN, RNN

DL algorithms were more accurate
but required more computational
power than ML algorithms.

[21]

Predict daily solar irradiance

Feed Forward Neural Nets
(FFNNs), empirical models,
Holt—Winters, RSM

ANN model outperformed
Holt-Winters, RSM, and empirical
models.

[22]

Model solar radiation using
robust soft computing method

Least square support vector
machine, multi-verse optimizer
algorithm, genetic algorithm,
gray wolf optimization, sine
cosine algorithms

The proposed technique
outperformed others in terms of
accuracy.

[23]

Develop hourly day-ahead
solar irradiance forecasting
model

LSTM+RNN, FEFNN

The proposed approach
outperformed FENN; simulation
showed 2% increase in annual
energy savings.

[24]

Predict solar irradiance using
hybrid models and
probabilistic forecasts

PSO-XGBoost, PSO-LSTM,
PSO-GBRT, ANN, CNN, LSTM,
RF, GBRT, XGBoost

PSO-LSTM showed superiority for
day-ahead solar prediction.

Current

Predict GHI for the next ¢
temporal step with 6 different
stations at once, different
characteristics, and different
lagged versions

Tree-based algorithms, MLP,
ensemble learners

Tested with different sites that
have different features. Analyzed
the impact of GHI for different
time-shifted input data.

1.2. Motivation, Contributions, and Organization

Predicting solar irradiance is crucial for optimizing solar power generation, ensuring
grid stability, and supporting energy forecasting and trading. Accurate irradiance forecasts
enhance climate and weather modeling, aiding in climate research and agricultural plan-
ning. They also play a vital role in environmental monitoring, air quality management,
and assessing renewable resources. Moreover, reliable solar irradiance predictions inform
energy policies, investment decisions, and the development of advanced solar technologies.
Leveraging machine learning for this purpose promises improved accuracy and efficiency,
thereby maximizing the benefits of solar energy and contributing to a sustainable future.

In this work, we enhance our latest solar irradiance prediction scheme, developed
in [4], in terms of generalization. We use several stations of PV panels and create time-
lagged versions of the data, meaning that a new dataset is generated by considering win-
dows of historical feature values and forecasting the next GHI value and time Tcyyent + I7,
where J7 is a step into the future. Our approach involves analyzing data from multiple solar
panel sites in diverse locations. This allows us to provide a detailed analysis of the features
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that improve prediction accuracy for each site. Subsequently, we establish a consensus on
the most critical features for a generalized machine learning model. This model aims to
predict solar irradiance effectively across different sites with similar configurations. Our
methodology represents a novel approach as it transitions from localized prediction models
to a more generalizable framework. The results of this study could surpass the limitations
of site-specific models, offering a versatile solution for solar irradiance prediction.

The remainder of the paper is structured as follows. Section 2.1 details the dataset,
the designed framework, the machine learning models utilized, the evaluation strategies
adopted, and the steps taken for exploratory data analysis. Section 3 presents findings
from six stations, evaluating the performance of various machine learning models across
different time shifts and forecasting horizons. This section also employs explainable Al
(XAI) techniques to interpret the results, offering valuable insights into model behavior
and the significance of features. Lastly, Section 4 summarizes the key findings, highlights
the study’s contributions, and identifies promising directions for future research and
practical implementations.

2. Proposed Solution

This section details the complete operational pipeline of the proposed solar irradi-
ance forecasting solution. We address all steps, with a focus on reproducibility, from data
acquisition and cleaning to model training and evaluation. The core goal is to enable
reproducibility across all stations using a unified and explainable machine learning frame-
work. The developed solution incorporates a generalizable approach that utilizes data
from various PV stations located in different regions, each with distinct characteristics,
encompassing DNI, DHI, and GHI, which are the targets of the prediction. However, the
prediction is not solely based on raw data. As the analysis will demonstrate, there is a
strong correlation between the current GHI value and its lagged versions. Therefore, a
windowing function is created to generate data based on these windows, enabling the
forecasting of future values based on past observations.

2.1. Dataset Presentation and Acquisition

The Measurement and Instrumentation Data Center (MIDC) dataset provides com-
prehensive data from various solar radiation measurement stations. The dataset includes
both active and inactive sites, and users can access the data via a raw data API. This API
facilitates automated extraction of daily datasets from any MIDC station, ensuring that
users receive data equivalent to that retrieved using the “All Raw Data” option from the
MIDC daily data web interface [25]. The key features of the dataset are as follows:

e  Station identifier: Each station is uniquely identified by an 8-character code.

e Date range: Users can specify a date range (begin and end dates) for data extraction
with the format YYYYMMDD. If no dates are specified, the most recent day’s data is
returned by default.

*  Comprehensive headers: Each dataset includes a header describing the columns,
which may change over time. Users should read the header for proper usage.

e Instrument configuration changes: If the specified date range spans an instrument
configuration change, the API returns an error, indicating the date of the change. Users
need to make separate queries for data before and after the change.

*  Field API: Before querying the Data API, users can call the Field API to know the
available measurement parameters for a station over time.

. Station List API: Provides a comma-separated list of station identifiers, names, latitude,
longitude, and elevation.
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*  AIM Meta Data API: Offers information on instrument calibration history, location,
maintenance, etc.

A set of these station descriptors and their sites is presented in Table 3. In this work,
six stations were selected, and for each one, data spanning three years were downloaded
using the MIDC Raw Data API with the “All Raw Data” configuration. The download
script filtered for the following:

e  Station ID and name.

¢ Date range between January 2020 and December 2022.

e All available environmental and irradiance parameters (e.g., GHI, DHI, DNI, tempera-
ture, pressure).

Each station’s raw file was converted to a pandas DataFrame with unified timestamp
formatting in 30 min intervals. Files were synchronized by their UTC timestamps, and any
misaligned rows were dropped to ensure uniformity across features and stations.

Table 3. A set of possible station IDs and names.

Station ID (Link: https://midcdmz. Station Name
nrel.gov/apps/data_api_doc.pl?
_idtextlist (accessed on 23 July 2025)

RCS

BS

HSU

EC

LRSS
AODSRRLBC
AODSRRLO0S
AODSRRL1S
SS1
USVIBOVB
USVILONA
UFL

ULL

UNLV
PWVUO
UOSMRL
UTPASRL
PVSUOSMP
PVSUO
XECS

ARM Radiometer Characterization System (RCS)

Bluefield State College

Cal Poly Humboldt Solar Radiation Monitoring System (SoORMS)
Elizabeth City State University

Lowry Range Solar Station (RSR)

NREL Solar Radiation Research Laboratory (AOD SR-CEReS L2)
NREL Solar Radiation Research Laboratory (AOD SkyRad L0)
NREL Solar Radiation Research Laboratory (AOD SkyRad L1.1)
Sun Spot One—San Luis Valley (RSR)

US Virgin Islands Bovoni 2

US Virgin Islands Longford

University of Florida

University of Louisiana at Lafayette

University of Nevada—Las Vegas

University of Oregon (GPS-based PWV)

University of Oregon (SRML)

University of Texas Rio Grande Valley Solar Radiation Lab
UofO PV Resource (Samples)

UofO PV Resource

Xcel Energy Comanche Station (RSR)

2.2. Proposed Framework

The data processing and modeling workflow for multi-site solar irradiance prediction
is illustrated in Figure 2. It integrates a unified preprocessing pipeline, time-lagged feature
engineering, and model training strategy across diverse PV stations. Below is the detailed
sequence of steps:

¢ Data collection from multiple PV sites: Solar irradiance and environmental data were
collected for six PV stations over three years using the MIDC Raw Data APL For each
site, the raw files were parsed into structured DataFrames with consistent timestamp
formatting (30 min resolution).

*  Data preprocessing pipeline: The preprocessing consisted of the following clearly
defined steps:


https://midcdmz.nrel.gov/apps/data_api_doc.pl?_idtextlist
https://midcdmz.nrel.gov/apps/data_api_doc.pl?_idtextlist
https://midcdmz.nrel.gov/apps/data_api_doc.pl?_idtextlist
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Synchronization and alignment: All station data were synchronized based on
UTC timestamps. Any mismatched timestamps or duplicated entries were
dropped. Feature names were standardized (e.g., GHI, DHI, DNI) across sta-
tions to ensure schema consistency. This means that columns were renamed and
standardized (e.g., “Global Horizontal” — “GHI”). Units were converted where
necessary to ensure consistent W/m? scales.

Concatenation: After alignment, datasets from the six stations were concatenated
into a unified dataset. Each row retained its station identifier, enabling station-
specific modeling and evaluation while allowing for global analysis.

Data cleaning;:

+  Features with more than 30% missing values were dropped.
+  Remaining missing values were imputed using forward-fill interpolation.
+  Outliers were identified using the IQR method and removed per feature.

Resampling and time lagging: Each DataFrame was resampled to a specific
interval. Then, a windowing function was applied to generate time-lagged
features. Specifically, lagged versions of GHI, DHI, DNI, and other relevant
features were created fort — 1, — 2, ..., t — n intervals (e.g., past 30, 60, 90 min)
to support prediction at ¢ +1 or £ + 2.

Feature selection: A two-step feature selection strategy was adopted:

Kendall correlation coefficients were calculated between all feature pairs, exclud-
ing the target variable. To mitigate multicollinearity, one feature from each highly
correlated pair (correlation coefficient > 0.95) was removed. Furthermore, Kendall
correlation coefficients were also computed between each feature and the target
variable (GHI). Features exhibiting a correlation coefficient below 0.3 with the
target were discarded. This selection process ensured the retention of the most
relevant and informative predictors.

Feature importance scores were computed using an ensemble of tree-based mod-
els. The importance scores were averaged across models, and the top 15 most
influential features were retained for each station.

Incremental feature selection: To further refine the input space and evaluate
the contribution of individual features, an incremental feature selection strategy
was applied. Starting from the most important feature, models were iteratively
trained by progressively adding one feature at a time. At each step, model
performance was evaluated using validation metrics (e.g., RMSE and R?). This ap-
proach enabled the identification of the optimal subset of features that maximized
predictive performance while minimizing the risk of redundancy and overfitting.

Model training and evaluation strategy:

Training pipeline: The predictive task is formulated as a regression problem. The
following steps were performed for each station independently:

+  Train/test split: Each station’s cleaned and feature-selected dataset was split
into 80% training and 20% testing sets. To avoid data leakage and ensure
temporal integrity, the dataset for each site was chronologically ordered. We
then used a single-split strategy, where the first 80% of the observations
(based on timestamps) were used for training and the remaining 20% were
reserved for testing. This approach avoids shuffling or interleaving of future
observations into the training set.

+  Model initialization: Each model was initialized using a fixed random seed
(42) to ensure reproducibility.
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+  Multiple regressors were trained: MLPRegressor (3 x 100 hidden layers),
GradientBoosting, RandomForest, CatBoost, ExtraTrees, etc. All models
used fixed seeds and default hyperparameters for reproducibility. The set of
employed models includes:

MLPRegressor: The best configuration for the model was with 3 hidden
layers, each with 100 neurons, relu activation, Adam optimizer, and
10,000 epochs.

GradientBoosting, RandomForest, ExtraTrees, CatBoost, XGBoost, Light-
GBM: All tree-based regressor models were initialized using Scikit-
learn default parameters, with hyperparameter tuning skipped for uni-
form comparison.

- Model evaluation: Each model’s performance was evaluated using five metrics:
R?, RMSE, MAE, median absolute error, and MAPE.

*  Ensemble modeling: In addition to standalone models, to improve generalization, a
stacking-based ensemble was built for each station. Stacking ensemble models were im-
plemented using Scikit-learn’s StackingRegressor with 5-fold internal cross-validation.

Cleahing
-
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I | o
! .i1 : -~ \\\
I imensionali ’ N
| i I.'.-ll Dimensionality Reduction | y . N
| = [ | " / o \
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| = | ¢ — : =\ o !
| . . - | : . /
[T — | Tempqral Time Past Shift Final Data | O = Feature Selection | Training \\ Tree /
(s} 1 Synchronization | 0 - | Data N Models _~
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'
'
! il
— 2 !
=
= 1 Traini
raining
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3. Optimization

Figure 2. The proposed framework for GHI prediction.

2.3. Description of ML Models and Performance Metrics

In this work, machine learning was employed to predict solar irradiance, addressing a
regression task aimed at forecasting a continuous variable. In line with this framework,
tree-based and ensemble learning models were utilized [26-28]. A description of the
models used, which are initialized with a random state of 42 to ensure reproducibility, is
provided below.

1.  MLP: A Multi-Layer Perceptron regressor with a neural network architecture consist-
ing of three hidden layers, each containing 100 neurons. The model is set to run for a
maximum of 10,000 iterations.

2. Decision TreeRegressor: A decision tree regressor that uses a tree-like model of
decisions to predict a target value.

3. RandomForest: An ensemble learning method that constructs a multitude of decision
trees during training and outputs the mean prediction of the individual trees.

4.  ExtraTrees: An ensemble learning technique similar to the RandomForest, but it uses
the entire dataset instead of a bootstrap sample and selects split points at random.
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5. GradientBoosting: An ensemble technique that builds trees sequentially, each one
correcting errors made by the previous ones.

6. CatBoost: A gradient boosting regressor that handles categorical features natively and
is designed to be fast and accurate. The model has its verbosity set to 0 to suppress
output during training.

7. LightGBM: A gradient boosting framework that uses tree-based learning algorithms.
It is designed to be efficient and fast, especially with large datasets.

8.  XGBoost: An optimized distributed gradient boosting library designed to be highly
efficient, flexible, and portable.

While R? and RMSE metrics are commonly used in regression tasks, and MAE to some
extent, other metrics can also be significant. The performance metrics used in this work are
depicted in Table 4.

Table 4. Regression metrics.

Metric Equation Optimal Value Advantages
R2 R2 — 1 _ Zai—0)? 1 Indicates the proportion of variance explained by
a Yt (vi—9)? the model, making it easy to interpret.
_ Jivn (o, on2 Sensitive to large errors, providing a clear measure
RMSE RMSE = /5 X (v = 94) 0 of model accuracy.
_1yn o Easy to understand and less sensitive to outliers
MAE MAE = 3, Yima lvi = 9il 0 compared to RMSE.
_100% vn | vi—di o Expresses errors as a percentage, making it easier
MAPE MAPE = 52 Lia| 75 0% to interpret the relative size of errors.
Median AE Median AE — median(|y; — ;) 0 Robust to outliers, providing a more resilient mea-
- Yi—Yi sure of central tendency.
D2 D2_1_ Lk (yi—1;)2 1 Similar to R? but more suitable for specific types of
- i (vi-9)? regression models, offering additional flexibility.

2.4. Exploratory Data Analysis

The distributed data is characterized by unique features at each site. However, to
predict the GHI for the next 6 time step, the GHI values must be present in the dataset.
This requirement is met by the stations considered. For instance, the features of 3 different
stations, Natural Energy Laboratory of Hawaii Authority (NELHA), University of Louisiana
at Lafayette (ULL), and Cal Poly Humboldt SORMS (HSU), are described in Table 5. Two
more stations were used in the training, namely, REL Flatirons Campus (NWTC) and the
University of Florida (UFL).

Table 5. Environmental data descriptions and units for three stations.

Parameter NELHA ULL HSU
Units Units Units

Air temperature V(¢ QO v (¢ Q)

Avg wind direction (stdev) v (°)

Avg wind direction v (° from N) v (° from N)

Avg wind speed v'(m/s) v (m/s)

CR1000 battery v (VDC) v (VDC)

CR1000 temp V(O V(¢ O

Dew point temp V(¢ Q)

Global horizontal v (W/m?) v (W/m?2) v (W/m?)

Global PAR v (umol/s/m?)

Global UV v (W/m?)

Global UV-PFD v (umol/s/m?)

Peak wind speed v (m/s) v'(m/s)

Precipitation (accumulated) v/ (mm) v/ (mm)
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Table 5. Cont.

Parameter NELHA ULL HSU
Units Units Units

Rel humidity V' (%) v (%)

Station pressure v/ (mBar) v'(mBar)

Diffuse (stdev) v (W/m?)

Diffuse horizontal v (W/m?) vV (W/m?)

Direct (stdev) v (W/m?2)

Direct normal v (W/m?2)

Global POA (stdev) v (W/m?2)

Global POA v (W/m?)

Wind direction (stdev) v (°)

Airmass 4

Azimuth angle v (°)

CR510 battery v (VDCQ)

CR510 temp vV (° QO

Diffuse horiz (band corr) vV (W/m?)

Diffuse horiz (shadowband) v (W/m?)

Direct normal (calc) vV (W/m?)

Zenith angle V(%)

The exploration of these features toward the development of an optimal solution was

performed based on the queries described below.

What does the outlier study reveal?

Outlier analysis, an essential step for detecting factors such as fluctuations in inci-
dent radiation, solar panel performance, and faults, was performed at the three sites.
The presence of outliers can be attributed to various factors beyond those initially
mentioned. Notably, outliers were observed in the GHI series across all stations, as
shown in Figure 3. At the NELHA site, outliers were found in the global PAR, global
UV-PFD, and global UV measurements. At the HSU site, outliers were present in the
diffuse irradiance variants, direct normal irradiance, and to some extent, the airmass
feature. Lastly, at the ULL station, outliers were detected in the GHI, DNI, DHI, and
CR1000 temperature measurements. Outliers in solar irradiance data often result from
rapid and unpredictable changes in environmental conditions, sensor inaccuracies,
and calibration issues. For instance, GHI outliers across all stations may stem from
sudden weather changes, such as cloud cover or precipitation, which impact the total
solar radiation measured. At the NELHA site, outliers in global PAR, UV-PFD, and
UV measurements could be due to local variations in vegetation or atmospheric con-
ditions. At the HSU site, the presence of outliers in diffuse irradiance, direct normal
irradiance, and the airmass feature suggests sensitivity to atmospheric variability
and measurement inconsistencies. Finally, the ULL station exhibited outliers in GHI,
DNI, DHI, and CR1000 temperature readings, likely caused by sudden temperature
fluctuations or sensor exposure to environmental factors. Understanding these causes
is crucial for improving data accuracy and the reliability of solar irradiance forecasts.
The UNLYV station, in contrast, exhibited outliers in only two series: GHI and wind
cloud temperature. This suggests the impact of these values on the model’s perfor-
mance in relation to the time-shifted values. Similar to the UNLV station, the RAZON
station had outliers present in only two series, GHI and DNI, whereas the NWTC
station was characterized by the absence of outliers.
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Figure 3. Outlier analysis for (a) NELHA, (b) ULL, (c) HSU, (d) UNLYV, (e) RAZON, and (f) NWTC.
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*  What does the correlation study reveal?

Correlation analysis was conducted in parallel across all station features using the
Kendall method due to its robustness against outliers, as shown in Figure 4. This
analysis highlighted variability in feature correlations across different sites. For ex-
ample, the features most correlated with the GHI series were global PAR, CR1000
temperature, solar PV temperature, and average wind direction, with all but wind
direction showing correlations exceeding 50%. At the ULL station, the GHI series
was highly correlated with DNI and DHI, with the CR1000 temperature and solar
panel temperature also being notable factors, although solar panel temperature had a
correlation of 50%. At the HSU station, the CR510 battery and temperature showed the
strongest correlations with the GHI. From these observations, it can be inferred that
the CR1000 temperature, components of the GHI, and solar panel temperature are key
factors in predicting GHI across stations. These features exhibit positive correlations
with the GHI. Conversely, negative correlations were noted for relative humidity,
CR1000 battery, and zenith angle, suggesting these factors may inversely affect GHI
predictions. The NELHA station is characterized by a high correlation between the
global PAR and GHI, as well as the CR1000 and temperature measurements. The
UNLYV station exhibits the best feature correlations and is similarly characterized by
values of GHI that are correlated with global UVA, UVB, and the components of GHI,
which are DNI and DHI. Additionally, the airmass shows a good correlation with the
target. For the RAZON station, the components of GHI, PR1, and PH1 temperatures,
pressure, and the RAZON status with the azimuth angle all demonstrate a correlation
with the target that exceeds 50%. It is also important to note the presence of nega-
tive correlations. For some stations, the zenith angle can have a positive correlation
with the target, while for others, it may have a negative impact. This can also be
extended to the azimuth angle. Furthermore, features with a correlation of less than
0.3 can be dropped, which is a threshold used particularly for stations that have strong
correlations, exceeding 50%, with the target GHIL

Correlation Matrix with GHI - NEILOI(-)IA Correlation Matrix with GHI - Ull?)lﬁ Correlation Matrix with GHI - H1So'b’
ghi 1 ’ ghi 1 ' ghi 1 '
dni 0.86
Global PAR [umol/s/m~2] 0.98 dhi 0.69
CR1000 Temp [deg C] 0.8 0.75 CR1000 Temp [deg C] 051 0.75 CR510 Battery [VDC] 0.81 0.75
temperature temperature 037 CR510 Temp [deg C
Wind Direction (stdev) @ 3m [deg] 0.36 emp [deg C) CooL
Avg Wind Direction @ 10m [deg from N] 0.46 -0.50 - 0.50 -0.50
Global Horiz (stdev) [W/m~2] 0.33 ~
Peak Wind Speed @ 10m [m/s] 0.32 Direct (stdev) [W/m~2] 031 Direct Normal (calc) [W/m~2] 0.069
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Figure 4. Cont.
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Figure 4. Correlation analysis for the different stations with GHI: (a) NELHA, (b) ULL, (c) HSU,
(d) UNLYV, (e) RAZON, and (f) NWTC.

*  How is GHI linked to the time-lagged versions?

In this step, we focused on the lagged version of the GHI across the three stations
ULL, NELHA, and HSU. We performed autocorrelation and partial autocorrelation
analyses using the ACF and PACF functions over a 30-min horizon. This involved
resampling the data to 30 min intervals and examining how the GHI values are related
to past values at intervals of 30 min, 1 h, and 1.5 h. We considered the NELHA station
as an example for the tests. The results of these analyses are shown in Figure 5.

For the NELHA station, the time-lagged versions exhibit degrading behavior over
time. The PACEF, on the other hand, indicates that the current GHI value is primarily
linked to two highly correlated past values. Additionally, smaller correlation values
extend up to five past values, which correspond to a time lag of up to 3 h. A similar
observation is noted for the ULL and HSU stations, where these lagged versions of GHI
are mainly correlated with the values from the last 30 min. This raises another question
about how many historical shifts can influence the final results. As detailed in the
previous analysis, a notable relationship exists between the shifted and current values
of GHI. This relationship is particularly significant when constructing data windows
for prediction models. Three main machine learning models—RandomForest (RF),
CatBoost, and Multi-Layer Perceptron (MLP)—were employed to analyze the impact
of these shifted values on GHI prediction. The selection of these models was based on
their demonstrated efficacy in previous research on GHI prediction [4]. A thorough
analysis was conducted for at least eight past shifts, with the results illustrated in
Figures 6 and 7 for 30 min-ahead, 1 h-ahead, and 2 h-ahead forecasting. The analysis
of the shift influence on the variations in R?> and RMSE was performed for all the
stations across 8 shifts. For R?, it can be observed that for a 30 min shift, all stations
exhibit a consistent result across the 8 shifts, except NWTC and, to some extent, the
ULL station. However, when using shifts with higher time intervals, such as 1 h and
2 h, the results become unstable, except for the UNLV station, which shows stable
performance. This could indicate that, regardless of the shift considered, the UNLV
station’s model performance will remain stable. For RMSE, stable performance is
observed for a 30 min shift, except for the NWTC station. For 1 h and 2 h shifts,
across the 8 shifted values, a non-stable performance is observed for all stations, with
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minimal instability for the UNLYV station. It can be concluded that the shift changes
impact the R? and RMSE performance values for all stations, except for the UNLV
station, where the change is minimal yet exists.
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Figure 5. ACF and PACEF for (a) NELHA, (b) ULL, (c¢) HSU, (d) UNLYV, (e) RAZON, and (f) NWTC.
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Figure 7. Shift impact on RMSE for different forecasting horizons: (a) 30 min, (b) 1 h, and (c) 2 h.

Which features hold significant impact as predictors?

In alignment with the previous procedure, a tree average importance technique was
applied to the three stations NELHA, HSU, and ULL to identify the optimal features
that lead to the best outcomes within the regressors. For the NELHA site, when
considering only the 10 most important features, it was found that the lagged version
of GHI up to 30 min (from GHI at T-1 to GHI at T-30 min), the accumulated global
irradiance up to a 30 min lag, and up to three lags were the most impactful features for
predicting GHI at T+30 min. Other significant factors included two lagged versions of
the accumulated irradiance and three-to-five lagged versions of GHI. For the ULL site,
the important features were limited to the lagged version of GHI up to 30 min in the
past, and to a lesser extent, the second lagged versions up to 1 h earlier. Other values
were mostly not significant. This pattern extended to the HSU site, where only two
features were crucial: the lagged version of GHI up to 30 min and the lagged version
of the zenith angle up to 30 min. These observations indicate a common consensus
across all sites, highlighting that the most important feature for prediction is the first
lagged version of GHI. All these results can be seen in Figure 8.
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Figure 8. Feature importance for the different stations: (a) NELHA, (b) ULL, (c) HSU, (d) UNLYV,

(e) RAZON, and (f) NWTC.
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3. Results and D

The dataset was obtained from six different stations. After applying preprocessing

steps and conducting exploratory data analysis, we gained insights into impactful features

and existing correlations. This analysis also identified possible historical steps (time steps)

that could be used to obtain the most accurate GHI values. The dataset was then passed

to a windowing function, allowing the use of the current and historical 30 min of data to
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predict the next 30 min of GHI. Training and testing sets were created in a ratio of 80% to
20%, respectively. The full training was performed in Google Colab, a free Python (version
3.11.13) development and data analysis framework provided by Google. Scikit-learn was
primarily used for loading the ML models [26], except for the MLP, which utilized the Keras
and TensorFlow libraries. Primarily, tree-based algorithms were utilized, and ensemble
learners were created using different tree-based frameworks and a simple MLP architecture.
This approach aimed to provide a lightweight solution that could be generalized to various
sites simultaneously. The composition of the ensembles and the individual learners is
detailed in the aforementioned sections. The results, considering the 30 min-lagged version
of the features and results as references, are provided below in the following order:

—  Results from each station: NELHA, ULL, HSU, UNLV, NWTC, and RAZON;
—  Ensemble learners in different stations;

—  Hourly GHI prediction and link with time-lagged versions;

—  Sensitivity analysis through time shifting;

— UNLV use case.

3.1. Results from Each Station

For each station, tree-based algorithms and ensemble learners were trained for the
prediction of GHI, and then a thorough analysis of the importance of the characteristics
considered by the top-performing model was conducted. Different combinations of stan-
dalone models were used in an ensemble framework and tested to gain insight into the
collaborative performance and the possibility that it surpasses standalone models.

1.  NELHA: This station is characterized by the presence of 19 features, of which several
were found to be correlated with the target variable, as shown earlier. Moreover, a
study was conducted on the correlations that can be found between features with the
consideration of the past time shift. This is visualized in the correlation heatmap in
Figure 9a. The correlations exceed 90% for the shifted GHI values with the global PAR.
In addition, the shifted HST values also demonstrate strong correlations, reaching
88%. This indicates that a possible construction of a feature model could enclose
these shifted values. The results from the models trained on this station are depicted
in Table 6. It can be seen that the best results are obtained when using the Gradient-
Boosting regressor, achieving an R? of 0.96 and an RMSE of 63.61, followed by the
MLP and the RandomForest regressor. Overall, all the models performed well, except
the decision tree. As for the residual analysis at the NELHA station in Figure 10a,
it indicates that the errors are centered around 0, predominantly ranging between
—200 and 200. However, errors can occasionally reach values between —400 and 400.
Points outside these intervals suggest the presence of outliers or potential overfitting
of the model.

2. ULL: The correlation heatmap in Figure 9b and performance table in Table 6 provide
a comprehensive view of the relationships between various time-shifted irradiance
measurements and their impacts on model performance. The high correlation between
ghi_t1_30min and ghi_t2_30min at 0.96 indicates a strong temporal autocorrelation,
which is also reflected in the significant correlation of 0.91 with other features such
as dni_t1_30min (0.86) and ghi_t3_30min. This suggests that GHI measurements are
closely related to direct normal irradiance (DNI) over short time intervals. Further-
more, the moderate correlation between dni_t1_30min and dhi_t1_30min at 0.70 high-
lights the partial dependency between direct and diffuse horizontal irradiance (DHI).
The models’ performance metrics, with R? values ranging from 0.89 to 0.95, demon-
strate that models like the MLPRegressor and CatBoostRegressor can capture these
intricate relationships effectively. The low RMSE and MAE values further underscore
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the models” accuracy in predicting irradiance values, with MLPRegressor showing
the best overall performance. This indicates that leveraging these correlations can
significantly enhance predictive modeling in solar irradiance forecasting. Residual
analysis at the ULL station in Figure 10b demonstrates a generally good performance
by the MLP regressor. The errors are centered around 0, with most falling within the
range [—200, 200]. However, some data points exhibit errors reaching up to 600.
HSU: In this case, 12 features were considered, with those directly associated with
GHI—namely, DNI, DHI, and GHI itself—being excluded. The remaining 12 features
were retained due to their high correlation with the target variable, as presented in
Figure 9c. The correlation heatmap observations highlight significant relationships
among various features over 30 min intervals. Notably, the correlation between ghi._t-
1_30min and ghi_t2_30min is high at 0.97, indicating strong temporal autocorrelation
in GHI measurements. Moreover, ghi_t1_30min shows strong correlations with CR510
Battery [VDC]_t1_30min0.82 and ghi_t3_30min at 0.92, suggesting consistent patterns
in GHI over time. Zenith Angle [degrees]_t1_30min has a strong negative correlation
with ghi_t1_30min at —0.77 and ghi_t2_30min at —0.76, indicating that as the sun
ascends, the GHI increases. Furthermore, Azimuth Angle [degrees]_t6_30min shows
moderate correlations with other features, like Zenith Angle [degrees]_t1_30min
at 0.47 and Zenith Angle [degrees]_t-2_30min at 0.99, reflecting the sun’s position
and its impact on irradiance. Lastly, the high correlation at 0.89 between Direct
Normal (calc) [W/m?]_t1_30min and Diffuse Horiz (shadowband) [W/m?]_t1_30min
indicates a strong relationship between these two types of irradiance. On the other
hand, the model performance table in Table 6 highlights that CatBoostRegressor and
other ensemble methods like GradientBoostingRegressor and RandomForestRegressor
achieve high R? values (approximately 0.97), indicating strong predictive capabilities.
These models also exhibit low RMSE and MAE values, confirming their accuracy in
predicting irradiance values. The median absolute error (median AE) is consistently
low, particularly for RandomForestRegressor and ExtraTreesRegressor, suggesting
fewer large prediction errors. When visualizing Figure 10c, the CatBoost regressor
residuals analysis for predicting GHI in the next 30 min across the time axis, it is
evident that the errors are generally within £200. Only a few outliers exceed this
range, indicating that the model performs well over the entire three-year dataset. It
can also be observed that this error margin narrows to less than £100 at certain time
points, such as between January 2022 and March 2022.

UNLYV: A total of 20 features exist at this station, representing the GHI variations,
the ambient conditions, and the performance monitoring of the solar panels. The
time-shifted values revealed a strong correlation between global UVA and UVE for
up to 2 h, as depicted in Figure 9d. Similarly, shifted GHI and DNI values showed
high correlation for up to 1 h. Subsequently, tree-based algorithms were trained to
predict GHI values for the next 30 min. The performance comparison of the models
shows that all tested algorithms achieve high R? values, indicating strong predictive
accuracy, as viewed in Table 6. RF performs slightly better, with the highest R? of
0.9814 and the lowest MAE of 14.67, reflecting minimal average prediction error.
CatBoostRegressor follows closely, with similar accuracy but a slightly higher RMSE
and MAE. MLPRegressor and GradientBoostingRegressor show good performance as
well, though they exhibit higher RMSE and MAE compared to RF. ET is comparable to
RF in terms of R? and error metrics. DecisionTreeRegressor, while having a lower R?
and higher RMSE and MAE, still shows reasonable performance but with less accuracy.
In this comparison, RandomForestRegressor emerges as the most effective model.
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RAZON: The RAZON station is characterized by 15 features that include the GHI,
DNI, DHI, ambient conditions, solar PV temperature, azimuth angle, and battery
operating conditions. The training process, like all the other stations, consisted of
studying the correlation with lagged versions and employing the most influential
features as inputs for the models. Figure 9e provides a feature correlation study, while
Table 6 provides the obtained results. The correlation heatmap for RAZON over
30 min intervals reveals significant relationships among the variables, particularly
between the GHI and DNI across different time shifts (t — 1, ¢ — 2, ¢ — 3,...). Notably,
the GHI values at t — 3 and t — 2 have very high positive correlations with each other,
at 0.95, and with DNI at corresponding time shifts. Conversely, the azimuth and zenith
angles exhibit lower correlations with irradiance variables, indicating less dependency.
This suggests that while the angles provide important contextual data, the irradiance
measures are more interdependent. This analysis underscores the critical role of
temporal shifts in understanding irradiance patterns and their predictive modeling.
The performance analysis in Table 6 reveals that the GradientBoostingRegressor and
RandomForestRegressor models exhibit the highest R? values (0.8903 and 0.8897,
respectively), indicating strong predictive accuracy. RandomForestRegressor slightly
outperforms the other models in terms of MAE, with a value of 28.47 compared
to GradientBoostingRegressor’s 30.93, suggesting it has lower average prediction
errors. ExtraTreesRegressor shows similar performance to RandomForestRegressor
but with slightly higher RMSE and MAE. MLPRegressor has a significantly higher
MAE (56.59) and RMSE (108.05), indicating poorer performance. CatBoostRegressor
also performs well, though not as effectively as GradientBoosting or RandomForest,
with an R? of 0.8650 and higher RMSE and MAE. DecisionTreeRegressor shows the
lowest performance, with the lowest R? of 0.8238 and the highest RMSE of 131.79,
indicating higher prediction errors and less accuracy compared to the other models.
In this comparison, RandomForestRegressor and GradientBoostingRegressor are the
most effective models.

NWTC: The NWTC station is characterized by the presence of more than 20 features,
from the ambient to the operating conditions and the GHI, DHI, and DNI values. In
this station, as shown in Figure 91, all features exhibit a strong correlation with values
shifted by 30 min, except for the monthly series, which displays weak correlations.
This is expected, given that the PACF and ACF functions are designed to capture
dependencies in lagged values up to 30 min. The model’s performance, shown in
Table 6, reveals that GradientBoosting stands out, with the highest R? value of 0.9942,
demonstrating superior predictive accuracy and the best fit to the data. It also has the
lowest RMSE of 71.26 and a low MAE of 34.00, indicating minimal average prediction
errors and superior precision. In contrast, the MLP, with the lowest R? of 0.9744
and the highest RMSE of 149.92, shows the weakest performance, reflecting higher
prediction errors and less accuracy. RandomForest and CatBoost also perform well,
with high R? values of 0.9893 and 0.9868, respectively, and relatively low error metrics,
though slightly less favorable than GradientBoosting. Notably, ExtraTrees exhibits
higher errors compared to these top models, while DecisionTree, though strong, has
a slightly higher RMSE and MAE than the top performers. Residual analysis at
the NWTC station in Figure 10d demonstrates generally good performance by the
GradientBoosting regressor. The errors are centered around 0, with most falling within
the range [-250, 25]. However, some data points exhibit errors reaching up to 982.
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Figure 9. Time-shifted correlated features for (a) NELHA, (b) ULL, (c) HSU, (d) UNLYV, (e) RAZON,

and (f) NWTC.
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Error Variation by Time: GradientBoostingRegressor
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Figure 10. Residual analysis for the different stations: (a) NELHA, (b) ULL, (c) HSU, and (d) NWTC.
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Table 6. Model performance comparison across different stations.

Site Model R? RMSE MAE Median AE D?
MLP 0.95 62.09 26.63 3.21 0.86
CatBoost 0.95 63.93 26.99 2.77 0.86

ULL GradientBoosting ~ 0.95 64.33 28.60 4.19 0.85
RandomForest 0.95 64.68 26.64 1.42 0.86
ExtraTrees 0.95 65.58 27.07 1.36 0.86
Decision Tree 0.89 93.62 38.56 1.64 0.80
CatBoost 0.97 45.87 18.94 1.56 0.88
GradientBoosting  0.97 46.60 20.35 3.92 0.87

HSU RandomForest 0.97 46.61 18.97 1.17 0.88
ExtraTrees 0.97 46.64 18.94 1.12 0.88
MLP 0.97 47.22 21.13 3.29 0.87
Decision Tree 0.93 66.30 26.95 1.67 0.83
MLP 0.98 42.82 15.46 1.92 0.93
CatBoost 0.98 43.62 15.35 1.60 0.94

UNLV RandomForest 0.98 43.66 14.67 0.81 0.94
GradientBoosting ~ 0.98 43.88 17.17 4.07 0.93
ExtraTrees 0.98 43.98 14.67 0.77 0.94
Decision Tree 0.96 60.30 20.23 1.07 0.91
GradientBoosting 0.89 103.98 30.93 6.35 0.84
RandomForest 0.89 104.26 28.47 0.60 0.85
ExtraTrees 0.88 106.78 28.94 0.59 0.85

RAZON MLP 0.88 108.05 56.59 33.04 0.71
CatBoost 0.87 115.36 30.37 2.73 0.84
Decision Tree 0.82 131.79 38.42 0.67 0.80
GradientBoosting 0.99 71.26 34.00 11.85 0.89
Decision Tree 0.99 95.11 38.07 1.77 0.87

NWTC RandomForest 0.99 96.66 29.62 1.80 0.90
CatBoost 0.99 107.49 32.93 5.14 0.89
ExtraTrees 0.98 126.01 31.28 1.74 0.90
MLP 0.97 149.92 103.40 64.56 0.66

It is important to highlight that for the training set consisting of 10,000 samples, se-
lected to maintain a balanced trade-off between model performance and computational
complexity, the standalone regressors (including RandomForest, XGBoost, CatBoost, and
MLP) required on average approximately 0.6 s to complete training. This corresponds to
roughly 6 x 10~ seconds per sample, illustrating the high efficiency of these models in both
the training and inference phases. Moreover, the models demonstrated rapid convergence
on the testing set due to the adopted feature engineering strategy. In particular, when using
only lagged GHI features, specifically the current and one-prior time step, the decision-
making process becomes significantly simplified. This reduction in input dimensionality
enables the models to focus on the most temporally relevant information, minimizing
redundancy while preserving forecasting accuracy. This simplicity has substantial impli-
cations for deployment in resource-constrained environments, such as loT-based edge
devices used in smart grid applications. The lightweight nature of the trained models, both
in terms of size and computational requirements, facilitates fast inference with minimal
memory and processing demands.

3.2. Ensemble Learners in Different Stations

Training ensemble learners is a key factor in many classes of problems in machine
learning, especially those related to the energy domain, as proven in [29]. Thus, a particular
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step was taken to combine the best learners in the first step of training to explore the
possibility of building a powerful ensemble model that can be used across all stations.
Table 7 depicts the obtained best combination in each station. Several combinations of
tree-based models were tested using the Optuna framework (Appendix A), aiming to
develop a robust model that can be generalized across all stations. Despite these efforts,
it was observed that the best results for each station did not surpass those obtained with
single models, as presented in Table 7 and Figure 11. However, what is particularly intrigu-
ing is the superiority of the stacking ensemble over other ensemble techniques, such as
voting and bagging, across all stations, even when the composing learners differed. This
finding suggests that a potential general model could benefit significantly from the stacking
technique. Furthermore, it was observed that, for all stations, the GradientBoosting frame-
work was essential for the composition of the models. Typically, this framework could be
complemented with an MLP or a RandomForest model. This suggests that a stacking-based
general model could leverage the strengths of these models, combined with other powerful
techniques, to achieve optimal performance. The power of stacking lies in its ability to
combine the predictions of multiple models, thereby improving accuracy and robustness.
This ensemble method outperformed others by effectively capturing the strengths of its
individual learners, indicating its potential to create a generalized high-performance model
applicable to various stations. This assumption forced the expansion of the obtained results
shown in Table 7 for a 30-min shift to verify the performance under a 1-h shift. As expected,
resampling the data from 30-min intervals to hourly intervals led to a reduction in the
number of samples. To compensate for this shrinkage and ensure statistical robustness,
data augmentation was performed using PVLib to acquire additional samples. A total of
20,000 samples was used at this stage. All stations were retrained using a hybrid model
combining the GradientBoosting and RandomForest algorithms. The results in Figure 12
demonstrate that, despite the coarser temporal resolution, the stacking model maintained
strong performance across stations. The UNLV station achieved the best accuracy, with
an R? of 0.997 and an RMSE of 10.13, while the RAZON station showed relatively lower
performance, with an RMSE of 98.29 and an R? 0f 0.910. This variation suggests that, while
the proposed model generalizes well, station-specific dynamics still influence performance,
warranting further exploration of localized tuning or model adaptation strategies.

R2 Comparison between Singular Models and Ensembles

EEm Singular Model R2
Emm Ensemble Model R2

HSU
Stations

(a) R? values

Figure 11. Cont.
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RMSE Comparison between Singular Models and Ensembles

o
c
8
°
<]
£
a
o
5]

EEm Singular Model RMSE
Ensemble Model RMSE

Stacking|(GB, ET)

100 4

80 4

Stacking (GB, MLP)
stacking (GB, MLP)
GradientBoosting
stacking (GB, RF)

GradientBoosting
Stacking (MLP, CB, GB)

60

RMSE
Stacking (CB. RF)

201

NELHA uLL Hsu UNLV NWTC RAZON
Stations

(b) RMSE values

Figure 11. Comparison between single models and ensemble in terms of (a) R? and (b) RMSE.
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Figure 12. Results from ensemble learning on all stations for 1-h shift.

In this step, confidence intervals (Cls) are calculated to evaluate the performance of the
stacking-based ensemble model for predicting GHI in four different stations, incorporating
bootstrap-based uncertainty estimates. The model’s predicted mean aligns closely with the
actual measurements, indicating strong predictive accuracy. A 95% confidence interval, standard
in uncertainty quantification, captures the variability across bootstrap replicates. This interval
remains narrow in most cases, reflecting high model confidence, but widens during periods
of low solar radiation, indicating increased uncertainty. The visualization in Figure 13 clearly
conveys both the accuracy and uncertainty of the forecasts, which is essential for risk-sensitive
applications such as solar energy management. This performance, demonstrated at the UNLV
station, can be confidently generalized to the NELHA station. At the ULL and NWTC stations,
the model exhibits a marked improvement over earlier versions, achieving a much closer align-
ment between predicted and actual values. The updated plot features tighter, more consistent
confidence intervals and captures fluctuations more effectively, suggesting enhanced robustness
and generalization, likely due to refined bootstrapping and model calibration techniques.
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Figure 13. Analysis of stacking ensembles on 4 different stations with confidence intervals.
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Table 7. Results for different stations using a 30-min shift.

NELHA Station
Model R? RMSE MAE MAPE Median AE D2 Composition
Stacking 096 6361 2825  5.69 x 101 2.58 088  GradientBoosting, MLP
ULL Station
Model R? RMSE MAE  MAPE Median AE D2 Composition
Stacking 0.95 61.87 25.96 3.83 x 1010 1.88 0.87 MLP, CatBoost, GradientBoosting
HSU Station
Model R? RMSE MAE  MAPE Median AE  D? Composition
Stacking 0.97 45.59 18.46 0.64 1.18 0.89 CatBoost, RandomForest
UNLV Station
Model R? RMSE MAE  MAPE Median AE D? Composition
Stacking 097  60.88 2690  4.88 x 101 24 089  GradientBoosting, MLP
NWTC Station
Model  R? RMSE MAE  MAPE Median AE D? Composition
Stacking 0.994  69.888 28.827  0.523 2.942 0.904  GradientBoosting, RandomForest
RAZON Station
Model R? RMSE MAE MAPE Median AE D2 Composition
Stacking 0.90 98.940  28.602 1.04174 x 10  1.401 0.853 GradientBoosting, ExtraTrees

3.3. Hourly GHI Prediction and Link with Time-Lagged Versions

In the third step, we examined how model performance varied across all stations when
using different time-shifting windows. The analysis was mainly extended to 1-h shifting
and forecasting. Table 8 comprehensively compares all metrics for the 30 min- and 1 h-
lagged temporal shifts. It is observed that extending the forecasting and shifting horizons
results in a deterioration in the model’s performance at the NELHA station, particularly
evident in the RMSE metrics. The best-performing model also changed to the MLP. Similar
observations were made for the NWTC station, where the ExtraTrees model proved to
be the best performer. However, for other stations, the models performed well for both
forecasting horizons. This indicates that the models effectively account for the impact of
the shift and the forecasting horizon due to the efficient feature selection technique, which
includes the shifted versions of the GHI. One possible reason for performance degradation
over varying time shifts, especially with increased data versions, is the reduction in the
number of samples in the dataset, particularly when starting with a lower sampling rate.
This limitation means that models have less data to analyze. It is also noteworthy that
for the 30-min shift, the MLP was the best-performing model at two different stations.
For the 1-h shift, it was selected as the best performer at three stations. This pattern
aligns with the fact that neural networks, including MLPs, are powerful deep learning
models, particularly effective for mid-to-long-term forecasting horizons, making this level
of performance expected.
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Table 8. Model performance comparison for 30-min and 1-h shifts.

30-min shift

Station Model R2 RMSE MAE Median AE D2
NELHA GradientBoosting 0.96 63.61 28.88 3.17 0.88
ULL MLP 0.95 62.09 26.63 3.21 0.86
HSU CatBoost 0.97 45.87 18.94 1.56 0.88
UNLV MLP 0.98 42.82 15.46 1.92 0.93
NWTC GradientBoosting 0.99 71.26 34.00 11.85 0.89
RAZON GradientBoosting 0.89 103.98 30.93 6.35 0.84
1-h shift
Station Model R? RMSE MAE  Median AE D?
NELHA MLP 0.89 113.19 31.97 4.57 0.87
ULL MLP 0.95 65.01 31.12 5.72 0.84
HSU CatBoost 0.96 51.11 22.40 2.38 0.86
UNLV MLP 0.98 46.81 19.71 4.37 0.92
NWTC ExtraTrees 0.98 113.98 35.23 4.84 0.88
RAZON GradientBoosting 0.94 74.10 33.63 6.22 0.83

The stability of model performance across the majority of stations for the 1-h lagged
version of GHI was confirmed through an analysis of hourly GHI values at ¢, t + 1, and
t + 2 for all stations, as depicted in Figure 14. The projection revealed a general correlation
between these GHI values, as evidenced by the dense diagonal distribution observed in all
stations. For example, the RAZON station displays a high concentration of GHI values,
particularly in the lower GHI range, indicating consistency in the relationship between
the time-lagged GHI values. At the HSU station, the distribution is more balanced across
the three lagged versions, suggesting a steady relationship over time. The NWTC station,
however, shows a noticeable spread, especially at higher GHI values, where the points
become less concentrated. This suggests that as GHI increases, the relationship between
consecutive GHI values becomes more variable. For the NWTC station, this indicates
that while a forecasting model would likely perform well for lower GHI values due to
the dense concentration of data, it may struggle with higher GHI values, where increased
variability and potential non-linearities could challenge prediction accuracy. Similarly,
the UNLYV station exhibits a broader spread in the data points, particularly at higher GHI
values, implying greater volatility in GHI, especially during periods of high irradiance.
This volatility suggests that the UNLV station may require more sophisticated modeling
approaches to account for the increased uncertainty at higher GHI levels. In contrast,
the NELHA and ULL stations show similar distributions, with a higher concentration of
values in the lower GHI range and more variability at higher GHI values. Particularly
for NELHA, this increased variability at higher GHI suggests a potential challenge for
forecasting models, requiring them to adapt to changes in the data distribution effectively.
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Figure 14. The 3-D hourly GHI versus GHI(t + 1) and GHI(¢ + 2) for different stations: (a) NELHA,
(b) ULL, (c) HSU, (d) UNLY, (e) RAZON, and (f) NWTC.
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3.4. UNLV Station Use Case

As previously shown, the UNLYV station achieved the lowest RMSE and the second
highest R? with the MLP model for both 30 min- and 1 h-ahead forecasting. Additionally,
it was demonstrated that the model’s performance remains stable for predicting GHI
across different shift values. Upon examining feature importance across various forecasting
horizons in Figure 15, it becomes clear that the same key features consistently contribute to
model performance. These features include the azimuth angle, the first and second lagged
versions of GHI, airmass, zenith angle, and DNI values. Given their consistent significance,
other features can be considered negligible, allowing for optimal predictions using only
these six features.

Average Feature Importance from Tree-Based Models

Average Importance

Feature Name

(a) 30-min shift for UNLV

Average Feature Importance from Tree-Based Models

Average Importance

Feature Name

(b) 1-h shift for UNLV

Figure 15. Cont.
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Figure 15. Sensitivity of regressor performance to time shift and features for UNLV station: (a) 30-min,
(b) 1-h, and (c) 2-h shifts.

One of the key factors contributing to the performance observed at the UNLV station
is the inherent variation in the GHI, as illustrated in Figure 16. The data reveals a distinct
pattern in the GHI readings over the selected years, which appears to be influenced by
seasonal effects. Specifically, GHI values tend to rise from March through July and decline
during the rest of the year, with relatively stable behavior from December to February. This
seasonal trend represents a hidden pattern that can be effectively captured and leveraged by
machine learning models, particularly by MLP. MLPs are particularly powerful in detecting
such hidden patterns due to their ability to learn complex, non-linear relationships within
data. By adjusting their weights through training, MLPs can discern subtle trends and
variations in the GHI data that might not be immediately apparent. GHI values generally
fall within a range of 10 to 350 on average. While this provides a certain boundary for
the MLP’s predictions, it also underscores the model’s capacity to generalize within these
limits, ensuring reliable performance across different periods and conditions. The ability of
MLPs to detect and utilize these underlying patterns is a significant advantage in making
accurate predictions based on GHI data.
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Figure 16. GHI variations at the UNLYV station: (a) hourly and (b) daily.
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3.5. Benchmarking with ARIMA and Individual Non-Shifted Features

A comprehensive benchmarking strategy was employed to evaluate the effectiveness
of our proposed forecasting solution in comparison with established techniques. As a first
step, the results were assessed against those produced by the Seasonal AutoRegressive
Integrated Moving Average with Exogenous Regressors (SARIMAX) model. SARIMAX is
a well-known statistical time-series model that captures both non-seasonal and seasonal
patterns, while also allowing for the inclusion of external covariates. It serves as a strong
baseline due to its interpretability and proven performance in univariate forecasting tasks.
Subsequently, a second level of benchmarking was conducted using classical machine
learning models trained on engineered features, particularly those exhibiting a strong
correlation with the target variable, GHI. To ensure a fair and consistent comparison, the
same input window size (24 h of historical data) was maintained across all models. This
alignment enabled the models to benefit equally from temporal context, avoiding any
bias introduced by differing input configurations. The performance of each model was
evaluated using standard metrics such as the coefficient of determination R? and the RMSE,
providing a robust and interpretable comparison framework.

It is first evident that the standalone machine learning models incorporating shifted in-
put features (as shown in Figure 17a) exhibit significantly greater robustness and predictive
capability than the SARIMAX model. SARIMAX fails to effectively capture the temporal
dependencies and complex non-linear dynamics inherent in the meteorological station
data. This limitation is quantitatively reflected in its higher RMSE values relative to all the
tested standalone models. One contributing factor to this underperformance is SARIMAX’s
reliance on substantial historical data to accurately estimate its autoregressive and seasonal
parameters, a condition not fully satisfied within the current training regime. In addition
to its limited forecasting precision, SARIMAX suffers from considerable computational
inefficiency. Training the model on only 20,000 samples required approximately 307.5 s,
while the same dataset was processed by the RandomForest in 66.8 s, by XGBoost in 1.08 s,
and by CatBoost in 12.0 s. These results clearly raise concerns about SARIMAX’s scalability
and suitability for real-time deployment. In a second experiment, we evaluated the impact
of using only features with a strong correlation to the target variable. For benchmarking
purposes, the UNLV station was selected, as illustrated in Figure 17b. This setup retained a
fixed time shift of 30 min. The performance of all models exhibited slight, yet observable
degradation. For instance, the MLP model experienced a pronounced increase in RMSE,
rising by over 7 units compared to its previous value with temporal shifts (42.82). Addition-
ally, the R? score fell below the 0.90 threshold, reflecting a degradation of approximately
0.08 relative to its earlier performance (0.98). These results emphasize the critical impor-
tance of careful feature selection, particularly in time-series contexts, where lag-based or
shift-based variables can significantly enhance model expressiveness. Furthermore, the
findings underline important practical considerations regarding the deployment of forecast-
ing models. While classical models like SARIMAX offer strong statistical foundations, their
high training time and dependency on extensive data make them less ideal for embedded
or resource-constrained environments. In contrast, modern machine learning models, espe-
cially tree-based ensembles and neural networks, offer a more favorable balance between
accuracy, speed, and scalability for real-time or edge computing scenarios.
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Figure 17. Model-free benchmark: (a) with SARIMAX and (b) without shift.

3.6. Feature Impacts with SHAP

The SHAP (Shapley Additive Explanations) explainer is a method used to interpret the
output of machine learning models by breaking down and attributing the contribution of
each feature to the model’s predictions. SHAP values are based on cooperative game theory
and the concept of Shapley values, which provide a way to fairly allocate the “payout”
(in this context, the prediction) among all features (players) by considering all possible
combinations of features [30]. In this context, this explainer was used to understand the
impact of features within each station and how they contribute to the model’s perfor-
mance in predicting the targeted GHI. In each station, the features were analyzed for the
30-min shift, as it was the best horizon for prediction and had the least RMSE observed.
Figures 18 and 19 provide the analysis in each station. Analyzing the impactful features
reveals that, for all stations, the lagged version of GHI up to 30 min is the most significant
feature. While most stations show that only two or three features have the most noticeable
impact, the UNLYV station stands out with at least six impactful features. These features
primarily include the shifted values of global UVA up to 1 h, airmass, the GHI shifted
values up to 1 h, and the zenith and azimuth angles. This indicates that including these
feature values at the UNLV station could be beneficial for the trained models. Another
observation from the SHAP explanations is that it is not necessary to use data from periods
far in the past. The explanations show that a maximum lag of 1.5 to 2 h is sufficient for
accurate predictions.
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Figure 19. SHAP feature effects on predictions: (a) UNLYV, (b) NWTC, and (c) RAZON.

In addition, from a logical and physical standpoint, it is well-established that features
correlated with GHI are inherently linked to both DNI and DHI, given their mutual
dependence on solar geometry and atmospheric conditions. However, based on our station-
specific analysis, it is evident that the available features vary significantly across different
stations. This heterogeneity poses a challenge in establishing a consistent and robust
set of predictors for GHI across all sites. While some features, such as the solar zenith
and azimuth angles, may be common across stations, their relative contribution to GHI
prediction appears limited when compared to that of the lagged GHI values. Our analysis
shows that the predictive importance of lagged GHI values decreases as the lag duration
increases, which is consistent with the autocorrelation and partial autocorrelation patterns
observed in our preliminary time-series analysis. To this end, we primarily rely on the first
two lagged values of GHI (i.e., GHI;_; and GHI;_,) as key features for forecasting. This
decision is further supported by the SHAP analysis illustrated in Figure 20, which clearly
shows a strong contribution from the first lag, with a noticeably diminished impact from
the second lag. These findings are aligned with the earlier SHAP-based feature importance
assessments. Moreover, other meteorological variables, such as airmass, though considered
in the initial set of features, were found to have minimal influence relative to the lagged GHI
values. For this reason, and to reduce model complexity while maintaining interpretability
and generalizability across stations, we focused exclusively on using lagged GHI values as
predictors in our modeling approach.
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Figure 20. Overview of shift-degree impact on GHI and related features.

4. Conclusions

This study used a three-year dataset of solar irradiance data collected from six distinct
photovoltaic stations. The primary objective was to evaluate the feasibility of developing a
consensus among various machine learning models regarding optimal shared features for
predicting GHI across multiple sites. To achieve this, a 30-min shift in data was utilized
based on a thorough analysis of ACF and PACF, which indicated a strong correlation
between each GHI value and its value from 30 min before. The analysis identified that the
DNI, DHI, as well as the temperature of the solar panels and related components (primarily
CR variants), are critical features for predicting GHI. Subsequently, predictions of GHI were
made using data from the six stations, primarily employing tree-based machine learning
algorithms and ensemble learners. The results demonstrated that the R? values exceeded
95% at all six stations and reached 99% for the NWTC station. The RAZON station was an
exception, where the metric did not exceed 90%. Specifically, GBR was found to be powerful
for NELHA, NWTC, and RAZON, while the MLP performed well for both ULL and UNLV.
Finally, CatBoost was the best performer for HSU. The effect of time-shifting values was
also evaluated, revealing that with larger shifts, the results deteriorated. MLP emerged as
the best model for larger shifting values. It was found that the common lagged GHI values
are the most impactful features for predicting the target, along with other features such as
solar panel parameters (especially those linked to temperature and ambient conditions),
zenith and azimuth angles, and the components of GHI, such as DNI and DHI. These
findings underscore the effectiveness of different machine learning models tailored to each
station’s specific data characteristics. Although we experimented with a unified stacking
ensemble to explore potential gains in cross-site generalizability, the observed performance
variability between stations reveals a more fundamental insight: local site characteristics,
such as sensor calibration, geographic features, and weather dynamics, heavily influence
forecasting accuracy. Thus, our findings reaffirm that site-specific models remain more
effective under current data constraints and that achieving universal generalization remains
a challenging and open research problem. Nevertheless, the stacking strategy still holds
promise as a flexible integration framework, especially if combined with domain adaptation
techniques in future work.
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Appendix A. Tuned Hyperparameters for Benchmark Models

To ensure a fair and optimized evaluation, each machine learning model was tuned
using the Optuna optimization framework with the Tree-structured Parzen Estimator (TPE)
sampler and 50 trials. The starting and best values are given in Table Al. All models were
evaluated using five-fold cross-validation with the mean squared error as the objective
function. The final hyperparameters were used for performance comparison based on R?,
RMSE, MAE, MAPE, median absolute error, and D2 metrics.

Table A1l. Starting and best hyperparameters for each model from Optuna tuning.

Model Best Hyperparameters

RandomForest Regressor n_estimators = [10, 200], max_depth: [10-18]

GradientBoosting Regressor n_estimators = [10-150], learning_rate: 0.05, max_depth:

10
Decision Tree Regressor max_depth: [3-12]
MLP Regressor hidden_layer_sizes: (100, 100), learning_rate_init: 0.001
CatBoost Regressor learning_rate = 0.03, depth: 6
LightGBM Regressor E_Oe_sig]nators: [50, 200], learning_rate: 0.02, num_leaves:
XGBoost Regressor n_estimators: [50, 180], learning_rate: 0.07, max_depth: 9
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