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1. Introduction

Currently, solar energy is a critical renewable energy source driving
environmental and economic progress worldwide. As global energy demand
continues to rise, transitioning to solar energy has become essential for reducing
greenhouse gas emissions, advancing sustainable development, and decreasing
reliance on fossil fuels [1]. However, solar power generation is inherently
variable and intermittent, depending on weather conditions, time of day, and
seasonal factors. These fluctuations pose significant challenges for power
generation and distribution management, potentially affecting electrical grid
stability [2-3]. Consequently, developing accurate forecasting models for solar
irradiance has become crucial for optimizing energy generation, storage, and
management in modern renewable energy systems [4-5].

Accurate short-term solar irradiance forecasting, particularly at hourly
resolution, is essential for real-time control of photovoltaic (PV) systems and for
optimizing energy storage devices, such as batteries, and load control
mechanisms [6]. Statistical models such as ARIMA and SARIMA have been
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widely used in time-series analysis due to their effectiveness in capturing seasonal patterns and linear trends
[7-8]. However, these models often struggle to capture nonlinear relationships between climatic variables [9].
The rapid development of machine learning (ML) and deep learning (DL) techniques has introduced new
approaches for time-series forecasting [10-11]. Ensemble methods such as Random Forest (RF) and XGBoost
have gained popularity due to their ability to handle large datasets and model complex interactions [12-13].

Deep neural network architectures such as Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU) have demonstrated strong capabilities for retaining long-term temporal information and learning
sequential dependencies, making them particularly suitable for analyzing complex, time-varying solar
irradiance patterns [14-17]. Additionally, Facebook's Prophet model was created especially to handle data
with changing temporal trends and varied seasonalities. For extremely variable environmental and energy
datasets, it has shown especially favorable results [18-19]. Consequently, evaluating the effectiveness of
statistical, machine learning, and deep learning models offers a crucial foundation for determining the best
method for forecasting solar irradiance, especially in tropical areas like Thailand [20-21].

This study aims to develop and evaluate hourly solar irradiance forecasting models using real-world
data from a solar monitoring station at the Faculty of Engineering, Thaksin University, Southern Thailand.
The dataset includes solar irradiance and key meteorological variables that influence solar radiation on PV
surfaces: ambient temperature, panel temperature, relative humidity, wind speed, and wind direction [22-23].
The proposed framework encompasses baseline models (Naive and Seasonal Naive (SNaive)) for performance
benchmarking, statistical models (SARIMA and Prophet), machine learning models (XGBoost and Random
Forest), and deep learning models (LSTM and GRU) [24-25].

The key contributions of this study include: (1) a comprehensive comparison of eight forecasting
approaches under tropical conditions, (2) empirical evidence on the relative performance of traditional
statistical methods versus modern machine learning and deep learning techniques for solar forecasting, and
(3) practical guidance on computational efficiency and model selection for real-time applications. These
findings are expected to support the development of intelligent solar energy management systems and
enhance renewable energy integration in tropical regions with high solar potential [26].

The remainder of this paper is organized as follows: Section 2 presents the methodology, including
data preprocessing, model descriptions, and evaluation metrics. Section 3 describes the exploratory data
analysis, discusses the experimental setup, and compares model performance. Finally, Section 5 concludes
with key findings, practical implications, and recommendations for future research.

2. Methodology

This study develops and compares multiple forecasting models to predict hourly solar irradiance. The
methodology includes three types of techniques: statistical models (SARIMA and Prophet), ML models
(XGBoost and RF), and DL models (LSTM and GRU). Each model is designed to capture different
characteristics of solar irradiance patterns, including seasonal changes, nonlinear relationships, and the
influence of weather variables. Furthermore, two simple benchmark models are used: the Naive method and
the SNaive method, which provide a baseline for comparison. Finally, the performance of these models is
evaluated using three key metrics: RMSE, MAE, and MAPE [27].

2.1 Pre-processing and normalization

Before building the forecasting models, the raw dataset was checked for missing or incorrect values
that might have resulted from sensor failures. Missing hourly values were filled using a two-step method
based on climatology patterns. In the second step, a Day-of-Year x Hour matrix was created and linearly
interpolated across both days and hours to smooth any remaining gaps. This process produced a complete
and physically consistent hourly dataset. All variables were then aligned to a uniform hourly timestamp
format to ensure temporal consistency. After cleaning the data, all variables were normalized using Min-Max
scaling, which maps values to the range [0, 1]. This normalization was applied separately to the training set
(80% of the data) and the testing set (20% of the data) to prevent data leakage. The Min-Max scaling formula
is:
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Z _ X—Xmin (1)

Xminmax

Where X is the original value of a feature, X,,;,, is the minimum value of that feature in the training data, X,
is the maximum value of that feature in the training data, and Z is the normalized value.

2.2 Forecasting models

2.2.1 Walk-forward SARIMA model

The Seasonal Autoregressive Integrated Moving Average (SARIMA) model extends the classical
ARIMA framework by accounting for both regular patterns and seasonal patterns in time series data [28]. The
general form of a SARIMA model is expressed as:

SARIMA (p,d,q) (P,D,Q)s 2

where the parametersp, d, and qrepresents the non-seasonal autoregressive order, non-seasonal differencing,
and non-seasonal moving average order, respectively, and the parameters P,D, Q, and Srefer to the seasonal
autoregressive order, seasonal differencing, seasonal moving average order, and length of the seasonal cycle,
respectively. The mathematical formulation of the SARIAM model can be defined as [29]:

¢p(B)$p(B%)(1 — B)? (1 — B®)°Y, = 6,(B)0o(B) e, 3)

where:
¢$p(B) =1—-¢4B - ¢zBZ_---_¢po,

¢P(BS) =1- ¢1BS - ¢232$_---_¢PBPS,
Gq(B) =1-6,B— 9232—...—9qu,

0o(B%) = 1 — 6,BS — 6,B*5—...—0,B%,

where ¢y,...,¢,, and ¢4,..., Pp, are non-seasonal and seasonal autoregressive coefficients, while 8y,..., 8,, and
01,...,8 are the coefficients for the non-seasonal and seasonal moving-average terms. B is the backshift
operator, whose effect on a time seriesY;, and &, is a white noise sequence.

To evaluate the SARIMA model under realistic forecasting conditions, a walk-forward validation
strategy was used. This approach is widely recommended in time series forecasting literature [29-30], because
it provides a more reliable assessment of how well statistical models like SARIMA generalize to unseen data.
Unlike a single train-test split, walk-forward validation continuously retrains the model as new data becomes
available, ensuring that all forecasts are made on truly future data. This study used a fixed-length rolling
window approach for the walk-forward validation. Specifically, at each forecasting step, the model was
trained on the most recent observations within a window of approximately 720 hours. After making a forecast,
the window moved forward by one hour: the oldest observation was removed, and the newest observation
was added. The model was retrained at every step to capture short-term patterns and adapt to local changes
in solar irradiance. The mathematical representation of the walk-forward validation process is as follows:

Let yy,y,,...,y;: represent the observed irradiance series of length t. At each step t(wheret > W), the
model is trained on a fixed window of the most recent W observations as follows:

D =Ye-ws1, Yeewazr - Ve (4)

Using this training window, the model estimates its parameters 6, and produces a one-step-ahead
forecast:

Ves1 = f(Dg; 6,) Q)

After generating the forecast, the window is advanced by one time step, discarding the oldest
observation and adding the newest actual value y;,4:

Div1=YVe-ws Ve-ws3r - Ves1 (6)
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This process repeats until the end of the testing period. The forecasting performance is evaluated by
comparing each predicted value J;, to its corresponding actual valuey;. ;.

2.2.2 LSTM model

The LSTM network is a specialized type of Recurrent Neural Network (RNN) designed to capture
temporal patterns in sequential data. Traditional RNNs struggle to learn long-term dependencies due to
vanishing or exploding gradients during training. LSTMs overcome this limitation by using memory cells and
gating mechanisms that control which information to retain or discard over extended time periods. Each
LSTM unit includes three gates that control information flow [31]. Which data from the prior cell state should
be erased is decided by the forget gate. Which fresh data should be added to the cell state is controlled by the
input gate. The output gate controls the amount of cell-state data sent to the next time step. These gates work
together to selectively update and propagate information through the network, enabling the model to learn
both short-term and long-term dependencies in the data. The operations within an LSTM unit at time step
t are mathematically expressed as follows:

The forget gate f; determines what information to discard from the previous cell state:

fe = c(Whphey + Wip Xy + bpp + byy) @)
The input gate i; decides which new information should be added to the cell state:
iy = o(WyiXy + Whiheq + by) (®)
The candidate cell state ¢, represents new information that could be added to the cell:
¢ = tanh(Wy X, + Wyche_q + b.) )
The cell state c; is updated by combining the forgotten information and new information:
=fiOc 1+, O (10)
The output gate o, controls what information from the cell state to output:
o = 0(WyoXe + Wiohe_y + b,) (11)
The hidden state (h; output of the LSTM unit) is computed as:
hy = 0, O tanh(c;) (12)

where X, represents the input vector at the time step ¢, h;_; is the previous hidden state, c,_; refers to the
previous cell state, tanh is the hyperbolic tangent activation function, Wi ¢, Wy, ¢, Wy, Wi, Wye, Wi, Wy, Wy, are
weights for forget gate, input gate, candidate cell state, and output gate, respectively, and by, b;, b, b, are bias
values for forget gate, input gate, candidate cell state, and output gate, respectively. The symbol O denotes
element-wise multiplication.

2.2.3 GRU model

The Gated Recurrent Unit (GRU) is a simplified variant of the LSTM network, also designed to capture
temporal dependencies in sequential data while addressing the vanishing gradient problem. GRUs achieve
comparable performance to LSTMs but with a more simplified architecture that uses fewer parameters,
making them computationally more efficient and faster to train [31]. Unlike LSTMs, which use separate
memory cells and hidden states, GRUs combine these into a single hidden state. Each GRU unit contains two
gates that control information flow:

e Reset gate: Determines how much of the previous hidden state should be discarded,

e Update gate: Controls how much of the previous hidden state to retain and how much new
information to add.
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These two gates enable the GRU to selectively retain relevant information from previous time steps
while incorporating new inputs. The operations within a GRU unit at time step tare mathematically expressed
as follows:

The reset gate r; determines how much past information to forget:
1y = oWy Xe + Wypheoy + by) (13)

The update gate z, controls the balance between retaining old information and adding new
information:

zy = 0(Wy Xy + Wyshey + by) (14)

The candidate's hidden state h, represents new information based on the current input and resets the
past state:

he = tanh(Wy, X, + Wip (e © he_q) + by) (15)

The hidden state h; is updated by combining the previous hidden state and the candidate hidden
state:

ht=(1_zt)Oht—1+Zt®Et (16)

where X, is the input vector at time step t, h,_; is the previous hidden state, o is the sigmoid activation
function, tanh is the hyperbolic tangent activation function, W,,., Wy,., Wy, Wy, W,p,, Wy, are weight matrices
for the reset gate, update gate, and candidate hidden state, respectively, and b,, b,, b, are bias terms for the
reset gate, update gate, and candidate hidden state, respectively.

2.2.4 Prophet model

Prophet is a time-series forecasting model developed by Facebook designed to handle data with strong
seasonal patterns and multiple seasonality components [32]. Prophet uses an additive decomposition
framework that automatically detects and models trends, seasonality, and holiday effects, making it
particularly suitable for business and environmental forecasting applications. The Prophet model decomposes
a time series into three main components: trend, seasonality, and holidays. The general formulation of the
Prophet model is expressed as:

y(®) =g +s@) +h() + & (17)

where y(t) is the forecasted value at time t, g(t) represents the trend component that captures long-term
changes in the data, s(t) represents the seasonal component that captures periodic patterns (daily, weekly, or
yearly), h(t) represents the holiday or special event effects, and ¢, is the error term representing random
noise? The trend component g(t) models non-periodic changes in the time series. Prophet uses a piecewise
linear or logistic growth model to capture trends that may change over time:

gty =(k+a®™8) -t+(m+al®)Ty) (18)

where k is the growth rate, § contains rate adjustments at changepoints, m is the offset parameter, and a(t) is
an indicator function for the changepoint. The seasonality component s(t) captures periodic patterns using
the Fourier series:

5(6) = Zh-1(an cos(Z) + by sin(Z2) (19)

where P is the period, Nis the number of Fourier terms, and a, and b,are the Fourier coefficients estimated
from the data.
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2.2.5 Random Forest

An ensemble machine learning approach called Random Forest (RF) combines multiple decision trees
to produce more reliable and accurate predictions. The model averages predictions from numerous trees, each
trained on a random subset of the data and features, to address the overfitting issue sometimes encountered
with single decision trees. The RF algorithm operates through the following process [33]: (1) Bootstrap
sampling creates multiple subsets of the training data through random sampling with replacement; (2) Tree
construction builds a decision tree for each subset, where at each node, only a random subset of features is
considered for splitting; and (3) Aggregation produces the final prediction by averaging the outputs of all
individual trees for regression tasks. The prediction of a Random Forest model for a given input X is
mathematically expressed as:

1

y= e Ti(X) (20)

Ntrees

where J is the predicted value, n;,.5 is the total number of decision trees in the forest, and T;(X) is the
prediction from the i -th decision tree. Each decision tree in the forest learns different patterns from the data
due to the randomness in both data sampling and feature selection. This diversity among trees reduces the
model's variance and improves its generalization ability. The RF model includes several key hyperparameters,
including the number of trees (n¢rees), the maximum depth of each tree (maxsep:, ), and the minimum
number of samples required to split a node (minsgmpies -

2.2.6 XGBoost model

XGBoost (Extreme Gradient Boosting) is an advanced ensemble machine learning algorithm that
builds a series of decision trees sequentially, where each new tree attempts to correct the errors made by the
previous trees. Unlike RF, which builds trees in parallel, XGBoost uses a boosting approach in which trees are
added one at a time, with each tree learning from the mistakes of its predecessors. The XGBoost model
optimizes a regularized objective function that balances prediction accuracy and model complexity [34]:

L =35 1009 + k=18 (fid) 2D

where [(y;, §;) is the loss function measuring the difference between the actual value y; and the predicted
value 9;, 2 (f;) is the regularization term that penalizes model complexity to prevent overfitting, n is the
number of samples, and K is the number of trees. The final prediction is obtained by summing the predictions
from all trees:

91 = Yh=1 fe(xp) (22)

where y; is the predicted value for the sample i, f; represents the k -th tree, and x; is the input feature vector.
XGBoost employs gradient descent to iteratively minimize the loss function. At each iteration, a new tree is
added that approximates the negative gradient of the loss function, effectively moving the predictions closer
to the true values. The algorithm also incorporates several advanced techniques, including tree pruning,
handling of missing values, and parallel processing, which contribute to its computational efficiency and
superior performance. The key hyperparameters of the XGBoost model include the number of trees
(Nestimators ), the learning rate (1) that controls the contribution of each tree, the maximum tree depth
(maxgepen), the minimum loss reduction required to make a split(y), and regularization parameters (4 and a)
that control model complexity.

2.2.7 Benchmark models

To evaluate the performance of the forecasting models, two simple benchmark methods were
implemented: the Naive model and the Seasonal Naive (SNaive) model. These benchmarks provide baseline
comparisons and help assess whether the more complex models offer meaningful improvements over
straightforward forecasting approaches. These two benchmark models were selected because hourly solar
irradiance typically exhibits both short-term continuity and daily cyclical behavior, making persistence-based
and seasonal-repeat baselines appropriate reference models for performance evaluation. The Naive model is
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the simplest forecasting method, which assumes that the next value will be equal to the most recent observed
value. Mathematically, the Naive forecast at time t is expressed as:

Vi = Vi1 (23)

where ; is the predicted value at time t, and y,_, is the actual value at the previous time step. This model is
particularly useful for data without strong trends or seasonal patterns and serves as a minimum performance
threshold that any sophisticated model should exceed. SNaive model accounts for seasonal patterns in the
data by using the value from the same period in the previous seasonal cycle as the forecast. For hourly solar
irradiance data with a daily seasonal pattern, the SNaive forecast is expressed as:

Vi =Yi-s (24)

where S is the seasonal period. In this study, S = 12 hours, corresponding to the 12 daylight hours retained
after preprocessing. This means the forecast for a given hour is based on the irradiance value from the same
hour on the previous day. The SNaive model is particularly effective for data with strong and stable seasonal
patterns, making it a more challenging benchmark than the simple Naive model for solar irradiance
forecasting. Both benchmark models require minimal computational resources and no parameter tuning. Their
performance serves as a reference point to determine whether the added complexity of statistical, machine
learning, and deep learning models translates into tangible forecasting improvements.

2.3 Evaluation metrics
To assess and compare the forecasting performance of all models, three widely used evaluation
metrics were employed: RMSE, MAE, and MAPE.

RMSE = 157, (v, - 9.)? (25)

1 ~
MAE =~ ¥, |y: = 3l (26)
_ ﬂ n Yi—¥i
MAPE = —%¥i, v | 27

where n is the number of observations, y; is the actual value at time i, and J; is the predicted value at time i.
Lower values of all three metrics indicate better forecasting performance.

3. Experiment and numerical results

This section presents the experimental framework and the numerical results obtained from evaluating
the forecasting models. All experiments were conducted using Python 3.11 on a system equipped with an Intel
Core i7 processor and 16 GB of RAM. The models were trained on 80% of the dataset and tested on the
remaining 20% to assess their generalization performance. Model accuracy was evaluated using three
performance metrics: MAE, RMSE, and MAPE, which enable direct comparison across all models.

3.1 Exploratory data analysis

Before developing the forecasting models, an exploratory data analysis was conducted to understand
the dataset's temporal and statistical characteristics. This study uses data recorded by a solar photovoltaic
monitoring station at the Faculty of Engineering, Thaksin University, Thailand. The monitoring system
continuously measures key meteorological and operational parameters that influence solar irradiance and
energy generation. The dataset spans the period from May 2024 to April 2025 and consists of 4,406 hourly
records. The variables included in the dataset are:
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e Irradiance (W/m?): The target variable representing the solar power received per unit area on the
panel surface,

¢ Environmental Temperature (Env Temp, °C): The ambient air temperature measured near the
panel installation site,

e Panel Temperature ( Panel Temp, °C): The surface temperature of the PV panel,
e Wind Speed (m/s): The average wind speed measured at sensor height,
e Wind Angle (°): The direction of wind flow, which influences panel cooling,

e Environmental Humidity (Env Humidity, %): The ambient moisture content in the air.

These data were collected using several sensors connected to a data logger, which was synchronized
to local time to ensure data accuracy and consistency. Figure 1(a) illustrates the temporal distribution of solar
irradiance throughout the dataset, highlighting the daily and monthly patterns. The figure shows that solar
irradiance has a strong daily cycle, with peak intensity concentrated around midday (11:00-13:00). This pattern
is typical of tropical solar conditions [35-36]. The visualization also reveals seasonal variations in irradiance
levels across different months of the year. Since the original dataset includes nighttime hours with zero
irradiance values, these non-productive hours were excluded from the analysis to improve forecasting. Only
daytime hours with meaningful solar activity were retained, ensuring that the models are trained on relevant
data. Figure 1(b) shows the filtered dataset after removing nighttime observations, which consists of 12
daylight hours per day.
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Figure 1. Temporal distribution of solar irradiance: (a) complete 24-hour dataset showing daily and seasonal
patterns, (b) filtered daytime-only dataset (12 hours) used for model training and testing.

Figure 2 presents the monthly distributions of all measured variables, with boxplots and trend lines
overlaid on the monthly averages. The analysis reveals clear seasonal patterns across all meteorological
parameters. Irradiance and temperature variables (both panel and environmental) exhibit a positive
correlation and show higher values from February to May, corresponding to the hot, dry season in Thailand.
Conversely, these variables reach their lowest levels during the monsoon season from October to December.
Relative humidity displays an inverse relationship with irradiance, reaching its highest values during the wet
season (October to December) and decreasing as irradiance levels increase during the dry months. Wind speed
gradually increases throughout the year, with higher values observed from December to April. Wind angle
shows significant seasonal variation, likely influenced by local monsoon patterns that shift the direction of
prevailing winds. These seasonal patterns demonstrate that meteorological and climatic factors strongly
influence solar energy generation. The observed correlations between irradiance and weather variables justify
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the inclusion of environmental predictors (temperature, humidity, and wind characteristics) in the forecasting
models, as they contain valuable information that can improve prediction accuracy. Wind speed and wind
direction were recorded using an anemometer positioned at approximately 12.5 meters above ground level,
consistent with standard meteorological guidelines, since wind behavior changes markedly with height due
to surface friction. Atmospheric wind conditions affect solar irradiance indirectly by influencing cloud
development, cloud transport, and air turbulence. Stronger winds are commonly linked to faster cloud
movement, which can produce abrupt variations in incoming solar radiation, while wind direction provides
insight into dominant weather systems, particularly during tropical monsoon periods. For this reason, wind
parameters were incorporated into the forecasting models as meteorological inputs to represent atmospheric
processes that drive short-term fluctuations in solar irradiance.
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Figure 2. The monthly boxplots of irradiance and meteorological variables.

In this study, "sun irradiance" refers to the Global Horizontal Irradiance (GHI) recorded at an actual
monitoring site. GHI, or the total amount of solar radiation incident on a horizontal surface, is composed of
diffuse radiation scattered by the atmosphere and direct beam radiation from the sun. Because the irradiance

sensor was positioned horizontally, the observed values are appropriate for GHI-based analysis and
predictions.
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Figure 3. The hourly distribution of the main variables.

Panel temperature is closely related to solar irradiance. As solar radiation increases, the surface
temperature of photovoltaic modules also rises. Therefore, under high irradiance, some of the incoming solar
energy is converted into electricity, while the rest is converted into heat, which raises the panel's temperature.
Moreover, the panel's temperature directly affects how well the photovoltaic (PV) system operates, as higher
temperatures often reduce its energy conversion efficiency. Consequently, it serves as a useful indirect
indicator of both solar radiation intensity and the system's operational condition. In forecasting applications,
panel temperature is treated as an external (exogenous) variable to account for the PV system's thermal
response to fluctuating atmospheric conditions. By providing supplementary information beyond irradiance
data, panel temperature improves the precision of predictions.

From a daily perspective, Figure 3 presents the hourly distributions of the main variables using
histograms, along with the trend line for the hourly mean. The Irradiance curve shows a bell-shaped pattern,
with a peak between 11:00 and 13:00, corresponding to maximum solar exposure. Both environmental and
panel temperatures increase during the morning, reach their highest values around midday, and then decline
toward evening. In contrast, relative humidity decreases as irradiance and temperature rise, then increases in
the late afternoon. These results confirm a strong diurnal relationship between solar radiation and atmospheric
conditions, supporting the importance of these meteorological variables for enhancing short-term irradiance
forecasting accuracy.

3.2 Model hyperparameter configuration

To ensure a fair comparison across all forecasting models, each model was systematically optimized
via hyperparameter tuning on the training dataset. For the SARIMA model, a comprehensive grid search was
conducted across multiple combinations of non-seasonal (p,d,q) and seasonal P, D, Q, Sparameters. The
search space included reasonable ranges derived from the observed autocorrelation and partial
autocorrelation structures of the irradiance series. Specifically, the orders p, q, P, and Q were varied between
0 and 2, while the differencing orders d and D were restricted to 0 or 1 to maintain model simplicity and avoid
over-differencing. The seasonal period was set to S =12, corresponding to the 12 daylight hours retained after
preprocessing. In total, 325 unique parameter combinations were evaluated. Each candidate model was
trained on 80% of the data (the training set) and assessed using two criteria: the Akaike Information Criterion
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(AIC) and the Bayesian Information Criterion (BIC). These metrics balance model accuracy with model
complexity by penalizing models that have too many parameters. The model with the lowest AIC and BIC
values was selected as the optimal configuration. Figure 4(a) shows the AIC and BIC values for the top 10
model combinations, with the best-performing model being SARIMA (1, 1, 2) (2, 0, 2, 12). Figure 4(b) analyzes
the relationship between model complexity and performance. Model complexity is measured by the total
number of parameters (p +d + q + P + D + Q). The results show that very simple models (2-4 parameters)
perform worse than moderately complex models (6-8 parameters). Beyond 8 parameters, there is no significant
improvement, and some models with 9-10 parameters actually perform worse.
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Figure 4. a) AIC and BIC across the top 10 model combinations, b) model complexity versus performance.

The Prophet model was configured to capture daily and weekly seasonality with four meteorological
variables (environmental temperature, panel temperature, wind speed, and relative humidity) incorporated
as exogenous regressors. Both XGBoost and Random Forest models utilized lag features at 1-hour, 24-hour,
and 168-hour intervals, combined with meteorological variables, with all features standardized using a
StandardScaler fitted to the training set. The LSTM and GRU networks used a 24-hour lookback window, with
all features standardized, and their architectures included a recurrent layer, a dense layer with ReLU
activation, and an output layer. Training used the Adam optimizer with early stopping (patience: 5-6 epochs)
and learning rate reduction at plateaus. The final hyperparameter configurations for all models are
summarized in Table 1.

Table 1. Summary of model hyperparameters and configurations.

Model Key Hyperparameters Configuration
SARIMA (p.d,q)(P,D,Q,s) (1,1,2) (2,0,2,12)
Prophet Seasonality, Regressors Daily and weekly, variables
XGBoost Estimators, Learning rate, Max depth, Lags 500, 0.05, 6, (1, 24, 168)
RF Estimators, Max depth, Min samples split, Lags 500, 15, 5, (1, 24, 168)
LSTM Neurons, Batch size, Epochs, Lookback 64, 128, 50, 24
GRU Neurons, Batch size, Epochs, Lookback 64,128, 50, 24

3.3 Forecasting results

Six forecasting models, which are SARIMA, Prophet, LSTM, GRU, XGBoost, and RF, were trained on
the training set spanning from May 6, 2024, 06:00 to February 1, 2025, 06:00 (3,524 hours, representing 80% of
the dataset). The performance of these models was evaluated on the test set from February 1, 2025, 07:00 to
April 9, 2025, 17:00 (885 hours, representing 20% of the dataset) and compared against two benchmark models:



ASEAN ]. Sci. Tech. Report. 2026, 29(7), e262134. 12 of 18

the Naive and SNaive methods. Model performance was assessed using three evaluation metrics: RMSE, MAE,
and MAPE.

The numerical results are presented in Table 2, which provides a comprehensive comparison of all
forecasting models against the benchmark methods. Furthermore, Figure 5 presents a visual comparison of
forecasted versus actual irradiance values for all models across the entire test period. The plots reveal that all
forecasting models successfully capture the daily cyclic pattern of solar irradiance, with peaks around midday
and troughs in the early morning and late afternoon. However, notable differences in tracking accuracy are
evident across models. As shown in Table 2, all advanced forecasting models substantially outperformed both
benchmark approaches, confirming their ability to capture the complex temporal patterns and meteorological
dependencies inherent in solar irradiance data. Between the two benchmarks, the Naive model performed
considerably better than the SNaive model, with RMSE improvements of 34.06 W/m? and MAPE reductions
of 22.78%. This suggests that short-term persistence (hour-to-hour continuity) is a more reliable forecasting
assumption than daily periodicity for this tropical solar irradiance dataset.

Table 2. Forecasting performance comparison across all models.

Model Evaluation metrics
Models
type RMSE MAE MAPE %

SARIMA 110.79 83.78 49.29
Prophet 94.31 74.59 41.85
Forecasting LSTM 140.36 105.86 43.79
models GRU 106.94 78.24 35.98
XGboost 79.43 59.63 30.07
RF 83.00 61.98 29.36
Benchmark Naive 159.80 129.48 56.89
models SNaive 193.86 153.06 79.67

Among the forecasting models, the ensemble-based machine learning approaches demonstrated
superior performance. XGBoost achieved the best overall results across all metrics, yielding the lowest RMSE
(79.43 W/m?) and MAE (59.63 W/m?), with a MAPE of 30.07%. RF produced comparable results, achieving the
lowest MAPE (29.36%) while maintaining competitive RMSE (83.00 W/m?) and MAE (61.98 W/m?) values. The
strong performance of both ensemble methods can be attributed to their ability to effectively model nonlinear
feature-target relationships and capture complex interactions between meteorological variables and solar
irradiance. Compared to the best benchmark (Naive), XGBoost reduced RMSE by 50.3%, MAE by 53.9%, and
MAPE by 47.1%, demonstrating substantial improvements in forecasting accuracy.

The deep learning models exhibited mixed results. The GRU model outperformed the LSTM across
all metrics, achieving an RMSE of 106.94 W/m? compared to the LSTM's 140.36 W/m?, and reducing MAPE
from 43.79% to 35.98%. This performance difference highlights GRU's greater efficiency in modelling short-
term temporal dependencies with fewer parameters and its superior stability during training. However, both
recurrent neural network architectures were outperformed by the machine learning ensemble methods,
suggesting that the added complexity of deep learning may not be necessary for this particular forecasting
task, given the dataset size and temporal structure.

Among the statistical and hybrid models, Prophet demonstrated competitive performance with an
RMSE of 94.31 W/m? and an MAPE of 41.85%, substantially outperforming SARIMA (RMSE: 110.79 W/m?,
MAPE: 49.29%). Prophet's strength lies in its ability to decompose automatically and model trend and seasonal
components while incorporating exogenous meteorological variables with minimal parameter tuning. In
contrast, despite the comprehensive grid search optimization and rigorous walk-forward validation employed
for SARIMA, the model achieved the second-worst performance among all forecasting methods, only
surpassing LSTM.
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Figure 5. Time series comparison of actual versus forecasted irradiance for all models over the test period.
Black solid lines represent actual values, while red dashed lines show model predictions.

In addition to forecasting accuracy, computational efficiency was evaluated for all models. The
machine learning and deep learning models (XGBoost, RF, LSTM, and GRU) required 5-10 minutes each for
the complete training and prediction cycle, making them highly suitable for real-time or near-real-time
forecasting applications. In contrast, the walk-forward SARIMA model required approximately 170 minutes
(2 hours and 50 minutes) to complete its training and walk-forward forecasting, due to iterative retraining at
each time step—a computationally intensive but methodologically rigorous approach recommended in the
time series forecasting literature to ensure temporal robustness and prevent data leakage.

In conclusion, the results demonstrate that ensemble-based machine learning models (XGBoost and
Random Forest) provide the most accurate and computationally efficient forecasts for hourly solar irradiance
prediction. These models effectively exploit both temporal persistence and nonlinear meteorological effects,
making them well-suited for short-term solar forecasting in tropical climates. The GRU model offers a viable
alternative when sequential modelling is preferred, outperforming LSTM while maintaining reasonable
computational efficiency. Prophet provides a practical compromise between statistical rigor and forecasting
accuracy, particularly valuable when model interpretability and automatic seasonality detection are priorities.
Overall, the findings confirm that modern machine learning approaches significantly outperform traditional
statistical methods for this application, both in terms of accuracy and computational efficiency.
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3.4 Practical implications for intelligent solar energy management

Accurate short-term solar irradiance forecasting is crucial for advanced energy management systems,
especially in regions with substantial renewable energy integration. The models developed in this research
support real-time operational decision-making processes, including load management strategies, maintaining
grid stability, and optimal coordination of energy storage units. This capacity is especially vital in tropical
areas, such as Southern Thailand, where the monsoon's influence on cloud dynamics and seasonal shifts
substantially affects solar irradiance. Accurate predictions empower operators to anticipate fluctuations in
power generation, thereby facilitating proactive strategies, such as activating backup generators or adjusting
battery charging and discharging protocols. Consequently, the strong efficacy demonstrated by ensemble
machine learning methods highlights their applicability in automated energy management systems, thereby
optimizing the utilization of renewable energy sources, diminishing dependence on fossil-fuel-based backup
systems, and enhancing overall system functionality. In accordance with this premise, the research outcomes
provide substantial support for the advancement of advanced solar energy management systems, specifically
designed to promote extensive renewable integration within tropical environments [37].

4. Conclusions

This study developed and evaluated multiple forecasting models for predicting hourly solar
irradiance using data collected from a photovoltaic monitoring station at Thaksin University, Thailand. The
research compared six forecasting approaches, namely SARIMA, Prophet, LSTM, GRU, XGBoost, and
Random Forest, against two benchmark models (Naive and SNaive). The results showed that ensemble
machine learning models performed best, with XGBoost achieving the highest overall accuracy (RMSE =79.43
W/m?, MAE = 59.63 W/m?, and MAPE = 30.07%), followed by Random Forest. In contrast, the statistical and
deep learning models showed lower predictive performance under the conditions of this dataset. These
findings indicate that ensemble methods are highly effective for short-term solar irradiance forecasting in
tropical environments and can support more reliable solar energy management. These findings align with
previous research in similar climatic regions. A study conducted in Rajasthan, India (another tropical region
with high solar potential) found that Random Forest achieved the best performance with an average error
below 20%, outperforming linear regression by 19.47%. This consistency across different tropical locations
suggests that ensemble methods are particularly well-suited for solar irradiance forecasting in regions with
complex meteorological dynamics and strong seasonal variations. Future work should evaluate hybrid
models and longer, multi-year datasets to improve generalizability and forecasting robustness further.
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