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ABSTRACT: Accurate Global Horizontal Irradiance (GHI) forecasting has become vital for successfully integrating
solar energy into the electrical grid because of the expanding demand for green power and the worldwide shift favouring
green energy resources. Particularly considering the implications of the aggressive GHG emission targets, accurate GHI
forecasting has become vital for developing, designing, and operational managing solar energy systems. This research
presented the core concepts of modelling and performance analysis of the application of various forecasting models
such as ARIMA (Autoregressive Integrated Moving Average), Elaman NN (Elman Neural Network), RBFN (Radial
Basis Function Neural Network), SVM (Support Vector Machine), LSTM (Long Short-Term Memory), Persistent,
BPN (Back Propagation Neural Network), MLP (Multilayer Perceptron Neural Network), RF (Random Forest), and
XGBoost (eXtreme Gradient Boosting) for assessing multi-seasonal forecasting of GHI. Used the India region data
to evaluate the models’ performance and forecasting ability. Research using forecasting models for seasonal Global
Horizontal Irradiance (GHI) forecasting in winter, spring, summer, monsoon, and autumn. Substantiated performance
effectiveness through evaluation metrics, such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and R-squared (R*), coded using Python programming. The performance experimentation analysis inferred that the
most accurate forecasts in all the seasons compared to the other forecasting models the Random Forest and eXtreme
Gradient Boosting, are the superior and competing models that yield Winter season-based forecasting XGBoost is the
best forecasting model with MAE: 1.6325, RMSE: 4.8338, and R*: 0.9998. Spring season-based forecasting XGBoost is the
best forecasting model with MAE: 2.599599, RMSE: 5.58539, and R*: 0.999784. Summer season-based forecasting RF is
the best forecasting model with MAE: 1.03843, RMSE: 2.116325, and R*: 0.999967. Monsoon season-based forecasting RF
is the best forecasting model with MAE: 0.892385, RMSE: 2.417587, and R%:0.999942. Autumn season-based forecasting
RF is the best forecasting model with MAE: 0.810462, RMSE: 1.928215, and R*: 0.999958. Based on seasonal variations
and computing constraints, the findings enable energy system operators to make helpful recommendations for choosing
the most effective forecasting models.

KEYWORDS: Machine learning model; deep learning model; statistical model; seasonal; solar energy; Global Hori-
zontal Irradiance; forecasting

1 Introduction

Over the past two decades, solar energy systems have seen a rise in interest in renewable energy sources
due to global warming and the energy shortage [1]. Several nations have strongly promoted solar energy as an
environmentally friendly form of energy. India has an immense future for solar energy. Around 5000 trillion
kWh of energy is catastrophe over India’s land surface annually, with 4-7 kWh per square meter daily in most
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of the country. India now ranks fifth in the world for solar PV deployment as of the end of 2022. As of 30 June
2023, the installed solar power capacity was around 70.10 GW [2]. Karnataka state’s renewable power installed
capacity as of 30 April 2025, has 9690.13 MW of total solar power [3]. GHI, a crucial meteorological variable,
is needed to measure and forecast solar energy generation potential. The worldwide uptake of irradiance on
a flat surface is defined as GHI, which changes with time, place, season, and weather [4].

1.1 Related Work

Reducing energy costs and guaranteeing high-quality electricity in electrical power systems that depend
on distributed solar photovoltaic generation requires reliable solar power (GHI) forecasts. Optimised Deep
learning neural network based on different seasonal wind speeds and solar irradiance forecasting performed
by Madhiarasan and Deepa in 2016 [5]. To simulate and forecast the output of solar energy systems,
support vector machines (SVM), self-organising feature maps (SOFM), multilayer perceptrons (MLP), and
generalised feedforward networks (GFF) are used by Kazem and Yousif in 2017 [6]. Srivastava and Lessmann
(2018) [7] conducted research for day-ahead GHI forecasts, showing that Long Short Term Memory is
resilient and that, properly set up, it performs better than Gradient Boosting Regression and Feed Forward
Neural Networks. Li et al. (2021) [8] suggest a technique based on XGBoost and kernel density estimation to
forecast the likelihood of solar irradiation one day in the future. For the predicting horizon of 15 and 30 min,
the random forest approach presented by Sravankumar et al. in 2023 [9] is doing well, showing 49% and 50%
improvements. Chodakowska et al. (2023) [10] performed solar radiation seasonal forecasting employing
auto-regressive integrated moving average (ARIMA) models under different climatic circumstances. The
statistics model (ARIMA), ML model (SVR), DL (LSTM, GRU, etc.), as well as ensemble models (RE hybrid)
contrasted models in terms of long-term prediction [I1]. The Random Forest model, as a result, forecasts
long-term solar power generation with 10% more accuracy than multivariate ML and DL models and 50%
more accuracy than the univariate statistical model.

Gupta et al. (2024) [12] presented research forecasts for the GHI in the New Delhi area using machine
learning methods, taking into account feature selection strategies. For predicting solar irradiance, some
machine learning models—including Linear Regression, Random Forest, Decision Trees, Support Vector
Machines, and Gradient Boosting—were evaluated and contrasted using Rajasthan, India data [13]. With
an RMSE of 0.64, it is evident that the RF model performs better overall than the other models. Long-
term horizon GHI forecasting using optimised deep bidirectional long short-term memory based on the
Bayesian optimisation approach developed by Madhiarasan in 2025 [14]. The literature shows that few multi-
seasonal GHI forecasts have been done, which is very significant for solar energy systems. Thus, analysing the
performance of several forecasting models ARIMA (Autoregressive Integrated Moving Average), Elman NN
(Elman Neural Network), RBEN (Radial Basis Function Neural Network), SVM (Support Vector Machine),
LSTM (Long Short-Term Memory), Persistent, BPN (Back Propagation Neural Network), MLP (Multilayer
Perceptron Neural Network), RF (Random Forest), and XGBoost (eXtreme Gradient Boosting) is the goal
of improving the accuracy of multi-seasonal GHI forecasting.

One of the primary methods used to address renewable energy consumption is precise solar power
forecasting, formerly referred to as solar irradiance forecasting (GHI), which has its foundation in ensur-
ing the security and stability of the power system. To meet the current demand for solar energy from
renewable sources, a lot of research is currently being done to increase the forecasting model’s accuracy
and reduce the forecasting error by investigating additional statistical, ML and DL forecasting models
[15-17]. ARIMA (Autoregressive Integrated Moving Average), and other statistical models are lightweight
in terms of computation and interpretability, but perform poorly when the weather changes suddenly.
Machine learning techniques like SVM, XGBoost, and RF improve forecasts for the long term and deal
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with relationships that are not linear. Deep Learning models like LSTM can handle sequential data without
human feature engineering [18]. However, they are computationally demanding. With this motivation,
this paper is endeavouring a performance analysis of the various forecasting models, including statistical,
machine learning and deep learning models concerning the seasons-based GHI forecasting. For a better
understanding, the general flowchart of the proposed methodology is shown in Fig. 1.

: Temporal and GHI forecasting
Multi 7 Performance ;
] meteorological models (Ten : Forecasting
seasonal bl 5 ; metric based =
- _ variables = orecasting 1_11c?dels ComBarive =  model
collection incorporated feature include statistical, vsi selection
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Figure 1: General flowchart of the proposed methodology

1.2 Significant of the Carried Out Performance Analysis

The present research proposes a unique aspect of the engineering framework that optimally integrates
meteorological variables with temporal patterns and sky condition indicators. It also provides the first metic-
ulous comparison of ten forecasting approaches (spanning statistical, machine learning, and deep learning
paradigms) for global horizontal irradiance prediction across various Indian seasons. The significance of the
carried out performance analysis is pointed out as below:

(1)  Accomplished Multi seasonal (winter, spring, summer, monsoon, autumn) based on GHI forecasting.

(2)  Using temporal patterns and climatic variables in a unique feature engineering framework.

(3)  Arigorous benchmarking framework that assesses ten various forecasting models employing identical
data. Performed the comparative performance analysis of the 10 forecasting models (ARIMA, Elman
network, RBFN, SVM, LSTM, Persistent, BPN, MLP, Random Forest, and XGBoost). The implemented
XGboost and random forest-based multi-seasonal GHI forecasting achieved better forecasts than other
considered forecasting models.

(4) Performance asses using the India region-based dataset, which comprises the 15 meteorological
parameters, including GHI. Therefore, it can be robust about the atmospheric variable-based impact.

(5) MAE, RMSE, and R? are the performance metrics used to evaluate the all-considered model forecast-
ing ability.

(6) Findings provide beneficial recommendations for energy system operators to select the best forecast-
ing models.

This paper’s remaining sections are organised as follows. The forecasting model design and description
are put forward in Section 2. Multi-seasonal-based GHI forecasting results and comparisons are given in the
result and discussion Section 3. Lastly, Section 4 provides the conclusion and recommendations.

2 Forecasting Model Design and Description

This section details the dataset, seasons, data preprocessing, splitting and feature engineering, mathe-
matical expressions of the forecasting models, and performance metrics.

2.1 Dataset

The data set from the region of Pavagada, Karnataka, India, for a period of the year, is gathered from
the NOAA (National Oceanic and Atmospheric Administration), which consists of the hourly-based dataset
comprising 8760 data samples of each variable likes DHI (Diffuse Horizontal Irradiance), DNI (Direct
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Normal Irradiance), GHI, Clearsky DHI, Clearsky DNI, Clearsky GHI, Dew Point, Temperature, Pressure,
Relative Humidity, Solar Zenith Angle, Precipitable Water, Snow Depth, Wind Direction, and Wind Speed.
The data description variables, types, resolution and source are clearly mentioned in Table 1.

Table 1: Dataset description

Variables Types Resolution Source
DHI, DNI, GHI, Clearsky DHI, Solar radiation Hourly
Clearsky DNI, and Clearsky GHI
Temporal features, Solar zenith angle, Derived Hourly NOAA (https://www.noaa.gov/)
Precipitable wate and snow depth
Temperature, Dew point, Pressure, Meteorological Hourly
Relative humidity, Wind direction,
and Wind speed

Seasons

This paper uses the India region dataset, focusing on the five seasons: winter, spring, summer, monsoon
and autumn. India’s seasons are mostly categorised as spring, which continues from February to March. The
monsoon season is present from March to May, summer, and June to September. Autumn, which lasts from
October to November. December through February is winter.

2.2 Data Preprocessing, Splitting and Feature Engineering

The data preprocessing, data splitting and feature engineering are detailed as follows:

2.2.1 Data Preprocessing

Data preprocessing comprises data missing handling, outlier removal, and z-core normalisation [19].

(F-M)
~ SD

F’ ey

where, F'—z-core normalised variables, F— Actual variables, M—Mean and, SD—Standard Deviation.

2.2.2 Data Splitting

Data splitting into training and testing. Training uses 70% of the data, and testing uses 30%. Test data
are necessary for the model’s performance analysis, which analyses every forecast model’s accuracy. The
forecasting model must not be trained using the same dataset as the test. To enhance forecast performance,
feature engineering is the procedure of generating more details from the data.

2.2.3 Feature Engineering
This work used the time features, lag features and meteorological features.

Temporal Features: Two significant cyclical temporal characteristics are extracted such as Hours of day
(0-23) to record trends throughout the day and Year of the year (1-365) to record seasonal changes. These are
especially crucial for simulating solar radiation, since GHI exhibits substantial daily and seasonal variations.
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Lag Features: The GHI time series’ temporal dependencies are better captured by these autoregres-
sive properties.

Selection of Meteorological Features:

First, every collected meteorological feature is accessible and maintains characteristics that are physi-
cally related to sun radiation and drop characteristics with no variance. Both actual meteorological features
and calculated sun angles are included in the final features. Additionally, selecting features, such as preserving
the top fifteen features using mutual information scoring, Multicollinearity control with VIF < 5 and winter
concentrates on cloud clues (dew point), whilst the monsoon season includes features connected to precipi-
tation and wind. For time-series data, such as hourly GHI, lag characteristics are used to represent historical
values. To determine the periodicity, take the time stamps and extract the hour, day, month, and weekdays.
The DHI, DNI, GHI, Clearsky DHI, Clearsky DNI, Clearsky GHI, Dew Point, Temperature, Pressure,
Relative Humidity, Solar Zenith Angle, Precipitable Water, Snow Depth, Wind Direction, and Wind Speed
meteorological parameters. GHI may frequently be forecasted based on these features and characteristics.

2.3 Mathematical Expressions of the Forecasting Models

The considered all forecasting models such as ARIMA (Autoregressive Integrated Moving Average),
Elaman NN (Elman Neural Network), RBEN (Radial Basis Function Neural Network), SVM (Support Vector
Machine), LSTM (Long Short-Term Memory), Persistent, BPN (Back Propagation Neural Network), MLP
(Multilayer Perceptron Neural Network), RF (Random Forest), and XGBoost (eXtreme Gradient Boosting)
simplified description, mathematical expressions are as follows:

AutoRegressive Integrated Moving Average (ARIMA): ARIMA is a statistics model employed in
forecasting and time series analysis [20]. When confronted with a non-stationary time series, it combines
moving average and autoregressive constituents with an integration step.

(l—aL)(l_L)Ft:k+(1+aL)ll/t (2)
where, k—constant variable, m—moving average coefficient, y,—white noise, L—lag operator, LF; = F,_,

a—autoregressive coefficient, F,—forecast values at .

Stationarity handling: The Dickey-Fuller test demonstrated stationarity non-stationarity (p = 1) follow-
ing first-order differencing using autocorrelation plots directing AR(1) and MA(1) term choice [21].

Elman Neural Network (ENN): To analyse sequential input, the Elman Neural Network, a kind of
feedback neural network, retains information about prior time steps in a context layer [22].

ht =tanh (\/lmt + V2ht—l + bt) (3)

ﬁt = V3ht + b (4)
where, h,—context layer state, b,—bias, V;, V,, V;—weights, m,—input variables, tan h—Activation func-
tion, Fy—Forecast output.

Radial Basis Function Network (RBFN): RBFN is a feedforward network in which the network’s second
layer is weighted, and the number of inputs is equal to the size of the hidden layer, which comprises nonlinear
radial basis functions [23]. The output neurons are simple summing junctions.

A T 2
Ft:ZVt-exp(ﬂHm—ctH ) (5)
t=1

where, ﬁt—Forecast output, f—kernel width, c,—centers, V;—weights, m—input variables.
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Support Vector Machine (SVM): To classify data points, even though they are not generally linearly
separable, SVM maps the data to a high-dimensional feature space [24]. Once a hyperplane is identified
between the groups, the data is altered.

FOm)= (0= ) K ) + ©

where, m;—support vector, K (m,, m)—RBF Kernel function, I;, [ —Lagrange multipliers (weights), and
b—bias.

Long Short-Term Memory (LSTM): In an effort to address the vanishing gradient issue that conventional
RNNs commonly encounter, long short-term memory (LSTM), a kind of recurrent neural network (RNN),
employs “gates” that retrieve both long-term and short-term memory [25].

fo= f (Vigme+ Vaghoy + by) )
ir = f (Viimg + Vajhyoy + b;) (8)
0 = f (Vioin + Vaoht-1 + b,) )
¢, = tanh (Viemy + Byohy_1 + b.) (10)
¢ =fioc+igoc (11)
h; = 0, o tanh (¢;) (12)

where, h,—hidden state vector, f,tanh—sigmoid function and tangent activation function, o—Hadamard
product, V;, V2, b—weight matrices and bias vector of the respective gates, f;—forget gate, o,—output gate,
¢, —cell state, ¢,—cell input activation vector, i;—input gate and m,—input variables.

Persistent: Forecasts today using the GHI value from the previous day are the fundamental concept of
the Persistent forecast. Difficult to identify trends beyond daily tenacity.

ﬁt = Ft—24 (13)

F,—Forecast output values, F;_,4s—previous day values.

Backpropagation Network (BPN): The Deepest-Descent method is the foundation of the learning
process used by the BPNN.

E = VsReLU (VaReLU (Vim + by) + by) + b3 (14)

where, by, b,, b3—Dbiases, V;, V,, V3—weights, m—input variables, ReLU—activation function.

Multilayer Perceptron (MLP): A feedforward neural network with completely linked neurons having
nonlinear activation functions arranged in layers is referred to as a multilayer perceptron (MLP) [26].

E = (V,ReLU (Vim + by) + by) (15)

where, by, b,—biases, V;, V,—weights, m—input variables, ReLU —activation function.
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Random Forest (RF): An ensemble learning technique for regression and other problems built on many
decision trees during training and then averages the results [27].

T
ﬁt = l ZDt (m) (16)
T3

where, T—No. of tree, D,— " output of the decision tree, and m—considered meteorological input variables.
F,—Forecast output values.

XGBoost (eXtreme Gradient Boosting): To enhance the model’s effectiveness, XGBoost employs deci-
sion trees as its foundational learners and combines each of them sequentially [28]. The computational
efficiency, smooth handling of missing values, and efficient processing are the significant features of the
XGBoost.

T
I:‘:Z;ft(M)fteS 17)

where, F—Forecast output, f; € S a function of a decision tree in § function space, T—No. of tree,
M —input variables.

2.4 Hyperparameters Details

The hyperparameters for each model were chosen based on the domain expertise and trial and
error. Table 2 presents a hyperparameter used for every designed forecasting model and, with the carefully
selected hyperparameters to avoid overfitting, maintained manageable training periods while offering
enough capacity to learn intricate patterns. Table 2, based on set values hyperparameters, provides the
optimal trade-off between training time and forecasting performance without overfitting and captured
temporal relationships. The performance analysis workflow is shown in Fig. 2.

Table 2: Hyperparameters and values set of the forecasting models

Forecasting models Hyperparameters and values set

p=1
ARIMA d=1
q=1
Hidden units = 100
ENN Epochs =10
Batch size = 32
RBF
B =01
Kernel = RBF
C=100
Gamma = 0.1
Epsilon = 0.1
Hidden units = 100
Epochs =10
Optimiser = Adam
Dropout rate = 0.1-0.2

RBEN

SVM

LSTM

(Continued)
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Table 2 (continued)

Forecasting models

Hyperparameters and values set

Persistent

BPN

MLPN

RF

XGBoost

Learning rate = 0.001
Batch size = 32
none parameter value
Hidden Units = [100, 50, 1]
Epochs =50
Activation function = RELU
Optimiser = Adam
Batch size = 32
Hidden units = [100, 50]
Maximum iteration = 1000
Random state = 42
Optimiser = Adam
N estimators = 100
Random state = 42
Max features = [sqrt, 0.3, 0.5]
N estimators = 100
Learning rate = 0.1
Random state = 42

-

Display the Results

f Yes

Is the stopping No

criterion reached?

t

Compute the Performance Metrics

/ﬂ%_———_

S = = -~ P A Y e N
ARIMA ENN RBFN SVM LSTM Persistent BPN MLPN RF XGBoost
t $ 4 4 4 I 4 4 4 t t
FmC“ﬁng Models Initialisation Model Design

4
1

Data Preprocessing — Data Splitting — Feature Engineering

Data Preprocessing, Splitting and Feature Engineering

Figure 2: Flowchart of the proposed performance analysis multi-seasonal global horizontal irradiance forecasting
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2.5 Performance Metrics

The designed all-seasons-based GHI forecasting model’s performances are evaluated using performance
metrics such as Mean Absolute Error (MAE) [29], Root Mean Squared Error (RMSE) [30], and R-squared
(R?) [14].

MAE (Mean Absolute Error)

The average of the actual variations between the forecast values is referred to as MAE.

) (18)

RMSE (Root Mean Squared Error)

The square root of the mean of the squared variations between the actual and forecast values is referred
to as RMSE.

T
RMSE = \/; S (Fi - E) (19)
i=1

R-squared (R?)
The coefficient of multiple correlation’s square is referred to as R?, which commonly lies between 0
and 1.

1 & \
MAE = (—Z\Fi - F,
Ti:l

—
M=
—
s
[
':.11)
N—"

[\
N —

ad
|
—

I

(20)

i

—_——
M=

—
3|
|
|
~
o
v

where, F;,—Actual GHI, ﬁi—Forecast GHI, T—Number of data, F—Mean of Actual GHI.

3 Results and Discussion

An AMD Ryzen™ 7 PRO 7840U CPU operating at 3301 MHz with 16 GB of RAM, a Lenovo Thinkpad
T16 Gen 2, a Spyder IDE version 5.5.1 (Conda), and Python 3.12.7 64-bit were used for the experiment to
simulate the all the considered forecasting models using the India region dataset.

Multi-Seasonal Global Horizontal Irradiance Forecasting

Each model’s based multi-seasonal forecasting comparison of the actual vs. forecasts is shown in
Figs. 3-7 are testing datasets based on achieved results. It is evident that XGboost and RF are closely matched
with the actual GHI, whereas XGBoost has the lowest and ARIMA, Elman, RBEN, and LSTM vyield the worst
matched with the actual GHI. Between the RF and XGboost-based models, there is minimal variation. The
XGboost and RF models compete with each other in the deterministic forecast of India region’s actual data
sets compared to other forecasting models used for the comparative performance analysis.
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Figure 3: Winter season-based GHI forecasting models comparison between actual and forecast vs. time
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Figure 7: Autumn season-based GHI forecasting models comparison between actual and forecast vs. time

The forecasting models were used to build and evaluate the forecast for multiple seasons using the India
region dataset, resulting in performance metrics for the various seasons listed in Tables 3-7. It can be seen
in Table 3. Winter season-based forecasting results performance metrics. XGBoost is the best forecasting
model among the other models that yield the least performance metrics, such as MAE: 1.6325, RMSE: 4.8338,
and R?: 0.9998. RF model yields the competing performance metrics, while MLP, BPN, persistent, and SVM-
based models yield moderate forecasting performance. ARIMA, Elman, LSTM, and RBFN-based models
yield the worst performance metrics.

Table 3: Winter season-based forecasting results

Forecasting models MAE RMSE R’

ARIMA 241.9739 386.0846 —0.4481
Elman neural network  241.9157  375.6261 —0.3707
LSTM 225.3459 378.6161 —0.3926

RBEFN 131.5265  241.5943  0.4330

SVM 26.7782 49.2581 0.9764
Persistent 7.0182 23.5977 0.9946

BPN 4.4259 9.4675 0.9991

MLP 3.6027 7.6391 0.9994
Random Forest 1.6429 5.1825 0.9997
XGBoost 1.6325 4.8338 0.9998

Note: Best results highlighted in bold.
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Table 4: Spring season-based forecasting results

Forecasting models MAE RMSE R?

ARIMA 614.3035 701.5696  —2.41191
Elman 293.1421  455.7561 —0.43986
LSTM 280.2239  458.5851 —0.45779
RBEN 230.7883 388.8083 —-0.04792
SVM 89.10914 126.1611 0.889667

BPN 10.42685 16.61674  0.998086
Persistent 8.971292 48.68628 0.983569

MLP 5.360558  7.309837  0.99963
Random Forest 2.70866  6.442485 0.999712
XGBoost 2.599599 5.58539 0.999784

Note: Best results highlighted in bold.

Table 5: Summer season-based forecasting results

Forecasting models MAE RMSE R?

ARIMA 294.7113  471.1242 -0.64288
Elman neural network  294.4123 445.4354  -0.4686
LSTM 280.9715 449.6 —-0.49619

RBEN 216.2634 3579566  0.051592

SVM 64.6051 87.32217 0.94356
Persistent 13.38799 44.29679 0.985476
MLP 9.07697 12.87594  0.998773

BPN 8.805634 14.61495  0.998419
XGBoost 1.050312  2.724557  0.999945
Random forest 1.03843  2.116325 0.999967

Note: Best results highlighted in bold.

Table 6: Monsoon season-based forecasting results

Forecasting models MAE RMSE R?
ARIMA 293.1829 324.4635 —0.03851
Elman neural network  223.1513  353.9584 —0.23591
LSTM 214.0457  361.2244  -0.28717
RBFN 195.0538 336.8294  —0.11918
SVM 80.90741 115.0211 0.869492
Persistent 48.50917 111.415 0.877547
BPN 7.688433 14.1137 0.998035
MLP 5223662 9.821026  0.999049
XGBoost 1.512296 3.681919  0.999866

Random forest 0.892385 2.417587 0.999942

Note: Best results highlighted in bold.
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Table 7: Autumn season-based forecasting results

Forecasting models MAE RMSE R?

Elman neural network  223.0894 346.1675 —0.34124
ARIMA 2173349  369.5657 —0.52868
LSTM 204.8913  349.1459 -0.36442

RBFN 156.5044  271.0478 0.177711

SVM 59.53242  81.90203 0.92492
Persistent 24.04619 7156008 0.942684

BPN 11.62244 1773791  0.996478

MLP 5332851 8.066515 0.999272

XGBoost 1.68232 4121426  0.99981

Random forest 0.810462 1.928215 0.999958

Note: Best results highlighted in bold.

From Table 4, spring season-based forecasting results performance metrics. ARIMA, Elman, LSTM,
and RBFN yield the worst performance metrics. MLP, persistent, BPN, and SVM-based models yield
moderate forecasting performance. RF model yields the competing performance metrics, and XGBoost
is the best forecasting model among the other models that yield the least performance metrics, such as
MAE: 2.599599, RMSE: 5.58539, and R*: 0.999784.

It can be noticed from Table 5, summer season-based forecasting results performance metrics. RF
is the best forecasting model among the other models that yield the least performance metrics, such
as MAE: 1.03843, RMSE: 2.116325, and R*: 0.999967. XGBoost model yields the competing performance
metrics, and BPN, MLP, persistent, and SVM-based models yield moderate forecasting performance.
ARIMA, Elman, LSTM, and RBFN-based models yield the worst performance metrics inferred from Table 6.
Monsoon season-based forecasting results performance metrics. ARIMA, Elman, LSTM, and RBEN yield
the worst performance metrics. MLP, BPN, persistent, and SVM-based models yield moderate forecasting
performance. XGBoost model yields the competing performance metrics, and RF is the best forecasting
model among the other models yielding the least performance metrics, such as MAE: 0.892385, RMSE:
2.417587, and R?: 0.999942.

It can be noticed in Table 7, autumn season-based forecasting results performance metrics. RF is the
best forecasting model among the other models with the least performance metrics, such as MAE: 0.810462,
RMSE: 1.928215, and R?: 0.999958. XGBoost model yields the competing performance metrics.

MLP, BPN, persistent and SVM-based models are yielding moderate forecasting performance. Elman,
ARIMA, LSTM, and RBFN-based models yield the worst performance metrics. For a better visualisation of
the result, performance metrics, Iig. 8a—e are presented. As a result, RF and XGBoost models are more suited
to forecast multi-seasonal-based GHI forecasting. Autumn season-based results are highly likely to match
the actual GHI results, the lowest performance metric clearly understood in Fig. 8 and Tables 3-7.

Despite estimating put-oft GHI values, feature importance research revealed that the Solar Radiation,
Derived and Meteorological type features and temporal features were consistently among the best forecasters
for every season. This physical consistency raises the model’s generalizability confidence level. The findings
show that the effectiveness of the forecasting model varies significantly with the seasons. This paper compares
performance analysis, which can improve solar power system efliciency and allow for more efficient integra-
tion of the solar input into the electrical grid using the suggested forecasting models. The significant findings



Energy Eng. 2025;122(8) 3007

of the carried out performance analysis are rigorously assessing 10 forecasting models” performance in the
India region throughout various seasons and showing notable seasonal variations regarding the performance
of the models. Temporal, lag and meteorological feature importance illustrate seasonal variations. Research
has demonstrated that the optimal trade-off between accuracy and computational burden is frequently
offered by simpler models (XGBoost) and RE Additionally, it provides explicit guidelines on forecasting
model selection based on various seasons, making it a helpful reference for GHI forecasting than the existing
research available in the literature.
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Figure 8: (Continued)
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Performance Metric's Comparison for Summer Season
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Figure 8: (Continued)
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Performance Metric's Comparison for Autumn Season
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Figure 8: Performance Metrics comparison for (a) Winter season, (b) Spring season, (c¢) Summer season, (d) Monsoon
season, (e) Autumn season

4 Conclusion

Considering the severe difficulties that Mother Earth faces from climate change and global warming.
A near-real-time prediction model that can aid in more efficient use of solar power is necessary due
to the intermittent nature of solar energy, a reason that the share of solar energy worldwide is steadily
rising with the use of solar energy systems in distributed systems. GHI is unlikely to be accurately predicted
because of the influence of swift changes in weather conditions and meteorological parameters. Solar energy
is the growing energy sector worldwide, and concern is required for the effective integration of solar energy
with the astute multi-seasonal forecasting of GHI. This research work was carried out to design a solar
GHI forecasting system using various models such as ARIMA, Elman, LSTM, RBFN, SVM, persistent,
BPN MLP, RF, and XGBoost analysis of various India seasons-based GHI forecasting. In comparison to the
other forecasting models, the RF and XGBoost are the best and most competitive models that provide the
most accurate forecasts throughout all seasons, according to the performance analysis. Forecasting using
winter with an R? of 0.9998, an RMSE of 4.8338, and an MAE of 1.6325, XGBoost is the best forecasting
model. Through an R? 0f 0.999784, RMSE of 5.58539, and MAE of 2.599599, XGBoost is the best forecasting
model based on spring. With an R? of 0.999967, RMSE of 2.116325, and MAE of 1.03843, the RF is the
best forecasting model based on summer. With R%: 0.999942, RMSE: 2.417587, and MAE: 0.892385, RF is
Monsoon’s best forecasting model. Through an R? 0f 0.999958, RMSE of 1.928215, and MAE of 0.810462, RF
is the best forecasting model for autumn. The primary benefit of the performance analysis using GHI forecast
aid in smart grid infrastructure development is that it lowers the likelihood of power management issues,
flexibility reserve needs, and energy imbalance markets. The performance analysis reveals that the RF and
XGBoost forecasting models can effectively achieve high-precision forecasting in smart grids under various
seasonal circumstances with the least performance metrics than the other forecasting models considered
for comparison. In the future, the paper can be extended to focus on the issues related to the forecast
model (XGBoost and RF), such as overfitting and proper selection of the hyperparameter. Hence, the
optimisation algorithm optimises and validates the forecasting model design with different region datasets,
which confirms the generalisation ability.
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Glossary

ARIMA Autoregressive Integrated Moving Average
Elman NN  Elman Neural Network

RBFN Radial Basis Function Neural Network
SVM Support Vector Machine

LSTM Long Short-Term Memory

BPN Back Propagation Neural Network
MLP Multilayer Perceptron Neural Network
RF Random Forest

XGBoost eXtreme Gradient Boosting

GHI Global Horizontal Irradiance

MAE Mean Absolute Error

RMSE Root Mean Squared Error

R? R-squared

DHI Diffuse Horizontal Irradiance

DNI Direct Normal Irradiance

SVR Support Vector Regression

GRU Gated Recurrent Unit neural network
GFF Generalised FeedForward networks
SOFM Self-Organizing Feature Maps
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