PLOR. One

Check for
updates

E OPEN ACCESS

Citation: Sadig M, Jibreel Sammar M,
Anwaar Saeed M, Chen L, Liang J,
AlZahrani MY, et al. (2025) Optimizing
solar irradiance forecasting: ANN models
enhanced with ADAM and Cuckoo search
algorithm. PLoS One 20(12): e0335342.
https://doi.org/10.1371/journal.pone.
0335342

Editor: Zeyar Aung, Khalifa University,
UNITED ARAB EMIRATES

Received: April 24, 2025
Accepted: October 9, 2025
Published: December 5, 2025

Copyright: © 2025 Sadiq et al. This is an
open access article distributed under the
terms of the Creative Commons
Attribution License, which permits
unrestricted use, distribution, and
reproduction in any medium, provided the
original author and source are credited.

Data availability statement: All relevant
data are within the manuscript and its
Supporting information files.

Funding: This work is supported by the
Science and Technology Ph.D. Research

RESEARCH ARTICLE

Optimizing solar irradiance forecasting: ANN
models enhanced with ADAM and Cuckoo search
algorithm

Muhammad Sadiq’, Muhammad Jibreel Sammar?, Muhammad Anwaar Saeed?,
Lu Chen'3, Junwei Liang'*, Mohammad Y. AlZahrani*, Syed Muhammad Mohsin)56*

1 Shenzhen University of Information Technology, Shenzhen, China, 2 Department of Computer Science,
Virtual University of Pakistan, Lahore, Pakistan, 3 School of Electronic Information, Xijing University,
Xi'an, China, 4 Future Energy Technologies Institute, KACST, Riyadh, Kingdom of Saudi Arabia,

5 Department of Computer Science, University of Wah, Wah Cantt, Pakistan, 6 Standard College of
Modern Sciences, Virtual University of Pakistan, Lahore, Pakistan

* jwliang@sziit.edu.cn (JL); syedmmohsin9@gmail.com (SMM)

Abstract

Renewable energy sources (RES) are being used and integrated into the electri-

cal grid as a result of the environment’s effects and the ever-increasing demand for
energy. Reliable and accurate forecasts are necessary to address environmental
concerns and improve grid management due to the intermittent availability of renew-
able energy sources. This study focuses on improving ANN-based techniques for
precise solar irradiance prediction as the prediction accuracy of an artificial neural
network (ANN) is impacted by the random assignment of weights to its edges. As a
result, we proposed hybrid solar irradiance forecasting models in which the cuckoo
search algorithm (CSA) and adaptive moment estimation (ADAM) are used to opti-
mize the weights assigned to the ANN’s edges. Two models were presented in this
study namely: ADAM-optimized ANN model and a novel two-stage optimization tech-
nigue known as CSA-ADAM optimized ANN model for accurate and reliable fore-
casting of solar irradiance. Both models were tested using actual weather data, and
standard error metrics like mean squared error (MSE), mean absolute percentage
error (MAPE), mean absolute error (MAE), and root mean square error (RMSE) to
assess their accuracy. The outcomes demonstrate that ADAM-optimized ANN model
produced MSE = 0.52, MAPE = 0.18%, MAE = 0.64, and RMSE = 0.72, and CSA-
ADAM optimized ANN model obtained MSE = 0.25, MAPE = 0.17%, MAE = 0.43,
and RMSE = 0.50. We evaluated the practicality of both models by comparing their
average prediction times using the same test dataset. While the ADAM-optimized
ANN model took an average of 0.1093 + 0.0085 seconds to make predictions on
the test data, the CSA-ADAM optimized ANN model took 0.1110 + 0.0058 seconds.
These findings demonstrate that using CSA to optimize the ANN weights increases
the accuracy of solar irradiance predictions.
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1 Introduction

Conventional energy sources that rely on fossil fuels are ecologically unsustainable
and negatively affect the environment [1]. This has led to a recent surge in research
on alternative energy sources. In addition, the global energy crisis is getting worse
since technological and economic advancements heavily rely on energy availability,
which is necessary for global urbanization and industrialization. On the other hand,
there is a global energy deficit as a result of population growth [2]. As the demand for
energy rises, so does the use of fossil fuels. Brown energy is produced using fossil
fuels, such as coal, natural gas, and oil, which raises costs and damages the envi-
ronment. One abundant and reasonably priced source of renewable energy is solar
power. Compared to brown energy, green energy has a smaller carbon footprint [3,4].
Given the long-term effects of carbon emissions, nations have imposed high taxes
on carbon emissions from conventional power plants [5—7]. Developing strategies

to lower energy costs and guarantee environmental sustainability presents major
challenges for researchers and policymakers.

The research community has been working on amazing green energy solutions
[8—-10]. According to current research trends, combining renewable energy sources
with conventional fossil fuel-based energy sources is the most efficient and envi-
ronmentally friendly way to meet human energy needs [11-13]. The most common
renewable energy source that can be used is solar energy. However, the production
of solar energy is significantly impacted by erratic weather conditions. Because solar
radiation varies and is influenced by weather patterns in various time zones, solar
energy production is sporadic [14,15]. Despite its apparent low cost, solar energy’s
intermittent nature presents a major barrier to its integration into the current energy
system [16]. Therefore, to minimize carbon emissions, lower grid operating costs,
reduce the use of electricity reserves through improved generation planning, ensure
the electricity grid operates reliably and securely, and minimize the gap between
electricity supply and demand, accurate forecasting of renewable energy generation
is essential [17-21].

Cost-effective power generation is crucial to a nation’s development [22,23], and
solar energy can generate power without emitting carbon dioxide [24,25]. Numerous
artificial intelligence (Al)-based techniques, such as neural networks (NN), support
vector regression (SVR), convolutional neural networks (CNN), gated recurrent units
(GRU), long short-term memory (LSTM), and multi-layer perceptrons (MLP), have
been proposed by the research community for the prediction of solar irradiance [26].
Hourly irradiance has been predicted more recently using hybrid approaches like
deep neural networks (DNN) and extreme gradient boosting trees (XGBT) [27].

In this study, we have presented two solar irradiance forecasting models namely;
ADAM-optimized ANN model and novel two-stage optimization technique known as
CSA-ADAM optimized ANN model. First model is a baseline model whereas sec-
ond one is our proposed model. The selection of CSA and ADAM was based on their
complementary and distinct contributions to neural network optimization. ADAM is a
popular gradient-based optimizer that uses momentum and adjusts learning rates for
every parameter to help models converge effectively. It is not without drawbacks,
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though; if the network’s initial weights aren’t configured correctly, ADAM may have trouble and occasionally result in
unstable training or become stuck in less-than-ideal solutions, particularly in complex scenarios. CSA can help with that.
Inspired by nature, CSA explores the solution space more widely and haphazardly by combining cuckoo-like behavior with
Lévy flights.

Because of this, it is excellent for preventing early convergence and identifying more suitable training starting points.
The model gains from a clever combination of local fine-tuning and global exploration by initializing weights with CSA
and then fine-tuning them with ADAM. In addition to enhancing training stability and convergence, this hybrid approach
increases the model’s capacity for generalization, which is especially advantageous for tasks like solar irradiance predic-
tion. Main contributions of this study are summarized below.

* We provide a comprehensive overview of the current literature on solar energy forecasting.

» The literature study shows that artificial neural networks experience a decrease in prediction accuracy when processing
highly intermittent solar radiation data.

» We proposed a reliable solar irradiance prediction algorithm called CSA-ADAM optimized ANN model, in which the
weights of the ANN edges are optimized using CSA and ADAM optimizer.

The remainder of the article is structured as follows. Sect 2 describes the existing literature about solar irradiance pre-
diction. Sect 3 defines the motivation and problem statement, while Sect 4 provides a comprehensive overview of an arti-
ficial neural network, cuckoo search algorithm (CSA), dataset characterization, and our proposed system model. Sect 5
explains the simulation setup and methodology for this study, whereas Sect 6 presents the simulation results and associ-
ated discussion. The study concludes in Sect 7, accompanied with future research directions.

2 Literature review

The study at [28] examines the difficulties arising from the fluctuations in solar radiation that affect photovoltaic installa-
tions and emphasizes the need for accurate forecasting to improve grid management. The research achieves significant
ramp forecast skill scores by constructing a forecasting model that utilizes LSTM networks for different weather situations.
Comparisons with conventional forecasting approaches show that on-site measurement devices are essential for accurate
predictions, while the effectiveness of features can vary with weather conditions. The study recognizes imbalances in the
data sets resulting from certain regional weather patterns and proposes resampling methods to improve the efficiency of
the model. This work presents innovative approaches for the integration of solar energy into power systems through the
fusion of all-sky images and numerical data in machine learning applications.

The authors of [29] present a method using artificial neural networks (ANN) to improve operational predictions of direct
normal irradiance and address the shortcomings often found in numerical weather prediction models [30]. The models
created integrate meteorological and aerosol data from ECMWF and CAMS and produce 10-minute DNI forecasts that
show a significant improvement in accuracy compared to the original down scaled forecasts. The assessments carried out
at several locations in southern Portugal confirm the effectiveness of the model and achieve significant metrics such as
R?, MAE and RMSE. This approach enables trustworthy predictions, allowing solar energy producers and grid operators
to make more informed decisions about energy production and management.

In [31], artificial neural networks and a hybrid ANN-based genetic algorithm (ANN-GA) are used to predict the global
horizontal irradiance (GHI) in Albion, Mauritius, at 15-minute intervals using ground-based measurement data. The ANN
model showed superior performance on several statistical parameters, with remarkable correlation coefficients and
minimal error rates compared to the hybrid strategy. Validation with satellite data at a different location underpinned the
efficiency of the ANN model and emphasized its robustness in predicting solar irradiance. The results emphasize the
importance of accurate forecasting for improving energy management and integrating renewable energy sources into the
power grid.
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The increasing global demand for energy, fueled by population growth and economic development, necessitates a tran-
sition to renewable energy sources such as photovoltaics (PV). The integration of photovoltaic systems into the electric-
ity grid offers environmental and economic benefits. However, their intermittent nature can jeopardize system stability at
high supply levels. study at [32] presents an innovative forecasting model for ultra-short-term GHI that integrates the GRU
and temporal convolutional network (TCN) architectures. The study compares univariate and multivariate GRU-TCN mod-
els with alternative deep learning techniques and shows that the univariate model, which relies solely on historical GHI
data, achieves a lower MAE of 23.02 W/m?, compared to the 25.67 W/m? of the superior multivariate model. The results
show that the univariate GRU-TCN method is suitable for reliable one-step prediction and improves the accuracy of GHI
predictions. Future studies could investigate hybrid models, incorporate additional meteorological variables and focus on
multi-step predictions to improve the reliability of clean energy sources.

In [33], the authors employ a full year of GOES-R satellite data to produce 5-minute cloud cover statistics for seven
surface radiation budget network sites, focusing on GHI for now casting and short-term forecasting. Two convolutional
neural networks (CNN) were evaluated: one with the spectral cloud optical property estimation method and the other
without this extension. The SCOPE model showed an average RMSE of 44.7 W/m?, while the standard model reached
68.9 W/m2. The results demonstrate the effectiveness of CNNs in analyzing satellite data to estimate local ground irra-
diance, with the SCOPE-enhanced model significantly outperforming models using only longwave radiation channels.
Subsequent breakthroughs led to the creation of a hybrid SCOPE-CNN-ConvLSTM model, which showed a signifi-
cant improvement in prediction accuracy, especially under partly cloudy skies, with prediction capabilities between 38%
and 42%.

A fuzzy logic classifier is presented in [34] that is used to classify daily irradiance patterns, mimicking human decision
making. The classifier emphasizes language interpretability and accuracy and uses data mining and supervised learn-
ing methods to develop an initial system. Simplification methods, such as fuzzy classifiers with insufficient rule base, lead
to a concise final model that competently resolves the ambiguity of daily irradiance data. The classifier divides the days
into four main categories cloudy, partly cloudy, partly sunny and sunny—each of which is subdivided into the subcate-
gories Low, Medium and High, resulting in a total of 12 rules. Following the categorization, a neuro-fuzzy algorithm pre-
dicts the performance ratio PR of photovoltaic systems depending on the time of day, the maximum ambient temperature
and the period of use. This model has a commendable prediction accuracy and effectively detects abnormal behavior of
the system during the summer of 2019, using seven years of training data and two years of test data.

The growing importance of renewable energy sources, especially solar energy, is driven by global climate change and
the need to reduce greenhouse gas emissions. In [35], an improved deep learning model for solar irradiance prediction
is presented that utilizes convolutional properties and results in a reduction of the MAE by 8.32 compared to conven-
tional models. A thorough investigation of current mathematical models and data emphasizes the ability of deep learn-
ing techniques to improve prediction accuracy, which is essential for efficient renewable energy management. The work
focuses on the importance of data quality and suggests further research opportunities, such as investigating hybrid mod-
els and incorporating additional meteorological variables to improve scalability and applicability in different geographical
areas.

The requirements for accurate energy forecasting in renewable energy generation, focusing on very short-term esti-
mates of solar irradiance, about ten minutes in advance is presented in [36]. To improve the prediction accuracy, two
ANN models have been created: the CNN and the LSTM. With a RMSE of 52.58 W/m? during the test i.e., an improve-
ment of 8.16% over a comparative model for persistence indicates that the CNN performs better than the LSTM model.
On 59% of the days tested, the mean error of the CNN model was below 2%, with a significant proportion of these days
having a mean error of 2.75. All in all, the results suggest that this forecasting tool can successfully reduce uncertainty
in photovoltaic power generation, allowing for better integration into the power grid and better energy management in
general.
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Meteorological data from five cities in Bangladesh is utilized in [37] to develop a neural network-based solar radiation
prediction system. Three models GRU, LSTM and RNN were trained and their performances were evaluated using differ-
ent criteria. With a MAPE value of 19.28%, the GRU model performed better than the others. The study emphasizes how
better predictions of solar radiation could boost energy production and how more and diverse data sets could help future
research to increase model accuracy.

Precise forecasting of solar energy is crucial for efficient power grid management and maintaining a constant supply to
consumers [38]. Conventional statistical and machine learning techniques often prove insufficient due to the unpredictable
nature of solar data, necessitating an investigation of deep learning architectures such as LSTM, GRU, RNN, CNN and
GAN to improve prediction performance. This study shows that deep learning methods outperform traditional methods,
especially when integrated with methods to improve feature extraction and data augmentation. Critical determinants of
model accuracy are prediction horizon, weather classification and input feature optimization, while hybrid models show
improved performance by integrating both temporal and spatial data attributes. The results show that while deep learn-
ing algorithms have the potential to address time series prediction problems, further research is needed to improve their
application in solar energy systems.

Prediction accuracy of photovoltaic solar power generation is analyzed in [39] using ANN and LSTM models, focus-
ing on their performance over three short-term forecast horizons: 1, 15 and 60 minutes. The results show that the two
models have slightly different accuracy. The LSTM generally performs better, especially at shorter forecast horizons, and
has a MAPE of 19.5%. The study also shows that the amount of exogenous meteorological input variables has no signif-
icant influence on the forecast accuracy, which means that simpler models can be successful even without much sensor
data. Even though both models show decreasing accuracy at longer forecast horizons, the study emphasizes the need
for more complicated LSTM structures and larger training data sets to correctly identify long-term trends. All in all, the
results provide an insightful analysis for next solar power forecasting studies and point to possible directions for optimizing
parameters and improving model performance through hybrid methods.

As non-renewable energy sources are near to an end, the world’s attention is turning to renewable alternatives, par-
ticularly solar energy, which is expected to be central to the future energy supply [40]. Integrating solar energy into the
power grid is problematic due to its inherent unreliability, making microgrid systems a more efficient approach to manag-
ing the complexity. Accurate forecasting models for solar energy are critical to improving the reliability of solar installa-
tions in these microgrids, as forecasting uncertainty remains a major challenge. This paper evaluates more than 100 solar
irradiance and power prediction models and classifies them based on their characteristics, performance indicators, and
respective advantages and disadvantages to help researchers select appropriate models for specific locations and time
periods. It emphasizes the effectiveness of ensemble and hybrid models, which offer improved predictive capabilities com-
pared to conventional methods. Various artificial intelligence tools are used to analyze large data sets and increase the
accuracy of solar energy forecasting.

The study at [41] presents an innovative method for short-term solar irradiance prediction that integrates bayesian
optimized attention-dilated LSTM with Savitzky-Golay filtering and uses data from a solar irradiance sensor in Douala,
Cameroon. The method improves the quality of the raw data by incorporating solar irradiance factors and using multi-
ple deep learning models, and finally shows that the hybrid model with attention mechanisms and dilated convolutional
layers achieves higher accuracy. The proposed model outperforms previous research with a symmetric mean abso-
lute percentage error of 0.6564 and a RMSE of 22.9445, which is a significant improvement in prediction accuracy. The
research improves the field by presenting efficient data pre-processing techniques and a benchmark dataset to help both
researchers and solar plant management refine forecasting capabilities. Future endeavors aim to extend the applicability
of the model to more sites and investigate the integration of real-time data for improved flexibility.

Photovoltaic panels are an efficient technology for generating renewable energy by converting solar radiation into
electricity, although their efficiency depends on variables such as the quality of the panels and the local solar radiation
[42,43]. Accurate prediction of solar radiation is crucial for improving the design and management of solar power plants.
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This study investigates solar irradiance prediction as a machine learning challenge and uses a three-year dataset from
Izmir, Turkey to evaluate several deep learning and conventional machine learning methods. The comparative study
shows that MLP model performs best in predicting GHI with a RMSE of 0.78, followed by the random forest regressor and
the CatBoost gradient boosting approach. The results show that the proposed MLP model can accurately predict the GHI
values, which facilitates informed decision making for the installation of solar modules.

3 Motivation and the problem statement
3.1 Motivation

A precise and reliable forecast is essential for an accurate prediction of solar radiation, as solar irradiance and climatic
parameters fluctuate considerably. Research has presented various models for predicting solar irradiance using artificial
neural networks. The literature review reveals that ANN based solar irradiance forecasting models experience a decrease
in prediction accuracy when confronted with highly fluctuating solar irradiance data, and that the random assignment of
initial weights to the edges of the ANN further affects the prediction performance of the model. Therefore, this study pro-
poses a novel two-stage optimization technique to assign CSA and ADAM optimized weights to the edges of the ANN to
improve its prediction accuracy and reliability.

CSA and ADAM were chosen for their fundamentally different but complementary optimization behaviors. ADAM is a
popular gradient-based optimizer that allows neural networks to converge effectively and reasonably quickly by incorpo-
rating momentum and adjusting learning rates for each parameter. Nevertheless, ADAM’s reliance on the initial weight
configuration is one of its recognized drawbacks. ADAM may show unstable training behavior or converge to suboptimal
local minima if weights are not initialized properly, especially in complex, non-convex landscapes like those encountered
in ANN training.

On the other hand, CSA is a nature-inspired metaheuristic that combines Lévy flight-based random walks with the
brood parasitism behavior of cuckoos. This makes CSA very effective for global exploration and preventing premature
convergence by allowing it to conduct a wide and random search of the solution space. CSA is a good option for initializ-
ing ANN weights in a way that enhances the starting point for additional fine-tuning because of its capacity to break free
from local optima and more fully explore the search space. A more robust optimization result depends on the diversity of
candidate solutions, which is encouraged by its stochastic nature and selection mechanisms (such as elitism and nest
abandonment).

Our proposed CSA-ADAM optimized ANN model successfully combines the advantages of both global and local
search strategies by first using CSA to identify a high-quality set of initial weights, and then using ADAM’s gradient-based
updates to refine those weights. The well-known optimization principle of striking a balance between exploration and
exploitation is the foundation of this two-stage method. In terms of algorithms, this results in enhanced generalization,
decreased training errors, and better convergence behavior.

3.2 Problem statement

The aim of this study is to create, implement and validate a solar irradiance forecasting model that exploits ADAM and
CSA for the optimal weights assignment to the edges of artificial neural network in order to obtain a reliable and accurate
solar irradiance forecasting model.

4 Proposed system model
4.1 Artificial neural network (ANN)

ANN consists of interconnected nodes, known as artificial neurons, which mimic the functioning of the human nervous
system. The nodes of the artificial neural network have a complicated connection structure via edges that serve as lines
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for transmitting signals to the successive artificial neurons. The neural network then processes these signals logically.
This information can be passed on to the subsequent cell for further processing or for final output. Artificial neural net-
works can be constructed with an input layer, two hidden layers with four neurons each and an output layer that can
accommodate one or more nodes, as shown in Fig 1. The most important factors of an ANN are the number of hidden
layers, number of iterations, and the learning rate. Various activation functions are crucial for the complex functioning of
artificial neural networks (ANNs). The best-known activation functions include softmax, the sigmoidal stochastic linear

error unit, the exponential linear unit and Ripple. Artificial neural networks can encounter the following problems if the
weight value w; is chosen randomly.

» The poor precision as a result of unreliable inputs in prediction process.
» Misallocation of initial weights between a network’s layers can have a negative effect on its performance.

4.2 Cuckoo search algorithm (CSA)

The cuckoo search algorithm (CSA) is a meta-heuristic algorithm [44]. Certain parasitic cuckoo females have the abil-
ity to mimic the egg pattern and coloring of their host birds. The process steps of the CSA are shown in Fig 2. Within this
algorithmic structure, the following two terms are considered: 1. cuckoo bird 2. host bird. Flow diagram of cuckoo search
algorithm is shown in Fig 3.

Cuckoo birds and host birds (other bird species) are two species. Cuckoo birds are known to use the nests of other bird

species to hatch their offspring. This increases both their lifespan and their productivity. When the host bird discovers the
cuckoo eggs:

Hidden Layers

Input

)

Input Layer
Input Layer Hidden Layer Output Layer

Fig 1. ANN with 2 hidden layers.
https://doi.org/10.1371/journal.pone.0335342.g001

PLOS One | https://doi.org/10.1371/journal.pone.0335342 December 5, 2025 7/ 24



https://doi.org/10.1371/journal.pone.0335342.g001
https://doi.org/10.1371/journal.pone.0335342

Fig 2. Cuckoo bird hatched cycle.
https://doi.org/10.1371/journal.pone.0335342.9g002

* The egg might be dropped by the host bird.
» Leave the nest and develop a new-one.

4.3 Dataset pre-processing

Important pre-processing procedures were performed on the dataset prior to training in order to guarantee data quality
and enhance model performance. Interpolation and outlier removal were used to deal with missing and inconsistent val-
ues. To help stabilize and expedite the ANN’s training process, all input features were normalized using min-max scal-
ing to maintain values between 0 and 1. To match the solar irradiance forecasting time-frame, the data was arranged into
10-minute intervals per day for one week.

Along with time-related features, we selected pertinent meteorological variables for feature selection, including temper-
ature at different elevations, earth skin temperature, and PRECTOTCORR. By examining correlation coefficients between
features and eliminating or combining those that showed a strong correlation, we were able to address multicollinear-
ity. This straightforward but efficient method reduced redundancy and guaranteed that the final set of input features was
informative, which improved the prediction accuracy and generalization of the ANN models.

The original dataset contained 1431 values for various weather characteristics collected from 01 April 2018 to 01
March 2022. This data was distributed so that each value represented the weather at a specific time of day and was
recorded at 10-minute intervals per day for one week. Insights into the data of the solar irradiance dataset down-
loaded from [45] for the period from 01 April 2018 to 01 March 2022 can be found in Table 1 showing the following
variables.

* T2M (temperature at 2 meters height)
* T2Myax (maximum temperature at 2 meters height)
o T2M,n (minimum temperature at 2 meters height)
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Initialization of Population n

i

> Levy Fight

!

Evaluate Fitness
Function Fi

}

Select a Nest n
randomly Fj

NO
v

Select a Nest as Solution

replace Select a Nest as Solution by
new solution

Abandon a fraction, Pa of worst nests and

build new ones at new locations via Levy

flights

Keep the current best

Is Egg/
Solution
Better?

YES
\ 4

Find the best objective
(the best nest)

End

Fig 3. Flow diagram of cuckoo search algorithm.

https://doi.org/10.1371/journal.pone.0335342.9g003

* TS (surface temperature)
*+ PRECTOTCORR (corrected precipitation sum)
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Table 1. Data insights.

Parameter | T2M (°C) T2Myax CC) | T2Myy CC) | TS (°C) PRECTOTCORR (mm/day)
count 1431.000000 | 1431.000000 | 1431.000000 | 1431.000000 | 1431.000000

mean 9.312642 17.310175 2.441670 9.766723 1.113564

std 10.060776 10.975939 8.954626 10.841513 2.476481

min -18.010000 -14.770000 -20.150000 -16.050000 0.000000

25% 0.805000 8.190000 -4.595000 -0.100000 0.010000

50% 8.450000 17.440000 1.150000 9.030000 0.150000

75% 19.145000 27.385000 11.035000 20.315000 1.000000

max 27.380000 36.600000 18.960000 28.760000 24.830000

https://doi.org/10.1371/journal.pone.0335342.t001

4.3.1 Dataset visualization. The visualization of solar data is crucial to reveal inherent patterns, trends and correla-
tions within the data set. The use of various graphical methods enables the effective interpretation of complex data, lead-
ing to better predictions and informed decisions. In this study, different visualization techniques for the analysis of solar
data are explored, providing insights into the dynamic characteristics of solar irradiance and its determinants. Various
prominent visualizations of the used solar data set are shown in Figs 4, 5, 6, 7, 8, and 9.

+ Histograms: It provide a visual representation of the distribution of values for the different variables in the solar data.

* Line graph: The line chart shows the development of each variable over a certain period of time. Each variable is shown
with a different color, indicating the fluctuations over time. This visualization helps to identify patterns, trends or cycles in
the temperature and precipitation data, such as seasonal changes or anomalies in the prediction of solar radiation over
the years.

« Pair plot: The pair plot is a matrix of scatter plots that show the pairwise relationships between different variables
together with the distribution of each variable in the form of histograms on the diagonal. This plot is useful for recogniz-
ing correlations, patterns and potential outliers between variables.

+ Scatter plot: The scatter plot visualizes the values of the variables over time. Each variable is represented by a different
symbol and a different color. This type of chart is particularly useful for recognizing trends, outliers and clusters within
the data for the different variables used in the solar radiation forecast.

» Box plot: The box plots provide a summary of the numerical data by their quartiles and identify outliers. Each box-
plot represents a variable and shows the median, the 25th and 75th percentile, the range of the data and the out-
liers. This allows the dispersion and center of the data to be compared for different variables used to predict solar
radiation.

+ Correlation matrix heat-map: The heat map of the correlation matrix illustrates the strength and direction of the corre-
lation between the individual pairs of variables. A values close to 0 indicate no correlation whereas, a value close to
1 or -1 indicates a strong positive or negative correlation. This heatmap enables quick identification of strongly cor-
related variables, which can be important for regression analysis or the identification of multicollinearity in modeling
contexts.

4.4 Proposed system model

This study integrates the CSA and ADAM algorithms with ANN. To ensure a reliable and accurate prediction of solar irra-
diance, the initially randomly assigned weights of the neural network edges are refined by improved weight assignments
using the CSA and ADAM algorithms. The method is used to determine the initial weights connecting the different layers
of the artificial neural network. Fig 10 depicts the basic block diagram of our proposed CSA-ADAM optimized ANN model.
The proposed solar irradiance prediction model, shown in Fig 11, depicts the functionalities of machine learning (ML), arti-
ficial neural networks (ANN) with a meta-heuristic algorithm known as cuckoo search algorithm (CSA) and gradient-based
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Fig 4. Histogram for numerical variables of solar irradiance data.
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optimization technique ADAM. As a result, the proposed forecasting method exhibits a significant degree of precision and
is expected to improve the accuracy and reliability of solar energy forecasts.

In this paper, a CSA-ADAM optimized ANN model for solar energy prediction is proposed, in which the initial weights
at the edges of the ANN between the different layers are determined using the cuckoo search algorithm, a meta-heuristic
method. Assigning appropriate weights to the edges of the artificial neural network improves the accuracy of solar energy
predictions. Pseudo-code of baseline model (ADAM-optimized ANN model) and our proposed solar forecast model (CSA-
ADAM optimized ANN model) is shown in the following Algorithm 1 where model1 and forecast1 are related to our pro-
posed CSA-ADAM optimized ANN model and model2 and forecast2 are relevant to the ADAM-optimized ANN model
(baseline model). forecast1 and forecast2 are compared in the end to prove the supremacy of our proposed solar forecast
model. Detailed discussion and comparative analysis of the results are given in Sect 6.
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Algorithm 1 Pseudo-code of baseline and proposed solar forecast models.

1: function MAIN

2 Load weather dataset

3: Split dataset into training set, test set

4: Proposed model - CSA-ADAM optimized ANN model i.e., modell
5: initial weights < OPTIMIZEWEIGHTS (CSA-ADAM)

6 modell < TRAINANN (training set, initial weights)

7: forecastl < TESTANN (modell, test set)

8: Baseline model - ADAM-optimized ANN model i.e., model?2
9: modelZ2 < TRAINANN ADAM(training set)

10: forecast2 « TESTANN (model2, test set)

11: result <« COMPARERESULTS (forecastl, forecast2)

12: Present the final comparison outcome for analysis

13: end function
14: function OPTIMIZEWEIGHTS (CSA-ADAM)

15: Initialize a population of candidate weights

16: for each generation do

17: Evaluate fitness using ANN prediction error

18: Apply Cuckoo Search rules to generate new solutions
19: Use ADAM to fine-tune selected weights

20: end for

21: return Best-performing weights

22: end function
23: function TRAINANN (training set, weights)

24: Initialize ANN using weights

25: for each epoch do

26: Perform forward pass on training set
27: Compute loss

28: Backpropagate error and update weights
29: end for

30: return trained ANN model

31: end function
32: function TRAINANN ADAM(training set)

33: Initialize ANN with random weights

34: for each epoch do

35: Forward pass and compute loss

36: Update weights using ADAM optimization
37: end for

38: return trained ANN model

39: end function
40: function TESTANN (model, test set)

41: Predict output using the trained model
42: Calculate error metrics (MAPE, RMSE, MAE and MSE)
43: return forecast results and performance metrics

44: end function
45: function COMPARERESULTS (forecastl, forecast2)

46: Compare error metrics
47: Determine which model performs better
48: return summary of comparison

49: end function
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Fig 5. Line graph showing trend of solar irradiance data.
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5 Simulation setup and methodology

The data set for solar irradiance was downloaded from [45], with the period of the data sets ranging from 01 April 2018
to 01 March 2022. The entire data set was divided into 67% for training and the remaining 33% for testing purposes. The
simulations are performed for the following 2 cases.

+ Case 1: ANN model for the prediction of solar irradiance using a random determination of the weights at the edges of
the ANN. In this case, the weights of the edges were optimized using a gradient-based optimization algorithm, the adap-
tive moment estimation (ADAM-optimized ANN).

+ Case 2: ANN model for prediction of solar irradiance using assignment of CSA optimized weights to the edges of ANN
(CSA-ADAM optimized ANN).

The ANN base model with 2 hidden layers was created, and the solar data sets from [45] were loaded. The model was
thoroughly tested on a high performance system with a Core i7 processor, 12 GB RAM and an exceptionally fast clock
speed of 3.5 GHz. Python is used as the programming language in this study. Model accuracy was evaluated using stan-
dard metrics such as MAPE, RMSE, MAE and MSE.
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6 Results and discussion

The entire data set is split into 67% for training and 33% for accuracy testing. A series of simulations were performed to
evaluate the accuracy of our proposed solar irradiance prediction algorithm. The same platform and test data sets were
used for all experiments. An ANN model tailored to solar irradiance prediction was developed and constructed using
ADAM-optimized ANN and CSA-ADAM optimized ANN technique. To ensure precision and reliability, we used well estab-
lished error measurement techniques to thoroughly analyze the results obtained. The prediction of solar radiation was car-
ried out over a period of one week and across all seasons: Autumn, Spring, Summer, and Winter. With a one-year data
set having four distinct segments of spring, summer, autumn, and winter, predicting the fluctuating pattern of solar irra-
diance between the four seasons was a major challenge for the experiment. One-week forecast results for the autumn,
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Fig 7. Scatter Plot of solar irradiance data.
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spring, summer and winter seasons are shown in Figs 12, 13, 14, 15, and 16, representing actual vs. forecasted solar
irradiance. It is observed that our proposed hybrid CSA-ADAM optimized ANN model performs better in terms of solar
irradiance prediction accuracy.

In Figs 12, 13, 14, 15, and 16, the green lines show the actual values of solar irradiance. The blue lines, represent the
results of ADAM-optimized ANN (baseline) model. Whereas, red lines show the predicted solar irradiance values using
CSA-ADAM optimized solar irradiance forecasting model.

6.1 Forecasting accuracy comparison

The researchers in [46] created an ANN based model to predict solar irradiance. An ANN model was trained where
the weights between the edges were randomized in [46]. The study [47] is based on the use of an ANN and sup-
port vector regression (SVR) to predict solar irradiance. In this study, we proposed two models: (1) ADAM-optimized
ANN model (baseline): An artificial neural network whose edges are randomly weighted, and (2) a CSA-ADAM opti-
mized ANN model (proposed): An artificial neural network whose edges are assigned CSA and ADAM optimized
weights.

Table 2 shows that our proposed CSA-ADAM optimized ANN model has higher solar irradiance prediction accuracy.
The results of our proposed CSA-ADAM optimized ANN model for solar irradiance prediction are MSE = 0.252231,
MAPE = 0.17055%, MAE = 0.43545 and RMSE = 0.50222, while [46] reported comparable prediction results of
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MSE = 0.53, MAPE = 7.6%, MAE = 0.53 and RMSE = 0. A further comparative analysis is performed with [47], which
achieved results of MAE 1.146 and RMSE 1.613, while the third competitor SVR achieved an MAE of 1.367 and RMSE
of 1.994 in [47]. However, MSE and MAPE were not considered in the evaluation of prediction models proposed in [47].
The comparative analysis proved the superiority of our proposed solar irradiance prediction model (CSA-ADAM optimized
ANN model) by assigning CSA and ADAM optimized weights to the edges of the ANN.

6.2 Computational performance analysis

Using the same test dataset, we compared the prediction times of the ADAM-optimized ANN model (baseline) and our
proposed CSA-ADAM optimized ANN model to determine their practical viability. To account for runtime variability, which
is typical in shared environments, we timed the generation of predictions over a number of runs, that is, taken as 10 in this
case.

According to the results, the CSA-ADAM optimized ANN model took 0.1110 + 0.0058 seconds to make predictions on
the test data, whereas the ADAM-optimized ANN model took an average of 0.1093 + 0.0085 seconds. Both models show
practical feasibility for near real-time forecasting tasks, although the hybrid model has a slightly longer prediction time
because of its possibly more complex structure. The suggested approach provides increased accuracy with only a slight
increase in computational cost.
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6.3 Limitations and generalization

There are certain limitations to take into account, even though the suggested CSA-ADAM optimized ANN model exhibits
encouraging gains in solar irradiance forecasting. The model’s applicability to other climates or locations without addi-
tional adaptation may be limited by the study’s reliance on a particular dataset from a specific geographic region and set
of weather conditions. The model’s performance on data with varying temporal resolutions or in real-time forecasting sce-
narios has yet to be confirmed, as it was trained and tested on historical data gathered at predetermined 10-minute inter-
vals per day for one week. Large-scale or real-time applications may also encounter difficulties due to the computational
complexity brought about by the hybrid optimization, especially the CSA component.

In terms of generalizability, while the hybrid optimization framework successfully integrates local and global search,
its efficacy is contingent upon the representativeness and quality of the features and input data. Other datasets may
need different handling or additional feature engineering because the preprocessing steps and feature selection pro-
cess used here were customized for this particular dataset. Furthermore, the model’s performance during various
seasons and abnormal weather events was not thoroughly examined in the study, which may have affected forecast
accuracy. In order to increase generalizability under a variety of circumstances, our future work may test the model
on a variety of datasets, incorporate more reliable validation techniques like cross-validation, and look into adaptation
techniques.
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Table 2. Forecasting accuracy comparison of our proposed solar irradiance forecasting model.

Error ANN [46] | ANN [47] | SVR [47] | ADAM-optimized ANN CSA-ADAM optimized ANN
Criteria (Baseline) (Proposed)

MSE 0.53 - - 0.52420 0.252231

MAPE 7.6% - - 0.18197% 0.17055%

MAE 0.53 1.146 1.367 0.64649 0.43545

RMSE 0.62 1.613 1.994 0.72402 0.50222

https://doi.org/10.1371/journal.pone.0335342.t002

7 Conclusion and future work

Use of fossil fuels to generate electricity leads to higher energy cost and an increase in pollution. The demand for energy
is increasing day by day. The answer is solar energy, which can be a solution to all rising electricity bills and environmen-
tal problems. Solar energy is a cheap and renewable source of energy. It is also a nature friendly and energy saving solu-
tion that is helpful in overcoming environmental impacts and reduce grid operating costs. However, the intermittent nature
of solar energy has a negative impact on the smooth supply of electricity and grid stability. Therefore, a reliable and accu-
rate forecasting model for solar energy is need of the hour. In this study, CSA-ADAM optimized ANN models is proposed
to predict solar irradiance. Random weights assignment to teh edges of ANN is replaced with assignment of CSA opti-
mized weights to the edges of ANN. Extensive simulation were performed to validate the prediction accuracy off our pro-
posed CSA-ADAM optimized ANN forecasting model. Results of MSE = 0.252231, MAPE = 0.17055%, MAE = 0.43545,
and RMSE = 0.50222 were achieved that prove supremacy of our proposed solar irradiance prediction model. In future,
we plan to further improve the prediction accuracy of our proposed solar irradiance forecast model.
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