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Abstract— Accelerated by gubernatorial incentivization, the abundance of solar energy harvestable in India
presents a great opportunity for integrating solar photovoltaic (PV) systems with demand side management
solutions towards the attainment of sustainable development goals (SDG) of affordable and clean energy.
Sustainability in terms of profitability of such systems is dependent not only on their deployment, but also how
well these solutions perform when passed to the test of consistency in terms of their reliability and performance.
In order to act in tandem with energy storage management solutions with reliability and profitability in
performance, importance of accuracy in predicting the solar energy available can hardly be overstated. In the
experiment design associated with this manuscript, an openly available meteorological dataset from Jaipur has
been used to assess the performance of deep learning-based regression techniques for solar insolation prognostics
within the classical paradox of time complexity and speed of prediction. These techniques have been evaluated
using key performance fidelity metrics including root mean square error (RMSE), mean absolute error (MAE),
and speed of training. Statistical distribution of residuals and prognostic fidelity have been employed for graphical
depiction of the techniques. The results highlight the trade-off between accuracy of prognostics and time
complexity for choosing the technique based on application-specific requirements.
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1. Introduction

The call for action in the global context for transitioning to affordable and clean energy(SDG#7) sources has
become increasingly imperative in pursuance of sustainable communities (SDG#11) with energy sovereignty.
Environmental pollution and consequent public health issues as well as geopolitical instability interdigitated with
the utter dependence on fossil fuels has acted as a wake-up call to the blind-folded patterns of hedonistic lifestyle.
In response to this the dire need for climate action(SDG #13) has been realized for improving the quality of life
on land(SDG#15) which is invariably interspersed with quality of life on water(SDG#14). Although the United
Nations came into existence in 1945, and was supposed to be the watchdog for peace all over the world after
Second World War, the world has continued to be pieced-up due to myopic technological practices with
environmental pollution related casualties remaining very high. Realizing the need for tackling the menace created
hedonistic and environmentally-malign technologies, the United Nations has realized that peace, justice and strong
institutions(SDG#16) cannot be achieved when the technology does not respect the sanctity of nature, and hence
has been trying to focus on environmentally-benign technology, which requires partnership at local as well as
global level(SDG#17). Energy is the capacity to do work, and hence the energy technology is the prime propellant
for economic development. Most unfortunately, the human civilization has been abjectly dependent directly as
well as indirectly on most obnoxious fossil fuels for catering to energy needs. When the source for economic
development itself is so malign, any industry, innovation or infrastructure(SDG#9) will be baffled in its hopes for
attainment of decent work and economic growth(SDG#8). Apart from that potable clean water and
sanitation(SDG#6) will be totally elusive if the environment is not clean. Aspirations of reduced
inequalities(SDG#10) and attaining gender equality(SDG#5) is not possible in such a state of delirium caused
deluded attempts for fossil fuel exploration [1]. When there is no consideration for environmental protection in
spite of proven track record of disasters due to fossil fuels, setting goals of good-health and well-being(SDG#3)
seems to be in sharp contradiction between the walk and the talk. Many crimes in the world can be attributed due
to poverty and hunger, and hence the goals of no poverty(SDG#1) and zero hunger(SDG#2) are certainly noble.
In order to attain these noble goals, quality education(SDG#4) must be rooted in empathy for planet and its
environment.

In the previous centuries, the Indian subcontinent has been hailed as the golden bird for its unrivalled economic
sovereignty with all the endeavour for economic development with empathy for planet and the environment. This
economic sovereignty was coming from the abundance and diversity of natural resources this sub-continent has
been blessed with [2]. It is not that the abundance and diversity has been withdrawn by Providence, rather it is
still there, however the economic degradation has been due to mismanagement of the available resources. The
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abundance of renewable energy resources is a case in point, and by properly harvesting the solar energy, storing
it using energy storage technology, and utilizing it prudently will very easily emancipate the country from
dependence on crude oil. The actual potential of solar energy can be unleashed only when the solar photovoltaic
panels are ably assisted by capable energy storage systems in-built with intelligence.

The current technology trends in energy storage has again been deluded due to abject dependence on lithium-ion
batteries which have emerged as the dominant choice for mobility applications, however their use in stationary,
grid-scale or residential energy storage poses significant challenges. Issues like high capital expenses, safety risks,
and material availability restrict their scalability for large-scale applications. In all applications, the capable energy
storage systems must be characterized by affordability, longevity, and safety. Hence, the development and
optimization of indigenous energy storage strategies are essential for ensuring the economic viability of renewable
energy infrastructure. Transitioning from internal combustion engine vehicles to electric vehicles in terms of
mobility or from crude oil to lithium in terms of fuelling requirements is not going to solve the problem.

Energy security is foundational to societal development, as the availability of reliable, affordable power is directly
proportional to a society’s economic strength and the well-being of its citizens. Substantial energy reserves are
mandatory for achieving the United Nations’ Sustainable Development Goals. Either it is crude oil or lithium, the
dependence on fossil fuels across many economies has led to dire consequences, including air and water pollution,
climate change anomalies, and socio-political conflicts for resource dominion. With growing awareness of these
dangers, the global energy dialogue has shifted toward decarbonization and decentralization, with renewable
energy penetration and distributed generation (DG) playing pivotal roles. For an energy storage system to be
hailed as capable, it must be indigenous apart from being durable and safe to handle.

However, the stochastic nature of renewable energy sources like solar and wind, present critical operational
challenges. Solar energy harvested, for instance, is influenced by a range of determinable factors such as time of
day, geographical location, and panel orientation, as well as unpredictable like temperature, humidity, cloud cover,
and wind speed. These stochastic factors necessitate the deployment of energy storage systems (ESS) that can
buffer the mismatch between generation and consumption. Moreover, intelligent management of these storage
systems becomes unavoidable for enabling demand-side response, optimizing grid infrastructure, and reducing
the need for additional power system investments. Smart energy storage solutions do support multiple applications
like load levelling, peak shaving, emergency backup, and financial arbitrage. By accumulating excess energy
generated during low-demand periods and releasing it in the wake of high-demand intervals, storage systems
contribute to grid stability and mitigate reliance on costly peaking power plants. In markets with time-of-use
pricing models, energy can be stored when selling prices are low and discharged when selling prices are high,
offering benefits to both utilities and consumers.

The fast-paced evolution of the smart grid has further facilitated these innovations by incorporating real-time data
collection, advanced analytics, automation, and control. The success of what has been mentioned in foregoing
hinges on the prognostics. The ability to accurately forecast insolation allows for proactive adjustment of load
schedules and energy storage re-charging cycles. This, enhances the reliability, efficiency, and profitability of
solar energy systems by integration with decentralized generation sources like rooftop solar installations. In the
context of prognostics, machine learning techniques made robust due to high level of accuracy by deep neural
networks in the architecture powered by computational capability have emerged as powerful tools for modelling
non-deterministic relationships between meteorological variables and solar energy availability. Closed-form
models are not capable to deal with stochastic nature of weather-related factor. However, deep neural network
architectures are capable of deciphering intricate patterns from variegated datasets and hence these are perfectly
suited for the forecast of solar radiation. The integrated capability of deep learning and solar energy technology
has been projected to address the most pressing issues of our time, including energy dependency, environmental
pollution, and economic disparity. By harnessing the synergy of predictive data analytics as well as solar energy,
unprecedented levels of efficiency and resilience can be achieved in demand side management, clearing the
roadblocks in the journey towards affordable and clean energy.

In this manuscript, an experiment has been designed to assess the performance of pertinent deep learning-based
regression techniques [3-9] for predicting solar insolation, by using an open-source weather dataset from Jaipur,
India. Due to its high solar irradiation exposure and rapidly growing energy demands, Jaipur serves as a
representative location for this research. With the focus on the likes of techniques like Gaussian Process
Regression(GPR), Decision Tree Regression(DTR) and Support Vector Regression(SVR) [10-16], performance
metrics such as Root Mean Square Error (RMSE), Euclidean Error or Mean Absolute Error (MAE), and time
complexity(quantified by training time) using MATLABJ[15-21].
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The importance of this experiment lies in its utility to the intelligent energy storage management devices’
management systems. A responsible control strategy with accurate solar forecasting can enable seamless
integration of solar energy harvested in the broader scheme of distributed generation grid penetration(DGGP) by
renewable energy sources. Although, it can be argued that DGGP is need only where grid infrastructure is not yet
maturely developed or strained, but this argument is dangerous as exploration of fossil fuels has already been
proved to be lethal for human health and existence on the planet. From an economic perspective, renewable energy
storage systems are built on asset-lite model, which bears great significance for energy sector start-ups aiming to
venture into the renewable energy market. Asset-lite business models emphasize minimal infrastructure
requirements while maximizing productivity through innovative solutions and optimized platform design. For
sustainability and profit, such business ventures depends on experiential data-driven energy management systems
flexible enough to adapt to changing conditions and provide actionable insights for all the stakeholders of energy
market including producers as well as consumers. Thus, this work contributes to the ongoing efforts toward clean
energy transition by giving a comparative analysis of pertinent predictive modelling techniques for solar energy
harvetsing. It highlights the need for integrating deep learning algorithms into energy management systems for
the sake of operational effectiveness. Hopefully, such research endeavours can accelerate the global shift toward
affordable and clean energy—a SDG that apart from being technically feasible is also ethically imperative in the
context of a rapidly warming planet.

2. EXPERIMENTAL DESIGN

Traditionally, Jaipur has been known for its tourism stemming from the following reasons: (i) the heritage Pink
city is known as a replica city of Vrindavan, due to its intimate historical connection and patronage with
internationally known holy city of pilgrimage, Vrindavan; (ii) the heritage fortified city also houses a replica of
Kaashi, the holy city situated in Benares in the state of Uttar Pradesh; (iii) the forts in Amber, Jaigarh, Naahargarh,
as well as the Jantar-Mantar (the astronomical observatory) have been the object of research. These forts exhibit
models of astronomy, meteorology, as well as rainwater harvesting. However, apart from tourism in the heritage
city as well as the fortification, the district of Jaipur has been consistently expanding in the past 12 years in terms
of population. In order to cater to the needs of the subjects, the government has invested heavily in the smart city
Jaipur, and solar energy harvesting is one of the thrust areas.

The primary source for data has been the openly available dataset online from Centre for Energy and Environment
(CEE) at Malaviya National Institute of Technology (MNIT) Jaipur. This meteorological data can be acquired by
using a combination of onsite measurements, collaborative partnerships, and openly available datasets. Using
instruments such as pyranometers, pyrheliometers, and so on on real-time, location-specific data on insolation and
related weather parameters like temperature, humidity, and wind speed can be curated. In order to build a bigger
and variegated corpus collaboration with stakeholders such as industry partners, government bodies is highly
desirable. The integrated development environment(IDE) for coding and regression analysis used in this
experiment is MATLAB. Time-series data has been imported, preprocessed(including treating missing keys,
normalization, and train-test subset partitioning). Regression models such as Linear Regression, Support Vector
Regression (SVM), Decision Trees Regression, and Gaussian Process Regression have been for prognostics. K-
fold cross-validation has been used for robustness and overfitting avoidance. Error metrics such as Euclidean or
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared (R?) to quantify prediction
performance. Residual plots and error distributions have been used generated for graphical description of
performance.

3. RESULTS and DISCUSSION

Computational burden is associated with handling big data, particularly when random-access memory (RAM)
comes at a price. When the data to be loaded on RAM exceeds its space, or when the processor is taxed by
competing concurrent processes, it leads to page fault and other issues. The page faults may cause process
execution to become sluggish failing for execution within a reasonable time frame. To grapple with this.,
dimensionality reduction technique of Principal Component Analysis (PCA) has been employed. While training
regression models on big datasets using deep learning algorithms, applying PCA helps to overcome RAM
limitations and improve time complexity. Grounded in the Eigenvalue Theorem, this technique allows for the
retention of critical data characteristics and simultaneously computational overhead. This makes the learning
process scalable and robust even with limited hardware resources.
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Regression using Decision trees: In this approach, the heavier dataset is recursively split into lighter subsets
based on the feature that provides the optimal partition for a given loss function, typically the Euclidean Error
Squared. At each node of the tree, the algorithm assesses all possible splits for all features and takes the one that
minimizes the variance of the target variable in the subsequent subsets. This continues till the attainment of a
stopping criterion such as maximum depth of tree(DOT), a minimum number of PLO(Per Leaf Observations), or
the value of error metric. Each terminal node, or leaf is required to hold the average of the target values for the
samples associated with that region, that is the prediction for any new input that reaches the same leaf. Decision
trees for regression are highly interpretable and are capable of model convoluted relationships. On the flip side
these are prone to overfitting, as the tree grows too deep. Pruning (posteriori or apriori), cross-validation, and
ensemble methods like Random Forests and Gradient Boosted Trees may be used to avoid overfitting due to high
variance.

The results regarding the faithfulness of the predictions with respect to the ground truth along with the distribution
of residuals for the bagged trees as well as boosted trees variant has been shown in figure 1.
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Figure 1: Graphical depiction of the solar energy received as predicted by Bagged Trees method (a) as well as
Boosted Trees method (b) against recorded response, along with the distribution of residuals for Bagged Trees
method (c) as well as Boosted Trees method (d) against record number.

Regression using Fine Gaussian Support Vector Machine: In contrast to linear models[8-9] that assume a
straight-line relationship, the Fine Gaussian SVM uses a radial basis function (RBF) kernel for transforming it
into a higher-dimensional space making it easy to fit intricate patterns and to be more sensitive to subtleties of
data. This can improve accuracy when the underlying function is highly nonlinear. This makes Fine Gaussian
SVM especially suited for datasets where the response depends on complicated interactions between predictors
or in scenarios where traditional regression models may underperform. The fidelity of the predictions in the
context of this fine gaussian support vector machine regression as well as the associated distribution of residuals
has been shown in figure 2 (a) and figure 2(b) respectively.
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Figure 2: Graphical depiction of the solar energy received as predicted by Fine Gaussian Support Vector
Machine(SVM) method (a), along with the distribution of residuals (b) against record number.

Gaussian Process Regression: This method has been used to model non-linear complex relationships by treating
the regression task as a distribution over possible functionsfitting a single model. Exponential kernel has been
selected as it can capture local variations in the data. Although the fitting may be rougher , but more flexible.
Being computationally costly, it is used only in situations where accurate modelling of uncertainty is important
and where the dataset is comparatively smaller. Additionally, GPR has been favoured due to non-parametric
nature avoiding rigid assumptions about the model structure, ability to quantify prediction confidence—
advanatgeous in experimental design involving Bayesian optimization, and risk-sensitive decision-making. The
fidelity of the predictions as well as the distribution of residuals has been shown in figure 3 (a) and figure 3(b)
respectively. The use of Matern Gaussian Process Regression (GPR) has been motivated as it provides a flexible
and interpretable way to model functions with variegated smoothness. In contrast to the commonly used squared
exponential kernel, the Matern kernel includes a parameter for controlling the roughness of the function helping
to capture real-world phenomena even with abrupt changes. This has made Matern GPR particularly valuable for
geostatistics, environmental modeling, and other engineering applications, where data often exhibit spatio-
temporal correlations with irregularities. Moreover, it balances complexity and generalization of the model,
improving prognostic accuracy in cases where smoother kernels might fail to reveal the actual underlying structure
of the data.

Predictions: model 7 (Exponential GPR) o Predictions: model 7 (Exponential GPR)
. Observations
1200 Perfect prediction o :
1
i
-
g
=
B0DO 2
3 g
: 3
8
2 g0 i
H ]
3
z g
o 00 o
=
200 e
i
5 i ; : F ; 3
Record number t
0 200 400 600 800 1000 1200
True respense

PAGE NO: 33



COMPUTER RESEARCH AND DEVELOPMENT (ISSN NO:1000-1239) VOLUME 25 ISSUE 9 2025

Predictions: model 4 (Matern 5/2 GPR) ) Predictions: model 4 (Matern 5/2 GPR)
®  Observations
Perfect pradiction

Residuals (SOLAR_RADIATION)
g i =

Predicted response

- . H R H . L
o 200 400 800 800 1000 1200
True response

© (d)

Figure 3: Graphical depiction of the solar energy received as predicted by Exponential Gaussian Process
Regression method (a) as well as Matern 5/2 Gaussian Process Regression (b) against recorded response, along
with the distribution of residuals for Exponential Gaussian Process Regression method (c) as well as Matern 5/2
Gaussian Process Regression (d) against record number.

The table shown below summarizes the results:

Table 1: Comparison of different deep learning algorithms (DLA) for insolation prediction on the basis of root mean square
error (RMSE), mean absolute error (MAE), prediction speed, and training time.

Model Tree Fine Gaussian Bagged Boosted Exponential
type(AV Gaussian Process trees trees GPR
=195, SD = SVM Regression

276) : Matern

(PCA GPR

explaining

95% variance)

RMSE 103.33 97.348 89.37 86.869 133.98 71.33
R-squared 0.86 0.88 0.90 0.90 0.77 0.93
MAE 41.619 44.447 41.301 40.148 82.554 22.43
Prediction 250000 3500 750 37000 210000 800
speed(obs/sec)

Training 16.306 145.74 1840 22.235 6.7656 3454.6
Time(sec)

These results show the classic trade-off between time complexity and prediction accuracy in deep learning
algorithms. Gaussian Process techniques has been apparently superior in terms of accuracy, as exhibited by
graphical analysis of residual plots which have greater symmetry around the origin and fewer outliers. However,
as far as training speed is concerned, bagged and boosted ensemble decision tree methods has been reported herein
to be much faster due to their lower time complexity stemming from divide and conquer approach of the decision
trees.

4. Conclusion

In this work on forecasting solar radiation, six different deep learning algorithms has been implemented for
regression analysis. The effectiveness of each technique has been visually assessed through graphical analysis of
their regression training. The findings bear an element of a trade-off between speed and accuracy among the choice
of algorithms. Gaussian Process Regression (GPR) has been reported herein to have the highest accuracy in
predicting solar radiation. This superior performance has an additional cost of a significant increase in
computational time, making it less dependable for applications if speed is an overweighing factor. In contrast, the
ensemble of decision trees has been proven to be much faster in training. Being computationally effective, its

PAGE NO: 34



COMPUTER RESEARCH AND DEVELOPMENT (ISSN NO:1000-1239) VOLUME 25 ISSUE 9 2025

predictive accuracy was lower in comparison to GPR. Hence, the algorithm must be carefully considered based on
the specific needs of the application in terms of required accuracy and the latency involved in prediction. There
does not seem to be a universal model. Just like the choice of renewable energy to be harvested depends on the
locally available resources, similarly the choice of machine learning strategy depends on the data. Although there
are many cloud-based services for data analytics and data-sharing, the cost must be comprehensively considered.
Moreover, inconsiderate expansion at the cost of environment must be avoided, and responsible consumers must
be adequately incentivized for better demand side management.
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