’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 12 Issue: 06 | Jun 2025

www.irjet.net

p-ISSN: 2395-0072

A REVIEW OF COMPARATIVE ANALYSIS OF AI-POWERED RENEWABLE
ENERGY FORECASTING TECHNIQUES

Sri Nivas Singh1, Mrs. Arifa Khan?

IMaster of Technology, Computer Science and Engineering, Lucknow Institute of Technology, Lucknow, India
2Assistant Professor, Department of Computer Science and Engineering, Lucknow Institute of Technology,
Lucknow, India

Abstract - This trend of sustainable development in the
world has placed more pressure on the effective utilization
of renewable power which is mainly sourced on solar, wind
and hydro. Accurate prediction of renewable generation is
critical to the stability of the grid, optimal energy storage
and cost transgression of operations. However, the inherent
variability and non-continuity of these sources makes it
difficult to carry out conventional forecasting algorithms. In
the recent past, the role played by Artificial Intelligence (Al)
in eliminating such challenges has been resounding due to
the utilization of advanced data-driven techniques. The
current review is a comparative analysis of some Al-based
forecasting systems, including machine learning systems -
Support Vector Machines, Random Forests - and deep
learning systems, including Artificial Neural Networks,
Convolutional Neural Networks and Long Short-Term
Memory networks. The analysis evaluates their accuracy in
a wide range of forecasting horizons and energy types of
interest and brings to attention key performance indicators
that include RMSE and MAE. The outcomes characterize the
personal advantages, weaknesses and ideal uses of the well-
known methods and thus confirm the heightened potential
of Al in increasing the precision and reliability of renewable
energies forecasting in addition to serving as an
instructional  indication on  future study  and
implementation.
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1.INTRODUCTION
1.1 Background

It has been constantly observed that renewable energy is
one of the key action areas in terms of climate change
reduction and reliance on fossil fuels. Solar, wind, and
hydro-based technologies have resulted in widespread
attention due to their similar benefits to the environment
and natural sustainability (REN21, 2023; IEA, 2022).
However the nature of these sources which are variable
and intermittent in nature, provides challenges to grid
integration. Renewable sources of electricity generation
are extremely vulnerable to the variable nature of
phenomena like the solar irradiance and wind velocity and

thus make the process of operating the power systems and
long-term planning rather difficult (Hong, Pinson and Fan,
2014).

Grid stability, economic dispatch and economic energy
storage deployments thus require accurate prediction of
renewable- energy generation. Due to inaccurate forecasts,
the use of backup systems driven by fossil fuels is likely to
be enhanced, and thus sustainability goals are at risk
(Mandal, 2012; Falvo, Zaninelli and Lamedica, 2016).
Therefore, there is an immediate need of accurate and
flexible forecasting models which would be able to cope
with the variability of renewable production.

1.2 Motivation for Al in Forecasting

The peculiarities of renewable energy data rarely prevail
in conventional prediction techniques, which mostly
include statistical models, as well as time series
forecasting, such as ARIMA (Taylor, 2010). The common
methods are usually based on the assumption of linearity
and stationarity and hence are inappropriate in the highly
fluctuating and non-linear nature of data specific to
renewable sources (Raza, Khosravi, & Nahavandi, 2020).

One of the alternatives that have risen is the Artificial
Intelligence (Al), due to its ability to represent a complex
non-linear relationship and to learn with large amounts of
data. Support Vector Machines (SVM), Random Forests
(RF) and ensemble methods are examples of machine
learning tools that have demonstrated a better
performance in forecasting performance in various time
horizons. Similarly, the structures of deep-learning
networks namely, Artificial Neural Networks (ANN),
Convolutional Neural Networks (CNN), and Long Short-
Term Memory (LSTM) are invariably better at
accommodating influences of time and hierarchies
(Ahmed & Khalid, 2019; Yagli, Ozdemir, & Teke, 2021).
These models are ad hoc, accommodating, and can be able
to create themselves whenever more data is present.

More high-resolution weather and energy sensors are also
deployed around the globe, also being possible thanks to
the spread of Internet of Things (IoT) devices and smart-
grid technologies, which only adds to the value of Al in
forecasting (Riahi et al, 2022). These models together
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with convenient open-source frameworks and the
improvement of computational efficiency, it is she now
possible to apply the models at scale within real-time
prediction, and grid-control applications.

1.3 Review Objectives

This review aims at offering a comparative analysis of the
artificial intelligence (AI) driven forecasting methods of
renewable energy sources with the special focus on solar,
wind, and hydroelectric energy production. In the analysis,
the effectiveness of a number of machine learning and
deep learning techniques are assessed based on several
factors that include criterion predictive accuracy,
robustness, scalability, and computational efficiency. The
most significant metrics, which include Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE) are adopted to gauge
performance. Having singled out specific advantages and
disadvantages of each method, the paper talks about how
they apply in practice within different time horizons of
forecast and within different forms of energy. And, at last,
the paper defines the current gaps in the research and
proposes the future work which is expected to enhance
both the accuracy of the forecasts as well as the reliability
of the work and help the researchers, engineers, and
policymakers support the wider use of the Al-driven
energy forecasting solutions.

2. RENEWABLE ENERGY FORECASTING: AN
OVERVIEW

2.1 Types of Renewable Energy

The well-known classification of the renewable energy
technologies separates them into solar, wind, hydropower,
and biomass systems which are distinguished by their
peculiar characteristics and requirements to be forecasted.
Most notable solar energy systems such as photovoltaic
(PV) modules immediately convert the sunlight that falls
on them into electrons, and such systems tend to be
radically sensitive to solar irradiance and atmosphere-
related conditions (Mandal, 2012). And in the case of wind
energy, the wind power is proportional to the cube of the
wind speed: it is incomparably sensitive to the variations
in velocity, with its turbine installations taking the energy
of the wind (Ahmed & Khalid, 2019). Hydropower uses the
energy available in the water either in motion or in a drop
to generate electricity and thus requires a competent
estimation of the flow of water obstructions through the
dams and of the seasonal pluvial cycles (Riahi et al., 2022).
The biomass energy sectors also rely on organic matters
using them as fuel and their projections are based on the
supply chain factors such as the availability of feedstock,
agricultural cycles which vary according to seasons
(REN21, 2023). These energy sources are collectively
different with regards to their predictabilities, spatial

scales and they are sensitive to changes in the
environment which means that they need special
methodologies in forecasting.
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Figure-1: Solar Wind Al Generation Forecast.
2.2 Forecasting Parameters

Accuracy of the forecasts of the renewable production
depends upon factors that do differ depending on type of
energy. In the case of solar power, it is crucial to have solar
irradiance, air temperature, cloud coverage, humidity, and
panel orientation as its predictors (Zhang et al., 2022).
Wind power forecast also addresses wind velocity, wind
direction, the atmospheric pressure, surrounding
temperature brought about by thermal activity or energy
level of turbulence at various heights (Yagli, Ozdemir &
Teke, 2021). The forecasts of hydropower depend on the
amount of water inflows, the level of precipitation, the
level of snowmelting and rates of discharge of the
reservoir (Falvo, Zaninelli & Lamedica, 2016). Such
environmental and meteorological parameters are
normally acquired using ground-based sensors, satellite
images or in numerical weather forecasting-type models.

In addition to weather information, such power outputs
that are measured by Supervisory Control and Data
Acquisition (SCADA) systems provide real time historical
observations, which are essential in machine-learning
prediction-based algorithms. However, issues of data
quality, data completeness and data resolution in time
persist to be of key interest in practical uses of data
forecasting. Missing values, noise reduction and data
normalization are thus the main preprocessing activities
needed to ensure sound model inputs (Hong, Pinson &
Fan, 2014).

2.3 Forecasting Time Horizons

The prediction can be classified as short-term, medium-
term and long-term in a broad manner in terms of
prediction in time and each of these has specific
operations and planning needs in them. Short term
forecasting, sometimes as short as a few minutes and in
most cases a few hours, is vital as a part of real time grid
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balancing and more so frequency regulation as well as
short term energy trading. The respective artificial
intelligence (Al) systems should be highly sensitive to the
changes in the weather and fluctuations in data in real-
time.

Day-ahead market activities, maintenance scheduling and
storage optimization are assisted by medium-term
forecasting which runs several hours to several days
ahead. This horizon not only enjoys historical trends, but it
also incorporates new weather predictions and tends to be
in the form of hybrid models which ranges between the
use of statistical methods and machine-learning methods.

Long term prediction which goes to weeks, months and
years is the most crucial in the investment planning, policy
analysis and capacity addition. At that, being heavily
subjected to high uncertainty levels due to the changing
climatic patterns, changes in energy-related policies, and
other economic and policy trends, the use of Al models in
this area is such that they usually incorporate results
pertinent to both the economic and policy trends and the
seasonal ones. They normally take long training data and
are usually less accurate than short term predictions.

2.4 Challenges in Forecasting

Despite the developments of the artificial intelligence and
data-collection techniques, there still remain significant
barriers to the renewable-energy prediction. The main
problem is the variability and uncertainty especially in the
solar and wind energies. This is because atmospheric
turbulence, cloud movement, and wind shear have the
capacity to trigger instantaneous variations to occur in the
energy production, making the process of forecasting
rather challenging (Zhang et al., 2022).

The quality of data is another great obstacle. Unhealthy
data, incorrect sensor performance, inconsistent sampling
rate makes the quality of the training data that is provided
to Al less reliable. Also, there is no uniform data
representation and uncoordinated benchmarks across
geographical  locations, = which  discourage the
generalization and comparisons of the models (Riahi et al,,
2022). Although pre-processing is not out of the question,
it can also introduce biasness or information loss when
carried out in a careless way (Raza, Khosravi & Nahavandi,
2020).

Geography and ecology also play a very determining role.
The local conditions that influence wind and solar
irradiance at single locations are terrain complexity,
altitude, vegetation and land-use patterns. In the case of
hydropower, additional difficulties (forecasting tasks are
even more complicated) are presented by sedimentation,
evaporation, and delay times of inflow. The given site-
specific peculiarities make it impossible to develop some

commonly applicable forecasting models (Falvo, Zaninelli
& Lamedica, 2016).

3. Al TECHNIQUES FOR RENEWABLE ENERGY
FORECASTING

The usage of Artificial Intelligence (AI) has nowadays
transformed the accuracy as well as reliability of
renewable-energy prediction. Unlike the traditional
methodologies that limit models to linear structures or
deterministic scripts, Al-based solutions have a data-
driven, adaptive base and can characterize the non-linear
relationship between the weather factors and renewables
hybrid power generation. The different Al techniques may
be classified into four major categories: machine learning,
deep learning, hybrid/ensemble frameworks and
emergent modalities. All of the categories have their own
advantages and drawbacks, as well as scenarios where it
can be used.
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Figure-2: Al to Optimize Energy
3.1 Machine Learning Approaches

The ML algorithms are especially effective with the
criticism of the historical energies sets and the
identification of the trends in the multivariate time series.
These tools have been very commonly utilized in the
prediction of solar off-take, wind speed as well as
electricity generation at various time scales.

3.1.1 Support Vector Machines (SVM)

Support Vector Machines (SVM) are architectures that are
both supervised machine learning structures and were
created in order to classify and to regress. These models,
in the area of energy forecasting, have often been referred
to because of their flexibility to the large number of
feature associations and non-linear associations that can
be accommodated due to the kernel functions. According
to the report by Raza, Khosravi, and Nahavandi (2020),
SVMs have formed a highly accurate predictive tool of
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short-term solar power forecasting mainly when
combined with suitable feature selection and
preprocessed weather care. However SVM performance
depends on the choice of hyperparameters and kernel
type and SVM is generally unable to scale to large datasets
very well.

3.1.2 Random Forest (RF)

Random Forest (RF) is a kind of ensemble learning
method which builds numerous decision trees, and
combines their results to improve performance and
decrease overfitting. RF systems are very robust to noisy
datasets, have the ability to describe complex and non-
linear patterns and do not require heavy parameter tuning
efforts. Ahmed and Khalid (2019) posit that RF models
tend to outperform most of the linear ones in the
prediction of wind-based power-plants due to their rather
thorough representation of dynamic relationships
between various values including those of the wind speed,
air temperatures, and barometric pressure. In addition,
RFs create feature-importance lists, thus enhancing the
ability of the model in the visualization of results.
However, they could have trouble on extrapolation out of
the training data set.

3.1.3 k-Nearest Neighbors (k-NN)

The k-Nearest Neighbors (k-NN) is the algorithm in which
the output is estimated based on looking at the value of
the nearest frequencies of the 'k’ like-minded cases in the
training set. Being the method of instance-based learning,
it is quite simple and efficient in the cases where datasets
have strong local patterns. The k-NN in renewable energy
forecasting has been used to estimate solar irradiance in
the forward anticipation and also geared toward
estimating short-term on-load foretelling with relative
success (Hong, Pinson & Fan, 2014). Its primary
weaknesses are related to its computational inefficiency in
the case of large amounts of data present, vulnerability to
the preselective choice of the value of the k and the
distance measure.

3.2 Deep Learning Approaches

The Deep-learning methods, especially, those relying on
the architectures of the multi-ple layered neural networks
have been turned into powerful tools in modeling time
dependency and spatial pattern within the renewable
energy data. Such methods do not have to perform labor-
intensive manual feature engineering because it happens
automatically on unprocessed inputs via automatic
identification of hierarchical features.

3.2.1 Artificial Neural Networks (ANN)

Artificial neural networks (ANN) have their structure
based on the structural principles of the human brain and

consist of the interconnected neurons organized in
successively arranged layers. Due to their ability to
approximate any continuous function they have become
invaluable instruments in the field of solar and wind
power forecasting. As explained by Yagli, Ozdemir and
Teke (2021), appropriately trained feedforward ANNs can
be effectively relied upon to capture the nonlinear
connection towards the meteorological factors and solar
power production. However, such models require a lot of
data to train and have high risk of overfitting unless
strictly regularized.

3.2.2 Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN), first formulated to
identify images, have thus been used in the subject of
renewable-energy forecasting, through the ability to
capture spatial-temporal features. Such networks could
use the satellite pictures, cloud-vision, and weather charts
to increase the accuracy of the pre-damages of the solar
radiation (Zhang et al, 2022). Due to their ability to
identify the trends at the local level of multidimensional
data, CNNs are quite appropriate in the addition of geo-
IDE to forecasting models. The drawback with them,
though, is that they normally require significant
computing resources and large, labeled databases.

3.2.3 Recurrent Neural Networks (RNN), LSTM

Recurrent neural network (RNN) specifically models
sequences and they have been reported to be remarkably
efficient in making time-series predictions. However, the
classic RNNs face the problem of vanishing gradient which
limits its long-term dependency capacity. The Long Short-
Term Memory (LSTM) networks improve this problem in
that they use memory cells that maintain information over
a long period (Zhang et al, 2022). Practically, LSTMs
proved to be rather accurate in the process of predicting
wind speed and solar generation, particularly in cases
when there is available real-time data flow. They allow not
only learning short-term fluctuations but also long-term
trends, determining the fact that they are quite
appropriate in performing short- and medium-term
forecasting tasks.

3.3 Hybrid and Ensemble Models

Hybrid and ensemble models combine two or more
artificial-intelligence methods in order to draw benefits of
each methodological approach and weaken their
corresponding flaws. As an example, adding an artificial
neural network to such statistical procedure as ARIMA can
enhance understandability of the analysis results and
accuracy of predictions at the same time (Ahmed & Khalid,
2019). Bagging and boosting ensemble strategies
improves the overall performance, which is achieved by
combining the predictions of the many base learners. Riahi
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et al. (2022) indicate that hybrid models are, in most
cases, more robust, at scale, and generalize better,
compared to standalone ones, particularly in highly
variable settings. However, the increased complexity of
structures in hybrid systems prolongs the training process

and causes additional requirements in terms of
maintenance.
3.4 Emerging Approaches

Acceleration in the area of artificial intelligence during the
last few years gave rise to new artificial intelligence
approaches that achieve renewable energy forecasts, such
reinforcement learning, transformer-based architectures,
explainable Al (XAI). Training of sequential decisions is a
technique applied on the learning of reinforcement
learning, which can be used in the real-time energy
dispatch as well as in adaptive forecasting. Despite the fact
that it is relatively at an initial stage, reinforcement
learning has shown positive results on dynamic energy
environment (Riahi et al,, 2022).

Transformer models were initially proposed to the natural
language processing at which they have gained a lot of
attention due to their ability to represent long-range time
series dependencies. Unlike recurrent neural networks,
transformers use attention mechanism, which makes them
process in parallel and are more scalable. Face value
investigations show that transformer models can
outperform LSTM during the forecast of certain renewable
energy scenarios (Zhang et al., 2022).

4. LITERATURE REVIEW

During the past two decades the field of renewable energy
forecasting has experienced significant growth fueled both
by the increased use of variable energy sources and by the
development of more sophisticated artificial-intelligence
techniques. The literature has focused quite broadly on
investigating, developing and adopting a wide variety of
the AI methods to predict solar, wind and hydro
generation. The discussion that will appear next will
provide systematic literature review and it will be
structured not only by main Al paradigm but also by the
sphere of its use.

4.1 Literature on Machine Learning Approaches
4.1.1 Support Vector Machines (SVM)

Support Vector Machines (SVM) have been in practical
application in the field of short-term solar and wind power
prediction over several years and the most substantial
reason it has found application in this field is the fact that
it attains a great deal of effectiveness in high dimensional
and non-trivial settings. After an extensive survey of over
100 related literature on the topic, Raza, Khosravi, and
Nahavandi (2020) have concluded that SVM consistently
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performs with high levels of accuracy when it has been
used to predict solar radiation and wind speed, and in
particular, when judiciously paired with the data
normalization and feature selection processes. It is
important to mention that this is done because of the use
of Radial Basis Function (RBF) kernels that allowed SVM
to learn the complex forms of non-linearity that are
present in meteorological inputs. However, when we go to
really big data, performance degrades significantly and
this is due to the high computational overhead costs and
the high memory demands.

4.1.2 Random Forest (RF)

Random Forest (RF) became a novelty within modern
classification due to the common simplicity,
straightforwardness, and tolerance to noise. In analogy of
an evaluation exercise, the authors of this study found out
that RF was always superior when used to predict wind
power (in terms of Root Mean Square Error (RMSE)
compared to the traditional models of regressions (Ahmed
and Khalid, 2019). Assigning relative values to attributes,
the algorithm enables one to define environmental
parameters that have the greatest impact on fluctuation of
the power. In spite of relative ease of implementation, the
fact that the method relies on randomness when training a
model can lead to unpredictable results without carefully
tuning hyperparameters.

4.1.3 k-Nearest Neighbors (k-NN)

Among a relatively large number of solutions which have
become popular in the area of short-term solar and wind
prediction, the k-Nearest Neighbors (k-NN) algorithm
stands out due to its non-parametric nature and overall
simplicity. Hong, Pinson, and Fan (2014) made it clear that
k-NN could provide competitive performance even
throughout the Global Energy Forecasting Competition
especially in load and wind power. However, the number
of computational overheads brought in by the reliance on
memory-based search in the algorithm limits its use in a
real-time scenario since the accuracy is heavily dependent
on the choice of the value of k and the distance measure.

4.2 Literature on Deep Learning Approaches
4.2.1 Artificial Neural Networks (ANN)

ANN have been successively used previously to make
forecasts of various kinds of energy due to their capability
of modeling complex, nonlinear input-output relations.
Still, ANN models, and, in particular, multilayer
perceptrons (MLPs), can be successfully used in solar
radiation forecasting purposes with well-prepared large
datasets (Yagli, Ozdemir, and Teke 2021). However, they
require a delicate tuning to avoid overfitting, and in
general fail to capture long-term dependencies, unless
combined with recurrent architecture.
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4.2.2 Convolutional Neural Networks (CNN)

Convolutional neural networks (CNN) that have initially
been used solely in the context of image processing, are
now used in other realms such as spatiotemporal energy
forecasting. Zhang et al. (2022) used CNNs to infer cloud
cover and irradiance using satellite imagery and showed
that the models achieved a higher accuracy than the
traditional regression and the artificial neural networks
models. Capturing local spatial patterns in the weather
maps and correlating the same with temporal series data
therefore produces a strong basis of a hybrid forecasting
framework that can be constructed using CNN-based
solutions.

4.2.3 Recurrent Neural Networks (RNN) and Long
Short-Term Memory (LSTM)

A special good feature of RNNs (or their more
sophisticated variant, LSTM networks) is that it leads to
forecasting renewable energy, as they are capable of
working with sequential data and remembering past
trends. As explained by Zhang et al. (2022), LSTM models
outperformed ANN and SVM models in terms of the wind
and solar forecasting capacities of multiple time horizons.
The paper has also emphasized the ability of LSTM to
input data that is missing or noisy, which makes it more
applied in practice. Even though, long training times and
computational intensiveness have remained an issue of
great concern.

4.3 Literature and Ensemble

Techniques

on Hybrid

Recently several researchers have unified disparate
artificial intelligence (AI) modules into a hybrid or
composite architecture to make forecasts. These are
meant to improve the performance in terms of accuracy
and stability. Ahmed and Khalid (2019) have analyzed
works where ARIMA was combined with ANN in order to
obtain at the same time linear and non-linear dynamics in
time series. The deployment of ensemble methods i.e,
bagging and boosting has been similar in the sense of
providing a reduction in variance and enhancement of
generalization. Riahi et al. (2022) also confirmed the fact
that a hybrid model based on CNN and LSTM yields
greater performance, in terms of Mean Absolute Error
(MAE), in forecasting solar energy. Such methods are
particularly good at describing complex states of
interdependence at a variety of different time scales but
often are less amenable to interpretation and often require
careful integration into a system.

4.4 Literature on Emerging and Advanced Al
Approaches

During the last few years, new artificial intelligence (Al)
approaches emerged in the literature that involve better

performance accompanied by increased interpretability.
Transformer-based models Long-range time-series
forecasting Transformer-based models that had initially
been made with natural language processing in mind
proved to have a lot of promise in long-range time-series
forecasting. According to Zhang et al. (2022), the
transformers seemed to be performing better than the
long short-term memory (LSTM) networks when it comes
to the use of solar energy forecasting, especially when they
are trained using high-resolution weather data. Another
area that is rapidly developing is reinforcement learning,
and scientists analyze its possible role in the adaptive
forecasting and grid control (Riahi et al.,, 2022). Moreover,
explainable artificial intelligence (XAI) is still on the rise
due to the increasing desire to make the complex deep
learning models more explainable; Raza, Khosravi, and
Nahavandi (2020) considered SHAP values and LIME to
interpret model predictions in solar radiation forecasting,
which suggests building proper trust and accountability in
energy-critical systems.

5. COMPARATIVE ANALYSIS OF TECHNIQUES

During the last decade, Al-enabled renewable energy
prospective systems have evolved spectacularly fast, and
as every method now presents a few specific advantages
that rely on various special requirements of applications,
restrictions of information resources, and time horizons of
forecasting, they should present a couple of considerations
to examine whether they are applicable to the application.
Comparison of the most impacting Al methods Current
discussion has compared the most influential methods on
the Al giving importance to assessment criteria, dataset
features, and performance observed in various areas of
energy. The analysis explains the workings of these
systems in field situatedness by spelling out the strengths
and the weaknesses of each method.

5.1 Evaluation Metrics

The capabilities of artificial intelligence (AI) models in
terms of renewable energy forecasting are regularly
determined with the help of the set of standardised
evaluation metrics. Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE) and the Coefficient of Determination (R 2 ) are
some of the most often used measurements. RMSE gathers
a squared average of the error of prediction and is
especially responsive to vast deviations, which makes it
appropriate to the goal of measuring the robustness of the
model in the presence of any outliers (Ahmed & Khalid,
2019). Compared to this, MAE simply gives the average of
the absolute difference between the actual and the
predicted values and is easy to interpret, most of the time,
in the real word (Zhang et al., 2022). The ability of MAPE
to translate the forecasting errors into percentages can
allow making relevant comparison between the datasets
that have different scale.
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5.2 Dataset Characteristics

The quality and atmospheric specificity of data used on
model building and evaluation of their performances is a
determinant that resolves the morale when forecasting
accuracy is considered. Traditionally, the source of data
includes the National Renewable Energy Laboratory
(NREL), the International Renewable Energy Agency
(IRENA), and local power companies, that provide the past
and current meteorological information and output of the
power plants. Examples of common variables being solar
irradiance, wind speed, air temperature, relative humidity
and power output measured by supervisory control and
data acquisition (SCADA) systems.

Temporal resolution is similar (in relation) to the
objective of the modelling, as intermediate as 5 minute
increments of modern grid management and aggregated
to daily or monthly averages of strategic planning and
investment appraisal. The common tasks on predictive
datasets include missing-value imputation, scaling and
noise removal, to ensure homogeneity in dataset and to
provide optimal models learning. Other studies also
consider feature engineering because of composing new
indicators to form a new indicator-clearness index or wind
power density to increase predictive accuracy (Yagli,
Ozdemir, & Teke, 2021).

5.3 Performance Analysis

A large percentage of literature has been deployed on
forecasting accuracy of different artificial intelligence
methods in different areas of renewable energy. In the
area of solar energy, the LSTM and CNN-based models
continue to outperform the classic machine learning
models in terms of the ability to reflect the complex
temporal and spatial dynamics (Zhang et al., 2022). There
have been reductions of 20 percent in Root Mean Squared
Error (RMSE) in LSTM models as compared to ANN
models in the prediction of hourly solar output. Random
Forest and hybrid ARIMA-ANN are several of the models
that could be used in the wind energy sector because their
performance is consistent with the short-term variation
and the general trend (Ahmed & Khalid, 2019).

Within the hydropower sector, fewer Al studies have been
done owing to the fact that the move of water is stable and
predictable in nature. However, ANN and SVM models
have been already successful in daily inflow and reservoir
level prediction where they report Mean Absolute Errors
(MAE) of less than 10 % (Raza, Khosravi & Nahavandi,
2020). On the whole, the models of deep learning, like
LSTM and Transformer architecture, are well-suited to the
detection of temporal dependencies, whereas ensemble
strategies are more stable and robust in the context of
heterogeneous data sets.

5.4 Strengths and Weaknesses

Methodologies of forecasting have their strong and weak
sides. Models that rely on supervision, i.e. SVM and RF, are
easy to train and do not usually require a large number of
computational resources, but their performance is
satisfactory with small-to-moderate volumes of data.
Additionally, they are more interpretable, which makes
them more beneficial to practitioners of the energy
management systems (Riahi et al., 2022). However, both
models can be faced with the limitations due to large-
dimensional and time-sequential inputs thus, failing in
their scalability.

On the other hand, the deep learning architectures, such as
LSTM and CNN, are different since they are characterized
by a high oversophistication of pattern recognition and the
capacity to create long-term dependency in large-scale
databases. This method is particularly applicable in cases
that the data under consideration have a strong level of
variability or that it is complex (multivariate). However
the closed nature of these architectures, long model
training times, and its demand of large amounts of labeled
data restrict deployment and create fears about
accountability (Zhang et al., 2022). The hybrid models and
ensembles can somewhat reduce these constraints as the
different algorithms are combined to get the predictive
precision set high, but this comes at the cost of increased
complexity and the increased maintenance needs.

6. DISCUSSION

Application of Artificial Intelligence on renewable-energy
forecasting has seen a significant change where the basic
statistical algorithm is slowly being replaced by advanced
self-learning algorithm. This chapter overviews the key
conclusions of a comparative analysis of Al-based
forecasting models, scans existent technological paths, and
evaluates how Al-driven predictions are integrated into
the modern energy infrastructure, in particular, into smart
grids and Internet of Things (IoT) as a whole.

6.1 Key Insights

The most widespread result brought back by the existing
literature is that the application of Al-based forecasting
models highly depends on the type of renewable energy
resource that is considered as well as the time resolutions
that are to be met. The performance of Random Forest
(RF) and Support Vector Machines (SVM) in conducting
short-term predictions of solar and wind power is already
satisfying repeatedly, particularly during cases in which
the available data shows rather stable trends and low
noise (Ahmed & Khalid, 2019). They are computationally
efficient: their training is quick, and the interpretation of
the generated model can still be high, which makes them
optimal to be used in real-time applications with a
requirement to extremly fast response.

© 2025,IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page 1231



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 12 Issue: 06 | Jun 2025

www.irjet.net

p-ISSN: 2395-0072

On the other hand, the deep neural networks, more
specifically the Long Short-Term Memory (LSTM) models
and the Convolutional Neural Networks (CNNs), are much
better prepared to handle medium- to long-term
prospects, as historical context and spatio-temporal
diversity cannot be overlooked. With their memory cells,
LSTM can store information over a long period of time
and, thus, capture intricate dynamics of sequences, which
qualifies them to model wind turbulence or solar radiance
over several time scales unusually well (Zhang et al,
2022). Similarly, CNNs when inflicted on satellite images,
are reliably up to the mark in forecasting solar potential at
the spatial level (Yagli, Ozdemir & Teke, 2021). Also, a
hybrid method that integrates an ARIMA, ANN, and LSTM
has also been successful too many times, since it finds a
compromise between the short-term responsiveness and
sources of long-term tendencies (Riahi et al., 2022).

6.2 Technological Trends

A clear technological shift is underway from traditional
machine learning techniques to more advanced deep
learning and hybrid models. Initially, simpler models like
k-NN and SVM were preferred due to their ease of
implementation and minimal data requirements. However,
as data availability and computational power have
increased, the energy sector has embraced more complex
architectures capable of handling large volumes of
heterogeneous data (Raza, Khosravi & Nahavandi, 2020).

The emergence of transformer-based models, originally
developed for natural language processing, is a recent
trend that has begun influencing energy forecasting. These
models have outperformed RNNs and LSTMs in handling
long sequences and attention-based learning without
recurrent connections, thereby reducing training time
while improving accuracy (Zhang et al, 2022).
Additionally, Explainable Al (XAI) is gaining traction,
offering transparency in predictions through methods like
SHAP and LIME, which help operators understand which
features drive model decisions—critical in high-stakes
energy forecasting tasks. Cloud-based Al platforms and
AutoML tools are democratizing access to forecasting
models by automating data preprocessing, model training,
and hyperparameter tuning, allowing utilities and energy
developers to implement Al without deep expertise in data
science (Riahi et al.,, 2022).

6.3 Integration with Smart Grids and IoT

Forecasting systems based on Al are turning out to be
essential components of smart grid installations. These
matrices rely on real-time data to ensure balance of supply
and demand, optimal storage and also reduce use of the
fossil-fuel based backup system. It becomes crucial that
the load balancing, voltage control and the entry into
energy markets due to solar and wind are accurately

forecasted especially in locations with high renewable
penetration (Ahmed & Khalid, 2019). The increase in the
Internet of Things (IoT) has added this integration by
providing data at high resolution provided by the smart
meters, weather stations and distributed energy
resources. The sensors that are connected with [oT,
communicate the current environmental and operational
data to cloud computing to be processed by Al models to
update the forecast continuously. As an example,
predictive load management adopts the LSTM-based
predictions to learn when to deploy the energy storage
systems or shed the non-essential loads to ease the grid
pressure and operational expense (Riahi et al., 2022).

7. CONCLUSION

The advent of artificial intelligence in an energy
forecasting system is an evolutionary step towards the
creation of more resilient and smarter websites under the
energy forecasting system, which is more dependable and
data-driven. This has created a need to develop the ability
to predict the supply of renewable sources of energy with
high resolution to maintain the stability of the grids, to
optimise economical activities related to energy trade
techniques and to act as sources of information in the
development of policies. Besides enhancing the accuracy
on forecasting, Al-based models also enable real-time
dynamic energy management by being used alongside
smart grid technologies and Internet of Things (IoT)
frameworks. With this integration it is possible to pre-
emptively regulate the supply and demand of energy, so
that distributed energy resources can be effectively
integrated, and the dependence on fossil-fuel-based peak
electric generating plants can be reduced.

The full potentials of Al in this field, data quality issues,
issues related to the interpretability of models,
computational scaling issues, and compatibility with the
existing infrastructure needs to be managed.
Interdisciplinary cooperation among energy practitioners,
data scientists, and policy makers will be key in innovation
and speeding up deployment. The forecasting using
artificial intelligence is one of the foundations of the
transition to the future of sustainable and intelligent
energy. The continuous investigations, innovation, and
practice of the given technologies hold the potential of
increasing the efficiency of renewable energy systems and
make an important contribution to the global war against
climate change.
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