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Abstract - With the increasing reliance on renewable 
sources of energy like solar and wind energy across the 
world, a demand to have accurate forecasting tools has 
increased as well. The paper provides a comparative 
analysis of two major paradigms of AI-based forecasting, 
rule-based systems and neural networks, i.e., Long Short-
Term Memory (LSTM) and Convolutional Neural Networks 
(CNN). Rule-based models are highly interpretable and do 
not require excessive computational resources, but are not 
very flexible and fail to handle complex data forms. Neural 
networks, in their turn, are very good at recognizing 
nonlinear spatiotemporal patterns, but are problematic in 
terms of transparency and require significant 
computational resources. The models were tested using 
standard datasets of NASA, NOAA and IMD and focused on 
solar irradiance, wind speed, and environment-related 
indicators. The measures of evaluation included accuracy, 
RMSE, F1-score, interpretability and time of execution on 
standard and incomplete data. The findings indicate that 
neural networks are more accurate than rule-based models 
in predicting, especially when plenty of data is available, but 
rule-based systems are reliable when resources are scarce. 
This paper provides a convenient framework to make 
forecasting method choices considering trade-offs between 
accuracy, interpretability, and availability of resources, thus 
providing policymakers, utility managers, and researchers 
with a guide on implementing AI-based forecasting systems 
to achieve resilient and sustainable energy infrastructure. 
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1. INTRODUCTION 

1.1 Background and Motivation 

The aggravation of the climate change and the global 
adherence to the idea of sustainable development have led 
to the radical shift in the energy sector, where the 
renewable energy sources, solar, wind, and hydro power, 
take the central stage. Despite the fact that this evolution 
is essential in reducing greenhouse-gas emissions, it also 
brings in operational issues due to the unpredictable and 
intermittent nature of renewables. Unlike the traditional 
power plants, renewable generation is extremely reliant 

on the environmental factors like sunlight, wind speed, 
and temperature which are naturally unreliable and can 
hardly be controlled. This has led to the fact that precise 
prediction of renewable energy generation is now a 
necessity to maintain grid stability, economic power 
dispatch, optimal energy storage, and a stable supply-
demand balance in real-time power systems. The 
operators of energy systems and planners need to rely 
more and more on accurate forecasting to balance loads 
and avoid outages or over-generation, which makes 
energy forecasting not only a technical exercise but a 
strategic necessity in the age of green energy. 

1.2 Role of Artificial Intelligence in Energy 
Forecasting 

artificial intelligence (AI) has become a disruptive 
measure when it comes to renewable energy prediction 
because it provides superior functionalities as compared 
to statistical models. Common methods, which include, but 
are not limited to, autoregressive integrated moving 
averages (ARIMA) or linear regression, would not apply as 
effectively in trying to decipher the nonlinear, dynamic, 
and complex aspects of spatiotemporal relationships of 
renewable energy data. Recent machine learning (ML) and 
deep learning (DL) AI-based models have proven to be 
very promising in addressing these limitations by learning 
with historical trends and adapting to fluctuations in the 
input conditions. Long Short-Term Memory (LSTM) 
networks and Convolutional Neural Networks (CNNs) are 
two of them, which have been proved to perform well 
when analyzing time-series and spatial data, respectively. 
This combination of AI and IoT (Internet of Things) 
technology and environmental sensors has increased the 
timeliness and granularity of data to the extent that it is 
possible to predict energy in real-time using several 
thousand variables that are subject to continuous change. 
This integration of AI and sensor network allows one to 
discern an enormous breakthrough toward the 
development of intelligent, responsive, and information 
driven estimation models, with energy as a case in point. 

1.3 Research Problem 

Even with the astonishing developments in the sphere of 
AI, the question of choosing the necessary forecasting 
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model has not lost its significance because there are 
certain trade-offs between the possible methods. Rule-
based systems have high levels of interpretability and are 
mostly easy to manufacture and manage because they are 
based on deterministic logic and expert knowledge. They 
are however not flexible, and they do not work well with 
the non linearity and dynamic changes that occur in 
renewable energy data. However, as compared to neural 
network models including LSTM and CNN, on the one 
hand, they could be high predictive accuracy, and, on the 
other hand, with the ability to discern complex patterns in 
high-dimensional, large datasets. However, it has been 
pointed out that such models are frequently maligned as 
black boxes implying that little or no information is 
provided about how the internal decisions are made. 
Moreover, they need considerable computational 
resources and high-quality training data that cannot be 
afforded to every location or situation.  

1.4 Objectives of the Study 

The proposed study is focused on performing an in-depth 
and rigorous comparison of AI frameworks based on rule-
based and neural networks when applied to renewable 
energy prediction. Particularly, the goals will focus on the 
following steps: creating models of each strategy with 
real-world data of various renewable sources and assess 
their capabilities in several key areas. The dimensions 
comprise accuracy of predictions, the ability to scale to 
large computational problems, the capability of model to 
understand by people as well as resilience to ignorance or 
noise in data. Having implemented both methods on the 
similar sets of data in identical testing circumstances, the 
research is aimed to offer empirical data and analytical 
decisions concerning the abilities and restraints of both 
types of modeling models. It is not only about announcing 
a better technique but what areas could be determined to 
implement each of these models in the best manner 
possible. 

1.5 Significance and Contributions 

The current paper provides a stringent theory and 
practice to the field of renewable-energy forecasting. 
Academically it bridges a gap that has been evident due to 
the lack of a direct comparison presented side-by-side of 
rule-based and neural-network models in controlled and 
replicable conditions. These approaches have been 
evaluated separately in previous studies and without a 
common comparative framework. In practice, the findings 
can guide decision-makers in energy management, policy 
making and utility operation in the useful selection and 
deployment of technologies and in writing infrastructure 
plans. Through the analysis of the interrelation of 
accuracy, transparency, and computational feasibility, the 
stakeholders will be able to determine which AI model can 
be used to best meet their forecasting needs. The general 

idea behind this work is to enhance the trustworthiness, 
scalability and reliability of AI-based forecasting systems 
in the wider scope of climate resilience and sustainable 
energy management. 

2. LITERATURE REVIEW 

2.1 Evolution of AI in Renewable Energy 
Forecasting 

2.1.1 Traditional and Statistical Forecasting 
Techniques 

Traditionally, prediction of renewable energy has been 
informed by statistical modeling which predicts the 
generation of solar and wind plants. The classical 
techniques like Autoregressive Integrated Moving Average 
(ARIMA), Multiple Linear Regression (MLR) and Support 
Vector Regression (SVR) have been widely used in short 
run and medium run forecasting. Such methods often 
presuppose the linear correlation between past energy 
generation and the factors that affect the weather such as 
solar irradiation or wind velocity. However, statistical 
methods are becoming less effective when dealing with 
complex, nonlinear trends in large, multidimensional data 
sets as renewable energy systems have become more 
decentralized and variable (Zhang et al., 2014). 

2.1.2 Shift to AI-Based Forecasting Techniques 

To alleviate the above limitations, Artificial Intelligence 
(AI) is a tool that has gained a lot of popularity in energy 
forecasting. Machine learning (ML) and deep learning (DL) 
are techniques that utilise data-driven approaches that do 
not rely on explicit physical modelling. These systems 
adapt to changing circumstances by studying data trends 
to be even more accurate and robust. According to Mosavi 
et al. (2019), AI methods such as Random Forests, 
Artificial Neural Networks (ANN), and Gradient Boosting 
yield better results compared to the classical ones, 
especially in modeling temporal dependency and 
nonlinearities in renewable energy outputs. 

2.1.3 Emerging Trends: LSTM, CNN, and 
Transformers 

In the scope of deep learning multiple specialized 
architectures have been developed, the most prominent 
ones being Long Short-Term Memory (LSTM) networks 
and Convolutional Neural Networks (CNNs) and they have 
been developed to meet a very specific forecasting goals. 
The LSTM models are especially well defined to the time-
series prediction tasks, including those related to the wind 
speed and solar irradiance forecasting, because of their 
property to retain lasting data relationships (Hochreiter & 
Schmidhuber, 1997). In comparison, CNNs are wildly 
successful in recognizing geometric patterns present in 
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satellite images and weather maps, which is why they can 
be essential in the local coverage of the clouds or solar 
radiation forecast (Jaiswal et al., 2021). 

In the recent past, Tim Series Forecasting in energy system 
has been found to apply Transformer-based architectures, 
which were proposed initially in natural language 
processing. As an example, Temporal Fusion Transformer 
(TFT) also utilises attention mechanisms to introduce 
variable importance and time-step weights which would 
then achieve higher accuracy and interpretability (Lim et 
al., 2021). Such trends reflect the shift toward the hybrid, 
state-aware prediction models that can reshape in real 
time to deal with changing states of renewable energy 
systems. 

2.2 Rule-Based Systems 

2.2.1 Structure and Logical Framework 

Rule-based systems make up among the first forms of 
artificial intelligence and they still form a part of 
renewable-energy forecasting due to their interpretability 
and simplicity. They work on a set of predetermined set of 
rules of logic in the form of an all-purpose set of rules of 
logic rules made by experts of a specific domain. The 
general rule that is used in the field of solar-energy 
prediction could be like: In case cloud cover is more than 
70 percent and the humidity is greater than 80 percent, 
solar-power production is low. Decision trees or expert 
systems fall under such models and are particularly useful 
when there appears a strong indication of sharp 
thresholds and deterministic connections (Gupta et al., 
2018). 

2.2.2 Applications in Solar and Wind Energy 
Prediction 

In the real-world settings, rule-based models have been 
applied in short term drives of the solar and wind energy. 
Such methods have been especially useful in places where 
computing infrastructure is weak. A rule-based framework 
of predicting solar irradiance with incorporation of 
weather factors, i.e., temperature, humidity, and cloud 
cover, was introduced by Singh and Behera (2017), as an 
example. Such models are constantly becoming a part of a 
microgrid control system or their use by local utilities 
within the scheme of providing support to operations 
when transparency and quick interpretability become 
crucial. 

2.2.3 Strengths and Limitations 

There is also a distinct benefit of the rule based systems as 
they are more interpretable making them thus very 
applicable in decision making and compliance in real time. 
In addition, they only require little computation power 
and have the ability to work well in data-sparse 

environments. However, they do not demonstrate much 
flexibility: they are not able to generalize beyond sets of 
predefined rules and face problems when trying to 
capture the non-linear, even complex interactions that 
define renewable energy data sets (Li et al., 2020). 
Moreover, changes in the rules are habitually carried out 
manually, so they limit the scalability and the 
automatization level of these models. 

2.3 Neural Network Approaches 

2.3.1 LSTM for Temporal Forecasting 

The Long Short-Term Memory (LSTM) networks are 
variants of Recurrent Neural Networks (RNNs) which are 
suitable in forecasting problems abridged in time-series. 
The success of such models has already been proved when 
applied to forecast the wind power generation through 
learning temporal dynamics in the variables of wind 
speeds, directions, and temperatures (Zhang et al., 2018). 
LSTM systems are able to derive patterns over longer 
sequences, and since they cause a phenomenon called 
seasonality and delayed effects in solar irradiance data, 
LSTM systems are appropriate to capture it. 

2.3.2 CNN for Spatial Feature Detection 

Traditional neural networks, in their turn, excel at 
recognizing the spatial patterns and have become the 
essential element in many areas oriented at images. In the 
sphere of renewable energy predictions, convolutional 
neural networks are used in processing satellite images 
and weather maps to predict cloud movement, solar 
radiation and spatial directions of wind. As one can see, 
Jaiswal et al. (2021) use CNNs to precisely define the areas 
of high solar energy potential on the basis of MODIS 
satellite data. These models have the potential of giving 
salient features such as cloud density and vegetation cover 
that are central in prediction of both solar and wind 
energy. 

2.3.3 Challenges in Explainability and Resources 

Despite the proven predictive ability, neural networks 
have been disadvantaged with the moniker of being a 
black box, thus, making it rather hard to analyze and 
depend upon in areas where matters are crucial like 
control of a grid. Such methods as explainable AI (SHAP, 
SHapley Additive exPlanations) have been used to 
alleviate this issue, but the problem of translating the 
specifics of the prediction into other languages, where 
institutional stakeholders are not technologically literate, 
remains (Holzinger et al., 2017). Besides, training and 
deploying such models require extensive computational 
resources (often entailing GPUs), which is not feasible in 
within-developing or remote areas. 

 



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

                Volume: 12 Issue: 06 | Jun 2025             www.irjet.net                                                                         p-ISSN: 2395-0072 

  

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 1238 

 

2.4 Comparative Studies in Literature 

2.4.1 Lack of Systematic Side-by-Side Evaluations 

Even though the rule-based approaches and neural 
network techniques have been extensively investigated in 
isolation, comparative studies in systematic fashion have 
been rather limited in terms of conditions under which 
such experiments have been carried out, in a dose 
standardised manner. Most of the earlier studies 
concentrate on one strategy or contrast in the comparison 
of predictive models between heterogeneous data sets and 
on numerous performance measures, which makes it 
challenging to make generalized conclusions. According to 
Hassan et al. (2020), comparisons regardless of accuracy, 
robustness, and interpretability in varying forecasting 
scenarios are vital in explaining the trade-offs to be made 
to support researchers. 

2.4.2 Necessity for Real-World Oriented 
Frameworks 

There is a growing need to have research models that 
reflect situational limitations of the real world - lack of 
complete information, limited processing budget, and a 
wide-range of diverse geographical situations. According 
to Ahmed et al. (2021) under the condition of low-quality 
data, rule-based models are likely to prove more robust as 
compared to neural networks, despite the fact that in 
general, the latter offers better predictive accuracy than 
the former. Therefore, performance indicators cannot be 
used as the only criteria to measure the utility of any 
model since such is also the case in contextual feasibility, 
transparency and stakeholder needs. This fact underlines 
the need of making comparative investigations that go 
farther than predictive accuracy and cover the aspects of 
operational viability of the forecasts, its scalability and 
interpretability. 

3. METHODOLOGY 

3.1 Research Design 

3.1.1 Dual Modeling Pipeline Approach 

In the current paper, a systematic comparison is carried 
out in terms of a rule based system and a neural network-
based solution to renewable energy forecasting through 
using a two-step modelling pipeline. Research design will 
aim at comparing both methods in leveled and 
standardised conditions by using the same series of data, 
feature variables, and performance measure that will 
ensure internal validity and reduce any bias that may arise 
due to variable testing conditions. 

In order to reflect the variety and awkwardness of the real 
world applications, three types of renewable energy 
systems were chosen: such structures as solar energy, 

wind energy, and hybrid systems (i.e., the points where 
both sources are used). The specifications of each type of 
data are peculiar to it: solar forecasting is highly 
dependent on irradiation and the cloud cover, the speed, 
directions, and the intensity of turbulence matter in wind 
forecasting. The hybrid model unites both temporal and 
spatial feature set to produce comprehensive fore- casting 
on a level of integrated energy systems. 

 

Figure-1: Process of Data Collection 

3.2 Model Development 

3.2.1 Rule-Based Forecasting System 

The presented rule-based system is developed based on 
the expert-formulated decision tree, which uses the 
deterministic logic, namely the so-called if-then 
statements to plot the discrete environmental variables 
thresholds. Such thresholds are based on knowledge of the 
domain, meteorological norms and guidelines in the 
industry. The decision trees were applied through the 
DecisionTreeClassifier of Scikit-learn, thus allowing an 
easy visualization and the tracing of the logical paths. 

3.2.2 Neural Network Forecasting Models 

The structures of neural networks had been developed as 
an answer to the peculiarities of the data they involved. To 
give an example, in the case of prediction of the time-
series variables, like rain speed or solar irradiance on the 
basis of days or hours, Long Short-Term Memory (LSTM) 
networks have been used regularly. Their ability to 
conceptualize long-term dependencies and patterns of the 
sequential data makes them especially appropriate in 
historical forecasts on meteorological time series. In its 
turn, Convolutional Neural Networks (CNNs) get used to 
work with spatial data: satellite images and topographic 
maps. The models are best at extraction of spatial features 
such as cloud density, vegetation index and surface 
temperatures all of which are very crucial in the 
prediction of solar and wind energies. These two 
architectures were also processed by using TensorFlow 
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and Kera APIs and also used drop out regulation and early 
stopping to prevent over fitting. 

3.3 Dataset Sources and Preprocessing 

3.3.1 Dataset Sources 

The implementing datasets of this research are of 
international and regional institutions, all of them are 
empirically checked and publicly available. Of the utmost 
significance is the information and data measured by the 
National Aeronautics and Space Administration (NASA) of 
which observations (other than solar irradiance and 
Normalized Difference Vegetation Index, NDVI) are 
obtained by the use of satellite data. In parallel to these, 
there are historical weather variables provided by the 
National Oceanic and Atmospheric Administration (NOAA) 
and the India Meteorological Department (IMD), i.e. wind 
speed, temperature, atmospheric pressure and relative 
humidity. Besides, more data about the performance of 
wind power and photovoltaic facilities is obtained using 
the assistance of the U.S. National Renewable Energy 
Laboratory (NREL), mainly concerning the modelling of 
the hybrid energy systems. 

3.3.2 Preprocessing Techniques 

Raw data are preprocessed thoroughly in order to make 
them ready to be used in the artificial-intelligence 
applications and to obtain the level of uniformity 
contradicting various energy resources. The missing 
observational values caused by interruption of sensors or 
delay of transmission are compensated by combining the 
linear interpolation and forwards filling, which is 
calculated. Non-integer-valued features, i.e. continuous, 
e.g. temperature, irradiance, and wind speed, are 
normalized using min-max scaling. The categorical 
variables such as the classifications of the weather 
condition are encoded into one- hot-encoded vectors. 
Spatial alignment insures that geographic coordinates are 
projected on the same common grid whereas temporal 
synchronization ensures that all the data is mapped to 
hourly or daily increments in line with forecasting 
horizon. 

Table-1: Preprocessing Techniques. 

Feature Source Preprocessing Applied 

Solar Irradiance NASA 
Normalization, Time 

Alignment 

Wind Speed NOAA, IMD Interpolation, Scaling 

Temperature IMD Mean Imputation, Scaling 

Humidity NOAA 
Forward Fill, 

Normalization 

NDVI NASA MODIS Grayscale Conversion, 

Normalization (for CNN) 

Weather 
Condition 

IMD One-Hot Encoding 

 

3.4 Evaluation Metrics 

To ensure a comprehensive assessment of the forecasting 
models, the study employs both classification-based and 
regression-based metrics, alongside operational 
evaluation indicators. 

 Accuracy measures the overall correctness of model 
predictions. 

 Precision and Recall evaluate how well the model 
distinguishes between high and low energy output 
events, critical in preventing false alarms or missed 
opportunities. 

 F1-Score, the harmonic mean of precision and recall, 
provides a balanced metric especially suitable for 
imbalanced datasets (e.g., rare cloudy days). 

 Root Mean Squared Error (RMSE) and Mean Absolute 
Error (MAE) assess the deviation of predicted energy 
output values from actual values, offering insight into 
forecast reliability. 

 Computation Time is recorded for both model 
training and inference, highlighting the operational 
feasibility of each model. 

 Model Interpretability is qualitatively evaluated using 
SHAP (SHapley Additive exPlanations) for neural 
networks, enabling feature contribution analysis and 
comparison with rule-based transparency. 

3.5 Experimental Procedure 

3.5.1 Data Splitting and Training 

The entire data of each energy source is split into three 
categories that include training, validation, and testing 
with the training constituting 70 percent, validation-15 
percent, and testing-15 percent. Model assessment on 
unseen data can be made possible through such 
partitioning whereby statistical robustness is ensured and 
overfitting is avoided. In the training part, hyperparameter 
optimization is done using grid search which is especially 
prevalent in neural networks as variables such as learning 
rate, dropout rate and batch size have a large impact on 
the performance results. 

3.5.2 Testing Under Different Conditions 

To mimic real-world operational variability, model 
performance is tested under two distinct conditions: 

 Complete Data: Assumes all sensor inputs and 
weather variables are available and clean, providing 
an ideal scenario. 
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 Incomplete Data: Randomly removes or distorts 10–
30% of the dataset to simulate sensor failure, latency, 
or transmission error. This tests the robustness of 
models under suboptimal data environments. 

3.5.3 Cross-Comparison Across Energy Types 

The models are tested separately for: 

 Solar energy forecasting, focusing on irradiance and 
cloud cover. 

 Wind energy forecasting, using wind speed, direction, 
and turbulence. 

 Hybrid systems, combining features from both 
categories. 

This cross-energy analysis allows for the identification of 
model strengths in different forecasting scenarios and 
determines which approach performs better under 
specific energy system conditions. 

4. RESULTS AND DISCUSSION 

4.1 Model Performance on Complete Data 

4.1.1 Accuracy and Error Metrics Comparison 

The comparative performance was studied in an ideal 
situation, i.e. using complete datasets where all the values 
existed and were devoid of errors. Among three categories 
of energy (solar, wind and hybrid) there were specific 
patterns in the accuracy and error rates. Rule-based 
systems that require a considerable amount of manpower 
as compared to neural networks were even outdone by 
neural networks especially architectures like the long 
short term memory (LSTM) and convolutional neural 
network (CNN) in terms of prediction accuracy and error 
reduction. LSTM model had an average accuracy of 93.4 % 
and 91.1 % on solar irradiance and wind forecasting as 
compared to 84.6 % and 81.3 % recorded by rule-based 
systems respectively. 

Original regression showed the same results and the 
neural networks were significantly less likely to make 
errors. In forecasting solar energy, the LSTM model had 
the value of RMSE at 28.6 W/m 2 which is lower than the 
solution of the rule based model of 42.8 W/m 2. The rule-
based output that CNN had attained in wind forecasting 
was 1.9 m/s, which clearly rose to the mean absolute error 
(MAE) of 1.1 m/s. 

The analysis of hybrid models that incorporated the 
elements of solar and wind forecasting also showed that 
the networks of this type are more suitable when it comes 
to working with multi-feature datasets. The CNN model 
using spatially fused data did better than the rule-based 
logic which was faced with a challenge of dealing with the 
dynamics and nonlinear interactions that such datasets 
are noted to have. 

 

Figure-2: Model Performance 

4.2 Model Behavior on Incomplete Data 

4.2.1 Robustness to Missing Inputs 

In simulated incomplete data settings (10 percent to 30 
percent of main features i.e., solar irradiance or wind 
speed was randomly dropped) in both of the models, 
decreases in performance occurred to a different degree. 
Such conditions resulted in a higher degree of robustness 
of a rule-based system, which was deterministic. Given 
that the logic of rule-based models is based on 
conservative estimates in case of some of the inputs 
missing, they could manage to show an average of 6-8 
percent decline in the accuracy, while neural networks 
showed 12-15 percent decline. 

Nevertheless, neural networks such as LSTM and CNN 
reacted to the unseen data and gave unstable results 
especially during the chances when there were essential 
time-varying or spatial features. Although the imputation 
tactics had been used, due to use of all data sequences by 
the models, they proved to be more vulnerable to the gaps. 
Namely, the CNN model demonstrated lower spatial 
coherence in case wildfire or solar predictions did not 
contain NDVI layers. 

 

Figure-3: Robustness of Rule-Based Models. 
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4.3 Interpretability and Practical Deployment 

4.3.1 Neural Network Explainability Using SHAP 

Although neural networks have high accuracy rates, they 
are not very transparent in their way of decision making. 
To fill such gap, SHapley Additive exPlanations (SHAP) 
were applied to explain the results of LSTM and the CNN 
models. SHAP demonstrated the degree of significance of 
input features in every prediction. As an example, in solar 
forecasting, solar zenith angle, cloud cover, and humidity 
ranked first as the most important factors of SHAP 
analysis as expected in the domain. During the wind 
forecasting process, wind directions and pressure 
gradients came out as powerful aspects. 

The SHAP summary visualizations enabled the researchers 
to be confident in the behavior of the model which is 
paramount to the attitude of policymakers and grid 
operators. However, not all the explanations are real-time 
and included in the model as SHAP in itself is a post-hoc 
tool. 

4.3.2 Transparency of Rule-Based Systems 

On the other hand, rule-based models are native in 
interpretation. Each of the predictions could be referred to 
a certain logical route of rules. E.g. in case of forecasting 
output decrease, only the following line could be displayed 
directly on the system: IF cloud cover > 80% AND 
irradiance < 250 W/m 2 THEN output = LOW. This type of 
transparency is an important factor that makes rule-based 
systems more favourable in an environment where it is 

important to be regulated and audited. 

5. CONCLUSION 

The present research paper introduces a comparative 
analysis of the concept of using AI to forecast, or in other 
words, rule-based systems, and neural networks (LSTM 
and CNN) in the scenario of renewable energy forecasting. 
With the development of a dual modeling pathway and a 
similar application of the same model to all data sets 
(solar, wind, and mixed) the research shows obvious 
differences in model possibilities and shortcomings. 
Neural networks always gave better predictive results 
with respect to minimization of errors, avoidance of 
complex temporal and spatial associations compared to 
rule-based system. LSTM worked well in time-series 
problems in solar and wind prediction and CNNs in spatial 
such as satellite pictures and NDVI maps, or mixed 
forecasts. 

But the rule-based approaches still remained to be 
applicable since they are more explainable, less 
computation-intensive, and result in better robustness in 
data-incomplete or limited data settings. Such 
characteristics render them suitable to remote 

deployment and locations with low infrastructure in 
which explainability and fast decision-making is 
imperative. 

Realistically, this paper has found out that accuracy should 
not be the sole criterion to the selection of a model but one 
should have an overall perspective of the application 
scenario. The findings hold relevant information to energy 
planners, utility providers as well as policymakers since it 
offers a strategic framework towards harmonizing the 
application of AI in renewable energy forecasting systems 
with the technical, environmental and operational 
conditions. 

5.1. Limitations 

Although the current research gives an in-depth study in 
comparison of the rule-based model and neural network 
in forecasting renewable energy, there are various 
limitations that must be noted. To start with, the data 
series employed, though heterogeneous and sound, were 
selected only within a given geographical area, and hence 
might not indicate the overall climatic variability in the 
globe. Second, the expert-formulated thresholds were 
used to build the rule-based systems, and hence, the 
systems might not be generalised in diverse settings 
unless the recalibration process is performed manually. 
Third, although neural networks showed the higher level 
of accuracy, they are extremely sensitive to 
hyperparameters optimization and quality and size of the 
dataset which cannot be always present in reality. 
Furthermore, the paper has not considered the ensemble 
and hybrid models that had the possibility of providing a 
better implementation of results by pooling the 
capabilities of both. Last but not least, in spite of the 
neural network explainability based on SHAP, we still have 
a challenge of applying deep learning models to mission-
critical energy systems which is real-time explainability. 
These gaps are to be filled in the future studies to improve 
operative response and generalizability. 
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