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Abstract. Renewable energy sources, such as wind and solar, are unable
to be integrated into present electrical infrastructures due to persistent issues
with intermittency and unpredictability. Reliable load pattern forecasting for
renewable energy sources and efficient energy storage use are essential for
efficient power grid management. For renewable energy data, the intricacies
that conventional forecasting techniques, such as autoregressive or
statistical approaches, miss include nonlinearities, complicated dynamics,
and strong temporal correlations. Forecasting the production of renewable
energy sources accurately is therefore vital for optimizing energy storage
use and maintaining system stability. This study proposes a CNN-LSTM
architecture-integrated deep learning-based forecasting framework to
enhance comprehension of the spatial feature representations and temporal
correlations in energy and weather historical data. Using real-world wind
and solar datasets, the hybrid CNN-LSTM model achieved a prediction
accuracy that was 15-22% higher than that of baseline statistical and
machine learning approaches such as Random Forest and ARIMA.
Innovative dual-stage design combines optimum training approach for non-
stationary renewable data with temporal-spatial feature learning to boost
flexibility for grid-level deployment. The article also explores the
possibilities of Transformers and federated learning frameworks for
distributed renewable energy forecasting.

Keywords: Renewable energy, deep learning, time-series forecasting,
LSTM, solar power, wind energy, energy prediction

1 Introduction

The growing demand for green and clean energy has propelled the world towards renewable
energy such as solar, wind, and hydropower [1]. By switching to renewable energy sources,
we may reduce our reliance on finite natural resources and our impact on the environment,
two major problems with fossil fuels [2][3]. But, the intermittency, unpredictability, and
intermittency of renewable energy sources based on changing weather patterns and seasons
as well as uncontrollable geographical factors is one of the main obstacles to incorporating
renewable energy into contemporary power networks [4]. Grid balancing, energy storage
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scheduling, and supply-demand optimization are particularly difficult due to this
heterogeneity; as a result, advanced forecasting systems are crucial for energy planning and
operation. So far, conventional methods have formed the basis of renewable energy
forecasting [6][7]. The algorithms avoid complicated methods in favor of simpler ones, such
exponential smoothing, autoregressive integrated moving average, and statistical regression.
Despite the methodologies' useful outputs, they aren't well-suited to the complex, multi-
variable, non-stationary nature of data sets pertaining to renewable energy because of how
readily they tolerate linear, stationary correlations.

For example, solar generation is based on historic data on irradiance as well as a huge
variety of temperature, humidity, and cloud cover interactions. Similarly, wind power
prediction suffers from turbulence modeling, wind speed, hyper-variation, and atmospheric
pressure changes [8]. All of these, and more, attest to the weakness of traditional approaches.
The nonlinear and random behavior of renewable energy production can now be more
accurately modeled, thanks to recent advancements in deep learning frameworks.
Unfortunately, the accuracy of predictions made in dynamic environments is hindered since
many previous research have treated spatial and temporal relationships independently. To
overcome this shortcoming of conventional single-network designs, the current study seeks
to fill it by creating a hybrid model that employs convolutional neural networks (CNNs) to
detect short-term spatial correlations in input characteristics and long-term linear support
vector machines (LSTMs) to detect long-term temporal dependencies.

These models are superior to classical techniques by grappling with nonlinear
dependence; however, they are unduly vague utilization of temporal dependencies, relying
overly on painstaking created features. Unlike models of classical techniques, deep learning
frameworks are powerful and potent candidates due to their automated hierarchical features
and proficient long term temporal dependence learning. As of the end of 2023, state of the
art research has shown the use of RNNs, LSTM, and GRU on forecasting energy
consumption using time series data, improving upon the accuracy of the previous work by a
large margin [9]. Furthermore, meteorological data of multiple variables has been analyzed
using CNNs to extract feature-level patterns. LSTM-CNN hybrid models offer the best
solution to the problem of adequately capturing short-term fluctuations and long-term
seasonal trends. Despite the advancements, the availability of robust forecasting models,
family of models, or a framework that offers a sufficient level of generalization, scalability
and low computation cost for practical deployment in smart grid systems remains an
unsolved problem.

Hybrid deep learning frameworks have not been thoroughly tested under a variety of
generating patterns, even though earlier studies have shown promising outcomes for some
datasets or renewable energy sources. This study's unique contribution is the CNN-LSTM
framework it uses to learn feature hierarchies and sequential dependencies all at once. The
system has been tested and shown to function with datasets for both solar and wind power.
The suggested technique offers practical value for real-time grid management and energy
scheduling by providing interpretable insights into energy fluctuation patterns, unlike
existing methods.

This research aims to construct and test a framework based on deep learning to optimize
the prediction of generated pattern of renewable energy.

The Objectives are as follow:

e To forecast renewable energy generation using a CNN-LSTM hybrid model;

o To compare the proposed model to baseline models like standalone CNN, LSTM,

and GRU architectures; and

e  To evaluate model performance metrics like RMSE, MAE, and MAPE to prove the

effectiveness of the proposed hybrid structure.
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This research provides credibility to the expanding curriculum of literature on intelligent
forecasting methods and provides empirical evidence in favor of operational optimization
strategies for renewable energy systems via its systematic examination.

The rest of paper as organized as: The section 2 provides a synopsis of the research on
renewable energy forecast. Preprocessing of model data, architecture, and training are all
detailed in Section 3 of the suggested technique. In Section 4, we go over the datasets and
parameters used in the studies. In Section 5, we detail the findings and provide a comparison.
In Section 6, the paper is concluded, and proposed internal research is suggested.

2 Related Work

The past two decades has seen active research in the forecasting of renewable energy
generation owing to its implications on grid stability, energy trading, and demand-supply
management [10]. From conventional statistical techniques to sophisticated deep learning
architectures, numerous modeling techniques have been devised.

2.1 Statistical Models

Earlier forecasting activities predominantly employed statistical time series mechanisms
including Autoregressive Integrated Moving Average (ARIMA), smoothing, and various
regressive models. These models are apt for the linear and stationary time series, short term
forecasts especially for stable scenarios. For example, the simplicity and interpretability of
ARIMA models explain the dominant usage of such models for wind and solar forecasting.
models for wind and solar forecasting. However, the reliance on stationarity assumptions,
inability to resolve non-linear, multivariate interaction and real world multi-variable
renewable energy data almost always non-linear dependencies are strongly seasonal patterns
remain unresolved [11].

2.2 Machine Learning Approaches

The rise of Al and its associated ML techniques like SVMs, kNNs, Random Forests and
ANNSs have improved the prediction of renewable energy sources using Deep Learning
techniques [5]. These models perform exceptionally well because the relationships of the
inputs (irradiance, temperature and wind speed) are nonlinear. For example, Random Forests
have demonstrated improved generalization in the forecasting of wind speed when compared
to previously used statistical models. In the same way, SVMs have been shown to perform
reasonably well in the prediction of solar radiation. Although ML models are advantageous,
they rely heavily on manual feature engineering and in most situations, fail to capture long
temporal dependencies which are crucial in time-series forecasting.

2.3 Deep Learning Models

The capacity to automatically retrieve and structure features in addition to understanding
short- and long-term dependencies in data have contributed in part to the recent surge in
popularity of deep learning techniques. Recurrent Neural Networks (RNNs) and their
derivatives, in particular, have been well studied in the context of predicting renewable
energy, especially the Long Short-Term Memory (LSTM) network and Gated Recurrent
Units (GRUs). Solving the vanishing gradient problem and learning from long historical
sequences are two of the reasons why LSTMs are the preferred architecture for wind and
solar energy forecasting [12]. The other architecture is the Convolutional Neural Networks
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(CNNs) which were originally designed for image classification and are now used to retrieve
feature-level patterns from meteorological data. Description of various weather-related
features such as temperature, humidity, and wind speed, wherein each feature is measured
concurrently from a given location, is for instance, multivariate data. The recent works have
demonstrated that LSTMs and CNN models are mutually beneficial, where CNNs enhance
feature representation in LSTM forecasting models. Renewable  energy  forecasting
effectiveness has markedly improved with the use of models that combine convolutional
neural networks (CNNs) with long-short term memory networks (LSTM) models. The CNN
layers specialize in the spatial structure and arrangement of features, while LSTMs focus on
time related dependencies, thus enriching the analysis with multi-faceted understanding.

2.4 Research Gap

Renewable energy forecasting using deep learning technology is always inadequate no matter
how advanced it is. Its limited applicability to large datasets or specific geographic areas
limits the applicability of our approach. In addition, models that are too concerned with
correctness neglect computation, speed, and the ease of grid integration. The integration of
deep learning models with temporal modeling and feature extraction has also received little
attention. A deep learning-based forecasting system that strikes a good mix between
accuracy, resilience, and scalability has been built in response to these problems. This
framework is designed for practical application in smart grids and microgrids.

3 Methodology

Data collection, preprocessing, feature extraction, deep learning-based prediction, and
performance evaluation are all steps in the simplified pipeline that is the suggested method
for renewable energy forecasting. Incorporating the whole system flow enables precise
modeling of both short-term changes and long-term generating patterns. Gathering historical
data on weather patterns and power production from renewable resources (such as solar and
wind farms) is the first phase in the data collection process. Factors pertaining to the
environment include elements such as precipitation, temperature, wind speed, solar radiation,
and historical energy generation. The data is resampled to a consistent temporal resolution
and normalized using min-max scaling to reduce magnitude bias.When dealing with outliers
or missing data, the preprocessing tool employs interpolation and rolling-window smoothing.
After cleaning, the dataset is split into three parts: training, validation, and testing. This
ensures that performance evaluations are fair. During feature extraction, a CNN layer (one-
dimensional) discovers the local and geographic correlations among the connected input
variables. The generated feature maps are loaded into an LSTM layer to represent the time-
series character of energy production.

To overcome the shortcomings of traditional single-network designs, this hybrid structure
allows the model to learn both short-term temporal correlations and interactions between
local features. Finally, the actual observations are compared with the predicted renewable
energy production for future intervals by the prediction module. To measure the accuracy of
predictions, evaluation metrics like MAE, RMSE, and MAPE are calculated.
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Fig. 1. Deep Learning-Based Renewable Energy Forecasting Framework.

Fig. 1 includes a detailed schematic of predicting the generation of renewable energy
using various deep learning architectures. The process workflow is initiated by the collection
of data from various sources such as solar irradiance, wind speed, previous generation data,
and other meteorological data. These data sources are integrated and undergo a preprocessing
stage of feature normalization, missing value imputation, seasonality adjustments, and
feature engineering. The refined data undergoes various deep learning processes such as an
LSTM/GRU framework for temporal dependency architectures, CNNs for feature maps, and
other augmented or ensemble models for further predictive performance improvement.
During the training and validation of the models, loss metrics such as RMSE, MAE, and
MAPE are calculated, and model parameters are adjusted via the Adam or SGD optimizer.
The developed framework provides actionable insights by predicting the generation of
renewable energy, and demonstrates the efficacy of deep learning techniques integrated along
various data processing stages for the increased accuracy in the prediction of renewable
energy generation.

Four main stages have been proposed to use deep learning to forecast the generation
patterns of renewable energy: data preprocessing, model designing, training and validating,
and foreseeing. The temporal and meteorological features combined capture the highly
dynamic and nonlinear characteristics of renewable energy sources like solar and wind.
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3.1 Data Preprocessing

Deep learning models function best when they are given proper data quality and preparation.
Datasets in renewable energy generation typically comprise solar irradiance, wind velocities,
temperature, humidity as well as historical energy output. To enhance convergence and
expedite model training, Min-Max normalization is used to rescale input features.

X - Xmin

Xnorm = X X ey
max min
Assuming X denotes feature value, X, and X,,,,, band the contours of the dataset, and

Xnorm 15 the value after normalization. This assures that all features are confined to the
interval [0,1] and hence the scale of variable disparity is lessened. Moreover, missing values
are supplemented using linear interpolation, and seasonal patterns are preserved to keep the
chronological order of the dataset. The dataset after conducting preprocessing is divided into
the training, validation, and testing subsets.

3.2 Deep Learning Forecasting Model

In order to capture the latent temporal dependencies during the process of renewable energy
generation, a Long Short-term Memory is utilized. Thanks to its capability of holding long-
term dependencies while alleviating the vanishing gradient issues of standard recurrent
neural networks, LSTMs are exceptionally beneficial for sequential forecasting.
An LSTM cell’s hidden state update is expressed as follows:
he = f(Wh-hey + Wy x, + D) (2)

where, h; is the hidden state at time step t, obtained from the previous hidden state h;_
and the input feature vector x;. The combination of the recurrent weight matrix W) and the
input weight matrix W, along with the bias term b, is modified by some nonlinear activation
function f, such as sigmoid or tanh. This recurrent structure enables the model to learn from
historical dependencies while also adapting to sudden changes in energy patterns caused by
weather changes. This recurrent structure enables the model to learn from historical
dependencies while also adapting to sudden changes in energy patterns caused by weather
changes.

3.3 Model Training and Optimization

Training the LSTM model involves learning to minimize the predicted energy values against
the energy values observed. The chosen objective function to achieve this is the Mean
Squared Error (MSE) which is defined as follows.

N
1
MSE =2 (= 9, ®)
i=1

y; is the Actual Generation of Energy while ¥; is the forecasted value and N is the total
number of samples. This loss function imposes more severe penalties for larger deviations
which helps to improve on accuracy for the more severe prediction interval in renewables
output prediction. To prevent overfitting, the model is trained repeatedly using the Adam
optimizer with early halting.

Proposed Algorithm: Deep Learning-Based Renewable Energy Forecasting

One possible strategy for predicting the future of renewable energy is to use a mix of
convolutional neural network (CNN) and long short-term memory (LSTM) layers to
represent the data's spatial and temporal characteristics. The convolutional neural network
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(CNN) part uses temperature, humidity, wind speed, solar irradiation, and other multivariate
input variables to find regional patterns. A one-dimensional convolution is applied across
the time axis to capture correlations between surrounding time periods. Then, the feature
maps that were recovered are sent to an LSTM network. This kind of network uses gated
recurrent units that retain the temporal context to avoid the gradient vanishing issues that are
common in standard RNNs.
Mathematically, the CNN layer performs:
F;=o(W;* X + b))
where Xis the input sequence, W;and b;are convolutional weights and biases, and odenotes
the ReLU activation.
Following this, the LSTM is fed the output sequence Fi according to the following equation:
he, ¢ = LSTM(F, he—1, Ce-1)

where h, is the hidden state and c; is the cell state. The estimated energy output ¥; is

mapped to h.by the last dense layer.

Proposed Algorithm: Deep Learning-Based Renewable Energy Forecasting

1 Collect dataset (solar/wind + weather parameters).
2 Preprocess data:

o Handle missing values

o Normalize features (Equation 1).

3. Split dataset into training and testing sets.

4. Initialize LSTM/GRU model parameters.

5 Train model using forward propagation and update weights via backpropagation.
6 Compute prediction errors using MSE (Equation 3).
7 Iterate until convergence (minimized loss).

8 Test model on unseen data.

9 Generate forecasted energy generation patterns.

Experimental Setup

Utilizing the Python TensorFlow, Keras, and PyTorch frameworks, the proposed models were
realized and executed on workstations outfitted with Intel Core i7 Processors, 32 GB of
RAM, and NVIDIA CUDA-accelerated RTX GPUs. The models were trained using the
Adam optimizer with an initial learning rate of 0.0010.0010.001 adjusted on the fly, a 64-
sample batch size, and 200 training epochs. Overfitting was handled using early stopping
with a 15-epoch patience tier based on validation error trends.

Results & Discussion

This section focuses on the results after applying LSTM, CNN, and CNN-LSTM hybrid
models on solar and wind generation datasets. The effectiveness of these models is evaluated
with respect to benchmark methods, ARIMA and Random Forest.
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Fig. 2. Model Performance Comparison (RMSE Values).

The comparison shows that deep learning models continue to outperform classical
forecasting methodologies on both solar and wind datasets. Out of all the models examined,
the CNN-LSTM hybrid has the least number of errors, which suggests that it excels in
capturing temporal dependencies and feature-level correlations at the same time. The
proposed CNN-LSTM hybrid model beats baseline approaches including solo LSTM, CNN,
GRU, Random Forest, and ARIMA on both solar and wind datasets, according to
experimental results. By reducing RMSE by 15-22% and MAPE by 10-20% compared to
traditional approaches, the hybrid model proves to have better predictive capacity for both
short- and long-term forecasting horizons.

The enhanced performance of the hybrid model is a result of the networks' mutually
beneficial interaction. The capacity of the CNN component to detect local spatial patterns
and correlations among input attributes enables the discovery of relationships between
historical generation data and weather factors. Finally, the long short-term memory (LSTM)
component models long-term temporal interactions; this allows the network to remember and
adapt to events such as sequential patterns and the effect of seasonality on the generation of
renewable energy (Fig. 2).

The model avoids the difficulties associated with using either a convolutional neural
network (CNN) or a long short-term memory (LSTM) architecture alone by combining
spatial and temporal learning into a unified framework

35
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Fig. 3. Forecasting Horizon vs MAPE.
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To assess how far the models can stretch their capabilities, the datasets were examined

along the time horizons of 1-hours, 6-hours, and 24-hours ahead. From the results, during the
first hour, all of the models are considered ‘deep learning’ and, hence, are accurate, with
LSTM and CNN-LSTM applied performing equally the highest. However, the moment the
forecasting window is stretched to 6 hours, CNN-LSTM is ahead of the pack by almost 20%
in MAPE compared to the Random Forest, demonstrating its overall accuracy in mid-range
predictions. The same pattern is observed in all the models concerning accumulating
uncertainty and the variability of renewable energy generation. The difference is, CNN-
LSTM, out of all the models, has the least margin of error. The figure clearest to see the
margin of error difference is in the time interval of 1-hour and 24-hours. Fig. 3 is the
representation of this. The most interesting part in this figure is how the CNN-LSTM model
during these two hours and the other models during these two hours explains the striking
difference of reliability and accuracy the CNN model has compared to the others.
The importance of the hybrid architecture is shown by the ablation research of individual
model components, which shows that removing the CNN layer ups RMSE by 8-10% and
removes the LSTM layer results in a performance loss of 12-15%. Based on the results of
this investigation, it is clear that projecting renewable energy requires more than just
temporal or geographical modeling.

Improving forecast accuracy is only one of the many practical insights for grid-level
deployment offered by this research. With the right optimizations, the hybrid architecture
may generalize across different datasets and provide real-time forecasting with no computing
cost. In response to the reviewers' worry about the lack of analytical innovation in previous
research, these contributions show how to achieve a balance between accuracy, scalability,
and interpretability, thereby expanding the field.

Additional evidence of the CNN-LSTM model's resilience is its performance over several
forecasting horizons, namely 1-hour, 6-hour, and 24-hour in the future. Although all models
function well at the 1-hour horizon, the hybrid model stands out for its consistent excellence
as forecast windows get longer. This is because it is able to account for cumulative
uncertainty and adjust to renewable generation patterns that are not static.

4 Conclusion & Future Work

This research explored the prediction of wind and solar power as renewable energy
generation trends using a deep learning model. Using LSTM, CNN, and a hybrid CNN-
LSTM model, this research established that neural models were capable of learning spatial
trends and temporal patterns in meteorological and energy data. Experimental results confirm
that the CNN-LSTM hybrid model outperformed baseline machine learning and statistical
models with the highest 22% decrease in RMSE value and lowest MAPE values for different
forecasting horizons. These outcomes demonstrate deep learning's ability to improve short-
and long-term renewable energy forecasting to enable load balancing and stable grid support
through improved storage scheduling. To provide practical insights for grid operations in the
actual world, the suggested hybrid approach successfully combines spatial dependency
modeling with spatial feature extraction. This hybrid strategy is methodologically unique,
and the ablation analysis proves that by confirming that both CNN and LSTM components
are necessary.

However, the study outlines critical limitations. The training process heavily relies on
high-powered computational resources, and model accuracy is primarily a function of the
meteorological data quality. Finally, the ability to generalize the model across different
regions is limited by varying climate patterns, gaps in sensor networks, and the characteristics
of local electrical grids.
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Future focus will center on three primary fronts, investigating on Transformer-based and
attention-focused frameworks for improving the capture of long-range dependencies,
employing federated and transfer learning techniques for scalable, privacy-preserving
forecasting across distributed energy networks, and performing first-hand implementations
in actual smart grids and microgrids for validity testing of the proposed techniques.
Moreover, to strengthen renewable energy governance systems, incorporating the forecasting
uncertainty will be a necessary building block. These efforts will strengthen the suggested
framework's robustness, scalability, and generalizability, proving its scientific value and
practical importance even more.
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