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Abstract – The 21st century witnesses a pivotal global shift towards Renewable Energy Sources (RES) to combat climate 
change. Nations are adopting wind, solar, hydro, and other sustainable energy forms. However, a primary concern is the 
inconsistent nature of these sources. Daily fluctuations, seasonal changes, and weather conditions sometimes make renewables 
like the sun and wind unreliable. The key to managing this unpredictability is efficient Energy Storage Systems (ESS), ensuring 
energy is saved during peak periods and used during low production times. However, existing ESSs are not flawless. Energy 
conversion and storage inefficiencies emerge due to temperature changes, inconsistent charge rates, and voltage fluctuations. 
These challenges diminish the quality of stored energy, resulting in potential waste. There is a unique chance to address these 
inefficiencies using the vast data from renewable systems. This research explores Machine Learning (ML), particularly Neural 
Networks (NN), to improve REES efficiencies. Analyzing data from Palm Springs wind farms, the study employs an Entropy-
Based Recursive Feature Elimination (ERFE) coupled with Feed-Forward Neural Networks (FFNN). ERFE utilizes entropy to 
prioritize essential features, reducing redundant data and computational demands. The tailored FFNN then predicts energy 
conversion rates, aiming to enhance energy storage conversion and maximize the usability of generated Renewable Energy 
(RE). 
 
Keywords – Renewable Energy, Energy Storage System, Feature Elimination, Entropy, FFNN, Machine Learning. 
 

I. INTRODUCTION 
The global transition to Renewable Energy Sources (RES) is one of the most critical undertakings of the 21st century. As nations 
rally to reduce their carbon footprints, the focus is increasingly on harnessing the power of wind, solar, hydro, and other 
sustainable resources. While adopting renewable energy systems has been encouraging, a foundational challenge remains: 
addressing the intermittent nature of these energy sources [1]. Unlike conventional energy sources, renewables are highly 
dependent on environmental conditions. The sun and wind, two primary sources of Renewable Energy (RE), are inconsistent 
and fluctuate based on time of day, seasons, and weather patterns [2]. This intermittent poses a significant challenge regarding 
how energy can be reliably provided when the primary sources are not always available. The answer lies in the efficiency and 
reliability of Energy Storage Systems (ESS). 
     Practical energy storage is vital for ensuring that energy generated during peak periods of renewable source availability is 
captured, stored, and then efficiently dispatched during periods of low or no generation [3]. Current storage systems, however, 
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have their own sets of challenges. Inefficiencies arise during the energy conversion and storage processes due to numerous 
factors like temperature variations, charge rate inconsistencies, and fluctuating voltage levels. These inefficiencies can 
significantly reduce the quantity and quality of stored energy, leading to wastage and reduced effectiveness of RE installations 
[4]. Given the vast amount of data generated by renewable energy systems and storage units, there lies a unique opportunity. 
By applying advanced computational methods, it is possible to understand these inefficiencies in-depth, predict them, and even 
rectify them in real-time. Enter the Machine Learning (ML) domain, which has shown immense promise in numerous sectors, 
from healthcare to finance [5]. 
     In this research, the potential of ML, specifically neural networks, is tapped to address the inefficiencies of Renewable 
Energy Storage Systems (RESS). By collecting and analyzing data from wind farms in Palm Springs, California, this study 
introduces an innovative approach that integrates the Entropy-Based Recursive Feature Elimination (ERFE) technique with 
Feed-forward Neural Networks (FFNN). ERFE, as the name suggests, uses entropy, a measure from information theory, to 
rank features based on their importance. By recursively eliminating fewer key features, the model is streamlined, reducing 
computational complexity while retaining data integrity. The FFNN, tailored to the unique demands of this dataset and problem, 
is trained to predict energy conversion efficiencies. This integrated model aims to optimize energy storage conversion 
efficiency, ensuring the maximum amount of generated RE is stored and made available for future use.  
     The paper is organized as follows: Section 2 presents the literature review, Section 3 presents the proposed methodology, 
Section 4 presents the experiment analysis, and Section 5 concludes the work. 
 

II. LITERATURE REVIEW 
ML and Artificial Intelligence (AI) utilization in RES and management has seen considerable attention in recent literature. [6] 
emphasize the potential of Reinforcement Learning (RL) in energy management, particularly concerning hydrogen production 
and storage. Their study highlights the advantages of incorporating energy and price forecasts within the RL paradigm. 
However, they also underline a prevailing challenge in this domain: defining a reward function that can cater to multiple 
objectives in an environment with limited freedom. 
     Another intriguing development in the field is captured by [7-10], focusing on ML's efficiency in modeling material 
interfaces. His discourse underscores the advantages of ML models over traditional first-principles methods, given their 
computational prowess. Such models have proven invaluable in understanding the structure, stability, and dynamics at materials 
interfaces, offering insights into interfacial reactions and mass transport.  
     Parallelly, [11-12] introduced an energy management model rooted in the performance metrics of lithium batteries. Their 
study employed DDPG and genetic algorithms, emphasizing such advanced methods' cost and performance benefits. [13] 
utilized various ML models to predict power conversion efficiencies, highlighting the high prediction accuracy of selected 
models. In contrast, [14] accentuated the efficacy of simple AI tools in improving the predictability and efficiency of domestic 
PV grids. 
     Lastly, the works of [15-17] signify the ever-increasing utility of ML in predicting power conversion efficiencies and the 
short-term predictability of household PV systems, respectively.  
     These contributions underscore the evolving landscape of RE management, driven by advanced computational methods. 
They also collectively spotlight the existing challenges and knowledge gaps, emphasizing the pressing need for further 
exploration, such as the present work, aiming to optimize energy storage efficiency through integrated ML approaches. 
 

III.   METHODOLOGY 
Problem Statement 
Given the context of ESS and their inherent inefficiencies, the problem can be formulated as an optimization challenge. 
Consider the following notations: 

• 𝐸𝐸𝑖𝑖 : Energy input to the storage system at time 𝑖𝑖. 
• 𝐸𝐸𝑜𝑜 : Energy output from the storage system at time 𝑖𝑖. 
• 𝐿𝐿𝑖𝑖 : Conversion loss at time 𝑖𝑖. 
• 𝑃𝑃(𝑇𝑇,𝑅𝑅,𝑉𝑉): Conversion efficiency function dependent on temperature 𝑇𝑇, charge rate 𝑅𝑅, and voltage 𝑉𝑉. 
 
The conversion efficiency 𝜂𝜂 at time 𝑖𝑖 is EQU (1) 

𝜂𝜂𝑖𝑖 = 𝐸𝐸0
𝐸𝐸𝑖𝑖−𝐿𝐿𝑖𝑖

     (1) 
Given that the loss 𝐿𝐿𝑖𝑖 is a function of the input energy, temperature, charge rate, and voltage EQU (2) 

𝐿𝐿𝑖𝑖 = 𝐸𝐸𝑖𝑖 − 𝑃𝑃(𝑇𝑇,𝑅𝑅,𝑉𝑉) × 𝐸𝐸𝑜𝑜     (2) 
The primary problem is to optimize the efficiency function 𝑃𝑃 using a feed-forward neural network to minimize the loss 𝐿𝐿𝑖𝑖. 
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Objective Function: 
The objective is to maximize the overall efficiency 𝜂𝜂 over a period 𝑇𝑇, which is equivalent to minimizing the total loss 𝐿𝐿 over 
the same period, EQU (3) 

min
𝑃𝑃
 ∑  𝑇𝑇
𝑖𝑖=1 𝐿𝐿𝑖𝑖                          (3) 

Subject to: 
0 ≤ 𝐿𝐿𝑖𝑖 ≤ 𝐸𝐸𝑖𝑖
𝐸𝐸𝑜𝑜 ≤ 𝐸𝐸𝑖𝑖

 

Where: 
• The first constraint ensures that the loss is non-negative and does not exceed the input energy. 
• The second constraint ensures that the output energy does not exceed the input energy. 
By leveraging the FFNN model, an optimal 𝑃𝑃(𝑇𝑇,𝑅𝑅,𝑉𝑉) that achieves the objective is sought. 

 
Data Collection Setup 
The data for this study was sourced from a selected set of wind farms in Palm Springs, California. Recognized for its consistent 
solar exposure and prominence in wind energy, Palm Springs presents an environment rich in renewable energy resources, 
making it a typical location for this research [18-19]. The data was collated over 12 months to capture the seasonal variations 
intrinsic to Palm Springs. An hourly sampling frequency was employed to delineate the day-to-day energy dynamics. The 
detailed data description is presented in Table 1. 
 
Data Sources 

• Renewable Energy Generation Data: Hourly energy generation metrics from solar panels and wind turbines include 
power generated (in kWh ) and the precise generation time. Additional source-specific metrics encompass solar 
irradiance for photovoltaic systems and wind speed metrics for the turbines. 

• Energy Storage System Data: This dataset provides insights into the energy storage devices, detailing their charging 
and discharging rates, the cumulative stored energy at various time intervals, the health and efficiency of the storage 
system, and the associated conversion losses. 

• Operational Parameters Data: Key operational parameters, pivotal in influencing conversion efficiency, include: 
• Temperature ( 𝑇𝑇 ): Acquired from local weather stations and on-site sensors. 
• Charge Rate (𝑅𝑅): Metrics detailing the pace at which the energy storage devices are charged or discharged. 
• Voltage (𝑉𝑉): Data detailing the voltage level during various storage or retrieval processes. 

 
Data Collection Tools and Infrastructure 

• Sensors: Deployed across the energy generation and storage facilities in Palm Springs, these tools capture real-time 
data, ranging from current and voltage readings to wind speed and solar irradiance measurements. 

• Data Loggers: Devices stationed on-site, consistently recording data over extended durations and set to capture data 
at precise hourly intervals. 

• Centralized Data Repository: An integrated platform where all data streams converge, ensuring ease of access and 
comprehensive analysis. 

 
Data Refinement 

• Noise Mitigation: To ensure data integrity, techniques like rolling averages were employed to mitigate sensor noise. 
• Data Imputation: Gaps in the dataset, resulting from missing entries, were addressed using data extrapolation 

techniques. 
• Standardization: Before neural network input, normalization techniques ensured a consistent dataset, ready for 

analysis. 
    The data collected over a year-long period resulted in a dataset that was approximately 8,760 records (reflecting hourly data 
points). Post the rigorous data refinement processes, which involved noise mitigation, data imputation, and standardization, a 
cleaned dataset comprising 8,532 records was obtained. To ensure an unbiased approach in subsequent stages, this dataset was 
split into a 70:30 ratio, resulting in 5,972 records for training and 2,560 records for testing. This refined dataset not only 
maintains the integrity and authenticity of the original data but is also optimized for subsequent neural network input and 
analysis. 
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Entropy-Based Recursive Feature Elimination (ERFE) 
• Given the complexity and multifaceted nature of RESS data, it is essential to identify the most salient features that 

significantly influence the outcome – in this case, conversion efficiency. By narrowing down the feature set, the model 
can focus on the most crucial data points, thereby improving efficiency, reducing overfitting, and simplifying 
interpretability. 

Table 1. Data Description for RESS 

Feature Name Data 
Type Units Sample 

Value Description 

Date Date YYYY-MM-
DD 2023-05-15 Date of data recording 

Time Time HH: MM 14:30 Hourly timestamp of data recording 
Power_Solar Numeric kWh 45.8 Power generated from solar panels 
Power_Wind Numeric kWh 72.1 Power generated from wind turbines 

Solar_Irradiance Numeric W/m^2 600 Solar irradiance impacting photovoltaic systems 
Wind_Speed Numeric m/s 7.3 Speed of wind for turbines 

Charge_Rate Numeric kWh 12.5 The rate at which energy storage devices are being 
charged 

Discharge_Rate Numeric kWh 8.4 The rate at which energy is being discharged 
Stored_Energy Numeric kWh 250.6 Cumulative energy stored in the system 

Storage_Health Numeric Percentage 96 Percentage indicating the health and efficiency of the 
storage system 

Conversion_Loss Numeric kWh 1.5 Energy lost during the storage conversion process 
Temperature Numeric °C 27.5 Ambient temperature recorded at the site 

Voltage Numeric V 450 Voltage level during the storage or retrieval processes 
Noise_Level Numeric dB 1.2 Noise level or interference in the recorded data 

This work proposes a novel, “Entropy-based Recursive Feature Elimination (ERFE)”. The ERFE technique integrates entropy, 
a foundational concept from information theory, with the recursive feature elimination process to optimize Feature Selection 
(FS) for predictive models [20-22]. Entropy measures the amount of uncertainty or randomness in a dataset, and by applying 
it recursively, the algorithm aims to identify and retain only the most informative features for model training. 
      Given a dataset with 𝑛𝑛 features, the entropy 𝐻𝐻 for a specific feature 𝑓𝑓𝑖𝑖 is calculated using the EQU (4) 
 

𝐻𝐻(𝑓𝑓𝑖𝑖) = −∑  𝑚𝑚
𝑗𝑗=1 𝑝𝑝�𝑓𝑓𝑖𝑖,𝑗𝑗�log2 𝑝𝑝�𝑓𝑓𝑖𝑖,𝑗𝑗�     (4) 

Where: 
• 𝑝𝑝�𝑓𝑓𝑖𝑖,𝑗𝑗� represents the probability of the 𝑗𝑗th  the unique value of the feature 𝑓𝑓𝑖𝑖. 
• 𝑚𝑚 is the number of unique values in the feature 𝑓𝑓𝑖𝑖. 
A feature with high entropy indicates higher unpredictability, whereas a feature with low entropy suggests it imparts more 

distinctive information about the output variable. Once entropy values are computed for all features, they are ranked in 
ascending order EQU (5) 

𝑅𝑅(𝑓𝑓𝑖𝑖) = rank of 𝐻𝐻(𝑓𝑓𝑖𝑖) in [𝐻𝐻(𝑓𝑓1),𝐻𝐻(𝑓𝑓2), … ,𝐻𝐻(𝑓𝑓𝑛𝑛)]     (5) 
 

Features with lower entropy values (and thus lower rank values) are deemed more valuable for the prediction task. The 
essence of recursive elimination lies in systematically training the model and evaluating its performance by excluding one 
feature at a time: 

1 Start with the complete feature set 𝐹𝐹 = {𝑓𝑓1, 𝑓𝑓2, … , 𝑓𝑓𝑛𝑛}. 
2 Train the model using 𝐹𝐹 and evaluate its performance. 
3 Remove the feature with the highest rank (and thus the highest entropy) from 𝐹𝐹. Let us denote this feature as 𝑓𝑓remove , 

such that 𝑓𝑓remove = argmax �𝑅𝑅(𝑓𝑓𝑖𝑖)�. 
4 𝐹𝐹 = 𝐹𝐹 − {𝑓𝑓remove }        
5 Repeat steps 2 − 4 until 𝐹𝐹 is empty. 
Throughout the recursive elimination, performance metrics (like accuracy mean squared error) are recorded. The optimal 

feature set is identified at the iteration with the highest model performance metric EQU (6) 
 

𝐹𝐹optimal = argmax  Performance (𝐹𝐹)    (6) 
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     Where "Performance" can be any relevant metric, such as accuracy for classification tasks or RMSE for regression tasks. 
Following the ERFE method, the final model is equipped with a subset of features that provide the maximum predictive power, 
thereby ensuring optimal performance with minimal complexity. 
 
Feed-Forward Neural Network (FFNN) Design 
The optimization of renewable energy storage conversion efficiency necessitates an advanced learning model. The chosen 
model for this task is the FFNN [23-24]. Its design and architecture are intricately shaped by the problem's distinctive 
requirements and the refined feature set derived from the ERFE technique. The FFNN, as shown in Fig 1, is structured with an 
input layer, several hidden layers, and an output layer. The input layer's size directly corresponds to the optimal feature set 
obtained from ERFE, with each node symbolizing a particular feature, such as temperature, charge rate, or voltage. Hidden 
layers are pivotal, allowing the network to discern nonlinear relationships and intricate interactions between features. The 
number of nodes in these layers and the count of layers themselves are typically determined through rigorous experimentation, 
seeking a balance between the model's accuracy and its computational demands. Finally, the output layer, tailored to this 
problem, contains a singular node dedicated to outputting the predicted conversion efficiency value. 
 

 
Fig 1. FFNN 

 
       Within the network, activation functions play a crucial role. For the hidden layers, the Rectified Linear Unit (ReLU) 
function is favored due to its computational efficiency and its ability to mitigate the vanishing gradient problem. 
Mathematically, ReLU is represented as EQU (7) 

 𝑓𝑓(𝑥𝑥) = max(0, 𝑥𝑥)      (7) 
 

       In contrast, the output layer employs a sigmoid activation function, ensuring that the network's output values maintain a 
range between 0 and 1. This function can be expressed as EQU (8) 

 
 𝜎𝜎(𝑥𝑥) = 1

1+𝑒𝑒−𝑥𝑥
,       (8) 

 
      They are effectively representing the conversion efficiency as a proportional value. Training the FFNN revolves around 
several components. The chosen loss function is the Mean Squared Error (MSE), which strives to ensure the network's 
predictions closely align with the actual conversion efficiency values. The EQU (9) for MSE is  

 
MSE =  1

𝑁𝑁
∑𝑖𝑖=1
𝑁𝑁  (𝑦𝑦𝑖𝑖 − �̂�𝑦𝑖𝑖)2,     (9) 

 
      where 𝑦𝑦𝑖𝑖 denotes the actual efficiency, �̂�𝑦𝑖𝑖 is its predicted counterpart, and 𝑁𝑁 signifies the number of data points. For weight 
adjustments, the Adaptive Moment Estimation (Adam) optimizer is employed, merging the advantages of both AdaGrad and 
RMSProp for rapid and efficient convergence. To thwart overfitting, due to potential intricacy, dropout layers are interspersed 
between the hidden layers. These layers sporadically "drop out" a fraction of nodes in each training iteration, safeguarding the 
model from excessive dependence on specific nodes.  
      Additionally, an adaptive learning rate schedule is instituted, diminishing the learning rate progressively to ensure swifter 
convergence initially and more meticulous fine-tuning as training progresses. For model validation, a portion of the data is 
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exclusively earmarked. Hyperparameters spanning the number of hidden layers, nodes in each layer, the learning rate, and the 
dropout rate undergo meticulous tuning using this validation subset. This ensures that the FFNN is primed to offer a real-time, 
adaptive solution to augment the efficiency of renewable energy storage systems. 
 
ERFE + FFNN Enhanced Conversion Efficiency 
The "ERFE + FFNN Enhanced Conversion Efficiency" algorithm presents a dual-phase approach to harnessing the optimal 
predictive power of the available features in renewable energy storage datasets. Initially, the ERFE method is employed. During 
this phase, the algorithm calculates the entropy of each feature, systematically removing the one with the highest entropy, 
which implies the highest unpredictability. This iterative process ensures the retention of the most informative features and 
effectively reduces the feature space, enhancing the efficiency of subsequent modeling. Once the optimal feature set, termed 
as Foptimal, is derived through ERFE, and the FFNN is initialized. The FFNN's architecture is carefully tailored with an input 
layer matching the size of Foptimal, multiple hidden layers with ReLU activation functions to capture non-linear relationships, 
and an output layer with a sigmoid activation to predict the conversion efficiency, 𝜂𝜂, which is intrinsically bounded between 0 
and 1. Using the MSE as the loss function, the algorithm seeks to model the efficiency function 𝑃𝑃(𝑇𝑇,𝑅𝑅,𝑉𝑉) such that the 
predicted efficiency closely aligns with the actual values. The incorporation of the Adam optimizer ensures rapid convergence 
during training. After iterative training and validation on reserved subsets of the training data, the model's performance is 
assessed on the test data to ascertain its prowess in minimizing conversion loss over time T. The following algorithm presents 
the step-wise description of the proposed model 
 
Algorithm ERFE + FFNN Enhanced Conversion Efficiency 
Input : TRAIN_DATA, TEST_DATA 
Output : Optimized model for P(T,R,V) 
Begin 

Step 1. F = All features in TRAIN_DATA // ERFE) 
Step 2. Function ComputeEntropy (Feature)->value //Calculates and returns entropy of a given feature 
Step 3. While F is not empty 
Step 4. For Each feature f in F 
Step 5. Entropy = ComputeEntropy(f) 
Step 6. End For 
Step 7. f_maxEntropy = feature with the highest entropy from F 
Step 8. Remove f_maxEntropy from F 
Step 9. FFNN_Model = Train FFNN using remaining features in F to predict η 
Step 10. Record model performance 
Step 11. End While 
Step 12. F_optimal = Subset of features in F giving best model performance 
Step 13. // Design & Training of FFNN to model P(T,R,V) for conversion efficiency η 
Step 14. Initialize FFNN with input layer size as the size of F_optimal 
Step 15. Define hidden layers with ReLU activation 
Step 16. Define the output layer with sigmoid activation to predict η (bounded between 0 and 1) 
Step 17. Define loss function as MSE between predicted η and actual η 
Step 18. Use Adam optimizer for training 
Step 19. For Each epoch 
Step 20. Train FFNN using TRAIN_DATA with features F_optimal 
Step 21. Validate FFNN using validation subset from TRAIN_DATA 
Step 22. End For 
Step 23. Evaluate FFNN using TEST_DATA to ensure minimized L over the period T 
Step 24. Return FFNN 
Step 25. End 

 
IV.   EXPERIMENTAL ANALYSIS 

The experimental setup utilized a system with an Intel Core i9-10900K processor, 64 GB DDR4 RAM at 3200MHz, and an 
NVIDIA RTX 3080 GPU for efficient neural network training. This system operated on Ubuntu 20.04 LTS. The primary 
development environment was Python 3.8, incorporating libraries such as TensorFlow 2.6 and sci-kit-learn 0.24 to aid in neural 
network modeling and data processing. For the evaluation of the model, several metrics were employed. The MSE was crucial 
for quantifying the difference between the predicted and actual conversion efficiencies. Accuracy served to provide a 
percentage representation of correct predictions. In addition to these, the Root Mean Squared Error (RMSE) was computed to 
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give an understanding of the prediction error magnitude. Lastly, the R^2, or the coefficient of determination, was used to 
determine the proportion of the variance for the dependent variable explained by independent variables in the model. 
      For the training of the ERFE + FFNN model, various hyperparameters were meticulously tuned to ensure optimal 
performance. The number of hidden layers in the FFNN was set to three, with the number of nodes in each layer being 128, 64, 
and 32, respectively. A dropout rate of 0.25 was applied between the hidden layers to prevent overfitting. The learning rate, a 
critical parameter dictating the adjustment magnitude of the network weights, was initialized at 0.001 and was adapted using a 
learning rate decay factor of 0.9 after every 10 epochs. This adaptive learning rate ensures a faster convergence during the 
initial epochs and a more refined tuning during the later stages of training. The Rectified Linear Unit (ReLU) served as the 
activation function for the hidden layers, while the output layer employed a sigmoid function. For the optimization process, the 
batch size was set to 32, and the training process spanned 50 epochs. Weight initialization was done using the He-normal 
initializer, which is particularly effective for layers with ReLU activations. Lastly, the Adaptive Moment Estimation (Adam) 
optimizer was chosen for its efficiency in converging, with a beta1 value of 0.9 and a beta2 value of 0.999, ensuring momentum 
and adaptive learning rates, respectively. 
      For a comprehensive evaluation of the proposed ERFE + FFNN model's effectiveness in optimizing conversion efficiency, 
several baseline models were chosen for comparison. These models represent a mix of traditional ML algorithms and neural 
architectures: 

• Linear Regression (LR): A simple and interpretable model that assumes a linear relationship between the input features 
and the output. 

• Decision Trees (DT): Non-linear models known for capturing intricate patterns in the data by recursively splitting the 
feature space. 

• Random Forest (RF): An ensemble of DT that aggregates predictions to reduce variance and improve accuracy. 
• Gradient Boosting Machines (GBM): Boosting-based ensemble learning that optimises previously mispredicted 

instances. 
• Support Vector Machines (SVM): Powerful for finding the optimal hyperplane separating the classes in a transformed 

feature space. 
• Simple FFNN: A basic neural network architecture without the FS steps to gauge the impact of the ERFE process. 

      
     By contrasting the performance of the proposed model against these baselines, the study aims to determine the relative 
advantages of the integrated ERFE + FFNN approach in the context of renewable energy storage efficiency optimization. 
      The experimental results, as presented in Fig 2 to Fig 4, provide a comprehensive insight into the performance of the 
proposed ERFE + FFNN model compared to the baseline models across varying epoch sizes. For the MSE, it is evident that 
the ERFE + FFNN model consistently outperforms the other models, achieving the lowest error rates. This indicates that the 
proposed model is more adept at closely predicting conversion efficiencies than its counterparts. Throughout increased training 
epochs, this model demonstrated a significant reduction in MSE, indicating the benefits of prolonged training. In terms of 
RMSE, which provides a measure of the average magnitude of errors between predicted and observed values, the ERFE + 
FFNN model's superiority remains consistent. Notably, while all models seem to benefit from extended training, the rate of 
improvement in RMSE for the proposed model is commendable. 
 

 
Fig 2.  MSE for all Models 
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Fig 3. RMSE for all Models 

 

 
Fig 4. 𝑅𝑅2 for all Models 

     
     The 𝑅𝑅2 values, which measure the proportion of the variance for the dependent variable explained by the independent 
variables in the model, further validate the prowess of the ERFE + FFNN model. Across the board, its 𝑅𝑅2 values are highest, 
suggesting that it captures the underlying data trends most effectively. As epoch counts increase, there is a discernible 
enhancement in the model's explanatory power. One interesting observation across all metrics is that while traditional machine 
learning models like Linear Regression (LR), Decision Trees (DT), and SVMs show minor improvements with more epochs, 
models harnessing ensemble or neural techniques, such as Random Forests, GBMs, and FFNNs, demonstrate more pronounced 
benefits from extended training. The ERFE + FFNN model, tailored specifically for the unique characteristics of the RES 
dataset, showcases its potential as an advanced tool for optimizing conversion efficiency. Its consistent performance superiority 
across MSE, RMSE, and 𝑅𝑅2 metrics, combined with the empirical evidence from extended training epochs, affirms its 
robustness and aptness. 
 

V. CONCLUSION AND FUTURE WORK 
The shift towards Renewable Energy (RE) sources is essential for a sustainable future. However, the inherent intermittent of 
these sources demands innovations in Energy Storage Systems (ESS). This research successfully leverages the power of 
Machine Learning (ML), particularly the synergy between ERFE and FFNN, to address storage inefficiencies. Integrating these 
advanced techniques, applied to data from wind farms in Palm Springs, reveals a promising approach to optimize energy storage 
conversion efficiency. By prioritizing data features using entropy and accurately predicting energy conversion rates, the model 
aims to ensure that generated RE is maximized for storage and subsequent use. The experimental analysis, benchmarked against 
contemporary models, highlights the superiority of the proposed model in various performance metrics. As we look to the 
future, several avenues exist for further research and exploration. First, the model can be extended and tested across various 
renewable energy sources beyond wind farms, like solar fields and hydropower stations. This would ascertain its adaptability 
and scalability. Secondly, integrating real-time feedback mechanisms could allow for immediate adjustments to storage systems 
based on predictions, further enhancing efficiency. Lastly, as technology evolves, there will be opportunities to combine this 
approach with other emerging AI and data analytics techniques. Such interdisciplinary collaborations could pave the way for 
holistic solutions to the global energy challenge. 
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