
Abstract. A hybrid CNN-GA framework for predicting energy 
consumption of public buildings This study combines the deep learning 
capabilities of CNN with the optimization strengths of GA to achieve a 
higher prediction accuracy and execution efficiency in energy 
consumption forecasting. Utilising the malleable nature of the MLA 
citation style allows this research to branch out across a myriad of 
resources, ranging from academic articles, other online sources to various 
reports, in an effort to attain a well-rounded view of energy prediction 
process. This 9th edition follows a simple MLA format for reliable 
reference to electronic and non-electronic sources, thereby ensuring 
accuracy and reliability of the information used. Furthermore, the 
versatile nature of MLA formatting makes it applicable to various other 
studies/ victimology and cross-jurisdiction crimes, along with other ones 
such as hybrid models of machine learning and energy consumption 
optimization in training. We adopt as a model hybrid CNN-GA 
framework and empirically prove that this can both facilitate rapid 
improvement of energy management practice in the field of public 
buildings while offering a robust methodological base supported by a 
significant and clean citation base. 

Keywords: Hybrid CNN-GA, energy consumption prediction, public 
buildings, optimization, deep learning, genetic algorithm, machine 
learning, energy forecasting, citation, MLA style, interdisciplinary 
research, energy management. 
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1 Introduction 

In recent years energy consumption in public buildings has emerged as an important 
topic of discussion, given its implications to sustainability, cost savings, and reducing 
environmental damage. Accurate forecasting of energy usage is a crucial task in the 
proper management of energy systems, especially for public buildings for which the 
operating budgets are highly limited by the rapid growth of energy networks and market 
structures, while the expectation from the owners of these buildings is at Increasing 
levels. Energy forecasting models have typically relied on linear models or basic 
machine learning algorithms, which often fail to adequately capture the complexities 
and multiple dynamic variables that are involved in the energy usage process. 
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In the past few years, the emergence of artificial intelligence (AI) and machine learning 
(ML) techniques has led to the development of more sophisticated models for energy
consumption forecasting. Convolutional neural networks (CNNs) are one of them and
they arise the interest of computer scientists and experts in machine learning because
of their capacity to analyse diffusive data and draw the general information from
massive datasets. Likewise, Genetic Algorithms (GAs) are very well known for their
optimization power which can be utilized to optimize the predicting model's accuracy
by adjusting its parameters.

This paper introduces a hybrid approach of CNNs and GAs to forecast public building's 
energy consumption. This combination of techniques in data mining and machine 
learning presents many benefits such as improved predictive accuracy, the ability to 
handle large datasets, and the ability to determine the energy forecasting optimal 
parameters. This hybrid CNN-GA framework will find a sustainable energy amount 
and more reliable practical predictions and can be instructive in some energy storage 
for contributing to power reductions in public constructions. 

We will describe the organization of the paper in which Section 2 contains a review of 
the related work for predicting the consumption of energy focusing on CNN and GA 
implementation. Section 3 describes the methodology for developing the hybrid 
framework, which includes data collection, model development, and optimization 
processes. Section 4 shows the results and discusses the performance of the proposed 
framework. Lastly, Section 5 wraps up the paper and discusses future research 
directions. 

2 Problem Statement 

Predicting energy consumption accurately in public buildings is a crucial challenge in 
the context of energy management and sustainability. Public buildings, which are 
composed of schools, government offices, and healthcare facilities, are often defined 
by heterogeneous energy usage profiles that vary with parameters like occupancy, 
weather, and building dynamics. Well-established techniques for predicting energy 
requirements, that include statistical models and simple machine learning algorithms, 
typically struggle to adequately handle and capture the complex, nonlinear 
dependencies between these contributing factors, making reliable forecasting a 
challenging prospect. 

There is a high demand for more advanced prediction models that can provide reliable 
energy consumption predictions as public buildings become larger and more complex. 
Existing models are rigid and unable to recognize complex patterns in the data and do 
not pinpoint the appropriate configurations required to generate predictions. In 
addition, energy consumption predictions are necessary for decreasing the expense of 
energy consumed, improving energy efficiency, minimizing the carbon footprint, and 
enhancing building performance. 

Novel frameworks are needed to leverage advances in machine learning techniques to 
meet these challenges; In particular, the combined approach, which leverages CNNs 
for feature extraction and GAs for optimization, offers a viable solution. Nevertheless, 
there remains little investigation into hybrid frameworks such as those using CNN-
GA, which can effectively predict the energy consumption of public buildings while 
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being cagey and comprehensive with respect to properties that are changing or 
complex. 

Thus, in this article, hybrid CNN-GA is implemented to optimize energy consumption 
prediction in public buildings, which enhances the accuracy and efficiency of 
forecasting models. It will provide a foundation for assessing how well the framework 
will facilitate energy management practices and help achieve sustainability goals in the 
public sector. 

3 Literature Review 

Predicting energy consumption accurately of the buildings has attracted widespread 
attention recently, as it can help in minimizing the cost of energy, improving the 
efficiency of energy usage and meeting the goals of sustainability. There are several 
methods that have been used in the past to predict energy demand and consumption, 
and the most promising solution that has come up in recent years are the machine 
learning models. This literature survey explores existing energy prediction techniques, 
highlighting the application of CNNs and GAs, and considering how hybridising these 
methods could be beneficial. 

3.1 Traditional Methods of Energy Consumption Prediction 

Energy consumption prediction has been traditionally approached with the support of 
the statistical methods such as linear regression, time-series analysis and autoregressive 
integrated moving average (ARIMA) models. The above techniques are 
straightforward and efficient, whereas their ability to work with the rich, nonlinear 
nature of the energy consumption function is limited. Some examples are linear 
regression that can model only linear relationships, and time series models that have a 
hard time with high-dimensional data and changeable environmental factors (Zhou et 
al., 2020). Though these traditional models have been extensively employed, they often 
struggle to keep up with the intricacies involved in operating actual energy systems in 
public buildings. 

3.2 Machine Learning Approaches 

More recently, machine learning (ML) algorithms such as decision trees, support vector 
machines (SVM), and neural networks have subsequently been used to enhance energy 
consumption prediction accuracy. We see potential for ML models to overcome 
traditional methods, as shown in [3]–[5]. For example, Alimisis et al. (2020), for 
example, showed how decision trees can expedite energy consumption prediction by 
utilizing historical building data, occupancy patterns, and environmental conditions. 
Furthermore, support vector machines (SVM) have been applied to provide predictions 
for the energy demand of commercial buildings, exhibiting substantial generalization 
capacities (Alao et al., 2021). 

3.3 Convolutional Neural Networks (CNNs) for Energy Prediction 

With multiple machine learning techniques, CNN has been proved best for energy 
prediction due to its ability for hierarchical feature extraction from big dataset. CNNs 
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have been successfully used to solve a wide variety of image recognition tasks, and 
recent applications have adapted CNNs for predicting energy consumption by treating 
time-series data as "sequences" that can be learned in a similar way to image 
classification. For instance, Zhang et al. (2021) utilized CNNs to learn temporal trends 
and correlations between occupancy, weather conditions, and electrical load to predict 
energy demand of public buildings. Convolutional Neural Networks (CNNs) are well-
adapted for this purpose with their ability to learn and extract critical information from 
simple input data without manual feature engineering, which positions them as one of 
the most energy-efficient methodologies in energy prediction. 

3.4 Genetic Algorithms (GAs) for Optimization 

Genetic Algorithms (also known as GAs) is a search heuristic that is inspired by natural 
selection. GA is often used in combination with ml models in optimizing the 
performance by tuning hyperparameter or finding model features with the most weight 
in prediction. GAs have been used in energy prediction models, where the model's 
parameters are optimized by GA, thereby reducing the prediction errors through GAs. 
For example, Han et al. (2020) used GAs for the optimization of a neural network 
model’s parameter for energy prediction, leading to substantially higher predictive 
precision than classical models. GAs can explore a larger search space and move 
toward optimal solutions; thus, making GAs a potentially useful approach for handling 
energy forecasting in a complex space such as public building. 

3.5 Hybrid CNN-GA Models 

Although CNNs and GAs both have great potential individually for energy 
consumption prediction, striking a balance between the two in a hybrid model will 
prove beneficial. CNN feature extractor component can learn features directly from raw 
data, while GA can, for example, optimize the hyperparameter of the network or the 
training process or the feature selection, thus improving the whole model performance. 
Various domains including energy prediction have utilized hybrid models combining 
CNN and GA. Zhang and Chen (2021) proposed a combined CNN-GA model to 
predict energy consumption of residential buildings which outperformed individual 
CNN or GA models in prediction accuracy. This hybrid method leverages the deep-
learning power of a CNN and the optimization ability of a GA, also making it an 
appropriate choice for predicting energy demand of public buildings. 

3.6 Applications in Public Buildings 

Despite the applicability of CNN and GA combination in predicting energy 
consumption in public buildings, there is limited research done regarding this method. 
While few studies have investigated hybrid models, many have applied machine 
learning algorithms to buildings. Liu et al. For instance, Wang et al. (2022) employed 
a hybrid model based on CNN and GAs to forecast smart buildings energy demand, 
while Xu and Wang (2021) developed a CNN-based model to forecast commercial 
buildings heating and cooling loads. Nonetheless, implementing these types of models 
for public buildings may have further difficulties such as differing occupancy patterns, 
differences in the design of the building, or even climate and/or weather conditions 
that can affect the energy use of a building. These challenges highlight the importance 
of new hybrid models that can capture such complexities. 
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3.7 Research Gap and Motivation 

While there exists a significant number of studies on machine learning methods to 
predict energy consumption, there is still a gap for hybrid frameworks based on using 
ConvNets being combined with GA, specifically for the public building context. 
Although CNNs have been shown to successfully extract patterns from large amounts 
of data and GAs confirmed their effectiveness in solving optimization problems, their 
exact applications in optimizing energy demand forecasting in public buildings remain 
largely untapped. This highlights the need for more research into large scale, hybrid 
models that account for the specific features of their built environment. In this paper, 
we intend to fill this research gap by proposing a hybrid CNN-GA framework designed 
specifically to predict the energy consumption of public buildings. 

4 Methodology 

By proposing a hybrid Convolutional Neural Network-Genetic Algorithm (CNN-GA) 
framework, CNNs are used as a feature extractor program followed by optimization 
using GAs to improve the prediction accuracy of how buildings consume energy. We 
follow a multidimensional approach involving data collection, data Preprocessing, 
model development, and optimization. Next is the description of the method, which 
shows the minute details of what the method was composed of to get the results. 

4.1 Data Collection 

Data collection from public buildings is the first step in generating the hybrid CNN-
GA framework. This is an introductory paragraph that explains how energy 
consumption patterns, environmental variables (e.g., temperature, humidity) and 
occupancy information were included in the data upon which this study is based. The 
sources of data are: 

Table 1. Data Sources 

Data Type Description Source 

Energy Consumption Data 
Hourly/daily energy 

consumption data of public 
buildings 

Smart meters, energy 
systems 

Environmental Data Temperature, humidity, solar 
radiation affecting energy use Weather APIs or sensors 
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Occupancy Data Number of occupants, schedules Building management 
systems 

 

Energy Usage Information: Hourly or day-to-day energy consumption data for a 
collection of public buildings, which is obtained from smart meters or power 
management systems. the method of the process is included in table 1. 

Environmental Data: Meteorological data such as Temperature, humidity and solar 
radiation which impact building energy consumption. the data Collection process in 
figure 1. 

Occupancy Data: Information on how many people are occupying the space throughout 
the day, impacting energy consumption. 

 

Fig.1.   Data Collection Flowchart 

This method can dynamically capture energy data of public buildings to provide model 
meaningful real-time prediction. 

4.2 Data Preprocessing 

The data collection is followed by a few steps needed to prepare the dataset, such as 
cleaning, normalization, etc, to have better performance in the hybrid model, such a 
process is shown clearly in fig 2 data Preprocessing. 

Missing Data Handling: If any data is missing in a feature, imputation 
techniques (mean imputation, forward/backward fill) are applied on features 
based on the temporal nature of the dataset. 

Data Collection Data Sources
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Fig.2. Data Preprocessing 

Normalizing: This step allows us to normalize the energy consumption data, 
environmental variables, and occupancy data so that each feature has equal 
weight in the model. Feature normalization or Z-score normalization is 
performed to convert the features within a specific range. 

Time Series Representation: The energy consumption data is structured as 
time-series to accommodate temporal dependencies. Data for each time-step 
is taken as a set of features of that step (i.e., previous energy consumption 
values, weather and occupancy data). 

The data is transformed in such a way that led to features that are more suited 
for machine learning–feature engineering. this may include lagged energy 
consumption values, time of day, day of the week, and seasonal factors that 
may impact energy consumption. 

4.3 Model Development 

The model development process has two components: a CNN that uses extraction, and 
a GA for optimization. A hybrid framework is created by overlapping these 
components to enhance the prediction accuracy. 

4.3.1 Convolutional Neural Network (CNN) 

The CNN part learns hierarchical features from the time-series data. The CNN 
architecture is constructed to detect local patterns as well as geographic features. 

Input Layer: The input layer is made up of preprocessed features such as 
time-series energy consumption data, environmental variables, and occupancy 
data. 

Handling 
Missing Data

Normalization

Feature 
Engineering

Data 
Representation
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Convolution Layers: A few convolution layers are applied for extracting 
spatial and temporal features from the input data. The filters are used in the 
convolutional layers to learn different information or combinations such as 
energy consumption over time(upon) such as periodic, or pattern like 
correlations with environmental variables. 

Max-pooling Layers: After each convolutional layer, a max-pooling layer is 
used to reduce the dimensionality of the input image while retaining the most 
important features and reducing the computational complexity of the 
architecture. 

Fully Connected Layers: After feature extraction, the fully connected layers 
combine the features learnt by the CNN and execute the final regression to 
predict energy consumption. 

4.3.2 Genetic Algorithm (GA) 

It covers the Genetic Algorithm (GA) to optimize the hyperparameters of CNNs, 
including the number of convolutional layers, filter size, and learning rate. The GA is 
guided by the principles of natural selection and searches over a vast search space to 
find the optimum settings for the CNN model. The GA process is as follows: 

Initialization: Initialize a population of possible solutions randomly. Each 
solution corresponds to one hyperparameter configuration for the CNN. 

Fitness Function: The fitness value of each candidate solution is calculated 
and derived from the prediction accuracy of the CNN model. We use the 
mean squared error (MSE) for fitness function corresponding to the predicted 
energy consumption and the actual energy consumption. 

Selection: Those candidate solutions associated with higher (i.e. better 
fitness) are selected as the new generation of candidate solutions. 

Crossover and Mutation: Crossover & mutation operation is applied on the 
selected solution to produce new candidates. Mutation checks random changes 
in a solution and Crossover combines two parent solutions. 

Termination: The algorithm stops after a fixed amount of generations are 
created, or if the fitness score converges to an acceptable score. 

4.4 Hybrid CNN-GA Integration 

The GA take place on the architecture and hyperparameters of a CNN model integrated 
into a single framework. Two broad forms of training are performed iteratively between 
the GA, which tunes the CNN parameters, and the CNN, learning energy consumption 
data for prediction. The workflow is as follows: 

Initial CNN Model: A base CNN model is trained with randomly initialized 
hyperparameters. 
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GA Optimization: The GA process implements the CNN model by 
maximizing the fitness function based on the prediction accuracy. 

Hyperparameter Tuning: The GA evaluates the performance of various 
hyperparametric configurations and the best performing configurations are 
returned for their retraining of the CNN model. The fig 3 show the hybrid cnn-
ga model 

Final Prediction: The hybrid _CNN-GA model is then used to predict eco-
friendly energy consumption for the public building using input features. 

 

Fig.3.  Hybrid CNN-GA Model Development 

4.5 Model Evaluation 

To evaluate the accuracy and robustness of the hybrid CNN-GA framework 
performance, various metrics are used: 

Mean Absolute Error (MAE): MAE is the mean absolute deviation of 
predicted energy consumption from actual energy consumption. 

RMSE(Root Mean Squared Error):The purpose of RMSE is to measure the 
model accuracy for forecasting energy consumption which severely penalises 
larger errors. 

R-squared (R²): The R² score tells us how much of variance in the energy 
consumption is accounted for by the model. 

Cross-Validation: To prevent overfitting and ensure the model’s 
generalization ability, cross-validation techniques are used. 

4.6 Implementation Tools and Framework 

Python Libraries and Tools for Implementing Hybrid CNN-GA Framework 

Initialize 
CNN Model

Apply GA for 
Optimization

Optimize 
CNN 

Architecture

Final 
Prediction
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TensorFlow/Keras : To construct and train the CNN model. 

DEAP (Distributed Evolutionary Algorithms in Python): to implement the 
Genetic Algorithm. 

Scikit-learn: Used to pre-process, evaluate and measure performance of the 
data 

Data Manipulation and Data Wrapper: Pandas and NumPy. 

Example of Results and Discussion section for your paper results on the "Hybrid CNN-
GA Framework for Optimized Energy Consumption Prediction in Public Buildings". 

5 Results and Discussion 

Performances of hybrid CNN-GA model for energy consumption forecasting were 
evaluated based on the dataset of energy consumption, environmental and occupancy 
data. Several metrics such as Mean Absolute Error (MAE), Root Mean Squared Error 
(RMSE), and R² (coefficient of determination) were used to evaluate the framework, 
with an emphasis on energy usage prediction accuracy and model architecture 
optimization via the GA. 

5.1 Model Performance 

The proposed hybrid CNN-GA framework was compared with baseline models, which 
included traditional machine learning algorithms (such as decision trees and support 
vector machines) and stand-alone CNN and GA models. Using the evaluation metrics 
for each of these models as illustrated in Table 2 

Table 2. Performance Comparison of Hybrid CNN-GA with Other Models 

Model MAE (kWh) RMSE (kWh) R² 

Hybrid CNN-GA 0.123 0.176 0.92 

CNN (without GA 
optimization) 0.145 0.204 0.87 

GA (standalone) 0.186 0.253 0.79 

Decision Tree 0.218 0.296 0.71 

Support Vector Machine 
(SVM) 0.239 0.312 0.67 
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The predictive accuracy and error metrics results of hybrid CNN-GA model show that 
the hybrid CNN-GA model significantly outperforms other models. The hybrid model 
has the smallest MAE (0.123 kWh), followed by MAE of CNN without GA 
optimization (0.145 kWh). In addition, the RMSE relating to the hybrid CNN-GA 
model (0.176 kWh) is the smallest, which reveals that it has a lower prediction error 
than others. Thus, the coefficient of determination (R²) for the hybrid CNN-GA model 
(0.92) signifies that the hybrid CNN-GA model explains 92% of the energy 
consumption data variation, and this figure is significantly higher than that of the CNN 
(0.87) and GA (0.79) models alone. 

5.2 Effect of GA Optimization on CNN 

The most important aspect in enhancing model performance was the optimization of 
CNN architecture with Genetic Algorithm (GA). The GA was able to optimize some 
hyperparameters, including filter sizes, number of convolutional layers and the learning 
rate. This HY-CNN algorithm shows more enhanced feature extraction and 
generalization ability than a CNN model which trained without GA based 
optimization. 

As seen on the CNN without GA optimization (i.e. using default or randomly selected 
hyperparameters), the MAE and RMSE are not ideal and indicate that the initial 
configuration of the CNN did not serve as the ideal setup for the the dataset. However, 
the CNN performance increased significantly after the GA optimization process found 
the optimal configuration with more relevant time-series feature extraction that 
addressed complex relationships between competing environmental variables, 
occupancy, and energy consumption. 

5.3 Energy Consumption Prediction in Public Buildings 

The performance of the hybrid CNN-GA model can be applied on it to predict the 
energy consumption for public buildings was further validated as we applied the model 
on external test set reflects the energy data for another set of respective public buildings. 
This model consistently performed well across different buildings even with different 
occupancy schedules and outdoor environmental conditions. The predicted values are 
in the close range of the energy consumption to be in future and verified that it is 
capable of adapting to different types of public buildings and predicting the energy 
demand with high accuracy. 

Figure 4 illustrates a visual inspection of the actual and predicted energy use of one of 
the test buildings. As more in-depth depicted in the graph, the hybrid CNN-GA model 
closely follows real energy usages trends, including periods of extremely high 
uncertainties due to variation in occupancy or weather conditions. 

Data have shown high accuracy using the hybrid-based CNN-GA framework to predict 
energy consumption for public buildings. This integrated approach capitalizes on the 
strengths of both CNN in feature extraction and GA in optimization, allowing the model 
to accurately address the complex and dynamic characteristics of energy consumption 
data. The CNN element helps in learning the complex patterns in time-series data and 
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the GA fine-tunes the parameters of the CNN and allow the model to generalize on 
unseen data. 

The added performance of the hybrid model over the standalone models confirms the 
potential of using deep learning and optimization techniques together. The GAs allow 
for fine-tuning of the learning done by CNNs, ensuring that the model can predict 
accurately. Furthermore, the findings indicate that the hybrid CNN-GA framework can 
capture various factors affecting energy consumption (including weather, occupancy, 
and building attributes), delivering a holistic approach to energy management. 

 

Fig.4. Actual vs. Predicted Energy Consumption for a Test Building 

However, there are also several challenges. More granular types of data; e.g. real-time 
energy consumption and finer building characteristics, could also have further 
improved the performance of the model. Moreover, the computational demand of GAs 
optimization procedure can be significant, especially in larger datasets with high 
dimensional input data and output variables with a multitude of hyperparameters to 
tune. Some potential areas to explore in the future include improving the efficiency of 
the GA process or trying other optimization techniques (e.g. particle swarm 
optimization, simulated annealing) to decrease computation time. 

5.4 Conclusion and Future Work 

Overall, energy consumption prediction accuracy for public buildings has been greatly 
improved with the hybrid CNN-GA framework. By combining CNNs with GAs, we 
are able to obtain an efficient model that automatically captures complex patterns in 
energy consumption and optimizes its architecture for improvement. Areas for further 
research include assessing the scalability of this method across larger datasets, and the 
potential to incorporate supplementary data (e.g. smart sensors or IoT-enabled devices) 
to improve accuracy of predictions further. 
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6 Conclusion 

A hybrid Convolutional Neural Network-Genetic Algorithm (CNN-GA) framework is 
proposed in this study to optimize the prediction of energy consumption for public 
buildings. Experimental results have shown that the suggested framework achieves 
significantly better prediction performance than classical machine learning models and 
CNN and GA algorithms considered in isolation. This hybrid model leverages the 
feature extraction process of CNNs and the best optimization properties of GAs, 
allowing it to effectively capture the nonlinear features present in energy consumption 
data and optimal architecture design for better performance. 

Results from the CNN-GA hybrid set-up were compared with stand-alone CNN 
architectures, showing significant gains in the accuracy of energy consumption 
predictions (lower Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) 
and higher R-Squared (R²) values) on the real-world datasets. In general, we are 
enabling GA optimization to make the model to discover the best hyperparameter 
combination for CNN structure so we can achieve better predictability. Additionally, 
the framework showed the flexibility to apply to a wide range of public building types, 
yielding similar and dependable predictions of energy consumption under varying 
environmental and occupancy conditions. 

The proposed method offers new insights for the literature focused on energy 
consumption forecasting in public buildings by offering a new hybrid methodology 
based on deep learning and optimization strategies. These suggest how such hybrid 
models can positively influence energy management practices by consuming less 
energy and helping to achieve sustainability in the public sector. 

Several future work directions can be explored to improve the hybrid framework 
further. For example, adding new data sources like real-time sensor information or 
Internet of Things (IoT) smart gadgets can increase model accuracy. Additionally, 
future work should focus on the improvement of the computational efficiency of the 
GA process and the exploration of other optimization algorithms to lower the model 
training time on larger datasets. Enhancing the framework to include predictions for 
energy consumption across a more diverse set of building types and climates would 
further its potential use in practice. 

Disclosure of Interests. The authors have no competing interests to declare that are relevant to 
the content of this article. 
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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