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Abstract - This paper presents a hybrid deep learning
approach for predicting residential electricity consumption to
support efficient energy management and sustainable power
utilization. With the increasing demand for electricity due to
rapid urbanization and widespread use of household
appliances, accurate forecasting of energy consumption has
become essential for ensuring grid stability and optimizing
power generation. The proposed model integrates
Convolutional Neural Networks (CNN) for effective feature
extraction, Bidirectional Long Short-Term Memory (BiLSTM)
for capturing long-term temporal dependencies, and a Self-
Attention (SA) mechanism to focus on the most relevant
features in the dataset. Additionally, to enhance
computational efficiency, BiLSTM is replaced with
Bidirectional Gated Recurrent Units (BiGRU), reducing
complexity while maintaining high prediction accuracy. The
model is trained and evaluated using the UCI household
electricity consumption dataset, and its performance is
assessed using metrics such as R? score, Root Mean Square
Error (RMSE), and Mean Absolute Error (MAE). Experimental
results demonstrate that the proposed hybrid model
outperforms traditional and existing machine learning
approaches by effectively capturing complex spatial and
temporal patterns in electricity usage. The system also
includes a Flask-based web interface for user interaction and
visualization of predictions. This approach contributes to
improved energy planning, reduced power wastage, and the
development of intelligent energy management systems.

Key Words: Residential Electricity Consumption, Deep
Learning, CNN, BiLSTM, BiGRU, Self-Attention, Energy
Forecasting, Time Series Prediction, Smart Energy
Management, UCI Dataset, RMSE, MAE, RZ Score.

1.INTRODUCTION

The rapid growth in urbanization and the increasing reliance
on electrical appliances have significantly raised residential
electricity = consumption, making efficient energy
management a critical challenge in modern power systems.
Accurate forecasting of electricity usage is essential for
maintaining grid stability, optimizing power generation, and
reducing energy wastage. Traditional statistical models such
as SARIMA and conventional machine learning techniques
often fail to capture the complex, non-linear, and time-
dependent patterns presentin electricity consumption data,
leading to less reliable predictions [3], [4]. Recent
advancements in deep learning, including Convolutional

Neural Networks (CNN) and Recurrent Neural Networks
(RNN), have shown promising results in modeling such
complex patterns due to their ability to learn spatial and
temporal features effectively [7], [10]. In particular, Long
Short-Term Memory (LSTM) networks and their variants are
widely used for time-series forecasting, as they can capture
long-term dependencies in sequential data [7]. Furthermore,
attention mechanisms have been introduced to enhance
model performance by focusing on the most relevant
features, improving prediction accuracy [9]. However, these
models often involve high computational complexity and
may not efficiently adapt to large-scale datasets. To address
these limitations, this paper proposes a hybrid CNN-BiLSTM-
SA model, further optimized using BiGRU, to improve
prediction accuracy while reducing computational overhead.
The proposed approach utilizes the UCI household electricity
consumption dataset [6] and evaluates performance using
metrics such as R? score, RMSE, and MAE, aiming to provide
a robust and scalable solution for intelligent energy
management systems [1], [2].

2. LITERATURE SURVEY

Electricity consumption forecasting has been widely studied
using statistical, machine learning, and deep learning
techniques to improve energy management and demand
prediction. Early approaches primarily relied on statistical
models such as the Seasonal Auto-Regressive Integrated
Moving Average (SARIMA), which effectively capture linear
patterns and seasonality in time-series data. For instance,
Andoh et al. [3] utilized the SARIMA model for electricity
demand forecasting and achieved reasonable accuracy;
however, the model struggled to incorporate external factors
and complex non-linear relationships, limiting its
performance in dynamic environments.

To overcome these limitations, machine learning techniques
such as Random Forest (RF) and Artificial Neural Networks
(ANN) have been introduced. Kesornsit and Sirisathitkul [2]
proposed a hybrid model combining RF and ANN, which
improved prediction accuracy through feature selection and
dimensionality reduction. Similarly, Geetha et al. [4] applied
supervised machine learning using smart meter datasets and
demonstrated enhanced performance in predicting domestic
electricity consumption. Despite these improvements,
traditional machine learning models often fail to effectively
capture long-term temporal dependencies and complex
sequential patterns in energy consumption data.
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Recent advancements in deep learning have significantly
improved forecasting performance. Recurrent Neural
Networks (RNN) and Long Short-Term Memory (LSTM)
networks are widely used for time-series prediction due to
their ability to model sequential dependencies [7]. However,
LSTM-based models can be computationally expensive and
may suffer from inefficiencies when handling large-scale
datasets. To address these issues, Gated Recurrent Units
(GRU) were introduced as a simplified alternative with fewer
parameters and faster training while maintaining
comparable performance [8].

Furthermore, attention mechanisms have emerged as a
powerful enhancement to deep learning models by enabling
the system to focus on the most relevant features within the
input data. Vaswani et al. [9] demonstrated the effectiveness
of attention-based models in improving prediction accuracy
across various domains. In the context of electricity
consumption forecasting, combining attention mechanisms
with deep learning architectures has shown significant
improvements in capturing both spatial and temporal
dependencies.

Additionally, Akyol et al [1] highlighted the issue of
overconfidence in residential energy demand predictions
and proposed methods to improve forecasting robustness by
addressing data irregularities. Spiliotis et al. [5] compared
statistical and machine learning approaches for electricity
forecasting and concluded that hybrid and deep learning-
based models generally outperform traditional methods,
especially when handling complex and high-dimensional
datasets.

Despite these advancements, existing models still face
challenges such as high computational complexity, limited
feature selection efficiency, and difficulty in adapting to
evolving consumption patterns. To address these research
gaps, the proposed work introduces a hybrid CNN-BiLSTM-
SA model with BiGRU optimization, which combines feature
extraction, temporal learning, and attention mechanisms to
achieve improved accuracy and efficiency in residential
electricity consumption forecasting.

3. PROPOSED SYSTEM

The proposed system introduces a hybrid deep learning
model designed to accurately predict residential electricity
consumption by effectively capturing both spatial and
temporal patterns in energy usage data. The system
integrates Convolutional Neural Networks (CNN) for feature
extraction, Bidirectional Long Short-Term Memory (BiLSTM)
for learning long-term dependencies, and a Self-Attention
(SA) mechanism to focus on the most relevant features. To
further enhance efficiency, the BiLSTM component is
replaced with Bidirectional Gated Recurrent Units (BiGRU),
which reduces computational complexity while maintaining
high predictive performance.

The overall workflow of the system begins with data
acquisition from the UCI household electricity consumption
dataset. The collected data is then preprocessed through
cleaning, handling missing values, and normalization to
ensure quality input for the model. Feature engineering
techniques, including sequence generation and time-window
creation, are applied to prepare the dataset for training. The
processed data is then fed into the hybrid CNN-BiGRU-SA
model, where CNN extracts meaningful patterns, BiGRU
captures temporal dependencies, and the attention
mechanism highlights significant features for improved
forecasting accuracy. Finally, the model generates
predictions, which are visualized through a Flask-based web
interface, enabling users to analyze electricity consumption
trends efficiently.

System Architecture

Electricity Consumption Prediction System Architecture

Normalization

B,
> [
El-"E

) Maximal
Feature selection inbscindtion

Coefficient

User Dataset Data processing

(™ r
[E]--®-> i)
User Authentication T

e
RMSE  [TmreTemh)
MAE D

Performance metrics

Trained models

Trained models

Fig - 1: System Architecture of the Proposed Model

The system architecture illustrates the complete workflow of
the proposed electricity consumption prediction system,
starting from user interaction to final model evaluation and
prediction. It consists of multiple interconnected modules
that ensure accurate forecasting using a hybrid deep
learning approach. Initially, the process begins with user
authentication, where authorized users access the system.
Once authenticated, the user interacts with the system by
providing or selecting the electricity consumption dataset,
which serves as the primary input for the model. The dataset
is then passed to the data processing module, where raw
data is cleaned, structured, and prepared for further
analysis.

After preprocessing, the data undergoes normalization,
which scales the values into a uniform range to improve
model performance and convergence. This step is essential
for deep learning models, as it ensures stable and efficient
training. Following normalization, the system applies feature
selection using the Maximal Information Coefficient (MIC)
technique. This step identifies the most relevant features and
removes redundant or highly correlated attributes, thereby
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improving prediction accuracy and reducing computational
complexity.The refined dataset is then divided into training
and testing sets. The training data is used to build and train
multiple models, including traditional approaches such as
Support Vector Machine (SVM) and Linear Regression, along
with the proposed deep learning models CNN-BiLSTM-SA
and its optimized version CNN-BiGRU-SA. The hybrid model
combines CNN for feature extraction, BiIGRU for temporal
learning, and Self-Attention for focusing on important
features.Once the models are trained, they generate
predictions, which are evaluated using performance metrics
such as R? Score, Root Mean Square Error (RMSE), and Mean
Absolute Error (MAE). These metrics help in comparing the
effectiveness of different models and validating the
superiority of the proposed approach. Finally, the trained
model provides accurate electricity consumption
predictions, which can be used for energy planning, demand
management, and visualization through the system interface.

4.IMPLEMENTATION DETAILS

The implementation of the proposed electricity consumption
prediction system is carried out using a combination of deep
learning techniques and web-based technologies to ensure
accurate forecasting and user interaction. The system is
developed using Python in the Anaconda environment,
leveraging libraries such as NumPy, Pandas, Scikit-learn,
TensorFlow, and Keras for data processing and model
development. Initially, the electricity consumption dataset
obtained from the UCI repository is loaded and preprocessed
by handling missing values, removing inconsistencies, and
normalizing the data to improve model performance.
Feature engineering is performed by converting the time-
series data into sequential input windows suitable for deep
learning models. The Maximal Information Coefficient (MIC)
method is applied to select the most relevant features and
eliminate redundant attributes. The processed data is then
divided into training and testing sets. The hybrid model is
constructed by integrating CNN layers for feature extraction,
BiGRU layers for capturing temporal dependencies, and a
Self-Attention mechanism to enhance important feature
representation. The model is trained using appropriate
optimization techniques and loss functions to minimize
prediction error. After training, the model is evaluated using
performance metrics such as R? score, RMSE, and MAE to
ensure accuracy and reliability. In addition to the prediction
model, a Flask-based web interface is developed to allow
users to upload datasets, view predictions, and visualize
electricity consumption trends. The entire system is
implemented on a machine with minimum hardware
requirements of an Intel i5 processor, 8 GB RAM, and
sufficient storage, ensuring smooth execution and scalability.

Table 4.1: Implementation Environment

Component Specification
Programming Python
Language

Development Tool |Anaconda, Jupyter Notebook

Framework Flask

NumPy, Pandas, Scikit-learn,

Libraries Used TensorFlow, Keras

Database SQLite3

Frontend HTML, CSS, JavaScript, Bootstrap
Operating System  |Windows

Hardware Intel i5, 8GB RAM, 25GB Storage

5. RESULTS AND PERFORMANCE ANALYSIS

The performance of the proposed electricity consumption
prediction system is evaluated using the UCI household
electricity consumption dataset to assess its accuracy,
efficiency, and reliability. The dataset is divided into training
and testing sets, where the model is trained on historical
consumption data and tested on unseen data to validate its
predictive capability. The proposed hybrid deep learning
model, CNN-BiGRU-SA, is compared with traditional models
such as Linear Regression and Support Vector Machine
(SVM), as well as the baseline CNN-BiLSTM-SA model to
demonstrate its effectiveness.

The evaluation of the models is carried out using standard
performance metrics, including R? Score, Root Mean Square
Error (RMSE), and Mean Absolute Error (MAE). The R score
measures how well the predicted values fit the actual data,
while RMSE and MAE quantify the prediction error. The
experimental results indicate that the proposed CNN-BiGRU-
SA model achieves a higher R? score and lower RMSE and
MAE values compared to the existing models, demonstrating
superior prediction accuracy and robustness. The
integration of CNN enables effective feature extraction, while
BiGRU captures temporal dependencies with reduced
computational complexity. Additionally, the Self-Attention
mechanism enhances the model’s ability to focus on
important features, further improving forecasting
performance.

The results also show that traditional models such as Linear
Regression and SVM are less effective in capturing complex
non-linear relationships and temporal patterns in electricity
consumption data, leading to higher prediction errors. The
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CNN-BIiLSTM-SA model performs better than traditional
approaches but requires higher computational resources. In
contrast, the proposed CNN-BiGRU-SA model achieves
comparable or improved accuracy with reduced training
time and memory usage, making it more suitable for real-
time and large-scale applications.

Furthermore, the system provides visual representations of
predicted versus actual electricity consumption through the
Flask-based interface, allowing users to easily interpret the
results. The overall analysis confirms that the proposed
hybrid model significantly enhances prediction accuracy,
reduces computational overhead, and supports efficient
energy management by providing reliable consumption
forecasts.

6. CONCLUSIONS

This paper presents a hybrid deep learning approach for
predicting residential electricity consumption using a CNN-
BiGRU-SA model. The proposed system effectively integrates
Convolutional Neural Networks for feature extraction,
Bidirectional Gated Recurrent Units for capturing temporal
dependencies, and a Self-Attention mechanism to emphasize
the mostrelevant features in the dataset. By leveraging these
techniques, the model successfully overcomes the limitations
of traditional statistical and machine learning approaches,
which often fail to capture complex non-linear and time-
dependent patterns in electricity consumption data.

The experimental results demonstrate that the proposed
model achieves superior performance in terms of prediction
accuracy, as indicated by higher R? scores and lower RMSE
and MAE values compared to existing models such as Linear
Regression, SVM, and CNN-BiLSTM-SA. Additionally,
replacing BIiLSTM with BiGRU significantly reduces
computational complexity, training time, and memory usage
without compromising accuracy, making the system more
efficient and scalable for real-world applications.

Furthermore, the integration of feature selection using the
Maximal Information Coefficient (MIC) enhances data quality
by eliminating redundant features, while the Flask-based
web interface improves usability by enabling users to
visualize and analyze predictions 4ls- 2 Overall, the
proposed system provides a reliable and efficient solution
for electricity consumption forecasting, contributing to
better energy management, reduced power wastage, and the
development of intelligent and sustainable energy systems.

7. FUTURE WORK

The proposed electricity consumption prediction system can
be further enhanced in several directions to improve its
accuracy, scalability, and real-world applicability. One
important extension is the incorporation of additional
external factors such as weather conditions, electricity
pricing, seasonal variations, and socio-economic parameters,

which can significantly influence household energy
consumption patterns and improve forecasting performance.
The model can also be trained and validated on larger and
more diverse datasets collected from different geographical
regions to enhance its generalization capability and
robustness across varying consumption behaviors.

Another potential improvement is the deployment of the
model as a cloud-based or web API service, enabling real-
time electricity consumption prediction and integration with
smart grid systems. The system can also be extended by
integrating Internet of Things (IoT) devices in smart homes,
allowing automatic data collection and intelligent control of
appliances based on predicted energy usage. Furthermore,
advanced deep learning architectures such as Transformers
or hybrid attention-based models can be explored to further
enhance prediction accuracy.

In addition, the system can be upgraded to provide
personalized energy-saving recommendations for users by
analyzing their consumption patterns and suggesting
optimal usage strategies. Improving model explainability
using techniques such as SHAP or LIME can also help users
and stakeholders better understand prediction outcomes.
Overall, these enhancements would make the system more
intelligent, adaptive, and suitable for large-scale deployment
in modern smart energy management environments.
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