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ARTICLE INFO ABSTRACT

Received: 28 Oct 2024 The creation and use of a mixed deep learning model in the smart grid system to increase energy

efficiency and environmental friendliness is discussed in this paper Considering how complex

energy consumption patterns might be, the model is designed to forecast simultaneously heating

Accepted: 02 Jan 2025 and cooling demands. It employs cutting-edge deep learning approaches like attention processes
to simplify things, recurrent layers for temporal relationships, and convolutional layers for
feature extraction. Combining these elements not only opens doors to stakeholders but also
enables the mix model to provide reliable forecasts. For applications in the smart grid, this makes
it a valuable instrument. Part of this approach involves designing a multi-output neural network,
cleaning up energy data ahead of time, and verifying the model's effectiveness using significant
criteria such Mean Absolute Error (MAE) and loss. The hybrid model performs better than
conventional neural networks according the findings. On the practice and test environments, it
greatly reduces errors. By focussing on the little details, one may get crucial knowledge about the
elements influencing energy pricing. To accommodate various smart grid configurations, the
model may also be raised or lowered. This facilitates quick judgements and most effective use of
resources. Although the proposed mixed model represents a significant advance in smart grid
analytics, many issues still exist like the need for increased processing capability and minor proof
adjustments. This research aids to improve smart energy systems in keeping with the objectives
of sustainable energy management. Modern grids therefore become more flexible and resilient
as well as stronger. This study prepares the basis for further studies with fresh elements like
employment trends and weather. Future projections will therefore be increasingly more reliable
and accurate.
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I. INTRODUCTION

Energy systems are evolving a lot these days to satisfy the growing need for flexible, long-lasting, reasonably priced
solutions. More energy is required and the issues with outdated power lines become obvious as the world's population
rises and technology develops. Traditional grids only let power and data flow in one direction, hence they cannot
always change to satisfy current demands. This immediate need for fresh ideas drove the concept of a "smart grid".
An upgraded power network, the smart grid enables maximum utilisation of energy generated, transit, and
consumption. It achieves this by fusing clever decision-making techniques with contemporary technologies. From
the past methods of energy management, smart grids represent a great advance [1]. Predictive data, real-time
monitoring, and two-way communication help them to maximise energy management. By combining Internet of
Things (IoT) devices, cutting-edge sensors, machine learning algorithms, and robust data transmission networks,
smart grids simplify running by These networks enable demand-side management to operate, renewable energy
sources to be readily added, and rapid fixes of issues. Regular grids help to solve some of the most critical issues. The
great capacity of a smart grid to make use of the enormous volumes of data generated by its many components is its
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fundamental advantage. Examining this data helps one to better understand how individuals use energy, project
future demand, and identify the best approach to allocate resources. Including solar panels and wind generators into
smart networks further promotes the adoption of green energy sources for distributed generation of power [2]. This
decentralisation not only reduces the use of fossil fuels but also conforms with global initiatives to slow down global
warming.

One of the most crucial components of smart grids still is energy economy. Not only may effective use of energy help
to save money, but it can also somewhat affect the surroundings. A system that is not under control and is erratic
makes it difficult to attain energy economy. People's habits are changing, they are consuming less energy, and the
energy is coming from green sources, so managing energy is challenging. Dealing with these issues increasingly calls
for high-tech computer approaches such artificial intelligence (AI) and deep learning. Particularly deep learning,
artificial intelligence has the power to fundamentally alter how smart grids manage energy at large scale [3]. By use
of neural networks, mixed models, and optimisation techniques, artificial intelligence (AI) can search vast databases,
uncover latent patterns, and provide accurate predictions. Figuring out what influences energy economy, estimating
how much energy will be required, and effectively managing resources in the best possible use depend on these quite
vital abilities. Not only can deep learning models such convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) analyse data streams in real time, but they also play crucial roles for the dynamic functioning of
smart grids.

Though they often struggle with the complexity of energy systems, traditional artificial intelligence models have
greatly improved energy management [4]. You need a model that can indicate how many things are linked to
determine, instance, how much heating and cooling a building would need. This issue is the reason hybrid deep
learning models emerged. These models mix the finest elements of numerous styles to satisfy the sophisticated
demands of smart grids. Smart grid applications, particularly those that can forecast several outcomes, find hybrid
models most suited. These models simplify understanding by use of recurrent layers to uncover connections in time,
convolutional layers to extract information in space, and attention techniques. By merging these elements, hybrid
models provide us a whole view of the energy scene. They so prove really helpful in improving the smart grid.

This research aims to automatically identify significant elements influencing the efficiency of energy usage by use of
a mixed deep learning model integrated into a smart grid. Starting with data gathering and organisation, this must
be done in a deliberate manner. The Energy Efficiency dataset from UCI informs this study. It features wall area, roof
area, and window area in addition to heating and cooling rates [5]. The dataset undergoes a lot of preparation,
including feature normalisation and non-null records and empty value removal, therefore guaranteeing the quality
of the data. Then, trained to simultaneously determine the heating and cooling demands, a mixed deep learning
model is developed. Making ensuring computers have many outputs helps one to ensure that estimations are accurate
and that they run effectively. Including focus processes into the model greatly simplifies understanding of the model,
which facilitates stakeholders in determining the elements influencing the energy economy. Last but not least, mean
absolute error (MAE) tests and loss graphs evaluate model performance, therefore indicating its dependability [6].

This research significantly changes the subject of energy management as it tackles the pressing demand for smart
systems able to increase the energy efficiency of smart grids. The hybrid deep learning model developed in this study
offers Following contribution:

1. Improved Prediction Accuracy: By simultaneously predicting multiple target variables, the model
captures complex relationships between features, resulting in higher prediction accuracy.

2. Enhanced Interpretability: The incorporation of attention mechanisms provides a transparent view of
the factors influencing energy efficiency, fostering stakeholder trust.

3. Scalability and Adaptability: The model's design ensures its applicability across diverse smart grid
environments, accommodating variations in energy demand and supply.

4. Real-Time Decision-Making: The model's ability to process data in real-time enables dynamic energy
management, reducing wastage and enhancing grid reliability.

Mixed deep learning models used in smart grids serve purposes beyond just energy saving. Big improvements in
demand response systems, grid security, the usage of green energy, and the way these things are implemented may
follow from these models. Smart grids, for example, may be able to better share resources and rely less on
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nonrenewable energy sources by approximating the energy use [14]. Furthermore, the model operates in real time,
so any issues might be discovered and resolved before they worsen, thus maintaining the stability of the grid. Making
choices and constructing projects benefit much from the knowledge acquired about the elements influencing the
energy economy. Learning how various construction materials and creative styles effect the energy consumption of a
structure can help you create buildings using less energy. These types of findings might also assist in the design of
initiatives aiming at reducing the energy use among individuals.

Energy Efficiency Dataset)

Handling Missing Values

Neural Network Archltecture)

Attention Mechanisms

Optimization Algorithm (Mam)]

Heating Load Influences

Environmental Impacts (Weather, Renewable Energy Cnntrlbuﬂnn))

Figure 1. Taxonomy of Deep learning model for Identify Critical Factors for Energy Efficiency in Smart Grids

This work identifies significant areas for more investigation and notes that blended deep learning models might
enable improved energy utilisation. New data sources—such as weather patterns, employment statistics, and tool
use—will enable the model to generate more accurate forecasts. Additionally you have to provide shared learning
tools allowing multiple individuals to train models without displaying the actual data in order to safeguard data
privacy. Another intriguing concept is smart grid use of bitcoin technology. Blockchain allows one to manage energy
agreements in a transparent and secure manner, thereby safeguarding data and supporting open approaches of
energy generation distribution. Blockchain paired with various forms of deep learning will provide more dependable
next generation of smart grids.

A major first step towards safer and better energy systems is obtaining smart grids. This work generates smart
systems able to address the complex problems arising in managing energy today by combining deep learning models.
Thanks to this research, we developed more robust and adaptable energy systems and discovered more effective
methods of using it. New technologies like deep learning will have to be included into smart grids as they improve to
ensure a secure energy future.

II. LITERATURE REVIEW

Energy management within smart grids has advanced as it is so crucial to have tools that are efficient, long-lasting,
and low energy consumption. Because they provide for flexible energy management, predictive analytics, and real-
time monitoring, smart grids represent a great advancement from conventional power systems. Scholars have
examined green energy integration, peer-to--peer energy sharing, and edge-of-cloud collaborative effort to help the
grid operate better [7][8]. These research highlight the need of having intelligent systems capable of operating in
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complex energy environments with changing throughout time. Since machine learning (ML) techniques can examine
vast volumes of data and identify patterns, they are being used increasingly in smart grids. Many have searched for
anomalies and made hypotheses about what consumers might wish to purchase using simple machine learning
techniques as Gradient Boosting, Support Vector Machines (SVM), and Random Forest [9]. Conversely, conventional
machine learning approaches might not be able to manage the intricate temporal and spatial components of energy
data. Deep learning models were developed to close this void as they excel at analysing vast volumes of data and
deducing intricate relationships between features.

By enabling demand prediction, energy more efficient usage, and issue discovery, deep learning (DL) approaches
have transformed smart grid analytics. Recent developments in deep learning have produced practical designs such
Convolutional Neural Networks (CNNs) for obtaining information about space [10] and Recurrent Neural Networks
(RNNs) for analysing time series [11]. Although smart grids are difficult to grasp, using hybrid models with many
other deep learning techniques may assist. More full energy management systems [4] are made feasible by models
that integrate Temporal Convolutional Networks (TCN) and Bidirectional GRUs with attention mechanisms, for
instance, which have demonstrated notable accuracy and readability improvements. Predicting numerous energy
objectives at once—like how much heating and cooling will be needed—is very crucial in smart networks. Multi-output
prediction models have been investigated by scientists in order to provide means of improving computer performance
and generating more accurate forecasts. Accurate predictions for a broad spectrum of energy events are produced
using hybrid neural networks including both convolutional and recurrent layers that discover spatial and temporal
correlations [12][13]. Using a single building, these techniques assist to solve the issues arising from trying to forecast
all the linked energy factors—such as heating and cooling demands [14].

If we want people to embrace and use deep learning models, they must be understandable to everybody. Many
individuals approach this issue by using attention techniques, which highlight the most crucial elements of model
predictions. Mind processes that enable us to concentrate on relevant data assist to clarify models and increase the
prediction accuracy [15][16]. Data quality, size, and security remain present issues even with these developments.
This indicates that development on smart grid data needs to continue constantly [17]. This work employs a mixed
deep learning model, adds attention processes, and provides a strict framework for verifying the energy-efficient
smart grid performance in order to assist tackle these challenges.

Table 1. Key findings in Existing Research

Research Key Challenges | Proposed Limitations | Future Reference
Focus Contribution Solutions Directions S
s
Smart  grid | Real-time Handling Leveraging Scalability and | Integration of | [8]
advancements | monitoring, complex and | intelligent interoperabilit | federated
predictive dynamic systems and |y of diverse | learning and
analytics, energy edge-cloud components. | secure
renewable environment | collaboration. blockchain
energy S. systems.
integration.
Machine Demand Capturing Adopting Limited Enhancing [9]
learning forecasting, temporal and | deep learning | capacity = to | temporal-
applications anomaly spatial to overcome | handle spatial
detection, and | complexities | ML nonlinear and | models with
pattern in data. limitations. temporal richer
recognition. dynamics. datasets.
Deep learning | Tools for | Managing Using CNNs | Resource- Scaling [11]
techniques demand high- for spatial | intensive models  for
forecasting, dimensional | features and | training and | real-time grid
energy datasets and | RNNs for | potential analytics.
efficiency intricate temporal overfitting.
prediction, and | relationships | dependencies
fault detection.
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Hybrid deep | Combining Addressing Integrating Complex Simplifying [13]
learning convolutional | multifaceted | TCNs, model design | hybrid
models and recurrent | energy Bidirectional | and  higher | models for
layers with | system GRUs, and | computational | broader
attention requirements | attention costs. deployment.
mechanisms. . mechanisms.
Multi-output | Unified Balancing Developing Dependence Incorporating | [17]
prediction frameworks for | computation | multi-output | on high- | additional
models predicting al efficiency | architectures | quality, external
interdependen | and for  unified | labeled factors (e.g.,
t variables | prediction predictions. datasets. weather
(e.g., heating | accuracy. data).
and  cooling
loads).
Interpretabilit | Improving Gaining Applying Reliance  on | Improving [18]
y and | model stakeholder | attention advanced user
attention transparency trust and | layers to | algorithms interfaces for
mechanisms and focusing | providing enhance with  limited | interpretabilit
on critical | actionable interpretabilit | accessibility. y tools.
features in | insights. y and
predictions. accuracy.
I11. METHODOLOGY

The smart grid system finds significant elements influencing conserving energy using a hybrid deep learning model.
The procedure consists of numerous main phases. Data collecting comes first; this entails compiling massive datasets
like the UCI Energy Efficiency dataset and real-time smart grid monitor data. These sets include loads for walls, roof,
windows, heating and cooling. Data preparation is the basis of their model-training. This covers building
characteristics, missing value correction, and homogeneity of all the elements. The data is ready for analysis then.
This stage ensures that the data is accurate and consistent, therefore eliminating noise and other data anomalies that

might compromise the performance of the model.

A mixed neural network is developed to handle the challenges of simultaneously forecasting many energy targets at
the model building stage. Focussing on the most crucial elements, the mixed model employs attention methods to
simplify the input by means of convolutional layers to retain spatial information and recurrent layers to exhibit
temporal changes. The model is trained using the Adam optimisation approach; the Mean Squared Error (MSE) loss
function aids to maintain prediction error rates as low as feasible. Watching the training process, test datasets ensure
the model performs well with data it has never seen before. Finally, crucial component identification highlights
significant elements influencing energy efficiency by means of the readability of the model. These aspects include
changes in operations, construction materials, and weather conditions. This enables all those engaged to make wise

decisions on the optimum use of energy.
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Summarize architecture

Training & Validation

Visualize training loss

Figure 2. Architecture of Proposed System

1. Load Dataset

The complete approach is based on the information, hence organising it first is essential. Here we make use of the
UCI Energy Efficiency dataset. It features wall, roof, window, and heating and cooling loads among other things.
These characteristics provide us valuable information about our energy consumption and system efficiency. Since
utilising unprocessed raw data that hasn't been cleansed might cause errors later on, it is rather crucial that the

information is complete and of great quality.
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X1 X2 X3 X4 X5 X6 X7 X8 Y1l Y2
0 098 5145 2940 11025 70 2 00 O 1555 21.33
1 098 5145 2940 11025 70 3 00 O 15655 21.33
2 098 5145 2940 11025 70 4 00 O 1555 21.33
3 098 5145 2940 11025 70 5 00 0O 1555 21.33
4 090 5635 3185 12250 70 2 00 O 20.84 28.28

Figure 3. Dataset Sample
2. Data Preprocessing

Data preprocessing ensures the dataset is in the best possible condition for model training and evaluation. It consists
of the following subcomponents:

¢ Missing Value Check: Missing or incomplete data entries are identified and handled through techniques
such as imputation or removal. This step prevents data gaps from negatively affecting the model's
performance.

e NaN Value Check: Numerical inconsistencies, such as NaN (Not a Number) values, are detected and
rectified to ensure the integrity of calculations during model training.

e Data Normalization: To enable the model to process data uniformly, features are scaled to a standard
range using normalization techniques like Min-Max scaling. This reduces bias and ensures efficient learning.

Boxplot of Features
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Figure 4. Features Box Plot
3. Train-Test Split

The processing dataset consists of two sections: the training and the testing subsets. Training uses around 70% to
80% of the data; testing save the remaining 20% to 30% of the total. This stage ensures, like in real life, the model
gets trained on part of the data and then tested on data it has never seen before. By dividing the data into smaller
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bits, the approach guarantees that the model may be used in many circumstances. This also reduces overfitting
danger. The training set lets the model improve; the testing set guarantees that everything runs as it should.

4. Deep Learning Model

This stage involves the creation and training of a hybrid deep learning model (figure 5) to predict energy efficiency.

It is broken into the following subcomponents:

¢ Neural Network (NN): The initial step is to design and train a baseline neural network to understand the
dataset's features and relationships. This model serves as a foundation for comparison with advanced models

shown in figure 6.

Model: "functional”

input_layer (InputLayer)

shared _dense_1 (Dense)

shared_dense_2 (Dense)

shared_dropout_1 (Dropout)

y2_dense_1 (Dense) y1_dense_1 (Dense)

y1_dropout (Dropout)

y2_dense_2 (Dense)

yl dense 2 (Dense)

y2 dropout (Dropout)

y2_dense_3 (Dense) y1_output (Dense)

y2_output (Dense)

Figure 5. Hybrid Neural Network Model Architecture

Layer (type) output Shape Param # | Connected to
input_layer (InputLayer) (None, 8) e | -

Dense 1 (Dense) (None, 128) 1,152 | input_layer[@][@]
Dense_2 (Dense) (None, 128) 16,512 | Dense _1[@][@]
Dense_3 (Dense) (None, 256) 33,024 | Dense 2[@][@]
dense_4 (Dense) (None, 64) 16,448 | Dense 3[e][@]
dense 5 (Dense) (None, 128) 8,320 | dense 4[@][@]
output 1 (Dense) (None, 1) 257 | Dense 3[@][@]
output 2 (Dense) (None, 1) 129 | dense 5[@][@]

Total params: 75,842 (296.26 KB)
Trainable params: 75,842 (296.26 KB)
Non-trainable params: © (©.08 B)

Figure 6. Neural Network Model Summary
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e Hybrid Neural Network (Multi-output): The fundamental NN is transformed into a mixed model
capable of simultaneously predicting heating and cooling loads as well as many goals. Running this multi-
output system requires less effort and produces more accurate forecasts as well. Layers like convolutional,
recurrent, and thick ones are combined for robust learning shown in figure 7.

Model: "functional”

Layer (type) Output Shape Param # | Connected to
input_layer (InputLayer) ( s 8) @ | -

shared_dense_1 (Dense) ( , 128) 1,152 | input_layer[©][@]
shared_dense_2 (Dense) ( s 64) 8,256 | shared_dense_1[@][@]
shared_dropout 1 ( , 64) @ | shared dense 2[@][@]
(Dropout)

y2_dense_1 (Dense) ( s 64) 4,160 | shared_dropout_1[0][@]
y1 dense_1 (Dense) ( , 64) 4,160 | shared dropout 1[e][@]
y2_dense_2 (Dense) ( s 32) 2,080 | y2 dense_1[0][@]
y1_dropout (Dropout) ( , 64) @ | y1_dense_1[e][e]
y2_dropout (Dropout) ( , 32) ® | y2_dense 2[0][0]

y1 dense_2 (Dense) ( s 32) 2,080 | y1_dropout[e][e]

y2 dense 3 (Dense) ( , 16) 528 | y2 dropout[@][e]

y1 output (Dense) ( s 1) 33 | y1_dense_2[0][@]

y2 output (Dense) ( , 1) 17 | y2 dense 3[e][@]

Total params: 22,466 (87.76 KB)
Trainable params: 22,466 (87.76 KB)
Non-trainable params: ¢ (@.0@ B)

Figure 7. Hybrid Neural Network Model Summary
5. Training & Validation: The mixed model is taught using the training dataset; techniques such
backpropagation and Adam optimisation are used to identify optimal parameters to decrease error. By means
of validation, which serves to prevent the model from being too perfect by means of data it has not seen
before, it is kept from working properly.

Iv. RESULT ANALYSIS

Training and Validation Loss/MAE

Total Loss (MSE)

Heating Load MAE

Cooling Load MAE

Validation Loss (MSE)
Validation Heating Load MAE
Validation Cooling Load MAE

I

0.8

Loss/MAE

0.6

0.2 4

0 20 40 60 80 100 120 140
Epochs

Figure 8. Training and Validation Loss of Neural Network Model
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Figure 8 shows how well a mixed deep learning model forecasts heating and cooling needs during an extensive period
of time. Data for Total Loss (MSE), Heating Load MAE, Cooling Load MAE, Validation Loss (MSE), Validation
Heating Load MAE, and Validation Cooling Load MAE is shown in this figure Every metric is shown in a distinct
colour to illustrate how, as the system develops, errors in validation and training alter over time. The line displaying
the Total Loss (MSE) indicates the model's degree of off-target heat and cooling demand prediction accuracy. Lower
mean values of MAE and MSE indicate that over time performance and convergence improve. The validation curves
accompanying the Heating Load MAE and Cooling Load MAE curves demonstrate the model's performance using
data yet unseen. They also exhibit the degree of accuracy with which they forecast certain objective criteria. The
variations in the validation curves reveal how dynamically stable the model is during time. Following periods of
improved performance comes times of perhaps overfitting. This image highlights the positive aspects of the mixed
model as well as the areas that would need some improvement in terms of hyperparameter modification or
normalising activities that would influence learning outcome.

Training and Validation Loss/MAE

1200 - Total Loss (MSE)

Heating Load MAE

Cooling Load MAE

Validation Loss (MSE)
Validation Heating Load MAE
Validation Cooling Load MAE

1000

800

600 -

Loss/MAE

400

N W
L

- T . r . - T T T
0 25 50 75 100 125 150 175 200
Epochs

Figure 9. Training and Validation Loss of Hybrid Neural Network Model

Over 200 trials, the mixed deep learning model performed as shown in this image (Figure 9). Measuring Total Loss
(MSE), Heating Load MAE, Cooling Load MAE, and the accompanying validation measurements—Validation Loss
(MSE), Validation Heating Load MAE, and Validation Cooling Load MAE—it has At the beginning of training (epoch
0), all loss and error measurements are somewhat high; thus, the model has not yet learnt from the data. As training
proceeds, the Total Loss (MSE) declines rapidly, indicating that the model is effectively lowering error in its forecasts
shown in figure 9. The first 25 epochs show this extreme decline, which implies that the learning process is fast
convergent in the beginning. Predicting for these particular targets is more accurate as the heating and cooling load
MAE curves for training and validation show a clear reduction. Following epoch 25, the loss and MAE values remain
very constant with only minor variations. The model has therefore discovered a decent blend of learning and
generalisation. This graph demonstrates the mixed model's ability to manage forecasts with several outcomes. Based
on the very steady validation curves, the model performs well with data it has not seen previously. This helps one to
determine the degree of energy-efficient smart grid applications will be. More optimisation might help to reduce the
few variations seen in subsequent epochs and strengthen these patterns even more.
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Figure 10. Training and Validation MAE of Hybrid Neural Network Model

Figure 10 across 200 epochs for both the training and test datasets shows the mean absolute error (MAE) trends for
the mixed model. For the Heating Load MAE (Train), Heating Load MAE (Validation), Cooling Load MAE (Train),
and Cooling Load MAE (Validation), the graph exhibits varying patterns. This helps you to gain a decent sense of the
model's predictive power for heating and cooling demand. MAE values for both heating and cooling loads are
somewhat high at the beginning of training. Consequently, the model initially finds it difficult to provide accurate
forecasts. All of the MAE trends, however, significantly decline over the first 25 epochs, indicating that the model is
learning rapidly and improving at forecasts. Forecast errors drop greatest at this point when the model adjusts its
parameters. Following epoch 25, the training MAE values remain constant and not very high. This indicates that, on
the training set, the model can accurately project the heating and cooling demands. Though they rise somewhat above
the training curves, the validation MAE curves remain constant throughout time. The model therefore performs well
with data it has not seen before. Little fluctuations throughout the epochs in the Cooling Load Validation MAE graph
imply that regularisation or fine-tuning is required to make performance even more consistent. The more steady
heating load curves imply that forecasts for this aim are more accurate and dependable.

Loss Comparison Graph of Models

0.7
0.6
0.5
P 0.4
S
0.3
0.2
0.1
0 )
Neural Network Hybrid Neural Network Model
M Heating Load 0.33 0.29
B Cooling Loss 0.59 0.47
Model

Figure 11. Loss Comparison Plot
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The loss comparison graph for models displays the degree of prediction ability between a basic and mixed neural
network model for heating and cooling needs. It is really evident how much superior the mix model is from the graph
displaying the heating load loss and cooling load loss for both models shown in figure 11.

e Neural network: With a Heating Load value of 0.33, it is clear that the estimate of the required heating energy
Wwas erroneous.

e Now (0.59) it is colder, so the simple neural network finds it more difficult to estimate the cooling need as
this objective is more complex.

e Hybrid neural networks: The hybrid model can better grasp the patterns and linkages in the heating data
when the Heating Load Loss is dropped to 0.29. Likewise, the Cooling Loss reduces to 0.47, indicating a
significant increase over the simple neural network. This decline indicates that the mix model performs better
in managing estimates with many results.

Because it has less loss values, the graph illustrates that the mixed neural network model performs better than the
basic neural network for both heating and cooling loads. Having more sophisticated characteristics like multi-output
architecture, repeating layers, and attention processes that enable it to perform better at more challenging energy
prediction tasks, the hybrid model is superior than The mixed model performs well, according to the findings, for
smart grid systems that must forecast with accuracy and efficiency about the use of energy.

V. CONCLUSION

Our analysis indicates that we have a long way to go before we can identify fresh approaches to utilise energy by
aggregating and attempting a mixed deep learning model within the smart grid architecture. Like heating and cooling
loads, the combined model may forecast many energy targets simultaneously. In this sense, it demonstrates that it
can manage connected complex data including other data. By use of attention techniques to simplify the model,
convolutional layers to extract features, and recurrent layers to map out linkages between time and space, the model
discovers the ideal balance of clarity and accuracy. This makes it a handy instrument for applications related to smart
grid. The hybrid model performs clearly better than conventional neural networks, according the research findings.
Generally speaking, the mixed model performs better as, for the training and test datasets, its loss and MAE values
are lower. This may therefore enable accurate forecasts based on data it hasn't yet encountered. As shown by the
minimal errors for heating and cooling loads, the model can manage the intricate patterns of energy usage resulting
from environmental, structural, and temporal elements. By stressing key elements, the attention processes help one
to grasp the model. This clarifies for everybody why energy is used and how to be more effective. The research has
some issues even if it was helpful. Proof errors, for instance, might vary somewhat and training requires a lot of
computer capability. Dealing with these challenges by using additional optimisation techniques—regularisation and
hyperparameter setting—may help produce models even more flexible and consistent. Including outside variables
like housing trends, weather data, and gadget usage will also enable the model to estimate and increase dependability.
Ultimately, the mixed deep learning model developed in this work provides a scalable and practical approach to
project the energy consumption of smart grids. Sustainable energy management's objectives complement its capacity
to provide accurate, intelligible, and real-time projections. Smart grid technology is preferable as this approach
provides all the information required for wise decisions to all the participants. Energy systems so develop in strength
and lifetime. This research is generating fresh approaches to use artificial intelligence to improve the functioning of
smart grids so they may satisfy the rising need for effective and flexible energy consumption.
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