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Abstract— Accurate forecasting of power production and 

consumption is crucial for optimizing smart grid operations, 

especially with the growing integration of renewable energy 

sources, and minimizing CO₂ emissions. This study develops 

GridNet, a deep learning-based model for forecasting next-hour 

electricity consumption using the past 24 hours of electricity and 

time features. GridNet utilizes a two-layer stacked Long Short-

Term Memory (LSTM) network with dropout layers to prevent 

overfitting and improve generalization, followed by a dense 

output layer. Early stopping and learning rate reduction 

callbacks were applied to enhance convergence efficiency. The 

model was optimized using the Adam optimizer and a hybrid 

loss function combining Mean Squared Error (MSE) with L1 

regularization for improved prediction accuracy and 

robustness. GridNet was trained on a six-year hourly dataset 

from Romania, covering diverse energy sources like nuclear, 

wind, solar, for 30 epochs. The performance of the proposed 

model GridNet was evaluated using several standard metrics, 

including the Coefficient of Determination (R²), Mean Absolute 

Error (MAE), MSE, and Root Mean Squared Error (RMSE). 

Additionally, GridNet's effectiveness was compared with state-

of-the-art algorithms, including XGBoost, KNN, Random 

Forest, and SVM. GridNet outperforms all competing 

algorithms by up to 59.9% in R², 72.0% in MAE, 89.8% in MSE, 

and 68.1% in RMSE, demonstrating its superior accuracy in 

forecasting electricity consumption trends in smart grids. 
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I. INTRODUCTION

Generating electricity often involves burning fossil fuels 
like coal, oil, and natural gas. This process releases carbon 
dioxide (CO₂) into the atmosphere, contributing to the 
greenhouse effect and global climate change. In fact, burning 
fossil fuels for power generation accounts for over 40% of 
energy-related CO₂ emissions. As the demand for electricity 
rises, especially with the increasing use of air conditioning 
during extreme weather events, the reliance on fossil fuels 
may also increase, leading to higher emissions [1], [2]. To 
address this, accurately forecasting building energy 
consumption is crucial. Such predictions help engineers 
balance supply and demand, optimize energy use, and make 
informed decisions [3]–[5]. Smart grid systems are emerging 
as a transformative solution for achieving greater efficiency, 
stability, and sustainability in energy distribution 
and 

management. By integrating advanced technologies, smart 
grids facilitate real-time monitoring and control, enabling 
more efficient energy use and reducing the carbon footprint of 
electricity generation [1], [6]. However, accurately predicting 
energy consumption within smart grids remains challenging 
due to the inherent randomness influenced by factors such as 
consumer behavior and weather conditions. The growing 
complexity of modern smart grids, driven by renewable 
energy integration and dynamic consumption patterns, has 
heightened the need for accurate electricity consumption 
forecasting [3], [7].  

Likewise, Velayutham et al. [8] introduced a Quantum 
Boltzmann Machine (QBM) for smart grid energy forecasting, 
integrating variables like reaction time, power balance, and 
price elasticity via smart meters. The QBM models empirical 
probabilities to predict future consumption and identify local 
extremes. However, its reliance on historical data may not 
fully capture future changes in consumption patterns or 
external factors.  Further,  Aljarrah et al. [9] proposed a load 
forecasting using an LSTM-RNN model enhanced by the 
Improved Sparrow Search Algorithm (ISSA), while real-time 
energy trading and load balancing are managed through the 
BSET-AVVO algorithm. However the network was very 
complex.  Furthermore, Aguiar et al. [10] proposed deep 
learning techniques, particularly LSTM networks based on 
RNNs, to forecast smart grid energy demand by learning 
consumption patterns from customer data, with an emphasis 
on short-term forecasting for real-time demand response and 
grid balance.   

Additionally, Softah et al. [11] proposed a DVQR 
framework combined with K-means clustering to forecast 
smart meter demand by capturing variability and 
dependencies. However, it may face high computational costs 
with large datasets. Also, Lilhore et al.  [12]  proposed a hybrid 
CNN-BiLSTM model with two-way attention and MPSO 
optimization for short-term load prediction, using t-Nearest 
Neighbors for preprocessing and validated on the UCI 
Electrical Grid Stability dataset. However, the model's 
complexity may increase training time and computational 
requirements. Further, Nowak et al. [13] proposed 
decentralized algorithms leveraging smart meter and IoT 
infrastructure to compute and forecast network power flows in 
near real-time without centralizing consumer data. Field trials 
in Rolle VD validate the method, showing it can detect 
congestion issues effectively while preserving data privacy 
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and matching centralized method’s performance. 
Furthermore, Olumba et al.  [14] proposed GradientSHAP, 
combining gradient boosting algorithms with SHAP values to 
predict energy demand while enhancing interpretability. 
Performance is validated using the European energy demand 
dataset against linear regression and SVR models. 
Additionally, Syu et al. [15] introduced distributed Multi-
Head (DMH) learning systems for power consumption 
prediction in smart factories. DMH employs multi-head 
learning mechanisms to reduce noise interference and enhance 
accuracy. It utilizes split learning, where head networks reside 
on clients (AGVs) and the prediction network on the server, 
minimizing client-to-server data transmission and enhancing 
privacy.  

Similarly, Khan et al. [16] proposed methodology involves 
a dual-stream deep learning architecture for power 
forecasting. The first stream utilizes a CNN to capture spatial 
features, while the second stream employs a LSTM network 
to extract temporal patterns. These features are then fused and 
processed through a self-attention mechanism to enhance 
feature selection. Finally, the integrated features undergo 
Principal Component Analysis (PCA) for dimensionality 
reduction before being input into fully connected layers for 
forecasting, however the system was complex. Also, Liu et al. 
[17] proposed methodology for Short-Term Load Forecasting
(STLF) integrates a pattern extraction mechanism with an
attention-based framework to enhance forecasting accuracy.
Initially, the model employs a LSTM network to capture
temporal dependencies from historical load data.
Subsequently, a Time Pattern Attention (TPA) mechanism is
applied to discern significant temporal features, effectively
filtering out irrelevant information and emphasizing critical
patterns.
    Recent advancements in LSTM networks have significantly 
enhanced energy forecasting accuracy by effectively 
capturing complex temporal dependencies in sequential data. 
Studies have demonstrated that LSTM models can achieve 
low Mean Absolute Percentage Error (MAPE) and RMSE 
values, indicating their proficiency in predicting energy 
demand and production [18]. However, challenges such as 
computational complexity and the need for large datasets 
remain, which can impact the scalability and efficiency of 
these models in real-world applications. Motivated by these 
capabilities, this study proposes GridNet, a deep learning 
framework designed to enhance electricity consumption 
forecasting in smart grid systems. GridNet leverages a two-
layer stacked LSTM architecture combined with a hybrid loss 
function to improve predictive accuracy and generalization.  
The main contribution of  this paper is given below.  

• Developed GridNet, a deep learning-based
predictive algorithm for smart grid electricity
consumption forecasting, featuring a two-layer
stacked LSTM architecture interleaved with dropout
layers to prevent overfitting and enhance
generalization.

• Introduced a hybrid loss function that combines MSE
with L1 regularization to enhance prediction
accuracy and reduce model complexity.

• Incorporated early stopping and learning rate
reduction callbacks to optimize training efficiency
and convergence.

• Forecasting performance are compared to traditional
machine learning models like XGBoost, KNN,
Random Forest, and SVM, based on R², MAE, MSE,
and RMSE metrics.

The rest of this paper is organized as follows: Section II 
details the proposed methodology, including the hybrid loss 
function, GridNet architecture, and evaluation metrics. 
Section III presents the experimental results, discusses the 
findings, and compares the performance with competing 
algorithms. Finally, Section IV concludes the study with key 
insights and outlines directions for future research. 

II. METHODOLOGY 

A. Hybrid Loss function

To improve both predictive accuracy and generalization
capability, a hybrid loss function was adopted in proposed 
GridNet. This hybrid loss integrates the traditional MSE and 
L1 regularization [19]. The MSE loss is crucial for accurately 
predicting energy production and consumption. It measures 
the average squared difference between actual and predicted 
values, ensuring the GridNet learns to minimize prediction 
errors. In energy forecasting, precise prediction of parameters 
like consumption, production, and renewable contributions 
(wind, solar, etc.) is essential to maintain grid stability, 
optimize energy resources, and reduce operational costs. 
Mathematically the MSE loss function can be represented as 
given in Equation (1). 

����=
�
� ∑ (	
 − 	�
 )����� (1) 

Where N is number of samples, 	
  is the ground truth value
for sample and 	�
  indicate predicted value for sample j. While
minimizing prediction errors (via MSE) is important. 
complex deep learning models like LSTMs can easily overfit 
the training data. L1 regularization addresses this problem by 
promoting sparsity , making some weights exactly zero, 
simplifying the GridNet to select feature automatically 
improving generalization to unseen data [20]. 
Mathematically L1 regularization can be represented as given 
in Equation (2). 

���= ∑ |��|����    (2)

Where �� are the trainable model parameters i.e., weights,
and L1 controls the complexity of GridNet by pushing 
unnecessary weights towards zero. The hybrid loss function 
is given in Equation (3).  

���� �!= ���� +  $ ∑ |��|.��� (3) 

λ is the regularization coefficient (e.g., 0.001), balancing 
the importance of sparsity against prediction accuracy. The 
hybrid loss function combines MSE for accurate energy 
prediction and L1 regularization to promote model sparsity 
and generalization, ensuring reliable and robust energy 
forecasting. The combined effect, as depicted by the red 
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curve in the plot as shown in Fig 1, results in a loss function 
that is sensitive to both prediction errors and model 
complexity. This dual consideration leads to improved 
generalization performance, especially in high-dimensional 
or noisy datasets. By integrating MSE and L1 regularization, 
the hybrid loss function harnesses the strengths of both 
approaches, making it well-suited for time series forecasting 
and other regression tasks in smart grid applications. 

Fig 1: Hybrid Loss: MSE and L1 Regularization 

The goal of incorporating L1 regularization is to encourage 
sparsity in the model parameters, reduce overfitting, and 
promote more robust learning in complex energy forecasting 
tasks. 

B. GridNet Architecture

The proposed model architecture is composed of sequential
layers tailored to capture temporal dependencies and enhance 
prediction robustness. GridNet is designed to accept input 
data in the form of sequences, where each sequence consists 
of 24 consecutive time steps. At each step, the model receives 
11 distinct features representing relevant information such as 
electricity production sources, consumption, and time-based 
attributes. The input is structured as a three-dimensional 
tensor with shape (B, 24, 11), where B denotes the batch size. 
This format enables GridNet to learn temporal patterns across 
multiple features over a 24-hour period. 

The first LSTM layer in the model architecture consists of 
50 neurons and is configured with return sequences=True, 
allowing it to pass the entire sequence of outputs to the next 
LSTM layer. This setup is essential for capturing and 
preserving temporal dependencies across time steps. 
Mathematically, at each time step &' , the hidden state ℎ'  is
computed using the LSTM function based on the current 
input )'. The previous hidden state ℎ&-1, and the previous cell
state *&-1 is updated as given in Equation (4).

ht=LSTM (xt, ht−1, Ct−1) (4) 

Here, )& represents the input feature vector at time step &
while ℎ&−1, and *&−1 retain the memory of prior computations,
enabling the model to effectively learn long-term 
dependencies in the sequential data. Following the first 
LSTM layer, a dropout layer is incorporated with a dropout 
rate of 20%. This layer randomly deactivates 20% of the 
neurons during each training iteration, which helps prevent 
overfitting by reducing reliance on specific neurons and 
encouraging the network to learn more robust and 
generalizable features from the data. 

The second LSTM layer also consists of 50 neurons, but 
differs from the first one, where configured with return 
sequences=False, meaning it outputs only the final hidden 
state rather than the full sequence. This final state, denoted 
effectively captures and summarizes information from the 
entire 24-time-step input sequence, serving as a compact 
representation that is passed to the subsequent layers for 
prediction. Mathematically it can be represented in Equation 
(5). 

ℎfinal= ℎ&=24h (5) 

To further enhance the GridNet generalization capability 
and reduce the risk of overfitting, a second dropout layer was 
introduced, applying a 20% dropout rate. This additional 
regularization step helps ensure that the model does not 
become overly reliant on specific neurons, thereby improving 
its robustness and performance on unseen data. 

The GridNet architecture concludes with a dense output 

layer comprising a single neuron, which is responsible for 
producing the final prediction of electricity consumption for 
the next hour. This layer takes the final hidden state from the 
preceding LSTM layer and maps it to a scalar value, 
effectively summarizing the learned temporal features into a 
single output. The output is computed through a linear 
transformation of the final LSTM state, allowing the model 
to generate a continuous-valued prediction as given in 
Equation (6). 

	+= Whfinal+b (6) 

where W is the weight matrix and b are the bias term. 

C. Evaluation Metrics

To assess the performance of the proposed forecasting
models GridNet, a set of standard regression evaluation 
metrics was employed. The most important one is the R², 
which measures how well the predicted electricity 
consumption values approximate the actual values. A value 
close to 1 indicates that the GridNet explains most of the 
variability in the target variable, which is crucial for reliable 
energy demand forecasting in smart grid [21]. 
Mathematically it can be represented as given in Equation (7). 

R² =1-
∑ (�./�01)2345�
∑ (�./�6)2345�

(7) 

Where 	7 indicate actual values,  	�
  represent the predicted
values and n indicate the number of samples. Furthermore, 
MAE gives the average magnitude of the errors in a set of 
predictions, without considering their direction. In electricity 
prediction, it directly indicates how far off the forecasted 
values are from the actual values, making it easy to interpret 
and important for cost estimation or energy allocation 
planning. Mathematically it can be represented as given in 
Equation (8). 

MAE =
�
8 ∑ 9	
 − 	�
 98��� (8) 

Additionally, MSE penalizes larger errors more than MAE 
due to the squaring of residuals. In power systems, this is 
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helpful for catching and correcting significant deviations 
(e.g., sudden spikes or drops in energy consumption), which 
may impact operational stability or cause resource 
misallocation. Mathematically it can be represented as given 
in Equation (9).  

MSE =
�
8 ∑ (	
 − 	�
 )�8��� (9) 

Similarly, RMSE [3] is simply the square root of MSE and 
expresses the error in the same unit as the target variable (e.g., 
megawatts). It is widely used in power load forecasting as it 
gives a tangible sense of error magnitude, especially when 
large errors are critical to avoid. Mathematically it can be 
represented as given in Equation (10).  

:;<= = >�
8 ∑ (	
 − 	�
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Together, these evaluation metrics provide a 
comprehensive assessment of the GridNet forecasting 
accuracy, robustness, and reliability in predicting electricity 
consumption, ensuring its practical applicability in smart grid 
energy management systems. 

III. RESULTS AND DISCUSSION 

A. Dataset Description

The dataset, retrieved from Kaggle, comprises six years of
hourly records of electricity consumption and production in 
Romania’s smart grid system, covering a diverse range of 
energy sources including nuclear, wind, hydroelectric, solar, 
biomass, oil and gas, and coal. The dataset contains 54,146 
hourly samples, each with 11 features including a timestamp 
(DateTime) and energy-related attributes. It captures 
electricity Consumption and Production, with the latter 
detailed by individual energy sources such as Nuclear, Wind, 
Hydroelectric, Oil and Gas, Coal, Solar, and Biomass. While 
rich in temporal and energy sector data the data was split into 
a training set of 43,316 samples (80%) and a test set of 10,830 
samples (20%) for model development and evaluation. In Fig 
2 , the stacked area plot shows hourly electricity production 
by source, with Oil and Gas (blue) and Coal (orange) being 
the primary contributors. Solar (green) and Biomass (red) 
have smaller shares, with Solar showing daily patterns.  

Fig 2:  Hourly Electricity Production by Source 

The histogram illustrates in Fig 3, shows the distribution of 
electricity generation across three energy sources: Nuclear, 

Wind, and Hydroelectric. Nuclear energy shows a narrow 
distribution centered around lower electricity values (~100 
MW), indicating consistent output. Wind energy displays a 
wider spread, peaking around 150 MW, suggesting greater 
variability. Hydroelectric generation is distributed at higher 
values, mainly between 170 MW and 230 MW, reflecting 
both higher capacity and variability compared to Nuclear and 
Wind sources. 

Fig 3: Electricity generation distribution by source 

B. Model Configuration and Training Parameters

The Table 1 summarizes the key configuration parameters 
used for model development, including sequence length, 
input features, network architecture, optimizer, loss function, 
training settings, and data scaling approach. 

TABLE 1: GRIDNET TRAINING PARAMETERS 

Parameters Value 
Sequence Length 24 (hours) 

Input Features 9 
RNN Units (per layer) 50 

Output Layer Dense (1 unit) 

Optimizer Adam 
Loss Function (MSE+L1) 
Epochs 30 
Batch Size 32 
Validation Split 0.2 (20%) 
Scaling MinMaxScaler 
Regularization coefficient (?) 0.001 

C. Evaluation of Power Consumption Predictions

Table 2, presents the first 10 hourly records of power
consumption from the test dataset. The proposed model, 
GridNet, was applied to forecast the power consumption for 
each hour. Initially, both the actual and predicted values were 
in a normalized form (0,1) when model tested, however, they 
have been converted back to megawatts (MW) for better 
understanding and interpretation. The "Hours" column 
represents the specific hour of observation, while the "Actual 
Power Consumption" column shows the true electricity 
demand at that time. Correspondingly, the "Predicted Power 
Consumption" column provides the predicted power 
consumption values generated by the proposed GridNet 
algorithm. The table below presents the actual and predicted 
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power consumption values (in megawatts) for the first 10 
hours of the test dataset. 

TABLE 2: ACTUAL AND PREDICTED POWER CONSUMPTION (MW) FOR THE 
FIRST 10 HOURS 

Actual Power consumption Predicted Power consumption 

Hours Megawatt (MW) Megawatt (MW) 

1 8185 8204.391316 

2 8506 8355.695371 

3 8416 8590.510251 

4 8294 8403.957994 

5 8032 8172.053336 

6 7671 7644.052368 

7 6963 7071.17413 

8 6513 6535.686769 

9 6171 6194.976883 

10 5990 5991.220204 

The above table presents a comparison between actual and 
predicted power consumption (in megawatts) over a 10-hour 
period. The corresponding line plot visually illustrates this 
comparison, where the blue line represents actual values, and 
the orange dashed line shows predictions made by the model. 
Across all hours, the predicted values closely follow the 
actual consumption trend, with minimal deviation. For 
example, at hour 1, the actual consumption is 8185 MW, 
while the model predicts 8204.4 MW. Similarly, at hour 10, 
the values are nearly identical (5990 MW actual vs. 5991.2 
MW predicted), indicating high prediction accuracy. In Fig 4 
the close alignment of both lines in the graph confirms the 
model’s ability to effectively forecast short-term power 
demand, showcasing strong generalization and low 
prediction error. 

Fig 4: Line graph of actual vs. predicted power. 

D. Performance Evaluation on Test Dataset

The  Fig 5 illustrates the GridNet performance on the test
dataset by comparing actual and predicted electricity 
consumption over time. The x-axis represents time steps 
(ranging from 0 to approximately 10,000), while the y-axis 
denotes the normalized electricity consumption (in 

megawatts, MW) ranging from 0.0 to 1.0. The blue line 
indicates the actual consumption, the orange line represents 
the predicted consumption by the model, and the green 
shading highlights the error range. The close alignment 
between the actual and predicted curves suggests that the 
model accurately captures the underlying consumption 
patterns and generalizes well to unseen data, demonstrating 
strong predictive capability and minimal deviation across the 
entire test set. 

Fig 5: Actual vs Predicted Electricity Consumption 

The plot in Fig 6 illustrates the training and validation loss 
MSE of the proposed GridNet model over 30 epochs. Both 
losses decrease rapidly during the initial epoch and gradually 
converge to low values, indicating efficient learning. The 
validation loss closely follows the training loss throughout, 
demonstrating good generalization and no signs of 
overfitting. Overall, GridNet exhibits stable and effective 
performance across the training process. 

Fig 6: Training and Validation Loss Over Epochs 

In Fig 7 the correlation matrix heatmap in displays the 
relationships between different energy sources, including 
Nuclear, Wind, Hydroelectric, Oil and Gas, Coal, Solar, and 
Biomass. All correlation values are close to zero, indicating 
weak or no linear relationships among the features. This 
suggests that the energy sources are largely independent, 
which is beneficial for GridNet. The low inter-feature 
correlation helps GridNet learn distinct patterns from each 
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input feature, enhancing its ability to model complex 
relationships and improving its predictive performance. 

Fig 7: Correlation matrix heatmap of energy sources 

Comparative Analysis with Baseline Models 

The Table 3 summarizes the performance comparison of 
various machine learning models XGBoost, K-Nearest 
Neighbors (KNN), Random Forest, Support Vector Machine 
(SVM), and the proposed GridNet, based on four key 
evaluation metrics: R² Score, MAE, MSE, and RMSE. 
Among all models, GridNet achieved the highest R² Score of 
0.959, indicating a very strong correlation between the 
predicted and actual values. It also recorded the lowest MAE 
(0.021), MSE (0.001), and RMSE (0.031), demonstrating 
superior predictive accuracy and robustness. 

In contrast, the conventional models such as XGBoost, 
KNN, Random Forest, and SVM showed relatively lower 
performance, with R² scores around 0.65 and notably higher 
error metrics. These results clearly highlight the effectiveness 
and reliability of the proposed GridNet model in forecasting 
electricity consumption with significantly better precision 
compared to traditional methods. It shows a 47% to 60% 
increase in R² score, and reduces MAE, MSE, and RMSE by 
65% to 89%. These results highlight GridNet's superior 
accuracy in predicting electricity consumption, 
demonstrating its effectiveness for more reliable energy 
forecasting. 

TABLE 3:PERFORMANCE COMPARISON: GRIDNET VS. BASELINE MODELS 

Model R² Score↑ MAE↓ MSE↓ RMSE↓ 

XGBoost 0.653 0.069 0.0099 0.088 

KNN 0.599 0.074 0.009 0.095 

Random Forest 0.655 0.069 0.008 0.089 

SVM 0.649 0.069 0.008 0.089 

GridNet (Proposed) 0.959 0.021 0.001 0.031 

IV. DISCUSSION

The proposed GridNet model, built upon LSTM layers and 
optimized with a hybrid loss function combining MSE and 
L1 regularization, demonstrated superior performance 
compared to traditional models like XGBoost, KNN, 
Random Forest, and SVM. This performance gain can be 
attributed to the model's ability to capture complex temporal 
dependencies in energy data and prevent overfitting through 

regularization. The consistent improvement across all 
evaluation metrics especially the significantly higher R² score 
highlights the effectiveness of combining sequence modeling 
with robust loss penalization. Despite the model’s success, it 
may still be influenced by data variability, and its 
performance could fluctuate with different feature sets or 
sequence lengths. Future work may consider integrating 
external data sources or architectural enhancements for 
further improvements. 

V. CONCLUSION AND FUTURE WORK

In this study, a novel deep learning architecture, GridNet, 
was proposed for forecasting electricity consumption in smart 
grid systems. The novelty of GridNet lies in its integration of 
Long Short-Term Memory (LSTM) layers with a custom-
designed hybrid loss function, which combines Mean 
Squared Error (MSE) with L1 regularization. This dual-
objective approach not only enables the model to accurately 
capture temporal dependencies inherent in electricity 
consumption data but also enhances generalization by 
penalizing unnecessary model complexity, thus reducing the 
risk of overfitting. Furthermore, GridNet introduces a 
structurally optimized architecture tailored for smart grid 
forecasting scenarios, offering improved stability and 
forecasting precision compared to conventional LSTM-based 
models. This combination of architectural refinement and 
loss function design positions GridNet as a robust and 
efficient framework for intelligent energy demand prediction 
in dynamic environments.  

GridNet significantly outperformed traditional machine 
learning models across key evaluation metrics such as R², 
MAE, MSE, and RMSE, demonstrating its robustness and 
predictive strength in handling multivariate time-series 
energy data. For future work, enhancements may include 
incorporating exogenous variables such as weather data, 
economic indicators, and calendar effects to further enrich 
model performance. Additionally, integrating attention 
mechanisms could help prioritize relevant features or time 
steps, while expanding the model for multi-step forecasting 
may improve its utility in real-world grid management. 
Exploring graph-based neural networks and transfer learning 
approaches may also offer promising directions to better 
model spatial-temporal relationships across interconnected 
energy infrastructures. 
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