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  Abstract 

Energy management in smart cities is a critical challenge due to the increas-ing 
population, urbanization, and growing energy demand. Efficient energy forecast-
ing mechanisms are vital to optimize consumption, enhance sustain-ability, and 
ensure a balanced energy supply. This paper presents an energy consumption fore-
casting approach tailored for smart cities, leveraging ad-vanced predictive analysis 
techniques. By employing machine learning mod-els, the system forecasts energy 
consumption patterns based on historical da-ta, real-time data streams, and envi-
ronmental factors. The aim is to help ur-ban authorities and policymakers manage 
energy resources more effectively while improving energy efficiency in smart city 
infrastructures. This paper investigates the accuracy and performance of two pre-
dictive models for en-ergy forecasting: a Support Vector Regression (SVR) model 
and an Artificial Neural Network (ANN). The study compares the performance of 
these mod-els in terms of forecast accuracy, computational efficiency, and adapt-
ability to real-time data. Extensive testing is performed on simulated datasets to 
as-sess the models under different environmental conditions. Finally, the paper dis-
cusses the implications of these models for energy management and deci-sion-
making in smart cities. 
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1. Introduction:   
 

Energy consumption in urban areas is growing rapidly due to increased urbanization and industrialization. Cities today are re-

sponsible for more than 70% of global energy consumption and contribute significantly to global carbon emissions. Smart cities 

aim to use advanced technologies to manage resources more efficiently, and predictive ana-lytics plays a crucial role in managing 

energy demand. With the right predictive tools, city administrators can forecast energy needs, balance supply, and demand, and 

Open Access

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Deevyankar Agarwal 

 

 

ISSN (E):3048-8788                              2 
International Journal on Engineering Artificial Intelligence 

Management, Decision Support, and Policies  
  

 

im-plement energy-saving measures [1]. Forecasting energy consumption accurately helps to address the challenge of resource 

management in the ever-growing complexity of urban environments. Over the past few years, various predictive modeling tech-

niques have been employed to estimate future energy consumption patterns in urban environ-ments. These include traditional 

statistical methods, machine learning algorithms, and deep learning frameworks. Each of these techniques offers unique ad-

vantages and challenges when applied to smart city energy management. To address the challenges posed by dynamic and com-

plex energy systems, energy forecasting is emerging as a powerful tool. It provides urban planners with insights into future energy 

consumption patterns, enabling them to plan and allocate resources more efficiently. This paper in-troduces a forecasting frame-

work based on machine learning models, specifically fo-cusing on Support Vector Regression (SVR) and Artificial Neural Net-

works (ANN). These models have demonstrated superior performance in time-series forecasting ap-plications, particularly in 

handling non-linear data patterns and real-time analysis [2]. The figure 1 highlights the Flowchart illustrating the factors contrib-

uting to energy con-sumption in urban areas and the role of predictive analytics in smart cities for manag-ing energy demand. 

The diagram highlights the use of various predictive modeling techniques, including Support Vector Regression (SVR) and 

Artificial Neural Networks (ANN), to forecast future energy consumption patterns, aiding efficient resource allo-cation and plan-

ning in complex urban environments. 

 
 

 
Fig. 1. Flowchart illustrating the factors contributing to energy consumption in urban areas 

 

The transition to smart cities also involves the integration of renewable energy resources, which further complicates the task of energy 

management. Unlike conventional power systems, renewable energy sources such as solar and wind are subject to fluctuations due to 

weather conditions, requiring a more adaptive forecasting approach. Machine learning models, when trained on historical data and real-

time environmental parameters, can effectively predict energy consumption in such dynamic environments [3]. Various studies have 

highlighted the importance of developing accurate forecasting models to optimize energy systems in urban infrastructures. Several ap-

proaches have been developed to address the challenge, ranging from simple regression models to advanced deep learning architectures. 

The goal is to improve both the accuracy of predictions and the ability to respond in real time to changes in energy consumption. Accurate 

forecasting is essential for maintaining the stability and sustainability of energy systems, reducing operational costs, and minimizing 

energy wastage [4]. 

In this paper, we compare the effectiveness of two widely used models—Support Vector Regression (SVR) and Artificial Neural Networks 

(ANN)—for energy consumption forecasting. These models have been selected for their robustness in handling non-linear time-series 

data and their ability to perform well in real-time applications. We conduct experiments on simulated energy consumption datasets, sim-

ulating data from real-world environments in a smart city scenario. The results provide insights into which model is best suited for fore-

casting energy consumption in complex urban systems. 

 

2. Related Work  
 

Energy consumption forecasting in urban areas has been a topic of extensive research, driven by the increasing need for efficient resource 

management in smart cities. Several methods have been developed over the years, each aimed at improving forecast accuracy and respon-

siveness to dynamic data environments. Traditional models, such as autoregressive integrated moving average (ARIMA), have been 

widely used in time-series forecasting but struggle with non-linear and complex data patterns. For example, research in [5] explored the 

limitations of ARIMA in handling energy consumption data and highlighted its inability to capture the non-linear characteristics inherent 

in urban energy systems. More recently, machine learning models have gained attention for their ability to handle complex and non-linear 

data relationships. Support Vector Regression (SVR) is one such model that has been used for energy forecasting due to its capability to 

perform well in high-dimensional spaces and handle non-linearity [6]. In a study by [7], SVR was applied to forecast energy demand in a 

metropolitan area and showed improved accuracy over traditional statistical methods. SVR is especially effective when dealing with small 

to medium-sized datasets, making it suitable for applications where data collection may be limited or expensive. 
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Another widely adopted method is Artificial Neural Networks (ANN), which has shown great promise in energy consumption forecasting 

due to its ability to learn complex patterns from data. ANNs have been used extensively in forecasting problems, including energy con-

sumption, because of their flexibility and adaptability. A study conducted by [8] compared the performance of ANNs with other machine 

learning models and found that ANNs consistently outperformed traditional models in forecasting accuracy and generalizability. In addi-

tion to machine learning models, hybrid approaches have been explored in recent years. Hybrid models, which combine the strengths of 

different algorithms, have been developed to improve forecasting performance by mitigating the weaknesses of individual models. For 

instance, a hybrid model combining SVR and an ensemble learning technique was proposed in [9] to forecast energy consumption in 

urban environments. The hybrid model showed significant improvements in both forecast accuracy and computational efficiency. Table 

1 provides a comparison of various approaches used in energy forecasting, highlighting the strengths and weaknesses of each. 

 

Table 1: Summary of energy forecasting models. 
Model Strengths Weaknesses Accu-

racy 

(%) 

ARIMA Simplicity, interpretability Poor with non-linear data 80 

SVR Handles non-linear data well Requires careful tuning 88 

ANN Flexible, learns complex pat-

terns 

Prone to overfitting with small 

data 

92 

Hybrid 
Models 

Combines strengths of multi-
ple models 

Computationally expensive 95 

 

These studies indicate that while no single model is universally best, the choice of model depends on the specific characteristics of the 

data and the requirements of the forecasting application. 

 

3. Problem Statement & Research Objectives 

Energy consumption in smart cities is influenced by a variety of factors, including weather conditions, population density, industrial activ-

ities, and transportation systems. Existing forecasting models either lack the accuracy required to manage energy systems in real time or 

are computationally too expensive for practical deployment. The research aims to address these challenges by comparing the performance 

of two predictive models—SVR and ANN—in forecasting energy consumption in smart cities. The objectives of this study are: 

a) To develop and implement energy consumption forecasting models using SVR and ANN. 

b) To compare the performance of these models in terms of forecast accuracy and computational efficiency. 

c) To provide insights into the suitability of these models for real-time energy management in smart cities. 

4. Methodology 

This section outlines the steps taken to develop and evaluate the energy consumption forecasting models using Support Vector Regression 

(SVR) and Artificial Neural Networks (ANN). We describe the dataset used for the simulations, preprocessing techniques, and model 

development. Finally, the evaluation metrics used to compare the performance of the models are discussed. 

Forecasting energy consumption in smart cities involves working with historical data and a variety of external factors that influence energy 

usage. Both SVR and ANN are employed to predict energy consumption based on these inputs, and their performances are compared 

using key evaluation metrics such as Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared value. 

4.1. Data Collection and Preprocessing 

The energy consumption data used in this research consists of time-series data generated from a simulated smart city environment. The 

dataset includes various features, such as: 

a) Historical energy consumption 

b) Weather conditions (temperature, humidity, wind speed, etc.) 

c) Time of day (hourly data) 

d) Day of the week (weekday vs. weekend) 

 

Each feature was normalized to improve the performance of the machine learning models. For example, the energy consumption values 

were scaled between 0 and 1 using min-max normalization: 
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XScale=
X-Xmin

Xmax-Xmin
   (1) 

This scaling helps prevent the models from being biased toward features with larger numerical ranges. 

4.2. Support Vector Regression (SVR) Model 

SVR is a supervised learning algorithm used for regression problems. It works by finding a hyperplane in a high-dimensional space that 

best fits the data. The basic principle of SVR is to minimize the error within a certain margin of tolerance. The SVR model used in this 

research is represented by the following equation: 

f(x)=w.∅(x)+b   (2) 

Where w is the weight vector, 𝜙(𝑥) is the non-linear mapping function, and b is the bias term. The goal of the SVR model is to minimize 

the loss function, which can be expressed as: 

L(w,b)=
1

2
‖w‖2+C ∑ max(0,|yi-f(xi)|-ε)n

i=1    (3) 

 

Where 𝐶 is the regularization parameter, ϵ is the margin of tolerance, and n is the number of data points. The SVR model is trained using 

the historical energy consumption data and other features such as weather conditions. 

4.3. Artificial Neural Network (ANN) Model 

The second model used for forecasting is an Artificial Neural Network (ANN). ANNs are inspired by the biological neural networks in 

the human brain and are capable of learning complex patterns in data. The architecture of the ANN used in this research consists of an 

input layer, two hidden layers, and an output layer. 

The activation function used in the hidden layers is the Rectified Linear Unit (ReLU) function, given by:  

f(x)=max(0,x)   (4) 

The output layer uses a linear activation function since the task is regression. The loss function used for training the ANN is the Mean 

Squared Error (MSE), given by: 

MSE=
1

n
∑ (yi-yî)

2n
i=1    (5) 

Where 𝑦𝑖  is the actual energy consumption, 𝑦𝑖̂ is the predicted energy consumption, and n is the number of samples. The ANN is 

trained using backpropagation and gradient descent to minimize the MSE. 

4.4. Model Evaluation Metrics 

The model evaluation metrics used to assess the performance of the Support Vector Regression (SVR) and Artificial Neural Network 

(ANN) models include Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared (R²). MSE measures the average 

squared difference between the actual and predicted energy consumption values, with lower values indicating better accuracy. RMSE 

provides an interpretable metric by taking the square root of MSE, making it useful for understanding the model’s prediction error in the 

same units as the target variable. R², or the coefficient of determination, reflects the proportion of variance in the actual energy consump-

tion that is captured by the model predictions, where values closer to 1 represent a better fit. These metrics help compare the forecasting 

accuracy of the two models, with ANN generally outperforming SVR in terms of lower MSE and RMSE, and a higher R² value, indicating 

its superior capability in capturing complex patterns in the energy consumption data. 

4.5. Cross-Validation 

To ensure the robustness of the models, we perform 5-fold cross-validation. This involves splitting the dataset into five subsets, training 

the model on four subsets, and validating it on the remaining one. This process is repeated five times, with each subset used as the 

validation set once. The average performance across all five folds is reported. 

5. Results & Discussion 

This section presents the results of energy consumption forecasting using both Support Vector Regression (SVR) and Artificial Neural 

Networks (ANN) models. The results are evaluated based on multiple criteria, including prediction accuracy, error analysis, the impact of 
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weather data, real-time adaptability, and training behavior for the ANN model. We provide a comparative analysis between the two 

models, highlighting their strengths and limitations. 

To assess the accuracy of both models, we first compare the predicted and actual energy consumption values over time. As seen in Figure 

2, the ANN model shows a closer fit to the actual energy consumption data, particularly in capturing the underlying trends, while the SVR 

model demonstrates a relatively wider deviation. The ANN’s ability to learn complex non-linear relationships from the data results in 

higher forecast accuracy, evident from the closer alignment of its predicted values to the actual values. 

 
Fig. 2. Predicted vs. Actual Energy Consumption for SVR and ANN Models 

 

The prediction error, defined as the difference between the actual and predicted values, provides deeper insights into model performance. 

Figure 3 illustrates the error comparison between SVR and ANN models. The ANN model consistently demonstrates lower errors com-

pared to the SVR model, which indicates its higher robustness in forecasting energy consumption. The SVR model exhibits larger devia-

tions in certain periods, where rapid changes in energy consumption occur, suggesting that it struggles to adapt quickly to dynamic patterns. 

One of the crucial factors affecting energy consumption is weather conditions. To understand the impact of weather data (temperature and 

humidity), we performed forecasting both with and without weather data. As shown in Figure 4, the inclusion of weather data significantly 

improves the forecast accuracy for both SVR and ANN models. However, the ANN model benefits the most from incorporating these 

additional features, further reducing the prediction error and demonstrating its capacity to handle multi-dimensional data more effectively. 

 

 
Fig. 3. Error Comparison Between SVR and ANN Models 
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Fig. 4. Impact of Weather Data on Forecasting Accuracy for SVR and ANN Models 

 

A key feature for forecasting models in smart cities is their ability to adapt to real-time data. To evaluate this, we applied a rolling window 

approach, where the models are retrained every 100 data points and predict the next time step. Figure 5 presents the real-time adaptability 

comparison between SVR and ANN models. While both models show reasonable adaptability, the ANN model performs better, quickly 

adapting to changing energy consumption patterns. The SVR model, on the other hand, exhibits more delay in adjusting to new patterns, 

which is particularly noticeable during periods of rapid fluctuations. 

 

 
Fig. 5. Real-Time Adaptability of SVR and ANN Models 

 

For the ANN model, monitoring the training process is essential to ensure that the model is learning effectively. Figure 6 shows the training 

loss (Mean Squared Error) of the ANN model over several iterations (epochs). As evident from the plot, the training loss decreases 

significantly with more iterations, indicating that the model is learning the underlying patterns in the data effectively. The smooth reduction 

in loss also suggests that the ANN model converges well without overfitting the data, leading to more generalizable predictions. 
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Fig. 6. ANN Training Loss Over Iterations 

 
Fig. 7. Multi-step time forecasting performance of the SVR and ANN models 

 

Figure 7: Multi-Step Time Forecasting illustrates the predictive performance of the Support Vector Regression (SVR) and Artificial Neural 

Network (ANN) models in forecasting energy consumption over multiple future time steps. The black line represents the actual energy 

consumption values, while the red and blue lines depict the forecasts generated by the SVR and ANN models, respectively. By overlaying 

these predictions, the figure allows for a visual comparison of how closely each model's forecasts align with the actual data, with the goal 

of assessing their accuracy in capturing underlying patterns and dynamics. A model that follows the actual values more closely indicates 

better performance, particularly in handling fluctuations and trends in energy consumption. Overall, this figure highlights the effectiveness 

of each model in making sequential predictions, providing insight into their relative strengths in multi-step forecasting scenarios. 

6. Conclusion 

This study presents an effective approach to energy consumption forecasting in smart cities using Support Vector Regression (SVR) and 

Artificial Neural Networks (ANN). Both models demonstrated strong predictive capabilities, with SVR performing well in capturing 

trends, while ANN showed flexibility in learning complex patterns. The comparative analysis revealed that although both models pro-

vided valuable insights, the choice between them may depend on specific applications and data characteristics. The results emphasize 

the significance of integrating multiple features, including temporal and environmental factors, to enhance forecasting accuracy. 
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Future research could explore the implementation of hybrid models that combine the strengths of SVR and ANN to achieve even greater 

predictive performance. Additionally, incorporating real-time data streams and adaptive learning mechanisms could improve the models' 

responsiveness to changing patterns in energy consumption. Further investigation into the scalability of these models in larger, more 

complex urban environments is also warranted. Exploring the integration of external factors, such as economic indicators or policy 

changes, may provide deeper insights into energy consumption trends. Overall, this work sets the foundation for more sophisticated 

predictive analytics in smart city frameworks, contributing to enhanced energy management and sustainability efforts. 
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