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Abstract:  As electric vehicles (EVs) continue to be embraced by users, a more efficient power management 

system at EV charging stations has become more necessary, hence the importance of demand forecasting. The 

present work deals with the prediction of the energy demand at EV charging stations by making use of machine 

learning and time series models. Also, models such as SARIMA, Random Forest, XGBoost, and H2O.ai’s 

AutoML have been evaluated in forecasting energy consumption in relation to fleet size, the time of the day, 

respective weather conditions, and the grid load. Our research attempts to illustrate the advantages and 

disadvantages of each model in question on the market while noting that SARIMA model was the most precise, 

as it produced best scores based on explained models such as Akaike Information Criterion (AIC), Bayesian 

Information Criterion (BIC) and log-likelihood values. The research elaborates on how the non-linear data 

relationships, the high computation requirements and seasonality present challenges and also emphasizes the 

need for the models to be interpretable and scalable due to the rise of the EV market. This paper also addresses 

the issue of how these models can be utilized within charging infrastructure in a smarter way and ways of 

integrating such charging infrastructure as involved predictive analytics into a smart grid system, aiming at 

efficiency enhancement, especially with regards to adoption of renewables. Findings lead to the conclusion that 

these efficiency-enhancing measures are also beneficial in enhancing the quality of energy predictive 

procurement processes. 

 

 
Index Terms - Electric Vehicles, Energy Consumption, Charging, Demand, Forecast, Model. 

I. INTRODUCTION 

The fast global move towards electrification of transportation has shown the need for effective energy 

management of electric vehicle (EV) charging infrastructure. As EV adoption continue to rise by the day, the 

need for reliable prediction of energy demand at charging stations is very essential to be able to manage grids 

efficiently, allocate resources correctly and improve user experience. True forecasting allows for minimal 

planning of power systems, increased operational cost efficiency, and a smooth charging experience. The 

variability in EV charging demand—impacted by day of week, holidays, fleet size and externalities—makes 

for a complicated forecasting problem. Models like ARIMA and SARIMA are built on top of traditional 

methods to account for trends within the context of time, however they fail to accommodate the non-linearity 

that seems plausible in the data. In this paper, we present an instantiation of REPET using two upstream 

losses: one that minimizes the waveform loss and a second   cross-entry loss at the frame level. This research 

aims at finding a model that can be used to forecast energy demand, considering multiple confounding factors 

and hence aiding efficient charging operation which is imperative for both the proper function of EV charging 

infrastructure and ensuring user satisfaction. 
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II. RELATED WORK 

 

K. C. Akshay et al. highlighted the increasing need of electric vehicles (EVs) and the requirement for accurate 

power consumption predicting to manage charging stations effectively. Their study employed datasets from 

Colorado's government and charge MOD in India, applying time series models such as ARMA, ARIMA, and 

SARIMA. They concluded that SARIMA was the most effective model for forecasting future power usage and 

revenue, demonstrating significant deviations in power consumption based on location and time. [1] 

  

Manish Bharat et al. developed a mathematical model that stressed on the link between traffic conditions and 

EV charging demand, analysing congestion and formulating a minimization problem. Their work was 

benchmarked against models like Neural Network Auto-Regressive (NNAR), Extreme Learning Machine 

(ELM), and Long Short-Term Memory (LSTM) networks, showing the efficacy of each model in forecasting 

charging demand under different traffic conditions. [3] 

 

Adrian Ostermann et al. conducted an analysis utilizing over 350,000 charging sessions spread across 500 sites, 

transforming data into a time series format with various encoded features. They compared models such as Linear 

Regression, Random Forest, CNN, and LSTM using walk- forward validation, concluding that LSTM provided 

the most accurate results. The study also evaluated energy procurement strategies in the German market, offering 

insights into cost optimization. [8] 

 

Ilyès Miri et al. modeled the BMW i3 electric vehicle using MATLAB/Simulink to mimic its powertrain and 

driver behavior. Their model combined regenerative braking and auxiliary systems to confirm realistic energy 

consumption predictions, validated alongside real-world data with a high level of accuracy. [7] 

 

Qingbo Zhu et al. developed a machine learning-based framework assimilating physics-informed features for 

EV energy consumption forecasting. The usage of Quantile Regression Neural Network (QRNN) enabled the 

model to estimate prediction intervals and assess uncertainties, viewing significant improvements over 

traditional methods when tested on real-world EV data. [9] 

  

Sahar Koohfar et al. employed Transformer models to predict EV charging requests due to their ability to capture 

long-range dependencies. They concluded this model against others like ARIMA and LSTM, signifying the 

superiority of the Transformer model for complex time- series data. [6] 

  

Shengyou Wang, Chengxiang Zhuge et al. utilized LSTM to predict short-term EV charging calls centered on 

historical charging data, such as time of day and weather conditions. Their model positively captured temporal 

dependencies, improving the accuracy of short-term predictions compared to traditional methods. [10] 

 

Shengyou Wang, Anthony Chen et al. used a Graph Convolutional Network (GCN) pooled with temporal 

modeling techniques to predict EV charging demand. By exhibiting spatio-temporal relationships between 

charging stations and integrating data like traffic flow and station sites, their method improved the accuracy of 

demand predictions. [11] 

  

Mariz B. Arias et al. integrated traffic simulation data with deep learning models like CNNs and LSTMs to 

forecast charging demand in urban environments. Their model accounted for aspects such as vehicle density and 

traffic speed, resultant in accurate predictions of charging needs at several urban locations. [2] 

  

Yunsun Kim et al. employed ARIMA, SARIMA, and Prophet models to estimate energy demand at electric 

vehicle charging stations. Their work used historical charging data to foretell future demand trends, highlighting 

the helpfulness of SARIMA and Prophet models in capturing seasonality and trends. [5] 

 

Fatemeh Marzbani et al. employed a combination of machine learning and statistical models to foresee energy 

demand at EV charging stations. They verified several predictive models, comprising regression and machine 

learning algorithms, screening that machine learning 

methods as long as higher accuracy for managing energy loads in EV charging infrastructures. [4] 
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III. METHODOLOGY 

    III.I. Perspective 

An effective tool for estimating energy usage in battery powered generators is H2o.ai. Its autoML features 

automates model development, reducing complexity and time. It offers actual time predictions, effectively 

organizes huge datasets and gives insights into patterns of energy consumption. By merging renewable energy 

sources, H2o.ai facilitates dynamic pricing, enhances EV charging infrastructure effectiveness, and promotes 

sustainable energy management. This make it a effective tool for boosting energy forecasting efficiency and 

accuracy. 

III.II. Dataset Used 

The dataset utilized in this research is publicly accessible at Kaggle [12]. 

In this world dataset loads are associated with (EVs) charging electric vehicles in Texas, particularly in the 

Dallas area, for logistics and intelligent port operations. Its many features, such as timestamped charging 

sessions, fleet size, vehicle types, and charging station information, make it ideal for EV fleet management and 

energy load forecasts. The main variables that provide information on smart grid integration and charging 

behavior are grid demand, charging power, and efficiency. Climate data, such as temperature, humidity, and 

precipitation, further enable the analysis of weather effects on EV charging. Furthermore, it offers operational 

statistics like loading/unloading times and power costs that are essential for optimizing port logistics expenses. 

Use cases supported by this dataset include smart grid management, load forecasting, and sustainability 

initiatives at logistics hubs. 

http://www.ijcrt.org/


www.ijcrt.org                                                 © 2024 IJCRT | Volume 12, Issue 11 November 2024 | ISSN: 2320-2882 

IJCRT2411045 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org a402 

 

IV. RESULT AND DISCUSSION 

      IV.I. Models results 

1.  Random Forest Model 

                                           

Fig.1 Distribution of Predicted Errors 

 

Fig.2 Actual vs. Predicted Charging Load 

 

                                 

Fig.3 Charging Load Over Time 
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2.       H2o.ai 

 

 

 

      
 

Fig.4 Actual vs. Predicted Charging Load 

 

 

 

   
                                                                 

Fig.5 Distribution of Predicted Errors 

 

                                

                                                                      Fig.6 Charging Load over Time 
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3.     SARIMA 

 

                          

                                                                      Fig.7 Charging Load over Time 

 

                                                                   
Fig 8. Distribution of Predicted Errors 

                                   
 

                                                                   Fig.9 Actual vs. Predicted Charging Load 
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4.      XGBoost Model 

 

                                      
 

                                                                    Fig.10 Charging Load Over Time 

 

 
 

                                                                    Fig. 11 Distribution of Predicted Errors 

 

 
Fig.12 Charging Load over Time 
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IV.II. Analysis of best-performing models 

The best models for accuracy and scalability are XGBoost and H2O.ai (AutoML), which excel on huge, 

complicated datasets    and have low RMSE and scalability.If model transparency and elucidation are important 

considerations, Random  Forest or ARIMA are the best options for interpretability. 

 

IV.III. Evaluation and performance matrix 

 

                                   
     Table 1. Evaluation and performance matrix 

 

  

IV.IV. Limitations and Challenges 

  

While steps have been done in the prediction of energy consumption for electric vehicle (EV) charging stations, 

many issues and limitations still exist in this area: 

 

Data Availability and Quality: Predicting models are based on datasets, and therefore the datasets should be of 

high quality and comprehensible. In telecommunication networks data for electric vehicle (EV) charging 

including user activity, station features and other factors such as the weather, can be lacking or incomplete. In 

addition, the coverage of the real-time and historical data across many places is still very little and so limits the 

concepts or framework to one geographical place. 

  

Non-Linear Relations: While SARIMA and models of similar or greater complexity can address seasonality 

and trend effects, there is the missing link on the high orders relationships between issues like fleet size, weather 

variables and demand for energy, identifying those relationships means engaging more advanced machine 

learning models culminating it’s own cons like less flexibility. The same concept helps in improvement of the 

efficacy while enhancing the analysis of vast and complex data sets. 

 

Computational Complexity: The complicated models like Long Short Term Memory (LSTM) or combined 

learning and forecasting models for instance XGBoost also takes a great deal of CPU. This can cause long 

execution time and require powerful computers for big size data sets. 

 

Annual and seasonal variability: EV charging patterns exhibit considerable seasonal and seasonal variability. 

Models must be provided to account for variations due to holidays, weekends, and time of day, which make it 

difficult to call forecasts. Specifying those interpretations remains difficult, especially when long-term 

archaeological data are unavailable or unreliable. 

 

 

External factors: External factors including changes in regulatory control, technological advances in EV 

batteries, and electricity market fluctuations are difficult to incorporate into predictable processes however it 

can significantly affect electricity demand. Improvements in those factors introduce uncertainty into long-term 

forecasts, making it difficult to make robust forecasts. 
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Scalability Issues: As EV adoption increases, the ability to scale old fashions to deal with big data and complex 

charging behavior becomes important Current predictive models will not be ready for extensive scrutiny if new 

and sophisticated approaches will address extended challenges. 

Better definition: While system learning models such as random forest, XGBoost, or LSTM provide high 

accuracy, they often suffer from poor definition This is an important shortcoming in energy management 

systems, with knowledge of forecasting is essential to make informed business decisions. 

 

Integration of Renewable Energy and Smart Grid: As the power map continues to move towards renewable 

assets, the integration of these intermittent sources of electricity into EV charging demand forecasts remains 

to be seen as a job. 

 

V. CONCLUSION 

 

SARIMA has the highest accuracy of all the models examined (H2O.ai, Random Forest, XGBoost, ARIMA, 

TPOT) for forecasting the amount of energy required at EV charging stations. The Akaike Information 

Criterion (AIC) of 27,915.757, which indicates lesser complexity, is consistent with the log-likelihood value 

of -13,952.878, which indicates a good fit for the model. This is further supported by the Bayesian Information 

Criterion (BIC) value of 27,944.185, which penalizes more complex models. A well-fitted model is further 

guaranteed by the Ljung-Box test, which produces a p-value of 0.96 and shows no discernible autocorrelation 

in the residuals. 

  

V.I. FUTURE SCOPE 

1. Improving prediction Accuracy: Now a days, demand of charging stations are getting increased 

because of electric vehicles (EVs). This research is really very helpful for improving the accuracy of 

predicting how much energy will be needed to a charging station at a various time as well as at various 

locations. 

2. Cost Optimization: Predicting energy demand can help the charging stations operators to plan their 

energy purchases. This will help to reduce costs, so that they can buy electricity when prices are lower 

and it restricts them from buying electricity during high demand of electricity when prices are higher. 

3. Advanced Data Analytics and AI Integration. Because of such advanced technology, Artificial 

Intelligence as well as Machine Learning can be used to improve the prediction of energy demand. 

These advanced technologies can help to recognize more complex data patterns, like behavior of 

driver, traffic, condition of weather, leading to even more accurate predictions. 

4. Integration with Smart Grids: In the future, smart grids – an enhanced energy system that uses data to 

manage the supply of electricity. Smart grid shall be able to maximize energy distribution, eliminating 

overloads and improving system dependability with the help of precise forecast of energy demand. 

5. Scalability for Growing EV Market: As large number of individuals migrate to electrically powered 

vehicles, there will be an increasing demand for charging stations to have effective energy 

management. By helping to scale up the energy supply in line with demand, this research will boost 

the development of charging networks by guaranteeing that charging stations can keep up with the 

growing number of EVs. 
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