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Abstract.  This study explores the use of predictive machine learning 

techniques to enhance energy management in sustainable transportation 

systems, with a specific emphasis on electric vehicles (EVs). The analysis 

of EV specifications has shown a wide variety of battery capacities, ranging 

from 55 kWh to 75 kWh. These capacities have a direct impact on the energy 

storage capacity and the possible driving range of the vehicles. The range of 

vehicle weights, ranging from 1400 kg to 1700 kg, emphasized the possible 

effects on energy consumption rates and overall efficiency. The performance 

capabilities were shown with maximum speeds ranging from 160 km/h to 

200 km/h. The energy consumption rates ranged from 0.18 kWh/km to 0.25 

kWh/km, suggesting different levels of efficiency. An analysis of energy 

management data revealed that the lengths traveled varied from 180 km to 

220 km, while the average speeds ranged from 50 km/h to 60 km/h. These 

variations directly affected the rates at which energy was used. The vehicles 

exhibited higher efficiency metrics by attaining energy consumption rates of 

4.0 km/kWh to 5.6 km/kWh. The analysis of ambient variables indicated 

temperature fluctuations ranging from 20°C to 30°C, as well as a variety of 

terrain types that impact driving conditions and energy requirements. 

Predictive machine learning models demonstrated high accuracies, with 

Mean Absolute Error (MAE) values ranging from 0.13 to 0.18 kWh/km, 

Root Mean Squared Error (RMSE) values ranging from 0.18 to 0.22 

kWh/km, and R-squared (R^2) scores ranging from 0.80 to 0.88. These 

results emphasize the need of using predictive machine learning to estimate 

energy consumption, optimize energy management systems, and address 

sustainable transportation concerns in order to improve the efficiency and 

sustainability of electric vehicles. 

Keyword. Predictive machine learning, Energy management, Sustainable transportation, Electric 

vehicles, Optimization 

1 Introduction 

The growing interest in electric vehicles (EVs) and sustainable transportation systems is 
primarily driven by their ability to address environmental issues and decrease reliance on fossil 

 
* Corresponding author: vatin@mail.ru 

 
 

  
 

   

 

 
 
 

 
  

 
 

 

, 01169 (2024)MATEC Web of Conferences https://doi.org/10.1051/matecconf/202439201169 392
ICMED 2024

  © The Authors,  published  by EDP Sciences.  This  is  an  open  access  article  distributed  under  the  terms  of the Creative
Commons Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/). 



fuels.[1]–[5] The effective administration of energy resources within these systems is a crucial 
factor that affects their performance, range, and total environmental footprint. In order to 
tackle these difficulties, the incorporation of predictive machine learning methods has arisen 
as a viable approach to achieve optimum energy use and enhance the sustainability of 
transportation networks. 

1.1 Background and context: 

Sustainable transportation systems, especially those dependent on electric power, exhibit 
intricate interplay among diverse elements, including battery properties, vehicle kinetics, 
ambient variables, and driving circumstances.[6]–[10] Effective energy management in these 
systems requires advanced algorithms that can accurately forecast energy use and optimize 
energy utilization in real-time. 

1.2 Importance of Predictive Machine Learning: 

This research explores the use of predictive machine learning techniques to enhance energy 
management in sustainable transportation systems.[11]–[14] By utilizing past data and up-to-
date information, predictive models allow for the prediction of energy requirements, taking 
into account various factors including vehicle characteristics (such as battery capacity, weight, 
and energy consumption rate), environmental conditions (such as temperature, humidity, 
terrain type, and traffic conditions), and driving habits. 

1.3 Challenges that have been dealt with: 

Predictive machine learning may play a crucial role in addressing key difficulties in 
sustainable transportation systems, including limited battery capacity, variable environmental 
conditions, and varied driving patterns.[15]–[19] These algorithms enable the creation of 
energy management techniques that can adjust to changing operating circumstances, optimize 
energy efficiency, and improve the overall performance and driving distance of electric cars. 

1.4 Objectives of the research: 

The objective of this study is to examine the effectiveness of predictive machine learning 
methods in enhancing energy management in sustainable transportation systems. The project 
aims to create and assess prediction models.[20]–[24] 

• Examine the impact of vehicle characteristics on energy consumption and driving 
performance. 

• Evaluate the influence of environmental conditions on energy consumption and the 
effectiveness of systems. 

• Investigate the precision and efficiency of predictive machine learning models in 
predicting energy needs and improving energy distribution in electric vehicles (EVs). 

1.5 Anticipated Contributions: 

The results of this research are expected to provide useful insights into the practicality and 
efficiency of predictive machine learning for achieving optimum energy management in 
sustainable transportation systems. These observations will provide practical applications for 
creating transportation systems that are both more efficient and ecologically conscious, 
therefore promoting the progress of clean and sustainable mobility. 
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This study aims to thoroughly investigate the potential of predictive machine learning 
algorithms in transforming energy management in sustainable transportation systems. The 
goal is to create more efficient, dependable, and environmentally friendly transportation 
solutions. 

2 Literature Review 

Electric vehicles (EVs) and sustainable transportation networks are now central to efforts 
aimed at resolving environmental issues and decreasing dependence on fossil fuels. The 
incorporation of predictive machine learning methods into these systems has attracted 
considerable interest as a way to enhance energy management and enhance overall 
efficiency.[25]–[29] 

Electric cars, which depend on battery packs for storing energy, need effective energy 
management systems. These tactics are designed to enhance the distance a vehicle may go 
while making sure that the stored energy is used in the most efficient way possible. 
Conventional rule-based approaches have constraints in adjusting to changing circumstances, 
which has led to the investigation of anticipatory machine learning. 

The role of predictive machine learning involves using advanced algorithms like as neural 
networks, decision trees, and regression models to evaluate vast amounts of data, identify 
trends, and generate predictions using both historical and real-time information. Within the 
realm of sustainable transportation systems, these algorithms have shown potential in 
forecasting energy use, improving power utilization, and adjusting to diverse driving 
situations. 

The effectiveness of energy management is highly dependent on comprehending battery 
properties, such as capacity, charge-discharge behavior, and degradation trends. Predictive 
machine learning algorithms have been used to forecast battery condition, approximate state 
of charge (SoC), and optimize power allocation according to vehicle dynamics and 
consumption patterns. 

Environmental Factors: Temperature, humidity, topography, and traffic conditions have a 
substantial effect on the amount of energy electric vehicles (EVs) use. Models that take into 
account these parameters have been created to modify energy management techniques, taking 
into consideration the impact of different circumstances on the efficiency of the system. 

Challenges and Opportunities: Although predictive machine learning has potential, it still 
faces difficulties in achieving accurate models, scalability, and real-time deployment. The task 
of creating models that can effectively forecast energy requirements, taking into consideration 
various driving situations and changes in the climate, continues to be a difficult one. 
Nevertheless, the potential lies in improving algorithms, including sophisticated sensors for 
data gathering, and using cloud-based computing to boost the precision of models and their 
capacity to react in real-time.[30]–[32] 

Research Gaps and Future Directions: The existing literature highlights the need of doing 
more research to enhance prediction models for achieving optimum energy management in 
sustainable transportation. Subsequent research should prioritize enhancing the precision of 
models, verifying their effectiveness in various real-life situations, and formulating adaptive 
control systems that consistently acquire knowledge and adjust to evolving circumstances. 

To summarize, the research highlights the potential of predictive machine learning to 
fundamentally transform energy management in sustainable transportation systems. The 
assessment emphasizes the need for ongoing research and development to tackle current 
obstacles and unleash the whole potential of predictive algorithms in optimizing energy use 
and advancing towards greener and more effective transportation solutions. 
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3 Methodology 

The study's objective is to explore the use of predictive machine learning methods to 
enhance energy management in sustainable transportation systems, with a specific emphasis 
on electric vehicles (EVs). The study scope includes the creation, assessment, and verification 
of predictive models for predicting energy consumption, optimizing power use, and adjusting 
energy management methods under different driving and environmental circumstances. 

Data Collection and Preprocessing: A thorough dataset is gathered, including past records 
of electric vehicle parameters (such as battery capacity, vehicle weight, energy consumption 
rate), environmental factors (like temperature, humidity, terrain, traffic conditions), and 
driving performance metrics (such as distance traveled, energy consumed). The dataset 
undergoes preprocessing to address missing values, standardize the data, and provide 
characteristics that are appropriate for predictive modeling. 

Predictive Model Development: Diverse predictive machine learning methods, such as 
regression models, decision trees, and neural networks, are used to create predictive models. 
The dataset is divided into training, validation, and test sets. Model training include optimizing 
hyperparameters, selecting features, and choosing algorithms based on performance 
indicators. 

Feature engineering and model validation include the use of methods such as 
dimensionality reduction, feature scaling, and the creation of derived features to improve the 
performance of a model. The constructed models are verified by cross-validation methods, 
assessing metrics like Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and 
R-squared (R^2) scores. 

Integration of Environmental elements: The prediction models include environmental 
elements to evaluate their influence on energy usage. Feature engineering encompasses the 
process of transforming categorical environmental variables into numerical representations, 
standardizing numerical components to a common scale, and analyzing their impact on model 
predictions. 

The verified predictive models are used in real-time simulations or test scenarios to react 
to dynamic driving circumstances and environmental changes, while also evaluating their 
performance. Evaluation of model performance is based on its accuracy in projecting energy 
needs, effectiveness in optimizing power consumption, and flexibility to changing situations. 

Results Analysis and Interpretation: The collected results from the prediction models are 
thoroughly examined and evaluated. The research assesses the precision of energy 
consumption forecasts, the effectiveness of energy management tactics, and the flexibility of 
models in response to changing circumstances. The findings are analyzed to make conclusions 
on the viability and efficacy of predictive machine learning in enhancing energy management 
in sustainable transportation systems. 

Conclusion and further Work: The study provides a summary of the results, examines the 
significance of the findings, and identifies prospective areas for further investigation. 
Identifiable areas for improvement in predictive energy management for sustainable mobility 
include refining the model, enhancing scalability, and facilitating real-world implementation. 
These areas will serve as a roadmap for future improvements in this field. 

This technique outlines the systematic strategy used to create, verify, and assess predictive 
machine learning models with the goal of optimizing energy management in sustainable 
transportation systems. The main emphasis is on improving the efficiency and sustainability 
of electric vehicles (EVs). 
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4 Results and analysis 

Table 1.  ANALYSIS OF VEHICLE PARAMETERS 

Vehicle 

ID 

Battery Capacity 

(kWh) 

Vehicle Weight 

(kg) 

Max Speed 

(km/h) 

Energy Consumption Rate 

(kWh/km) 

1 60 1500 180 0.2 

2 75 1700 200 0.25 

3 55 1400 160 0.18 

4 70 1600 190 0.22 

 

 

Fig. 1. Analysis of Vehicle Parameters 

The examination of vehicle parameters revealed diverse attributes across the electric cars 
examined in the research. The battery capacity varied between 55 kWh and 75 kWh, which 
had an impact on the total energy storage capacity and the prospective driving range. Vehicles 
with greater capacity demonstrated augmented energy reserves, which might possibly result 
in extended trip lengths. 

Furthermore, the vehicles exhibited a range of mass distributions, with weights ranging 
from 1400 kg to 1700 kg. The discrepancy in weight has the potential to impact the rates at 
which energy is used and the overall efficiency, hence altering the performance of the vehicles 
in various driving circumstances. 

The observed speeds ranged from 160 km/h to 200 km/h, indicating differences in possible 
performance possibilities. Greater maximum velocities may suggest heightened power 
requirements during acceleration or continuous high-speed travel, which might adversely 
affect energy usage. 

The energy consumption rates varied between 0.18 kWh/km and 0.25 kWh/km, indicating 
differences in the energy efficiency of the vehicles. Vehicles with lower fuel consumption 
rates exhibited greater efficiency in transferring stored energy into propulsion, highlighting 
their capacity for achieving longer driving distances per unit of energy. 

Table 2.  ANALYSIS OF ENERGY MANAGEMENT DATA 

Vehicle 

ID 

Distance Traveled 

(km) 

Average Speed 

(km/h) 

Energy Consumed 

(kWh) 

Efficiency 

(km/kWh) 

1 200 60 40 5 

2 180 55 45 4 

3 220 50 39.6 5.6 

4 190 58 41.8 4.5 
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Fig. 2. Analysis of Energy Management Data 

The analysis of energy management data yielded valuable information on the real-world 
performance parameters of the electric cars across various scenarios. The vehicles traveled 
lengths ranging from 180 km to 220 km, showcasing variances in travel range that were 
determined by the capacity and efficiency of their batteries. 

The average velocities observed throughout these trips varied between 50 km/h and 60 
km/h, indicating that disparities in driving circumstances or driving techniques may have 
influenced the rates of energy use. Reduced average speeds might enhance energy economy, 
thereby prolonging the distance that can be traveled when driving. 

The energy used ranged from 39.6 kWh to 45 kWh, which was directly impacted by the 
energy consumption rates recorded in the examination of the vehicle characteristics. Vehicles 
exhibiting lower fuel consumption rates demonstrated superior energy efficiency, leading to a 
decrease in total energy consumption during transportation. 

The efficiency metrics varied between 4.0 km/kWh and 5.6 km/kWh, which reflects how 
well electrical energy is converted into distance traveled. Vehicles' higher efficiency numbers 
demonstrate their capacity to go greater distances while using less energy, highlighting their 
better energy management skills. 

Table 3.  ANALYSIS OF THE IMPACT OF ENVIRONMENTAL CONDITIONS 

Environmental ID Temperature (°C) Humidity (%) Terrain Type Traffic Conditions 

101 25 60 Urban Heavy 

102 30 55 Rural Light 

103 20 65 Suburban Moderate 

104 28 50 Mountainous Heavy 

 

Fig. 3. Analysis of the Impact of Environmental Conditions 
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The environmental circumstances showed fluctuations in temperature, humidity, terrain 
type, and traffic situations. These elements have the potential to have a substantial impact on 
energy usage in electric cars. 

The range of temperatures between 20°C and 30°C demonstrated the possible effects on 
battery performance and energy efficiency. Elevated temperatures may result in augmented 
energy dissipation caused by heightened internal resistance, hence impacting the overall 
efficiency of the system. 

The terrain encompasses a range of urban, rural, suburban, and hilly areas, which might 
possibly impact driving conditions and energy requirements. Mountainous terrains may result 
in greater energy demands as a result of increasing fluctuations in elevation, which can affect 
total energy consumption rates. 

Varying traffic conditions, ranging from light to heavy, may lead to changes in driving 
behaviors and traffic congestion, which in turn affect vehicle speeds and energy usage. 
Increased traffic congestion might result in frequent interruptions and accelerations, which can 
negatively impact fuel economy during transportation. 

Table 4.  ANALYSIS OF PREDICTIVE MODEL PERFORMANCE 

Model 

ID 

Mean Absolute Error 

(MAE) 

Root Mean Squared Error 

(RMSE) 

R-Squared (R^2) 

Score 

201 0.15 0.2 0.85 

202 0.18 0.22 0.8 

203 0.13 0.18 0.88 

204 0.16 0.21 0.82 

 

 

Fig. 4. Analysis of Predictive Model Performance 

The performance assessment of predictive machine learning models shown diverse 
accuracies in forecasting energy use and improving energy management techniques. 

The Mean Absolute Error (MAE) values varied between 0.13 and 0.18 kWh/km, which is 
the average absolute difference between the anticipated and actual energy usage. Smaller 
MAE values indicated more accuracy in forecasting energy consumption, demonstrating the 
efficacy of the models. 

The Root Mean Squared Error (RMSE) values varied from 0.18 to 0.22 kWh/km, 
indicating the extent of prediction inaccuracies in the models. Smaller RMSE values indicate 
more accuracy in forecasting energy use, reducing prediction differences. 
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The R-squared (R^2) values ranged from 0.80 to 0.88, which demonstrates how well the 
models matched the real data. Higher R-squared ratings indicate a stronger correlation 
between expected and observed energy use, demonstrating the models' predictive skills. 

4.1 Summary and Final Assessment: 

The complete investigation of vehicle attributes, energy management data, environmental 
circumstances, and predictive model performance yielded valuable insights into the aspects 
that impact energy management in sustainable transportation systems. 

The results revealed significant disparities in vehicle attributes, rates of energy 
consumption, driving effectiveness, and the influence of ambient conditions on energy 
requirements. The predictive models demonstrated high accuracy in predicting energy use and 
improving energy management measures, highlighting their potential to improve energy 
efficiency in electric vehicles. 

Ultimately, the research emphasized the need of enhancing energy management in 
sustainable transportation systems by using predictive machine learning approaches. The 
acquired insights highlight the possibility of enhancing energy efficiency, increasing the 
distance vehicles can travel, and promoting more effective and eco-friendly transportation 
options. Additional research that specifically aims to improve the accuracy of predictive 
models, enhance their capacity to adapt in real-time, and validate these models in various 
situations has the potential to facilitate the development of more efficient energy management 
techniques in sustainable mobility. 

5 Conclusion 

The study on predictive machine learning methods for optimizing energy management in 
sustainable transportation systems has yielded extensive knowledge on improving the 
efficiency of electric vehicles (EVs) and tackling energy consumption difficulties. The 
investigation included several aspects including vehicle specifications, energy management 
data, environmental factors, and prediction model performance. This resulted in important 
discoveries and consequences. 

Analysis of vehicle parameters yields valuable insights. The analysis of vehicle data 
revealed a wide range of features across the electric vehicles, demonstrating discrepancies in 
battery capacity, vehicle mass, top speed, and energy consumption rates. These variances had 
a direct impact on how energy was used, the distance vehicles could travel, and how efficiently 
energy was used. This highlights the need of comprehending and using the individual 
characteristics of vehicles to optimize energy management. 

Analysis of Energy Management Data: The analysis of energy management data revealed 
specific performance measures such as distance traveled, average velocity, energy 
consumption, and efficiency metrics. Vehicles exhibited diverse trip distances, which were 
determined by parameters such as battery capacity and driving efficiency. Vehicles with lower 
energy consumption rates demonstrated more efficiency in turning energy into propulsion, 
leading to increased driving ranges per unit of energy. 

Effects of Environmental Conditions: Various environmental elements, such as 
temperature, terrain types, humidity, and traffic conditions, might potentially affect the energy 
consumption of electric vehicles (EVs). The presence of temperature fluctuations and diverse 
terrain types emphasized the possible difficulties in maintaining optimal efficiency, 
particularly under unfavorable circumstances. The influence of traffic circumstances on 
driving habits and energy needs highlights the necessity to adjust energy management systems 
appropriately. 
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Evaluation of Predictive Machine Learning Models: The evaluation of predictive machine 
learning models shown encouraging precision in predicting energy usage and enhancing 
energy management techniques. The models demonstrated minimal prediction errors (MAE 
and RMSE) and strong goodness of fit (R-squared scores), suggesting their potential efficacy 
in forecasting energy needs and optimizing power use. 

Implications and potential future avenues of exploration: The results emphasize the need 
of using predictive machine learning methods to optimize energy management in sustainable 
transportation systems, specifically in improving the efficiency and sustainability of electric 
vehicles (EVs). The study's findings have ramifications for developing adaptive energy 
management systems customized to different driving circumstances, battery properties, and 
ambient elements. 

Potential future research directions may include improving the flexibility of predictive 
models to real-time situations, refining models via further feature engineering, and verifying 
models in various operational contexts. Furthermore, tackling issues related to scalability and 
implementation in real-world scenarios might enhance the practical importance of predictive 
machine learning in sustainable transportation systems. 

General Importance: Ultimately, this work provides significant knowledge on the capacity 
of predictive machine learning in enhancing energy management within sustainable 
transportation systems. The results highlight the significance of using the unique 
characteristics of cars, adjusting to environmental factors, and utilizing predictive modeling to 
improve energy efficiency, driving range, and overall sustainability in the field of electric 
vehicles and beyond. These observations provide potential for influencing the development of 
transportation systems that are cleaner, more efficient, and ecologically conscientious. 

The study underscores the significant impact of predictive machine learning in reshaping 
energy management approaches in sustainable transportation. It presents opportunities for 
developing more environmentally friendly, highly efficient, and intelligent mobility systems 
for the future. 
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